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Abstract

Present-value logic says that aggregate stock prices are driven by discount-rate and
cash-flow expectations. Dividends and net repurchases are both cash flows between the
firm and household sectors. Aggregate dividend-price ratios do not forecast dividend
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1 Introduction

To analyze what drives aggregate stock prices, Campbell and Shiller (1988) developed a
seminal decomposition with the following present-value intuition: the dividend-price ratio
fluctuates due to varying expectations of future discount rates or future cash flows.! There-
after, well-known regression results showed the dividend-price ratio significantly forecasts
returns but not dividend growth. Hence, Cochrane (2005, 2008, 2011) and others have ar-
gued that aggregate dividend-price-ratio variation is almost entirely driven by discount-rate
variation. This stylized fact has important economic consequences, for instance emphasizing

discount-rate expectations over cash-flow expectations as the sole force driving asset prices.?

I argue the stylized fact is different: discount-rate and cash-flow expectations contribute
about equally. First I show that the present-value identity of the aggregate dividend-price
ratio includes future stock buybacks and issuance, in addition to dividends, as cash flows
between the household and firm sectors. Then I find these cash flows are robustly forecasted
in the data. Those new facts change the variance decomposition across a variety of speci-
fications, and the broad conclusion is that half of aggregate dividend-price variation comes
from cash-flow expectations. Aggregate cash-flow expectations are alive and well and driving

stock prices.?

To emphasize, the key point is that the same dividend-price ratio used by many preceding
papers is related to future issuance and buybacks by definition.* If we are investigating
variation in the aggregate dividend-price ratio but ignoring buybacks and issuance, we have
essentially imposed a constraint that those cash-flow expectations don’t vary—we will see
that the data reject that constraint.® Put another way, my estimates of return and dividend-
growth forecast equations are essentially identical to previous work, such as Cochrane (2008,
2011) and Koijen and Van Nieuwerburgh (2011), because the predictor is the same. This pa-
per’s contribution is showing that buyback and issuance equations also belong in the system

of forecasting equations, and finding robust empirical evidence of their predictability.® Be-

'In the absence of bubbles, which is assumed throughout the paper.

2Examples of this stylized fact’s importance can be found in Koudijs and Voth (2016), Caballero and
Simsek (2020), De La O and Myers (2021), and Dou et al. (2021), among others.

3Cochrane (2008) is titled “The Dog that Didn’t Bark”, dividends being the dog. Buybacks and issuance
are cats, and they meow loudly.

4For instance, using the return definition in Larrain and Yogo (2008) Section 5.1.

®My general point is reminiscent of Boudoukh et al. (2007)’s point that “all cash flow distributions to
shareholders may have fundamental information about asset pricing”, thus warning us to “be careful in using
dividend yields alone.” My twist on the idea is to use the dividend-price ratio alone, but show that “all cash
flow distributions” matter to it.

6A caveat: the aggregate dividend-price ratio in Cochrane (2008, 2011) is not precisely the type con-



cause of this, the role of cash-flow news in the dividend-price ratio’s variance decomposition
is larger than typically estimated. In turn, this observation implies that dividend-price and
excess-return variance decompositions more closely agree on the contribution of cash-flow
expectations—which connects to the work of Campbell (1991), Campbell and Vuolteenaho
(2004), and Campbell et al. (2018), amongst others.

I focus on the dividend-price ratio for at least three reasons. First, I aim to persuausively
argue that stock prices respond to expected buybacks and issuance—showing they appear
in the aggregate dividend-price ratio’s present-value identity is a well-known way to do so.
Second and relatedly, it is useful to directly connect to precursors like Campbell and Shiller
(1988) and Koijen and Van Nieuwerburgh (2011)—this way, I am able show that the same

variable delivers both familiar and new results.”

Three, yearly total equity payout (i.e.
dividends plus buybacks minus issuance) is negative many times in the data, even recently—

therefore a log-linear payout-price-ratio decomposition is not always real-valued.

This paper connects most directly to Cochrane (2005, 2008, 2011) that use only CRSP data.
As Campbell and Shiller (1988) note, “[t(he CRSP data incorporate careful corrections for
stock splits, noncash distributions, mergers, delisting, and other potential problems”. This
means that one can measure a net repurchase (buyback minus issuance) between the firm
and household sector whenever the cumulative-factor-adjusted number of outstanding shares
changes (see Stephens and Weisbach, 1998): these are the non-stock distributions exactly
implied by prices, returns, and shares outstanding.® Like Cochrane (2005, 2008, 2011), my

main analysis requires only data from the Center for Research in Security Prices (CRSP).

The predictability of future cash flows has noteworthy economic implications. Cochrane

(2008) writes “[oJur lives would be so much easier if we could trace price movements back

structed in Campbell and Shiller (1988), Welch and Goyal (2007), and Koijen and Van Nieuwerburgh
(2011)—see Section 2. But the empirical difference is small, so I abstract from this in the main text. I
am never arguing that the aggregate dividend-price ratio is mismeasured by anyone. I am arguing that
cash flows beyond ordinary dividends should also be considered, in a point that is complementary to what
Sabbatucci (2022) points out (as I discuss below).

" Another reason could also be related: the same variation that is part of its predictability also suggests net
repurchases (i.e. buybacks minus issuance) could add noise to a scaled-stock-price predictor. The forward-
looking part of any yield is the price, and smoothly-moving dividends impart stationarity with minimal
backward-looking noise—which might be a statistical reason for sticking with the dividends as the cash
scaling prices. Among others, see Lamont (1998), Campbell and Thompson (2008), and Kelly and Pruitt
(2013) for discussions on the choice of price scalar.

8Intuitively, the implied issuance (if the cash flow is negative) or buyback (if the cash flow is positive) is
measured by the yield that makes sense of the firm equity’s starting market value, ending market value, and
ex-dividend return (see Stephens and Weisbach, 1998; Bansal et al., 2005; Dichev, 2007; Welch and Goyal,
2007; Boudoukh et al., 2007; Bessembinder, 2018, amongst others for support of this view)—I detail this
further in Sections 2 and 3.



to visible news about dividends of cash flows,” but because no dividend-price ratio variation
comes “from varying expected growth in dividends or earnings, much of the rest of finance
still needs to be rewritten.” With significant cash-flow predictability, the onus is reduced. For
instance, the first part of Beeler and Campbell (2012)’s long-run-risks critique is diminished:
the degree of cash-flow persistence and predictability is closer to what the models of Bansal
and Yaron (2004) and Bansal et al. (2010) would suggest. More broadly, my results support

models where aggregate prices move in response to cash-flow-expectation fluctuations.”

It turns out that I find puzzling results regarding issuance in the CRSP data. The dividend-
price ratio negatively predicts issuance, which is the opposite sign of what one would expect
from the present-value relationship developed here. To investigate further, I project the
CRSP series on the aggregate amount of stock sales reported in Compustat—the predictive
coefficient switches to be positive and significant. While my ultimate variance-decomposition
results are robust to using either issuance measure, and I can remain agnostic about its sign
and still accomplish my goals, future research is warranted to better understand what drives
CRSP issuance.

Given the large related literature, further context for this paper’s contribution is warranted.
Koijen and Van Nieuwerburgh (2011) survey the research on return and cash-flow predictabil-
ity, raising the issues of cash-flow reinvestment discussed by Binsbergen and Koijen (2010):
so I use a zero-rate reinvestment strategy that Campbell and Shiller (1988) used and as
advocated by Koijen and Van Nieuwerburgh (2011).!° Boudoukh et al. (2007) construct
on equity-payout yields that combine CRSP dividend data with net repurchase data from
Computstat (starting in 1971), with Eaton and Paye (2017) following suit, and focus on
the return predictability these ratios provide. Notably, Eaton and Paye (2017) find that
their total-payout yields are positive after the Great Depression, which suggests that CRSP
and Compustat may differ in what they measure as aggregate cash flows between the firm
and household sectors; I leave exploration of this for future research, and use only CRSP
data in my main empirical analysis. Larrain and Yogo (2008) focus on cash flows from
both debt and equity, using both Compustat or Flow of Funds data, and therefore focuses
on total firm value instead of only stock prices; also, for the purpose of investigating the
total-payout yield, they present the return identity I too use. The contribution of this paper
relative to Boudoukh et al. (2007), Larrain and Yogo (2008), and Eaton and Paye (2017)

9Meanwhile, there would be less support for a model like Campbell and Cochrane (1999) that operates
solely via discount-rate fluctuations. See also Schreindorfer (2023) for key analysis of that model.

10My results are robust to instead using risk-free rate reinvestment. I also show my main conclusions are
robust to structural breaks discussed in Koijen and Van Nieuwerburgh (2011) and analyzed fully in Lettau
and Van Nieuwerburgh (2007).



rests on choices, some already mentioned, of which I highlight two. First, I use the aggregate
dividend-price ratio and show it has a present-value relationship with future buybacks and
issuance. Second, I focus on results using CRSP data alone, and those data say that total-
equity-payout yields cannot have a Campbell and Shiller (1988)-like log-linear decomposition

because yearly equity payout is negative even in recent years (in fact, for almost all of 2021).

My conclusions connect to a number of other studies considering value-ratio predictability
or arguing the importance of cash-flow news. Welch and Goyal (2007) find the aggregate
dividend-price ratio does not forecast returns out-of-sample, which prompted Kelly and
Pruitt (2013) among others to use more sophisticated econometric methods that find greater
return and dividend-growth predictability in book-to-market and dividend-price ratios; I
find strong predictions of buyback and issuance cash flows using just the value-weighted
dividend-price ratio and simple regressions, even out of sample. Chen and Zhao (2009) argue
that decompositions are sensitive to the choice of target and predictors and find dividend-
growth news is more important once this sensitivity is systematically addressed, whereas I use
one predictor and show it robustly forecasts buyback and issuance cash flows. Chen et al.
(2013) use analyst-forecast data, and Golez (2014) extracts dividend-growth expectations

from the S&P500 using options prices,!!

and both find dividend-growth news an important
driver of prices; I use only realized CRSP data, which starts in 1926, and predict buybacks
and issuance. Pettenuzzo et al. (2020) put daily CRSP data into a Bayesian persistent-
temporary-jump component model for dividend growth, and find the persistent component
forecasts future dividend growth; I find that buybacks and issuance are even more strongly
forecastable than is dividend growth, using only simple forecast equations and monthly
data.'? De La O and Myers (2021) use analyst expectations to argue that short-run dividend-
growth expectations are the most important driver of the price-dividend ratio; I use only
realized prices and cash flows and reach a similar conclusion by look at cash flows other
than dividends, which could raise the question if analysts’ expected dividend-growth is only
showing up in future dividends or also shows up in future buybacks. Sabbatucci (2022) argues
that M&A cash dividends are excluded from the standard measure of ordinary dividends,
and once those are added back in then dividends are significantly predictable; I measure
dividend-growth in the standard way (meaning my dividend-growth results are subject to

Sabbatucci (2022)’s critique as well), but like him emphasize that non-ordinary-dividend

1His point being, take away the option-implied dividend-news and the adjusted dividend-price ratio better
predicts returns.

121n fact, given that repurchase plans are often announced ahead of time (the precise timing of dividend
announcements and realizations is something Pettenuzzo et al. (2020) take seriously), there is scope for
future research to investigate whether net repurchase news enters into those daily stock price movements
too. Pettenuzzo et al. (2022) may be moving in that direction.



cash flows (I focus on net repurchases) are important drivers of aggregate stock prices.'

The paper proceeds as follows. Section 2 presents a decomposition of the aggregate dividend-
price ratio acknowledging that the number of shares outstanding can vary. Section 3 details
the data and present summary statistics. Section 4 presents the benchmark results coming
from simple forecasting equations estimated by OLS or GMM, and then presents a bat-
tery of robustness checks considering different sample periods, non-overlapping observations,
farther-ahead forecasts, different firm samples, and out-of-sample results. Section 5 uses the
previous section’s restricted-VAR results alongside unrestricted-VAR, results, and provides
dividend-price-ratio variance decompositions answering the paper’s main question. I then

conclude.

