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Abstract

This paper provides new evidence on the predictive power of dividend
yields for US aggregate stock returns. Following Miller & Modigliani (1961),
we construct a measure of the dividend yield that includes all cashflows to
shareholders. We show that this alternative “cashflow yield” has strong and
stable predictive power for returns, and appears robust to a battery of tests
that have been proposed in recent critiques of the predictability literature.
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1. Introduction

There is a large body of research that claims to find evidence that the dividend
yield predicts stock returns. More recently however an increasing body of research
has cast doubt on the earlier evidence of predictability, attributing it to data min-
ing or other statistical problems.! This paper suggests that the clear weaknesses
of the dividend yield as a predictor may be due to mis-measurement. Miller &
Modigliani (1961) showed that stock market value depends on investor valuation
of all cashflows from firms, not just the dividend component. Since the propen-
sity to pay dividends may vary due to for example taxation changes, dividends
alone may at times be a poor proxy for true cashflow. In this paper we use a
new “cashflow yield” that includes both dividend and non-dividend cashflows to
shareholders and investigate its predictive power for aggregate stock returns.

In redefining dividends in this way our work is related to a number of pa-
pers that have investigated non-dividend cashflows in other contexts. Most firm-
level studies (e.g., Fama & French, 2001; Grullon & Michaely, 2002; Liang &
Sharpe,1999) have focussed on the growing importance of repurchases. However
for the representative investor cash- or bond-financed acquisitions and new issues
play an identical role in transferring cash from firms to shareholders (or vice versa
in the case of new issues), and both have at times been quantitatively as im-
portant as dividends and repurchases. A number of authors (Bagwell & Shoven,
1989; Ackert & Smith, 1993; Mehra, 1998; Allen & Michaely, 2002) have noted
the importance of treating all such non-dividend cashflows as being equivalent
to dividends; but the implications for measures of total cashflow have however
received distinctly less attention in econometric research.?

We use a new dataset (Wright, 2004) for the US non-financial corporate sector
to construct an annual series for total corporate cashflow to shareholders since
the start of the twentieth century. We then compare the resulting cashfow yield
with standard yield measures, both from this dataset and the more commonly
used S&P series. We show that, in contrast to conventional yield measures, the

1On predictability, see eg Fama & French, 1988; Jegadeesh (1990); Campbell and Shiller,
1988; 1998; Pesaran & Timmerman,1995; or the survey in Campbell et al, 1997. For revisionist
critques see eg Goetzmann & Jorion 1993; Nelson & Kim, 1993; Kirby, 1997; Bossaerts & Hillion,
1999; Foster, Smith & Whaley, 1997; Stambaugh, 1999; Goyal & Welch, 2003, 2004, Ang and
Bekaert 2004.

2A point stressed in Allen & Michaely’s (op cit) recent comprehensive review article. The
single notable exceptions that we are aware of are Ackert and Smith (op cit) and Mehra (op
cit).



cashflow yield has strong and stable predictive power for returns at a range of
horizons, and is robust to a battery of tests that have been proposed in recent
critiques of the predictability literature.

2. Data

2.1. Data Sources and Construction

All data used in this paper come from a new annual dataset described in full in
Wright (2004), that relates to the total non-financial US corporate sector (rather
than the more commonly used subset of quoted companies) over the sample 1900-
2002, using data from the Federal Reserve’s Flow of Funds Tables, and Bureau
of Economic Analysis data where these exist, and such historical sources as are
available in earlier periods.

