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Abstract

We decompose the returns of �ve well-known anomalies into cash �ow and discount

rate news. Common patterns emerge across the �ve factor portfolios and their mean-

variance e¢ cient combination. Cash �ow news is the main source of anomaly return

variance. Anomaly cash �ow (discount rate) news exhibits only weak correlations with

market cash �ow (discount rate) news. Excluding the smallest �rms, anomaly cash �ow

and discount rate components are strongly negatively correlated. These rich empirical

patterns can guide speci�cations of asset pricing models and enable new tests of theories

of anomalies.
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1 Introduction

Researchers in the past 30 years have uncovered robust patterns in stock returns that con-

tradict classic asset pricing theories. A prominent example is that value stocks outperform

growth stocks, even though these stocks are similarly exposed to �uctuations in the over-

all 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 form an important part of the mean-variance e¢ cient (MVE)

portfolio and thus the stochastic discount factor (SDF) that prices all assets. For instance,

in the �ve-factor Fama and French (2015) model non-market factors account for 85% of the

variance in the model�s implied SDF.1

Researchers sharply disagree about the source of these non-market factors. Several dif-

ferent risk-based and behavioral models can explain why long-short portfolios based on valu-

ation ratios and other characteristics earn high average returns.2 In this paper, we introduce

an e¢ cient empirical technique for decomposing anomaly portfolio returns, as well as their

mean-variance e¢ cient (MVE) combination, into cash �ow (CF) and discount rate (DR)

shocks (news) as in Campbell (1991). These decompositions provide a wide array of new

facts that guide speci�cations of asset pricing theories.

To see how this CF-DR decomposition relates to theories, consider at one extreme the

model of noise trader risk proposed by De Long et al. (1990). In this model, �rm cash �ows

are constant, implying that all return variation arises from changes in discount rates. At

the other extreme, consider the simplest form of the Capital Asset Pricing Model (CAPM)

in which �rm betas and the market risk premium are constant. In this setting, expected

returns (discount rates) are constant, implying that all return variation arises from changes

in expected cash �ows. More generally, applying our empirical methodology to simulated

1Using data from 1963 to 2017, a regression of the mean-variance e¢ cient combination of the �ve Fama-
French factors on the market factor yields an R2 of 15%.

2Risk-based models include Berk, Green, and Naik (1999), Zhang (2005), Lettau and Wachter (2007),
and Kogan and Papanikolaou (2013). Behavioral models include Barberis, Shleifer, and Vishny (1998), Hong
and Stein (1999), and Daniel, Hirshleifer, and Subrahmanyam (2001).
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data from any risk-based or behavioral theory provides a novel test of 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 �ve well-known anomalies� value,

size, pro�tability, investment, and momentum� from 1929 to 2017. We uncover three sets

of novel �ndings for theories to explain. First, for all �ve anomalies, CF news explains

most of the variation in anomaly returns. This �nding builds on studies by Cohen, Polk,

and Vuolteenaho (2003) and Campbell, Polk, and Vuolteenaho (2010) that �nd cash �ows

explain most of the variance in the returns of the value anomaly. It also builds on the study

by Fama and French (1995) that shows that portfolios formed on size and value experience

systematic shocks to earnings. We �nd that such systematic earnings shocks occur not

only in size and value factor portfolios but also in pro�tability, investment, and momentum

portfolios. Moreover, unlike Fama and French (1995), we are able to explicitly link the shocks

to �rms�earnings to the returns of the anomaly factor portfolios.

Our second main result is that the CF and DR components in anomaly returns exhibit

only weak correlations with the corresponding components in market returns. The correla-

tions between market cash �ows and the �ve anomaly cash �ows range from -0.23 to 0.11. In

fact, when we combine all �ve anomalies into an MVE portfolio, CF shocks to this anomaly

MVE portfolio are slightly negatively correlated with market CF shocks: -0.17 correlation

with a standard error of 0.13. Thus, we can reject CF news correlations above 0.09, indi-

cating 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 0.00 with a standard error of 0.12. If one interprets discount

rates as proxies for investor risk aversion, this �nding suggests that increased aversion to

market risk is not strongly associated with increased aversion to anomaly risks.

Our third �nding is that anomaly CF news and anomaly DR news are negatively cor-

related. That is, �rms with negative news about long-run cash �ows tend to experience
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persistent increases in discount rates. This association contributes signi�cantly to return

variance in anomaly portfolios. An important caveat is that this result applies to anomaly

portfolios formed using stocks with market capitalizations that are not in the bottom quintile

of New York Stock Exchange (NYSE) stocks, which roughly corresponds to excluding stocks

popularly known as micro- and nano-caps.

In an alternative speci�cation, we include micro- and nano-caps in our sample. In this

speci�cation, such �rms exert a large in�uence on our �ndings because they are numerous

and have volatile characteristics and returns. Although our �rst two �ndings are essentially

unchanged in this alternative speci�cation, the correlation between anomalies�CF and DR

news becomes uniformly positive.3

Our main �ndings cast doubt on three types of theories of anomalies. First, theories in

which discount rate variation is the primary source of anomaly returns, such as De Long

et al. (1990), are inconsistent with the evidence on the importance of cash �ow variation.

The main reason that anomaly portfolios are volatile is that cash �ow shocks are highly

correlated across �rms with similar characteristics. For example, the long-short investment

portfolio is volatile mainly because the cash �ows of a typical high-investment �rm are

more strongly correlated with the cash �ows of other high-investment �rms than with those

of low-investment �rms. Second, theories that emphasize commonality in discount rates,

such as theories of time-varying risk aversion and those of common investor sentiment, are

generally inconsistent with the low correlations between discount rate shocks to anomaly

returns and those to market returns. Third, theories in which anomaly CF news is strongly

correlated with market CF news� i.e., cash �ow beta stories� are inconsistent with empirical

correlations that are close to zero.

In contrast, some theories of �rm-speci�c biases in information processing and theories of

�rm-speci�c changes in risk are consistent with our three main �ndings. Such theories include

behavioral models in which investors overextrapolate news about �rms�long-run cash �ows

3At the �rm level, our results are consistent with the �nding in Vuolteenaho (2002) that the correlation
between cash �ows and discount rates is highest for the smallest �rms.
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(e.g., Daniel, Hirshleifer, and Subrahmanyam (2001)) and risk-based models in which �rm

risk increases after negative news about long-run cash �ows (e.g., Kogan and Papanikolaou

(2013)). In these theories, DR shocks amplify the e¤ect of CF shocks on returns, consistent

with the negative empirical DR-CF correlation in our main speci�cation. These theories are

also consistent with low correlations between anomaly return components and market return

components.

To improve our understanding of commonality, we relate components of anomaly returns

to measures of macroeconomic �uctuations, including changes in proxies for risk aversion,

investor sentiment, and intermediary leverage. CF shocks to the anomaly MVE portfolio

are uncorrelated with standard macroeconomic measures, such as consumption and income

growth and the default spread. In contrast, DR shocks to the anomaly MVE portfolio exhibit

statistically signi�cant correlations with these macroeconomic indicators. The direction of

these correlations shows that anomaly discount rates increase in bad times, which could be

associated with heightened aggregate risk aversion. Only shocks to broker-dealer leverage

and the Baker and Wurgler (2006) sentiment index exhibit signi�cant positive correlations

with anomaly CF news. But both of these measures also exhibit negative correlations with

anomaly DR news, suggesting that these measures are simply correlated with total anomaly

returns rather than having a special correlation with either component of anomaly returns.

Our approach builds on the present-value decomposition of Campbell and Shiller (1988).

Campbell (1991) applies this decomposition to the overall stock market, and Vuolteenaho

(2002) applies it to individual �rms. We directly estimate �rms�DR shocks using an un-

balanced 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 �rm-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 anom-

aly portfolio, fully exploits information about the cross-sectional relation between shocks to

characteristics and returns. Our panel approach allows us to consider more return predictors,
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substantially increases the precision of the return decomposition, and mitigates small-sample

issues.4 Motivated by Chen and Zhao�s (2009) �nding that VAR results can be sensitive to

variable selection, we show that our return decompositions are robust across many di¤erent

speci�cations.

Vuolteenaho (2002) �nds that, at the �rm-level, CF news is the main driver of returns,

which we con�rm in our sample. He further argues that, at the market level, DR news is the

main driver of returns, which we also con�rm. Cohen, Polk, and Vuolteenaho (2003) and

Campbell, Polk, and Vuolteenaho (2010) use various approaches to argue that CF news is

the main driver of risks and expected returns of the long-short value-minus-growth portfolio,

broadly consistent with our �ndings for value. Our study is unique in that we analyze

multiple anomalies (not just value), along with the market and, most importantly, the mean-

variance e¢ cient portfolio. This joint analysis uncovers robust patterns across anomalies and

the MVE portfolio.

Lyle and Wang (2015) estimate the discount rate and cash �ow components of �rms�

book-to-market ratios by forecasting one-year returns using return on equity and book-

to-market ratios. They focus on stock return predictability at the �rm level and do not

analyze the sources of anomaly returns. In subsequent work, Haddad, Kozak, and Santosh

(2018) propose a principal components approach to forecasting portfolio returns. Consistent

with our results, they �nd low correlation between market discount rates and long-short

factor portfolios�discount rates. 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 Campbell (1991), Larrain and Yogo (2008), van Binsbergen and

Koijen (2010), and Kelly and Pruitt (2013)).

