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Behavioral theories suggest that investor misperceptions and market mispricing will be
correlated across firms. We use equity and debt financing to identify common misval-
uation across firms. A zero-investment portfolio (UMO, undervalued minus overvalued)
built from repurchase and issue firms captures comovement in returns beyond that in some
standard multifactor models, and substantially improves the Sharpe ratio of the tangency
portfolio. Loadings on UMO incrementally predict the cross-section of returns on both
portfolios and individual stocks, even among firms not recently involved in external fi-
nancing activities. Further evidence suggests that UMO loadings proxy for the common
component of a stock’s misvaluation. (JELG12, G14)

Several recent behavioral models predict commonality in the misvaluation of
firms. In the style investing approach ofBarberis and Shleifer(2003), com-
monality in misvaluation arises when irrational investor enthusiasm for stock
characteristics shifts, inducing positive comovement among stocks with similar
characteristics and negative comovement in stocks with dissimilar characteris-
tics. In the overconfidence approach ofDaniel, Hirshleifer, and Subrahmanyam
(2001), investors misinterpret what they perceive to be private information
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about the genuine economic factors influencing firms’ profits. Thus, sets of
stocks with similar loadings move together as information about factors ar-
rives, is misinterpreted, and is later corrected.

Characteristics such as book-to-market can reflect both firm-specific mis-
pricing or misvaluation of systematic economic factors. Thus, evidence that
stock characteristics such as size, book-to-market, or momentum predict the
cross-section of future returns does not resolve whether there is systematic or
merely firm-specific mispricing.1

On theoretical grounds, either idiosyncratic or common mispricing could be
predominant. There is less incentive to study an idiosyncratic payoff compo-
nent than a common one such as the market, which suggests more mispricing
in idiosyncratic corners of the market.2 On the other hand, in the model of
Daniel, Hirshleifer, and Subrahmanyam(2001), in a frictionless market id-
iosyncratic mispricing can be arbitraged away using low-risk hedge portfolios;
the mispricing of common factors remains. Style investors and overconfident
investors may trade in ways that cause either idiosyncratic or common mis-
pricing.3 Since there are arguments on both sides, it is useful to test whether
mispriced stocks comove, and whether measures of sensitivity to factor mis-
pricing can be used to predict the cross-section of stock returns.

External financing and repurchase decisions provide information that can
help address these questions. Theoretical and empirical research suggests that
corporate managers undertake financing decisions to exploit both firm-specific
and common misvaluation. Models of financing in inefficient markets suggest
that issuing or repurchasing mispriced stocks or bonds can benefit a
firm’s existing shareholders, and will predict future returns (Stein 1996; Daniel,
Hirshleifer, and Subrahmanyam 1998). Evidence from equity or debt financing
and long-run returns suggests that firms tend to issue equity or risky debt when
they are overvalued, and to buy back equity or retire risky debt when they are
undervalued (see Section1.3).

In this article, we use external financing activities to identify commonal-
ity in stock misvaluation, or what we call factor mispricing, and test whether
sensitivities to common movements in misvaluation predict the cross-section
of asset returns. We define a misvaluation (or mispricing) factor as any sta-
tistical common factor in stock returns that is substantially correlated with the

1 Fama and French(1993) find that book-to-market and size effects are associated with common factors, and
suggest a rational risk explanation.Carhart(1997) links the momentum effect to common factors. An additional
literature refines, tests, and in some cases disputes the risk premium interpretation of the three- or four-factor
model (e.g.,Daniel and Titman 1997; Griffin and Lemmon 2002; andHou, Peng, and Xiong 2007).

2 There is evidence that some anomalies are stronger within the idiosyncratic component of returns (Grundy and
Martin 2001; Hou, Peng, and Xiong 2007).

3 Consistent with overconfidence, investors speculate based upon opposing beliefs in macroeconomic markets
such as foreign exchange markets and CPI futures. More generally, there are market timers who place bets
against each other based on their beliefs about market aggregates, and investors who look for speculative industry
plays.
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common mispricing of individual stocks. Commonality in misvaluation can oc-
cur when investors misinterpret signals about a fundamental economic factor,
or when there are shifts in investor sentiment about firm characteristics or
“styles.”

If firms undertake new issues or repurchases to exploit mispricing, such
events should reflect information possessed by managers about stock over-
or underpricing (above and beyond other observable characteristics). So, new
issue and repurchase firms should have extreme sensitivities to mispricing
factors, causing them to comove (even after controlling for familiar
characteristics-based factors). We therefore construct a misvaluation factor by
going long on repurchase stocks and short on the new issue stocks. This mis-
valuation factor, which we callUMO (undervalued minus overvalued), is pre-
dicted to have a nonnegligible positive variance, even after controlling for the
market or other well-known factors.

We further hypothesize that the loadings ofgeneralfirms (not just those
that have recently engaged in issuance or repurchase) onUMO are proxies for
systematic underpricing, and therefore will positively predict future returns. To
see why, consider for example an oil price factor that affects firms’ cash flows,
and suppose that at a given point in time investors irrationally expect oil prices
to be low. Repurchasers at that time will tend to be firms that are undervalued,
which occurs if their profits are positively sensitive to oil prices (e.g., a solar
power product vendor), whereas equity issuers will tend to be firms that are
overvalued because their profits are negatively sensitive to oil prices (e.g., an
airline). Furthermore, the repurchaser, being underpriced, will load positively
on UMO and the issuer, being overpriced, will load negatively onUMO. In
other words, the factor loading measures the degree to which an asset inherits
mispricing from the mispriced factor.

Alternatively, common mispricing can be caused by shifts in investor senti-
ment associated with different investment styles. For example, if investors be-
come enamored with high-tech firms, then repurchases will be common among
undervalued low-tech firms, and new issues among high-tech firms. During
such a time period, low-tech firms will tend to load positively onUMO be-
cause their returns are more highly correlated with the low-tech firms that are
engaging in repurchases than with the high-tech firms that are engaging in new
issue.

Both lines of reasoning imply that a firm that loads positively on the mispric-
ing factor,UMO, will, on average, be undervalued. As a result, loadings on the
mispricing factor will positively predict high subsequent returns as information
about future fundamentals resolves.

Even in an efficient market, external financing can predict future returns. We
therefore control for sets of benchmark factors that have sometimes been in-
terpreted as reflecting rational risk premia, including the Fama-French factors,
the momentum factor, the leverage factor (Ferguson and Shockley 2003), and
the investment factor (Lyandres, Sun, and Zhang 2008); we also control for
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industry effects.4 These benchmark factors and/or the characteristics they are
based upon may also reflect behavioral effects;5 the use of these benchmarks
ensures that theUMO effects we identify are not just a repackaging of other
known effects.

We find substantial variance in the return ofUMO incremental to the bench-
mark factor model. Furthermore, other asset portfolios have non-zero loadings
onUMO even after controlling for the benchmark factors. These findings show
that UMO captures commonality in stock returns incremental to that of the
benchmark factors.

The UMO factor earns a high mean return, 11% per annum, and a high
Sharpe ratio, 0.30, which is similar to that of the investment factor and higher
than that of each of the other benchmark factors. Using factors that are adjusted
for the Fama-French five sectors (Fama and French 1997), UMO delivers the
highest Sharpe ratio (0.39) of all the factors we consider. Moreover,UMO
increases the Sharpe ratio of the ex post tangency portfolio by about 75% rel-
ative to the Fama-French factors. Furthermore, regressingUMO on the sets of
benchmark factors yields significantly positive alphas of 6–9% per annum, a
strong abnormal performance relative to the benchmark.

We further show that at both the portfolio and the firm levels, assets with
higherUMO loadings on average earn higher subsequent returns. At the port-
folio level, we estimateUMO loadings from previous five-year monthly re-
turns. At the firm level, we obtainUMO loadings from two approaches that
account for the transitory nature of firm-level mispricing. In one, we estimate
UMO loadings from daily returns of individual stocks over a shorter period,
12 months. In the other, we assign stocks the loadings of portfolios that are
matched by relevant firm characteristics that are potentially related to mis-
pricing, including size, book-to-market, and the external financing variable of
Bradshaw, Richardson, and Sloan(2006).

In portfolio tests,UMO loadings predict the cross-section of portfolio re-
turns after controlling for the loadings on the benchmark factors, with an esti-
matedUMO premium of about 6–9% per annum. In firm-level tests, a hedge
portfolio that is long the highest and short the lowest loading decile yields
an annual abnormal return of 7–10% per year, and regression tests imply an
abnormal return fromUMO loadings of over 15% per year.UMO loadings
have incremental power to predict returns after controlling for various firm

4 Section 1 of the online Technical Appendix also considers other controls, including the macroeconomic factors
suggested byEckbo, Masulis, and Norli(2000), the new three-factor byChen and Zhang(2010), the Fama-
French factors purged of new issue firms (e.g.,Loughran and Ritter 2000), and a factor based on the asset
growth variable ofCooper, Gulen, and Schill(2008).

5 See, for example,Keim (1983), Loughran(1997), Baker and Wurgler(2002), Baker, Stein, and Wurgler(2003),
Daniel, Hirshleifer, and Subrahmanyam(2005), andPolk and Sapienza(2009).
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characteristics.6 The marginal effect ofUMO loadings on the cross-section of
returns is considerably higher than that of the above return predictors.

This evidence is consistent with the proposition that the financing decisions
of managers contain information about common stock mispricing, above and
beyond firm characteristics such as size and book-to-market equity. The find-
ing that UMO loadings have incremental power relative to other mispricing
proxies is consistent with behavioral theories that imply that both covariances
and characteristics will, in general, have incremental power to predict stock
returns (Daniel, Hirshleifer, and Subrahmanyam 2005).

In a behavioral setting, loadings on the mispricing factor,UMO, are proxies
for systematic underpricing. Overreactions to factor signals cause fundamental
factors to become overpriced at certain times and underpriced at others, while
shifts in investor sentiment lead investment styles to become “hot” or “cold”
over time. As a result, stocks that load on the mispriced fundamental factors or
style factors will inherit the factor under- and overpricing accordingly. Since
UMO is constructed to be long on underpriced factors and short on overpriced
ones,UMO loadings of individual stocks will shift signs to reflect the shifts in
factor or style mispricing. Therefore, we expectUMO loadings to mean-revert
quickly, and to flip signs fairly frequently (as discussed in Section3.1).

Empirically, we find that stock loadings on theUMO factor are stable over
much shorter periods than the loadings on several well-known proposed fun-
damental factors. FollowingFama and French(1992), we estimate the pre-
rankingUMO loadings for individual stocks using three to five years of monthly
returns and the post-ranking loadings from portfolios constructed based on
pre-ranking loadings.UMO loadings are much more likely to flip signs than
loadings on the three factors. Furthermore, sorting stocks based on pre-ranking
UMO loadings creates little dispersion in the post-ranking period.

