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Why Do Enterprise Multiples 
Predict Expected Stock Returns?
Steven S. Crawford, Wesley R. Gray, and Jack Vogel

ABSTRACT: The enterprise multiple (EM) 
effect has been documented across global stock mar-
kets. EM is a robust predictor of expected average 
returns and generates a stronger value effect than 
traditional value metrics. We find evidence that the 
EM effect is primarily attributable to mispricing 
and cannot be explained by higher systematic risk. 
We document that earnings announcement returns, 
forecast errors, and forecast revisions all support the 
notion that the EM effect is driven by mispricing 
associated with predictable investor expectation 
errors. Finally, we show that the EM effect is 
stronger during times of strong market sentiment, 
which also supports the mispricing-based hypothesis.

TOPICS: Factor-based models, equity port-
folio management, portfolio construction, 
portfolio theory*

Loughran and Wellman (2011) doc-
umented the enterprise multiple 
(EM) effect, where the EM is cal-
culated as enterprise value (EV = 

Equity + Debt + Preferred stock—Cash) 
divided by earnings before interest, taxes, 
depreciation, and amortization (EBITDA; 
operating income before depreciation 
and amortization1). The EM effect can be 
described as the ability of EM to predict the 
cross section of expected returns better than 
alternative valuation metrics (e.g., book-to-
market [B/M]) traditionally used in the liter-
ature. Walkshäusl and Lobe (2015) extended 
the analysis of Loughran and Wellman (2011) 
to international markets and found that the 
EM effect is even stronger outside of the  
United States.

We contribute to the literature by 
investigating why EM is such a powerful pre-
dictor of expected average returns relative 
to traditional value measures such as B/M. 

1 We conduct all the analysis with operating 
income after depreciation and amortization (or 
EBIT) and f ind quantitatively similar results. Gray 
and Carlisle (2012) and Gray and Vogel (2012) also 
documented an EM effect.

•	 We revisit the enterprise multiple (EM) effect and document that the EM effect is 
primarily attributable to mispricing and cannot be explained by higher systematic risk.

•	 We document that the EM effect is stronger during times of strong market sentiment, 
which is further evidence that the effect is driven by mispricing.

•	 Over 80% of the alpha associated with the best EM portfolio is generated by the short leg. 
If managing short positions is costly, these results suggest that the mispricing associated 
with the high-mispricing EM portfolio is difficult to exploit profitably.

KEY FINDINGS
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A key question in asset pricing is whether high average 
expected returns associated with value stocks and low 
average expected returns earned by glamour stocks are 
compensation for risk or a result of systematic mis-
pricing. The debate is mixed over the source of value 
stock returns, with some researchers suggesting that 
the excess returns are due to risk (e.g., the risk-based 
hypothesis presented by Fama and French 1993) and 
other authors claiming that the average returns are due 
to mispricing (e.g., the mispricing-based hypothesis pre-
sented by Lakonishok, Shleifer, and Vishny 1994). The 
more powerful EM value effect serves only to reinvigo-
rate the debate and provides a new opportunity to better 
understand the value anomaly.

To better understand the EM effect, we use the 
empirical framework presented by Piotroski and So 
(2012) to differentiate between the risk-based and the 
mispricing-based hypotheses. The authors create two 
test portfolios: (1) long value firms and short glamour 
firms with high investor expectation errors and (2) long 
value firms and short glamour firms with low investor 
expectation errors. The core empirical tests examine 
the spread between the two portfolios. The risk-based 
hypothesis predicts no difference between the returns 
of these portfolios, and the mispricing-based hypothesis 
predicts a positive spread in returns.

In our analysis, we create test portfolios similar 
to those used by Piotroski and So (2012) by sorting 
stocks on EM and 11 proxies for the fundamental value 
of the stock. We find strong evidence in favor of the 
mispricing-based hypothesis and weak evidence that the 
EM effect is a proxy for higher discount rates, as alluded 
to by Loughran and Wellman (2011). Specifically, port-
folios with high investor expectation errors earn higher 
returns than portfolios with low investor expecta-
tion errors. We also examine earnings announcement 
returns, forecast errors, and forecast revisions for our test 
portfolios. The evidence from this analysis supports the 
notion that the EM effect is driven, at least in part, by 
mispricing associated with predictable investor expecta-
tion errors. Finally, we show that the EM effect is larger 
during times of strong market sentiment, which also 
supports the mispricing-based hypothesis.

We perform a battery of robustness tests on our 
core results. We break our sample into several time 
periods and find little difference across samples. We test 
for calendar effects by eliminating all January months 

and find little change to our results. Finally, we explore 
a variety of asset pricing models and find no evidence 
to suggest that our core results are driven by a particular 
test we use in our analysis.

If, however, the EM effect can be attributed to 
a mispricing phenomenon (at least in part), why have 
market participants not eliminated the opportunity? To 
address this question we examine the limits to arbi-
trage associated with exploiting the best EM portfolio 
strategy. We examine the long and short legs of the 
strategy and show that over 80% of the alpha associ-
ated with the best EM portfolio is generated by the 
short leg. To the extent that managing short positions is 
costly, these results suggest that the mispricing associ-
ated with the high-mispricing EM portfolio is difficult 
to profitably exploit. In addition, if costly market fric-
tions continue to exist and investor expectation errors 
persist, we can expect that the EM effect may continue 
in the future.

HYPOTHESIS DEVELOPMENT

A key debate in asset pricing is whether the higher 
average returns associated with value stocks (e.g., high 
B/M stocks) and the lower average returns earned by 
glamour stocks (e.g., low B/M) are compensation for risk 
or due to systematic mispricing. Fama and French (1993) 
argued that B/M is a proxy for unobserved risk factors. 
A related literature offers evidence to support this con-
jecture by showing that value (high B/M) and glamour 
(low B/M) firms covary differently with macroeco-
nomic risks in the economy (e.g., Campbell, Polk, and 
Vuolteenaho 2010; Santos and Veronesi 2010). However, 
Lakonishok, Shleifer, and Vishny (1994) set the stage for 
an alternative to the risk-based argument by presenting 
evidence that value stocks earn higher returns relative to 
glamour stocks because investors make systematic errors 
in their expectations about the future profitability of 
extreme B/M firms. In other words, B/M (or similar 
price-based ratios) identifies mispricing, not risk.