The paper proceeds as follows. Section 2 provides examples of theories�implications for

4More subtly, inferring CF and DR shocks directly from a VAR estimated using returns and cash �ows
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 �rm
characteristics. In Internet Appendix A, we provide extreme examples in which, for example, �rms�expected
cash �ows are constant but direct VAR estimation suggests that all return variation in the rebalanced anomaly
portfolio comes from CF shocks.
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anomaly cash �ows and discount rates. Section 3 introduces the empirical model. Section

4 describes the data and empirical speci�cations. Section 5 discusses the VAR estimation,

while Section 6 presents �rm- and portfolio-level results. Section 7 shows robustness tests,

and Section 8 concludes.

2 Theory

Empirical research identi�es several asset pricing anomalies in which �rm characteristics,

such as �rm pro�tability and investment, predict �rms�stock returns even after controlling

for market beta. Modern empirical asset pricing models therefore postulate multiple factors

(e.g., Fama and French (1993, 2015), Carhart (1997)), including non-market factors de�ned

as long-short portfolios sorted on �rm characteristics.

In this paper, we decompose the returns to long-short anomaly portfolios and their mean-

variance e¢ cient (MVE) combination into updates in expectations of future cash �ows, cash

�ow (CF ) news, and updates in expectations of future returns, discount rate (DR) news.

The mean-variance e¢ cient combination of these factors is also of interest as shocks to this

portfolio�s return are proportional to shocks to the stochastic discount factor Mt (e.g., Roll

(1976), Cochrane (2005)):

Mt � Et�1 [Mt] = b (RMVE;t � Et�1 [RMVE;t]) ; (1)

where RMVE;t =
PK

k=1 !kRFk;t is the return to the MVE portfolio at time t, expressed as a

linear function of K factor returns (RFk;t), and where b < 0. In this interpretation, shocks to

the MVE portfolio re�ect the risks driving marginal utility of the marginal investor, which is

linear in Mt. Understanding the nature and magnitudes of CF and DR shocks to the MVE

portfolio and its components is therefore informative for all asset pricing models.
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2.1 The Return Decomposition

Recall from Campbell (1991) that we can decompose shocks to log stock returns into shocks

to expectations of cash �ows and returns:5

ri;t+1 � Et [ri;t+1] � CFi;t+1 �DRi;t+1; (2)

where

CFi;t+1 = (Et+1 � Et)
1P
j=1

�j�1�di;t+j; (3)

DRi;t+1 = (Et+1 � Et)
1P
j=2

�j�1ri;t+j; (4)

and where �di;t+j (ri;t+j) is the log of dividend growth (log of gross return) of �rm i from

time t + j � 1 to time t + j, and � is a log-linearization constant slightly less than 1.6 In

words, return innovations are due to updates in expectations of future dividend growth or

future expected returns.

We de�ne anomaly returns as the value-weighted returns of stocks ranked in the highest

quintile of a given �rm characteristic minus the value-weighted returns of stocks ranked

in the lowest quintile. We de�ne anomaly CF news as the CF news for the top quintile

portfolio minus the news for the bottom quintile portfolio. We similarly de�ne anomaly

DR news. In the empirical section, we describe our method in detail. Next we discuss the

implications of this decomposition of anomaly and MVE portfolio returns for speci�c models

of the cross-section of stock returns.
5The operator (Et+1 � Et)x represents Et+1 [x]�Et [x]: the update in the expected value of x from time

t to time t + 1. The equation relies on a log-linear approximation of the price-dividend ratio around its
sample average.

6A similar decomposition holds for non-dividend paying �rms, assuming clean-surplus earnings (see,
Ohlson (1995), and Vuolteenaho (2002)). In this case, the relevant cash �ow is the log of gross return on
equity. The DR shock takes the same form as in Equation (4).
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2.2 Relating the Decomposition to Anomalies

Theories of anomalies propose that investor beliefs and �rm cash �ows vary with �rm charac-

teristics. The well-known value premium provides a useful illustration. De Long et al. (1990)

and Barberis, Shleifer and Vishny (1998) are examples of behavioral models that could ex-

plain this anomaly, while Zhang (2005) and Lettau and Wachter (2007) are examples of

risk-based explanations.

First, consider a multi-�rm generalization of the De Long et al. (1990) model of noise

trader risk. In this model, �rm cash �ows are constant but stock prices �uctuate because

of random demand from noise traders, driving changes in �rm book-to-market ratios. As

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 cash �ow assumption is clearly

stylized. However, if one in the spirit of this model assumes that value and growth �rms have

similar cash �ow exposures, the variance of net CF shocks to the long-short portfolio would

be small relative to the variance of DR shocks. Thus, an empirical �nding that DR shocks

only explain a small fraction of return variance to the long-short value portfolio would be

inconsistent with this model.

Barberis, Shleifer, and Vishny (BSV, 1998) propose a model in which investors overex-

trapolate from long sequences of past �rm earnings when forecasting future �rm earnings.

Thus, a �rm that repeatedly experiences low earnings will be underpriced (a value �rm) as

investors are too pessimistic about its future earnings. The �rm will have high expected

returns as future earnings on average are better than investors expect. Growth �rms will

have low expected returns for analogous reasons. In this model, CF and DR shocks are

intimately linked. Negative CF shocks cause investors to expect low future cash �ows. But

these irrationally low expectations manifest as positive DR shocks in Equations (3) and (4),

because the econometrician�s expectations are rational. Thus, this theory predicts a strong

negative correlation between CF and DR shocks at the �rm and anomaly levels.

Zhang (2005) provides a risk-based explanation for the value premium based on a model
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of �rm production. Persistent idiosyncratic productivity (earnings) shocks by chance make

�rms into either value or growth �rms. Value �rms, which have low productivity, have more

capital than optimal because of adjustment costs. These �rms�values are very sensitive

to negative aggregate productivity shocks as they have little ability to smooth such shocks

through disinvesting. Growth �rms, on the other hand, have high productivity and subop-

timally low capital stocks and therefore are not as exposed to negative aggregate shocks.

Value (growth) �rms�high (low) betas with respect to aggregate shocks justify their high

(low) expected returns. Similar to BSV, this model predicts a negative relation between

�rm CF and DR shocks. Di¤erent from BSV, the model predicts that the value anomaly

portfolio has CF shocks that are positively related to market CF shocks because value stocks

are more sensitive to aggregate technology shocks than growth stocks.

Lettau and Wachter (2007) propose a duration-based explanation of the value premium.

In their model, growth �rms are, relative to value �rms, more exposed to shocks to market

discount rates and long-run cash �ows, which are not priced, and less exposed to shocks to

short-run market cash �ows, which are priced. This model implies that short-run CF shocks

to the long-short value portfolio are positively correlated with short-run market CF shocks.

In addition, DR and long-run CF shocks to the value portfolio are negatively correlated with

DR and long-run CF shocks to the market, respectively.

2.3 Relating the Decomposition to the Stochastic Discount Factor

Prior studies (e.g., Campbell (1991) and 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 preferences and aggregate cash �ows in asset

pricing models. For instance, the Campbell and Cochrane (1999) model relies on strong

time-variation in investor risk aversion� i.e., the price of risk� which is consistent with the

high variance of market DR news.

The modern consensus is that the mean-variance e¢ cient (MVE) portfolio and thus the
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stochastic discount factor (SDF) includes factors other than the market. By the logic above,

decomposing MVE portfolio returns into CF and DR news also can inform speci�cations of

asset pricing models. For example, the Campbell and Cochrane (1999) model�s large time-

variation in investor risk aversion implies an important role for DR shocks that are common

across the factor portfolios in the SDF.

All models that feature a cross-section of stocks have implications for the return de-

composition of anomaly portfolios and the MVE portfolio. As an example, Kogan and

Papanikolaou (2013) propose a model in which aggregate investment-speci�c shocks, uncor-

related with market productivity shocks that a¤ect all capital, have a negative price of risk.

Value and growth �rms have similar exposure to market productivity shocks, but growth

�rms have higher exposure to the investment-speci�c shock. These two aggregate CF shocks

are the primary drivers of returns to the MVE portfolio in their economy. However, since

book-to-market ratios increase with discount rates, discount rate shocks are also present and

there is a negative correlation between CF and DR shocks.

2.4 The Empirical Model

Most theories of anomalies, including those above, apply to individual �rms. To test these

theories, one must analyze �rm-level CF and DR news and then aggregate these shocks into

anomaly portfolio news. As we explain in Internet Appendix A, extracting CF and DR news

directly from rebalanced portfolios, such as the Fama-French value and growth portfolios,

can lead to mistaken inferences as trading itself confounds the underlying �rms�CF and DR

shocks.7 We assume that �rm-level expected log returns are linear in observable variables

(X):

Et [ri;t+1] = �0 + �
0
1Xit + �

0
2XAt: (5)

7In Internet Appendix A, we provide an example of a value-based trading strategy. The underlying �rms
only experience DR shocks, but the traded portfolio is driven solely by CF shocks as a result of rebalancing.
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Here, Xit is a vector of �rm-speci�c characteristics, such as book-to-market and pro�tability,

and XAt is a vector of aggregate variables, such as the risk-free rate and aggregate book-to-

market ratio, all measured in logs. De�ne the K � 1 composite vector:

Zit =

26664
rit � �rit
Xit � �Xit

XAt � �XAt

37775 ; (6)

where the bar over the variable means the average value across �rms and time. We assume

this vector evolves according to a VAR(1):

Zi;t+1 = AZi;t + "i;t+1; (7)

where "i;t+1 is a vector of conditionally mean-zero, but potentially heteroskedastic, shocks.

