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Abstract

This paper aims to test an important hypothesis in financial economics: whether equity returns are predictable
over various horizons? The conventional wisdom in the literature is that aggregate dividend yields strongly predict
excess returns, and the predictability is stronger at longer horizons (Fama and French (1988), Campbell (1991),
and Cochrane (1992)). In contrast, Ang and Bekaert (2007) find that dividend yields, together with the short rate,
predict excess returns only at short horizons, and do not have any long-horizon predictive power. In this paper, we
undertake an analysis of both in-sample and out-of-sample tests of equity return predictability to better understand
the empirical evidence on return predictability over different time horizons. We first propose a nonparametric test to
examine the predictability of equity returns, which can be interpreted as a signal-to-noise ratio test. Our empirical
results show that the short rate, dividend yields and earnings yields have good predictability power for both short
and long horizons, which is different from both the conventional wisdom and Ang and Bekaert (2007). Also, using our
nonparametric test, a comprehensive in-sample and out-of-sample analysis documents that the predictor variables
(dividend yields, earnings yields, dividend payout ratio, short rate, inflation, book-to-market ratio, investment to
capital ratio, corporate issuing activity, and consumption, wealth, and income ratio) have predictability power on
equity returns but this cannot be well captured by linear prediction models. In addition, we use the nonparametric
test to compare the conventional long-horizon prediction regression models on predictor variables with the historical
mean model, where there has exists a debate about which model has better forecasting power for equity returns
(Campbell and Thompson (2007) and Goyal and Welch (2007)). We find that the prevailing prediction model has
a better forecasting power than the historical mean model because the former has a lower neglected signal-to-noise
ratio. Finally, our nonparametric predictive models have lower RMSE than the historical mean model at both short-
horizon and long-horizon. Using our nonparametric methods, both combined and individual forecast outperform the
historical average.
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1 Introduction

There is a long tradition in finance and economics to study the predictability of equity returns or
equity premiums. Cochrane (1999) points out that one of financial economist’s views about the
investment world was that returns are unpredictable until the mid-1980. Towards the end of the
last century, academic researchers came to take seriously the view that aggregate stock returns are
predictable!. Fundamental economic forces are crucial determinants of equity premia in financial
markets.? The vast literature has suggested that excess returns are predictable by such variables as
dividend-price ratios, earnings-price ratios, dividend-earnings ratios, short rates, book-to-market
ratio, and an assortment of other financial indicators.

The predictability of long-horizon returns has drawn great interests from researchers. Long-
horizon asset returns are more informative than their shorter-horizon counterparts, so random walk
models, and martingale models based on past asset returns are statistically weak to explain real
data. It is more reasonable to study the price behavior using the models of asset returns in economics
or finance. The most popular model which is used to predict asset returns is the discounted-cash-
flow or present-value model explored by Rozeff (1984)3, Campbell and Shiller (1987), Campbell and
Shiller (1988a, 1988b)*, and West (1988). This model relates the price of a stock to its expected
future cash flows (i.e., its dividends) discounted to the present value using a constant or time-varying
discount rate. The present value model assumes that the expected stock return is constant through
time and makes no assumption about equity repurchases by firms which affect the time pattern
of expected future dividends. While stock prices and dividends appear to grow exponentially over
time rather than linearly, the linear model (even allowing for a unit root) is less appropriate than a
nonlinear model which can better capture the properties of asset returns across time. Thereafter,
researchers have proposed several nonlinear models to explain or predict asset returns. One is the
dividend models with rational bubbles in which the bubble is a nonlinear function of the stock’s
dividends (Froot and Obstfeld (1991)). This nonlinear model with stochastic rational bubbles has
its limitation in explaining the observed predictability of stock returns. Another nonlinear model
is a loglinear present-value model (Campbell (1991), Ang and Bekaert (2007)), which suggests a

nonlinear relation between equity returns and dividend ratio, interest rates, excess returns, or cash

LA new generation of empirical research in the late twenty century does substantially enlarge our view of "what
activities provide rewards for holding risks, and they challenge our understanding of those risk premiums".

2Equity risk premia are closely related to economic conditions. Equity returns seem to be high at business cycle
troughs and low at peaks. In line with the pioneering work by Ferson and Merrick (1987), Fama and French (1989),
researchers suggest that predictors of excess returns should be correlated with economic conditions. Lettau and
Ludvigson (2005) summarize the literature and point out that we should expect to find evidence from predictive
regressions of excess returns on macroeconomic variables over business cycle horizons."

3Rozeff (1984) showed that dividend yields can forecast equity risk premia by a deterministic dividend discount
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model. For example, Under the Gordon growth model, P, = D(‘l(j_i':)gi)l = %’ where P is the stock price, D is the

i=1
dividend, r is the discount rate, and g is the constant growth rate of dividend. In the certainty model, the discount

rate is the expected return on the stock. If the stock price represents a claim to the future stream of dividends, the
price can be exactly determined assuming constantly growing dividends and a known discount rate and the model
suggests that dividend yields should capture variations in expected stock returns.

‘Campbell and Shiller (1988a, 1988b) develop a stochastic approximation to the dividend discount model and
estimate the model in a VAR framework.



flows. The loglinear model can capture the asset price behavior without imposing restrictions on
the expected returns. These studies suggest that there exists strong nonlinearity in the models of
predicting asset returns, and that expected asset returns and dividend ratios are highly persistent
and time-varying. Thus, it is important to investigate the predictive relationship between asset
returns and time horizons.

There are quite a few works which examine the predictive power of the dividend yield on
excess stock returns over various time horizons. Fama and French (1988), Campbell and Shiller
(1988a,b), and Nelson and Kim (1993) document evidence of predictability. However, empirical
studies increasingly cast doubt on the forecasting power of price-based predictors of equity returns.
There are two recent debates on the predictability of equity premiums in the literature. First,
most of the theoretical and empirical work focus on the predictive prowess of the dividend yield,’
especially at long horizons. The conventional wisdom in the literature is that aggregate dividend
yields strongly predict excess returns, and the predictability is stronger at longer horizons (Fama
and French (1988)%, Campbell (1991), and Cochrane (1992)). The results at different horizons are
reflections of a single underlying phenomenon. If daily returns are very slightly predictable by a
slow-moving or persistent variable, then predictability adds up over long horizons. In contrast,
Ang and Bekaert (2007) find that dividend yields, together with the short rate, predict excess
returns only at short horizons and do not have any long-horizon predictive power. On the other
hand, Goyal and Welch (2007) argue that the historical average excess stock return forecasts future
excess stock returns better than regressions of excess returns on predictor variables. In response to
their arguments, Campbell and Thompson (2007) show that many predictive regressions beat the
historical average return by imposing restrictions on the signs of coefficients and return forecasts,
or the coefficients relating valuation ratios to future returns based on steady-state models. The
conclusions of the two debates are controversial.

Most of the existing empirical studies use linear regressions to forecast asset returns. There are
a number of pitfalls applying those models to predict asset returns or evaluate the predictability
power. First, several authors expressed concern that the apparent predictability of stock returns
might be spurious given the fact that many predictor variables, such as valuation ratios, used are
highly persistent. Nelson and Kim (1993) and Stambaugh (1999) pointed out that persistence leads
to biased coefficients in predictive regressions if innovations in the predictor variable are correlated
with returns (as is strongly the case for valuation ratios, although not for interest rates). Un-
der the same conditions, the standard t-test for predictability has incorrect sizes in finite samples
(Cavanagh et al., 1995). These problems become more serious if applied econometricians are data
mining, considering large numbers of variables, and reporting only those results that are apparently

statistically significant (Foster et al., 1997; Ferson, Sarkissian, and Simin, 2003). Sarkissian, and

’Fama and French (1988), Campbell and Shiller (1988a,b), Goetzmann and Jorion (1993, 1995), Hodrick (1992),
Stambaugh (1999), Wolf (2000), Goyal and Welch (2003, 2007), Valkanov (2003), Lewellen (2004), Campbell and
Yogo (2006), Campbell and Thompson(2007), and Ang and Bekaert (2007)

Fama and French (1988) provide the strongest evidence in support of the dividend yield effect by using overlapping
multiple-year horizon returns. They observe that the explanatory power of the dividend yield increases with the time
horizon of the returns; over 4-year horizons, the R*’s reach an astonishing high value of 64%.



Simin (2003) explore spurious regressions and data mining in the presence of serially correlated
explanatory variables and they conclude that many regressions based on individual predictor vari-
ables may result in spurious conclusions. Second, another problem is that the explanatory variable,
the dividend yield, is not properly exogenous, but rather contains a price level that also appears
in the regression (Stambaugh (1986)). Moreover, Fama and French (1988) point out an "errors-
in-variables" problem due to the fact that yields contain forecasts of future returns and dividend
growth. This may bias downward the regression coefficient in the dividend yield regression. Fama
(1990) and Kothari and Shanken (1992) suggest that the errors-in-variables problem is a potentially
major one, since a significant percentage of return variance may be explained by changes in the
growth rate of future dividends.

Third, there exists serial correlation in the forecast error particularly when the time horizon
h is large relative to the sample size. As a result, there exist some finite sample problems for
reliable statistical inference (Hodrick (1992), Nelson and Kim (1993)). An active recent literature
discusses alternative econometric methods or propose new statistical tests for correcting the bias
and conducting valid inference on estimation of long-horizon predictive regression models with
persistent variables and errors.” These studies have emphasized the bias toward rejection of the null
hypothesis of no predictability. In particular, the usual corrections to the standard errors are only
valid asymptotically, and there is some question as to whether "asymptotic" should be measured
in terms of years, decades, or even centuries, especially for long-horizon forecasts. Hodrick (1992)
examines the implications for hypothesis testing of using different specifications of the forecasting
equation. Nelson and Kim (1993) analyze small-sample biases in simulations of a VAR system for
returns and yields, under the null hypothesis of no predictability of returns. Using U.S. returns
sampled annually, they report that the simulated distributions of t-statistics are displaced upward,
and still find some spurious evidence of predictability at conventional significance levels. In the
case of the dividend yield regression, however, price levels appear in both the regressor and the
regressand. From the work of Dickey and Fuller (1976) and Stambaugh (1986), it is well-known
that regressions on lagged dependent variables lead to biased coefficient estimates. Goetzmann
and Jorion (1993) use the bootstrap methodology, as well as simulations, to examine the finite
sample distribution of test statistics under the null hypothesis of no forecasting ability. These
experiments are constructed so as to maintain the dynamics of regressions with lagged dependent
variables over long horizons (up to four years). They find that the empirically observed statistics
are well within the 95% bounds of their simulated distributions and overall there is no strong
statistical evidence indicating that dividend yields can forecast excess equity returns. Wolf (2000)
uses a new statistical method for finding reliable confidence intervals for regression parameters in
the context of dependent and possibly heteroscedastic data, called subsampling and does not find
convincing evidence for the predictability of stock returns. Ang and Bekaert (2007) find that excess
return predictability by the dividend yield is not statistically significant at longer horizons or across

countries and also uses the nonlinear present value model to examine the fit of regression-based

"See Cavanagh et al., 1995; Mark, 1995; Kilian, 1999; Lewellen, 2004; Campbell and Yogo, 2006; Polk et al., 2006;
Ang and Bekaert, 2007; Valkanov, 2003



expected returns with true expected returns. Consistent with the data, they find that a univariate
dividend yield regression provides a rather poor proxy for the true expected return. However, using
both the short rate and dividend yield considerably improves the fit, especially at short horizons.

