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Abstract

We develop a new approach to modeling dynamics in cash flow data extracted from
daily firm-level dividend announcements. We decompose daily cash flow news into a
persistent component, jumps, and temporary shocks. Empirically, we find that the
persistent cash flow component is a highly significant predictor of future growth in
dividends and consumption. Using a log-linearized present value model, we show that
news about the persistent dividend growth component helps predict stock returns
consistent with asset-pricing constraints implied by this model. News about the daily
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1 Introduction

On most days, a multitude of firms announce cash flow news, but the number of firms, as
well as the industries they belong to, can vary greatly over time. Such variation gives rise
to a highly irregular cash flow news process and complicates investors’ attempt to infer the
underlying growth rate of cash flows for individual firms, industries, and for the economy
as a whole. This is important because the resulting cash flow growth estimates are a key
driver of investors’ forecasts of future cash flows, their assessment of cash flow risks, and,
ultimately, of how stocks are priced.!

While information extracted from firms’ cash flow announcements is critical to
understanding investors’ cash flow expectations and, in turn, movements in individual and
aggregate stock prices, relatively few studies analyze predictability of cash flows and, in
most cases, focus on quarterly or annual changes in aggregate dividends or earnings.’?
However, data aggregated in this manner may conceal the rich dynamic patterns in cash
flows recorded at a higher frequency which reduces our ability to study important questions
such as how fast cash flow growth responds to changes in the underlying state of the
economy.

Several challenges complicate attempts to measure daily cash flow dynamics. First, most
firms’ cash flows have a pronounced seasonal component related to weather patterns and
holiday sales. Second, the number of firms announcing cash flow news on any given day can
fluctuate between as little as zero to more than one hundred firms. Third, the particular
date on which a firm announces dividends can vary widely from year to year, requiring that
close attention be paid to constructing daily proxies that account for firm specific effects.

Fourth, there is considerable heterogeneity across individual firms’ cash flow processes. The

Patton and Verardo (2012) develop a rational learning model to explain the patterns in firms’ betas
observed around earnings announcements. Their model contains unobserved firm-specific and common
earnings innovation terms and investors’ extraction of these components is modeled as a Kalman filtering
problem. Savor and Wilson (2016) develop a learning model in which investors decompose cash flow news into
firm-specific and market-wide components. Positive covariances between the cash flow process of individual
firms and of the broader market imply that bad (good) news on individual firms’ cash flows result in reduced
(increased) forecasts of aggregate cash flows. In turn, this cash flow learning channel implies that stock
returns of announcing firms and of the aggregate market are positively correlated, justifying an announcement
risk premium for exposure to individual firms’ cash flows. These models do not allow for jumps in cash flows,
although in practice this is an important feature of earnings and dividend data.

2Cochrane (2008) finds little evidence of predictability in dividend growth, while van Binsbergen and
Koijen (2010) and Kelly and Pruitt (2013) find some evidence that growth in dividends is predictable.



combined effect of these factors is that daily cash flow news tends to be very lumpy.

To address these challenges, we develop a new approach to measure and model dynamics
in high frequency (daily) cash flows. We deal with firm-level heterogeneity and seasonality
effects by taking a bottom-up approach that starts from changes in individual firms’ dividends
on a given day relative to their payments over the same quarter during the previous year.
In contrast with conventional smoothed estimates, only data on those firms that announce
dividend news on a given day are used to update the dividend growth estimate, ensuring
that our measure is timely in picking up changes in the cash flow process.®> Moreover, by
computing a dollar-weighted growth estimate, we account for variation in the size of the
firms paying dividends on any given day.? Our dividend growth measure uses dividend
announcements by publicly traded firms as opposed to dividend payments which form the
basis for the CRSP measure of dividend growth conventionally used in the finance literature.
This is an important distinction because dividend announcements precede dividend payments
by several weeks, giving our dividend measure a significant timing advantage and more closely
aligns our measure with movements in market prices following dividend news.?

We account for lumpiness in daily values of year-on-year changes in firm-matched cash
flows, by decomposing cash flow news into a slowly evolving component that picks up time
variation (predictability) in the mean of the cash flow process, a transitory component whose
volatility is allowed to change over time, and large jumps whose probability of occurring can
depend on the number of firms that announce cash flow news on a given day. All three
components turn out to be important for capturing predictability in the dividend growth
process and evolution in the uncertainty that surrounds growth in cash flows.

An important test of our approach is whether it can be used to generate more accurate
forecasts of cash flows than existing methods. Empirically, we find that our estimate of

the persistent dividend growth component is a strong predictor of future dividend growth.

3To illustrate the loss in information from the common practice of aggregating cash flow news over the
most recent 12-month period and updating this on, say, a monthly basis, suppose that firms’ announcement
dates are uniformly distributed across calendar dates. Every month when the cash flow estimate gets
updated, the same weight is assigned to firms announcing cash flows close to the cutoff date and firms whose
announcement date happened almost one year previously. This weighting automatically makes the resulting
growth estimate stale and also introduces serial correlation in the estimate.

4Cash flow news is often announced after the regular trading sessions in the stock market have closed and
so aggregating across firms that announced cash flows within a 24-hour interval — as opposed to modeling,
say, hourly cash flow news — seems appropriate.

5 Announced dividends precede actual dividend payments by approximately 42 days, on average.



Moreover, the predictive power of our approach compares favorably to alternative predictors
of dividend growth proposed by van Binsbergen and Koijen (2010) and Kelly and Pruitt
(2013). We also find that our measure of the persistent dividend growth component is
a positive and significant predictor of future growth in GDP and aggregate consumption.
In sharp contrast, “raw” dividend growth, as well as the individual jump or transitory
shock components, are very noisy and turn out not to have any predictive power over future
dividend growth. Our results suggest that firms closely monitor the state of the economy and
adjust their dividend policies in anticipation of changes in slow-moving economic indicators
such as GDP and consumption growth.

A key limitation of empirical tests of asset pricing models is that while high-frequency
data are available on movements in individual and aggregate stock prices, cash flows of
individual firms are observed at much lower frequencies (typically quarterly). The absence of
high-frequency cash flow data reduces researchers’ ability to estimate and test asset pricing
models which rely on the joint dynamics of stock prices, expected returns and cash flow
growth expectations.

The second part of our paper addresses these challenges by using our new daily cash
flow estimates to study predictability of stock returns in the context of the log-linearized
present value approach developed by Campbell and Shiller (1988). The present value model
offers several advantages. As shown by Cochrane (2008) and van Binsbergen and Koijen
(2010), the present value model implies a set of cross-equation restrictions that tie the
coefficients of the variables in the prediction model for dividend growth to the coefficients on
the corresponding variables in the return prediction model. In particular, any variable that
helps predict future dividend growth should also, in general, have the ability to forecast stock
returns, after controlling for predictor variables such as the log dividend-price ratio. We find
strong empirical evidence that variation in the persistent dividend growth component is a
strong and significant predictor of daily stock returns and that the cross-equation restrictions
implied by the present value model are supported by the data. Moreover, we show that our
new dividend growth measure can be used to predict stock returns several days into the
future. At the monthly horizon, our persistent dividend growth measure provides more
accurate out-of-sample forecasts of stock market returns than all but one of the fourteen

predictor variables considered by Goyal and Welch (2008).



We also study whether the different components extracted from the dividend process
help explain concurrent (same-day) dynamics in stock returns. We find strong evidence
that positive shocks to the persistent dividend growth component are associated with higher
same-day mean stock returns, lower stock market volatility, and a reduced likelihood of
outliers (jumps) in stock returns, again in a manner that is consistent with the cross-equation
restrictions implied by the present value relation. Higher uncertainty about dividend growth
translates into higher stock market volatility as well as a higher chance of a jump (outlier)
in stock returns, suggesting that daily dividend news is an important driver of dynamics in
aggregate stock market returns and is not just limited to affecting the mean of stock returns.

Our paper is related to a literature that estimates the effect of new information on stock
prices on days with news releases using event-study methodology, see e.g., Cutler et al.
(1989) and McQueen and Roley (1993). A limitation of this approach is that news stories
are qualitative (e.g., “world events” ), heterogeneous across news categories (news on housing
starts versus monetary policy shocks), and, sometimes, rare (monetary policy shocks). In
addition, the effect of these news may be state-dependent. For example, good news about
the economy can be bad news to stock prices in a high-growth state (McQueen and Roley
(1993)) and may depend on whether the economy is operating above or below trend (Law
et al. (2018)). Macroeconomic news can also be difficult to decipher because they comprise
a bundle of information about cash flows and expected returns (Boyd et al. (2005)).

The methodology developed in our paper is also related to papers in the asset pricing
literature such as Chib et al. (2002) and Eraker et al. (2003a) which estimate models of
stock return dynamics with stochastic volatility and jumps. There are three key differences
between our approach and these papers. First, to the best of our knowledge, no existing
study has attempted to model the high-frequency dynamics in dividends using such methods,
let alone estimate and test a model as general as ours. Second, our paper tests asset pricing
implications implied by the present value model, using a much higher data frequency (daily)
than previously attempted. Third, our paper models the transmission from daily cash flow
news—in the form of mean, volatility, or jump components—to contemporaneous dynamics in
stock market returns, including variation in the volatility and jump probability of returns.

The outline for the paper is as follows. Section 2 introduces our data and explains how we

construct a daily cash flow index from dividend announcement data. Section 3 explains our



econometric modeling approach and reports empirical model estimates. Section 4 analyzes
dividend growth predictability. Section 5 develops the present value framework to explore
the implications of predictability of dividend growth for return predictability, while Section
6 analyzes the effect of news about the dividend growth process on concurrent stock returns
and Section 7 concludes. Additional technical details, extensions and robustness tests are

reported in a set of web appendices.

2 Data

We start our analysis by explaining how we construct our daily dividend growth series and
describing the data sources that we use. Our analysis of daily cash flows focuses on growth
in dividends which, as pointed out by Kelly and Pruitt (2013), has been the focus of a large
literature on asset pricing.® Because earnings can be negative, defining growth in earnings
poses challenges that are quite different from those arising when studying dividends.

The biggest effect of dividend news on asset prices is likely to come through their
information content, so we focus on dividends as initially announced as opposed to the
actual dividend payments. However, in the web appendix we also undertake an analysis of
daily dividends viewed from the perspective of the payment date which allows us to

compare the information effect to the direct cash flow effect from dividend payments.

2.1 Sample construction

Our sample includes all ordinary cash dividends declared by firms with common stocks
(share codes 10 and 11) listed on NYSE, NASDAQ, or AMEX from 1926 to 2016.” We
do not exclude special dividends from our measure. For example, Costco (permno 87055),
which usually pays around 30 cents per quarter in dividends, declared two “special dividends”
during our sample: $7 per share on 28 November 2012 and $5 per share on 30 January 2015.
Those two dividends, with CRSP codes 1232 and 1272, respectively, are included in our
dividend measure. What is not included in our measure is non-ordinary dividends such as

M&A cash flows, buybacks and new issues. We also require firms to have valid stock prices

6See, e.g., Campbell and Shiller (1988), Cochrane (1992), Lettau and Ludvigson (2005), Koijen and
Nieuwerburgh (2011), and Maio and Santa-Clara (2015).
"Ordinary cash dividends have CRSP distribution codes below 2000.



and a valid figure for the number of shares outstanding when dividends are announced.
Furthermore, we make sure there are no duplicate observations in the dataset and that each
firm pays only one dividend at any point in time.® Overall, our sample consists of 503,591
declared dividends.’

Corporate dividends have a strong firm-specific component and often display
pronounced seasonal variation. Our analysis therefore computes dividend growth by
comparing same-firm, same-(fiscal) quarter, year-on-year changes in cash flows. To this
end, let D;m be the total dividends declared by firm ¢ on day s in year yr, calculated as

the dividend per share times the number of outstanding shares. Moreover, let Ié,,,s be an

indicator variable that equals one if company ¢ announces quarterly dividends on day s in
year yr, and otherwise takes a value of zero, while s is the associated same-quarter,
prior-year dividend announcement date for firm 7.!° For example, a company may have
declared dividends on May 17, 2014 while it declared the corresponding quarter’s prior-year
dividends on May 9, 2013, in which case s is May 17, 2014 and s is May 9, 2013.
Aggregating across firms, the total dollar value of dividends paid out on day s in year yr
is SN I D, ., where Ny, is the number of (publicly traded) firms in existence in year yr.
Similarly, the total value of dividends paid out by the same set of firms for the same fiscal

quarter during the prior year is given by S~ i _Di Taking the ratio of these two

i=1 *yr,s~yr—1,5*
numbers, we obtain a measure of the aggregate, year-on-year (gross) growth in dividends:!!

ZNW i Dz

=1 “yr,syr,s (1)
N, : : .
Zzzyf I:IZ/T,SDZZ/T—Lg

Gyr,s -

Note that the number of firms used in this calculation — as well as their identity — changes

on a daily basis and from year to year as firms shift their dividend announcement dates.

8There are instances in CRSP in which a company declares or pays multiple dividends on the same day,
using different distribution codes but still classified as ordinary dividends. We aggregate such dividends to
convert them into a single dividend. As an example, on November 23, 1983, PPL Corporation (permno
22517) declared two ordinary dividends of 39 and 21 cents.

9Following a recent update, CRSP no longer provides the dividend declaration date prior to 1962 and
data until 1964 appear to be incomplete. Nonetheless, we also have an older version of the database in which
the declared dividend dates start in 1926. As a consequence, we have 101,476 pre-1964 observations and
402,115 post-1964 observations.

105 depends on both the firm i and years yr — 1 and yr, so a more precise notation is 3(i, yr — 1,yr).

11 Only seven percent of individual firms’ year-on-year dividend growth observations in our sample are
constant, suggesting that firms often change their dividends, even marginally, every year.



Only firms for which I;m = 1 are included in this calculation, ensuring that the same firms
are used in both the numerator and denominator of the ratio. Equation (1) uses the dollar
amount paid in dividends by individual firms, implicitly applying value weights since large
firms tend to have larger dividend payouts.!?

As a first illustration of our data, Figure 1 provides a plot of the number of firms, as
well as the dollar dividend and the (net) growth rate from equation (1) during a single
quarter (Q2 2014). The top panel shows substantial intra-quarter variation in the number of
firms announcing dividends. During this particular quarter, the maximum number of firms
announcing dividends on any one day was 68 (on April 24), while the minimum number was
one (on June 22). On several days more than 50 firms announced dividends.

The middle panel in Figure 1 shows the total value of dividends declared on individual
days. This depends on the number of firms announcing dividends as well as on their size as
large firms tend to announce bigger dividends."?

Lastly, the bottom panel in Figure 1 shows the daily net dividend growth during the
quarter. Peaks in this measure need not coincide with days where most firms announce
dividends (top panel) or days on which the overall amount of dividends announced (middle
panel) peaked. This is because the dividend growth rate depends on dividends announced

by the same group of firms during the prior year as reflected in the denominator of equation

12An alternative approach that more explicitly accounts for heterogeneity in firm size is to first define
individual firms’ cash flow growth as

Dy s : i
o _{ = it r =1

yrs yr—1,§ .
0 otherwise

In a second step we can use individual firms’ market capitalization to aggregate the cash flow growth rates
across firms that pay dividends on day s in year yr :

Ny,
_ i i A
Gyr,s = E Iyr,swy,q,sGy,.7s, where
i=1

MktCap}, , x I

yr,s

S MktCapi, , x Ii,

yr,s

is the weight on company ¢ in the daily year-on-year value-weighted dividend growth calculation. Results
based on this alternative measure, available in the internet appendix, are very similar to those based on the
measure in equation (1).

13The largest amount of dividends declared during Q2 2014, $7.12bn, happened on April 24, while only
$3.6m of dividends were announced on June 30.



(1). For example, the gross dividend growth rate on June 22 (1.15) is generated by a single
firm announcing dividends on that day: the firm announced $155m in dividends in Q2,
2014 and $135m for Q2, 2013. Thus, variation in daily dividend growth rates reflects both
heterogeneity across firms’ dividend behavior and shifts in the number of firms announcing

dividends on a given day.

2.2 Features of daily dividend growth

Our data span the period 1927-2016, but the first part of the sample is dominated by the
Great Depression. For robustness, we therefore split the sample into halves and study both
the full sample and the second half of the sample from 1973 to 2016. Figure 2 (top panel)
plots Ady, s = In(Gy, ) from 1973 to 2016. On days with no dividend announcements, we
set the series to zero.!* The daily dividend growth series is very spiky and dominated by
days with unusually large positive or negative dividend growth. There is also evidence of a
sustained decline in dividends during the financial crisis.

The features displayed by our daily series of year-on-year growth in dividends in Figure 2
can be summarized as follows: (i) the daily dividend growth series is very lumpy, reflecting
variation, both, in individual firms’ cash flow growth and in the composition of firms that,
on any given day, announce dividends; (ii) daily dividend news is driven by a persistent
component which is particularly pronounced during the financial crisis of 2008/09; (iii) the
volatility of daily cash flow news changes over time with unusually calm periods interchanged

with more volatile periods.

2.3 Comparison with the standard dividend growth measure

The conventional alternative to our bottom-up approach is to extract dividends top-down
using market returns with and without dividends as published by the Center for Research
in Security Prices (CRSP). Three limitations render this alternative approach unattractive.

First, the daily CRSP index accounts for dividends distributed on a particular day but
does not show when those dividends were announced. This distinction is crucial as firms
typically announce dividends several days prior to the payment date and it is the news effect

of announced dividends that we would expect to be important for movements in stock prices.

14This happens on 170 days, or 1.4% of the full sample.



Second, the set of firms announcing or paying dividends on any given day is generally
different from the set of firms announcing dividends on the same day one year earlier. As a
consequence, year-on-year estimates of dividend growth from daily values of the CRSP index
are difficult to interpret as they do not control for firm fixed effects and so may get distorted
due to changes in the composition of the set of firms paying dividends on a given calendar
day, confounding dividend growth information with composition shifts.!®

Third, the CRSP index contains different assets such as ETFs and mutual funds
(Sabbatucci (2017)) whose dividends follow a pattern different from that of individual
firms.

These points turn out to make a crucial difference to daily dividend growth. To see
this, the bottom panel of Figure 2 plots the daily dividend growth rate constructed using
the conventional top-down CRSP approach over the sample 1973-2016.'1¢ While the daily
dividend growth series based on our bottom-up methodology (top panel) is affected by
occasional jumps, it clearly contains a persistent component linked to the state of the
economy. In contrast, the daily dividend growth series constructed from the CRSP return

indexes is very noisy throughout the sample.