The debate over whether the value/glamour 
anomaly is due to systematic mispricing or compensation 
for risk continues in the literature. In an attempt to shed 
light on the issue, Piotroski and So (2012) tested the 
mispricing hypothesis versus the risk-based theory with 
the Piotroski (2000) F-score. The F-score consists of 
nine accounting signals related to a firm’s fundamentals, 
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which Piotroski and So (2012) used to proxy for a firm’s 
fundamental value.2 Specifically, the F-score is used to 
separate firms in glamour and value portfolios into firms 
with low and high fundamental value. The combina-
tion of the value/glamour sorts and fundamental value 
sorts allows them to proxy for expectation errors. For 
example, value firms with high F-scores are assumed to 
have high investor expectation errors: Value firms are 
expected to perform poorly, but firms with high F-scores 
have been shown empirically to have high future profit-
ability and earnings (high fundamental value). Similarly, 
glamour firms with low F-scores have high expecta-
tion errors because glamour firms are expected to per-
form well, but they have lower future profitability and 
earnings (low fundamental value). Alternatively, value 
(glamour) firms with low (high) F-scores are assumed to 
have low expectation errors because they are expected 
to perform poorly (well) and they have weak (strong) 
expected fundamentals.

The authors create a high-mispricing portfolio 
that goes long value firms with high expectation errors 
(high B/M, high F-score) and short glamour firms with 
high expectation errors (low B/M, low F-score). Their 
low-mispricing strategy goes long value firms with low 
expectation errors (high B/M, low F-score) and short 
glamour firms with low expectation errors (low B/M, 
high F-score). Piotroski and So (2012) considered the 
high-mispricing strategy to be a portfolio that captures 
the highest degree of mispricing and the low-mispricing 
strategy to be a portfolio that captures the least amount 
of mispricing. The mispricing hypothesis suggests that 
the high-mispricing portfolio will produce positive 
abnormal returns, and the low-mispricing portfolio 
will not.

We leverage the research design of Piostroski and 
So (2012) to ascertain whether mispricing or risk drives 
the EM effect. We create high-mispricing and low-
mispricing long–short EM-sorted portfolios and con-
duct performance analysis on the two strategies. Strong 
performance for the high-mispricing portfolio and weak 
performance for the low-mispricing portfolio suggests 
systematic mispricing that is unexplained by our tradi-
tional notions of risk. Because the F-score is described 
by Piotroski (2000) as somewhat “ad-hoc,” we use 

2 The F-score is built with nine 0/1 indicators that are 
summed to give each firm a score between 0 and 9. An F-score of 
0 is the worst, whereas an F-score of 9 is the best.

11 more conventionally accepted variables identified by 
Stambaugh, Yu, and Yuan (2012), in conjunction with 
the EM sorts, to measure ex ante fundamental value. 
These variables predict differences in the cross section of 
average expected returns that exist after accounting for 
risk adjustment models such as the three-factor model 
described by Fama and French (1993). We use these 11 
measures (and a combo measure) to proxy for the fun-
damental value of firms.3

DATA

To execute our empirical analyses, we use a large 
sample of f irms traded on the major stock exchanges 
(New York Stock Exchange [NYSE], American Stock 
Exchange [AMEX], and NASDAQ). To test whether the 
EM effect is due to mispricing or risk, we then obtain 
necessary accounting information from Compustat 
and market data (returns, market value of equity) from 
CRSP. Consistent with Loughran and Wellman (2011), 
we limit our sample to firms with ordinary common 
equity on CRSP and eliminate all real estate invest-
ment trusts, American depositary receipts, closed-end 
funds, and financial firms. We also exclude firms with 
negative book values, firms with negative EV, and firms 
with negative EBITDA values. We incorporate CRSP 
delisting return data using the technique developed by 
Beaver, McNichols, and Price (2007). To be included in 
the sample, all firms must have a nonzero market value 
of equity as of June 30 of year t.

Our main tests focus on examining returns in 
portfolios double sorted on the EM and several measures 
of fundamental value used by Stambaugh, Yu, and Yuan 
(2012). We measure the EM as EV divided by EBITDA. 
We follow Loughran and Wellman (2011) and calculate 
EV as the market value of equity calculated from CRSP 
plus total debt (Compustat data items DLC and DLTT 
[short- and long-term debt]) plus preferred stock value 
(item PSTKRV) minus cash and short-term investments 
(item CHE). We define EBITDA as operating income 
before depreciation (Compustat item OIBDP).

3 Stambaugh, Yu, and Yuan (2012) referred to their 12 vari-
ables as anomalies. In this article, we use these anomalies to proxy 
for the fundamental value of the firm given that these proxies pre-
dict future returns after accounting for traditional risk metrics. The 
variables overlap with many of the variables in the F-score. We also 
examine the F-score and find similar results.
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Stambaugh, Yu, and Yuan (2012) identif ied 11 
well-documented anomalies that serve as proxies for a 
firm’s fundamental value in our analysis and which we 
use to determine whether a specific EM portfolio has 
high or low expectation errors. We now brief ly describe 
the variables from their paper.

Financial distress (DISTRESS) is computed using 
the methodology of Campbell, Hilscher, and Szilagyi 
(2008), who found that firms with high failure prob-
ability have lower subsequent returns. Their method-
ology involves estimating a dynamic logit model with 
both accounting and equity market variables as explana-
tory variables. The variables included in their model are 
net income divided by the market value of assets, total 
liabilities divided by the market value of assets, excess 
stock return, the volatility of a firm’s stock returns, firm 
size measured relative to the market, share price, the 
market-to-book ratio, and cash and short-term assets 
divided by the market value of assets.