Fourth, while previous studies model returns and dividend yields using a finite-order VAR sys-
tem (Hodrick (1992), Campbell and Shiller (1988a,b), Stambaugh (1999)), the VAR model cannot
fully capture the nonlinear dynamics of dividend yields implied by the present value model. In-
deed, for a linear predictive regression model, when an price-based estimator or regressor appeals
to be statistically insignificant, one cannot conclude that the null hypothesis of no predictability
holds, because there may exist neglected nonlinear predictibility. Fifth, a different critique® empha-
sizes that the most linear predictive regressions have often performed poorly out-of-sample (Goyal
and Welch (2003, 2007); Campbell and Thompson (2007)). It is well-known that while in-sample
diagnostic analysis is important and can reveal useful information on possible sources of model mis-
specification, it may cause overfitting and capture spurious predictability. Out-of-sample evaluation
can capture the true predictability of a model or the data generating process.” The disparities be-
tween in-sample and out-of-sample test results of return predictability documented in the literature
make an overall assessment of return predictability difficult. In particular, it is unclear whether the
poor out-of-sample performance of linear prediction models is due to the limitation of linear models
or due to the nonexistence of predictability of equity returns. Many of the earlier out-of-sample
tests have focused on the dividend ratios. Fama and French (1988) interpret the out-of-sample
performance of dividend ratios to have been a success. Bossaerts and Hillion (1999) interpret the
out-of-sample performance of the dividend yield (not dividend price ratio) to be a failure. Torous
and Valkanov (2000) find that a low signal-noise ratio of many predictive variables makes a spu-
rious relation between returns and persistent predictive variables unlikely and would lead to no
out-of-sample forecasting power. Rapach and Wohar (2006) explore out-of-sample performance for
a number of variables and find that certain financial variables display significant in-sample and
out-of-sample predictive ability with respect to stock returns. Goyal and Welch (2007) argue that
the poor out-of-sample performance of predictive regressions is a systemic problem. They compare
predictive regressions with historical average returns and find that historical average returns almost
always generate superior return forecasts. They conclude that “the profession has yet to find some
variable that has meaningful and robust empirical equity premium forecasting power.” Campbell
and Thompson (2007) find that most of these predictor variables perform better out-of-sample than
the historical average return forecast, once weak restrictions are imposed on the signs of coefficients

and return forecasts. The out-of-sample explanatory power is small, but nonetheless is economi-

8This critique had a particular force during the bull market of the late 1990s, when low valuation ratios predicted
extraordinarily low stock returns that did not materialize until the early 2000s (Campbell and Shiller, 1998).

9Here are several important reasons why out-of-sample predictability check is important. First, the usual practice
of extensive search for more complicated models using the same or similar data set may suffer from the so-called
data snooping bias, as pointed out by Lo and MacKinlay (1989) and White (2000). A more complicated model
may overfit idiosyncratic features of the data without capturing the true data generating process. Out-of-sample
prediction evaluation will alleviate, if not eliminate completely, such data snooping bias. Second, a model that fits
in-sample data well may not predict the future well because of unforeseen structural changes or regime shifts in the
data generating process.



cally meaningful for investors. They also impose theoretical restrictions on the coefficients relating
valuation ratios to future returns and theoretically restricted valuation models often outperform
return forecasts based on the long-run historical mean of stock returns.

In this paper, we undertake an analysis of both in-sample and out-of-sample tests of stock return
predictability in an effort to better understand the empirical evidence on return predictability. We

are particularly interested in investigating the following problems:
e Does the predictability of valuation ratios such as dividend yields exist at various horizons?

e Do linear predictor variables-based regression models suffer from neglected nonlinear pre-
dictability? In particular, is the poor out-of-sample performance of most linear prediction
models due to the limitation of linear models or due to the nonexistence of predictability of

equaity returns?

e Does the predictor-based regression model beat the historical average excess stock return

(historical mean model)?

For these purposes, we first develop a reliable out-of-sample nonparametric model-free pre-
dictability test, which has several appleaing features. First, as is well-known, the nonparametric
method can capture a wide variety of linearities and nonlinearities without assuming any paramet-
ric model. Thus, it can assess directly the predictability of equity return data itself rather than
the predictability of a specific model for equity return. Second, the nonparametric predictability
test can be interpreted as a signal-to-noise ratio, because it is based on the average of the squared
predictable components over the sample variance of pricing errors. Third, we propose to use a
conditional bootstrap procedure which maintain the original dynamics of predictor variables and
serial dependence structure of the multi-step-ahead forecast errors. Such a bootstrap procedure
provides reliable statistical inference for sample sizes typically encountered in the literature. Simu-
lation studies show that it has reasonable size and power in finite samples even when the regressors
are highly persistent and the forecast horizon is relatively long.

We apply the proposed nonparametric test to examine whether there exists the predictability
of equity returns at short or long horizons. Ang and Bekaert (2007) find that dividend yields,
together with the short rate, predict excess returns only at short horizons. In contrast, we find that
the short rate, dividend yields, and earnings yields have good predictability power at both short
and long horizons. Second, the comprehensive in-sample and out-of-sample analysis suggests that
such variables as dividend yields, earnings yields, dividend payout ratio, short rate, inflation, book-
to-market ratio, investment to capital ratio, corporate issuing activity, and consumption, wealth,
and income ratio have predictability power for equity returns, but this often cannot be captured
by popular linear regression models. Third, we find that the prevailing prediction model beats
the historical mean model because there is more neglected signal-to-noise ratio for the latter. Our
conclusion is in contrast to Goyal and Welch (2007), and is consistent with Campbell and Thompson
(2007), who find that predictor variables perform better out-of-sample than the historical average

return forecasts, once weak restrictions are imposed on the signs of coefficients and return forecasts,



or the coefficients relating valuation ratios to future returns based on steady-state models. In fact,
the restrictions on coefficients is a form of nonlinearity.

In the literature, most papers focus on a set of predictors based on theoretical models. From
an academic viewpoint, the use of model-based predictors facilitates an understanding of specific
aspects of the economic mechanism. From an investor’s viewpoint, however, these predetermined
variables may not be enough to capture all information required in decision making. Forecast
combination has recently received renewed attention in the forecasting literature; Stock and Watson
(1999, 2003, 2004) with respect to forecasting inflation and real output growth. Rapach, Strauss,
and Zhou (2009) propose a combination approach to improve the out-of-sample equity premium
forecasting problem. In addition to the individual forecast, we also consider the combined forecast
to improve equity premium forecasts, and examine the out-of-sample performance. On the other
hand, previous studies suggest that there exists strong nonlinearity in the models of predicting asset
returns, and that expected asset returns and dividend ratios are highly persistent and time-varying.
The poor out-of-sample performance of most linear prediction models is due to the limitation of
linear models. The lack of consistent out-of-sample evidence in Goyal and Welch (2008) indicates
the need for improved forecasting methods to better establish the empirical reliability of equity
premium predictability. In this paper, we propose nonparametric estimators to forecast the equity
returns using both individual forecast and combined forecast.

Goyal and Welch (2007) argue that the historical average excess stock return forecasts future
excess stock returns better than regressions of excess returns on predictor variables. With respect to
the economic variables used to predict the equity premium, we use the 15 economic variables from
Goyal and Welch (2008) to predict the individual predictive models. Common to all these papers
is a focus on a small set of predictors based on theoretical models. From an academic viewpoint,
the use of model-based predictors facilitates an understanding of specific aspects of the economic
mechanism. The benchmark model is historical average equity returns. The alternative models
are linear predictive model and two nonparametric predictive models. We find that the combined
forecast methods outperform the individual forecast methods. Fama and French (1989) and others
show that these variables can detect changes in economic conditions that potentially signal fluc-
tuations in the equity risk premium. But the dividend yield or term spread alone could capture
different components of business conditions, and a given individual economic variable may give a
number of “false signals” and/or imply an implausible equity risk premium during certain periods.
Rapach, Strauss, and Zhou (2009) argue that if individual forecasts based on the predictors are
weakly correlated, forecast combinatio should be less volatile and more reliably track movements in
the equity risk premium. Our results are consistent with their argument that the combined forecast
methods outperform the individual forecast methods. Combining forecast incorporates information
from a host of economic variables while the historical average ignores economic variables. Com-
bined forecasts have a substantially smaller bias than the historical average. Combining individual
forecasts helps to reduce forecast variability.

The other important results we get are that our nonparametric predictive models have lower

RMSE than the historical mean model at both short-horizon and long-horizon. Our nonparametric



prediction can improve the out-of-sample performance without restrictions. Using our nonpara-
metric methods, both combined and individual forecast outperform the historical average. One
reasonable explanation is that the nonparametric predictive model can fit the equity return better
based on the predictors. It is not restricted to the parametric forms. It can fit the data more
better than simply the linear or nonlinear parametric model. Nonparametric prediction generates
a forecast with a variance near that of the smooth real equity return data, thereby reducing the
noise in the individual predictive regression model forecasts.

This paper is organized as follows. Section 2 introduces the proposed nonparametric predictabil-
ity test. Section 3 describes the data. Section 4 presents and discusses the empirical results. Section
5 reports the out-of-sample performance of the individual and combined forecast and economic im-

plication. Section 6 concludes the paper.

2 Nonparametric Test for Predictability

2.1 Hypotheses of Interests and Nonparametric Test

We are interested in whether the predictability of excess returns depends on time horizons. If future
excess returns cannot be predicted by past dividend yield or other variables over any time horizon,
then the null hypothesis holds.

Specifically, suppose {Y;, X/} is a stationary time series process where Y; is a scalar, and X} is
a d-dimensional vector. We are interested in testing the predictability of Y;.; using Xy, where the
integer h is the time horizon index for a multi-step ahead prediction. In our applications below,
X, is, for example, the dividend yield in period ¢, and Y;.p is the asset return h periods ahead.
Different h’s will allow us to examine the relationship between asset return predictability and time

horizons. The null hypothesis of interest can be written as

Ho : E(Yin|Xt) = E(Yign) (3.1)
versus the alternative hypothesis

Ha: E(Yiyn|Xt) # E(Yign)- (3.2)

The null hypothesis Hy is characterized by the horizon index h. It is possible that Hy holds
for a relatively long horizon but it does not hold for a relatively short horizon. This is one of our
focuses in this paper, namely we will investigate the relationship between predictability of excess
asset returns and the time horizon h, which has been a long-standing problem in empirical finance.