1. Motivation and Hypotheses

1.1 Rational factor pricing models
In rational factor pricing models such as the intertemporal CAPM, after con-
trolling for factor loadings as risk proxies, no other publicly available infor-
mation can be used to predict returns. For several possible reasons, equity
financing may be correlated with risk. First, equity issuance decreases leverage
(e.g.,Eckbo, Masulis, and Norli 2000). This argument implies that leverage
changes should explain the returns of new issue firms, and therefore (contrary
to existing evidence) that new debt financing should precede high future stock
returns.

6 We control for size, book-to-market equity, past returns, industry dummies, the external financing variable of
Bradshaw, Richardson, and Sloan(2006), the net composite issuance variable ofDaniel and Titman(2006),
the asset growth variable ofCooper, Gulen, and Schill(2008), the investment-asset ratio ofLyandres, Sun,
and Zhang(2008), the net operating asset variable ofHirshleifer, Hou, Teoh, and Zhang(2004), the operating
accruals ofSloan(1996), and the abnormal capital investment variable ofTitman, Wei, and Xie(2004).
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Second, a shift in a firm’s loadings that decreases its risk premium/discount
rate should cause it to increase planned investment (Berk, Green, and Naik
1999; Zhang 2005). This implies a greater need for financing, so firms that
have issued to fund investment should have lower expected stock returns. This
argument suggests that the ability of equity/debt issuance to predict returns
should be explained by investment.7 Similarly, the ability of a financing fac-
tor to explain the cross-section of returns should be largely subsumed by an
investment factor.

1.2 Behavioral models
We focus here upon the style investing model ofBarberis and Shleifer(2003)
and the overconfidence model ofDaniel, Hirshleifer, and Subrahmanyam
(2001).8 In the model ofBarberis and Shleifer(2003), stocks comove with two
factors: a market factor, which captures market-wide cash flows, and a style
factor, which represents commonality in sentiment for styles of stocks (such
as size, value versus growth, or high-tech versus low-tech). Investors shift be-
tween styles based on past relative performance. Accordingly, the demand for
different kinds of stocks varies according to their sensitivity to different style
factors and to past style performance. Stocks whose styles have performed well
become overpriced, leading eventually to low returns. Therefore, this model
predicts that common shifts in investor style investing cause commonality in
mispricing.

In the model ofDaniel, Hirshleifer, and Subrahmanyam(2001), overcon-
fident investors overestimate signal precision and, accordingly, overreact to
private signals about payoffs of economic factors. This creates mispricing of
factor payoffs and all securities whose cash flows are derived from these fac-
tors. In equilibrium, securities that load heavily on mispriced factors will be
more misvalued. Thus, systematic mispricing results from investors’ biased
interpretation of factor cash flow information and reflects overreaction to cash
flow news about fundamental factors.

Both models implyexcess return comovementamong securities caused by
common misvaluation and correction of such mispricing. Here we define ex-
cess comovement as comovement in stock returns that deviates (either pos-
itively or negatively) from the fundamentals-based comovement that would
exist in an efficient market based upon common fundamental influences.

7 Both the leverage effect and the investment effect, however, can be caused by managers exploiting irrational
market valuation. So, a correlation of external financing with investment does not preclude a behavioral expla-
nation (Baker and Wurgler 2002; Baker, Stein, and Wurgler 2003; andGilchrist, Himmelberg, and Huberman
2005).

8 Several other models also imply non-fundamental commonality in asset price movements. For example, the
prospect theory model ofBarberis, Huang, and Santos(2001) suggests that stocks comove when investors’ risk
attitudes shift in response to market returns. The model ofKyle and Xiong(2001) implies common shifts in
asset prices due to the simultaneous liquidation of multiple assets by convergence traders, after wealth shocks.
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Systematic mispricing can be correlated with fundamental cash flow factors,
but does not have to be.

A growing literature tests whether market inefficiency is a source of stock
return comovement.9 An advantage of using issuance/repurchase to identify
commonality in misvaluation is that the decision to issue or repurchase eq-
uity or debt, under existing behavioral theories, reflects the beliefs of man-
agement about whether the stock is mispriced. It therefore provides an overall
measure of mispricing based on information not otherwise detectable to the
econometrician.

1.3 External financing
Existing evidence suggests that the post-event long-run performance of new
issues and repurchases reflects correction of mispricing. For example, firms
that engage in IPOs and SEOs on average underperform standard benchmarks
for three to five years subsequent to the issue (Loughran and Ritter 1995, 2000;
Spiess and Affleck-Graves 1995; using a modified benchmark,Brav, Geczy,
and Gompers 2000concur for post-SEO but not post-IPO underperformance).
Since overvalued firms will tend to have both overpriced equity and risky debt,
overvalued firms should tend to issue risky debt to exploit mispricing, and
their equity should subsequently underperform.10 Some recent studies further
show that firm-level measures of net equity financing are negatively related to
subsequent stock returns (e.g.,Bradshaw, Richardson, and Sloan 2006; Daniel
and Titman 2006; Pontiff and Woodgate 2008).

Furthermore, aggregate equity issuance is correlated with market valua-
tions and can forecast aggregate returns (e.g.,Ritter 1984; Loughran, Ritter,
and Rydqvist 1994; Baker and Wurgler 2000; Lowry 2003). This is poten-
tially consistent with equity issuance responding to sector- or market-wide
mispricing.11

With respect to repurchase,Lakonishok and Vermaelen(1990) andIkenberry,
Lakonishok, and Vermaelen(1995) show that the stocks of firms that buy back
shares on average overperform in the subsequent three years. Similarly, the
stocks of firms that reduce the outstanding debt in the face of market

9 SeeLee, Shleifer, and Thaler(1991), Barberis, Shleifer, and Wurgler(2005), Goetzmann and Massa(2005),
Baker and Wurgler(2006, 2007), Brown, Goetzmann, Hiraki, Shiraishi, and Watanabe(2008), Barber, Odean,
and Zhu(2009), andBoyer(2010).

10 This is consistent with the evidence ofStigler(1964), Spiess and Affleck-Graves(1999), Bradshaw, Richardson,
and Sloan(2006), andCooper, Gulen, and Schill(2008). Overvaluation should cause greater issuance in total,
and a substitution from debt to equity issuance.Baker and Wurgler(2000) test a hypothesis about substitution
based on market timing of therelativemispricing of equity versus debt. However, debt and equity issuance are
imperfect substitutes because of agency and tax considerations. So, despite the substitution effect, we do not
expect the increase in total financing to be absorbed entirely by net equity issuance.

11 Schultz(2003) suggests that the long-term performance of new issues and repurchases may be a result of a
pseudo-market-timing problem rather than market efficiency. However, a calendar-time portfolio approach as
used in our article is immune to the pseudo-market-timing problem.
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undervaluation tend to overperform (e.g.,Bradshaw, Richardson, and Sloan
2006).

Graham and Harvey(2001) find that a majority of CFOs say that stock
mispricing is an important motive to issue equity. Consistent with market ex-
pectational errors,Jegadeesh(2000) documents that the stock market reacts
unfavorably to earnings announcements subsequent to new issues. More gen-
erally, a rational risk-based explanation for the new issues puzzle seems to
require that recent issuers have unusually low risk. It has not so far been estab-
lished that new issue firms are a good hedge for aggregate consumption.

Our article differs from past work in this area in focusing on how gen-
eral stocks comove with external-financing firms, and how covariance with
a financing-based factor predicts future returns.

1.4 Hypotheses
We focus on the predictions of behavioral models, with the predictions of
rational factor pricing as alternatives. Specifically, we hypothesize that a mis-
valuation factor (UMO) that is long on repurchase stocks (undervalued) and
short on new issue stocks (overvalued) will capture comovement associated
with mispricing, and that an asset’s loading onUMO will positively predict
future returns. Section 3 of the online Technical Appendix formally derives
the predictions discussed informally here in a model based on the approach of
Daniel, Hirshleifer, and Subrahmanyam(2001). These hypotheses, however,
are intuitive and would apply in other behavioral modeling specifications as
well.

Prediction 1. There is incremental comovement in stock returns associated
with UMO above and beyond that implied by benchmark factors.

If there is commonality in mispricing, we expect mispricing to be shared
by stocks (including those not involved with recent financing and payout ac-
tivities) that load on the same mispriced fundamental factors, or that possess
mispriced style characteristics. In either case, such stocks will comove with
the misvaluation factor,UMO, even after controlling for proxies for possible
fundamental factors.

Prediction 2. UMO will earn abnormally high returns relative to the bench-
mark factors.

SinceUMO is designed to capture the spread between under- and overpriced
stocks, it is predicted to produce abnormal returns relative to common risk
factors. In other words, we expectUMO to have a high Sharpe ratio, and to
earn a significant alpha in a regression on the benchmark factors.
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Prediction 3. The loadings on UMO will forecast the cross-section of stock
returns.

Under our prediction thatUMO captures comovement in returns incremen-
tally to benchmark factors, we hypothesize that securities’ loadings onUMO
measure the degree of underpricing deriving from common factors (member-
ship in misvalued sectors, or style effects). A positive loading identifies the
influence on the stock price of either underpriced fundamental factors, or un-
derpriced style characteristics. When such underpricing is subsequently cor-
rected, securities with higherUMO loadings earn greater returns. Stocks that
load positively onUMO will behave like repurchase firms and outperform,
while those loaded negatively onUMO will behave like new issue firms and
underperform. Thus, the loadings onUMO forecast returns even on general
stocks that havenot recently been involved in equity financing transactions.

So long as issuance or repurchase is associated with some firm-specific mis-
pricing, the amount of issuance or repurchase should predict returns even after
controlling for the degree to which the firm partakes of common mispricing.
We therefore predict that the amount of external equity and/or debt financing
will predict returns even after controlling for theUMO loading (seeDaniel,
Hirshleifer, and Subrahmanyam 2005for a model with an analogous predic-
tion about book-to-market andHML loadings).

2. Data

Our sample includes common stocks traded on NYSE, AMEX, and NASDAQ
from January 1970 to December 2008. We exclude utilities (SIC Codes be-
tween 4900 and 4949) and financials (SIC Codes between 6000 and 6999)
since mispricing is more constrained among regulated industries. Stock
returns and other trading information are from the Center for Research in Secu-
rity Prices (CRSP). Accounting information is from Compustat from 1971 to
2008. Daily and monthly return series for the market factor (MKT), the size
factor (SMB), and the book-to-market factor (HML); the momentum factor
(MOM); and the risk-free rates are from Kenneth French’s website. The invest-
ment factor (INV) is defined as the return of low-investment firms minus that of
high-investment firms. The leverage factor (LEV) is the return of high-leverage
firms minus that of low-leverage firms.12 The Appendix provides details of the
construction of these two factors.

