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Estimating long-term expected
returns as accurately as possible is
of critical importance. Researchers
typically base their estimates on
yield and growth, valuation, or a
combined yield, growth, and valua-
tion (“three-component”) framework.
We run a horse race of the abilities
of different frameworks and input
proxies within each framework to
estimate 10- and 20-year out-of-
sample returns. The three-compo-
nent model based on the TRCAPE
valuation proxy outperforms esti-
mates based on historical mean
benchmark returns, with mean
square error improvements exceed-
ing 30%. Using this approach in
asset allocation decisions results in
an improvement in Sharpe ratios of
more than 50%.
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Introduction

T
he expected return on the equity market—E(R)—over multiyear
horizons is one of the most important variables in finance. Small
changes in the E(R) can have material impacts on factors ranging

from company investment decisions to the prices consumers pay for
the services of regulated monopolies and to estimates of the amount
that individuals need to save to reach their retirement goals. Fama
and French (1988) and Campbell and Shiller (1988) made important
early contributions to this literature. More recently, Golez and Koudijs
(2018) document long-term predictability in a range of markets and
periods, and Atanasov, Møller, and Priestley (2020) introduce con-
sumption variation as a long-term return predictor. However, despite
these studies, much less is known about long-term return predictabil-
ity than the predictability over shorter horizons.1

We run a horse race of the various frameworks and proxies used to
generate long-term E(R) forecasts and document the performance of
these approaches in estimating expected returns that have largely
been considered in isolation. We show that 10- to 20-year E(R)s can
be estimated ex ante. Out-of-sample (OOS) forecast improvements
over historical mean forecasts are as large as 30%. Importantly, these
gains exist over a range of periods.
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The equity valuation model of Gordon (1962) suggests
that P0 ¼ D1/[E(R) – g]. In other words, today’s price
(P0) is related to next year’s dividend (D1), future
growth in dividends (g), and the required or expected
return on equities in perpetuity (E(R)). Rearranging this
formula results in E(R) ¼ D1/P0 þ g. However, it is
important to note that this is the E(R) on the equity
market in perpetuity. Over shorter time horizons,
there are two reasons that E(R) may be time-varying.
The first is rational. Campbell and Cochrane (1999)
suggest that investor risk aversion varies over time,
which implies that different levels of E(R) are required
to entice individuals to invest in the equity market.
The second is behavioral. Shiller (2016) suggests that
there are times of overvaluation and low E(R), as well
as times of undervaluation and high E(R), due to inves-
tor psychological bias. This suggests that the E(R) for
finite horizons is best expressed as E(R) ¼ D1/P0 þ
gþDV, where D1/P0 is the yield, g is the growth, and
DV is the valuation change.

A range of different proxies has been used for each
of the three expected return components (D1/P0, g,
and DV). Furthermore, while some researchers use
proxies for the three components together, others
forecast E(R) using yield or valuation change alone.
We run a horse race of approaches using “yield
alone,” “valuation alone,” “yield and growth,” and a
combination of all three inputs, which we refer to as
“three components.”2 We also consider different
ways of estimating the inputs to these frameworks.

Our evaluation framework addresses various issues
that have been raised in the literature. Most long-
term return prediction papers focus on in-sample
analysis, but as Foster et al. (1997) point out, these
can be susceptible to data-mining. Furthermore,
overlapping observations are typically used, which
can result in bias being introduced into the regres-
sion analysis. Statistical techniques, such as those
developed by Hansen and Hodrick (1980), Newey
and West (1987), and Hjalmarsson (2011), have been
employed to mitigate these biases. However,
Boudoukh, Israel, and Richardson (2022) show that
these widely used measures do not completely
remove bias from the analysis. We, therefore, focus
on OOS analysis. As Boudoukh, Israel, and Richardson
(2022) note, OOS forecasts and statistics, such as the
mean square error, are unaffected by overlapping
observation bias.3 It is common to evaluate the accu-
racy of forecasted returns by examining their correla-
tion with actual returns (e.g., Damodaran 2022; Engle,
Focardi, and Fabozzi 2016). However, we focus our
analysis on mean absolute errors (MAEs) and mean
square errors (MSEs). We suggest that both the

average magnitude of the differences between the
forecast and actual returns and the extent to which
forecasted returns track actual returns are important.
Both MAEs and MSEs capture these, whereas correla-
tions do not reflect the average difference between
the forecast and actual returns.

Our results indicate that the three-component model
that generates DV estimates based on the cyclically
adjusted price-to-earnings ratio (CAPE) of Campbell and
Shiller (1988) is the most consistent performer. We use
the total return version of the CAPE metric (i.e.,
TRCAPE), which we denote as DVTRCAPE. It generates a
16.35% reduction in MAEs and a 30.51% increase in
OOS-R2 compared to the historical mean model for 10-
year forecasts over the 1891–2020 sample period.
Importantly, this model also leads to improvement gains
in more recent periods. Furthermore, a stock-bond port-
folio with weights allocated based on these E(R) fore-
casts has a 60.73% higher Sharpe ratio and a 51.85%
improvement in value at risk (VaR) over the 1891–2020
period. The three-component model with the TRCAPE
valuation proxy is also the best performer for predic-
tions of 20-year returns. The OOS-R2 is 37.23% for the
entire period and 57.05% in the 1988–2020 sub-period.
We use these E(R) forecasts rather than historical mean
estimates to generate stock-bond portfolio weight
results and Sharpe ratio improvements of 79.82% in the
entire period and 36.21% in the most recent period.

