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Pockets of Predictability

LELAND E. FARMER, LAWRENCE SCHMIDT, and ALLAN TIMMERMANN*

ABSTRACT

For many benchmark predictor variables, short-horizon return predictability in the
U.S. stock market is local in time as short periods with significant predictability
(“pockets”) are interspersed with long periods with no return predictability. We doc-
ument this result empirically using a flexible time-varying parameter model that
estimates predictive coefficients as a nonparametric function of time and explore pos-
sible explanations of this finding, including time-varying risk premia for which we
find limited support. Conversely, pockets of return predictability are consistent with
a sticky expectations model in which investors slowly update their beliefs about a
persistent component in the cash flow process.

RESEARCHERS HAVE LONG BEEN INTERESTED in the extent to which stock
returns are predictable. Over the last several decades, time-varying risk pre-
mia have been widely suggested as a key source of fluctuations in stock prices,
and many workhorse macrofinance models seek to exogenously generate large
fluctuations in discount rates on the aggregate stock market. Both welfare cal-
culations and normative predictions about optimal investment strategies are
often quite different in the presence of return predictability. At the same time,
these findings have been met with some skepticism given a number of stud-
ies that find empirical evidence that return predictability is highly unstable,
varying greatly over time and across markets and being difficult to exploit out-
of-sample.1
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Existing evidence on return predictability has been established mostly using
linear, constant-coefficient regressions that pool information across long his-
torical spans of time and thus are designed to establish whether stock returns
are predictable “on average,” that is, across potentially very different economic
states. Inference on the resulting coefficients may yield misleading and un-
stable results if, in fact, return predictability shifts over time. To address this
possibility, our paper adopts a new estimation strategy capable of identifying
patterns in return predictability that are “local” in time. Specifically, we esti-
mate predictive regressions with time-varying parameters based on one-sided
kernel regressions that allow the coefficients to follow a smooth, nonparamet-
ric function of calendar time. Unlike alternative approaches that impose tight
parametric restrictions on how predictive coefficients evolve over time, we do
not need to take a stand on the return-generating process. 2 Next, we use a
local-trend estimation approach to identify periods in which forecasts from the
local kernel regressions were more accurate than those from a prevailing mean
benchmark model. Following studies such as Pesaran and Timmermann (1995)
and Welch and Goyal (2008), who emphasize the need for out-of-sample return
predictability, our approach is fully out-of-sample, avoiding the use of any fu-
ture data, and we let the data determine both how large predictability is at a
given point in time and how long it lasts.

Using this approach, we present new empirical evidence that short-horizon
return predictability is quite concentrated, or local in time, and tends to fall in
certain (contiguous) “pockets.” For example, using the term spread as a predic-
tor variable over a 63-year period, our approach identifies in real time seven
pockets whose duration lasts between four months and two years, so that in
total 15% of the sample is spent inside pockets with return predictability. As
another illustration of the extent to which short-horizon predictability concen-
trates in time, we estimate univariate regression models with constant coeffi-
cients using our predictors over two subsamples — those observations associ-
ated with our ex ante identified “pockets” and all other periods. We find strong
evidence of in-pocket return predictability and essentially no statistically sig-
nificant evidence of predictability outside of pockets, despite the fact that the
vast majority of our sample falls outside of these pocket periods, where we
would have more statistical power to detect predictability.

To quantify the amount of local return predictability, and to calibrate the
amount of predictability to expect under conventional asset pricing models, we
compute Clark and West (2007) statistics that compare out-of-sample mean-
squared prediction errors from the local kernel regressions to those from a

Timmermann (2006), Rapach and Wohar (2006), and Chen and Hong (2012) find evidence of pa-
rameter instability for stock market return prediction models.

2 Several studies adopt parametric assumptions about time variation in the return-generating
process. For example, Henkel, Martin, and Nardari (2011) use regime-switching models to capture
changes in stock return predictability, while Dangl and Halling (2012) and Johannes, Korteweg,
and Polson (2014) use time-varying parameter models to track predictability in stock returns. Like
any other nonparametric approach, we do have to pick a bandwidth parameter, but our findings
are robust to choices of this parameter across a wide range of values.
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Pockets of Predictability 1281

prevailing mean benchmark. Next, we conduct a battery of simulation exer-
cises that assess the extent to which we can statistically reject the null hy-
potheses of no predictability or predictability associated with a constant co-
efficient model. Mirroring the above analysis, we conduct these tests for the
full sample as well as for ex ante identified in-pocket and out-of-pocket sub-
periods. For the full sample, that is, “on average,” we find no statistical evi-
dence that our local kernel regressions outperform the prevailing mean across
the univariate or multivariate models that we consider. Results deteriorate
substantially outside of pockets; the time-varying coefficient models always
underperform prevailing mean forecasts, sometimes by a significant margin.
These findings echo a number of empirical results from the literature (Welch
and Goyal (2008)) indicating the difficulty of detecting out-of-sample return
predictability, a phenomenon that is exacerbated in our context given that our
local regressions are subject to larger estimation error relative to standard ap-
proaches.

The picture changes substantially, however, inside ex ante identified pockets,
where we find strong evidence of return predictability across a range of uni-
variate and multivariate models. Consistent with prior literature, these results
generally improve further if we impose economically motivated restrictions on
our expected return forecasts or incorporate multivariate information, for ex-
ample, by combining forecasts from univariate models.3

To quantify the economic value of our ability to detect significant out-of-
sample return predictability, we construct managed portfolios that use our
ex ante expected excess return forecasts to dynamically rebalance a portfolio
comprising the market and a risk-free asset. Although such a strategy earns
conditional capital asset pricing model (CAPM) alphas of zero by construc-
tion, it generates sizable unconditional CAPM alphas; for example, our two
best forecast combination-based strategies deliver annualized CAPM alphas
(t-statistics) of 6.4% (6.1) and 6.1% (5.7), respectively, while univariate return
prediction models generate alphas in the range of 2% to 4% with highly sig-
nificant t-statistics. These results are robust to controlling for volatility and
momentum factors and hold net of proportional transaction costs as high as 10
basis points (bps).

In an additional set of tests, we repeat these analyses with the Fama-French
SMB and HML factors. In both cases we find similar, and often even stronger,
results. While all predictors underperform outside of pockets, we detect sub-
stantial statistical evidence for out-of-sample predictability inside of pockets.
Likewise, our market-timing exercises deliver substantial and economically
meaningful gains in risk-adjusted performance.

We conduct a battery of additional tests to ensure the robustness of our
main results. In particular, we vary the length of the windows used to esti-
mate the parameters of the local kernel regressions and identify pockets, we
separately consider null hypotheses with zero or constant slope coefficients

3 See, for example, Campbell and Thompson (2008), Kelly and Pruitt (2013), Pettenuzzo, Tim-
mermann, and Valkanov (2014), Rapach, Strauss, and Zhou (2010), and Timmermann (2006).
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on the state variables, we examine an alternative “local prevailing mean”
benchmark that accounts for possible return momentum, and we examine
the effect of Stambaugh (1999) bias. In all cases, we show that our empirical
findings are not sensitive to the setup of our baseline analysis. Moreover,
to make our findings more directly comparable to the extant literature, we
apply our real-time, local predictability approach to monthly stock returns.
We again find that our local out-of-sample return predictions are significantly
more accurate than the prevailing mean benchmark inside ex ante identified
pockets while the reverse holds outside of pockets and that our approach can
lead to economically important improvements over existing methods from the
return predictability literature. 4

With these new empirical results in hand, we next explore which economic
mechanisms are capable of generating pockets of local return predictability.
We start by conducting return simulations from four workhorse rational ex-
pectations asset pricing models that represent a wide range of mechanisms
and are representative of the dynamics of returns and state variables implied
by models exhibiting time-varying risk premia. These include the long-run risk
model of Bansal and Yaron (2004), the habit formation model of Campbell and
Cochrane (1999), the heterogeneous agent model of Gârleanu and Panageas
(2015), and the rare disaster model of Wachter (2013). All of these models are
calibrated to generate dynamics that are consistent with the data, in the sense
that increases in risk premia tend to correspond with slow-moving changes in
discount rates. Accordingly, the state variables governing return predictabil-
ity are highly persistent, signal-to-noise ratios for predictive regressions are
extremely low, and innovations to predictors such as the dividend-price ratio
have very strong negative correlations with realized returns. As such, posi-
tive shocks to the discount rate, especially those large enough to be detectable,
will generate large negative realized returns that at least temporarily lead
to exactly the wrong inference about the predictive relationship (Stambaugh
(1999)). This makes it challenging to detect state-dependent return predictabil-
ity in such models.

Consistent with this intuition, we find that none of these workhorse models
is capable of matching the empirically observed out-of-sample predictive accu-
racy associated with in-pocket periods.5 Turning to the economic performance
(market-timing) results, the average alpha estimates are usually close to
zero and statistically insignificant. Both of these results indicate that the

4 Henkel, Martin, and Nardari (2011), Dangl and Halling (2012), and Rapach, Strauss, and
Zhou (2010) argue that return predictability is largely confined to recession periods. In unreported
results, we find that the link between economic recessions and our return predictability pockets
is rather weak and that the stage of the economic cycle explains only a small part of the time-
variation in expected returns that we document. Movements in an investor sentiment indicator
(Baker and Wurgler (2006, 2007)) or changes in broker-dealer leverage (Adrian, Etula, and Muir
(2014)) tracking availability of arbitrage capital, also do not correlate strongly with the time-
variation in return predictability that we document.

5 Matching the full-sample or out-of-pocket results is less challenging, in part because the out-
of-sample accuracy of our predictive return regressions is fairly weak overall.
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Pockets of Predictability 1283

benchmark asset pricing models fail to generate short-lived pockets of sub-
stantial predictability that is detectable via our local kernel regressions, which
suggests that the very features that allow the asset pricing models to replicate
a number of stylized facts about equity returns in the data combine to create
substantial potential for estimation error to dominate the small amount of true
ex ante predictability generated by the time-varying risk premia in the model.

Motivated by a recent and rapidly growing literature at the intersection of
macroeconomics and finance (Coibion and Gorodnichenko (2015), Bouchaud
et al. (2019)), we finally consider an alternative explanation for our observed
results. Specifically, we consider the potential implications for high-frequency
return predictability of a model in which agents have sticky expectations, un-
derreacting to news in a manner consistent with both theoretical work and a
large body of empirical evidence.6 We propose a stylized asset pricing model
in which agents price cash flows according to a loglinearized dynamic divi-
dend discount model where prices equal the sum of expected cash flows dis-
counted by time-varying subjective discount rates. However, we deviate from
the rational expectations benchmark by assuming that agents’ beliefs about
future cash flows adjust sluggishly to new information relative to the true
data-generating process. In other words, whereas agents believe that expected
excess returns are governed by a set of slow-moving state variables similar
to the workhorse models discussed above, expected returns feature an addi-
tional, high-frequency component under the objective probability distribution.
This extra term captures the difference between agents’ subjective forecasts
of expected cash flow growth rates and the true state variable governing ex-
pected cash flow growth rates. The presence of this term implies that prices
exhibit “local factor momentum”: recent changes in valuation ratios signal the
likelihood that future valuations will continue to drift upward, a pattern that
is counter to the long-run mean reversion in prices that is expected from time-
varying discount rates.

We calibrate our model to match a number of observable asset pricing mo-
ments. We then perform a number of simulation exercises to assess the ex-
tent to which such a model generates pockets of predictability. Importantly,
the degree of stickiness of beliefs is disciplined by external estimates based
on analysts’ forecasts of macroeconomic quantities from Coibion and Gorod-
nichenko (2015). We next compare simulations from our sticky expectations

6 Early theoretical papers on sluggish adjustments in expectations include Mankiw and Reis
(2002) ,Woodford (2003) and Sims (2003). A number of empirical papers present evidence on un-
derreaction to aggregate news at short horizons. See, for example, Moskowitz and Grinblatt (1999),
Hong, Lim, and Stein (2000), Hong, Torous, and Valkanov (2007), Hou (2007), and Bouchaud et al.
(2019), who present evidence of slow diffusion of stock- or industry-specific information in stock
markets. Katz, Lustig, and Nielsen (2017) also find evidence of underreaction of asset prices to fluc-
tuations in inflation rates across countries. Turning to fixed-income markets, d’Arienzo (2020) and
Wang (2020) present evidence indicates that yields underreact to macro news at short horizons but
overreact at longer horizons, which relates to a puzzle identified by Giglio and Kelly (2018). See
also Bordalo et al. (2020) and Angeletos, Huo, and Sastry (2021) for additional empirical evidence
and discussion of the related empirical and theoretical literature on this subject.
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benchmark with analogous data simulated from a rational expectations model
with the same cash flow and subjective discount rate dynamics. Once again,
our local kernel regressions are unable to detect statistically or economically
significant out-of-sample return predictability in the specifications that impose
rational expectations. However, despite the fact that local predictability is not
targeted, we find that the sticky expectations model can replicate the degree
of out-of-sample return predictability observed in the data, a pattern that is
robust across predictors and econometric specifications.

In our sticky expectations model, one source of return predictability is the
“belief discrepancy” between agents’ cash flow expectations versus the “cor-
rect” forecasts conditional on the true data-generating process. The presence
of such a belief distortion acts as an important additional channel through
which expected returns are forecastable by the econometrician in such models.
7 We conclude by providing direct evidence linking our expected return fore-
casts with data on forecast errors of professional forecasters. Consistent with
predictions of the theory, above-average forecasts from all of our time-varying
coefficient models predict positive forecast errors in the future. In other words,
sluggish updating of agents’ beliefs implies that returns are predictable be-
cause future cash flow “shocks”—deviations between realizations and agents’
subjective expectations—are forecastable. Our local return forecasts capture a
nontrivial fraction of this variation.8

The rest of the paper proceeds as follows. Section I discusses conventional
approaches to modeling return predictability and introduces our nonparamet-
ric methodology for identifying pockets with local return predictability. Sec-
tion II introduces our daily data and presents empirical evidence on return pre-
dictability pockets. This section also uses simulations to address whether the
pockets could be generated spuriously as a result of repeated use of correlated
tests for local return predictability. Section III evaluates the statistical and eco-
nomic performance of our nonparametric return forecasts and conducts a num-
ber of robustness checks. Section IV considers whether a suite of workhorse
asset pricing models with time-varying risk premia are capable of generating
return predictability pockets. Section V presents our framework with sticky
expectations, illustrates that a calibrated model can match a number of empir-
ical results, presents empirical evidence linking our ex ante expected return

7 The effect of such a wedge on local return predictability depends on the sequence of recent
shocks to the cash flow, risk premium, and risk-free rate processes in the model. Because the
sequence of shocks is never exactly the same as has occurred previously and expectations are
sticky, pockets of return predictability will never be “learned away” by agents. This is in contrast
to papers such as Green, Hand, and Soliman (2011) and McLean and Pontiff (2016), who imply
that patterns of return predictability that can be exploited for economic gains will vanish once
discovered by agents. See also Schwert (2003) and Timmermann (2008).

