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Abstract

I document a new stylized fact: the higher the share of institutional ownership in a stock,
the more its price-dividend ratio is driven by discount rate variation rather than by
changes in dividend growth expectations. Hence, the dividend-price ratio of stocks with
high institutional ownership predicts returns. Conversely, for stocks held mostly by in-
dividual investors, returns are not predictable. As a general equilibrium outcome, return
predictability crucially depends on the properties of the marginal investor. More strongly
time-varying volatility in the marginal utility of institutions acting as marginal investors
in the respective stocks provides a natural explanation for the observed pattern. In an
equilibrium model, time-varying redemption risks generate the observed predictability
patterns among a priori identical stocks. My findings help explain the weak return pre-
dictability of small and value stocks, the postwar predictability reversal, and the fact that
dividend smoothing cannot explain that reversal.
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1 Introduction

The Campbell-Shiller identity states that the dividend-price ratio, or dividend yield, comprises
information about future expected returns and dividend growth. Hence, changes in the dividend
yield must predict either returns or dividend growth. Investigating the predictability of returns
and dividend growth by the dividend yield therefore provides an answer to what is arguably one
of the most fundamental questions in asset pricing: What drives the variation in stock prices

normalized by the level of dividends?

Whether time variation in the dividend yield is mostly driven by time variation in expected
cash flows or expected returns, i.e. discount rates, depends on the period and the portfolios
under study. For example, it has been shown that the dividend yield predicts returns in the
postwar sample but not in the prewar sample (Chen, 2009; Golez and Koudijs, 2017). Likewise,
returns are predictable for the growth and big portfolios, but not for value and small portfolios

(Rytchkov, 2010; Maio and Santa-Clara, 2015).

In this paper, I show that the predictive role of the dividend yield depends on the degree
of institutional ownership (1O), with a greater share of dividend yield variation due to discount
rate changes for high 1O stocks. I show that this novel result is not driven by stock characteristics
but by investor characteristics and that this can provide a deeper economic rationale for the

aforementioned stylized facts.

Faced with the question of what drives the differences in return predictability between
samples, it is not enough to only look at stock characteristics such as market capitalization
or accounting measures. This is because expected return variation is a general equilibrium
outcome on the stock market. As such, it is inevitably linked to the pricing kernel of the

marginal investor, i.e., whoever prices the firm’s random cash flow.

If the marginal investor cares about state variables that affect the volatility of her marginal
utility, then this will be reflected in the expected returns of the assets she prices. As state

variables are time-varying, the expected returns on the assets she prices will also be time-



varying and the dividend yield of these assets will predict expected return variation.

Therefore, it is crucial to think about who the marginal investor in a stock may be.
While this characteristic is not directly observable, comparing stocks held by different groups
of investors is instructive. Sias and Starks (1997) show that institutional ownership is a good
predictor of who is the marginal investor.! In line with their findings, I argue that the degree
of institutional ownership in a stock (and by extension, of a portfolio) serves as a proxy for
the likelihood of the marginal investor being institutional and that high IO stocks are more
likely to be priced by institutions rather than households. Strong return predictability of high
10 stocks is therefore driven by strongly time-varying covariation with the marginal utility of

institutions.

In my analysis, I proceed as follows: I first establish the stylized fact that return pre-
dictability is stronger for stocks with higher institutional ownership. This paper is the first to
document this phenomenon. To that end, I sort stocks into portfolios based on their degree of
institutional ownership and run predictive regressions of portfolio returns and dividend growth
on the dividend yield as in Cochrane (2008). The results indicate that expected return variation
drives virtually all of the variation in the dividend yield of high IO stocks. Conversely, for low
10 stocks, expected return variation is negligible and the null of no return predictability cannot

be rejected.

Typical features of stocks with high IO or low 1O that are also known to affect predictabil-
ity cannot explain my result. For example, low 1O stocks tend to have low market capitalization
and high book-to-market ratios and Maio and Santa-Clara (2015) show that returns on the small
and value portfolios are not predictable. However, within the small and value portfolios, stocks
with high IO have predictable returns whereas the low 10 parts of the big and growth portfo-
lios have predictable dividend growth (and no return predictability). Furthermore, the data do

not support explanations based on binding short-sale constraints for low IO stocks. There are

1Sias and Starks (1997) record a larger fraction of “price-setting orders” for stocks with high institutional
ownership attributable to institutional investors. Several studies have since used institutional ownership as a
proxy for the likelihood of an institutional marginal investor. Examples include Dhaliwal et al. (2003, 2007)



no differences in cash flow duration between high and low 1O stocks that could mechanically
explain the result. Explanations based on noisy predictor variables or differing dividend payout

policies cannot account for my result, either.

In the theoretical part of my paper, I argue that the underlying rationale for my result
is that institutions act as marginal investors in the stocks with high institutional ownership
whereas private households are the marginal investors for low 10 stocks. Moreover, there are
agency frictions between institutions and households and institutions are subject to specific
risks due to their provision of liquidity transformation (Chernenko and Sunderam, 2016). Hence,
they are not mere pass through entities and it is reasonable to assume that pricing kernels of

institutions and private households differ.

Specifically, I suggest that the marginal utility of institutional investors has more time-
variation in its volatility than that of households. This is because they are more strongly
exposed to time-varying risks. Examples of these risks include liquidity risks that are mostly
borne by the institutional sector because it provides liquidity transformation. Examples are
the redemption risk faced by mutual funds or the risk of a run on deposits faced by banks.
Not only are these risks time-varying and highly correlated with corporate cash flows, they are
also systematic to the institutional sector. Hence, in times of higher institution-specific risks
institutional investors demand higher risk premia for holding their stock portfolio. For groups
of assets for which institutions are marginal investors, these risk premia will translate into time-
varying expected returns, i.e., return predictability. Conversely, households get most of their
income from labor, hold considerable non-financial wealth, and have less systematic exposure

to the aforementioned liquidity risks.

One example of time-varying risks that affect institutions but not households (at least,
if at all, to a much lesser degree) is the redemption risk faced by mutual funds. The reason is
that mutual funds provide a liquidity transformation to households (Chernenko and Sunderam,
2016). Moreover, households tend to redeem shares in mutual funds rather than selling the

stocks they hold directly (Chang et al., 2016; Dorn and Weber, 2017). Hence, the institutional



sector bears the risk of sudden liquidity needs and associated fire sales (Coval and Stafford,
2007). I formalize this intuition in an equilibrium model in which heterogeneous investors and
time-varying redemption risk generate the pattern observed in the data. Empirical support for
the model comes from the fact that mutual fund cash holdings — which proxy for unobserved

redemption risk — positively predict returns for high 10 stocks, but not for low IO stocks.

The contribution of my paper is threefold. First, my results help to give a more nuanced
answer to one of the most fundamental questions in asset pricing: what drives today’s asset
prices relative to the current level of cash flows? Variation in the dividend yield must reflect
variation in the first moments of dividend growth and returns. This follows from the log-

linearized return identity:

dpe = —ko + ki - dpip1 — Adygr + 141, (1)

where r, dp and Ad denote log return, log dividend yield and log dividend growth, respectively.?
Equation (1) implies that the dividend yield must predict expected returns and/or dividend
growth when those are time-varying, or equivalently, that those two quantities must drive the
variation in the dividend yield.®> As general equilibrium outcomes, the evolution of expected
returns and dividend growth is a central (and testable) feature of any asset pricing model.*
Understanding the circumstances under which expected returns are high is therefore not only
interesting from a practical investment perspective, it is also of utmost theoretical importance.
For example, it may make sense to avoid samples that span both the prewar and postwar years
when estimating asset pricing models if the representative investor changed from household to
institutional investor. It has been shown for other asset classes that intermediary risk-bearing

capacity is a crucial factor in the pricing of asset classes such as CDS, commodities and sovereign

2See Appendix A for the derivation.

3This is of course leaving aside the possibility of a “bubble”: ki p > 1 would imply a persistent rise in prices
relative to dividends that is not substantiated by higher future cash flows or lower discount rates but only by
higher expected valuations.

4For example, in Campbell and Cochrane (1999), dividends are assumed to be i.i.d. and all variation in the
dividend yield is due to discount rate variation. Conversely, the long-run risk literature following Bansal and
Yaron (2004) asserts that cash flows are also predictable.
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bonds, see e.g. Haddad and Muir (2018). This paper is the first to show that at least for subsets

of the stock market, institution-specific risks predicts returns.

Furthermore, my findings help explain a number of puzzling stylized facts. Against the
backdrop of the rise in institutional ownership in the decades after the war (Blume and Keim,
2017) and the tilt of the aggregate institutional portfolio towards growth and big stocks, my
results help explain the puzzling results of Chen’s (2009) predictability reversal, the fact that
dividend smoothing cannot explain this feature of the data (Chen et al., 2012) and the weak
return predictability of value and small stocks (Maio and Santa-Clara, 2015).

Finally, this is the first study to consider cross-sectional differences in predictability from
the demand side, i.e., from an investor point of view. In my equilibrium model, I formally show
how — among a priori identical dividend claims — predictability properties can differ dramatically

solely depending on who the marginal investor is.

The paper is organized as follows: After a brief overview of the most closely related
literature in Section 2 and the presentation of the data employed in my analyses in Section 3, [
establish the predictability properties of stocks with different degrees of institutional ownership
in Section 4. The empirical results are discussed in greater detail in Section 5. In Section
6, I discuss the theoretical implications of my result, establish an explicit link of my result
to institutional risk bearing and present a general equilibrium model that can generate the

observed differences in predictability. Section 7 concludes.

2 Literature

The question whether or not returns and dividend growth are predictable is a fundamental
question in financial economics that has given rise to a vast and growing body of literature. It
is far beyond the scope of this paper to review all literature on predictability, so I focus on the
work related to the predictive power of the price-dividend ratio using the present-value relation

of Campbell and Shiller (1988).



From the early 1980s onward, dividend yields have been used to predict stock returns,
see e.g. Rozeff (1984); Shiller et al. (1984) and Fama and French (1988, 1989). In particular,
Fama and French (1989) emphasize that return predictability by the dividend yield does not
violate the efficient markets hypothesis. Rather, as a compensation for risk, expected returns
vary with economic conditions. This is an important insight whose implications are crucial for

this paper.

However, over the years, return predictability had come under attack. Statistical issues
associated with persistent, not strictly exogenous predictor variables meant that some of the
evidence in favor of return predictability was spurious. Most notably, Stambaugh (1999) shows
that the bias of predictive regressions depends on the persistence of the predictor variable and
its lack of strict exogeneity. In a comprehensive study, Goyal and Welch (2008) examine various
predictor variables including the dividend yield. The authors find a poor performance in terms

of coefficients of determination and out-of-sample performance.

Yet, as can be seen from Equation (1), the dividend yield must predict returns or dividend
growth. Hence, it is debatable whether coefficients of determination such as R? are apt measures
of the predictive power of the dividend yield for returns. Using the tight link between return and
dividend growth predictability, Cochrane (2008) establishes that returns are indeed predictable.
In Cochrane (2008), most of the support for the predictability of returns comes from the non-
predictability of dividend growth rather than from the return predictability regression itself.
This is because if dividend growth expectations are not reflected in the dividend yield, its
variation must be due to expected returns. Overall, there seems to be a consensus that most
of the variation in the dividend yield is due to expected return variation when considering the
postwar market portfolio. This, however, does not mean that dividends are not predictable. In
fact, there is ample evidence that dividend growth is predictable by other variables, such as the

risk-free rate. See for example Bansal et al. (2012).

There are a small number of papers dealing with cross-sectional differences in the time-

series predictability and changes in predictability over time which are related to my empirical



findings and my theoretical argument. Maio and Santa-Clara (2015) show that returns on
small and value stocks are not predictable. Chen (2009) finds that dividends are predictable
in the prewar sample, whereas in the postwar sample, returns are predictable. It has been
suggested that this could be due to dividend smoothing which led to unpredictable dividend
growth and hence to the dominance of return predictability. Chen et al. (2012) show that
dividend smoothing can indeed hamper dividend predictability. However, this does not mean
that returns are not predictable for non-dividend smoothing firms: Rather, the authors arrive at
the “intriguing finding [...] that returns are strongly predictable by [the] dividend yield in the
postwar period for both ‘dinosaurs’ [i.e. firms that have been consistently paying dividends for at
least 15 years] and ‘non-dinosaurs’. In fact, returns are strongly predictable by dividend yield for
all portfolios regardless of whether we separate firms by ‘dinosaurs’ by dividend smoothing, by
earnings smoothing, or even by earnings volatility.” (Chen et al., 2012, p. 1850). Thus, dividend
smoothing is no exhaustive explanation for the predictability reversal. Finally, Chiang (2015)
mentions that for Real Estate Investment Trusts (REITs), the predictability reversal coincides

with the advent of institutional investors in the market.

More broadly, this paper is also related to the growing literature that emphasizes features
of specific groups of investors and subsets of assets, such as Lettau et al. (2017) but also
Drechsler and Drechsler (2016). In particular, this paper adds to the strand of the literature that
deals with the impact of financial intermediaries on asset prices such as He and Krishnamurthy
(2013); Adrian et al. (2014); He et al. (2017) and Haddad and Muir (2018). Obviously, this
paper is related to the literature on the effects of institutional ownership on stock returns such
as Gompers and Metrick (2001), Nagel (2005) or Phalippou (2008). In contrast to these studies,
I do not examine the cross-section of expected returns but cross-sectional differences in the time
variation of expected returns. In highlighting the theory of how time-varying dividend growth
and time-varying marginal utility affect the dividend yield, this paper is related to Menzly
et al. (2004); Santos and Veronesi (2005). However, my model serves the specific purpose of
generating cross-sectional differences in predictability rather than providing explanations for

the existence of return time-series predictability (Santos and Veronesi, 2005) or modeling how



expected dividend growth can confound the predictability of returns (Menzly et al., 2004).

3 Data

I use data on individual stock returns from the Center for Research in Security Prices (CRSP).
Dividend yields and dividend growth rates of value-weighted portfolios are computed at annual

frequency as

Diya
Diyy P+ Dir P R Diyi Dy P By Ptil X
= —1=——1 and = — = +5-R., (2
Py Py Py R4 D, Py Dy B B

where R and R denote raw returns with and without dividends, respectively. Data on stock
prices and the number of outstanding shares are also from CRSP. In the baseline setting, I
only use ordinary common shares with share codes 10 and 11. Subtracting the risk-free rate
on both sides of Equation (1) shows that the identity works just as well using excess returns
and dividend growth in excess of the risk-free rate, subsequently referred to as excess dividend
growth. This means that the dividend yield must also predict excess returns and excess dividend
growth. To compute these quantities, I use the three month treasury bill secondary market rate
from St. Louis Fed’s FRED database as the risk-free rate. Accounting data are from the CRSP-
Compustat merged database. Mutual fund cash holding data is from the CRSP Survivorship-
free Mutual Fund Database.