3 Econometric model

To match the features of the daily dividend growth data noted above, we next develop an
econometric model that incorporates multiple components to capture different parts of the
dividend dynamics. We accomplish this as follows. First, we account for lumpiness by
allowing for a jump component in daily cash flow growth. Since the lumpiness introduced
by firm-level heterogeneity in dividend payments is more likely to be diversified away if a
large number of firms announce dividends on the same day, we allow the jump intensity to
depend on the number of firms announcing dividends. Second, we incorporate a persistent
component in the mean growth equation. Third, we account for time-varying volatility by

modeling ordinary shocks to daily dividend growth as a stochastic volatility process.

15Changes in the composition of the dividend-paying firms has a far smaller effect on dividend growth
measured at longer time intervals such as a quarter or a year.

16To replicate our methodology as closely as possible, the daily dividend measure from CRSP shown here
computes the growth rate as the change in aggregate dividends paid on a given day relative to aggregate
dividends paid on the same day (or whichever day is closest) during the previous year.



We next introduce our econometric approach. To simplify notations, we use the daily
indicator t in place of the more cumbersome yr, s notation used in equation (1). Thus,

Ad; = In(Gy,,s) denotes the year-on-year growth in dividends announced on day t.

3.1 A components model for daily dividend growth

Our econometric model decomposes the daily dividend growth process, Ad;q, into three
parts, namely (i) a persistent term, pg.1, which captures a smoothly evolving mean
component; (i) a jump component, &y y1Jgr1, where Jgu 1 € {0,1} is a jump indicator
that equals unity in case of a jump in dividends and otherwise is zero, while 4,1 measures
the magnitude of the jump; (iii) a temporary cash flow shock, e441, whose volatility is

allowed to be time-varying. Adding up these terms, we have

Adypr = praser + a1 a1 + Eae- (2)

We next motivate this decomposition and introduce our assumptions on the individual
components.

As we reduce the time interval over which dividends are measured, the data become a
lot scarcer, with sizeable day-to-day variation in both the number and types of firms that
announce dividends. To minimize the effect of such composition shifts, our main empirical
analysis focuses on an aggregate, market-wide measure of dividend growth which offers the
broadest coverage of dividend events and minimizes the number of days with very few firms
announcing dividends.

To understand how daily changes in the composition of firms announcing dividends can
affect our dividend growth measure, suppose the data generating process for aggregate

dividend growth, Ad .1, takes the form

Adari1 = fla+1 + 0acars1,  Eart ~ N(0,1), (3)

where p411 is the conditional mean of the aggregate dividend growth process at time ¢ 4 1
and o4 is the volatility of the daily shocks, €4411.

We capture any persistence that may be present in the mean of the dividend growth

10



process by assuming that g1 follows a mean-reverting first-order autoregressive process

fdirr = fta + G (far — fta) + OpEurvrs Eurrr ~ N(0,1), (4)

where |¢,| < 1 and €41 is assumed to be uncorrelated with €4,11. In the special case where
¢, =0, dagy1 follows a random walk process whose changes, Ad 41, are unpredictable.

In practice, we do not observe the aggregate dividend process at the daily frequency.
Rather, we observe the dividends announced by a subset of firms on a given day. Shifts in
the composition of firms announcing dividends on any given day can introduce measurement
issues and must be carefully dealt with when modeling the dynamics in the observed dividend
process. To see how changes in the composition of dividend-announcing firms affect our
dividend growth measure, let Ad;;,1 be the observed value of firm i’s year-on-year dividend
growth rate on day ¢ + 1. We decompose this into a systematic component that is driven
by firm i’s cash flow beta (5;) times the growth in aggregate cash flows, 3;Ad a1, and an

idiosyncratic component, £;;,1, assumed to be uncorrelated across firms:
Adiry1 = BiDd g + oiciyr, i ~ N(0,1). (5)

Let w;; be the weight on the dividends announced by firm ¢ on day ¢, measured relative to
the total amount of dividends paid out by all firms on this day, so w; = 0 if firm ¢ does not
announce dividends on day ¢ and fvzdf wi = 1 on all days, where Ny is the number of firms
announcing dividends on day t. Our measure of (announced) dividend growth on day ¢+ 1,

Ad, 1, aggregated across all dividend-announcing firms, can then be computed as

Ngi41 Ngiy1
Adt+1 = E Wit+1Adit+1 = E Wit+1 [6iAdAt+1 + Uﬂitﬂ]
i1 i=1
Nat4+1 Nat11
= E Wit15i | Ad g1 + E Wit+104€it+1
i1 i=1
= [i1Adagir + ogiEirr, €1 ~ N(0,1). (6)

where 5,11 = ZZJ-V:CI{“ wit13; is the weighted average of cash-flow betas of firms announcing
1/2
dividends on day t+1, and o441 = [ Natr 52,2 +1} . If all stocks have identical cash flow

betas, ;41 in (6) will be constant over time and equal to the average beta, 3. Even if there

11



is heterogeneity in firms’ cash flow betas, provided that the number of firms announcing
dividends each day is large, the weights on individual firms (w;;y1) are small, and the subset
of firms announcing dividends on a given day is reasonably random over time, we would
expect little time variation in 5;.;. This makes it easy to extract a daily estimate of the
aggregate dividend growth rate from equation (6) by means of filtering methods.

In practice, however, the number of firms announcing dividends is low on some days.
Moreover, on some days the announced dividends are either dominated by a few individual
companies or by companies within the same industry. If cash flow betas vary systematically
across industries, this can lead to time variation in the cash flow beta of the subset of
dividend-announcing firms.

While these composition effects can lead to time variation in the cash flow beta of the
observed dividend growth process, Ad, 1, such effects are temporary and so ;41 — 5 will be

mean reverting towards zero. Using (6), we can therefore write

Adipr = BAdarr1 + (Beg1 — B)Adarss + Gars184 (7)
= Blptar1 + oacarer] + (Brar — B) [tarer + 0aai41] + Oarr18
B = B B = B T4
X fhdt+1 T (tL*),udz%l R e OAEAt+1 T+ $5t+1~
g g g
Compared to the aggregate dividend process in (3), there are some additional time-varying
terms in the observed dividend growth rate: (i) w lat+1; this term can be quite volatile

because of random variation in the first part, (8,41 — )/, driven by the process determining
the number and types of firms announcing dividends on any given day. This term tends to be
particularly volatile on days where few firms announce dividends, increasing the probability

that |41 — (]/B will be large; (ii) ’Bt%fﬁ 0 A€ ar41; this is the product of a random component

(Biy1 — B)/B and an uncorrelated temporary shock, €a;11; (iil) (0ari1/8)ees1. The last two
components can introduce time-varying and persistent volatility in Ad,; if firms in certain
industries tend to cluster their dividend announcement dates around certain dates and if
the volatility of the idiosyncratic dividend growth component differs across industries, as we
might expect.

Our model in (2) captures the effect of these components in Ad;;; in two ways. First,

the jump component, &4 1J411, can handle temporary composition shifts that lead to large

12



variation in the daily cash flow beta of our composite dividend growth measure. It can also be
used to absorb outliers in company-specific dividend shocks, €;:11, on days where individual
firms dominate dividend announcements. Because the magnitude of this component is likely
to be larger on days with few firms announcing dividends, we allow the jump probability to

depend on the number of announcers, Ny, 1:
Pr(Jus =1) =P (A + XoNari1) , (8)

where ® is the CDF of a standard normal distribution. The magnitude of the jumps is
modeled as &g ~ N (0, O'g).
Second, our model captures time-varying heteroskedasticity in Ad;;; by modeling the

variance of the residuals in the dividend growth process as a stochastic volatility process:
Edt+1 ™~ N<07 ehdt+l>7 (9)
where hg 1 is the log-variance of 4,1 which is assumed to follow a mean-reverting process

hat+1 = pn + On (hat — fn) + Onenesr, Ener1 ~ N (0, 1), (10)

where €541 is uncorrelated with both €441 and €,:41. Stochastic volatility in the dividend
growth process (7) may arise due to the clustering of days with firms from similar industries
(e.g., financial institutions) announcing dividends.

To summarize, our dividend growth model in (2) accounts for a persistent mean-reverting
component, time-varying volatility, and jumps. We evaluate the importance of these features
by comparing results from the general model in (2) to a simpler (no-jump) model that ignores

jump dynamics and stochastic volatility and so takes the form
Adiyy = Mévtvil + Edt+1, Edt+1 ™~ N(07 03)7 (11)

where ,ué\gl follows the process in (4). This comparison allows us to gauge the importance

of incorporating jump dynamics and stochastic volatility for our estimate of f1g41.
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3.2 Estimation

We adopt a Bayesian approach that uses Gibbs sampling to estimate the model parameters.
Details of our estimation procedure are provided in Internet Appendix A while Internet
Appendix B documents the convergence properties of our estimation algorithm.

It is worth briefly describing the priors that underlie our model. We choose standard
normal-gamma conjugate priors which simplify the process of drawing from the conditional
distributions of the model parameters in the Gibbs samplers. Moreover, we specify
independent priors for the parameters of both the mean, variance, and jump processes. For
almost all of the prior hyperparameters, we use loose and mildly uninformative priors. The
main exceptions are the persistence parameters, ¢, and ¢ , whose priors we center on 0.98.

Further details are provided in Internet Appendix A.

3.3 Empirical estimates

We next present estimates of the parameters of our econometric model and evaluate
empirically the behavior of the three components in the dividend growth process.

Table 1 presents parameter estimates for our general dividend growth model in equations
(2)-(10) for both the short sample (1973-2016) and the full sample (1927-2016). We focus
our discussion on the parameter estimates for the short sample but note that the estimates
for the longer sample are very similar.

First consider the parameters determining the mean of the dividend growth process in
(4). The long-run mean estimate, pug = 0.080, corresponds to an 8% annualized nominal
dividend growth rate which is close to the mean of the standard dividend growth measure
(extracted from CRSP data) of 7.8% over the same sample period — a figure well within
the 90% credible set of [0.062, 0.097]. The persistence parameter for the mean reverting
component of the dividend growth process, ¢,,, is centered on 0.998, corresponding to a half-
life of 350 trading days. While highly persistent, shocks to the mean-reverting component
(4) are very small as shown by the estimate ¢, = 0.002. Our model thus identifies a small,
highly persistent component in the dividend growth process.

The top and bottom panels in Figure 3 plot the persistent dividend growth component,
Hat, extracted using either the no-jump model (equation 11, top panel) or the general jump

model (equation 2, bottom panel). The pf/ series erroneously assigns large daily spikes in
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the observed series to the persistent component, pg. In contrast, the jump model succeeds
in separating temporary spikes (noise) in the daily dividend series from the persistent
component g which, consequently, is far smoother. Indeed, values of the persistent
dividend growth component extracted from the general model fall on a far narrower scale
than the unfiltered dividend growth series, ranging from just below zero to 0.15. The
financial crisis in 2008-09 is associated with a notable drop in the persistent dividend
growth component which, for the only time in our sample, turns negative, followed by a
notable bounce-back in the second half of 2009 and 2010.

Our empirical analysis uses the dividend growth measure in (1), but one could
alternatively have chosen to use a market (cap-) weighted growth measure. To briefly
address whether our choice of dividend growth measure makes a difference to the estimates
of our components model, we construct the daily dividend series as described in
footnote 12 and plot the resulting estimate of ug along with our original estimate in
Figure 4. The two series are virtually indistinguishable with a correlation of 98.11%, so the
dividend weighting scheme makes little or no difference to our results.

To empirically quantify the importance to our estimates of ug of including days with
very few firms announcing dividends — presumably days with a higher likelihood of being
dominated by “noise” due to the potential for large composition shifts — we re-estimate
our model using only observations on dividend growth on days with at least five announcing
firms, a requirement that leads us to drop around 10% of the original sample. The correlation
between our original pq; series (constructed without requiring at least five announcing firms)
and this new estimate of pg4 (constructed with at least five announcing firms) on days where
they overlap is 99.64%, so our model seems to succeed in isolating the effect of outliers in the
dividend growth data caused by a scarcity of firms announcing dividends. Allowing for jumps
in the dividend growth process is key to ensuring this robustness property. To see this, we
extracted g in a similar way, using only days with at least five announcing firms, but now
for a model without jumps and stochastic volatility. Comparing this series to an estimate
from the same model constructed without the requirement of at least five announcing firms,
the correlation is now reduced to only 72%, suggesting that the no-jump model is far more
strongly affected by days with few firms announcing dividends.

Our estimates of equation (10) show that the stochastic volatility process is moderately
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persistent with an autoregressive parameter, ¢, whose estimated mean is 0.833.

Finally, consider the jump component extracted from our model. The negative estimates
of the jump intensity parameters (A; and Ag) imply that a jump occurs every sixty days on
average with jump probabilities tending to be lower on days where a large number of firms
announce dividends. On many days in the sample, the jump probability indicator, Jz, shown
in the top panel of Figure 5 is close to one. On such days, spikes in daily dividend growth
are attributed mostly to jumps rather than to clusters with unusually high volatility from
the transitory component, €4, in equation (2). Jumps can be very large in magnitude, as
shown in the bottom panel of Figure 5, which displays the estimated jump size, &4. Indeed,
the estimated standard deviation of the jump size (0¢) has a mean of 2.761 which is almost
four times larger than the estimated mean of o, (0.75). Shocks to daily dividend growth
originating from the jump component thus tend to be far bigger than the regularly occurring
ear shocks.

To get a sense of how sensitive the dividend growth jump probability is to the number of
firms announcing dividends on a given day, Ny, Figure 6 plots the jump intensities for three
values of Ny chosen to match the 25th, median and 75th percentiles of the distribution of
the daily number of announcing firms. On days with a large number of announcing firms
(75th percentile, or 36 firms on average), the jump intensity distribution is centered on a
number a little over 0.005, corresponding to a jump on average every 200 days. On days with
a typical number of announcing firms (median, or 22 firms), the jump intensity is centered
around its average value near 0.016, implying a jump every 60 days. Finally, on days with a
small number of announcing firms (25th percentile, or 12 firms), the probability of a jump

is centered just below 0.03, corresponding to a jump in dividend growth every 35 days.

3.4 Firm heterogeneity and composition effects

Earlier studies have noted evidence of heterogeneity in the cash flow process across firms
with different characteristics. For example, Vuolteenaho (2002) and Cohen et al. (2009) link
firms’ book-to-market ratios to cross-sectional variation in their cash flow betas, finding that
value stocks have higher cash flow betas than growth stocks.

To address potential concerns about heterogeneity in cash flow betas caused by daily

shifts in the composition of the subset of dividend-announcing firms, we construct a number
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of daily dividend series that only include data on firms within specific sectors or firms with
certain book-to-market ratio or size characteristics.!” In turn, we apply our methodology
separately to each of these disaggregate series and extract a persistent dividend growth
component. Under the assumption that cash-flow betas are more homogeneous within each
of these groups, composition effects due to daily variation in the set of dividend-announcing
firms should matter less.

Figure 7 shows the p4 estimates obtained from subsets of firms sorted on high versus
low book-to-market ratios (top panel) or firms sorted into small, medium, and large size
categories (bottom panel). These plots confirm that there are cross-sectional differences in
the behavior of the persistent dividend components (pg) extracted from our model.
Specifically, the persistent dividend growth component displays much stronger time-series
variation for value firms than for growth firms (top panel) and for small firms compared
with large or medium-sized firms (bottom panel). Comparing the individual pg series with
our aggregate, market-wide estimate of jg, we find correlations of 97.80% for large firms,
88.38% for medium firms, 71.67% for small firms, 90.40% for firms with high
book-to-market ratios, and 92.89% for firms with low book-to-market ratios.

We also estimate the persistent dividend growth component (pg4) for the five Fama-
French industries and compute parameter estimates for our decomposition applied to these
series. The parameter estimates and time-series plots show that the basic features of the
dividend process remain the same across very different industries.

These results demonstrate that while the predictable dividend growth component varies
across firms with different characteristics and in different industries, some features are
common across firms: estimates of ¢, close to unity (indicating a highly persistent
component in dividend growth), similar jump sizes, and negative dependence between the

jump probability and the number of firms announcing dividends on a given day.

1"For example, each month we sort all firms in our sample by their book-to-market (BM) ratios and form
two portfolios consisting of firms whose BM ratios are above ("high”) or below ("low”) the median BM ratio.
To be included in the sort in a given month, a stock needs to have reported book and market values and to
be traded on the NYSE, AMEX or NASDAQ.

17



4 Predictability of dividend growth

Predictability of dividend growth features prominently in discussions of asset pricing models.
Cochrane (2008) finds little evidence of predictability of US dividends, while studies such as
van Binsbergen and Koijen (2010) and Kelly and Pruitt (2013) argue that dividend growth
is, to some extent, predictable.'® The parameter estimates from our dividend model show
that the daily dividend growth process contains a small, but highly persistent component

and this section explores the implications of our results for predictability in dividend growth.

4.1 Predictive regressions

Existing studies on dividend growth predictability use time-aggregated dividends measured
over longer horizons than our daily interval. To explore whether our estimate of the
persistent dividend growth component is capable of predicting dividends—and to make our
results directly comparable to existing ones—we use the conventional top-down approach to

construct monthly and annual measures of dividend growth from CRSP data, denoted
AdERSP 19

Next, we estimate a predictive regression of future dividend growth, Adtcﬁsp , on the

persistent dividend component measured at the end of the previous period, pg, the log

dividend-price ratio extracted from CRSP, dp;, and current and lagged dividend growth:

3

AdEE = ot Bua +vdpe+ ) piNEE + e (12)

j=1
We include the log dividend-price ratio in the regression because this has been suggested
as a predictor of cash flow growth in a variety of studies (e.g., Cochrane (1992), Cochrane

(2008), and Lettau and Nieuwerburgh (2008)).
Panel A of Table 2 shows that the persistent component of dividend growth, pg, has

18 A recent literature uses dividend futures to estimate the term structure of dividends. van Binsbergen
et al. (2012) and van Binsbergen and Koijen (2017) recover prices of dividend strips and show that their
expected returns are higher than those on the underlying index. Kragt et al. (2015) estimate a model for
the term structure of discounted dividend growth using dividend derivatives for four major stock markets.