The O-Score (OSCORE) is a conditional logit 
model developed by Ohlson (1980) to calculate the 
probability of bankruptcy. The variables included in the 
model are the log of total assets, total liabilities divided 
by total assets, working capital divided by total assets, 
current liabilities divided by current assets, net income 
divided by total assets, funds provided by operations 
divided by total liabilities, and the change in net income. 
The model also included two indicator variables: (1) a 
variable set to one if total liabilities exceed total assets 
and zero otherwise; (2) a variable set to one if net income 
was negative for the last two years and zero otherwise.

We measure net stock issuance (NETISS) as the 
growth rate of the split-adjusted shares outstanding in 
the previous fiscal year. Ritter (1991) and Loughran and 
Ritter (1995) showed that, in post-issue years, equity 
issuers underperform matching nonissuers with similar 
characteristics. The evidence suggests that investors are 
unable to recognize that firms prefer to raise capital by 
issuing stock when equity prices are overvalued.

We follow Daniel and Titman (2006) and measure 
composite equity issuance (COMPISS) as the amount 
of equity a firm issues (or retires) in exchange for cash 
or services. In other words, this measure captures the 
change in a firm’s market value that is not attributable 
to stock returns. Daniel and Titman (2006) found that 
issuers underperform nonissuers because investors over-
look the signals from repurchases and issuance.

We measure total accruals (ACCRUALS) fol-
lowing Sloan (1996). Specifically, accruals are calculated 
as the change in current assets (less the change in cash) 
minus the change in current liabilities (less the change 
in short-term debt and the change in income taxes pay-
able) minus depreciation and amortization expense. 
Sloan (1996) found that firms with high accruals earn 
abnormal lower returns on average than firms with low 
accruals and reasoned that investors overestimate the 
persistence of the accrual component of earnings vis-à-
vis the cash component of earnings.

Net operating assets (NOA) is computed following 
the methodology of Hirshleifer et al. (2004) as oper-
ating assets minus operating liabilities scaled by total 
assets. Hirshleifer et al. (2004) found that NOA is a 
strong negative predictor of long-run stock returns. The 
reasoning behind the anomaly is similar to the accrual 
anomaly: Investors focus on accounting profitability 
while neglecting information about cash profitability.

The momentum effect was f irst discovered 
by Jegadeesh and Titman (1993). We calculate the 
momentum monthly return (MOM) by looking at 
the cumulative returns from month -12 to month -2, 
similar to Fama and French (2008).

The gross profitability premium (GP) was f irst 
documented by Novy-Marx (2013), who showed that 
sorting on gross profit-to-assets (sales [SALE] minus cost 
of goods sold [COGS], scaled by total assets [AT]) cre-
ates abnormal benchmark-adjusted returns, with more 
profitable firms having higher returns than less profit-
able ones. Novy-Marx (2013) argued that gross profits 
divided by AT is the cleanest accounting measure of true 
economic profitability and that investors overlook the 
investment value of the profitability of the firm.

We measure asset growth (AG) as the growth rate 
of the AT (item AT) in the previous fiscal year. Cooper, 
Gulen, and Schill (2008) found that firms with high AG 
earn lower subsequent returns relative to firms with low 
AG. The authors argued that this return pattern is driven 
by investors overestimating future growth and business 
prospects based on observing a firm’s AG.

We calculate return on assets (ROA) as income 
before extraordinary items (IB) divided by AT. In two 
related papers, Fama and French (2006) and Chen, Novy-
Marx, and Zhang (2010) documented that investors 
appear to underestimate the importance of ROA in 
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explaining future returns. Namely, f irms with high 
(low) prior ROA earn abnormally high (low) returns.

We measure investment-to-assets (INV) as the 
annual change in gross property, plant, and equipment 
(PPEGT) plus the annual change in inventories (INVT) 
scaled by the lagged book value of assets (AT). Titman, 
Wei, and Xie (2004) and Xing (2008) found that higher 
past investment predicts abnormally lower future 
returns. The authors posited that this anomaly stems 
from investors’ inability to identify manager empire-
building behavior via investment patterns.

We create a combination metric (COMBO) by 
calculating ranks for each of the 11 variables identified 
by Stambaugh, Yu, and Yuan (2012) and then averaging 
those ranks across all the variables.4 Exhibit 1 gives the 
summary statistics for each of the 11 fundamental value 
proxies described. These values are winsorized at the 1% 
and 99% level each year to eliminate outliers. Panel B 
(low EM value firms) and Panel C (high EM glamour 
f irms) highlight that the fundamental value proxies 
associated with glamour firms have a higher standard 
deviation than value firms, with the one exception being 
DISTRESS. The value and glamour firm means and 
medians are similar for DISTRESS, OSCORE, and 
ACCRUAL, whereas the other eight measures differ 
across value and glamour firms.

PERFORMANCE ANALYSIS

High-Mispricing and Low-Mispricing 
Portfolio Performance

For our main empirical analysis, we conduct a 
double sort of our sample firms into value and glamour 
quintiles based on the firms’ EMs and then sequentially 
sort these EM portfolios into quintiles based on each of 
the 12 fundamental value proxies (i.e., the 11 individual 
proxies and the combination proxy). Value (low EM) and 
glamour (high EM) firms are identified using the 20th 
and 80th NYSE EM cutoffs. Firms with high and low 
fundamental values are identified using the 20th and 80th 
percentile cutoffs of each of the 11 fundamental value 
proxies. We isolate a high-mispricing portfolio, which 
goes long value firms (low EM) with high expectation 
errors (cheap with high fundamental value) and goes 

4 To ensure that all variables are aligned (higher = better, 
lower = worse), we invert some measures.

short glamour firms (high EM) with high expectation 
errors (expensive with low fundamental value). We 
also create a low-mispricing portfolio, which goes long 
value firms (low EM) with low expectation errors (cheap 
with low fundamental value) and short glamour firms 
(high EM) with low expectation errors (expensive with 
high fundamental value). The sample uses information 
available in June of year t to forecast the returns from 
July of t to June of year t + 1. The exception is the 
momentum variable, which is measured each month 
to maintain continuity with prior research. We then 
calculate monthly value-weighted portfolio returns5 
and analyze the return series using the calendar-time 
portfolio regression approach because of the statistical 
problems inherent in long-run buy-and-hold abnormal 
returns, as discussed by Mitchell and Stafford (2000) 
and Fama (1998).