8 See also Bouchaud et al. (2019) and Gómez-cram (2022) for related evidence using forecast
errors aggregated from equity analysts’ earnings forecasts. Gómez-cram (2022) introduces a sticky
expectations model that relates return predictability to turning points of the business cycle. The
mechanism of his model, along with his empirical results, are quite different from ours since we
rely on nonparametric methods and find only a weak association between business cycle variation
and pockets with local return predictability.
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Pockets of Predictability 1285

forecasts with future macroeconomic forecast errors. Section VI concludes. An
Internet Appendix contains additional technical material and empirical re-
sults.9

I. Prediction Models and Estimation Methodology

This section briefly discusses the conventional constant-coefficient return
prediction model before introducing the nonparametric regression methodol-
ogy that we use to identify time-variation in return predictability.

A. Conventional Return Predictability Model

A large empirical literature summarized in Welch and Goyal (2008) and
Rapach and Zhou (2013) studies predictability of stock returns using linear,
constant-coefficient models of the form

rs,t+1 − r f,t+1 = x′
tβ + εt+1, (1)

where rs,t+1 is the stock market return and r f,t+1 is the risk-free rate, both mea-
sured in period t + 1, so that rt+1 ≡ rs,t+1 − r f,t+1 measures the excess return,
xt is a (d × 1) vector of covariates (predictors) that could include a constant,
and εt+1 is an unobservable disturbance with E[εt+1|xt] = 0.

In Section I of the Internet Appendix, we show that the specification in (1 )
is consistent with a broad class of affine asset pricing models exhibiting time-
variation in either the quantity or the price of risk. For example, (1) holds ap-
proximately in a representative agent model where agents have Epstein and
Zin (1989) preferences when aggregate consumption growth is an affine func-
tion of state variables that follow a stationary vector autoregressive process.10

This setting includes many of the specifications considered in the literature on
consumption-based asset pricing models with long-run risks and rare disas-
ters and also holds under incomplete markets with state-dependent higher mo-
ments of uninsurable idiosyncratic shocks.11 As we further demonstrate in this
appendix, subject to certain restrictions, (1) can also allow for time-variation in
the price of risk and thus nests many models that have been used to character-
ize the term structure of interest rates as well as the log-linearized stochastic
discount factor (SDF) habit formation model of Campbell and Cochrane (1999).

Despite its theoretical appeal, the empirical validity of the assumption of
constant regression coefficients in the linear return regression (1) has been
challenged in studies such as Paye and Timmermann (2006) , Rapach and
Wohar (2006), Chen and Hong (2012), Dangl and Halling (2012), and Johannes,

9 The Internet Appendix is available in the online version of this article on The Journal of
Finance website.

10 See, for example, Bansal and Yaron (2004), Hansen, Heaton, and Li (2008), Eraker and
Shaliastovich (2008), and Drechsler and Yaron (2011).

11 See, for example, Constantinides and Duffie (1996), Constantinides and Ghosh (2017),
Schmidt (2020), and Herskovic et al. (2015).
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Korteweg, and Polson (2014), all of whom find strong evidence that this as-
sumption is empirically rejected for U.S. stock returns using standard predictor
variables. We therefore consider an econometric framework that can accommo-
date unstable coefficients.

B. A Flexible Time-Varying Parameter Model

We generalize (1) to allow for time-varying return predictability of the form

rt+1 = x′
tβt + εt+1, (2)

where the regression coefficients βt are now subscripted with t to indicate that
they are functions of time as a means of allowing for time-varying return pre-
dictability. We also allow for general forms of conditional heteroskedasticity
σ 2

t ≡ E[ε2
t |xt] = σ 2(xt ). To economize on notation, we let rt+1 denote the log ex-

cess market return minus its sample mean and assume that the predictor vari-
ables xt are de-meaned prior to running the regression.

To identify periods with return predictability, we follow the nonparametric
estimation strategy developed in Robinson (1989) and Cai (2007) that is valid
regardless of whether the linear return prediction model in (1) is correctly spec-
ified. Using nonparametric methods for pocket identification offers the major
advantage that we do not need to take a stand on the dynamics of local return
predictability, for example, whether such predictability is short-lived or long-
lived and whether it disappears slowly or rapidly. Instead, our nonparametric
methods allow us to characterize the “shape” of the pockets, for example, the
duration and frequency of pockets and the amount of return predictability in-
side the pockets that can provide important clues about the economic sources
of return predictability.12

The nonparametric approach views β : [0, 1] → Rd as a smooth function of
time that can have at most finitely many discontinuities. The problem of esti-
mating βt for t = 1, . . . , T can then be thought of as estimating the function β

at finitely many points βt = β( t
T ).13

Although Section II of the Internet Appendix provides additional details,
our basic approach for the nonparametric analysis is as follows. We use a local
constant model to compute the estimator of βt as

β̂t = arg min
β0∈Rd

T∑
s=1

KhT (s − t)
[
rt+1 − x′

sβ0
]2

. (3)

The weights on the local observations are controlled through the kernel
KhT (u) ≡ K (u/hT )/(hT ), where h is the bandwidth. The estimator in (3) can

12 Although nonparametric kernel regression is not widely used in finance, papers such as Ang
and Kristensen (2012) have used this approach to estimate and test conditional CAPM alphas
and betas.

13 Because time t is normalized by the number of observations T , β is a function whose domain
is [0,1] as opposed to [0, T]. This is useful because we need more and more local information to
consistently estimate βt as T → ∞.
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Pockets of Predictability 1287

be viewed as a series of weighted least squares regressions with Taylor expan-
sions of β around each point t/T . The weighting of observations in (3) can be
contrasted with the familiar rolling-window estimator that uses a flat kernel
that puts equal weight on observations in a certain neighborhood. For this es-
timator KhT (s − t) = 1 if t ∈ [t − �hT�, t + �hT�], otherwise KhT (s − t) = 0. Our
preferred estimator differs from the conventional rolling-window approach—
which can be a fairly inefficient way to pick up time-variation in β if the build-
up and disappearance of such patterns is more gradual (i.e., βt is smooth), as
we might expect a priori — by allowing KhT (·) to be a smooth function that
decreases as it moves away further from t.14

To test whether local predictability could have been identified in real time,
we estimate our model using a one-sided analog of the Epanechnikov kernel,

K (u) = 3
2

(
1 − u2)1{−1 < u < 0}, (4)

ensuring that only past data are used to capture local return predictability. Our
baseline results use a 2.5-year one-sided bandwidth, chosen as half the length
of a two-sided five-year kernel, which is a standard choice of rolling-window in
many finance applications.

As a measure of relative predictive accuracy, define the squared error differ-
ence (SED) between some benchmark forecast, rt|t−1, and the forecast from the
local regression model, r̂t|t−1:

SEDt = (rt − rt|t−1)2 − (rt − r̂t|t−1)2. (5)

Periods in which SEDt > 0 indicate that the kernel regression produced a more
accurate forecast (in a squared error sense) than the benchmark since it in-
curred a smaller (squared) forecast error.

To help identify such periods, we project SEDt on a constant and a time
trend,

SEDt = γ0,t + γ1,tt + vt . (6)

We estimate γ0,t and γ1,t again using a one-sided Epanechnikov kernel. We
then define predictability pockets as periods for which ̂SEDt = γ̂0,t + γ̂1,tt > 0.
At the onset of a pocket, we would expect γ̂1,t > 0, indicating that recent values
of the benchmark model’s squared forecast errors are beginning to exceed those
from the local kernel model. Conversely, after the SED measure has peaked,
we would expect γ̂1,t < 0, indicating waning return predictability. 15

14 A rolling-window estimator loses some efficiency by not using any information from outside
the fitting window and also by assigning the same weight to all observations inside the window.
Usually, it is more efficient to give lower weight to observations far away from t relative to observa-
tions extremely close to t because the latter are presumably more representative than the former,
and thus present a more favorable bias/variance trade-off.

15 Indeed, this is a consistent pattern that we observe across all predictors in our empirical
analysis.
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Our estimates of γ0,t and γ1,t use a shorter one-year bandwidth because the
pocket detection regression in equation (6) includes a time trend as a predictor.
A priori we would expect such a trend to be very local and not last too long
since this would imply an unreasonable buildup in return predictability. Using
a shorter window to estimate the γ coefficients will, of course, produce larger
estimation errors, but this is not so important here because of our use of a
robust pocket identification scheme based on the sign of ̂SEDt .

Intuitively, combining the time trend in (6) with our local kernel weight-
ing scheme allows us to identify temporary, possibly short-lived, patterns in
return predictability, lending our pocket definition a number of advantages.
First, a pocket is triggered if the local return prediction model is deemed more
accurate than the benchmark in the sense that it produces a lower expected
squared forecast error. The definition therefore explicitly accounts for estima-
tion uncertainty: even if the true current value of βt in (2) is high, this may not
produce a pocket if βt cannot be estimated sufficiently accurately, for example,
because returns have been very volatile (heteroskedasticity) or because βt has
not been high for long enough to allow our local estimation scheme in (3) to
pick this up.

Second, our definition builds on the practice started by Welch and Goyal
(2008) of studying how return predictability evolves over time through sums
of squared forecast error differences. Differences in squared forecast errors are
also the basis for formal comparisons of economic forecasting performance in
the tests of Diebold and Mariano (1995) and Clark and West (2007). However,
these tests do not include a local time trend. A novelty of our approach is that it
allows us to identify temporary return predictability through a local estimate
of the trend in the relative accuracy of the return forecasts.

Third, our pocket definition does not require us to compute standard errors
for the estimates γ̂0,t, γ̂1,t since we do not conduct formal hypothesis tests to
identify pockets and hence do not have to decide on a significance level. This is
particularly important for out-of-sample estimation since one-sided local ker-
nel estimates of standard errors can be imprecise. Our definition also does
not impose any minimum requirements on the length of the pockets. In prac-
tice, this means that short-lived pockets will sometimes be triggered (“false
alarms”). One could easily impose that a pocket is triggered only after a certain
number of periods for which ̂SEDt > 0. Such a rule would come at the cost of
delaying pocket identification, however, so we do not pursue this idea further.

On a final note, all of our estimates are computed recursively, out-of-sample,
using only real-time information available prior to the period for which re-
turns are being predicted. Specifically, we obtain the estimates γ̂0,t and γ̂1,t
in equation (6) from a one-sided kernel using only information known at
time t. We then define predictability pockets as periods (days) t for which
̂SEDt = γ̂0,t + γ̂1,tt > 0. If, on day t, ̂SEDt > 0, then we use the forecasts of re-
turns in period t + 1 from the local kernel regression, r̂t+1|t = x′

t β̂t , where β̂t
again uses only information known at time t.
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Pockets of Predictability 1289

C. Measures of Pocket Characteristics

To help understand pockets of predictability, we measure their characteris-
tics in a variety of ways. First, we want to know how many contiguous pockets,
Np, our procedure detects along with how long the pockets last. To this end, let
I jt = 1 for time-series observations inside the jth pocket, while I jt = 0 outside
this pocket for t = 1, . . . , T . Denoting by t0 j and t1 j the start and end dates of
the jth pocket, the duration of pocket j, Durj, is given by

Durj =
T∑

τ=1

I jτ = t1 j − t0 j + 1, j = 1, . . . , Np. (7)

All else equal, long-lived pockets should be easier for investors to detect and
exploit.

Pocket durations do not capture the total amount of predictability, which also
depends on the magnitude of the local predictability. We quantify this through
the local R2 at time t, R2

t :16

R2
t = 1 −

∑T
s=1 KhT (s − t)(rs − r̂t|t−1)2∑T
s=1 KhT (s − t)(rs − r̄s|s−1)2

. (8)

We measure the total amount of return predictability inside a pocket by
means of the integral R2 measure (IR) which, for the jth pocket, is defined
as

IR2
j =

t1 j∑
τ=t0 j

R2
τ =

T∑
τ=1

I jτ R2
τ . (9)

This measure captures the area under a time-series plot of the local R2
t values

in (8), summed across the pocket indicators. By combining the duration of a
pocket with the magnitude of the predictability inside the pocket, the IR2 mea-
sure provides insights into how much predictability is present as well as how
feasible it is for investors to detect and exploit such predictability.

II. Empirical Results

This section introduces our data on stock returns and predictor variables,
presents empirical evidence from applying the nonparametric approach to
identifying local return predictability pockets, and tests whether this evi-
dence is consistent with the conventional constant-coefficient return prediction
model in (1).

16 Note that this measure can be negative in certain periods because our time-varying coefficient
model does not nest the prevailing mean model, which is the reference model in the denominator.
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A. Data

Empirical studies on predictability of stock returns generally use monthly,
quarterly, or annual returns data. Data observed at these frequencies can miss
episodes with return predictability at times when the slope coefficients (βt)
change quickly, making it harder to accurately capture and time such episodes.
As we are concerned here with local return predictability, which may be rela-
tively short-lived, we therefore start using daily data on both stock returns and
the predictor variables.

Following conventional practice in studies such as Welch and Goyal (2008),
Dangl and Halling (2012), Johannes, Korteweg, and Polson (2014), and Pet-
tenuzzo, Timmermann, and Valkanov (2014), our main empirical analysis con-
siders univariate prediction models that include one time-varying predictor
at a time, that is, rt+1 = xtβt + εt+1. The univariate approach is well-suited to
our nonparametric analysis, which benefits from keeping the dimensionality
of the set of predictors low. However, it raises issues related to omitted state
variables, so we subsequently also discuss multivariate extensions.

In all of our return regressions, the dependent variable is the value-weighted
CRSP U.S. stock market return minus the one-day return on a short T-bill rate.
Turning to the predictors, we consider four variables that have been used in
numerous studies on return predictability and are included in the list of predic-
tors considered by Welch and Goyal (2008). First, we use the lagged dividend-
price (dp) ratio, defined as dividends over the most recent 12-month period
divided by the stock price at close of a given day t. This predictor has been
used in studies such as Keim and Stambaugh (1986), Campbell (1987), Camp-
bell and Shiller (1988), Fama and French (1988, 1989), and many others to
predict stock returns. Second, we consider the yield on a three-month Trea-
sury bill. Campbell (1987) and Ang and Bekaert (2007) use this as a predictor
of stock returns. As our third predictor, we use the term spread, defined as the
difference in yields on a 10-year Treasury bond and a three-month Treasury
bill.17 Finally, we consider a realized variance measure, defined as the realized
variance over the previous 60 days. Again, this variable has been used as a
predictor in a number of studies of stock returns.

