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Abstract

The literature on cash flow or earnings beta is theoretically well-motivated in its
use of fundamentals, instead of returns, to measure systematic risk. However,
empirical measures of earnings beta based on either log-linearizing the return
equation or log-linearizing the clean-surplus accounting identity are often difficult
to construct. I construct simple earnings betas based on various measures of
realized and expected earnings and find that an earnings beta based on price-
scaled expectations shocks performs consistently well in explaining the cross-
section of returns over 1981-2017. I also examine the relation between different
measures of beta and several firm characteristics that are either theoretically
connected to systematic risk or are empirically associated with returns and find
evidence in support of the construct validity of an earnings beta based on price-
scaled expectations shocks. Overall, the findings suggest that this easy-to-
construct earnings beta can be suitable for future researchers requiring a measure
of systematic risk.

Keywords Cash flow beta - Earnings beta - Systematic risk - Expected returns - Aggregate
earnings

JEL classifications G10-G12-M41

1 Introduction

The search for a measure of systematic risk that is priced in the cross-section of
returns is an important objective of asset pricing research. Motivated by the failure
of returns-based market betas to explain the cross-section of returns, recent
research has examined cash flow betas. These betas are theoretically appealing,
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as they allow for a direct link between cash flow fundamentals and systematic
risk. Most studies measure the cash flow fundamentals needed to estimate betas by
either log-linearizing the return equation, following Campbell and Shiller (1988),
or log-linearizing the clean surplus accounting identity, following Vuolteenaho
(2002). However, the empirical implementation of these two approaches to con-
struct measures of beta presents challenges. Instead, motivated by the positive
empirical relation between returns and earnings at the firm level, I consider
accounting earnings as a summary measure of cash flow fundamentals. I construct
simple earnings betas based on various measures of realized and expected earnings
using different scalars and empirically examine their relative performance in
explaining the cross-section of portfolio-level and firm-level returns. I also exam-
ine the relation between these beta estimates and firm characteristics that are either
theoretically connected to systematic risk or are empirically associated with
returns, to assess the construct validity of the different earnings betas and illumi-
nate whether certain characteristics explain returns because they indirectly reflect
systematic risk.

Studies use one of two empirical approaches to estimate cash flow betas.! The
first approach follows Campbell (1991) by combining the log-linear return frame-
work of Campbell and Shiller (1988) with a vector autoregression (VAR) model to
decompose aggregate returns into aggregate discount rate shocks and aggregate
cash flow shocks. While aggregate discount rate shocks are estimated directly,
aggregate cash flow shocks are measured as the residuals from the VAR model. A
cash flow beta is then estimated using the comovement of realized returns with the
aggregate cash flow shocks extracted from the VAR model (e.g., Campbell and
Vuolteenaho 2004; Bansal et al. 2005; Hansen et al. 2008; Campbell et al. 2010).
However, Chen and Zhao (2009) argue that the VAR approach is problematic,
since discount rate shocks and cash flow shocks are not modeled simultaneously,
and the measurement errors in estimated discount rate shocks are inherited by the
residual cash flow shocks. They find that the results of Campbell and Vuolteenaho
(2004) are sensitive to the choice of variables included in the VAR model and
exhibit sub-sample instability. Relatedly, Chang and Savickas (2014) find results
that are inconsistent with those of Campbell and Vuolteenaho (2004), which they
attribute to the high correlation between discount rate shocks and cash flow
shocks.

The second approach follows Vuolteenaho (2002) to log-linearize the clean
surplus accounting identity and replace the cash flow shock component of the
Campbell and Shiller (1988) framework with log return on equity (ROE) summed
over an infinite horizon and then use the comovement of return on equity with
aggregate return on equity to estimate cash flow beta (e.g., Da 2009; Da and
Warachka 2009; Nekrasov and Shroff 2009; Cohen et al. 2009; Campbell et al.
2010). However, betas based on log-linearizing the clean surplus identity can be
difficult to construct, since they require forecasting the evolution of ROE over an

! Most prior literature uses the term cash flow beta, even though the estimation of beta is based either on
dividends in the first approach or on accounting earnings in the second approach, neither of which are actually
cash flows. Instead, I prefer to use the term “earnings beta,” since the beta estimation procedure involves
accounting earnings.
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infinite horizon. For example, the earnings beta of Da and Warachka (2009) is
based on ROE estimated from a three-stage earnings growth model that requires
assumptions about growth rates over multiple horizons. Further, Penman (2016)
points out that some of the assumptions underlying the Vuolteenaho (2002) model
could be problematic, and Penman and Zhang (2020) show that ROE can be
negatively associated with expected returns as a result of conservative
accounting.”

I adopt a different approach to develop several simple and easy-to-construct
earnings betas and examine their relative ability to explain cross-sectional varia-
tion in returns. Specifically, I estimate earnings betas using 11 different earnings
series that involve: (1) either historical realizations of earnings over the last
12 months or analysts’ expectations of earnings over the next 12 months; (2)
either earnings levels or earnings changes (i.e., growth); (3) three alternatives for
scaling earnings, including prior period earnings, book value of equity, or market
value of equity; and (4) analysts’ expectations of long-term growth in earnings.’
Each earnings series is regressed on an analogous earnings series at the aggregate
level in backward-rolling five-year window estimations to provide time-varying
earnings betas. Then I evaluate the relative cross-sectional pricing performance of
these earnings betas in explaining one-month-ahead realized returns, as a proxy
for expected returns. Understanding which earnings series delivers an earnings
beta with consistent performance in cross-sectional pricing tests is important for
researchers who are interested in using a valid measure of systematic risk in a
variety of settings.

The first set of pricing tests I conduct are at the portfolio level. Using each of
the 11 earnings series, I estimate earnings betas for 50 portfolios formed on the
basis of five characteristics commonly used in prior asset pricing literature: 10
each on size, book-to-price, earnings-to-price, asset growth, and long-term return
reversal. These characteristics provide a spread in returns that is not explained by
market beta. I then test which earnings betas can explain the cross-sectional
variation in value-weighted monthly returns for these 50 portfolios.

Over the 1981-2017 period, I find that six of the 11 earnings betas have
positive and significant risk premiums in the cross-section of returns, while market
beta continues to carry an insignificant risk premium. Earnings betas based on
expected earnings perform relatively better than betas based on realized earnings,
and earnings betas based on changes in realized or expected earnings outperform

2 According to Penman (2016), these potentially problematic assumptions include (1) requiring firms to pay
dividends, (2) assuming log book-to-price converges to zero (or to a constant) in the long run, (3) assuming
return on equity converges to expected returns in the long run, and (4) potentially violating the assumptions of
Miller and Modigliani (1961) by using logs. Penman (2016) also notes that the assumption of a zero premium
of price over book is tantamount to assuming “unbiased accounting” of Ohlson (1995). Hence the model does
not consider how the accounting system deals with potential future earnings growth tied to the unconditionally
conservative accounting for uncertain investments, such as research and development and advertising
expenditures (Feltham and Ohlson 1995).

* In this study, “earnings” refers to core earnings, which is net income before extraordinary items and tax-
adjusted special items minus preferred dividends. It is a measure of continuing eamings generated by the core
business of the firms and is adjusted for transitory and nonrecurring items. Expectations of earnings refers to
forecasts developed by equity research analysts, which are also typically forecasts of normalized or core
earnings.
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earnings betas based on levels of realized or expected earnings. In particular, I find
that an earnings beta based on changes in expected earnings (i.e., “price-scaled
expectations shock beta”) can explain the cross-section of returns quite well,
accounting for 41.9% of the variation in value-weighted monthly excess returns
of the 50 portfolios. Differently, earnings betas based on earnings levels, such as
realized ROE or expected ROE, do not exhibit consistent statistical signiﬁcance.4
Overall, I find the empirical performance of ecarnings betas is sensitive to the
construction of the earnings series used to estimate beta.

