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ABSTRACT

We decompose the returns of five well-known anomalies into cash flow and discount
rate news. Common patterns emerge across the five factor portfolios and their mean-
variance efficient (MVE) combination. Whereas discount rate news predominates in
market returns, systematic cash flow news drives the returns of anomaly portfolios
and their MVE combination with the market portfolio. Anomaly cash flow and dis-
count rate shocks are largely uncorrelated with market cash flow and discount rate
shocks and with business cycle fluctuations. These rich empirical patterns restrict the
joint dynamics of firm cash flows and the pricing kernel, thereby informing models of
stocks’ expected returns.

OVER THE PAST 30 YEARS, researchers have uncovered robust patterns in stock
returns that contradict classic asset pricing theories. A prominent example is
that value stocks outperform growth stocks, even though they are similarly
exposed to fluctuations in the overall stock market. To exploit such anomalies,
investors can form long-short portfolios (e.g., long value and short growth) with
high average returns and near-zero market risk. These long-short anomaly
portfolios are an important part of the mean-variance efficient (MVE) portfolio
and thus the stochastic discount factor (SDF). In the five-factor Fama and
French (2015) model, nonmarket factors account for 85% of the variance in the
model’s implied SDF.!

Researchers sharply disagree about the source of these nonmarket factors.
Several different models, both risk-based and behavioral, can explain why
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long-short portfolios based on valuation ratios and other characteristics earn
high average returns.? In this paper, we introduce an efficient empirical tech-
nique for decomposing anomaly portfolio returns, as well as their MVE combi-
nation, into cash flow (CF) and discount rate (DR) shocks (news) as in Campbell
(1991). These decompositions provide a wide array of new facts that can guide
specifications of asset pricing theories.

To see how this CF-DR decomposition relates to extant theories, consider at
one extreme the model of noise trader risk proposed by De Long et al. (1990). In
this model, firm CFs are constant, implying that all return variation arises from
changes in DRs. At the other extreme, consider the simplest form of the Capital
Asset Pricing Model (CAPM) in which firm betas, the market risk premium,
and the risk-free interest rate are constant. In this setting, expected returns
(DRs) are constant, which implies that all return variation arises from changes
in expected CFs. More generally, models that explain how firm characteristics
like book-to-market (BM) or investment are related to expected firm returns
have implications for the joint distribution of firm CF's and the pricing of these
CF's. Applying our empirical methodology to simulated data from any such
theory allows one to test whether the model matches the empirical properties
of CF and DR shocks to anomaly portfolios and their MVE combination.

Our empirical work focuses on the annual returns of five well-known
anomalies—value, size, profitability, investment, and momentum—from 1929
to 2017. We uncover three sets of novel findings for theories to explain. First,
for all five anomalies, CF news explains most (64% to 80%) of the variation in
anomaly returns. This finding builds on Cohen, Polk, and Vuolteenaho (2003,
2010; hereafter CPV), who show that CFs explain most of the variance in the
returns of the value anomaly. It also builds on Fama and French (1995), who
show that portfolios formed on size and value experience systematic shocks to
earnings. We find that such systematic earnings shocks occur not only in size
and value factor portfolios but also in profitability, investment, and momentum
portfolios. Moreover, unlike Fama and French (1995), we are able to explicitly
link systematic shocks to firms’ earnings to the returns of the anomaly portfo-
lios. To evaluate implications for the SDF, we combine all five anomalies into an
MVE anomaly portfolio and continue to find that CF shocks explain most (73%)
of the MVE portfolio’s return variance. This finding contrasts with the stylized
fact that DR shocks explain most of market return variance (see, e.g., Camp-
bell (1991) and Cochrane (2011))—a fact that we replicate. The CF shock to
the anomaly MVE portfolio represents a large and common source of variation
in firms’ CF shocks that spans anomaly boundaries, which runs counter to the
conclusion in Vuolteenaho (2002; hereafter V02) that “cash-flow information is
largely firm specific” (p. 259).

Second, the CF and DR components in anomaly returns exhibit only
weak correlations with the corresponding components in market returns.

2 See, for example, Barberis, Shleifer, and Vishny (1998); Berk, Green, and Naik (1999); Hong
and Stein (1999); Daniel, Hirshleifer, and Subrahmanyam (2001); Zhang (2005); Lettau and
Wachter (2007); and Kogan and Papanikolaou (2013).
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Conceptually, there are four correlations of interest between anomaly and mar-
ket CF and DR components, all of which affect an anomaly’s market beta. The
correlations between market CFs and the five anomaly CF's range from —0.22
to 0.13. We can reject the hypothesis that CF shocks to the MVE portfolio that
consists of all five anomalies are positively correlated (above 0.11) with market
CF shocks, indicating that the anomaly MVE portfolio and the market portfolio
are exposed to distinct fundamental risks. In addition, we estimate that the
correlation between anomaly MVE DR news and market DR news is just 0.06
(SE = 0.12).

Our third finding is that, for most anomalies, CF and DR shocks are neg-
atively correlated. That is, firms with negative news about future CFs tend
to experience persistent increases in DRs. This association contributes signif-
icantly to return variance in anomaly portfolios. A notable caveat is that this
result applies to anomaly portfolios based on stocks with market capitaliza-
tion not in the bottom quintile of New York Stock Exchange (NYSE) stocks,
which roughly corresponds to excluding stocks popularly known as microcaps.
In an alternative specification that includes microcaps, these stocks exert a
large influence on some findings because they are numerous and have volatile
characteristics and returns. Although our first two findings are essentially un-
changed in this alternative specification, the correlation between anomaly CF
and DR news abecomes positive.?

Our main findings cast doubt on three types of anomaly theories. First,
theories in which DR news is the primary source of anomaly returns, such as
De Long et al. (1990), are inconsistent with evidence that CF news dominates
over returns. The main reason anomaly portfolios’ returns are volatile is that
CF shocks are highly correlated across firms with similar characteristics. For
example, the long-short investment portfolio is volatile mainly because the CF's
of a typical high-investment firm are more strongly correlated with the CF's of
other high-investment firms than with those of low-investment firms. The small
variance of anomaly DR news does not imply small variation in the conditional
expected returns to anomaly portfolios. Indeed, we find substantial variation
in anomalies’ one-year expected returns, consistent with, for example, Haddad,
Kozak, and Santosh (2018). However, because this expected return variation is
not highly persistent, it has a small impact on stock prices and thus realized
anomaly returns.

Second, theories that emphasize commonality in DRs, such as theories of
time-varying risk aversion (e.g., Santos and Veronesi (2010)) and theories of
common investor sentiment (Baker and Wurgler (2006)), are difficult to recon-
cile with the low correlations between anomaly and market DR shocks. Third,
theories in which anomaly CF news is strongly correlated with market CF
news, in particular CF beta stories such as Zhang (2005), are inconsistent with

3 At the firm level, our results with and without microcaps are consistent with the finding in
V02 that the correlation between CFs and DRs is highest for the smallest firms as well as with
the finding in Mendenhall (2004) that postearnings announcement drift is concentrated in the
smallest firms.

519917 SUOLILOO SAIBRID 3|eo1jdde 3y AQ pauRA0B 812 SOILE YO 95N J0'SBINI 10} AReJd]| T BUIIUO AB]IM UO (SUOIIPUOD-PLB-SLLLBILIOD" /B | IW ARG IPUIIUO//-STNY) SUOIIPUOD PUE SWLB 1 41 885 *[E202/0/Z] U0 A2IqIT8U1IUO AS1IM 591 Ad 9.82T"HOTTTT OT/I0p/wo0 /a1 AXeiq 1PU1U0//Scy Wosy papeojumod ‘s ‘0202 ‘T9290vST



1420 The Journal of Finance®

empirical correlations that are close to zero. To investigate other sources of
commonality predicted by these theories, we relate components of anomaly re-
turns to measures of macroeconomic activity, such as consumption growth, and
proxies for time-varying risk aversion, such as the default spread and investor
sentiment. We find little evidence of a relation between the anomaly return
components (CF or DR) and measures of macroeconomic activity, and only
weak relationships between anomaly DR shocks and proxies for risk aversion
and sentiment.

In contrast, some theories of firm-specific biases in information processing
as well as theories of firm-specific changes in risk are consistent with our three
main findings. Such theories include behavioral models in which investors
overreact to news about firms’ long-run CF's (e.g., Daniel, Hirshleifer, and Sub-
rahmanyam (2001)) and risk-based models in which firm risk increases after
negative news about long-run CFs (e.g., Kogan and Papanikolaou (2013)). In
these theories, DR shocks amplify the effect of CF shocks on returns, consis-
tent with the negative empirical DR-CF correlation in our main specification.
These theories are also consistent with low correlations between anomaly re-
turn components and market return components. As noted above, for micro-
caps, we instead find that the DR-CF correlation is positive. This suggests
that for the smallest firms, underreaction to CF news or a positive corre-
lation between firm risk and CF news is the dominant force, unlike in the
theories mentioned above. Thus, theories that aim to understand the cross sec-
tion of firms’ CFs and returns should clearly state how they apply to firms of
different sizes.

Our approach builds on the log-linear approximation of stock returns in
Campbell and Shiller (1988). Campbell (1991) uses this approximation to de-
compose overall stock market returns into CF and DR components, while V02
decomposes individual firms’ returns. We directly estimate firms’ DR shocks
using an unbalanced panel vector autoregression (VAR) in which we impose
the present-value relation to derive CF shocks. Unlike most prior work, we
analyze the implications of our firm-level estimates for priced (anomaly) factor
portfolios to investigate the fundamental drivers of these factors’ returns. The
panel VAR, as opposed to a time-series VAR for each anomaly portfolio, fully
exploits information about the cross-sectional relation between shocks to char-
acteristics and returns. Our panel approach that allows us to consider more
return predictors substantially increases the precision of the return decomposi-
tion, and mitigates small-sample issues.* Motivated by Chen and Zhao’s (2009)
finding that VAR results can be sensitive to variable selection, we show that
our return decompositions hold across many different specifications.

4 More subtly, inferring CF and DR shocks directly from a VAR estimated using returns and CFs
of rebalanced anomaly portfolios (trading strategies) obfuscates the underlying sources of anomaly
returns. Firms’ weights in anomaly portfolios can change dramatically with the realizations of stock
returns and firm characteristics. In Internet Appendix Section I, we provide extreme examples in
which, for instance, firms’ expected CF's are constant but direct VAR estimation suggests that all
return variation in the rebalanced anomaly portfolio comes from CF shocks. The Internet Appendix
may be found in the online version of this article.
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The V02 study finds that CF news is the main determinant of firm-level
returns, which we confirm in our sample. V02 further argues that DR news is
the main determinant of market-level returns, which we also confirm. Cohen,
Polk, and Vuolteenaho (2003) and CPV use various approaches to argue that CF
news is the main determinant of returns on the long-short value-minus-growth
portfolio, consistent with our findings for value. Our study is unique, in that, we
analyze multiple anomalies along with the market and most importantly the
MVE portfolio, which enables us to uncover robust patterns across anomalies
and the MVE portfolio.