The companion matrix A is a K �K matrix. Then DR shocks are:

DRi;t+1 = Et+1
1P
j=2

�j�1ri;t+j � Et
1P
j=2

�j�1ri;t+j

= e01
1P
j=1

�jAjZi;t+1 � e01A
1P
j=1

�jAjZi;t

= e01
1P
j=1

�jAj"i;t+1 = e
0
1�A (IK � �A)

�1 "i;t+1: (8)

Here e1 is a K � 1 column vector with 1 as its �rst element and zeros elsewhere, and IK is

the K �K identity matrix.

We can extract CF shocks from the VAR by combining Equation (2) and the expression

for DR shocks:

CFi;t+1 = ri;t+1 � Et [ri;t+1] +DRi;t+1

= e01
�
IK + �A (IK � �A)�1

�
"i;t+1: (9)

Thus, we impose the present-value relation when estimating the joint dynamics of �rm cash
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�ows and discount rates.

Following Vuolteenaho (2002) and Campbell, Polk, and Vuolteenaho (2010), we sepa-

rately model aggregate (market-wide) variables and cross-sectional (�rm-level) variables to

allow for di¤erences in their dynamics. We de�ne the value-weighted averages of rit and

Xit as r
agg
t and Xagg

t respectively, where the subscript agg denotes aggregate returns and

characteristics. We de�ne the �rm-level variables as rmait = rit� raggt and Xma
it = Xit�Xagg

t ,

where the superscript ma denotes market-adjusted returns and characteristics.

To identify the aggregate shocks, CF aggt and DRaggt , we estimate an aggregate VAR with

predictive coe¢ cients, Aagg, that summarize the dynamics of each variable�s value-weighted

average. The aggregate shocks are then:

DRaggt+1 = e01�A
agg (I � �Aagg)�1 "aggt+1; (10)

CF aggt+1 = e01
�
I + �Aagg (I � �Aagg)�1

�
"aggt+1: (11)

To obtain the market-adjusted �rm-level shocks, CFmait and CFmait , we next estimate a

panel VAR with predictive coe¢ cients, Ama, that govern the dynamics of market-adjusted

�rm-level variables. Then we combine the aggregate and market-adjusted shocks to obtain

total �rm-level CF and DR shocks as CFit = CF
agg
t + CFmait and DRit = DR

agg
t +DRmait .

This two-step approach allows the predictive coe¢ cients in the VAR to be di¤erent in the

cross section (Ama) and the time series (Aagg), which Vuolteenaho (2002) and Campbell,

Polk, and Vuolteenaho (2010) show is important to match the data.

We analyze CF and DR shocks to �ve long-short anomaly portfolios. Each of these

portfolios takes long positions in the top quintile and short positions in the bottom quintile

of stocks sorted by one of the �ve 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

�rms in these portfolios. We then compute the long-short portfolios�CF and DR shocks

as the di¤erence between the long and short legs. Value-weighting log returns is not the

same as value-weighting simple returns, but this procedure follows Vuolteenaho (2002). In
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a previous draft (Lochstoer and Tetlock (2018)), we converted the CF and DR components

of log �rm returns into CF and DR components for simple �rm returns using a second-order

Taylor approximation of the simple return in terms of the log CF and DR components.

Because these approximations did not materially a¤ect our results, we use the parsimonious

value-weighted aggregation of log returns that is consistent with previous literature.

3 Data

We estimate the CF and DR components of returns using data from Compustat and the

Center for Research on Securities Prices (CRSP) from 1926 through 2017. Our analysis

requires panel data on �rms�returns, book values, market values, earnings, and other ac-

counting 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 US Treasury Bills, respectively, which are available on Kenneth

French�s website and the Fama Files in CRSP. We obtain in�ation data from the Consumer

Price Index (CPI) series in CRSP.

We impose sample restrictions to ensure the availability of high-quality accounting and

stock price information. We exclude �rms with negative book values because we cannot

compute the logarithms of their book-to-market ratios as required in the present-value equa-

tion. We include only �rms with nonmissing market equity data at the end of the most

recent calendar year. In our main results, we exclude �rms in the bottom quintile of the

prior year�s distribution of NYSE market capitalization. The purpose is to estimate VAR

coe¢ cients using the largest and most economically important stocks. We also report our

�ndings with no restriction on size. We impose data restrictions ex ante and compute sub-
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sequent book-to-market ratios, earnings, and returns as permitted by data availability. We

use CRSP delisting returns and assume the average delisting return for the delisting event

in the rare cases in which a stock�s delisting return is missing.

When computing a �rm�s book-to-market 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 the book equity. This timing of market equity coincides with the beginning of the stock

return period, allowing us to use the clean-surplus equation below. We compute book equity

using Compustat data when available, supplementing it with hand-collected data from the

Davis, Fama, and French (2000) study. We adopt the Fama and French (1992) procedure

for computing book equity. Market equity is equal to shares outstanding times stock price

per share. We sum market equity across �rms that have more than one share class of stock.

We de�ne lnBM as the log of book-to-market ratio.

We compute log stock returns in real terms by subtracting the log of in�ation (the log

change in the CPI) from the log nominal stock return. We compute annual returns from the

end of June to the following 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.

We measure log clean-surplus return on equity, lnROECS, from the equation:

lnROECSi;t+1 � ri;t+1 + �bmi;t+1 � bmi;t: (12)

This measure corresponds to actual return on equity if clean-surplus accounting and the log-

linearization both hold, as Ohlson (1995) and Vuolteenaho (2002) assume.8 It is a timely,

June-to-June, earnings measure that exactly satis�es the equation:

CFi;t+1 = (Et+1 � Et)
1P
j=1

�j�1lnROECSi;t+j: (13)

Thus, one can use lnROECS in the VAR to obtain expected cash �ows and cash �ow shocks

at di¤erent horizons. In addition, as Equation (12) shows, adding lnROECS in the VAR is

8Violations of clean-surplus accounting can arise from share issuance or merger events.
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equivalent to including a second lag of the book-to-market ratio. We winsorize the earnings

measure at ln(0.01) when earnings is less than -99%. We follow the same procedure for log

returns and for log �rm characteristics that represent percentages with minimum bounds of

�100%. Alternative winsorizing procedures have little impact on our results.

We compute several �rm characteristics that predict short-term stock returns in historical

samples. A �rm�s market equity (ME) or size is its shares outstanding times share price.

Following Fama and French (2015), pro�tability (Prof) is annual revenues minus costs of

goods sold, interest expense, and selling, general, and administrative expenses, all divided

by book equity from the same �scal year.9 Following Cooper, Gulen, and Schill (2008) and

Fama and French (2015), investment (Inv) is the annual percentage growth in total assets.

Annual data presents a challenge for measuring the momentum anomaly. In Jegadeesh and

Titman (1993), the maximum momentum pro�ts accrue when the formation and holding

periods sum to 18 months. Therefore, we construct a six-month momentum variable based

on the percentage rank of each �rm�s January to June return. The subsequent holding period

implicit in the VAR is one year, from July through June. We transform each measure by

adding one and taking its log, resulting in the following variables: lnME, lnProf , lnInv,

and lnMom6. In our VAR, we use the �ve-year change in log size (d5:lnME) following

Gerakos and Linnainmaa (2018), rather than the level of log size, to ensure that our size

variable is stationary. When forming value-weighted portfolios, we compute value weights as

a �rm�s market capitalization (ME) divided by the total market capitalization of all �rms

in the portfolio.

We compute stocks�annual return variances based on daily excess log returns, which are

daily log stock returns minus the daily log return from the one-month risk-free rate at the

beginning of the month. A stock�s realized variance is the annualized average value of its

squared daily excess log returns during the past year. In this calculation, we do not subtract

each stock�s mean squared excess return to minimize estimation error. We transform realized

9Novy-Marx (2013) de�nes pro�tability with a denominator of total assets, not book equity.
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variance by adding one and taking its log, resulting in the variable lnRV .

Table 1 presents summary statistics for all variables in the �rm-level VAR. Panel A

displays the number of observations, means, and standard deviations for each variable. In

the average year of 1929 to 2017 sample, the average �rm has a log book-to-market ratio

of �0:24, which implies a market-to-book ratio of e0:24 = 1:27. Valuation ratios range

widely across �rms, as shown by the lnBM standard deviation of 0.626. The cross-sectional

variation in stock returns is also substantial at 0.293 per year. Panel B shows cross-sectional

correlations for the variables in the VAR. The only two correlations above 0.4 in absolute

value are the somewhat mechanical correlations between book-to-market and 5-year change

in size (-0.44) and between six-month momentum and one-year returns (0.69).

4 VAR Estimation

We estimate the �rm-speci�c and aggregate predictors of �rms�(log) returns and cash �ows

using a panel VAR system. Natural predictors of returns include characteristics that are

proxies for �rms� risk exposures or stock mispricing. As predictors of earnings, we use

accounting characteristics and market prices that forecast �rm cash �ows in theory and

practice.

4.1 Speci�cation

Our panel VAR speci�cation is based on market-adjusted �rm-level variables. The seven

market-adjusted variables are annual returns (lnRetmait ), clean-surplus earnings (lnROE
CS;ma
it )

and the �ve anomaly characteristics: lnBM , lnProf , lnInv, d5:lnME, and lnMom6. We

use the value-weighted averages of these same seven variables in the aggregate VAR. In the

panel VAR, we weight each year equally, following Campbell, Polk, and Vuolteenaho (2010),

by applying weights to each �rm-year based on the inverse of the number of �rms in each

year.