I also conduct out-of-sample tests by splitting the 1981-2017 period into two subsam-
ples. I estimate earnings betas separately for each subsample and examine whether betas
from one subsample can explain cross-sectional variation in value-weighted monthly
returns in the other. Consistent with the full sample pricing tests, I find that the price-
scaled expectations shock beta outperforms the other betas and continues to explain
between 11.8% and 26.7% of the cross-sectional variation in returns.

In light of the concerns expressed by Lewellen et al. (2010) about using a limited set
of portfolios in asset pricing tests, I assess the robustness of my findings using three-
pass regression pricing tests proposed by Giglio and Xiu (2019) to account for omitted
factors. I find that six of the 11 earnings betas carry positive and significant risk
premiums. Consistent with the portfolio pricing tests, earnings betas based on expected
earnings outperform those based on realized earnings, and earnings betas based on
changes in earnings outperform those based on levels of earnings. I also find that price-
scaled expectations shock beta is among the best performers.

Next, I sort firms each month on the basis of the various earnings betas and form
factor-mimicking portfolios that take a long position in high earnings beta firms and a
short position in low earnings beta firms. If systematic risk in earnings is priced, I
expect to see differences in the returns of these beta-sorted portfolios. I find that the
value-weighted monthly excess returns of the factor-mimicking portfolio for price-
scaled expectations shock beta are the highest at 0.72%, with an alpha of 0.49% after
risk-adjusting for the five factors of Fama and French (2015) and the Carhart (1997)
momentum factor. In particular, the positive and significant loadings of the excess
returns of this portfolio on the market, size, and value factors suggest that these factors
also partially capture systematic risk in earnings. I find similar inferences using the five-
factor Instrumented Principal Component Analysis (IPCA) model developed in Kelly
et al. (2019), which introduces 36 observable characteristics as instruments for unob-
servable factor loadings.

Subsequently, I move to firm-level analysis. Using two-stage cross-sectional regres-
sions, I find that four of the 11 earnings betas can explain cross-sectional variation in
firm-level returns incrementally to characteristics used in standard pricing tests (i.e.,
size, book-to-price, short-term reversal, and momentum). Echoing the portfolio-level
results, earnings betas formed on expected earnings outperform earnings betas formed

41 also estimate earnings betas using revisions in analysts’ expectations of long-term growth, which are
available for fewer firms and cover a slightly shorter period. While this expected long-term growth beta is
positively associated with returns, the magnitude and statistical significance is smaller. This could either be
due to imprecise beta estimates resulting from insufficient variation in long-term growth forecasts, short-
horizon return variation being driven primarily by short-term earnings, or the risk premium for short-term
earnings being higher. Along similar lines, Binsbergen et al. (2012) find that short-term dividends carry a
higher risk premium than long-term dividends.
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on realized earnings, and price-scaled expectations shock beta continues to carry a
positive and significant risk premium. My inferences are also robust to controlling for
the 36 firm characteristics considered by Kelly et al. (2019) and Freyberger et al.
(2020). Overall, I conclude from the various pricing tests that expected earnings and, in
particular, changes in expected earnings yield earnings betas that perform consistently
well.

Finally, I provide a comprehensive characterization of the average relation between
the 11 earnings betas and firm characteristics. The motivation is to focus on character-
istics that either (1) are theoretically connected to systematic risk, (2) are empirically
associated with returns because they are consistent with rational pricing of uncertain
outcomes (Penman and Zhu 2014), (3) inform on fundamental risks originating in the
way a firm operates and finances its activities (Penman 2013, p. 651), or (4) reflect how
conservative accounting incorporates uncertainty into revenue and expense recognition
and measurement (Penman and Zhang 2020). Thus I select a parsimonious set of
variables, including size, profitability, leverage, volatility, growth, and investment,
and rely on prior literature to develop predictions about their associations with beta.
Consistent with these expectations, I find that smaller, less profitable firms with higher
financial and operating leverage tend to have higher earnings betas. Further, earnings-
to-price and book-to-price are positively associated with several of the earnings betas,
suggesting that these characteristics might explain returns because they indirectly
capture systematic risk. Importantly, across the 11 earnings betas, price-scaled expec-
tations shock beta has the least number of inconsistent signs for the relation with these
characteristics, providing support for the construct validity of this earnings beta as a
suitable measure of systematic risk.

This paper contributes to the literature on (1) cash flow beta, (2) accounting beta,
and (3) characteristics that explain returns. I contribute to cash flow beta studies by
demonstrating that simple earnings betas that use price-scaled expectations shocks
seem to perform consistently well in explaining the cross-section of returns. These
betas are easier to construct than alternative approaches that either log-linearize returns
or log-linearize the clean surplus accounting entity and are a suitable option for future
researchers requiring a measure of systematic risk. I also contribute to early literature on
accounting beta, which documented a positive relation with CAPM-based market beta
(e.g., Ball and Brown 1969; Beaver et al. 1970; Pettit and Westerfield 1972; Gonedes
1973; Beaver and Manegold 1975). However, since market beta cannot explain
variation in returns, this positive relation is not a direct test of the pricing of accounting
beta. I provide a comprehensive update to this early literature by examining whether
systematic risk in earnings is priced in the cross-section of returns. The important role
of earnings in assessing systematic risk is also consistent with recent findings of Savor
and Wilson (2016) that the covariance between firm specific and market cash flow
news spikes around earnings announcements.

Finally, this paper contributes to literature that has examined the return predictability
of characteristics, such as size, book-to-price, earnings-to-price, profitability, invest-
ment, momentum, leverage, accruals, liquidity, and equity duration, among others.’

5 Selected examples include Fama and French (1992, 1993, 1996, 2006), Jegadeesh and Titman (1993), Ou
and Penman (1989), Sloan (1996), Pastor and Stambaugh (2003), and Dechow et al. (2004). Also see Harvey
et al. (2016) for a comprehensive list.

@ Springer



86 A. Ellahie

This literature largely makes indirect references to the nondiversifiable risks that these
variables might capture. For example, recent empirical works suggest that book-to-
price explains returns partly because it is positively associated with higher and more
variable future earnings growth (e.g., Penman and Reggiani 2013; Penman et al. 2018;
Ellahie et al. 2020). I add to this work by illuminating a potential reason these
characteristics explain returns: they indirectly capture systematic risk in earnings. In a
similar spirit, Kelly et al. (2019) find that characteristics capture covariances.

2 Using earnings to measure systematic risk

Systematic risk is the susceptibility of an asset’s payoffs to be affected by
aggregate economic shocks that cannot be diversified away. Assets whose payoffs
covary more strongly with aggregate shocks pose a greater risk to smooth con-
sumption, because they generate a poor return precisely when marginal utility of
consumption is high. Investors require higher risk premiums (i.e., expected
returns) to hold such assets as compensation for bearing greater consumption risk.
The classic approach to measuring the systematic risk of an asset is to use
historical information to estimate how the returns of an asset covary with the
returns of a broad index, such as the aggregate market portfolio (i.e., market beta).
However, prior literature has consistently documented a flat or even negative
relation between returns and market beta, especially after 1963 (e.g., Fama and
French 1992; Cochrane 2011; Frazzini and Pedersen 2014).