I use institutional ownership data from Thomson Reuters that is based on 13(f) filings,
adjusted for stock splits. The variable IO share (denoted I0) is the ratio of the number of
stocks held by institutional investors over the total number of stocks outstanding as reported
by CRSP. All in all, T consider 24,812 stocks, on average 6,408 in a given quarter. Because
IO data is not available prior to 1980, I consider 134 quarterly IO observations, from the first
quarter of 1980 to the second quarter of 2013.5

5Using the 140 observations from 1980 to 2014 yields qualitatively similar results but is potentially prob-
lematic due to the data quality issues with Thomson Reuters IO data reported after mid 2013 by Wharton



4 Empirical analysis

4.1 Portfolios

I sort the entire sample of stocks into portfolios according to the share of institutional ownership
at the end of each year. I form the portfolios based on fixed cutoff points to ensure having both,

sufficiently large portfolios, and comparable IO shares over time.

To ensure that portfolios stay large enough, I pick cutoff points of 5, 30 and 50 percent
IO in my baseline setting. Figure 1 shows that while portfolio size inevitably varies across time,
none of the portfolios becomes too small to only depend on a couple of stocks.® As illustrated

in Figure 3, the average degree of IO remains fairly stable with the chosen cut-off points.

In Section 4.3, I show that the results prevail qualitatively with quantile portfolios that
obviously yield sufficiently large portfolios. However, as shown in Figure 2, the share of overall
institutional ownership rises considerably over time. Consequently, with quantile cutoffs, the
average degree of IO in a portfolio would not be comparable over time. Hence, the interpreta-
tion of being in the high/low 10 portfolio would differ dramatically depending on whether an
observation is early or late in the sample. In particular, in line with Sias and Starks (1997), I
use the degree of 10 as a proxy for the likelihood of the marginal investor being institutional.
For this interpretation, it is much more meaningful to consider portfolios with stable absolute

levels of 10.

[FIGURES 1, 2 and 3 ABOUT HERE]

4.2 Methodology

I determine the predictive power of the dividend yield for returns and dividend growth of the

four 10 sorted portfolios in the standard way by running predictive regressions as in Cochrane

Research Data Services.
6The smallest number of stocks at any time in any portfolio is 148 which roughly coincides with the average
number of stocks in a portfolio considered in Bansal et al. (2005) of 150 stocks.



(2008); Chen (2009); Maio and Santa-Clara (2015).

Tir1 = fr + Br dpe + wppr (3)
Adyp1 = pg + Ba dpe + Wi (4)
dpiy1 = o+ p dpy + Vig. (5)

Predictive regressions are econometrically challenging. Consider for example the predictive re-

gression for returns under the assumption that the dp-ratio follows an AR(1) process:

Ter1 = My + Brdpy + Upia (6)

dpiy1 = o+ p dpy + vy (7)

It is reasonable to assume that Cov(u,v) < 0: When returns are unusually high in ¢, it is likely
that the price (relative to dividends) at the end of that period ¢ is high and hence all else

equal, dp; will be low. So while dp; is independent of u;,1, it is not strictly exogenous, i.e.

Cov(dpy, [. .., us—1,us]) # 0. Therefore, while the OLS estimator for /3, is consistent, it is not
unbiased. As is shown in Stambaugh (1999), the bias is particularly strong when p is large. In
particular, it holds that E[3, — ] = —C;fo(vq;) #. For details, see Appendix B.

Hence, classic inference should be augmented with a simulation analysis. As in Cochrane
(2008), Maio and Santa-Clara (2015) and similar to Chen (2009), under the two null hypotheses
of i) no return predictability and ii) no dividend predictability, I simulate the complete system
of predictive equations (3) to (5) and compare the parameter estimates obtained from the
simulated data to those from the actual data. Demeaning (1) and projecting both sides on dpy,
yields

1~ B + kip — Ba, (8)

where p denotes the autocorrelation of the dividend yield and (5, and [; denote the slope

coefficients of predictive regressions of r;;; and Ad;;; on dp;, respectively. Because of the

10



identity (8), it makes sense to specify each null two-dimensionally, where the restriction on the
third dimension follows from the identity. For example, when g, = 0, this implies 83 = kip — 1,
with a suitably specified null for the value of p = ppg,. The resulting null hypotheses are
Hy: {8, =0, p=pg,} (with 83 = kipg, — 1), and HJ : {B4 =0, p = ppg,} which implies
57» =1- k’lpHO-

The above predictive regressions are informative about the drivers of today’s asset prices.

To that end, the most informative measures are the long-run coefficients of the two predictive

regressions (Cochrane, 2008). They are defined as

LR ﬁr LR Bd
r - 1 . klp a’nd Bd - 1 _ klp (9>

Typically, because higher valuations (lower dp) are associated with higher future dividend

Bd
1-k1p

growth, will be negative. The parameter identity (8) implies that

BER _ BER 1. (10)

What makes these long-run coefficients so informative is that their absolute values can be
interpreted as the share of dividend yield variation due to either expected (excess) return or
(excess) dividend growth variation. For the derivation of this (and other) interpretations of X%

and BI% see Appendix C.

I run the predictive regressions (3) to (5) for each of the four portfolios introduced above.
I compute the time ¢ dividend yield as well as time ¢+ 1 returns, dividend growth and dividend
yield for a fixed portfolio of stocks. In other words, the stocks on either side of Equations (3)

to (5) are the same.
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4.3 Regression results

The results for the predictive regressions are presented in Table 1 and Figure 4. The differences
in the predictive power of the dividend yield for returns across [O-sorted portfolios are striking.
Essentially all of the variation in the dividend yield is due to variation in expected returns for
high 1O stocks, whereas for the low IO portfolio, the slope coefficient 3; even has the wrong
(negative) sign. The share of dividend yield variation attributable to expected return variation
as measured by the long-run coefficients rises from essentially none of the variation to basically
all of it.” Panel A of Figure 4 shows a graphical depiction. The red parts of the bars represent
the share of variation in the dividend yield that can be attributed to discount rate variation.
The results show a cross-sectional predictability reversal from dividend growth to returns as the
share of institutional ownership rises. The results do not differ much when considering excess

returns and excess dividend growth, as can be seen from Panel B of Table 1.

[FIGURE 4 ABOUT HERE]

R? shows a similar pattern, although because dp must predict either returns or dividend
growth, R? is not as informative as the long-run coefficients and is inapt for comparing perfor-
mance between samples. For example, it may be the case that in one regression, R? is rather low
because returns are conditionally very volatile, even though there is a strong, stable positive re-
lation between the dividend yield and expected future returns. Consistent with the importance
of institutional investors in the overall market, the CRSP value weighted market portfolio is

similar to the high IO portfolio in terms of return predictability.®

To make use of higher frequency observations and to avoid the issues related to time-

aggregation®, the analysis is repeated using data at quarterly frequency with results presented

"Shares can be below zero and above 100% respectively, because the variance decomposition from Appendix
C is not a decomposition into orthogonal parts. See also Cochrane (2008, 2011).

8 Also note that the CRSP value-weighted return includes not only stocks with share codes 10 and 11 but
all equity.

9Kroencke (2018) shows that before recessions, using end-of-period prices relative to time-aggregated cash-
flows falsely suggest that prices fall prior to cash flows, when in fact, prices and cash flows fall contemporaneously.
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in Table 2 and Panel B of Figure 4. Overall, the reversal result is less extreme, with more
dividend growth information reflected in dividend yields. This may be caused by dividend

growth seasonality that is reflected in quarterly but not in annual data.

As shown in Table F.1 in the appendix, using IO quartiles as breakpoints instead yields
qualitatively similar results. However, because the average degree of institutional ownership in

the market is rising over time, results are not as meaningful and the pattern is less pronounced.

I also run direct weighted long-horizon regressions with a horizon of up to five years as
in Cochrane (2008) and Maio and Santa-Clara (2015). The results confirm the above results.

Details can be found in Appendix D.

[TABLES 1 and 2 ABOUT HERE |

4.4 Simulation analysis

As mentioned before, predictive regressions suffer from the Stambaugh bias. Moreover, the
identity B, =~ —kip + PB4 + 1 implies that a lack of predictability of one quantity is evidence
for predictability of the other. Therefore, to formally study the shift from dividend growth
predictability to return predictability as IO increases, I test the null hypotheses of no return
predictability, Hj : {8, = 0, p = p} and no dividend growth predictability HZ : {8; =
0, p = p} for each of the portfolios. In other words, under each null, I assume that there
is no predictability of either returns or dividend growth, and that therefore all variation in
the dividend yield must be due to varying expectations about the other quantity. I assume
the persistence of the dividend yield to be equal to the one estimated from the data. The
return identity implies that the absence of predictability for one quantity is evidence for the
predictability of the other. Thus one should consider the results of both predictive regressions

in order to assess the rejection or non-rejection of any null hypothesis.

Doing so improves the power of the tests: No return predictability implies strong dividend

predictability. Conversely, whenever I do not observe dividend predictability, this is evidence

13



in favor of return predictability. Moreover, 38, ~ —kip + 4 + 1 implies that the persistence of
the dividend yield affects the size of both . and ;. Taking evidence regarding B; and p into
account leads to fewer non-rejections of 5, = 0 given that, in fact, the true 3, is different from

zero (Cochrane, 2008).

Equation (8) implies that the error terms of regressions (3) to (5) must also be related.

Deducting the conditional time ¢ expectation from each side of Equation (1) yields

rev1 — Eilria] = ko — ko — k1 (dpiy1 — By [dpesa]) + Adyyr — By [Adya] + dpy — dpy (11)

S Upr1 R Wiy, — k0. (12)

Under the null of no return predictability, the data are generated by:

Tir1 = fr + Wep1 — kiU (13)
Adii1 = pta+ (kip — 1)dpy + wipq (14)
pdey1 = @+ p dpy + Vg1 (15)

Tir1 = fr — (k1p — 1)dp; + up (16)
Adypy = pg + g + kv (17)
pdip1 = o+ p dp + Ve (18)

The simulated data are generated using the parameter estimates from the actual data but
imposing the null, e.g. z1, in (13) is given by fi, = = S .10 The simulated error terms
are drawn from a multivariate normal distribution, the covariance matrix of which is estimated

under the respective null hypotheses. Using bootstrapped residuals according to the procedure

10Using instead p = 0.99 or p = 0.975 for all portfolios gives qualitatively similar, albeit more extreme
rejections of either null hypothesis (not tabulated).
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in Goyal and Welch (2008) instead does not alter the results qualitatively. Results are also

robust to using a vector autoregression (VAR) specification (both not tabulated).

I simulate 5,000 data sets, each consisting of a dividend yield, return and dividend growth
time series. Table 3 shows the results of the simulation. For portfolios with little IO, the evidence
for no return predictability becomes stronger as compared to portfolios with a larger share of
institutional ownership. In particular, for the low IO portfolio, I cannot reject the null hypothesis
H§ that future returns cannot be predicted by the dividend yield. This implies that discount
rates do not significantly influence prices relative to dividends in that portfolio. The most
powerful test statistics are those in the rows indicated with “lg\r[ - |Hp]”, showing the estimated
probability of the listed events under the two-dimensional null hypotheses, Hj : {3, =0, p = p}
(implying Bq = kip — 1) and H¢: {B4 =0, p = p} (implying 3, = 1 — kip).

This is a very powerful test statistic. It shows the probability under the null that one
would observe a long-run slope coefficient as extreme as the one estimated from the data. Take
the example of H| in the low 10O portfolio: If returns were not predictable, how likely is it that
one would observe a % as large as the one from the data while at the same time observing
a B as large (i.e. not very strongly negative) as in the data? The simulation results indicate
that it is quite likely. The null generates coefficients as extreme as in the sample in about 73

percent of the cases.

Figure 5 nicely illustrates the findings explained above. In the top left panel of the figure,
the black cross marking the observed sample is right in the middle of the blue cloud of data
points generated under the null of no return predictability. As the IO share rises, the evidence for
return predictability becomes stronger. This is illustrated in Figure 5 where the cross depicting

the observed parameter vector moves further away from the data points generated under H{.

Using excess returns or quarterly data again gives qualitatively similar results (see Table 4
and Tables F.2 and F.3 in the appendix), albeit with non-rejection of H? at lower significance
levels. In the upcoming section, I show that this result is robust to a large number of specifica-

tions.
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[TABLES 3 AND 4 ABOUT HERE]

[FIGURE 5 ABOUT HERE]

5 Discussion

5.1 Size and value

Table 5 shows some descriptive statistics of the four I0-sorted portfolios. The low 10 portfolio
has a tilt towards small and value stocks, for which Maio and Santa-Clara (2015) find that

returns are not predictable.!!

[TABLE 5 ABOUT HERE]

To test whether my results just mirror the fact that the low 10 portfolio contains more
stocks with low market capitalizations and high book-to-market ratios, I form my sample equiv-
alents of the small and big, growth and value portfolios as in Maio and Santa-Clara (2015) and
split each into a part with low IO and a part with high 10.12 I then repeat my analysis of pre-
dictive regressions and simulated coefficient distributions. The results are presented in Tables 6

and 7.

[TABLES 6 AND 7 ABOUT HERE]

U This is also consistent with Barber and Odean (2000) who find that individual investors tilt their common
stock investments towards small and value stocks. Institutions tend to focus on larger stocks (see e.g. Gompers
and Metrick (2001)), although recent evidence suggests that this has been changing (Blume and Keim, 2017).

12To ensure that portfolios remain sufficiently large but with meaningful cutoffs, the IO cutoff point is 30%
for the big and growth portfolio and 5% for the small and value portfolios. The sorting variables size and book-
to-market ratio do not differ much between the high and low IO parts of the portfolios. For descriptives, see
Table F.4 in Appendix F. Alternatively, one could consider residual IO (RI) as in Nagel (2005) rather than IO.
However, this does not yield meaningful cutoff points for my research question. I am interested in who is the
dominant investor, not whether institutional ownership is high given the size of a stock. Moreover, a sort on RI
yields substantial differences in mean market capitalization across Rl-sorted portfolios.
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The evidence is striking: Taking the high-powered joint hypothesis p-values of SEF >
BTLR A BER > B%R, I find that no matter whether I consider a portfolio of small, big, growth
or value stocks, a considerably higher share of dividend yield variation is due to discount rate
variation for the high IO portfolios. I cannot reject the null of no return predictability for the
low 10 part of the small, big, growth and value portfolio. Significance levels vary, but the overall
pattern is overwhelming. In particular, I find that for the institutionally held parts of the value
and small portfolio, returns are predictable. For value stocks, the result is most striking: In the
high IO value portfolio, 5, has the wrong (i.e. positive) sign and in the low IO value portfolio

B, has the wrong (i.e. negative) sign.

