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Abstract

The rate of capital gains of the market portfolio is vastly more volatile than the dividend
yield. As a result, standard CAPM betas capture exposure only to market capital gains.
We propose a two-factor CAPM that includes a separate market dividend yield factor
and find that this factor carries a significant negative premium in the post-1978 period
that coincides with the persistent decline in the number of US dividend-paying firms.
We motivate this finding by proposing a theoretical model, which shows that the
predictive information of the dividend yield can be high when investors have a
behavioural bias against dividends.
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1 Introduction

Most of financial theory is based on the idea that investors care about returns but are
indifferent about whether they receive them through capital gains or dividends. This
also holds for the Capital Asset Pricing Model (CAPM) of Sharpe (1964), Lintner (1965)
and Black (1972), which makes no distinction about whether the market return is due to
capital gains or the dividend yield. In the absence of taxes and other frictions, this idea
is economically sound and relates to the dividend irrelevance of Miller and Modigliani
(1961) that value-maximizing investors are indifferent about the source of their returns.

In practice, however, Hartzmark and Solomon (2019, 2022) find that investors
track price changes and dividends separately rather than combine them into total
returns. The disconnect between price changes and dividends has crucial practical
consequences. For example, investors are more likely to sell stocks based on capital
gains rather than returns. They also prefer to finance consumption using dividends
rather than capital gains. The dividend disconnect reinforces the idea that in practical
applications it is sensible to decompose the performance of portfolios into a capital
gains component and a dividend yield component.

In the context of the CAPM model, there is an additional reason why it may be
sensible to separate the market portfolio into a capital gains component and a dividend
yield component. The dividend yield makes a substantial contribution to the total
return: more than 20% of the market return is due to dividends. However, capital gains
are vastly more volatile than dividends. The variance of market capital gains can be

almost 1000 times higher than the variance of the market dividend yield. This has a



profound statistical implication: bundling together two separate components, where the
tirst one is vastly more volatile than the second one, implies that in regression analysis
the first component will completely dominate the second one. As a result, an asset’s
beta on the market portfolio is effectively the same as the beta on just the market capital
gains. In practice, therefore, whether we include or exclude the dividend yield from the
market portfolio makes no difference in the estimation of standard CAPM betas, and
hence in assessing the risk of financial assets.

To address these issues, we propose a new two-factor CAPM model, where the
market capital gains and the market dividend yield comprise two separate factors for
evaluating the cross-section of expected stock returns. The new dividend yield factor is
defined as the innovation to the 12-month market dividend yield. By construction, the
new dividend yield factor accounts for the strong seasonality and potential non-
stationarity of the dividend yield. Using the innovation to the dividend yield is
consistent with: (1) the return decomposition of Campbell and Shiller (1988), where
changes in expectations about future cash flows is a crucial component of returns, and
(2) the Campbell (1996) implementation of the Merton (1973) ICAPM model, which is
based on innovations in state variables that predict changes in the investment
opportunity set. Additionally, motivated by Petkova (2006), we orthogonalize the

dividend yield factor to the default spread, the term spread and the risk-free rate. This



orthgonalization removes the effect of widely-used variables that may be correlated
with the dividend yield factor.!

The two-factor CAPM model is explicitly designed to give a separate voice to the
dividend yield that would otherwise be silenced in estimating the standard CAPM due
to the vastly more volatile capital gains component. It also allows for the possibility that
the risk associated with capital gains might be distinct from that associated with the
dividend yield. In other words, the two-factor model allows for the likelihood of a
disconnect between market capital gains and the dividend yield in asset pricing.

We propose a simple theoretical model to motivate our empirical analysis. We
assume an economy populated by a representative agent, where asset returns are
determined by a two-factor CAPM in which the market factor is decomposed into a
capital gains factor and a dividend yield factor. It is straightforward to show that in this
case, estimating the standard one-factor CAPM effectively ignores the information
contained in the dividend yield factor. This is because of the enormously higher
variance of the capital gains factor relative to the dividend yield factor. A variance
decomposition of asset returns further shows that the dividend yield factor is a key
component of asset returns, which should not be overshadowed by the highly volatile
capital gains factor.

More importantly, our theoretical model shows that the predictive power of a
signal about the dividend yield can be substantially higher than the predictive power of

an additional signal about capital gains. The intuition of this argument is based on the

! Note that the empirical results remain qualitatively the same with or without the orthogonalization.



behavioural bias against dividends explored by Hartzmark and Solomon (2019, 2022).
Specifically, in an effort to reduce uncertainty about asset prices, investors process
tremendous amounts of information about capital gains because they perceive capital
gains as the primary determinant of price uncertainty. As investors spend substantial
resources to learn about prices, signals about capital gains are highly precise. In
contrast, investors tend to ignore information about dividends. In this context, after
investors take into account information about capital gains, the factor that generates
more uncertainty is the dividend yield factor. Consequently, a signal about the
dividend yield factor will have higher return predictability and will be more useful in
reducing the remaining uncertainty about cash flows than an additional signal about
capital gains. In summary, our theoretical model shows that the behavioural bias of
investors to ignore the market dividend yield in asset pricing can justify the predictive
ability of the market dividend yield in the cross-section of expected stock returns.?
Consistent with the theoretical model, our main empirical finding is that the new
dividend yield factor has strong predictive power for the cross-section of expected stock
returns. This is true primarily for the post-1978 sample period. The beginning of this
period coincides with the peak in the number of dividend-paying firms in the US,
which occurred at the end of 1977 (Fama and French, 2001). Following this peak, both
the number and the proportion of dividend payers declines steadily. In other words, the
empirical evidence indicates that at the same time that the number and proportion of

dividend payers began to suffer a sustained decline in the US equity market, the

2 Our theoretical model is loosely related to the framework of Peng and Xiong (2006).



predictive ability of the dividend yield factor increased significantly. This empirical
observation is consistent with our theoretical model: the less important are dividends in
the US economy, the more likely are investors to ignore them and, hence, the higher the
predictive power of dividends in resolving uncertainty about future returns.

To be more specific, we find that for the post-1978 period exposure to the new
dividend yield factor distinguishes clearly between high-performing stocks and low-
performing stocks. The predictive power of the dividend yield factor: (1) is distinct from
the market capital gains factor; (2) is also distinct from other standard risk factors; (3)
remains strong when forming factor-mimicking portfolios; (4) is significant for both
dividend-paying and non-dividend paying firms; and (5) is unrelated to individual
dividend yields. Indeed, the predictive power of the separate dividend yield factor for
our sample period is stronger than that of other well-known factors such as size, value,
profitability, investment and momentum.

Consider, for example, the following evidence. For value-weighted quintile
portfolios rebalanced monthly by sorting on the beta to the dividend yield factor, the
High-minus-Low (H-L) portfolio delivers an expected return of -0.34% per month,
which is highly statistically significant. The alphas of the H-L portfolio are also
significantly negative. These results are actually stronger for equally-weighted
portfolios. The significant negative premium of the dividend yield factor is confirmed in
Fama and MacBeth (1973) regressions in the presence of standard asset pricing factors.

To understand why this premium is negative, it is essential to note that the

dividend yield factor is strongly countercyclical since it is substantially higher in



business cycle recessions than in expansions. Consider an asset that has a high positive
beta on the dividend yield factor. By definition, a high beta implies that this asset
performs well when the factor is high. However, the dividend yield factor is high in
recessions. Therefore, this is an asset that performs well in recessions. According to
standard asset pricing theory, this asset is valuable because it performs well when we
need it the most (in the bad states of the world) and hence investors do not require a
high expected return to hold it. Consequently, high-beta assets on the dividend yield
factor will have low expected returns and vice versa.

An interesting aspect of the dividend yield factor is that it can be further
decomposed into two components: the 12-month market dividend growth rate and the
lagged market capital gains. We find that both components carry a positive risk
premium in the cross-section of expected stock returns. However, only the lagged
capital gains component is consistently significant and it carries a substantially higher
positive premium than the dividend growth rate.

Based on this decomposition, a simple way to amend the CAPM is to form the
“predictive CAPM,” which includes the lagged market return in addition to the
contemporaneous market factor. This model arises naturally as a special case of the
two-factor CAPM since the lagged market return is perfectly correlated with the lagged
capital gains component of the dividend yield factor. We find that the predictive CAPM
delivers a positive predictive beta-return relation in the cross-section of expected stock
returns. Portfolio sorts on the exposure to the lagged market return deliver a value-

weighted H-L return spread of 0.36%, which is statistically significant. The factor



premium in Fama-MacBeth regressions is also significant. We conclude that the lagged
market return, which is the strongest component of the dividend yield factor, is robust
and significant in predicting the cross-section of expected stock returns.