Lyle and Wang (2015) estimate the DR and CF components of firms’ BM
ratios by forecasting one-year returns using return on equity (ROE) and BM
ratios. They focus on stock return predictability at the firm level and do not
analyze the sources of anomaly returns. Our work is also related to studies
that use the log-linear approximation of Campbell and Shiller (1988) for price-
dividend ratios, typically applied to the market portfolio (see, e.g., Campbell
(1991), Larrain and Yogo (2008), van Binsbergen and Koijen (2010)).

The paper proceeds as follows. Section I discusses different theories’ implica-
tions for anomaly CFs and DRs and their relationship to our empirical model.
Section II introduces the data. Section III reports and discusses the baseline
VAR estimation. Section IV presents and analyzes decompositions of firm- and
portfolio-level returns into CF and DR news. Section V reports results of robust-
ness tests and discusses how and why our results differ from those in earlier
studies. Section VI interprets the results and highlights implications for asset
pricing models. Section VII concludes.

I. Theory

Empirical research identifies several asset pricing anomalies in which firm
characteristics, such as profitability and investment, predict firms’ stock re-
turns even after controlling for market beta. Modern empirical asset pricing
models therefore postulate multiple factors (e.g., Fama and French (1993, 2015)
and Carhart (1997)), including nonmarket factors defined as long-short portfo-
lios sorted on firm characteristics.

In this paper, we decompose returns to long-short anomaly portfolios and
their MVE combination into updates in expectations of future CFs, CF news,
and updates in expectations of future returns, DR news. The MVE combination
of pricing factors is of interest as shocks to this portfolio’s return are propor-
tional to shocks to the SDF M; (e.g., Cochrane (2005)),

M, — E,_1IM;] = b(Ryve: — Ei—1[Ryve.D), (@))

where Ryvg; = Z,Ilil wp Ry, ; is the return to the MVE portfolio at time ¢, ex-
pressed as a linear function of H factor returns (Rp, ), and where b < 0. In
this interpretation, shocks to the MVE portfolio reflect the risks most highly
correlated with the marginal utility of the marginal investor, which is linear in
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M, .? Understanding the properties of CF and DR shocks to the MVE portfolio
and its components is therefore informative for all asset pricing models.

A. The Return Decomposition
Recall from Campbell (1991) that we can decompose shocks to log stock

returns into shocks to expectations of CFs and returns,®
rits1 — Eirisi1] ~ CF; 441 — DRy 441, (2)
where
CFiiy1 = (B — Ey) ZKj_lAdi,tJrj, (3)
j=1
DR; 1 = (Eyy1 — Et)ZKj_lri,Hj, (4)
j=2

Ad; ¢4 (ri+4;) is the log dividend growth (log gross return) of firm i from time
t+j—1tot+ j, and « is a log-linearization constant slightly less than one.”
In words, return innovations are due to updates in expectations of future CF's
or future expected returns.

We define anomaly returns as the value-weighted returns of stocks ranked
in the highest quintile of a given firm characteristic minus the value-weighted
returns of stocks ranked in the lowest quintile. We define anomaly CF news as
the CF news for the top quintile portfolio minus the CF news for the bottom
quintile portfolio. We similarly define anomaly DR news. In the empirical sec-
tion, we describe our method in detail. We next discuss the implications of this
decomposition of anomaly and MVE portfolio returns for specific models of the
cross-section of stock returns.

B. Relating the Decomposition to Anomalies

Theories of anomalies propose that investor beliefs and firm CFs vary with
firm characteristics. The well-known value premium provides a useful illustra-
tion. De Long et al. (1990) and Barberis, Shleifer, and Vishny (1998; hereafter

5 The logic here assumes that M; is spanned by the set of traded assets. More generally, there
exists a unique minimum variance SDF that is the projection of investors’ SDF onto the space of
traded asset payoffs.

6 The operator (E;; — E;)x represents E; 1[x] — E;[x]: the update in the expected value of x
from time ¢ to ¢ + 1. The equation relies on a log-linear approximation of the price-dividend ratio
around its sample average.

7 One can derive a similar decomposition based on earnings instead of dividend growth under
the assumptions that clean-surplus accounting holds and there is no net issuance (see Ohlson
(1995) and V02). In this case, the relevant CF is the log of gross ROE. The DR shock takes the
same form as in equation (4).
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BSV) are examples of behavioral models that can explain this anomaly, while
Berk, Green, and Naik (1999); Zhang (2005); and Lettau and Wachter (2007)
are examples of risk-based explanations.®

First, consider a multiple-firm generalization of the De Long et al. (1990)
model of noise trader risk. In this model, firm CF's are constant but stock prices
fluctuate because of random demand from noise traders, driving changes in
firm BM ratios. Since expectations in equation (3) are rational, there are no
CF shocks in this model. By equation (2), all shocks to returns are due to
DR shocks. The constant CF assumption is clearly stylized. However, if in the
spirit of this model one assumes that value and growth firms have similar CF
exposures, the variance of net CF shocks to the long-short portfolio would be
small relative to the variance of DR shocks. Thus, empirically finding that DR
shocks explain only a small fraction of return variance to the long-short value
portfolio would be inconsistent with this model.

BSV develop a model in which investors overextrapolate from long sequences
of past firm earnings when forecasting future firm earnings. A firm that re-
peatedly experiences low earnings will be underpriced (a value firm) because
investors are too pessimistic about its future earnings. The firm will have
high expected returns as its average future earnings are better than investors
expect. Growth firms will have low expected returns for similar reasons. In
this model, CF and DR shocks are closely linked. Negative CF shocks cause
investors to expect low future CFs. But these irrationally low expectations
manifest as positive DR shocks in equations (3 ) and (4), which are based on ra-
tional expectations. This theory therefore predicts a strong negative correlation
between CF and DR shocks at the firm and anomaly levels.

Berk, Green, and Naik (1999) and Zhang (2005) provide risk-based expla-
nations of the value premium based on firms’ dynamic investment decisions.
In Zhang’s model, by chance, persistent idiosyncratic productivity (earnings)
shocks cause firms to become either value or growth firms. Value firms, which
have low productivity, have more capital than optimal because of adjustment
costs. These firms’ values are very sensitive to negative aggregate productivity
shocks as they have little ability to smooth such shocks by disinvesting. Growth
firms, in contrast, have high productivity and suboptimally low capital stocks,
and as a result are not as exposed to negative aggregate shocks. Value (growth)
firms’ high (low) betas with respect to aggregate shocks justify their high (low)
expected returns. Similar to BSV, this model predicts a negative relation be-
tween firms’ CF and DR shocks. Different from BSV, the model predicts that
the value anomaly portfolio has CF shocks that are positively related to mar-
ket CF shocks because value stocks are more sensitive to aggregate technology
shocks than growth stocks.

Lettau and Wachter (2007) propose a risk-based explanation of the value
premium based on the duration of firms’ CFs. In their model, relative to value

8 In these risk-based models, the SDF is exogenous, potentially consistent with both behavioral
and rational investors. The models focus on the cross-section of firms’ CF dynamics, which together
with the exogenous pricing kernel account for the value premium.
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firms, growth firms are more exposed to shocks to market DRs and long-run
CF's, which are not priced, and less exposed to shocks to short-run market CFs,
which are priced. This model implies that long-run DR and CF shocks to the
value portfolio are negatively correlated with long-run DR and CF shocks to
the market, respectively.

C. Relating the Decomposition to the SDF

Prior studies (e.g., Campbell (1991), Cochrane (2011)) decompose market
returns into CF and DR news. They argue that the substantial variance of
market DR news has deep implications for the joint dynamics of investor pref-
erences and aggregate CFs in asset pricing models. For instance, the Campbell
and Cochrane (1999) model relies on strong time variation in investor risk
aversion—that is, the price of risk—which is consistent with the high variance
of market DR news.

The modern consensus is that the MVE portfolio, and thus the SDF, includes
factors other than the market. By the logic above, decomposing MVE portfolio
returns into CF and DR news also can inform specifications of asset pricing
models. For example, large time variation in investor risk aversion, as in the
Campbell and Cochrane (1999) model, suggests a strong common component
in DR shocks across the factor portfolios in the SDF.

All models that feature a cross-section of stocks have implications for the
return decomposition of anomaly portfolios and the MVE portfolio. As an ex-
ample, Kogan and Papanikolaou (2013) propose a model in which aggregate
investment-specific shocks, uncorrelated with market productivity shocks that
affect all capital, have a negative price of risk. Value and growth firms have
similar exposure to market productivity shocks, but growth firms have higher
exposure to the investment-specific shock. These two CF shocks are the pri-
mary drivers of returns to the MVE portfolio in their economy. Since BM ratios
increase with DRs, their model also implies a negative correlation between CF
and DR shocks.

D. The Empirical Model

Most theories of anomalies, including those above, apply to individual firms.
To test these theories, one must analyze firm-level CF and DR news and then
aggregate these shocks into anomaly portfolio news. As we explain in Internet
Appendix Section I, the CF and DR news of rebalanced portfolios, such as the
Fama-French value and growth portfolios, depend on the rebalancing process
and therefore garble the underlying firms’ CF and DR shocks.?

9 In Internet Appendix Section I, we provide an example of a value-based trading strategy. The
underlying firms only experience DR shocks, but the traded portfolio is driven solely by CF shocks
as a result of rebalancing.
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We assume that firm-level expected log returns are linear in observable
variables (X),

Eilri i1l = 80 + 81 X7 + 8, X% (5)

Here, X7 is a vector of market-adjusted characteristics, such as the BM ratio
of firm i at time ¢, where we demean each characteristic by its value-weighted
average at time ¢, and X/®° is a vector of aggregate characteristics, such as
the value-weighted average BM ratio at time ¢. The coefficient §; captures
cross-sectional variation in expected returns related to characteristics, much
like characteristic-based portfolio sorts and Fama-MacBeth (1973) regressions,
while 85 captures time-series variation in expected returns that is common to
all stocks. Following CPV and V02, we allow the cross-sectional and time-series
relationships between a characteristic and expected returns to differ.