In empirical finance, often a linear predictive regression model
Yign = XiB + €tyn, (3.3)

is used to check predictability of excess asset returns. When an estimator for  is statistically



insignificant, one does not find evidence for predictability power of X; for Y; . Strictly speaking,
one cannot conclude that Hy holds. This is because a zero parameter value for 5 is a necessary
condition for Hy but it is not a sufficient condition. A zero 5 implies that there is no linear predictive
power of X; for Y; 5, but there may exist a nonlinear predictive power of X; for Y, ;. An example
is that the true data generating process follows Y;,p = Xf ~+&¢1p, where X is normally distributed
with zero mean and the disturbance €1 is independent of X;. In this case, a linear regression
coefficient 3 is exactly zero but E(Y; | X;) = X2.

When an estimator for § is statistically significant, there exists evidence of the predictive power
of X; for Y; . In this case, one may be interested in testing whether the linear regression model has
the optimal predictive power for Y;,p. Put it differently, one may be interested in testing whether
there exists any nonlinear predictive power of X; for Y;yj, in addition to the documented linear

predictability. In this case, the null hypothesis of interest
H() : E(€t+h’Xt) =0 (34)

versus the alternative hypothesis
Ha : E(ern|Xe) # 0, (3.5)

where €41, is the prediction error from the linear regression model in (3.3). The null hypothesis Hy
in (3.4) implies that the linear regression model in (3.3) has optimal predictive power. When H 4
in (3.5) holds, there exists a nonlinear predictive relationship between X; and Y;;, and a suitable

nonlinear predictive model will outperform the linear regression model in (3.3). Because €41}, is

unobservable, we need to use an estimated residual é;yp = Yiipn — X{B, where B is an estimator
for 5. Note that when Hy holds, {415} may not be a martingale difference sequence unless h = 1.
In general, Hy allows {€;1p} to follow a MA(h) dependence. This has an important implication on
inference, particularly when h is relatively large.

In this section, we develop a unified nonparametric testing framework which is applicable to test
hypotheses in (3.1) and (3.4). The basic idea is to use a nonparametric estimator for E(Y;15|X¢)
or E(e4yp|X:) and check if the estimator is close to constant or zero. As is well-known, the
nonparametric method has an advantage that it does not require an ex ante model specification
and can capture any predictive relationship no matter whether it is linear or nonlinear (c.f. Hérdle
(1993), Pagan and Ullah (1999)). Thus, it is quite suitable for our purpose here.

To avoid capturing spurious predictability due to in-sample overfitting, we consider out-of-
sample predictability check. There are several important reasons why out-of-sample predictability
check is important. First, the usual practice of extensive search for more complicated models using
the same or similar data set may suffer from the so-called data snooping bias, as pointed out by Lo
and MacKinlay (1989) and White (2000). A more complicated model may overfit some idiosyncratic
features of the data without capturing the true data generating process. Out-of-sample prediction
evaluation will alleviate, if not eliminate completely, such data snooping bias. Second, a model that

fits in-sample data well may not predict the future well because of unforeseen structural changes or



regime shifts in the data generating process. Therefore, in-sample analysis is not adequate and it
is important to examine out-of-sample prediction. Third, out-of-sample prediction is more relevant
to most economic applications in practice.

Specifically, suppose we have an observed sample {Y;, X;}1_; of size T. We first split the sample
into two parts: the first subsample contains R observations, and the second subsample contains
n =T — R observations. We will use the first subsample or a modification of it to estimate model
parameter § and use the second subsample to check predictability. There are various methods to
estimate parameter 3. One simple method is to use the first subsample {Y; 5, X/}, to estimate
B. Another method is to use {Yiyp, Xt}ﬁh to estimate [ when predicting Yryp 144, for 0 <i <
n — h — 1. This is called the rolling estimation One can also use the recursive estimation method,
which uses the subsample {Y}Jrh,Xt}t to estimate 8 when predicting Yrip+144. Generally, we
use the notation ,Bt to denote an estimator for 8 when predicting Y, in an out-of-sample context.

The resulting estimated out-of-sample residual from a linear model (3.3) is
Etth :Yt+h—X£Bt,t: R+1,---T—h

To capture potentially neglected nonlinear predictable component in €;,, we use a smoothed kernel
method to estimate F(e1p|X;). Put

mp(z) = Xs),
s=R+1
g(x) =
s=R+1
where z = (.%‘1,.%2,"‘ 7xd)l7 Yy = (y1>y27"' ayd),a and Kb T — y Hb 1K - yl)/b] The

kernel function K (-) is is a prespecified symmetric probability density functlon Examples include
a Gaussian kernel K (u) = (2)~Y/2 exp(—u?/2) and a quatic kernel K (u) = 3(1 — u?)1(|u| < 1),
where 1(-) is the indicator function, giving value 1 if |u| < 1 and value 0 otherwise. The bandwidth
b = b(n) vanishes to zero as the sample size n — oo, but at a slower rate. For simplicity, we use the
same bandwidth for each components of X;. In practice, one can first standardize each component
of the vector X; by its sample standard deviation. The regression estimator for F(gs45|X;) is then

defined as follows: S ()
N mp(x

() = — .
h( ) g(a:)

This is called the Nadaraya-Watson regression estimator. The estimator g(x) in the denominator

is a kernel estimator for the marginal density g(z) of {X;}. Under regularity conditions, 7, (z) —
ri(z) = E(et4-n| Xy = x) in probability as both R,n — oc.
Under Hy, 7,(z) is close to zero for all . Under the alternative hypothesis Hy, 75 (x) is not

a zero function but is a nontrivial function of x subject to sampling variation. To measure the



departure of 7, (z) from zero over all x, we use the following global measure

1 T—h

Q(h) = > (X )w(Xy),

n—nh
t=R+1

where the positive weighting function w(-) can be chosen to trim the extreme observations where
the estimation of #(x) is not reliable due to sparse observations (we allow the distribution of X
has unbounded support). It can also be used to direct power of the proposed test to the region of
interest, such as predictability when X; is negative (in this case, we choose w(z) = 1(x < 0). The
statistic @ (h) can be viewed as a measure of the magnitude of the "signal" that can be extracted to
predict asset returns if (and only if) it contains no systematic predictable component in E(g445|Xy),
the estimator 7, (X;) and therefore Q(h) will be close to zero.

Alternatively, we can directly use an integrated global measure

(h) = / 72(2)3(x)w()da

where the integral is over the support of w(x), and it can be computed using either a numerical
integration method (e.g. Gauss-Newton method) or a Monte Carlo simulation method!?.

The asymptotic behaviors of @(h) and Q(h) are similar. We now consider the decomposition

Oy = / 72 () () (z)de
2

g(x)
— [ h@a@)ds + 0,0+ (1)L 1),
where a(x) = w(z)/g(x), and the reminder term is dominated by the first (leading) term under

suitable regularity conditions. Thus, we focus on the first term, which will determine the asymptotic
distribution of the statistic Q(h).

10The Monte Carlo method can be implemented as follows. Without loss of generality assume that w(-) is a
prespecified probability density function.Then we can generate a large i.i.d. sample {X;}/_, from the probability

N
distribution w(-). Then the average Q* (h) = Nflz?,%(Xf) will be arbitrarily close to Q(h) if N is sufficiently large
i=1

(much larger than the sample size n) by the law of large numbers.
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For the first term, we have

, Th 2
/ﬁ%(w)a(x)dﬂn = /[n—h Z és+th(x—Xs)] a(x)dz

s=R+1

1
= m—h)2 Z Etrnésth | Kp(z — Xo) Kp(z — Xs)a(z)dz
(n—h) |t—s|>h /
+(nlh)2 Z Z::t—‘,-hé‘s-&-h/I{b($ — Xp) Kp(x — Xs)a(x)dx

jt—s|<h
= A(h)+ B(h),

where the term A(h) is a sum over (¢, s) with |t — s| > h, and the term B(h) is a sum over (t,s)
with |t — s| < k. For the term B(h), we have
1

BU) = e 3 bt [ Kile = X0y - X.)a(e)da

T—h
1 .
= nh? E 5§+h/Kg(x—Xt)a(ﬂs)d:c
t=R+1
t—1

n—nh
2 ~ A~
+m Z Z €t+h€s+h/Kb(:B - X)) Kyp(x — X,)a(x)dz
t=R+2s=max(R+1,t—h)
h

S o? [ w(z)dzx 2uu72 ) Ela - nb) 1
= et [ @ [ K2 o 2T FACO (X 0]+ O™,

where 02 = var (1), 7(j) = cov(es, e1—j) is the autocovariance function of {e;}, and f;(-,-) is the

joint probability density of (X, X;—;). Note that generally v(j) # 0 for 0 < j < h in a h-step
ahead prediction model (3.3), even when Hj holds. As noted earlier, {e;1} generally displays a
MA (h — 1) structure under Hy.

Thus, B(h) depends on the serial dependence of {;,1} due to the existence of the second term.
The effect of serial dependence in {g;1} on B (h) is generally larger when the horizon parameter h
is larger. In our construction of a test statistic, we could subtract the original form of B(h) directly
from the global measure @(h), rather than use the asymptotic approximation of B(h) This will
make the proposed test robust to the effect of serial dependence contained in B (h).

The term A(h) can be written as

n—h t—h—1

A(h) = (72_2h)2 > éHhéHh/Kb(:c — X)) Ky(x — X)a(z)dz.

t=R+2s=R+1

~ -~

Under Hp, A(h) has an approximately zero mean. Its variance var(A(h)) depends on serial depen-
dence in {e/15}. However, when {e;y5,} has a MA(h — 1) structure where h is a fixed integer, the

~

effect of serial dependence in {&;} on var[A(h)] is an asymptotically negligible higher order term,
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and it can be shown that the asymptotic variance of b'/?(n — h)A(h)/o? is given by

V= S/wz(x)dx/ [/ K(u)K (u+v)du de.

Using the central limit theorem for degenerate U-statistics, we can show b2 (n — h)g(h) /o2 <

N(0,V), as stated below:

Theorem 1 Suppose Assumptions A.1-A.6 in the Appendiz hold. Then

(i) under Hy, we have

Vb(n — Q) /3% — C/Vb 4

Qn= Nz N(0,1)
T—h
where C' = /w(m)dm/KZ(u)du, 62=(n—h)"" Z €2, and epyp = Eppp — Th(Xe).
t=R+1

(71) under Hy,

Qn V2 [ri@)g(@)w(z)ds
Vb(n — h) o2 '

The Qh test statistic has an appealing interpretation. Ignoring the centering and scaling factors,
the Q), test statistic is essentially based on the ratio Q(h) /8?. Here, the denominator Eg is the
sample variance of pricing errors, and the numerator Q(h) is the average of the squared predictable
components neglected by the linear regression model (3.3). Therefore, the ratio Q(h)/> can be
viewed as an estimator for the neglected signal-to-noise ratio of the linear model. If the neglected
pricing signal Q(h) is weak relative to the pricing noise ’a\?, the Q) test will not reject the null
hypothesis Hy. If the neglected pricing signal Q(h) is sufficiently large relative to the pricing noise
83, the Q, test will reject the null hypothesis Hy. How large the signal-to-noise ratio should be in
order to be considered as sufficiently large is determined by the critical value of the test statistic.