19Most researchers extract aggregate dividends, Dy, from CRSP as the difference between the cum-dividend
return (VWRETD), R{*™, and the ex-dividend return (VWRETX), R¢*, multiplied by the previous ex-
dividend index level, P, i.e., D; = (R{“™ — R¢™) x P£*,. Using the resulting aggregate dividend series,

the log dividend growth rate can be computed as AdS RSP = In ( e )
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strong predictive power over future dividend growth recorded at the quarterly horizon. In
the shorter post-1973 sample, the lagged persistent dividend growth component obtains a
t-statistic of 4.6 after accounting for the effect of lagged dividend growth and the lagged
dividend-price ratio. Moreover, at 0.26 the R? is quite high. These findings are robust to
the sample period. Starting the sample in 1927, the coefficient on p4 obtains a t-statistic of
2.5 and the R? value of the predictive regression rises to 0.37. The coefficient on the lagged
dividend-price ratio is not significant in any of these regressions, while the first two lags of
dividend growth are significant in the quarterly models.

The predictive power of p4 over future dividend growth is very similar at the annual and
quarterly horizons in the post-1973 sample, though somewhat weaker at the annual frequency
in the longer sample that begins in 1927. Still, g4 remains highly statistically significant at
the annual horizon for both samples and this result is again robust to the presence of lagged

dividend growth and the dividend-price ratio in the predictive regression.

4.2 Comparison with alternative predictors of dividend growth

Our study is not the first to use filtering methods to model predictability in dividend
growth. For example, van Binsbergen and Koijen (2010) use a latent variable Kalman
filtering approach to estimate a log-linearized present value model consisting of expected
returns and expected dividend growth rates for the aggregate stock market and identify a
predictable component in dividend growth.

Kelly and Pruitt (2013) assume that individual firms’ stock returns and log cash flow
growth rates are a linear function of a set of unobserved common factors which can be
estimated using a three-pass regression (partial least squares) methodology. In turn, cash
flow growth can be projected on the common factors to generate a dividend growth forecast.
Empirically, Kelly and Pruitt (2013) find strong in-sample evidence of predictability in annual
cash flow growth while their out-of-sample results are somewhat mixed; in the Depression-
era (1930-1940), dividend growth appears to be highly unstable and hard to predict while
out-of-sample predictability is stronger over the sample 1940-2010.

We next compare our dividend growth estimates to results based on these two

0

approaches.?’ To this end, the top panel in Figure 8 plots realized values of annual

20We are grateful to Seth Pruitt for sharing data and computer code which allowed us to replicate the
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dividend growth against the persistent growth component estimated from our model, g4,
(sampled annually) and the van Binsbergen and Koijen (2010) measure, g/PX. The
bottom panel plots monthly dividend growth against our persistent dividend growth series,
fat, (sampled monthly) and the Kelly and Pruitt (2013) estimate, g~”. While these
dividend growth estimates are clearly correlated, there are also some notable differences.
Notably, our persistent dividend growth measure shows a sharper decline during the global
financial crisis compared with the two alternative estimates.

To conduct a more formal comparison, Panel B in Table 2 reports results from
regressions of the observed future dividend growth on the growth estimate implied by the
three approaches. Because van Binsbergen and Koijen (2010) study cash-reinvested, annual
dividend growth while Kelly and Pruitt (2013) use monthly dividend growth extracted
from CRSP, their growth estimates are not directly comparable. We therefore report
separate results for the annual and monthly series used in the two studies. To make
comparisons between the three approaches easier to interpret and to relate the results to
other parts of our paper, we use the 1973-2016 sample adopted throughout much of our
analysis.

All three growth estimates clearly have predictive power over future dividends in the
univariate regressions. For example, the growth estimate of van Binsbergen and Koijen
(2010) obtains a t-statistic of 2.16 with an R* value of 13% in the annual sample. In
comparison, the t-statistic on our jg estimate is 4.04 and the associated R? value is 25%.
Including both the pg and g/ PX measures in the regression, we continue to observe a large
t-statistic on g (3.97), while the t-statistic on the estimate of van Binsbergen and Koijen
(2010) drops to 0.91 with an R? value of 27%. This demonstrates the predictive power
possessed by our estimate of the persistent growth component.

In the monthly dividend growth regressions, the growth estimate of Kelly and Pruitt
(2013) generates a t-statistic of 6.41 and an R* value of 20%. In comparison, the t-statistic
obtained when instead we use our pg measure is 7.23 and the R? value is 31%. Including
both pg and gX? as predictors in the regression, ug obtains a t-statistic of 5.12 while the
t-statistic of the growth estimate of Kelly and Pruitt (2013) declines to 1.58.

These results show that the persistent component in dividend growth extracted from

results in Kelly and Pruitt (2013).
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daily dividend announcements possesses strong predictive power over actual dividend growth
at both the monthly and annual frequencies. Moreover, our ug estimate adds substantial
predictive power to existing dividend growth estimates.

To formally test and compare the predictive power of the three dividend growth estimates,

we run a pair of forecast encompassing regressions:

AdZET = a+ Bupa + (1= Br)g) "X + e,
AdZESP = a+ Bipa + (1= B1)gi " + e (13)

The larger is 31, the greater the weight on our dividend growth estimate and the smaller the
weight on the competing model estimate. Specifically, a value of 5, = 1 suggests that pg

VBK

dominates (encompasses) either g; (top regression) or g&F (bottom regression).?!

The top row of Panel C in Table 2 shows that the estimate of [5; equals 0.87 in the

VBK  The persistent dividend growth

encompassing regression that includes pg and g
estimate from our model thus obtains a weight of 87% while the weight on the van
Binsbergen and Koijen (2010) estimate equals 13%. Moreover, the estimated weight on jug
is statistically significant at the 1% level. In the second regression, the weight on g is
108% which is significantly different from zero, while the weight on the Kelly and Pruitt
(2013) dividend growth estimate is -8% which is not significantly different from zero.

We conclude from these regressions that our dividend growth estimate adds significant

predictive value to state-of-the-art measures proposed in the existing finance literature.

4.2.1 Out-of-sample forecasts

The analysis performed so far uses data up to 2016 and so does not address whether our
approach could have been used in real time to generate accurate forecasts of dividend growth.
To address this point, we conduct an out-of-sample forecasting experiment that only uses
historically available data to estimate the parameters of our model and generate forecasts.
Specifically, using an expanding estimation window and an initial warm-up period from 1973-
1986, we re-estimate our model every week and construct real-time, out-of-sample daily
forecasts over the 1986-2016 sample. Each month, we then take the last daily value of

our forecast and compare this to the monthly out-of-sample forecasts generated using the

2INote that g = F;Ad; 1 is the forecast of dividend growth next period.
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approach of Kelly and Pruitt (2013). Finally, we evaluate the accuracy of these forecasts
using either univariate regressions or the forecast encompassing regressions in (13).

A univariate regression of dividend growth on our out-of-sample, real-time estimate, pq,
generates an R? of 27.76% (t-stat of 6.70), while the same regression using the out-of-sample
forecast of Kelly and Pruitt (2013) produces an R? of 2.88% (t-stat of 2.38).?* Similarly, in
the forecast encompassing regression, the weight on the p4 series increases from 1.08 to 1.25
with a t-statistic of 12, while the weight on the Kelly and Pruitt (2013) forecast is -0.25.
Our dividend growth forecasts thus perform very well even out-of-sample.??

To better assess the periods in which our Apg measure produces more accurate forecasts
than existing alternatives, we follow Goyal and Welch (2008) and inspect the out-of-sample
cumulative sum of squared forecast error differentials (CSSED) from a forecasting model
based on Apug versus the Kelly-Pruitt dividend growth measure. Using Apug leads to more
accurate forecasts than the Kelly-Pruitt model between the start of the sample (1973) and
1980, while our model underperforms during a brief spell in the late 1990s. During the
16-year period after 2000, our Apug measure consistently produces more accurate forecasts

of dividend growth than the forecasting model based on the Kelly-Pruitt measure.

4.3 Data frequency and dividend dynamics

Prior work on predictability of dividend growth has focused on long horizons using monthly,
quarterly, or annual data, while our results pertain to the daily frequency. To more formally
evaluate the role of the data frequency in our analysis, we estimate our components model
using dividend data at the longer frequencies, extract the corresponding estimates of the
persistent growth component, pg. and replicate the analysis in Panel A of Table 2. Figure 9
shows that the dividend growth estimates extracted from the lower frequency data possess
many of the features of the daily estimates. However, they also tend to be very smooth
compared to the estimates of g extracted from daily data. This means that the lower
frequency estimates miss some of the important troughs and peaks in the dividend growth

process. For example, the severity of the fall in dividend growth during the global financial

22Results ending in 2007, excluding the recent financial crisis, are qualitative similar with an R? of 25.47%
(t-stat of 9.01) for our measure, and an R? of 4.05% (t-stat of 2.15) for Kelly and Pruitt (2013).

23Since our out-of-sample forecasts are generated recursively, our findings are not overly sensitive to the
Great Recession which produced a considerable amount of cash flow news, see, e.g., Campbell et al. (2013).
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crisis is completely missed by the quarterly and annual estimates, although the monthly
estimate fares better in this regard. Table 3 shows that our daily pg4 estimate outperforms
the monthly, quarterly and yearly measures in terms of predictive accuracy, generating higher
R? values even when the basis for the comparison is the monthly, quarterly, and annual
forecast horizons used to estimate the lower-frequency measures.

Next, we perform forecast encompassing regressions, regressing monthly, quarterly, or
annual dividend growth on the daily growth estimate plus one of either the monthly,
quarterly, or annual growth estimates subject to the constraint that the coefficients
(“weights”) sum to unity. At all three horizons, we find that our daily dividend growth
estimate gains a substantially larger weight than the corresponding low-frequency dividend
growth estimates.

These results show that the data frequency is important to our findings and that applying
our decomposition on daily data yields stronger prediction results than applying it on data
recorded at lower frequencies. The reason for this finding is that the daily dividend growth
estimate better captures shifts in the momentum of dividend growth which tends to be
smoothed out in time-series averages based on longer periods.

The twin effects of using daily data on growth in announced dividends and decomposing
changes in this series into a smoothly evolving persistent component, temporary jumps and
(small) shocks with time-varying volatility is what combines to yield better forecasts of
dividend growth. So both the higher data frequency and our decomposition approach help
produce more accurate forecasts of dividend growth.

On a final note on this point, our analysis of predictive dynamics in dividend growth is
based on announced dividends rather than the commonly used paid-out dividends which, on
average, lag dividend announcements by 42 days. To shed light on the importance of this
distinction, we sample both announced and paid dividends at the monthly, quarterly and
annual horizons and estimate our components model separately on these series. Next, we
produce forecasts of dividend growth for the ensuing period. We find that predictability of
dividend growth based on the forecasts that use announced dividends is stronger than if we
use forecasts based on paid dividends. Interestingly, some advantage from using announced
rather than distributed dividends to generate forecasts remain even at the annual horizon.

Further details are provided in a web appendix.
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4.4 Cash flow news and economic activity

We next examine the relation between our estimate of the persistent component of dividend
growth news and two measures of macroeconomic growth, namely GDP and consumption
growth, both of which have been examined by authors such as Liew and Vassalou (2000)
and Bansal and Yaron (2004).?* Specifically, to evaluate the statistical significance of these

relations, we estimate predictive regressions

A1 = o+ Biprar + BoAyr + €441, (14)

where Ay, is the future change in either log GDP or log consumption. We include one lag
of the dependent variable, Ay;, to control for persistence in consumption or GDP growth.
Table 4 reports the results from the regression in (14). First consider the results based on
the estimate of ug extracted from the daily data (Panel A). In the univariate regressions,
our persistent dividend growth measure, 4, generates positive coefficients of 0.15 with t-
statistics of 5.68 and 6.58 for GDP growth and consumption growth, respectively. Moreover,
with R? values of 23.5% and 31.1%, g clearly has strong predictive power over future GDP
and consumption growth. The coefficient on p4 remains statistically significant once we add
a lag of the dependent variable, although the t-statistic declines to a value around three.

To evaluate the importance of the data frequency, we also show results for cases where
ta is extracted from either monthly dividend growth data (Panel B) or quarterly dividend
growth data (Panel C). While the p4 estimates extracted from the lower frequency data
remain statistically significant in helping predict both GDP and consumption growth, the
R? values decline notably-—particularly in the quarterly data for which we obtain R? values
of 5.9% and 9.4%, compared with 23.5% and 31.1% for the daily data. This demonstrates,
again, that high-frequency data can significantly boost the predictive power of our dividend
growth estimate.

We conclude from this evidence that our persistent cash flow measure pg helps predict
variation in macroeconomic growth. This is consistent with our earlier finding that g

predicts future dividend growth and shows that this result carries over to broader measures

24The Gross Domestic Product series is downloaded from FRED and is seasonally adjusted, see https:
//fred.stlouisfed.org/series/GDP. Consumption expenditures are the sum of non-durable consumption
plus services from Table 2.3.5 of the National Income and Product Accounts (NIPAs) and are available on
the Bureau of Economic Analysis (BEA) website.
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of economic growth. Our findings indicate that firms adjust their dividend payments in
anticipation of changes in economic conditions measured by slow-moving economic indicators

such as GDP and consumption growth.

4.5 Relation to other activity measures

Our daily dividend growth measure reflects general macroeconomic conditions and so can
be viewed as an economic indicator similar to existing measures such as the macroeconomic
uncertainty measure of Jurado et al. (2015), the economic policy uncertainty measure of
Baker et al. (2016), the ADS business conditions index of Aruoba et al. (2009), the credit
spread indicator of Gilchrist and Zakrajsek (2012), and “noise” in the Treasury market (Hu
et al. (2013)).%> Previous research has addressed whether these measures can be used to
predict the state of the economy, especially during recessions and financial crises, so we next
explore the relation between g4 and these alternative measures.

Panel A of Table 5 shows estimates of the correlations between the persistent dividend
component pg and these daily measures of financial and macroeconomic conditions. g4 has a
highly significant negative correlation of -0.54 with the VIX, suggesting that dividend growth
is lower in times with high uncertainty, which tends to coincide with economic recessions.
1ar also has a significantly negative correlation of -0.20 with the policy uncertainty index
of Baker et al. (2016) and a negative correlation of -0.51 with the liquidity noise index of
Hu et al. (2013), indicating that firm payouts are lower in times with greater uncertainty.
Finally, g has a significantly positive correlation of 0.20 with the ADS index of Aruoba
et al. (2009) and with the daily inflation index of Cavallo and Rigobon (2016) (correlation
of 0.76). These findings show that our persistent dividend growth measure is significantly
negatively correlated with risk proxies, e.g., stock market volatility and policy uncertainty,
but positively correlated with economic growth and inflation.

Panel A in Table 5 uses levels and so the correlation estimates described above are driven

by common, persistent factors reflecting the state of the economy. Panel B highlights short-

25 Aruoba et al. (2009) measure economic activity at the daily frequency using a variety of stock and flow
data observed at mixed frequencies. Their approach extracts the state of the business cycle from a latent
factor that affects all observed variables. Jurado et al. (2015) provide econometric estimates of time-varying
macroeconomic uncertainty and show that important uncertainty episodes appear far more infrequently than
indicated by popular uncertainty proxies. However, when such episodes do occur, they tend to be larger,
more persistent, and more correlated with real economic activity.
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run effects by reporting the correlations between daily changes in the underlying indexes.
Changes in our daily dividend growth index are only significantly correlated with changes
in daily inflation, suggesting that daily variation in our new dividend growth measure is not
captured by daily variation in other financial and macroeconomic variables but constitutes

a new source of (high frequency) information.

5 Implications for return predictability

A long-standing debate in the asset pricing literature is concerned with the importance of
cash flows expectations as a source of variation in stock returns. For example, Cochrane
(2008) argues that dividend growth is largely unpredictable by means of variables such as
the dividend-price ratio. If true, this has important asset pricing implications because it
implies that movements in the dividend-price ratio must instead reflect time-varying risk
premia.

Finding that the dividend-price ratio fails to predict future dividend growth does not,
of course, rule out that other variables—such as our persistent dividend growth measure—can
predict dividend growth and, in turn, stock returns. Whether such return predictability from
our persistent dividend growth measure can be established—and whether it is consistent with

basic principles of asset pricing—is what we set out to explore in this section.

5.1 A predictive present value model

We use a simple reduced-form present value model to explore the implications of dividend
growth predictability for predictability of stock returns. This model provides a structured
framework that allows us to quantify and test the implications of dividend growth
predictability for predictability of stock returns.?®

Our analysis of return dynamics uses the following notations. We refer to pyy; as the
logarithm of the stock price on day ¢t + 1 while df{l is the logarithm of the dividends paid
out (distributed) on day ¢ + 1 and, as before, d;;; is the logarithm of dividends announced

on day t + 1. The present value model refers to paid-out cash flows (¢f) and the two

26Qther, less parametric approaches to asset pricing are also available, e.g., the pricing kernel bounds
proposed by Hansen and Jagannathan (1997). An important advantage of the present value model is that
it lends itself to empirical tests through a set of linear restrictions on the model parameters.

26



dividend measures are very different at the daily horizon—recall that, on average, dividend
announcements precede distributions by 42 days. At longer horizons such as a quarter or a
year, differences between announced and distributed dividends tend to be much smaller.?”
Finally, Adfﬂ:l = df, — df denotes the growth rate in distributed dividends, while 7,,; is
the log return on day ¢ + 1.

Following Campbell and Shiller (1988), consider the approximate log-linearized present

value model

T =k + p(pra — df—{-l) + Adf—{-l + (dgf — D), (15)

where p = 1/(1 + exp(d —p) and k = —1In(p) — (1 — p)In(1/p — 1) are log-linearization
constants. At the daily frequency, the average dividend yield is very small and so p = 0.99998
is extremely close to unity. Using this value for p, the log-linearization in (15) is highly
accurate with a correlation between exact and approximate returns of 0.9998.

Again, we emphasize the distinction between announced and distributed dividends for the
daily present value model: at the daily horizon, the correlation between growth in announced
and distributed dividends (Adyy; and Ad,) is essentially zero (-0.0072). Moreover, if we
(incorrectly) use announced instead of distributed dividends in (15), the accuracy of the
present value approximation deteriorates sharply.

Studying return predictability in the context of the present value model in (15) offers
a number of important advantages. First, previous studies of return predictability such as
Campbell and Shiller (1988), Cochrane (2008) and van Binsbergen and Koijen (2010), have
used this model. Adopting a similar framework makes it easier to compare our findings to
evidence from the existing literature.

Second, the present value model (15) has strong economic implications that directly link
predictability of dividend growth to predictability of stock returns not only from popular
predictors such as the log dividend-price ratio but also from other potential predictors such
as news about our persistent dividend growth component. In particular, (15) implies that
if a variable helps predict dividend growth, Adfﬂ:l, this same variable should also predict
returns—unless this variable has an equivalent and opposite effect on the price-dividend ratio,

Die1 — dfﬂ:l. This latter scenario arises if a variable forecasts equal movements in expected

2"The correlations between log-dividends calculated using announced and paid-out dividends are 33.23%,
72.45% and 83.61% at the monthly, quarterly and annual frequencies, respectively.
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cash flow growth and discount rates so that the net effect on return predictability is zero.