The capital asset pricing model (CAPM) alpha is a risk-
adjusted return equal to the intercept from a time-series 
regression of the long–short portfolios on the excess 
return on the value-weight market index. The three-factor 
alpha is a risk-adjusted return equal to the intercept from 
a time-series regression of the long–short portfolios on 
the excess return on the value-weight market index, 
the return on the size (SMB) factor, and the return on 
the value (HML) factor (see Fama and French 1993). The 
four-factor alpha is a risk-adjusted return equal to the inter-
cept from a time-series regression of long–short port-
folios on the excess return on the value-weight market 
index, the return on SMB, the return on HML, and the 
return on a prior-year return momentum (MOM) factor.

Exhibit 2 presents the estimated alphas from our 
calendar-time portfolio regressions. The estimates 
in Exhibit 2 represent the mean monthly abnormal 
return over the calendar-time horizon for the low-
mispricing (Panel A) and high-mispricing portfolios 
(Panel B) using the different proxies for a firm’s fun-
damental value. In the low-mispricing portfolios, the 
reported four-factor alpha estimates are not statistically 
different from zero. In contrast, the four-factor alpha 
estimates for the high-mispricing portfolios are posi-
tive and significant at the 5% level in every instance. 
Furthermore, we report a paired t-test for differences 
in the average returns of the low-mispricing and high-
mispricing portfolios for all 12 fundamental value proxies 

5 Findings using equal-weighted results are similar, albeit 
more extreme.
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(i.e., the 11 individual measures and the COMBO mea-
sure). The average monthly returns are signif icantly 
higher for all of the fundamental value proxies except for 
OSCORE, COMPISS, ACCRUAL, and ROA. These 
results are consistent with the hypothesis that the EM 
effect is likely explained by mispricing, not by enhanced 
systematic risk exposure.

We present a graphical depiction of the results from 
Exhibits 2 and 3, which plots the cumulative monthly 
returns from July 1, 1972 to December 31, 2015 for 
investments in (1) the risk-free asset, RF; (2) the hedge 
portfolio, EM_HML, constructed by taking a long posi-
tion in the bottom quintile low EM value portfolio and 
a short position in the top quintile high EM glamour 

portfolio; (3) the low-mispricing portfolio, Low-
Mispricing_COMBO, using the combination measure 
of fundamental value; and (4) the high-mispricing port-
folio, High-Mispricing_COMBO, using the combina-
tion measure of fundamental value. The aggregate effects 
of the high-mispricing portfolio over time are dramatic, 
highlighting the behavioral nature of the EM effect.

In Exhibit 4, we present the details of the results 
of the last column in Exhibit 2, wherein we use the 
COMBO measure to identify the fundamental value 
of a specific portfolio. Specifically, Exhibit 4 shows the 
average monthly returns (Panel A) and alpha estimates 
(Panel B) for each of the 25 double-sorted portfolios using 

e X H I B I t  1
Summary Statistics for Fundamental Value Proxies

Notes: This exhibit reports summary statistics for all firm-year observations. The portfolios are formed on July 1 of year t and are held until June 30 of 
year t + 1. Panel A shows summary statistics for the characteristics of all firms, and Panels B and C show the characteristics of low and high EM firms, 
respectively. DISTRESS is computed using the methodology described by Campbell, Hilscher, and Szilagyi (2008). OSCORE is computed using the 
methodology described by Ohlson (1980). NETISS is computed as the growth rate of the split-adjusted shares outstanding in the previous fiscal year. 
COMPISS is computed similarly to the method used by Daniel and Titman (2006). ACCRUAL is computed using the methodology of Sloan (1996). 
NOA is computed using the methodology of Hirshleifer et al. (2004). MOM is the cumulative returns from month -12 to month -2, as done by Fama 
and French (2008). GP is measured by gross profits scaled by AT, as by Novy-Marx (2013). AG is measured as the growth rate of the AT in the previous 
fiscal year, as by Cooper, Gulen, and Schill (2008). ROA is computed similarly to the method described by Piotroski and So (2012): Income before 
extraordinary items divided by AT INV is measured as the annual change in PPEGT plus the INVT scaled by the lagged book value of assets, as by 
Titman, Wei, and Xie (2004).
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EM and COMBO. We include the results in Exhibit 4 to 
give the reader a better sense of the source of the returns 
and alphas reported in Exhibit 2. The returns and alpha 
estimates increase across the fundamental value quin-
tiles. Furthermore, consistent with the EM anomaly, 
alphas increase across the EM quintiles. Holding the 
EM quintile constant, alphas generally increase across 
fundamental value quintiles.