We estimate a �rst-order autoregressive system with one lag of each characteristic. The
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panel VAR allows us to estimate the long-run dynamics of (market-adjusted) log returns

and log earnings based on the short-run (one-year) properties of a broad cross section of

�rms. We do not need to impose restrictions on which �rms survive for multiple years,

thereby mitigating statistical noise and survivorship bias. Similarly, the aggregate VAR

allows us to estimate the long-run dynamics of market-wide variables based on their short-run

properties. In the robustness section, we show that the VAR�s key autoregressive assumption

provides a reasonable approximation of the long-run dynamics of returns and earnings. In

the robustness section, we also discuss the implications of data mining characteristics.

Our VAR speci�cation di¤ers from speci�cations in prior studies, which could drive dif-

ferences in our CF-DR decomposition as discussed in Chen and Zhao (2009). To illustrate

how our CF-DR decomposition depends on speci�cation choices, we replicate several prior

speci�cations and compute CF-DR compositions based on these alternative speci�cations.

We report these results after our main speci�cation.

4.2 Baseline Panel VAR Estimation

Table 2 reports weighted ordinary least squares (WOLS) point estimates of the predictive

coe¢ cients (Ama) in the market-adjusted panel VAR, where the weighting ensures equal

weight for each year. The �rst two columns of Table 2 report the coe¢ cients in the forecasting

regressions for �rms�log returns and earnings. The third column in Table 2 shows the implied

coe¢ cients on �rms�log book-to-market ratios based on the clean-surplus relation between

log returns, log earnings, and log valuations (see Equation (12)). The remaining columns

show the forecasting regressions for the other �rm characteristics. In parentheses below each

coe¢ cient, we report standard errors that account for correlations in the regression error

terms within years.

The �ndings in the log return regressions are consistent with those of the large litera-

ture on short-horizon forecasts of returns. Log book-to-market, pro�tability, and six-month

momentum are positive predictors of �rms� log returns at the annual frequency, whereas
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log investment and size are negative predictors of log returns. We obtain standardized co-

e¢ cients for each characteristic by multiplying each return predictability coe¢ cient in the

�rst column of Table 2 by the corresponding characteristic�s standard deviation in Table 1,

Panel A. In order of descending importance, the standardized annual coe¢ cients are 0:025

for pro�tability, 0:019 for momentum, 0:019 for book-to-market, �0:016 for investment, and

�0:016 for size. These coe¢ cients represent the change in expected annual return from a

one standard deviation change in each characteristic, holding other predictors constant.

The second column of Table 2 shows the regressions predicting log annual earnings. The

strongest predictor of log earnings is log book-to-market, which has a standardized (raw)

annual coe¢ cient of �0:062 (�0:099). In order of descending importance, other predic-

tors of log earnings are the logs of returns, pro�tability, and size, which have standardized

coe¢ cients of 0:024, 0:015, and 0:011, respectively.

The third column in Table 2 shows how lagged characteristics predict log book-to-market

ratios. Log book-to-market ratios are quite persistent as shown by the 0:917 coe¢ cient on

lagged lnBM . This high persistence coupled with the strong predictive power of lnBM

for earnings and returns suggests that lnBM is an important determinant of cash �ow

and discount rate news. Interestingly, log investment is a signi�cant positive predictor of

log book-to-market, meaning that market-to-book ratios tend to decrease following high

investment. These relations play a role in the long-run dynamics of expected log earnings

and log returns of �rms with high investment. Analogous reasoning applies to the positive

coe¢ cient on lagged log returns, which is statistically signi�cant at the 10% level.

The last four columns shows the forecasting regressions for the remaining �rm charac-

teristics in the panel VAR. The most persistent characteristic is the �ve-year change in size,

which has a persistence coe¢ cient of 0:746. The persistence coe¢ cients on the logs of in-

vestment and pro�tability are 0:723 and 0:612, whereas the persistence coe¢ cient on the log

of six-month momentum is 0:059. All else equal, characteristics with high (low) persistence

are more important determinants of long-run cash �ows and discount rates.
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Table 3 reports the analogous predictive coe¢ cients from the aggregate VAR. The �rst

column shows the one-year forecasting regression for aggregate log returns. The two most

important predictors are aggregate pro�tability and the �ve-year aggregate change in size,

which have standardized coe¢ cients of 0:065 and �0:052. Despite the marginal statistical

signi�cance of these predictors, their economic magnitudes are very large. For example, in

our 89 year sample, expected log real returns on the market have a standard deviation of

0:091, range from �0:281 to 0:300, and are negative in 27 of 89 years. The R2 value of 0:201

summarizes this high in-sample aggregate return predictability.

In the second column of Table 3, we report the predictability of log aggregate earnings,

which is quite small relative to aggregate return predictability. Based on the predictive

coe¢ cients, expected log earnings on the market have a standard deviation of 0:021, range

from 0:047 to 0:151, and are negative in 0 of 89 years. The comparison between columns one

and two in Table 3 suggests that much variation in realized aggregate returns could be due

to variation in expected returns. But this logic is incomplete because it ignores the dynamics

of the predictors of aggregate returns and earnings.

The last �ve columns in Table 3 show the forecasting regressions for these aggregate

predictors. By far, the most persistent predictor is aggregate log book-to-market, which

has a persistence coe¢ cient of 0.969. This coe¢ cient being near 1.0 is consistent with the

argument in Lettau and van Nieuwerburgh (2008) that valuation ratios experience structural

breaks during our sample. Upon further investigation, we �nd that the autocorrelation

coe¢ cient of aggregage log book-to-market is only 0:81, indicating that the presence of

correlated regressors substantially increases the persistence coe¢ cient. Based on our VAR

point estimates, we cannot reject stationarity and so we proceed with this parsimonious

assumption. Because of its high persistence, log book-to-market is the primary driver of

long-run return predictability, even though its standardized one-year return predictability

coe¢ cient is just 0:022.
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5 Decomposing Returns

We now examine the implications of this VAR system for the DR and CF components of

returns. The DR and CF components of �rms�market-adjusted log returns come directly

from substituting the VAR estimates into Equations (8) and (9). Similarly, the DR and

CF components of log market returns come from Equations (10) and (11). We obtain the

components of total �rm returns as the sums of the respective components of market-adjusted

returns and market returns.

Table 4 reports the decomposition of log return variance into DR and CF components.

We report standard errors in parentheses below the point estimates of each component of

variance. We compute standard errors as the square root of the estimation variance, which

we de�ne as the sum of the estimation uncertainty from sampling variation and that from

estimating the VAR coe¢ cients. The estimation uncertainty from sampling variation comes

from standard formulas for uncertainty in variance, covariance, and correlation. We compute

the estimation uncertainty from the VAR coe¢ cients using the delta method.

The �rst row in Table 4 shows that DR news explains just 7% of variance in �rms�

market-adjusted returns, whereas CF news explains 76% of variance. The importance of CF

news at the �rm level con�rms a key �nding in Vuolteenaho (2002).

Interestingly, the third column shows that negative covariation between DR and CF

tends to amplify return variance, contributing a highly signi�cant positive amount (17%) of

variance. The last column shows that the correlation between the CF and DR components

is signi�cantly negative (�0:35). In economic terms, this negative correlation means that

low expected cash �ows are associated with high discount rates. The negative correlation in

cash �ow and discount rate shocks could arise for behavioral or risk-based reasons. Investor

overreaction to positive �rm-speci�c cash �ow shocks could lower �rms�e¤ective discount

rates. Alternatively �rms with negative cash �ow shocks could become more exposed to

systematic risks, increasing their discount rates.

Our �nding of a negative correlation between DR and CF shocks is at odds with the
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positive correlation reported in Vuolteenaho (2002) and Campbell, Polk, and Vuolteenaho

(2010). In the robustness section, we will show (in Table 8) that the di¤erence in our

�ndings is solely attributable to our exclusion of stocks in the bottom NYSE size quintile,

which di¤ers from the two studies above. The fact that the DR-CF correlation decreases

with �rm size is consistent with Vuolteenaho (2002).

The last row in Table 4 shows the decomposition of log market returns. Consistent with

prior studies, such as Campbell (1991) and Cochrane (2011), DR news is the main driver

of market returns, accounting for 71% of variance in our main speci�cation. 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 13% of return

variance. The DR-CF correlation of �0:20 is not signi�cantly di¤erent from zero, which is

broadly consistent with the literature.

The middle row in Table 4 reports the decomposition of total log �rm returns. Because

the total return decomposition comes from combining market-adjusted and market decom-

position, it is unsurprising that 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 of total �rm return variance (58%). Variation in DR news

accounts for 23%, and negative covariation in DR-CF accounts for the remaining part (19%)

of total �rm return variance.

5.1 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

the returns to anomaly portfolios, namely those formed by cross-sectional sorts on value,

size, pro�tability, investment, and momentum. When forming anomaly portfolios, we sort

by the anomaly characteristics in the VAR, except for �rm size. Although �rm size appears

in the VAR as the �ve-year change in log size, we sort by the level of �rm size when forming
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anomaly portfolios to be consistent with prior work. Note that market-adjustments to VAR

variables do not a¤ect cross-sectional sorts.