12 We use the monthly return series of the investment factor provided by Evgeny Lyandres up to December
2005 supplemented with data from January 2006 through December 2008. We use the monthly return series
of the investment factor provided by Michael Ferguson up to December 2001 and supplement it with data
from January 2002 through December 2008. Results are similar if we use our own data throughout the sample
period.
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2.1 Main sample
Among the sample firms, we identify 7,985 initial public offerings (IPOs) and
7,110 seasoned equity offerings (SEOs) from new issue data provided by Jay
Ritter through the end of 2004 for IPOs and the end of 2001 for SEOs, supple-
mented by data from the SDC Global New Issues dataset through December
2008. We require that an IPO appear in the CRSP file within six months of the
offer date. For SEOs, we exclude unit offerings and pure secondary offerings.
From the SDC Global New Issues dataset, we identify 6,734 debt offerings
(DISSUEs), including both straight and convertible debt, among the sample
firms. We require SEOs and DISSUEs to have valid returns at the end of the
offer month in CRSP. The annual number of firms is reported in Table1.

Also in Table 1, altogether we identify 20,173 equity repurchase (ERP)
events and 43,849 debt repurchase (DRP) events from Compustat annual state-
ments. ERP is defined as occurring when net equity repurchases in a given fis-
cal year exceed 1% of average total assets. DRP occurs when a net long-term
debt reduction in a given fiscal year exceeds 1% of average total assets. The net
equity repurchase is total repurchase minus total issuance of common stocks.
Total repurchase of common stocks is the purchase of common and preferred
stocks (Compustat variablePRSTKC) less any decrease in preferred stocks.
Total issuance of common stocks is the sale of common and preferred stocks
(SSTK) less any increase in preferred stocks. We measure preferred stocks as,
in order of preference, the redemption value (PSTKRV), the liquidating value
(PSTKL), or the carrying value (PSTK). Long-term debt reduction is defined
as long-term debt reduction (DLTR) minus long-term debt issuance (DLTIS)
from the cash flow statement.

The main findings of the article are similar if we identify IPO events as
the first appearance in CRSP, if we use cash flow statement information to
identify equity and/or debt issuance, if we change the cutoff of the equity/debt
issuance or repurchase as a fraction of the total assets to as low as 0% or as
high as 5%, if we obtain equity repurchase events (both open market and tender
offer repurchases) from SDC, or if we restrict the sample of SEOs to primary
offerings.

2.2 Key variables
At the end of June of each year, the portfolio “O” (overpriced) contains firms
with IPOs, SEOs, and DISSUEs in the past 24 months if they had no ERPs or
DRPs in the two most recent fiscal years ending as of the preceding December.
The portfolio “U” (undervalued) contains firms with DRPs or ERPs in the two
most recent fiscal years ending as of the preceding December if they had no
IPOs, SEOs, or DISSUEs in the preceding 24 months. We require a gap of
at least six months between fiscal year-end and the time of portfolio forma-
tion to ensure that repurchases by then are public information. Prior literature
shows that the long-run abnormal performance of new issues and repurchases
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Table 1
Number of firms with events and in event portfolios

Year IPOs SEOs DISSUEs ERPs DRPs O N U
1970 3 39 25
1971 12 123 44 68 430
1972 19 87 21 93 525 193 1477 419
1973 184 37 6 307 769 340 3193 761
1974 4 19 6 224 839 209 2527 1204
1975 11 48 12 212 1127 51 2241 1496
1976 26 72 17 246 1230 105 2068 1664
1977 21 41 10 324 926 120 1883 1805
1978 30 74 13 278 828 83 1880 1692
1979 49 75 15 326 860 133 2004 1489
1980 110 225 69 277 961 201 2018 1428
1981 300 220 62 274 1028 484 2075 1407
1982 81 170 53 329 1067 597 2008 1421
1983 506 481 152 296 1301 575 2122 1482
1984 307 95 143 441 1191 965 2139 1486
1985 224 191 273 472 1168 768 2111 1569
1986 410 225 415 473 1245 664 2186 1642
1987 401 203 274 632 1389 969 2142 1584
1988 146 84 155 719 1361 756 2074 1755
1989 146 139 178 555 1325 398 1949 2012
1990 153 128 163 618 1341 400 1890 1986
1991 277 246 389 500 1541 399 1918 1917
1992 404 312 362 458 1672 658 1859 1859
1993 496 438 459 489 1686 783 2015 1809
1994 489 291 268 556 1571 920 2295 1886
1995 432 421 380 651 1482 844 2402 1950
1996 701 505 381 691 1606 1008 2577 2012
1997 453 364 366 845 1505 1190 2636 1961
1998 264 231 453 1055 1276 986 2710 2009
1999 414 285 272 1125 1230 706 2456 2066
2000 366 287 201 986 1288 760 2185 2207
2001 57 152 265 674 1239 621 1936 2084
2002 61 107 233 630 1327 333 1844 2052
2003 41 127 170 545 1173 192 1646 1980
2004 137 141 100 547 1037 231 1578 1901
2005 87 123 87 676 925 291 1649 1737
2006 73 114 91 769 842 266 1686 1647
2007 71 111 97 832 766 262 1617 1664
2008 19 79 54 980 772 228 1524 1690

All 7985 7110 6734 20173 43849 18689 76520 62733
Mean 205 182 173 531 1154 505 2068 1695

This table reports the number of event firms with initial public offerings (IPOs), seasoned equity offerings
(SEOs), debt offerings (DISSUEs) (including both straight and convertible debt offerings), equity repurchases
(ERPs), and debt repurchases (DRPs) for each year over the period 1970–2008, and the number of firms in the
event portfolios O, N, and U in the beginning of July of each year from 1972 through 2008. At the end of June of
each year, firms issuing IPOs, SEOs, or/and DISSUEs in the last 24 months but not involving stock repurchases
during the most recent two fiscal years with the fiscal year ending as of last December are included in portfolio
O (overpriced). Firms with ERPs or/and DRPs made during the most recent two fiscal years with the fiscal year
ending as of last December but not issuing IPOs, SEOs, or/and DISSUEs in the last 24 months are included in
portfolio U (underpriced). Firms that involve both equity/debt offerings and repurchases or neither of the two
are included in portfolio N (neutral).

is concentrated in the first three years after events (e.g.,Loughran and Ritter
1995; Ikenberry, Lakonishok, and Vermaelen 1995). We select firms based on
events that have occurred in the preceding two years so that the event portfolio
returns cover the period from one to three years following the event. Stocks
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with both equity issuance and repurchases or neither are included in portfolio
“N” (neutral).13

The three equal-weighted portfolios are held from July of yeart to June of
yeart+1, and rebalanced. FollowingFama and French(1993), we form a zero-
investment portfolio “UMO” (undervaluation minus overvaluation), which is
long on U and short on O, to capture the possible commonality in misvalua-
tion.14

To address the possibility that the performance ofUMO comes from
industry-/sector-wide fundamental shocks (e.g.,Hou 2007) that are not cap-
tured by the benchmark factors, we also consider a sector-neutral “UMO⊥SEC.”
To minimizes sectoral effects, we compute the equal-weighted returns among
new issues separately within each of the five sectors, based on the Fama-French
(1997) five industry classifications. Then we define the equal-weighted five
sector returns as returns on O⊥SEC. A similar procedure gives U⊥SEC. Finally,
UMO⊥SEC is formed by going long on U⊥SEC and short on O⊥SEC.

Table 2 reports summary statistics of the event portfolios,UMO, and the
other well-known factor portfolios. Since cash flow statement information is
widely available from 1971, the portfolio U starts from July 1972, which limits
UMO to the period starting from July 1972. As shown in Table1, the average
number of firms in July of each year is 505 for O and 1,695 in U, showing that
UMO contains a sizable number of stocks.15

Consistent with the previous literature, during our sample period, repurchase
stocks (U) on average outperform neutral (N) stocks while neutral stocks (N)
on average outperform new issue stocks (O).UMO offers an average return
of 0.93% per month, or over 11% per year, whileUMO⊥SEC offers 0.92% per
month. The two are highly correlated, with a coefficient of 0.91 as shown in
Panel B of Table2. Panel B also shows thatUMO has strong correlations with
MKT, HML, MOM, INV, andLEV. In subsequent tests, we estimate loadings on
UMO by controlling for these benchmark factors. Thus, our finding thatUMO
loadings are positive predictors of the cross-section of returns is not driven by
these factor correlations.

13 Depending on the year, on average a fraction of about 14% of event firms (standard deviation 7.7%) are excluded
from portfolio O or U for being both issuers and repurchasers. Thus, an overwhelming fraction of event firms
can be identified as either under- or overpriced unambiguously using the external financing events.

14 It is known that new issuers tend to be small-growth firms and repurchasers tend to be large-value firms. When
constructingUMO, however, we did not control for size and book-to-market. This is because behavioral theories
suggest that these characteristics reflect stock mispricing, and that equal weighting the returns across size or
book-to-market groups can reduce the power to detect mispricing of new issues/repurchases (Loughran and
Ritter 2000). Instead, our tests perform a horse race betweenUMO and the size and book-to-market factors. We
find that the power ofUMO to explain returns is not subsumed by the size or the book-to-market effect.

15 Although firms stay in O or U for a two-year period, the number of firms in O or U is less than twice the number
of new-issue or repurchase firms. This is due to at least three effects. First, multiple types of equity/debt issues
can occur for one firm and are counted in O as one stock. Second, both equity and debt repurchases can occur
for the same firm during a two-year period and are counted in U as one stock. Third, some new-issue firms also
have repurchases during a two-year window and thus do not enter O or U.
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Table 2
Summary statistics of event and factor portfolios

Panel A: Portfolioreturns

Mean Std t-stat SR ME BM
U 1.38 6.19 4.68 0.15 1049 0.88
N 1.06 6.64 3.33 0.09 1001 0.81
O 0.46 7.94 1.20 0.00 1323 0.52
UMO 0.93 3.08 6.30 0.30
UMO⊥SEC 0.92 2.39 8.11 0.39
MKT 0.37 4.61 1.69 0.08
SMB 0.17 3.24 1.11 0.05
HML 0.48 3.04 3.31 0.16
MOM 0.88 4.25 4.36 0.21
INV 0.52 1.71 6.34 0.30
LEV 0.38 3.44 2.29 0.11

Panel B: Correlation matrix of factor mimickingportfolios

UMO UMO⊥SEC MKT SMB HML MOM INV

UMO⊥SEC 0.91
MKT −0.53 −0.48
SMB −0.21 −0.11 0.26
HML 0.65 0.58 −0.42 −0.28
MOM 0.22 0.17 −0.10 0.01 −0.13
INV 0.37 0.32 −0.29 −0.12 0.19 0.19
LEV 0.42 0.37 −0.16 0.14 0.61 −0.20 0.07

Panel C: Ex post tangencyportfolio

Portfolio Weights TangencyPortfolio

MKT SMB HML MOM INV LEV UMO Mean Std SR

(1) 0.25 0.17 0.58 0.40 1.68 0.24
(2) 0.20 0.11 0.43 0.27 0.54 1.52 0.35
(3) 0.15 0.08 0.20 0.56 0.46 1.13 0.41
(4) 0.25 0.20 0.65 −0.10 0.40 1.66 0.24
(5) 0.28 0.09 −0.02 0.65 0.71 1.70 0.42
(6) 0.25 0.08 0.07 0.13 0.47 0.69 1.57 0.44
(7) 0.20 0.06 0.02 0.40 0.33 0.60 1.24 0.49
(8) 0.28 0.12 0.07 −0.11 0.64 0.71 1.67 0.43