The core series® used in this paper are:

e Real Market Value of Equities (1}): From 1945-2002 the nominal value
of this series is taken directly from the Federal Reserve’s Flow of Funds Ac-
counts, for the market value of equities outstanding for the non-financial cor-
porate sector (Table B102, line 34). It includes an adjustment that nets out
intercorporate cross-holdings (Federal Reserve, 2000). Before 1945, Wright
(op cit) describes the construction of this series using a combination of two
proxies derived from S&P 500 and Cowles (1938) data on returns and divi-
dend yields, in conjunction with the dividend and new issue data described
below.

e Real Dividends (D;): From 1946 onwards, the nominal value of this series
equals non-farm, non-financial dividends from Flow of Funds Table F102,
Line 3; and from 1929-45 the (virtually identical) series from the National
Income and Product Accounts Table 1.16, for the total non-financial corpo-
rate sector. Before 1929, the series is constructed using data from Kuznets
(1941), and Goldsmith (1955) and Cowles (1938) (for details, see Wright,
op cit). All series net out inter-corporate dividend payments, and thus are
consistent with market value data.

3 All three series are deflated by the consumer price index (also taken from Wright, op cit’s
database) to derive real values.



e Real Net New Issues (/V;): From 1946-2002, the nominal value of this
series equals (net) non-financial corporate equity issues from Flow of Funds
data Table R102 (line 11). In recent years, these figures have been con-
sistently negative, implying net corporate purchases, due to the combined
impact of repurchases and cash-financed mergers and acquisitions. Before
1946, data on these last two components are not available, but they are
assumed to be empirically negligible.? Wright (op cit) constructs a series
for new issues for this earlier period with data from various sources (Miller,
1963; Historical Statistics; and, for the first decade of the twentieth century,
from editions of the Commercial and Financial Chronicle).

Wright (op cit) derives implied series for the aggregate real stock price index,
the aggregate real return for the total non-financial corporate sector, and real
dividends per share, (none of which are directly published), all of which can be
derived from the three core series above. Total real cashflow can also be derived
as C; = D, — Ny, and the real non-financial return by 1+ R, = %.5

2.2. Alternative Measures of the Dividend Yield

Figure 1 shows the conventional measure of the non-financial dividend yield (div-
idend per share to price ratio), alongside our alternative “cashflow yield” (defined
as Cy/V;) using our dataset, over the course of our sample. For comparison we
also show the yield on the S&P Composite index. The two conventional measures,
are, as might be expected, very similar.® The cashflow yield has a very similar
mean to the conventional yield; but at times distinctively different properties. It
is noteworthy that these differences were not just evident in the last two decades
of the sample.

4Allen and Michaely (2002) note that before 1983 repurchases were barely legal, and as a
result very uncommon. In the period of overlap with Fed data the alternative sources for new
issues that we rely on in earlier periods yield very similar figures, suggesting that the omission
of cash-financed acquisitions before 1946 is not empirically significant either.

Following Miller & Modigliani (op cit) Wright (op cit) shows that this is identical to the
more common definition using dividends per share.

SFollowing standard practice (eg, Shiller, 2000; Goyal & Welch, 2004) the S&P yield is
extrapolated backwards before 1925 using the equivalent series from Cowles (op cit). The
decline in the yield in the 1990s for all nonfinancial companies was not as marked as for the
S&P 500 companies, largely due to a distinct divergence in tax incentives for smaller companies,
which encouraged 100% payout ratios.



For much of the sample, the difference between the two series reflected distinct
surges in new issues at certain periods (most strikingly in 1929, and in the early
1970s) that lowered the cashflow yield significantly, by lowering the net transfer
of cash from firms to shareholders. In other periods (most notably the 1930s
and early 1940s), new issues essentially collapsed to zero and the cashflow and
conventional yields were nearly identical. However, in the last two decades of
the century there was a distinct shift, with the difference between the two yields
switching sign, as firms engaged in significant levels both of repurchases, and
geared acquisitions, that more than offset minimal levels of new issues. The
impact of the implied adjustment to the dividend yield in recent years is distinctly
more significant than in estimates based solely on data for repurchases, as in, e.g.,
Fama & French (2001); Liang & Sharpe (1999). While there are data coverage
differences, the primary explanation is the impact of cash-financed acquisitions in
the Fed data.”