We contribute to several strands of the long-term
return predictability literature. Fama and French
(1988) use a yield-alone approach and show that divi-
dend yields explain more than 25% of the variance of
two- to four-year returns. Campbell and Shiller (1998)
contribute to the valuation-alone literature by focusing
on predicting 10-year returns using a price-to-earnings
ratio that is derived from the average earnings over
the last 10years. They suggest that accounting for
earnings fluctuations over the business cycle is impor-
tant and show that this metric, which is widely
referred to as the CAPE, is effective at predicting
stock returns. Bogle (1991a, 1991b) introduces the
three-component approach and suggests that the
forecasts of the 10-year returns give “a remarkably
precise replication of the actual total returns realized.”

There have been advances in each of these three
approaches. The literature on yield is mixed.
Boudoukh, Richardson, and Whitelaw (2008) and
Goyal and Welch (2008) suggest that dividend yields
are not useful predictors of stock returns for periods
of up to five years. However, Cochrane (2008) shows
that dividend yields have predictive information for
stock returns over the subsequent 1 to 25years.
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More recently, Golez and Koudijs (2018) find that divi-
dend yields predict equity returns over intervals of up
to five years in the Netherlands, the UK, and the US.

The valuation-alone literature has focused on refining
measures of CAPE and introducing new proxies.
Several studies point out that CAPE has underper-
formed recently, which motivates modifications.
Philips and Ural (2016) suggest several modifications,
including using cash flows rather than earnings in the
valuation ratio calculation. Siegel (2016) points out
that changes in the calculation of GAAP earnings may
impact CAPE and recommends using alternative earn-
ings data. Arnott, Chaves, and Chow (2017) suggest
that adjusting the CAPE based on macroeconomic
conditions leads to prediction accuracy improvements
for short-term forecasts. More recently, Philips and
Kobor (2020) propose that using one year’s quarterly
earnings results in better predictions than the average
of the last 10 years’ earnings in CAPE, while Waser
(2021) finds that variation in CAPE can be explained
by variation in the economic variables.

Numerous variables have also been considered as
valuation proxies. Goyal and Welch (2008) conduct a
comprehensive evaluation of the ability of a range of
variables to predict one-month to five-year equity
returns. These include long-term returns, default
return spread, inflation, long-term yield, stock vari-
ance, dividend payout ratio, default yield spread,
treasury-bill rate, earning price ratio, term spread,
equity issuance, book-to-market ratio, net equity
expansion, and investment-capital ratio. They con-
clude that none of these generate consistent in-sam-
ple and OOS predictability. We, therefore, do not
include these variables as valuation proxies.

More recently, several papers document effective
valuation proxies. Atanasov, Møller, and Priestley
(2020) document the predictive ability of using cycli-
cal consumption as a proxy. They suggest that in
good (bad) times with above- (below-) trend con-
sumption, investors are willing (unwilling) to forgo
consumption and to invest; therefore, current prices
rise (decline) and expected returns are lower (higher).
They show that cyclical consumption predicts market
returns up to five years in advance in in-sample tests.
Finally, Swinkels and Umlauft (2022) test what they
refer to as “the Buffett indicator,” following Warren
Buffett’s observation that the market capitalization of
publicly traded stocks to economic output is an
extremely effective valuation indicator. Swinkels and
Umlauft (2022) show that the Buffett indicator is an
effective valuation timing tool over a range of hori-
zons in the US and internationally.

Our contributions are as follows. First, we test the
relative performance of the alternative frameworks
of “yield alone,” “valuation alone,” “yield and growth,”
and all “three components.” Second, we run OOS
tests that are free from look-ahead bias. Third, we
consider all input variables and frameworks in fore-
casting 10-year and 20-year long-term returns.

Variable Construction, Data, and
Methods
We run a horse race of approaches across four
frameworks, namely, “yield alone” (YLD), “yield and
growth” (referred to as “Gordon” or GOR), “valuation
alone” (DV), and “three components” (GORþDV). We
start with the “yield alone” framework using a stan-
dard predictive regression model:

rt:tþh ¼ aþ bxt þ et:tþh for t ¼ 1, . . . , T − h (1)

where rt:tþh ¼ ð1=hÞðrtþ1 þ . . .þ rtþhÞ with h¼10 or
20years, rt is the S&P 500 log return for year t, and xt
is one of our four yield predictors, namely, dividend
yield, total yield, net total yield, and cyclically adjusted
total yield (CATY) as per Straehl and Ibbotson (2017).
We focus on OOS analysis and follow Goyal and
Welch (2008) to compute our OOS forecasts. The
OOS forecasts begin 20years after the data are avail-
able. This means that while the return data start in
1872, the OOS forecasts do not start until 1891. To
generate the h-period ahead OOS forecast, we first
estimate a and b in Eq. (1) by regressing on the data
up to time t. We then insert regression estimates back
to Eq. (1) and use the value of the predictor variable
xt at the end of the in-sample period to compute the
forecasting value, denoted as r̂t:tþh: We continue our
calculation by adding one more observation each time
in Eq. (1) and using expanding windows (e.g., Chiang
and Hughen 2017; Gao and Nardari 2018) to compute
a time series of OOS forecasts.