The remainder of the paper is organized as follows. In the next section, we
present our theoretical model. In Section 3, we describe the data on US stock returns.
Our approach to pricing dividend yield risk is described in Section 4. In Section 5, we
investigate whether exposure to the market dividend yield factor is related to
individual dividend yields. In Section 6, we evaluate the time-series performance of the
two-factor CAPM on standard Fama-French portfolios. The cross-sectional
performance of the predictive CAPM is assessed in Section 7. Finally, we conclude in
Section 8. The Online Appendix provides additional information on the construction of

the factor mimicking portfolios and reports several robustness tests.

2 Theoretical Framework

21 A Two-Factor Model

We use a simple theoretical framework to guide our empirical analysis. Let us assume
an economy populated by a representative agent. There is one risky asset with payoffs ¥

and the following factor structure:
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where G~N(0,7;') represents the capital gains factor, ~N(0,7,') represents the
dividend yield factor, and f~N (0, 77 ) represents the firm-specific factor.3

For simplicity, and without loss of generality, we assume that all factors have a
zero mean. We express the normal distributions of the factors in terms of their
precision, which is the inverse of the variance: ;' = V(§), ;' = V() and 173 L=V,
where V(.) represents the variance of a random variable. In addition, we assume that all
factors are uncorrelated. The parameters 8, and p,, are the factor loadings for the capital
gains and dividend yield factors, respectively. Based on the summary statistics of the
data (to be discussed in the next section), we assume that the variance of the capital
gains factor is much larger than the variance of the dividend yield factor: V(g) > V(¥)

in terms of variances or 7, < T,, in terms of precisions.

2.2  Estimating the Model Through the CAPM
If an econometrician tries to estimate the model in Equation (1) using the CAPM
framework, then she would estimate the following regression:

=BG+ +], (2)
where § + § is the market factor, f is the loading on the market factor and f is the error

term in the regression. The estimate of the market factor loading is given by:

Cov@g+y __ V(g b+ V) 4
V(g+y) V) +vm™? V@ +vem™”

f 3)

3 Any variable with a tilde is a random variable, whereas any variable without a tilde is a constant

parameter of the model.



where Cov(.) represents the covariance between two random variables.*

In Equation (3), it is clear that B is a weighted average of ,[?g and ,[?y, where the
weights depend on the variance of each factor. Since the variance of the capital gains
factor is much larger than the variance of the dividend yield factor, § is very close in
value to f3;. Consequently, the capital gains factor dominates the information contained
in the dividend yield factor as long as f; # f,. In other words, estimating the CAPM
model of Equation (2) effectively ignores the information contained in the dividend
yield factor because of its small variance. If instead the econometrician were to estimate
the true model described by Equation (1), then she would not ignore the information

contained in the dividend yield factor.

2.3  Variance Decomposition
It is straightforward to perform a variance decomposition of the asset payoffs by taking
the variance of the payoffs ¥ as described in Equation (1) and plugging in the estimated

factor loadings, to obtain:

V@) = BV + BIVE) +V(f)
Cov(¥,§)? Cov(D,§)?

= v e W @
= Corr(%,§)2V(®) + Corr(B, )2V (D) + V(f)
v(f)

1— Corr(¥,§)? — Corr(¥,5)?%
where Corr(.) represents the correlation between two random variables. Equation (4)

shows that the correlation between asset payoffs and the dividend yield factor (i.e.,

4 Note that Cov(g,7) = 0 because the two factors are assumed to be uncorrelated.
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Corr(¥,5)) is a key component in explaining the variation of the asset payoffs and

should not be overshadowed by the information contained in the capital gains factor.

24  Predictability of the Dividend Yield Factor

Let's assume now that the representative agent has access to a signal about the capital
gains factor §; = § + &;, where £,~N(0,7z4) and a signal about the firm-specific factor
5 = f+ &, where &~N (0, T;fl).5 Under these signals, we can calculate the posterior
mean ¥ = E[D|5,, 3] and posterior variance V[¥|3,,5¢] using Bayesian updating.® The

posterior mean ¥ is given by:

T T
PoTeg 5+ —L 3. (5)
Tg + Teg Tf + Tef

o = E[5ls,. 5] =
In this setup, we are following the premise of Hartzmark and Solomon (2022) that

investors do not process any information about the dividend yield factor. Market

participants respond to prices (and hence capital gains) but ignore dividend yields.

5 We could also model the representative agent to observe another signal §, = 7 + &, where £§,~N (0, 75}
with 7., - 0 or with 7., < 7,4. In this scenario, the investor processes information about the two factors
(g,¥), but information about capital gains is much more precise than information about the dividend
yield. We have not added this additional signal because it unnecessarily complicates the model. Instead,
we gain tractability without loss of generality by assuming that the representative investor ignores any
information about the dividend yield as suggested by Hartzmark and Solomon (2022).

¢ The posterior mean and variance are computed according to Hamilton (1994). Let ¥; be a vector with

mean p,, and Y, be a vector with mean p,, where the variance-covariance matrix is given by Q =

(Qll 912

0. ) If Y, and Y, are Gaussian, then: Y,| Y, ~N(uy, + Q5. Q71 (v; — 11), Qa0 — 05, Q71045).
21 {2
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Next, we measure the return predictive power of an additional signal about the
capital gains factor i, = § + @,, where @,;~N(0,7;") and the return predictive power
of a signal about the dividend yield factor 7, = ¥ + @,, where @,~N(0,7,"). Note that
@, and @, have the same precision. Following Peng and Xiong (2006), the return
predictive power of an additional signal 7, about the capital gains factor can be

g

measured by the following correlation:

|Bg|Tg
Tg+Tey

(6)

|Corr(17 — ﬁ),fﬂg)| =

and the return predictive power of a signal 7, about the dividend yield factor can be
measured by the following correlation:
|Corr (¥ — 9), )| = |B,]. (7)
Note that ¥ — ¥ is the posterior forecast error and hence it is a measure of the
uncertainty surrounding ¥. The higher the correlation (in absolute value) of a signal
with ¥ — ¥, the more informative the signal is.
This framework allows us to show that a signal 7i,, about the dividend yield will
have more predictive power than an additional signal 71, about the capital gains factor

when:

BalT
Vol 1,1 o Uyl = 18,5 + 16, 120 > 0. ®
g &g

Based on stock return data, we know that the precision of capital gains is substantially
lower than the precision of the dividend yield, i.e., Ty L 7,. We also take the view that

investors process tremendous amounts of information about capital gains so that
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signals about capital gains are highly precise, i.e., 7,4 » 0. The combination of a very
low 7, and a very high 7., guarantees that |8, |7, will be the dominant term and hence
the inequality in Equation (8) above holds.

In words, if the information about capital gains is precise enough, then the
predictive power of a signal about the dividend yield will be higher than that of an
additional signal about capital gains. Intuitively, the investor would like to reduce the
uncertainty about the factor that is causing more uncertainty in the cash flows. The
most uncertain factor is the capital gains factor due to is high variance. This is why
investors spend substantial resources to learn about prices (and hence capital gains) so
that 7., > 0. However, since investors already collect so much information about g, the
factor that generates more uncertainty after all the collected information is taken into
account is the dividend yield factor . Thus, a signal 7, about the dividend yield factor
will have higher return predictability and will be more useful in reducing the remaining

uncertainty about cash flows than an additional signal about capital gains 7.

3 Data

31  Stock Returns

Our empirical analysis uses the cross-section of stock returns obtained from the CRSP
database. The cross-section includes all common stocks traded on the NYSE, AMEX and
NASDAQ exchanges (share codes of 10, 11 and exchange codes of 1, 2, 3). Following

Fama and French (1993), our analysis uses stocks that satisty the following criteria: (1)
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the firm must have at least two years of accounting data in COMPUSTAT,; (2) the firm
must have at least 24 monthly return observations in the past five years; and (3) the
book-to-market value (B/M) ratio for the previous fiscal year must be positive.

All data are monthly. For our main analysis, the sample comprises the 42-year
period ranging from January 1978 to December 2019. We have chosen 1978 as the year
to mark the beginning of the sample period because it coincides with the peak in the
number of dividend-paying firms, which occurs at the end of 1977. This is shown in
Figure 1, which illustrates that beginning in 1978 both the number and the proportion of
dividend payers declines steadily. Hence we argue that in the post-1978 period there is
a persistent decline in the importance of dividends in the US equity market. This is a
crucial aspect of the analysis because in our theoretical model the declining importance
of dividends together with a behavioural bias against dividends is used to justify the

high predictive power of the dividend yield factor.

3.2  The New Dividend Yield Factor
In this section, we describe and motivate the new dividend yield factor. In terms of
notation, the value-weighted market return including dividends at time ¢ is denoted by
mkt,. The value-weighted market return excluding dividends at time f is denoted by
mktx,. The value-weighted market price is denoted by p, so that mktx, = p,/p,—1 — 1.
In other words, mktx, captures the rate of change in capital gains.