Theorem 1(ii) shows that under Hy, the Q) statistic diverges to infinity at rate vb(n — h).
Thus, as long as rp(z) is not zero over the support of the weighting function w(z) under Hy , the
Q), test will be able to reject Hg at any given significant level with probability approaching one as
the sample sizes R,n — oo.

In computing the neglected pricing signal-to-noise ratio, we have used a nonparametric estimator
2

e

consistent for the true pricing error €f = Y p — E(Yi4|X:) under both Hy and H4. One could

for oZ. The variance estimator 83 is based on the nonparametric residual e;;; which is always

T—h
also use the parametric variance estimator 52 = ﬁ g 5,? ', using the estimated residuals from
t=R+1

the linear regression model. This estimator is simpler than &2, and may give better sizes in finite

I3
samples, because it is a better estimator for o2 than 52 under Hy. However, 5> is not consistent for
the true error variance Var(ef) under H 4, because it contains the neglected signals. Consequently,

it may give a lower power in finite samples.
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The test statistic Qy, is constructed to check out-of-sample predictability of residual &y using
X;. It can also be used to test the null hypothesis Hp in (3.1), namely the predictability of X
for Y;4p. This can be done by replacing the sample size n with 7', and replacing the estimated
residual &y, with Y;,5 — Y, where Y = (T — h)~! ZtT:zh Yiip is the sample mean of {Yy,,}l "
The resulting test statistic is still asymptotically N(0,1) under Hy in (3.1).

Theorem 1(i) implies that approximately v(n — h)Q(h)/5> ~ X3, as R,n — oo where the
constant v = 2C'/V and the degree of freedom ), = 2C2/bV. Here, both constants v and ), do
not depend on any nuisance parameters or nuisance functions, such as the error distribution and
the density function of X;. In fact, they are independent of the data generating process. There-
fore, the asymptotic null distribution of the scaled signal-to-noise ratio statistic v(n — h)Q(h)/5>
is independent of nuisance parameters or nuisance functions, and approximately v(n — h)Q(h) /5>
is distribulted as N (A, 2),) where A, is known. This is the so-called Wilks’ phenomena in sta-
tistics. Omne important implication of Wilks’ phenomena is that one can simply simulate the null
distributions by setting the nuisance parameters under the null hypothesis at reasonable values or
estimates.

The asymptotic normality is quite convenient to use in practice. However, several reasons
suggest that the asymptotic normal approximation may not work well in finite samples. First,
the nonparametric estimator 7, (x) converges slowly to the true function rj(z) particularly when
the dimension d of X; is relatively large. As it turns out, the neglected reminder terms in the
asymptotic expansion of Q(h) / 82 are quite close to in order of magnitude to the dominating term
which determines the asymptotic normal distribution of Qh. Evidence in related literature shows
that the size of nonparametric test statistics is generally very poor in finite samples. Second, in
the present framework, {e;y5} is not an i.i.d. or martingale difference sequence under the null
hypothesis. Instead, it follows an MA(h — 1) structure in &4, under the null hypothesis Hy due to
the h-step ahead prediction. Asymptotic analysis shows that the serial dependence in {e41} has
no impact on the asymptotic mean C/ vband the asymptotic variance V, but it may substantially
affect the finite sample mean and variance of the test statistic Q(h)/6?2, particularly when h is
relatively large. Third, our asymptotic analysis shows that parameter estimation uncertainty in Bt
has an asymptotically negligible impact on the asymptotic distribution of the proposed test, but
the impact depends on the relative magnitude between two sample sizes R,n. When the ratio n/R
is large (i.e., when n is large relative to R) , the impact of parameter estimation uncertainty of Bt
may be substantial in finite samples.!

To obtain a reliable reference based on the proposed test in finite samples, we propose the
following conditional bootstrap procedure which preserves the MA(h) structure in &5, among
other things:

Step 1: Use the first subsample {Y; 1, X;}Z | to estimate the linear regression model

}/t+h = thﬁ + €t+hat = 1, ceey R

" One implication of this result is that one should use a large R relative to n in practice to alleviate the impact of
parameter estimation in .
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Obtain the parameter estimator B Alternatively, rolling estimation or recursive estimation could
also be used.

Step 2: Use B to compute the out-of-sample estimated residual &5, = Y; — X{B for t =
R+1,...,T —h.

Step 3: Compute the nonparametric estimates 7,(X;) and the nonparametric residual e, =
Eton —mh(Xy) fort=R+1,..,T — h.

Step 4: Compute the signal-to-noise ratio Q(h)/3> using a prespecified kernel k(-) and band-
width b = (n — h)Y/®. In practice, data-driven methods can be used to choose the bandwidth
b.

Step 5: Estimate an MA(h — 1) model for the nonparametric residual

h—1
/ét—i-h = ZOZjUt+h_j + Ut+h;t =R+ 1, 7T‘ — h.
7=1

This can be done via the conditional quasi-maximum likelihood estimation. Save the moving
average parameter estimates {dj}?zl and the estimated residual {6t+h}tT;£ 't1 in the MA(h — 1)
model.

Step 6: Draw a bootstrap residual sample {0} +h}tT:_£ ', from the centered empirical distribution
of {Dy4nyi 't Then obtain a bootstrap residual sample {&; ot .1 by the following MA(h — 1)

model
h—1

Ern = bf, s+ 0 t=R+1,..,T—h,
j=1

where the parameter estimates {¢; };‘:1 are obtained in step 5. The bootstrap residual {&; +h};‘F:_}€” .
approximately preserves the MA(h — 1) structure of {e;1} under Hy.

Step 7: Use the bootstrap sample {€:+h7Xt}Z—’:_]$L+1 to compute the bootstrap signal-to-noise
ratio Q*(h)/5*? using the same kernel k(-) and bandwidth b as in Step 4.

Step 8: Repeat Steps 6 and 7 for a total of B times where B is a large number. Denote the
obtained B bootstrap test statistics as {Q} (h)/o17 2.

Step 9: Compute the bootstrap p-value of the Qy:

B A 5% (h
pe |4 A,
=1 €

Oel

where 1(-) is the indicator function. Reject the null hypothesis Hy at significance level « if and
only if p* < a.

The above resampling approximation is a wild bootstrap. Here, one only need to calculate
the signal-to-noise ratio Q(h) /52 using the observed sample and bootstrap samples. There is no
need to compute the original test statistic Qp which involves calculation of centering and scaling
parameters. This follows because computing the bootstrap p-value involves ranking Qy, and Q}*L,
5%2

which is equivalent to ranking the pricing signal-to-noise ratios Q(h) / 8? and Q*(h) /o%", given the
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fact that the centering and scaling factors do not depend on nuisance parameters and the data
generating process. This greatly simplifies the computation of the test statistic.

When testing predictability of X; for Yy (i.e., testing Hp in (3.1)), Steps 1 and 2 are not
needed, the nonparametric residual in step 3 is replaced with €;,5, = Y; 1, — Y, and the MA(h — 1)
models in Steps 6 should be changed to the following:

h—1

* N A~ * *

t+h:Y+ E O‘jvt+h—j+vt+h>t:17'--7T*h-
Jj=1

respectively, where Y is the sample mean of {Y};Jrh}f:_lh.
We will examine the finite sample performance of the above conditional bootstrap procedure

via simulation studies.

2.2 Simulation Design and Monte Carlo Evidence

It is well-known that for inference procedures based on linear prediction models, there exist two
well-documented sources of size distortion that may arise in long-horizon regressions. First, many
predictors, such as dividends and earning price ratios, interest rates, and forward premia, are highly
persistent and only predetermined, rather than fully exogenous. Second, standard test-statistics
based on prediction regressions do not have their usual limiting distribution (Cavanagh et al., 1995).
The use of standard critical values is known to generate severe size distortion. These problems may
carry over to the proposed nonparametric predictability test, particularly when h is large. In order
to check the reliability of the proposed test, we investigate the finite performance (both size and
power) of the proposed test using data-generating processes that could potentially be employed to
capture the persistent behavior commonly observed in predictive regressors.

Table 1-0 summarizes the five data generating processes we use to investigate the empirical size

of the tests for both linear and nonlinear predictability check.
Table 1-0 Summary of Simulation DGPs and Predictability Check

The data-generating processes are summarized in the table below, where £, = Z?:l QUi h—j + Vpth,
Vt4+h ~ i.i.d.N(O, 1), U ~ i.i.d.N(O, 1), and {UtJrh} and {ut} are mutually independent. Examine the case
where h = 1,4, 12, 20. Sample size T' = 250, 500, 1000.

DGP Yiin Xt B1:Bas p
(1) Linear A.O(h) Yiih= ao+etin Xi= pX,_1+uy (0.1, 0.3,0.5,0.7, 0.9)
AL(h)  Yien= Bo+81Xttetrn Xi=pX,_;+u; (0.1,0.3,0.5,0.7,0.9)
A2(h) Y= ﬁo—i—ﬁlth—{—Et_,_h Xi=pX,_1+u; (0.1,0.3,0.5,0.7,0.9)
(2) Nonlinear B.O(h) Yiin= Bo+B1Xt+€t+n Xi=pX,_1+us (0.1,0.3,0.5,0.7, 0.9)

B1(h) Y= Bo+B1 Xe+ByX24ern  Xi=pX, ;+us (0.1,0.3,0.5,0.7,0.9)
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Under A.0(h), X; has no predictive power for Y; ;. This allows us to examine the size of the
nonparametric test under Hy : E(Yi1p|Xy) = E(Yirn). Under A.1(h) and A.2(h), there exist
linear and nonlinear (quadratic form) predictability of X; for Y;,,.This allows us to examine the
power of the test under the alternatives. Next, under B.0(h), there is no neglected nonlinear
predictability of Xy for Y; 5. This allows us to examine the size of the test for the null hypothesis
Hy : E(e44p|X:) = 0. Under B.1(h), there exists neglected nonlinear predictability, and this allows
us to examine the power of the test.

Tables 1-1a, 1-1b, 1-1c, and 1-1d report empirical rejection rates of the test at the 1%, 5%,
and 10% nominal levels, for sample sizes of T = 250, 500, 1000 and horizons of h = 1,4, 12, 20.
The nonparametric test with the bootstrap procedure has quite reasonable sizes in finite samples
under both the null hypotheses H; and Hs, which are robust to the length h of horizon and to
the persistence of regressor X; (as measured by the large value of the autoregressive coefficient p).
Moreover, the proposed test has power under various alternatives to H; and Hs respectively.

The reasonable and robust size and power performance of the proposed test is quite encouraging
in view of the fact that due to both long-horizon returns and persistence of the regressors, there
is an upward bias in the predictive coefficient on the regressors (Stambaugh 1999, Amihud and
Hurvich 2004, Lewellen 2004), and existing long-horizon tests with robust Newey-West standard

errors suffer from substantial overrejection.!?