For the “yield and growth” or the “Gordon” approach,
we employ the classic Gordon growth model and cal-
culate the expected return as the sum of a current
“yield” and a historical averaged “growth” rate over
the entire period. We consider the four yields used
in Eq. (1). The growth rates we use are earnings
growth, dividends growth, total yield growth, and
CATY growth, respectively.4

The “valuation alone” approach is similar to the “yield
alone” approach, except we replace the four yield
predictors in Eq. (1) with three proxies for DV, which
include (i) TRCAPE,5 as per Jivraj and Shiller (2018);
(ii) the Buffett indicator (BUF), calculated as the
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equity market value scaled by gross domestic product
(Swinkels and Umlauft 2022); and (iii) cyclical con-
sumption, or CON (Atanasov, Møller, and Priestley
2020). TRCAPE scales the real total return price for
the average real earnings over the prior 10 years. It is
similar to the cyclically adjusted price-to-earnings
ratio (CAPE; correlation > 0.99), but it takes divi-
dends into account and assumes dividends to be
reinvested into the price index. Swinkels and Umlauft
(2022) show that low BUF ratios predict above-aver-
age 10-year returns. Atanasov, Møller, and Priestley
(2020) find an inverse relation between aggregation
consumption and expected stock market returns. We,
therefore, use CON as our third proxy for DV.6

The three-component approach implies that change
in valuation (DV) captures the portion of stock
returns not explained by the Gordon model. In other
words, stock returns are explained by YLDDiv þ gDiv þ
DV (or GORDiv,Div þ DV). We, therefore, test the abil-
ity of change in valuation proxies to capture this
component of stock returns not explained by divi-
dend yield or growth. Projecting the proxy on the
actual valuation difference using linear regression is
preferable to directly using a raw proxy for three rea-
sons. First, raw proxies can have different scales
from returns, while the linear regression adjusts the
scale difference through the regression slope coeffi-
cients. Second, a raw proxy value may be a biased
predictor of returns, while the intercept of the
regression can adjust the bias. Third, a raw proxy is a
restrictive result of linear regression where the inter-
cept is zero and the slope is one. The unrestricted
linear regression results in a lower mean squared
error compared to the restricted estimate. We run
the following predictive regression to forecast the
OOS h-period-ahead DV:

DVt:tþh ¼ cþ dzt þ et:tþh for t ¼ 1, . . . , T − h (2)

where D̂Vt:tþh is the actual h-period change in valua-
tion, calculated as dividend yield at time t and histori-
cal dividend growth rate subtracted from actual
h-period return rt:tþh: The predictor zt is one of our
three proxies for DV (i.e., TRCAPE, BUF, and CON). To
generate the h-period-ahead OOS DV forecast, we
first estimate c and d in Eq. (2) by regressing on the
data up to time t. We then insert regression esti-
mates back to Eq. (2) and use the value of the pre-
dictor variable zt at the end of the in-sample period
to compute the forecasting value, denoted as D̂Vt:tþh:

We then calculate the h-period-ahead OOS return
forecast as the sum of dividend yield and historical
dividend growth rate at the end of the in-sample
period and predicted change in valuation, D̂Vt:tþh: We

continue our calculation by adding one more obser-
vation each time in the regression and using expand-
ing windows (e.g., Chiang and Hughen 2017; Gao
and Nardari 2018) to compute a time series of OOS
forecasts. We describe the proxies and approaches
we use in Appendix 1.

Results
We present summary statistics in Table 1. The aver-
age annual returns are 10.66%, 11.76%, and 12.27%
for the 1872–2020, 1955–2020, and 1988–2020
periods, respectively. Returns have negative skew-
ness across all three sample periods. Kurtosis is nega-
tive for the entire period but positive in the more
recent periods. In Panel B, we present mean geomet-
ric and log returns for 10-year and 20-year intervals
rolling forward one year at a time. It is these annual-
ized log returns that we use in our model forecasts.
For the 10-year interval, average annualized log
returns are 8.65%, 9.40%, and 8.57% for the three
periods, respectively, while for the 20-year interval,
these are 8.73%, 9.68%, and 7.55%, respectively.
Similarly, Panel C reports the standard deviation of
geometric returns and log returns for 10-year and
20-year intervals rolling forward one year at a time.

In Table 2, we report results for 10-year forecasts.
We calculate the MAE as the average absolute differ-
ence between the forecast and actual returns. We
also calculate the difference in MAEs between each
prediction model and the historical mean forecast.7

We measure the statistical significance of this differ-
ence using the moving block bootstrap method, which
accounts for autocorrelation in the time series. The
optimal block length is determined as per Patton,
Politis, and White (2009). For each prediction model,
we generate 1,000 bootstrap resamples and report
statistical significance based on the one-sided boot-
strap p value (i.e., the proportion of the bootstrap
sample prediction model MAEs that exceed the histor-
ical mean model MAE in the same bootstrap sample).

We are interested in determining whether the lowest
model MAE is statistically significantly less than the
next-lowest model MAE across all four frameworks.
The procedure is as follows. First, we sort our 15
prediction models and the historical mean model
based on their realized MAEs, from smallest to larg-
est. Then, we use the moving block bootstrap
method to test the statistical significance of the dif-
ference in MAEs of the models with the lowest and
second-lowest MAEs. If the difference in MAEs is
statistically insignificant at the 5% significance level,
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we continue to test the statistical significance in
MAEs of the prediction models with the lowest and
third-lowest MAEs until the difference in MAEs of
the two models is statistically significant. For exam-
ple, if the difference in MAEs of the models with the
lowest and third-lowest MAEs is statistically signifi-
cant at the 5% level, we group the two models with
the lowest and second-lowest MAEs as Tier 1 models
and then continue this procedure to test the differ-
ence in MAEs of the models with the third-lowest
and fourth-lowest MAEs until we group all 16 models
into subcategories.8

We also compare models using the OOS-R2 metric.
We calculate OOS-R2 for each prediction model as
per Goyal and Welch (2008) as follows:

R2
OOS ¼ 1 −

MSEA
MSEN

(3)

whereMSEN is themean squared forecast error of the
historical meanmodel andMSEA is themean squared
forecast error of our alternative predictionmodel over
theOOS period.We then use the Clark andWest (2007)
approach to test H0: R2