The final sample date is December 31, 2016 for all series. The beginning of
the data samples, however, varies across the four predictor variables. Specif-
ically, it begins on November 4, 1926 for the dp ratio (23,786 observations),
January 4, 1954 for the three-month T-bill rate (15,860 observations), January
2, 1962 for the term spread (13,846 observations), and January 15, 1927 for
the realized variance (23,727 observations).

The daily predictor variables are highly persistent at the daily frequency,
posing challenges for estimation and inference with daily data. We experi-
mented with detrending the predictors by subtracting a six-month moving av-
erage which is a common procedure (see, e.g., Ang and Bekaert (2007)), but
thus follow we found that the results do not change much and the simpler

17 See Keim and Stambaugh (1986) and Welch and Goyal (2008) for studies using this predictor.
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Pockets of Predictability 1291

Table I
Constant-Coefficient Regression Results

This table reports slope coefficient estimates, t-statistics (computed using Newey-West standard
errors), and R

2
values for univariate regressions of daily excess stock returns on the lagged pre-

dictor variables listed in the rows. The three panels report results for three different sub periods.
Panel A reports results for the full sample, Panel B reports results for the concatenation of peri-
ods determined to be pockets, and Panel C reports results for the concatenation of all periods not
classified as pockets. The start dates for each series are: November 5, 1926 for the dividend price
ratio (dp), January 4, 1954 for the three-month Treasury bill (tbl), January 2, 1962 for the term
spread (tsp), and January 15, 1927 for the realized variance (rvar). All series run through the end
of 2016.

Variables Slope Coefficient t-Statistic R
2

(in %) No. of Obs.

Panel A: Full Sample

dp 0.025 1.14 0.005 23,786
tbl −0.007 −2.78 0.053 15,860
tsp 0.017 2.31 0.041 13,846
rvar 6.4 × 10−5 0.54 4.3 × 10−4 23,727

Panel B: In-Pocket

dp 0.084 2.55 0.18 3,483
tbl −0.014 −3.29 0.37 3,506
tsp 0.073 3.95 1.47 1,810
rvar 4.8 × 10−5 0.14 −0.02 4,841

Panel C: Out-of-Pocket

dp 0.012 0.44 −0.004 18,943
tbl −0.003 −0.87 −0.002 10,994
tsp 0.006 0.75 −0.005 10,676
rvar 9.5 × 10−5 0.66 0.004 17,526

approach of using raw data. We address the issue of how persistence affects
inference through bootstrap simulations that incorporate the high persistence
of our daily predictors along with other features of the daily data such as pro-
nounced heteroskedasticity.

On economic grounds, we would expect return predictability to be very
weak at the daily horizon. Table I confirms that this predictor holds. Panel
A presents full-sample coefficient estimates obtained from the linear regres-
sion model in (1) along with t-statistics and R2 values. Only the regressions
that use the T-bill rate (t-statistic = -2.78) and the term spread (t-statistic =
2.31) generate statistically significant slope coefficients. As expected, the aver-
age predictability is extremely low at the daily frequency, with in-sample R̄2

values varying from 0.0004% for the realized variance measure to 0.053% (i.e.,
0.00053) for the regression that uses the T-bill rate as a predictor.

Panels B and C of Table I report statistics from full-sample return regres-
sions split into pockets versus nonpockets periods, identified in real time as we
explain below. Large differences emerge across these two samples. Specifically,

 15406261, 2023, 3, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/jofi.13229 by U

niversity O
f V

irginia C
laude M

oore, W
iley O

nline L
ibrary on [14/04/2024]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



1292 The Journal of Finance®

Table II
Pocket Statistics

This table reports statistics on the duration of pockets (in days) and the integral R2 of pockets for
pockets estimated with both daily and monthly data. Coefficients are estimated using a one-sided
kernel with a 2.5-year effective sample size, and pockets are identified as periods in which a fitted
squared forecast error differential (relative to a prevailing mean forecast and estimated using a
one-sided kernel with a one year effective sample size) is above zero in the preceding period.

Daily Monthly

Statistics dp tbl tsp rvar dp tbl tsp rvar

Num pockets 18 12 7 16 15 15 10 18
Fraction of sample 0.16 0.24 0.14 0.22 0.17 0.21 0.12 0.19
Duration

Min 16 57 95 25 21 21 42 21
Mean 193.5 292.2 258.6 302.6 243.6 207.2 149.1 226.3
Max 610 672 501 1,302 714 588 378 735

Integral R2

Min −0.24 −0.24 0.28 −0.87 0.04 0.06 0.22 −0.29
Mean 1.51 3.70 2.92 2.77 1.79 2.21 1.59 1.48
Max 4.76 11.69 7.54 16.42 6.27 7.43 5.34 5.84

in-pocket slope coefficients are notably higher for three of the four predictor
variables compared to out-of-pocket slope coefficients, the exception being the
realized variance. Despite being based on a much shorter sample, the in-pocket
regression coefficients are now highly statistically significant for the dp ratio
(t-statistic = 2.55), T-bill rate (−3.29), and term spread (3.95). The regression
R

2
values are essentially zero outside pockets but far higher inside pockets for

the dp ratio (0.18%), T-bill rate (0.37%), and term spread (1.47%). 18

In-pocket R
2

values are thus orders of magnitude higher than the “average”
return predictability found in the full sample (Panel A). Although most of the
time return predictability is extremely low at the daily frequency, some periods
appear to exhibit substantially higher predictability. We next provide more
details on how we identify those periods and where they are located.

B. Pockets of Local Return Predictability

Table II reports summary statistics for the number of pockets identified
by our nonparametric procedure along with minimum, maximum, and mean
values for the duration and IR2 measure. The return regression based on
the dp predictor identifies 18 pockets with durations that range from very
short (16 trading days) to much longer (610 days), averaging 193 days, or nine
months. Overall, pockets are identified for 15% of all days in the sample. Fewer
pockets (12) are identified for the model that uses the T-bill rate predictor.

18 The pockets are identified using ex ante available information, but the R
2

values are esti-
mated on the full sample.
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Pockets of Predictability 1293

However, the duration of these pockets is notably longer, ranging from 57 to
672 days and averaging 292 days, or 14 months. These long durations mean
that pockets are identified for 24% of the days in the sample.

Seven pockets with a mean duration of 258 days (12 months) are identified
for the term spread predictor, while for the realized variance predictor we find
16 pockets whose durations range from 25 to 1,302 days (five years), averaging
302 days (14 months).

We next consider the amount of return predictability computed for the indi-
vidual pockets. The bottom rows in Table II show that the IR2 for the dp pre-
dictor has a mean of 1.51 and ranges from −0.24 to 4.76. As a reference, note
that a one-year (253-trading-day) period with an average daily R2

t of 0.004 (or
0.4%) produces an IR2 of 1. For the T-bill rate predictor, the IR2 has an av-
erage value of 3.70 and a maximum value of 11.69—both far higher than the
values found for the dp predictor. The mean IR2 is 2.92 for the term spread
predictor, while the maximum equals 7.54, again higher than for the dp ratio
but lower than for the T-bill rate. The very long pockets found for the realized
variance predictor generate fairly high IR2 values averaging 2.77 and peaking
at a value of 16.42.19

A comparison of returns inside and outside the pockets (available in Internet
Appendix Table IA.I) shows that mean returns are marginally higher inside
periods identified as pockets. With the exception of the pockets identified by
the dp ratio, the first-order autocorrelation of returns is also higher inside
the pockets, ranging from 0.12 for realized variance to 0.22 for the T-bill rate.
Conversely, returns are less volatile inside pockets and have a larger negative
skew for two of the four predictors (dp and realized variance) but only half the
kurtosis compared to returns outside the pockets.

We conclude from these results that return predictability varies significantly
over time and that our nonparametric regression approach is able to detect
local pockets of return predictability in real time. We next conduct more formal
tests of these findings.

C. Tests for Spurious Pockets

Because we use a new approach for identifying local return predictability, it
is worth exploring its statistical properties. For example, we are interested in
knowing to what extent our approach spuriously identifies pockets of return
predictability. Since we repeatedly compute local (overlapping) test statistics,
we are bound to find evidence of some pockets even in the absence of genuine
return predictability. The question is whether we find more pockets than we
would expect by random chance, given a reasonable model for the daily return
dynamics. Another question is whether shorter pockets or pockets with low IR2

values are more likely to be spurious than longer ones.

19 Across our four predictors, pairwise correlations between the local R2 values range from
−0.05 to 0.57.
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C.1. Simulation Approach

We consider three different ways of simulating stock returns. To address
the effect of using highly persistent predictor variables on pocket detection,
all three approaches assume a constant-coefficient null for a predictor variable
that follows an AR(1).

The first specification assumes homoskedastic errors and takes the form

rt+1 = μr + γ xt + εr,t+1, εr,t+1 ∼ (0, σ 2
r ), (10)

xt+1 = μx + ρxt + εx,t+1, εx,t+1 ∼ (0, σ 2
x ).

We estimate μr, γ , μx, and ρ using ordinary least squares (OLS). To allow
returns to follow a non-Gaussian distribution, we draw the zero-mean innova-
tions ε̂r,t+1 = rt+1 − μ̂r − γ̂ xt and ε̂x,t+1 = xt+1 − μ̂x − ρ̂xt by means of an inde-
pendent and identically distributed bootstrap. Any cross-sectional dependen-
cies are preserved by resampling the residuals in pairs with replacement from
{ε̂r,t+1, ε̂x,t+1}T−1

t=0 . Bootstrap samples of residuals {ε̂b
r,t+1, ε̂

b
x,t+1}T

t=0 are then used
to iteratively construct bootstrap samples for r and x using (10) with xb

0 = 0.
To account for the pronounced time-varying volatility in daily returns,

we employ two additional variants: a stationary block bootstrap and an
EGARCH(1,1) model with t-distributed shocks. The stationary block bootstrap
selects the optimal block length using the method proposed by Politis and
White (2004) applied to the residuals from the return regression, {ε̂r,t+1}T−1

t=0
in (10). As in the independent and identically distributed case, blocks of resid-
uals are resampled in pairs with replacement from {ε̂r,t+1, ε̂x,t+1}T−1

t=0 to preserve
cross-sectional correlation.

The EGARCH(1,1) model is given by

rt+1 = μr + γ xt + εr,t+1 ≡ μr + γ xt +
√

hr,tur,t+1, ur,t+1 ∼ t(νr) (11)

ln hr,t+1 = ωr + αr(|ur,t+1| − E[|ur,t+1|]) + γrur,t + βr ln hr,t

xt+1 = μx + ρxt + εx,t+1 ≡ μx + ρxt +
√

hx,tux,t+1, ux,t+1 ∼ t(νx)

ln hx,t+1 = ωx + αx(|ux,t+1| − E[|ux,t+1|]) + γxux,t + βx ln hx,t .

To simulate from this model, we first estimate the parameters and construct

normalized residuals ûr,t+1 = (rt+1 − μ̂r − γ̂ xt )/
√

ĥr,t and ûx,t+1 = (xt+1 − μ̂x −
ρ̂xt )/

√
ĥx,t . We then sample pairs {ûb

r,t+1, ûb
x,t+1} independent and identically

distributed with replacement from {ûr,t+1, ûx,t+1}T−1
t=0 . We construct bootstrap

samples for r, x, hr, and hx using (11), setting xb
0 = 0, and setting hb

r and hb
x

equal to their estimated means. For each of the three specifications, we gener-
ate 1,000 bootstrap samples {rb

t+1, xb
t+1}T−1

t=0 .
Our simulations follow the empirical analysis and define pockets as periods

in which the prevailing mean model is expected to have a larger squared er-
ror than the local return predictions. For each bootstrap sample, we record the
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Pockets of Predictability 1295

Figure 1. Local return predictability (daily benchmark specification). The first four pan-
els plot one-sided nonparametric kernel estimates of the fitted squared forecast error differential
̂SEDt (estimated using a one-sided kernel with a one-year effective sample size) from a regression
of daily excess stock returns on each of the four predictor variables using an effective sample size
of 2.5 years. The final panel plots the local ̂SEDt from a four-variable regression specification with
coefficients estimated using a product kernel. The shaded areas represent periods when ̂SEDt > 0,
with areas in red representing pockets that have less than a 5% chance of being spurious and areas
in blue representing pockets that have more than a 5% chance of being spurious. The sampling dis-
tributions used to determine spuriousness come from an EGARCH(1,1) residual bootstrap design.
(Color figure can be viewed at wileyonlinelibrary.com)

distribution of IR2 values from (9) and use this to compute p-values for over-
all sample statistics for the pocket distribution as well-as for the individual
pockets.

C.2. Significance of Individual Pockets

To get a sense of the location and duration of the pockets, Figure 1 plots
one-sided nonparametric kernel estimates of ̂SEDt against time for each of
the four predictors. Shaded areas represent periods identified as pockets of
predictability. We distinguish between spurious and nonspurious pockets by
looking at each individual pocket’s IR2 value and computing the percentage
of simulations with at least one pocket matching this value. This produces an
odds ratio with small values indicating that it is difficult to match the total
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amount of predictability observed for the individual pockets.20 We color pocket
areas based on whether the pockets have less than (red) or more than (blue) a
5% chance of being randomly generated.21

First consider the predictability plot for the dp predictor (top panel). The
longest pockets occur during the Korean War, prior to the 1990 recession and
in the aftermath of the Great Recession. Conversely, there are relatively long
spells without any (long-lasting) pockets prior to 1950 and again between the
mid-1970s and late 1980s.22 Eight of the 18 pockets identified using the dp
ratio as our predictor are statistically significant at the 5% level. Conversely,
all of the shorter pockets can be attributed to sampling error.

For the T-bill rate predictor (second panel), we locate three long-lived pock-
ets, each lasting at least two years; around 1970, in the aftermath of the early
1970s oil price shocks, and around the Fed’s Monetarist Experiment (1979 to
1981). Nine of the 12 pockets identified by the T-bill rate model are significant
at the 5% level, leaving only three insignificant pockets.