3 Data and Long-Horizon Predictability Regression

3.1 The long-horizon framework and Predictability Regression

Denote the gross return on equity by Gi+1 = (Pi41+ Dyy1)/Pi+1 and the continuously compounded
return by y¢11 = log(Gy+1). The long-horizon predictability regression considered is

Yitnh = ap + B,Xt + €hith (4.1)

where Y1 = (7/h)[(Wt41 —7¢) + - - + ( Yt — T+n—1) is the annualized h-period excess return for
the aggregate stock market, r; is the risk-free rate from ¢ to t + 1, and ;11 — 4 is the one period
excess return from time ¢ to ¢ + 1. The constant 7 is different, depending on the frequency of the
data, i.e., 7 = 1 (annually), 7 = 4 (quarterly), and 7 = 12 (monthly). All returns are continuously
compounded.

The error term ey, 44 follows a M A(h — 1) process under the null hypothesis of no predictability
Hy : E(Y;41|Xt) = E(Yiyn) and Hy @ E(een]Xt) = 0. We will use different predictors as instru-
ments in X;, which are explained in details below. We estimate the regression (4.1) by OLS and

compute standard errors of the parameters using the Newey and West(1987) and Hodrick (1992)

2 Ang and Bekaert (2007) point out that the univariate dividend yield regression displays negligible size distortions
in the shortest sample for the one-quarter horizon, but for the bivariate regressions, all tests slightly over-reject at
asymptotic critical values with longer horizons.
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standard error formula!?. We use the test proposed in section 3 to check the predictability of

different variables using the regression framework in (4.1).

3.2 Data

We will examine predictability for the equity returns by using data with different frequencies:
annual, quarterly, and monthly. The most prominent X; variables considered in the literature
are dividend price ratio and dividend yield, earnings yield and dividend-earnings (payout) ratio,
various interest rates and spreads, inflation rates, book-to-market ratio, investment-capital ratio,
consumption, wealth, and income ratio (CAY), and aggregate net or equity issuing activity.

Stock Returns: Stock returns used are continuously compounded returns on the S&P 500 index,
including dividends. Our quarterly data consist of price return (capital gain only), total returns
(capital gain plus dividend), and dividends on the Standard & Poor’s Composite Index from March
1936 to December 2001. This data is obtained from the Security Price Index Record, published
by Standard & Poor’s Statistical Service. For monthly data, we use S&P 500 index returns from
January 1970 to December 2006 from CRSP’s monthend values. Monthly dividends on the S&P
500 index are from Standard & Poor’s Statistical Service. For yearly frequency, we get data from
1872 to 2005 provided in Robert Shiller’s personal website.

Risk-free Rate: The risk-free rate from 1920 to 2005 is the T-bill rate. We follow the methods
by Goyal and Welch (2007) to estimate T-bill rate prior to the 1920’s.!* For quarterly and monthly
data, T-bill rates from 1934 to 2005 are the 3-Month Treasury Bill: the Secondary Market Rate
from the economic research data base at the Federal Reserve Bank at St. Louis (FRED).

Dividend Yields, Earnings Yields, and Dividend Payout Ratio: Dividends and Earnings are
the twelve-month moving sums of dividends and earnings paid on the S&P 500 index. The data
from 1871 to 1970 are available from Robert Shiller’s website. Quarterly dividends and earnings
from 1936 to 2005 and monthly dividends and earnings from 1970 to 2006 are from the S&P
Corporation. Dividends and Earnings are summed up over the past year. Monthly or quarterly
frequency dividends and earnings are impossible to use because they are dominated by seasonal
components. The dividend yield (d/y) is defined as D}/ P, with the superscript 4 to denote
that it is constructed using dividends summed up over the past year (four quarters), where D} =
D¢+ Diy1 + Diyo + Dyiys represents dividends summed over the past year and F; is the price level
on S&P 500.'> We also define the monthly dividend yield with a superscript of 12 to indicate that

"3Using generalized method of moments, (GMM) has an asymptotic distribution \/T(ﬁ —0) & N(0,Q) where
Q= 2715025, Zo = E(z}x), and z¢ = (1 z;). Hodrick(1992) sums z}z;—; into the past and estimates So by
§0 = % EZ:}L whiwhy, why = €1,141 Z?:_Ol Tt—i-

" Commercial paper rates for New York City are from the NBER’s Macrohistory data base. These are available
from 1871 to 1970. We estimated a regression from 1920 to 1971, which yielded T — billRate = —0.004 + 0.886 =
Commercial Paper Rate , with an R? of 95.7% according to Goyal and Welch (2007). Therefore, we instrumented the
risk-free rate from 1871 to 1919 with the predicted regression equation. The correlation for the period 1920 to 1971
between the equity premium computed using the actual T-bill rate and that computed using the predicted T-bill rate
(using the commercial paper rate) is 99.8%.

"See, e.g., Ball (1978), Campbell (1987), Campbell and Shiller (1988a, 1988b), Campbell and Viceira (2002),
Campbell and Yogo (2006), the survey in Cochrane (1997), Fama and French (1988), Hodrick (1992), Lewellen
(2004), Menzly, Santos, and Veronesi (2004), and Ang and Bekaert(2007).
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dividends have been summed over the past 12 months using the same method. We also denote log
dividend yields as dy} = log(D}/ P;) for quarterly data and dy;? = log(D}?/ P;) for monthly data.
We use the similar definitions for log earnings yields for both quarterly and monthly. The Dividend
Payout Ratio (d/e) is the difference between the log of dividends and the log of earnings.

Stock Variance (svar): Stock Variance is computed as sum of squared daily returns on the S&P
500. G. William Schwert provided daily returns from 1871 to 1926; data from 1926 to 2005 are
from CRSP.

Book to Market Ratio: The Book to Market Ratio (b/m) is the ratio of book value to market
value for the Dow Jones Industrial Average.'® Book values from 1920 to 2005 are from Value Line’s
website, specifically their Long-Term Perspective Chart of the Dow Jones Industrial Average.

Corporate Issuing Activity: We follow the two measures of corporate issuing activity in Goyal
and Welch (2007). Net Equity Expansion (ntis) is the ratio of twelve-month moving sums of net
issues by S&P listed stocks divided by the total end-of-year market capitalization of S&P stocks.
This dollar amount of net equity issuing activity (IPOs, SEOs, stock repurchases, less dividends)
for NYSE listed stocks is computed from the CRSP data as Netlssue; = Mcapy — Mcapi—1 - (1 +
vwretz,), where Mcap is the total market capitalization, and vwretz is the value weighted return
(excluding dividends) on the S&P 500 index. These data are available from 1926 to 2005. The
second measure, Percent Equity Issuing (eqis), is the ratio of equity issuing activity as a fraction
of total issuing activity. This is the variable proposed in Baker and Wurgler (2000).!” The first
equity issuing measure is relative to the aggregate market cap, while the second is relative to the
aggregate corporate issuing.

Long Term Yield (lty): The data is from Goyal and Welch (2008). The long-term government
bond yield data from 1919 to 1925 is the U.S. Yield On Long-Term United States Bonds series in
the NBER’s Macrohistory data base. Yields from 1926 to 2005 are from Ibbotson’s Stocks, Bonds,
Bills and Inflation Yearbook, the same source that provided the Long Term Rate of Returns (ltr).
The Term Spread (tms) is the difference between the long term yield on government bonds and the
T-bill. (See, e.g., Campbell (1987) and Fama and French (1989).)

Corporate Bond Returns: Long-term corporate bond returns from 1926 to 2005 are again from
Ibbotson’s Stocks, Bonds, Bills and Inflation Yearbook. Corporate Bond Yields on AAA and BAA-
rated bonds from 1919 to 2005 are from FRED. The Default Yield Spread (dfy) is the difference
between BAA and AAA-rated corporate bond yields. The Default Return Spread (dfr) is the
difference between long-term corporate bond and long-term government bond returns. (See, e.g.,
Fama and French (1989) and Keim and Stambaugh (1986).)

Inflation (infl): Inflation is the Consumer Price Index (All Urban Consumers) from 1919 to
2005 from the Bureau of Labor Statistics.

Investment to Capital Ratio (i/k): The investment to capital ratio is the ratio of aggregate
(private nonresidential fixed) investment to aggregate capital for the whole economy.

Consumption, wealth, income ratio (cay): The variable cay is proposed by Lettau and Ludvigson

'6See Kothari and Shanken (1997) and Ponti and Schall (1998).
'"We get the data from http://pages.stern.nyu.edu/ jwurgler/
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(2001)'8. Data for cay’s construction at quarterly frequency from the second quarter of 1952 to
the fourth quarter of 2005 are available from Martin Lettau’s website. The annual data from 1948
to 2001 is available from Martin Lettau’s website.

Table 2 summarizes the descriptive statistics of the predictors. Panels (a), (b), and (c) report
the results for quarterly, monthly, and annual data respectively. Short rates, dividend and earnings
yields, book-to-market ratio, and inflation are all highly persistent at different frequencies. Be-
cause the persistence of these instruments plays a crucial role in the finite sample performance of
predictability test statistics, we report test statistics under the null of a unit root. Figure 1 plot
excess returns, interest rate, dividend yields, and earnings yields from March 1936 to December
2001 quarterly. For annual data, Figure 2 and 3 plot dividend payout ratio, short rate, inflation,
book-to-market ratio, investment to capital ratio(i/k), corporate issuing activity (eqis and ntis),

and consumption, wealth, and income ratio(cay) from 1872 to 2005 annually.

4 1Is the Predictability There?

In this section, we first apply the nonparametric test to examine whether there exists the pre-
dictability of equity returns for both short and long horizons. Next, we will use the test to compare
the conventional predictive regression models on predictor variables with the historical mean model
according to Goyal and Welch (2007) and Campbell and Thompson(2007). Finally we provide a
simulation study on the size and power of the proposed test to assess the reliability of the proposed

test in finite samples.

4.1 Short-Horizon and Long-Horizon Predictability

The main regressions we consider are Yy, = o+ 83, X +¢€p 144 in (4.1). We use quarterly, monthly,
and annual data to check the predictability of equity returns. For quarterly and monthly data, we
report results for four sample periods, from 1936 to 2001, from 1952 to 2001, from 1936 to 1990,
and from 1952 to 1990, which are the same sample periods considered in Ang and Bekaert (2007).1

Table 3 summarizes the results on the excess return predictability for horizons of 1 quarter,
1 year, 3 years, and 5 years respectively. Table 3a focuses on the univariate regression with log
dividend yields or log earnings yields as the regressor. The t-statistics in parentheses are computed
using the Newey and West (1987) and Hodrick (1992) standard error formula respectively. The

parameter estimates have similar patterns over the 4 periods, but the coefficient estimates are twice

181 ettau and Ludvigson (2001) estimate the following equation: ¢ = a + B a¢ + ﬁyyt + Efsz ba,ilar—; +
Efsz by,iAyi—i + €, t =k+1,...,T — k, where c is the aggregate consumption, a is the aggregate wealth, and y is
the aggregate income. Using estimated coefficients from the above equation provides cay = cayt = c; —a—Baat —Byyt,
t=1,..,T.