OOS � 0 versusH1: R2
OOS > 0:

The three-component model with the change in valua-
tion driven by TRCAPE has the lowest MAEs over the
entire sample period and the 1955–2020 period. It

generates MAEs of 0.0352 and 0.0298 in these two
periods, which are favorably lower compared to the
equivalent historical mean MAEs of 0.0416 and
0.0406, respectively. As highlighted in bold in Table 2,
the MAEs of the three-component model based on
TRCAPE are not statistically superior to MAEs of the
yield alone framework based solely on net total yield
for these periods. However, we focus on the three-
component model with valuation changes determined
by TRCAPE, as we consider it the best performer
across all evaluated metrics, including asset allocation.
The OOS-R2 values generated by this model are
30.51%, 48.06%, and 24.21% for the full, 1955–2020,
and 1988–2020 sample periods, respectively.

We depict the improvements in forecasting using this
model compared to historical mean model forecasts
in Figures 1a, 2a, and 3a.

In Table 3, we report equivalent results for a 20-year
forecast period. The MAEs are considerably lower for
the 20-year forecast period compared to the 10-year
forecast period. For instance, the average 20-year
forecast period MAE for the 1988–2020 period is
just 0.0155, compared to 0.0423 for the 10-year
forecast. This is consistent with the results in Table 1
Panel C, which show lower standard deviations for
20-year returns. Furthermore, the gains over the

Table 1. Summary Statistics

Panel A: Summary Statistics

Years Mean Std. Dev. Skewness Kurtosis

1872–2020 0.1066 0.1825 −0.2421 −0.0095
1955–2020 0.1176 0.1648 −0.5684 0.1002
1988–2020 0.1227 0.1687 −0.8856 0.9094

Panel B: Average of Geometric and Log Returns

Geometric Returns Log Returns

Years 10-Year 20-Year 10-Year 20-Year
1872–2020 0.0914 0.0917 0.0865 0.0873
1955–2020 0.0997 0.1021 0.0940 0.0968
1988–2020 0.0908 0.0784 0.0857 0.0755

Panel C: Standard Deviation of Geometric and Log Returns

Geometric Returns Log Returns

Years 10-Year 20-Year 10-Year 20-Year
1872–2020 0.0497 0.0323 0.0454 0.0293
1955–2020 0.0506 0.0319 0.0463 0.0287
1988–2020 0.0549 0.0118 0.0505 0.0109

Notes. This table presents summary statistics for stock returns over the entire sample period and sub-
periods. In Panel A, we present the mean, standard deviation, skewness, and kurtosis of annual stock
market returns. Stock market returns are simple returns, including dividends, of the S&P 500. Panel B
(Panel C) shows the mean (standard deviation) of geometric and log returns for 10-year and 20-year
intervals rolling forward one year at a time.
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historical mean approach are also generally greater
for 20-year predictions than for 10-year predictions.
For instance, over the entire sample period, the MAE
improvement for the three-component model based
on TRCAPE for 20-year intervals is 19.79% as com-
pared to 16.35% for 10-year intervals. Moreover, the
OOS-R2 is generally greater. The three-component
model with valuation changes determined by TRCAPE
generates an OOS-R2 of 37.23% for the entire period
for 20-year predictions as compared to 30.51% for
10-year forecast results.

As highlighted in bold in Table 3, the MAEs of several
models within each framework are not statistically
distinguishable from each other. However, as with 10-
year interval forecasts, we concentrate on the three-
component model with valuation changes determined
by TRCAPE, as we consider this model the best per-
former across all evaluated metrics, including
asset allocation. During the periods of 1891–2020,
1955–2020, and 1988–2020, the model generates
R2
OOS improvements of 37.23%, 51.45%, and 57.05%,

respectively. Figures 1b, 2b, and 3b depict the

Figure 1. 10-Year and 20-Year Forecasts

Notes. (a) Annualized 10-year forecasts based on the three-component approach with the TRCAPE proxy for DV, along with histori-
cal mean returns and actual annualized 10-year returns. (b) Annualized 20-year forecasts based on the three-component approach
with the TRCAPE proxy for DV, along with historical mean returns and actual annualized 20-year returns.
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forecasted returns, forecast errors, and absolute fore-
cast errors of this model and the historical mean
model.

Wolf (2000) advocates a statistical method based on
block bootstrapping to generate confidence intervals
for regression parameters under three situations
where the ordinary least squares inference is invalid.
The first is in a long-horizon predictive regression in
which the residuals are correlated. The second is in a
regression with predetermined but endogenous inde-
pendent variables, as discussed by Stambaugh (1986).

The third is a situation in which there is positive
skewness in the finite-sampling distribution of esti-
mated predictive coefficients, as documented by
Goetzmann and Jorion (1993). We, therefore, gener-
ate regression results based on the Wolf (2000)
approach. This involves determining the optimal
block bootstrap length, calibrating for the desired
95% confidence interval, and generating 1,000 boot-
strap samples for each predictive regression model.
As per Table 6 of Wolf (2000), we report the in-sam-
ple regression coefficient b̂k along with the 95%

Figure 2. 10-Year and 20-Year Forecast Errors

Notes. (a) Forecast errors for 10-year forecasts based on the three-component approach with the TRCAPE proxy for DV, along with
forecast errors for the historical mean model. (b) Forecast errors for 20-year forecasts based on the three-component approach
with the TRCAPE proxy for DV, along with forecast errors for the historical mean model.
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Figure 3. 10-Year and 20-Year Absolute Forecast Errors

Notes. (a) Distributions of absolute forecast errors for two models: the three-component model with the TRCAPE proxy for DV
(depicted as transparent rectangles with black outlines) and the historical mean model (depicted in red). (b) Distributions of absolute
forecast errors for two models: the three-component model with the TRCAPE proxy for DV (depicted as transparent rectangles with
black outlines) and the historical mean model (depicted in red).
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confidence intervals for the estimated coefficient b̂k:

In Online Supplemental Appendix Table A2, Eq. (1) is
applied to models 1 to 7 and Eq. (2) is applied to
models 8 to 10. Note that the Gordon model, based
solely on the sum of yield and historical dividend
growth, does not involve a predictive regression;
hence, we are unable to include it in this framework.