2 A dividend-price ratio decomposition

This section argues that buybacks and issuance appear in the identity of the aggregate
dividend-price ratio, thus providing a motivation to empirically investigate their predictabil-
ity. I start by considering a portfolio of all of one firm’s stock and then show the same
points appear in aggregate. We will obtain a decomposition by following Cochrane (2005)’s

method, so start with the identity of a return.

2.1 A firm portfolio

For a stock n at the end of month ¢, let P, ; be the price per share, D, ; the dividend per share,
and S, ; the number of shares outstanding. Crucially, we care about time-series variation
in S, that is not a stock distribution like a split or stock-dividend. Those events change
the number-of-shares-outstanding variable SHROUT, the price-per-share variable PRC, and the
dividend-per-share variable in offsetting ways that do not matter to the economic question at

hand.'* For example: if the stock splits 2-for-1, then the number of shares doubles, while the

13Somewhat related, Brogaard et al. (2022) use daily data and high-frequency TAQ data since 1990 to
decompose news into firm-specific and market-wide components and find dividend-growth news is important
to firms but idiosyncratic in nature, whereas I look only at aggregate data and find the market-wide buybacks
and issuance drive aggregate stock prices.

14T use teletype font to denote variable names in the CRSP database accessed via Wharton Research
Data Services which, as I note below, I access via Wharton Research Data Services. Note there is no single
variable in CRSP that delivers ordinary dividends per share. DIVAMT includes dividends both ordinary and
not, and one needs to parse DISTCD to know which is which. The standard method of calculating ordinary
dividends-per-share is (RET—RETX) times the previous period’s price PRC (which agrees with DIVAMT whenever
DISTCD says the dividend is ordinary). This standard method therefore agrees with the timing conventions



price-per-share and dividend-per-share halve, and so this corporate event does not involve
a cash flow between firm and household. Hence, it is helpful to describe CRSP variables
PRC and SHROUT as directly pertaining to exchange-traded shares that are different than the
shares S referred to above—the variable S' defines a single share’s ownership stake (%) in
the firm. Campbell and Shiller (1988) noted that “[t}he CRSP data incorporate careful
corrections for stock splits, noncash distributions, mergers” and these corrections come via
CRSP’s cumulative adjustment factors. So view S, D, and P as referring to adjusted shares

whose number is not altered by noncash distributions.

The definition of a firm’s gross return is

Ruor = (Pn,t+1 + Dn,t+1)

Pt
_ (Sn,t+1pn,t+1 + SntDnir1 + (Spi — Sn,t+1)Pn,t+1> (1)
SptPnt
~ Snt—1Dny (Sn,t+1pn,t+1 + SntDng1 + (Snp — Sn,t+1)Pn,t+1>
B SptPnt Snt—1Dn
_ Snt—1Dn g SpiDn g1 (1 Snpr1Poir1 | (Sny — Sn,t+1)Pn,t+1) . 2)
SptPnt Sni—1Dny SptDn i1 SntDnit1

Note that equation 1 is essentially what Larrain and Yogo (2008) use when discussing the
equity payout yield (when I discuss the aggregate return below I even more closely relate to

what they write).

At least three points are worth making. First, the fact that dividends-per-share, say D,, 111,
is multiplied by the number of shares, S, ¢, of the previous period is consistent with how
one calculates dividends in the data, as I'll discuss further below. Second, S, D, ;11 is the

total amount of dividends paid by the firm to the household (ultimately), and the firm’s

SntDn t41

market capitalization S, 411F, 41 is the price of all the firm’s equity—therefore g Py

and % are dividend-price ratios. In fact, as the ratio of the price of a stock portfolio
and theqdi\;idends paid on that portfolio, it is the dividend-price ratio described in Campbell
and Shiller (1988). Third, such a dividend-price ratio leads to two cash-flow terms in the
parenthesis: the gross growth rate of all dividend payments S, Dy, +41/Snt—1Dn+, and net
repurchases divided by all dividend payments (S, — Snt+1)Prt+1/SntDntt+1. For this def-
inition of net repurchases, see Stephens and Weisbach (1998), Bansal et al. (2005), Dichev
(2007), Welch and Goyal (2007), Boudoukh et al. (2007), Larrain and Yogo (2008), and

Bessembinder (2018), amongst others.

shown in (2).



Obviously, when S, is constant over time then the net-repurchase term in (2) is identically
zero and S, cancels out from the first three fractions. But generally 5, ; varies over time and
so future net-repurchase cash flows related to the dividend-price ratio by identity. Nothing
has been changed about the dividend-price ratio being considered—we are recognizing that
it is driven by both ordinary dividends and net repurchases because the latter are also cash

flows between the firm and household sector.

2.2 An aggregate portfolio

Now consider the value-weighted gross return:

Py t414+Dn t+1
2 n Snt Pt <—pn,t

Ry = SN
> SntPr <Sn’H'lP”’“'l+S"vtD§7;t:-Ii:t(5n,t—Sn,t+1)Pn,t+1 >
> St Pr (3)
> Snt-1Dny Y Sni D (1 " YonSni1Logyr D2, (Sny — Sn,t+1)Pn,t+1)
Zn St Zn S t=1Dny Zn St D 11 Zn S tDn 41 ‘

(4)

Analogous to what (2) showed for a single firm, we are defining the aggregate dividend-price
ratio as the total amount of paid dividends, divided by the total portfolio price (i.e. aggregate
market capitalization). This is the aggregate dividend-price ratio constructed in Campbell
and Shiller (1988), Welch and Goyal (2007), Koijen and Van Nieuwerburgh (2011), amongst

others.!®

This aggregate dividend-price ratio is related to aggregate net repurchases by identity when-
ever a S, varies over time.!' There is more than one cash-flow term linking the value-

weighted gross return to the aggregate dividend-price ratio: the gross growth rate of div-

15Tn the case of Campbell and Shiller (1988), for the one calculated from CRSP data, not necessarily the
one calculated from Cowles/S&P data which is described as using per-share data. My point here is not to
argue that the two ratios are very different—it is to precisely state that it is for the former that we see net
repurchases in the return identity.

Also, such yields typically sum dividends over a period of time, usually twelve months, to deal with
seasonality—this practice is secondary to the point I am making here, and I will discuss yearly summing
further below.

16T have seen two papers that come closest to what I'm pointing out here, but in both cases they are talking
about the equity-payout ratio. Larrain and Yogo (2008) derive a log equity payout yield decomposition in
their appendix, and note that outflow and inflow must be treated separately as I'm about to do in equation
5 below. Eaton and Paye (2017) also consider a log equity payout yield decomposition that is real-valued
only when equity payout is positive.



idends >, SniDnit1/ Y, Sni—1Dny, and net repurchases scaled by dividends ) (S, —
Snit1)Prti1/ Y, SntDnr1. This fact provides the simple economic motivation to empiri-
cally investigate whether or not the aggregate dividend-price ratio forecasts future buybacks

and issuance, in addition to returns and dividend growth.

We need a variable to be positive for it to have a real-valued logarithm. With that in mind,

rewrite (4) using Dy = ) Spi—1Dnyand B =) S, Py

— P
Dy Dy <1+ Piq . Zn<sn,t Sn,t+1) n,t+1)

Riy1 = —
"1 p D, Dy Dy

D, D P,
= Ft 5"'1 <1 + Dt+1 + BDyq — [Dt+1> , where
t t t+1
BDy,, = Yo (St — Sn,t+1)Pn,t+1]+7 Dy = S [(Snt = Sngs1) Pogia]”

. (5
Zn Diy1 Dy ( )

Building on the return decomposition in section 5.1 of Larrain and Yogo (2008), I have
broken net repurchases into the sum of its firm-level positive parts BD (scaled buybacks) and
firm-level negative parts I D (scaled issuance), accomplishing two goals. First, we separate
buybacks and issuance which may have different levels of predictability owing to different
underlying economic forces. Two, we now have only positive-valued variables in (5), so the

log of each can be taken.!”

A log-linear decomposition of the dividend-price ratio follows in the usual way by adapting
Cochrane (2005):

1= Ry Rin

D. D P,

= Rt;llftt 5;1 (1 + ﬁ + BDyy1 — [Dt+1)
P, D P,
Fi = ;11[)—:1 <1 + Dii + BDyyq — IDt+1>
pdy = —rii1 + Adeyq + log (1 + ePdirt 4 gbdern eidtﬂ)

1 . .
=1+ Adgyey + 1+ epd 1 obd _ gid [epd(pdtﬂ — pd) 4 " (bd, 1 — bd) — e (idy, — zd)}
Op R 11 — Adpyy + psdiyr — pobdiyr + piidigy + K, (6)

170f course, so long as Dy, P;, buybacks, and issuance are all nonzero, which I show is true in yearly
aggregates.



where

P, .
pd; = log (ﬁ) ) bdy = log (BDyy1) , id; = log (I Dy41) 0y = —pdy,
t
epd ebd oid
pPs = Po = pi =

1 4 epd 4 ebd — eid’ 14 epd  ebd — eid’ 14 epd  ebd — eid’

Kk = pspd + ppbd — p;id.

Taking logs of both sides leads from the third line to the fourth; to go to the fifth line, take a
Taylor approximation using (pd;;1, bdys1,idiy1) around (pd, bd,id). Equation 6 is the novel
present-value relationship I study, and I refer to bd;,; and id;y 1 as buybacks and issuance

for simplicity.

The key point is that the very dividend-price ratio used by many preceding papers is re-
lated to future issuance and buybacks by definition. If we are investigating variation in the
dividend-price ratio d; but ignoring buybacks and issuance, we have essentially imposed a
constraint that those cash-flow expectations don’t vary. We will see the data reject that

constraint.

All of the p parameters are positive (because e is much smaller than 1+eP¢+ebd), so if we take
time-t expectations of both sides then (6) makes the following statements. News that future
returns will be higher increases the dividend-price ratio, news that future dividend growth
will be higher decreases the dividend-price ratio, and the dividend-price ratio positively
predicts its future value. The preceding are well known both theoretically and empirically.
The following present-value statements have not been analyzed, to the best of my knowledge.
News that future buybacks will be higher, being (like dividends) cash paid to the household
sector, decreases the dividend-price ratio. News that future issuance will higher, being cash

paid to the firm sector, increases the dividend-price ratio.

Finally, we can easily derive a present-value restriction that should approximately hold.

Following Cochrane (2008), project both sides of (6) onto ¢;, obtaining

1= ¢, — @a+ psds — podo + pidi (7)

for the projection coefficients (¢,., ¢4, ¢s, Gp, ¢;)’.



2.3 Per-share and total-equity-payout ratios

Equations 4 and 6 do not say that other dividend-price-ratio decompositions are incorrect.
Where are the net repurchases in the familiar dividend-price-ratio decomposition? Rework

the original return identity to deliver the familiar

D, D, P,
)t Jg+1 <1 + ;41 ) .
Pn,t Dn,t Dn,tJrl

There is no S in sight—what happened? The answer is that are deriving a present-value

relationship for the per-share dividend-price ratio D,/ P, ;.

Notice that the numerator share and denominator share could be subtly different economic
objects. D, is the dividend paid for a share holding 1/.5,, ;1 ownership of the firm, and P, ;
is the price for a share holding 1/5,,; ownership of the firm—when the number of adjusted
shares S, varies, these objects differ from the ownership-stake share of standard macroe-
conomic models (e.g. Ljungqvist and Sargent, 2018, chap. 13). In this sense, the per-share
dividend-price ratio hides the cash flows which occur when the number of adjusted shares
changes: the ownership stake of each adjusted share responds to the firm’s net repurchase

decision, because the household sector always ultimately owns 100% of the firm’s equity.®

My derivation takes a whole-firm approach to the dividend-price ratio as discussed in Camp-
bell (2018).19 His chapter 5.3 notes “the Campbell-Shiller formula can be applied in two
different ways[, one of which where] the dividend can be interpreted as the total cash paid
by the firm to investors, and the price can be interpreted as the total market value of the

firm.”