To implement the return decompositions, we estimate two separate VAR(1)
systems. First, we estimate an aggregate VAR to model dynamics in expected
market returns and aggregate characteristics,

Zii1 = Magg + A%8Z, + sffﬁ, (6)

where Z, = [r/*%; X*] is a K" x 1 vector, £*] is a vector of conditionally
mean-zero shocks, and r*® denotes the value-weighted average log return at
time ¢. We compute aggregate DR shocks using the standard VAR formula from

Campbell (1991),

e ¢} o
88 __ j—1,a88 j—1..a88
DR = Eppy Y k7 'rf88 — B,y /7 're
j=2 j=2
-1
= ellKAagg(IKagg - KAagg) S?fé; (7)

Here, e; is a K8 x 1 column vector with one as its first element and zeros
elsewhere, I is a K8 x K2 identity matrix, and « = 0.95 as in CPV.
For the cross-section, we estimate a market-adjusted panel VAR,

Zipi1=pu" +A"Z; 4+ 8 141, (8)

where Z; = [rj}*; X/7°] is a K™ x 1 vector, ¢ ;11 is a vector of conditionally
mean-zero shocks, and r7* = r;; — r/*¢. Similar to equation (7), firms’ market-
adjusted DR shocks are,

DRZ’;Z+1 = L’lKAmu(IKma — KAm)ilgi_t_;_l, (9)

where (1 is a K™ x 1 column vector with one as its first element and zeros
elsewhere, and Igw is the K™ x K™ identity matrix.
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We extract CF shocks from the VARs by combining the present-value equa-
tion (2) for returns and the VAR equations (7) and (9) for DR shocks,

CF™ = ™ _ E,[r"] + DR

t+1 t+1 t+1 t+1
= e/l (IKagg + Kk A% (I gags — KAagg)71>8?f§, (10)
Z’?Jrl = rirfqta+1 - Et[rin,qta-&-l] + DR?.qta+1
=1 (IKm + k A" (Igma — KA’"")*l)gi‘Hl_ (11)

We therefore impose the present-value relation when estimating the joint dy-
namics of firm CFs and DRs.

We then combine the aggregate and market-adjusted return components to
obtain firms’ total DR and CF shocks as follows:

DR, = DR** + DR, (12)
CF;, = CF™ | CF™. (13)

This two-step approach allows the predictive coefficients in the VAR to differ
across firms (A™) and over time (A%#), which V02 and CPV show is important
to match the data.

We analyze CF and DR shocks to five long-short anomaly portfolios. Each
of these portfolios takes long (short) positions in the top (bottom) quintile of
stocks sorted by one of the five anomaly characteristics. We construct the CF
and DR shocks to the long and short portfolios by value-weighting the CF
and DR shocks to the firms in these portfolios. We then compute the long-
short portfolios’” CF and DR shocks as the difference between the long and
short legs. Value-weighting the components of log returns is not the same as
value-weighting the components of simple returns. We use this procedure to
follow V02 and CPV and simplify the interpretation of our results. In Internet
Appendix Section IV, we estimate the CF and DR components of simple portfolio
returns using a second-order Taylor approximation of a simple return in terms
of the corresponding log return’s CF and DR components. Table D.1 shows that
our main return decomposition results continue to hold with this approximation
of anomalies’ simple returns. In the paper, we use the parsimonious value-
weighted aggregation of log returns consistent with previous literature.

I1. Data

We estimate the CF and DR components of returns using data on publicly
traded U.S. stocks from Compustat and the Center for Research on Securities
Prices (CRSP) from 1926 through 2017. Our analysis requires panel data on
firms’ returns, book values, market values, earnings, and other accounting
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information, as well as time-series data on factor returns, risk-free rates, and
price indexes. Because some variables require three years of historical data,
our VAR estimation focuses on the period from 1929 through 2017.

We obtain all accounting data from Compustat, except that we add book
equity data from Davis, Fama, and French (2000). We obtain data on stock
prices, returns, and shares outstanding from CRSP. We obtain one-month and
one-year risk-free rate data from one-month and one-year yields of U.S. Trea-
sury bills, respectively, which are available on Kenneth French’s website and
the Fama Files in CRSP. We obtain inflation data from the Consumer Price
Index (CPI) series in CRSP.

We compute log stock returns in real terms (InRealRet) by subtracting the
log of inflation, that is, the log change in the CPI, from the log nominal stock
return. We compute annual returns from the end of June to the next end of
June to ensure that investors have access to December accounting data prior
to the ensuing June-to-June period over which we measure returns.

When computing a firm’s BM ratio, we adopt the convention of dividing its
book equity by its market equity at the end of the June immediately after the
calendar year of book equity. This timing of market equity coincides with the
beginning of the stock return period. We compute book equity using Compustat
data when available, supplementing them with hand-collected data from Davis,
Fama, and French (2000). We adopt the Fama and French (1992) procedure
for computing book equity. Market equity (ME) is equal to shares outstanding
times stock price per share. We sum market equity across all classes of common
stock for each firm. We define [nBM as the log of book equity to market equity.

We compute several firm characteristics that predict short-term stock returns
in historical samples. Following Gerakos and Linnainmaa (2018), the size vari-
able in our VAR is the five-year change in log market equity (d5.[nME), rather
than the level of log market equity, to ensure stationarity. Following Fama
and French (2015), we construct profitability as annual revenues minus costs
of goods sold, interest expense, and selling, general, and administrative ex-
penses, all divided by book equity from the same fiscal year.'? We use the log of
one plus profitability in the VAR (InProf). Following Cooper, Gulen, and Schill
(2008) and Fama and French (2015), we proxy for investment using growth
in total assets. In the VAR, we use five-year log asset growth as the invest-
ment characteristic (Inlnv), to capture the long-horizon predictability of the
investment characteristic as documented by Cooper, Gulen, and Schill (2008).
Annual data present a challenge for measuring the momentum anomaly. In Je-
gadeesh and Titman (1993), the maximum momentum profits accrue when the
formation and holding periods sum to 18 months. Accordingly, we construct a
six-month momentum variable based on each firm’s December-to-June return.
The subsequent holding period implicit in the VAR is the 12 months from June
to the following June. We transform each measure by adding one and taking
its log, which results in the following variables: d5.InME, InProf, InInv, and
InMom6. When forming value-weighted portfolios, we compute value weights

10 Novy-Marx (2013) defines profitability using total assets, not book equity, in the denominator.
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as a firm’s ME divided by the total ME for all firms in the portfolio. In a robust-
ness specification, we include the log of one plus ROE, [nROE = In(1 + ROE),
where ROE is earnings divided by lagged book equity.

To compute variables as early as 1929 as in CPV, we use proxies for ROE, prof-
itability, and investment when these items are unavailable, which is common
before 1962. To impute missing ROE data, we assume that earnings are equal
to clean surplus earnings, which we define as the change in book equity plus net
payouts to stockholders. Net payout is dividends and share repurchases minus
issuance from Compustat. If any of these are missing, we set them to zero. For
missing profitability data, we assume that profitability equals 0.2 + 0.5ROE,
where the intercept and slope coefficients are based on the approximate linear
relationship from the period in which both items are available.!! For missing
investment data, we assume that investment equals the growth in book equity,
which equals growth in assets if leverage is constant.

If a firm goes bankrupt and its stock price is zero, its gross return is zero,
which means that its log return is undefined. Therefore, following V02, in each
year, we analyze pseudo-firms, which comprise portfolios with a 10% weight in
the real risk-free rate and a 90% position in the firms’ stocks. We adjust the
pseudo-firms’ market-to-book, ROE, and other firm characteristics accordingly.
The results are not sensitive to small variation in the portfolio weights that we
use to define pseudo-firms.

We impose sample restrictions to ensure availability of high-quality account-
ing and stock price information. First, we exclude firms with negative book
values and include only those firms with nonmissing market equity data at
the end of the most recent calendar year. Second, in our main results, we also
exclude firms in the bottom quintile of the prior year’s distribution of NYSE
market capitalization. These firms correspond to microcaps as defined by the
Securities and Exchange Commission (SEC).!? By excluding microcaps, we are
able to estimate VAR coefficients using the most economically important stocks
and those with high-quality data. Microcaps account for 1% to 2% of U.S. stocks’
total market capitalization. To compare our results with studies that include
microcaps, such as V02 and CPYV, in robustness tests we remove the restriction
on size.

We impose all sample and data availability restrictions ex ante and compute
subsequent returns, earnings, BM ratios, and other characteristics as permit-
ted by data availability in the following year. We use CRSP delisting returns
and replace missing delisting returns with the average delisting return for the
delisting event. To impute any missing data on dependent variables in the VAR,
as in V02 and CPV, we assume that BM, size, and profitability are constant,

1 Before 1962, when profitability data become available, we cannot distinguish between ROE
and profitability. Since we do not use ROE in our main analysis, this issue primarily affects our
robustness analysis based on accounting ROE (InROE) in Section VI.

127.8. SEC (2013) defines a microcap stock as one “with a market capitalization of less than $250
or $300 million.” In 2013, the cutoff for the bottom NYSE size quintile was a market capitalization
of $266M. Since this cutoff of $266M is consistent with the size given in the SEC definition, we
refer to stocks in the bottom NYSE quintile as microcaps.
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Table I
Summary Statistics

Panel A reports descriptive statistics for firms’ returns and characteristics. As stated in the text,
we define [nRealRet as the one-year real return, [nROE as the one-year return on equity, [nBM
as book equity divided by market equity, [nProf as revenues minus costs and expenses divided by
book equity, InInv as the five-year average of growth in assets, d5..nME as the five-year change
in market equity, and [nMom6 as the six-month return. We measure all variables in logs, adding
one before taking the log except for book-to-market and change in size. See the text for details.
The first column reports the average number of firms per year. The second and third columns give
the average mean and standard deviation of the variables per year. Panel B provides the average
yearly correlation matrix for these firm characteristics. The sample spans the period 1929 through
2017.

Panel A: Descriptive Statistics

Firms Mean St. Dev.
InRealRet 1,399 0.030 0.293
InROE 1,399 0.065 0.176
InBM 1,399 -0.240 0.626
InProf 1,399 0.197 0.143
InInv 1,399 0.094 0.109
d5.InME 1,399 0.389 0.693
InMom6 1,399 0.035 0.204

Panel B: Correlations

InRealRet InROE InBM InProf InInv d5.InME
InRealRet 1.00
InROE 0.22 1.00
InBM —0.34 —0.11 1.00
InProf 0.14 0.56 -0.12 1.00
InInv —0.05 0.11 -0.11 0.06 1.00
d5.InME 0.38 0.24 —0.44 0.17 0.27 1.00
InMom6 0.69 0.11 —-0.23 0.07 —0.05 0.24

returns are zero, dividends are zero, ROE satisfies clean surplus accounting,
and investment is equal to growth in book equity. Missing data are rare because
our ex ante sample does not contain microcaps. For any stock that becomes a
microcap, we compute its actual realized returns, earnings, valuation ratios,
and other characteristics in its final year of sample eligibility using the same
procedures as for other stocks.