As described earlier, we compute size-weighted averages of �rm-level DR and CF esti-

mates to obtain portfolio-level DR and CF estimates. When aggregating �rm-level shocks

to the portfolio level, only correlated shocks to �rms remain. Thus, if cash �ow shocks

are largely uncorrelated but discount rate shocks are highly correlated, the portfolio return

variance decomposition can be very di¤erent from the �rm return variance decomposition.

Panel A in Table 5 reports the CF and DR decompositions of the returns to each of

the �ve anomaly portfolios. We compute standard errors for these decompositions using the

same delta-method procedure as in Table 4. The most striking result in Table 5 is that

CF news accounts for the vast majority of the return variance for all �ve anomalies. As

shown in column two of Table 5, the contribution of CF news to variance ranges from 68%

of variance for the size anomaly to 95% of variance for the pro�tability anomaly. This fact

indicates that �rm-level CF news is not diversi�ed away when forming anomaly portfolios.

In contrast, DR news accounts for less than 20% of variance for all �ve anomalies.

The correlation in anomaly DR and CF news is signi�cantly negative for three of the

�ve anomalies� value, size, and momentum� with values ranging from �0:61 to �0:59. For

the pro�tability and investment anomalies, the covariance is statistically indistinguishable

from zero. However, if we exclude the �rst 10 years of our sample� i.e., 1929 to 1938 or

the Great Depression� the DR-CF correlations for these two anomalies become negative

and signi�cant: �0:45 for pro�tability and �0:52 for investment.10 Thus, it seems that the

negative DR-CF correlation at the �rm level drives a negative DR-CF correlation at the

anomaly level.

Figure 1 concisely summarizes the anomaly return decompositions for all �ve anomalies.

The red bars indicate the contributions from DR news, which are all small (below 20%). The

blue bars show that CF news contributes most of anomaly return variance. Lastly, the light

10The other three anomalies continue to have negative DR-CF correlations even if we exclude the Great
Depression.

22



green bars show that negative covariance between DR-CF news is an important contributor

to return variance for the value, size, and momentum anomalies. Standard error bounds

appear at the top of each bar.

Panel B of Table 5 reports the CF and DR decompositions of the MVE and market

portfolios. The MVE portfolio applies weights to other portfolios that maximize the MVE

portfolio�s in-sample Sharpe ratio. We compute two versions of the MVE portfolio: MVE ex

market weights each of the �ve long-short anomaly portfolios optimally; and MVE including

market weights the market and the �ve anomaly portfolios optimally.

The key result in Panel B of Table 5 is that CF news is the main driver of the return

of both MVE portfolios, particularly the one with just the �ve anomalies. Thus, anomaly

CF news is not diversi�ed away when one combines all �ve anomalies: there is a common

component across anomaly CF news. The MVE ex market portfolio inherits the negative

DR-CF correlation of the anomalies. In contrast, the MVE portfolio that includes the market

has a DR-CF correlation that is close to zero.

The importance of cash �ows and the negative correlation between CF and DR are the

most prominent e¤ects in Table 5. Theories of anomalies that rely heavily on independent

variation in DR shocks, such as De Long et al. (1990), are inconsistent with this evidence. In

contrast, theories in which CF shocks are tightly linked with DR shocks have the potential

to explain this evidence. Risk-based theories in which �rm risk increases after negative

cash �ow realizations predict negative correlations between CF and DR shocks. Behavioral

theories in which investors overreact to cash �ow news are also consistent with this evidence.

The similarity of the empirical decompositions of anomalies and �rms is mechanical. Ag-

gregation into long-short portfolios diversi�es away idiosyncratic cash �ow and discount rate

shocks, focusing the analysis on common cash �ow and discount rate variation in anomaly

portfolios. The relative importance of CF and DR for each anomaly depends on the corre-

lation of CF and DR shocks across the assets in anomaly portfolios, which in turn depends

on the commonality in shocks to assets�characteristics.
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Figure 2 summarizes the results from the decompositions of the two MVE and market

portfolios. The MVE portfolio that combines the market and the anomalies inherits some

of its properties from these two sets of portfolios. However, it also has a new property: zero

DR-CF correlation. But the main message from this �gure is that CF news is extremely

important for both MVE portfolios and thus the SDF. We next analyze the correlations

across portfolios to improve our understanding of priced risks.

5.2 Correlations Across Portfolios

In Table 6, we report correlations between components of market returns and components

of anomaly returns. For ease of interpretation, we multiply the long-short returns of the

investment and size portfolios by �1 before computing correlations, which makes these port-

folios have positive premiums. In the �rst column of Table 6, we report correlations between

anomaly CF news and market CF news. Strikingly, only one of the �ve anomaly CF shocks

(investment) exhibits a signi�cant correlation with market CF news, as shown in column

one. The �ve correlations between anomaly and market cash �ows are economically small,

ranging between �0:23 for investment and 0:11 for value. These �ndings cast doubt on

theories of anomalies that rely on di¤erences in how sensitive �rms�earnings are to aggre-

gate cash �ows. The evidence is ostensibly inconsistent with a broad category of risk-based

explanations of anomalies.

Cohen, Polk, and Vuolteenaho (2009) argue that market cash �ow betas are increasing

in �rms�book-to-market ratios. Their results di¤er from ours for three reasons. First, our

sample is longer and includes the Great Depression and the global �nancial crisis of 2007-

2009. Second, we exclude the bottom size quintile of �rms. Third, our cash �ow correlations

are based on in�nite-horizon cash �ows as de�ned by the return decomposition that imposes

the present value constraint. The main cash �ow betas in Cohen, Polk, and Vuolteenaho

(2009) are, in contrast, based on 5-years of ROE data. In Panel A of Table 2 in their paper,

they �nd that cash �ow betas of the long-short market-to-book portfolio (the 10-1 column)
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decrease in absolute value as horizons increase beyond �ve years. At the 15-year horizon,

this cash �ow beta falls by 80% and becomes statistically insigni�cant. Extrapolating from

this table, our results in fact appear consistent with those of Cohen, Polk, and Vuolteenaho

(2009), though our interpretation is somewhat di¤erent.

The fourth column in Table 6 reveals that market DR news is signi�cantly correlated

with the DR news for the value, size, and momentum anomalies. However, if we exclude

the Great Depression, these correlations diminish sharply to just 0:16 for value, 0:24 for

(negative) size, and �0:03 for momentum.

In Panel B, we report the correlations between market return components and the MVE

ex market portfolio that is based on just anomalies. The main �nding is that none of

the four correlations is economically large or statistically signi�cant. The standard errors

are su¢ ciently precise to allow us to rule out highly positive values (above 0.09) for the

correlation between market CF and anomaly MVE CF.

This suggests that market cash �ow betas cannot explain anomalies�expected returns.

The correlation between anomaly MVE and market DR shocks is actually negative at �0:27,

casting doubt on the idea that arbitrageurs exploiting anomalies are exposed to the same

shocks to risk preferences as investors holding the market. Instead, the evidence suggests

distinct forces drive market and anomaly return components.

These observed correlations between the market and anomaly return components are

small either because they are driven by noise in our small sample or they are only signi�cant

during extreme crises. To examine the latter possibility, we plot the CF and DR news for the

market and the MVE ex market portfolios in Figure 4. The top graph shows that anomaly

and market CF shocks exhibit no discernable relationship. During periods when market CF

news is low, MVE (ex market) CF news tends to be slightly higher than average. But this

tendency is weak and its direction is counterintuitive for standard risk-based models.

The bottom plot in Figure 4 shows DR news for the market and the MVE ex market

portfolio. Again, there is no clear correlation even if one focuses on periods in which market
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DR news is high. Generalizing from the last column in Table 6, the weak correlation between

most anomalies�DR shocks and market DR shocks is inconsistent with theories of common

DR shocks. In theories such as Campbell and Cochrane (1999), commonality in DR shocks

occurs because risk aversion varies over time. Similarly, theories in which anomalies and

the market are driven by common shocks to investor sentiment, such as Baker and Wurgler

(2006), are at odds with the low empirical correlation in anomaly and market DR shocks. Low

correlations between market and anomaly return components are consistent with theories in

which idiosyncratic cash �ow shocks a¤ect �rms�expected returns� e.g., Babenko, Boguth,

and Tserlukevich (2016).

The most notable features of the two plots in Figure 4 are the high volatility of anomaly

CF news relative to anomaly DR news, and the high volatility of market DR news relative to

market CF news. The middle two columns in Table 6 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; only three out of twelve

are statistically signi�cant; and there is no consistent sign across the correlations.

5.3 Correlations with Aggregate Shocks

In Table 7, we report contemporaneous 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 an AR(1) model of the relevant series. One group of aggregate shocks

re�ects macroeconomic cash �ow shocks: real per-capita consumption and GDP growth, 3-

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 discount rates: one-year change in the

default spread (Baa - Aaa corporate bonds; 1929 to 2017); one-year change in three-month

T-bill rate (1954 to 2017); change in one-year sentiment (from Je¤Wurgler�s website, 1965 to

2010); and the broker-dealer leverage factor of Adrien, Etula, and Muir (2014; sample period
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1969 - 2017). For these series, annual shocks are based on a June year-end to correspond to

the timing of shocks in the VARs.

Consistent with intuition, market CF shocks are positively correlated with macroeco-

nomic cash �ows, 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 discount rates. Market CF shocks are also

signi�cantly positively related to broker-dealer leverage shocks, implying that broker-dealers

increase leverage in good times. Market DR shocks are signi�cantly negatively correlated

with GDP and consumption growth, indicating market discount rates increase in bad times.

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 appetite is low. These

relations are particularly strong during the Great Depression. Overall, the correlations of

market CF and DR shocks are intuitive and consistent with earlier literature.