Following Lee (1995), we compute the market dividend yield dy, as follows:

dy, = mkt, — mktx,. The dividend yield is defined as dy, = d;/p;—1, where d; is the

14



value-weighted sum of all dividends paid by all firms at time t. Note that the individual
dividend paid by each firm is the US dollar value per share of distributions resulting
from cash dividends, spin-offs, mergers, exchanges, reorganizations, liquidations, and
rights issues. The definition of the market dividend yield implies that mkt, = (p; +
de)/ pe-1 — 17

A crucial aspect of dy; is its strong seasonal behaviour due to the fact that firms
pay dividends in different months and at different frequencies. In our sample, on a
given month, approximately 81.9% of the dividend-paying firms pay dividends on a
quarterly basis. Some of these firms pay dividends on January-April-July-October,
others on February-May-August-November, and yet others on March-June-September-
December. In addition, approximately 2.1% of the firms pay monthly dividends, 6.9% of
the firms pay semi-annual dividends and, finally, 9% of the firms pay annual dividends.
It has become standard in the literature to account for dividend seasonality in a simple
way: by using the trailing 12-month dividend yield defined as dy12, = X'2yd;_;/pe—1.
For this reason, our main analysis focuses on dy12,.8

In addition to seasonality, the dividend yield may also display non-stationarity
(see, e.g., Welch and Goyal, 2008). This is shown in Figure 2, which plots the time-series

of dy12,. Specifically, the Augmented Dickey-Fuller statistic for the dy12 series during

7 It is interesting to note that the dividend yield is also related to the equity carry, which is defined as the
expected dividend yield minus the risk-free rate multiplied by a scaling factor. See Koijen et al., (2018).
8 We have also implemented a more comprehensive way of accounting for seasonality by deseasonalizing

the dividend yield using an ARMA model. The results remain qualitatively the same.

15



our sample period is equal to -0.78. Hence the null hypothesis of a unit root (i.e., non-
stationarity) cannot be rejected. To account for non-stationarity, we define Ady12, as the

innovation to the 12-month dividend yield, which is calculated as the proportional

dyl12;
dy12¢q

change in dy12;: Ady12, = — 1. Using the innovation to the dividend yield is

consistent wih the return decomposition of Campbell and Shiller (1988) into changes in
expectations about future cash flows and future discount rates. It is also consistent with
the Campbell (1996) implementation of the Merton (1973) ICAPM model. Specifically,
Campbell (1996) proposes that factors be innovations in state variables that forecast
changes in future investment opportunities.’

The final step in generating the dividend yield factor used in our analysis is
orthogonalizing Ady12, relative to the 3-month Treasury bill, the term spread and the
default spread. This is motivated by Petkova (2006), who shows that these three
variables together with the dividend yield describe well the time-variation in the
investment opportunity set. Orthogonalization removes the effect of variables which
may be correlated with the dividend yield factor. We orthogonalize by estimating a
regression of Ady12; on the three variables and then using the fitted residuals as our
orthogonal Ady12,. We use a 20-year window and perform ex-ante estimation so that

our results do not suffer from a forward looking bias. Henceforth, Ady12, refers to the

% In the Online Appendix, we provide a formal comparison of our model with the Campbell and
Vuolteenaho (2004) bad-beta, good-beta model. We find that our two-factor model provides distinct

information and outperforms the bad-beta, good-beta model.
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orthogonalized Ady12, and represents the dividend yield factor used in our analysis.
The time series of Ady12, is displayed in Figure 2.

The data used in the orthogonalization are obtained as follows. Data on the long-
term yields are obtained from Ibbotson’s Stocks, Bonds, Bills and Inflation Yearbook.
Data on the 3-month treasury bill and the corporate bond yields on AAA-rated and
BAA-rated bonds are obtained from the FRED database of the Federal Reserve Bank at
St. Louis. The term spread is the difference between the long term yield on government
bonds and the Treasury-bill. The default yield spread is the difference between BAA

and AAA-rated corporate bond yields.

3.3  Summary Statistics

Table 1 reports summary statistics. The main findings can be summarized as follows. As
expected, the monthly market dividend yield (dy,) accounts for a large part of the
market return (mkt,): on average dy, = 0.22% per month, whereas mkt, = 1.04% per
month. Therefore, 21% of the market return is due to the dividend yield.

However, dy, contributes very little to the variance of mkt,. Specifically,
mkt, has 30 times higher standard deviation than dy, (4.40% vs 0.14%). Put differently,
mkt, has 988 times higher variance than dy,. Therefore, the dividend yield contributes
to the mean but not the variance of the market return. Consequently, as seen in Table 1,
mkt, and mktx, have almost identical higher moments (volatility, skewness and

kurtosis).
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Importantly, whereas mkt, and mktx, display strong cyclical behaviour, the
dividend yield displays strong countercyclical behaviour. The dividend yield is higher
during NBER-defined recessions as opposed to expansions.l® The behaviour of Ady12,
is also strongly countercyclical since on average it is negative in expansions but strongly
positive in recessions.

Table 2 reports the cross-correlations between the variables. The results in this
table indicate that mkt, and mktx, exhibit perfect correlation. In contrast, the correlation
between mkt, and dy, is equal to 0.10. Clearly, therefore, when adding the dividend
yield (dy;) plus the rate of capital gains (mktx,), this creates a market return variable
(mkt, = mktx, + dy,), which has a perfect correlation with the rate of capital gains but a
very low correlation with the dividend yield. In conclusion, the contribution of the
dividend yield is limited to the mean since it effectively contributes nothing to the

variance of the market return.

4 Dividend Yield Risk in the Cross-Section of Stock Returns

41 A Two-Factor CAPM Model

In this section, we assess the effect of risk due to changes in the market dividend yield
on the cross-section of expected stock returns. To begin with, the standard CAPM
model uses the market factor (mkt,) that incorporates both capital gains (mktx,) and the

dividend yield (dy;). However, as established in the previous section, mkt, and mktx,

10 Note that recessions account for 12.8% of our sample period, whereas expansions account for 88.2%.
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are perfectly correlated. At the same time, mktx; has enormously higher variance than
dy.. As a result, the variance of mkt, is practically identical to that of mktx,.

For these reasons, there is a fundamental concern with the CAPM regression:
whether we use mkt, or mktx,, the result will be essentially the same and the
contribution of dy, will be silenced by the vastly more volatile mktx, component. One
way to see this is to estimate the CAPM using the full cross-section of stock returns for
two distinct cases: first, using mkt, as the single factor; and second, using mktx, as the
single factor. In doing so, we find that the average betas in both cases are identical to the
second decimal. Furthermore, the quintile portfolios formed by sorting on the betas of
either mkt, or mktx, are practically identical. We conclude, therefore, that every time
we estimate the CAPM, the dividend yield component is effectively silenced and all we
observe is capital gains risk.!!

To address this issue, we propose a simple decomposition of the CAPM with two
factors, one based on the capital gains to the market portfolio (mktx;), and one based on
the dividend yield to the market portfolio (Ady12;). By explicitly accounting for the
market dividend yield as a separate factor in the CAPM regression, we ensure that its
contribution to asset pricing is not ignored. We use Ady12, (as opposed to dy,) in order

to explicitly account for the seasonality, non-stationarity and orthogonalization of the

1 If we estimate the beta on mkt, for each stock using a five-year rolling window, then the average beta
across time and across stocks is equal to 1.107. If we repeat the same exercise replacing mkt, by mktx,,

then the average beta is equal to 1.109. Hence, the two average betas are identical to the second decimal.
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market dividend yield. Consequently, our main analysis is based on the following two-
factor model inspired by the CAPM:

Tie = Tre = & + Bic(mktx, — 15,) + BigAdy12, + €, )
where 77, is the return of asset i at time ¢, 7, is the riskless rate at time ¢, 1;, — 77, is the
excess return to asset i at time ¢, f5; . is the loading on the capital gains factor, f; 4 is the
loading on the dividend yield factor, and ¢;, is the random error term. Consistent with
the literature (see, e.g., Ang et al., 2006), our main analysis (pre-formation regression) is
based on the two-factor model but in later sections we also discuss the effect of

including more factors in the post-formation regression testing.

4.2  Portfolio Sorts

We begin our empirical analysis by testing whether the loading on the dividend yield
factor can predict the cross-section of expected stock returns. To do so, we first estimate
the coefficient f; ; in Equation (9) for each stock in the cross-section using a five-year
rolling window. At the end of each month, we form quintile portfolios by sorting
stocks on f; 4. Stocks in the low (high) quintile have the lowest (highest) loadings on
Ady12 across all stocks in the cross section. We then compute the one-month ahead
mean returns of the quintile portfolios and rebalance monthly. Throughout our
analysis, we report results for both value-weighted (VW) portfolios based on NYSE
weights and for equally-weighted (EW) portfolios but our discussion will primarily

focus on VW portfolios (see, e.g., Hou, Xue and Zhang, 2020).
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Table 3 reports the performance of quintile portfolios sorted by exposure to the
dividend yield factor. Our main finding in this table is that there is a significant negative
relation between expected returns and exposure to the dividend yield factor. For VW
portfolios, the High-minus-Low zero-cost investment portfolio (denoted by H-L) that is
long on the highest quintile portfolio and short on the lowest quintile portfolio,
provides a mean return of -0.34%, which is highly statistically significant: the Newey-
West (1987) t-statistic is equal to -2.68. Furthermore, the H-L portfolio delivers a
negative and significant alpha relative to both the CAPM and the six-factor (FF6) model.
The FF6 model incorporates the five Fama and French (2015) factors plus momentum.
The results are similar and indeed stronger for EW portfolios. In short, portfolios with
low exposure to the dividend yield factor consistently perform better than portfolios

with high exposure.