Realized Expectation Errors to EM 
Conditional on Fundamental Value Proxies

To assess whether our fundamental value proxies 
are capturing mispricing effects within EM-sorted 
portfolios, we analyze revisions to market expectations 

subsequent to portfolio formation. Following Piotroski 
and So (2012), we examine earnings announcement 
period returns, analyst forecast errors, and analyst fore-
cast revisions to see whether these variables vary when 
expectations embedded in price (EM portfolios) are 
consistent with expectations from firm fundamentals. 
If mispricing is driving the EM effect, we should see 
higher earnings announcement returns when expecta-
tion errors are high (value firms with high fundamental 
value) than when they are low (glamour firms with low 
fundamental value). Furthermore, we should see a posi-
tive spread in forecast errors and forecast revisions across 
high- and low-expectation-error firms, controlling for 
valuation (i.e., EM quintile).

e X H I B I t  2
Calendar-Time EM Portfolio Returns Conditional on Fundamental Value Proxies

Notes: This exhibit reports calendar-time portfolio regression alphas. The CAPM alpha is a risk-adjusted return equal to the intercept from a time-series 
regression of the long–short portfolios on the excess return on the value-weight market index (see Fama and French 1993). The three-factor alpha is a 
risk-adjusted return equal to the intercept from a time-series regression of the long−short portfolios on the excess return on the value-weight market index, 
the return on the size (SMB) factor, and the return on the value (HML) factor (see Fama and French 1993). The four-factor alpha is a risk-adjusted return 
equal to the intercept from a time-series regression of long−short portfolios on the excess return on the value-weight market index, the return SMB, the 
return on HML, and the return on a prior-year return momentum (MOM) factor (see Carhart 1997). Average alphas are in monthly percentage, p-values 
are shown below the coefficient estimates, and 5% statistical significance is indicated in bold. Portfolios for each strategy are rebalanced monthly. Panel A 
presents a low-mispricing portfolio that is long value and short glamour firms with the lowest investor expectation errors. Panel B presents a high-mispricing 
portfolio that is long value and short glamour firms with the highest investor expectation errors. The final row is a p-value from a paired t-test comparing 
the high-mispricing portfolio monthly returns (Panel B) and the low-mispricing portfolio monthly returns (Panel A). The time period under analysis is 
from July 1, 1972 to December 31, 2015. Regression p-values use robust standard errors as computed by Davidson and MacKinnon (1993, p. 553).
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The logic behind examining earnings announce-
ment returns subsequent to portfolio formation is 
demonstrated by La Porta, Shleifer, and Vishny (1997). 
They showed that glamour firms experience negative 
earnings announcement returns following portfolio 
formation, consistent with the market revising down-
ward its overly optimistic expectations about glamour 
firms when they announce earnings; the opposite is true 
for value firms.

We calculate the three-day market-adjusted 
earnings announcement return during the fourth 
quarter for a given firm in the year following port-
folio formation.6 We then focus on the average earn-
ings announcement returns in high-mispricing and 

6 Results are similar if we use all the earnings announce-
ment returns for all f irm quarters in the year following portfolio 
formation.

low-mispricing portfolios. The mispricing hypothesis 
predicts that subsequent earnings announcement returns 
will be larger for the high-mispricing portfolio relative 
to the low-mispricing portfolio; the risk-based hypoth-
esis predicts that they will be similar. Exhibit 5, Panel A 
presents the results. The results show that low EM value 
firms have higher earnings announcement returns than 
high EM glamour firms across all fundamental value 
quintiles. In addition, in every EM quintile, earnings 
announcement returns are larger for firms in quintile 
five of our composite fundamental value measure than 
for firms in quintile one, suggesting that the market is 
surprised by subsequent earnings announcements for 
firms with high fundamental value. Most importantly, 
the average announcement return for the value port-
folio with high expectation error (i.e., cheap with high 
fundamental value) is 0.65%, which is larger than the 
-0.22% average announcement return for the glamour 

e X H I B I t  3
Cumulative Gains from Investment for High-Mispricing and Low-Mispricing EM Portfolios

Notes: Plotted are the cumulative returns for four assets: (1) the risk-free asset, RF; (2) the hedge portfolio, EM_HML, constructed by taking a long 
position in the bottom quintile low EM value portfolio and a short position in the top quintile high EM glamour portfolio; (3) the low-mispricing portfolio, 
Low-Mispricing_Combo, using the combination measure of fundamental value; and (4) the high-mispricing portfolio, High-Mispricing_Combo, 
using the combination measure of fundamental value. The sample period is from July 1, 1972 to December 31, 2015.
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e X H I B I t  4
Average Monthly EM Returns Conditional on Fundamental Value Proxy

Notes: This exhibit reports average monthly returns (Panel A) and calendar-time portfolio regression alphas (Panel B) for portfolios sorted on the composite 
fundamental value proxy (FV Quintiles), conditional on enterprise multiples (EM Quintiles). The CAPM alpha is a risk-adjusted return equal to the 
intercept from a time-series regression of the long–short portfolios on the excess return on the value-weight market index (see Fama and French 1996). 
The three-factor alpha is a risk-adjusted return equal to the intercept from a time-series regression of the long−short portfolios on the excess return on the 
value-weight market index, the return on the size (SMB) factor, and the return on the value (HML) factor (see Fama and French 1996). The four-
factor alpha is a risk-adjusted return equal to the intercept from a time-series regression of long−short portfolios on the excess return on the value-weight 
market index, the return on the size (SMB) factor, the return on the value (HML) factor, and the return on a prior-year return momentum (MOM) factor 
(see Carhart 1997). Average alphas are in monthly percent and 5% statistical significance is indicated in bold. Portfolios for each strategy are rebalanced 
monthly. Panels A highlights average monthly returns across the portfolio sorts. Panel B shows the portfolio alpha estimates for various factor models. The 
time period under analysis is from July 1, 1972 to December 31, 2015. Difference tests are paired t-tests for difference. Alpha estimate p-values use robust 
standard errors as computed by Davidson and MacKinnon (1993, p. 553).
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portfolio with high expectation error (i.e., expensive 
with low fundamental value). The difference in these 
two returns is the announcement return of 0.87% in the 
high-mispricing portfolio, which is significant at the 1% 
level. Alternatively, the returns to firms in each of the 
two portfolios with low expectation errors are similar: 

Value firms with low fundamental value have subsequent 
announcement returns of 0.32%, whereas the average 
earnings announcement return of glamour firms with 
high fundamental value is 0.50%.