Most of the pockets identified by the term spread predictor (third panel) oc-
cur during the mid-1970s and early 1980s, although we also locate two pockets
in the mid-1990s. Five of the seven pockets are significant at the 5% level.

For the realized variance predictor (fourth panel), pocket incidence is fairly
evenly spread across the sample, with the longest-lived pocket occurring dur-
ing the Korean War, just as we find for the dp ratio. Long pockets also occur in
the late 1960s and in the aftermath of the Monetarist Experiment. This model
identifies 16 pockets, 12 of which are significant at the 5% level.

Pairwise time-series correlations between the four pocket indicators depicted
in Figure 1 range from −0.02 to 0.59, indicating some overlap but also a fair
amount of independent variation across pockets identified by different predic-
tor variables.

We conclude from these simulations that the majority of return predictabil-
ity pockets identified by our nonparametric return regressions cannot be ex-
plained by any of the return-generating models considered here. This is par-
ticularly true for the T-bill rate, term spread, and realized variance predictors.
The simulations do not come close to matching the amount of predictability ob-
served in the longer lived pockets. Conversely, the shortest pockets can be due
to “chance” and are matched in many of our simulations. This point is partic-
ularly relevant for the dp regressions, which are more prone to pick up spuri-
ous, short-lived pockets. Reassuringly, since the model in equation (11) allows
for highly persistent predictors and time-varying heteroskedasticity, these fea-
tures of our data do not seem to give rise to the return predictability pockets
that we observe.

20 Returns simulated under the special case of no return predictability yield very similar results
to those reported here, as can be seen in Table IA.II of the Internet Appendix.

21 for the individual pockets identified by our procedure.
22 Pockets do not necessarily coincide with high values of the estimated slope coefficient, β̂t . For

example, a sudden spike in β̂t preceded by small values of β̂t will not produce a high value of SEDt
and so will not trigger a pocket.
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Pockets of Predictability 1297

III. Statistical and Economic Performance of Return Forecasts

A large part of the literature on return predictability considers linear,
constant-coefficient models based on a single predictor variable. Welch and
Goyal (2008) find that such models fail to produce more accurate out-of-sample
return forecasts than those from the prevailing mean model.

To address such shortcomings, one approach is to impose economically moti-
vated constraints on the forecasts. Following Campbell and Thompson (2008),
we consider three alternative ways of constructing out-of-sample excess re-
turn forecasts that, to varying degrees, incorporate economic restrictions: (i)
unrestricted forecasts, r̂t+1|t ; (ii) nonnegative forecasts that replace negative
forecasts with zero, max(0, r̂t+1|t ); and (iii) return forecasts that, in addition
to imposing the constraint in (ii), sets β̂t = 0 if the estimated slope coefficient
is inconsistent with our prior expectation of its sign (positive for the dp ratio,
term spread, and realized variance, and negative for the T-bill rate).

A second approach is to incorporate multivariate information in the return
prediction models. We describe alternative ways to do so further below.

A. Performance Measures

We first explain how we evaluate the performance of our local return fore-
casts using both statistical and economic performance measures. Following
Welch and Goyal (2008), we compare our one-sided return forecasts to fore-
casts from a prevailing mean model, r̄t+1|t = 1

t

∑t
s=1 rs. To test the null of equal

predictive accuracy, we use a Clark and West (2007, CW) test, with positive
values indicating that the local, one-sided forecasting approach improves on
the prevailing mean.

The CW test has three main advantages over conventional test procedures
such as those in Diebold and Mariano (1995) and Clark and McCracken (2001).
First, unlike the Diebold and Mariano (1995) test, it can be used to compare
the accuracy of out-of-sample forecasts from nested prediction models as is
frequently encountered in finance. Second, unlike the Clark and McCracken
(2001) test, the CW statistic can be compared to critical values from the stan-
dard normal distribution and does not rely on simulated critical values. Third,
the CW test accounts for the greater finite-sample effect that parameter es-
timation error can be expected to have on the bigger model (relative to the
prevailing mean) and thus better summarizes the true predictive power of the
underlying state variable(s) in the bigger model.

To assess the economic significance of our forecasting results, we adopt a
strategy similar to that of Gómez-cram (2022) and construct a mean-variance
optimized pocket portfolio invested in stocks and T-bills. Each forecasting
model is used to compute real-time forecasts of expected excess returns,
Et[rt+1], and form a managed portfolio with excess returns

rp
t+1 = c · Et[rt+1] · rt+1, (12)
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where rt+1 is the realized market excess return and the constant c is defined
as

c ≡
[

Var(rt+1)
Var(Et[rt+1] · rt+1)

]1/2

.

The weight placed on the market is given by c · Et[rt+1], which we restrict to
be between zero and two, ruling out short sales and capping the leverage ratio
at two.

Next, we use the excess returns on the managed pocket portfolio (12) to es-
timate the risk-adjusted return (α) from the regression

rp
t+1 = α + βrt+1 + εt+1, εt+1 ∼ (0, σε ).

In addition, as is common practice, we compute the Sharpe ratio for the man-
aged portfolio.

B. Univariate Return Forecasts

Table III, Panel A, reports results of the CW tests. Across all days in the
out-of-sample period (column (1)), the prevailing mean forecasts and the un-
restricted local return forecasts are broadly equally accurate and the null of
equal predictive accuracy can not be rejected. Thus, local return predictability
could not have been exploited in real time to produce daily return forecasts that
“on average” were more accurate than forecasts from a model that assumes a
constant equity premium.

Inside the local pockets (column (2)), the CW test statistics are positive and
highly statistically significant for all four predictors. Outside the pockets (col-
umn (3)), all four predictor models produce very poor forecasting performance
with negative CW test statistics that are significant at the 10% level or above.
Imposing the economic constraint that forecasts of excess returns cannot be
negative (columns (4) to (6)) leads to improvements in all four one-sided ker-
nel forecasts, which, for the T-bill rate, are now significantly more accurate
at the 5% level even in the full sample, in addition to being significant at the
1% level for all four predictors inside the pockets. The constraint does not no-
tably improve predictive accuracy out-of-pocket, however. Imposing additional
sign restrictions on the slope coefficients (columns (7) to (9)) leads to similar
performance as the model that only restricts the sign of the return forecasts.23

Table III, Panel B, reports results on economic performance. For the unre-
stricted univariate prediction models, the risk-adjusted return (α) is econom-
ically large and highly statistically significant for the dp ratio (1.69% per an-
num), T-bill rate (3.57%), term spread (3.14%), and realized variance (2.31%)
predictors. The associated Sharpe ratios range from 0.47 for the dp ratio to

23 Cumulative sum of squared error plots similar to those in Welch and Goyal (2008), described
in Section IV of the Internet Appendix and displayed in Figure IA.1, show that the local kernel
regressions outperform the prevailing mean model fairly steadily inside pockets while the opposite
holds outside pockets.
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0.79 for the T-bill rate.24 For comparison, the prevailing mean forecasts gener-
ate a negative α (-0.25) and a Sharpe ratio of 0.46.

Imposing the restriction that forecasts of mean excess returns should be non-
negative leads to improvements in all three performance measures. Alphas
now range from 2.51% (dp ratio) to 6.48% (T-bill rate), while Sharpe ratios
increase more marginally. Imposing sign restrictions on the slope estimates
yields broadly similar risk-adjusted return performance as imposing the sign
restriction on the predicted excess return.

C. Incorporating Multivariate Information

We next consider ways in which multivariate information can be incorpo-
rated into the forecasts. Based on economic reasoning or more formal model
selection methods (Pesaran and Timmermann (1995)), a first approach is to
identify a small set of included predictors.25 In our analysis, we consider a
multivariate local kernel regression model (3) that simultaneously uses all four
predictors—all of which can be economically motivated—to construct forecasts.
The model is estimated on the subsample for which all four predictor variables
are available, and we use a product kernel where each variable is assigned the
same bandwidth.

Second, dimensionality reduction methods such as principal component
analysis (PCA) can be applied directly on the set of predictors to form linear
combinations that explain as much of the common variation in the predictors
as possible (Pettenuzzo, Timmermann, and Valkanov (2014)). We apply PCA in
real time to extract the first principal component (pc) from the four predictors.

Third, forecast combination methods can be used to form averages of the
forecasts produced by small (univariate) models; see Rapach, Strauss, and
Zhou (2010). We consider three different combination schemes. The first
(comb1) sets an individual predictor’s forecast to the local kernel forecast
(̂ri

t+1|t) inside pockets, reverting to the prevailing mean (rt+1|t) if no pocket is
identified by the predictor, before computing an equal-weighted average,

ŷcomb1
t+1|t = 1

4

4∑
i=1

(
1{̂SEDit ≥ 0}̂ri

t+1|t + 1{̂SEDit < 0}rt+1|t
)
, (13)

where the indicator 1{̂SEDit ≥ 0} equals 1 if the expected value of the local
squared forecast error differential exceeds zero for predictor i, and 0 otherwise.
For example, if the first univariate prediction model identifies a pocket while
the remaining models do not, comb1 weights the forecast from the first model
by 25% and the prevailing mean by 75%.

24 The smaller α estimates for the forecasting model that uses the dp ratio are largely a result
of this model bumping up against the (upper) constraints on the portfolio weights inside pockets.

25 Including a large number of predictors (“kitchen sink” ) generally leads to poor out-of-sample
forecasting performance due to estimation error.
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The second combination (comb2) ignores forecasts from models that do not
currently identify a pocket provided that at least one variable identifies a
pocket,

ŷcomb2
t+1|t =

{
1
nt

∑4
i=1 1{̂SEDit ≥ 0}̂ri

t+1|t if nt ≥ 0
rt+1|t if nt = 0

, (14)

where nt = ∑4
i=1 1{̂SEDit ≥ 0} is the number of predictors that identify a pocket

at time t.
The third combination (comb3) makes no distinction between pocket and

nonpocket periods, always using the simple equal-weighted average of all four
univariate models:

ŷcomb3
t+1|t = 1

4

4∑
i=1

r̂i
t+1|t . (15)

C.1. Empirical Results

Rows 5 to 9 in both panels of Table III report results on the multivariate pre-
diction schemes. The fifth row in Panel A shows that the multivariate kernel
approach delivers good out-of-sample forecasting performance inside pockets,
with CW test statistics of 3.74 and 4.01 for the unrestricted and two sign-
restricted forecasts, respectively. Predictive accuracy on out-of-pocket days is
comparable to that of the univariate forecasting models.26

The table further shows that the PC approach delivers very good out-of-
sample forecast performance inside the pockets, with CW test statistics of 2.71
and 4.69 for the unrestricted and two sign-restricted forecasts, respectively.
Moreover, while the PC forecasts underperform outside the pockets, they do so
to a smaller extent than the univariate forecasts and hence are more accurate
in the full sample for 10 of the 12 pairwise comparisons against the univari-
ate models.

Among the combination methods, comb1 and comb2 generate positive and
highly significant CW test statistics both for the full sample and for in-pocket
periods regardless of whether we combine forecasts from the unrestricted or
restricted univariate models. In contrast, the simple equal-weighted average
(comb3) performs worse than the underlying univariate forecasts. Since this
approach does not distinguish between in-pocket and out-of-pocket periods,
this result suggests that such conditioning is important to the benefits from
forecast combination.

Examining the economic performance measures, we find that the PC ap-
proach performs very well, with alpha estimates and Sharpe ratios close to

26 The six pockets identified by this approach that includes all four predictors (shown in the
bottom panel in Figure 1) overlap to some extent with the pockets identified by the univariate
kernel regressions.
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Pockets of Predictability 1303

those of the best-performing univariate models. The combination methods that
condition the underlying forecasts on whether a pocket has been identified
(comb1 and comb2) produce the best overall economic performance, while the
equal-weighted combination (comb3) delivers poor economic performance.

D. Simulation Evidence

The empirical evidence summarized above demonstrates that the local ker-
nel regressions can generate forecasts that are significantly more accurate
than the benchmark inside ex ante identified pockets, though not outside these
pockets or in the full sample. As an additional robustness check, we use our
Monte Carlo simulation setup from Section II to explore whether similar im-
provements in predictive accuracy can be achieved by the statistical models
introduced earlier.

Table IV summarizes results from simulating the three models and generat-
ing forecasts along the unrestricted and restricted schemes described earlier.
The simulations are conducted under the null of constant return predictability
(γ �= 0), but all results are robust to assuming no return predictability (γ = 0)
as shown in Table IA.II of the Internet Appendix.

The results are very clear and easily summarized. For all models, the simu-
lations match both the full-sample and out-of-pocket CW test statistics. Con-
versely, we find no instance in which the simulations match the in-pocket CW
statistic for any predictor or for any of the forecasting schemes. For the eco-
nomic performance measures, the statistical models match the Sharpe ratio in
some cases but fail to match the alphas or alpha t -statistics.27

Another possible concern that could affect our results is related to the Stam-
baugh (1999) bias, which affects the estimated slope coefficient of return pre-
diction models in cases in which the predictor variable follows a highly persis-
tent process and the correlation between innovations to the predictor variable
and shocks to the return equation is large. Through a set of simulations de-
scribed in Section III of the Internet Appendix and displayed in Table IA.IV,
we show that this bias does not lead us to spuriously identify pockets, largely
because of our use of an out-of-sample pocket identification approach.

E. Local Prevailing Mean Benchmark

So far, we follow studies such as Welch and Goyal (2008) and benchmark our
return forecasts against a “global prevailing mean” that uses an expanding
estimation window. However, a “local prevailing mean” model provides an in-
teresting alternative benchmark as if this enables us to determine if our kernel
regression forecasts are simply picking up local return momentum. To explore
this point, let r̃lpm

t|t−1 = ∑t−1
τ=1 K (τ )r(τ ) be the prediction from the local prevailing

27 Alpha t-statistics are added because they have better sampling properties than alpha esti-
mates.
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mean (lpm) model and replace equation (5) with

SEDlpm
t = (rt − r̃lpm

t|t−1)2 − (rt − r̂t|t−1)2. (16)

We can then apply our kernel regression in (6) to estimate a local trend in
SEDlpm

t and identify pockets.
The results, reported in Tables IA.V and IA.VI of the Internet Appendix,

show that our kernel regression forecasts based on time-varying predictors
perform well relative to forecasts from the local prevailing mean model, pro-
ducing strong economic performance and highly significant CW test statistics
in-pocket and small but mostly statistically insignificant test statistics out-of-
pocket.