Table A2 results indicate that each of the framework and
proxy parameters, except for the valuation alonemodel
based on CON and the three competentmodels includ-
ingCON, are statistically significant for 10-year horizons.
This is indicated by the fact that the upper and lower
confidence bounds do not include zero. Furthermore,
each of the framework and proxy parameters are statisti-
cally significant for 20-year horizons, except for the
three-componentmodel based on BUF. It is also impor-
tant to note that long-horizon regressions face other
challenges that are difficult to account for, such as sur-
vivingmarkets exhibitingmean reversion.

We also apply two alternative methods of determining
the statistical significance of our results.9 First, we con-
duct simulations under the assumption of no return
predictability where the return is simulated indepen-
dently and is unrelated to the predictors. We simulate
predictors based on their means, standard deviations,
and correlations among the existing predictors. We
then simulate monthly log returns from a normal distri-
bution with the same mean and variance as the actual
monthly log returns and calculate simulated overlap-
ping 10- and 20-year returns. This process is repeated
1,000 times to construct 1,000 simulated samples.

We then run the exact exercise performed earlier in
this paper and present the 95% confidence intervals
for the MAEs and OOS-R2 values among the 1,000
simulated samples. If the predictability results of a
given framework hold, we would expect the MAEs of
that framework in Tables 2 or 3 to be lower than the
lower limit of the 95% MAE confidence interval and
the OOS-R2 to be above the upper limit of the 95%
OOS-R2 confidence interval. We find that this is the
case for the best frameworks and input proxies. For
instance, in Table 3, the full-sample results for the
three-component model with valuation change based
on TRCAPE show an MAE of 0.0248, which is below
0.0268 in Panel B of Online Supplemental Appendix
Table A3. Similarly, the OOS-R2 of 37.23% exceeds
2.66% in Panel B of Table A3. Therefore, the 20-year
return predictability for this three-component model
is robust, based on our simulation results.

Second, we conduct simulations under return predict-
ability. We assume that the return-generating

process follows the linear regression estimates
between the return and its predictor. We further
assume an AR(1) process for the error term: et ¼
c1 � et−1 þ vt, where c1 represents the autocorrela-
tion of actual predictive model residuals, calculated
using real data, and vt is simulated from a normal dis-
tribution with a mean of zero and the same variance
as the actual model residuals. This analysis illustrates
the out-of-sample performance of the correctly
specified regression analysis. We present the results
in Online Supplemental Appendix Table A4.

For models 1 to 4 and 10 to 15 in Table A4 (Online
Supplemental Appendix), we use historical data to run
the predictive regression, obtaining the in-sample inter-
cept and slope. With the estimated intercepts, slopes,
actual predictors, and simulated et values, we simulate
10-year and 20-year overlapping returns for each
model. This process is repeated to construct 1,000 sim-
ulated samples for each model. Table A4 presents the
95% confidence intervals for the MAEs and OOS-R2

values among these 1,000 simulated samples.

The results in Table A4 highlight several models with
a negative OOS-R2 in Tables 2 and 3 that are in the
range of correctly specified models under predictabil-
ity. For instance, the OOS-R2 for the YLDDiv model in
Table 2 is –11.54%, which is within the 95% confi-
dence interval in Panel A of Table A4. This raises the
possibility that other models in Table 2 may warrant
further consideration. This highlights the challenges
involved in long-term predictability research.

Moreover, we generate results for a five-year
forecast horizon and present these in Online
Supplemental Appendix Table A5. The five-year hori-
zon results indicate that there is less predictability on
average than for the 10-year horizon. The five-year
average MAE and OOS-R2 are 0.0629 and 1.54%,
compared to 0.0395 and 9.16%, respectively, for
10-year horizons. The three-component models and
valuation alone models perform similarly well. The
single best specification is valuation alone based on
TRCAPE, although this is not statistically significantly
superior to several other specifications.

Taken together, results for different forecasting hori-
zons indicate that predictability is strongest for
20-year horizons, followed by 10-year horizons, and
weakest for 5-year horizons. Investigating the rea-
sons for this is beyond the scope of this research,
but we conjecture that the predictors might better
forecast the longer horizon return because it is less
volatile and less noisy compared to the shorter hori-
zon return. Also, shorter horizon returns may be
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more heavily influenced by a major and hard-to-fore-
see economic shock such as the Great Depression,
the Oil Shock, or the global financial crisis.

We present graphs along the lines of Goyal and
Welch (2008) in Figures 4a and 4b, which plot the
in-sample and out-of-sample performance for the top
10-year and 20-year forecast performers. These
relate to the three-component model with valuation
changes based on TRCAPE. The performance is mea-
sured based on the difference in cumulative squared
prediction errors between the historical mean model
and our top 10-year or 20-year forecast performers.
An increase in the lines indicates better performance
of the top forecast performers relative to the histori-
cal mean model. Recession periods are marked with
grey bars. Figures 4a and 4b indicate that the three-
component model with valuation changes based on
TRCAPE began adding value to investors around
1940 and has performed well since.