Instead of using returns, I use accounting earnings as the basis to estimate beta.
Earnings summarize the periodic economic performance of firms as measured by
the accounting system and play a critical role in valuation for at least two reasons.
First, a key assumption in accounting, also embodied in the clean surplus relation,
is that earnings contribute to growth in book value of equity. Since many studies
link the market value of equity to book value of equity, the importance of earnings
for valuation is easy to see. Second, a common relative valuation approach is to
compare firms on the basis of their earnings yields or price-to-earnings multiples.
Further, Easton and Harris (1991) show that both earnings levels and earnings
changes, scaled by price, relate positively to returns. This positive empirical
relation between returns and earnings suggests that earnings can inform about
systematic risk. A better understanding of the usefulness of earnings to measure
systematic risk could help investors to develop more accurate estimates of
expected returns.®

6 Relatedly, Easton et al. (1992) note “the market buys earnings” (p. 126), and Brown and Ball (1967) and Ball
et al. (2009) conclude that firm-level earnings contain a strong systematic component. It is also worth noting
that measuring systematic risk using the comovement of earnings with aggregate earnings also indirectly tests
whether aggregate earnings is a candidate state variable that is correlated with aggregate consumption and
investment opportunities (Merton 1973). Since corporate earnings directly and indirectly contribute to
economy-wide output, a link to consumption is plausible. Indeed, Kothari et al. (2006) find a positive
correlation between aggregate earnings and several macroeconomic variables, including consumption. In
untabulated results, I also find similar positive associations between several of the aggregate earnings series
considered here and changes in consumption. Finally, aggregate earings news could indicate macroeconomic
news that drives aggregate stock returns (see Anilowski et al. 2007; Shivakumar 2007).
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Recent studies have estimated cash flow betas by either log-linearizing the
return equation or log-linearizing the clean-surplus accounting identity. However,
these betas are often difficult to construct, require forecasts of earnings over an
infinite horizon, and also present potential challenges (see Penman 2016). Instead,
I estimate simple earnings betas using various measures of accounting earnings
over the short-term. Focusing on short-term earnings significantly simplifies the
construction of the earnings series used to estimate earnings betas. Specifically, I
consider 11 different earnings series by combining earnings levels, earnings
growth, realized earnings, and expected earnings with three different choices for
scaling earnings.

2.1 Measures of earnings

The first two earnings series 1 consider are based on the level of realized account-
ing earnings. Since the level of earnings cannot be compared across firms due to
size differences, I scale earnings by book value of equity (i.e., realized ROE) and
market value of equity (i.e., realized earnings yield). Further, in order to remove
seasonality effects, I accumulate the four most recent quarters to calculate realized
earnings over the trailing 12 months prior to scaling.

However, a potential issue that hinders cross-sectional comparisons is the
distortionary effect of conservative accounting for uncertain investments in re-
search and development and advertising on measures that rely on earnings levels,
such as ROE (Penman 1991; Penman and Zhang 2002).” Thus, I also consider
three measures based on realized earnings changes. While measures of earnings
levels could be distorted by the effects of conservative accounting for uncertain
investments, measures of earnings changes (i.e., growth) could be less distorted.
Further, earnings growth could be more informative about the earnings generating
process and hence about expected returns. For example, the sign and rate of
earnings growth could contain incremental information about acceleration and
deceleration of earnings, and the covariance of this growth relative to aggregate
earnings growth could be a better basis for measuring systematic risk.

When computing earnings growth, the most natural scalar is prior period
earnings. Unfortunately, since firm-level earnings are often negative the growth
rate is not always interpretable.® Instead, I compute earnings growth for firm i at
time ¢ using the following approach: AEARN; /(| EARN; | +| EARN; ,—4|)/2. This
measure can accommodate negative denominators and ranges between —2 and + 2.
It is also strongly correlated with the traditional calculation of earnings growth
rate when only positive prior period earnings are used as the scalar. To further
circumvent the problem of negative prior period earnings in the denominator, I

7 The distortion is due to the expensing of these uncertain investments as they are incurred, which depresses
the current level of earnings. Further, firms recognize earnings from these investments only when they are
generated in the future, which inflates earnings in future periods.

¥ Negative earnings also preclude the use of log earnings growth. Another alternative is to scale change in
earnings by absolute values of prior period earnings. However, this measure is not well behaved when prior
period earnings are close to zero. A benefit of using portfolios in this study is that the incidence of negative
portfolio-level earnings is much less frequent, ranging from less than 1.0% to 5.6% depending on the portfolio
sorting variable.
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also consider two alternative measures of realized earnings growth based on
scaling earnings changes by prior period book value of equity (i.e., book-scaled
realized earnings growth) and prior period market value of equity (i.e., price-
scaled realized earnings growth).

An obvious limitation of using realized earnings is that past earnings contain
incomplete information about expected earnings and hence potentially about
expected returns. Inferring market expectations about future earnings from sell-
side equity research analysts’ forecasts could help. Further, to develop an estimate
of expected return, it is important to estimate a forward-looking beta. Using
expectations seems conceptually appropriate to estimate a forward-looking beta.
I/B/E/S analyst forecasts are also available at monthly frequency, compared to
quarterly frequency for realized earnings, which should deliver more efficient beta
estimates. However, the trade-off is that forecasts are available for a subset of
firms which reduces coverage.

Using analyst forecasts also poses some issues, such as sluggish revisions and
behavioral biases. For example, many prior empirical studies have reported
systematic analyst optimism, especially at long horizons. Further, the walk down
to beatable analyst forecasts documented in Richardson et al. (2004) generates a
predictable pattern for earnings expectations as the horizon changes during the
year. Thus, to enhance cross-sectional comparability and mitigate the effect of the
walk down, I develop a constant horizon 12-month-ahead earnings forecast.

Specifically, for each firm i every month ¢, I construct a 12-month-ahead earnings
forecast (F12) by time-weighting the consensus mean one-year-ahead (F1) and two-
year-ahead (F2) earnings per share (EPS) forecast in the I/B/E/S summary unadjusted
annual files. The EPS forecasts are split-adjusted using CRSP adjustment factors and
converted to earnings using shares outstanding from CRSP. I then compute a 12-
month-ahead earnings forecast: E[F12;]=w; [E[F1;]+ (1 —w; )E[F2;], where the
monthly weights (w; ;) are based on the number of days between the forecast date
and the fiscal period end-date for the firm’s one-year-ahead forecast (F'1), divided by
365 days. This measure of expected earnings places a larger weight on the one-year-
ahead forecast earlier in the fiscal period and an increasing weight on the two-year-
ahead forecast as the fiscal period progresses. This measure of the level of expected
earnings is used for two of the earnings series: expected ROE and expected earnings
yield.

I also construct three earnings series based on the monthly changes in expected
earnings.” Tracking how expected earnings evolve over time (i.e., expectations
shocks) could provide a timelier measure of the expected path of earnings and
could be a suitable basis to estimate expected returns.'® For example, a downward

® Similarly, Da and Warachka (2009) track revisions in analyst earnings forecasts to develop a cash flow news
measure and compute cash flow beta. Taking a slightly different approach, Nallareddy (2012) measures
earnings shocks as returns driven by revisions to expectations of future earnings and finds that returns to the
post-earnings-announcement drift (PEAD) strategy relate to the differential responses of individual stock
returns to aggregate earnings shocks.

19 present value models also support the role of changes in expected earnings (cash flow) for changes in prices
(i.e., expected returns). The first effect is in the numerator by altering the path of future cash flows. The second
effect is in the denominator by altering the systematic risk embedded in expected returns. And if the changes in
expected earnings indicate aggregate-level shocks, the third effect is through time-varying market risk
premiums.
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revision in expected earnings during bad times when aggregate expected earnings
also experience negative shocks is systematic risk that could be priced. It is also
likely that revisions in expectations incorporate both firm-specific and macroeco-
nomic information that is relevant for returns. Consistent with this notion,
Carabias (2018) finds that the continuous intra-quarter flow of macroeconomic
news is incorporated by equity analysts in subsequent forecast revisions. Finally,
using monthly changes in expected earnings could help mitigate the effect of
analyst biases, although sluggish revisions will inevitably introduce measurement
error, similar to delayed price reactions in returns.