The chart also shows that, while the cashflow yield is distinctly more volatile
than the per share yield, it appears to have a stronger tendency to mean rever-
sion than either of the two conventional measures. This is important because
persistence of the dividend yield has been pointed to as a cause for the inferential
problems in predictive regressions.

The downward drift in both conventional measures of the dividend yield in the
latter part of the sample at least in part reflected the surge in the stock market
during the course of the 1990s. Strikingly, however, this tendency was not evident
in the cashflow yield, which, at the peak of the market in 2000, was close to its
mean, since cashflow from the corporate sector to equity holders grew as rapidly
as the stock market during the 1990s, due to the strength of M&A activity and
repurchases.

Robertson and Wright (2004) argue that there are good theoretical grounds
for expecting stronger evidence of mean reversion for the cashflow yield than
for conventional measures. They show that the mean value of the conventional
yield may be subject to permanent shocks if there are permanent shifts between
dividend and non-dividend methods of cash transfer to shareholders, as Figure
1 strongly suggests has been the case. The mean cashflow yield will however be
immune to such shifts. Empirically this seems to be borne out in our dataset: the

"The Federal Reserve do not publish a breakdown of net aggregate corporate equity purchases
into new issues, repurchases and geared M&A. Allen & Michaely (op cit) provide aggregate data
on all three elements for quoted companies that show similar patterns to those in the Fed data.
Wright (op cit) provides comparative analysis of the Allen & Michaely dataset and Fed data.



AR1 coefficient for the S & P and non-financial dividend yield are 0.87 and 0.81
respectively, whereas that for the cashflow yield is only 0.63. Robertson & Wright
(op cit) show that the unit root restriction cannot be rejected for conventional
yields, but is strongly rejected for the cashflow yield.®

3. Predictive Return Regressions
Most tests of predictability rely on regressions of the form

Ten = Q4 Bpxe 4 up (3.1)
Ty = v+ Ar (3.2)

where 75, is the h-period ahead log return at time ¢; and z; is some predictor
variable (most commonly the dividend yield) observed at t. The hypothesis of
interest is typically a test of Hy : 3, = 0, with a rejection being interpreted as
evidence of predictability. A number of problems with inference in this framework
have been pointed out. First, if 4 > 1 then u,; will usually be serially correlated
due to overlapping observations and this will affect estimates of the standard error
of the estimate of 3,. Second, if we search for predictability at various different
horizons h we need to take account of the multiplicity of tests and look at the
implied joint hypothesis. Third, since Stambaugh (1999) it is necessary to take
account of the time series properties of the predictor variable, since biases in the
estimation of A are transmitted to estimates of 3, if as typically happens there is
a correlation between v; and w; j,. Together these problems mean that the conven-
tional t-statistic will not be reliable since the point estimate may be biased and
the OLS standard errors incorrect. Solutions to the problem of serial correlation
in the residuals have been much discussed, usually by correcting the estimated
standard errors through some Newey-West type adjustment - Ang and Bekaert
(op cit) argue that Hodrick (1992) standard errors provide the most reliable in-
ference and we present these. The estimates of 3, can also be bias-adjusted (see
Stambaugh (1999); Lewellen (2003); Campbell & Yogo (2002)). In this paper
however we follow Nelson and Kim (1993) and Ang and Bekaert (2004) in relying
primarily on simulation methods to obtain p-values which will largely correct for
these difficulties.

8See Appendix B for discussion of the impact on AR1 coefficients of imposing the null of no
predictability.



In Table 1 we report the results of estimating the equation for h = 1,...,10
years where 1y, = %E?:lrtﬂ is the average h—period ahead return; r, = log(1+R;)
is the one-period log return and and z; is one of the three log dividend yield
measures. We report p-values for the test of the null hypothesis Hy : 5, = 0,
using both OLS and Hodrick (1992) standard errors. We also report Monte Carlo
derived p-values obtained by simulating the set of equations under the null 5, =0
for all h, thus dealing simultaneously with the bias and overlapping observation
problems, and also bootstrapped p-values where the actual residuals (under the
null) are sampled to generate the simulated data. Given the known problems of
focussing on results for individual horizons, the final column of Table 1 reports
conventional and simulated p-values for joint tests of the null of no predictability
at all horizons from 1 to 5, and from 1 to 10 years.”