In a second exercise, we revert to using return forecasts from the global pre-
vailing mean model to detect pockets, but instead measure predictive accuracy
against the local prevailing mean model so as to explore whether, inside the
pockets identified by our predictors, their return forecasts are more accurate
than forecasts from the local prevailing mean. This would not hold if our pock-
ets were merely picking up local return momentum.

In results reported in Tables IA.VII and IA.VIII of the Internet Appendix, we
continue to find that the time-varying predictors produce strong economic per-
formance and highly significant CW test statistics inside the pockets, though
not outside pockets.

As a final exercise, we again use forecasts from the global prevailing mean
model to identify local pockets and benchmark our return forecasts. However,
we now also consider the pockets identified by the local prevailing mean model
by comparing the accuracy of its return forecasts to the return forecasts from
the global prevailing mean. Next, to examine whether our time-varying pre-
dictors contain additional information that is not present in past returns, we
consider the performance of our time-varying predictor models in those periods
they identify as pockets that are not also identified as pockets by the local pre-
vailing mean model. Pockets identified in this manner can thus be attributed to
the additional information in the time-varying predictors that is not contained
in the local prevailing mean forecast. In this analysis, only pockets that do not
overlap with those identified by the local prevailing mean model are singled
out. All other periods are classified as out-of-pocket.

Despite the reduction in the number of in-pocket observations associated
with this scheme, for most of the predictors and the first two forecast com-
bination schemes we continue to find significant improvements in predictive
accuracy inside the pockets not identified as such by the local prevailing mean.
Moreover, these gains in predictive accuracy strengthen notably from imposing
economic constraints. We also find significant economic gains for all predictors
with the exception of the dp ratio forecasts, whose alpha estimates remain
positive, though not significant. Details of these results are reported in Table
IA.IX of the Internet Appendix.
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F. Choice of Bandwidth

Our pocket identification scheme relies on two windows, namely, the estima-
tion window used by the local kernel regression to generate return forecasts
and the performance monitoring window used to capture whether these fore-
casts are expected to produce a lower squared forecast error than the bench-
mark model. Our baseline results set these windows to 2.5 years—half of a
five-year two-sided window—and one year, respectively. We set the estimation
window slightly longer due to the well-known adverse effect of parameter esti-
mation error in an inherently noisy environment, while the shorter monitoring
window reflects our prior that local return predictability cannot last too long.

To explore the robustness of our results with regard to these choices, we let
the estimation window vary between two and three years—corresponding to
two-sided windows of four and six years—while the window used to track SED
values varies between six and 18 months.28

Table V reports results from the robustness analysis with in-pocket and out-
of-pocket results listed in the right and left columns, respectively. In both cases,
the first column lists the results from the baseline scenario. The CW test statis-
tics are highly robust to changes in the window lengths—slightly better for the
short monitoring window and slightly worse for the longer one—as we continue
to find strong evidence that both the univariate and multivariate approaches
produce significantly more accurate in-pocket return forecasts than the pre-
vailing mean model, but less accurate forecasts out-of-pocket.

A similar set of robustness tests applied to the economic performance mea-
sures yield the same conclusion, namely, that a broad range of choices of the
two window sizes leads to highly significant alpha estimates for the managed
portfolios that use our pocket methodology.

G. Controlling for Volatility, Momentum, and Transaction Costs

We next examine the effect of controlling for portfolios that manage volatil-
ity and momentum. Following Moreira and Muir (2017), we define a volatility
factor as

f σ
t+1 ≡ c

σ̂ 2
t (r)

rt+1,

where rt+1 is the buy-and-hold excess return on the market, σ̂ 2
t (r) is a proxy

for the portfolio’s conditional variance, and c controls the average exposure of

28 The vast majority of our results continue to hold for additional parameter configurations, in-
cluding those in which the two bandwidth parameters are identical, for example, both 1.5 years
or 2 years. However, the performance of the forecasting models based on the dp ratio and real-
ized variance starts deteriorating when the bandwidth parameters used for pocket detection and
parameter estimation are both short. This is what we would expect because these variables have
noisier time series, which means that the combined effect of estimation error in the two regression
steps starts to dominate for these predictors. We do not observe this effect for the other variables
or for the combination approaches. We also find that our results are robust to longer windows such
as a kernel estimation window of five years.
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the strategy. As in Moreira and Muir (2017), we use the one-month realized
variance estimate of excess returns, σ̂ 2

t (r).
We also define a momentum factor as in Moskowitz, Ooi, and Pedersen

(2012),

f mom
t+1 ≡ sign(rt−252,t )c

rt+1

σ̂t (r)
,

where sign(rt−252,t ) is the sign of the excess return on the market over the past
year (1 if positive, 0 otherwise), and c again controls for the average exposure
of the strategy.

Results from regressions extended to include these factors are presented in
Table VI. Here, we estimate α as the intercept from regressions of portfolio
excess returns, rp,t+1, on rt+1, f σ

t+1, and f mom
t+1 . While controlling for these factors

reduces performance slightly, all α estimates, except those associated with the
equal-weighted combination, remain statistically and economically significant.

As an alternative approach to controlling for volatility, we conduct an addi-
tional version of the trading strategy in which we construct portfolio weights by
dividing expected returns from each model by our measure of realized variance,
rvar, which can be viewed as a proxy for the conditional return variance. If our
time-varying mean forecasts are mainly identifying periods with high return
volatility (indicating a constant risk-return trade-off), this weighting scheme
should result in smoother allocations to the market portfolio. Conversely, if our
local kernel return forecasts identify a time-varying risk-return trade-off, we
should continue to find strong economic performance for our trading strategy.
Compared to our benchmark results, we find that accounting for time-varying
variance estimates strengthens our results with regard to estimated alphas
and Sharpe ratios (Internet Appendix Table IA.X).

Transaction costs are another concern for the interpretation of our economic
performance estimates. To address this issue, we examine the effect on return
performance of proportional trading costs of 1 bp, 2 bps, and 10 bps. Due to
modest portfolio turnover, we observe only small reductions in alpha estimates
as a result of introducing transaction costs. Our alpha estimates for the local
kernel prediction models remain strongly statistically and economically sig-
nificant under all specifications, even for proportional trading costs as high
as 10 bps. Results are especially strong for the trading strategies that impose
economic restrictions on the forecasts (Table IA.XI).29

H. Monthly Return Predictions

Our analysis so far uses daily returns data to account for the possibility
that some of the local pockets could be short-lived. However, the majority of
studies in the return predictability literature uses monthly or longer data, so it

29 Equivalently, the proportional trading costs at which the market-timing strategy breaks even
are quite high at: 59 bps, 129 bps, 154 bps, and 107 bps for the dp ratio, T-bill rate, term spread,
and realized variance predictors, respectively.
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Pockets of Predictability 1313

Figure 2. Local return predictability (monthly benchmark specification). The first four
panels plot one-sided nonparametric kernel estimates of the fitted squared forecast error differ-
ential ̂SEDt (estimated using a one-sided kernel with a one-year effective sample size) from a
regression of daily excess stock returns on each of the four predictor variables using an effective
sample size of 2.5 years. The final panel plots the local ̂SEDt from a four-variable regression spec-
ification with coefficients estimated using a product kernel. The shaded areas represent periods
when ̂SEDt > 0, with areas in red representing pockets that have less than a 5% chance of be-
ing spurious and areas in blue representing pockets that have more than a 5% chance of being
spurious. The sampling distributions used to determine spuriousness come from an EGARCH(1,1)
residual bootstrap design. (Color figure can be viewed at wileyonlinelibrary.com)

is important to also conduct our analysis at this frequency to make our results
more directly comparable to the literature.

Columns to the right in Table II report pocket statistics for the monthly data.
The number of pockets and the proportion of the monthly sample identified as
pockets are very similar to those identified for the daily returns data. Pocket
durations (converted into days) tend to be a little shorter in the monthly data,
and the average IR2 statistics are substantially lower for three of the four
predictor variables, the exception being the dp ratio.

Figure 2 displays the pockets identified at the monthly frequency using the
same layout as in Figure 1. As in the daily data, we use a one-sided kernel
with a bandwidth of 2.5 years. We find clear similarities between the pockets
identified using the daily and monthly data. Indeed, the correlation between
the daily pocket indicator (converted into a monthly value) and the monthly
pocket indicator is 0.51 for the dp model and 0.65 for the T-bill rate model,

 15406261, 2023, 3, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/jofi.13229 by U

niversity O
f V

irginia C
laude M

oore, W
iley O

nline L
ibrary on [14/04/2024]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense

https://onlinelibrary.wiley.com


1314 The Journal of Finance®

which is very high considering we are using a crude scheme for converting
monthly values of the pocket indicator to a daily series. For the term spread
and realized variance regressions, the corresponding correlations are 0.51 and
0.55. Pockets identified with monthly data are thus very similar to those iden-
tified using daily data, which is reassuring from a robustness perspective.

Using a similar simulation setup as that described in Section II, we find
that none of the pockets identified with monthly data is statistically signifi-
cant. This is in marked contrast to the results obtained for the daily data and
shows that a notable advantage of using higher frequency data is the associ-
ated increase in statistical power.30

Table VII reports evidence on the statistical accuracy and economic value of
our monthly out-of-sample return forecasts. In the full sample, the statistical
accuracy of the return forecasts generated by our local regression approach
(Panel A) is indistinguishable from the prevailing mean forecasts. Inside pock-
ets the story is different, however, as the CW test statistics are positive and
highly statistically significant for all four predictors. The reason for these find-
ings is again the poor predictive accuracy of the univariate forecasts outside
the pockets. Imposing the sign constraint on excess return forecasts does not
lead to notably better full-sample performance, as the CW test statistics tend
to increase inside pockets but decrease outside pockets relative to the unre-
stricted forecasts.

As in the daily data, we find that the multivariate PC method performs sim-
ilarly or a little better than the univariate forecasting methods, depending on
whether the unrestricted or restricted forecasts are considered. The first two
combination methods again perform very well, generating CW test statistics
that are significant both in the full sample and inside pockets, with values
that exceed those obtained from the underlying univariate forecasting models.
Conversely, the equal-weighted combination (comb3) performs worse than the
underlying univariate forecasts.

For the economic performance measures (Panel B), we continue to find strong
performance of the univariate monthly forecasting models, with patterns that
resemble those found in the daily data. Alphas are positive, economically large,
and highly statistically significant, and thus improve notably when we im-
pose either set of economic restrictions. Sharpe ratios start low for the unre-
stricted forecasts but improve by a sizeable amount once we impose the sign
restrictions.

Monte Carlo simulations based on the three statistical models in Section II,
but now applied to the monthly returns data, lead to similar conclusions as
those reported in Table IV for the daily returns data. Specifically, all three mod-
els fail to match the observed in-pocket return predictability, although they
easily match out-of-pocket results. The statistical models also fail to get close
to matching the alpha estimates observed in the monthly data (Table IA.XII of
the Internet Appendix).

30 The bootstrap procedure has weak power because it only uses information on the IR2 estimate
for each individual pocket and does not pool data across pockets to get a longer evaluation sample.
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Pockets of Predictability 1315

Table VII
Out-of-Sample Measures of Forecasting performance (Monthly

Benchmark Specification)
Panel A reports Clark and West (2007) test statistics for out-of-sample return predictability mea-
sured relative to a prevailing mean forecast. Panel B reports 3 measures of economic significance
associated with returns on a portfolio that uses the time-varying coefficient model forecast in-
pocket and the prevailing mean forecast out-of-pocket to allocate between the risk-free asset and
the market (portfolio weights are limited to be between zero and two): the annualized estimated al-
pha in percentage points, the HAC t-statistic for the estimated alpha, and the annualized Sharpe
ratio of the portfolio. We use a purely backward-looking kernel with an effective sample size of
2.5 years to compute forecasts. “pc” is a recursively computed first principal component of the four
predictor variables. “mv” is a four-variable multivariate forecast estimated using a product kernel.
“comb1,” “comb2,” and “comb3” refer to a simple average of the univariate forecasts. “comb1” sets
an individual predictor’s forecast to the time-varying coefficient model forecast during a pocket
and to the prevailing mean otherwise. “comb2” is the same as “comb1” except it ignores individ-
ual predictor forecasts when that variable is not in a pocket but at least one other variable is in a
pocket. “comb3” makes no distinction between in-pocket and out-of-pocket periods and always uses
the simple equal-weighted average of all four univariate models. The CW test statistics approxi-
mately follow a normal distribution with positive values indicating more accurate out-of-sample
return forecasts than the prevailing mean benchmark and negative values indicating the opposite.
A pocket is classified as a period in which a fitted squared forecast error differential (estimated us-
ing a one-sided kernel with a one-year effective sample size) is above zero in the preceding period.
∗, ∗∗, and ∗ ∗ ∗ represent statistical significance at the 10%, 5%, and 1% levels from a hypothesis
test of β > 0. †, ††, and † † † represent statistical significance at the 10%, 5%, and 1% levels from a
hypothesis test of β < 0.