This observation relates to the statement in Larrain and Yogo (2008) that dividend
and payout yields “represent a subtle but important difference between a microeconomic and
a macroeconomic view of investment... the portfolio strategy implicit in dividend-price ratio
is feasible only at the microeconomic level, whereas the portfolio strategy implicit in equity

payout yield is also feasible at the macroeconomic level.” T add to this point that there

18Here is another way to think about it. Basic textbook theory says that stock buybacks should affect the
price per share even when they do nothing to affect total equity value (e.g. Brealey et al., 2003, chapter 16).
Net repurchases, if they have no effect on future firm activities, can be used by firm managers to change
per-share earnings and dividends—which they might desire to do if their compensation contracts target
those quantities. But such changes in per-share ratios aren’t necessarily the same macroeconomic forces
upon which we’d like to focus. Moreover, the market’s per-share ratio can appear a little unintuitive when
shares are bought and issued—see the appendix.

19 An alternative approach to the one I've taken could be to use a simpler Gordon growth model saying
(D+NETR)/P = R—G where (D+ NETR) is total cash to shareholders, P is total market value of equity,
R is the return, and G is the growth rate of total cash to shareholders. Further break net repurchases NETR
into issuance and buybacks, and a standard loglinearization could follow. I am grateful to John Campbell
for pointing this out.
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is a subtle but important difference between per-share and aggregate dividend-price ratios:
per-share dividend-price ratios involve a ratio between shares whose economic meaning can
differ. Relatedly, I am taking a stand on the participation “question at hand” that Koijen
and Van Nieuwerburgh (2011) posit: I am analyzing “an investor who participates in every
stock repurchase.” If the question is how news about future cash flows to the household
sector affect aggregate prices, this is a sensible perspective. In aggregate, the household

sector always participates.

I emphasize that this paper uses the aggregate dividend-price ratio of Campbell and Shiller
(1988), Welch and Goyal (2007), Koijen and Van Nieuwerburgh (2011), and many others—
there is nothing new about the predictor variable I study. It is the collection of forecast
targets that is novel—because the decompositions above show that dividends and net repur-
chases should be forecast at the same time. For the question “What moves aggregate stock
prices?” with the two possibilities being discount-rate news or cash-flow news, expectations
of future dividends and future net repurchases both reflect cash-flow news.?’ That is this

paper’s main idea.

Why not simply rewrite everything in terms of total equity payout, as used in Boudoukh
et al. (2007), Larrain and Yogo (2008), Eaton and Paye (2017), and others? There are at least
four reasons. First, I want to show that net repurchases drive the aggregate dividend-price
ratio by definition. Second and related, I aim to stay close to previous literature studying
predictability, and thereby stock price volatility. Retaining focus on the dividend-price ratio
allows me to directly connect to numerous seminal percursors following Campbell and Shiller
(1988). Third, we will be log-linearizing the expression and so require that the cash yield
stay positive—but aggregate, total equity payout (even summing the cash flow over twelve
months) is not always positive, even in recent data (see Section 3). Fourth, although they
are all cash flows between firms and the household (Allen and Michaely, 2003), the economic
mechanisms underlying each may be different. Therefore, it is possible that the household
sector forms different expectations about future dividend growth, buybacks, and issuance

(i.e. they have different degrees of predictability), and we can explore this empirically.

20Tn broad spirit, this is reminiscent of Aharoni et al. (2013)’s point that per-share empirical analysis did
not accurately measure Miller-Modigliani valuation theory. Here I am saying that the per-share theory does
not accurately reflect the driving forces of the well-known aggregate dividend-price ratio.
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3 Data

For stock returns and cash flows, this paper uses data from CRSP, as have been used in
Stephens and Weisbach (1998), Fama and French (2001), Bansal et al. (2005), Dichev (2007),
Welch and Goyal (2007), Boudoukh et al. (2007), Larrain and Yogo (2008),Grullon et al.
(2011), and Bessembinder (2018), amongst others, to extract distributions from firms. Some
of those papers vary on how other data, for instance from Compustat or the Flow of Funds,
are used to derive equity payouts other than dividends. This paper uses only CRSP data

for its main results.

3.1 Basics
The basic idea (for instance in Dichev, 2007), is:
(Distribution now) = (Mkt. cap. past)[l + (Return now)] — (Mkt. cap. now)  (8)

This expression hinges on the accuracy of CRSP data in identifying what are stock distri-
butions using its cumulative factor to adjust shares, CFACSHR, which Campbell and Shiller
(1988) argued is carefully constructed. Thereby, CRSP is identifying distributions that are
non-stock, cash distributions between the firm and household sectors. When I refer to “cash
flow” in this paper, I mean distributions calculated via (8). If the “Return now” in (8) is
the cum-dividend return RET, then the distribution is “total equity payout”. If the “Return
now” is the ex-dividend return RETX, then the distribution is a “net repurchase”: a “buy-
back” occurs in stock-months where the net repurchase is positive, and “issuance” occurs
in stock-months where the net repurchase is positive. The difference between total equity
payout and net repurchases is ordinary dividends, which is always nonnegative (because
RET — RETX is always nonnegative). These are cash flows that are exactly implied by CRSP’s
data for RET, RETX, PRC, and SHROUT variables.

Via Wharton Research Data Services (WRDS), I download the CRSP Monthly Stock File for
the months December 1925 to March 2023.2* Since I work at the PERMNO level, my definition
of “firm” could be broad depending on the set of PERMNOs chosen—perhaps “stock” would be
a better term, but I continue to use the word “firm” as well to highlight the macroeconomic

perspective on firm versus household sectors. As I detail below, my benchmark sample uses

21T am using sans serif font to denote internet links that other researchers with WRDS access can select.
Once in WRDS, select the CRSP vendor, then Quarterly Update, then Stock / Security Files, then Monthly
Stock File.
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common stocks and therefore the “firm” label is apt.

3.2 Cash flows
I calculate market capitalization M K'TC AP, ; = PRC,, ;SHROUT,, ;. Dividends are computed
DIVn,t — (RETn7t - RETXn7t)MKTCAPn7t_1. (9)

That is, I rely on CRSP’s decision on what are ordinary dividends that should be excluded
from RETX to calculate the total dividends paid out by the firm.

Determining net repurchases is more involved. An aforementioned reason is SHROUT can
change for reasons that do not involve a cash flow between firm and household: preeminent
examples would be a stock split or stock dividend. These are the types of events that CRSP
captures by its cumulative adjustment factor for shares CFACSHR. Therefore, identifying a

net repurchase depends on seeing a change in the adjusted shares outstanding.??

This means I calculate a nonzero net repurchase for firm-month (n,¢ 4+ 1) only when three

conditions are met:

CFACSHR,, ; = CFACSHR,, ;4 1,
SHROUT,, ;1 # SHROUT,,;, and
(1 +RETX,,141)MKTCAP,; # MKTCAP, ;4. (10)

Equation 10 is the one used to measure the net repurchase amount.?® The first two condi-
tions say that I only calculate (10) when the number of adjusted shares changed, but the

cumulative adjustment factor was constant.

22CRSP is careful in their construction of the adjustment factors. Using the example of AT&T’s break-
up, CRSP data say no net repurchase occurred because the adjusted shares outstanding do not change.
In daily data, on February 16 1984, PERMNO 10401 loses 73.42% of its market capitalization measured as
SHROUT x PRC, but its RET = RETX = 1.63%, which also equals the change in adjusted market capitalization
SHROUT x CFACSHR x PRC/CFACPR using also the cumulative adjustment factor for price. What has happened is
that holders on PERMNO 10401 shares receive new shares in the baby Bells, PERMNOs 66122, 66093, 66026, 66018,
65883, 65875, and 65859. The important thing to note is that this is a stock distribution to shareholders,
and so should not appear in our net repurchase measure because it was not a cash flow between households
and firm—which is exactly what the adjusted number of shares tells us.

23Note I calculate the value of net repurchases using only RETX, PRC, and SHROUT (subject to the nonzero
condition just described). This is done to avoid potentially tricky issues with the cumulative adjustment
factors for shares and price, CFACSHR and CFACPR, that may arise when the two are not equal. Furthermore,
there are further technical details with using monthly CRSP data, which I discuss further in the appendix.
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This NETREP, ;41 is the value of cash distributions that ties together the RETX, 41,
SHROUT,, ;, SHROUT,, 141, PRC,,; and PRC,, ;4 variables in monthly data. This is a point worth
emphasizing. If one argues that NET REP, ; is the wrong measure of net distributions (other
than ordinary dividends) to the household, then an implication is that RETX,,; and RET,; do
not directly reveal the return received by the household sector on its ownership of all of the
firm’s equity. One-hundred percent ownership of the firm is claimed by shares outstanding
that are ultimately owned by the household, so RETX differs from the change in firm market
capitalization because of non-stock (what I am calling cash) distributions between firm and

household.?*

Consistent with (5), I split NETREP, ; into its positive and negative parts:
[NETREP,,]" = BUY,,, and [INETREP, |~ = 155,,. (11)

Therefore for each stock-month at least one of these two variables is zero.

My definition of NETREP, and therefore 1SS and BUY, is broad. ISS is nonzero any
month in which the (cumulative factor adjusted) number of outstanding shares increases,
and BUY is nonzero any month in which the number decreases. Therefore, I.SS not only
captures secondary equity offerings, but also equity-based employee pay, which Eisfeldt et al.
(2022) and others note has grown in aggregate importance. For this paper’s objective, we
want such a broad measure of 1SS because these are the implied cash flows making sense of
RETX and the change in M KTCAP. Both equity-pay and seasoned equity offerings, ideally,
involve cash flow from the household to firm—both of these are de facto stock issuance
between the firm and household sectors.?® The situation with BUY is more straightforward:
the (cumulative factor adjusted) number of outstanding shares decreases when the firm buys

back its own shares, transferring cash to the household sector.

3.3 Samples

[ use CRSP monthly data from December 1925 to March 2023, using various sample periods.
My benchmark sample includes all US-domiciled common stocks, identified where 10 <
SHRCD < 11. Additionally, I split the benchmark common stock sample into two subsamples:
nonfinancials (where SICCD < 6000 or SICCD > 7000) and financials (where 6000 < SICCD <
7000) because previous work on payouts (e.g. Allen and Michaely, 2003) split these apart,

24See the appendix for concrete examples of measuring net-repurchase cash flows.
25This point could be sticky. For example, see Dechow et al. (1996) for a discussion of the history and
disagreements with expensing equity pay.

14



implying that financials and nonfinancials may have broadly different payout policies.? T

also consider a foreign-firm sample comprised of stocks where SHRCD = 12, but only in Section
5.3.

Aggregation proceeds in the usual way. For any month ¢ I set
X; =Y X, for X € {DIV,1SS, BUY, PAY},
neN

for a choice of sample N, and total equity payout is calculated PAY = DIV + BUY — ISS

which I refer to simply as total payout hereafter. The value-weighted return is

S ey MKETCAP,, x RET, ;4

R i =
s > en MKTCAP,,

Following Kelly and Pruitt (2013) I use observations after the Great Depression as my
benchmark sample, because the pre-1940 period has extremely volatile cash-flow observa-
tions. Another popular choice is to use post-War data or to instead use all data beginning

in 1926, and in robustness checks I consider those samples too.

3.4 Annual variable construction

Dividends display well-known seasonality, and for this reason empirical analysis typically
uses yearly variables. The variables I have thus far described are monthly, in so far as their
values needed only data from month ¢ and ¢ — 1 for their construction. Now I construct
annual variables that explicitly sum/compound over twelve consecutive months. What I call
annual variables will have monthly observations, just as a twelve-month moving average has
a new observation each month—my main results use these overlapping observations, but in

robustness checks I use nonoverlapping observations instead.

Having extracted monthly observations, it is straightforward to take on board the idea that
cash flows should be summed up without imparting return features, something discussed
in detail by Binsbergen and Koijen (2010) and Koijen and Van Nieuwerburgh (2011). In
particular, to construct a yearly cash-flow variable Koijen and Van Nieuwerburgh (2011)

recommend summing up the cash flows using either a zero-rate (the simple sum of each

26Furthermore, in an appendix robustness check I also consider a larger set of all PERMNOs that are not
American Depositary Receipts (ADRs) (Non-ADR) because this is the set described as that used to calculate
the CRSP index (see Center for Research in Security Prices, 2021, page 104): it is identified where SHRCD < 30
or SHRCD > 40.
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month’s cash, as in Campbell and Shiller (1988)) or the risk-free rate (i.e. each month’s
cash is compounded for each remaining month using the risk-free rate, and then these are
summed). For simplicity my benchmark results employ zero-rate summing following Camp-
bell and Shiller (1988), but for robustness I show they are unaffected by instead using the

risk-free-rate sums.