Panels A and B of Table 1 replicate the known results on the fragility of the
evidence that the conventional dividend yield predicts returns, with very similar
results for both measures. The estimated coefficients show the well-known horizon
effect - the OLS p-values drop with horizon such that a null-hypothesis of no pre-
dictability would be rejected strongly at conventional significance levels at longer
horizons. However, p-values using Hodrick standard errors show the importance
of controlling for serial dependence in the long horizon prediction regressions: the
extent of predictability is brought down to at best marginal significance. The sim-
ulated p-values reinforce this conclusion, and indeed show that even the Hodrick
correction understates the size distortion. Concerns about non-normality of the
data are shown to be of little consequence as the Monte Carlo and bootstrapped
p-values differ only marginally. For neither measure do simulated p-values fall
below 5% at any individual horizon; and the more robust joint tests fail to reject
the null of no predictability once the (again, very significant) size distortion is
corrected.

In contrast, our alternative cashflow yield demonstrates much more robust
performance. Monte Carlo results show that the size distortion of OLS, and
Hodrick p-values remains, but even allowing for this the null of no predictability
is strongly rejected at all individual horizons and in both joint tests. A further
contrast with conventional yields is that the strongest predictive power is evident
at shorter horizons.

Figures 2 and 3 use recursive OLS regressions with a sample starting with
20 observations and expanding up to the full sample to show that the predictive
power of the cashflow yield has been evident on a consistent basis over a wide

9For details of simulations and the joint testing procedure, see Appendices B and C.



range of sample periods, and therefore does not appear to suffer from look-ahead
bias.!? Had data on the cashflow yield been available, it would have shown sta-
tistically significant evidence of predictive power from the 1950s onwards, and
that increasing the available data has reinforced, rather than undermined this ev-
idence. The chart shows that this is again in stark contrast to conventional yield
measures. These results are also not due to the choice of starting point for the
regressions, experiments with data post 1929, post 1945 and excluding the 1990s
show a very similar pattern.

4. Conclusions

Recent research has significantly undermined the evidence that conventional div-
idend yields predict aggregate stock returns. This paper does not take issue with
this revisionist view, but shows that robust evidence of predictability is restored
if we use a new “cashflow” yield that aggregates dividend and non-dividend cash-
flows. Since this alternative measure is also clearly more in line with an econom-
ically meaningful measure of corporate cashflows to shareholders (as in Miller &
Modigliani, 1961) we do not believe that we can be accused of redefining the data
to achieve the desired result. It should be stressed that while the predictive power
of the cashflow yield is stable and statistically significant, the associated predic-
tive regressions do not have very high R? values, so that even supposing such
predictability to reflect a degree of market inefficiency (which is of course an open
question in itself) any implied trading strategy that exploited this predictability
would itself be very risky. Nonetheless, rumours of the death of the predictability
literature do appear to have been exaggerated.

0The recursive t-statistics shown in Figure 2 are monotonic transformations of Goyal and
Welch’s (2004) relative cumulative sum of squares statistics shown in Figure 3, but are arguably
more readily interpretable. See Appendix D for further discussion of related issues.
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Appendix

A. Correlations Across Different Datasets

The unconditional correlations between the key data series used in predictive
regressions are as follows:

Unconditional Correlations

return | S&P return | cashflow yield | non-fin div yield | S&P div yield
return 1.000 0.976 -0.281 -0.355 -0.314
S&P return 1.000 -0.281 -0.341 -0.310
cashflow yield 1.000 0.632 0.475
non-fin div Yield 1.000 0.898
S&P div yield 1.000

Notes

(i) Sample period 1901-2001.