Panel A: Clark-West Statistics

Unrestricted + Excess Return Forecasts All Sign Restrictions

Variable
Full

Sample
In-

Pocket
Out-of-
Pocket

Full
Sample

In-
Pocket

Out-of-
Pocket

Full
Sample

In-
Pocket

Out-of-
Pocket

dp 0.96 4.05*** −0.09 1.03 4.14*** −3.12††† 1.13 4.14*** −3.01†††
tbl 1.25 3.55*** −0.83 1.23 4.38*** −1.99†† 2.40*** 4.47*** −1.26
tsp 0.78 2.44*** −1.15 0.28 4.75*** −1.45† 0.46 4.93*** −0.20
rvar 0.64 3.28*** 0.00 0.40 3.18*** −2.73††† 1.04 3.58*** −2.10††
mv 1.76** 3.18*** 1.28 1.65** 3.70*** −0.69 1.65** 3.70*** −0.69
pc 1.22 3.23*** −1.23 1.04 4.64*** −1.25 1.04 4.64*** −1.25
comb1 4.14*** 4.74*** − 4.73*** 5.24*** − 4.82*** 5.32*** −
comb2 4.48*** 5.20*** − 4.81*** 5.27*** − 5.48*** 6.16*** −
comb3 1.01 2.20** −2.15†† 1.10 2.68*** −2.06†† 1.79** 2.18** −0.83

Panel B: Economic Significance

Unrestricted + Excess Return
Forecasts

All Sign Restrictions

Variable α̂ tα̂
Sharpe
Ratio α̂ tα̂

Sharpe
Ratio α̂ tα̂

Sharpe
Ratio

dp 2.37*** 2.53 0.55 4.13*** 3.26 0.69 4.13*** 3.26 0.69
tbl 3.77*** 3.36 0.76 6.08*** 4.45 0.86 6.22*** 4.43 0.87

(Continued)
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1316 The Journal of Finance®

Table VII—Continued

Panel B: Economic Significance

Unrestricted + Excess Return Forecasts All Sign Restrictions

Variable α̂ tα̂ Sharpe Ratio α̂ tα̂ Sharpe Ratio α̂ tα̂ Sharpe Ratio

tsp 2.22*** 2.66 0.65 5.14*** 3.54 0.76 4.11*** 3.24 0.71
rvar 2.21*** 2.73 0.55 3.53*** 3.27 0.65 3.73*** 3.68 0.66
mv 1.29** 2.00 0.47 3.53*** 3.30 0.60 3.53*** 3.30 0.60
pc 3.76*** 3.42 0.77 5.39*** 3.84 0.79 5.39*** 3.84 0.79
comb1 7.00*** 5.20 1.03 6.68*** 5.13 1.01 6.61*** 5.58 1.09
comb2 6.58*** 4.98 0.94 8.02*** 6.13 1.01 8.84*** 6.18 1.03
comb3 1.38* 1.49 0.46 2.19* 1.32 0.44 4.48*** 3.21 0.62
pm −0.36** −1.88 0.49 −0.36** −1.88 0.49 −0.36** −1.88 0.49

Our combination that averages forecasts from models classified as being
in a pocket (comb2) achieves an out-of-sample monthly R2 of 15.0%. Rapach,
Strauss, and Zhou (2010) report quarterly recession R2 values of 4% to 8%
using a forecast combination with 15 underlying predictors.31

We conclude from these findings that our local kernel regression approach
could also have been also at a frequency similar to that used in the litera-
ture (monthly) to identify, in real time, local pockets with a high degree of
return predictability.

I. Lumpiness in Return Predictability

The lumpiness that triggers pockets in our empirical exercise comes from our
binary decision rule, which classifies pockets according to whether ̂SEDt > 0,
thus producing a pocket indicator akin to the binary NBER recession indica-
tor used to track fluctuations in economic activity. To explore whether, more
broadly, our return forecasts are more accurate when ̂SEDt is large and posi-
tive compared to when it is small or negative, we also perform a simple exercise
in which we compute the accuracy of our return forecasts, which we sort into
four quartiles representing the days with the lowest 25%, second-lowest 25%,
second-highest 25%, and highest 25% of days ranked by ̂SEDt . For each quar-
tile, we then compute the CW test statistic.

We find that the accuracy of our return forecasts increases monotonically
across the ̂SEDt-sorted quartiles for three of the four predictor variables, dis-
playing only slight nonmonotonicity for the rvar predictor.32 Similar patterns
emerge with more bins, showing that our pocket identification scheme gener-
ates a strong signal about local return predictability.

31 Note that the two R2 values are not directly comparable because we choose pockets based on
patterns in local return predictability while recession R2 values are instead based on an (exoge-
nous) economic indicator.

32 Results are shown in Figure IA.2 of the Internet Appendix.
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Pockets of Predictability 1317

J. Pockets in Size and Value Factor Returns

The sticky expectations model discussed further in Section V provides a
mechanism for generating local predictability pockets not only in aggregate
market returns, but also in factor dynamics. We therefore next explore whether
local predictability pockets can be identified in the returns on the SMB and
HML Fama-French factors. These data, obtained from Ken French’s website,
are available over the same sample as the excess return and dividend-price
ratio data, going back to November 4, 1926.

For the SMB series, the fraction of the sample spent inside pockets ranges
between 0.24 (term spread model) and 0.35 (dp ratio). These values are some-
what higher than those found for the market return series, as is reflected in a
longer mean duration ranging from 255 days (term spread) to 332 days (T-bill
rate). The IR2 values are also higher for this spread portfolio compared to the
market, with mean values ranging from 3.78 (term spread) to 6.31 (realized
variance).

Similar findings obtain for the value-growth return series (HML). Pockets
take up a fraction of the sample for this series that ranges from 0.25 (realized
variance) to 0.34 (term spread), with mean durations ranging from 232 days
(realized variance) to 384 days (term spread). Average R2 values remain high,
although a little below those found for the SMB series, ranging from 3.13 for
the realized variance predictor to 5.13 for the term spread.33

Table VIII reports performance results for local kernel regressions fitted to
returns on the SMB and HML portfolios. We focus on the unrestricted model
forecasts since it is not clear how to impose sign restrictions on expected return
differentials or the slopes of the predictor variables.

First consider the statistical performance measures (Panel A). For both the
SMB and the HML return series, and across all four predictors, inside pockets
the local kernel regressions generate more accurate out-of-sample return fore-
casts than the prevailing mean, resulting in highly significant CW statistics.
Conversely, the local kernel forecasts tend to be less accurate than the prevail-
ing mean out-of-pocket. In contrast to the results for the market portfolio, the
in-pocket results dominate for the full sample, so we now find significantly bet-
ter full-sample performance for three of four predictors—the exception being
the realized variance.

All multivariate approaches—multivariate kernel, PCA, and combinations—
generate forecasts that are significantly more accurate than the benchmark
both in-pocket and in the full sample, though not during out-of-pocket peri-
ods. The first two combinations continue to be better than the simple equal-
weighted combination (comb3).

For the economic performance measures (Panel B), the alpha estimates are
highly statistically significant, ranging from 2.57% per annum for the term
spread predictor to 3.43% for the realized variance predictor applied to the

33 Figures IA.3 and IA.4 of the Internet Appendix show the pockets identified for the HML and
SMB portfolios. Detailed pocket statistics are provided in Table IA.XIII of the Internet Appendix.
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1318 The Journal of Finance®

Table VIII
Out-of-Sample Measures of Forecasting Performance (Fama-French

Factor Portfolio Excess Returns, Daily)
Panel A reports Clark and West (2007) test statistics for out-of-sample return predictability mea-
sured relative to a prevailing mean forecast. Panel B reports three measures of economic signifi-
cance associated with returns on a portfolio that uses the time-varying coefficient model forecast
in-pocket and the prevailing mean forecast out-of-pocket to allocate between small and big or high
and low (portfolio weights are limited to be between zero and two): the annualized estimated alpha
in percentage points, the t-statistic on the estimated alpha, and the annualized Sharpe ratio of the
portfolio. Significance of the estimated alpha is assessed using a t-statistic estimated using HAC
standard errors. We use a purely backward-looking kernel to compute forecasts. “pc” is a recur-
sively computed first principal component of the four predictor variables. “comb1,” “comb2,” and
“comb3” refer to a simple average of the univariate forecasts. “comb1” sets an individual predic-
tor’s forecast to the time-varying coefficient model forecast during a pocket and to the prevailing
mean otherwise. “comb2” is the same as “comb1” except it ignores individual predictor forecasts
when that variable is not in a pocket but at least one other variable is in a pocket. “comb3” makes
no distinction between pocket and nonpocket periods and always uses the simple equal-weighted
average of all four univariate models. The CW test statistics approximately follow a normal dis-
tribution with positive values indicating more accurate out-of-sample return forecasts than the
prevailing mean benchmark and negative values indicating the opposite. A pocket is classified as
a period in which a fitted squared forecast error differential (estimated using a one-sided kernel
with a one-year effective sample size) is above zero in the preceding period. ∗, ∗∗, and ∗ ∗ ∗ rep-
resent statistical significance at the 10%, 5%, and 1% levels from a hypothesis test of β > 0. †
represents statistical significance at the 10% level from a hypothesis test of β < 0.

Panel A: Clark-West Statistics

SMB HML

Variable Full Sample In-Pocket Out-of-Pocket Full Sample In-Pocket Out-of-Pocket

dp 2.03** 4.75*** 0.55 1.41* 4.49*** −0.91
tbl 1.77** 4.83*** −0.15 1.90** 3.88*** −0.21
tsp 2.83*** 3.58*** 0.42 1.93** 3.83*** −1.49†

rvar 0.89 4.98*** 0.63 −0.10 4.22*** −1.33†

mv 2.97*** 5.94*** 1.90** 2.05** 5.18*** −0.09
pc 3.48*** 3.60*** 1.42* 2.01** 3.35*** −0.74
comb1 5.75*** 6.09*** − 5.46*** 5.63*** −
comb2 4.67*** 4.92*** − 5.33*** 5.47*** −
comb3 2.02** 3.52*** 0.44 1.49* 4.32*** −1.56†

Panel B: Economic Significance

SMB HML

Variable α̂ tα̂ Sharpe Ratio α̂ tα̂ Sharpe Ratio

dp 2.95*** 3.66 0.81 3.29*** 5.13 1.18
tbl 3.35*** 4.44 0.90 2.89*** 4.40 1.07
tsp 2.57*** 4.26 0.96 2.33*** 3.74 0.80
rvar 3.43*** 4.80 1.00 2.97*** 4.28 1.11
mv 3.27*** 4.23 0.85 3.74*** 4.96 0.99
pc 2.43*** 4.07 0.86 1.94*** 3.19 0.74
comb1 5.15*** 6.22 1.34 4.46*** 5.79 1.18
comb2 4.07*** 5.56 1.19 3.87*** 5.50 1.07
comb3 1.18** 2.12 0.45 1.40** 1.87 0.62
pm −0.38 −0.75 0.17 −0.17† −1.55 0.62
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Pockets of Predictability 1319

SMB portfolio and from 2.33% to 3.29% for the term spread and dp predictors
applied to the HML portfolio. The first two forecast combinations boost this
performance by anywhere from 0.6% to 1.8% per annum.34

IV. Pockets and Asset Pricing Models

Having presented our empirical evidence on the existence of local re-
turn predictability, we next use our new measures of pocket charac-
teristics as diagnostics for exploring whether a range of asset pricing
models can generate local return predictability patterns similar to those
found empirically.

A. Overview of Models Selected

Although it is impossible to explore all possible frameworks, we simulate
from four workhorse rational expectations asset pricing models that are rep-
resentative of the dynamics of returns and state variables implied by mod-
els with time-varying risk premia. In all cases, we select versions of these
models that are cast in continuous time (making it easy to simulate daily
data) and employ global solution algorithms that capture potential nonlin-
earities inherent in the models. Despite matching a number of common fea-
tures from the data, the models are quite distinct along a number of dimen-
sions that are representative of different structural explanations of the eq-
uity premium puzzle proposed in the literature. We consider the following
models:

(i) A continuous-time version of the long-run risk model of Bansal and
Yaron (2004), as calibrated by Chen et al. (2009). This model features
investors with Epstein-Zin preferences and two state variables, namely,
the drift in the consumption growth process and a stochastic volatility
process that affects the mean consumption growth process. 35 In the
model, time variation in the risk premium is driven almost exclusively
by stochastic volatility.

(ii) The habit formation model of Campbell and Cochrane (1999), which fea-
tures a single state variable capturing investors’ “habit level” of con-
sumption that generates time-variation in the effective risk aversion.36

34 As in our main analysis of the market portfolio, we impose limits on portfolio weights between
zero and two.

35 Note that we emphasize a calibration that is more similar to the original Bansal and Yaron
(2004) paper. Bansal, Kiku, and Yaron (2012) introduce an alternative calibration in which a larger
fraction of variation is explained by fluctuations in a more persistent stochastic volatility variable
relative to fluctuations in the persistent expected growth component. Although we have not for-
mally conducted simulation exercises for this specification, our existing results suggest that adding
a more persistent risk-premium shifter would strengthen Stambaugh (1999) biases and likely hurt
performance relative to the baseline presented here.
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1320 The Journal of Finance®

Following a sequence of bad shocks, risk aversion and risk premia rise,
lowering asset prices.

(iii) The heterogeneous agents model of Gârleanu and Panageas (2015),
which features two types of agents with different levels of risk aversion
who optimally share claims on the aggregate endowment. The model
features a single state variable that captures the share of wealth owned
by one of the two types of agents. As the share of wealth owned by risk
tolerant agents decreases, risk premia rise, a force that generates excess
volatility of asset prices.

(iv) The rare disaster model of Wachter (2013), which features investors
with Epstein-Zin preferences and a single state variable capturing the
time-varying Poisson arrival rate of a rare disaster, that is, a perma-
nent, large drop in the aggregate endowment.

In Section V of the Internet Appendix, we provide details on how we simu-
late from these models, while Section VI of the Internet Appendix and Table
IA.XIV report a variety of unconditional moment statistics. In addition, Sec-
tion V below presents (and draws similar conclusions from) a reduced-form
present value model in the spirit of Campbell, Lo, and MacKinlay (1997) and
van Binsbergen and Koijen (2010).

In each of these models, it is straightforward to construct proxies for three
of our state variables, namely, the dp ratio, the risk-free rate, and real-
ized volatility of returns. As such, we can draw initial levels of the state
variables, we then simulate daily samples with the same length as our es-
timation sample. With these simulated times series, we compute our out-
of-sample measures of forecasting performance and several associated test
statistics. Consistent with the convention of the rare disaster literature, in
making comparisons with post-war U.S. data, we also conduct a set of sim-
ulations in which we restrict attention to sample paths where no disaster
occurs.

B. Pitfalls of Identifying Short-Horizon Predictability

Given that all quantitative asset pricing models seek to rationalize several
stylized facts from the data, we first develop some intuition for why precisely
these features suggest ex ante that it should be challenging for the canoni-
cal asset pricing models discussed above to generate time-varying short-run
return predictability consistent with what we find empirically.

Specifically, asset pricing models usually seek to match a fairly similar set
of moments observed in the data: (i) dp ratios are stationary but quite per-
sistent and volatile, (ii) discount rates explain a nontrivial fraction of vari-
ation in price-dividend ratios, (iii) risk premia, rather than risk-free rates,
explain more of the variation in discount rates, and (iv) state variables cap-

36 We use the continuous-time version of the calibration from Wachter (2005), which also allows
habit to affect the risk-free interest rate.
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Pockets of Predictability 1321

turing both discount rates and risk premia are usually quite persistent.
The combination of these features implies that returns are predictable, es-
pecially at longer horizons, by the price-dividend ratio, with modest R2 val-
ues over medium-term horizons, consistent with evidence from predictive
regressions.