The variables used in the empirical analysis are constructed as follows. Log market returns

11
Ty = log (H Rt—j) .

=0

are calculated as

Dividend growth is calculated

11
DIV,
Ad, = log( 20 i )

> o DIV 1

as the benchmark results employ zero-rate summing.?” The (log) dividend-price ratio is

11
- DIV, .
6, = log (L) |

calculated

MKTCAP,

The (log) buyback and issuance variables are

S, BUYBACK,
bd, = log I ,
Zj:o DIV

, S Lo ISSUE,_;
id; = log T .
ijo DIV,

Table I reports summary statistics for monthly and annual variables, for the latter calculating
autocorrelations using a 12-month lag. Starting with monthly cash-flow variables in Panel A,
we see that DIV, BUY , and 1SS have very similar characteristics. They have similar means,
with monthly dividends averaging $10.5B, monthly buybacks higher at $12.5B, and monthly
issuance higher at $17.3B; cash flows other than dividends have become more important in

recent decades (see Grullon and Michaely, 2002) and it is reflected in the means.

Panel B reports annual variables’ features. Annual dividends, buybacks, and issuance are

always positive, as their minimum values are approximately $1,900M, $20M, and $40M, re-

27 A simple adjustment of these variable definitions define risk-free-rate sums employed as robustness checks.
Replace any monthly cash-flow variable z;_; in the main text with Z; ja;_; for Z; ; = [[_ (1t r,J:) for

j>0and Z; o =1, where 7‘{ is the risk-free rate for month ¢.

16



Table 1
Summary statistics

Notes — For the benchmark sample of monthly observations of common stocks over December 1940 to March
2023 (987 observations). p denotes a percentile. AC denotes autocorrelation, using a 1-month lag for Panel
A and a 12-month lag for Panel B. Monthly variables are constructed using a single month’s data; annual
variables are constructed using twelve months in their construction.

Mean Po P1o Pso Poo P1oo AC
Panel A: Monthly
DIV, ($B) 10.51 0.05 0.25 430 3135 7544 081
BUY, ($B) 12.46 0.00 0.00 0.32 4395 196.22  0.76
1SS, ($B) 17.29 0.00 0.01 1.63 51.89 24396  0.71
Panel B: Annual
S Lo DIVi_; ($B) 122.57 1.90 3.77 59.69 390.14  618.71  0.99
> Ly BUY,_; ($B) 145.25 0.02 0.08 10.87 535.71 1004.81  0.94
S Lo 1SS ($B) 205.51 0.04 115 4259 582.38 1489.69  0.87
> Lo PAY,_; ($B) 62.31 —1055.87 —54.27 8.90 453.46 1083.19  0.73
5 —3.56 —4.69  —420  —351 —294 —243  0.93
e (%) 10.57  —55.36  —11.30 12.80 29.15  51.14 —0.10
Ad; (%) 7.02  —21.65  —0.42 6.75 1510  30.30  0.23
bd, (%) —171.94 —639.31 —396.57 —164.20 41.38  77.72  0.90
id, (%) —27.31 —388.18 —126.83 —28.63 86.17 226.77  0.86

spectively. On average $62.3B is paid out to the household over a 12-month period, but total
equity payout (Z;LO PAY, ;) is not always positive. Its minimum value of —$1056B occurs
in September 2000 at the end of the tech bubble as aggregate annual issuance (achieving
its maximum $1490B) swamped aggregate dividends and buybacks ($15B and $28B, respec-
tively). In fact, total equity payout is negative in about 15% of the months between January
1940 and March 2023. The earliest negative observation is December 1968; for the rest of
the 1970s and 1980s payout stays positive. Negative aggregate payout occurs many times
during the 1990s, starting in March 1992: in fact, in the years 1994 and 19962001 there are
only negative values. More recently, all but one month of 2021 reported negative aggregate
payout. Therefore, a total-equity-payout-to-price ratio takes negative values throughout the
post-Great-Depression sample, which prohibits a log-linear decomposition and supports my

focus on the dividend-price ratio.

The last five variables appear in the present-value relationship (6) and are used in the
empirical analysis. It jumps out that of the three cash flow variables, Ad; is clearly the
least volatile, as it ranges from —22% to 30%. Buybacks and issuance range —172% to 78%
and —388% to 226% respectively, which is a first statistical indication that their news might
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meaningfully drive dividend-price variation. Their negative means (divide the table values by
100) will lead the present-value constants p, and p; to be much less than 1, working against a
contribution to dividend-price ratio variation. Considering the present-value constraint (7),
buybacks and issuance will only really matter if their projection coefficients ¢, and ¢; are

quite large relative to ¢, and ¢g4.

Another observation is that §;, bd;, and id; are all rather persistent variables. However,
the augmented Dickey-Fuller test rejects at the 5% level for all of them, implying we can
reasonably assume covariance stationarity and spurious-regression concerns are abated. Nev-
ertheless, the reader might suspect that predictability of bd; and id; by d;_12 might unduly
stem from the former’s persistence and not from significant predictive information in the
latter; however Section 5.2 will report that d;_1o significantly predicts bd; and id; even while
controlling for the latters’ lagged values. This opens up an interesting possibility that the
notorious persistence of the dividend-price ratio could result from the persistence of near-
term expected cash flows, perhaps in addition to longer-term expected returns, should ¢,

and ¢; be strongly significant.

4 Empirical results

This section begins by discussing the empirical framework. The following subsections present
the benchmark results, results for nonfinancial and financial firm samples, robustness anal-

ysis, and explores issuance in more detail.

4.1 Set-up

Define @, = (8, 14, Ady, bdy, idy)', by = (s, Ory Pa, Gb, &i), and @, the intercepts. A restricted
VAR is estimated by the following moments

Lit412 — ¢0 - ¢15t

= 0. (12)
(iBt+12 - ¢o - ¢15t) Oy

To these restricted-VAR equations, let us add the present-value constraint (7). Hence, we
have an over-identified GMM system, with eleven moment conditions for the ten elements in
(y, ). We can directly test (7) or else use it in estimation (as in Larrain and Yogo, 2008).
When T impose that the ten VAR moments hold, T am estimating (¢, ¢7)" via OLS and

hence I label this specification OLS. I also consider three alternative empirical specifications:
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equally-weighting all moments (identity), and two-step versions of the preceding (two-step
OLS and two-step identity). In all cases, an overidentification test of the model is available
via Hansen (1982)’s J test. Heteroskedasticity- and autocorrelation robust (HAR) spectral
density estimates follow Newey and West (1987) with a bandwidth one-year more than the
degree of overlap in the observations: in the baseline specification, this means 24 Newey-West

lags.®

What do we expect the signs of of the projection coefficients ¢, to be? Let’s start with
the cash-flow variables of main interest. News that future buybacks will be higher (being
cash paid to the household, like dividends) should raise prices today, thereby decreasing the
dividend-price ratio: we expect a negative ¢,. News that future issuance will be higher (being
cash paid to the firm, from the household) should lower prices today, thereby increasing the
dividend-price ratio: we expect a positive ¢;. Meanwhile the standard intuition continues to
apply to returns, dividend growth, and the dividend-price ratio itself: we expect a positive

¢, a negative ¢4, and a positive ¢s.

Via GMM we can test cross-equation null hypotheses. An interesting one is whether buybacks
and issuance are forecasted differently; that is, Hy : ¢, = ¢;. Of course, the present-value
logic says this hypothesis should be rejected, as theoretically those projection coefficients have
opposite signs. On notation: I will sometimes refer to the t-statistic for some parameter x

as t(z), and the p-value for some statistic = as p(z). For ease I do not put a hat “*” on

estimates.

4.2 Benchmark

Table IT presents benchmark results using all common stocks, on the sample December 1940
to March 2023, using 976 overlapping monthly observations. Panel A reports estimates when
the OLS moments hold exactly. Just as in previous literature, the results suggest that the
dividend-price ratio strongly and significantly forecasts future returns (¢, = 0.09, ¢ = 3.0)
to an economically-significant degree (R* = 8.2%), but does not forecast future dividend
growth (¢g = 0.00, t = 0.1).

The novel results are that the dividend-price ratio also strongly and significantly forecasts
future buybacks (¢, = —2.83, t = —12.8), and issuance (¢; = —1.51, t = —8.2). The level of
predictability is very economically significant as the variables’ R?s are around 62%. Hence,

we easily reject the constraint that net repurchases do not drive the dividend-price ratio. The

28The main results are robust to instead using Hodrick (1992) standard errors.
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Table II
Dividend-price-ratio forecasts

Notes — Benchmark results for the common stock sample. Each row presents estimates forecasting the
variable listed in the first column, from the restricted VAR. Variables names are: § is the log dividend-price
ratio, r is the log value-weighted return, Ad is the log dividend growth rate, bd is log scaled buybacks,
and id is log scaled issuance. There are 976 monthly observations over December 1940 to March 2023.
In parentheses underneath parameter estimates are t-statistics from HAR (Newey-West) standard errors
using 24 lags. The overidentification-test statistic is labeled J and reported alongside its p-value. The
Wald-statistic of a null hypothesis that ¢; = ¢ is labeled W and reported alongside its p-value. In the
same column is reported R? for each forecast variable, and p-values for the J and W statistics, all in
percentage. The row PV calculates the right-hand-side of (7). Each panel is a different GMM estimation
choice: Panel A is one-step imposing the VAR parameters are the OLS estimate, and Panel B is one-step
equally-weighting all moments; Panels C and D are two-step where the first-step estimates come from the

preceding, respectively.

Panel A: OLS Panel B: Identity
Si—12 cons R?/p(%) 0¢—12 cons R?/p(%)
0y 0.924 —0.287 86.6 Oy 0.928 —0.272 86.6
(27.17)  (—2.39) (27.52)  (—2.28)
Ty 0.094 0.442 8.2 Ty 0.098 0.457 8.2
(2.98)  (4.13) (3.11)  (4.26)
Ad, 0.002 0.078 0.0 Ad, —0.002 0.062 —0.1
(0.12) (1.14) (—0.10) (0.90)
bdy —2.833 —11.748 61.5 bd, —2.833  —11.748 61.5
(—12.76) (—13.83) (—12.76) (—13.83)
1dy —1.508  —5.601 62.5 idy —1.508  —5.601 62.5
(—8.19)  (—8.22) (—8.19)  (—8.22)
J 8.617 0.3 J 7.044 0.8
w 21.791 0.0 w 21.794 0.0
PV 0.987 PV 1.000
Panel C: Two-step OLS Panel D: Two-step Identity
Oi—19 cons R?/p(%) Oi_12 cons R?/ (%)
0y 0.946 —0.207 86.5 0y 0.943 —0.217 86.5
(28.53)  (—1.77) (28.33)  (—1.85)
T 0.090 0.425 8.2 T 0.089 0.422 8.1
(2.84) (3.99) (2.81) (3.95)
Ad, 0.011 0.113 -0.7 Ad, 0.006 0.097 —-04
(0.60) (1.68) (0.34) (1.43)
bd; —2.520  —10.620 60.7 bd; —2.646  —11.077 61.2
(—13.55) (—14.49) (—13.37) (—14.37)
1dy —1.361 —4.999 61.1 1dy —1.311 —4.840 60.9
(=7.53)  (=7.58) (=7.31) (=7.37)
J 7.213 0.7 J 6.276 1.2
w 17.877 0.0 w 21.867 0.0
PV 0.997 PV 1.000
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dividend-price ratio negatively predicts future buybacks, as that positive expected cash flow
to the household (like dividends) raises the price. The dividend-price ratio also negatively
predicts future ¢d—this is a surprising result. We had expected a positive coefficient, as
news about increased future issuance would lower today’s prices and thereby increase the
dividend-price ratio. Instead, we see a robustly significant negative prediction. Because

p(W) = 0.0% we can reject that ¢, = ¢;, but not like how we expected to a priori.