5.2 Duration and longer forecast horizons

Maio and Santa-Clara (2015) find that the lack of return predictability is mostly driven by
value stocks. L.e. dividend growth predictability for small stocks seems to be due to small value
stocks. The authors suggest that this may be the result of growth stocks having a longer cash
flow duration. Much like the price of a long maturity bond reacts more strongly to interest
rate changes, the dividend-price ratios of long-duration stocks react more strongly to discount
rate variation (Weber, 2018). Table 5 shows Dechow et al.’s (2004) implied equity duration as
a measure for the timing of cash flows. There are virtually no differences in cash flow duration
across the 10-sorted portfolios. High investment or high shares of research and development
(R&D) expenses may also proxy for longer duration of cash flows. Table 5 shows no marked
patterns in size or R&D expenses that would suggest a longer cash flow duration for high 10

stocks.

Predictability patterns do not change for longer horizons. The regressions with two- and
three-year predictive horizons confirm the pattern from the one-year predictive regression. As
before, the share of discount rate-driven variation in the dividend yield rises in 1O. The results
are presented in Figure 6. Again, for the low IO portfolio, the null hypothesis of no return

predictability cannot be rejected at both the two- and three-year horizons (untabulated).
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[FIGURE 6 ABOUT HERE]

5.3 Noisy signals and cross-predictions

If a stock exhibits strong variation in mean dividend growth, it may be difficult to detect
any expected return information in the dividend yield simply because the expected return
information is confounded by dividend growth information. Therefore, another stock’s dividend
yield that is less influenced by dividend growth variation but shares discount rate components
with the first stock may be a better predictor of the first stock’s return. I therefore perform cross-
predictions, i.e. regressions of one portfolio’s return or dividend growth on another portfolio’s
dividend yield. The results are presented in Table 8. The entry in row ¢ and column j of the
table shows the p-value of the one-dimensional null hypotheses 8%* = 0 and Bg’i = 0 estimated
from a regression of portfolio j’s return (dividend growth) on portfolio i’s dividend yield. In
this setup, 77 w1 # ko — ki -dpl,, + Ad;, | + dp, and the long-run coefficients need not add up to
one. Hence, the p-value refers to the probability of observing a le as small under the null of
HW - {3 = 0} and a $J as large under the null of Hy™ : {7 = 0}. Under the nulls, data

is simulated from

7“5+1 = [y + Ug+1 (19)
dp, 1 = &+ p dp; + vi (20)
and
Adlyy = fig +w (21)
dpi+1 =a+p dpi + U§+1= (22>

T—1 A i A . .
Ad;,,. & and p are as estimated from

: | T-1 4 noo_ 1
respectively. Here, i, = 775 Doim1 Tiits fla = T—1 2at=1

the actual data. For each simulated time series, a set of slope parameters {3/, Béz} is estimated.

In this test setup, no evidence about predictability of the other quantity is taken into account.
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The results in Table 8 indicate that the predictability patterns across [O-sorted stocks are
not driven by strong dividend growth predictability in the low IO portfolio that “drowns” out
the expected return variation in the dividend yield. This is in line with Chen et al. (2012) who
find that the strong return predictability in the postwar sample is not due to weaker dividend
growth predictability. The first columns in Panel A and B in Table 8 show that also when using
other portfolios’ valuation ratios no significant time-variation in expected (excess) returns can
be detected in the low 10 portfolio, i.e. the null of no return predictability cannot be rejected.
The high p-values underline the importance of considering the other quantity when conducting

inference.
[TABLE 8 ABOUT HERE]

Baker and Wurgler (2004) suggest that firm managers cater to investors’ needs. Therefore,
institutionally held firms have smoother dividends than other firms (Larkin et al., 2016). This
or other differences in payout policy would make it more difficult to detect time-varying cash
flow growth information in the dividend yield. To check if this channel explains the documented
effects, I also repeat my analysis with the price-earnings ratio as predictor and earnings growth
as a less endogenous measure of firms’ ability to distribute dividends (Sadka, 2007). The results
are shown in Table F.5 in the appendix. Overall, the pattern is similar as with dividend growth:
Cash flow predictability is weak for high 10 stocks, and their price-earnings ratio contains mostly
expected return information. Again, this corroborates the results of Chen et al. (2012) who find

that payout policy is no exhaustive explanation of the predictability reversal.

5.4 Limits-to-arbitrage

An explanation for the observed pattern may be found in short-sale constraints. As is well-
known, it is difficult to short stocks with little institutional ownership (Nagel, 2005; Stambaugh
et al., 2015; Drechsler and Drechsler, 2016). Therefore, less sophisticated non-institutional in-

vestors may fail to recognize an overvaluation and thus do not sell ‘overvalued’ stocks while at
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the same time, institutional investors who detect the overvaluation cannot correct the mispric-
ing by short-selling because there is no institution they could borrow the stock from. Hence,
low dividend yields could persist and would not be followed by lower returns. This would then
bias the estimator (. downwards. To test this hypothesis, I run the predictive regression of
excess returns on the dividend yield again but divide the sample into above-median (high dp)
or below-median (low dp) dividend yield observations that indicate low and high valuations,
respectively. The results are presented in Table 9. The hypothesis outlined above would imply
that for high valuations, the effect of dp on expected excess returns is markedly weaker than
for low valuations. This is not the case. With the exception of portfolio 3, the slope estimates
for the high valuation observations are always larger than for the low valuation observations,
although the difference is insignificant in all portfolios but portfolio 2. This is inconsistent with

the short-sale constraints argument that I outlined above.

[TABLE 9 ABOUT HERE]

6 Theoretical implications

6.1 Time-varying expected returns and marginal utility

In the previous sections, I have shown that my results are not driven by stock characteristics
that can be understood as characteristics of the cash flow supply side. This suggests that the
explanation may be found on the demand side, i.e. with the investors in the stock. After all,
expected (excess) returns are determined by the covariation of returns with the stochastic

discount factor (SDF') of the marginal investor.

This means that, ultimately, when expected returns are to be time-varying, it must be
that the covariance of the pricing kernel of the marginal investor with returns is time-varying.
Conversely, when returns are not predictable, this implies that the covariation is approximately

constant over time. In this context, it is important to note that expected returns are not an
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“exogenous” stock characteristic but an equilibrium outcome. Institutions compete for expected
returns and only when there is a risk that institutions need to be compensated for, high expected
returns will not disappear. In other words, only in this case institutions will not “trade away”

high expected returns entirely.

This is the rationale of the following explanation: Institutional investors are marginal
in the high IO portfolios, while households are marginal investors in the low IO portfolios
(Sias and Starks, 1997). Because institutions are not mere pass-through entities for household
investment (i.e. there are frictions), the SDF of institutional investors (or, more accurately, that
of institutional investment managers) differs from that of the typical household. In particular,
it has more strongly time-varying volatility and is more strongly correlated with corporate
cash flows. In other words, the sensitivity with respect to taking on the risk of holding stocks
is more time-varying for institutions. Hence, there is more expected return variation for high
IO stocks. That institutions refrain from investing in certain stocks may be due to explicit
investment rules or concerns about individual stock liquidity (Gompers and Metrick, 2001).

Market clearing requires that those shunned stocks are then held by households.

It is reasonable to argue that households’ marginal utility is not as strongly correlated
with corporate cash flows as that of institutional investment managers and that it also has less
strongly time-varying volatility. Households derive most of their income from labor.!® Labor
income is less risky than corporate cash flows and it helps to think of labor income as akin to
a debt claim on corporate revenues. Indeed, there is ample evidence that firms provide income
insurance to their employees (see Guiso et al. (2005); Fagereng et al. (2017); Rettl et al. (2018)
and others). Only the more persistent and pervasive corporate cash flow shocks get through to
the household sector in a significant manner to affect aggregate household utility. Other shocks
to households’ individual wealth can be diversified away between households. They will thus

leave the household sector’s corporate cash flow risk bearing capacity largely untouched. This

13 According to the 2016/2017 Consumer Expenditure Survey, among the households in the sixth to tenth
decile of the income distribution (which are more likely to participate in the stock market) the average shares
of labor income in total are at 78, 82, 86, 87 and 81 percent (CES, 2018).
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holds even more so when these shocks are transient. Consequently, household sector risk bearing

capacity does not exhibit high frequency variation.

Conversely, the wealth of institutions is mostly financial. Hence, shocks to financial wealth,
i.e. mostly claims to future corporate cash flows, will affect a large part of aggregate institu-
tional wealth. Moreover, institutional investors are not mere shells for household investment
or pass-through entities. The largest group of institutional investors in the stock market are
investment companies (mostly mutual funds) and investment advisers (Gompers and Metrick,
2001; Blume and Keim, 2017). The compensation of the decision makers in these firms is not
fully aligned with the utility of their clients who have substantial sources of income besides
financial assets. Mutual fund managers, for example, are typically compensated based on their
fund’s performance and assets under management (AUM) (Ma et al., 2017). Investment advis-
ers are usually compensated based on their AUM (SEC, 2011). Hence, investment managers’
labor income does not insure against financial market and corporate cash flow risk but is rather

strongly exposed to it.!*

6.2 Institution-specific risks

If institutional wealth and manager compensation paid from this wealth is subject to time-
varying and systematic risks that are not shared perfectly with the household sector, then
these risks will have a time-varying effect on the marginal utility of institutional investors
that does not affect the marginal utility of households in the same way. One of the risks in the
economy that is primarily borne by institutional investors are risks associated with the provision
of liquidity. This is because the institutional sector as a whole provides liquidity transformation
to the rest of the economy. Consider for example mutual funds. Mutual fund clients can redeem

their shares and have the right to receive cash. This very liquid liability contrasts with less

Passive index funds that are closer to actually being pass-through entities have become popular in recent
years. However, they still only account for a rather small fraction of total mutual fund assets. According to the
Investment Company Institute Factbooks (2010, 2016), their share of equity mutual fund total net assets rose
from 4% in 1995 to about 11% in 2005 and 20% in 2014 at the end of my sample. The vast majority of mutual
fund assets has been and still is actively managed.
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liquid asset holdings which in the case of redemptions have to be transformed into cash. It is
well known that mutual funds hold cash in order to accommodate redemptions, see Chernenko
and Sunderam (2016) among others. When the risk of redemptions for the mutual fund industry
is high, mutual funds hold more cash than when that risk is low. Therefore, the percentage of
equity mutual funds’ aggregate assets held in cash (mutual fund cash holdings, MFCH) can
serve as a proxy for redemption risk. Hence, MFCH should positively predict stock returns for

those stocks that are priced by institutions.

Note that this argument extends to other groups of institutional investors but not to
households. MFCH can reasonably be assumed to be correlated with other institutional sector
risks, such as investment advisors’ risk of losing AUM, funding liquidity risks, etc. Moreover,
attempts of one large group of institutions to engage in risk sharing with other institutions
will affect those other institutions’ risk, leaving the aggregate sectoral risk bearing capacity
largely untouched, no matter where the risk originated. In other words, it is systematic to
the institutional sector. Conversely, redemption risk is not shared with households. This is be-
cause the institutional sector provides liquidity transformation to the economy. For example,
a household that redeems its shares in a mutual fund receives cash. The fund needs to come
up with that cash, potentially by selling assets at a discount. This leads to costly inefficient
risk-sharing within the sector that the household sector does not profit from.'® Existing em-
pirical evidence suggests that households rather sell their shares in funds than their holdings
of individual stocks (Chang et al., 2016; Dorn and Weber, 2017). Moreover, households that
invest in funds tend to be different from those that hold more stocks directly. In particular,
households that have managed accounts have less stable income.'® This further supports the

argument that liquidity shocks affect institutionally and privately held stocks asymmetrically.

15While some firms may profit from buying assets at a discount, the new allocation of assets constitutes a
loss in efficiency at the sectoral level. This is because buyers in fire sales tend to be not as specialized as sellers.
They therefore incur additional costs (Coval and Stafford, 2007). This leads to a loss to the institutional sector
as a whole that the household sector as a whole does not profit from.

16 According to the Survey of Consumer Finance (SCF), the median share of stable income defined as wage
income and social security income including pensions divided by total income is at 73% for households without
managed account and at 34% for those with a managed account.
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Conveniently for my analysis, fund cash holdings were hardly regulated until 2018, so they were

largely at the companies’ discretion in my sample period.

Hence, MFCH provide a good opportunity to test the assertion that returns on the high
IO portfolio are related to the risk-bearing capacity of institutional investors as opposed to
the returns of the low IO portfolio. This is indeed what I find in the data. Table 11 shows the
results of predictive regressions of the returns on each of the four 10-sorted portfolios in year
t+1 on MFCH levels at the end of year ¢, similar in spirit to Haddad and Muir (2018). For the
low IO portfolio, MFCH has no explanatory power for (excess) returns. For the intermediate
portfolios, explanatory power for excess returns is at 5% and 6%, respectively. For the high 10
portfolio, MFCH explains 14% of excess return variation.!” Consistent with the findings from
Section 5.3, I find that also the returns of the market portfolio are predictable by MFCH, albeit

less so than those on the high IO portfolio.

[TABLE 11 ABOUT HERE]

In the next subsection, I show how the observed predictability patterns may arise in the
presence of time-varying redemption risk in a segmented market equilibrium. Note that re-
demption risk is just one way in which the observed patterns may come about, others are also
conceivable. This includes all mechanisms that cause institutions to have more strongly time-
varying volatility of marginal utility than households. Examples are habit formation utility of
investment managers but also anything working in the “opposite direction”, i.e. households hav-
ing less time-varying pricing kernels than institutions, e.g. because they have stable background

income.