To understand why the canonical asset pricing models with forward-looking
rational expectations struggle to generate detectable local return predictabil-
ity pockets, suppose there is a spike in risk premia. This could happen be-
cause a persistent state variable shifts and/or because the sensitivity of the
risk premium to the state variable changes in a model with time-varying
parameters. Rational, forward-looking agents will then reduce their valua-
tion of the asset, generating an immediate offsetting effect on realized re-
turns. The resulting pattern with a large negative shock to realized returns
followed by a sequence of slightly elevated returns is exactly what makes
it difficult to detect local return predictability in such models. Further, the
more risk premia move, the more volatile realized returns are likely to be,
increasing estimation errors in local predictive regression coefficients. A fi-
nal concern is the Stambaugh bias because shocks to risk premia may be
correlated with innovations to the key regressors—an effect that can be
particularly strong at the higher (daily) frequency. These effects make lo-
cal return predictability at high frequencies extremely difficult to detect.
Only at longer horizons, as the shock to the persistent risk premium com-
ponent has had time to build up, do we get more power to detect return
predictability.

C. Simulation Results

Building on these observations, Table IX repeats simulation results for the
four asset pricing models using the unrestricted return predictions. For each
performance measure listed in the rows, the columns show the mean, standard
error, and p-value, the latter computed from the proportion of simulations able
to match the sample statistic, which for convenience we present in the left-most
column. Panels A, B, and C report results for the three predictors generated as
part of the asset pricing models, namely, the dp ratio, the risk-free rate, and
the realized variance, respectively.

First consider the statistical performance as captured by the CW statistic.
Across all three predictors, all asset pricing models can match the full-sample
and out-of-pocket accuracy of the local kernel forecasts measured relative to
the prevailing mean. None of the asset pricing models gets close to matching
the in-pocket accuracy of the kernel regression forecasts, however, regardless
of which predictor is used.

Turning to the economic performance measures, the Campbell and Cochrane
(1999) and Gârleanu and Panageas (2015) models struggle to match the alphas
found in the data. The Bansal and Yaron (2004) and Wachter (2013) models are
better able to match alphas for the predictive return regressions that use the
dp ratio, but not so much for those that use the risk-free rate or the realized
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variance predictors. None of the asset pricing models is able to match the alpha
t-statistic in the empirical data, and they only match the Sharpe ratio for the
models that use the dp predictor.37

Taking stock, these results suggest that the presence of local return pre-
dictability pockets poses a challenge in the sense that such patterns cannot
be generated by a range of dynamic asset pricing models spanning a wide
spectrum of modeling assumptions. One might suspect that this is due to
the omission, by such models, of complicating factors such as time-varying
heteroskedasticity or highly persistent predictors whose innovations are cor-
related with shocks to the return process. However, this is unlikely to be the
case here since our earlier simulations of three statistical models incorporates
such features and can not produce return patterns that match the local return
predictability pockets that we find in the data.

It is important to emphasize that we do not preclude the possibility that as-
set pricing models with rational expectations can generate pockets of return
predictability. For instance, one could introduce a moderately persistent vari-
able, st , that affects risk premia and risk-free rates by offsetting amounts, thus
preserving a signal that is potentially useful and avoids the problem of offset-
ting noise. Specifically, a predictor such as the risk-free interest rate could be
a linear combination of low- and high-frequency components, in which case
the projection of returns onto the predictor may be time-varying. Construct-
ing such a model is outside the scope of our current paper, however, and is
therefore left for future research.38

V. Sticky Expectations and Pockets of Predictability

In the previous section, we argue that our empirical findings of local return
predictability pockets pose challenges to a number of workhorse asset pricing
models with time-varying risk premia. In this section, motivated by a rapidly
growing literature at the intersection of macroeconomics and finance, we pro-
pose a model featuring both sluggish adjustment of beliefs, in the spirit of

37 Tables IA.XVI and IA.XVII of the Internet Appendix show that similar results hold for the
return predictions that impose constraints on the sign of the excess return forecasts or restrict the
signs of the slope estimates.

38 Time-variation in intermediaries’ net worth is another possible source of local return pre-
dictability since it could explain why local return predictability is not arbitraged away in states
with only limited access to arbitrage capital. To explore this possibility further, we conducted
simulations from the asset pricing model proposed by Di Tella (2017), which emphasizes interme-
diaries’ balance sheets in a model of optimal risk sharing between intermediaries and households
and provides a mechanism for generating time-varying risk premia. We found that this model
yields results similar to those from the other asset pricing models and does not generate pockets
consistent with what we see in the data. Although the key state variables in the model governing
risk premia are somewhat less persistent in this framework relative to some of the other mod-
els we consider, ultimately we find similar results to Table IX. The key variables fluctuate at
business-cycle frequencies, making it difficult to detect pockets of predictability in time to exploit
them meaningfully out-of-sample via our local kernel approach. The results are shown in Table
IA.XV of the Internet Appendix.
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Pockets of Predictability 1325

“sticky information” models (Mankiw and Reis (2002), Woodford (2003), Sims
(2003), Coibion and Gorodnichenko (2015)) , and departures from market effi-
ciency reflecting tendencies of certain types of information to be incorporated
into asset prices slowly.

Our claim is not that a model with sticky expectations is the only, or even the
most plausible, way to generate return predictability pockets. However, there
are intuitive reasons to expect sticky expectations models to be easier to rec-
oncile with return predictability pockets. Compared to a setup with rational
expectations, sticky expectations models reduce the spikiness in asset prices
after a large shock to the true growth rate of cash flows, which leads to a pre-
dictable drift in realized returns. Instead, the change in price levels is roughly
zero on impact and only gradually reflects the change in valuations associated
with using the correct cash flow growth rate. Further, sticky expectations can
introduce a wedge between agents’ expectations and the true conditional mean
of the cash flow growth rate process. We show that this wedge is correlated
with observable state variables in the sticky expectations model and that, as
this wedge cumulates over time, these state variables can be used in simple
univariate regression models to identify local return predictability.

A. Present Value Model with Sticky Expectations

Following a modeling approach analogous to Bouchaud et al. (2019) and
Gómez-cram (2022), our starting point is a standard log-linearized present
value model of asset prices. We first specify the behavior of cash flows; we then
turn to agents’ beliefs and subjective discount rates. Dividends evolve accord-
ing to the following law of motion under the objective probability distribution:

�dt+1 = μd + zc f,t + εd,t+1, (17)

zc f,t+1 = ρc f zc f,t + εc f,t+1. (18)

Consistent with the reduced-form representation proposed by Bouchaud et al.
(2019) and Coibion and Gorodnichenko (2015), agents have sticky expectations
in the spirit of Mankiw and Reis (2002). Letting Ft denote conditional expecta-
tions under agents’ subjective beliefs at time t, sticky expectations are captured
by

Ft[�dt+1+h] = μd + (1 − λ)Et[zc f,t+h] + λFt−1[�dt+1+h − μd]

= μd + (1 − λ)ρh
c f zc f,t + λρh

c f Ft−1[�dt+1 − μd]. (19)

The basic intuition captured by these models is that agents’ beliefs about
macroeconomic fundamentals are somewhat slow to incorporate new informa-
tion. Forecasts, even those of professional economists, are therefore subject to
predictable biases.
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The state variable zc f,t captures a persistent shifter of expected cash flow
growth, which is not necessarily observable by agents in the model. Given
the substantial debate about the extent to which cash flows are predictable at
medium to long horizons (Cochrane (2008)), it seems plausible that a difficult-
to-estimate variable like expected cash flow growth for the aggregate stock
market might be subject to information rigidities. We allow such a possibility
in the model below, and discipline the magnitude of rigidities on estimates from
microdata. For parsimony, we assume that agents have rational expectations
about all remaining state variables in the model.

Coibion and Gorodnichenko (2015) show that a specification for beliefs like
equation (19) obtains from two distinct microfoundations. The first is a sticky
expectations model in which a measure 1 − λ of agents update their beliefs
about the relevant variable each period. The second is a setting in which zc f,t+1
is unobserved but agents individually observe noisy signals about the state
variable and update beliefs using the Kalman filter. In such a case, consensus
expectations update as a weighted average of the prior and the new signal.39

The parameter λ captures the degree of sluggishness in the extent to which
agents’ expectations update to reflect new information about expected macroe-
conomic fundamentals embedded in the cash flow shock εc f,t . Rational expec-
tations are nested as a special case of (19) when λ = 0; stickiness increases as
λ rises above zero.

To incorporate additional asset pricing dynamics, we introduce exogenous
shifters of subjective risk premia and risk-free rates, which (for simplicity) are
known, not subject to information rigidities, and follow the laws of motion

Ft[rt+1 − r f,t+1] = μrp + zdr,t, (20)

zdr,t+1 = ρdr zdr,t + εdr,t+1, (21)

r f,t+1 = μr f + βr f,dr zdr,t + βr f,c f Ft[�dt+1 − μd] + ztp,t, (22)

ztp,t+1 = ρtp ztp,t + εtp,t+1. (23)

Here, zdr,t allows for a “standard” risk premium channel and follows a ho-
moskedastic AR(1) process. The AR(1) state variable, ztp,t, allows for additional
variables (e.g., time preference shocks) that capture variation in the risk-free
rate, which is independent from expected cash flows and discount rates. These

39 Such a direct interpretation in this context requires that agents do not extract information
from common signals such as consensus forecasts and/or prices (as is assumed to be the case for
a subset of agents in the model of Hong and Stein (1999)). See also Barberis, Shleifer, and Vishny
(1998) and Daniel, Hirshleifer, and Subrahmanyam (1998).
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Pockets of Predictability 1327

variables generate independent variation in valuations, realized returns, and
the risk-free rate. We allow the risk-free interest rate to load on all three state
variables, that is, zdr,t , ztp,t , and subjective expected cash flow growth.

Similar to Katz, Lustig, and Nielsen (2017) and Bouchaud et al. (2019), we
assume that asset prices satisfy an approximate present value identity under
agents’ beliefs.40 We start with the familiar log-linearized present value model,

rt+1 ≈ k + ρ(pt+1 − dt+1) + �dt+1 + (dt − pt ). (24)

Iterating on this approximate accounting identity and taking expectations un-
der agents’ subjective beliefs yields the present value pricing formula

pt − dt = k
1 − ρ

+ Ft

⎡⎣ ∞∑
j=0

ρ j[�dt+1+ j − rt+1+ j]

⎤⎦. (25)

As is well-known in this literature, assuming a pricing formula such as (25) is
not immediate and involves a departure from full rationality since agents fail
to fully incorporate signals—such as information obtainable from local kernel
regressions and equilibrium—that could be used to yield more accurate fore-
casts of expected returns and cash flows.41

Under these assumptions, we obtain by direct computation the valuation
formula

pt − dt = k
1 − ρ

+ μd − μr f − μrp

1 − ρ
+ 1 − βr f,c f

1 − ρ · ρc f
Ft[�dt+1 − μd]

− 1 + βr f,dr

1 − ρ · ρdr
zdr,t − 1

1 − ρ · ρtp
ztp,t, (26)

which we can use to simulate returns under the objective law of motion given
the state variables.

B. Subjective and Objective Return Predictability

Next, we consider sources of return predictability in the sticky expectations
model. Supposing that all state variables were observed, the expected excess

40 See also De La O and Myers (2021) and Gómez-cram (2022), who make the same assumption.
41 Note that we are implicitly assuming that asset prices reflect “consensus” expectations about

cash flows of a set of behavioral agents. As noted by Bouchaud et al. (2019), one could poten-
tially introduce a more complicated equilibrium involving interactions between boundedly ratio-
nal agents with sticky expectations and more sophisticated agents with more accurate beliefs but
capital constraints. Consistent with their approach, we do not pursue such an extension here, but
we conjecture that it would likely result in similar qualitative dynamics as our simpler specifica-
tion, albeit attenuated quantitatively toward the rational expectations benchmark. Further, given
that our model features a distortion in beliefs about aggregate cash flows, any strategy of the so-
phisticated agents would be impossible to implement without facing an exposure to substantial
nondiversifiable risk. See also Angeletos and Huo (2021) for a more explicit treatment of these
issues in a related class of models.
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1328 The Journal of Finance®

return under the objective measure satisfies

Et[rt+1 − r f,t+1] = μr + zdr,t +
[

1 + (1 − βr f,c f )ρρc f (1 − λ)
1 − ρ · ρc f

](
zc f,t − Ft[�dt+1 − μd]

)
.

(27)
The first term zdr,t captures a standard component associated with agents’ sub-
jective risk premium, as in a standard present value model. When agents do
not have rational expectations (λ �= 0), there is a second term that captures
the wedge between the objective forecast an econometrician would make if zc f,t
were known and the agent’s forecast of the risk premium, which is the sum
of two components. First, if zc f,t exceeds agents’ subjective expectation of divi-
dend growth, cash flows will tend to surprise in the positive direction. Second,
as beliefs about future growth rates gradually mean-revert toward the true
expectation (agents become more optimistic), the price-dividend ratio will also
continue to drift upward. 42

By iterative substitution of the state dynamics above, we obtain a Wold de-
composition for the difference between subjective and objective expectations of
dividend growth:

zc f,t − Ft[�dt+1 − μd] =
∞∑
j=0

[
ρ

j
c f︸︷︷︸

Rational expectations

MA(∞)coefficient

− ρ
j
c f (1 − λ j+1)︸ ︷︷ ︸

Sticky expectations

MA(∞)coefficient

]
εc f,t− j

=
∞∑
j=0

ρ
j
c f λ

j+1εc f,t− j. (28)

This term is an exponentially weighted moving average of recent shocks to
expected cash flow growth, which reflects the sluggish response of beliefs to
persistent cash flow information. Estimates of λ from the literature suggest
that sluggishness of beliefs is considerably lower than persistence of expected
macroeconomic growth rates. This means that the leading term is λ j+1 and this
term depends mostly on fairly recent shocks, adding a high-frequency compo-
nent to expected returns.