All of the main conclusions hold in the remaining panels of Table I1.2° Panel B weights
all moments equally. Coefficient estimates are only modestly affected, in fact with ¢y, @;
unchanged.®® GMM moves ¢, modestly to improve the fit of the present-value moment,
which we can see as follows. Panel A’s p(J) = 0.3%, so we strongly reject the present-value
restriction. Consistent with this, when we calculate the right-hand side of (7) using Panel
A’s estimates, which is called PV in the table, we get 0.987 instead of 1. Panel B instead
weights this moment in estimation and GMM makes sure it is exactly satisfied. Now the

remaining moments do not hold exactly, but are closer so that the p(.J) rises mildly to 0.8%.

Panels C and D present two-step GMM estimates (using the Panel A or Panel B estimates
as their first step, respectively) that do very little to change the story. Common across them
is that ¢,, ¢p, and ¢; move a bit closer to zero, while the ¢s parameter moves a bit higher
though remaining far from significant. In both cases p(J) rises, in Panel C to 0.7% and
in Panel D to 1.2% so that we fail to reject the overidentifying restriction at the 1% level.
Consistent with this, Panel C’s PV rises to 0.997 (of course Panel D’s stays exactly at 1).

Hence, return and cash-flow predictability looks strong across all GMM specifications.

4.3 Nonfinancials and financials

It is interesting to look across the nonfinancial and financial firm subsamples as the latter
are often broken out in studies of corporate payout (e.g. Allen and Michaely, 2003). There
are some noteworthy distinctions, as well as similarities. As in the benchmark sample, I find
the differences across GMM specifications are not large. Hence, I opt to report just the OLS

and two-step-identity estimates, which are sufficient to highlight the results’ coherence.

Between the nonfinancial and financial stocks, we firstly note that the degree of return

29The predictability of buybacks and issuance may appear to contrast with what Eaton and Paye (2017)
find (their Table 4), but note that their predictor (Y LD in their notation) varies as the forecasted cash flow
varies and so they don’t use the dividend-price ratio to forecast net repurchases.

30The R? for Ad; turns negative, and in fact is so for the remaining panels. This happens because ¢ is
no longer the OLS estimate, and when GMM is not solving least squares we are not assured the in-sample
R? is non-negative.
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Table III
Dividend-price-ratio forecasts, nonfinancials and financials

Notes — Results separately for nonfinancial and financial stocks, for the GMM specification given by the
panel heading. Other than these differences, further details are as in Table II.

Panel A: Nonfinancial, OLS Panel B: Nonfinancial, two-step identity
O1—12 cons R?/p(%) Or_12 cons R?/p(%)
0y 0.931 —0.263 87.6 0y 0.955 —0.179 87.5
(25.73)  (—2.08) (27.29)  (—1.46)
Ty 0.092 0.435 8.5 Ty 0.085 0.411 8.5
(2.79) (3.89) (2.58) (3.66)
Ady 0.007 0.093 0.3 Ad, 0.014 0.118 0.0
(0.38) (1.38) (0.76) (1.78)
bd, —2.786  —11.630 62.0 bd; —2.550  —10.769 61.6
(—12.38) (—13.52) (—13.62) (—14.64)
idy —1.459 —5.485 63.7 1d, —1.354  —5.030 62.6
(—8.40)  (—8.50) (—7.76) (—7.86)
J 7.204 0.7 J 6.525 1.1
W 22.108 0.0 W 20.550 0.0
PV 0.989 PV 1.000
Panel C: Financial, OLS Panel D: Financial, two-step identity
819 cons  R?/p(%) 0¢—12 cons  R?/p(%)
0y 0.824  —0.635 71.2 0y 0.817  —0.656 71.2
(22.24)  (—4.66) (22.66)  (—4.90)
T 0.117 0.520 8.2 T4 0.126 0.548 8.1
(4.37) (5.90) (5.15) (6.71)
Ad; —0.093 —0.232 6.5 Ad, —0.100 —0.249 6.3
(—3.30) (—2.15) (—3.69) (—2.37)
bd; —2.068 —8.961 25.9 bd, —1.982 —8.767 25.5
(—=5.87) (—=7.42) (—5.84) (=7.31)
1d, —2.192  —8.020 40.1 idy —2.023 —7.379 39.8
(—3.63) (—3.60) (—3.38) (—3.34)
J 0.752 38.6 J 0.615 43.3
w 0.024 87.8 %% 0.002 96.1
PV 0.988 PV 1.000
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predictability is similar. Secondly, and more to this paper’s point, the degree of dividend-
growth predictability is very different. In nonfinancials we see an absence of predictability, as
in the benchmark sample. However, in financial stocks we see a ¢4 = —0.1 whose magnitude
and statistical significance (¢ = —3.7) is nearly as large as the return coefficient’s. This means
that financial stocks, even when focusing on ordinary dividends, demonstrate a significant

degree of cash-flow predictability, which to the best of my knowledge is a novel result.

Similar across the firm subsamples, buybacks and issuance continue to be statistically and
economically significant. Therefore the key conclusion we obtained from the benchmark
sample is true in both nonfinancials and financials, separately. Yet some interesting differ-
ences emerge, particularly by focusing on financials. In them, the degree of net-repurchase
predictability is much reduced as the R? almost halves, almost as if the increased dividend
predictability comes at the cost of reduced net-repurchase predictability. Moreover, the ¢,

and ¢; coefficient estimates are much closer, leading the Wald test of ¢, = ¢; to accept.

Finally, we see differences in the model’s overidentification test. In nonfinancials we see a
failure to reject at the 1% level, just as for the benchmark. But in financials we see p(J)
is bigger than 10% and the overidentification condition is not rejected. One could say that
the present-value model is most consistent with data displaying both return and cash-flow

predictability.

Overall, splitting the sample into nonfinancial and financial firms does nothing to change the

bottom line that buybacks and issuance are robustly forecasted by the dividend-price ratio.

4.4 Robustness

To persuade the reader that the previous subsections’ main conclusions are robust, in Table
IV are reported key estimates across a variety of different specifications. I report projection
coefficients (¢, ¢q, ¢p, ¢;) for the in-sample rows, and for the out-of-sample rows I report R?

in percentage.

To begin with we consider different sample periods, as Koijen and Van Nieuwerburgh (2011)
note they vary the qualitative and quantitative conclusions of dividend-price-ratio regressions
forecasting future returns and dividend growth. Is this also true for issuance and buybacks?
In the full 1926-2023 sample we continue to see buybacks and issuance robustly forecasted.
Dividend growth broadly becomes predictable, in line with Koijen and Van Nieuwerburgh
(2011)’s results, driven by extremely variable Great Depression observations (Kelly and

Pruitt, 2013, suggested these be dropped from aggregate cash-flow predictions for this rea-
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Table IV

Dividend-price-ratio forecasts, robustness

Notes — Estimates across a variety of specifications for all common, nonfinancial, or financial stocks: in-
sample using the two-step identity GMM estimator (unless otherwise stated) and t-statistic; out-of-sample
using OLS and the Clark and McCracken (2005) encompassing test. The column “Values” tells us what are
the numbers in the row: ¢ estimates for the in-sample rows, and out-of-sample R? for the out-of-sample rows.
Statistical significance denoted: * for 10% level, ** for 5% level, and *** for 1% level. Row names label the
deviations from Tables IT and III as follows. 1926-2022: using the full sample period. 1946-2009: using a
familiar post-war sample period. 1970-2023: using the latter half of the data. Non-overlapping obs.: using
non-overlapping annual observations, and 2 Newey-West lags (December to December, 81 observations).
Risk-free-rate sum: sum up annual cash flows using the compounded risk-free rate. Two-year ahead, OLS:
using d;_o4 to forecast the time-t target, and 36 Newey-West lags (955 observations). Out-of-sample, OLS,
R?: reports the out-of-sample R? (%) if positive, with statistical significance from the Clark and McCracken
(2001) ENC-NEW test using a Newey-West adjustment as suggested by Clark and McCracken (2005) (using
24 lags); the out-of-sample forecasts are generated on a recursive window, starting with January 1981, making
sure to leave a twelve-month gap between the training sample’s end and the target-variable realization being

forecast.

Values r Ad bd id
Panel A: Common
1926-2023 10} 0.05 —0.07* —2.46%*F 1 HHHH*
1946-2009 [0) 0.12%** 0.02 —2.34HFx 1 .36%**
1970-2023 [0) 0.11%** 0.00 —2.05%F* 1. 19%**
Non-overlapping obs. 0] 0.10%**  0.00 —2.58%HH ] 3k
Real ¢ 0.07*F  —0.01 C9B1FRE ] 30
Risk-free-rate sum ) 0.09*** .01 —2.59%FFk 1 30%H*
Two-year ahead, OLS 0] 0.08%** 0.02 —2.82%HK ] 4oHH
Out-of-sample, OLS R? <0 <0 68.00%**  75.89%**
Panel B: Nonfinancial
1926-2023 [0) 0.04 —0.06 —2.41F%k ] HH*HE
1946-2009 10) 0.11%%* 0.02 —2.20%%Kk ] Z5Hk
19702023 o 0.10** 0.01 —2.10%F* 1. 17
Non-overlapping obs. 0] 0.09%%*  0.02 —2.43%¥K ] 27k
Real 10) 0.07* —0.01 —2.52%¥F ] Z4HHk*
Risk-free-rate sum ) 0.08** 0.01 —2. 5%k ] 34%HH*
Two-year ahead, OLS 1) 0.08** 0.02 —2.78¥HK 1 40%H*
Out-of-sample, OLS R? <0 <0 68.4%F* 78
Panel C: Financial

19262023 10) 0.08%%  —0.15%** 1. 76%**F —2.45%%*
1946-2009 ) 0.15%*%%  —0.06%*  —1.92%*F* _—1.63%**
1970-2023 10) 0.10%%*  —0.12%*  —1.61*%** —(0.74***
Non-overlapping obs. 0] 0.12%FF% Q. 11%**F 1, 74%8F 1 87Hk*
Real [0) O.11%F*  —(0.12%**F  —1.95%FF 2 00***
Risk-free-rate sum o 0.12%FF  —(0. 1008k  —1.95%** 1. 97**
Two-year ahead, OLS 0] 0.14*%**  —0.05 —2.30%F* 1. 43%**
Out-of-sample, OLS R? <0 <0 33.1%%* 99 GFF*
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son). In novel results, in the full sample financial-firm return predictability remains robust
and the magnitude of dividend-growth predictability increases. Turning to the 1946-2009
sample featured in Cochrane (2011) and Koijen and Van Nieuwerburgh (2011), once again
we see significant buyback and issuance predictability and the main takeaways are not much
different than we have seen in the 1940-2022 sample used in previous tables. In the third row
of each panel, restricting the sample to the most recent half (roughly) of data in 1970-2022

also changes little.

With respect to cash flows, little is changed by the next three rows. In the rows labeled

7

“Nonoverlapping obs.” I instead use non-overlapping December-to-December observations
in our estimation, as do Cochrane (2008, 2011) and Koijen and Van Nieuwerburgh (2011),
and find very similar results.®! Converting everything to real values, as does the row labeled
“Real”, also does very little to change the previous cash-flow results. Meanwhile, using
real returns diminishes some return predictability in the benchmark and nonfinancial firm
samples. Using the compounded risk-free rate to sum up cash flows, as does row “Risk-free-

rate sum”, does very little to change matters.

The next row of each panel considers a longer-horizon forecast: instead of using d;_15 we use
8y_o4, thus producing a two-year ahead forecast.?? This follows from iterating the present-
value restriction (see Cochrane, 2008, or below in Section 5) showing us that news about
all future periods could in principle matter to prices now. Returns, buybacks, and issuance
remain significantly predictable.?® Meanwhile, the dividend-growth predictability in panel C
vanishes, which could indicate that financial firms’ dividend-growth news is primarily near-
term in nature, possibly a manifestation of the importance of short-term dividend-growth

expectations for S&P 500 firms highlighted by De La O and Myers (2021).