Table I presents summary statistics for all firm-level variables. Panel A
displays the number of observations, means, and standard deviations for each
variable. In the average year from 1929 to 2017, the average firm has a log BM
ratio of —0.24, which implies a market-to-book ratio of e?* = 1.27. Valuation
ratios vary widely across firms, as shown by the [nBM standard deviation of
0.63. The cross-sectional variation in real stock returns is also substantial at
0.29 per year. Panel B reports cross-sectional correlations for the firm-level
variables. Only three correlations are above 0.4 in absolute value, and two are

519917 SUOLILOO SAIBRID 3|eo1jdde 3y AQ pauRA0B 812 SOILE YO 95N J0'SBINI 10} AReJd]| T BUIIUO AB]IM UO (SUOIIPUOD-PLB-SLLLBILIOD" /B | IW ARG IPUIIUO//-STNY) SUOIIPUOD PUE SWLB 1 41 885 *[E202/0/Z] U0 A2IqIT8U1IUO AS1IM 591 Ad 9.82T"HOTTTT OT/I0p/wo0 /a1 AXeiq 1PU1U0//Scy Wosy papeojumod ‘s ‘0202 ‘T9290vST



1430 The Journal of Finance®

somewhat mechanical: the correlations between BM and the five-year change
in size (—0.44) and between six-month momentum and one-year returns (0.69).
In addition, firm profitability is positively correlated with stock returns (0.56).

II1I. Baseline VAR Estimation

In our main estimation, we specify a VAR with panel regressions for firm-
specific variables and time-series regressions for aggregate variables. To avoid
seasonality and maximize data availability, we measure all variables at an
annual frequency. As predictors of returns and CF's, we include characteristics
that are proxies for firms’ risk exposures, stock mispricing, and measures of
lagged CF's and returns. Following the literature, we specify a VAR(1), which
is a reasonable model of annual dynamics.

A. Specification

Following CPV, we adjust all firm-specific variables by subtracting the cor-
responding market-level variables. The panel regressions include six market-
adjusted variables: annual log returns (InRet) and the five anomaly charac-
teristics, namely, [InBM, InProf, InInv, d5.InME, and InMom6. The aggregate
(market) variables are the value-weighted averages of the unadjusted versions
of these six variables. In the panel regressions, we weight each year equally
following CPV by applying a weight to each firm-year observation that is equal
to the inverse of the number of firms in the year.

In our main specification, the CF shock is the residual from the present-
value relation—for example, equation (11) for the market-adjusted CF shock.
In the robustness section (Section V), we estimate an alternative VAR to predict
[nROE from firms’ accounting statements and thereby obtain an alternative CF
shock based on innovations in the discounted infinite sum of accounting ROE.

The panel regressions allow us to estimate the long-run dynamics of (market-
adjusted) log returns and log earnings based on the short-run (one-year) prop-
erties of a broad cross-section of firms. We do not need to impose restrictions on
which firms survive for multiple years, thereby mitigating statistical noise and
survivorship bias. Similarly, the aggregate VAR provides estimates of the long-
run dynamics of market-wide variables based on their short-run properties. In
Section V, we show that the VAR’s key autoregressive assumption provides a
reasonable approximation of the long-run dynamics of returns and earnings.

Our VAR specification differs from specifications in prior studies, which
could drive differences in our CF-DR decomposition as discussed in Chen and
Zhao (2009). To show how our CF-DR decomposition depends on specification
choices, we replicate several prior specifications and compute CF-DR compo-
sitions based on these alternative specifications. We report these results in
Section V after our main specification.
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Table I1
Market-Adjusted Panel VAR

The table reports results from estimating the panel VAR using market-adjusted firm returns and
characteristics. The variables are: log one-year real returns (InRealRet), log book-to-market ratio
(InBM), log profitability (InProf), log five-year asset growth (InInv), five-year change in log market
equity (d5.InM E), and log six-month return ({nMom6). We also include log return on equity ((nROE)
as a dependent variable in the VAR, but restrict all coefficients on this variable’s lag to zero, as
explained in the main text. The sample spans the period 1929 through 2017. Standard errors
clustered by year and firm appear in parentheses. N denotes the number of observations. * and **
indicate significance at the 5% and 1% level, respectively.

Dependent Variables

Regressors InReal Ret; InBM; InProf; InInv; d5.InME; InMom6; [InROE;

InReal Ret;_1 0.016 0.068" 0.034" 0.007™ 0.244™  —0.012 0.095"
(0.033) (0.029) (0.005) (0.002) (0.036) (0.021) (0.011)
InBM;_1 0.033 0.905™  —0.017" —0.008" —0.008 0.025"  —0.043"
(0.017) (0.004) (0.003) (0.001) (0.020) (0.012) (0.019)
InProf;_1 0.157"  —0.029 0.584™ 0.013™ 0.190™ 0.085™ 0.269™
(0.030) (0.025) (0.020) (0.003) (0.040) (0.018) (0.023)
InInv,_q —0.145™ 0.105" —0.091™ 0.720"  —0.048 —0.061" —0.137"
(0.023) (0.022) (0.008) (0.007) (0.028) (0.019) (0.013)
d5.InME;_1 —0.016™ 0.032™ 0.000 0.019™ 0.743"  —0.017" 0.013™
(0.006) (0.006) (0.001) (0.001) (0.013) (0.004) (0.002)
InMom6,_, 0.095™  —0.093" 0.009 —0.008™" 0.071" 0.058™  —0.023
(0.033) (0.030) (0.006) (0.002) (0.035) (0.018) (0.012)
R2 0.021 0.747 0.373 0.797 0.632 0.017 0.126
N 124,535 124,535 124,535 124,535 124,535 124,535 124,535

B. Panel Regressions

Table II reports weighted ordinary least squares (OLS) estimates of the pre-
dictive coefficients (A™) in the market-adjusted panel VAR, where the weight-
ing ensures equal weight for each year. In parentheses, we report standard
errors of coefficients that account for correlations between regression errors
within years as described in Internet Appendix Section III.

The findings in the log return regressions are consistent with those of the
large literature on short-horizon forecasts of returns. Log BM, profitability,
and six-month momentum are positive predictors of firms’ one-year log re-
turns, whereas log investment and size are negative predictors of log returns.
These coefficients are all statistically significant at the 1% level, except the
BM coefficient, which has a p-value slightly over 0.05. The fact that the BM
ratio is insignificant when we include investment and profitability is consistent
with findings in Fama and French (2015). The modest R? of 2.1% is typical for
forecasts of firm-level returns.

Many of the other coefficients in the VAR are significant. The coefficients on
the diagonal of A™ give the persistence of each predictor. The BM ratio has the
highest persistence coefficient at 0.905, while profitability, investment, size,
and momentum have persistence coefficients of 0.584, 0.720, 0.743, and 0.058,
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Table III
Aggregate VAR

This table reports results from estimating the aggregate VAR. The variables are all value-weighted
averages of the firm-level variables used in the panel VAR in Table II. The variables are: log real
one-year return (InRealRet), log book-to-market (InBM), log profitability (InProf), log five-year asset
growth (InInv), five-year change in log market equity (d5..lnME), and log six-month momentum
(InMom6). We also include log return on equity (/nROE) in the VAR, but restrict all coefficients on
this variable’s lag to zero, as explained in the main text. The sample spans the period 1929 through
2017. Heteroskedasticity-adjusted (White) standard errors appear in parentheses. N denotes the
number of observations. * and ** indicate significance at the 5% and 1% level, respectively.

Dependent Variables

Regressors InReal Ret; InBM; InProf; InInv; d5.InME; InMom6; [InROE;

InRealRet,_y  —0.131 0.126 0.041" 0.006 0.061 —0.085 0.013
(0.120) (0.132) (0.018) (0.012) (0.269 (0.092)  (0.025)
InBM;_1 0.073 0.961" —0.005 —0.002 —0.150 0.051  —0.073"
(0.120) (0.128) (0.008) (0.006) (0.132) (0.068)  (0.013)
InProf,_1 1.195 —-1.265 0.883"  0.101" 2.961 0.789 0.698™
(1.196) (1.347) (0.075) (0.048) (1.522) (0.703)  (0.129)
InInve_q —0.351 0.774 0.059 0.826™ —1.621 —0.310 0.073
(1.017) (1.144) (0.102) (0.048) (2.237) (0.589)  (0.159)
d5.InME;_; —0.128" 0.145"  —0.016" 0.007" 0512  —0.028  —0.018
(0.059) (0.062) (0.007) (0.003) (0.156) (0.035)  (0.011)
InMom6;_1 0.011 0.048 —0.044  —0.011 —0.043 0.025  —0.009
(0.220) (0.236) (0.026) (0.013) (0.436) (0.159)  (0.040)
R2 0.173 0.686 0.793 0.916 0.470 0.115 0.599
N 89 89 89 89 89 89 89

respectively. Since persistent predictors tend to dominate in the DR and CF
formulas in equations (9) and (11), we infer that BM, investment, and size are
likely the most important characteristics for explaining realized returns. In
addition, cross-predictions (such as momentum predicting BM, which is highly
persistent) can have a material impact on return decompositions, in this case
particularly for returns of portfolios sorted on momentum.

Table III reports the predictive coefficients from the aggregate VAR (A%9).
The first column shows the forecasting regression for aggregate log one-year
returns. The R? is high at 17.3%, which implies that the estimated annual
equity risk premium varies a lot over time. In our 89-year sample, expected
log real returns on the market have a standard deviation of 0.085, range from
—0.253 to 0.314, and are negative in 23 of 89 years. The p-value of the F-
test for the joint significance of the regression coefficients is 0.003. Due to
relatively high correlations between the explanatory variables, however, only
the five-year aggregate change in market size is individually significant with
a negative coefficient, as expected. The signs on the other predictors are also
as expected, with the BM ratio and profitability predicting with a positive sign
and investment with a negative sign.
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Table IV
Firm-Level and Market Return Variance Decompositions

The table displays the variance decomposition of firm- and market-level real returns. We decompose
each log return into CF and DR news based on the panel VAR in Table IT and the aggregate VAR in
Table III. “Firm market-adjusted return” refers to the decomposition of market-adjusted log firm
returns from the panel VAR. “Market return” refers to the decomposition of log market returns
from the aggregate VAR. “Firm return” refers to the decomposition of total firm returns, obtained
by combining components of firm market-adjusted returns and market returns. The sample spans
the period 1929 through 2017. Standard errors appear in parentheses.

var(DR) var(CF) —2cov(DR, CF) corr(DR, CF)
Firm market-adjusted return 8% 72% 20% —0.42
(4%) (10%) (4.9%) (0.06)
Firm return 25% 55% 20% —-0.27
(10%) (7.6%) (7.2%) (0.11)
Market return 74% 15% 10% -0.15
(34%) (7.6%) (25%) (0.38)

The remaining columns in Table III show the forecasting regressions for
the aggregate predictors. The most persistent predictor is aggregate log BM,
which has a persistence coefficient of 0.961. Further investigation reveals that
the autocorrelation coefficient of aggregate log BM is only 0.81, indicating
that the presence of correlated regressors increases the persistence coefficient
substantially. Because of its high persistence, log BM is a primary determinant
of long-run aggregate return predictability.