4.3  Subsample Analysis
Our sample period begins in 1978 to coincide with the peak in the number of dividend
payers and hence the beginning of the declining importance of dividends in the US
equity market. In this section, we perform a subsample analysis to shed light on the pre-
1978 versus post-1978 performance of the two factor model.

We report the subsample results in Table 4. Our main finding is that for the

period of 1942-1977, the H-L return spread is 0.10 and insignificant. In contrast, for the
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1978-2019 period, the H-L return spread is -0.34 and is highly significant. Therefore, the
predictive power of the dividend yield factor is due to the post-1978 sample.12

To provide a finer analysis, we also report results for sample periods beginning
in 1963, 1968, 1973, 1978, 1983 and 1988. All these subsamples end in 2019. We find that,
as the starting date moves forward, the H-L return spread tends to be higher (in
absolute value) and more significant. Importantly, the CAPM and FF6 alphas become
significant from 1978 onwards for VW portfolios, which further enhances the
importance of using the post-1978 sample period. Overall, these results provide an
empirical justification in addition to the conceptual motivation based on our theory for

focusing on the post-1978 sample period.

44  Components of the Dividend Yield

The dividend yield itself has two components: dividends (in the numerator) and lagged
prices (in the denominator). It is well known that the two components have different
behaviour since dividends are issued by corporate management at a low frequency,
whereas stock prices are the result of high-frequency trading by market participants.
For this reason, it is interesting to test whether the dividend yield factor is driven by

one or both of its components. To do so, we decompose Ady12 into its two components:

di2;

Ady12, =~ Ad12; — Ap;_,, where Ad12; = 0

— 1 is the proportional change in the 12-

t-1

month trailing dividend series (i.e., the year-over-year dividend growth rate), and

12 The earliest start date is 1942 because of the initial data required for orthogonalization.
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_ Pt-1

Api_q = Y 1 is the proportional change in the lagged price series (i.e., the lagged

mktx). Following Petkova (2006) and to be consistent with our previous analysis, we
orthogonalize both components relative to the 3-month Treasury bill, the term spread

and the default spread in the same way as the dividend yield factor.!3

45  Factor-Mimicking Portfolios

The market factor is a tradable portfolio but its two components (capital gains and
dividend yield) are not. In this section, we address the non-tradability of mktx and
Adyl2 by constructing tradable factor-mimicking portfolios (FMPs) that mimic the
behaviour of mktx and Ady12.

For mktx, there is a straightforward solution: we replace mktx by mkt since the
correlation between the two is equal to one. As mentioned earlier, the betas on mktx are
essentially the same as those on mkt. Hence, mkt can be thought of as the FMP of mkitx.

For Ady12, we implement two distinct approaches for generating the FMP: (1)
the ordinary least squares (OLS) cross-sectional approach based on Lehmann and
Modest (1988); and (2) the instrumental variables (IV) approach of Pukthuanthong, Roll,
Wang and Zhang (2019). The OLS and IV approaches are discussed in detail in the

Online Appendix. The FMP for Ady12 is denoted by FAdy12.

13 Since all three variables, Ady12, Ap and Ad12 are defined as proportional changes, the decomposition
of Ady12 into Ap and Ad12 is not exact. However, the two components (Ap and Ad12) explain almost
100% of the variation of Ady12. Specifically, Ap explains 90.5% of the variance of Ady12, whereas Ad12

explains 9.5% of the variance of Ady12.
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For Ad12 and Ap, we follow a similar approach to Ady12: we form the FMP
portfolios based on the OLS and IV approaches, denoted by FAd12 and FAp. In
constructing FAdy12, FAd12 and FAp each underlying series is orthogonalized ex post.

Table 5 reports the full sample correlations between each of Ady12, Ad12 and Ap
with their two FMPs. We find that the OLS FMPs exhibit a high correlation with the
original series: 0.80 between OLS and Ady12, 0.85 between OLS and Ad12, and 0.79
between OLS and Ap. The IV FMPs exhibit slightly lower correlations: 0.68 between IV
and Ady12, 0.71 between IV and Ad12, and 0.65 between IV and Ap. Our main analysis

will be based on the OLS method but we will also report the IV results.

4.6  The Price of Dividend Yield Risk

4.6.1 Dividend Yield Risk

In this section, we formalize our analysis of the relation between expected stock returns
and the dividend yield factor by estimating two-stage Fama and MacBeth (1973)
regressions using the full cross-section of stocks. In the first stage, we estimate the time-

series beta coefficients for each stock using the following seven-factor model:

Tie —Tpe = + ,[S'L-,l(mktxt — rf,t) + B, A4dy12,
+ﬁi,3SMBt + ﬂi,4HMLt + Bi,SRMWt + Bi,6CMAt + ﬁi,7M0Mt + gi,t' (10)

where SMB is the Fama and French (1993) size factor, HML is the value factor, RMW is
the Fama and French (2015) profitability factor, CMA is the investment factor, and
MOM is the Carhart (1997) momentum factor. Data on the SMB, HML, RMW, CMA

and MOM factors are obtained from Ken French’s online data library. The betas are
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estimated using a rolling window of 5 years of monthly data. In this regression, when
using the FMPs, mktx is replaced by mkt, and Ady12 by FAdy12.
In the second stage, we condition on the beta estimates available on a given

month, and perform cross-sectional estimation at each month ¢ as follows:

Tie = Tre = Qi Y V1Pive—1 T V2Bizt-1
+V3Bize—1+ VaBiat—1 + VsPisit—1 + VYePist—1 T V7Bi7e—1 T €ir- (11)

We collect the time-series of gamma estimates and report the mean as well as the
Newey and West (1987) t-statistic. The mean of each gamma coefficient represents the
risk premium associated with each risk factor. The results are reported in Table 6 for the
original factors as well as for their FMPs.

Our main finding is that the premium on the dividend yield factor is consistently
negative and significant across all specifications. Specifically, Ady12 exhibits a risk
premium of -0.21% per month with a t-statistic of -2.35. The risk premium is equal to
-0.28 for the OLS FMP and -0.26 for the IV FMP and both remain significant. It is
interesting to note that the dividend yield factor is highly statistically significant,
whereas none of the other risk factors are statistically significant. Notably, the capital
gains factor (mktx, — r¢,) and its FMP (mkt; — 1) display a small and insignificant risk
premium. In conclusion, we find strong evidence that the dividend yield factor has a
negative and statistically significant price of risk in the context of the five-factor Fama-
French (2015) model plus momentum. This evidence provides empirical justification for
decomposing the market factor into a capital gains and a dividend yield factor and

shows that the dividend yield is disconnected from capital gains in asset pricing.
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In this context, it is important to understand why the dividend yield factor
carries a negative premium in expected stock returns. Recall that the dividend yield
factor is strongly countercyclical: Ady12 is positive in recessions (1.02% per month) and
negative in expansions (-0.13% per month). Consider an asset that has a high beta on the
Ady12 factor. By definition, a positive beta implies that this asset performs well when
Ady12 is high. However, Ady12 is high in recessions. Therefore, this is an asset that
performs well in recessions. According to standard asset pricing theory, this asset is
valuable because it performs well when we need it the most (in the bad states of the
world) and hence investors do not require a high expected return to hold it. As a result,
high-beta assets on the Ady12 factor will have low expected returns and vice versa. In
short, the countercyclical behaviour of the dividend yield factor provides an

explanation for its negative premium that is consistent with asset pricing theory.

4.6.2 Components of Dividend Yield Risk

In Panel B of Table 6, we replace Ady12 by its two components: Ad12 and Ap. This
allows us to examine which of the two components of Ady12 is responsible for its cross-
sectional predictive power. We find that the premium for Ap is high (0.22) and
significant (t-stat=2.49) but the premium for Ad12 is much lower (0.03) and insignificant
(t-stat=1.56). These premia remain similar in value and significance for the OLS and IV
FMPs. In short, therefore, between the two components of the dividend yield factor, it is
the lagged capital gains factor that remains strong and significant in pricing the cross-

section of expected stock returns.
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4.7  Post-Formation Factor Loadings

The performance of quintile portfolios formed on past exposure to the dividend yield
factor reported in Table 3 shows that past loadings on Ady12 can explain the cross-
sectional variation of stock returns. In this section, we assess the contemporaneous
relation between factor loadings and expected returns. Following a long line of research
in asset pricing (see, among many others, Black et al., 1972, Fama and French, 1992,
1993, and Ang et al., 2006), we use past information to form portfolios, and then proceed
to examine contemporaneous post-formation loadings. Specifically, we use the FAdy12
factor based on the OLS FMP approach to compute post-formation loadings reported on
the last column of Table 3. The port-formation loadings are estimated ex-post for the
full data sample using the seven factor model of Equation (10).