Finally, the last row of each panel considers out-of-sample evidence. From Welch and Goyal
(2007) and Kelly and Pruitt (2013) we would suspect that the aggregate dividend-price ra-
tio will not significantly forecast returns and dividend growth out-of-sample. Indeed the
evidence here confirms those results: their out-of-sample R? is negative, meaning that
the recursively-estimated dividend-price-ratio forecast does worse than simply using the

recursively-estimated mean.?*

31Since the annual observations do not overlap, I am conservative and employ 2 Newey-West lags; little is
changed by using only 1 or modestly more.

32We do not further accumulate any variable: the target remains an annual variable, albeit one realized
an additional year after the dividend-price ratio is realized.

33Consistent with the idea that objects farther in the future are harder to forecast, the R2s uniformly drop
(not reported). Also, I increase the number of Newey-West lags to 36 to make sure we account for residual
autocorrelation.

34Following Kelly and Pruitt (2013), I emphasize that these out-of-sample results are not somehow better
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But what about the net repurchases upon which we’ve focused? In stark contrast, the results
for buybacks and issuance are very much in line with the in-sample evidence we’ve so far
seen. Across the panels, we see robust predictability for all three variables, significant at
the 1% level using the Clark and McCracken (2001) ENC-NEW test statistic of forecast

encompassing.*’

In summary, Table IV shows us that the buyback and issuance results in Tables II and III
are robust.?® Moreover, that puzzling negative sign for ¢; is a widespread feature of the
data. In the benchmark and nonfinancial firm samples, return predictability can sometimes
be weak and dividend growth is nonexistent, consistent with the well-known existing results
(e.g. Koijen and Van Nieuwerburgh, 2011). More novel (to the best of my knowledge) is the

fact that return and dividend-growth in-sample predictability is strong in financial firms.

4.5 Stock-sale issuance

In Tables II-IV we have seen robust evidence of a surprising result: the dividend-price ratio
negatively predicts future issuance. By equation 6’s present-value logic this shouldn’t be the
case. Issuance is a negative cash flow from the household’s perspective. Yet the evidence

that ¢; < 0 is strong and robust. What is happening?

Now I show that the issuance measured by (11) does contain these negative cash flows, but
not exclusively. The negative estimates for ¢; come from the part of issuance that is not

related to companies’ reported sale of stock. To proceed, via WRDS I access Compustat

per se than the in-sample results we have seen so far. Instead, the point is to see if the out-of-sample and
in-sample conclusions agree, because the former tell us something about the small-sample bias (overfit) which
may have been present in the latter. In addition, using slope- and fitted-value restrictions as suggested in
Campbell and Thompson (2008) does improve the out-of-sample R? of return predictions as in that paper,
but not enough for the statistics to turn positive. This difference can be attributed to my sample beginning
in 1940 (theirs starts in 1872), out-of-sample forecasts beginning in 1981 (theirs start in 1927), and my
sample ending in 2023 (theirs ends in 2005).

35The nested model to which my ENC-NEW statistic refers is the recursively-estimated mean, so that
R? and ENC-NEW measure a comparison against the same reference model. To account for overlapping
forecasts, I use Newey-West with 24 lags to estimate the statistic’s denominator, as suggested in Clark and
McCracken (2005) and following Kelly and Pruitt (2013). When I say the forecast is “significant”, it is with
respect to this reference model.

36In the appendix I show that ¢, and ¢; continue to be statistically significant for further specifications.
Using the break-adjusted dividend-price-ratio predictor suggested in Lettau and Van Nieuwerburgh (2007)
continues to show significant buyback and issuance predictability. Furthermore, in the appendix I report
results using foreign-incorporated firms, which I employ in the variance decompositions presented in Section
5.3 but do not report as rows in Table IV to save space. Finally, I show the main conclusions are robust to
using the sample of all non-ADR stocks, which Center for Research in Security Prices (2021) describes as
the universe used for the CRSP value-weighted return.
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Daily Updates - Fundamentals Quarterly and extract the Sale of Common and Preferred Stock
(SSTKY) for every observation in the database; SSTKY is available (i.e. has a nonzero value
for some firm) starting in 1970Q3—therefore I use the 1970-2022 sample.?” T then project
issuance onto the aggregated series (the appendix contains further detail) and proceed with
construction of log scaled issuance variables as in Section 3.4. I refer to the eventual variable

coming from the projection as stock-sale issuance denoted sid,.

By its projection on stock sales, issuance’s correlation with buybacks switches signs. Over
the 1970-2023 sample, the correlation between bd and ¢d is 0.68. But the correlation between
bd and sid is —0.61: about as strong in the opposite direction.?® Meanwhile, the projection
little changes issuance’s negative correlation with dividends (from —0.28 to —0.14) and does

not boost the magnitude of issuance’s correlation with returns (from 0.09 to —0.10).

Table V reports that stock-sale issuance is positively predicted by the dividend-price ratio,
exactly as present-value intuition would tell us. In the benchmark sample, we see that
¢; = 0.39 is significantly positive (¢ = 2.9). Similar stock-sale issuance results obtain for
in the nonfinancial and financial subsamples, with the former a little smaller (¢; = 0.28,
t = 2.0) and the latter a little larger (¢; = 0.48, t = 3.1). The return coefficient ¢, loses

5%-significance in the nonfinancial samples.

We conclude from Table V that issuance linked to firms’ reported stock sales behaves just as
issuance in the present-value relationship (6) says it should.? The projection coefficient of
stock-sale issuance on dividend-price is positive and significant. It is noteworthy that buy-
back and stock-sale issuance expectations do not cancel each other out within the dividend-
price ratio. Compare this result to Lettau and Ludvigson (2005) who argue that expected
returns and dividend growth have offsetting effects in the dividend-price ratio. It appears
that buyback and issuance expectations are like return expectations—robust drivers of ag-
gregate stock prices—in contrast to dividend-growth expectations. Moreover both returns
and stock-sale issuance are positively predicted by the dividend-price ratio, though their
contemporaneous correlation is slightly negative, suggesting that their predictable parts are

distinct.

What is the remaining issuance and why is it negatively predicted? This question deserves

further study, but an answer is not required to accomplish this paper’s goals. We can remain

3780 long as this series (when aggregated) is highly correlated with the sale of common stock only, it will
work for my purpose. Compustat also includes the Sale of Common Stock (SCSTKCY) variable, but it is only
available starting 1999Q4.

38 A full correlation table is in the appendix, Table A.6.

390ne should note, these observations about issuance cash flows would not have been noticeable had I
focused simply on total equity payout—another argument in favor of focusing on the dividend-price ratio.
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Notes —

Table V
Dividend-price-ratio forecasts, stock-sale issuance

PV =1 in all panels. Other than these differences, further details are as in Table II.

Results using stock-sale issuance, the two-step identity estimator, on the sample 1970-2022.

Panel A: Benchmark Panel B: Nonfinancial
812 cons  R?/p(%) dt—12 cons  R?/p(%)

0y 0.860  —0.549 83.5 0y 0.879  —0.475 85.2
(21.32) (—3.62) (20.18)  (—2.94)

T 0.088 0.430 7.6 T 0.084 0.421 8.3
(2.20)  (3.03) (1.91)  (2.67)

Ad, 0.003 0.074 —0.1 Ad, 0.010 0.102 0.4
(0.14) (1.00) (0.49) (1.36)

bd, —2.108 —8.515 53.8 bd, —2.123 —8.583 54.5
(—8.22) (—8.15) (—8.01) (—7.94)

sidy 0.393 2.210 11.0 sidy 0.282 1.731 5.2
(2.92)  (4.55) (2.03)  (3.48)

J 12.681 0.0 J 12.601 0.0
W 54.268 0.0 %4 47.192 0.0
Panel C: Financial

di_12 cons  R%/p(%)

0 0.701  —1.146 60.7
(12.84) (—5.33)

T 0.084 0.406 4.3
(2.79) (3.57)

Ad,  —0.142 —0.451 3.3
(—2.37) (—1.85)

bd; —1.596 —6.558 31.7
(=7.28) (=7.51)

sidy 0.480 2.755 18.3
(3.07) (5.03)

J 6.689 1.0

W 39.546 0.0
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agnostic about what the predictive coefficient signs should be. As stated above, the net
repurchases I measure in CRSP are the implied cash flows exactly implied by returns, prices,
and outstanding shares—they are worthwhile to analyze regardless. Nevertheless, to make
sure my conclusions are robust to a present-value condition that ¢; > 0, I will also calculate

variance decompositions using this stock-sale issuance variable sid and report results.

These dividend-price ratio variance decompositions are what we have been building up to,

and are discussed next.

5 Variance decomposition of the dividend-price ratio

The preceding section presents robust evidence that the aggregate dividend-price ratio fore-
casts future buybacks and issuance, with more modest evidence of return predictability. Now

I build on those results to measure the drivers of aggregate stock prices.

5.1 Long-run coefficients

One way to attribute dividend-price-ratio movement to discount-rate versus cash-flow forces

is to follow Cochrane (2008). Iterate forward our present-value identity (7)
oy = I, Z p§_1 (Tt+j — Adyyj — pobdyyj + Pz‘idtﬂ‘) .
j=1

After some algebra,*’ we have the relationship

Or — Ga — Pp®p + PiP
1 — psgs

1= E(bfnr_ Z“_ ér+¢ir

which delivers long-run coefficients implied by our restricted VAR.

When these long-run coefficients are obtained from a GMM estimate that weights the present-
value restriction, we are assured that they add up to 1. However, they do not measure
the effect of orthogonal forces. Therefore, to use the long-run coefficients in a variance
decomposition, T take |¢| to measure the discount-rate news portion, |¢7| + o] + |l

to measure the cash-flow news portion, and express each in proportion of their sum. I use

40That is: multiply both sides by §; — E(d;); take the unconditional expectation of both sides, yielding the
variance of §; on the left; divide both sides by the variance of §;; recognize slope coefficients as covariances
divided by the predictor variances; and finally impose our restricted VAR(1) specification.
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Table VI
Unrestricted VAR estimates

Notes — OLS estimates of an unrestricted VAR on the benchmark sample. In parentheses are t-statistics
using Newey-West standard errors with 24 lags.

Ad_19 bd;_12 idi—12 Tt—12 012 ‘ cons ‘ R?
Ad, 0.254 —0.006 0.003 0.132 —0.013 | —0.018 | 16.0
(2.48)  (—1.01) (0.35)  (2.90) (—0.58) | (—0.20)
bd, —0.259  0.756 —0.077  0.993 —0.825 | —3.409 | 83.5
(—0.34) (11.51) (=0.66) (2.52) (—2.90) | (—3.00)
1dy —0.574 0.045 0.631 0.528 —0.324 | —1.158 | 77.1
(—1.21) (1.12) (7.19) (1.52) (—2.20) (—1.97)
T —0.286 0.032 —0.012  —0.043 0.170 0.787 | 14.2
(—1.90) (2.14) (—0.49) (—0.53) (3.53) (4.37)
0y 0.601 —0.025  0.005 0.172 0.852 —0.644 | 87.9
(2.62) (—1.59) (0.20) (1.81) (15.15) (—2.98)

estimates from the two-step identity estimates that impose the present-value restriction, and
call this decomposition the LRC approach in Table VII.

5.2 Structural VAR

Another way to attribute dividend-price-ratio variation is a structural VAR approach. I
estimate an unrestricted version of the VAR we have heretofore analyzed. Then I adopt as-
sumptions that partially identify structural shocks from the reduced-form estimates. At the
cost of an identifying assumption, we have discount-rate and cash-flow shocks separated into
orthogonal pieces of news, and we can then take a long-run variance decomposition—this is
called the SVAR approach in Table VII. Hence, this structural-VAR decomposition is dis-
tinct from the long-run-coefficient decomposition in two main ways: using unrestricted VAR
(therefore multivariately estimated) coefficients, and the identification assumption leading

to orthogonal shocks.