Third, the present value model has implications for return predictability at different
horizons. Because (15) holds regardless of the horizon, if a variable helps forecast dividend
growth at multiple horizons, we would, in general, expect the same variable to possess
predictive power over stock returns across these horizons. This is relevant here, given our
empirical evidence that the persistent dividend growth component helps predict dividend
growth at short as well as long horizons.

At the long forecast horizons conventionally used in the finance literature, it is common
to predict the dividend yield, df_{l — per1, because it is easy to extract a highly persistent
component from the dividend-price ratio which is very smooth; see, e.g., Cochrane (2008).
Conversely, at the daily horizon, dff_l —pe11 tends to be dominated by large variations in daily
dividend distributions which, however, are temporary and so do not reflect any predictability
of long-term dividend prospects.

To deal with this and obtain a more stable forecasting model, we instead predict daily
changes in the dividend-price ratio A <dfﬂ:1 —pt+1> = (d;{l — Pir1) — (d;f — p¢). From an
econometric perspective, the main effect of predicting A (df_{l — pt+1> rather than df_{l —
per1 is to anchor daily variation in the dividend-price ratio on a random walk, imposing
a coefficient of unity on dff — p;. Imposing a similar constraint on the dividend yield has
been found by Ferreira and Santa-Clara (2011) to reduce estimation error and lead to more
accurate forecasts of stock returns. The constraint can be viewed as a sensible economic
prior since we would expect the dividend-price ratio to contain a highly persistent (near unit
root) component at the daily frequency.

Following this discussion, we approximate (15) as follows,
Tyl = k—A <d§_~f_1 — pt+1> + Adf_{_l (16)

The approximation in (16) is very accurate as a consequence of p being very close to
unity at the daily horizon: the correlation between r;;; and the approximation in (16) is
0.9997 in our sample.

Next, consider the list of predictors. Our first predictor is the lagged change in the
persistent dividend growth component, Apg. Using pg as a predictor might seem the

natural choice. However, p4 is constructed to capture the predictive component in announced
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dividends whereas the present value model (16) is based on distributed dividends which are
uncorrelated with announced dividends at the daily frequency. Moreover, given its very
high persistence, pg is not well suited for predicting daily stock returns which are not very
persistent. Conversely, Apugy, effectively measures innovations to g and so captures news
about changes in the state of the economy.

Our second predictor is the lagged dividend-price ratio which has been extensively used
in the finance literature to forecast variation in the investment opportunity set and so is
important to include. To see why, note from (15) that variation in the log dividend-price
ratio should reflect changes in expected future returns and/or changes in expected future

dividend growth:

dff —p < By

i_o:P] <7“t+j+1 - AdfijJrl)] : (17)

At the frequencies typically considered in empirical studies—monthly, quarterly, or annual—
the dividend-price ratio tends to be very smooth and highly persistent. This makes it
well-suited as a predictor of slow movements in the investment opportunity set operating at
longer horizons. In contrast, because of the lumpiness in daily dividends, the daily dividend-
price ratio is very volatile. To obtain a predictor variable with persistence features more
similar to the conventional dividend-price ratio obtained at lower frequencies, we measure the
dividend-price ratio as a smoothed 30-day moving average of announced dividends divided
by the current stock price, denoted d;, — p;.%3

Finally, we also include the lagged value of the daily dividend growth, Adff , in order to
account for short-term reversals in the daily dividend growth process as days with very large
dividend distributions tend to be followed by days with much smaller dividend payments.

Following this discussion, our daily prediction model for growth in distributed dividends

takes the form
Ad5Ly = 00+ 0, Mg + gy (di — pi) + 040 + 4041 (18)

Similarly, we predict changes in the daily dividend-price ratio using the same set of

280ur empirical results are robust to using other windows to smooth the dividend process.
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predictors:

A (dfil - pt+1) = Yo + VD ar + Yap (dr — pe) +yadyT + €515 (19)

Using equations (18) and (19) in the log-linearized return equation (16), we have

rer = k+60— 0+ (0 — ) Apar + (Oap — vap) (de — pr)
+ (04— W)Adff + Edt+1 — 5?-{1- (20)

This equation can be rewritten as
Tee1 = Ao + NuAptar + Aap(di — pr) + N A + 241, (21)

where €411 = g1 — 5?_{1. Comparing (21) to (20), it follows that the present value model

imposes the following cross-equation restrictions on the parameters of the return equation:

X = k40—,

Ao = 0, —,, (22)
Adp = bap — Vap,

A = 04—

The restriction on \g, implies that if, at any horizon, d; — p, predicts future dividend
growth (64, # 0 in (18)), it must, in general, also predict future returns (Ag, # 0). Similarly,
if, after controlling for the effect of the log dividend-price ratio, some other predictor such
as Apg forecasts dividend growth (6, # 0 in (18)), then the present value model requires
that this variable also forecasts returns (A, # 0) unless 6,, = ~,,, in which case the predictive

effects from Ay on Adf) 1 and A (dt 1 pt+1) cancel out. This case arises if the variable

predicts both higher (lower) dividend growth and higher (lower) discount rates in equal
amounts, see (17).%

An important implication of (21) and (22) is that dividend news will, in general, also

29The model in Cochrane (2008) is a special case of our specification which is obtained by omitting Aggy
and Adff as predictor variables (i.e., setting A\, = Ag = 0), assuming that the distributed and announced
dividends are the same, and setting p ~ 1 which, as we have shown, holds to a very close approximation for
daily data.
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contain information about discount rates.  Hence, care should be exercised when
interpreting the effect of dividend news on variables such as stock returns and the
dividend-price ratio since such news may also have sizeable discount rate effects. This
interpretation is reinforced by our finding that the persistent dividend growth component
helps predict consumption growth which, of course, is an important component of the

pricing kernel in standard consumption-based asset pricing models.

5.2 Empirical findings

Before proceeding with the empirical analysis of the present value model, it is important to
note that the behavior of the components in (15) is quite different at the daily frequency
than at the longer horizons conventionally used in empirical studies.

First, as noted previously, the distinction between announced and distributed dividends is
not important at longer horizons but is crucial at the daily horizon for which the correlation is
only 52.12% and 0.72% for the two dividend series in log-levels and log-changes, respectively.

Second, the contribution to return volatility of the individual return components in (15)
is very different at the daily and longer frequencies. For example, in quarterly data, Adi{l is
quite smooth and its volatility is roughly six times smaller than the volatility of the dividend-
price ratio, de —pis1. Conversely, in daily data, the volatility of Adf{l is almost 50% higher
than the volatility of df{l — pe+1 due to shifts in the composition of firms paying dividends
on any given day. Hence, the volatility of dividend growth is nearly an order of magnitude
greater at the daily than at the quarterly horizon, measured relative to the importance of
variation in the dividend-price ratio.

Third, days with unusually large dividend payments (large, positive dividend growth)
are typically followed by days with smaller dividend payments (negative dividend growth).
This produces negative first-order autocorrelation in daily dividend growth—the first-order
autocorrelation in Adff is -0.35-which does not carry over beyond one day, however, and so
is not helpful for predicting long-term dividend growth.

These observations are important for interpreting our empirical estimates and suggest
that we should only expect to find limited predictability of dividend growth and in the log
dividend-price ratio at the daily frequency by means of our three predictors.

The top row in Table 6 presents estimates from the predictive dividend growth
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regression, (18). We show results for the long sample, 1927-2016, but the estimates are
very similar in the shorter sample, 1973-2016. Both the lagged dividend-price ratio and the
lagged daily dividend growth obtain significantly negative coefficients. The negative
coefficients on d;, — p, and Adff are largely a consequence of the short-term negative serial
correlation (reversal) in daily dividend growth which also explains the large t-statistic on
Adff . Conversely, the coefficient on news about persistent growth in announced dividends
(Apg) fails to be significant. This is not surprising given the lead time of dividend
announcements relative to dividend distributions.

Turning to the prediction equation for the change in the dividend-price ratio, (19), the
second row in Table 6 shows that the coefficient on Apug, is positive but insignificant. The
coefficient on the dividend-price ratio is also insignificant, whereas lagged growth in cash
flows, Adff , produces a negative and significant coefficient, again as a result of short-term
reversals in daily dividend distributions.

Finally, in the prediction equation for daily stock returns, (21), only news about the
persistent dividend growth component, Apug, turns out to be significant. The estimated
coefficient on Apug is 1.28 with a t-statistic of 3.31. This indicates that positive news about
persistent dividend growth is associated with larger stock returns the following day.?"

To see if these results are consistent with the asset pricing implications that follow from
the present value model, the bottom row in Table 6 reports the outcome of a series of
Wald tests of the cross-equation restrictions in (22). We fail to reject any of the coefficient
restrictions, suggesting that the relatively precisely estimated coefficient on Apg in the
return equation (21) is consistent with the present value model. In fact, the estimated
coefficient on Apg (1.28) is very close to the value implied by the present value model
(1.21).

Similarly, the present value model implies small coefficients on both d, — p, and Ad,ff in
the return equation and this is again consistent with our estimates of (21).>! Although these
variables are significant predictors of variation in both daily dividend growth and changes

in the dividend-price ratio, the two effects cancel out and so these variables do not have

30To be consistent with standard ways of testing the present value model, we use one-period-ahead returns,
r¢+1, in these regressions. However, the results are robust if, instead, we skip one day and use 7442, as the
results in Table 7 show.

31Gimilar results hold in the shorter sample, 1973-2016, where, again, we fail to reject the cross-equation
restrictions in (22).
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predictive power over returns. As mentioned previously, this case arises when the predictors
correlate with future cash flow growth and discount rates in the same amount but in opposite
directions.

In Internet Appendix C, we assess the economic value of return predictability from our
itgr measure. We find that using information on pug leads to an increase of 2.32% in the
annualized certainty equivalent return for a mean-variance investor with moderate level of

risk aversion.

5.3 Return predictability at longer horizons

A large empirical literature in finance examines return predictability at longer horizons such
as a month or a quarter. To make our results comparable to this literature and to explore if
our new dividend growth measure possesses predictive power over returns at longer horizons,

we undertake two exercises.

t+h

rtio Tr O Apgs in addition to a

First, we regress multi-day stock returns ryo.;1p = >
range of alternative measures of dividend growth or dividend dynamics such as the “raw”
daily dividend growth, Ad;, news about persistent dividend growth extracted from a model
without a jump component, ApX’, jumps in the dividend growth process, Jyu&, the
stochastic volatility component extracted from the dividend growth process, hg /2, and
temporary shocks to dividend growth, €4,1. These regressions use a conservative approach
and skip one day to compute stock returns which therefore start on day t + 2. We do so in
order to show that our results are not due to price slippage effects.

Table 7 shows results for different models and forecast horizons ranging from one through
three, five, and 21 trading days. We find that Aug has significant predictive power over stock
returns at one, three, and five day horizons as well as one month (21 trading days) ahead in
time. This finding strongly depends on allowing for jumps in the dividend growth process
to extract Apug; we find essentially no return predictability from the alternative measure
that excludes jumps, Apl?. We also find little-to-no return predictability from raw daily
dividend growth, Ad; or from any of the other predictors.

Second, we consider the more common monthly horizon for which return predictability
from variables such as the dividend-price ratio has been established in the literature. In

particular, we compare return predictability from Apug to predictability from a set of 14
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standard predictors used by Goyal and Welch (2008). Following common practice, we focus
on univariate predictive regressions conducted one predictor at a time. We use the 20-year
window 1973:01-1992:12 as an initial training sample and compute out-of-sample return
forecasts for the remaining period 1993:01-2016:12, employing an expanding estimation
window which adds new observations as they become available.

We consider out-of-sample R? values and average utility gains. The out-of-sample R?
measures the percent reduction in mean squared forecast error obtained when conditioning
on a predictor relative to using the prevailing mean forecast. Average utility gains can be
interpreted as the portfolio management fees that an investor with mean variance preferences
and a risk aversion coefficient of five is willing to pay to have access to the forecasts generated
using a predictor, again computed relative to the prevailing mean.

The results, reported in Table 8, show that Apug has significant out-of-sample predictive
power over stock returns, coming in as ranked second among the 15 predictor variables both
in terms of the strength of its out-of-sample predictive power and in terms of utility gains.
Moreover, consistent with findings in the literature (e.g., Dangl and Halling (2012) and
Rapach et al. (2010)), the degree of return predictability, along with the size of the utility

gains, is larger during recessions than in expansions.

6 Dividend news and return dynamics

The present value model can also be used to quantify and assess the effect of dividend news
on concurrent (same day) stock returns. In particular, the model has implications for
which of the different dividend growth components is likely to most strongly affect stock
returns. Shocks to the dividend growth process should be positively correlated with
unexpected returns and shocks to the persistent (predictable) growth component should
generally have a larger impact on stock returns than shocks to the temporary growth
component. In this section, we set out to test these implications and provide a broader
analysis of how the different dividend news components affect not only the mean of stock

returns but also the volatility and probability of observing a jump in stock returns.*?

32Internet Appendix C reports results from an analysis of the cross-sectional effects of shocks to the
persistent component in the dividend growth process.
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6.1 Dividend news and contemporaneous stock returns

To analyze how stock returns are affected contemporaneously by shocks to the dividend
growth process, we consider two alternative formulations of the prediction equations
underlying the present value model. Although both formulations follow from the present
value model-and thus are equivalent—considering both allows us to explore the robustness
of our results in regards to how we estimate and test the model. For both cases, note that
because g1 is highly persistent, Apugy1 is essentially identical to the innovation to the
Hdi+1 process (€,41): the two have a correlation of 0.9999. Hence, Apg1 can be
interpreted as the news or shock to the predictable (persistent) component of the dividend
growth process and so we include this variable in our model for contemporaneous
movements in stock returns.*

Our first specification decomposes daily stock returns into a weighted average of the

capital gain (p;+1 — p) and dividend yield (dt = D)

Terr R k4 ppr—pe+ (11— )dt—l—l
= k+p(pes1 — pe) + (1= p)(dily — po). (23)

Next, we relate p; 1 — p; and dfil — p¢ to news about the persistent dividend growth
component, Apg1, controlling for movements in the smoothed log dividend-price ratio,

d, — p;, which captures investors’ forward-looking expectations:

Piy1 — P = To+ TuDpar1 + Tap(dy — pr) + €pigr,
dffrl —p = 0o+ 5dp(dt pt) + 5t+1 (24)

We leave out Apgq from the equation for d§£1 — p¢ because dividend announcements on day
t + 1 should not affect dividends paid out on the same day due to the lengthy lag between
when dividends are announced and distributed.

The premise of our first specification, (23) and (24), is that daily dividend payments,
dffrl, are largely known ahead of time. This is unique to the daily frequency and does not
hold at longer horizons such as a quarter or a year. Because of daily composition shifts in

the dividend-announcing firms, this does not imply that we would expect a high R? value

33Empirical results are essentialy identical if we use ;41 in our analysis instead of Apgry1.
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for the regression of df 11 —pion d; — p; in (24). However, it means that investors are able to
quite accurately predict growth in next-day dividend distributions. As a result, forecasting
r¢11 at the daily frequency is largely equivalent to forecasting the capital gain, p;11 — p;.

Combining the present value model in (23) with the regressions in (24), we get

Tee1 = Ao + A\Aptagrer + Aap(di — pi) + Eresn,s (25)

where €,111 = pepi1 + (1 — p)est,. Tt follows from the present value model (23) that the

coefficients in (25) must satisfy the cross-equation restrictions

Ao = k+pmo+(1—p)do,
Ay = pmy, (26)

Aip = prap + (1= p)dap.

These restrictions are analogous to the constraints obtained for the predictive present value
model in (22) which only uses prior-day (lagged) information.

Our second specification uses the present value model (15) with the key difference that
we now use the contemporaneous news shock to the persistent dividend growth component,

Apgiy, instead of its lagged value, Apg,. This model therefore takes the form:

AdiLy = 00+ 0,Mptgrer + Oap (dp — pr) + 0uAdS + a1,
A (di{l - pt+1> = 7 + VuAparr1 + Yap (dt pt) +ald + €t+17 (27)
Tiy1 = k—A <d§+1 pt+1> + Ad;{-l + Ertt1-

Again, the coefficients in (27) are subject to a set of cross-equation restrictions equivalent

to those in (22).

6.2 Empirical findings

Panel A of Table 9 reports estimates of (24)-(25) fitted to returns data for the sample 1927-
2016. First consider the capital gains equation in (24). At 1.55, the estimated coefficient
on Apig is highly significant while, conversely, the coefficient on d; — p; is statistically

insignificant. In turn, d, — p; is highly statistically significant in the prediction equation for
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dt 11 — P with a coefficient of 0.94, consistent with d; — p; picking up a persistent component
in the daily dividend-price ratio.

Turning to the return regression (25), the coefficient on A1 remains highly statistically
significant with an estimate of 1.57, suggesting that higher dividend growth news translates
into positive stock returns with a strong and accurately estimated effect. The coefficient
on d; — p; is essentially zero with a t-statistic below unity, confirming our earlier finding
in Section 5 that movements in this predictor are not important for explaining variation
in next-day stock returns, r,.;. The R? value of 0.12% shows that news about persistent
dividend growth is a non-trivial determinant of daily stock returns.

The bottom row in Panel A of Table 9 reports a set of Wald tests of the cross-equation
restrictions in (26). With p-values ranging from 0.13 to 0.98, none of the restrictions gets
rejected, suggesting that the effects of news about dividend growth are consistent with the
asset pricing implications that follow from the present value model in (23).

Panel B reports estimates from the present value specification in (27). We find very
similar coefficient estimates to those obtained from the predictive model analyzed in Section
5. In particular, the estimated coefficient on Apg ;1 in the return equation equals 1.45 with a
highly significant ¢-statistic of 3.74. This estimate is larger than the estimate obtained from
the predictive model (1.28) in Table 6, though a little lower than its value (1.57) obtained
from equation (25).