9nterest rate data are hard to interpret before the 1951 Treasury Accord, as the Federal Reserve pegged interest
rates during the 1930s and the 1940s. Hence, we examine the post-Accord period, starting in 1952. Second, the
majority of studies establishing strong evidence of predictability use data before or up to the early 1990s. Studies
by Lettau and Ludvigson (2001) and Goyal and Welch (2003) point out that predictability by the dividend yield is
not robust to the addition of the 1990s decade. Hence, we separately consider the effect of adding the 1990s to the
sample.
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as large for the period omitting the 1990s from the sample. The Hodrick standard errors are smaller
than the Newey-West standard errors. During the 1936-2001 and 1952-2001 periods, there is no
evidence of predictability for dividend yields for both short and long horizons. For the 1936-1990
periods, there is strong predictability for dividend yields over the horizons of 1 quarter, 1 year, 3
years, and 5 years respectively. Yet for the 1952-1990 period, there exists only the predictability
for short horizons of 1 quarter and 1 year.

Table 3a reports the bootstrap p-value for the predictability test under two hypotheses H1
and H2. Hypothesis H1 is Hy : E(Yiip|Xy) = E(Yiin), namely that X; has no predictive power
for Y;4n, and Hypothesis H2 is Hy : E(ein]|Xt) = 0, namely that X; has no neglected nonlinear
predictive power for Y;;;, beyond the linear model (4.1). As mentioned in Section 3, the Q n test has
an appealing interpretation: it is essentially based on the ratio Q(h) /3?, where the denominator
3? is the sample variance of pricing errors, and the numerator Q(h) is the average of the squared
predictable components neglected by the linear regression model. Therefore, the ratio Q(h) / 3? can
be viewed as an estimator for the neglected signal-to-noise ratio of the linear prediction model (4.1).
If the neglected pricing signal Q(h) is weak relative to the pricing noise 3?, the Q, test will not
reject the null hypothesis Hy. If the neglected pricing signal Q(h) is strong relative to the pricing
noise 8?, the Q) test will reject the null hypothesis Hy. The results for testing H1 show that
the Q) test strongly rejects the null hypothesis H1 for dividend yields over the 4 sample periods.
This implies that dividend yield is a significant predictor of excess returns at all horizons, which is
consistent with the prevailing result found by Campbell and Shiller (1988a,b).

Next, we examine whether there exists neglected nonlinear predictability of dividend yield.
Table 3a show that the Q test strongly rejects the null hypothesis H2 for all 4 sample periods.
Thus, there exists a nonlinear predictive relationship between X; and Y;4 4, and a suitable nonlinear
predictive model is expected to outperform the linear regression model.

The right four columns of Table 3a also report a univariate regression with the earnings yield
as the regressor. The results suggest that there is no strong evidence for linear predictability of
earnings yields over 4 sample periods. The nonparametric tests for hypothesis H1 and H2, however,
show that earnings yield is a good predictor for equity returns over all the horizons.

Table 3b summarizes the bivariate regression with log dividend yields and short rate together
as regressors. The t-statistics in parentheses are computed using the Newey and West (1987)
and Hodrick (1992) standard error formula. Horizons h are quarterly. Table 3b also reports
the bootstrap p-value for the predictability test for six various hypotheses H1 — H6, where X3
represents the short rate » and X5 the dividend yield. The six Hypotheses are, respectively, H1
(Ho : E(Yiqn|X1t) = E(Yiyn)), H2 (Ho : E(eyn|X1e) = 0), H3 (Ho : E(Yiqn|X1e) = E(Yiqn)), H4
(Ho : E(et4p|Xot) =0), H5 (Ho : E(Yyan|X1t, Xot) = E(Yian)), and H6 (Hy : E(eprn| X1t, Xot) =
0). Hypotheses H1 and H2 are on predictability of the short rate or dividend yield separately and
Hypothesis H5 is on the joint predictability of the short rate and dividend yield together. The
results based the Newey-West standard errors suggest that the short rate has strong predictability
over the 4 periods but the predictability only exists at short horizons when using the Hodrick (1992)

standard errors. In the bivariate regression, there is evidence of predictability of dividend yields for
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equity returns when the sample period excludes the 1990s. The coefficient on the dividend yield is
larger in the bivariate regression than in the univariate regression. This suggests that the univariate
regression suffers from an omitted variable bias that lowers the marginal impact of dividend yields
on expected excess returns.?’ The Q) test significantly rejects the hypotheses H1 — H4 for all 4
sample periods, indicating that that the short rate and dividend yield are two good predictors for
equity returns which cannot be fully captured by linear prediction regressions.

The Qp, test rejects the hypothesis H5 only at the horizon of 1 quarter and fails to reject at the
horizons of 1 year, 3 year2, and 5 years for the 1936-2001 period. The Qj, test rejects hypothesis H5
for the 1952-2001, 1936-1990, and 1952-1990 periods. These results suggest that there is evidence
of joint predictability for the short rate and dividend yield together for the 3 sample periods
(1952-2001, 1936-1990, and 1952-1990) and the short rate and dividend yield together have the
predictability only at the short horizon of 1 quarter in the 1936-2001 period. The Qy, test rejects
hypothesis H6 for the 4 time periods with exception for the horizon of 5 years in the 1936-2001 and
1952-1990 periods. The bivariate linear regression does not have the optimal predictive power for
equity returns over all the horizons in the 4 time periods. Nevertheless, it may have the long-horizon
predictive power for the horizon of 5 years in the 1936-2001 and 1952-1990 periods since there is no
strong evidence to reject hypothesis H6. Ang and Bekaert (2007) examine the predictive power of
dividend yields for forecasting excess returns. They find that dividend yields predict excess returns
only at short horizons together with the short rate and do not have any long-horizon predictive
power. At short horizons, the short rate strongly negatively predicts returns.

To compare with Lamont (1998) and Ang and Bekaert (2007), we report a bivariate regression
of excess returns on log dividend and log earnings yields. Lamont (1998) finds a positive coefficient
on the dividend yield and a negative coefficient on the earnings yield. He argues that the predictive
power of the dividend yield stems from the role of dividends in capturing permanent components of
prices, whereas the negative coefficient on the earnings yield is due to earnings being a good measure
of business conditions. Ang and Bekaert (2007) finds that dividend and earnings yields do not have
a strong predictive power and only when the 1990s are excluded they find significant coefficients for
dividend and earnings yields. Table 3c summarizes the bivariate regression with the log dividend
yields and log earnings yields together as regressors. The dividend yields and earnings yields have
a strong predictive power for equity returns over the 4 time periods when using the Newey-West
(1987) standard errors. The results using the Hodrick (1992) standard errors are similar to Ang
and Bekaert (2007). The Q) test rejects the six hypotheses over all the time horizons and for all
4 time periods. It supports Lamont (1998)’s arguments. Dividend yields and earnings yields have
the predictability power for equity returns but the bivariate linear regression model cannot fully
capture such predictability.

Table 3d summarize the trivariate regression with the short rate, log dividend yields, and log
earnings yields together as regressors. When we add the short rate as a predictor in a trivariate

regression of excess returns on risk-free rates, dividend and earnings yields, the coefficients on

20 Engstrom (2003), Menzly, Santos, and Veronesi (2004), and Lettau and Ludvigson (2005) also note that a
univariate dividend yield regression may understate the dividend yield’s ability to forecast returns.
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dividend and earnings yields remain insignificantly different from zero, and the sign on the earnings
yield is fragile. For the post-1952 samples, the short rate, and dividend yields have predictive power
in the presence of the earnings yield. The results for the Qj, test show that the three variables short
rate, dividend yields, and earnings yields do have the predictability power for the equity returns.
The Q) test for the joint predictability of the three variables rejects the hypothesis H7 for most
of the cases except the horizons of 1 year and 3 years in the 1936-2001 and 1936-1990 periods and
the horizon of 5 year in the 1952-2001 period. And the trivariate regression does not capture the
true equity returns and it needs a better nonlinear model to capture it.

We use the monthly data from January 1970 to December 2006 to test the predictability of the
short rate, dividend yields, and earnings yields in univariate, bivariate, and trivariate regressions
respectively. Table 4 summarizes the results for the regressions and predictability tests. We obtain
similar results to those based on quarterly data. Using the Hodrick (1992) standard errors, our
results suggest that the short rate has strong predictability. The nonparametric predictability tests
show that the three variables are good candidates to predict equity returns but linear predive

regression models cannot fully capture such predictability.

4.2 Does the prevailing models beat the historical mean?

Goyal and Welch (2007) reexamine the performance of variables that have been suggested by the
academic literature to be good predictors of equity premiums. They find that those models have
predicted poorly both in-sample and out-of-sample for thirty years and can not beat the historical
mean model. We consider both In-Sample (IS) and Out-of-Sample (OOS) tests. Following Goyal
and Welch (2007), the OOS forecasts use only the data available up to the time at which the forecast
is made. Let ey denote the vector of rolling OOS errors from the historical mean model and ey
denote the vector of rolling OOS errors from the OLS model. The OOS statistics are computed as
R?=1- $f2E4, R =R2—(1-R%.(L%) , ARMSE = /MSEy — /MSEy. Tt is important
but difficult for OOS tests to choose the periods over which a regression model is estimated and

subsequently evaluated. In this section we consider the annual prediction with similar data used in
Goyal and Welch (2007). For the OOS test, we explore the time period specification which begins
OOS forecasts twenty years after data are available.

We estimate regressions of form Y; i, = ap + 8, Xt + epvn in (4.1), with X; being log div-
idend yields, log earnings yields, dividend payout ratio, short rate, inflation, book-to-market ra-
tio(b/m), investment to capital ratio(i/k), corporate issuing activity (Eqis and Ntis), and consump-
tion, wealth, and income ratio(cay). The results are summarized in Table 5. The t-statistics in
parentheses are computed using the Newey and West (1987) and Hodrick (1992) standard errors.
We report the bootstrap p-value for the predictability test under two hypotheses H1 and H2. Hy-
pothesis H1 is Hy : E(Yi4n|Xt) = E(Yiyn) and Hypothesis H2 is Hy : E(gi4+n|X:) = 0.Table 5
summarizes both in-sample and out-of-sample results. To compare the prevailing predictive models
with the historical mean model, we introduce a criterion A(%) = Qn(h)/5% — Qa(h)/5?2, where

e

Qn(h)/52 and Q(h)/5? are the signa-to-noise ratios of the historical mean model and the pre-
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vailing predictive regression model respectively. If A(%) > 0, there is more neglected signal which
cannot be explained by the historical mean model and thus the prevail predictive model performs
better. If A(%) < 0, there is more neglected signal which cannot be captured by the prevail
predictive model and so the historical mean model performs better.

Table 5 shows that when a linear prediction model is used, all variables considered are insignif-
icant and only several variables (dividend yield, short rate, eqis, and cay) are significant at the
horizon of 1 year using the Newey-West standard errors. However, the results for both in-sample
and out-of-sample nonparametric tests show that all variables considered (i.e., log dividend yields,
log earnings yields, dividend payout ratio, short rate, inflation, book-to-market ratio(b/m), invest-
ment to capital ratio(i/k), corporate issuing activity (Eqis and Ntis), and consumption, wealth,
and income ratio(cay)) have predictability power for equity returns. For all the cases considered,
A(%) is larger than zero for both in-sample and out-of-sample There exists more neglected signal
which cannot be explained by the historical mean model and thus the prevail predictive model
performs better. This conclusion differs from Goyal and Welch (2007) and supports Campbell and
Thompson (2007).