To begin with, Table VI shows estimates of an unrestricted VAR on the benchmark sample.
I have reordered the vector to &; = (Ady, bdy, idy, ry, 0;) to facilitate the identification discus-
sion below. The dividend-price ratio, now in the last equation, is only significantly predicted
by itself. The dividend-price ratio continues to significantly predict returns (¢ = 3.5), but not
dividend growth. Interestingly, we see that returns are also positively predicted by buybacks
(t = 2.1) while dividend growth is positively predicted by returns (¢ = 2.9), so that their
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R?s are both economically significant (at 14.2% and 16%, respectively).

Turning to the predictors of buybacks and issuance, because of their persistence it is unsur-
prising that their own lags are significant. Buybacks predicts itself with a coefficient of 0.76
(t = 11.5), and issuance itself with a coefficient of 0.63 (¢t = 7.2). More noteworthy is the
fact that the dividend-price ratio continues to significantly predict them, with ¢(¢,) = —2.9
and t(¢;) = —2.2, despite now controlling for the persistence in each. Section 3.4 reported
Dickey-Fuller results showing that bd and id are covariance stationary, in theory abating
spurious-regression concerns. Table VI provides strong evidence that the dividend-price ra-
tio forecasts buybacks and issuance due to significant predictive information, not merely as

a statistical artifact of the latter’s persistence.

To provide a structural variance decomposition between discount-rate and cash-flow news,
I make a short-run assumption that partially identifies the structural shocks, amounting to
two statements. One, the structural dividend-price-ratio shock is simply the present-value
approximation error ensuring (6) holds with equality: therefore, it is a shock that has no
effect on any of the other variables. Two, by virtue of the return definition (e.g. equation
4) all the cash-flow shocks must affect the return, so I define the structural return shock

as one having no effect on the cash-flow variables.*!

Having ordered the variables as &,
we can use the Cholesky decomposition of the reduced-form residuals’ covariance matrix to
identify the structural shocks as in Sims (1980). Then we calculate the infinite-step-ahead
forecast error variance decomposition and report the part of long-run dividend-price-ratio
variation attributed to the structural return shock versus the structural cash-flow shocks (see

the appendix for more detail).

5.3 Variance decompositions

Table VII reports the dividend-price ratio’s long-run variance decomposition between discount-
rate and cash-flow news, with Panel A using the sample of all common stocks. In the bench-
mark results, the LRC approach estimates 65% while the SVAR approach estimates 40%.
Averaging those together, I get the paper’s topline summary that expected discount rates

and expected cash flows contribute equally to dividend-price-ratio volatility. Panel B shows

4lHere is another way to think about this assumption. Suppose we are told that cash being paid in
dividends or via buybacks will be higher than we previously thought: by the definition of a return, we know
that the return will be higher next period. Now, instead suppose we are told the return next period will be
higher than we thought: we do not necessarily know that dividends or buybacks will be higher. Hence, the
structural return shock is the force not attributable to any surprise to cash flows, whereas cash-flow shocks
necessarily affect returns.
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Table VII
Long-run variance decomposition

Notes — Reports the dividend-price ratio’s long-run variance decomposition, separating between discount-
rate and cash-flow news, for different specifications. Columns labeled “LRC” use the long-run coefficient
approach from two-step identity estimates of the restricted VAR as described in Section 5.1. Columns
labeled “SVAR” use the structural VAR approach as described in Section 5.2. Rows with sid use stock-sale
issuance. The sample period is 1940-2022 unless otherwise stated.

Discount Rate Cash Flow
LRC SVAR LRC SVAR

Panel A: Common

Benchmark 0.65 0.40 0.35  0.60
Nonoverlapping Obs. 0.68 0.17 0.32 0.83
Real 0.55 0.56 0.45 044
Real, Nonoverlapping Obs. 0.37 0.27 0.63 0.73
Risk-free-rate sum 0.64 0.38 0.36  0.62
Risk-free-rate sum, Nonoverlapping Obs. 0.69 0.16 031 0.84
1926-2022 0.30 0.30 0.70  0.70
19262022, Nonoverlapping Obs. 0.32 0.16 0.68 0.84
1970-2022 0.64 0.20 0.36  0.80
19702022, sid 0.65 0.29 0.35 0.71
1970-2022, Nonoverlapping Obs. 0.67 0.09 0.33 091
1970-2022, Nonoverlapping Obs., sid 0.69 0.30 0.31  0.70
Panel B: Firm subsamples
Nonfinancial 0.61 0.46 0.39 0.54
Financial 0.45 0.11 0.55  0.89
Foreign firm, 1962-2023 0.39 0.49 0.61  0.51

that the main conclusion is robust for either nonfinancials or financials, separately, where
once again there is evidence of greater cash-flow impact amongst financials. The last row

shows that foreign-incorporated firms also support the importance of cash-flow news.*?

Going back to Panel A and scanning across different specifications, one could say a value
of 50% is moderately generous to discount rates’ contribution. Across all specifications and
approaches, the discount-rate contribution goes only as high as 69%—but the cash-flow
contribution goes as high as 91% even in the post-Great-Depression period. We see that
adjusting for inflation, using nonoverlapping observations, using risk-free summing of the

cash flows, using stock-sale issuance, and changing the sample period don’t significantly

42T begin the foreign-firm sample in 1962 to avoid non-positive annual aggregate cash flow values prior
to March 1962. The two-step-identity forecast estimates are reported in the appendix—returns and all
cash-flow variables are significantly forecasted by the foreign-firm dividend-price ratio, which has much less
persistence.
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change the qualitative conclusion.*® The long-run variance decomposition evidence strongly
suggests that expected cash flows are about equally important as discount rates in driving

the aggregate dividend-price ratio.

It is noteworthy to connect these dividend-price results to a related decomposition. The
return is of obvious interest to investors and doesn’t depend on payout or fundamental
valuation issues.** Campbell (1991) prominently advocates the decomposition of the un-
expected return into discount-rate and cash-flow news, and many others (e.g. Campbell
and Vuolteenaho, 2004; Campbell et al., 2018) have followed suit. Estimates in Campbell
et al. (2018) imply that cash-flow news is responsible for about 24% of excess-return variance,
which is a non-negligible amount.*> Using the reduced-form VAR estimates, I find that cash-
flow news is responsible for 27-28% of unexpected return variation in the benchmark sample,
52-59% in the financial sample, and 48-60% in the foreign-firm sample.* Therefore, there
is closer alignment between the variance-decomposition results from unexpected-returns and

this paper’s dividend-price relationship.*”

Furthermore, the predictability of future cash flows has noteworthy economic implications.
It supports models where cash-flow predictability is an important economic mechanism,
lending reduced-form empirical support to some existing theories. For example, Beeler and
Campbell (2012) provides a detailed analysis of simulations of the Bansal and Yaron (2004)
and Bansal et al. (2010) models and argues they do not match stylized empirical facts. The
first two of their five points are that the long-run-risks models imply persistent cash flows that
the dividend-price ratio significantly predicts. As has been standard in the literature, their
empirical cash-flow measure was dividend growth—therefore they say the models are rejected
by the data. When we acknowledge buybacks and issuance as cash flows to the household,
their greater persistence and dividend-price-ratio predictability changes the stylized fact and

these long-run-risks critiques are diminished.

431 also checked if large-in-magnitude but statistically-insignificant coefficients drive this, and find they
don’t. If T zero-out any coefficient insignificant at the 10% level and then calculate the long-run variance
decomposition, I get very similar results.

441 thank John Campbell for this point.

45T use Campbell et al. (2018) table 2 and impose zero correlation between the excess-return shock and
volatility news (because the correlation there is statistically insignificant).

46Concise details are in the appendix.

4TThese results are similar to what Larrain and Yogo (2008) find. When using dividends and the dividend-
price ratio, their unexpected-return variance decomposition implies a 38% cash-flow contribution; when using
total payout and the payout-price ratio, the cash-flow contribution is 61%. This last result involves the further
nuance that the predictors are the log payout-dividend ratio and log dividend-price ratio: had they identical
coeflicients then this is equivalent to a forecast from the payout-ratio, but the coefficients are not identical.

33



6 Conclusion

The aggregate dividend-price ratio fluctuates due to varying expectations of future discount
rates or cash flows. This paper argues that dividends, buybacks, and issuance all represent
cash flows between the firm and household sectors—and all, by definition, drive the dividend-
price ratio. Across a variety of periods, firm samples, and empirical specifications we see
that future buybacks and issuance are robustly predictable. Decomposing dividend-price-
ratio variation in-sample, we find that about half comes from discount-rate expectations and
half comes from cash-flow expectations; out of sample, only the cash-flow expectations are

significant. Therefore, aggregate stock prices respond to cash-flow news.

Looking only to dividends, we find little predictability—perhaps this is unsurprising. Divi-
dends smoothly vary and reportedly are related to expected long-term earnings.*® Consider
macroeconomic news about the next few years ahead of us. If we get news of good eco-
nomic times ahead but we don’t know how long it will last, that firms will be making more
profits than we had previously anticipated but no one knows for how long—through what
channels does any of this cash flow to the household? One might guess it would largely flow
through buybacks that managers view as more flexible than dividends. Hence, the news
driving prices today would show up in future net repurchases, not dividends. Essentially,

this paper’s results support such a narrative.

Consistent with the above intuition, using dividends to scale prices is a good way to impart
stationarity—since we impart a minimum of backward-looking cash-flow variation to the
forward-looking price whose fluctuations we ultimately care about—in addition to linking to
seminal work like Campbell and Shiller (1988). Future research could combine corporate-
payout theory and other data into more refined measures. Related, I found a surprising
predictive link between future aggregate issuance and the dividend-price ratio, and that
corporate accounting data from Compustat changes the macroeconomic story—future work

should investigate further.

48See Brav et al. (2005) for survey evidence from corporate CFOs.
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A Appendix

A.1 Aggregate per-share aggregate dividend-price ratio

Following Cochrane (2008) derive an aggregate per-share aggregate price-dividend ratio as

1+vwretds 1 o
Trrmetas 1. From (3)

Pntr1+Dntr1
2 n Snt Pt <—pm

1+ vwretd;y 1 =

Zn Sn,tpn,t
_ Zn SntPrii1 + SntDnts1
Zn Sn,tPn,t
and similarly
Z Sn tpn t+1
1+ vwretx;, = =2~
i Zn Sn,tpn,t

Then

1+ vuretdy 1 - Yo St L1 + Snt D

1+ vwretx; Yo SniPois
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D Sni D

> n St P

-1

-1

Note that the actual aggregate dividends paid are divided by ) S, P, 41: the latter is the
price per share at time ¢ + 1 times the number of shares outstanding at time ¢. If any firm’s
number of outstanding shares varies, this is in general not an observed price of the aggregate
portfolio. Given that Campbell and Shiller (1988) start with the “price of a stock or stock

portfolio”, one might be surprised.

A.2 Data

I first drop duplicate observations for (date,PERMNO) pairs, retaining the first one. These
exist for complex corporate actions, such as the break-up of AT&T in February 1984. For
the variables I require every observation thereafter is identical (variables like DIVAMT and
DISTCD are those that vary), so choosing the first is without loss of generality. I set to NaN
any RET observation that is equal to ‘C’, ‘B’, -66, -77, -88, or -99. I verify that the resulting

RET and RETX are NaN for the same observations. I convert any negative PRC observation
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to positive—the negative sign denotes a bid-ask average price, but CRSP uses such prices
to calculate RET, so I use it too. Any PRC observation equal to 0 I set to NaN. I work with
(date,PERMNO)-observations where PRC, ; and SHROUT, ; are nonmissing, of which there are
4,884,020. To get this observation count, I do forward-fill gaps of missing PRC and SHROUT
values (an example is Berkshire-Hathaway within its first year of existence). I do this so I
can use, since I need one-month-lagged values to calculate the variables of interest, the first
nonmissing PRC and SHROUT observations after a gap. This contributes 111,275 observations:
but note that, by definition, all the return and cash-flow values for those filled-in months are
zero, and so these do not affect at the aggregate variables during those months. What rows
with missing PRC and SHROUT values are dropped are those appearing at the end or beginning
(the first observation for Berkshire-Hathaway is an example) of a PERMNQ’s history.