The results show that for all EW portfolios, the quintile portfolio returns load
significantly on the FAdy12 factor mimicking portfolio. Specifically, for EW portfolios,
the post-formation loadings on FAdy12 are negative and statistically significant at the
1% level. Importantly, the post-formation loadings for EW portfolios consistently
increase (i.e., decrease in absolute value) as we move from the Low to the High
portfolio. The results are weaker for VW portfolios since only for the Low quintile

portfolio the post-formation loading is significant. In short, these results establish that
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average returns are related to the unconditional covariance between returns and market

dividend yield risk for EW portfolios but for VW portfolios the results are weaker. 14

5 Is Exposure to the Dividend Yield Factor Related to Individual

Dividend Yields?

In assessing the role of the dividend yield factor in predicting the cross-section of
expected stock returns, two further questions arise: (1) is exposure to the dividend yield
factor only relevant for dividend-paying firms or is it also relevant for non-dividend
paying firms; and (2) for dividend-paying firms, are portfolios sorted on exposure to the
dividend yield factor related to portfolios sorted on the individual dividend yield? Both

questions are addressed in this section.

51  Dividend Payers vs Non-Dividend Payers

We begin by first separating firms into dividend payers and non-dividend payers, and
then re-estimating the Fama-MacBeth regressions for the two separate groups.
Dividend payers are identified as firms, which at time t have paid a dividend in any

month from time f to time #-11. The remaining firms are labelled as non-payers. On a

14 Note that we use individual firms as base assets to construct an FMP that is maximally correlated to the
variable of interest. Consequently, smaller firms may receive FMP weights, which are larger than their
weights in a value-weighted portfolio. This can explain the limited variation in post-formation betas for

value-weighted portfolios. It can also explain the large variation for equally-weighted portfolio loadings.
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given month, an average of 46.5% of firms are identified as dividend payers and 53.5%
are identified as non-payers. The results are reported in Table 7.

The results indicate that the predictive power of the FAdyl2 is strong and
significant for both dividend payers and non-dividend payers but it is stronger for
dividend payers. Specifically, using the original Ady12 series, the factor premium is
-0.35 for payers (t-stat=2.98) and -0.21 for non-payers (t-stat=-2.64). The same is also
true when using the OLS FMP approach: the factor premia are -0.43 vs. -0.26 and both
are significant. In conclusion, the price of risk for the dividend yield factor is
significantly negative for both dividend payers and non-dividend payers but it is more
so for dividend payers. Overall, Ady12 is a systematic risk factor that prices all firms but

its effect is stronger for dividend payers.

5.2  Portfolio Sorts Based on Individual Dividend Yields
If exposure to the dividend yield factor reflects information on the firm’s individual
dividend yield, then portfolio sorts based on individual dividend yields should display
significant return spreads between high-dividend yield stocks and low-dividend yield
stocks. In Table 8, we report results for average monthly excess returns of VW and EW
quintile portfolios sorted on the firms" individual dividend yields. Portfolios for fiscal
year t are formed using firm dividend yields measured in June of fiscal year #-1.

The main result here is that there is little cross-sectional variation in the
performance of stocks according to their dividend yield. For instance, the VW high-

minus-low portfolio (H-L) displays a mean return of 0.12% per month, which is
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insignificant. Having said that, however, the CAPM-alpha and the six-factor alpha of
the H-L portfolio tends to be positive and significant, especially for EW portfolios. For
the most important case, however, VW portfolios and FF6 alphas, there is no significant
relation. In conclusion, our evidence indicates that exposure to market dividend yield

risk appears to be unrelated to firms’ individual dividend yields.

6 The Two-Factor Model and Standard Fama-French Portfolios

In this section, we evaluate the time-series performance of the two-factor CAPM model
described in Equation (9) using data from standard Fama-French portfolios. Return data
on these portfolios are obtained from Ken French’s online data library. Specifically, we
estimate the standard CAPM model and the two-factor CAPM model on several sets of
portfolios such as the 5x5 size and book-to-market portfolios. We report the average
betas and R? as well as Newey and West (1987) t-statistics on the betas. The R? are

adjusted for degrees of freedom. The results are reported in Table 9.

The main findings are as follows. As expected, the beta on the market return (Bm) in the
standard CAPM revolves around a value of 1 and is highly significant. The beta on the
market return (B¢) in the two-factor CAPM is essentially the same as in the standard
CAPM. The beta on the dividend yield factor (Baq) is consistently negative. It is
significant for all equally-weighted portfolios and for the first three value-weighted
portfolios reported in Table 9: 5x5 size and book-to-market, 5x5 size and profitability,

and 5x5 size and investment. Importantly, in all cases the adjusted R? increases as we
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move from the standard CAPM to the two-factor CAPM. The increase is greater for
equally-weighted portfolios. Overall, these results indicate that the two-factor CAPM

tends to perform better in explaining the returns of standard Fama-French portfolios.

7 A Predictive CAPM Framework

We have previously demonstrated that the factor premium associated with Ap is about
seven times higher than the factor premium of Ad12, and the latter tends to be
insignificant. The high relative size and significance of Ap over Ad12 motivates our
examination of Ap in a separate manner. In this section, we isolate the effect of Ap in a
simple yet powerful extension to the CAPM. We explicitly augment the standard
CAPM to include the lagged excess return to the market. This additional variable
essentially captures the effect of Ap since the two are perfectly correlated. We refer to
this model as the “predictive CAPM,” which is described by the following regression:
Tie = Tre = @ + Bia(mkty —15) + Bio(mktey —1709) + & (12)
Based on the predictive CAPM, we consider three cases. First, we sort stocks
solely on f;;, which is the standard CAPM beta. This approach removes the lagged
market return from the analysis. Second, we sort stocks on f5;, = ;1 + f;2, which we
refer to as the “Dimson beta.” Dimson (1979) proposes to use the sum of the two betas
to account for biases arising from non-synchronous trading. This is a popular approach
in the literature, which has been implemented by Fama and French (1992) and Liu,

Stambaugh and Yuan (2018) among others. Third, we sort stocks solely on f;,, which
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we refer to as the “predictive beta.” In all cases, the loadings are estimated over a 5-year
rolling window as previously.

The portfolio sorts are reported in Panels A and B of Table 10. Consistent with
our previous results, the standard CAPM betas deliver an H-L spread that is low and
insignificant. The H-L alphas are strongly negative and highly significant, which is
aligned with the betting-against-beta factor of Frazzini and Pedersen (2014). In contrast
to the CAPM-alphas, the FF6-alphas are low and insignificant.

The Dimson betas slightly improve the CAPM performance. The H-L return is
higher than the CAPM-betas but is still low and insignificant. The H-L CAPM alphas
are still negative and insignificant. The minor improvement of the Dimson betas
indicates that accounting for non-synchronous trading by adding the beta of lagged
market returns to that of contemporaneous market returns is insufficient in restoring
the empirical failure of the CAPM.

Turning to portfolios sorted solely on the predictive betas, the results are
striking. There is a positive monotonic relation between the predictive beta and average
excess returns. For VW returns, the H-L spread is 0.36 % with a t-statistic of 2.44. For EW
returns, the H-L spread is 0.42% with a t-statistic of 2.50. The six-factor alphas are
positive and significant. This finding indicates that cross-sectional predictability lies
exclusively in the predictive betas, not in the contemporaneous CAPM betas. Sorting on
predictive betas alone (not in conjunction with the contemporaneous betas) delivers a

positive beta-return relation. To our knowledge, this is a novel finding in the literature.
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We further investigate this finding with Fama-MacBeth (1973) regressions. In
Panel C of Table 10, we report the factor premium of the Dimson beta in the presence of
the SMB, HML, RMW, CMA and MOM factors. We find that the Dimson beta has a
positive (0.11) and insignificant market price of risk (f-stat=0.92).

In Panel D, we wuse the two components of the Dimson beta, the
contemporaneous beta and the predictive beta. The contemporaneous CAPM beta has a
low and insignificant beta: 0.01 with a f-stat=0.11. In contrast, the predictive beta has a
positive price of risk (0.21%) and is highly significant (¢-stat=2.43). Therefore, consistent
with our previous results, the lagged market return alone is powerful in predicting the
cross-section of expected stock returns.