(ii) Return is log real return on our dataset, S&P return is log real return on S&P;
yields are all in logs

The table above shows that the two measures of real returns are very highly
correlated, and the two comparable measures of the conventional dividend yield
only somewhat less so The second table, below, shows conditional correlations,
i.e. between innovations to each of the 5 series, for simplicity assuming each to be
generated by equations of the form as in (3.1), under the null of no predictability.
This reveals that the conditional correlation between the two conventional yield
series is even stronger than the unconditional correlation (which is lowered pri-
marily by the somewhat lower persistence of the nonfinancial yield, as noted in the
main text). It also shows the very high negative correlation between innovations
to conventional yields and to returns; in contrast the conditional correlation be-
tween the cashflow yield and returns is distinctly less strong, thus reducing (albeit
not entirely eliminating) the associated bias problems.




Correlations between Innovations

return | S&P return | cashflow yield | non-fin div yield

S&P div yield

return 1.000 0.976 -0.627 -0.849 -0.838
S&P return 1.000 -0.626 -0.858 -0.834
cashflow yield 1.000 0.683 0.717
non-fin div Yield 1.000 0.945
S&P div yield 1.000

B. Monte Carlo and Bootstrapped Simulations

The p-values for the point estimates of the [, in (3.1) are derived by generating
10,000 samples, each of 103 annual observations, of the system of equations given
by (3.1), for h =1 and (3.2), with (3, set equal to zero. The models for the data
generating process under the null, using the three alternative measures of z;, were
estimated over the sample 1901-2002, and for each replication equations of the
form in (3.1) were estimated for h = 1..10. The (two-sided) p-values reported are
the proportion of samples in which the squared value of Bh exceeded the value
derived from the historic sample.

The advantage of the Monte Carlo approach is that it deals simultaneously
with the bias and overlapping observation problems. One potential shortcom-
ing of the Monte Carlo approach arises if the generating mechanism of the true
data is not well approximated by that chosen (for instance if x; is not in fact an
ARI1); however we found no evidence in our data that allowing for higher order
processes for z; made a substantial difference to our results.!! The Monte Carlo
approach also assumes there is no conditional heteroscedasticity in the underlying
innovation sequence, but on our annual dataset the null of homoscedastic errors
cannot be rejected. Finally the Monte Carlo simulations use normally generated
error sequence (with covariance structure matching that of the data under the
null hypothesis). There is some evidence of non-normality in the data so we also
report Monte-Carlo using bootstrap residuals, that is the actual residuals from the
system (3.1) are sampled randomly (with replacement) to generate the simulated
data. This will ensure that the simulated data match any non-normality in the
data.

It is worth noting that the estimated models used as the DGP in simulations
all imply distinctly higher persistence of the three yield measures than when these

"UThe (partial) correlograms of all three yield series fall essentially to zero after the first lag.

10




are estimated as single equations. The AR1 parameters, for the cashflow, nonfi-
nancial and S&P yield rise from (0.63,0.81,0.87) when estimated by single equation
methods,to (0.79,0.90,0.95) when estimated jointly with return regressions under
the null of no predictability. Thus imposing the null of no predictability is al-
most equivalent to imposing unit roots in conventional yields. This is what would
be expected if (as is the case) the Campbell-Shiller (1988) loglinear approxima-
tion for returns is close to holding exactly, and if conventional dividend growth
is close to being unforecastable (this reflected in the very strong negative condi-
tional correlations between conventional yields and returns shown in the previous
appendix). Even under the null of no predictability, however, the cashflow yield
remains clearly stationary, since the cashflow yield has significant predictive power
for cashflows, as well as for returns.