A key motivation for constructing a daily dividend growth measure is that it can help
identify the drivers of movements in daily stock returns. From a theoretical perspective, we
would expect the three dividend growth components in (2) to have a very different impact
on stock prices. For example, temporary shocks to dividend growth should have very little
effect on stock prices while shocks to the persistent dividend growth component should have
a larger impact. To see if this holds, we consider whether the other components from our

dividend growth model (2) help explain movements in mean returns by expanding (25) to
Ter1 = Ao + NuAfarss + Aap(di — pe) + Aarer + A exp (haerr) + AsJacr1acrr + Ererr- (28)

In sharp contrast with the significant return effect of Apugy1, in unreported results we fail
to reject that A\, = A, = A\; = 0 and also find that the estimated return effect of these

additional terms is very small. Hence, temporary shocks to the dividend growth process as
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well as movements in dividend growth volatility or jumps in dividend growth fail to have a
significant effect on mean returns.®*

These results suggest that news about the persistent dividend growth rate affects the
first moment (mean) of same-day stock returns while news about the temporary components
does not. However, dividend news need not be confined to affecting mean returns and could
also influence how volatile stock returns are on a given day: we might expect positive news
about persistent dividend growth to be associated with calmer markets as it reduces the
likelihood of being in a low-growth (“bad fundamentals”) state. Movements in the volatility
of dividend growth may also spill over to return volatility.

To explore these possibilities, we estimate the following auxiliary regression which uses

the squared daily return residual from (25) as a proxy for return variance:
672"75—1—1 = ap + alﬁft + a203t+1 + azApges1 + Eoty1, (29)

where 03, ; = exp(hg-1) is the stochastic variance series extracted from the daily dividend
growth process, Ad;, ;. We include the lagged squared return residual, €2, to account for
persistence in the return variance process.

Panel C of Table 9 reports the results from this regression. The significantly positive
coefficient on prior-day squared return shocks, 2, picks up persistence in the daily return
variance. The variance of the dividend growth process, 03, ,, is strongly positively correlated
with return variance, suggesting that higher uncertainty about dividend growth translates
into higher same-day return volatility. Consistent with the conjecture that good news about
the persistent dividend growth component is associated with calmer markets, the coefficient
on Apigi41 is negative although, with a p-value of 0.12, it fails to be statistically significant.>’

Daily dividend news may also affect the probability of observing jumps in stock returns.
To explore this possibility, we go through our sample to flag days with unusually large price
movements and, following Bandi and Reno (2016), introduce a jump indicator which equals

one on days when the absolute value of the (standardized) residuals from the return equation

34Internet Appendix C undertakes an analysis that uses daily dividend distributions rather than dividend
announcements. Whereas dividend announcements are significantly positively correlated with same-day
stock returns, we find no such effect for dividend distributions.

35 As we show in Internet Appendix C, juq; contains significant predictive power also for volatility measures
based on high-frequency intra-daily price data and option prices (VIX).
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exceed two. We then estimate the following jump test model®

I = by + biar1Jar + b2U§t+1 + b3Apar1 + 5t1+1

Panel D in Table 9 shows that positive news about the persistent cash flow growth
component, Apugy1, is associated with a reduced probability of jumps in returns with a
coefficient that is highly significant. Positive jumps in the dividend growth process tend to
be associated with a slightly reduced likelihood of observing a jump in stock returns on the
same day, although the effect is only marginally significant at the 10% level. Conversely,
higher uncertainty about cash flow growth (a larger value of o3, 1) s associated with a highly
significant increase in the likelihood of a jump in stock returns on the same day. Greater
uncertainty about cash flow growth thus translates into a higher chance of large movements
in stock prices and our dividend growth components help to identify cash flow news as a

source of jumps in daily stock returns.?”

7 Conclusion

This paper develops a new methodology for constructing a daily “bottom-up” measure of
aggregate cash flow growth based on firms’ dividend announcements. In constructing this
measure, we address two key challenges. First, individual firms’ announced dividends can
change by large amounts from one quarter to the next and display strong heterogeneity
across firms. Second, the number and type of firms that announce dividends often changes
substantially from day to day, leading to large composition shifts. Both effects cause
lumpiness in the daily cash flow news process.

We handle this lumpiness by decomposing news on dividend growth into a transitory

36Estimates of a probit model linking this jump indicator to the three components extracted from our
daily dividend growth model, i.e., jumps, &4141J4¢+1, stochastic variance, agt 41 and news about persistent
dividend growth, Apgi41 :

Pr (Lig1| €arv1, Jars1, 051, Atars1) = @ (bo + brarr1Jarsr + 02051 + b3Dpiaeir) - (30)

are very similar.

370ur findings are related to an extensive literature in finance that finds evidence of time-varying jump
risk in stock returns using data on high-frequency intra-day returns or out-of-the-money options, see, e.g.,
Bollerslev and Todorov (2011). Similarly, Kelly and Jiang (2014) introduce a new measure of time-varying
tail risk extracted from the cross-section of stock returns which they find has strong predictive power over
returns on individual stocks and on market returns.
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“normal” shock whose volatility can vary over time, jumps that occur more rarely but whose
magnitude tends to be much larger, and a persistent, smoothly evolving component that
captures long-run predictive dynamics in the mean of the cash flow growth process. We find
that these components are well identified in the daily dividend growth data. Importantly, the
persistent mean component captures predictable dynamics in dividend growth which is easily
overlooked in the raw dividend growth series which gets dominated by the highly volatile
temporary jump component. We show empirically that this persistent dividend growth
component can be used to produce more accurate forecasts of future dividend growth than
alternative approaches from the finance literature.

While our empirical analysis uses high-frequency (daily) dividend announcements, it also
offers new insights into the drivers of stock price dynamics at longer horizons. Indeed, shocks
to the persistent dividend growth component identified by our model are long-lasting—with
a half life exceeding a year—and lead measures of economic activity traditionally used as
proxies for “fundamentals” such as GDP and consumption growth. Moreover, our estimates
of persistent dividend growth can be used to produce more accurate forecasts of dividend
growth than existing alternatives at both monthly and annual horizons.

Finally, we use a present value model to explore implications for asset pricing and return
predictability associated with our results on dividend growth predictability. We find strong
evidence that the persistent dividend growth component can be used to forecast stock market
returns both at short horizons such as a single day and at longer horizons such as a month.
Moreover, the cross-equation restrictions implied by the present value model are supported
by the data. Positive news about the persistent dividend growth component are associated
with higher mean stock returns, reduced stock market volatility, and a reduced likelihood of
a jump in stock returns on the same day. Finally, we find that greater uncertainty about
cash flow growth translates into higher volatility for stock prices and we identify news about

our dividend growth components as drivers of jumps in daily stock returns.
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Parameter estimates

1927-2016 1973-2016

Mean  Std  90% Credible Set Mean  Std  90% Credible Set

pa  0.058 0.016  [0.035,0.080] 0.080 0.012  [0.062,0.097]
¢, 0999 0.000  [0.999,0.999] 0.998 0.001  [0.997,0.999]
o, 0002 0.000  [0.002,0.002] 0.002 0.000  [0.002,0.002]
pn -5.076 0.037  [-5.138,-5.014] 5.337 0.045  [-5.415,-5.262]
¢n 0749 0.008  [0.735,0.762] 0.833 0.008  [0.820,0.846]
on 1320 0.031  [1.269,1.369] 0.752  0.028  [0.706,0.797]
o¢ 2651 0.040  [2.584,2.718] 2761 0.040  [2.695,2.829]
A -1.387 0.039  [-1.452,-1.323] “1.354  0.045  [-1.428,-1.281]
As -0.054 0.006  [-0.064,-0.045] -0.024 0.002  [-0.028,-0.021]

Table 1: Parameter estimates for the dividend growth rate model. This table shows parameter
estimates for a model fitted to the daily dividend growth series. The equations for the components model,
further described in Section 3.1, take the following form:

Adiy1 = par1 + Eaer1Jdae+1 + €det1,

Bdi+1 = Hd + du (ds — pd) + Opcpt+1,
carp1 ~ N (0, elir+n),
haty1 = pn + ¢n (has — pin) + On€ntt1,
Pr(Jat+1 =1) = @ (A1 + A2 Nar+1)

Sat+1 ~N<0,U§'> ;

where pg:41 captures the mean of the smooth component of the underlying dividend process, Jgi41 €
{0,1} is a jump indicator that equals unity in case of a jump in dividends and otherwise is zero, £g¢+1
measures the jump size, 4441 is a temporary cash flow shock, €ui41 ~ N(0,1) is assumed to be
uncorrelated at all times with the innovation in the temporary dividend growth component, €4;41, and
|¢pu] < 1. hgey1 denotes the log-variance of egs41, and ept41 ~ N(0,1) is uncorrelated at all times with
both €4¢41 and €u¢41. Ngi41 denotes the number of firms announcing dividends on day t + 1, while ¢

stands for the CDF of a standard Normal distribution and &4t41 ~ N (O, a?) captures the magnitude

of the jumps. The columns report the posterior mean, standard deviation and 90% credible sets for the
parameter estimates.
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PANEL A: AdfASY = a+ pi Y00 AdERSE + Bpay + ydp *57 + 2444

Quarterly (1973-) Annual (1973-) Quarterly (1927) Annual (1927)

Lhat 36 2.50%%* 4% 96
[4.58] [3.95] [2.49] [3.20]

dp; -.01 .03 -.00 .04
[-1.29] [0.50] [-0.73] [1.11]

AdS RSP 16%* - G4 RY S -.16
[2.20] [-4.58] [5.58] [-1.07]

AdSESE .07 - H3HHk 22K -12
[1.39] [-3.87] [4.58] [-0.84]

AdFBSP .03 -12 01 .01
[0.45] [-0.78] [0.26] [0.05]
R? 26.50% 27.45% 37.42% 6.31%

Observations 169 40 353 86

PANEL B: Adl,; = a+ Bua + 79 + et1

Annual Monthly
Lt 1.28%#* 1.10%%* 1.39%%* 1.16%**
[4.04] [3.97] [7.23] [5.12]
gl BE 90%* 34
[2.16] [0.91]
gkt 1.45%** 43
[6.41] [1.58]
R? 25.84% 13.14% 27.27% 31.65% 20.30% 32.67%
Observations 42 42 42 527 527 527

PANEL C: Ad},, = Bipar + (1 — B1)79; + €141

51 0.87*%* 1.08%***
p-value (0.00) (0.00)
1- 6 0.13 -0.08
p-value (0.66) (0.53)

B1 (00S) 1.25%%*
p-value (OOS) (0.00)

1— 31 (00S) -0.25%F*
p-value (O0S) (0.00)

Table 2: Dividend growth regressions. Panel A reports results from predictive regressions of dividend
growth extracted from CRSP data, AdgrRlSP, on the persistent component pg; estimated from our daily
dividend growth model and the log dividend price ratio, dp¢, at quarterly and annual frequencies. Panel
B compares the predictive power of our persistent dividend growth component to that of two alternative
dividend growth variables. The first measure, g,YBK, is taken from van Binsbergen and Koijen (2010)
and uses cash reinvested dividend growth, measured annually. The second measure, gf P is taken from
Kelly and Pruitt (2013) and uses monthly data. Panel C reports results from forecast encompassing
regressions which compare the predictive power of our pg; measure to the two alternative measures,
both in-sample and out-of-sample (available only for Kelly and Pruitt (2013)). Square brackets report
t-statistics computed using Newey-West standard errors with three lags. Unless otherwise indicated, the
sample period is 1973-2016.
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1 3
AdERY = o+ B +dpf T + 57, pi AP + e

Monthly Quarterly Annual
Hdaily AT L14%%% gpkik 3R 9 pRek 1.72
[5.77] [15.01] [4.58] [7.64] [3.95] [1.44]
Hmonthiy 4 -.14%
[6.51] [-1.90]
Pauarterly Qo%HK gk
[3.19] [2.87]
Pyearly 2.64%* =72
[2.58] [-0.60]
dp; -.00%* -.00 -0k -.01 .00 -0k .03 .07 .04
[2.49]  [0.97]  [9.86]  [-1.29] [0.20] [-2.79] [0.50] [1.12] [0.60]
AdS RSP -.05 -.05 T e [ 22%* -.05 SB4RE ik ponkokk
[0.97]  [-0.94]  [-4.77] [2.20] [2.59] [0.72]  [4.58]  [-3.07]  [-2.81]
AdFESP -.07* SO7RE L pgkek .07 10 -.10 -3k gk 30%
[1.96]  [2.01]  [-5.69] [1.39] [1.65] [1.50]  [3.87]  [-3.01]  [-2.03]
AdS RSP 200K 0¥k gk .03 .06 -13* -12 -.08 -.05
[3.68] [3.59] [-3.99] [0.45] [1.05] [1.84]  [0.78]  [-0.52]  [-0.26]
R? 18.29%  17.80% 26.50%  21.76% 27.45%  22.14%
Observations 525 525 525 169 169 169 40 40 40

Table 3: Dividend growth regressions. This table shows results from predictive regressions of the
conventional dividend growth measure extracted from CRSP data, Adgrﬂis P on the persistent component,
wdt, extracted from daily, quarterly, or annual dividend growth series, and the log dividend-price ratio,
dpt. The first column of each block (monthly, quarterly, annual) regresses dividend growth on a daily
estimate of pg¢, measured at the end of the corresponding period. The third column of each block reports
forecast encompassing regressions which impose that the coefficients on the daily estimate of p4; and the
monthly, quarterly, or annual estimates of pg; sum to unity. Square brackets report t-statistics computed
using Newey-West standard errors with three lags. The sample period for these regressions is 1973-2016.
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Panel A Ay,11 = o+ Bltdaiy + YAY: + €441

AGDP AConsumption
Hdaily ‘15*** .09*** .15*** '04***
5.68] 3.30] [6.58] [2.84]
Ay, I Yok BT
[3.87] [12.16]
R? 23.52% 33.56% 31.08% 59.97%
Observations 171 171 171 171
Panel B Ay;1 = a + Bltmonthty + YAY: + €141
AGDP AConsumption
Mmonthly 13*** 07*** 13*** 04*
[4.28] 2.91] [4.80] [1.90]
Ay 40FH* G8FH*
[4.73] [11.15]
R? 20.11% 32.37% 27.36% 59.85%
Observations 171 171 171 171
Panel C: Ayt—H =a+ 6,uquarterly + ’}/Ayt + Et+1
AGDP AConsumption
Lquarterty 08%* 04 09++ 02
[2.06] [1.44] [2.65] [1.63]
Ay, 4G 4R
[5.77] [17.22]
R? 5.85% 28.68% 9.36% 58.64%
Observations 171 171 171 171

Table 4: Predictive regressions of GDP and consumption growth on the persistent dividend
growth component. This table reports estimates from quarterly predictive regressions of future GDP
and consumption growth, Aysy1, on the persistent dividend growth component, pq¢, estimated from our
daily dividend growth model (Panel A) or from dividend data sampled at the monthly (Panel B) or
quarterly (Panel C) frequencies. Square brackets show t-statistics computed using Newey-West standard
errors with three lags. The sample period used for these regressions is 1973-2015.



PANEL A: Persistent dividend growth and indexes (levels)

VIX PU ADS Liquidity Inflation [t
VIX 1
PU 0.34%** 1
(0.00)
ADS -0.49%FF%  0.26%F* 1
(0.00) (0.00)
Liquidity 0.67*F**  (0.19%** -0.54%%* 1
(0.00) (0.00) (0.00)
Inflation -0.66%**  -0.36%** 0.50%** -0.63%** 1
(0.00) (0.00) (0.00) (0.00)
Lt -0.54%F% (. 20%** 0.20%** -0.5 1%k 0.76%** 1
(0.00) (0.00) (0.00) (0.00) (0.00)

PANEL B: Persistent dividend growth and indexes (changes)

AVIX APU  AADS Index AlLiquidity Alnflation Apg

AVIX 1
APU -0.02 1
(0.10)
AADS Index 0.01 0.00 1
(0.65) (0.94)
A Liquidity -0.01 0.05%%* -0.00 1
(0.53)  (0.00) (0.95)
Alnflation 0.03 -0.03 -0.00 -0.00 1
(0.24) (0.27) (0.89) (0.94)
Apgs -0.02 -0.00 0.04 -0.01 0.10%** 1
(0.16)  (0.77) (0.66) (0.58) (0.00)

Table 5: Correlations between the persistent dividend growth component pug; and
macroeconomic and financial activity measures. This table reports correlations between the
persistent dividend growth component pg; extracted from our daily cash flow model and the following
daily macroeconomic variables/indicators: the VIX index, the policy uncertainty index of Baker et al.
(2016), the ADS index of Aruoba et al. (2009), the liquidity noise index of Hu et al. (2013), and the daily
inflation index of Cavallo and Rigobon (2016). Panel A correlates the levels of these variables, while Panel
B correlates changes in the variables. Parentheses below the correlation estimates show p-values. Three
asterisks indicate statistical significance at the 1% level, two starts indicate significance at the 5% level,
while one star indicates significance at the 10% level. Sample periods vary according to the length of the
individual series.
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Const. ANTER dy —py Adff
AdyT - 24%% 13.93 -.04%* - 36Kk
(-2.31) (0.30) (-2.54) -58.32
A (d;i{l - pt+1> _23% 12.72 .04 -0.36%%
(-2.31) (0.28) (-2.53) (-58.32)
retyyy .00 1.28%*** .00 -.00
(0.86) (3.31) (0.27) (-0.14)
p — value of restriction 0.37 0.87 0.13 0.75

R2

12.87%

12.87%

0.08%

Table 6: Parameter estimates and test statistics for the predictive present value model fitted
to daily data. This table reports parameter values and test statistics for a predictive present value model

estimated at the daily frequency over the sample period 1927-2016:
AT =00 + 0, Apar + 0ap(de — pe) + 040 + gi41.
A (df_{_l - pt+1) =0 + YuAppar + Yap(de — pr) +vady? + 5?-{-1

ri41 = Ao + ApApgr + Aap(de — pe) + )\dAdff +ertt1
with the following restrictions implied by the model

Ao =k+00—7, Ay =0u—Yu, Aap = O0ap — Vdp, Aa = 04 — Va



Return horizon

T't4+2 Tt42:+4 T't4+2:t+6 Tt42:0+21
Ad, -.00%* -.00 -.00 -.00
[-2.19] [-0.07] [-0.17] [-0.32]
Apk? -.00** -.00 -.00 -.00
[-2.20] [-0.00] [-0.08] [-0.26]
JANTN 11408 3.17Hx* 5.40*** 21.60%**
[3.36] [3.90] [4.77] [4.98]
Eardar -.00 .00 .00 .00
[-0.04] [1.49] [0.53] [0.37]
hat /2 .00 .00 .00 01
[0.13] [0.85] [1.52] [0.72]
Edt+1 -.00 .00 -.00 -.00
[-1.16] [0.37] [-0.30] [-0.77]
R? 0.03% 0.03% 0.09% 0.00% 0.00% 0.22% 0.00% 0.00% 0.37% 0.00% 0.00% 1.27%