For changes in expectations, I compute monthly revisions in the 12-month-
ahead earnings forecast (i.e., AE[F12;]) using fixed weights so that the change is
driven by revisions (i.e., expectations shocks) and not by elapsed time. The
changes in expected earnings are then scaled either by prior period expected
earnings (i.e., earnings-scaled expectations shocks), by book value of equity
(i.e., book-scaled expectations shocks), or by market value of equity (i.e., price-
scaled expectations shocks).

The 10 earnings series considered so far involve either realized earnings over
the prior 12 months or expected earnings over the next 12 months. In addition to
simplifying the construction and obviating the need to forecast earnings over an
infinite horizon, I focus on short-term earnings for several reasons. First, while
expected returns should relate to changes in the entire term structure of earnings
expectations, whether short-horizon expected returns are driven more by changes
in expectations about short-term earnings or by changes in expectations about
long-term earnings is not clear. For example, Binsbergen et al. (2012) find that
short-term dividends have a higher risk premium than long-term dividends, which
is opposite to what most asset pricing models predict. Second, long-term growth
forecasts are revised relatively infrequently since performance evaluations and
investor rankings of equity research analysts focus mainly on short-term forecast-
ing ability.'" It is also possible that transitory shocks are more frequent than
permanent shocks, and, as a result, the pricing effect and market attention may
be concentrated on short-horizon earnings. Along similar lines, Croce et al. (2009)
show that, if the agents cannot distinguish between short-term and long-term
shocks, risk premia on short-term dividend strips can be higher. Third, there are
empirical gains from focusing on shorter horizons, because data availability is
better for a broader cross-section of firms. Nevertheless, the last earnings series I
consider is based on revisions in analysts’ long-term growth forecasts for a smaller
sub-sample of firms and covering a shorter period.

2.2 Estimation of earnings beta
I use each of the 11 earnings series described above to estimate earnings betas.

Each earnings series is regressed on an analogous earnings series at the aggregate
level in rolling windows to provide time-varying estimates of earnings beta. To

' Similarly, Da and Warachka (2011) note that equity research analysts have weak incentives to promptly
incorporate information into their long-term growth forecasts, because the average analyst’s career lasts four
years. In my sample LTG forecasts are revised 22% of the time, while two-year-ahead EPS forecasts are
revised 74% of the time.
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compute the 11 aggregate earnings series, I sum realized and expected earnings for
all firms at each point in time and also sum the relevant prior-period scalar for the
same firms at that point in time, ensuring that the numerator and denominator
comprise the same firms. This aggregation approach is equivalent to value-
weighting firms. To compute period-to-period changes in realized and expected
earnings, I aggregate up contiguous periods for the same set of firms before
computing changes.

To estimate earnings betas, the various earnings measures are constructed either
at the portfolio-level or at the firm-level. These earnings measures are then
regressed each period (quarterly for realizations and monthly for expectations)
on equivalent aggregate-level measures using backward-rolling five-year windows
(minimum of three years) using the following model:

Measure;; = o, + (3; Measureygr + €i;. (1)

Equation (1) delivers time-varying estimates of earnings beta. See Appendix 2 for
further details on the construction of each earnings series and the process used to
estimate earnings beta. I also estimate market beta using a similar approach by
regressing monthly returns on CRSP value-weighted index returns over backward-
rolling five-year windows (see Appendix 1).

3 Research design and results
3.1 Sample and data description

I collect data on firm fundamentals, prices, and analysts’ earnings forecasts from
the intersection of Compustat, CRSP, and I/B/E/S. Table 1 describes the sample
construction, which starts with 1,392,337 firm-months covering all firms in the
I/B/E/S summary unadjusted files with forecasts for the next two fiscal years (F1
and F2) that can be matched with CRSP and Compustat data over 1976-2017."2 1
exclude government and non-operating establishments (SIC code 9000-9999).
Additional data is lost due to the five-year backward-rolling beta estimation
procedure and the requirement of characteristics for the firm-level pricing tests.
The final sample is 872,991 firm-months from April 1981 to June 2017 and covers
91.7% of the market value of the CRSP-Compustat-I/B/E/S merged universe.
Following Beaver et al. (2007), I use delisting returns from CRSP where
available and compute missing delisting returns using the average delisting return
for the same delisting code. For book values of equity, I use the latest available
quarterly or annual fiscal period. To avoid look-ahead bias and to ensure that the
same accounting reports that would be available to investors are used in the

12 Using one-year- and two-year-ahead forecasts provides the broadest possible coverage of firms in the cross-
section; requiring earnings forecasts for three and four years ahead would reduce the sample by about one-half.
Further, long-term forecasts are only available for about two-thirds of the firm-months and are revised
infrequently, likely due to stronger analyst incentives to focus on the short-term.
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Table 1 Sample Construction

Firm-months with I/B/E/S one- and/or two-year forecasts and CRSP/-
Compustat match

Remove government and non-operating establishments (SIC code:
9000-9999)

Number of firm-months in aggregate earnings series construction

Initial firm-months lost in five-year rolling beta estimations

Number of firm-level earnings beta estimates

Keep beta estimates using at least three years of data and require
characteristics data

Final sample (1981-2017)

Year Firms in I/B/E/S Firms with Betas Firms with Betas (%)

1981 1,553 1,094 70.4%
1982 1,793 1,226 68.4%
1983 2,099 1,241 59.1%
1984 2,516 1,273 50.6%
1985 2,578 1,383 53.6%
1986 2,640 1,543 58.4%
1987 2,874 1,679 58.4%
1988 2912 1,664 57.1%
1989 2,980 1,705 57.2%
1990 2,957 1,829 61.9%
1991 2,959 1,941 65.6%
1992 3,221 2,084 64.7%
1993 3,458 2,189 63.3%
1994 4,149 2,295 55.3%
1995 4,374 2,454 56.1%
1996 4,748 2,568 54.1%
1997 5,175 2,849 55.1%
1998 5,285 2,966 56.1%
1999 5,029 3,030 60.3%
2000 4,899 3,044 62.1%
2001 4,352 2,877 66.1%
2002 3,888 2,760 71.0%
2003 3,578 2,785 77.8%
2004 3,648 2,874 78.8%
2005 3,764 2,900 77.0%
2006 3,818 2,869 75.1%
2007 3,846 2,820 73.3%
2008 3,733 2,799 75.0%
2009 3,588 2,796 77.9%
2010 3,507 2,836 80.9%

Firm-months
1,392,337

—25,608

1,366,729
—399,138

967,591
—94,600

872,991

Market Value Coverage (%)
91.0%
89.1%
86.6%
85.2%
82.8%
84.9%
84.7%
91.7%
90.6%
92.1%
93.3%
92.4%
92.2%
88.9%
91.1%
89.7%
89.4%
91.3%
90.1%
89.2%
91.7%
93.5%
95.3%
94.7%
95.2%
94.3%
94.0%
93.5%
95.7%
95.3%
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Table 1 (continued)

2011 3,381 2,835 83.9% 94.4%
2012 3,187 2,704 84.8% 94.0%
2013 3,080 2,647 85.9% 96.5%
2014 3,078 2,587 84.0% 95.9%
2015 3,085 2,526 81.9% 95.8%
2016 2,967 2,441 82.3% 96.6%
2017 2,572 1,978 76.9% 88.2%
Average 3,440 2,327 68.1% 91.7%

This table summarizes the sample selection process. The final sample of firm-level beta estimates covers the
period from April 1981 to June 2017. The table also reports the number of firms each year used to compute
aggregate earnings series and the number of firms with estimated betas.

empirical analysis, prices are observed six months (¢ + 6) after fiscal period-end,
and returns are measured in month ¢+ 7, following Fama and French (1993).