As a final exercise, we add FAd12 to the predictive CAPM framework. In doing
so, we are effectively estimating a version of the original three-factor model (mktx, Ad12
and Ap) that was initially displayed in Panel B of Table 6. This is because mkt,_, and
Ap,_1 have a perfect correlation. The results are reported in Panel E of Table 10. We find
that FAd12 is low (0.03) and insignificant (t-stat=1.56), while its presence has no effect
on the size and significance of the lagged market return. We conclude that the lagged
market return, which is the strongest component of the dividend yield factor, is robust

and highly significant in predicting the cross-section of expected stock returns.

8 Conclusion

The standard CAPM model is well known to empirically fail to predict the cross-section

of expected stock returns. For example, the betting-against-beta factor tends to deliver
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high and significant excess returns (Frazzini and Pedersen, 2014). An important issue
relating to the performance of the CAPM is that the beta on the market factor is almost
exclusively driven by the capital gains component of the market portfolio. Although the
dividend yield makes a substantial contribution to the mean return of the market
portfolio, it practically contributes nothing to its variance. As a result, the market
dividend yield is effectively ignored in estimating the market beta.

We propose a two-factor model that addresses this issue by separating the two
components of the market portfolio. The two-factor model allows capital gains and the
dividend yield to make distinct contributions to predicting the cross-section of expected
stock returns. In doing so, the results are striking: the separate capital gains factor
performs in the same way as the market portfolio, but the separate dividend yield factor
performs very well in distinguishing between high-performing and low-performing
assets. This finding is particularly strong in the post-1978 period that coincides with the
persistent decline in the number of dividend-paying firms in the US. For this sample
period, the high-minus-low VW portfolio delivers a statistically singificant mean return
of -0.34% per month. The alphas are also significantly negative for both VW and EW
portfolios. Finally, Fama and MacBeth (1973) regressions confirm the presence of a
significant negative premium for the dividend yield factor, which is unaffected by the
presence of other well-known risk factors.

Separating the market factor into a capital gains factor and dividend yield factor
is consistent with recent evidence on the dividend disconnect. Hartzmark and Solomon

(2019, 2022) find that in practice investors do not treat dividends and capital gains in the
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same manner and often disregard dividends in making financial decisions. We
conjecture that this behavioural bias against dividends became stronger in the post-1978
period as the number and proportion of dividend-paying firms declined significantly in
the US. Motivated by this idea, we propose a theoretical model which shows that when
investors tend to ignore dividends, the market dividend yield factor has strong
predictive ability for stock returns. In this context, our work can be seen as an
application of the disconnect between price changes and dividends to asset pricing.

The dividend yield factor has itself two components: the dividend growth rate
and lagged capital gains. The latter is by far the strongest of the two components since it
has a much higher risk premium and is consistently significant. The size and
significance of the factor price associated with the lagged market capital gains can be
used to motivate a simple extension to the CAPM that we term the “predictive CAPM.”
The predictive CAPM conditions on both the contemporaneous and the lagged market
return. We show that the beta on solely the lagged market return delivers a significant
positive factor premium in the cross-section of stock returns.

Overall, our analysis proposes simple extensions of the CAPM that address the
enormous variance differential between capital gains and the dividend yield. The
evidence indicates that these extensions to the CAPM can establish a significant beta-
return relation, which is the cornerstone of an asset pricing model. For these reasons, a
two-factor CAPM model that conditions on the market dividend yield (or its main
component, the lagged capital gain) is a useful addition to the toolkit implemented in

asset pricing research and financial practice.
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Table 1: Summary Statistics

This table reports summary statistics for the following monthly variables: mkt is the
market excess return, mktx is the market excess return excluding dividends, dy is the
market dividend yield, Ady12 is the orthogonalized monthly proportional change in the
12-month market dividend yield, Ad12 is the orthogonalized monthly growth rate in the
12-month market dividend and Ap is the orthogonalized lagged rate of capital gains.
AR(1) is the degree of serial correlation at a lag of one month. The sample period ranges
from January 1978 to December 2019. Expansions and recessions are defined according
to the NBER.

Panel A: Full Sample

Mean St. Dev. Min Max Skewness  Kurtosis AR(1)
mkt 1.04 4.40 -22.64 12.88 -0.75 5.24 0.05
mktx 0.82 4.39 -22.84 12.73 -0.76 5.24 0.05
dy 0.22 0.14 0.06 0.92 2.26 8.81 0.25
Ady12 0.00 4.45 -11.65 28.00 0.93 6.70 0.02
Ad12 0.00 1.46 -9.35 17.95 3.37 52.04 0.04
Ap 0.00 4.21 -22.66 12.01 -0.53 4.93 0.01
Panel B: Expansions
mkt 1.17 4.07 -22.64 12.88 -0.79 5.97
mktx 0.96 4.05 -22.84 12.73 -0.79 5.99
dy 0.21 0.13 0.06 0.82 2.26 9.13
Ady12 -0.13 4.26 -11.65 28.00 1.12 8.07
Ad12 0.05 1.49 -9.35 17.95 3.50 5291
Ap 0.15 3.97 -22.66 12.01 -0.66 5.74
Panel C: Recessions
mkt 0.01 6.44 -17.15 11.90 -0.29 2.56
mkitx -0.28 6.41 -17.28 11.61 -0.29 2.53
dy 0.29 0.21 0.06 0.92 1.50 434
Ady12 1.02 5.71 -11.32 12.72 0.03 2.46
Ad12 -0.38 1.09 -2.64 2.10 0.00 2.72
Ap -1.22 5.69 -12.64 11.46 0.18 2.58

40



Table 2: Cross-Correlations

This table reports the cross-correlations for the variables defined in Table 1. The sample
period ranges from January 1978 to December 2019. Expansions and recessions are
defined according to the NBER.

Panel A: Full Sample

mkt mktx dy Ady12 Ad12 Ap
mkt 1
mktx 1.00 1
dy 0.10 0.07 1
Ady12 -0.03 -0.03 0.06 1
Ad12 0.02 0.02 0.17 0.24 1
Ap 0.03 0.04 0.00 -0.94 0.08 1
Panel B: Expansions
mkt 1
mktx 1.00 1
dy 0.11 0.08 1
Ady12 0.05 0.05 0.11 1
Ad12 0.01 0.01 0.14 0.29 1
Ap -0.06 -0.05 -0.05 -0.94 0.05 1
Panel C: Recessions
mkt 1
mKkitx 1.00 1
dy 0.16 0.13 1
Ady12 -0.31 -0.31 -0.18 1
Ad12 0.06 0.04 0.60 -0.05 1
Ap 0.32 0.31 0.29 -0.98 0.21 1
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Table 3: Portfolios Sorted by Exposure to the Dividend Yield Factor

This table presents the performance of portfolios sorted by the exposure (beta) of individual stock excess returns to the dividend
yield factor, Ady12. We form value-weighted portfolios based on the NYSE breakpoints and equally-weighted portfolios, which
are rebalanced monthly. The betas are estimated using Equation (9) based on the most recent five years of monthly data. The mean
and standard deviation are for monthly percentage excess returns. Size and B/M report the average log market capitalization and
book-to-market ratio for firms in each portfolio. The “H-L” row refers to the difference in monthly excess returns between the High
and Low quintile portfolios. The CAPM and FF6 Alpha columns report Jensen’s alpha with respect to the CAPM and the Fama-
French (2015) five-factor model plus momentum. Post-formation betas are according to Equation (14) using the OLS FMP. Statistical
significance is assessed using Newey-West (1987) t-statistics. The sample period ranges from January 1978 to December 2019.

Panel A: Value-Weighted Portfolios

Returns Factor Loadings
CAPM FF6 Pre-Formation Post-Formation

Rank Mean St Dev Size B/M Alpha Alpha Baayiz Bradyiz
High 0.65 4.64 17.28 0.48 -0.07 0.00 0.35 0.00

4 0.62 4.00 17.51 0.51 0.00 -0.17%%* 0.10 0.01

3 0.78 414 17.52 0.53 0.13%** 0.07 -0.05 0.01

2 0.74 4.53 17.40 0.55 0.02 -0.02 -0.22 0.02
Low 0.99 5.65 16.54 0.59 0.12 0.26%** -0.58 -0.03*
H-L -0.34%%* 2.61 -0.19* -0.26** 0.03
(t-stat) (-2.68) (-1.68) (-2.49) (1.02)

Panel B: Equally-Weighted Portfolios
Returns Factor Loadings
CAPM FF6 Pre-Formation Post-Formation

Rank Mean St Dev Size B/M Alpha Alpha Bady12 Braayiz
High 0.70 5.57 14.48 0.74 -0.07 0.06 0.51 -0.06***
4 0.88 4.55 14.96 0.75 0.22** 0.13%** 0.08 -0.05%**
3 0.93 4.67 14.83 0.78 0.27%* 0.20%** -0.12 -0.07***
2 0.94 5.30 14.16 0.85 0.21 0.26%** -0.35 -0.17%**
Low 1.10 7.40 12.96 0.89 0.19 0.66*** -0.99 -0.23%**
H-L -0.39** 3.11 -0.26* -0.60%** 0.17%**
(t-stat) (-2.58) (-1.84) (-5.05) (4.30)
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Table 4: Portfolios Sorted by Exposure to the Dividend Yield Factor across Subsamples

This table presents the performance of the High-minus-Low (H-L) portfolio across subsamples. The H-L portfolio refers to the
difference in monthly excess returns between the High and Low quintile portfolios. The quintile portfolios are generated by sorts
on the exposure (beta) of individual excess stock returns to the dividend yield factor, Ady12. We form value-weighted and equally-
weighted portfolios with monthly rebalancing. The betas are estimated using Equation (9) based on the most recent five years of
monthly data. The CAPM and FF6 Alpha rows report Jensen’s alpha with respect to the CAPM and the Fama-French (2015) five-
factor model plus momentum. Statistical significance is assessed using Newey-West (1987) t-statistics.