Observations 20,965 20,965 20,965 20,963 20,963 20,963 20,961 20,961 20,961 20,945 20,945 20,945

Table 7: Predictive regressions for stock returns. This table shows estimates of predictive
regressions using cumulative stock market returns as the dependent variable and the following predictor
variables 1) daily growth in announced dividends, (Ad¢); 2) changes in the persistent dividend growth
component A,uf\u estimated from a model without jumps and stochastic volatility; 3) changes to the
persistent dividend growth component Ayt estimated from a model that accounts for jumps and stochastic
volatility. The dependent variables are the one-day ahead return r;y2 (columns 1-3), the 3-day-ahead
cumulative return r¢42:t4+4 (columns 4-6), the 5-day-ahead cumulative return r¢42:t4+6 (columns 7-9), and
the 1-month (20 trading day) ahead cumulative return r42:¢421 (columns 10-12). We skip one day in
the predictive regressions to account for dividends announced after trading hours. t-statistics, shown in
square brackets, are computed using Newey-West standard errors with two lags for 1, 3, and 5 day-ahead
cumulative returns and 10 lags for 1-month-ahead cumulative returns. The sample period is 1927-2016.
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A,Udt
log(DP)
log(DY)
log(EP)
log(DE)
SVAR

BM
NTIS

TBL
LTY
LTR
TMS
DFY
DFR
INFL

Full Sample Expansions Recessions

R:4(%) p—wal AU%) R:4(%) p—wval AU%) RiL4(%) p—wal
0.43 0.14 1.28 -0.02 0.35 0.11 1.68 0.03
-1.98 0.97 -2.44 -3.06 0.99 -3.63 1.01 0.09
-2.01 0.96 -2.28 -3.25 0.99 -3.73 1.41 0.04
-0.85 0.67 0.74 -0.94 0.86 -1.17 -0.61 0.48
-2.04 0.80 -0.77 -1.29 0.99 -1.24 -4.13 0.65
1.49 0.12 1.30 0.08 0.34 0.10 5.38 0.13
-0.45 0.80 -0.77 -0.51 0.75 -0.96 -0.28 0.82
-2.57 0.97 -1.37 -1.31 0.72 -0.23 -6.04 0.99
-0.55 0.43 -0.57 0.42 0.12 0.93 -3.22 0.98
-0.33 0.65 -0.14 -0.17 0.50 -0.17 -0.76 0.82
-0.20 0.31 -0.31 -0.28 0.33 -0.38 0.01 0.41
-1.20 0.65 -1.33 -1.11 0.51 -0.22 -1.46 0.80
-3.24 0.99 -4.13 -3.02 0.96 -2.66 -3.84 0.96
-2.13 0.41 1.08 -2.17 0.49 -0.25 -2.00 0.41
-0.75 0.79 -1.06 -0.33 0.53 -0.30 -1.89 0.89

AU(%)
11.40
7.66
10.18
17.45
3.19
11.80
1.00
-11.33
-13.20
0.37
-0.04
-11.35
-17.29
12.41
-7.62

Table 8: Out-of-sample return predictability. This table compares the out-of-sample predictive
performance of our Apg; measure to that of 14 standard predictors, used by Goyal and Welch (2008) to
forecast stock returns, for the period 1993:01-2016:12. For all predictor variable, we use a 20-year initial
estimation window from 1973:01 to 1992:12 followed by an expanding estimation window that adds new
data points to the sample as they become available. We report both the out-of-sample R? value and
average utility gains for the full out-of-sample period as well as separately for recession and expansion
months, as defined by the NBER. For any given predictor, the out-of-sample R? measures the percentage
reduction in the mean squared forecast error associated with a model that uses this predictor relative to
the mean squared forecast error of forecasts based on the historical mean return. Positive values indicate
better performance than this benchmark, while negative values suggest worse performance. The average
utility gain can be interpreted as the portfolio management fee that an investor with mean variance
preferences and a risk aversion coefficient of five would be willing to pay to have access to the forecasts
generated by a particular predictor, again measured relative to the historical average forecasts.
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Panel A: Estimates and tests for present value model (I)

Const. Apg 41 dy — pt R?
P41 — Pt -.00 1.55%** -.00 0.13%
(-1.26) (3.94) (-1.62)
dsl —pe -4.13%%% 9axHx 14.44%
(-40.49) (54.80)
retiiq -.00 1.57%%% —.o1f 0.12%
(-0.09) (3.97) (-0.63)
p — value of restriction .13 .98 .60
Panel B: Estimates and tests for present value model (II)
Const. TR d: — pe adst R2
adgly -.24%% 30.28 -.04%* -.36%x 12.87%
(-2.31) (0.66) (-2.54) -58.32
A (dgﬁl - pt+1) _23%x 28.86 .04 -0.36%** 12.87%
(-2.31) (0.63) (-2.54) (-58.32)
retyq1 .00 1.45%%% .00 -.00 0.08%
(0.87) (3.74) (0.28) (-0.14)
p — value of restriction 0.36 0.94 0.13 0.75
Panel C: Heteroskedasticity test
Coeff. Std. Err. t-stat p-value
Intercept 0.00%** 0.00 11.81 0.00
€2, 0.17%%* 0.06 3.11 0.00
o2 0.00%** 0.00 5.56 0.00
Apgeg1 -0.03 0.02 -1.55 0.12
Panel D: Jump Test
Coeff. Std. Err. t-stat p-value
Intercept 0.04%** 0.00 21.49 0.00
Carr1Tarin -0.02* 0.01 1170 0.09
o3 0.31%%* 0.05 6.82 0.00
Apgeq -23.98** 9.59 -2.50 0.01

Table 9: Estimates and diagnostic tests for the contemporaneous present value model fitted
to daily data. Panel A reports parameter estimates and t-statistics for the contemporaneous present

value model fitted to daily data:

Pr1 — Pt = 7o + TpApgi 1 + Tap(de — pt) + €pt1

T — !

dfil —pt =080 + dap(de —pt) + €5

Te41 = Ao + ApApgrr1 + Aap(de — pt) + ert41

with the following restrictions implied by the model

The present value model in Panel B follows the same layout as in Table 6, with the only difference that
we have replaced the lagged term Apg; with the contemporaneous value Aprgey1.
Panel C reports estimates from the following estimates on the squared residuals from the return model:

Ao =k+ pmo+ (1 — p)do, Au = pmp, Aap = piap + (1 — p)dap

2 2 2
Ert+1 = @0 + a1&,¢ + a20¢41 + a3A,U4dt+1 + EtaJrl

Panel D reports the OLS estimates of the following jump test

Iip1 = bo + b1€arr1Jarr1 + b20ay 1 +b3A 11 + €1 4q

In all cases, the sample period is 1927-2016. f: coefficient has been multiplied by 100.
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Figure 1: Distribution of dividend announcements within a quarter. This figure plots time-
series of dividend announcements for Q2 2014. For every day within this quarter, the top panel shows the
number of firms announcing dividends. The middle panel shows the overall nominal amount of dividends
announced by those firms (in billion dollars), while the bottom panel shows the daily (net) dividend growth

rate.
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Figure 2: Comparison between our daily “bottom-up” dividend growth series vs. a daily
“top-down” dividend growth measure extracted from CRSP. The top panel plots the log of the
daily dividend growth series Gy, s defined in Eq.1. The bottom panel plots the CRSP-extracted daily
dividend growth, calculated as dividends (paid out) on an given day divided by dividends distributed on
the same day, one year earlier. Both plots use daily data over the sample 1973-2016.
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Figure 3: Time series of daily dividend growth and the persistent growth component. The top
panel plots the persistent dividend growth component, ,ué\i‘] , extracted from a model without jumps and
stochastic volatility. The bottom panel plots the persistent dividend growth component, pg4:, extracted
from the daily dividend series using a model that accounts for jumps and stochastic volatility. All plots
use daily data over the sample 1973-2016.
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Figure 4: This figure plots estimates of the persistent dividend growth measure p4; extracted
from our model using dollar-weighted (baseline) and market-weighted (market weighted)
dividend growth data.
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Figure 5: Jumps in the daily dividend growth series. The top panel plots the probability of a
jump in the daily dividend growth series while the bottom panel plots the magnitude of such jumps. Both
plots use daily dividend data over the sample 1973-2016.
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Figure 6: Jump intensities and the number of firms announcing dividend news. This figure
shows the sensitivity of the dividend growth jump probability to the number of firms announcing dividends
on a given day, Ng¢, chosen to match the 25th, median and 75th percentiles of the distribution of the daily
number of firms announcing dividends. On days with a large number of announcing firms (black, dashed
curve), the jump intensity distribution is centered around 0.005, corresponding to a jump on average every
200 days. On days with a typical (median) number of announcing firms (blue curve), the jump intensity
is centered around 0.016, implying a jump roughly every 60 days. Finally, on days with a small number
of announcing firms (red, dotted curve), the probability of a jump is 0.03, corresponding to a jump on

average every 35 days.
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Figure 7: Heterogeneity in pg;. The top panel plots the persistent dividend growth component, pgq,
for firms with high and low book-to-market ratios. The bottom panel plots the persistent dividend growth
component, fg;, for small, medium and large firms. Daily data, sample 1973-2016.
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Figure 8: Actual versus predicted dividend growth under alternative modeling approaches.

The top panel plots the actual dividend growth, Ad;, against the persistent dividend growth

extracted from our model, pg4¢, and the measure proposed by van Binsbergen and Koijen (2010), g

component
2/ BK

The latter assumes cash reinvested dividend growth. The bottom panel plots actual dividend growth
against our persistent dividend growth component and the measure of Kelly and Pruitt (2013), gtK P In
both cases we have extended the sample period originally used by the papers after replicating their results.
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Figure 9: Comparison of estimates of the persistent dividend growth component, g,

extracted from data at the daily, monthly, quarterly, and annual frequencies.
plots time-series of the ug; estimated at the daily, monthly, quarterly and annual frequencies.
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Internet Appendix A MCMC Algorithm

In this Appendix, we provide the analytical derivations needed to compute the posterior

distribution of all parameters and latent states of the model we describe in Section 3 of the

paper.

A.1 The Model

We start by rewriting both the model as well as the priors distributions for all model
parameters. Starting with the observation equation and time-varying mean and volatility

processes, we have

Adir1 = parer + a1 Jar1 + ey (A1)
Hair1 = pa + Gbu (Mdt - ,Ud) + OuEpt+1, (A.2)

and
hart1 = pin + On (har — ) + OnEnisa (A.3)

where eg41 ~ N (0, eM+1), g1 ~ N (0,1), and epy1 ~ N (0,1) independent among each

other and across time. The jump process intensity and size follow
Pr(Jus =1) = (I)(XXZ]H) (A.4)
and
Eart1 ~ N (0, 0?) (A.5)

with X ;5] 41 exogenous. Finally, the initial conditions for ug and hg are as follows:

”
pftar ~ N (Mm m) (A.6)
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and

0_2
by ~ N (Mm —) | (A7)

1—¢j
A.2 Priors

The model in (A.1)-(A.7) includes eight parameters, namely jiq, ¢, 0o, fin, G, 07, A, and
02. We specify the following prior distributions:

pa ~ Ny, V), du~N(o, Vo )6l <1), 0 ~TG(v,,S,) (A.8)

Mo’

luh ~ N(Eho7zuh)a ¢h ~ N(?ho’zﬁbh)lﬂéh' < 1)7 0-}27, ~ Ig(Zhaﬁh) (Ag)
A Ny, V) (A.10)

0% ~ TG(v, S) (A11)

where A/ denotes a normal distribution while ZG stands for the Inverted-Gamma distribution.

Next, we briefly describe the choices of prior hyperparameters for the dividend growth
model, and note that we work, whenever possible, with loose and mildly informative priors.*®
Starting with pg and pp, we set B = Hyo =0 and specify their variance as V., =V = 10.
Next, we set ?uo = ?ho =098 andV, =V, = 0.12, which implies a prior belief that
the latent processes for g1 and hgyq will be very persistent. Further, we set S u = 0.012
and S, = 0.12, restricting the changes to the process for pg,1 and hgy1 to be 0.01 and
0.1 on average, but we also set their degrees of freedom v, and v, to 2, which provides the
least informative proper priors on these parameters. For the timing and intensity of the
jumps, we specify a normal prior for the parameters governing the timing of the jumps, i.e.
A=(Onh) ~ N (Hx zx), where g, = (0,0)" and V' = diag (10, 10). Finally, for the
magnitude of the jumps, we set v, = 1,000 and S, = 3% x (gg — 1), which implies a prior

38Note that we impose the stationarity conditions |¢,| < 1 and |¢5| < 1 directly on the priors.
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belief that on average the jump magnitude is equal to 3 and a weight given to this prior that

is approximately 10% of the weight put on the data.

A.3 Posteriors

We now describe how to obtain posterior estimates for all model parameters (jiq, ¢,,, O'i, [h,
b, 4y A, 0¢), as well as latent state vectors p, = {/ﬁdt}tT:p h, = {hdt}tT:l, J; = {Jdt};[:l,
and &, = {édt}thl. While the joint posterior distribution of all model parameters and latent
state variables is non-standard, we can employ a Gibbs sampler algorithm augmented with
a number of Metropolis-Hastings steps to draw recursively from the conditional posteriors
of all model parameter and state variables. In particular, we sample from the joint posterior

distribution in five different blocks, namely:
L pglha, €4, T a5 pras Gus 07, DT
2. J4|py, €4 hg, DT
3. &yl mg, Ja, ha, 0, DT
4. hal pg, €4, T a, pins Gn, 03, B, DT
5. fds P O s Gny O3y X, 0, | g Pea, €4, T 0, DT

The last block is further broken down into eight separate sub-blocks, one for each element of

the parameter vector. We now describe in details all steps of the Gibbs sampler algorithm.

A.3.1 Md’hdagdaJdnud?¢#70—12NDT

Start by rewrting the observartion equation in (A.1) as follows:

Ad* = X#/,l,d +Eq Egr N(O, Ed) <A12)
where
Ady —&ndm
Ad* = : , (A.13)
Adr — SarJar
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1 Hd1 Ed1
X, = Ha = | : Eq=

1 Hdr €dr
and

eha

Y=

ehar

(A.14)

(A.15)

Next, combine the state equation for pg in (A.2) with the initial condition in (A.6) into:

Hupg=08,+¢, €,~N(0X,)

where
1 0 Hd Eul
_gbu 0 = (1 - ¢u)ﬂd €u2
H, = 3 = ) o Eu =
0o ... 0 —¢, 1 (1 —¢,)pa EnT
and
S .
w
(1-¢2)
2
%, = i
i O

It is easy to show that
Pq=0u+ H;lgu
where §,, = H;lgu. It follows that
pa~ N (8, H,'S, (H,Y))

I

63

(A.16)

(A.17)

(A.18)

(A.19)

(A.20)



or

g~ N (8, (H,3 HL) ™)

Finally, combining (A.12) and (A.21) leads to the following posterior:

IJ’d‘ hd7 £d7 ']d7 Md, (bua aia DT ~ N(Ea V,u)

where

v, - [H,
Im

A.3.2 Jd|l“l’d7 Ed,hd, DT

It is easy to show that for any given ¢ € [1,T]

Pr (Jdt = 1| :udtafdta A) lev hdt7DT) X p(Adt| :udtvgdta Jdt = 1; hdt)

where

[H,S'H, + X' 3;'X,] !
V., [(H;ElleM)(SM + X;EglAd*]

x Pr(Jgu = 11X, A)

Ady|prag, Ears Jap = 1, hag ~ N (Adt‘ pat + Eat, ehdt)

and Pr (J4 = 1| X/, A) = ® (X' X) while

Pr (Jdt - 0| ,udtagdta A? XZI7 hdt7DT> xXp (Adt| :udtagdta Jdt - 07 hdt)

where

x Pr(Jg = 0] X/, X)

Ady| prag, Ear, Jar = 0, hay ~ N (Adt| Hat, Ghd*)

and Pr (Juz =0/ X/, A) =1- & (NX7).
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(A.22)

(A.23)

(A.24)

(A.25)

(A.26)

(A.27)



A.3.3 Edll“l’d7Jdah’d7o-§2‘7DT

Start by noting that when Jy; = 0, &4| Jg = 0, DT ~ N(0, ag). In other words, when Jg = 0
we rely on &4’s prior distribution in (A.5). In contrast, when J; = 1, it is possible to rewrite

the observation equation of the model in (A.1) as

Ady — pras = Eat + €, €ar ~ N(0, ). (A.28)
Combining (A.28) with (A.5) leads to:

at| pra, Jar = 1, ha, UE,DT ~ N(ﬁgdtaﬁzdt) (A.29)

where
-2 _ (. -2 —hgs\ 1L
O, = (07 +e )

e (A.30)
ﬁédt - Efdt (6_ “ (Adt - ,Udt)) :
A.3.4 hd|ﬂd,€daJd7Mha¢hvo-I%7DT

Start by combining the state equation for hg in (A.3) with the initial condition for hg in
(A.7) into:

Hyhg =8, +e,, e, ~N(0,%)) (A.31)
where
1 O . e e e 0 /’Lh €h1
— 1 0 ... ... O ~ 1 —
H) = ?bh S s = (L= On)in L oen= | (A.32)
0 ... ... 0 —¢, 1 (1 — én)pn EnT
and
0.2
h
(1-¢7)
o2
X, = h (A.33)
o
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This leads to
hy~ N (ah, (H;Lz,;lﬂh)‘l) (A.34)

where 8, = H ,_ngh. Note next that the observation equation is a non-linear function in h,

so using (A.12) we first rewrite it as follows:
log (Ad*)? = hg +loge?, t=1,..,T (A.35)

where Adf* = Ady — pg. We follow Kim et al. (1998) and approximate log £2, with a mixture

of normal distributions,
7
logey, ~ Y q; x N (m; — 1.2704,v7) (A.36)
j=1

where m;, v?, and ¢; are constant specified in Kim et al. (1998). Along with (A.36), we also
introduce a vector of state variables s; = {sdt}thl such that Pr(sg = j) = ¢, for j =1,..,7
and t = 1,...,T. Conditional on a particular realization of this vector of state variables, we

can rewrite the observation equation in (A.35) in compact form as follows:

log (Ad™)?| g, ha, T4, €4, 80 ~ N (m + hy, V). (A.37)
where
ms,, — 1.2704 vZ,
i — Mg 4y —'1.2704 Ve U§d2 | - (A.38)
Mg, —‘ 1.2704 | vsz

Combining (A.37) with (A.34) leads to the following posterior for h:

ha| g, €4, Ja, 8, D7 ~ N (K 'Ky, K3 ) (A.39)

66



where

K,=H,%'"H,+V (A.40)
ki, = H}, 3, ' H,0;, + V' (log (Ad*™)* — m) (A.41)

As for drawing the vector of state variables s4, note that

' g; % fi (log (Ad;*)?| har +m; — 1.2704, v?
Pr (sa = j| pra, Ears Jar, hdt7DT> = 7] ( ( t )** th J ]) :
S % for (log (AdE)?| ha +my — 1.2704, 07)
(A.42)

where j = 1,...,7, t = 1,....,T, and fy (y|a,b) denotes the kernel of a normal distribution

with mean a and variance b evaluated at y.