Table 2 reports the distribution of the returns and beta estimates for the
portfolio-level and firm-level analyses. For the portfolio-level statistics, I form
50 decile portfolios each month by sorting firms on the basis of book-to-price,
earnings-to-price, size, long-term return reversal, and asset growth. There are
21,750 portfolio-month observations (50 portfolios X 435 months). For the firm-
level statistics, there are 872,991 firm-month observations over the 435 months
(36 years) from April 1981 to June 2017. One of the primary advantages of
forming portfolios is a reduction in noise in the beta estimation, which can be
observed in the reported coefficient of variation (i.e., standard deviation divided
by mean). For the portfolio-level beta estimates the coefficient of variation is an
order of magnitude lower than the firm-level estimates. Also, while at the firm-
level there are a large number of negative earnings betas (around the 25th
percentile), there are much fewer instances of negative earnings betas at the
portfolio-level (less than fifth percentile). This increased precision should enable
stronger inferences from the portfolio-level pricing tests.

Table 3 reports cross-sectional averages of monthly Pearson (above diagonal)
and Spearman (below diagonal) correlations between monthly returns and the
various beta estimates variables at the portfolio level (Panel A) and firm level
(Panel B). The portfolio-level correlations in Panel A show that value-weighted
monthly returns are negatively correlated (Pearson correlation of —0.038) with
market beta consistent with prior literature (e.g., Black 1972; Frazzini and Peder-
sen 2014) but are positively correlated with six out of the 11 earnings betas. The
highest correlation is for the price-scaled expectations shock beta (Pearson corre-
lation of 0.037). Earnings betas are all mostly positively correlated with market
beta as well as with each other.
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Earnings beta 97

3.2 Portfolio-level pricing tests

Consistent with standard asset pricing tests, the primary analyses are conducted at
the portfolio-level. This has the potential advantage of producing less noisy beta
estimates and reducing the potential influence of outliers. Thus the various earnings
series are accumulated up to the portfolio level in the same way that the aggregate
earnings series are constructed. I form portfolios by sorting firms on the basis of
five characteristics commonly used in the asset pricing literature: 10 each on size,
book-to-price, earnings-to-price, asset growth, and long-term return reversal. These
characteristics provide a spread in returns that is not explained by market beta. To
examine whether any of the earnings betas are priced, I use standard two-stage
cross-sectional pricing tests. In the first stage, I use eq. (1) to estimate time-varying
portfolio-level earnings betas by regressing the 11 different earnings series at the
portfolio level on analogous earnings series at the aggregate level over five year
backward-rolling windows. In the second stage, value-weighted monthly excess
returns for each portfolio are averaged over 1981 to 2017 and are regressed on the
time-series average of estimated portfolio betas from the first stage. Specifically, I
conduct the following portfolio-level pricing tests in the second stage:
e

7y =% +"7p + &p- (2)

If the earnings betas are priced in the cross-section of these portfolio average
returns, I expect the estimation of Eq. (2) to yield a positive and statistically
significant v, coefficient. Since the 11 different earnings series will deliver
different estimates of earnings beta, I am also interested in examining their relative
performance in order to assess whether the explanatory power of earnings beta is
sensitive to the construction of the earnings series used to estimate beta.

Table 4 reports the results of the two-stage cross-sectional pricing tests for the
value-weighted monthly average returns of the 50 characteristics-sorted portfolios.
Consistent with prior studies, market beta (row 1) cannot explain much of the
variation in returns. Six out of the 11 earnings betas have positive and significant
risk premiums (7;), including earnings-scaled expectations shock beta (row 3),
expected long-term growth beta (row 4), book-scaled realized earnings growth
beta (row 6), realized earnings yield beta (row 9), price-scaled realized earnings
growth beta (row 10), and price-scaled expectations shock beta (row 12). Two of
the earnings betas based on earnings levels, including expected ROE beta (row 7),
and expected earnings yield beta (row 11) have negative and significant risk
premiums, while realized ROE beta (row 5) and book-scaled expectations shock
beta (row 8) do not have significant risk premiums.'®> The largest coefficient is for

13 Interestingly, even though expected ROE beta and expected earnings yield beta have negative and
significant estimated risk premiums in Table 4, I find that several of the fitted excess returns for the 50
portfolios generated from these two approaches to estimate earnings beta are close to the average excess
returns, as shown by the cluster of data points along the diagonal in Figure 1 (see Panels g and k). This
visualization of the fit corroborates the R2 of 20% and 30% for expected ROE beta and expected earnings
yield beta, respectively. One potential explanation for the negative risk premiums could be that the pricing
tests are weak and are sensitive to the selection of characteristics used to sort firms into portfolios. Therefore, I
conduct additional portfolio-level and firm-level pricing tests for robustness and find that these two betas have
consistently positive risk premiums.
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98 A. Ellahie

Table 4 Two-Stage Cross-Sectional Pricing Tests

(6] 2 3) (€] (5)

Beta Estimation Model: Y (o) M () Adj. R?
1 Market Beta 1.076**%  (4.67) —0.346 (-1.64) 85%
2 Realized Earnings Growth Beta 0.647*%%%  (17.69)  0.026 (1.51) 1.6%
3 Earnings-scaled Expectations Shock Beta 0.637#*%  (25.50) 0.029%3#:% “4.11) 6.9%
4 Expected Long-Term Growth Beta 0.635%**  (22.66) 0.031** 2.22) 6.6%
5 Realized ROE Beta 0.654***  (15.98) 0.028 (1.02) -0.1%
6 Book-scaled Realized Earnings Growth Beta  0.611***  (13.59) 0.067** (2.08) 4.8%
7  Expected ROE Beta 0.901**%  (16.65) —0.219*** (=3.79)  20.0%
8 Book-scaled Expectations Shock Beta 0.815%** (8.08) —0.140 -1.17) 2.8%
9  Realized Earnings Yield Beta 0.619%#% (21.16)  0.050***  (3.83) 13.5%
10 Price-scaled Realized Earnings Growth Beta ~ 0.629***  (23.51) 0.033%3#:% (5.45) 152%
11 Expected Earnings Yield Beta 0.939%#%  (14.18) —0.317*** (=3.70) 30.0%
12 Price-scaled Expectations Shock Beta 0.438#3#% (8.55) 0.218%3#% (549) 41.9%

This table reports results of two-stage cross-sectional regressions of portfolio-level value-weighted average
excess returns on average portfolio-level estimates of various measures of beta. The analysis uses 50 portfolios
created by sorting firms each month into deciles on the basis of size, book-to-price, earnings-to-price, asset
growth, and long-term return reversal. Each row in the table represents a cross-sectional regression using
different portfolio-level beta estimates. See Appendix 2 for further details about the various estimates of
earnings beta. In the first stage, time-varying portfolio betas (3,) are estimated from backward-rolling
regressions over five years (minimum of three years required) of the relevant portfolio-level measure on the
aggregate-level measure (Measure, ;=cy,+[3, Measurey, ,+¢, ). In the second stage, value-weighted
monthly excess returns for each portfolio averaged over the 1981 to 2017 period are regressed on the time-
series average of estimated portfolio betas ([37) from the first stage using the following model:
="t 718, + €p- The tables report coefficients and robust #-statistics in parentheses from the second-
stage cross-sectional regressions. The coefficient of interest is the estimated risk premium +; in column 3, and
the predicted sign is positive. The adjusted R? is also reported. The asterisks *, **, and *** indicate statistical
significance at the 10%, 5%, and 1% levels, respectively. The sample period is April 1981 to June 2017
(435 months). The estimated coefficients in each row are used to generate the plots for value-weighted average
excess returns against fitted excess returns presented in Fig. 1.

the price-scaled expectations shock beta of 0.218 with a #-statistic of 5.49 (adjust-
ed R? of 41.9%), which suggests an estimated annual risk premium of 2.6%
(0.218 x 12).