Panel A: Value-Weighted H-L Portfolios

1942-1977  1978-2019 1963-2019  1968-2019  1973-2019 1978-2019  1983-2019  1988-2019
H-L Returns 0.10 -0.34%** -0.20% -0.25** -0.29** -0.34%* -0.45%+* -0.36**
(t-stat) (0.75) (-2.68) (-1.66) (-2.06) (-2.31) (-2.68) (-3.20) (-2.35)
CAPM Alpha 0.24** -0.19% -0.05 -0.11 -0.13 -0.19% -0.29** -0.20
(t-stat) (2.00) (-1.68) (-0.51) (-0.98) (-1.18) (-1.68) (-2.27) (-1.42)
FF6 Alpha 0.17* -0.26** -0.04 -0.07 -0.12 -0.26** -0.36*** -0.27%*
(t-stat) (1.81) (-2.49) (-0.47) (-0.79) (-1.23) (-2.49) (-3.12) (-2.20)

Panel B: Equally-Weighted H-L Portfolios

1942-1977  1978-2019 1963-2019  1968-2019  1973-2019 1978-2019  1983-2019  1988-2019
H-L Returns 0.00 -0.39** -0.28** -0.36*** -0.37%* -0.39** -0.49%* -0.52%**
(t-stat) (0.00) (-2.58) (-2.29) (-2.72) (-2.68) (-2.58) (-2.88) (-2.83)
CAPM Alpha 0.06 -0.26* -0.19 -0.26** -0.25% -0.26* -0.35** -0.37%*
(t-stat) (0.59) (-1.84) (-1.61) (-2.06) (-1.92) (-1.84) (-2.18) (-2.09)
FF6 Alpha 0.12 -0.60*** -0.40%* -0.47%* -0.50%* -0.60%** -0.70%** -0.71%*
(t-stat) (1.53) (-5.05) (-4.27) (-4.58) (-4.61) (-5.05) (-5.29) (-4.92)
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Table 5: Factor-Mimicking Portfolios

This table reports the cross-correlations between the original factors and the factor-mimicking portfolios (FMPs). The FMPs
implement either ordinary least squares (OLS) or instrumental variables (IV) estimation using the cross-section of dividend-paying
firms. The sample period ranges from January 1978 to December 2019.

Cross-Correlations
Ady12 OLS FMP IV FMP

Ady12 1
OLS FMP 0.80 1
IV FMP 0.68 0.90 1

Ad12  OLS FMP IV FMP

Ad12 1
OLS FMP 0.85 1
IV FMP 0.71 0.83 1

Ap  OLSFMP IV FMP

Ap 1
OLS FMP 0.79 1
IV FMP 0.65 0.90 1
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Table 6: Fama-MacBeth Regressions

This table reports the Fama-MacBeth (1973) factor premiums using the full cross-section of stock returns. The factor premiums are
the time-series means of the cross-sectional coefficients y in Equation (21). The table also reports Newey-West (1987) t-statistics.
The column “Original” uses the original Ady12, Ad12 and Ap factors. The columns “OLS FMP” and “IV FMP” report results using
OLS and IV FMPs for FAdy12, FAd12 and FAp. All regressions condition on the five Fama-French (2015) factors plus momentum.
The sample period ranges from January 1978 to December 2019.

Panel A: Dividend Yield Factor

Original OLS FMP IV FMP
Mean NW t-stat Mean NW t-stat Mean NW t-stat
mkt-rf 0.02 0.13 0.02 0.15 0.02 0.15
FAdy12 -0.21 -2.35 -0.28 -2.24 -0.26 -1.71
SMB -0.03 -0.40 -0.03 -0.48 -0.03 -0.48
HML 0.08 1.07 0.08 1.07 0.08 1.07
RMW -0.01 -0.16 -0.01 -0.17 -0.01 -0.16
CMA 0.02 0.50 0.02 0.50 0.03 0.53
MOM -0.11 -1.56 -0.10 -1.41 -0.11 -1.47
Panel B: Components of the Dividend Yield Factor
Original OLS FMP IV FMP
Mean NW t-stat Mean NW t-stat Mean NW t-stat
mkt-rf 0.01 0.11 0.02 0.20 0.03 0.22
FAd12 0.03 1.56 0.03 1.43 0.03 1.47
FAp 0.22 2.49 0.27 2.29 0.24 1.73
SMB -0.03 -0.46 -0.03 -0.48 -0.03 -0.47
HML 0.08 1.02 0.08 1.00 0.08 1.00
RMW -0.01 -0.12 -0.01 -0.09 -0.01 -0.08
CMA 0.02 0.47 0.02 0.43 0.02 0.46
MOM -0.11 -1.50 -0.10 -1.34 -0.10 -1.42
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Table 7: Dividend Payers vs Non-Dividend Payers

This table reports the Fama-MacBeth (1973) factor premiums for the cross-section of two separate groups: dividend payers and
non-dividend payers. The specification of the regressions is the same as in Table 6. The sample period ranges from January 1978 to
December 2019.

Panel A: Dividend Payers

Original OLS FMP IV FMP
Mean NW t-stat Mean NW t-stat Mean NW t-stat
mkt-rf 0.12 0.83 0.12 0.82 0.13 0.84
FAdy12 -0.35 -2.98 -0.43 -2.79 -0.44 -2.20
SMB 0.06 0.76 0.05 0.66 0.05 0.60
HML 0.11 1.47 0.12 1.49 0.12 1.48
RMW -0.07 -1.27 -0.07 -1.32 -0.07 -1.28
CMA 0.03 0.57 0.03 0.62 0.03 0.68
MOM -0.02 -0.25 -0.02 -0.25 -0.03 -0.36
Panel B: Non-Dividend Payers
Original OLS FMP IV EMP
Mean NW t-stat Mean NW t-stat Mean NW t-stat
mkt-rf -0.01 -0.06 0.00 -0.02 0.00 -0.03
FAdy12 -0.21 -2.64 -0.26 -2.55 -0.26 -2.09
SMB -0.03 -0.46 -0.03 -0.52 -0.03 -0.49
HML 0.05 0.78 0.05 0.77 0.05 0.79
RMW 0.00 -0.04 0.00 -0.05 0.00 -0.05
CMA 0.02 0.45 0.02 0.43 0.02 0.46
MOM -0.10 -1.53 -0.09 -1.38 -0.10 -1.43

46



Table 8: Portfolios Sorted on the Individual Dividend Yield

This table displays the performance of portfolios sorted on the individual dividend yield of each stock. We form value-weighted
and equal-weighted portfolios rebalanced monthly. Stocks are sorted into quintiles from lowest dy12 (Low) to highest dy12 (High).
The mean and standard deviation are for monthly percentage excess returns. The “H-L” row refers to the difference in monthly
excess returns between the High and Low portfolios. Size and B/M report the average log market capitalization and book-to-market
ratio for firms in each portfolio. The CAPM and FF6 Alpha columns report Jensen’s alpha with respect to the CAPM and the Fama-
French (2015) five-factor model plus momentum. The sample period ranges from January 1978 to December 2019.