17Yan (2006) interprets a similar result as evidence for negative market timing ability. L.e. he argues that
if mutual funds had market timing skills, they would hold less cash when expected market returns are high.
However, this is a partial equilibrium view. If mutual funds are not mere price takers, then subsequently higher
mean market returns may rather be a compensation for risks that MFCH proxies for.
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6.3 Model

The model economy is similar to the economy in Wachter (2013) but with time-varying expected
dividend growth and heterogeneous agents. There are two heterogeneous investors, representing
the household sector h and the institutional sector i. The existence of institutions (or institu-
tional investment managers) is a model assumption. It is based on the empirical finding that

households holding stocks directly differ from those that have managed accounts.

The main mechanism driving return predictability for stocks held by the institutional
sector is that there is imperfect sharing of time-varying liquidity risk between the institutional
and the household sector. This is because the former provides liquidity transformation for the
latter. This risk — even if not realized — affects marginal utility in a recursive utility framework
leading to higher expected returns and lower price-dividend ratios in times of higher risk. In the
following, I present the model setup with the formal solution and the derivation of all results

left to Appendix E.

Both agents have stochastic differential utility where the intertemporal elasticity of sub-

stitution (IES) is set equal to one, i.e. continuation utility at date ¢ is given by

V= E, { / " flen %)ds} , (23)

with aggregator function

Flew V) = B = )Valn(e,) = AVaIn (1 = )Vi), (24)

where [ denotes the time preference rate and v the degree of relative risk aversion. There is a
continuum of dividend claims, ‘the stock market’, each of which pays state-by-state identical

cash flows ¢/ with dynamics

dd] = 6] (pedt 4 o5d BY). (25)

In other words, there is an infinite number of identical dividend claims with the exact same
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payoffs. This means that a priori, there is no difference between stocks that will be held by
the institutional sector or the household sector. In the following, the index j is dropped for
convenience. These claims are indivisible, exhibiting what could be called an ‘atomic structure’.
The indivisibility of one dividend claim between several owners guarantees that there is one
investor that is undoubtedly the decisive, marginal investor in a specific stock. This is of course
a strong assumption. When transferring this idea to the data, I relax this assumption and
rather classify stocks where one group of investors owns a very large share of a stock’s market

capitalization as being influenced by this group of investors.

Dividend growth dynamics are predictable by assumption. Expected dividend growth at
time ¢, p, is governed by

d,ut = KZM(,[L — /,Lt)dt + O"udBiu. (26)

As in many other models, both agents have other sources of income that make consumption
growth less volatile than dividend growth. The discrepancy between dividends and consumption
is modeled with a ‘smoothing parameter’ ¢ < 1 that works in the exact opposite way of the

usual leverage parameter (Abel, 1999):
¢, = 6L.18 (27)
Thus, consumption dynamics are
dey = 65 ((Epty + 0.56(6 — 1)02)dt 4 E05dBY) = ¢;(pesdt + 0.dB). (28)

The only difference between the two agents is their exposure to liquidity shocks that cause
sudden withdrawals of funds and associated losses of (1 — e~¢L) to the share of wealth ¢ that
the agent has invested in the stock market. I assume that L; > L;, > 0. The reason for this

parameterization is that institutions provide liquidity transformation to their clients. Hence

18Different exposure to corporate cash flows can be modeled by setting &, < &;. I do not do so in the baseline
setting to focus on exposure to jump risk L that I introduce in the next paragraph.
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they have to bear losses due to firesales and illiquid holdings. This is modeled in a very reduced
form way. I do not attempt to explicitly model the liquidity needs and how they lead to
frictions when the institution attempts to obtain that liquidity but rather refer to the literature
on mutual fund cash holdings, redemptions and fire sales and the discussion of how liquidity
shocks affect institutions and households asymmetrically in Section 6.1. Liquidity outflow events

arrive with time-varying intensity A:

d\y = k(X — A\ )dt + oV AdB). (29)

To emphasize the mechanism in the model, I set L, = 0 in the baseline. As long as
L; > L, I obtain qualitatively similar results. For ease of notation, the subscript 7 is dropped
in the baseline case, i.e. L = L;. The compound process of dividends and redemption outflows
that the institution obtains from holding a certain measure of the continuum of dividend claims
is given by

o, = o, (pedt + 05dB° + (e — 1)dNy) . (30)

The resulting consumption growth is given by
dé; = & (ptepdt + 0odB) + (e — 1)dN,) . (31)

The quantity ) captures all the cash flows that the institution receives from holding a certain
measure of the continuum of dividend claims, i.e. the ‘institutional portfolio’. Without outflows,
these cash flows are identical to the dividends in (25). If there is an outflow event, the absolute
level of dividends flowing from holding the institutional portfolio drops by &;(1 — e~L). Sub-
sequent continuous dividend growth of the institutional portfolio accrues to a lower absolute

level of dividends.

The household is immune to these risks. As a consequence, the jump terms in (30) and (31)
do not show up for the household and neither does the time-varying withdrawal risk A; in the

optimization problem of the household. Consequently, it does not show up in the household’s
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SDF whereas the state-price density of the institution is then given by

dm _ prdt — yosdBY + Ago,dBl + VAALoAB) + (e57F — 1) dN;. (32)

T—

In the case of the household, L = 0 and A; = 0. Moreover, as shown in Appendix E, the

dividend-prices ratio of the institutional portfolio and its expected excess returns increase in \:

. F!
r] —r; = const. — AlFAU?\ At + N [(SVEL —1)(1- e_L)] ' (33)
<0 >0

Consequently, the dividend-price ratio of the institutional portfolio positively predicts returns
whereas the dividend-price ratio of the household portfolio does not. A constraint prevents the
household from taking levered positions in the stock market. In equilibrium, this implies that
all wealth is held in form of the dividend claims and the institution and the household hold
fractions of the stock market according to their relative wealth. Intuitively, this also means
that the institution cannot raise sufficient capital to trade away time-varying higher expected
returns of the institutionally-held part of the stock market that do not compensate for risks

that the household cares about. For further discussion, see Appendix E.

7 Conclusion

I show that whether a stock’s dividend yield predicts dividend growth or excess returns depends
on the degree of institutional ownership (I10). Sorting stocks into portfolios based on the share of
stocks held by institutional investors and running predictive regressions as in Cochrane (2008)
shows that the relative importance of expected returns for the variation in the price-dividend
ratio increases in the pervasiveness of 10. In other words, stocks with higher institutional own-
ership are characterized by strongly time varying expected returns, whereas expected returns

for stocks with little IO do not vary much over time.

My results cannot be explained by cross-sectional differences in established drivers of pre-
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dictability. This includes stock characteristics such as cash flow duration, market capitalization
or the book-to-market ratio. Explanations based on short-sale constraints, noisy predictor vari-
ables or differences in payout policy are not supported by the data, either. This corroborates
the result of Chen et al. (2012), that independent of payout policy, returns are predictable in

the postwar sample.

The fact that cash flow supply-side driven explanations can be ruled out suggests a
demand-side, i.e., an investor-based explanation. This is because expected returns are equi-
librium outcomes that are influenced by the properties of the marginal investor. In rational
models, return predictability is due to time-varying covariation of the pricing kernel with re-
turns. Indeed, I argue that the differences in predictability are driven by strongly time-varying
volatility in the stochastic discount factor of institutional investors acting as marginal investors
for high IO stocks. In my model, I show how limited sharing of time-varying redemption risk
can generate the observed predictability patterns among a priori identical stocks. In the model,
stocks held by institutional investors are cheaper in times of higher redemption risk. Empirical
support for the model comes from my finding that equity mutual fund cash holdings, which
proxy for redemption risk, positively predict the returns of high IO portfolios but not of those
with low 10.

My findings speak to several established and puzzling stylized facts about predictability.
Maio and Santa-Clara’s (2015) result that returns are not predictable for the small and value
portfolios can be explained by the fact that individual investors hold large fractions of these
stocks. Moreover, my findings are consistent with the predictability reversal in the US stock
market which coincided with the rise of IO: “The proportion of equities managed by institutional
investors hovered around five percent from 1900 to 1945. But after World War 11, institutional
ownership started to increase, reaching 67 percent by the end of 2010” (Blume and Keim, 2017,
p. 4). My results suggest that one should take a more nuanced look at who the marginal
investor in the stock market is. In many cases, one should think of the marginal investor as an

institution.
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Table 1: Predictive regressions, yearly frequency

Panel A: Raw returns and dividend growth

low 10 2 3 high 10 Mkt.

Teg1 By -0.01  0.07"* 0.13**  0.13** 0.12**
(-0.25) (3.58) (2.77) (2.52) (2.48)

R>  011%  6.41% 14.08% 8.74% 8.30%

BER - _0.07 0317 118" 1.25** 1.06***

(-0.38) (3.72) (4.96) (5.30) (4.93)

Adyi 1 By -0.16*  -0.15"*  0.02 0.03 0.01
(-1.76)  (-1.84)  (0.74) (1.00) (0.16)

R?  1217%  6.39%  0.40%  0.54% 0.02%
BER-1.09**  -0.70***  0.18 0.24 0.05

(-3.75)  (-2.98)  (0.81) (1.65) (0.28)

Panel B: Excess returns and excess dividend growth

low 10 2 3 high 10 Mkt.

Terl —Tiir1 DBr -0.05 0.03 0.09 0.08 0.07
(-1.03) (1.38) (1.49) (1.24) (1.16)

R?>  193% 1.26% 6.51% 3.07% 2.79%

BEE -0.32 0.14*  0.81** (.75** 0.62***

(-1.62) (1.56) (3.19) (3.03) (2.74)

Adpir —7pee1 Ba -0.207 019" -0.02 -0.03 -0.04
(-2.30)  (-2.20)  (-0.49)  (-0.66) (-0.89)

R?  17.64%  9.49%  0.38%  0.55% 1.24%

pEE 2133 -0.87**  -0.19  -0.26* -0.39**

(-4.64)  (-3.57)  (-0.75)  (-1.45) (-1.98)

Panel C': Dividend yield autoregression

low 1O 2 3 high 10 Mkt.
dpii1 P 0.86™*  0.80***  0.92*** 0.91*** 0.91***
(813)  (8.00)  (24.63)  (22.11) (21.97)

Predictive regression and dp-ratio autoregression results. Numbers in brackets are NW-¢-statistics with 10
lags. *** ** and * for one-period slope estimates indicate significance at the ten, five and one percent level,
respectively. For long-run coefficients, stars refer to the respective significance levels of one-sided tests computed
according to the delta method.
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Table 2: Predictive regressions, quarterly frequency

Panel A: Raw returns and dividend growth

low 10 2 3 high 10 Mkt.
Teg1 By 0.01 0.03***  0.036*  0.05™** 0.04***
(1.06) (3.29) (2.26) (2.70) (2.58)
R? 0.06% 6.10% 4.44% 4.08% 4.19%
pERE0.12* 0.25%  0.48* (.62 0.66***
(1.65) (4.55) (5.10) (6.36) (6.02)
Ady1 By —0.11"*  —0.10"* —0.04** -0.03 -0.03
(-1.85) (-2.34) (-1.87) (-1.04) (-0.93)
R? 4.29% 4.08% 1.59% 0.86% 0.5%
LR _0.89™*  —0.75*"* —0.52"** —0.38*** —0.39"
(-4.38) (-4.15) (-3.93) (-4.08) (-3.68)

Panel B: Excess returns and excess dividend growth

low 10 2 3 high 10O Mkt.
Ter1 — Tfir1 B, 0.01 0.18"*  0.03** 0.04** 0.04**
(0.91) (3.55) (2.08) (2.49) (2.38)
R? 0.5% 5.33% 3.88% 3.53% 3.62%
BERE0.10* 0.03***  0.45"*  0.58*** 0.61***
t-stat  (1.39) (3.02) (4.74) (5.92) (5.58)
Adpy1 — 7y Ba —0.11*  —0.10"™  —0.04*  -0.03 -0.03
(-1.90) (-2.40) (-1.99) (-1.15) (-1.04)
R? 4.46% 4.25% 1.78% 1.07% 0.63%
BER —0.91%*  —0.77* 055" —0.42**  —0.43**
(-4.49) (-4.25) (-4.16) (-4.54) (-4.09)

Panel C': Dividend yield autoregression

low 10 2 3 high IO Mkt
dpis1 p 0.88**  (.87***  (.93%* (.93 0.94***
(14.26)  (20.24)  (3341)  (30.41) (32.85)

Predictive regression and dp-ratio autoregression results. Numbers in brackets are NW-¢-statistics with 10

lags. *** ** and * for one-period slope estimates indicate significance at the ten, five and one percent level,
respectively. For long-run coeflicients, stars refer to the respective significance levels of one-sided tests computed

according to the delta method.
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Table 3: Simulated p—values, yearly frequency

Panel A: Portfolio 1, low 10

Hy:p,=0,p=0p By p-value Qo5 Qo.95 Ba p-value  Qoos Qo5
short-run —0.01 0.7132 -0.08 0.17 —0.16 0.3639 -0.41 -0.06
long-run —0.07 0.7291 -0.54 0.60 —1.09 0.7390 -1.54 -0.40
p joint hyp. BER > BLR A BER > BER: 0.7291
Hy:Bs=0,p=p By p-value Qo5 Qo.95 Ba p-value Qoos Qo5

B p-value Qoos  Qoos Ba p-value  Qoos  Qo.gs
short-run —0.01" 0.0070 0.06 0.32 —0.16 0.1880 -0.29 0.08
long-run —0.07**  0.0079 0.24 1.63 —1.09* 0.0076 -0.76 0.63
p joint hyp. pLE < BTLR A BEE < BéR: 0.0076

Panel B: Portfolio 2

Hy:B8,=0,p=0p By p-value  Qo.o5 Qo.95 Ba p-value  Qoos Qo.os
short-run 0.07 0.1233 -0.10 0.10 —0.15 0.1062 -0.58 -0.12
long-run 0.31 0.0680 -0.34 0.36 —0.70 0.0713 -1.34 -0.64
p joint hyp. BER > BER A BER > BER: 0,068
Hy:B4=0,p=p By p-value Qo5 Qo.95 Ba p-value  Qoos Qo5
short-run 0.07** 0.0134 0.12 0.32 —0.15 0.3176  -0.38 0.09
long-run 0.31 0.0652 0.28 1.60 —0.70 0.0616 -0.72 0.60
p joint hyp. BER < BER A BER < BER: 0.0130

Table continues on next page
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Table continues from previous page

Panel C': Portfolio 3

Hy:B8,=0,p=p By p-value  Qoos Qoos Bqa  p-value Qo.05 Qo.95

short-run 0.13 0.1606 -0.06 0.21 0.02**  0.0051 -0.31 -0.04
long-run 1.18*  0.0070 -0.58 0.74 0.18*  0.0070 -1.58 -0.26
p joint hyp. BER > BLR A gLE > LR () 0070