We gather data from IBES to calculate analyst fore-
cast errors and revisions. Not all firms are covered by 

e X H I B I t  5
Realized Expectation Errors to Fundamental Value Proxies Conditional on EM

Notes: This exhibit presents earnings announcement returns ( fourth quarter), consensus analyst forecast errors (FE), and revisions (REV) for portfolios sorted 
on the composite fundamental value proxy (FV quintiles), conditional on enterprise multiples (EM quintiles). Analyst forecast errors and revisions are calculated 
six months after the preceding fiscal year’s end. FE is defined as (Actual EPS − Consensus forecast)/(Total assets per share), and forecast REV is defined as the 
final consensus estimate minus the consensus at portfolio formation scaled by total assets per share. The low-mispricing V/G strategy consists of a long position in 
value firms with low fundamental value and a short position in glamour firms with high fundamental value. The high-mispricing V/G strategy consists of a long 
position in value firms with high fundamental value and a short position in glamour firms with low fundamental value. The time period under analysis is from 
July 1, 1972 to December 31, 2015. Difference tests are paired t-tests for difference. 5% statistical significance is indicated in bold.

Panel A: EM Earnings Announcement Returns

Panel B: EM Forecast Errors

Panel C: EM Forecast Revisions

EM Quintiles

Low (1)
2
3
4
High (5)

High-Low
(p(p( -value)

Low-Mispricing V/G
High-Mispricing V/G

Low (1)
2
3
4
High (5)

High-Low
(p(p( -value)

Low-Mispricing V/G
High-Mispricing V/G

Low (1)
2
3
4
High (5)

High-Low
(p(p( -value)

Low-Mispricing V/G
High-Mispricing V/G

FV QuintilesFV QuintilesFV Glamour (1)

–0.22
0.01
0.36
0.44
0.50

0.72
0.000

–0.031
–0.018
–0.013
–0.010
–0.003

0.028
0.00

–0.021
–0.012
–0.010
–0.007
–0.002

0.019
0.000

2

0.01
0.57
0.50
0.51
0.54

0.53
0.003

–0.021
–0.014
–0.014
–0.005
–0.002

0.019
0.00

–0.013
–0.010
–0.007
–0.004
–0.001

0.012
0.000

3

0.30
0.47
0.56
0.74
0.74

0.44
0.020

–0.018
–0.010
–0.010
–0.005
–0.003

0.015
0.00

–0.012
–0.007
–0.007
–0.005
–0.002

0.010
0.000

4

0.43
0.56
0.63
0.64
0.60

0.18
0.323

–0.021
–0.012
–0.009
–0.004
–0.003

0.018
0.00

–0.013
–0.010
–0.007
–0.005
–0.003

0.010
0.000

Value (5)

0.32
0.53
0.67
0.80
0.65

0.33
0.077

–0.030
–0.020
–0.015
–0.013
–0.008

0.022
0.00

–0.020
–0.014
–0.011
–0.009
–0.006

0.013
0.000

V-G Diff.

0.54
0.52
0.31
0.36
0.15

–0.18
0.87

0.001
–0.002
–0.001
–0.002
–0.005

–0.027
0.023

0.001
–0.003
–0.001
–0.002
–0.004

–0.018
0.015

p-Value-Value-V

0.022
0.012
0.125
0.051
0.360

0.368
0.000

0.800
0.317
0.483
0.227
0.002

0.000
0.000

0.792
0.029
0.291
0.138
0.000

0.000
0.000
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analysts, so we lose a significant portion of the sample in 
our analysis of analyst forecast properties. We calculate 
analyst forecast errors as the actual annual earnings per 
share (EPS) at the end of the year less the consensus EPS 
in the month preceding portfolio formation and scale the 
difference by AT per share. We calculate analyst fore-
cast revisions as the consensus forecast immediately pre-
ceding the annual earnings announcement date minus 
the consensus forecast from the month prior to portfolio 
formation, scaled by AT per share. Exhibit 5, Panel B 
(Panel C) shows the results for forecast errors (revisions).

Negative forecast errors indicate that analysts are 
optimistic with respect to realized earnings, whereas 
positive forecast errors indicate that analysts are pes-
simistic. On average, analysts are more optimistic with 
respect to firms with low fundamental value than firms 
with high fundamental value. More importantly, ana-
lysts following the value firms with the highest fun-
damental value are much less optimistic than analysts 
following glamour firms with low fundamental value, 
which is consistent with mispricing driving the returns 
in the high-mispricing portfolio. Specifically, the dif-
ference in average forecast errors for these two groups 
is 0.023, which is significant at the 1% level.

Turning to Panel C, we observe similar results 
for forecast revisions. Negative forecast revisions suggest 
that analysts revise their earnings expectations down-
ward over time; the more negative the number, the more 
drastic the downward revision. As with forecast errors, 
the average f irm in our sample experiences negative 
forecast revisions. In the high-mispricing portfolio, we 
observe small negative forecast revisions for value firms 
with high fundamental value relative to glamour firms 
with low fundamental value. Again, this suggests that 
analysts do not have to revise their forecasts downward 
as much for value firms that are not expected to perform 
well but which have high fundamental value. The com-
bined results in Exhibit 5 provide additional evidence 
that the positive (negative) returns of low (high) EM 
firms are consistent with market mispricing.