Figure 1 presents scatter plots for the value-weighted average excess returns
against fitted (i.e., predicted) excess returns for the 50 test portfolios over the full
sample. Fitted returns are generated from the estimated coefficients in Table 4 for
market beta and for each of the 11 earnings betas. These plots help to visualize the
results in Table 4 by showing whether the fitted returns for the 50 portfolios
generated from the various estimated betas lie along the diagonal line. Corrobo-
rating the results in Table 4, price-scaled expectations shock beta has the best
explanatory power for value-weighted excess returns of the 50 test portfolios.

Generally, earnings betas based on changes in earnings (i.e., growth) outper-
form betas based on levels of earnings, betas based on earnings expectations
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a: Market Beta
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Fig. 1 Average Excess Returns versus Fitted Excess Returns, a: Market Beta, b: Realized Earnings Growth
Beta, ¢: Earnings-scaled Expectations Shock Beta, d: Expected Long-Term Growth Beta, e: Realized ROE
Beta, f: Book-scaled Realized Earnings Growth Beta, g: Expected ROE Beta, h: Book-scaled Expectations
Shock Beta, i: Realized Earnings Yield Beta, j: Price-scaled Realized Earnings Growth Beta, k: Expected
Earnings Yield Beta, I: Price-scaled Expectations Shock Beta. This figure shows plots of value-weighted
average monthly excess returns against fitted excess returns for 50 portfolios over the 1981-2017 period: 10
size-sorted from small (s1) to large (s10), 10 B/P-sorted from low (b1) to high (b10), 10 E/P-sorted from low
(el) to high (e10), 10 asset growth-sorted from low (al) to high (al0), and 10 long-term return reversal-sorted
from low (rl) to high (r10). First, earnings betas for each portfolio (p) are estimated from 60-month rolling
regressions using this model: Measure; ,= o;+ 3; Measureyr, ,+¢; , where Measure is either returns (for
Market Beta) or one of 11 earnings measures (for Earnings Beta) described in Appendix 2. Second, value-
weighted average monthly excess returns for portfolios are regressed on average estimated betas from the first
stage using the following model: 7 = v, + 71@ + €,. Each panel uses a different beta estimate to generate
fitted excess returns for the 50 portfolios and plots them against value-weighted average excess returns.
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Fig. 1 (continued)

outperform betas based on earnings realizations, and betas based on changes in
expectations of earnings outperform betas based on levels of expectations. Also,
betas based on price-scaled earnings series outperform betas based on book-scaled
earnings series.

Next, I conduct out-of-sample pricing tests by splitting the 1981-2017 sample
period into two subsamples (1981-1996 and 2002-2017) and removing the beta
estimation period of five years between the two subsamples. I estimate earnings
betas separately for each subsample and examine whether betas from one sub-
sample can explain cross-sectional variation in value-weighted monthly returns in
the other. Panel A of Table 5 reports the results of pricing tests for monthly
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Table 5 Out-of-Sample Pricing Tests

1) 2) 3) “4) )
Beta Estimation Model: Y (o) ol ) Adj. R?

Panel A: Beta Estimation from 1981 to 1996 and Return Measurement from 2002 to 2017

1 Market Beta 1.064**%  (6.73) —0.356**  (-2.46) 53%
2 Realized Eamnings Growth Beta 0.674*%**%  (16.86)  0.000 0.01) —2.1%
3 Earnings-scaled Expectations Shock Beta 0.632%*%  (23.48) 0.030%* 2.10) 4.6%
4 Expected Long-Term Growth Beta 0.623***  (26.97) 0.036%** 4.34) 8.9%
5 Realized ROE Beta 0.814%#=  (18.18) —0.143*** (=3.40) 13.7%
6 Book-scaled Realized Earnings Growth Beta  0.689***  (10.04) —0.014 (-0.19) —2.0%
7  Expected ROE Beta 0.820%**%  (17.46) —0.156*** (=3.39) 22.0%
8 Book-scaled Expectations Shock Beta 0.956***%  (10.31) —0.314*** (-2.80) 15.0%
9 Realized Earnings Yield Beta 0.704%3% 9.76) —0.027 -041) -12%
10 Price-scaled Realized Earnings Growth Beta ~ 0.621***  (22.51) 0.038%* (2.06) 6.7%
11 Expected Earnings Yield Beta 1.042%%%  (15.75) —0.412%** (=5.87) 31.1%
12 Price-scaled Expectations Shock Beta 0.446***  (10.39) 0.184 %% (5.63) 26.7%

Panel B: Beta Estimation from 2002 to 2017 and Return Measurement from 1981 to 1996

1 Market Beta 0.640***  (4.40)  0.036 029 -1.9%
2 Realized Earnings Growth Beta 0.648***  (15.57) 0.029 (1.07) 0.3%
3 Earnings-scaled Expectations Shock Beta 0.670%**  (21.04) 0.007 054 -1.3%
4 Expected Long-Term Growth Beta 0.691*** (20.27) —0.005 -0.29) -1.7%
5 Realized ROE Beta 0.669***  (19.58)  0.012 0.66) —1.4%
6 Book-scaled Realized Earnings Growth Beta  0.670***  (16.49) 0.012 047) -1.8%
7  Expected ROE Beta 0.766***%  (12.21) —0.079 (-1.42) 1.6%
8  Book-scaled Expectations Shock Beta 0.711%%%  (7.34) —0.029 (-0.28) -1.8%
9  Realized Earnings Yield Beta 0.670***% (23.88)  0.008 (1.04) —-0.9%
10  Price-scaled Realized Earnings Growth Beta ~ 0.665***  (22.83)  0.009 (1.31)  0.0%
11 Expected Earnings Yield Beta 0.736***%  (14.17) —0.073 -1.17) 1.6%
12 Price-scaled Expectations Shock Beta 0.544**%  (11.22) 0.112%* 256) 11.8%

This table reports results of out-of-sample two-stage cross-sectional regressions of portfolio-level value-weighted
average excess returns on average portfolio-level estimates of various measures of beta. The sample period from April
1981 to June 2017 is split into two subsamples: 1981-1996 and 2002-2017. The periods 1981-1996 and 20022017
were selected by splitting 19812017 into two subsamples and removing the beta estimation period of five years in
between the two subsamples. Panel A uses the 1981-1996 subsample to estimate betas and conducts pricing tests
using value-weighted average excess returns over the 20022017 subsample. Panel B uses the 2002—2017 subsample
to estimate betas and conducts pricing tests using value-weighted average excess returns over the 1981-1996
subsample. The analysis uses 50 portfolios created by sorting firms each month into deciles on the basis of size,
book-to-price, earnings-to-price, asset growth, and long-term return reversal. Each row in the table represents a cross-
sectional regression using different portfolio-level beta estimates. See Appendix 2 for further details about the various
estimates of earnings beta. In the second stage, value-weighted average monthly excess returns for each portfolio from
one subsample are regressed on the time-series average of estimated portfolio betas from the second subsample, as
indicated. The tables report coefficients and robust #-statistics in parentheses from the second-stage cross-sectional
regressions. The coefficient of interest is the estimated risk premium ; in column 3, and the predicted sign is positive.
The adjusted R2 is also reported. The asterisks *, **, and *** indicate statistical significance at the 10%, 5%, and 1%
levels, respectively.
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Table 6 Three-Pass Pricing Tests

()] @ (3) @ (5)