We observe several interesting patterns in anomaly CF and DR shocks. The top rows of

Table 8 show that anomaly CF news is generally either uncorrelated or negatively correlated

with macro shocks. Thus, we do not �nd evidence that the average high returns to long-

short anomaly portfolios can be explained by the covariance of CF news with macroeconomic

outcomes. A minor exception is the book-to-market anomaly, which has CF news that is

weakly positively and insigni�cantly correlated with consumption growth.

The bottom rows of Table 8 provide support for several theories of discount rate determi-

nation. DR shocks to the long-short value-minus-growth portfolio are positively correlated

with macro shocks. Thus, the discount rate of the value factor portfolio increases during

good macroeconomic times. For example, in the Internet boom of the 1990s when consump-

tion and income growth were high, the valuation spread increased as growth �rms�valuations

diverged markedly from value �rms�valuations, which in turn increased expected returns to

the value factor portfolio. Figure 4 also shows that market discount rates declined during
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the Internet boom. Thus, the evidence from this period is consistent with duration-based

explanations of the value premium in which growth �rms are more sensitive to market DR

shocks than value �rms.

Interestingly, Table 8 shows that the DR shocks to the MVE combination of anomaly

portfolios (MVE ex market) are signi�cantly negatively correlated with macro shocks. The

fact that this MVE portfolio�s discount rate increases in good times is consistent with the-

ories in which risk aversion is countercyclical. In addition, anomaly CF shocks are broadly

speaking positively related to sentiment, while DR shocks are negatively related to senti-

ment, consistent with theories of overextrapolation and commonality in investor sentiment.

Related, anomaly CF (DR) shocks are negatively (positively) related to shocks to the default

spread, consistent with the default spread being a measure of investor risk aversion.

Although Table 6 shows that there is not much correlation between the components in

market and anomaly returns, Table 8 suggests that they do share a small common component

related to measures of aggregate risk aversion and macroeconomic �uctuations. But these

correlations are generally small, and the pattern is inconsistent across anomalies. Thus,

while there is some evidence of a small common component, consistent with, e.g., Campbell

and Cochrane (1999), most �uctuations in anomaly CF and DR news shocks are unrelated

to �uctuations in market CF and DR news. This �nding for DR news is consistent with

a recent study by Haddad, Kozak, and Santosh (2018) that estimates expected returns of

anomaly portfolios and the market and �nds little correlation between them.

Finally, we note that the broker-dealer leverage shock exhibits a consistent relation with

all anomalies. When broker-dealers increase leverage, in good times as reported by Adrian

and Shin (2010), anomaly cash �ows are generally higher and discount rates are generally

lower. If we interpret the broker-dealer leverage shock as a shock to arbitrageurs�wealth,

these correlations do not by themselves suggest a fundamental explanation for anomaly CF

and DR comovement, but it is consistent with the results in Adrian, Etula, and Muir (2013).

In our view, the evidence points towards a theory with an important role for investors that
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overextrapolate long-run cash �ow news and where �rms�cash �ow exposures are correlated

with anomaly characteristics. For example, a technology shock could increase growth �rms�

cash �ows and decrease value �rms� cash �ows. Investor overreaction to this technology

shock would reduce growth �rms�discount rates and increase value �rms�discount rates.

Alternatively, a risk-based theory in which a technology shock decreases growth �rms�risks

and increases value �rms�risks could be consistent with the evidence. Such cash �ow shocks

cannot be market-level shocks or industry 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.

5.4 Robustness

5.4.1 Over�tting and Misspecifying Expected Returns

Some characteristics could appear to predict returns only because researchers mining the data

for return predictability eventually will �nd characteristics that appear to predict returns

in historical samples. Importantly, using data-mined characteristics in our VAR framework

would bias estimates of return predictability upward. As a result, data mining increases

the volatility of discount rate shocks. In addition, data mining increases the correlation

between implied cash �ow shocks and discount rate shocks because CF shocks must o¤set

the impact of DR shocks in total returns, which we observe directly. Our main �ndings

indicate that cash �ow shocks are the dominant component of anomaly returns and that the

correlation between discount rate and cash �ow shocks is negative. Without data mining of

VAR characteristics, these two main conclusions would be even more pronounced.

The impact of a speci�cation error in our model of expected returns is analogous to that

of data mining. For example, suppose that we incorrectly identify discount rate shocks,

observing DRi;t+1 = trueDRi;t+1 + error. The present-value equation implies that our

cash �ow shocks inherit the same speci�cation error because CFi;t+1 = ri;t+1 � Et [ri;t+1] +

trueDRi;t+1+ error. Thus, any speci�cation error tends to increase the correlation between
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CF and DR shocks, making our empirical �nding of a strong negative correlation even harder

to explain.

5.4.2 Long-run Predictions

The return decompositions in this paper rely on the VAR being correctly speci�ed. The

present-value formulas for DR and CF news require extrapolating annual return predictabil-

ity patterns into an in�nite horizon. A legitimate concern is that the VAR does not accurately

describe the long-run dynamics of expected cash �ows and returns. To address this issue, we

now show that the VAR-based forecasts of 10-year returns and cash �ows to the market and

anomaly portfolios provide reasonable forecasts of realized 10-year returns and cash �ows,

respectively.

Figure 5 shows the VAR-based 10-year cash �ow and discount rate predictions versus the

realized counterpart for the market portfolio, along with corresponding R2 values. The R2 of

the long-term cash �ow predictions is 25%, while the R2 for the long-term return prediction

is 46%. This is consistent with the result that market returns are mainly driven by discount

rate �uctuations. Figure 6 shows analogous plots for the long-short value-minus-growth

anomaly portfolio. In this case, the R2 is 36% for the long-run cash �ow prediction and only

11% for the long-run discount rate prediction. This is consistent with the result that this

anomaly�s returns are driven mainly by cash �ow shocks. For all four relationships plotted in

Figures 5 and 6, we cannot reject the hypothesis that the coe¢ cient on the predicted values

from the VAR is 1.0. Of course, this test is not powerful because our sample includes only

nine non-overlapping 10-year periods.

Figure 7 summarizes the predictive power of the long-run VAR forecasts for all �ve

anomalies and the MVE combination of anomalies. The red (blue) bars represent the R2

values from the long-run cash �ow (discount rate) forecasts. Overall, the R2 values indicate

a strong relation between the VAR-based long-run forecasts and the realized outcomes. In

general, the long-run cash �ow forecasts are more accurate for the anomalies, whereas the
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long-run discount rate forecasts are more accurate for the market. This long-run �nding is

consistent with our earlier results based on extrapolating short-run dynamics. The long-run

cash �ow forecasts for the MVE portfolios are particularly accurate with an R2 value of

70%. We conclude from this exercise that the VAR return decompositions, which are based

on extrapolating short-run dynamics, align well with the long-run patterns in the data.

5.4.3 Alternative Speci�cations

Our VAR�s baseline predictions for �rm-level and market returns are consistent with prior lit-

erature in that market returns are driven mainly by DR news and �rm-level returns are driven

mainly by CF news. However, Vuolteenaho (2002) and Campbell, Polk, and Vuolteenaho

(2010) �nd that the correlation between �rm-level CF and DR shocks is positive, while we

�nd that this correlation is negative. We now show that this discrepancy is driven by a

di¤erence in one sample criterion for being included in the VAR estimation. In particular,

we exclude �rms in the bottom NYSE size quintile. Although such observations account for

46% of the number of �rm-years, they represent less than 2% of the total market value in

most years.

Like prior studies, we estimate our VAR by equally weighting all �rms in a given year.

Thus, including �rms in the bottom size quintile puts a lot of weight on the very smallest

�rms. Because the very smallest �rms have highly volatile returns and characteristics, they

receive additional weight in regressions. There are reasonable concerns about liquidity and

tradability of such very small �rms, especially since our sample begins in 1929. Neverthe-

less, the returns of many anomalies appear to be the strongest in the bottom size quintile.

Ultimately, we choose to focus on the four top quintiles of the NYSE size distribution as

these stocks are tradable and compose the vast majority of total market value.

Table 8 presents the �rm-level return decompositions using the samples and �rm selection

criteria of Vuolteenaho (2002) and Campbell, Polk, and Vuolteenaho (CPV, 2010), who

includes the smallest size quintile. We also mimic the other sample criteria described in
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these studies. As the table shows, we replicate the positive correlation between �rm-level

DR and CF shocks found in these papers. Our replication is not exact, but it is very close.

If we extend the CPV study�s sample through 2017, we still get a positive �rm-level CF and

DR correlation. However, when we exclude the smallest quintile based on the NYSE size

breakpoints, the CPV method now yields a negative correlation between �rms�DR and CF

shocks. This negative DR-CF correlation applies to market-adjusted and total �rm returns.

In sum, our result of negative DR and CF correlation applies to a sample consisting

of all but the very smallest �rms (the top four NYSE size quintiles). For the bottom size

quintile, it seems that underreaction to CF news is more consistent with the data, consistent

with limited investor attention for these �rms. This positive DR and CF correlation for the

sample with the very smallest �rms generally carries over to the anomaly return variance

decompositions. That said, the inclusion of small �rms does not materially a¤ect any other

results. Anomaly and MVE returns are still mainly driven by CF shocks, and anomaly and

market CF and DR shocks are still essentially uncorrelated.