C. Joint Tests

Our joint test procedure exploits an equivalence between two ways of representing
horizon return predictability. The standard approach in (3.1) is in terms of the
h-period real return, r;; = %Z?:llr‘t+i where r; is the one period real return, but
this has the standard problem that the errors are MA processes. The alternative

representation is
Tiph = YTt + Wep (C.1)

which has the advantage that under the null of no predictability the v, are zero
and the w; j, are white noise. Since the implied coefficients in (3.1) can be derived
by 3, = X 7., the joint null Hy : 8), = 0 for all h = 1..H is equivalent to the joint
null Hy : v, =0 for all h = 1..H. We can estimate equations of the form in (C.1)
as a system, and since all equations in the system have the same regressor, FIML,
SUR and OLS estimates will be the same, and will imply identical estimates of
the 3, to those derived by direct estimation. We therefore test the joint null by
estimating restricted and unrestricted systems for a given H, and test the null
by likelihood ratio. Given bias problems caused by the correlation of x; with ry,
the size of the resulting test statistic will be incorrect, but we again run Monte
Carlo and bootstrapped simulations under the null of no predictability (again with
10,000 replications) to find the true size.

11



D. Recursive and Sub-Sample Estimation

Whilst Table 1 shows that the cashflow yield maintains predictability even when
we account for serial correlation properties, there are still possible problems with
data mining by choice of sample period or look ahead bias. Would an investigator
analysing this data earlier in the sample period have found significant predictive
ability from the cashflow yield, or is the predictability evident in Table 1 an
artificial construct of the period chosen? To investigate these possibilities we
focus on one step ahead predictive regressions (i.e. the horizon h is one). We run
recursive OLS estimations and Figure 2 shows the resulting recursive t-statistic
on the predictor coefficient as the sample size increases (from an initial window
of 20 observations). There is significant predictive ability from the cashflow yield
throughout the sample, in contrast to the other measures of dividend yield. An
alternative diagnostic comparing the predictive ability of each of the dividend
measures relative to a constant expected mean forecast is shown in Figure 3.
This shows the cumulative sum of squared one step ahead recursive residuals
from an equation using the predictor variable (the conventional or cashflow yield)
relative to the cumulative sum of squared recursive residuals from a regression on
a constant (as suggested by Goyal and Welch 2004). The interpretation is that
when the line rises the residuals from the predictor variable are smaller than those
from the constant mean prediction, indicating additional predictive power. The
S&P and conventional dividend yields gain very much (relative to the constant
expected return benchmark) around the crash of 1929 but then lose this advantage
in the 30s. They then produce smaller prediction errors until about 1953 when
again all advantage is lost by the 70s. The 71-73 crash is again good for the
conventional yield, but after that the performance is pretty feeble through to the
end of the sample, essentially the prediction using the conventional dividend yield
being little better than a constant expected mean prediction. This plot is very
similar to that in Goyal and Welch (their Figure 1 Panel A particularly in the
post 1940 period - though with a mean shift ) even though they are looking at the
equity premium rather than the real return. By contrast the cashflow yield also
gains in 1929, but then produces roughly comparable prediction errors from 1930
to about 1970, again predicts rather better through the 71-73 crash and then gains
almost monotonically in the post 1973 era (the upward sloping line indicating that
the one step ahead prediction errors are almost uniformly smaller than those from
the constant mean regression in this period). This general pattern is repeated if
we carry out the same experiment at longer forecast horizons than one year.

12



In Table 2 we provide a full set of estimates of 3, coefficients, for h =1, .., 10,
in horizon regressions of the form in (3.1), and the same set of diagnostic statistics
as in Panel C of Table 1, for three different sub-samples. The first two subsamples
are chosen to reflect discontinuities in underlying data sources used in the Wright
(op cit) dataset: BEA national income statistics only become available from 1929
onwards, and Flow of Funds statistics from 1946 onwards. Additionally, Panel C
shows results for the commonly used sample (cf Lewellen, Goyal & Welch, Ang &
Bekaert(op cit) ) from 1963 onwards. Point estimates of coefficients at different
horizons are very similar in all three subsamples to those shown in Table 1, Panel
C, for the full sample. Monte Carlo and bootstrapped p-values are somewhat
higher than over the full sample, but are still almost invariably significant for
all horizons at conventional levels even in the shortest sample. The joint tests
continue to reject the null of no predictability at at least the 5% level, except
(barely) in the case of the very short sample shown in Panel C.