Prior studies show that return predictability is time-
varying (e.g., Devpura, Narayan, and Sharma 2018;
Jurdi 2022). In Table 4, we report the MAEs in differ-
ent market states over time. For each prediction
model, we run the following time-series regression
with Newey–West (1987) standard errors:

MAEi, t ¼ ai þ biMKT STATEt þ ei, t (4)

whereMAEi is the 10- or 20-year MAEs for prediction
model i andMKT_STATE is one of our four market state
proxies, calculated over the same 10- or 20-year
period asMAEi. The four market state proxies include
market return, market volatility, the Amihud (2002) illi-
quidity ratio, and a market recession indicator. Market
return and the Amihud (2002) ratio are the average
annual market return and the average annual value-
weighted stock Amihud (2002) ratio, respectively.
Market volatility is the standard deviation of annual
returns over the same period asMAEi. The market
recession proxy is determined by calculating the pro-
portion of months (within a 10- or 20-year period) that
fall within the recessionary phases of the National
Bureau of Economic Research business cycle.

The results in Table 4 indicate that forecasts tend to be
more accurate (i.e., MAEs are lower) when returns are
lower. Furthermore, forecasts are more accurate when
volatility is higher. There is no consistent relation
between forecast accuracy and liquidity or the business
cycle. The business cycle result differs from shorter
horizon predictability, which is stronger in economic
contractions (e.g., Henkel, Martin, and Nadari 2011). In
Online Supplemental Appendix A6, we generate results

using mean squared errors as the dependent variable.
These are very similar to the results in Table 4.

In Tables 5 and 6, we compare the different models
from an asset allocation perspective. We allocate the
portfolio between stocks and bonds using data on
the S&P 500 Index and the US 10-year government
bond total return index. We employ the mean-vari-
ance approach and consider optimal portfolio weights
as the asset weights that maximize the portfolio
Sharpe ratio. Following the derivation in Smith
(2019), we calculate optimal weights and rebalance
the portfolio annually based on the expected Sharpe
ratios of the two assets, their historical standard
deviations, and the historical correlation between
them. To calculate the expected Sharpe ratio,
E Rð Þ − Rf

� �
=r, for the S&P 500 (which serves as one

input for determining optimal portfolio weights), we
use our OOS S&P 500 return forecasts from each of
our prediction models (i.e., E(R)), historical risk-free
rates sourced from the updated Goyal and Welch
(2008) dataset (i.e., Rf), and historical standard devia-
tions of S&P 500 returns (i.e., r). Accordingly, optimal
weights and realized portfolio returns differ across
our models in Tables 5 and 6.

We then generate three performance metrics for
realized portfolio returns: 5% value at risk (VaR), ex
post alpha (alpha), and ex post Sharpe ratio (Sharpe).
We employ the aforementioned moving block boot-
strap approach to bootstrap realized portfolio returns
and determine whether the realized VaR of portfolios
constructed based on each of our prediction models
is significantly improved compared to the historical
mean model. Similarly, we also examine whether real-
ized alpha values and Sharpe ratios of portfolios
based on our prediction models are significantly
higher than those based on the historical mean
model.

The results in Table 5 indicate that there are impor-
tant gains from an asset allocation perspective. For
instance, for the entire period, the VaR for the three-
component model with TRCAPE valuation changes is
−7.81%, compared to −16.21% for the historical
mean model. Furthermore, the Sharpe ratio of this
model is 0.3108, compared to 0.1933 for the histori-
cal mean model. These results are not specific to the
entire period. For the more recent period of 1988–
2020, the VaR for the three-component model with
TRCAPE valuation changes is −4.14%, compared to
−19.12% for the historical mean model. The alpha
for this model for the most recent period is 4.49%,
compared to 1.81% for the historical mean model.
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Strong gains from an asset allocation perspective are
also evident in the 20-year forecast results, as shown
in Table 6. The three-component model with valua-
tion changes determined by TRCAPE generates a
Sharpe ratio of 0.3669 for the entire period, com-
pared to 0.2040 for the historical mean model. The
Sharpe ratio generated by this model is also larger
than that of the historical mean model in each of the
two most recent periods, but the differences are not
statistically significant. However, the three-

component model with valuation changes determined
by TRCAPE exhibits significantly superior VaRs in
both recent periods when compared to the historical
mean model. For instance, the VaR of this model
stands at just −3.19% in the 1988–2020 period,
compared to −10.53% for the historical mean model.

In Online Supplemental Appendix Figures A1a and
A1b, we present the time variation in the weights
allocated to stocks for the three-component model

Figure 4. 10-Year and 20-Year Forecast Performance Gain

Notes. (a) Following the approach of Goyal and Welch (2008), the dotted and solid lines in this figure represent the in-sample and
out-of-sample 10-year forecast performance, respectively, of the three-component model with the TRCAPE proxy for DV. An
increase in the lines indicates better performance of this three-component model relative to the historical mean model. If 75% or
more of a year falls within National Bureau of Economic Research recession periods, those years are marked by grey vertical lines.
(b) Following the approach of Goyal and Welch (2008), the dotted and solid lines in this figure represent the in-sample and out-of-
sample 20-year forecast performance, respectively, of the three-component model with the TRCAPE proxy for DV. An increase in
the lines indicates better performance of this three-component model relative to the historical mean model. If 75% or more of a
year falls within National Bureau of Economic Research recession periods, those years are marked by grey vertical lines.
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with valuation changes based on TRCAPE for both
the 10-year and 20-year forecast horizons. These
indicate that there is almost no allocation to stocks
before 1937. From 1937 onward, there is a time-
varying but consistently positive weight to stocks
until 1981. This was then followed by a period of
positive weights through the mid-1990s.