IV. Decomposing Returns
A. Firm Return Decomposition

We now examine the implications of this VAR system for the DR and CF
components of returns. The DR and CF components of firms’ market-adjusted
log returns come directly from substituting the VAR estimates into equations
(9) and (11). Similarly, the DR and CF components of log market returns come
from equations (7) and (10). We obtain the components of total firm returns as
the sums of the respective components of market-adjusted returns and market
returns as in equations (12) and (13).

Table IV reports the decomposition of log return variance into DR and CF
components. Standard errors are reported in parentheses below the point es-
timate of each variance component. The standard errors account for estima-
tion uncertainty from sampling variation and from estimating the VAR coeffi-
cients, as well as for heteroskedasticity and contemporaneous cross-correlation
of residuals. Internet Appendix Section III provides further details.

The first row in Table IV shows that DR news explains just 8% of variance
in firms’ market-adjusted returns, whereas CF news explains 72% of variance.
The importance of CF news at the firm level confirms a key finding in V02. In-
terestingly, the third column shows that negative covariance between DR and
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CF news tends to amplify return variance, contributing a highly significant
positive amount (20%) of variance. The last column shows that the correlation
between DR and CF news is significantly negative (—0.42). This negative cor-
relation means that low expected firm CF's are associated with high firm DRs.

The last row in Table IV shows the decomposition of log market returns.
Consistent with prior studies such as Campbell (1991) and Cochrane (2011), DR
news is the main determinant of market returns, accounting for 74% of variance
in our main specification. In contrast, CF news accounts for just 15% of market
return variance. The covariance between market DR and CF components is
slightly negative and accounts for the remaining 10% of return variance. The
market DR-CF correlation of —0.15 is not significantly different from zero,
which is broadly consistent with the literature.

The middle row in Table IV reports the decomposition of total log firm returns.
Because the total return components come from combining the market-adjusted
and market return components, the middle row looks similar to an average of
the top and bottom rows. Because market-adjusted CF news is more volatile
than market DR news, CF news accounts for the majority, 55%, of total firm
return variance. Variation in DR news accounts for 25%, and negative DR-
CF covariance accounts for the remaining 20%, of the total variation in firm
returns. Overall, the firm- and market-level results are consistent with prior
literature. The only exception is the negative correlation between firm-level CF
and DR shocks, which differs from the positive correlation in V02. In Section VI,
we show that this difference is due to our exclusion of microcaps.

B. Anomaly Return Decompositions

We now analyze the returns of long-short anomaly portfolios to bring new
facts to the debate on the source of anomalies. We use the VAR to compute
the DR and CF components of anomaly portfolio returns. We form anomaly
portfolios using cross-sectional sorts on value, size, profitability, investment,
and momentum. These sorts are based on characteristics used in the VAR,
except for firm size and investment. Whereas the VAR uses firms’ five-year
change in log size and five-year investment, we sort by the level of firm size and
one-year investment when forming portfolios to be consistent with empirical
studies of anomalies.

As described above, we compute value-weighted averages of firm-level DR
and CF estimates to obtain portfolio-level DR and CF estimates. When aggre-
gating firm-level shocks to the portfolio level, only correlated shocks to firms
remain. Thus, if CF shocks are largely uncorrelated but DR shocks are highly
correlated, the portfolio return variance decomposition can be very different
from the firm return variance decomposition.

Panel A of Table V reports the decompositions of return variance for the five
anomaly portfolios. We compute standard errors for these decompositions using
the same procedure described earlier and in Internet Appendix Section III.
The striking result in Table V is that CF news accounts for the vast majority
of return variance for all five anomalies. As shown in the second column of
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Table V
Anomaly Variance Decompositions

Panel A reports decompositions of the variance of log anomaly returns into cash flow (CF) and
discount rate (DR) components, as described in the main text. The long-short anomaly return is
the difference between the log return of the top quintile portfolio and the log return of the bottom
quintile portfolio, where the quintiles are based on sorts of stocks by each anomaly characteristic.
We apply value weights to stocks’ log returns within each quintile portfolio. The anomaly charac-
teristics are firm book-to-market ratio, profitability, size (market equity), momentum (six-month
return), and investment (one-year asset growth) as defined in the text. Panel B reports variance
decompositions of log returns to two in-sample mean-variance efficient (MVE) portfolios: MVE ex
market combines the five long-short anomaly portfolios, and MVE cum market comprises the five
anomalies and the market portfolio. The sample spans the period 1929 through 2017. Standard
errors appear in parentheses.

Fraction of Portfolio Return Variance

var(DR) var(CF) —2cov(DR, CF) corr(DR, CF)

Panel A: Individual Anomalies

Book-to-market 7% 68% 25% —0.56
(5%) (19%) (10%) (0.10)
Profitability 14% 80% 6% —0.10
(8%) (27%) (16%) (0.14)
Size 7% 64% 29% —0.68
(5%) (17%) (10%) (0.09)
Momentum 7% 70% 23% —0.55
(4%) (21%) (11%) (0.11)
Investment 14% 78% 7% -0.10
(9%) (19%) (13%) (0.14)

Panel B: MVE Portfolios

MVE ex market 7% 73% 20% —-0.43
(4%) (16%) (10%) (0.12)
MVE cum market 36% 69% —5% 0.05
(14%) (18%) (21%) (0.19)

Table V, the contribution of CF news to variance ranges from 64% of variance
for the size anomaly to 80% of variance for the profitability anomaly. The high
volatility of anomaly CF news shows that CF shocks to firms with similar
anomaly characteristics exhibit a high degree of commonality. In contrast, DR
news accounts for less than 15% of variance for all five anomalies.

The correlation in anomaly DR and CF news is significantly negative for three
of the five anomalies—value, size, and momentum—with values ranging from
—0.68 to —0.55. For the profitability and investment anomalies, this covariance
is statistically indistinguishable from zero. However, as we show in Table X,
if we exclude the first 10 years of our sample—1929 to 1938, or the Great
Depression—the correlations between DR and CF news for profitability and
investment are negative and significant, and the three other anomalies still
have significantly negative correlations. Thus, the negative correlation between
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Anomaly Variance Decompositions
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Figure 1. Anomaly return variance decompositions. This figure depicts the return variance
decomposition of the five individual long-short anomaly portfolios shown in Table V. “DR” cor-
responds to discount rate news, and “CF” to cash flow news. The sample is the period 1929 to
2017.

DR and CF news at the firm level generally drives a negative correlation at the
anomaly level.

Figure 1 summarizes the anomaly return decompositions for all five anoma-
lies. The blue bars show that CF news accounts for most of the anomaly return
variance. The red bars show that the contributions from DR news are small.
Finally, the light green bars show that negative covariance between DR and
CF news is an important factor contributing to return variance for the value,
size, and momentum anomalies. Standard error bounds appear at the top of
each bar.

Panel B of Table V reports the CF and DR decompositions of the MVE and
market portfolios. The MVE portfolio applies weights to the factor portfolios
that maximize the MVE portfolio’s in-sample Sharpe ratio. We compute two
versions of the MVE portfolio: “MVE ex market” optimally weights each of the
five long-short anomaly portfolios, and “MVE cum market” optimally weights
the market and the five anomaly portfolios. The weights of the MVE ex market
(or anomaly MVE) portfolio on the five long-short anomalies are as follows:
0.06 for value, 0.66 for profitability, —1.55 for investment, —0.80 for size, and
1.44 for momentum. The weights of the MVE cum market are 0.80 for market,
—0.21 for value, 0.73 for profitability, —1.87 for investment, —0.35 for size, and
1.35 for momentum.
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MVE Variance Decompositions
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Figure 2. Market and MVE return decompositions. This figure depicts the return variance
decomposition of the market portfolio and two versions of the MVE portfolio, with and without the
market, as shown in Tables IV and V. “DR” corresponds to discount rate news, and “CF” to cash
flow news. The sample is the period 1929 to 2017.

The key result in Panel B of Table V is that CF news is the main determinant
of returns for both MVE portfolios, particularly the anomalies-only MVE port-
folio. Thus, there is a common component in CF news across all five anomalies
that is not diversified away in the anomaly MVE portfolio. The DR components
of anomaly returns exhibit weaker commonality as demonstrated by compar-
ing var(DR) for the five individual anomalies, which ranges from 7% to 14%,
to var(DR) for the anomaly MVE portfolio, which is just 7%.

The observed similarity of the anomaly and firm return decompositions is
not mechanical. Aggregating firms into long-short portfolios diversifies away
firm-specific CF and DR shocks, leaving only common CF and DR variation
in anomaly portfolios. The relative importance of CF and DR news for each
anomaly depends on the correlation of CF and DR shocks across the assets in
anomaly portfolios, which in turn depends on the commonality in shocks to
assets’ characteristics. For example, common shocks to small firms’ BM ratios
relative to big firms’ BM ratios could drive variation in CF and DR news for
the long-short size portfolio. But neither firm-specific nor aggregate shocks to
BM ratios have any impact on CF and DR news of anomaly portfolios.

Figure 2 summarizes the return decompositions of the MVE portfolios and
the market. The MVE portfolio that combines the market and the anomalies
inherits some properties from both sets of portfolios and has an interesting new
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Table VI
Correlations between Anomaly and Market Return Components

The table reports correlations of market cash flow (CF) and discount rate (DR) shocks with anomaly
CF and DR shocks and with CF and DR shocks to mean-variance efficient (MVE) combinations
of these portfolios. “MVE ex market” is the in-sample MVE combination of the five long-short
anomaly portfolios. “MVE cum market” is the in-sample MVE combination of the five anomalies
and the market portfolio. The sample spans the period 1929 through 2017. Standard errors appear
in parentheses. * and ™ indicate significance at the 5% and 1% level, respectively.