5 QOut-of-Sample Forecasting of Equity Returns

As mentioned in the previous sections, Goyal and Welch (2008) create enough of a controversy
within the profession and argue that the historical average excess stock return forecasts future
excess stock returns better than regressions of excess returns on predictor variables. Campbell and
Thompson (2008) and Cochrane (2008) soon follow with opposing views. Campbell and Thomp-
son argue that the empirical models can yield useful out-of-sample forecasts if one restricts their
parameters in economically justified ways. In contrast, Cochrane (2008) argues that the types of
out-of-sample tests performed by Goyal and Welch are relatively weak, and that in-sample tests
provide far greater power and can be convincing on their own. The literature emphasizes that the
most linear predictive regressions have often performed poorly out-of-sample (Goyal and Welch
(2003, 2007); Campbell and Thompson (2007)). The lack of consistent out-of-sample evidence in
Goyal and Welch (2008) indicates the need for improved forecasting methods to better establish the
empirical reliability of equity premium predictability. Rapach, Strauss, and Zhou (2009) propose a
combination approach to improve the out-of-sample equity premium forecasting problem. In this

section, we propose a nonparametric estimator to forecast the equity returns.

5.1 Nonparametric forecast, linear predictive model, and Historical Mean Model

In the previous sections, our nonparametric test has proved that there exists the predictability
of equity returns at short and long horizons. The predictors such as dividend yields, earnings
yields, dividend payout ratio, short rate, inflation, book-to-market ratio, investment to capital
ratio, corporate issuing activity, and consumption, wealth, and income ratio have predictability

power for equity returns, but this often cannot be captured by popular linear regression models.
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We find that the poor out-of-sample performance of most linear prediction models is due to the
limitation of linear models. We need to find the better fit of the equity returns.

Following the section 2, we use two nonlinear estimators to forecast the equity returns. The
first estimator is to use a smoothed kernel method to estimate E(s.41,|X;) and capture potentially
neglected nonlinear predictable component in ;5. So the expected equity returns can be defined

as follows:

E(Yin| X)) = XIB+ E(epin|Xe) = XIB +7(a).
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where © = (x1, 22, - ,2q)', y = (y1,y2, - ,ya)', and Kp(z —y) = HbilK[(x,- —;)/b]. The kernel
i=1

function K(-) is is a prespecified symmetric probability density function. The second estimator
is to use a smoothed kernel method to estimate F(Yiyp,|X;) directly. We can predict the equity

returns by
T—h

25 > YeunKp(z — X,)
E(Y2+h|Xt) = i §($)

We want to compare the out-of-sample forecast results of four models: historical mean model,

linear predictive model, and two nonlinear predictive models. The three measures we use are MSE
(Mean squared error), MAE (Mean absolute error), and RMSE (Root mean squared error). The
smaller the RMSE is and the model has a better fit.

L T=h R
MSE = — Z (Yosn — Yorn)®
s=R+1
[ T=h
MAE = — Yoin — Ysqn
s=R+1
L Th R
RMSE = — (Youn — Yoyn)?
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Table 6 show the out-of-sample results of the univariate linear predictive models. Table 6a
summarize the MSE, MAE, and RMSE of linear predictive regression for dividend yield and earning
yield during the period 1936-2001, and 1952-2001. The benchmark model is historical average equity

returns. The alternative models are linear predictive model and two nonparametric predictive
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models. We find that our second nonparametric predictive model has the lower RMSE than the
historical mean model. The linear predictive model and the first nonparametric predictive model
have higher RMSE than the historical mean model. The second nonparametric predicitve model
can do better job than historical mean model in both short horizon and long horizon. Table
6b summarize the MSE, MAE, and RMSE of linear predictive regression for dividend yield and
earning yield during the period 1936-1990, and 1952-1990. We find that both first and second
nonparametric predictive models have the lower RMSE than the historical mean model. The linear
predictive model has higher RMSE than the other three models. The two nonparametric predicitve
models can do better job than historical mean model in both short horizon and long horizon.

Table 7 reports out-of-sample bivariate regression results with the short rate as an additional
regressor. For the period of 1936-2001, 1936-1990, and 1952-1990, the second nonparametric pre-
dictive regression model has the smallest RMSE. For the post-Treasury Accord 1952-2001 sample,
the linear predictive model and the first nonparametric predictive model have higher RMSE than
the historical mean model. The second nonparametric predicitve model can do better job than his-
torical mean model in both short horizon and long horizon. In the bivariate regression with earning
yield and short rate, the second nonparametric predictive regression model is superior to the other
three models during the period 1936-2001 and 1952-2001. Table 7b summarize the statistical results
of bivariate linear predictive regression for dividend yield and earning yield by using the measure
MSE, MAE, and RMSE during the period 1936-1990, and1952-1990. The linear predictive model
has higher RMSE than the other three models. The two nonparametric predicitve models can do
better job than historical mean model in both short horizon and long horizon. Ang and Bekaert
(2007) find that dividend yields, together with the short rate, predict excess returns only at short
horizons. In this section, we find that the nonparametric predictive model can capture the equity
returns well and the short rate, dividend yields, and earnings yields have good predictability power
at both short and long horizons.

Goyal and Welch (2007) argue that the historical average excess stock return forecasts future
excess stock returns better than regressions of excess returns on predictor variables. With respect
to the economic variables used to predict the equity premium, we consider the 15 variables from
Goyal and Welch (2008) for which quarterly data are available for 1947:1-2007:4 and annual data
are from 1872 to 2005. They are dividend-price ratio (D/P), dividend yield (D/Y), earnings-price
ratio (E/P), dividend-payout ratio (D/E), stock variance (SV AR), book-to-market ratio (B/M),
net equity expansion (NT'1S), treasure bill rate (T'BL), long-term yield (LTY"), long-term return
(LTR), term spread (T'MS), default yield spread (DFY), default return yield (DFR), inflation
(INFL), and investment-to-capital ratio (I/K). Common to all these papers is a focus on a small
set of predictors based on theoretical models. From an academic viewpoint, the use of model-
based predictors facilitates an understanding of specific aspects of the economic mechanism. The
benchmark model is historical average equity returns. The alternative models are linear predictive
model and two nonparametric predictive models. Table 8 report the equity premium out-of-sample
forecasting results using the annual data. Consistent with the previous results, the second non-

parametric predicitve model can do better job than historical mean model and linear predictive
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model in both short horizon and longer horizon. Table 10 report the equity premium out-of-sample
forecasting results using the quarterly data from 1947:1-2007:4. We consider the out-of-sample
forecast evaluation periods covering 1965:1-2007:4 consistent with Goyal and Welch (2008). The
statistical results show that the second nonparametric predicitve model can do better job than his-
torical mean model and linear predictive model in both short horizon and long horizon. For most
predictors except dividend-price ratio (D/P), dividend yield (D/Y), earnings-price ratio (E/P),
and book-to-market ratio (B/M), the two nonparametric models are superior to the historical mean
model and linear regression model.

Figure 4 and 6 illustrate the out-of-sample performance for annual predictive regressions for
individual methods. The black dotted line is the real data of the equity returns and the red dotted
line is the unconditional historical average. The red and green solid line are the forecasted returns
by the first and second nonparametric models respectively. A predictive regression model that
always outperforms the historical average for any out-of-sample period will thus have a curve below
the historical average curve. For individual predictor-based models, the second nonparametric
prediction is mostly below the unconditional historical average line. Even for some periods, the
nonparametric method is above the historical average yet on average it outperforms the historical
average. Campbell and Thompson (2008) show that imposing theoretically motivated restrictions
on individual predictive regression models can improve their out-of-sample performance. We find
that our nonparametric prediction can improve the out-of-sample performance without restrictions.
Figure 8, 10 and 12 illustrate the out-of-sample performance for quarterly predictive regressions for
individual methods over 1-quarter, 1-year, and 3-year rolling windows. We find the similar results

for the quarterly data.

5.2 Individual Forecast and Combined Forecast

In the literature, most papers focus on a set of predictors based on theoretical models. From
an academic viewpoint, the use of model-based predictors facilitates an understanding of specific
aspects of the economic mechanism. From an investor’s viewpoint, however, these predetermined
variables may not be enough to capture all information required in decision making. Forecast
combination has recently received renewed attention in the forecasting literature; Stock and Watson
(1999, 2003, 2004) with respect to forecasting inflation and real output growth. Rapach, Strauss,
and Zhou (2009) propose a combination approach to improve the out-of-sample equity premium
forecasting problem. In addition to the individual forecast, we also consider the combined forecast
to improve equity premium forecasts, and examine the out-of-sample performance.

We follow the definition of the combined forecast by Rapach, Strauss, and Zhou (2009). The

combination forecasts of Y; 11 made at time ¢ are weighted averages of the M individual forecasts

M
based on Y. 1 = Zwi,th‘,Hh where {w@t}ij‘il are the ex ante combining weights formed at time
i=1

t, and }A/i,Hh is the out-of-sample forecast of the equity premium based on the individual predictive
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models?!. For the individual predictors, we choose the 15 predictors used in the previous sections.
We calculate five different combining methods based on the definition of the weights. The first three
methods use simple averaging schemes: mean, median, and trimmed mean. The mean combination
forecast sets w;y = 1/M for ¢ = 1,--- , M. The median combination forecast is the median of
{}A/,;,Hh}f\il, and the trimmed mean combination forecast sets w;; = 0 for the individual forecasts
with the smallest and largest values and w;; = 1/(M — 2) for the remaining individual forecasts.
The other two combining methods are based on Stock and Watson (2004) and Rapach, Strauss,
and Zhou (2009), where the combining weights formed at time ¢ are functions of the historical
forecasting performance of the individual models over the holdout out-of-sample period. Their

discount mean square prediction error (DM SPE) combining method employs the following weights:
M t—1

Wiy = gZ);tl/ZqS;tl, by = Zﬁt_l_s(YiﬂH_h — ﬁ,t-s—h)? and @ is a discount factor. The DMSPE
7j=1 s=R

method thus ;ssigns greater weights to individual predictive regression model forecasts that have
lower MSPE values (better forecasting performance) over the holdout out-of-sample period. We
consider the two values of 1.0 and 0.9 for 6.

Table 9 report the equity premium out-of-sample combined forecasting results using the annual
data. Consistent with the previous results, the two nonparametric predicitve models have lower
RMSFE and can do better job than historical mean model and linear predictive model in both short
horizon and long horizon. In addition, using combined method linear predictive model can out-
perform the historical mean model. Table 11 report the equity premium out-of-sample combined
forecasting results using the quarterly data from 1947:1-2007:4. We consider the out-of-sample
forecast evaluation periods covering 1965:1-2007:4 consistent with Goyal and Welch (2008). The
statistical results show that the two nonparametric predicitve models can do better job than his-
torical mean model and linear predictive model in both short horizon and long horizon. Rapach,
Strauss, and Zhou (2009) find that forecast combination outperforms the historical mean model
by statistically and economically meaningful margins for out-of-sample period. Our results are
consistent with their conclusion. Using our nonparametric methods, both combined and individ-
ual forecast outperform the historical average. The combined forecast methods outperform the
individual forecast methods.