We present summary statistics for stock weights in
Panels A and B of Table 7. For 10-year forecast hori-
zons, the average stock weight is 47.02% across all
periods. The average is higher during expansionary
periods (50.63%) than during recessionary periods
(30.77%). The difference in median stock weights is
even more pronounced: The median stock weight in
recessions is 2.50%, whereas it is 51.54% in expan-
sions. The difference between stock weights across
recessions and expansions is even greater for 20-year

forecast intervals. The mean stock weight across the
entire sample is 59.32%. However, this is just
29.07% in recessions compared to 65.77% in expan-
sions. The results in Panel B indicate that the stock
weight is often 0% or 100%. There is a marked dif-
ference in the frequency of a 0% weight in 20-year
forecasts: 68.75% during recessions, but only 24%
during expansions.

In Panel C, we present summary statistics for the dura-
tion, in years, that different weights are maintained.
The results indicate that the weights are strongly per-
sistent. For instance, weights of less than 60% are
maintained for more than sevenyears on average, while
weights of greater than 60% are maintained for more
than 6years. These durations are even longer for 20-
year forecast horizons: On average, weights of greater
than 60% are maintained for 19years.

Table 7. Portfolio Stock Weights

Panel A: Summary Statistics on Stock Weights

10-Year Forecasts 20-Year Forecasts

Full Sample Recession Expansion Full Sample Recession Expansion

Mean 47.02% 30.77% 50.63% 59.32% 29.07% 65.77%
Std Dev 43.39% 43.22% 42.83% 44.73% 45.25% 42.17%
Min 0.00% 0.00% 0.00% 0.00% 0.00% 0.00%
Median 39.54% 2.50% 51.54% 80.27% 0.00% 85.55%
Max 100.00% 100.00% 100.00% 100.00% 100.00% 100.00%

Panel B: Proportions of Stock Weights

10-Year Forecasts 20-Year Forecasts

Full Sample Recession Expansion Full Sample Recession Expansion

Weight ¼ 0% 33.64% 50.00% 30.00% 31.87% 68.75% 24.00%
0% < Weight < 20% 7.27% 15.00% 5.56% 2.20% 0.00% 2.67%
20% < Weight < 40% 9.09% 5.00% 10.00% 2.20% 0.00% 2.67%
40% < Weight < 60% 7.27% 5.00% 7.78% 1.10% 0.00% 1.33%
60% < Weight < 80% 7.27% 0.00% 8.89% 10.99% 6.25% 12.00%
80% < Weight < 100% 5.45% 0.00% 6.67% 13.19% 0.00% 16.00%
Weight ¼ 100% 30.00% 25.00% 31.11% 38.46% 25.00% 41.33%

Panel C: Summary Statistics on Duration (Years)

10-Year Forecasts 20-Year Forecasts

< 60% > 60% ¼ 0% ¼ 100% < 60% > 60% ¼ 0% ¼ 100%

Mean 7.88 6.71 7.40 4.71 8.50 19.00 14.50 5.83
Std Dev 10.62 4.46 6.47 3.04 13.08 13.45 19.09 5.19
Min 1.00 1.00 1.00 1.00 1.00 8.00 1.00 1.00
Median 2.50 7.00 6.00 4.00 2.50 15.00 14.50 4.50
Max 31.00 14.00 16.00 9.00 28.00 34.00 28.00 14.00

Notes. In Panels A and B, we present summary statistics on weights allocated to stocks for the three-component model with the
TRCAPE proxy for the 10-year and 20-year forecast horizons. In Panel C, we present summary statistics for the duration in years
that different weights are maintained.
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Conclusions
Accurately estimating long-term expected returns of
equity markets is important for both corporate enti-
ties and individual investors. We investigate the
ability of different frameworks and input proxies to
estimate 10- and 20-year OOS returns over long
historical periods and more recent periods. We
document that the best approach is the three-
component model, based on dividend yield, growth,

and valuation from the TRCAPE ratio. This gener-
ates meaningful improvements compared to histori-
cal mean model forecasts. OOS-R2 can be as
significant as 30% even in the most recent period,
and asset allocation based on our model forecasts
can improve a portfolio’s Sharpe ratio and VaR by
more than 50%. We hope that our results are of
interest to those who require accurate long-term
expected return forecasts.

Editor's Note
Submitted 28 June 2023

Accepted 20 May 2024 by William N. Goetzmann

Notes

1. Long-term return forecasts are more relevant to a range of
stakeholders, including investors, businesses, and
governments. However, data limitations present
econometric issues that have impacted this literature (e.g.,
Boudoukh, Israel, and Richardson 2022). It is therefore
unsurprising that most return predictability literature has
focused on monthly return predictability (e.g., Rapach,
Ringgenberg, and Zhou 2016).

2. Campbell and Shiller (1998) also use the dividend-to-price
ratio as a valuation ratio. We adopt the Gordon growth
framework and thus classify this as “yield alone” rather
than “valuation alone,” but this classification has no impact
on the reported results.

3. Boudoukh, Israel, and Richardson (2022) propose an in-sample
approach that is free from overlapping sample bias. However,
we do not apply this, as a large focus of our work is to compare
the performance of various predictive approaches, and this is
more readily achieved in anOOS setting.

4. In unreported results, we also follow Damodaran (2022)
and calculate growth as being equal to the risk-free rate.
This method does not have a material impact on our key
conclusions. Golez and Koudijs (2023) highlight the link
between the market payout ratio and dividend growth. We,
therefore, regress the average dividend growth rate over
the next 10- and 20-year horizons on the current payout
ratio, defined as dividends divided by earnings. We then
use the estimated regression coefficients, along with the
most recent payout ratio to forecast the future OOS
dividend growth rate and use this growth estimate in the
Gordon growth model. The unreported results are

consistent with those based on the historical average
growth rate. We thank an anonymous referee for
suggesting this analysis to us.