Market CF Market DR
Anomaly CF Anomaly DR Anomaly CF Anomaly DR
Book-to-market 0.13 -0.23 -0.26 0.42"
(0.15) (0.17) (0.13) (0.12)
Profitability -0.11 —0.03 0.02 0.04
(0.11) (0.13) (0.11) (0.12)
(—) Investment —0.22" -0.01 0.05 0.09
(0.11) (0.13) (0.12) (0.13)
(-) Size 0.09 —0.24 —0.29" 0.31%
(0.17) (0.15) (0.13) (0.11)
Momentum —0.05 —0.12 0.28" —0.21
(0.18) (0.16) (0.14) (0.12)
MVE ex market -0.17 —0.24" 0.16 0.06
(0.14) (0.12) (0.11) (0.12)
MVE cum market 0.05 —0.20 0.23 0.90
(0.17) (0.34) (0.15) (0.07)

property: zero DR-CF news correlation. But the main message from Figure 2
is that CF news is the primary source of fluctuations in both MVE portfolios
and thus in the SDF. In contrast, if one considers the market portfolio as the
MVE portfolio, one would conclude that DR news is the primary determinant
of MVE returns. We next analyze the correlations across portfolios to improve
our understanding of variation in MVE portfolio returns.

C. Correlations across Portfolios

In Table VI, we report correlations between components of market returns
and components of anomaly and MVE returns. For ease of interpretation, we
multiply the long-short returns of the investment and size portfolios by —1
before computing correlations, so that these portfolios have positive premi-
ums. The first column of Table VI displays correlations between anomaly CF
news and market CF news. Strikingly, only one of the five anomaly CF shocks
(investment) exhibits a significant correlation with market CF news. All five
correlations between anomaly and market CF's are economically small, ranging
between —0.22 for investment and 0.13 for value.

The fourth column in Table VI reveals that market DR news is significantly
positively correlated with DR news for the value and (negative) size anomalies.
But market DR shocks exhibit no statistically significant correlations with the
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other anomalies’ DR shocks. In addition, in Table X, we show that the DR
shocks to value and the market are not strongly correlated if we exclude the
Great Depression period. The middle two columns in Table VI show that there
is little cross-correlation between market DR news and anomaly CF news or
between market CF news and anomaly DR news. All such correlations are
smaller in magnitude than 0.3.

The second-to-last row in Table VI reports the correlations between the DR
and CF components of market returns and those of the MVE ex market portfo-
lio. The main finding is that none of the four correlations is economically large.
Only the negative correlation (—0.24) between market CF news and anomaly
MVE DR news is marginally significant with a ¢-statistic of 2.0. Notably, CF
shocks to the MVE portfolio consisting of all five anomalies are slightly neg-
atively correlated with market CF shocks: —0.17 correlation (standard error
[SE] = 0.14). We can therefore reject CF news correlations above 0.11. Sim-
ilarly, the correlation between anomaly MVE and market DR shocks is very
close to zero at 0.06 (SE = 0.12). This evidence suggests that distinct forces
drive market and anomaly return components.

The bottom row of Table VI shows the correlation between components of
market returns on those of the MVE portfolio that includes the market factor.
The CF shocks to this total MVE portfolio are uncorrelated with market CF
shocks. Thus, nonmarket CF factors dominate CF news in this total MVE
portfolio—a remarkable finding that we discuss in Section VI. In contrast,
market DR shocks account for nearly all of the DR shocks to the total MVE
portfolio, as shown by the huge DR correlation of 0.90%, which is driven by the
large DR component in market returns.

Figure 3 depicts the weak correlation between the DR and CF components
of market and anomaly returns. All six red bars showing correlations between
anomaly and market CF news are quite small. None of these bars lies more
than one standard error above zero, as shown by the standard error bounds. The
six blue bars represent correlations between anomaly and market DR news.
Although the correlations between market DR news and DR news for the BM
and size anomalies are significantly positive, none of the other four correlations
is more than one standard error above zero. Most importantly, the correlation
between market DR news and DR news for the anomaly MVE portfolio is close
to zero.

While the observed correlations between the market and anomaly return
components are small on average, they could be significant during extreme
crises. We examine this possibility by plotting CF and DR news for the mar-
ket and the anomaly MVE (i.e., MVE ex market) portfolios in Figure 4. The
top graph shows that anomaly and market CF shocks exhibit no discernible
relationship. During periods when market CF news is low, anomaly MVE CF
news tends to be slightly higher than average. But this tendency is weak and
its direction is counterintuitive for standard risk-based models. In the finan-
cial crisis, when the market experienced negative CF news, the anomaly MVE
portfolio experienced positive CF news, meaning that short legs of anomalies
had higher CF news than the long legs. The bottom plot in Figure 4 shows DR
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Figure 3. Anomaly versus market CF and DR correlations. This figure depicts the correla-
tions between anomaly and market cash flow (CF) and discount rate (DR) news shown in Table VI.
The sample is the period 1929 to 2017.

news for the market and the anomaly MVE portfolio. Again, there is no clear
correlation even if one focuses on periods in which market DR news is high. The
most notable features in Figure 4 are the high volatility of anomaly CF news
relative to anomaly DR news (blue lines), and the high volatility of market DR
news relative to market CF news (red lines).

D. Correlations with Aggregate Shocks

In Table VII, we report correlations of DR and CF shocks to the market and
anomaly portfolios with notable aggregate shocks. We estimate each aggregate
shock as the residual from a first-order autoregressive (AR(1)) model of the
relevant time series. One group of aggregate shocks reflects macroeconomic
CF shocks: real per-capita consumption and GDP growth, three-year forward-
looking consumption growth, and the labor share. These are constructed from
annual June-to-June log growth rates based on quarterly data from 1947 to
2017. The other group represents shocks to aggregate risk aversion or DRs:
one-year change in the default spread (Baa - Aaa corporate bonds, 1929 to
2017), one-year change in the term spread (difference between the five- and
one-year T-bond yields; 1954 to 2017), and the one-year change in investor
sentiment (from Jeffrey Wurgler’s website, 1965 to 2010). For these series,
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Cash Flow Shocks of Market and Anomaly MVE Portfolios
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Figure 4. Market CF and DR news versus anomaly MVE CF and DR news. The top plot
shows the cash flow (CF) news from the market and the anomaly mean-variance efficient (MVE)
portfolio, which combines only the long-short anomaly portfolios and uses in-sample MVE weights.
The bottom plot shows analogous discount rate (DR) news. The sample is the period 1929 to
2017.

annual shocks are based on a June year-end to correspond to the timing of
the VAR.

Consistent with intuition, market CF shocks are positively correlated with
macroeconomic CFs, namely, consumption and GDP growth. Positive shocks
to the labor share, and thus negative shocks to the capital share, are slightly
negatively correlated with market CF shocks. Market CF shocks are negatively
correlated with shocks to the default spread, which is a plausible measure of
risk aversion or DRs. Market DR shocks are significantly negatively corre-
lated with GDP and consumption growth, indicating that market DRs increase
in recessions. Market DR shocks are also strongly positively correlated with
shocks to the default spread, consistent with the latter being a measure of bad
times when risk and/or risk aversion is high. Overall, the correlations between
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Table VII
Correlations of CF and DR News with Aggregate Metrics

The table reports correlations of the market and anomaly portfolios’ cash flow and discount rate
shocks with shocks to several aggregate metrics: one-year log real per capita consumption growth,
one-year real per capita GDP growth, the one-year difference in the log labor share, three-year
consumption growth (current and future two years), one-year log difference in Baker and Wurgler’s
(2006) sentiment index, the one-year change in the difference between Baa-rated and Aaa-rated
corporate bond yields (default spread), and the one-year change in the difference between five-year
and one-year zero-coupon Treasury bond yields (term spread). The shocks to the aggregate metrics
are the residuals in a first-order autoregressive univariate model of the shock. The sample spans
the period 1929 through 2017 but differs across variables because of data availability as described
in the text. Standard errors that appear in parentheses account for time-series variation in the
shocks but do not account for estimation error in the VAR coefficients. “ and " indicate significance
at the 5% and 1% level, respectively.

One-Year One-Year Three-Year
GDP Cons. Labor Cons. Investor  Default Term
Growth  Growth Share Growth  Sentiment Spread  Spread

CF Correlations
Market 0.37" 0.43" —0.10 0.35" 0.14 -0.26" —-0.15
Book-to-market 0.21 0.12 —0.01 0.01 0.33°  —045" —0.05
(—) Investment —0.20 —0.28" 0.03 —0.20 0.33°  —0.09 0.13
Profitability —0.26 —0.31"  —-0.07 —0.18 0.06 0.06 0.19
(—) Size —0.02 0.08 —0.21 0.11 —0.02 —0.33™ 0.00
Momentum —0.10 —0.09 0.14 0.08 —-0.15 0.26" 0.00
MVE ex market  —0.27°  —0.30" 0.04 —0.15 0.08 0.04 0.14
MVE cum market —0.26° —0.29" 0.05 —0.09 0.11 0.11 0.14
DR Correlations
Market -0.29° —0.37" 0.14 —0.18 —0.10 0.66™ —0.15
Book-to-market 0.27" 0.15 0.33" 0.33" 0.17 0.53"  —0.26*
(—) Investment 0.15 0.11 0.07 0.29" —0.06 0.26"™ —0.19
Profitability —0.18 0.00 —0.09 —0.04 —-0.18 0.03 —0.05
(—) Size —0.09 —0.13 0.30™ 0.07 —0.16 0.32"  —0.08
Momentum —0.19 —0.13 —0.32™ —0.35" —0.16 —0.12 0.24
MVE ex market  —0.19 —0.11 -0.15 -0.15 —0.31" 0.29™ 0.06
MVE cum market —0.38" —0.39™ 0.00 —0.26 —0.26 0.69™  —0.09

the market return components and macroeconomic shocks are intuitive and
consistent with earlier literature.

We observe several interesting patterns in the correlations between macroe-
conomic shocks and anomaly return components. The most striking finding is
the lack of significantly positive correlations between CF shocks to the anomaly
MVE (ex market) portfolio and the four conventional measures of macroeco-
nomic activity: GDP growth, one- or three-year consumption growth, and the
labor share. There are also no significant correlations between anomaly MVE
CF news and the three proxies for risk aversion: the default spread, the term
spread, and investor sentiment. Furthermore, there are no significant correla-
tions between DR shocks to the anomaly MVE portfolio and the four macroe-
conomic measures of CF's. However, there is evidence that sentiment and the
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default spread, two measures of aggregate DRs, are correlated with DR shocks
to the anomaly MVE portfolio with the expected signs.