EM Portfolio Performance, Conditional 
on Investor Sentiment

We conduct an additional test to examine the mis-
pricing hypothesis. Following Stambaugh, Yu, and Yuan 
(2012), we introduce a measure of investor sentiment to 
determine whether the returns to our high-mispricing 

portfolio are stronger in periods of high market 
sentiment. The mispricing hypothesis predicts that 
returns to a high-mispricing portfolio will be stronger 
in periods when expectation errors are predicted to be 
the most extreme (i.e., during high market sentiment). 
We use two measures of market sentiment. The first is 
the measure developed by Baker and Wurgler (2006) as 
the first principal component of six proxies of investor 
sentiment. The second is a measure developed by Huang 
et al. (2014) that builds and improves upon the measure 
proposed by Baker and Wurgler (2006). Specifically, the 
Huang et al. (2014) measure uses a partial least squares 
method to separate relevant information from the proxies 
from noise. Exhibit 6 shows the average monthly returns 
to the low-mispricing and high-mispricing EM portfo-
lios across periods of low, medium, and high investor 
sentiment. In support of the mispricing hypothesis, the 
returns to the high-mispricing EM strategy are signifi-
cantly higher during periods of high investor sentiment 
relative to times of low investor sentiment; the same 
pattern is not observed for the low-mispricing EM port-
folio. For the simple value/glamour EM-sorted portfo-
lios (V-G in Exhibit 6), returns are marginally higher 
during periods of high investor sentiment.

Robustness Tests

We summarize three important tests that we per-
form to assess the robustness of our results. The first test 
examines results across two different time periods in 
our sample. In our second test, we examine whether the 
results are robust to the January effect documented in 
prior literature. Finally, we introduce three other multi-
factor models to ensure that the EM premium cannot be 
explained by other controls for risk. These models include 
the q-theory factor model (Hou, Xue, and Zhang 2017), 
the Fama–French five-factor model (Fama and French 
2015), and the AQR six-factor model (Asness 2014).

For the f irst test, we split our sample into two 
distinct time periods. The f irst time period extends 
from July 1972 to December 1993. The latter period 
begins in January 1994 and ends in December 2015. 
We examine the cross-sectional regressions on EM 
portfolios in both subsamples. The results in both time 
periods are quantitatively similar to those documented 
in Exhibit 2, which represents the full sample period. 
This analysis minimizes the worry that the results are 
driven by sample selection.
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For the second robustness test, we examine the 
January effect. Several researchers have documented 
that some anomalies’ returns are concentrated in the 
month of January. To ensure that the EM effect is not 
simply a manifestation of this seasonality in returns, we 
repeat our analysis after removing all January returns. 
The results are robust to removal of these observations, 
suggesting that the January effect does not drive our 
core findings.

In our third robustness tests, we redo our results 
using three more recently developed factor models: 
(1) the q-factor model, described by Hou, Xue, and 
Zhang (2017), which includes Mkt-Rf, ME (size), I/A 
(investment-to-assets) and ROE (return on equity); 
(2) the Fama–French f ive-factor model (Fama and 
French 2015), which includes the Fama–French three 
factors and profitability and investment factors; and (3) 
a six-factor model described by Asness (2014), which 
includes Mkt-Rf, SMB, HML-DEV (an adjusted value 
factor), RMW (robust minus weak), CMA (conservative 
minus aggressive), and UMD (winners minus losers). 
Our results are robust to these factor models.

The summary of our additional tests is that our 
core results are robust to sample period, the January 
calendar effect, and different asset pricing models.

Limits of Arbitrage and the EM Effect

The evidence presented suggests that the EM effect 
is driven by mispricing. The sample period tests from 

the previous section show that the mispricing estimates 
are essentially the same across the early and latter halves 
of the sample. Given the evidence for mispricing, how-
ever, why have market participants not fully exploited 
the EM effect? The theory of limits to arbitrage sug-
gests that if an arbitrageur’s cost to exploit a mispricing 
is too high, then the mispricing may not be a transi-
tory phenomenon (e.g., Shleifer and Vishny 1997). For 
example, Brav, Heaton, and Li (2010) found that limits 
to arbitrage can explain overvaluation (glamour stocks) 
but not undervaluation (value stocks). One simple way 
to test how limits of arbitrage affect the returns of the 
high-mispricing portfolio is to examine the mispricing 
generated by the long and short legs independently. We 
assume that arbitrage costs are generally higher for short 
portfolios than they are for long portfolios. The limits of 
arbitrage hypothesis predicts that the abnormal expected 
returns associated with the high-mispricing portfolio 
will be driven by the short leg of the portfolio where 
arbitrage costs are highest.

Exhibit 7 shows the performance results for the 
long and short legs of the high-mispricing portfolios. An 
analysis of raw returns suggests that the absolute perfor-
mance of the high-mispricing EM portfolio is driven by 
the long leg of the portfolio. However, the risk-adjusted 
results tell a different story: the long book of the high-
mispricing portfolio generates, on average, 38% of the 
three-factor alpha (Exhibit 7, Panel A), whereas 62% of 
the three-factor alpha comes from the short side of the 
high-mispricing portfolio (Exhibit 7, Panel B).

e X H I B I t  6
EM Long–Short Portfolio Returns Conditional on Level of Investor Sentiment

Notes: This exhibit presents average monthly returns, conditional on the level of investor sentiment in the market, from July 1, 1972 to December 31, 
2014. Investor sentiment ref lects the index used by Baker and Wurgler (2006) and the index used in Huang et al. (2014). Both sentiment indexes are 
orthogonalized to macro factors. Investor sentiment is measured in the month preceding portfolio formation. The low-mispricing portfolio is long value and 
short glamour firms with the lowest investor expectation errors, the high-mispricing portfolio is long value and short glamour firms with the highest investor 
expectation errors, and the V-G portfolio is long value and short glamour firms, independent of an expectation error proxy. The final row is a p-value from 
a paired t-test comparing the high portfolio monthly returns and the low monthly returns, and 5% statistical significance is indicated in bold.