Hy:Bs=0,p=p By p-value Qo5 Qo.95 Ba p-value  Qoos (oo
short-run 0.13 0.1780  0.10 0.24 0.02 0.8424 -0.06 0.04
long-run 1.18 0.8994 0.66 1.27 0.18 0.8998 -0.34 0.27
p joint hyp. BER < BER A BER < BER: 0.8994

Panel D: Portfolio 4, high 10

Hy:6,=0,p=p Br p-value  Qo.o5 Qo.95 Ba p-value  Qoos Qo.os
short-run 0.13 0.2606 -0.10 0.32 0.03 0.0617 -0.29 0.04
long-run 1.25* 0.0451 -1.14 1.22 0.25* 0.0456 -2.14 0.22
p joint hyp. BER > BLR A BLR > LR () 0451
Hy:8,=0,p=0p B p-value  Qo.o5 Qo.95 Ba p-value Qoos Qo.os
Br p-value  Qo.o5 Qo.95 Ba p-value  Qoos  Qo.os
short-run 0.13 0.3156  0.09 0.20 0.03 0.8777 -0.04 0.04
long-run 1.25 0.9353 0.70 1.28 0.25 0.9307 -0.30 0.28
p joint hyp. BER < BLE A BLE < BLR. () 7394

Parameter estimates and simulated p-values for the estimates, yearly regression. Q, denotes the p-quantile of
the simulated distribution. * ** and *** denote significance on the one, five and ten percent level, respectively
(based on 5,000 simulations and with respect to the respective null hypothesis, i.e. whether the estimate is
consistent with the null. Stars indicate that it is not). The rows labeled “1/3\r[ - |Ho]” show the estimated

probability of the noted events occuring given that the respective null hypothesis is true.
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Table 4: Simulated p—values, yearly frequency, ex-
cess returns and dividend growth

Panel A: Portfolio 1, low 10

Hy:p,=0,p=p Br p-value  Qo.o5 Qo.95 Ba p-value  Qoos  Qo.os
short-run —0.05 0.8751 -0.08 0.18 —0.20 0.5325 -0.41 -0.06
long-run —0.32 0.8916 -0.56 0.61 —1.33 0.8946 -1.56 -0.39
p joint hyp. LR > BTLR A BEE > BC%R: 0.8916
Hy:Bs=0,p=p B p-value  Qo.os Qo.95 Ba p-value  Qoos  (Qo.os

Br p-value Qo5 Qo.95 Ba p-value  Qoos  Qo.os
short-run —0.05*** 0.0031 0.06 0.33 —0.20 0.1256 -0.28 0.08
long-run —0.32"** 0.0030 0.24 1.63 —1.33*** 0.0030 -0.76 0.63
p joint hyp. BER < BER A BLE < BLE. ().0030

Panel B: Portfolio 2

Hy:p,=0,p=0p B p-value  Qo.o5 Qo.95 Ba p-value  Qoos  Qo.os
short-run 0.03 0.3013 -0.10 0.11 —0.19 0.1915 -0.58 -0.12
long-run 0.14 0.2492 -0.36 0.36 —0.87 0.2605 -1.36 -0.64
p joint hyp. BER > BLR A BER > BER: 0.2492
Hy:B3=0,p=p Br p-value  Qo.o5 Qo.95 Ba p-value  Qoos Qo5
short-run 0.03** 0.0050 0.11 0.33 —0.19 0.2435 -0.38 0.10
long-run 0.14** 0.0124 0.27 1.62 —0.87* 0.0111 -0.73 0.62
p joint hyp. BER < BER A BER < BER: 0.0111

Table continues on next page
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Table continues from previous page

Panel C': Portfolio 3

Hy:B8,=0,p=p B p-value Qoos Qoos Ba  p-value Qo.05 Qo.95
short-run 0.09 0.2823 -0.07 0.22 —0.02* 0.0327 -0.31 -0.03
long-run 0.81* 0.0439 -0.66 0.79 —0.19* 0.0439 -1.66 -0.21
p joint hyp. BER > BLE A BLE > BLR. () 0439
Hy:B4=0,p=p B p-value  Qo.o5 Qo.95 Ba p-value  Qoos Qo5
short-run 0.09 0.2152 0.03 0.33 —0.02 0.5889 -0.22 0.07
long-run 0.81 0.5175 0.20 1.69 —0.19 0.5179 -0.80 0.69
p joint hyp. BER < BLE A BER < BER: 05157
Panel D: Portfolio 4, high 10

Hy:p,=0,p=p Br p-value Qoos  Qoos Ba p-value  Qoos  Qo.os
short-run 0.08 0.4111 -0.10 0.33 —0.03 0.1637 -0.30 0.05
long-run 0.75 0.2156 -1.18 1.26 —0.26 0.2216 -2.18 0.26
p joint hyp. BER > BLR A BLE > BLE. () 2156
Hy:B4=0,p=p Br p-value Qo5 Qo.95 B p-value  Qoos  Qo.os

Br p-value  Qo.o5 Qo.95 Ba p-value  Qoos  (Qo.os
short-run 0.08 0.2436 -0.01 0.44 —0.03 0.4466 -0.21 0.14
long-run 0.75 0.3761 -0.11 2.06 —0.26 0.3725 -1.11 1.06
p joint hyp. BER < BER A BER < BER: 0.3725

Parameter estimates and simulated p-values for the estimates, yearly regression. Q, denotes the p-quantile of
the simulated distribution. * ** and *** denote significance on the one, five and ten percent level, respectively
(based on 5,000 simulations and with respect to the respective null hypothesis, i.e. whether the estimate is

consistent with the null. Stars indicate that it is not). The rows labeled “fD\r[ - |Hp]” show the estimated

probability of the noted events occuring given that the respective null hypothesis is true.
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Table 5: Portfolio characteristics

1 “low 10” 2 3 4 “high 10”
qtrly return r* t.s. mean % 2.04 2.58 3.16 3.27
t.s. std. % 11.52 9.05 8.28 8.87
NW t-stat. 2.34 3.29 4.24 4.52
yearly return 7° t.s. mean % 12.05 12.10  12.38 13.06
t.s. std. % 22.80 17.28  16.83 17.30
t-stat. 3.04 4.02 4.22 4.34
qtrly div. growth 252 — 1 t.s. mean % 0.85 9.12 250 1.86
t.s. std. % 40.90 69.36  16.26 12.44
NW t-stat. 0.31 1.55 2.43 2.57
autocorr. qtrly -0.26 -0.05  -0.21 -0.36
yrly div. growth Dlt)—jl -1 t.s. mean % -0.31 14.06  6.61 6.16
t.s. std. % 29.24 81.61  16.66 14.42
t-stat. -0.06 0.99 2.28 2.46
autocorr. yearly 0.01 0.02 0.02 -0.31
price-dividend ratio % yearly t.s. mean 84 53 43 50
yearly t.s. std. 53 31 20 18
market equity (in m §) e.w. mean 85 329 1607 3333
market equity inv. percentile e.w. mean 0.19 0.35 0.56 0.74
book-to-market equity ratio  v.w. mean 0.71 0.67 0.51 0.46
book leverage e.w. mean 0.62 0.58 0.55 0.55
R&D share of expenses V.W. mean 0.03 0.03 0.03 0.04
investment in % e.w. mean 4.30 4.84 3.80 4.13
V.W. mean 6.19 5.01 3.62 4.10
share of dividend payers t.s. mean 0.21 0.35 0.48 0.56
cash flow duration e.w. mean 16.6 16.4 16.2 16.0

Amihud (2002) illiquidity v.w. mean x 100 0.2470 0.0713 0.0143 0.0031

Portfolio characteristics for the four I0-sorted portfolios (baseline setting). Unless otherwise stated, all
statistics are computed on a quarterly frequency. “t.s.” indicates moments computed along the time-
series, “e.w.” and “v.w.” denote time-series moments of cross sectional means computed equally (value-
) weighted. “std.” denotes usual standard deviations. “NW t-stats” denote t-statistics computed with
Newey and West (1987) standard errors. The price-dividend ratio is computed annually. “Autocorr.”
denotes the first order autocorrelation. Market equity inverse percentile is the percentile in the cross-
sectional distribution of market equity the stocks in my sample at each quarter. “R&D share of
expenses” is the ratio of research and development expenses to total operating expenses. Investment is
the relative growth in total assets. “share of dividend payers” is the share of stocks in a given quarter
that pays dividends. “cash-flow duration” is Dechow et al. (2004) implied equity duration. Amihud’s

|r€iaily

(2002) illiquidity measure is computed as ols

where Vol; is the daily trading volume in Dollars, 7;
is the daily return of individual stocks 4.
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Table 6: Simulated p—values, small and big portfolios

Panel A: Small Stocks (bottom 30% by Market Equity)

Panel A.1: Portfolio IO<5%

Hy:B8,=0,p=p By p-value  Qoos  Qo.os Ba p-value  Qoos  Qo.os
short-run 0.04 0.3883 -0.13 0.19 —-0.34 0.2390 -0.71 -0.23
long-run 0.12 0.3483 -0.37 0.36 —0.88 0.3485 -1.37 -0.64
p joint hyp. BER > BER A BER > BER: 03483
Hy:B4=0,p=p By p-value  Qoos  Qo.os Ba p-value  Qoos  Qo.os

By p-value  Qoos  Qo.os Ba p-value  Qoos  Qo.ogs
short-run 0.04** 0.0004 0.24 0.57 —0.34 0.0507 -0.34 0.15
long-run 0.12*** 0.0006 0.47 153 —0.88** 0.0006 -0.53 0.53
p joint hyp. Bt < BTLR A BEE < ,@C%R: 0.0006

Panel A.2: Portfolio I0>5%

Hy:3,=0,p=0p By p-value  Qoos  Qo.os Ba p-value  Qoos  Qo.os
short-run 0.18 0.1067 -0.17 0.23 —0.33 0.0714 -0.84 -0.31
long-run 0.35 0.0597 -0.37 0.36 —0.65 0.0603 -1.37 -0.64
p joint hyp. BER > BLR A gLR > BLR. () 0597
Hy:B4=0,p=p By p-value  Qoos  Qo.os Ba p-value  Qoos  Qo.os
short-run 0.18* 0.0021 0.33 0.76 —-0.33 0.0547 -0.34 0.20
long-run 0.35*** 0.0043 0.55 1.50 —0.65"** 0.0041 -0.45 0.50
p joint hyp. pER < BfR A BER < BC%R: 0.0041

Table continues on next page
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Table continues from previous page

Panel B: Big Stocks (top 30% by Book-to-Market Equity ratio)

Panel B.1: Portfolio IO < 30%

Hy:B8,=0,p=p By p-value  Qoos  Qo.os Ba p-value  Qoos  Qo.os
short-run 0.07 0.0923 -0.10 0.09 —0.23 0.1339 -0.67 -0.18
long-run 0.23 0.0642 -0.26 0.26 —0.77 0.0660 -1.26 -0.74
p joint hyp. BER > BER A BER > BER: 0.0642
Hy:B4=0,p=p By p-value  Qoos  Qo.os Ba p-value  Qoos  Qo.os
short-run 0.07*** 0.0003 0.20 0.39 —0.23 0.1902 -0.39 0.12
long-run 0.23** 0.0073 0.37 1.59 -—=0.77* 0.0070 -0.63 0.59
p joint hyp. BER < BLE A pER < BﬁR: 0.0070
Panel B.2: Portfolio IO > 30%

Hy:p,=0,p=p By p-value  Qoos  Qo.os Ba p-value  Qoos Qo.ogs
short-run 0.12 0.2442 -0.09 0.28 0.01 0.0509 -0.29 0.01
long-run 1.13* 0.0429 -0.96 1.08 0.12* 0.0443 -1.96 0.08
p joint hyp. BER > BLRE A BLE > BLR. () 0429
Hy:B4=0,p=p By p-value Qoos Qo.os Ba p-value  Qoos Qo.os

By p-value  Qoos Qoo Ba p-value  Qoos Qoos
short-run 0.12 0.3931 0.01 040 0.01 0.6622 -0.20 0.11
long-run 1.13 0.6967 0.06 1.86 0.12 0.6900 -0.94 0.86
p joint hyp. BER < BLR A BLE < BLR. () 6900

Parameter estimates and simulated p-values for the estimates, sorted on market equity. Q, denotes the p-
quantile of the simulated distribution. * ** and *** denote significance on the one, five and ten percent level,
respectively (based on 5,000 simulations and with respect to the respective null hypothesis, i.e. whether the

estimate is consistent with the null. Stars indicate that it is not). The rows labeled “13;[ - |Hp]” show the

estimated probability of the noted events occuring given that the respective null hypothesis is true.
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Table 7: Simulated p—values, growth and value portfolios

Panel A: Growth Stocks (bottom 30% by Book-to-Market Equity ratio)

Panel A.1: Portfolio 10 < 30%

Hy:B8,=0,p=p By p-value  Qoos  Qo.os Ba p-value  Qoos  Qo.os

short-run 0.08 0.2682 -0.16 0.20 —0.39 0.2000 -0.82 -0.28
long-run 0.17 0.2259 -0.36 0.35 —0.83 0.2200 -1.36 -0.65
p joint hyp. BER > BER A BER > BER: 0.2230

Hy:B4=0,p=p By p-value  Qoos  Qo.os Ba p-value  Qoos  Qo.os

By p-value  Qoos  Qo.os Ba p-value  Qoos  Qo.ogs
Qo.05 Qo.95
short-run 0.08*** 0.0006 0.29 0.67 —0.39* 0.0400 -0.37 0.19
long-run 0.17* 0.0010 0.49 154 —-0.83"* 0.0000 -0.51 0.54
p joint hyp. BER < BER A BLE < BLE.(0.0010

Panel A.2: Portfolio IO > 30%

Hy: 3, =0,p=0p By p-value  Qoos  Qo.os Ba p-value  Qoos  Qo.os

short-run 0.19 0.1203 -0.11 0.27  0.02**  0.0100 -0.41 -0.06
long-run 1.09**  0.0083 -0.68 0.76  0.10™  0.0100 -1.68 -0.24
p joint hyp. LR > ﬂATLR A BEE > BAC%R: 0.0081

Hy:B4=0,p=p Br p-value  Qoos  Qo.os Ba p-value  Qoos  Qo.os

short-run 0.19 03991 0.06 046 002  0.7000 -0.24 0.12
long-run 1.09  0.7197 028 167 010 07200 -0.72 0.67
p joint hyp. BER < BER A BER < BER: 0.7197