Panel A reports the summary statistics of the event portfolios and the factor portfolio percentage returns from
July 1972 through December 2008. The event portfoliosU, N, andO are defined in Table1. UMO (underpricing
minus overpricing) is the misvaluation factor that is long onU and short onO. UMO⊥SECcontrols for the sector
influences inUMO by taking the average returns of new issues and repurchases within each of the five sectors
before taking the mean returns across the five sectors. The five sectors are defined based on the Fama-French
five industry classifications.MKT, SMB, andHML are the market, size, and book-to-market factors of Fama and
French (1993).MOM is the momentum factor of Carhart (1997).INV is the investment factor of Lyandres, Sun,
and Zhang (2008).LEV is the leverage factor of Ferguson and Shockley (2003). The Sharpe ratio (SR) for U, N,
andO is the ratio of mean monthly returns in excess of the one-month risk-free rate divided by return standard
deviation; for the factor portfolios, is the ratio of the mean monthly returns over return standard deviation. The
variablesME (in millions) andBM are the average monthly market value and book-to-market equity of firms
included inU, N, or O. Panel B reports the Pearson correlations among the factor portfolios. Panel C reports
the summary statistics of the ex post tangency portfolio. The tangency portfolio correctly prices the candidate
portfolios with non-zero weights and delivers the highest Sharpe ratio by optimally combining these candidate
portfolios. The portfolio weights are calculated as(ι′V−1μ)−1V−1μ, whereι is a k×1 vector of ones,V is the
covariance matrix of the factor returns, andμ is the mean factor returns.

UMO and UMO⊥SEC provide Sharpe ratios 0.30 and 0.39, respectively,
which are considerably greater than those ofMKT (0.08),SMB(0.05), HML
(0.16),MOM (0.21), andLEV (0.11), and comparable toINV (0.30). To study
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the incremental contribution of UMO in improving the achievable Sharpe ra-
tios, in Panel C in Table2, we report the weights, returns, and Sharpe ratios of
the ex post tangency portfolios calculated followingMacKinlay (1995). The
tangency portfolio generates the highest Sharpe ratio by optimally combining
a subset of factors. AddingUMO to the three factors increases the maximum
Sharpe ratio from 0.24 to 0.42, an increase close to 75%. AddingUMO to the
three factors plus the momentum factor increases the Sharpe ratio from 0.35
to 0.44. In both cases, the tangency portfolio places a substantial weight (65%
and 47%) onUMO as opposed to the other candidate factors.

AddingUMO to the three factors greatly reduces the weight ofSMB—from
0.17 to 0.09—and essentiallyeliminates HMLfrom the tangency portfolio—a
reduction from 0.58 to−0.02. This probably occurs becauseUMO is rather
highly correlated withHML (0.65), but delivers much higher expected returns
with similar volatility. This suggests thatUMO is a better proxy thanHML for
misvaluation or for priced factors.

An improvement in the Sharpe ratio from addingUMO is observed if we
include INV or LEV together with the three factors. The highest Sharpe ratio
(0.49) is achieved by combining the three factors withINV andUMO. Across
all cases, there is a perceptible reduction in the weights ofSMB and HML.
Overall, these results show thatUMO delivers an unusually large Sharpe ratio
and is an important contributor to the ex post tangency portfolio.

3. Comovement in returns and theUMO factor

We now test whether, as hypothesized,UMO captures commonality in returns,
and whetherUMO achieves abnormal returns relative to other benchmark fac-
tors.

3.1 Loadings of assets onUMO
Prediction 1 implies return comovement. We first test for comovement by es-
timating the loadings of assets onUMO. If overpriced or underpriced general
individual stocks load on some of the same mispriced fundamental factors that
new issues and repurchase stocks load upon, or mispriced general stocks share
some of the same style characteristics that cause mispricing in new issue and
repurchase stocks, they will share incremental comovement withUMO rela-
tive to the benchmark factors during the period that mispricing is created and
later corrected. However, over a long time series, if overpricing and underpric-
ing occur about equally often, we expect individual stocks to have loadings on
UMO that are close to zero.16

16 In the example discussed in the introduction, when investors irrationally expect low oil prices, airlines are over-
priced and tend to issue, while solar product vendors are underpriced and tend to repurchase. Accordingly, firms
that benefit from low oil prices will load negatively, and those that are hurt will load positively, onUMO. How-
ever, if investor sentiment shifts to an irrational belief that the oil price will be high, the industries that are
issuing versus repurchasing flip. In consequence, the loadings of other firms onUMO reverse, which shows that
theUMO loadings of individual stocks are transitory.
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In contrast, we expect portfolios formed based on mispricing measures to
have stable loadings onUMO—positive among underpriced stocks and neg-
ative among overpriced stocks. When such portfolios are periodically rebal-
anced, stocks enter or exit the portfolios according to their degree of mispricing,
which tends to stabilize the degree of mispricing in the portfolio (relative to in-
dividual stocks) and therefore the loadings of the portfolios onUMO. So, to
test for return comovement withUMO, we examine portfolios that are rebal-
anced based upon firm characteristics that are potentially related to mispricing,
such as size, book-to-market, and financing-based variables. These portfolios
are rebalanced once every year to try to achieve similar degrees of under- or
overpricing, and therefore similar loadings onUMO, over time.

Using the well-known Fama-French 25 size-BM portfolios as an example,
we regress value-weighted monthly returns of each portfolio onUMO together
with the Fama-French three factors and test whetherUMO loadings (βu) are
jointly different from zero.

Panel A of Figure1 plots theUMO loadings across the size and book-to-
market sorts. Results based onUMO⊥SEC or with alternative benchmark fac-
tors are similar.UMO loadings do not line up monotonically with either size
or BM. TheF-statistic is 8.39 (p = 0.00), which strongly rejects the null that
all UMO loadings are jointly equal to zero.

We focus on the smallest and largest size groups because their comove-
ment withUMO differs sharply across the book-to-market quintiles. Among
the smallest size group,UMO loadings increase with the book-to-market, while
among the largest size group, the opposite pattern holds. In other words, small-
growth and large-value firms tend to load negatively onUMO, while small-
value and large-growth firms tend to load positively onUMO. This pattern of
UMO loadings is very similar to that of the Fama-French three-factor alphas
reported in Panel B. The mispricing of the 25 portfolios relative to the three-
factor model has a high correlation, 0.77, withUMO loadings. This suggests
thatUMO helps explain the pricing errors of the three-factor model.

In unreported tests, we find thatUMO indeed helps reduce and even elimi-
nate pricing errors (alphas) in time-series regressions. In particular, when the
three-factor model is used to price the 25 size-BM portfolios, it is well known
that substantial pricing errors are present among the four corner portfolios.
WhenUMO is additionally included, these pricing errors are visibly reduced
and become insignificant for all but extreme small-growth portfolios. After
addingUMO to the three factors, theF-statistic that tests whether the alphas
are jointly equal to zero no longer rejects that null. Moreover, we also find
that, relative to the three-factor model,UMO helps reduce the pricing errors
of portfolios based on other corporate events that are known to produce abnor-
mal long-run performances, such as mergers and acquisitions (Loughran and
Vijh 1997), dividend initiation and resumption (Michaely, Thaler, and Wom-
ack 1995), and dividend omission (Boehme and Sorescu 2002). Overall, this
evidence indicates thatUMO is important for pricing stocks with a variety of
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Figure 1
UMO loadings and Fama-French three-factor alphas of the Fama-French 25 size-BM portfolios
Panel A plots the slope coefficients onUMO of regressions of excess monthly returns of the 25 value-
weighted size-BM portfolios on the misvaluation factorUMO and the Fama-French three factors (MKT,
SMB, and HML). Panel B plots the intercepts (alphas) of regressions of excess monthly returns of the 25
size-BM portfolios on the Fama-French three factors. The two panels show strong similarity betweenUMO
loadings and abnormal returns of the 25 portfolios relative to the three factors, suggesting thatUMO is a source
of three-factor model pricing errors of the 25 portfolios. The factors are defined in Table2.

characteristics, and the anomalous returns on the corner portfolios and on other
corporate-event based portfolios.

3.2 UMO and other factors
We provide here a further test of whetherUMO is a source of comovement
(Prediction 1) based solely on factor returns, and then test whetherUMO
achieves abnormal returns (Prediction 2).
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In general, in a randomly formed, well-diversified, zero-investment port-
folio, as the number of securities increases, both the loadings on underlying
factors and idiosyncratic risk approach zero, so portfolio return variance also
approaches zero. In contrast, Prediction 1 maintains that forming a long-short
portfolio based upon firms’ financing decisions causes loading on some under-
lying factor(s), resulting in substantial positive variance. So, residual variance
is predicted to be substantial even after regressing on the benchmark factors,
and specifically, to be greater than the residual variance of an equal-weighted
long-short portfolio with randomly selected stocks.

To perform this comparison, we form a random long-side portfolio at the
end of each June by randomly selecting a set of stocks equal to the number
contained in portfolio U, and similarly form a random short-side portfolio with
a set of stocks equal to the number in portfolio O. We equally weight the stocks
on each side, and then form the long-short portfolio. We regress the returns of
the randomly selected portfolio on a set of benchmark factors and compute the
residual return standard deviation (volatility). This exercise is repeated 1,000
times to generate a distribution of the residual return volatility. We compare
this with the residual return volatility from regressingUMO on the same set of
benchmark factors.

Consistent with Prediction 1, Table3 shows that in theUMO regressions the
R2s are about 51–57%, and the residual return standard deviations are about
2.00–2.16% per month. These are substantially larger than those based on ran-
domly selected portfolios. The lowR2s and high residual volatility suggest that
new issue and repurchase stocks share incremental commonality above and

Table 3
Regressions ofUMO on benchmark factors

Intercept MKT SMB HML MOM INV LEV R2 σ(ε)

(1) 0.75 −0.21 0.02 0.54 51% 2.16
(7.19) (−5.92) (0.28) (7.82) (0.977, 1.217)

(2) 0.53 −0.18 0.02 0.59 0.20 57% 2.00
(5.12) (−5.73) (0.36) (10.31) (4.47) (0.977,1.217)

(3) 0.56 −0.18 0.03 0.52 0.36 54% 2.08
(5.22) (−5.48) (0.49) (8.89) (3.50) (0.977, 1.219)

(4) 0.75 −0.21 −0.01 0.47 0.08 51% 2.15
(7.35) (−5.95) (−0.15) (7.11) (1.45) (0.977,1.219)

This table reports the time-series regression ofUMO on a set of benchmark factors from July 1972 through
December 2008. The dependent variable is monthly percentage returns onUMO. The independent variables are
the benchmark factors, includingMKT, HML, SMB, MOM, INV, andLEV, all defined in Table2. Robust Newey-
West (1987)t-statistics are reported in parentheses. TheR2s are adjusted for degree of freedom. The variable
σ(ε) is the standard deviation of the regression error term. In parentheses underneath is the 1% confidence
interval of the standard deviation of the residual terms based on long-short portfolios with randomly selected
stocks. Specifically, we form portfolios with randomly selected stocks at the end of each June with the equal
number of stocks as that in portfolio U in the long side and as that in portfolio O in the short side. Then we
calculate the equal-weighted long-short portfolio returns. We regress the randomly selected portfolio returns on
a set of benchmark factors and compute the standard deviation of the residual terms. This exercise is repeated
1,000 times to generate a distribution of the standard deviation, and we report the 1% confidence interval based
on this distribution. An observed standard deviation of the residual terms from regressions ofUMO is statistically
significant when it is above the right end of the confidence interval.
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beyond the comovement implied by the benchmark factors. This is consistent
with UMO capturing common misvaluation factors. However, this does not
rule out the possibility that the commonality comes from fundamental sources
not captured by the four factors.