5. We thank Robert Shiller for making these data available:
http://www.econ.yale.edu/�shiller/data.htm.

6. In an earlier version of this paper, we also included the total
wealth portfolio composition (WPC), which measures the
value of stock market wealth relative to the value of other
assets including residential housing and government bonds.
High WPC ratios predict low future stock market returns (e.g.,
Rintamaki 2023). However, an anonymous referee brought
our attention to Eichholtz et al. (2021), who raise concerns
about the Jord�a-Schularick-Taylor Macrohistory real estate
series upon which our WPC measure was based. We were
not able to source an alternative real estate wealth series, so
we remove WPC from our analysis. Given that WPC was a
component of the average valuation proxies included in an
earlier version, we also remove them in the current version.

7. We believe that MAEs better reflect the performance of a
forecast than correlations, as they account for the magnitude
of errors between forecasted and actual returns. We provide
an example in Online Supplemental Appendix Table A1 of a
scenario in which one forecast can have a larger correlation
than another forecast (indicating outperformance) and also
have a larger MAE (indicating underperformance).

8. In Tables 2 and 3, the values in bold are MAEs of Tier 1
models, which have the lowest MAEs.

9. We thank an anonymous referee for suggesting this
analysis to us.
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Appendix 1
Predictor Description

Model Description

Historical Mean Historical average return on the S&P 500 Index is used as the forecast.
YLDDiv We use the log dividend yield (e.g., Ferreira and Santa-Clara, 2011;

Rapach, Ringgenberg, and Zhou, 2016) as the predictor to compute a
standard predictive regression forecast. Dividend yield in year t is calculated
as dividend in year t divided by the S&P 500 Index value at the end of
year t − 1.

YLDTtl We use the log total yield as the predictor to compute a standard predictive
regression forecast. Total yield is the dividend yield plus the buyback yield as
per Straehl and Ibbotson (2017).

YLDNTtl We use the log net total yield as the predictor to compute a standard predictive
regression forecast. Net total yield is the dividend yield less net issuance as per
Straehl and Ibbotson (2017).

YLDCATY We use the cyclically adjusted total yield (CATY) as the predictor to compute a
standard predictive regression forecast. CATY is computed as per Straehl and
Ibbotson (2017).

GORDiv,E = YLDDiv + gE The Gordon growth model with log dividend yield and average historical growth
in earnings is used to compute a return forecast.

GORDiv,Div = YLDDiv + gDiv The Gordon growth model with log dividend yield and average historical growth
in dividends is used to compute a return forecast.

GORTtl,Ttl = YLDTtl + gTtl The Gordon growth model with log total yield and average historical total yield
growth is used to compute a return forecast. To calculate average historical
total yield growth, we first multiply yearly total yield in year t by the S&P 500
Index value at the end of year t − 1, and then we calculate the average historical
growth rate in the resulting time series.
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(continued)
Model Description

GORNTtl,Ttl = YLDNTtl + gTtl The Gordon growth model with log net total yield and average historical total
yield growth is used to compute a return forecast.

GORCATY,CATY = YLDCATY + gCATY The Gordon growth model with CATY and average historical CATY growth is
used to compute a return forecast. To calculate average historical CATY growth,
we first multiply yearly CATY in year t by the S&P 500 Index value at the end
of year t − 1, and then we calculate the average historical growth rate in the
resulting time series.

ΔVTRCAPE We use the total return cyclically adjusted price-to-earnings ratio (TRCAPE) as
the predictor to compute a standard predictive regression forecast. The
TRCAPE data are sourced from the Shiller website: http://www.econ.yale.edu/
�shiller/data.htm

ΔVBUF We use the Buffett indicator, the equity market capitalization scaled by gross
domestic product, as the predictor to compute a standard predictive regression
forecast.

ΔVCON We use the detrended cyclical consumption as the predictor to compute a
standard predictive regression forecast (e.g., Atanasov, Møller, and Priestley,
2020). We detrend consumption data in quarter q as per Eq. (2) of Atanasov,
Møller, and Priestley (2020), and we use only the data available up to quarter q
to avoid look-forward bias from the detrending process.

GORDiv,Div + ΔVTRCAPE The return forecast is the sum of the Gordon growth model (with dividend yield
and dividend growth) forecast and expected change in valuations. We use
TRCAPE as the predictor to forecast the OOS change in valuations. The
TRCAPE data are sourced from the Shiller website: http://www.econ.yale.edu/
�shiller/data.htm

GORDiv,Div + ΔVBUF The return forecast is the sum of the Gordon growth model (with dividend yield
and dividend growth) and expected change in valuations. We use the Buffett
indicator, the equity market capitalization scaled by gross domestic product, as
the predictor to forecast the OOS change in valuations.

GORDiv,Div + ΔVCON The return forecast is the sum of the Gordon growth model (with dividend yield
and dividend growth) and expected change in valuations. We use the detrended
cyclical consumption (e.g., Atanasov, Møller, and Priestley, 2020) as the
predictor to forecast the OOS change in valuations. We detrend consumption
data in quarter q as per Eq. (2) of Atanasov, Møller, and Priestley (2020), and
we use only the data available up to quarter q to avoid look-forward bias from
the detrending process.

We conduct an ordinary least squares (OLS) out-of-sample (OOS) forecasting approach (e.g., Goyal and Welch, 2008). All OOS
forecasts use only the data available up to the year in which the forecast is calculated.
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