Beta Estimation Model: Y (o) " o™ R2
1 Market Beta 0.839%#*%  (6.36)  0.161 0.64)  99.1%
2 Realized Earnings Growth Beta 0.839%#*%  (6.36)  0.464 (121)  64.6%
3 Earnings-scaled Expectations Shock Beta 0.839***  (6.36)  0.485 (148) 673%
4 Expected Long-Term Growth Beta 0.804***  (6.22)  0.391 (1.28)  65.5%
5 Realized ROE Beta 0.839*#*%  (6.36)  0.021 0.59)  50.8%
6 Book-scaled Realized Earnings Growth Beta ~ 0.839%** (6.36) 0.040 (1.16) 61.3%
7 Expected ROE Beta 0.839%#*%  (6.36)  0.326%*  (2.07) 53.1%
8 Book-scaled Expectations Shock Beta 0.839%*3* (6.36) 0.386** (2.20) 58.4%
9 Realized Earnings Yield Beta 0.839%#*%  (6.36)  0.058* (1.67)  524%
10 Price-scaled Realized Earnings Growth Beta 0.839***  (6.36)  0.034* (1.81)  59.0%
11 Expected Earnings Yield Beta 0.839%#*%  (6.36)  0.461**  (2.32) 382%
12 Price-scaled Expectations Shock Beta 0.839***  (6.36)  0.487**  (2.26) 60.7%

This table reports results from asset pricing tests based on the three-pass regression estimator developed by
Giglio and Xiu (2019). The pricing tests involve 202 portfolios: 25 portfolios sorted by size and book-to-price,
17 industry portfolios, 25 portfolios sorted by operating profitability and investment, 25 portfolios sorted by
size and variance, 35 portfolios sorted by size and net issuance, 25 portfolios sorted by size and accruals, 25
portfolios sorted by size and beta, and 25 portfolios sorted by size and momentum. Each row in the table
reports coefficients and #-statistics in parentheses from the three-pass regression for different estimates of beta.
See Appendix 2 for further details about the various estimates of earnings beta. The Giglio and Xiu (2019)
three-pass regression estimator allows for an unconstrained zero-beta rate and extracts six principal compo-
nents from the returns of the 202 portfolios. The estimation was conducted using code made available by the
authors on their website and was downloaded from https://dachxiu.chicagobooth.edu. The coefficient of
interest is the estimated risk premium 7 in column 3, and the predicted sign is positive. The table also
reports the R2 for the time-series regression of the value-weighted returns of the factor (g) underlying each
beta estimation model onto the six principal components. The asterisks *, **, and *** indicate statistical
significance at the 10%, 5%, and 1% levels, respectively.

returns over the 2002-2017 period when earnings betas are estimated over the
1980—-1996 period. The results generally echo the full-sample results in Table 4
with four of the 11 earnings betas continuing to have positive and significant risk
premiums. The largest risk premium is for price-scaled expectations shock beta,
which explains 26.7% of the variation in returns. Panel B of Table 5 reports the
results of pricing tests for monthly returns over the earlier subsample (1980-1996)
when earnings betas are estimated over the later subsample (2002-2017). Except
for price-scaled expectations shock beta, all the other betas have insignificant risk
premiums.

Finally, in light of the concerns expressed by Lewellen et al. (2010) about using
a limited set of portfolios in pricing tests, I also employ the three-pass regression
pricing tests proposed by Giglio and Xiu (2019) to account for potentially omitted
factors in standard pricing tests. These pricing tests involve 202 portfolios includ-
ing 25 portfolios sorted by size and book-to-price, 17 industry portfolios, 25
portfolios sorted by operating profitability and investment, 25 portfolios sorted
by size and variance, 35 portfolios sorted by size and net issuance, 25 portfolios
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Table 7 Factor-Mimicking Portfolios Formed on Beta

Panel A: Value-Weighted Average Excess Returns and Alphas for Factor-Mimicking Portfolios

VW Excess Returns Six-Factor Alpha IPCA Five-Factor Alpha
(¢Y) (2) 3) ) 5) (6)

Factor-Mimicking Portfolio re t(re) o t(oxg) o t(xg)
formed on:

1 Market Beta -0.132 (-0.52) —0.098 (=0.53) —0.255% (—1.66)

2 Realized Earnings Growth —0.138 (—0.74) —0.136 (=0.77) —0.116 (—0.80)
Beta

3 Earnings-scaled Expectations —0.135 (—0.65) —0.089 (=0.55) -0.127 —0.77)
Shock Beta

4 Expected Long-Term -0.111 (—0.48) —0.104 (=0.54) —0.158 (—0.88)
Growth
Beta

5 Realized ROE Beta —-0.092 (-0.57) —-0.116 (-0.75) -0.012 (—0.09)

6  Book-scaled Realized -0.136 -0.77) —0.087 (-0.52) -0.175 (-1.26)
Earnings Growth Beta

7  Expected ROE Beta 0.184 (1.42) 0.173 (1.45) 0.273%%%  (2.67)

Book-scaled Expectations 0.293* (1.90) 0.294%* (1.99) 0.311%* (2.56)

Shock Beta

9  Realized Earnings Yield Beta —0.002 (-0.01) —0.078 (=0.51) 0.120 (0.86)

10 Price-scaled Realized -0.070 (-0.37) —-0.100 (-0.56) -0.016 (—0.10)
Earnings Growth Beta

11 Expected Earnings Yield 0.434%%*  (3.77) 0.471%%*  (4.13) 0.359*%**  (3.16)
Beta

12 Price-scaled Expectations 0.723*%*%*  (4.05) 0.488***  (2.70) 0.422%**  (2.96)
Shock Beta

Panel B: Factor Loadings for Factor-Mimicking Portfolios

@ 2 3) (O] ()] ©)

Factor-Mimicking Portfolio RMRF SMB HML RMW CMA UMD
formed on:

1 Market Beta 0.553%%%  0.424%8%  —0.243%%  —0.470%** —0.400%**  —0.169%**

2 Realized Earnings Growth 0.169%**  0A475%#k%  (0.219* —0.417%%%  —(0.284%* 0.008
Beta

3 Earnings-scaled Expectations ~ 0.296%%*  0.379*** —(0.022 —0.714%%%  0.241%* —0.106**
Shock Beta

4 Expected Long-Term 0.278***  (0.397*** —0.021 —0.595%**  0.191 —0.142%%
Growth Beta

5 Realized ROE Beta 0.180%**  0.279%#* —0.113 —0.130 —0.055 —0.097%*

6  Book-scaled Realized 0.150%#*  0.358*#*%  (0.028 —0.363*** —0.146 —0.082*
Earnings Growth Beta

Expected ROE Beta 0.156%**  —0.011 —0.422%*%*  —0.062 0.028 —0.035
Book-scaled Expectations 0.203%%*  (.135%*%  —0.215%*  —0.275%**  0.046 —0.040