This regression also provides a test of Prediction 2, abnormal performance
of UMO. Consistent with Prediction 2, as shown in Table3, the positive alphas,
ranging from 0.53–0.75% per month, show thatUMO offers abnormally high
returns (6.36–9.00% per year) relative to the benchmark factors. This evidence
confirms the findings of previous research of significant long-run overperfor-
mance associated with repurchases and underperformance associated with new
issues.

As discussed in Section1.1, the returns on firms with financing events may
derive from a risk premium or misvaluation associated with a common factor
in growth/investment opportunities. To address this possibility, in Section 1 of
the online Technical Appendix, we consider other sets of benchmark factors,
including the macroeconomic factors suggested byEckbo, Masulis, and Norli
(2000), the three-factor model ofChen and Zhang(2010), the Fama-French
factors purged of new issue firms (e.g.,Loughran and Ritter 2000), and a factor
based on the asset growth variable ofCooper, Gulen, and Schill(2008). Even
after controlling for models containing these additional factors, theR2 of UMO
is still below 56%. The residual volatility is around 2.05–2.33%, substantially
and significantly higher than the simulated residual volatility using random
long-short portfolios over the same sample period.

4. DoUMO Loadings Predict the Cross-Section of Asset Returns?

We now test Prediction 3, thatUMO loadings predict the cross-section of future
asset returns. Behavioral models predict thatUMO loadings are proxies for
systematic undervaluation, and therefore will predict higher excess returns.
We start by testing the ability of loadings on characteristic portfolios to predict
returns, and then consider loadings on individual stocks.

4.1 UMO loadings and the cross-section of portfolio returns
UMO loadings for individual stocks tend to be unstable over time. Intuitively,
different styles or economic factors will be over- or underpriced at different
times. Accordingly, a given loading of a stock on some style or economic factor
will imply over- and undervaluation at different times. [Section 3 of the online
Technical Appendix contains a proof of this assertion (see Proposition 2).]
UMO is always long on the underpriced factors and short on overpriced factors.
Thus, we expect individual stocks, while having fairly persistent loadings on
the style or economic factors, to have unstable loadings onUMO.

In contrast with individual stocks, portfolios that are formed based on pos-
sible mispricing proxies such as book-to-market should have much more sta-
ble UMO loadings over time. Thus, we run a Fama-MacBeth regression with
the 25 size-BM portfolios and test whetherUMO carries a significant positive
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Table 4
Fama-MacBeth regressions at the portfolio level

MKT SMB HML UMO Avg. R2

(1) −0.12 0.51 30%
(−0.28) (2.54)

(2) −0.92 0.16 0.35 44%
(−3.25) (0.94) (1.95)

(3) −0.57 0.16 0.33 0.75 45%
(−2.00) (0.97) (1.81) (4.83)

MKT SMB HML UMO⊥SEC Avg. R2

(4) −0.62 0.15 0.35 0.66 45%
(−2.39) (0.90) (1.93) (4.07)

MKT SMB HML MOM UMO Avg. R2

(5) −0.80 0.16 0.35 0.00 46%
(−2.52) (0.98) (1.95) (0.01)

(6) −0.59 0.18 0.34 −0.08 0.73 47%
(−1.90) (1.07) (1.85) (−0.25) (4.46)

MKT SMB HML INV UMO Avg. R2

(7) −0.87 0.19 0.36 −0.12 46%
(−3.03) (1.18) (1.95) (−0.83)

(8) −0.67 0.19 0.33 −0.16 0.74 48%
(−2.44) (1.16) (1.83) (−1.13) (4.60)

MKT SMB HML LEV UMO Avg. R2

(9) −1.05 0.17 0.35 0.73 46%
(−3.63) (1.03) (1.90) (2.98)

(10) −0.71 0.17 0.33 0.81 0.78 46%
(−2.37) (1.06) (1.80) (3.04) (4.88)

This table reports the Fama-MacBeth regression results using the 25 size and book-to-market portfolios from
July 1972 through December 2008. The dependent variable is the value-weighted monthly excess returns (in
percent) of the 25 portfolios. The independent variables are the loadings on a set of return factors, including
MKT, HML, SMB, UMO, UMO⊥SEC, MOM, INV, andLEV, all defined in Table2. The loadings of each portfolio
on the factors are estimated from a time-series regression using monthly excess returns over the past 60 months
as of the end of June of each year. The estimated loadings are used as independent variables in the cross-sectional
regressions in each of the next 12 months from July of yeart through June of the yeart + 1. The time-series
averages of the cross-sectional regression coefficients are reported. In parentheses are the associated robust
Newey-West (1987)t-statistics. The avg.R2s are the time-series averages of the monthly adjustedR-squares
across the full sample period.

premium, in which theUMO loadings of the 25 portfolios are estimated within
an annually updated rolling five-year window on the benchmark factors to-
gether withUMO. The mean premia and the Newey-West (1987)t-statistics
are reported in Table4.

Table4 shows that the premium ofUMO is always positive, and economi-
cally and statistically significant for all model specifications. For instance, the
average premium ofUMO in regression (1) is 0.51% per month (t = 2.54)
controlling for the market factor, in (3) is 0.75% per month (t = 4.83) with
controls for the three factors, and in regression (6) is 0.73% per month (t =
4.46) with controls for the four factors.17 Similar results are obtained after

17 The coefficient onUMO jumps whenSMBandHML are included in the regression, possibly owing to the omitted
variable problem. If the true factor pricing model has the three factors plusUMO, then the coefficient estimate
on UMO can be downward biased whenSMBandHML are omitted. For example, Panel A of Figure1 shows
that large-value stocks have negativeUMO loadings and positiveHML loadings. Adding HML loadings to the
regression therefore increases the coefficient onUMO by attributing the high returns of value stocks to high
HML loadings instead of to lowUMO loadings.
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additionally controlling forINV andLEV, or replacingUMO with UMO⊥SEC.
The estimatedUMO premium ranges from 6.12% to 9.36%.

Lewellen, Nagel, and Shanken(2010) show that a proposed factor that is
correlated (even weakly) withSMBandHML can spuriously price the 25 size-
BM portfolios in the cross-section. To address this possibility, in Section 1 of
the online Technical Appendix, we use the orthogonalizedUMOs (which are
orthogonalized to the three or four factors) to estimateUMO loadings and then
use these loadings in the Fama-MacBeth regressions. The results remain un-
changed. Similar results also obtain for various sets of portfolios sorted based
on size, book-to-market equity, external financing (EXFIN), and net composite
issuance (IR).

4.2 UMO loadings and the cross-section of individual stock returns
Behavioral theories imply thatUMO loadings should forecast the returns on in-
dividual stocks, as well as portfolios. Stocks with extreme sensitivity toUMO
should partake of greater systematic mispricing and have stronger return rever-
sal when mispricing is corrected.

As discussed in Section3.1, estimatingUMO loadings on individual stocks
is challenging due to the (theoretically predicted) instability of these loadings.
We therefore adopt two different approaches to estimateUMO loadings.

4.2.1 ConditionalUMO loadings estimated from daily returns over short
windows. Since misvaluation is temporary, we expect loadings to be unsta-
ble over long horizons. So, in the first approach, we estimateUMO loadings
from daily returns over a short period, an approach also used in previous stud-
ies (e.g.,Lewellen and Nagel 2006), and then test for stability. We estimate
firm-level UMO loadings using at least 100 daily returns over the most recent
12-month period with controls for the three factors. We call the estimatedUMO
loading the pre-formation loading, denoted asβ

pre
u . (Reducing the estimation

period to three months yields similar results.)
After obtainingβ

pre
u , we sort stocks based onβpre

u into deciles and calculate
both the equal-weighted decile returns in the following month. As shown in
Table5, the post-rankingUMO loadings,βpost

u , increase almost monotonically
with the pre-ranking loading ranks, suggesting thatUMO loadings are persis-
tent over a 12–13-month period. Decile returns tend to increase withβ

pre
u , with

return differentials between the highest and the lowestβ
pre
u deciles of 0.77%

per month (t = 3.75), or 9.24% per annum. The alphas from the CAPM and
the three-factor model remain sizable and statistically significant, with mean
annual abnormal returns of 7.6–10.8%. Table5 also shows that after excluding
firms in UMO, the effect remains strong (with a slight reduction in the size of
the long-short returns). Overall, the results show an economically and statisti-
cally significant premium onUMO at the firm level, even among those firms
that are not recently involved in external issuances or repurchases.
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Table 5
Return performance of deciles based onUMO loadings estimated from past 12-month daily returns

All sample firms Excl.UMO firms

β
pre
u Rank RET β

pre
u β

post
u RET β

pre
u β

post
u

L 0.82 −2.16 −0.99 0.84 −2.18 −0.88
2 1.11 −0.98 −0.56 1.01 −1.00 −0.58
3 1.26 −0.57 −0.35 1.16 −0.59 −0.41
4 1.21 −0.31 −0.25 1.09 −0.33 −0.36
5 1.28 −0.11 −0.10 1.25 −0.12 −0.18
6 1.28 0.08 −0.06 1.17 0.06 −0.07
7 1.22 0.27 −0.02 1.15 0.25 −0.09
8 1.35 0.50 0.03 1.26 0.48 −0.06
9 1.23 0.85 0.04 1.15 0.82 0.02
H 1.58 2.00 0.01 1.46 1.91 −0.15

H−L 0.77 4.16 0.99 0.62 0.73
t(H−L) (3.75) (9.23) (3.15) (10.17)
αCAPM 0.90 0.73
t (αCAPM) (4.67) (3.95)
αFF3 0.63 0.54
t (αFF3) (3.82) (3.27)

This table reports the average monthly percentage decile returns sorted based on pre-formation conditional
UMO loadings,βpre

u , from July 1973 through December 2008. The sorting variableβ
pre
u , for each stock, is the

coefficientβu in the following regression, which requires at least 100 daily stock returns from montht − 12
throught − 1:

R − r f = α + βmM K T + βsSM B+ βh H M L + βuU M O + ε.