6 Conclusion

Despite decades of research on predicting short-term stock returns, there is no widely ac-

cepted explanation for observed cross-sectional patterns in stock returns. We provide new

evidence on the sources of anomaly portfolio returns by aggregating estimates of �rm-level

CF and DR news from a panel VAR system. This aggregation approach enables us to study

the components of portfolio returns, while avoiding the biases inherent in analyzing the cash

�ows and discount rates of rebalanced portfolios. Any model with a cross-section of stocks

has implications for the variance decomposition 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 patterns

that we document also hold broadly across individual anomaly long-short portfolios, thus

providing guidance for theories of individual anomalies.
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Our framework provides three new facts. First, CF shocks to the stocks underlying the

MVE portfolio of anomalies account for 75% of this portfolio�s return variance; DR shocks

account for only 5% of this portfolio�s variance. Second, the correlation between CF and

DR shocks is strongly negative for the anomaly MVE portfolio. Even when including the

market portfolio in the MVE portfolio, we still �nd that 75% of the return variation comes

from CF news. This result contrasts with the �nding that 71% of the return variance in

the market portfolio alone is due to DR news. Third, 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 portfolios, casting doubt

on theories that rely on common variation in the price of risk (or sentiment) as an important

determinant of these portfolios�returns. Based on this evidence, the most promising theories

of anomalies and the MVE portfolio are those that emphasize the importance of �rm-level

cash �ow shocks as drivers of changes in �rm risk or errors in investors�expectations.
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Table 1 - Summary Statistics

Table 1: Panel A shows summary statistics for market-adjusted �rm-level returns, cash �ows,
and characteristics. The �rst column lists the variables as de�ned in the text. The second
column reports the average number of �rm observations per year. The third and fourth
columns give the average mean and standard deviation of the variables per year. E.g., we
take the cross-sectional mean per year and then average across years. Panel B provides the
correlation matrix for the �rm accounting characteristics. The sample spans the years 1929
through 2017.

Panel A: Avg. number of Avg. Mean Avg. St.Dev.
�rms per year per year per year

lnRealRet 1; 399 0:030 0:293
lnROECS 1; 399 0:083 0:216
lnBM 1; 399 �0:240 0:626
lnProf 1; 399 0:204 0:142
lnInv 1; 399 0:094 0:109
d5.lnME 1; 399 0:389 0:693
lnMom6 1; 399 0:035 0:204

Panel B: 1 2 3 4 5 6

lnRealRet (1) 1:00
lnROECS (2) 0:30 1:00
lnBM (3) �0:34 �0:15 1:00
lnProf (4) 0:14 0:27 �0:14 1:00
lnInv (5) �0:05 0:20 �0:11 0:03 1:00
d5.lnME (6) 0:38 0:30 �0:44 0:14 0:27 1:00
lnMom6 (7) 0:69 0:13 �0:23 0:07 �0:05 0:24
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Table 2 - Market-adjusted panel VAR

Table 2: The table gives the results from estimating the market-adjusted panel VAR. The
variables are: (lnRet), log book-to-market (lnBM), log pro�tability (lnProf), log asset growth
(lnInv), 5-year change in log market equity (d5.lnME), and log 6-month momentum percentile
(lnMom6), Log annual real clean-surplus earnings (lnROECS) dynamics are inferred from
the present value constraint. The sample spans the years 1929 through 2017. Standard errors
clustered by year and �rm appear in parenthesis. N denotes the number of observations. The
marks �+�, �*�, and �**�indicate signi�cance at the 10, 5, and 1 percent levels, respectively.

lnRet lnROECS lnBM lnProf lnInv d5.lnME lnMom6

Lag lnRet 0:015 0:081�� 0:070�� 0:028�� 0:007�� 0:244�� �0:013
(0:033) (0:009) (0:029) (0:005) (0:002) (0:036) (0:021)

Lag lnBM 0:030+ �0:099�� 0:917�� �0:022�� �0:006�� 0:003 0:026�

(0:017) (0:006) (0:020) (0:003) (0:001) (0:020) (0:012)

Lag lnProf 0:179�� 0:108�� �0:075�� 0:612�� 0:003 0:148�� 0:091��

(0:033) (0:015) (0:029) (0:022) (0:004) (0:043) (0:020)

Lag lnInv �0:146�� �0:031� 0:122�� �0:091�� 0:723�� �0:028 �0:057��
(0:022) (0:015) (0:023) (0:008) (0:007) (0:028) (0:019)

Lag d5.lnME �0:016�� 0:016�� 0:033�� �0:001 0:019�� 0:746�� �0:016��
(0:006) (0:002) (0:006) (0:001) (0:001) (0:013) (0:004)

Lag lnMom6 0:093�� 0:094�� �0:087�� 0:007 �0:007�� 0:076� 0:059��

(0:033) (0:012) (0:030) (0:005) (0:002) (0:035) (0:018)

R2 0:022 0:153 0:773 0:395 0:796 0:632 0:018
N 124; 535 124; 535 124; 535 124; 535 124; 535 124; 535 124; 535
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Table 3 - Aggregate VAR

Table 3: This table gives the results from estimating the aggregate VAR. The variable are
all value-weighted averages of the �rm-level variables used in the panel VAR in Table 2. The
variables are: (lnRet), log book-to-market (lnBM), log pro�tability (lnProf), log asset growth
(lnInv), 5-year change in log market equity (d5.lnME), and log 6-month momentum percentile
(lnMom6), Log annual real clean-surplus earnings (lnROECS) dynamics are inferred from
the present value constraint. The sample spans the years 1929 through 2017. Standard errors
clustered by year and �rm appear in parenthesis. N denotes the number of observations. The
marks �+�, �*�, and �**�indicate signi�cance at the 10, 5, and 1 percent levels, respectively.

lnRet lnROECS lnBM lnProf lnInv d5.lnME lnMom6

Lag lnRet �0:118 0:012 0:112 0:037� 0:007 0:071 �0:079
(0:118) (0:049) (0:134) (0:018) (0:012) (0:274) (0:094)

Lag lnBM 0:064 �0:015 0:969�� �0:004 �0:001 �0:117 0:049
(0:110) (0:022) (0:118) (0:007) (0:005) (0:125) (0:063)

Lag lnProf 1:909 0:017 �1:992 0:794�� 0:097� 3:078+ 1:120
(1:345) (0:282) (1:592) (0:067) (0:045) (1:720) (0:806)

Lag lnInv �0:622 0:370+ 1:044 0:071 0:839�� �1:354 �0:409
(0:986) (0:202) (1:142) (0:090) (0:039) (2:140) (0:570)

Lag d5.lnME �0:131� 0:009 0:147� �0:010 0:008�� 0:532�� �0:028
(0:058) (0:017) (0:062) (0:008) (0:003) (0:159) (0:033)

Lag lnMom6 �0:041 0:055 0:101 �0:055� �0:012 �0:070 �0:001
(0:232) (0:064) (0:254) (0:026) (0:014) (0:444) (0:166)

R2 0:201 0:148 0:697 0:713 0:915 0:469 0:136
N 89 89 89 89 89 89 89
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Table 4 - Firm-level and Market Return Variance Decompositions

Table 4: The table displays the variance decomposition of �rm-level and market-level real
returns into CF and DR components based on the VARs in table 2 and 3. "Firm market-
adjusted returns" refers to the market-adjusted return VAR of table 2. "Firm returns"
refers to a decomposition of total �rm real returns, obtained by combining the VARs given
in tables 2 and 3. "Market returns" refer to a variance decomposition of market returns,
obtained from the aggregate VAR in table 3. The sample spans the years 1929 through 2017.
Standard errors appear in parentheses.

var (DR) var (CF ) �2cov (DR;CF ) corr (DR;CF )

Firm market-adjusted returns 7% 76% 17% �0:35
(4:2%) (9:8%) (6:0%) (0:08)

Firm returns 23% 58% 19% �0:24
(8:4%) (8:8%) (8:8%) (0:11)

Market returns 71% 15% 13% �0:20
(26%) (5:7%) (23%) (0:38)
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Table 5 - Anomaly Variance Decompositions

Table 5: Panel A of the table shows decompositions of the variance of log anomaly returns
into cash �ow (CF) and discount rate (DR) components, as described in the main text.. The
anomaly return is the di¤erence between the log return of the top quintile portfolio and the
log return of the bottom quintile portfolio, where the quintile sort is based on the relevant
characteristic. Panel B shows variance decompositions of log returns to alternative mean-
variance e¢ cient (MVE) portfolios: the �rst is the in-sample MVE portfolio based on the
quintile long-short anomaly portfolios only, the second includes also the market portfolio.
The sample spans the years 1929 through 2017. Standard errors appear in parentheses. The
marks �+�, �*�, and �**�indicate signi�cance at the 10, 5, and 1 percent levels, respectively.

var (DR) var (CF ) �2cov (DR;CF ) corr (DR;CF )

Panel A: Individual long-short anomaly portfolios

Book-to-market:
Fraction of var (rbm) 6:2% 69% 24% �0:59

(4:5%) (16%) (8:0%) (0:13)

Pro�tability:
Fraction of var (rprof ) 19% 95% �13% 0:16

(8:9%) (16%) (13%) (0:13)

Size:
Fraction of var (rsize) 6:4% 68% 26% �0:61

(4:5%) (17%) (9:6%) (0:15)

Momemtum:
Fraction of var (rmom) 5:1% 72% 23% �0:60

(3:5%) (16%) (8:5%) (0:14)

Investment:
Fraction of var (rinv) 15% 83% 2% �0:03

(8:2%) (14%) (9:5%) (0:14)

Panel B: MVE portfolios

MVE portfolio, ex market:
Fraction of var(rex mktmve ) 5:0% 75% 20% �0:52

(3:2%) (16%) (9:3%) (0:17)

MVE portfolio, incl. market:
Fraction of var

�
rallmve

�
28% 75% �3:0% 0:03
(8:7%) (20%) (21%) (0:22)
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Table 6 - Correlations between Anomaly and Market Return Components

Table 6: Panel A of the table shows correlations between market cash �ow and discount
rate shocks and the anomaly cash �ow and discount rate shocks. Panel B shows correlations
between market cash �ow and discount rate shocks and the cash �ow and discount rate
shocks of the mean-variance e¢ cient (MVE) portfolio, where the latter is constructed as the
in-sample MVE portfolio based on the quintile long-short anomaly portfolios only �thus,
the market portfolio is not included in the MVE portfolio construction. The sample spans
the years 1929 through 2017. Standard errors appear in parentheses. The marks �+�, �*�,
and �**�indicate signi�cance at the 10, 5, and 1 percent levels, respectively.