Some of the correlations between the components of individual anomaly re-
turns and the four macroeconomic CF measures are statistically significant.
But even these correlations have modest magnitudes, ranging from —0.35 to
0.33 and implying that macroeconomic CFs explain no more than 12% of the
variance in any component of any anomaly’s return. We find similarly low and
insignificant correlations between anomaly return components and the term
spread, a variable that is associated with business cycle fluctuations. In addi-
tion, none of the anomaly CF and DR correlations with sentiment are large. The
largest CF and DR correlations are between the BM anomaly and the default
spread. But, since the CF and DR correlations have roughly equal and opposite
signs (—0.45 and 0.53), we infer that the total return of the value anomaly is
negatively correlated (roughly —0.5) with the default spread, and there is no
special relationship with either the CF or the DR component.

In Table TA.IV in the Internet Appendix, we report correlations between
anomaly and market return components for two subperiods: 1929 to 1962, early
years without direct data on profitability and investment, and 1963 to 2017,
the modern sample used in most empirical studies. Most correlations are qual-
itatively similar and statistically indistinguishable across the two subperiods.
One exception is the BM anomaly, which exhibits no significant correlations
with market return components in the modern years but some strong correla-
tions in the early years. This finding is related to the well-known high market
beta of value stocks relative to growth stocks in the early years—see, for ex-
ample, Campbell and Vuolteenaho (2004). The other exception is the negative
correlation between DR news for the MVE cum market portfolio and market
CF news that exists only in the modern sample. Since this finding is driven by
the negative correlation between market DR and market CF news that exists
only in the modern sample (0.05 early versus —0.59 modern), it is not directly
relevant for anomalies.

In Section VI, we discuss how the evidence presented in this section relates to
theoretical models of anomaly returns. Before doing so, in Section V, we analyze
the robustness of these results by exploring several alternative specifications.

V. Robustness
A. Testing VAR Assumptions

To estimate anomaly CF and DR shocks, we directly estimate short-run (one-
year) firm-level dynamics of assets’ expected returns and extrapolate these
dynamics to infer long-run (infinite-horizon) expected returns of anomaly port-
folios. Here, we evaluate whether our short-run firm-level regressions accu-
rately predict short-run anomaly-level returns and most importantly long-run
anomaly returns, which form the basis of CF and DR shocks.

Table VIII compares realized anomaly returns to expected anomaly returns
from the VAR. Panel A reports estimates from regressions of realized one-year
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log anomaly returns on expected one-year log anomaly returns, where the ex-
pected return comes from firm-level VAR predictions weighted by anomaly port-
folio weights. Panel B presents the results from a regression of each anomaly’s
realized (unrebalanced) 10-year return on the anomaly’s predicted long-run
return from the VAR. Consistent with theory, we apply «’ weights to each year
i=1,...,10 when computing the 10-year realized return. We approximate
the 10-year expected return using the infinite horizon expected return with the
same k! weights, which is the basis for DR news. We adjust the regression stan-
dard errors for autocorrelation in the residuals using the Newey-West method
with 10 lags.

Panel A in Table VIII shows that our baseline VAR model accurately fits the
unconditional average of one-year log returns on all five anomaly portfolios. The
differences in realized and expected returns are statistically insignificant even
at the 10% level. In addition, the model successfully matches the premium on
the MVE combination of anomalies (MVE ex market portfolio): average return
= 12.8% versus expected return = 11.8% (¢-statistic of 0.41 on the difference).

From Panel A in Table VIII, the model predicts 2% volatility in most anoma-
lies’ expected returns, implying that many anomalies exhibit negative expected
returns in some years. The size anomaly is an example of an anomaly that has
a near-zero unconditional expected return but exhibits conditional expected re-
turns ranging from —5% to +5%, which is broadly consistent with recent work
by Haddad, Kozak, and Santosh (2018). In the anomaly MVE portfolio, which
combines all anomalies and is scaled to match market volatility, the volatil-
ity of expected returns is 5.5%. Even though this volatility is substantial, the
anomaly MVE portfolio rarely has negative expected returns because its un-
conditional expected return is highly positive. This result contrasts with the
market portfolio, which has negative expected returns in many years according
to our VAR and others in the literature.

In Panel B of Table VIII, we show that for each of the five anomalies and
two MVE portfolios, we cannot reject the hypothesis that the coefficient on
the VAR prediction of long-run anomaly returns is 1.0. Notably, for all but one
anomaly (BM), there is sufficient statistical power to reject the hypothesis that
the coefficient is 0.0. There is no apparent bias in these coefficients judging
by the anomaly MVE portfolio coefficient of 0.95, which is economically very
close to 1.0. Thus, we conclude that the VAR does a decent job of capturing
actual long-run expected returns and in turn CFs, since we impose the present-
value constraint.

B. Reconciling Prior Empirical Findings

Our baseline VAR’s predictions are consistent with prior literature in that
DR news explains most variation in market returns and CF news explains
most variation in firm-level returns. However, V02 and CPV find that the
correlation between firm-level CF and DR news is positive, while we find that
this correlation is negative.
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To investigate how changes in sample selection, sample years, and VAR spec-
ification affect CF and DR news, we replicate and update the main findings in
V02 and CPV. We directly build on the methodology in these studies and rec-
oncile their findings with ours by making the following incremental changes:

(1) Microcaps: Unlike V02 and CPV10, we exclude firms in the bottom NYSE
quintile, which correspond to microcaps as defined by the SEC.

(2) Young firms: V02 excludes firms without multiple years of accounting
data history, that is, young firms. For V02, this filter is necessary to
avoid Compustat survivorship bias in early data since V02 does not use
Davis, Fama, and French (2000) book equity data, as we and CPV do, or
exclude small firms, as we do.

(3) Market and anomaly portfolio weights: We consistently use value weights
when aggregating across firms. V02 always uses equal weights for aggre-
gates. CPV uses value weights for market-level variables and subtracts
equal-weighted averages from firm variables when computing market-
adjusted variables.

(4) Return predictors: Our VAR specification uses firm-level and aggregate
characteristics motivated by the Fama and French (2015) and Carhart
(1997) models. V02 and CPV focus on a smaller set of characteristics:
earnings, BM, and past returns. For V02 firm-level and aggregate predic-
tors, we use [InROE, InBM, and InRealRet. For CPV firm-level predictors,
we use the five-year average of clean-surplus earnings, [nBM, and [nRe-
alRet. For CPV aggregate predictors, we use term spread, small-stock
value spread, and the cyclically adjusted price-to-earnings (CAPE) ratio
as measured in CPV.

(5) Sample years: We examine all years from 1929 to 2017. CPV examines
the 1929 to 2000 period, whereas V02 examines 1954 to 1996.

In Table IX, we report extensive VAR specifications to reconcile our findings
with those of V02 and CPV. This table also reports three variants of our main
specification in which we exclude the Great Depression years (1929 to 1938),
include microcaps, and define CF shocks based on accounting ROE instead of
the present-value relation. Table IX presents estimates of the variance of the
CF and DR components of firms market-adjusted log returns. The three panels
focus on three methodologies: V02, CPV, and ours (LT).

The most important result in Table IX is that the correlation between DR and
CF news is much higher in samples that include microcaps, regardless of which
panel one examines. Excluding microcaps reduces the DR-CF correlation from
0.52 to —0.11, from 0.39 to —0.41, or from 0.36 to —0.42 in the three panels.
Although microcap observations account for 46% of the number of firm-years,
they represent less than 2% of total market value in most years. The fact that
the DR-CF correlation decreases with firm size is consistent with V02.

We also analyze how including microcaps affects results other than the firm-
level CF-DR correlation. In Table X, we show that including microcaps substan-
tially increases the anomaly-level CF-DR correlations, which become positive
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in most cases like the firm-level DR-CF correlation. There are two reasons for
this increase. First, the inclusion of microcaps changes some VAR coefficients,
particularly the coefficient on profitability in predicting firms’ market-adjusted
returns. Table IA.V compares the return predictability coefficients with and
without microcaps. Although the raw return predictability coefficient on prof-
itability is only 41% larger in the microcap specification, the standardized
coefficient on profitability is 114% larger because microcaps have much more
volatile profits than other firms. Since high past profits predict high returns
and high future profits, the large profitability coefficient increases the DR-CF
correlation for microcaps. Our finding of greater predictability from past profits
in small firms is related to the finding that post-earnings announcement drift
is larger in small firms as shown in Mendenhall (2004).

The inclusion of microcaps also has a large effect on the composition and
characteristics of anomaly portfolios, which govern the CF and DR shocks to
these portfolios. Microcaps are numerous and have volatile characteristics.
Since microcaps constitute 46% of all observations, the top and bottom quin-
tiles of firms ranked by each anomaly characteristic (e.g., past profits) could
consist entirely of microcaps. In addition, because microcaps have volatile char-
acteristics, changes in the characteristics of stocks in anomaly portfolios and
thus the CF and DR shocks to these portfolios depend heavily on microcaps
when these stocks are in the sample.

Interestingly, despite these considerations, Tables IA.VI and TA.VII in the
Internet Appendix show that including microcaps does not have a large effect
on how anomaly return components are correlated with market return compo-
nents and measures of macroeconomic activity. Our key findings that anomaly
CF shocks are uncorrelated with market CF shocks and macroeconomic activity
continue to hold.

Returning to Table IX, two other methodological changes have a material
effect on the DR-CF correlation. First, using a broad set of predictors of returns
and CF in the VAR, as both we do and CPV does, decreases the DR-CF corre-
lation from —0.22 to —0.42 in Panel A. The key is the inclusion of a persistent
predictor of returns and CFs beyond just the present-value measure, [nBM.
CPV also includes five-year clean-surplus earnings and we include five-year
investment and change in size, whereas V02 has no additional persistent pre-
dictors.

The second methodology change that matters is redefining the CF shock to
be based on accounting ROE rather than the present-value identity in equation
(11). Unless a firm happens to have equal market and book values, account-
ing ROE does not properly capture the relevant CF for stockholders, namely,
potential dividends. A firm with a negative [nBM value and high ROE will
earn far less than a firm with a positive [nBM value and the same ROE value,
meaning that the latter firm’s true CF to stockholders is higher. In contrast,
the CF shock from our VAR, which is based on the present-value identity, ac-
counts for stockholder payouts appropriately. We discuss this point and provide
a numerical illustration in Internet Appendix Section V.
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Despite this important difference, our main results hold even when using
accounting ROE as the basis for CF shocks. Table X compares decompositions
of anomaly return variance in our “Baseline” results with CF to those in our
alternative results with “CF from accounting ROE,” denoted by aCF.'®> The
most important point is that CF news accounts for the largest component of
return variance in all anomalies, regardless of whether one uses CF or aCF.
The correlation between CF and DR news, however, does depend on whether
one considers CF shocks based on accounting ROE or the residual method.
Specifically, the DR-CF correlation increases if one defines CF shocks based on
accounting ROE, and it becomes positive (0.15) for the anomaly MVE portfolio.
This difference arises because accounting ROE ignores variation in net payouts
to stockholders, such as repurchases and issuance, which can be correlated with
DRs as well as accounting ROE.