A.3.5 Md7¢u7ai7uh7¢h70—}%7A7 ng “d?hdaédaJdva

We break this posterior into eight separate blocks:

o :ud‘ My, (b,ua 027 DT:

Start by combining (A.2) and (A.6) and rewriting them as:

Z,=X,pi+e, €,~N(0X,) (A.43)
where
Hd1 1
Z, - [hd2 _.Cbuﬂdl | . (1 — bu) o
far — Q.su,udT—l (1 — bu)

Combining (A.43) with the prior for ug in (A.8) leads to

lud| Mg ¢#7 Ufm DT ~ N(ﬁdavyd) <A45)
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where

_ _ -1
Vie=[V,0 +X,2,'X,] (A.46)
and

o = Ve Vst + X152, (A47)

¢M| Mg, Hd, 0-,2“ DT:

Following Kim et al. (1998), we start by obtaining a candidate draw from the

following distribution:

G~ N (6, V) x L(l9,] < 1) (A.48)
where
X, X, \
1/ —1 ¢,u ¢M
V(bu = (Z% + T) s (A.49)
o
— X' zZ
iV -1 PP
¢u = Vdm <K¢“?uo + U—3M> (A.50)
and where
paz = fla fan —
Zy, = : . X, = : : (A.51)
Hdr — Hd HdT—1 — [d

Next, if the draw is retained (i.e., satisfy the stationarity restriction), we accept ¢7, with
probability e(9(4:)=9(9)) where qﬁffd is the retained draw from the previous iteration

of the Gibbs sampler, and

g(¢u) =Inp (o) — %hl < - ) B (1 ’ (b/‘) (b1 — /“Ld)Q (A.52)

2
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with p (¢,,) denoting the prior of ¢, from (A.8).

b O-Z‘ Ha; Hd, ¢u7 DT

The posterior for aﬁ is readily available, and is given by:

T _—
O-i‘ l’l’dnudu(b,ualDT NIg (ZM + _7S,u>

A.53
! (A53)
where
1 T-1
Sy=98,+ 5 (1=¢2) (par — f1a)? + Z (Matr1 — pra — G (par — Md))2] (A.54)
t=1
i ,Lbh|hd, ¢h7 0-}217 DT:
Start by combining (A.3) and (A.7) into:
Zy=Xppn+en € ~N(0,X) (A.55)
where
ha 1
hao — ¢nh 1-—
Z, d2 .(ﬁh d1 | . ‘Qbh (A.56)
har — ¢nhar—1 1—¢n
Next, combine (A.55) with the prior for puy in (A.9) to get
ﬂhlhd7¢h70}2wDT NN (ﬁhavuh) <A57)
where
Vi = [V + X020 X0 (A.58)
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and

Ty =V, [V’lgho XS Z, (A.59)

—Hh

L ¢h‘hd7 Hh, 0}217 DT:

As with ¢,, we follow Kim et al. (1998) and first obtain a candidate draw from the

following distribution:

S~ N (00, Vi) x I (|én] < 1) (A.60)
where
. X/ X -1
_ -1 ¢ Pn
Vg, = (K% + ;—i) , (A.61)
e X, Zy
On =V, (K;,}Qho + %) (A.62)
Op,
and where
haa — pin, hat — pn
Zy, = : , Xy, = : (A.63)
har — har—1 — i

Next, if the draw is retained (i.e., satisfy the stationarity restriction), we accept ¢} with
probability e(9(#1)=9()) where #9'¢ is the retained draw from the previous iteration

of the Gibbs sampler, and

(hdl — ,U,h)2 <A64)

9<¢h>:1np<¢h>—§1n( )_(1—¢z>

)
with p(¢,) denoting the prior of ¢.

hd 0-}21|h’d7 Hh, ¢hDT:
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The posterior for o7 is readily available, and is given by:

T _—
O-i2z|h’7uhv ¢ha DT ~ Ig (Zh + §a Sh> (A65)

where

T-1

Sp =258, + % (1= ¢2) (har — pu)* + Z (hats1 — pn — On (har — Mh))2] (A.66)

t=1
AW, D" and WX, Jy, D'
We follow Albert and Chib (1993) and to simplify the computations introduce the

auxiliary latent state variable W;, t = 1,...,T . We proceed by first rewriting the

stochastic process of the jump intenisty in (A.4) as

1 if Wt+1 >0
Jdt—i—l - (A67)
0 if Wy <0
where
Wi = A/Xzf_‘_l + Ewirl,  Ewigl ™ N(O, 1) (A68)
or, more compactly,
W=X'A+ew, ew~N0,Ir) (A.69)
where
X7 W,
X' =|: | andW=|:|. (A.70)
X7 Wr

The posterior of A is readily available, and given by

AW, D" ~ N (I, V) (A.71)
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where
Vi=[Vit+x7x7] (A.72)
and
by =V [1;1& + XJ’W} . (A.73)
As for the sequence of latent variables {W,},_ , we have that

TNNX] ,,1,0,00) if Jg =1

Wt| >\; Jdt7 DT ~
TNNX/,1,-00,0) if Jgy =0

(A.74)

where T'N (p1, 02, 1b, ub) denotes a truncated normal distribution with mean p, variance

0%, and lower and upper bounds b, ub.

U§|€d7DT:

Finally, the posterior distribution for ag is readily available, and given by

T —
ot €, D" ~IG (Z{ + 3 Sg) (A.75)
where
1 T
Se=Sc+; > & (A.76)
t=1
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Internet Appendix B MCMC Convergence and
Efficiency

In this Appendix, we discuss the convergence properties of our MCMC algorithm for the
mean-reverting, stochastic volatility model with jumps described in Section 3.1. All results
are based on samples of 2,000 retained draws, obtained by sampling a total of 101,000 draws,
discarding the first 1,000 draws, and retaining every 20th draw of the post-burn samples.
Table B.1 reports summary statistics of inefficiency factors (IF) for the posterior estimates
of all key parameters of the cash flow model. Generally speaking, values of the IF's below 20
are taken as indication that the chain has satisfactory mixing properties. As is clear from

the entries in both tables, our algorithm shows excellent mixing properties.
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PANEL A: DIVIDENDS

IF 4% IF 8% IF 15%
g 0.756  0.607 0.413
¢, 1.966 2.263 2.161
02 658  6.804 4.806
pn 0.953  0.908 0.858
¢n  2.337  2.886 3.047
o2 3.8%8  4.355 4615
0 0.944  0.687 0.543
At 1204 1.351 0.904
Ay 2114 2.693 3.356

PANEL B: DIVIDENDS (from 1927)

IF 4% IF 8% IF 15%
e 1127 1.021 1.001
¢, 1.849  1.464 1.018
O'Z 9.306  6.666 4.806
pn o 0.738 0477 0.353
¢n 5.603  5.813 5.037
of 8144  T7.777 6.290
ag 1.822  1.837 1.672
A1 3.920  3.786 3.635
A2 19.009 18.708 16.129

Table B.1: Inefficiency factors of the model. This table reports the inefficiency factors for the key
parameters of the mean-reverting, stochastic volatility model with jumps described in Section 3.1. Panel A
reports results for the model using the daily dividend growth series starting in 1973, while Panel B shows
estimates using the daily dividend growth series and starting in 1927. For each individual parameter, the
inefficiency factor is estimated as 1+ 2372 ; p where pj, is the kth-order autocorrelation of the chain
of retained draws. The estimates use the Newey-West kernel and a bandwidth of 4%, 8%, or 15% of the
sample of retained draws. All results are based on a sample of 2,000 retained draws, obtained by sampling
a total of 101,000 draws, discarding the first 1,000 and retaining every 20th draw of the post-burn sample.
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Internet Appendix C Extensions and robustness tests

This section conducts a set of tests designed to explore some additional implications of our
analysis and verify the robustness of our empirical results. First, we analyze whether
innovations to our new persistent dividend growth component, j4;, are related to a range of
cross-sectional asset pricing factors that have been studied in the finance literature.
Second, we study the relation between stock returns and dividends on dividend payment
days, rather than on days where dividends get announced. Third, we study the economic
value of return predictability. Fourth, we estimate regressions of different measures of stock
market volatility on pg. Fifth, we estimate alternative econometric specifications that
allow for state dependence in jump probabilities as well as correlated jumps in the mean

and volatility processes. Sixth, we estimate our model at the industry level.

C.1 Cross-sectional effects of dividend shocks

Our finding that the behavior of the persistent component of the dividend growth process,
lat, varies across firms with different sizes and book-to-market ratios suggests that shocks
to pg: may be related to cross-sectional risk factors tied to firm or stock characteristics.

To see if this holds, we next investigate whether p4 is related to existing risk factors
found in the empirical asset pricing literature to capture cross-sectional variation in stock
returns. These include the market (MRP), size (SMB), book-to-market (HML), profitability
(RMW), quality (CMA) and momentum (UMD) factors. Each of these factors is formed as
the return spread on long-short portfolios of firms sorted by firm characteristics. Data are
obtained from Ken French’s website.

Our cross-sectional analysis should only be viewed as suggestive evidence as we do not
perform a full set of empirical tests, nor do we address the caveats highlighted by Lewellen
et al. (2010). In addition, several other cross-sectional risk factors have been proposed and
could be used in an extended analysis. In the interest of limiting the multiple hypothesis
testing problem, we do not explore other factors here.*

The first step in our analysis extracts the daily innovation €, in the persistent cash flow

component fig41 from equation (4). The second step performs a set of univariate regressions

39Gee Barillas and Shanken (2018) for a discussion of ways to compute model probabilities when the models
are driven by a limited subset of risk factors.
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of returns on the individual risk factors (F}1;) on an intercept and the innovation €,;41:
Frn = a+ B, eu+1 + ug. (C.1)

Results from these regressions are reported in Table C.1. The estimated value of o shows
the unconditional mean risk premium of the individual factors. This ranges from highs of
7.4% and 6.3% for the momentum and market factors, respectively, to a low of 1.8% for the
size factor (SMB). Our main interest is of course in the estimate of /3, which reflects the
sensitivity of the daily factor returns with respect to daily shocks to the persistent dividend
growth component. Dividend shocks, €41, are positively and significantly correlated with
market returns (t-stat of 2.10). Days with above-normal stock market returns are thus
associated with days with positive shocks to persistent cash flow growth. Similarly, we
find a positive correlation between dividend shocks and returns on the size (SMB) factor,
although this is only significant at the 10% level (t-stat of 1.74). Returns on small firms
thus tend to be higher on days with positive shocks to cash flow growth and small firms
are more sensitive to changes in aggregate cash flows than large firms. The negative and
highly significant coefficient (¢-stat of -4.65) on the profitability factor (RMW) suggests that
returns on firms with weak profitability tend to have higher (relative) returns than firms
with robust profitability on days where dividend growth prospects improve.

Overall, these results show that our new daily cash flow growth measure can help explain
the daily returns not only of the aggregate market, but also of at least some of the risk
factors. In particular, our findings suggest that improved cash flow prospects (positive

shocks to Apgei1) disproportionately benefit small firms and firms with weak profitability.

C.2 Dividend payments versus announced dividends

Our results up to this point show that movements in aggregate stock returns and market
volatility are related to dividend news on the announcement date. This relation plausibly
reflects how investors re-assess equity prices following cash flow news. We can test this
hypothesis by exploiting the fact that we have data on both the date of the dividend
announcement and the date where a dividend is paid out, with the payment date typically
occurring several days after the announcement date. If the news effect hypothesis is

correct, we would expect to find a substantially smaller impact of dividend growth on stock

76



returns on the payment date as compared to the return effect on the announcement date.

To see if this is the case, we estimate daily (contemporaneous) return regressions with the
various dividend components as regressors, but use the dividend payment dates as opposed to
the dividend announcement dates in extracting Apug;. The results, presented in columns 4-6
of Table C.2, show that the coefficient on Apg, drops from 2.78 to 0.55, with the t-statistic
dropping from 4.21 to 0.96. This is consistent with the cash flow news effect being what
matters to movements in aggregate stock market prices, rather than any liquidity effects
associated with payment of dividends.

The final column of Table C.2 shows estimates based on the daily dividend growth
measure extracted from CRSP, computed as a daily year-on-year growth rate series. Once
again, this measure, which uses information on dividend payments as opposed to
announced dividends, has no significant explanatory power over aggregate stock returns.

Table C.3 reports results on the predictability of dividend growth for both announced
and paid dividends at the lower frequencies (monthly, quarterly, and annual). Results are

stronger when we use announced dividends rather than paid dividends.

C.3 Economic value of return predictability

Consider an investor who at time t allocates w;W; of total wealth to stocks and the remainder,
(1—w;)W; to arisk-free asset, where W = 1 is the initial wealth while w; is the share allocated
to stocks. Furthermore, assume that once the investor makes her allocation decision at time
t, she waits until time ¢ + 2 to implement her investment, maintaining this position without
rebalancing until time ¢t + h (h > 2). Skipping one day before trading ensures that results
are not affected by slippage.

From Campbell and Viceira (2002) it follows that if the cumulative log excess return
between time ¢ + 2 and t + h, rii044p, is conditionally normally distributed with mean

Tito:4ne and variance o the optimal weight (&) for an investor with CRRA utility

2
t-+2:t+ht?
and a coefficient of relative risk aversion A can be approximated by

oy = (%) (ft+2:t+ht + &t2+2:t+h|t/2> ' (C.2)

=2
Oty 2:t+hlt

We assume that A = 5, which is a standard choice from the empirical finance literature.
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To measure the economic value of return predictability from Apg, consider the following

prediction model for the mean of cumulative returns,
Tri2r+h = Bo + B1llar + Ergairen, T=1,.,t—h (C.3)
and the volatility of cumulative returns:
Vol,y1 = vo + 7ptar + ”ygVolf_l + Vol + v Vol + €:41, (C4)

where Vol denotes the S&P500 realized volatility at time 7+ 1 and Vol?, Vol”, and Vol™
are the lagged daily, weekly, and monthly volatility averages, respectively, as defined in Corsi
(2009). Note that because of the high persistence in Vol, 1, we use the level of pg4, rather
than its change, as a predictor in the volatility equation. Moreover, (C.4) is easily iterated
on to obtain forecasts of Vol .

Our realized volatility data start in January 2000 and we use a three-year initial
estimation window so the forecasting/rebalancing dates begin on January 3, 2003 and
include every Friday until one week before the end of our sample, December 16, 2016 which
yields a total of P = 730 distinct dates.®* To reduce portfolio turnover, our analysis
assumes weekly trades (h = 5). Specifically, on any given Friday we first predict the mean
and variance of cumulative returns, ry 2.4, using the model (C.3)-(C.4) that includes our
persistent dividend growth measure as a predictor. Next, using these forecasts, we compute
the optimal allocation to stocks (C.2) which is held constant between time ¢ + 2 and
t + h. As a benchmark, we also compute the portfolio allocation to stocks implied by
cumulative return and volatility forecasts for an investor who disregards information on the
persistent dividend growth component when forming her forecasts, thus setting 5, = v, =0
in (C.3) and (C.4). Finally, following Campbell and Viceira (2002), we approximate the

investor’s wealth at time t + h by

- 1

In (Wign) = (h = 1) 75 + Wirigosn + 5@5 (1 —w) a\%+2:t+h|t7

where 7y, denotes the risk-free rate.

4OFor those weeks in which the markets are not open on a Friday, we use as our rebalancing date the last
day of that week when the markets are open.

78



The annualized mean, volatility, and Sharpe ratio based on the return predictions that use
information on Apg are 4.98%, 8.32%, and 0.60, respectively. The corresponding numbers
for the predictions that do not use such information are 2.26 %, 6.75%, and 0.33. Finally, the
annualized certainty equivalent return differential between these two models equals 2.32%
which is economically sizeable and so suggests that there are considerable economic gains

from using information on the persistent dividend growth component to predict stock returns.

C.4 Stock market volatility and dividend news

Section 6 shows that dividend growth dynamics affect not only the mean of stock returns
but also impact the volatility and jump probability of the return process with positive news
about the persistent dividend growth component reducing stock market volatility.

To explore the robustness of this finding, we investigate the relation between daily stock
market volatility and cash flow news using two different measures of market volatility. First,
we use the VIX obtained from options prices which reflects market expectations of short-run
(30-day) volatility in stock prices. Second, we use a realized variance (RV) measure of daily
stock market volatility based on intra-day movements in the price on the S&P500 index
sampled every 5 minutes.*! Data on the VIX are available starting in 1990, while data on
realized volatility begin in 2000.

We first consider the contemporaneous relation between daily stock market volatility
and news about the persistent dividend growth component. Panel A in Table C.4 shows
that there is a significant and negative correlation between movements in the persistent
dividend growth component and stock market volatility measured by either the VIX or the
RV, consistent with positive news about long-run dividend growth reducing stock market
volatility.

Next, we consider whether dividend growth news helps predict future stock market
volatility. Following Paye (2012), we use the level of volatility in our regressions, but
account for the high persistence in this variable by including either a single lag or an

average of lagged volatility as proposed in the cascade model of Corsi (2009). Specifically,

4 Our data come from the Oxford-Man Institute of Quantitative Finance, http://realized.oxford-man.
ox.ac.uk/data/download.
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we use the following two regression specifications for the volatility on day ¢, VOL;:

Voliyw = a+ Vol + Baptar + €141,
Voliy1 = o+ Bua + ﬂdRV;sd + Bu RV + B, RV]™ + €141,

~—~
Q
Ot

~—

where RV, RV¥ and RV™ are daily, weekly, and monthly volatility averages, respectively.

Panel B in Table C.4 shows the results from these regressions using the VIX (left column)
or the realized volatility (right column). Regardless of whether we use the specification in
(C.5) or (C.6), we find strong evidence of persistence in the volatility process.