Table continues on next page
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Table continues from previous page

Panel B: Value Stocks (top 30% by Book-to-Market Equity ratio)

Panel B.1: Portfolio I0 < 5%

Hy:B8,=0,p=p By p-value  Qoos  Qo.os Ba p-value  Qoos  Qo.os
short-run —0.02 0.7154 -0.10 0.12 —0.06 0.3600 -0.40 0.03
long-run —0.83 0.8956 -1.61 1.64 —2.04 0.9200 -2.61 0.64
p joint hyp. BER > BLRE A BLRE > BLR. () 8956
Hy:B4=0,p=p By p-value  Qoos  Qo.os Ba p-value  Qoos  Qo.os
short-run —0.02 0.2346 -0.10 0.14 —0.06 0.6100 -0.39 0.05
long-run —0.83 0.0806 -1.27 2.01 —2.04 0.0600 -2.27 1.01
p joint hyp. BER < BLE A pER < BﬁR: 0.0630
Panel B.2: Portfolio I0 > 5%

Hy:p,=0,p=p By p-value  Qoos  Qo.os Ba p-value  Qoos Qo.ogs
short-run 0.09 0.2016 -0.08 0.19 —0.03 0.0500 -0.36 -0.03
long-run 0.80 0.0522 -0.72 0.81 —0.22 0.0600 -1.72 -0.19
p joint hyp. BER > BLR A BLE > BLR. () (522
Hy:B4=0,p=p By p-value Qoos Qo.os Ba p-value  Qoos Qo.os

By p-value  Qoos Qoo Ba p-value  Qoos Qoos
short-run 0.09 0.3036 0.02 0.31 —0.03 0.6000 -0.27 0.08
long-run 0.80 0.5577 0.10 1.79 —0.22 0.5400 -0.90 0.79
p joint hyp. BER < BER A BER < BER: 0.5422

44

Parameter estimates and simulated p-values for the estimates, sorted on book-to-market equity ratio. Q, denotes
the p-quantile of the simulated distribution. * ** and *** denote significance on the one, five and ten percent
level, respectively (based on 5,000 simulations and with respect to the respective null hypothesis, i.e. whether
the estimate is consistent with the null. Stars indicate that it is not). The rows labeled “Pr[ - [Ho]” show

the estimated probability of the noted events occuring given that the respective null hypothesis is true.



Table 8: Simulated p-values and R?, Cross-prediction

Panel A: Raw returns

p.-values R?
low 10 2 3 high I0  Mkt. low 10 2 3 high I0  Mkt.
low IO  0.7139 0.4348 0.6540 0.4476  0.4895 low IO 0.11 1.36  0.01 1.38 0.82
2 0.3430 0.1282 0.2078  0.1391  0.1560 2 1.00 6.41 7.05 7.56 6.67
3 0.2583 0.2133 0.2686 0.2112  0.2282 3 4.38 7.81 14.08 11.61 11.08
high IO 0.4604 0.3775 0.4753 0.3922 0.4172 high 10O 2.15 6.49 7.81 8.74 8.21
Mkt. 0.4360 0.3463 0.4277 0.3585 0.3736 Mkt. 1.63 6.02 7.83 9.36 8.30

Panel B: Excess returns

p.-values R?
low 10 2 3 high I0  Mkt. low 10 2 3 high IO  Mkt.
low IO 0.8617 0.7196 0.8602 0.7049 0.7364 low IO 1.93 0.07  2.55 0.06 0.24
2 0.5407 0.3109 0.3981 0.3025  0.329 2 0.01 1.26  1.33 1.79 1.43
3 0.3802 0.3466 0.3888  0.3235  0.3403 3 1.46 2.84 6.51 5.26 4.96
high IO 0.5825 0.5373 0.6180 0.5379  0.558 high 10 0.28 1.81  2.28 3.07 2.82
Mkt. 0.5523 0.4966 0.5621 0.4898  0.5067 Mkt. 0.11 1.51 2.21 3.35 2.79

Panel C: Dividend growth

p.-values R?
low 10 2 3 high I0  Mkt. low 10 2 3 high I0  Mkt.
low 10 0.7630 0.5704 0.3161 0.3073  0.442 low 10 12.17  0.01 0.63 0.77 0.02
2 0.5293 0.6902 0.5269 0.2955  0.4258 2 0.03 6.39 0.00 1.17 0.15
3 0.3117 0.6798 0.2003 0.1669  0.2302 3 0.03 1.87 0.40 2.1 1.14
high IO 0.3961 0.5577 0.5293 0.3352  0.4237 high 10 0.15 0.07 0.28 0.54 0.25
Mkt. 0.3730 0.5667 0.4027 0.2908 0.3727 Mkt. 0.21 0.32 0.00 1.16 0.02

Simulated p—values of the null of 84* = 0 ( fil = 0, respectively) for the predictive regressions of log excess

returns and log dividend growth on the log dividend yields of various portfolios. The entry in row ¢ and column j

is the p-value of the respective null hypothesis in a regression of the return (or dividend growth) of the portfolio

in column j on the dividend yield in row . The portfolios are those of the baseline specification and Mkt. is the

CRSP value-weighted market portfolio. The frequency is yearly.
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Table 9: Regression coefficients, high and low valuation

g g A,

low IO 0.026 0.022 0.004
(0.60)  (0.82) (0.42)

2 0.122 0.026 0.096
(2.90)  (1.09) (11.71)

3 0.058 0.097 -0.040
(1.62) (2.35) (-4.20)

high IO 0.118 0.101 0.017
(2.30)  (2.05) (1.37)

Slope coefficients from predictive regressions of excess returns on the dividend yield sample divided
by above (high dp) or below (low dp) median dividend yield. Quarterly observations, raw returns.
Numbers in brackets are standard t—statistics computed under the assumption that the estimators

for the respective B29" and B are uncorrelated.

Table 10: Standard deviation and means of average betas
low 1O 2 3 high 10
Std.

Mkt 1.1603 0.9713 0.8464 0.7547
SMB 1.7248 1.4056 1.1806 1.0370
HML 18979 15271 1.3143 1.1847

Mean

Mkt 0.8665 0.9834 1.063  1.1262
SMB 1.0401 0.8855 0.751  0.6114
HML 0.1887 0.1914 0.1474 0.0892

Time-series means of quarterly cross-sectionally equally-weighted average stock level standard devia-
tion and means of individual stock betas with respect to the Market (Mkt), Small-minus-Big (SMB)
and Value-minus-growth (HML) factor as provided by Kenneth French. Betas are estimated on a
rolling basis from 24 monthly individual stock returns. Note: Using value-weighted measures shows
the expected negative SMB betas for high IO stocks.
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Table 11: Predictive regressions with mutual fund cash holdings (MFCH)

Ry =a+B-MFCH, RS, —=a+f3-MFCH, R, =a+8-AMFCH,

B R? B R? B R?

low 10 0.0153 0.0082 0.0084

p. 0.1345 0.04 p. 0.3156 0.01 p. 0.3288 0.00
2 0.0215** 0.0139 0.0186

p. 0.037 0.12 p. 0.1363 0.05 p. 0.1244 0.03
3 0.0221* 0.0146 0.0143

p. 0.0957 0.12 p. 0.1958 0.06 p. 0.2629 0.01
high 10 0.0311** 0.0231* 0.0344**

p. 0.0336 0.23 p. 0.0915 0.14 p. 0.0406 0.09
MKkt. 0.0267** 0.019 0.0264*

p. 0.0488 0.17 p. 0.1250 0.09 p. 0.0960 0.05

Slope coefficients of the predictive regression of year ¢ + 1 (excess) returns on the four IO-sorted
portfolios on average mutual fund cash-holdings (MFCH) at the end of year ¢t. Simulated p—values p.
are computed using 5000 artificial data sets generated under the null of no predictability:

Ry =R+ ¢4y
X1 = pXy + Efi_p

where R, p and Cov(e",€") are as estimated from the actual data. E[e"] = E[e*] = 0. The MFCH
sample is from 1979 to 2007 to avoid the issues with the CRSP survivorship-bias free mutual fund
data set documented in Chernenko and Sunderam (2016). Equity mutual funds are defined as all funds
that in the last two years invested on average at least 75% in common or preferred stocks (in absolute
value, i.e. this includes short positions).

47



3000 ‘
—Ilow IO
—2
02500 g .
S ——high 10
pud 9
2 2000 |- .
£
2]
()
5 1500 - .
=
(7]
S
5 1000 - .
o]
=
>
< 500 .
O | | | | | |
1980 1985 1990 1995 2000 2005 2010 2015

Figure 1: Number of stocks in each of the four portfolios from the baseline setting.
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Figure 2: Distribution of 10 share over time

The figure shows the distribution of IO share across stocks at the beginning (first quarter 1980), in
the middle (second quarter 1997) and at the end of the sample (fourth quarter 2014).
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Figure 3: Average IO in the respective 10-sorted portfolios
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Panel A : Yearly frequency
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Figure 4: Shares of variation

Share of variation due to either dividend growth or returns as computed with long-run coefficients

pER = T _Blglp and | B§R| = 1'_’8—,:1|p, respectively, for each of the four IO portfolios and the market. The

numbers can be found in Table 1.
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Figure 5: Simulated slope coefficients under the null hypotheses
The black crosses indicate the estimates from the actual data. From left to right and top to bottom:
first row: 1: low 10, 2. Second row: 3, 4: high 10. For instructive purposes and visibility, the presented
results are at quarterly frequency with only 3500 simulated time series.
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Figure 6: Share of variation, two- and three- year predictive regressions

Share of variation due to either dividend growth or returns as computed with long-run coefficients

BER = l_ﬁ—glp and | ﬂgp”\ = lyjlglp’ respectively, for each of the four IO-sorted portfolios with two (left)

and three (right) year horizons.
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A Log-linearization

Pyt D Pii1 +Dt+1 (1+ gt+1 ) DE‘Fl
Starting from Ry = t“Pt B e Has—'— then taking logs and linearizing the middle
Dy D¢

term around the long run mean of p — d = log (%) = pd yields

ri41 = Ader1 + In (1 + exp (pr41 — di41)) — pds
~ ko + k1 (Pe1 — diy1) + Adeyr — (pr — dy)

where lower case letters denote logs and kg = In (1 + exp (]ﬂ)) — IZ%M and k1 = lf?%. Throughout the

paper, I use dp and pd as a shorthand notation for d — p and p — d, respectively.

B Stambaugh bias

As is shown in Stambaugh (1999), when the error vector u is decomposed into a component that is correlated
with v and one that is strictly exogenous,
Co
U= v(uav)v+€: O—uév

Var(v) o2

v+e, (B.1)

one gets the result that the bias of the OLS estimator for 3, depends on the bias of the estimator for p. In
the following, it is useful to adopt matrix notation for ease of exposition. Define X = [1 dp], 8 = [pr Br] and
P = [« p]’, then the bias is

B—pB= ‘;“2” (X'X)" X0+ (X'X) " Xe (B.2)
- ‘2“2“ (P —P)+ (X' X)"'Xe, (B.3)

v

where hats denote estimated coefficients. By definition, E[(X’X)~!X’e] = 0. As is well known (see for example
Stambaugh (1999)), the usual OLS estimator for P is biased, albeit consistent:

R 1+3p
Blp—pl = ——L. (B.4)
Thus, the resulting bias in the estimator for the slope is
A Oyv 1 + Sp
ElB, — 3] =— . B.5
R s (5.5)
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C Long-run coefficients

To see how the long-run coefficients in Equation (9) are derived, consider Equation (3). Iterating forward yields

Tere = e + Br(a+ p dpy + vig1) + Upyo,
Ti43 = fp + Br(a+ pla + pdpy + vi41) + Vig2) + Usg3

: J
Tiyj = const + ﬁr/’]_ldpt + Br Z PVt j—i + Uttj
i=1

Using the definition for the infinite discounted long-run return first introduced in Campbell and Shiller (1988),
R .
rlR = Z ke,
j=1

the regression slope coefficient of % on dp; results as

LR _ - Jj—1 i—1 _ BT
- k T ) - 9
By g T

where the last equality goes through if p < ki ! (which essentially means that the PD-ratio is not explosive).
Similarly, one can derive that

LR __ Bd

= 1-— klp.

Moreover, consider the log-linearized return identity (1), demeaned and solved for dp;
dp, = k1dpyyy — Adiyr + Fein, (C.1)

where tilde denotes demeaned variables. Using that Zl\;)t 41 = klzi\z/)t Lo+ Tio— AJH_Q, one can iterate the identity
forward, i.e.

dp, = kl(klglvptn + a2 — Adpya) + Fep1 — Adyis
= k1(k1(/€18\lgt+3 + Frs — Adiys) + Ty — Adpyo) + a1 — Adpyr

3 3
Sy~ M Ay + W

j=1 j=1
and so on until finally
dp, = Dok = Y kT Adyy (C2)
j=1 j=1

Computing the covariance with dp; for the left and right hand side of (C.2), yields that:

Var(dp;) = Cov Zk{flﬂﬂ-,%t — Cov Zk{flA@H,gg])t . (C.3)
j=1 j=1
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where obviously, Var(dp;) = Var(gf)t). Recall the definition of ﬁjLR as slope coefficient of regressions on dp;.
Dividing by (C.3) by Var(dp;) yields

1:/67{137 £R7 (04)

where BC%R will typically be negative. Therefore, the absolute value of the long-run coefficients describe the
share of the variance of the dp-ratio that can be attributed to either returns or dividends, providing suitable
measures for predictability in the relative sense of attributing variation in the dividend yield to variation in
either returns or dividend growth.

D Direct regressions

Rather than inferring long-run coefficients by imposing the structure of the vector autoregression (3) to (5), one
can run direct regressions of weighted returns and dividend growth:

K
Zkiilrtﬂ' = S+ B dpr+ uia (D.1)
j=1
K .
Z KT Adyyy = plf + B dpr + wiga (D.2)
j=1
k{dpt+J = O[K + ﬂé; dpt + Vt41- (D3)

It holds that 3K — ﬂf + [35; ~ 1. The coeflicients with horizon K are plotted in Figure D below. While these
results should be treated with caution due to the even short sample (in order to have the same measure of kq, I
only go from 1980 to 2009 in terms of formation periods), the results from Section 4 are confirmed: Dominance
of dividend growth predictability in the low IO portfolio, somewhat mixed results for portfolio 2 and 3, and
overwhelming return predictability in portfolio 4. The left figure is somewhat at odds with the characterization
of the low IO dividend yield as a fairly low persistence AR(1) process. This is due to the cumulative weighted
4-year return. In particular, this result is driven by the years 1984 and 1988. The considerable effect this has is
an unfortunate effect of a short sample:

The stocks that constituted the low IO portfolio in 1984 had fairly low valuations. Four years later, these
stocks (that are not to be confused with the stocks in the low IO portfolio in 1988) had huge dividend growth.®
Hence, this massively drove down the estimate for ﬂé. At the same time, the low valuations in 1984 were
supposed to predict high returns in 1988. However, stocks did not do particularly well that year. In particular,
the stocks that had made up the low IO portfolio in 1984 actually had very low returns of about -7%, leading
to no increase in 32 and consequently to an estimate of a very persistent dp transition over four years.