At the end of montht − 1, stocks are sorted based onβ
pre
u into deciles and the equal-weighted decile returns of

montht are reported. The portfolio H−L is long on the highestβpre
u decile and short on the lowestβ

pre
u decile.

The variableαCAPM is the intercept from the regression of the full sample monthly H−L returns onMKT. The
variableαFF3 is the intercept from a similar regression with controls for the Fama-French three factors. The
reported pre-formationUMO loading (βpre

u ) is averaged across stocks included in each decile and then averaged

across months. The post-formationUMO loadingβ
post
u is estimated using the full-sample monthly decile returns

from the above regression. Columns 2–4 use all firms, and the last three columns exclude firms inUMO of the
current year. Robust Newey-West (1987)t-statistics are reported in parentheses.

4.2.2 Conditional UMO loadings estimated from characteristics portfo-
lios. The first approach to estimatingUMO loadings has the advantage of
providing firm-level loadings. This method, however, is known to generate rel-
atively imprecise loadings since firm-level loadings tend to be more subject to
regression to the mean.

To obtain more preciseUMO loadings, we now employ a modified version
of the estimation procedure byFama and French(1992), known as the port-
folio shrinkage method. However, instead of estimating unconditionalUMO
loadings using past three- to five-year firm-level returns as inFama and French
(1992), we estimate conditional securityUMO loadings from annually
balanced portfolios sorted by mispricing proxies. Again, this is because
mispricing tends to be temporary and reverses out during a period of three
to five years.

In this procedure, at the end of each month from June of yeart through
May of year t + 1, we first sort all stocks into 100 portfolios according to
two characteristics that proxy for misvaluation, such as firm size (ME) during
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the most recent June and the external financing variable (EXFIN) calculated at
the fiscal year ending as of December of yeart − 1. By sorting stocks based
on mispricing proxies, we create dispersion in the sensitivities toUMO. We
then estimate theUMO loadings for each of the 100 equal-weighted portfolios
using at least 36-month returns, from July 1972 through montht −1, in a time-
series regression that controls for the four factors.18 Each individual stock then
assumes the loading of the portfolio it belongs to in montht − 1.19

We denote the conditionalUMO loadings asβUMO and use these loadings to
forecast stock returns in montht with controls for a set of standard predictors,
which include logarithmic firm size, LOG(ME), logarithmic book-to-market,
LOG(BM), past one-month return,r(t−1), past returns from montht − 12 to
t − 2, r(t−12,t−2), past returns from montht − 36 to t − 13, r(t−36,t−13), in-
dustry dummies based on the Fama-French 49 industry classifications, and the
three-factor loadings.20 The past return measures are expressed on a monthly
basis.UMO loadings are normalized and standardized to have zero mean and
unit variance. The estimated coefficients are averaged across time and reported
in Table 6. Prediction 3 implies a positive average coefficient on theUMO
loading, indicating that a higherUMO loading tends to increase a stock’s re-
turn holding constant the controls.

Consistent with Prediction 3, Specifications (1) and (2) in Panel A of
Table6 show that the average coefficients ofβUMO are all positive and sta-
tistically significant, before and after adding the standard controls. Before con-
trolling for the standard return predictors, the coefficient ofβUMO is 0.48
(t = 6.87); after, the coefficient ofβUMO is 0.36 (t = 8.71). This implies that
a move from the lowest (meanβUMO of −1.78) to the highest (meanβUMO

of 1.78) decile incrementally increases annual abnormal return by 15.42%
(= (1.78 − (−1.78)) × 0.36%× 12). After excluding as observations those
stocks used to formUMO of the current year, in Panel B the coefficient with
controls implies a marginal effect moving from the lowest to the highestβUMO

decile of 14.21% per annum. Overall, this evidence shows that stocks that load
heavily onUMO on average earn higher returns, even after controlling for stan-
dard return predictors, and even when we eliminate firms that have recently
engaged in new issues or repurchases.

Next, we run a horse race betweenUMO loadings and a set of other re-
turn predictors documented in recent literature, including external financing
(EXFIN) as in Bradshaw, Richardson, and Sloan(2006), net composite

18 Using a rolling window over the past 60 months to estimateUMO loadings produces qualitatively similar results.

19 The results are similar if combinations of size, book-to-market, external financing (EXFIN), or net equity is-
suance (IR) are used to sort the characteristic portfolios. We expect to obtain appropriate estimates ofUMO
loadings as long as the characteristic variables are sufficiently good proxies for stock mispricing to create sub-
stantial dispersion inUMO loadings.

20 The predictors are designed to capture the size effect, the book-to-market effect, the short-term return contrarian
effect, the momentum effect, the long-term reversal effect, the industry effects, and systematic risks.
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Table 6
Fama-MacBeth regressions at the firm level

Panel A: All sample firms

(1) (2) (3) (4) (5) (6) (7) (8) (9)

βUMO 0.48 0.36 0.26 0.25 0.32 0.34 0.33 0.36 0.33
(6.87) (8.71) (5.50) (5.92) (7.56) (8.16) (7.85) (8.50) (7.87)

EXFIN −0.21
(4.22)

IR −0.21
(−4.93)

AG −0.21
(−6.50)

IVA −0.10
(−0.42)

NOA −0.31
(−2.56)

ACCRUALS −0.12
(−2.12)

CI −0.06
(−1.16)

ALL CONTROLS No Yes Yes Yes Yes Yes Yes Yes Yes
Avg. R2 0.6% 9.0% 9.1% 11.2% 9.4% 9.1% 9.2% 9.6% 9.7%
Avg. # of Obs 3683 3442 3442 2264 3199 3251 3113 2767 2811

Panel B: Excluding Firms inUMO

(1) (2) (3) (4) (5) (6) (7) (8) (9)

βUMO 0.44 0.33 0.23 0.22 0.29 0.31 0.29 0.32 0.31
(6.21) (7.30) (4.39) (4.61) (6.29) (6.67) (6.32) (6.64) (6.45)

EXFIN −0.21
(−3.86)

IR −0.21
(−4.56)

AG −0.22
(−5.10)

(continued)
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Table 6
Continued

IVA −0.24
(−5.23)

NOA −0.30
(−4.86)

ACCRUALS −0.09
(−1.86)

CI −0.02
(−0.50)

ALL CONTROLS No Yes Yes Yes Yes Yes Yes Yes Yes
Avg. R2 0.6% 11.9% 12.1% 15.8% 12.6% 12.1% 11.9% 13.2% 13.4%
Avg. # of Obs 1845 1742 1742 1115 1603 1590 1573 1299 1358

This table reports the firm-level Fama-MacBeth regression results from July 1975 to December 2008. The dependent variable is monthly percentage returns of individual stocks. Three
sorting procedures that involve only prior information are used to estimate firm-level conditionalUMO loadings (βUMO). TheβUMO coefficient is estimated by first sorting stocks into
deciles based on market equity (ME), and then, within eachME decile, further subdividing stocks into deciles based on the external financing variable (EXFIN). The 100 portfolios’ equal-
weighted monthly returns are computed, and the loadings of each portfolio onUMO are estimated in a time-series regression of at least 36 month returns from July 1972 through montht −1
onUMO together withMKT, SMB, andHML. Finally, the portfolio-levelUMO loadings are assigned to individual stocks that are included in the portfolios at montht − 1 to forecast stock
returns at montht . The variableEXFIN is the net external financing, defined as the sum of net equity financing and net long-term debt financing, scaled by total assets. The variableIR is
the net composite issuance variable. The variableAG is defined as the percentage annual change in total assets. The variableIVA is the investment over assets ratio. The variableNOA is the
net operating assets. The variableACCRUALSis the operating accrual. The variableCI is the abnormal capital investment. Details of the calculation of these variables are presented in the
Appendix. All of the above variables are measured at the end of each June using total assets with the fiscal year ending as of December of the previous year. All of the above characteristic
variables and the threeUMO loadings are normalized to have zero mean and a standard deviation of one at a monthly basis.ALL CONTROLSinclude two firm characteristics, three stock
return variables, industry dummies (INDDUMs), and three-factor loadings. The two firm characteristics include LOG(BM), the logarithm of book-to-market equity in which book equity
is measured as of December of yeart − 1 and the market cap is measured at the end of December of yeart − 1, and LOG(ME), the logarithm of market cap at the end of June each year.
LOG(BM) and LOG(ME) are used from July of yeart to June of yeart + 1 and updated annually. The three return variables includer(t−1), r(t−12,t−2), andr(t−36,t−13), respectively
referring to the past returns during montht − 1, from montht − 12 throught − 2, and from montht − 36 throught − 13. They are designed to capture the short-run, intermediate, and
long-run return autocorrelations. These returns are expressed at a monthly basis.INDDUMs refer to a collection of industry dummies based on the Fama-French 49 industry classifications.
The three-factor loadings includeβMKT , βSMB, andβHML , which are estimated by regressing at least 15 daily stock returns on the three factors in montht . Intercepts are included in all
regressions, but the coefficients are unreported. Panel A includes all firms, and Panel B excludes firms inUMO of the current year. Robust Newey-West (1987)t-statistics are reported in
parentheses.

3424

D
ow

nloaded from
 https://academ

ic.oup.com
/rfs/article-abstract/23/9/3401/1672637 by U

niversity of C
alifornia, Irvine user on 03 July 2020



A Financing-Based Misvaluation Factor and the Cross-Section of Expected Returns

issuance (IR) as inDaniel and Titman(2006), the asset growth variable (AG)
as inCooper, Gulen, and Schill(2008), the investment-asset ratio (IVA) as in
Lyandres, Sun, and Zhang (2008), net operating assets (NOA) as in
Hirshleifer, Hou, Teoh, and Zhang(2004), operating accruals (ACCRUALS)
as in Teoh, Welch, and Wong(1998a, 1998b), and the abnormal capital in-
vestment (CI) of Titman, Wei, and Xie(2004). One purpose is to see whether
UMO loadings have an ability to predict the cross-section of returns incremen-
tal to known predictors. Furthermore, some or all of these characteristics have
been interpreted as proxies for firm-level mispricing. On theoretical grounds,
in a behavioral setting we expectUMO loadings, as proxies for systematic
underpricing, can have incremental return predictability beyond that of firm
characteristics.21

In Table6, from regressions (3)–(9), we run the Fama-MacBeth regressions
on UMO loadings, the set of standard controls, and each of the seven new
return predictors. As with theUMO loadings, these new predictors are normal-
ized and standardized to have zero mean and unit variance for each month. The
results confirm the ability ofUMO loadings to positively forecast returns after
controlling for these additional predictors. The coefficients on the normalized
UMO loadings range from 0.25 to 0.36, indicating a marginal effect on returns
of 10.76% to 15.44%. The coefficients on the seven other predictors (from
−0.06 to−0.31) all imply a smaller marginal effect. For example, the net is-
suance variableIRhas the largest marginal effect among these predictors. Mov-
ing from the highest to the lowestIR decile, the coefficient−0.21 implies an
increase in decile returns by 8.67%, which is considerably smaller than that of
UMO loadings.22 In unreported analyses, we also find that when we run a horse
race betweenUMO loadings and the seven other predictors (together with the
set of standard controls),UMO loadings remain positive and significant.