Net repurchases and monthly CRSP Technically, the market capitalization needed to
calculate the net repurchases exists only in the Daily Stock File but not necessarily in the
Monthly CRSP file. This is because CRSP ascribes a net repurchase to occur on a certain
day of the month: therefore its value can be calculated from market capitalizations on that
day and on the day before, exactly as (2) showed and other papers have calculated, but
those market capitalizations are not necessarily visible in the monthly data. Therefore net
repurchases from monthly data are technically a little different than what one extracts from
the daily data, which ostensibly is the most precise. The reason is that RETX reflects the
value of the distributions, each reinvested in the security until the end of the month (see

Center for Research in Security Prices, 2021, page 101).

Start with the definition of the gross ex-dividend return and assume that CFACSHR, =
CFACSHR,.

PRC, 111 _ SHROUT, 1 1PRC,sy1 , (SHROUT,; — SHROUT, ;1 1)PRC, 111
1 + RETXn’t+1 = = ’
PRC,, ¢ SHROUT,, ;PRC,, 4 SHROUT,, ;PRC,, ;
MKTCAP,
2 . (A.1)

MKTCAP,,

1+ RETX,, 1 =

I have broken the ex-dividend gross return into pieces: the gross “return” in market capital-
ization, and the net-repurchase return ¢, 441. This g, 41 is the part of RETX,, ;4 implied by
the amount of capitalized net repurchases occurring during month ¢+ 1. That is, repurchase
events happen on a particular day of the month that is not necessarily the last: this return
reflects the value of the distributions, each reinvested in the security until the end of the

month . Rearrange (A.1) and the data therefore tell us ¢, ,+; which we can use to calculate
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net repurchases as

NETREPH’HJ == MKTCAPn’tqn’t_;,_l. (AZ)

Because the monthly data do not reveal it, this means I net out buyback and issuance cash
flows within a month to arrive at one monthly value. In looking at the daily CRSP data, I
have found tens of thousands of stock-months where this occurs, aggregating up to well over
half a trillion dollars for buybacks and issuance. I leave analysis of these facts for future

research to explore.

Concretes example of net-repurchase cash flows Concrete examples can clarify how
we identify the cash flows associated with net repurchases. The first four columns of Table A.1

shows CRSP data, and I calculate the next three columns: market capitalization (S, +P,+),

Sn,t—lpn,t—l _ 1
Sn,tpn,t

In Panel A we see Berkshire-Hathaway monthly data.?® During May 2017 CRSP reports that
SHROUT falls by 2, meaning Berkshire bought back 2 (x1000) shares of stock. The price-per-
share rises from 247780 to 248440, consistent with RETX=0.2664%. This return is not just
the change in the price of the portfolio of all of Berkshire’s (A-class) equity: that is given

the change in market capitalization ( ), and net repurchases ((Spt—1—Snt)Pot)-

by the change in market capitalization, which comes in at 0.0063%. We must add to that
the household’s yield from the positive buyback cash flow, 496880/191038380 = 0.2601%. In
this sense, RETX includes the cash returns received by the household sector for selling their
stock back to the firm—just as Miller and Modigliani (1961) suggests should happen—and
accords with CRSP capitalizing all non-stock and non-ordinary-dividend distributions into

the price-per-share.

Cash flows of an opposite sign also occur: Panel B gives an example using Apple daily
data. On December 29 2000 we see that SHROUT rises by 9425000, meaning Apple de facto
issued 9425000 (x1000) shares of stock.?® The price-per-share rises from 14.8125 to 14.8750,
consistent with RETX = 0.4219%. This return is not just the change in the price of the
portfolio of all of Apple’s equity: that is given by the change in market capitalization,
which comes in at 3.2398%. We must add to that the household’s negative yield from the
issuance cash flow, —140196875/594180558512.08 = —2.8179%. Hence, RETX includes the

cash returns paid by the household sector for the firm’s issuance.

49T can use monthly data for Berkshire-Hathaway because its net repurchases always happen on the last
trading day of the month, it never pays a dividend, and its cumulative adjustment factors never change. I
use daily data for Apple because its data is more complicated in those regards (over its whole history) and
I want to be precise.

50See Section 3 for clarification on what I mean by de facto.
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Table A.1
Buyback and Issuance Examples

Notes — CRSP data for Berkshire-Hathaway A-class (PERMNO=17778) shares and Apple (PERMNO=14593)
shares, for different select dates; from the Monthly File for Berkshire-Hathaway and from the Daily File for
Apple. Columns involving SHROUT and S are in 1000s.

date PRC SHROUT RETX SntPog S 1 (8,401 — Sug) Pas
Panel A: Berkshire-Hathaway
20170428 247780 771 191038380
20170531 248440 769 0.002664 191050360 0.000063 496880
Panel B: Apple
20001228 14.8125 335882000 4975252125
20001229 14.8750 345307000 0.004219 5136441625 0.032398 —140196875

Stock-sale issuance In Section 4.5 I use stock-sale issuance, sid;, which is constructed as
follows. From WRDS I go to Compustat - Capital IQ>Compustat>North American>Fundamentals
Quarterly, downloading SSTKY (Sale of Common and Preferred Stock) for all firms since 1961.
Using DATACQTR (Calendar Data Year and Quarter) I aggregate up and assign the value to
the last month of the quarter and linearly interpolate over the remaining months. On months
where both values are nonzero, I project the CRSP issuance on SSTKY. I use the projected
value instead of CRSP’s aggregate issuance to thereafter construct sid; as I describe the

construction of id; in the main text.

A.3 SVAR error decomposition

Write the structural representations of the the unrestricted systems using x; and v, =

/
(wd,ta Wpt, Wity Urt, Ué,t) as
Az, = by + Bx;_12 + vy

where v; is mean zero with an identity covariance matrix. The two identifying assumptions

imply that the contemporaneous impact matrix looks like

*

*

*
o O O
o O O O

*
*
*
*




where % denotes an unknown element.?!

These assumptions are sufficient to identify w11
and u, ;41 from each other and the space of cash-flow shocks named w: hence, the u shocks
are identified while the w shocks are only partially identified (i.e. their space is identified).
But I will not need to separately identify the w, so for my purposes this is sufficient. I can
take any rotation of the w shocks as my representation of cash-flow shocks; a simple choice
is to take A as lower triangular. This chooses a particular rotation of the cash-flow shocks.
However, all T need is for the space of cash-flow shocks to be separated from the space of
return and dividend-price-ratio structural shocks, so any rotation of them, including the

convenient Cholesky-implied one, delivers identical results.

Therefore the reduced-form residuals’ covariance matrices, which are estimable, are A™* A,
and therefore the lower-triangular Cholesky factor of those covariance matrices estimate A ™!
for the system. Therefore, letting ® denote the reduced-form VAR slope estimates (i.e. the
matrx reported in Table VI), the long-run effects of the structural shocks can be found
(I —®)"'A™'. Let the last row excluding the last column (the column for &) of these
matrices be ¢: denote the last element (pertaining to 7) as ¢,, and the remaining subvectors
(pertaining to w shocks) as eg;. Then the discount-rate variance is given by ¢?/(c’c), while

the cash-flow variance is given by (€;,ca)/(c'c).

A.4 Unexpected return decomposition

Write the reduced-form VAR &;,1 = a+T'®; +u, 1. Let e, be a Euclidean basis vector with
1 located where z is located in &. Define ecr = ey + ppe, — pi€;. Then recursively applying

present-value (6) and applying the operator (E;.; — IE;) to both sides, we get

0= (Ep1 — ) Z coph(e, — ecr) &ryji

Jj=0
o0
— I /
= E psIY (e, — ecr)' Ui
7=0
o0 [e.e]
I 7 YA nY / J1J
€. U1 = €cp E Pl w1 — e, E Pl wp g
j=0 j=1

51T am normalizing the structural shocks to have unit volatility, to ease algebra later on. This is WLOG as
we could instead define the structural shocks’ covariance to be diagonal with non-identical diagonal elements,
in which case there would be 1s in the A I've assumed: but in the end this would be a choice of normalization
that has no effect on the variance decomposition I'm after.
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The left-hand side of the last line is the unexpected return realized at time ¢ 4 1, and it is
composed of two news terms on the right-hand side as noted by Campbell (1991)—the first

cash-flow news and the second discount-rate news.

The approach taken by Campbell (1991), Campbell and Vuolteenaho (2004), and many

others is to start with the discount-rate news calculated as

Nprpr = €.psT(I — psT) gy

This is the discount-rate news calculated by focusing first on the discount-rate news, so I

subscript it DR, DR. The corresponding cash-flow news is then

Nerpr =€, (I + psT'(I — psT) gy

An alternative approach is to start with the cash-flow news calculated as
Nerer = €qp(I — psT) Mgy
and then use this to calculate the corresponding discount-rate news
Nprcor = [ecpI — psT) ! — €] w1

In the main text I report cash-flow-news contributions as the range between what is estimated

by these two approaches to calculating cash-flow (and discount-rate) news.
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A.5 Further results

Table A.2
Dividend-price-ratio forecasts, break-adjusted

Notes — Using the full sample, break adjusting the predictor 6i—12 at 1955 and 1995 as in Lettau and
Van Nieuwerburgh (2007), estimated via OLS. Newey-West t-stats using 24 lags in parentheses.

012 R*(%)

5, 0.723 171
(4.91)

r 0.156 5.4
(2.16)

Ad,  —0.175 18.0
(—2.69)

bd, ~1.093 35
(—2.07)

id, ~1552 183
(—3.76)

Table A.2 estimates, for each target variable x;,
Ty — T = gbmgt_u + error
where St =4, — 6, and 0, is equal to the mean dividend-price ratio: during 1926-1954 if ¢ is

before January 1955; during 1955-1994 if ¢ is after December 1954 and before January 1995;
during 1995-2023 if ¢ is after December 1994.
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Table A.3
Dividend-price-ratio forecasts, risk-free-rate summing

Notes — All common stocks, 1940-2023, computing yearly cash flows using risk-free-rate summing, for the
two-step-identity estimator. Other than these differences, further details are as in Table II.

512 cons R?/p(%)
Oy 0.945 —0.209 86.4
(28.68)  (—1.81)
T 0.087 0.413 7.8
(2.76)  (3.91)
Ad, 0.006 0.095 —0.4
(0.31)  (1.38)
bd; —2.995 —10.848 60.2
(—12.91) (—13.81)
idy —1.296 —4.760 60.1
(=7.19)  (—7.23)
Table A.4

Dividend-price-ratio forecasts, foreign-firm

Notes — Results separately for foreign (SHRCD = 12) stocks, for the two-step-identity estimator on the
sample period 1962—-2023 to avoid nonpositive annual aggregate cash flow values prior to March 1962. Other

than these differences, further details are as in Table II.

319 cons  R?*/p(%)
Oy 0.647 —1.316 46.1
(10.34)  (—5.70)
T 0.173 0.729 7.6
(2.61)  (3.04)
Ad, —-0.216 —0.702 14.1
(—3.99) (—3.53)
bd, —2.136  —9.541 13.9
(—4.24)  (—4.90)
idy —1.977 —7.493 19.4
(—4.62) (—4.65)
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Table A.5
Dividend-price-ratio forecasts, non-ADR

Notes — Results separately for non-ADR stocks, for the two-step-identity estimator. Further details are as
in Table II.

dt—12 cons R?/p(%)
o 0.924 —0.280 83.9
(25.54)  (—2.22)
T 0.109 0.485 9.6
(3.17) (4.21)
Ad, —0.003 0.070 —0.2
(—0.13) (0.93)
bd, —2.870  —11.778 57.3
(—12.21) (—13.56)
idy —1.667  —5.959 68.0
(—11.11) (—10.55)
J 4.693 3.0
W 18.130 0.0
Table A.6

Correlation of predicted variables

Notes — Correlation of predicted variables, 1970-2023

Tt Adt bdt ’Ldt

Tt 1.00

Ay —0.00  1.00

bd, 0.02 —0.17  1.00

id, 0.09 —028 0.68 1.00
sidg | —0.10 —0.14 —0.61
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