Market CF Market DR
Anomaly CF Anomaly DR Anomaly CF Anomaly DR

Panel A:

Book-to-market 0:11 �0:28 �0:29� 0:43��

(0:15) (0:16) (0:14) (0:12)

Pro�tability �0:13 0:06 0:00 �0:10
(0:11) (0:14) (0:12) (0:12)

(-) Investment �0:23� 0:01 0:01 0:07
(0:11) (0:13) (0:12) (0:12)

(-) Size 0:10 �0:24 �0:29� 0:29��

(0:17) (0:16) (0:13) (0:11)

Momentum �0:06 �0:11 0:29� �0:20+
(0:18) (0:18) (0:14) (0:12)

Panel B:

MVE portfolio, ex. market �0:17 �0:20 0:15 0:00
(0:13) (0:15) (0:11) (0:12)

43



Table 7 - Correlations of CF and DR shocks with aggregate metrics

Table 7: The table shows contemporaneous correlations between the market and anomaly
portfolios�cash �ow and discount rate shocks and shocks to various aggregate metrics: 1-
year log real per capita consumption growth, 1-year real per capita GDP growth, the 1-year
di¤erence in the log labor share, 3-year consumption growth (current and future 2 years),
one year log di¤erence in Baker and Wurgler�s sentiment index, the 1-year di¤erence in the
Baa-Aaa yield spread, and the cumulated one year shock to the Broker-Dealer leverage factor
of Adrien, Etula, and Muir (2014). A bold number implies signi�cant at the 5 percent level,
a number in italics implies signi�cance at the 10 percent level. The sample spans the years
1929 through 2017, but vary across variables due to data availability. The signi�cance levels
do not take into account estimation error in the shocks arising from estimation error in the
VARs.

1yr GDP 1yr Cons. Labor 3yr Cons. Baa-Aaa B-D Lev.
growth growth share growth Sentiment spread Factor

CF correlations:

Market: 0:35 0:42 �0:09 0:38 0:13 �0:27 0:26
Book-to-market: 0:19 0:10 �0:03 �0:02 0:33 �0:46 0:38
(-) Investment: -0.19 �0:28 0:03 �0:19 0:33 �0:11 0.08
Pro�tability: �0:26 �0:32 �0:04 �0:12 0:09 0:01 0:00
(-) Size: �0:01 �0:08 �0:22 �0:12 �0:02 �0:33 0:21
Momentum: �0:07 �0:07 0:16 0:09 �0:14 0:25 �0:01
MVE ex market: �0:02 �0:10 0:13 0:09 0:26 �0:02 0:31
MVE all: 0:02 �0:04 0:17 0:23 0:26 0:14 0:26

DR correlations:

Market: �0:35 �0:43 0:16 �0:18 �0:12 0:66 �0:05
Book-to-market: 0:25 0:10 0:32 0:32 0:17 0:53 0:02
(-) Investment: 0:15 0:08 0:07 0:31 �0:04 0:24 0:03
Pro�tability: �0:23 �0:01 �0:05 0:01 �0:17 �0:11 �0:29
(-) Size: �0:05 �0:10 0:29 �0:08 -0.18 0:29 �0:12
Momentum: �0:13 �0:07 �0:31 �0:34 -0.15 �0:14 �0:27
MVE ex market: �0:32 �0:21 �0:07 �0:19 �0:31 0:35 �0:46
MVE all: �0:43 �0:43 0:04 �0:25 �0:21 0:57 �0:21
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Table 8 - Return variance decompositions from di¤erent samples and speci�cations
used in prior literature

Table 8: The table displays variance decompositions of �rm-level real and market-adjusted
returns into CF and DR components for di¤erent samples and �rm-selection criteria. The
rows of the �rst column refers to the paper from which the variable construction and �lters
are taken (CPV is short for Campbell, Polk, and Vuolteenaho); LT is short for Lochstoer and
Tetlock). The rows of the fourth column �Micro/Nano�gives a �yes�or �no�for whether the
�rm sample includes the bottom size quintile of NYSE �rms (these �rms are often referred
to as micro or nano �rms). See the main text for further details on di¤erences in the sample
construction in each paper. The sample is given in the columns �Start�and �End.�

Start End Micro=Nano? var (DR) var (CF ) �2cov (DR;CF ) corr (DR;CF )

Firm-level variance decompositons: market-adjusted returns

Vuolteenaho (2002) 1954 1996 Yes 11% 115% �26% 0:36
CPV (2010) 1929 2000 Yes 5% 105% �10% 0:22
CPV (2010) 1929 2017 Yes 5% 115% �20% 0:40
CPV (2010) 1929 2017 No 4% 81% 15% �0:42
LT (2019) 1929 2017 No 7% 76% 17% �0:35

Firm-level variance decompositons: real returns

Vuolteenaho (2002) 1954 1996 Yes 20% 97% �17% 0:19
CPV (2010) 1929 2000 Yes 19% 84% �3% 0:03
CPV (2010) 1929 2017 Yes 16% 94% �10% 0:13
CPV (2010) 1929 2017 No 19% 65% 16% �0:23
LT (2019) 1929 2017 No 23% 58% 19% �0:25
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Figure 1- Anomaly Return Variance Decompositions
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Figure 1: The �gure shows the return variance decomposition of the long-short anomaly
portfolios, corresponding to Table 5. �DR�stands for disount rate shocks, while �CF�stands
for cash �ow shocks. The sample is 1929 to 2017.
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Figure 2 - Market and MVE Return Decompositions

MVE Variance Decompositions
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Figure 2: The �gure shows the return variance decomposition of the market portfolio and
two version of the MVE portfolio (with and without the market, as explained in the main
text), corresponding to the results in Tables 4 and 5. �DR�stands for disount rate shocks,
while �CF�stands for cash �ow shocks. The sample is 1929 to 2017.
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Figure 3 - Anomaly vs. Market CF and DR Correlations
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Figure 3: The �gure shows the correlations between anomaly and market CF and DR shocks,
corresponding to Table 6. �CF�stands for cash �ow shocks and �DR�stands for discount rate
shocks. The sample is from 1929 to 2017.
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Figure 4 - Market CF and DR shocks vs. anomaly MVE CF and DR shocks
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Figure 4: The top plot shows the cash �ow shocks from the market and the anomaly mean-
variance e¢ cient (MVE) portfolio. The latter is constructed using only the long-short anom-
aly portfolios and in-sample MVE weights. The bottom plot shows the same for discount
rate shocks. The sample is annual, from 1929 through 2017.
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Figure 5 - Predicting 10-year Market Earnings and Returns
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Figure 5: The top plot shows realized versus predicted 10-year log clean surplus earnings of
the market portfolio. The solid blue line corresponds to realized earnings, while the dashed
red line represent predicted earnings from the aggregate VAR. The year on the x-axis is
the year of the prediction� e.g., year 2005 corresponds to the 10-year realized earnings in
2006-2015. The bottom plot shows analogous predictions and realizations of 10-year log real
market returns.
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Figure 6 - Predicting 10-year Value Anomaly Earnings and Returns
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Figure 6: The top plot shows realized versus predicted 10-year log clean-surplus earnings
of the long-short portfolio formed by sorting on book-to-market ratios. The solid blue line
corresponds to realized earnings, while the dashed red line represent predicted earnings
from the panel VAR. The year on the x-axis is the year of the prediction� e.g., year 2005
corresponds to the 10-year realized earnings in 2006-2015. The bottom plot shows the
corresponding for 10-year real log returns to the long-short value portfolio.
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Figure 7 - Predictive Power of Valuation Components

R2s from 10year Forecasting Regressions
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Figure 7: The �gure shows R2 statistics from regressions forecasting either 10-year earnings
or returns of portfolios. The blue (left) bars represent the predictive power of regressions of
10-year log clean-surplus earnings on the cash �ow components of �rms�log book-to-market
ratios (CFLR) aggregated to the relevant portfolio level. The light red (right) bars represent
the predictive power of regressions of 10-year log real returns on the discount rate components
of �rms�log book-to-market ratios (DRLR). The portfolios are the market portfolio (Mkt),
as well as top quintile minus bottom quintile portfolios sorted on book-to-market (lnBM),
pro�tability (lnProf), investment (lnInv), size (lnME), and momentum (lnMom). See the
main text for details regarding the construction of the test portfolios and the corresponding
cash �ow and discount rate components. The sample spans the years 1929 through 2017.
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