Panel A: Value-Weighted Portfolios

Returns
CAPM FF6 Dividend
Rank Mean St Dev Size B/M Alpha Alpha Yield
High 0.74 4.03 17.39 0.77 0.26* -0.07 5.67
4 0.80 3.94 17.61 0.57 0.25%** -0.05 3.29
3 0.76 4.20 17.80 0.45 0.15* -0.18*** 2.29
2 0.74 4.63 17.31 0.44 0.05 -0.15** 1.50
Low 0.62 5.08 17.06 0.43 -0.17%*  -0.19*** 0.63
H-L 0.12 4.04 0.43** 0.12
(t-stat) (0.61) (2.40) (0.90)
Panel B: Equally-Weighted Portfolios
Returns
CAPM FF6 Dividend
Rank Mean St Dev Size B/M  Alpha Alpha Yield
High 0.87 3.84 15.00 0.95 0.39*** 0.16** 7.45
4 0.96 4.04 15.24 0.80 0.41%** 0.12* 3.28
3 0.91 4.45 15.25 0.74 0.29** -0.02 2.30
2 0.93 4.58 15.08 0.69 0.27** -0.02 1.49
Low 0.79 5.02 15.03 0.63 0.06 -0.14** 0.65
H-L 0.08 2.62 0.33%**  (0.30%**
(t-stat) (0.60) (3.12) (3.22)
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Table 9: Testing the Two-Factor CAPM Model on Fama-French Portfolios

This table reports results from estimating time-series regressions based on the CAPM and the two-factor CAPM using return data
from standard Fama-French portfolios. The CAPM columns report the CAPM beta, Newey and West (1987) t-statistic and adjusted
R2. The two-factor CAPM columns report the market beta, dividend yield factor beta, Newey and West (1987) t-statistics and
adjusted R2. In each row, the betas and adjusted R? are averages across the portfolios. For the two-factor CAPM, we use the OLS
FMP to the dividend yield factor. The sample period ranges from January 1978 to December 2019.

Panel A: Value-Weighted Portfolios

CAPM Two-Factor CAPM
Bm tMBm) R* | B t(B) Ba  t(Ba) R
5x5 Size and Book-to-Market 1.06 2739 0739 | 1.05 2741 -0.07 -1.94 0.746
5x5 Size and Profitability 1.08 31.77 0785 | 1.07 3171 -0.06 -1.82 0.792
5x5 Size and Investment 1.06 31.53 0.780 | 1.05 31.36 -0.07 -1.71 0.787

5x5 Book-to-Market and Profitability ~ 1.02 2424 0.703 | 1.02 2480 -0.04 -0.92 0.705
5x5 Book-to-Market and Investment 098 2392 0.733 | 098 2453 -0.03 -0.71 0.736

5x5 Profitability and Investment 1.01 2690 0768 | 1.01 2761 -0.01 -0.27 0.769
17 Industries 099 2093 0.605| 099 2149 -0.03 -0.76 0.611
30 Industries 1.00 1856 0563 | 1.00 19.16 -0.04 -0.70 0.569
48 Industries 1.01 1737 0526 | 1.00 1779 -0.05 -0.84 0.534
Panel B: Equally-Weighted Portfolios
CAPM Two-Factor CAPM
B tBn) R* | B t(B)  Ba t(Ba) R
5x5 Size and Book-to-Market 1.09 2513 0.726 | 1.07 2602 -014 -288 0.746
5x5 Size and Profitability 1.10 2797 0768 | 1.08 2923 -0.12 -3.10 0.787
5x5 Size and Investment 1.09 2861 0.766 | 1.07 2969 -013 -3.15 (.786

5x5 Book-to-Market and Profitability ~1.07 2335 0.668 | 1.04 2341 -0.21 -497 0.703
5x5 Book-to-Market and Investment 1.05 2539 0.683 | 1.02 2544 -021 -538 0.722

5x5 Profitability and Investment 1.03 2391 0715 | 1.00 2480 -0.19 -539 0.748
17 Industries 1.05 1893 0557 | 1.02 1969 -0.22 452 0599
30 Industries 1.06 1740 0525 | 1.02 1827 -0.23 -449 0.569
48 Industries 1.05 1690 0495 | 1.02 1744 -024 -435 0.536
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Table 10: Predictive CAPM

This table displays the performance of the predictive CAPM. Panels A and B report the performance of value-weighted and equally-
weighted quintile portfolios sorted on (1) the standard CAPM betas, (2) the Dimson (1979) CAPM betas, and (3) the predictive betas
on the lagged market excess return. Betas are estimated using the most recent 5 years of monthly data. Statistical significance is
assessed using Newey-West (1987) t-statistics. Post-formation betas are computed using a seven-factor model based on the five-
factor model of Fama and French (2015) plus momentum plus the OLS factor-mimicking portfolio for the lagged market excess
return. Panels C, D and E report the Fama-MacBeth (1973) cross-sectional factor premiums for the full cross-section of stock returns.
The sample period ranges from January 1978 to December 2019.

Panel A: Value-Weighted Portfolios

Standard CAPM beta Dimson (1979) CAPM beta Predictive CAPM beta

Rank Return  CAPM  FF6 Return  CAPM  FFé6 Return  CAPM  FF6 Post-Formation

Alpha Alpha Alpha Alpha Alpha Alpha Bemkr,_,
High 0.70 -0.37*** 0.06 0.78 -0.30** 0.12 0.99 0.10 0.31%** 0.05**
4 0.85 0.04 -0.05 0.79 -0.06 -0.04 0.73 0.00 -0.01 0.02
3 0.85 0.16** -0.07 0.85 0.12* -0.02 0.78 0.13*** 0.04 -0.02
2 0.76 0.19** -0.13** 0.75 0.15** -0.11%** 0.67 0.06 -0.09** 0.00
Low 0.64 0.23%** -0.07 0.66 0.24%** -0.08 0.63 -0.07 -0.05 -0.04**
H-L 0.06 -0.60*** 0.13 0.12 -0.54%** 0.21 0.36** 0.17 0.36*** 0.08***
(t-stat) (0.19) (-2.85) (0.81) (0.39) (-2.54) (1.32) (2.44) (1.27) (3.25) (2.75)

Panel B: Equally-Weighted Portfolios
Standard CAPM beta Dimson (1979) CAPM beta Predictive CAPM beta

Rank Return CAPM  FF6 Return CAPM  FFé6 Return CAPM  FF6 Post-Formation

Alpha Alpha Alpha Alpha Alpha Alpha Brukr,_,
High 0.86 -0.27 0.45%** 0.96 -0.15 0.58*** 1.10 0.19 0.68*** 0.28%**
4 0.92 0.05 0.20%** 0.99 0.12 0.30*** 0.96 0.22 0.28*** 0.14***
3 1.03 0.31** 0.23%** 0.94 0.23* 0.17%** 0.94 0.26** 0.21%** 0.10%**
2 0.93 0.35%* (.19 0.94 0.36***  0.17*** 0.87 0.22** 0.12** 0.06%**
Low 0.82 0.36***  0.26%** 0.73 0.26** 0.11 0.68 -0.08 0.03 0.06%**
H-L 0.05 -0.63*** 0.19 0.23 -0.41* 0.47%** 0.42** 0.26* 0.65*** 0.22%**
(t-stat) 0.15 (-2.82) (1.26) (0.73) (-1.66) (2.78) (2.50) (1.67) (5.00) (3.97)
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Panel C: Fama-MacBeth Regressions

Original OLS FMP IV FMP
Mean NW t-stat Mean NW t-stat Mean NW t-stat
Dimson Beta 0.11 0.92 0.11 0.92 0.08 0.66
SMB -0.03 -0.48 -0.06 -0.78 -0.06 -0.84
HML 0.07 1.02 0.07 0.94 0.08 1.02
RMW -0.02 -0.31 -0.02 -0.33 -0.02 -0.30
CMA 0.01 0.24 0.01 0.26 0.02 0.47
MOM -0.12 -1.64 -0.09 -1.27 -0.09 -1.30
Panel D: Fama-MacBeth Regressions
Original OLS FMP IV FMP
Mean NW t-stat Mean NW t-stat Mean NW t-stat
(mkt-rf) 0.01 0.11 0.02 0.16 0.02 0.16
F(mkt-rf)e 0.21 2.43 0.26 2.24 0.23 1.68
SMB -0.03 -0.42 -0.03 -0.48 -0.03 -0.47
HML 0.08 1.06 0.08 1.06 0.08 1.08
RMW -0.01 -0.16 -0.01 -0.15 -0.01 -0.15
CMA 0.02 0.50 0.02 0.49 0.03 0.54
MOM -0.11 -1.54 -0.10 -1.37 -0.10 -1.44
Panel E: Fama-MacBeth Regressions
Original OLS EMP IV FMP
Mean NW t-stat Mean NW t-stat Mean NW t-stat
(mkt-rf) 0.01 0.11 0.02 0.20 0.03 0.23
F(mkt-rf).;  0.21 2.46 0.26 2.25 0.24 1.73
FAd12 0.03 1.56 0.03 1.44 0.03 1.46
SMB -0.03 -0.45 -0.03 -0.48 -0.03 -0.47
HML 0.08 1.01 0.08 1.00 0.08 1.00
RMW -0.01 -0.12 -0.01 -0.10 -0.01 -0.09
CMA 0.02 0.46 0.02 0.44 0.02 0.45
MOM -0.11 -1.49 -0.10 -1.33 -0.10 -1.41
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Figure 1

The top panel displays the number of dividend payers vs non-payers for the sample period of
January 1927 to December 2019. The bottom panel displays the proportion of dividend payers for
the same sample period.
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Figure 2
This figure displays the time series of the market dividend yield, dy12, and the orthogonalized
dividend yield factor, Ady12, for the sample period of January 1978 to December 2019. The shaded
areas indicate NBER recessions.
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