Shock Beta

9 Realized Earnings Yield Beta ~ 0.213%#*  (.279%#*  (.354%%* —(05]1*** —0.109 0.006

10 Price-scaled Realized 0.183%#%%  (.423%kk (. 504%**  —0.5]13%%* —0.207 -0.013
Earnings Growth Beta

11 Expected Earnings Yield 0.121%%%  —0.149%#%  —(0.139%*  —0.236%** —0.140* —0.031
Beta

12 Price-scaled Expectations 0.184%#%  (0.292%#%  (.137* —0.520%** —0.206 —0.040
Shock Beta
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This table reports value-weighted average excess retumns, alphas, and factor loadings for factor-mimicking
portfolios formed by ranking firms each June on the basis of different estimates of beta. The portfolio
formation procedure adopts the methodology used for the Small Minus Big (SMB) size and High Minus
Low (HML) value factors by Fama and French (1993). The beta-sorted portfolios mimic the returns from a
long-short strategy that invests in high beta firms and shorts low beta firms. See Appendix 2 for further details
about the different estimates of earnings beta used to form the portfolios. For each factor-mimicking portfolio,
Panel A reports value-weighted average excess return in column 1, alphas from the Fama and French (2015)
five-factor model plus the Carhart (1997) momentum factor (i.e., six-factor alpha) in column 3, and alphas
from the Kelly et al. (2019) unrestricted five-factor Instrumental Principal Component Analysis (IPCA) model
in column 5. The data and code for the five-factor ICPA model is available on Seth Pruitt’s website and was
downloaded from https://sethpruitt.net/research/downloads. The alphas are computed from time-series regres-
sions of value-weighted average excess returns for each portfolio on the relevant factors. Panel B reports six-
factor loadings for each portfolio from the following regression using monthly data: Iy, =00+ B1RMRF,
+B,SMB; + B3HML; + 34 RMW, + 35 CMA,; + B¢UMD; + ¢,,. RMREF is the value-weighted return for
all CRSP firms less the one-month risk-free rate. Up Minus Down (UMD) is the Carhart (1997) momentum
factor. The RMRF (market), SMB (size), HML (value), RMW (profitability), CMA (investment), and UMD
factors are from Kenneth French’s website. The sample period covers April 1981 to June 2017. The #-statistics
reported in each column alongside the portfolio returns and alphas are based on standard errors clustered by
month. The asterisks *, ** and *** indicate statistical significance at the 10%, 5%, and 1% levels,
respectively.

sorted by size and accruals, 25 portfolios sorted by size and beta, and 25 portfolios
sorted by size and momentum. Table 6 reports the estimated risk premiums using
the estimator of Giglio and Xiu (2019), which allows for an unconstrained zero-
beta rate and extracts six principal components from the returns of the 202
portfolios. I find that six of the 11 earnings betas carry positive and significant
risk premiums. Consistent with the previous pricing tests, earnings betas based on
expected earnings outperform those based on realized earnings, and carry an
estimated annual risk premium ranging from 4% to 6%. Different from the
previous pricing tests, while expected ROE beta and expected earnings yield beta
had negative and significant risk premiums in Table 4, these betas now have
positive and significant risk premiums. I also find that price-scaled expectations
shock beta is among the best performers with a positive and significant estimated
risk premium.

3.3 Factor-mimicking portfolios

To further test whether systematic risk in earnings is priced, I form 12 factor-
mimicking portfolios on the various beta estimates and perform time-series pricing
regressions on excess returns of known risk factors. To form the portfolios, I
follow the Fama and French (1993) procedure to sort all firms each June into
quintiles based on firm-level estimates of the 11 earnings betas and market beta.
Then I form factor-mimicking portfolios that buy high beta firms and short low
beta firms and measure the value-weighted monthly excess returns for these long-
short portfolios. If systematic risk in earnings is priced, I expect to see differences
in the returns of these beta-sorted portfolios. Panel A of Table 7 reports value-
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weighted average excess returns and risk-adjusted alphas for the factor-mimicking
portfolios formed on various estimates of beta. The factor-mimicking portfolio for
price-scaled expectations shock beta (row 12) has the highest value-weighted
monthly average excess returns of 0.72% followed by expected earning yield beta
(0.43%) and book-scaled expectations shock beta (0.29%). The factor-mimicking
portfolio for price-scaled expectations shock beta also has the highest six-factor
alpha of 0.49% (5.9% annually) after adjusting for the factors proposed by Fama
and French (2015) and Carhart (1997). I find similar results when using the five-
factor Instrumented Principal Component Analysis (IPCA) model developed by
Kelly et al. (2019).

Panel B of Table 7 reports the factor loadings for the 12 factor-mimicking
portfolios on the six-factors from Fama and French (2015) and Carhart (1997).
Perhaps unsurprisingly, the value-weighted average excess returns for all factor-
mimicking portfolios load strongly and positively on the market factor (RMRF).
The returns for 10 of the portfolios load strongly and positively on the size factor
(SMB), suggesting that the higher returns for small firms could compensate for
higher exposure to systematic risk in earnings. The returns for the portfolios
formed on realized earnings growth beta (row 2), realized earnings yield beta
(row 9), price-scaled realized earnings growth beta (row 10), and price-scaled
expectations shock beta (row 12) also load positively and significantly on the
value (HML) factor. This is consistent with these earnings betas being able to
explain excess returns of B/P-sorted portfolios in Table 4 and is consistent with a
risk-based explanation for book-to-price (Ellahie et al. 2020). The returns for all
the portfolios load negatively on the profitability factor (RMW), which points to a
negative relation between ROE and beta, consistent with Penman (1991). Finally,
the investment (CMA) and momentum factors (UMD) mostly relate negatively
with returns for the factor-mimicking portfolios, although many of the estimated
coefficients are statistically insignificant.'*

3.4 Firm-level pricing tests

Next, I move to firm-level two-stage cross-sectional pricing tests. I use the time-
varying firm-level beta estimates from the first-stage to estimate the following
second-stage cross-sectional model to predict monthly excess returns (firm sub-
scripts suppressed):

”f+1 =, + 7, Beta, + v,Size, + v;B/P; + Y411 + Vsh12,2 + €t (3)

I estimate Eq. (3) for one-month-ahead excess returns using the Fama and Macbeth
(1973) approach and following Lewellen (2015), I assess statistical significance using
heteroskedasticity and autocorrelation-consistent Newey-West -statistics that incorpo-
rate four lags. The coefficient of interest is the estimated risk premium () and is
expected to be positive and statistically significant. I control for firm-level characteristics

' In a similar vein, the literature documents that momentum portfolio returns are not due to compensation for
systematic risk and possibly are due to delayed stock price reaction (Jegadeesh and Titman 1993).
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commonly used in standard pricing tests, following Ball et al. (2015, 2016). These
control variables include size, book-to-price, short-term reversal, and momentum. (See
Appendix 1 for variable definitions.) Size and short-term reversal are expected to have a
negative sign, while book-to-price and momentum are expected to have a positive sign.

Panel A of Table 8 reports the time-series average of the coefficients estimated using
Eq. (3). Each column of the table uses a different estimate of beta, with column 1 using
market beta and columns 2—12 using each of the 11 different estimates of earnings beta.
Consistent with prior findings, the coefficient on market beta in column 1 is insignif-
icant. Four of the 11 earnings betas have positive and significant risk premiums at the
firm-level, including expected ROE beta, book-scaled expectations shock beta, expect-
ed earnings yield beta, and price-scaled expectations shock beta. The largest coefficient
is for the price-scaled expectations shock beta of 0.104 with a z-statistic of 4.49, which
suggests an estimated annual risk premium of 1.2% (0.104 x 12). Overall, the firm-
level results are mostly consistent with the portfolio-level results, with earnings betas
based on expected earnings outperforming earnings betas based on realized earnings.'
Also consistent with the Giglio and Xiu (2019) pricing tests, expected ROE beta and
expected earnings yield beta have positive and significant risk premiums. The coeffi-
cients on size, book-to-price, short-term reversal, and momentum have the expected
signs and the relations are consistent with those reported elsewhere (e.g., Lewellen
2015; Ball et al. 2015, 2016).

In Panel B of Table 8, I replace the standard control variables in Eq. (3) with the 36
firm-level characteristics considered by Kelly et al. (2019) and Freyberger et al. (2020).
For brevity, Panel B does not report individual coefficients for the 36 firm character-
istics. The sample is reduced due to the additional data requirements for the 36 firm
characteristics and ends in May 2014 based on the dataset made available by Kelly
et al. (2019). Even in this reduced sample, the main inferences remain unchanged.
Earnings betas based on expected earnings continue to explain an economically
meaningful proportion of the cross-s