Figure 5 and 7 illustrate the out-of-sample performance for annual predictive regressions for
combined methods. The black dotted line is the real data of the equity returns and the red dotted
line is the unconditional historical average. The red and green solid line are the forecasted returns by
the first and second nonparametric models respectively. For combined predictor-based models, the
two nonparametric prediction models are below the unconditional historical average line. We find
that our nonparametric prediction can improve the out-of-sample performance without restrictions.
Figure 9, 11 and 13 illustrate the out-of-sample performance for quarterly predictive regressions for
combined methods over 1-quarter, 1-year, and 3-year rolling windows. We find the similar results

for the quarterly data.

21 !
Yt+h = ap + 6hXt + Eh,t+h
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5.3 Economic Implication

From the previous two sections, we get two important results: (1) our nonparametric predictive
models have lower RMSE than the historical mean model at both short-horizon and long-horizon.
Our nonparametric prediction can improve the out-of-sample performance without restrictions. (2)
Using our nonparametric methods, both combined and individual forecast outperform the historical
average. The combined forecast methods outperform the individual forecast methods. In this
section, we investigate how well our nonparametric predictive models capture true expected returns

implied by the models.

5.3.1 Predictability over Different Horizons

From the empirical results we obtain in the previous sections, we find an interesting phenomenon
that the predictability power of equity returns increases when the forecasting horizon h increases.
Ang and Bekaert (2007) find that dividend yields, together with the short rate, predict excess re-
turns only at short horizons and do not have any long-horizon predictive power. Goyal and Welch
(2008), and Campbell and Thomason (2008) do not find the relationship between the predictability
and time horizons. Fama and Schwert (1977), Fama (1981), Keim and Stambaugh (1986), and
French, Schwert, and Stambaugh (1987). However, Fama and French (1987a) find that portfo-
lio returns for holding periods beyond a year have strong negative autocorrelation. They show
that under some assumptions about the nature of the price process, the autocorrelations imply
that time-varying expected returns explain 25-40% of three- to five-year return variances. Using
variance-ratio tests, Poterba and Summers (1987) also estimate that long-horizon stock returns
have large predictable components. Economic theory has already shown that there exists nonlinear
relationship between the predictors such as dividend yield and equity returns. If expected returns
have strong positive autocorrelation, rational forecasts of one year returns one to four years ahead
are highly correlated. As a consequence, the variance of expected returns grows faster with the
return horizon than the variance of unexpected returns. And the variation of expected returns
becomes a larger fraction of the variation of returns. In the short run, the nonlineariy is rela-
tively weak. When time accumulates, the nonlinear relationship becomes stronger in the long run.
Our nonparametric method has its advantage to detect the nonlinearity. That is why the RMSE
becomes smaller when the time horizon h becomes larger.

How do we distinguish our nonparametric model with the nonlinear model? Why do we use
nonlinear predictive model to detect the nonlinear predictive components? First, the existing
economic theory in the literature can not give a concrete form of the nonlinear predictive model
because we don’t know where the nonlinearity exactly comes from. Second, nonlinear models, such
as cubic or quadratic functions, may misspecify the nonlinearity of the true data. There may exist
outliers and it will cause the spurious identification for the predictability. Third, nonparametric
model can capture the linear and nonlinear component without the model specification. It is
not restricted to the parametric forms. It can fit the data more better than simply the linear

or nonlinear parametric model. Specifically, our prediction results can be improved by choosing
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better bandwith. In our paper, we choose the bandwith which is correlated with the size of the
out-of-sample forecasting period. We can also use data-driven method to choose the bandwith. It

will affect our out-of-sample forecast performance.

5.3.2 Predictability over Different Models and Methods

We have the out-of-sample forecasting performance results of equity premium using different fre-
quencies of the data. The first impression of the results is that our nonparametric predictive models
do a better job than historical mean model and linear predictive model for the same forecasting
horizon h. We find the predictors have the predictability of the equity returns using our nonpara-
metric test and linear predictive regression can not capture the nonlinear component of the true
data. We use nonparametric model to predict the equity returns because it can capture the linear
and nonlinear component without the model specification. It is not restricted to the parametric
forms. It can fit the data more better than simply the linear or nonlinear parametric model.

According to our nonparametric testing results, the linear predictive regression models can beat
the historical mean model without any restrictions. Campbell and Thompson (2008) show the sim-
ilar results when imposing some restrictions on the predictors. Yet our out-of-sample forecasting
results show that linear predictive model has higher RMSE than historical mean model, and ap-
parently it is consistent with Goyal and Welch (2008). Our nonparametric test is simplified as
signal-to-noise ratio and it detects the nonlinear predictive component of the equity returns which
contains more information the historical mean model can not provide. In this sense, we conclude
that linear predictive regression models can beat the historical mean model. Following the same
logic, our nonparametric predictive model can directly capture both the linear and nonlinear pre-
dictive components of the equity returns and it has a better out-of-sample forecasting performance.
It is consistent with our nonparametric results in the previous sections.

Compared the individual forecast with the combined forecast, we find that combined predictive
models have lower RMSE than individual predictive models for the same forecasting horizon h.
Fama and French (1989) and others show that the existing predictor variables can detect changes
in economic conditions that potentially signal fluctuations in the equity risk premium. But the
dividend yield or term spread alone could capture different components of business conditions,
and a given individual economic variable may give a number of “false signals” and/or imply an
implausible equity risk premium during certain periods. Rapach, Strauss, and Zhou (2009) argue
that if individual forecasts based on the predictors are weakly correlated, forecast combinatio
should be less volatile and more reliably track movements in the equity risk premium. This is one
explanation why the combined forecast methods outperform the individual forecast methods.

On the other hand, the nonparametric predictive model can fit the equity return better based
on the predictors. First, nonparametric prediction generates a forecast with a variance near that
of the smooth real equity return data, thereby reducing the noise in the individual predictive
regression model forecasts. Second, combining forecast incorporates information from a host of

economic variables while the historical average ignores economic variables. Combined forecasts

29



have a substantially smaller bias than the historical average. Combining individual forecasts helps

to reduce forecast variability.

6 Conclusion

The predictability of equity returns has been a long-standing problem in finance over decades. In
this paper, we undertake an analysis of both in-sample and out-of-sample tests of stock return
predictability in an effort to better understand the empirical evidence on return predictability.
We use develop a reliable and powerful nonparametric predictability test and use it to examine
whether there exists the predictability of equity returns for short and long horizons. We find that
the prevailing variables, such as log dividend yields, log earnings yields, dividend payout ratio,
short rate, inflation, book-to-market ratio, investment to capital ratio, corporate issuing activity,
and consumption, wealth, and income ratio, have predictability power for equity returns at both
short and long horizons. In contrast, the popular linear regression models cannot fully capture
such predictability, apparently to due the neglected nonlinear predictable components. We also
compare the conventional predictive regression models on predictor variables with the historical
mean model according to Goyal and Welch (2007). We find that the prevailing predictive model
outperforms the historical mean model in an out-of-sample content because it yields a smaller
neglected signal-to-noise ratio.

We find that the poor out-of-sample performance of most linear prediction models is due to
the limitation of linear models. We propose a nonparametric estimator to forecast the equity
returns. Our nonparametric predictive models have lower RMSE than the historical mean model
at both short-horizon and long-horizon. Our nonparametric prediction can improve the out-of-
sample performance without restrictions. Using our nonparametric methods, both combined and
individual forecast outperform the historical average. The combined forecast methods outperform

the individual forecast methods.

Appendix

Assumptions

To prove theorem 1(7), we impose the following assumptions.

Assumption A.1: {Y;, X;} is a stationary time series process with mixing condition. The
marginal density function g(z) of X} is twice continuous differentiable with bounded second deriv-
atives and g(z) is strictly positive over the support of weighting function w(-) given in Assumption
A.5. The dimension of X; is d.

Assumption A.2: ¢; is a h-dependent process and g4, is independent of X, s < t.

Assumption A.3: \/R(B — ) = Op(1), where = plim B.

Assumption A.4: k(-) is a symmetric probability density function.
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Assumption A.5: w(-) is a positive continuous function over its support with /w(az)dm < 00

and /w2(33)dm < 00.

Assumption A.6: b =b(n) — co,nb — oo as n, R — oo.

Assumption A.7: The function rp(z) = E(ey4n| Xt = x) is twice continuously differentiable

with bounded second derivatives.
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Tables and Graphics

Table 1la. Bootstrap Results for Predictability Check

Panel a: DGP A.0(h) follows Y1 p= cp+erip. E¢1p hasaMA(h — 1) property €44 p,= Z;‘L:1 OV h— UV h-
p is the autocoefficient of X¢. And {vt—i-h} and {ut} are mutually independent. The table presents the rejection
rate of bootstrap results for different h, and autocoefficient p under three cases (1) p-Value < 0.10, (2) p-Value
< 0.05, (3) p-Value < 0.01 via the number of iterations 17" = 250, 500, 1000.

DGP p-Value 10% p-Value 5% p-Value 1%
A0 h B p T=250 500 1000 7T =250 500 1000 T =250 500 1000
1 0 0.1 0.077 0.110 0.114 0.040 0.065 0.062 0.012 0.018 0.015
0.3 0.089 0.124 0.098 0.050 0.071 0.045 0.015 0.024 0.010
0.5 0.084 0.110 0.102 0.040 0.066 0.047 0.010 0.025 0.011
0.7 0.085 0.091 0.098 0.051 0.059 0.043 0.012 0.015 0.014
0.9 0.091 0.097 0.100 0.058 0.052 0.062 0.011 0.018 0.019

Table 1b. Bootstrap Results for Predictability Check

Panel b: DGP A.2(h) follows Y1 = Bo—l-ﬁlXtQ—l—&H_h. €¢1p hasaMA(h — 1) property €44, = Z?:l OV h—j UVt h-
p is the autocoefficient of X¢. And {vt—i-h} and {ut} are mutually independent. The table presents the rejection
rate of bootstrap results for different h, and autocoefficient p under three cases (1) p-Value < 0.10, (2) p-Value
< 0.05, (3) p-Value < 0.01 via the number of iterations 1" = 250, 500, 1000.

DGP p-Value 10% p-Value 5% p-Value 1%
A2 h By p T =250 500 1000 7T =250 500 1000 7T =250 500 1000
1 1 0.1 1.000 1.000 1.000 1.000 1.000 1.000  0.985 1.000 1.000
0.3 1.000 1.000 1.000 1.000 1.000 1.000  0.989 1.000 1.000
0.5 1.000 1.000 1.000 1.000 1.000 1.000  0.986 1.000 1.000
0.7 1.000 1.000 1.000 1.000 1.000 1.000  0.989 1.000 1.000
0.9 1.000 1.000 1.000  0.999 1.000 1.000  0.991 0.999 1.000
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