13
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Table 1. Testing Predictive Return Regressions at Different Horizons: 1901-2002

p-values

h | Obs ‘ coeff | OLS ‘ Hodrick ‘ Monte-Carlo ‘ Bootstrap ‘ Joint Tests
Panel A: S & P real return and dividend yield

1 | 101 | 0.0853 | 0.087 | 0.059 0.136 0.133 h=1,...,5
2 | 100 | 0.100 | 0.007 | 0.046 0.083 0.079 Dsur 0.003

31 99 | 0.076 | 0.010 | 0.113 0.150 0.147 Dme 0.108

4 | 98 | 0.067 | 0.012 | 0.173 0.182 0.185 Dbs 0.100

51 97 | 0.074 | 0.003 | 0.159 0.140 0.139

6 | 96 | 0.070 | 0.003 | 0.187 0.154 0.153 =1,...,10
71 95 | 0.066 |0.002| 0.167 0.162 0.158 Psur 0.001

8 1 94 | 0.079 | 0.000 | 0.058 0.085 0.083 Dime 0.154

91 93 | 0.079 | 0.000 | 0.037 0.077 0.074 Dbs 0.151
10| 92 | 0.075 | 0.000 | 0.033 0.078 0.081

Panel B: non-financial real return and dividend yield

1 | 100 | 0.095 | 0.095| 0.080 0.129 0.135 h=1,...,5
21 99 | 0.119 | 0.004 | 0.020 0.066 0.067 Psur 0.006

31 98 | 0.090 | 0.004 | 0.045 0.121 0.120 Dme 0.088

4 | 97 | 0.071 | 0.008 | 0.112 0.191 0.188 Dbs 0.084

51 96 | 0.072 | 0.003 | 0.093 0.171 0.168

6 | 95 | 0.064 | 0.003 | 0.134 0.210 0.201 =1,...,10
71 94 | 0.055 | 0.005| 0.151 0.263 0.257 Psur 0.006

8 | 93 | 0.062 | 0.001 | 0.047 0.205 0.202 Dme 0.088

91 92 | 0.059 |0.001 | 0.044 0.213 0.209 Dbs 0.084
10| 91 | 0.053 | 0.001 | 0.070 0.250 0.245

Panel C: non-financial real return and cashflow yield

1 | 101 | 0.144 | 0.001 | 0.005 0.003 0.003 h=1,...,5
2 | 100 | 0.151 | 0.000 | 0.000 0.001 0.001 Dsur 0.000

31 99 | 0.112 | 0.000 | 0.001 0.003 0.003 Dme 0.004

4 | 98 | 0.086 | 0.000 | 0.002 0.012 0.012 Dbs 0.004

51 97 | 0.082 | 0.000 | 0.000 0.011 0.010

6 | 96 | 0.071 | 0.000 | 0.000 0.019 0.017 =1,...,10
71 95 | 0.061 | 0.000 | 0.000 0.040 0.033 Dsur 0.000