Table IA.VIII in the Internet Appendix shows that the correlations between
anomaly and market CF news remain small even if one uses CF shocks based
on accounting ROE. A minor exception is the positive and statistically signifi-
cant correlation of 0.33 between market and value anomaly CF shocks in the
“Accounting ROE” column in Table IA.VIII. This finding is broadly consistent
with the finding in Cohen, Polk, and Vuolteenaho (2009) that market CF betas
increase with firms’ BM ratios—a finding also based on accounting ROE. Al-
though the correlations between the two anomalies’ (BM and size) CF shocks
with market CF shocks increase from roughly 0.1 to 0.3 when using accounting
ROE, the remaining anomaly and market CF correlations are close to zero. In
addition, the correlation between CF shocks to the anomaly MVE portfolio and
the market changes from —0.17 to —0.10 when using the accounting-based CF
shock, demonstrating that there is little effect on this key result.

The last important result in Tables IX and X is that CF news always accounts
for the majority of firm- and anomaly-level return variance regardless of which
methodology or sample one uses. In addition, the contribution of DR news to
return variance is always small, accounting for less than 10% in most specifica-
tions. Table X shows that these results hold for the “Including microcaps” and
“No Depression” samples. Tables IA.VII and IA.IX in the Internet Appendix
show that the finding of weak correlations between anomaly CF and DR news
and measures of macroeconomic activity is robust in these two samples.

C. Qverfitting and Misspecifying Expected Returns

Here, we consider two possible sources of misspecification in the VAR: spuri-
ous return predictability and omitted predictors of returns. This section sum-
marizes a detailed analysis of these issues that appears in Internet Appendix
Section VII. Incorrectly specifying the predictors of returns, including estimat-
ing predictability coefficients with noise, induces an error in estimated DR

13 In the alternative VAR with accounting ROE, we predict aggregate and firm-level [nROE but
restrict the coefficients on the lagged /[nROE variables to be zero in the A matrix since lagged
[nROE does not add predictive power beyond the other variables in the VAR.
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news. Since we impose the present-value relation (r — E(r) = CF — DR), any
error in estimated DR news affects estimated CF news.

Spurious return predictability resulting from decades of research on anoma-
lies is our foremost concern. By chance, some firm characteristics will be as-
sociated with future stock returns in historical samples, so estimates of re-
turn predictability are likely to be overstated, as Harvey, Liu, and Zhu (2016)
and Linnainmaa and Roberts (2018) argue. Internet Appendix Section VII
shows that the use of data-mined characteristics in our VAR framework bi-
ases estimates of DR news variance upward. More subtly, data mining also
increases the estimated covariance between CF and DR shocks because CF
shocks must offset the impact of overstated DR shocks in total returns, which
we observe directly. Our findings indicate that CF shocks are the dominant
component of anomaly returns and that the correlation between DR and
CF shocks is negative. Without data mining of VAR characteristics, these
two conclusions would likely be even more pronounced. However, if instead
our VAR equation for returns improperly omits key predictors of returns,
the opposite biases could occur, as shown in Internet Appendix Section VII.
This analysis underscores the importance of correctly specifying return
predictability.

VI. Interpreting the Results

The stylized facts from the main tables are as follows:

(1) Most variation in firm and anomaly returns comes from variation in CF
news, which has significant commonality across anomalies.

(2) Anomaly DR and CF shocks are not significantly correlated with market
DR and CF news or standard measures of macroeconomic activity.

(3) Firm- and anomaly-level DR and CF news are negatively correlated.

Fact 3 applies only if we exclude microcaps and only if CF shocks satisfy
the present-value relation. Otherwise, the facts above are remarkably stable
across methodologies and samples.

These findings can help guide asset pricing theories. For instance, the im-
portance of CF shocks in Fact 1 indicates that the 10% annual volatility in
typical long-short anomaly portfolio returns comes mainly from shocks to a CF
factor. Furthermore, anomaly characteristics are proxies for firms’ different
exposures to this CF factor. Fact 2 demonstrates that this CF factor is uncorre-
lated with market CFs and standard macroeconomic aggregates like GDP and
consumption growth.

These two facts present a high hurdle for two types of theories. First, the data
do not support theories that rely on errors in firm valuations that are unrelated
to actual CF's, such as the model of De Long et al. (1990) in which random noise
trading drives price movement. To explain anomaly return decompositions,
firms’ exposures to shocks to investor risk aversion or sentiment, if they exist,
cannot explain too much variance in returns at the firm or anomaly level. At
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the market level, in contrast, risk aversion or sentiment shocks could be quite
important given that 71% of market variance comes from DR shocks. Second,
the weak link between anomaly and market CF shocks casts doubt on theories
of anomalies that rely on differences in the sensitivity of firms’ CF's to aggregate
CF's (market or macroeconomic), such as the investment-based model of Zhang
(2005).

In addition, the generally weak correlation between anomaly DR shocks and
market DR shocks in Fact 2 is inconsistent with theories that emphasize the
role of common DR shocks across priced factor portfolios. Such a common DR
shock could arise from time-variation in risk aversion as in Campbell and
Cochrane (1999) or from time-variation in investor sentiment as in Baker and
Waurgler (2006). The near-zero correlation between anomaly MVE and market
DR shocks is inconsistent with the idea that arbitrageurs who exploit anomalies
are exposed to the same shocks to risk aversion as investors who hold the
market. Instead, the evidence suggests that distinct forces drive market and
anomaly return components. Indeed, Figure 4 shows that there are no clear
relationships between market and anomaly return components even during
crisis periods.

That said, the DR correlations in Table VII provide modest support for some
theories of DR determination. First, DR shocks to the value-minus-growth
portfolio are positively correlated with macroeconomic shocks, implying that
the DR of the value factor portfolio increases during good macroeconomic times.
For example, in the Internet boom of the 1990s when consumption and income
growth were high, the valuation spread increased as growth firms’ valuations
diverged markedly from value firms’ valuations, which in turn increased ex-
pected returns to the value factor portfolio. Figure 4 also shows that market
DRs declined during the Internet boom. This evidence is consistent with the DR
aspect of duration-based explanations of the value premium in which growth
firms are more sensitive to market DR shocks than are value firms, as in Let-
tau and Wachter (2007). However, Table VII also shows that DR shocks to the
anomaly MVE portfolio (MVE ex market) are only slightly and not significantly
negatively correlated with macro shocks. Thus, the duration-based theory is
inconsistent with broader evidence on DR variation.

Anomaly MVE and market DR shocks are both positively correlated with
shocks to the default spread, a possible proxy for aggregate risk aversion.
However, since the overall correlation between anomaly MVE and market
DR shocks is close to zero, as shown in Table VI, these DR shocks must ex-
hibit other large and distinct sources of variation. At the individual anomaly
level, the correlations with market DR shocks are generally small and the
pattern is inconsistent. Thus, while there is some evidence of a common com-
ponent related to the default spread, consistent with, for example, Campbell
and Cochrane (1999), this component is small—most fluctuations in anomaly
CF and DR news shocks are unrelated to fluctuations in market CF and
DR news.

Finally, the negative correlation in CF and DR shocks in Fact 3 could arise for
behavioral or risk-based reasons. Investor overreaction to positive firm-level
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CF shocks could lower firms’ effective DRs. If anomaly characteristics are
associated with firms’ exposures to these CF shocks, CF and DR shocks would
be negatively correlated at the anomaly level. For example, a shock to the
productivity of new versus old technology could increase growth firms’ CFs
and decrease value firms’ CFs. Investor overreaction to this technology shock
would reduce growth firms’ DRs and increase value firms’ DRs.!# Alternatively,
a risk-based theory in which this technology shock decreases growth firms’
risks and increases value firms’ risks could be consistent with the evidence.
Such CF shocks cannot be market- or industry-level shocks, as they exhibit
low correlations with market CF and DR shocks and industry exposures do not
appear to be priced. The Kogan and Papanikolaou (2013) model is consistent
with these facts.

VII. Conclusion

Despite decades of research on predicting short-term stock returns, there is
no widely accepted explanation for observed cross-sectional patterns in stock
returns. We provide new evidence on the sources of anomaly portfolio returns
by aggregating firm-level CF and DR news from a panel VAR system, producing
new insights into the components of anomaly returns. Any model that features
stocks with heterogeneous CF dynamics has implications for the variance de-
composition of the MVE portfolio return and thus the SDF that prices all
assets. Forcing models to match these empirical moments restricts the shocks
that drive investors’ marginal utility and behavioral biases. The empirical pat-
terns that we document also hold broadly across individual long-short anomaly
portfolios, thus providing guidance for theories of individual anomalies.

Our empirical framework provides three new facts. First, CF shocks to the
stocks underlying the MVE portfolio of anomalies account for 73% of this port-
folio’s return variance, while DR shocks account for only 7% of this portfolio’s
variance. Even when including the market portfolio in the MVE portfolio, we
still find that 69% of the return variation comes from CF news. These results
contrast with the finding that 74% of the return variance in the market port-
folio alone is due to DR news. Second, CF and DR shocks to anomalies exhibit
little relation with market CF and DR shocks. In fact, DR shocks to the market
are uncorrelated with DR shocks to the MVE combination of anomaly portfo-
lios, which casts doubt on theories that rely on common variation in the price
of risk (or sentiment) as an important determinant of these portfolios’ returns.
Anomaly CF shocks are also largely uncorrelated with business cycle variables
such as GDP and consumption growth. Third, there is a negative correlation be-
tween CF and DR shocks to the anomaly MVE portfolio. Based on this evidence,
the most promising theories of anomalies and the MVE portfolio are those that
feature CF factors with little relation to market returns or the business cycle,
where firms’ exposure to these factors are related to anomaly characteristics

14 For the sample with microcaps, a positive DR-CF correlation obtains, which is consistent with
underreaction to CF news perhaps because investors devote little attention to these firms.
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(e.g., investment or profitability) and where the CF shocks drive changes in
firm risk or errors in investors’ expectations.
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