Turning to the predictive content of the persistent dividend component, p4, over stock
market volatility, for both specifications in Panel B we find that the coefficient on pg is
negative and highly statistically significant with t-statistics of -4.15 and -9.85, respectively.
While these t-statistics drop to -2.07 and -2.16 in the cascade model, they remain significant.
This confirms that positive news about persistent dividend growth leads to lower stock

market volatility, while negative news tends to increase stock market volatility.*?

C.5 Alternative econometric specifications

To explore how sensitive our estimates of the dividend growth model are to the specifications
of the jump and volatility processes, we modify our baseline specification to test for the
importance of both state-dependence in the jump probabilities, as in Johannes et al. (1999),
and correlated jumps in the mean and volatility, as in Eraker et al. (2003b).

Starting with the state-dependent jump model, we replace (8) with the following
3

specification®

Pr (‘]dt+1 = 1) = ()\1 -+ )\QNt-i-l -+ )\3Jdt + )\4 |Adt|) . (C?)

Compared to our baseline specification in (8), all posteriors of the coefficients are essentially
unchanged and the estimates of A3 and A4 are not significantly different from zero.

Moving on to correlated jumps, we change our baseline model to match Eraker et al.

42We also analyze whether the stochastic volatility and jump components extracted from the jump model
have any contemporaneous or predictive effect on the aggregate volatility but find that the effects are
negligible and not statistically significant.

43We modify our prior on the parameters governing the timing of the jumps as follows: A =

(M Aoy A Ag) ~ N (ﬁ)\,z)‘>, where g, = (0,0,0,0)’ and V5 = diag (10,10, 10, 10).
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(2003b)’s most general specification with correlated jumps in the mean and volatility. In

particular, we modify our model for the log-variance of dividend growth in (10) as follows:

hart1 = ptn + On (hay — pn) + Jdt+1§gt+1 + OnEnt+1, (C.8)

where &’;m\ far1 ~ N (pJgdt—i-l;Ugh).M Testing this specification on our data, again we
find that none of the estimated coefficients in our baseline specification change materially.
We also find that the estimate of the correlation coefficient p; is not statistically different
from zero. Most importantly, when we compare the pg estimates extracted from either the
Johannes et al. (1999) or the Eraker et al. (2003b) model to our baseline specification, the
three series are basically indistinguishable with a correlation of 0.9999. Plots of the three pi4;
series and a table with parameter estimates are shown in Figure C.1 and Table C.5. We find
that none of the estimated coefficients in our baseline specification change materially. Most
importantly, when we compare the ug4 estimates extracted from either the Johannes et al.
(1999) or the Eraker et al. (2003b) model to our baseline specification, the three estimates
of the persistent dividend component are basically indistinguishable with a correlation of

0.9999.%°

C.6 Estimates for industry portfolios

Table C.6 reports estimates of the dividend growth model for the five Fama-French industries,
while Figure C.2 plots their persistent components, ug. The basic features of the dividend
process remain the same across very different industries, including estimates of ¢, close to
unity, indicating a highly persistent component in dividend growth, similar jump sizes, and
negative dependence between the jump probability and the number of firms announcing

dividends on a given day.

*We specify the following priors on the additional model parameters: p; ~ N (0,05,) and o7, ~
74 (g?,ﬁg), and set 0§J =1, gg = 2 and ﬁ? =22,

450ur analysis is not intended to exhaust all jump and volatility specifications in what is now a very
large literature. For example, Bollerslev and Todorov (2011) introduce a flexible non-parametric procedure
that can accommodate complex dynamic tail dependencies and stochastic volatility. Working with closing

bid and ask quotes for S&P 500 options, Bollerslev et al. (2015) decompose the variance risk premium into
diffusive and jump risk components and link predictability of stock market returns to jump tail risk.
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PANEL A: Cross-sectional analysis

a (annualized)
t-stat

6 Hdt
t-stat

MRP SMB HML RMW CMA
6.32% 1.84% 5.01% 3.51% 4.27%
2.51 1.39 3.95 3.71 4.81
1.09 0.43 0.26 -0.84 -0.17
2.10 1.74 0.10 -4.65 -1.09

UMD
7.40%
4.16
-0.21
-0.58

Table C.1: Return spreads and shocks to the persistent dividend growth component. This
table reports the estimated intercept and slope coefficients from regressions of daily returns on spread
portfolios tracking a variety of risk factors (MRP, SMB, HML, RMW, CMA and UMD) on a constant
and daily shocks to the persistent component in the dividend growth process extracted from our dividend
growth rate model. We also report t-statistics computed using Newey-West standard errors. The sample

period is 1973-2016.
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Dividend announcement days Dividend payment days

Ad, .00 -.00
[1.34] [-0.37]
AN .00 -.00
[1.30] [-0.43]
Apgy 2. 7&K 0.55
[4.21] [0.96]
EarJar .00 -.00
[1.60] -0.00]
hai /2 -.00 .00
[-0.76] [0.37]
AdCRSP .00
[0.45]

R? 0.01% 0.01% 0.26% 0.00% 0.00% 0.01% 0.00%
Observations 20,966 20,966 20,966 20,393 20,393 20,393 10,900

Table C.2: Daily regressions of stock returns on dividend news. This table reports estimates
from regressions of daily stock market returns on 1) daily growth in aggregate dividends, Ady; 2) changes
in the persistent dividend growth component, A,u,fi\;J , extracted from a dividend growth model without
jumps and stochastic volatility; the following components extracted from the dividend growth model that
accounts for jumps and stochastic volatility: 3) changes in the persistent component, Apgs; (iv) jumps,
EarJar; (v) stochastic volatility, hg¢ /2. In each case, the dependent variable is the two-day cumulative log
stock market return on days ¢t and ¢ + 1, r4:441. Columns 1-3 consider stock returns on the days with
the dividend news announcements, while columns 4-7 relate stock returns to dividend news on the days
where the dividend payments are actually made. The final column reports results from regressing returns
on a daily dividend growth series, Adtc RSP computed from the CRSP index. Square brackets report
t-statistics using Newey-West standard errors. The sample period is 1927-2016.
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AAGESP = a4 pi Sy MEASE + Gy + 20T e

Monthly Quarterly Annual
Announced Paid Announced Paid Announced Paid
Kdaily ATHRE 36HF 2.50%**
[5.77] [4.58] [3.95]
Lmonthly 14k 1%k
[6.51] [4.87]
Haquarterly 220k TR
[3.19] [3.18]
[yearly 2.64%* 1.72
[2.58] [0.59]
dp; -.00%* -.00 -.00 -.01 .00 .00 .03 .07 .06
[2.49]  [0.97]  [-0.63]  [-1.29] [0.20] [0.21] [0.50] [1.12] [0.87]
Ad§ RSP -.05 -.05 -.03 16%* 22%% 0L 7 A ) £
[0.97]  [0.94  [-0.51] [2.20] [2.59] [2.11] [-4.58] [-3.07]  [-2.32]
AdS RSP -.07* -.07* -.05 .07 10 .08 % B s o B
[1.96]  [-2.01]  [-1.25] [1.39] [1.65] [1.47] [-3.87] [-3.01]  [-1.70]
AdS BT 20%8F 0¥k gtk .03 .06 .05 -.12 -.08 -.01
[3.68] [3.59] [3.70] [0.45] [1.05] [0.83] [-0.78] [-0.52]  [-0.03]
R? 18.29%  17.80%  15.97%  26.50%  21.76%  23.16%  27.45%  22.14% 16.07%
Vuong test [-2.70%**] [0.62] [1.28]
Observations 525 525 525 169 169 169 40 40 40

Table C.3: Dividend growth regressions. This table shows results from predictive regression of the

conventional dividend growth measure extracted from CRSP data, Adg_RlS P on the persistent component

“iit estimated from our daily dividend growth model (at the various frequencies) and the log dividend
price ratio, dp¢, at quarterly and annual frequencies. The third column of each block (e.g., monthly,
quarterly, annual) shows the results using the actual paid out dividends. We report the Vuong (1989)
t-stat comparing the models with announced and paid dividends, which suggest the models differ at the
monthly frequency but not at the quarterly/annual ones. Square brackets report t-statistics computed
using Newey-West standard errors with three lags. Sample: 1973-2016.



Panel A: Contemporaneous regressions

VIX SP500 Realized Vol
Lat -20.86%** -14.85%%*
[-20.34] [-14.69]
Eada -.08 .00
[-1.19] [0.02]
hai /2 2.53%H* .76
[5.07] [1.40]
R? 30.57% 21.78%
Observations 6,527 3,977

Panel B: Predictive regressions

VIX SP500 Realized Vol
AR(1) QTHHE T4HHF
[164.65] [31.21]
Lhdt -0.48%** -3.80%**
[-4.15] -9.85]
R? 96.28% 64.68%
Observations 6,526 3,953

Corsi (2009) model

L -.26%* -.86%*
[-2.07] [-2.16]

RV 85 kHk 3pkekek
[28.38] [7.85]

RV e 4R
[2.75] [5.75]

RV .03 TR
[1.64] [3.21]

R? 96.38% 70.98%
Observations 6,443 3,542

Table C.4: Relation between the persistent dividend component, VIX, and realized stock
market volatility. Panel A in this table reports estimates from daily regressions of the VIX (left column)
or the realized volatility based on the S&P500 index (right column) on the contemporaneous value of the
persistent dividend growth component p4; extracted from our components model. Panel B reports similar
results, relating the VIX or realized volatility to the lagged value of pg4; as well as a single lag of the
dependent variable or multiple lags based on the Corsi (2009) model. The dependent variables in Panel

A are standardized. Square brackets show t-statistics using Newey-West standard errors computed using
three lags.
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Panel A: Baseline Model

Baseline State-dependent Jumps Correlated Jumps
Mean Std 90% Credible Set Mean Std 90% Credible Set Mean Std 90% Credible Set
Hnq 0.0802 0.0116 [0.0622,0.0973] 0.0802 0.0121 [0.0615,0.0984] 0.0793 0.0117 [0.0604,0.0958]
bu 0.9983 0.0006 [0.9972,0.9993] 0.9983 0.0006 [0.9972,0.9992] 0.9982 0.0006 [0.9971,0.9992]
ou 0.0019 0.0001 [0.0016,0.0021] 0.0019 0.0001 [0.0016,0.0021] 0.0019 0.0001 [0.0016,0.0021]
wh -5.3373 0.0449 [-5.4146,-5.2615] -5.3362 0.0464 [-5.4123,-5.2590] -5.3332 0.0463 [-5.4041,-5.2554]
bn 0.8332 0.0078 [0.8203,0.8462] 0.8324 0.0080 [0.8191,0.8454] 0.8314 0.0079 [0.8185,0.8444]
oh 0.7517 0.0279 [0.7056,0.7972] 0.7579 0.0286 [0.7103,0.8056] 0.7476 0.0284 [0.7024,0.7940]
og 7.6263 0.2202 [7.2622,8.0039] 7.6356 0.2302 [7.2592,8.0219] 7.6425 0.2336 [7.2669,8.0362]
Teh 0.7465 0.2323 [0.4433,1.1763]
A1 -1.3541 0.0446 [-1.4281,-1.2811] -1.3243 0.0513 [-1.4087,-1.2404] -1.3521 0.0453 [-1.4240,-1.2745]
A2 -0.0244 0.0022 [-0.0281,-0.0208] -0.0244 0.0021 [-0.0281,-0.0210] -0.0245 0.0021 [-0.0280,-0.0212]
A3 0.0300 0.1475 [-0.2138,0.2705]
A4 -0.2799  0.2636  [-0.8075,0.0482]
o 0.0008  0.0408  [-0.0679,0.0660]
Panel B: Market Weight Model
Market weight State-dependent Jumps Correlated Jumps
Mean Std 90% Credible Set Mean Std 90% Credible Set Mean Std 90% Credible Set
Hd 0.1085 0.0172 [0.0837,0.1310] 0.1093 0.0160 [0.0842,0.1313] 0.1070 0.0184 [0.0825,0.1301]
Pu 0.9985 0.0006 [0.9975,0.9994] 0.9985 0.0006 [0.9974,0.9994] 0.9985 0.0006 [0.9975,0.9995]
ou 0.0021 0.0002 [0.0018,0.0024] 0.0021 0.0002 [0.0018,0.0024] 0.0021 0.0002 [0.0018,0.0023]
Hh -5.0458 0.0443 [-5.1189,-4.9763] -5.0450 0.0432 [-5.1155,-4.9752] -5.0420 0.0439 [-5.1126,-4.9682]
dn 0.8423 0.0080 [0.8291,0.8560] 0.8423 0.0082 [0.8288,0.8558] 0.8400 0.0081 [0.8267,0.8529]
op 0.6782 0.0264 [0.6338,0.7222] 0.6787 0.0279 [0.6333,0.7246] 0.6729 0.0269 [0.6282,0.7175]
o¢ 7.7703 0.2245 [7.4149,8.1483] 7.7792 0.2347 [7.4055,8.1800] 7.7908 0.2302 [7.4282,8.1636]
Ten 0.8004  0.2139  [0.4827,1.1951]
A1 -1.4496  0.0448  [-1.5251,-1.3771]  -1.4402  0.0496  [-1.5236,-1.3606]  -1.4540  0.0421  [-1.5260,-1.3873]
X2 -0.0206  0.0021  [-0.0240,-0.0173]  -0.0205  0.0021  [-0.0241,-0.0171]  -0.0205  0.0019  [-0.0236,-0.0172]
A3 0.0624  0.1464  [-0.1788,0.2995]
A4 -0.0890  0.1453  [-0.3464,0.1303]
o -0.0004  0.0395  [-0.0668,0.0632]
Table C.5: Parameter estimates for dividend growth models with different specifications

of the jump component. This table shows parameter estimates for the dividend growth models using
the jump specifications in Johannes et al. (1999) and Eraker et al. (2003b). The first model replaces our
baseline jump probability specification with the following state-dependent specification

Pr(Jgir1 = 1) = © (A1 + A2 Neg1 + Az Jas + A |Ade])

The second model accounts for correlated jumps in the mean and volatility and modifies our original
baseline specification to

where

hat+1 = pn + & (hat — ) + Jar+1€0 1 + Ohehes1,

Ehiir|Cater ~ N (pJ{dt+1»U§h,>

Columns report the posterior mean, standard deviation and 90% credible sets for the parameter estimates.
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Parameter estimates

Hd
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Consumers Manufacturing HiTech Healthcare Others
Mean  Std ~ 90% Credible Set Mean  Std ~ 90% Credible Set Mean  Std ~ 90% Credible Set Mean  Std ~ 90% Credible Set Mean ~ Std ~ 90% Credible Set
0.078 0.014 [0.058,0.099] 0.066  0.021 [0.033,0.095] 0.069 0.027 [0.032,0.103] 0.089 0.017 [0.065,0.110] 0.098 0.014 [0.077,0.116]
0.998 0.001  [0.997,0.999] 0.999  0.000  [0.998,0.999] 0.999 0.001  [0.998,0.999] 0.997 0.002  [0.994,0.999] 0.998 0.001  [0.997,0.999]
0.002  0.000 [0.002,0.002] 0.002  0.000 [0.001,0.002] 0.002  0.000 [0.002,0.003] 0.003  0.000 [0.002,0.003] 0.002  0.000 [0.002,0.003]
-4.980 0.046 [-5.051,-4.903] -5.411 0.050 [-5.493,-5.327] -4.666 0.058 [-4.762,-4.572] -4.620 0.073 [-4.738,-4.499) -4.682  0.051 [-4.766,-4.596]
0.839  0.008 [0.825,0.852] 0.811  0.008 [0.798,0.824] 0.860  0.008 [0.846,0.873] 0.933  0.010 [0.917,0.949] 0.833  0.008 0.820,0.845]
0.688 0.028 [0.644,0.735] 0.878  0.032 [0.825,0.928] 0.685 0.036 [0.626,0.745) 0.308  0.037 [0.248,0.368] 0.852  0.029 [0.804,0.899]
7.598 0.225 [7.239.7.970] 7.877 0.244 [7.487,8.286] 7.836 0.237 [7.455,8.232] 8.016 0.242 [7.617,8.424] 7.763  0.230 [7.388,8.146]
-1.209 0.048 [-1.289.-1.130] -1.472  0.053 [-1.559,-1.388] -1.510 0.057 [-1.609.,-1.420] -1.387 0.066 [-1.497-1.277] -1.341  0.048 [-1.420,-1.261]
-0.108 0.010 [-0.125,-0.092] -0.064 0.008 [-0.078,-0.051] -0.092  0.021 [-0.126,-0.058] -0.122  0.038 [-0.186,-0.059] -0.058 0.006 [-0.069,-0.049]

Table C.6: Parameter estimates for the dividend growth rate model estimated separately for
the five Fama-French industry portfolios. This table shows parameter estimates for a model fitted
to the daily dividend growth series of the five Fama-French industry portfolios (consumers, manufacturing,
high-tech, health care, and others). The components model underlying these estimates takes the following
form:

Adpy1 = par+1 + Edt+1Jae+1 + Ed1,
pdi+1 = pid + bp (Hde — pa) + TpEput+1,
eqip1 ~ N(0, ehae+1),
hatv1 = pn + ¢n (Rar — pin) + Onene+1,
Pr(Jag+1 =1) =P (A + X2 Ngiy1)

a1 ~ N (07 O'g) .

Here 14441 captures the mean of the smooth component of the underlying dividend process, Jg:+1 € {0,1}
is a jump indicator that equals unity in case of a jump in dividends and otherwise is zero, {4¢+1 measures
the jump size, €q41 is a temporary cash flow shock, euir1 ~ N(0,1) is assumed to be uncorrelated at
all times with the innovation in the temporary dividend growth component, e4¢41, and |¢p| < 1. hgpi1
denotes the log-variance of €4¢41, and ept41 ~ N(0,1) is uncorrelated at all times with both £4:41 and
€ut+1- Ngiy1 denotes the number of firms announcing dividends on day ¢ + 1, while ® stands for the

CDF of a standard Normal distribution and £g;41 ~ N (0, O’?) captures the magnitude of the jumps. The

columns report the posterior mean, standard deviation and 90% credible sets for the parameter estimates.
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Figure C.1: Estimates of the persistent dividend growth component, u4, based on different
specifications for the jump component. The figure plots the estimated persistent dividend growth
component, pq¢, for (i) our baseline specification; (ii) a model that allows for state-dependent jumps; and
(iii) a model that allows for correlated jumps. All estimates use daily dividend announcement data over
the period 1973-2016.
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Figure C.2: Comparison of n4 estimates across different industries. This figure plots time series
of pgs estimated separately for the five Fama-French industry portfolios.
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