One can come up with explanations for why this may have been the case. However, with one datapoint
only, these remain speculations. Unfortunately, in a short time series like the one at hand, rare events like this
can have sizable effects on estimates.

90ne reason for this is the October 1987 crash and working under the assumption of reinvested dividends,
for a thorough discussion of this effect, see Chen (2009).
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Figure 7: Multi-period coefficients, direct estimate

Multi-period regression coefficients as in Equations D.1 to D.3. The formation period sample is from
1980 to 2009.
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E Model

E.1 Model solution

Unit IES stochastic differential utility implies a constant wealth-consumption ratio. Together with the afore-
mentioned cash flow dynamics, it follows that the maximization problem of any agent in the model is:

ngath

o0&

s.t. th = Wt¢t (/Lc’tdt + Uch6,t + Mj§ + Wt(l - ¢t)'rt -+ Wt* (e_fL — 1)dNt (El)
t

(¢—11p <0 (E.2)

with L = 0 if the optimizing agent is the household. 1j is an indicator function that is one if the optimizing

;
agent is the household. The unit IES implies that the wealth-consumption ratio is constant, i.e. SV—'t = ¢. This
results in the following Hamilton-Jacobi-Bellman (HJB) equation:

1
Sudl? {f(cta J) + Jw Wi (@ipie,e + ¢+ (1 — de)re) — Jwer + §JWWWt2¢?J£

vy [J ((1+ Gy (exp(—LE) — 1)) Wi s Ae) — T (W, s, At)}
1 _ 1
+ Juku(f— pe) + §JWUZ + (A= A) + §J,\,\/\t0§ + (1 — ¢t)]lh} =0 (E.3)

where for the household, it holds that L = 0 and where 7, is the Lagrange multiplier associated with the
leverage constraint of the household. The first order conditions (FOCs) read:

fele, V) = B —Vie, ' = Jw (B.4)

JwWi(pes + € — 1 — ) + ¢Jww WEo? + e JwWi(e ™ — 1) = 0, (E.5)

where 7; = J‘;tht 15. A plausible guess for the value function is

1—v 1—v

W,
J(thﬂtv)\t) = 1 t_,y Q(At,ut) = 1 : ~ exp (AO + A + A2Ht)- (EG)

It is verified in Appendix E.3. With v > 1, it holds that A; < 0 and A3 > 0. Plugging the guess into the FOCs
gives the following policy functions (see Appendix E.2)

Ct = ,BWt (E?)
Pet + B+ e (e L —1) — 7
¢; =~ ¢ o2 ! (E.8)
bn = tet + B —277t — 7‘t’ (E.9)
Yo

where the subscripts i and h denote the policy functions of the institution and the household, respectively. Market
clearing on the consumption good and asset market, in conjunction with the leverage constraint requires

bn=¢i = 1. (E.10)
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In equilibrium, the institution and the household will hold measures of the stock market proportional to their
relative wealth. Solving for the market clearing shadow interest rate yields

Tt = fley + B — 02 + Me?(e7 — 1) and 7 = —M\e? (e — 1). (E.11)

Hence, the shadow rate for the household is 7 = ry + iy = py + 8 — 'ycr?. The state price density for the
institution is given by

0 — exp ( /0 o (Cs, vs>ds) £.(CuVh), (E12)

Using that in equilibrium, V; = J( %, At, i), and applying Ito’s lemma, one gets that the dynamics of m; are
given by
d
STt — Jiedt — o5dBY + Aso,dBY + /N ArordB) + (577 — 1) dN,, (E.13)
TTe—
where A2 < 0 and Ay > 0 (if L > 0, see Appendix E.3). Because the negative of the expected change in the
pricing kernel must equal the risk-free rate, it holds that

fir = =1 — A (58 = 1). (E.14)

Time-varying A in the fourth term on the right hand side of Equation (E.13) will generate time-varying covari-
ation between the pricing kernel of the institution and the returns on any asset that loads on Bj. It remains to
be shown that returns of institutionally held stocks load on B;*. T do so by computing the price-dividend ratio
of these stocks.

The price of the dividend claim is then given by:

Pt = Et / ESS ds :/ Et ESS ds :/ Hst ds. (E15)
t Tt t Tt t ,

Here, H;+ can be interpreted as the time ¢ price of a ‘zero coupon equity’ claim. In Appendix E.4, I show that
H, ; is of the form

H,t = bpexp (Bo(7) + Bi(T)\e + Ba(T)pe) = 60 (T3 pis M), (E.16)

where By > 0 and, if L > 0, B; < 0 with with 7 = s — ¢. So in the case of the institution, a higher redemption
intensity A leads to a higher dividend yield. For the household, L = 0 and B; = 0, i.e. the dividend yield is
not affected by A. By is positive, independent of L, so dividend yields decrease in mean dividend growth u, no
matter if a stock is held by the household or the institution. Integrating over the H,, and dividing by time
t dividend level §; then yields the price-dividend ratio. Note that empirically, an econometrician in the model
economy would not observe

FiOvogu) = [ (i) dr (E.17)
t
as price-dividend ratio but rather
Ft()‘t;ﬂt;(;smi =1,...,N¢) = Fy (Mg, i) H (efL) ) (E.18)
0<s; <t

where s; denotes the time of the " jump. In expectation, the size of the divergence between F and F depends
on the the intensity A and the loss parameter L. Importantly, it holds that F' inherits the properties from B

58



and By that g—f < 0 and ‘?TF > 0. Moreover, because the market price of innovations to A is negative and the
size of innovations depends on A itself, ceteris paribus, a high dividend yield predicts higher risk premia:

, I
r] —r; = const. — AlF’\Ji Ae + A [(G%L —1)(1 - e_L)] . (E.19)
<0 >0

Were the same stocks held by the household, excess returns would not be predictable by the dividend yield,
because for the households, L = A; = 0 and the dividend yield varies only with changes in expected dividend
growth. Consequently, for sufficiently large L, sufficiently volatile A and sufficiently weak time-variation in g, the
dividend yield of the household’s portfolio predicts dividend growth and that of the institutionally held portfolio
predicts returns. In line with the evidence on the predictive power of MFCH from Section 6, A positively predicts
returns in the model.

Finally, when stocks held by the institution have higher expected returns, then they are undervalued
from the household sector’s perspective. Hence, the household would want to buy these stocks. If the household
bought those stocks, their expected returns would drop to the level of household-held stocks because they are
only higher while they compensate the institution for the institution-specific risks it faces. In other words,
the individual investors would trade against and “correct the misvaluation”. The leverage constraint of the
household implies that the household cannot raise sufficient capital to trade away the perceived undervaluation.
The only way for the household to raise funds in order to buy the undervalued institutionally-held stock would
be to sell the stocks in its portfolio to the institution who is the only potential buyer in the economy but who
would not buy the claims at the price that the household would ask for. Put differently, other than with respect
to their ownership, all stocks in the economy are identical and thus - given the leverage constraint - the agents
in the economy do not exchange them.

E.2 Policy functions

The first order condition (FOC) for consumption (E.4) with the guess for the value function implies:

1—y

Wi _
B—m)TE 9 =Wy (E-20)
w7 o\ 7! _
Bl—mTH 9 <W;t> =Wy (E.21)

Ct = ﬁWt (E22)
E.3 Value function

Verifying the guess (E.6) for the value function (E.3). Plugging the optimal policy functions derived from the
FOCs and market clearing into (E.3) yields

1 _
{f(% )+ JwWipte,s + §JWWWt203 + N [J(Wee™ 8, g, Ae) — T (W, e, M)

1 - 1
+ JM/@M([L — Mt) + 5‘]/1#0-;21 + JAH()\ — M)+ 2J,\>\)\t0/2\} =0. (E.23)
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Plugging in the optimal consumption rule ¢ = W and the guess for the functional form (E.6) into (24) gives

Wi wi- wi-
i) = 6 = L aewy) - 55— (- ) T2 (21
— WL (1 8- 1“‘2). (E.25)

Plugging in the guess for the functional form (E.6) and (E.25) into (E.23) gives:

In _ ey _
BWITg (mﬁ - 197> W Wagnn s — S W W2 g0R 4 A [T(Wee™ €, g, ) = J(W, e, M)
wi-v ) 1 Wi -y 1 Wiy
T (B ) Tt T AR = M) 5 T g = 0. (E.26)
Note that
J(Wie 8y, \) — T (W, e, Mo) (E.27)
I | 1
= (Wie ™4)! VEQ—WE Vmg (E.28)
g _ _
=wi - <e L&(1=) _ 1). (E.29)
This implies that
In
g(InB———) + ety — 5905 + M e P —
1—7 2 1—7
b g ) gl 0% + g R(A = M) + 2 g A2 = 0 (E.30)
1— A Infi = ) T o G T 9 T 5T 9o =1 ‘

Plugging in the affine guess for ¢ in (E.6) and dividing by ¢ yields

Ao+ A1+ A 1
5(1115— o+ A1 + 2ut)+uct—70§+)\t <€—L5(1—7)_1)
1—7v ’ 2 1—7v
1 _ 1 2,2 1 2
+ EAQKH(/,L — /,Lt) + 51714 + 1— AU‘@(A At) + 51 A )\tUA = 0. (E31)

Collecting terms in A, u; and constants yields a system of equations in Ay, A; and As

B 1 1 1 _
/Bhlﬂ - 7140 - 50—5 + 1_ 'YAQK/'“’LL + = 21— A% i‘i’ mAlliA =0 (E32)
- s Ay — — Ao, =0 (E.33)
1—~ 2 11—~ 2k = .
B 1 (1 1 1 1
_ A €1-7 _ 1) — A —— A% =0. E.34
1+ 1+1_7(e ) 1=~ 1H+21—7 10N ( )
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The solutions are

W
2 —LE(1-v) — 1
PP Ay Gt i (E.36)
DY DY DY
1— 1
Ay = -5 g (6 Ing— %05 + ﬁAzmﬂ 1 51— A2 2+ lAmA) (E.37)

In (E.36), the term under the square root must be nonnegative, i.e. (k + 3)? < 2 (e £¢0=7) — 1) g3, The only
reasonable choice for (E.36) is A; = \/('HB)Z 2e 0=l - 0 for 4 > 1. As in Wachter (2013), the

thought experiment that if L = 0 (Whlch is the case for the household) the effect of A should be zero, yields
that the sign of the square-root term should be negative. The term under the square-root most be nonnegative
for a solution A; to exist. This places a joint constraint on all primitive parameters involved.

E.4 Dividend claims

‘Zero coupon’ equity claims H,; as in Equation E.15 are conjectured to be of the form
H,, = H(b:, M\, 1, 7) = 0s exp (Bo(T) + B1(T)\¢ + Ba(7) ) (E.38)
with 7 = s — t. Generically, dynamics are given by
dH = Hy (pg dt + 0 6dB) + og\dB} + op,,dB)' + (e7% — 1) dN,) . (E.39)

Note that
t
mHy = moHo + / msH, (MH + pir — Y050 1,5 + A20, 0 + V/ )\sAlUAUH,A) ds
0

t t t
+ / meHom sdBS + / msHom, ,dB" + / moHogadBy + > (mgH,, —m,_H,_ )  (B.A40)
0 0 0

0<s; <t

is a martingale.?? This allows me to compute identifying restrictions for py and OH,5y OH,us O, First however,
the jump terms have to be computed. Note that the diffusion processes related to the wealth-consumption and
price-dividend ratios are not affected by the jump and therefore cancel out. Thus,

7Tth — Wt*Ht* _ 1
ﬂ—th thgtf

|:(th e_LE)_’Y Stf e_L — Ct_,’y(;tf = eL(’Yg_l) — 1. (E41)

20Here, s; denotes the time of the i** jump.
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Adding and subtracting a compensation term related to the expected change in (E.40) due to jumps to (E.40)
gives

t
meHy = moHo + / msH (MH + pr — Y050 H 5 + A20, 01, + VA ALorTE A + A (PO - 1)) ds
0

t t t
—|—/ WSHSO’H,(;dBS—l-/ ﬂsHSoHﬁudBé‘—l—/ 7TSHSO'H7)\dB;\
0 0 0

t
> (wSiHsi—wersr)—/ TeH A (X061 — 1)ds. (E.42)
0

+
0<s;<t

Because the mH is a martingale, it must be that

0= WUH + fr — YOsOH,5 + AQUHJH# =+ / )\SAlaAaH)\ + )\S(eL(vgil) — ].) (E43)

Moreover, by applying Ito’s lemma to the guess about the functional form of H, we get that

1 < _ oH 1 1
po = 47 <HD,U + Haxw(A = Ne) + Hykip (B — ) — o + §H/\)\O'/2\/\t + QHWCTi)
- 1 1
= e+ Bu(r)R(A = M) 4 Ba()ru (i = ) = By (7) = Bi(m)A = Be(r)pe + 5 Bu(r)* 03\ + 5 Ba(7) o,
(E.44)
OH.5 = 06, (E.45)
o = Bi(T)oaxv A, (E.46)
and
om,, = Ba(T)oy. (E.AT)
Substituting the expressions gives
- 1
0= p + Bi(T)k(A = Ae) + Ba(7)ku(ft — pe) — Bo(T) — Bi(T) A — By(T) e + 531(7)20,2\>\t
1 _
+ 532(7’)202 — flet — B+ ok — ()\teVEL(e L)+ (657]‘ — 1))
— 70505 + A0, Ba(T)0,, + V/ AeA10AB1(T)ox\/ At + )\t(eL('Y&_l) —1). (E.48)
Collecting constants and expressions in A; and p; gives
- 1
By(1) = Bi(T)kA + Ba(T)kuji + 8 + yoi —yo3E? + 532(7’)2 + AQBQ(T)Ui (E.49)
1
B{(1) = Bi(7) (k + A203) + 531 (1)203 4 e~ Le/E=7) _ o~Le(-) (E.50)
By(1) = —Ba(7)kK, — &. (E.51)
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Obviously, By(7) = B1(7) = Ba(71) = 0. The solutions to (E.49) to (E.51) are then given by:

By(r) = Hi - f exp(—KpuT), (E.52)
iz iz

9 (e—Lﬁ(l/E—v) — e—Lﬁ(l—v)) (1—e°7)

Bi(r) = - E.53
1(7) (C+ A0l —k)(1—eCr)—2C0 (E.53)
1 Oty (e~ LEM/ET) — o= LE-D)) g2
B = — [ Ax¢o? 2 _ _ 2k
o(7) P ( 2607, + kuf + Ky (og — 05) R — + T .
L (af1l, 1 3 5, 1
P 7€ e — Apgle™ T + —¢ - — A E.54
+/<;#<§ (46' e'))—l—ﬁi 2&e’™ +4/’~u§ w2 2&, ( )

where C' = \/(Alai — k)2 + 2(e~LE0=7) — ¢~ LE(1/€=7)) 5% Note that By(7) < 0 for 7 > 0, which ensures that

the dividend yield is positively related to the outflow risk A, whereas By(7) > 0 for 7 > 0 which ensures that
the level of dividend growth is negatively related to the dividend yield. The price of a dividend claim is then
given by

P = / H,, ds = St/ exp (Bo(7) + By (7))t 4+ Bao(7)pe) ds = 6.F (Mg, ur)- (E.55)
t t

E.5 Returns

Prices P; then have dynamics given by

dP, F F,
?t = ppy + ?’\\/)\ta,\dBt’\ + ?“audBf +05dB] + (e7* — 1) dN; (E.56)
t

Applying the same logic as in E.40 to

t t < /
s F F
7TtPt+/ ’/TS(SSdS:/ 7 Py (ﬂpys+ﬂﬂ,s+P+A2;Ji+A1};\>‘tU§+)\t(€L(%1) 1)) ds
0 0 s

/

t F/ t F t
+/ WSPSJ\/AtaAdBQJF/ WSPS—“aMngJr/ 74 PsosdB®
0 F 0 F 0

t t t
—/ ﬂ'sPs’ya(;dBf—F/ ﬂ'SPsAgaudBé‘—l—/ ﬂsPs\//\tAlade;‘
0 0 0

t
+ > (mePo, —me _Pi_) - / TP (eL08~Y — 1)ds. (E.57)
0

0<s; <t

i.e. that the drift term of the expression on the right hand side must be zero, one gets that the expected return
on a dividend claim j is given by:

A o
1= pupy+ Ft + A (e7F —1) (E.58)
t
= pes B =707 + ™ (€7 = 1) + M (78 — 1) = A\ (e"OD — 1)+ Ny (e7F - 1)
F! F
— Az?’*aﬁ — Alf)‘ai)\t (E.59)
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and the expected excess return by

r— 1= M( = 1)

A (PO 1) 4 A (e7F = 1)
F F
— AQFHO'EL — AlFAO'/Q\ )\t
<0 <0
F F!
= - AQF“ag - Alf’\oi A+ A (€ =11 —e )]
—_——
<0 <0 >0
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F Additional tables

Table F.1: Predictive regressions, quartile portfolios

Panel A: Raw returns and dividend growth

15t quartile 2 3 4t quartile
Tl By 0.06** 0.07**  0.12** 0.07**
(2.08) (4.01) (2.43) (2.19)
R? 2.55 6.48 12.86 5.14
LR 0.26% 0.53***  0.85%* 0.94***
(3.21) (3.2) (4.58) (2.73)
Adyii 1 B -0.17 -0.06* -0.02 -0.01
(-1.45) (-1.66)  (-1.15) (-0.24)
R? 4.44 4.68 0.92 0.04
BER 076 -047*  -0.16 -0.09
(-2.78) (-2.39)  (-1.38) (-0.26)

Panel B: Excess returns and excess dividend growth

15t quartile 2 3 4t quartile
Tl —Tree1 DBr 0.02 0.04** 0.08 0.03
(0.52) (2.21) (1.37) (0.7)
R? 2.55 6.48 12.86 5.14
pLE 0.08 0.28**  0.55*** 0.36
(0.86) (1.8) (2.81) (0.96)
Adpy1 — 1y Ba -0.22* -0.09**  -0.07** -0.05
(-1.8) (-2.38)  (-2.26) (-1.49)
R? 4.44 4.68 0.92 0.04
BER 0957 072" 046" -0.67™*
(-3.31) (-3.24)  (-3.46) (-1.75)
Panel C': Dividend yield autoregression
low 10 2 3 high 10
dpi 41 p 0.79*** 0.89***  (.88*** 0.95%**
(5.46) (21.19)  (18.77) (38.45)

Predictive regression and dp-ratio autoregression results. Numbers in brackets are NW-t¢-statistics with 10

lags. *** ** and * for one-period slope estimates indicate significance at the ten, five and one percent level,

respectively. For long-run coeflicients, stars refer to the respective significance levels of one-sided tests computed

according to the delta method.
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Table F.2: Simulated p—values, quarterly regression

Panel A: Portfolio 1, low 10

Hy:B8,=0,p=0p Br p-value  Qo.os Qo.95 Ba p-value  Qo.os Qo.95
short-run 0.01 0.2003 -0.02  0.03 —0.11 0.2057 -0.22 -0.08
long-run 0.12 0.1297 -0.17  0.16 —0.89 0.1507 -1.17 -0.84
p joint hyp. BEE > BTLR A 651% > BC%R: 0.1297

Hy:B4=0,p=p Br p-value  Qo.o5 (o.95 Ba p-value  Qo.o5  Qo.o5
short-run 0.03** 0.0081 -0.02 0.02 —0.10 0.0862 -0.24 -0.09
long-run 0.25***  0.0007 -0.12 0.13 —-0.75*** 0.0011 -1.12 -0.87
p joint hyp. BER < BLR A BER < BLR. (.0007

Panel B: Portfolio 2

Hy:5,=0,p=p Br p-value  Qo.o5  Qo.95 Ba p-value  Qo.05  Qo.o5
short-run 0.03***  0.0000 0.12 0.15 —0.10 0.0696 -0.11 0.04
long-run 0.25***  0.0000 0.54 1.43 —0.75*** 0.0000 -0.46 0.43
p joint hyp. BER > BLR A BER > BLR. (.0000

Hy:B4=0,p=p Br p-value  Qoos Qo.os Ba p-value  Qoos Qo.os
short-run 0.03***  0.0000 0.12 0.15 —0.10** 0.0110 -0.07  0.03
long-run 0.25***  0.0000 0.67 1.32 —0.75*** 0.0000 -0.33 0.32
p joint hyp. BER < BLR A BER < BLE: (0.0000

Table continues on next page
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Table continues from previous page

Panel C': Portfolio 3

Hy:B8,=0,p=0p Br p-value  Qo.os Qo.95 Ba p-value  Qo.os Qo.95
short-run 0.04* 0.0490 -0.02 0.04 —0.04** 0.0124 -0.16 -0.05
long-run 0.48*** 0.0043 -0.29 0.31 —-0.52** 0.0043 -1.29 -0.69
p joint hyp. BER > BER A BER > BER: 0.0043

Hy:84=0,p=p Br p-value  Qoos Qo.os Ba p-value  Qoos Qo.os
short-run 0.04***  0.0043 0.05 0.11 —0.04 0.2487  -0.08 0.02
long-run 0.48 0.0576 0.47 1.45 —0.52 0.0576  -0.53 0.45
p joint hyp. BER < BER A BER < BER: 0.0576

Panel D: Portfolio 4, high 10

Hy:3,=0,p=p Br p-value  Qo.o5 Qo.95 Ba p-value  Qo.o5  Qo.95
short-run 0.05 0.0563 -0.03 0.05 —0.03*** 0.0043 -0.15 -0.05
long-run 0.62*** 0.0027 -0.37 0.39 —0.38*** 0.0029 -1.37 -0.61
p joint hyp. BLR > BLR A BER > B(IjR: 0.0027

Hy:B4=0,p=p Br p-value  Qo.o5 (o.95 Ba p-value  Qoos Qo.os
short-run 0.05* 0.0430 0.05 0.12 —0.03 0.3120 -0.08 0.03
long-run 0.62 0.1689 0.47 1.48 —0.38 0.1659 -0.53 0.48
p joint hyp. BER < BER A BER < 57" 01659

Parameter estimates and simulated p-values for the estimates. Q, denotes the p-quantile of the simulated
distribution. * ** and *** denote significance on the one, five and ten percent level, respectively (based on 5,000
simulations and with respect to the respective null hypothesis, i.e. whether the estimate is consistent with the
null. Stars indicate that it is not). The rows labeled “Pr[ - |Hp]” show the estimated probability of the noted
events occuring given that the respective null hypothesis is true.
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Table F.3: Simulated p—values, quarterly regression, excess

returns

Panel A: Portfolio 1, low 10

Hy:8,=0,p=p Br p-value  Qoos  Qo.os Ba p-value  Qoos Qo.os
short-run 0.01 0.2420 -0.02 0.03 —0.11 0.2242 -0.22 -0.08
long-run 0.10 0.1747 -0.17 0.16 —0.91 0.2065 -1.17 -0.84
p joint hyp. BER > BLR A BLR > BLR. (1747

Hy:B4=0,p=p Br p-value  Qo.os Qo.95 Ba p-value  Qo.os Qo.95
short-run 0.01***  0.0000 0.10 0.15 —0.11* 0.0434 -0.11 0.04
long-run 0.10***  0.0000 0.53 1.44 —0.91*** 0.0000 -047 0.44
p joint hyp. BER < BLR A BER < BLR: ().0000

Panel B: Portfolio 2

Hy:B8,=0,p=0p Br p-value  Qo.os Qo.95 Ba p-value  Qo.os Qo.95
short-run 0.03** 0.0126  -0.02 0.02 —0.10 0.0983 -0.24 -0.09
long-run 0.23***  0.0020 -0.12 0.13 —0.77** 0.0024 -1.12 -0.87
p joint hyp. BER > BER A BER > BER: 0.0002

Hy:B4=0,p=p Br p-value  Qo.o5 Qo.95 Ba p-value  Qo.o5  Qo.o5
short-run 0.03***  0.0000 0.12 0.15 —0.10 0.0650 -0.11 0.04
long-run 0.23***  0.0000 0.54 1.43 —0.77*** 0.0000 -0.46 0.43
p joint hyp. BER < BLR A BER < BER. 0.0000

Table continues on next page
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Table continues from previous page

Panel C': Portfolio 3

Hy:B8,=0,p=0p Br p-value  Qo.os Qo.95 Ba p-value  Qo.os Qo.95
short-run 0.03 0.0620 -0.02 0.04 —0.04** 0.0199 -0.16 -0.05
long-run 0.45** 0.0063 -0.29 0.31 —0.55** 0.0066 -1.29 -0.69
p joint hyp. BER > BfR A BER > BER: 0.0063

Hy:B4=0,p=p Br p-value  Qoos Qo.os Ba p-value  Qo.05  Qo.95
short-run 0.03***  0.0031 0.05 0.11 —0.04 0.2280 -0.08 0.02
long-run 0.45* 0.0417 0.47 1.46 —0.55* 0.0416 -0.53 0.46
p joint hyp. BER < BER A BER < BER: 0.0416

Panel D: Portfolio 4, high 10

Hy:3,=0,p=p Br p-value  Qo.o5 Qo.95 Ba p-value  Qo.o5  Qo.95
short-run 0.04 0.0690 -0.03 0.05 —0.03** 0.0070 -0.15 -0.05
long-run 0.58** 0.0051 -0.38 0.39 —0.42** 0.0053 -1.38 -0.61
p joint hyp. BLR > BLR A BER > B(IjR: 0.0051

Hy:B4=0,p=p Br p-value  Qo.o5 (o.95 Ba p-value  Qoos Qo.os
short-run 0.04* 0.0296 0.05 0.12 —0.03 0.2788 -0.08 0.03
long-run 0.58 0.1259 0.48 1.48 —0.42 0.1227  -0.52 0.48
p joint hyp. BER < BER A BER < BET: 01227

Parameter estimates and simulated p-values for the estimates. Q, denotes the p-quantile of the simulated
distribution. * ** and *** denote significance on the one, five and ten percent level, respectively (based on 5,000
simulations and with respect to the respective null hypothesis, i.e. whether the estimate is consistent with the
null. Stars indicate that it is not). The rows labeled “Pr[ - |Hp]” show the estimated probability of the noted
events occuring given that the respective null hypothesis is true.
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Table F.4: Sorting variables descriptives
low BM high BM low ME high ME

BM ME inm $
10 < 30% 0.23 3332
10 > 30% 0.25 5337
10 < 5% 2.25 17
10 > 5% 1.36 25

Average number of stocks

10 < 30% 407 276
10 > 30% 659 1275
10 < 5% 156 353
10 > 5% 909 670

Descriptive statistics on the sorting variables of the double sorts. BM is the book-to-market equity
ratio. ME is market equity. low (high), BM (ME) are the bottom (top) 30% of stocks in the sample.
All values are equal weighted averages.
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Table F.5: Predictive regressions of earnings growth and using the price-earnings
ratio

Panel A: Panel B: Panel C"
AEt+1:Oé+ﬁ‘DRf AEt+1:Oé+B'EPt RH_l:Oé‘i‘B'EPt
B R? 6] R? I6] R?
low IO -2.7994 -6.627 -0.4754
p. 0.4936 0.00 p. 0.1548 0.04 p. 0.8244 0.02
2 -8.4709 -0.0973 -0.1797
p. 0.3933 0.03 p. 0.4735 0.00 p. 0.8189 0.02
3 -4.9606 -0.5448 0.8265
p. 0.2866 0.01 p. 0.4161 0.00 p. 0.1073 0.05
high IO  6.6171 2.2675 2.2625
p. 0.7194 0.01 p. 0.7071 0.00 p. 0.114 0.08
Slope estimates of predictive regressions of earnings growth AF;, ., = Egl and returns R on the

earnings-price ratio FP and on the dividend yield DP for each of the four portfolios. Simulated
p—values p. are computed using 5000 articfical data sets generated under the null of no predictability:

Yig1 = 57+5t1;1

X1 = pXp + Gfih

where Y, p and Cov(e¥,€") are as estimated from the data. E[e¥] = E[e*] = 0.
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