8 | 94 | 0.063 | 0.000 | 0.000 0.025 0.020 DPme 0.009

9 | 93 | 0.060 | 0.000 | 0.000 0.027 0.021 Dbs 0.009
10| 92 | 0.057 | 0.000 | 0.000 0.026 0.022
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Table 1: Estimates of the h-period return regression 7,5, = a + 3,2 +
uyp, where ryp = %Zﬁzlnﬂ- is the average real log return over the
next h years, r; is the one period real log return and z; is one of the
three yield measures. We report the OLS estimate of the coefficient
B, at various horizons, and the the p-values of the test of the null
hypothesis H : 3, = 0 using OLS standard errors, Hodrick (1992)
autocorrelation corrected standard errors, p-values from Monte Carlo
simulations of the model under the null where x; follows an AR1 z; =
v 4+ Azy_1 + v; and the residuals are assumed normal with covariance
structure matching the data, and finally a bootstrap simulation where
the residuals are sampled with replacement from the actual equation
residuals. The simulations are based on 10,000 repetitions. The final
column reports p-values of the joint tests that 3, = 0 for horizons
h=1,...,H for H=>5 and 10 as described in Appendix C: pg,, is
the conventional p-value for the LR statistic (x? (H)) when the the
restricted and unrestricted systems are estimated by SUR; p,,.. and pys
are implied p-values from Monte Carlo and bootstrapped simulations
of the null model as given above.

18



Table 2. Testing Predictive Return Regressions Using Cashflow Yield over
Subsamples
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p-values

h | Obs ‘ coeff | OLS ‘ Hodrick | Monte-Carlo | Bootstrap | Joint Tests
Panel A: 1929-2002
1| 73 |0.154 | 0.001 0.006 0.005 h=1,...,5
2 | 72 |0.152 | 0.000 0.002 0.002 Dsur 0.000
3| 71 |0.119 | 0.000 0.006 0.007 Drme 0.009
4 | 70 |0.089 | 0.000 0.024 0.026 Dbs 0.009
51 69 | 0.082 | 0.000 0.026 0.030
6 | 68 | 0.068 | 0.000 0.053 0.055 =1,...,10
7 | 67 |0.062 | 0.000 0.065 0.068 Dsur 0.000
8 | 66 | 0.065 | 0.000 0.042 0.045 Dme 0.023
9 | 65 | 0.062 | 0.000 0.043 0.046 Dbs 0.021
10| 64 | 0.061 | 0.000 0.037 0.039
Panel B: 1946-2002
1 56 | 0.142 | 0.002 0.010 0.017 h=1,....5
2 | 55 | 0.136 | 0.000 0.008 0.014 Dsur 0.000
3 | 54 | 0.113 | 0.000 0.016 0.022 Drme 0.020
4 | 53 |0.090 | 0.000 0.035 0.045 Dbs 0.021
51 52 |0.090 | 0.000 0.027 0.034
6 | 51 | 0.085 | 0.000 0.027 0.035 =1,...,10
7 | 50 | 0.084 | 0.000 0.023 0.028 Dsur 0.000
8 | 49 | 0.083 | 0.000 0.019 0.025 Drme 0.021
9 | 48 |0.084 | 0.000 0.013 0.020 Dbs 0.020
10| 47 | 0.085 | 0.000 0.010 0.015
Panel C: 1963-2002
1| 39 |0.149 | 0.006 0.027 0.033 h=1,...,5
2 | 38 | 0.146 | 0.000 0.015 0.023 Dsur 0.001
3 | 37 |0.123 | 0.000 0.024 0.033 Drme 0.044
4 | 36 |0.097 | 0.000 0.055 0.061 Dbs 0.020
51 35 | 0.095 | 0.000 0.057 0.053
6 | 34 | 0.090 | 0.000 0.057 0.054 =1,...,10
7 1 33 | 0.088 | 0.000 0.039 0.050 Dsur 0.000
8 | 32 |0.084 | 0.000 0.040 0.050 Drme 0.058
9 | 31 | 0.086 | 0.000 0.029 0.039 Dbs 0.058
10| 30 | 0.086 | 0.000 0.023 0.029
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Table 2: Estimates of the h-period return regression 7,5, = a + 3,2 +
u,, where z; is the cashflow yield, over different sub-samples. The
elements of the table are defined as in Panel C of Table 1.

Alternative Measures of the Log Dividend Yield
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Figure 1 Alternative measures of the dividend yield
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Figure 2 Recursive t-statistics from predictive regressions
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Figure 3 Recursive sums of squared residuals from predictive regressions
relative to constant expected mean predictions
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