Baker and Baker and Baker Wurgler (2006)rgler (2006)rgler Huang et al. (2014)

Sentiment

Low
Medium
High

High-Low
p-Valu-Valu-V e

V-G

0.495
0.005
1.090

0.595
0.184

Low-
Mispricing

0.675
–0.694
0.342

–0.333
0.615

High-
Mispricing

0.333
0.598
3.188

2.855
0.000

V-G

0.457
0.253
0.799

0.342
0.445

Low-
Mispricing

0.043
0.124

–0.106

–0.149
0.811

High-
Mispricing

0.681
0.591
2.833

2.152
0.002
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The empirical results suggest that the absolute 
pricing is concentrated in the long leg of the high-
mispricing EM portfolio; however, on a risk-adjusted 
basis, the mispricing is concentrated in the short port-
folio of glamour f irms for the majority of the high-
mispricing portfolio constructs. Returns associated with 
short-selling strategies are often difficult to obtain in 
practice. For instance, Beaver, McNichols, and Price 
(2016) found that short selling entails significant costs 
that affect trading strategy profitability. To the extent 

that managing short positions is costly, these results 
suggest that the mispricing associated with the high-
mispricing EM portfolio is difficult to profitably exploit.

We should also note that the potential mispricing 
identif ied does not represent an easy profit opportu-
nity on either the long or the short leg of the portfolio. 
The average monthly returns, although favorable, are 
highly volatile (see Exhibit 2). To the extent one believes 
there are principle–agent conf licts between asset owners 
and fund managers (discussed by Shleifer and Vishny 1997), 

e X H I B I t  7
Limits of Arbitrage: Long and Short Legs of High-Mispricing EM Portfolio

Notes: This exhibit reports calendar-time portfolio regression alphas. The CAPM alpha is a risk-adjusted return equal to the intercept from a time-series 
regression of the long–short portfolios on the excess return on the value-weight market index (see Fama and French 1996). The three-factor alpha is a risk-
adjusted return equal to the intercept from a time-series regression of the long–short portfolios on the excess return on the value-weight market index, the 
return on the size (SMB) factor, and the return on the value (HML) factor (see Fama and French 1996). The four-factor alpha is a risk-adjusted return 
equal to the intercept from a time-series regression of long–short portfolios on the excess return on the value-weight market index, the return on SMB, the 
return on HML factor, and the return on a prior-year return momentum (MOM) factor (see Carhart 1997). Average alphas are in monthly percentage, 
p-values are shown below the coefficient estimates, and 5% statistical significance is indicated in bold. Portfolios for each strategy are rebalanced monthly. 
Panel A represents the long leg of the high-mispricing portfolio that is long value with the highest investor expectation errors. Panel B represents the short leg 
of the high-mispricing portfolio that is short glamour with the highest investor expectation errors. We display the p-value from a paired t-test comparing the 
high-mispricing portfolio monthly returns (Panel B) and the low-mispricing portfolio monthly returns (Panel A) below Panel B and the percentage of long–
short alpha from the short book. The time period under analysis is from July 1, 1972 to December 31, 2015. Regression p-values use robust standard errors 
as computed by Davidson and MacKinnon (1993, p. 553).
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one would expect that strategies seeking to exploit 
longer-term profit opportunities, which includes the 
EM value anomaly discussed in this article, could con-
tinue to exist in the future. Observing the EM effect in 
theory may be a lot easier than exploiting the opportu-
nity in practice

CONCLUSION

The evidence supports the hypothesis that the 
excess returns associated with EM-sorted portfolios is 
driven by mispricing and not by increased systematic 
risk exposure. The EM effect is stronger among port-
folios that sort on fundamental value proxies to identify 
portfolios with predictable investor expectation errors. 
Moreover, we document that earnings announcement 
returns, forecast errors, and forecast revisions all sug-
gest that mispricing likely drives the EM effect. Finally, 
we show that the EM effect is much stronger during 
times of strong market sentiment, which also supports 
the mispricing-based hypothesis.
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ADDITIONAL READING

Enhancing the Investment Performance of Yield-
Based Strategies
Wesley R. Gray and Jack Vogel

The Journal of Investing
https://joi.pm-research.com/content/23/2/44

ABSTRACT: High-dividend-yield stocks do not reliably earn 
above-average risk-adjusted returns. More complete measures of 
shareholder yield, which account for net share repurchases, perform 
better. This article explores the use of net-debt paydown as a way to 
further enhance shareholder yield. The addition of net-debt paydown 
enhances risk-adjusted returns and creates a shareholder yield metric 
that is more robust across time and to the inclusion or exclusion of 
financials.
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Analyzing Valuation Measures: A Performance Horse 
Race over the Past 40 Years
Wesley R. Gray and Jack Vogel

The Journal of Portfolio Management
https://jpm.pm-research.com/content/39/1/112

ABSTRACT: In this article, the authors compare the investment 
performance of portfolios sorted on different valuation measures. 
They find that EBITDA/TEV has been the best performing 
metric, historically, and outperforms many investor favorites, such 
as price-to-earnings ratio, free cash f low to total enterprise value, 
and book-to-market ratio. The authors also explore the investment 
potential of long-term valuation ratios, which replace one-year earn-
ings with an average of long-term earnings. They find that in contrast 
to prior empirical work, long-term ratios add little investment value 
over standard one-year valuation metrics.

Do You Know What’s in Your Benchmark?
Steven Crawford, James Hansen, and Richard Price

The Journal of Portfolio Management
https://jpm.pm-research.com/content/39/3/136

ABSTRACT: The authors identify several problematic assumptions 
underlying the benchmark return methodology used by the Center 
for Research in Security Prices (CRSP), which practitioners and 
academics would be unlikely to know or mimic. In particular, CRSP 
includes non-common stock securities that most researchers exclude. 
CRSP does not follow a typical buy-and-hold methodology, and it 
excludes delisting returns. The authors discuss these issues and show 
how they can affect results in a number of research settings. The 
commonly used value-weighted, size-based benchmark returns, as 
well as all equally weighted daily benchmark returns, are particularly 
problematic.
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