In Panel B, we run Fama-MacBeth regressions excluding as observations
those stocks used to formUMO of the current year. Again, we find thatUMO
loadings have significant power to forecast the cross-section of stock returns
incremental to known return predictors. The finding that bothUMO loadings
and firm characteristics contain distinct incremental power to forecast returns
is consistent with the hypothesis thatUMO loadings contain information about

21 Daniel, Hirshleifer, and Subrahmanyam(2005) describe a behavioral model with no risk premia, wherein both
factor and firm-specific cash flow components can be mispriced. If so, characteristics are proxies for both
factor mispricing and the mispricing of firm-specific (idiosyncratic) cash flow components; loadings on a price-
characteristic-based factor portfolio (such asHML) are proxies for factor mispricing. In a cross-sectional regres-
sion of returns on both characteristics and covariances, the coefficient on the characteristic implicitly forces the
coefficients on the factor mispricing and the idiosyncratic mispricing to be the same. When factor mispricing
is stronger than firm-specific mispricing, loadings pick up the difference and therefore are positive incremental
return predictors.Daniel, Hirshleifer, and Subrahmanyam(2005) consider characteristics and characteristics-
based factors formed on the basis of market price rather than on the basis of managerial actions such as issuance
and repurchase, but a similar intuition applies.

22 In Panel A, the variablesIVA andCI are statistically significant as return predictors whenUMO loadings are
excluded, but not whenUMO loadings are included. So,UMO loadings subsume the predictive power of these
variables.
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firms’ systematic mispricing and that the characteristics contain information
about firm-specific mispricing, as compared with the rational factor pricing
prediction that only covariances matter.

An alternative explanation for the finding thatUMO loadings strongly pre-
dict returns but that the characteristics also incrementally predict returns is that
markets are efficient, the loadings on an underlying new issue/repurchase fac-
tor are priced, butUMO is a poor proxy for that factor. However, if so, then
the unobserved risk factor must have a large risk premium to explain both the
high Sharpe ratio ofUMO and the incremental ability of the characteristic to
predict returns. As discussed earlier, the Sharpe ratio ofUMO is about 2 1/2
times as large as that of the market portfolio, and is considerably higher than
that ofHML.

The high Sharpe ratio of the market (the equity premium puzzle) is already
viewed as a challenge to rational asset pricing; Mackinlay (1995) describes the
Sharpe ratio achievable with the Fama-French factors as a further challenge.
UMO sharpens the challenge in two ways. First, its Sharpe ratio exceeds those
of the Fama-French and momentum factors. Second, the incremental power
of the characteristics to predict returns implies that an even higher Sharpe ra-
tio than that ofUMO can potentially be achieved by combiningUMO with
financing variable-based portfolios.

A different possibility is thatUMO is the correct risk factor, but that load-
ings are estimated with noise, causing them to predict returns imperfectly. Such
noise can derive from limited sample size or from time variation in loadings. If
so, characteristics may incrementally predict returns because they are proxies
for trueUMO loadings. However, the same objection applies to this explana-
tion: that the Sharpe ratios that are in principle achievable usingUMO and the
characteristics are surprisingly high.

Section 2 and Table 3 of the online Technical Appendix provide evidence
suggesting that stocks with extremeUMO loadings tend to be hard to value or
to arbitrage. This may help explain why the mispricing associated with extreme
UMO loadings can persist.

5. Are UMO Loadings Stable?

Finally, we examine whetherUMO loadings are fairly stable over periods of
three to five years. The presumption for a pure mispricing factor is that the
loadings are unstable over the typical frequency at which mispricing appears
and corrects, i.e., as a stock shifts between being over- versus underpriced. In
contrast, for a rational priced factor there is no presumption that loadings will
be unstable. A common presumption for tests of rational asset pricing has been
that loadings are stable for periods of three to five years.

To estimate the systematic risk of stocks, it is a common practice to esti-
mate loadings on a fundamental risk factor (such as the market) by sorting
stocks based on pre-ranking loadings that are estimated from the previous
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three to five years (Fama and MacBeth 1973;Ferson and Harvey 1991; Fama
and French 1992). The presumption underlying this practice is that firm funda-
mentals evolve gradually, so that a firm’s sensitivity to cash flow factors usually
does not change dramatically during a relatively short period of time.

Under the hypothesis that securities have fairly stable loadings on funda-
mental economic risks, pre-ranking loadings should be highly positively cor-
related with post-ranking loadings. Thus, sorting firms by pre-ranking loadings
should create a large dispersion in post-ranking loadings. In contrast, ifUMO
loadings reflect mispricing, they are likely to be unstable over periods as long
as five years. Therefore pre-ranking loadings should be very poor proxies for
misvaluation, and should have little power to predict post-ranking loadings.
Additionally, sorting firms based on pre-ranking loadings should create little
dispersion in post-ranking loadings.

Following Fama and French(1992), we estimateUMO pre-ranking load-
ings (bUMO

pre ) by regressing individual stock monthly returns from the previous
36 to 60 months onUMO together with the Fama-French three factors, and
sort stocks into 100 portfolios based on theirbUMO

pre . Using the full-sample
equal-weighted returns of the 100 portfolios, we estimate the post-ranking
UMO loadings (bUMO

post ) in a multi-factor regression for each portfolio. We

report the averagebUMO
pre and the estimatedbUMO

post for the 100 portfolios in
Table7.

Our preliminary analyses show that the average loadings on MKT and SMB
are positive while those onHML andUMO are close to zero. To facilitate the
comparison across different factors, we subtract the means from the pre- and
post-ranking loadings. For pre-ranking loadings, the monthly mean loadings
are used. Since the loadings are demeaned, we expect a reasonable number
of portfolios with moderate loadings to flip signs simply due to the changes
in the means (or simply random errors in estimation). Thus, we focus on the
20 extreme-loadings portfolios, which include the top and the bottom 10. If
firms have reasonably persistent sensitivity toUMO as a stable risk factor, we
expectUMO loadings to retain their signs and pre-ranking beta ranks during
the post-formation period. In contrast, ifUMO is a mispricing factor, even the
extreme loadings can change rapidly and can often flip signs.

Panel A of Table7 reports the average demeaned pre-ranking loadings of
the 100UMO loading portfolios. Panel B reports the demeaned post-ranking
portfolio loadings. We focus on the 20 extreme loading portfolios (either pos-
itive or negative) for the reasons stated above. Contrary to the hypothesis that
factor loadings are persistent for long periods, 10 out of the 20 extreme port-
folios switch the signs of theirbUMO

pre
′s in the subsequent one year, shown in

Panel B and summarized in Panel C. Instability of loadings is not driven solely
by new issues or repurchase stocks; after excluding the firms inUMO, we still
observe 10 out of the 20 extreme portfolios switching signs from pre-ranking
to post-ranking periods.
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Table 7
Comparison of demeaned pre- and post-rankingUMO loadings

Panel A: Average demeaned pre-ranking loadingsbUMO
pre

Pre-Ranking 0 1 2 3 4 5 6 7 8 9

0+ −6.12 −3.80 −3.14 −2.74 −2.45 −2.23 −2.04 −1.89 −1.75 −1.64
10+ −1.53 −1.44 −1.35 −1.28 −1.20 −1.14 −1.08 −1.02 −0.97 −0.92
20+ −0.87 −0.83 −0.79 −0.75 −0.71 −0.67 −0.64 −0.60 −0.57 −0.54
30+ −0.50 −0.47 −0.44 −0.41 −0.39 −0.36 −0.33 −0.30 −0.28 −0.25
40+ −0.23 −0.20 −0.18 −0.15 −0.13 −0.10 −0.08 −0.05 −0.03 0.00
50+ 0.02 0.04 0.07 0.09 0.12 0.14 0.16 0.19 0.21 0.24
60+ 0.26 0.29 0.32 0.34 0.37 0.40 0.43 0.46 0.49 0.52
70+ 0.55 0.58 0.61 0.64 0.68 0.72 0.76 0.80 0.84 0.88
80+ 0.93 0.98 1.03 1.08 1.14 1.20 1.27 1.34 1.42 1.52
90+ 1.62 1.73 1.86 2.01 2.18 2.40 2.70 3.11 3.78 6.08

Panel B: Demeaned post-ranking loadingsbUMO
post

Pre-Ranking 0 1 2 3 4 5 6 7 8 9
0+ −0.57∗ −0.22∗ −0.09 0.03 −0.05 −0.18∗ −0.15∗ −0.07 −0.03 −0.18∗

10+ −0.10∗ −0.12∗ −0.06 −0.04 −0.08∗ −0.07 0.04 −0.03 −0.12∗ −0.07
20+ 0.00 −0.12∗ −0.06 −0.11∗ −0.03 −0.10∗ 0.07 −0.06∗ −0.01 0.04
30+ 0.02 −0.00 −0.14∗ 0.06 0.06 −0.06∗ 0.11 −0.06∗ 0.06 0.11
40+ 0.05 0.00 0.19∗ −0.19∗ −0.02 0.07 0.10 0.19∗ 0.01 0.09
50+ 0.16 0.23∗ 0.14 0.05 −0.05 0.12 0.06 0.07 0.07 0.07
60+ 0.16 0.07 0.13 0.16 0.14 0.10 0.14 0.19∗ 0.01 0.19∗

70+ 0.10 0.01 0.08 0.06 0.14 0.09 0.18 0.08 0.14 0.05
80+ 0.00 0.11 −0.05 −0.01 0.11 0.00 0.08 −0.11∗ 0.12 −0.01
90+ −0.09 −0.09 −0.00 −0.09 0.01 −0.14 −0.16∗ −0.44∗ −0.21∗ −0.27∗

(continued)
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Table 7
Continued

Panel C: Comparison of pre- and post-ranking loadings

UMO UMO MKT SMB HML
All Excl. All All All

U & O
Out of 20 extreme portfolios with demeaned loadings that flip signs 10 10 0 1 0
Post-ranking loadings indistinguishable from zero 73 73 0 0 7
Correlation of pre- and post-ranking demeaned loadings (0.20) (0.18) (0.89) (0.89) (0.88)

This table reports the average demeaned pre-and post-rankingUMO loadings for the 100 pre-ranking loading-sorted portfolios. At the end of June of each year, individual stocks’ excess
percentage returns over the previous 60 months (each stock is required to have at least 36 out of 60 monthly returns) are regressed onMKT, SMB, HML, andUMO to obtain the pre-ranking
UMO loadings (bUMO

pre ). The estimated (bUMO
pre ) are used to sort all stocks into 100 portfolios. The 100 portfolios are held from July of yeart through June of yeart + 1. The equal-weight

monthly percentage returns are computed. Finally, for each of the 100 portfolios, the full-sample post-rankingUMO loadings (bUMO
post ) are estimated using a multifactor time-series regression

that includesMKT, SMB, HML, andUMO. The demeanedbUMO
pre is the deviation of individual stocks’ pre-ranking loadings from the mean loading of all available stocks in a given month.

The demeanedbUMO
post is the deviation of portfolios’ post-ranking loadings from their mean. The average demeanedbUMO

pre andbUMO
post are reported for the 100 portfolios in Panels A and

B. The same procedure is used to estimate the demeaned market beta,SMB loadings, andHML loadings from the Fama-French 3-factor model.UMO (All) refers to the results using
all available firms, whileUMO (Excl. U & O) refers to the results that exclude firms inUMO. Post-ranking loadings that are significant at the 5% level are labeled with *. The Pearson
correlations between the average demeaned portfolio pre- and the demeaned post-ranking loadings are reported in parentheses.
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These numbers are substantially greater than those associated withMKT,
SMB, andHML when we use the same method to estimate market beta and
loadings onSMBandHML. As reported in Panel C, there are noMKT and
HML loading portfolios and only oneSMB loading portfolio among the ex-
treme 20 that have opposite comovement with their corresponding factor be-
fore and after the portfolio formation. The inferences remain similar if we use
raw, rather than demeaned, loadings.

Overall, a strong majority, 73 out of 100UMO loading portfolios, have es-
sentially zero post-ranking loadings, suggesting that sorting stocks based on
bUMO

pre
′s creates little dispersion inbUMO

post
′s. (Results are similar if we exclude

firms inUMO from our analyses of loadings.) In contrast, by applying the same
method toMKT, SMB, andHML, we find thatnoneof the market beta andSMB
loading portfolios, and only sevenHML loading portfolios, carry post-ranking
loadings that are insignificantly different from zero.23 These patterns are also
evidenced in Figure5, which plots the pre- and post-ranking loadings associ-
ated withUMO and the three factors.

The time-series average of the cross-sectional correlations between pre- and
post-ranking loadings again indicates thatUMO loadings are much less persis-
tent than those onMKT, SMB, andHML. This correlation is between 0.88 to
0.89 for the three factors but merely 0.20 forUMO for general firms and 0.18
after excluding firms inUMO.24 The substantially lower correlation in pre- and
post-rankingUMO loadings is consistent with our findings thatUMO loadings
tend to flip signs and are unstable over periods of several years.

Taken together, this evidence suggests thatUMO loadings shift too rapidly
to be captured by long-window estimates. If firms’ fundamental exposure to
systematic risk tends to be fairly persistent and to evolve gradually, we would
expect a better measure of mispricing to be less persistent. The sensitivities
of stock returns toUMO are indeed much less persistent than the loadings on
proposed fundamental risk factors reported in previous literature.

6. Conclusion

Behavioral approaches to asset pricing imply that there is common misvalu-
ation across firms, and that there is systematic comovement associated with
firms that are similarly misvalued. This study documents that, over the period
1972–2008, returns on issuing and repurchasing firms can be used to iden-
tify commonality in returns, and provides evidence suggesting that this return
commonality derives from commonality in misvaluation.

23 It is possible that more pre-rankingUMO loadings are closer to zero than are the pre-rankingMKT, SMB, or
HML loadings. If so, this would only reinforce the point that loadings onUMO are not stable over periods as
long as five years.

24 The greater the extent to which loadings capture persistent fundamental risks rather than mispriced factors, the
more stable we expect these loadings to be. So, the relative instability ofUMO loadings suggests thatUMO is a
purer proxy for misvaluation than the Fama-French factors.
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Pre- and post-ranking demeaned loadings ofUMO and of the Fama-French three factors
This figure plots the average pre-ranking loadings and the post-ranking loadings of the 100 portfolios sorted based on pre-ranking loadings with respect to the misvaluation factor (UMO),
and the Fama-French three factors (MKT, SMB, andHML). UMO is defined in Table2. The pre-rankingUMO loadings of individual stocks are estimated by regressing up to 60 available
(and at least 36, if 60 are not available) most recent monthly percentage returns as of June of each year onUMO together with the three factors. Then stocks are sorted into 100 portfolios
based on the pre-rankingUMO loadings, and the equal-weighted percentage returns from July of yeart through June of yeart + 1 are calculated. The post-rankingUMO loadings are
estimated from regressing the full-sample monthly returns of each of the 100 portfolios onUMO together with the three factors. The pre-ranking and post-ranking loadings onMKT,
SMB, andHML are estimated using the same method except that stock returns are regressed only on the three factors. To facilitate the comparison across different factors, we subtract the
means from the pre- and post-ranking loadings. For pre-ranking loadings, the monthly mean loadings are used. The average pre-ranking loadings are plotted in the dotted line, while the
post-ranking loadings are plotted in the solid line.
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Existing research has proposed that firms undertake equity issues in re-
sponse to overpricing and repurchases in response to underpricing. These fi-
nancing events seem to reflect the stock mispricing perceived by managers
that is not fully captured by firm characteristics such as book-to-market equity.
Building upon this literature, our evidence indicates that there is comovement
in returns associated with financing events, and that firms that engage in sim-
ilar events subsequently move together more. However, this comovement is
not unique to firms that are involved with these transactions—it is shared by
general firms that load upon our misvaluation factor.

Probably the most surprising results here are the exceptionally high Sharpe
ratio of UMO and the strong ability ofUMO loadings to predict the cross-
section of stock returns. WhenUMO competes with the Fama-French three
factors, the momentum factor, and the leverage factor, the ex post tangency
portfolio places a much higher weight onUMO than on the other factors. When
we regressUMO on the set of benchmark factors,UMO produces consistently
positive alphas and large residual variance. This evidence confirms that, despite
some critiques of the new issue and repurchase puzzles in the literature (e.g.,
Brav, Geczy, and Gompers 2000; Butler, Grullon, and Weston 2005), new issue
and repurchase events do indeed contain important information for predicting
returns. Moreover, theUMO loading is a strong predictor of the cross-sectional
stock returns, with a marginal effect that is considerably greater than those of
the other firm characteristics that we consider. The strong and distinct ability
of UMO loadings to forecast the cross-section of portfolio and stock returns
suggests that firms’ external financing activities convey information about the
systematic component of stock misvaluation.

Although it is hard to rule out frictionless rational factor pricing explanations
for return predictability conclusively, taken together, we view this evidence
as more supportive of commonality in misvaluation that can be identified by
means of financing events. However, we do not try to test explanations (not
necessarily mutually exclusive) based upon market frictions such as illiquid-
ity that may make it harder to realize the high Sharpe ratios associated with
financing-based portfolios.

Supplementary Data

Supplementary data are available online athttp://rfs.oxfordjournals.org.

Appendix
Book-to-market equity (BM): Following Polk and Sapienza(2009), we defineBE as stockhold-
ers’ equity, plus balance sheet deferred taxes (TXDB) and investment tax credit (ITCB, set to zero
if unavailable), plus postretirement benefit liabilities (PRBA), minus the book value of preference
stocks. Depending on availability, in order of preference, we use redemption (PSTKRV), liquida-
tion (PSTKL), or carrying value (PSTK). Stockholders’ equity is measured as the book value of
common equity (SEQ), plus the book value of preferred stock. If common equity is not available,
we use the book value of assets (AT) minus total liabilities (LT). To computeBM, we matchBE
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for all fiscal year-ends in calendar yeart − 1 with the firm’s market equity at the end of December
of yeart − 1.

Investment/asset ratio (IVA ): Following Lyandres, Sun, and Zhang(2008), we measure
investment-to-assets as the annual change in gross property, plant, and equipment (PPEGT) plus
the annual change in inventories (INVT) divided by the lagged book value of assets (AT). We per-
form a triple sort on size, book-to-market, and investment-to-assets based on the breakpoint of
the top 30% and the bottom 30% into 27 portfolios. We define the investment factor (INV) as the
average value-weighted returns of the nine low investment-to-assets portfolios minus the average
returns of the nine high investment-to-assets portfolios.

Leverage (LEV ): Following Ferguson and Shockley(2003), we measure leverage (BD/ME) as
the book value of total liabilities (LT) over the market value of equity. We matchLT for all fiscal
year-ends in calendar yeart − 1 with the firm’s market equity at the end of December of year
t −1. We perform a triple sort on size, book-to-market, andBD/MEbased on the breakpoint of the
top 30% and the bottom 30% to form 27 portfolios. We define the leverage factor as the average
value-weighted returns of the nine high-leverage portfolios minus the average returns of the nine
low-leverage portfolios.

External financing (EXFIN ): Following Bradshaw, Richardson, and Sloan(2006), external fi-
nancing (EXFIN) is defined as the net amount of cash flow received from external financing ac-
tivities, including net equity and debt financing, scaled by total assets (AT). Net equity financing
is defined as the sale of common and preferred stock (SSTK) minus the purchase of common and
preferred stock (PRSTKC) minus cash dividends paid (DV). Net debt financing is defined as the
issuance of long-term debt (DLTIS) minus the reduction in long-term debt (DLTR). Unlike Brad-
shaw, Richardson, and Sloan(2006), we do not include change in current debt in calculating net
debt financing to avoid including natural retirement of short-term debt (which is not a market
timing choice) as opposed to debt repurchases.

The net composite issuance variable (IR): FollowingDaniel and Titman(2006), IR is defined as

I Rt−1 = log

(
M Et−1

M Et−60

)
− r (t − 60, t − 1),

whereME is the market equity with the subscripts referring to the month andr (t −60, t −1) is the
stock return in the previous 60 months from montht−60 throught−1, adjusted for stock splits and
stock dividends.IR captures the part of the growth of the market value that is not attributed to stock
returns, which is due instead to new issue, repurchase, and other activities that affect market value.

Net operating assets (NOA): Following Hirshleifer, Hou, Teoh, and Zhang(2004), net operating
assets are defined as the difference of operating assets minus operating liabilities over total assets.
Operating assets are total assets (AT) minus cash and short-term investment (CHE). Operating
liabilities are total assets (AT) minus the sum of short-term debt (DLC), long-term debt (DLTT),
minority interest (MIB), preferred stock (PSTK), and common equity (CEQ), deflated by the lagged
total assets (AT).

Operating accruals (ACC): Following Hirshleifer, Hou, Teoh, and Zhang(2004), operating ac-
cruals are defined as changes in current assets (ACT) minus changes in cash (CH), changes in
current liabilities (LCT) plus the sum of changes in short-term debt (DLC) and changes in taxes
payable (TXP), and minus depreciation and amortization expense (DP), deflated by the lagged
total assets (AT).

Abnormal capital investment (CI): FollowingTitman, Wei, and Xie(2004), the abnormal capital
investment (CI) is defined as a firm’s capital expenditures (CAPX) scaled by the moving-average
of its capital expenditures over the previous three years.
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