Return innovations relative to subjective risk premia (rt+1 − μr − zdr,t) there-
fore display “local momentum.” Each return is a noisy signal of the geometric
sum in equation (28), so returns will tend to positively comove (even after net-
ting out subjective risk premia) at short horizons. This point can be made more
formally by writing the model in state-space form,

zc f,t+1 − Ft+1[�dt+2 − μd] ≡ ϑt+1 = ρc f λ ϑt + λ εc f,t+1,

rt+1 − r f,t+1 = μr + zdr,t +
[

1 + (1 − βr f,c f )ρρc f (1 − λ)
1 − ρ · ρc f

]
ϑt + ut+1, (29)

42 In our calibration, 1 − λ is larger than 1 − ρρc f and (1 − βr f,c f )ρ · ρc f is a bit smaller than 1,
so the second term can potentially be quite large (around six in the current calibration).
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Pockets of Predictability 1329

where the residuals ut+1 and εc f,t+1 have a modest positive correlation since
pdt+1 slightly responds to the current cash flow shock εc f,t+1. Supposing for sim-
plicity that zdr,t was observed, to a fairly close approximation the Kalman filter
will imply that an econometrian’s forecast of ϑt is an exponentially weighted
moving average of rt+1 − μr − zdr,t .43 High recent past returns signal that future
returns are likely to stay high over the near term. The constant term from our
local kernel regression involves a weighted moving average of recent data and
thus captures similar features. In our local kernel regressions, recent changes
in state variables play a dual role: (i) they may be correlated with the subjec-
tive risk premium zdr,t , and (ii) they provide informative signals on how beliefs
about cash flows have changed in the recent past. Both forces combine to allow
the econometrician to constructively (though imperfectly) capture an estimate
of ex ante expected returns that is detectable in real time, as we demonstrate
below.44

Low-frequency movements in dpt reflect persistent variation in risk pre-
mia, but also in expected cash flow growth rates and real interest rates,
whereas higher frequency movements reflect revisions in agents’ beliefs that
were unanticipated by agents but lead to predictable movements in valuation
ratios. These factors also affect expected excess returns under the objective
measure with different signs: recent increases in dpt signal the likelihood of
further upward drift over the near term due to sticky expectations, whereas
low-frequency changes in dpt are expected to gradually mean-revert down-
ward. Further, even though our model has homoskedastic shocks for simplic-
ity, since agents’ forecast errors include ϑt , realized variance of returns also
provides a noisy signal about the absolute value of ϑt . Thus, all of the predic-
tive regressions that we consider are misspecified due to omitted variable bias
coming from mismeasured predictors. This creates scope for benefits from us-
ing multivariate forecasts and/or univariate forecast combinations to further
improve performance by controlling for more sources of omitted variable bias
and averaging across different sources of misspecification, respectively.

In principle, local return predictability can arise from both zdr,t and ϑt . In
practice, the latter channel turns out to be far more important than the former
in our simulation exercises.45 The rationale for why a “standard” time-varying
risk premium channel does not go very far is quite similar to that discussed
earlier when explaining the failure of conventional asset pricing models to
match our evidence. Low-frequency movements in state variables that are com-
mon over each fitting window are approximately differenced out in the local
regressions; in contrast, these effects dominate in constant-coefficient specifi-

43 If we ignore the fact that ut+1 and εc f,t+1 have a slight positive correlation, we have a standard
Kalman filtering problem. Given that T is quite large and ρc f λ is fairly far from one, the impact of
initial conditions will dissipate rapidly, and the Kalman gain will converge to a constant.

44 Figure IA.V in Section VII of the Internet Appendix presents impulse responses from large
shocks to zdr,t and zc f,t .

45 To see this more formally, we conduct experiments below where we first subtract zdr,t from re-
turns before conducting our out-of-sample experiments. Performance is quite similar, and actually
slightly better after doing so, a result that is sensible in light of our findings in the previous section.
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1330 The Journal of Finance®

cations. Given the high persistence of zdr,t and the substantial negative corre-
lation between return innovations and changes in zdr,t , the effects of estimation
error more than offset any small potential gains from timing the market using
estimates of the subjective risk premium due to a very low signal-to-noise
ratio and substantial Stambaugh (1999) bias. In contrast, ϑt is considerably
less persistent and the correlations that modulate the degree of Stambaugh
bias are considerably weaker. Accordingly, there is more scope for our methods
to detect pockets of predictability in our sticky expectations framework below.

Specifically, as is clear from (29), expected excess returns under the objec-
tive probability measure are a linear combination of the slow-moving subjec-
tive risk premium zdr,t and the much less persistent belief discrepancy ϑt . In
model simulations illustrated in Figure IA.6 of the Internet Appendix, tak-
ing the risk-free rate as an example, we find that pockets of predictability are
particularly likely to occur shortly (two to three months) after periods in which
|ϑt| is large, that is, periods in which a larger fraction of expected excess return
variation is explained by the high-frequency belief component. In contrast, the
state variable capturing the rational risk premium zdr,t is essentially uncorre-
lated with the pocket dummy. Related, the time-series correlation between the
risk-free rate and ϑt as well as the predictive coefficient on the risk-free rate
both tend to be larger in absolute value inside pockets. In other words, more
of the variation in the state variables reflects changes in the high-frequency
component, which makes it easier to capture return predictability using our
local regressions.46

C. Quantitative Assessment

We next simulate from our calibrated model with sticky expectations and re-
peat our empirical exercises using model-generated data. In these simulations,
we carefully fix the parameters of the sticky expectations model to match mo-
ments of the data such as the annualized sample means of dividend growth,
the risk-free rate, and expected returns.

Although Section VIII of the Internet Appendix provides further details
about how we calibrate our model, it is important to note what is not tar-
geted in these calibrations. The central stickiness parameter is fixed ex ante
using the empirical estimates of Coibion and Gorodnichenko (2015) so that
λ = 0.34/252 ≈ 0.981. In other words, we deliberately fix the degree of informa-
tion rigidity based on estimates from the literature, and the asset pricing mo-
ments selected are fairly standard—as such, they are not explicitly tied to any
evidence related to pockets of predictability. We therefore view our examina-
tion of the model’s ability (or lack thereof) to match evidence related to pockets
as a nontargeted validation test of the model.

46 In addition, the properties of expected returns and the covariance between returns and lagged
predictors change in a direction that is favorable for detecting predictability during periods in
which true expected cash flow growth rates recently changed substantially (high |ϑt |). Our local
kernel regression forecasts, by adapting to these changing covariances, are able to detect a mean-
ingful level of out-of-sample predictability.
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Pockets of Predictability 1331

As additional points of comparison, we consider two alternative models. The
first is a rational expectations version of our model with the same true cash
flow dynamics but no information rigidities (λ = 0). The second is a rational
expectations model whose parameters are recalibrated with λ = 0. Since the
effects of sticky expectations on unconditional asset pricing moments are fairly
modest, these recalibrated parameters are similar to those from our base-
line model.

We summarize the results from these experiments in Table X, using a for-
mat similar to above with different columns corresponding to different asset
pricing models. The first column includes our benchmark sticky expectations
model, while the next two columns include the two calibrations of analogous
rational expectations models as described above. Each block of results presents
CW statistics—computed overall, in-pocket, and out-of-pocket—as well as per-
formance measures from our market-timing regressions. The top three panels
present results for the individual predictor variable followed by results from
the multivariate kernel specification and the three forecast combinations.

In stark contrast to the asset pricing models considered in Table IX, as well
as the rational expectations versions of our model with similar cash flow and
subjective discount rate dynamics, the model with sticky expectations is capa-
ble of replicating a number of the patterns observed in the data. Local predic-
tive regressions are consistently capable of detecting meaningful out-of-sample
predictability, especially in-pocket, whereas they struggle outside of pockets.
Across specifications, CW t -statistics are consistently highest (and higher
than full-sample coefficients) inside pockets, though full-sample t-statistics are
somewhat higher than in the data. The latter feature likely reflects the fact
that shocks are Gaussian in the model, so the tendency to overfit large realized
return shocks in our simulated samples is more muted relative to the data. 47

The bottom panels of Table X show that the multivariate kernel specification
and forecast combinations also work well, in line with the intuition discussed
above, with combination forecasts further benefitting from reductions in esti-
mation error due to overfitting.

The middle and right panels of Table X illustrate that the ability to detect
pockets of predictability via our local kernel approach does not transfer to the
calibrated models with rational expectations. Analogous to the simulation ex-
ercises from the asset pricing models from Table IX, estimation error swamps
any ability to reliably exploit information from our time-varying forecasts de-
spite the fact that returns are predictable by zrp,t . This result obtains in part
because our state variables do not perfectly reveal zrp,t , but the dominant force
is parameter estimation error.

Consistent with our results on the CW statistics, simulated market-timing
regressions indicate that an investor could meaningfully improve her Sharpe

47 In the model, we could easily replicate these features by introducing jumps in zrp,t+1, ztp,t+1,
and/or εd,t+1, but we elected not to introduce these extra parameters in the interest of parsimony.
Related, the absence of large jumps likely reduces jumps in realized volatility and likely improves
its performance as a predictor relative to the empirical application.
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1332 The Journal of Finance®

Table X
Sticky Expectations Model Simulation Results

This table reports Monte Carlo results for the one-sided kernel empirical results using simulated
data from the sticky expectations model. We generate 500 bootstrap samples of the same sample
size as is available for each predictor in the data for three separate calibrations. “Baseline” refers
to the standard calibration with sticky expectations, “Baseline (λ = 0)” refers to the “Baseline” cal-
ibration but with rational expectations (i.e., λ = 0), and “RE Recalibrated” refers to a recalibration
of the rational expectations model to match the target moments. “dp” refers to the log dividend-
price ratio, “rf” refers to the log risk-free rate, and “rvar” refers to realized variance on a 60-day
trailing window. A pocket is classified as a period in which a fitted (using a one-sided kernel with
a one-year effective sample size) squared forecast error differential is above zero in the preceding
period. For each predictor and each calibration, we report six statistics. The first three are Clark
and West (2007) t-statistics relative to a prevailing mean benchmark in the full sample, in-pocket,
and out-of-pocket. The second three are economic statistics associated with returns on a portfolio
that uses the time-varying coefficient model forecast in-pocket and the prevailing mean forecast
out-of-pocket to allocate between the risk-free asset and the market (portfolio weights are limited
to be between zero and two): the annualized estimated alpha in percentage points, the HAC t-
statistic associated with that alpha, and the annualized Sharpe ratio of the portfolio. The column
“Data” reports the corresponding statistics from the data for reference.

Baseline Baseline (λ = 0) RE Recalibrated

Stats Data Avg. SE p-Value Avg. SE p-Value Avg. SE p-Value

dp

CWfs −0.74 1.43 1.21 0.09 0.13 1.01 0.40 0.26 1.02 0.34
CWip 3.00 2.39 1.12 0.59 0.00 0.93 0.00 0.03 1.01 0.01
CWoop −1.62 −0.65 1.03 0.36 0.15 1.01 0.10 0.28 0.98 0.07
α 1.69 1.09 1.62 0.71 0.02 1.92 0.40 0.22 1.44 0.32
tα 2.10 0.79 1.19 0.28 0.01 0.99 0.05 0.16 1.01 0.07
SR 0.47 0.50 0.18 0.87 0.33 0.12 0.26 0.43 0.11 0.74

rf

CWfs 0.68 3.01 1.05 0.04 −0.17 1.04 0.42 −0.31 1.02 0.34
CWip 3.28 3.54 1.06 0.81 −0.15 0.99 0.00 −0.28 0.99 0.00
CWoop −1.58 0.42 1.08 0.08 −0.13 1.09 0.20 −0.18 1.06 0.20
α 3.57 3.70 1.58 0.93 −0.49 2.03 0.06 −0.53 1.45 0.01
tα 4.35 2.62 1.06 0.12 −0.27 1.04 0.00 −0.38 1.02 0.00
SR 0.79 0.62 0.18 0.37 0.33 0.13 0.00 0.43 0.12 0.01

rvar

CWfs −1.49 2.23 1.05 0.00 −0.20 0.98 0.21 −0.45 0.98 0.30
CWip 2.88 2.99 1.10 0.92 −0.14 1.02 0.01 −0.36 0.98 0.00
CWoop −1.77 −0.08 1.01 0.11 −0.17 1.00 0.13 −0.30 1.00 0.16
α 2.31 2.65 1.52 0.83 −0.65 1.95 0.15 −0.79 1.40 0.04
tα 3.63 1.87 1.05 0.11 −0.34 0.99 0.00 −0.56 0.98 0.00
SR 0.68 0.56 0.18 0.51 0.33 0.13 0.01 0.44 0.12 0.05

comb1

CWfs −4.48 3.47 1.00 0.00 −0.13 0.95 0.00 −0.29 0.97 0.00
CWip 4.57 3.51 1.03 0.32 −0.13 0.95 0.00 −0.29 0.97 0.00
CWoop − −0.01 0.96 − 0.02 0.97 0.98 0.01 0.99 0.99

(Continued)
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Pockets of Predictability 1333

Table X—Continued

Baseline Baseline (λ = 0) RE Recalibrated

Stats Data Avg. SE p-Value Avg. SE p-Value Avg. SE p-Value

α 6.38 4.06 1.47 0.13 −0.46 1.65 0.00 −0.44 1.16 0.00
tα 6.11 3.25 1.05 0.01 −0.27 0.94 0.77 −0.37 0.95 0.70
SR 1.00 0.69 0.18 0.11 0.33 0.13 0.00 0.43 0.12 0.00

comb2

CWfs 4.94 3.62 1.11 0.25 −0.06 0.95 0.00 −0.18 0.97 0.00
CWip 5.04 3.62 1.11 0.22 −0.06 0.95 0.00 −0.18 0.97 0.00
CWoop − 3.62 1.11 − −0.06 0.95 0.95 −0.18 0.97 0.86
α 6.10 5.67 2.05 0.84 −0.37 2.22 0.01 −0.39 1.65 0.00
tα 5.66 3.27 1.12 0.05 −0.16 0.94 0.87 −0.23 0.96 0.81
SR 0.87 0.78 0.20 0.65 0.33 0.13 0.00 0.44 0.12 0.00

comb3

CWfs −1.03 2.73 1.07 0.00 −0.09 1.00 0.36 −0.20 0.97 0.41
CWip 2.32 3.38 1.10 0.35 −0.11 1.02 0.03 −0.22 0.99 0.02
CWoop −2.12 −0.57 1.09 0.17 0.00 0.99 0.05 −0.05 0.99 0.05
α 0.76 3.21 1.60 0.14 −0.47 1.96 0.54 −0.41 1.39 0.41
tα 1.32 2.25 1.08 0.40 −0.24 0.99 0.81 −0.30 0.97 0.76
SR 0.43 0.59 0.18 0.39 0.33 0.13 0.43 0.43 0.11 0.99

mv

CWfs −0.99 2.21 1.10 0.01 0.12 1.06 0.31 0.12 1.06 0.31
CWip 3.74 2.76 1.12 0.39 −0.02 0.98 0.00 −0.02 0.98 0.00
CWoop −1.49 0.32 1.00 0.09 0.15 1.05 0.13 0.15 1.05 0.13
α 2.59 2.49 1.61 0.95 0.12 2.02 0.24 0.12 2.02 0.24
tα 3.37 1.78 1.13 0.18 0.07 1.03 0.95 0.07 1.03 0.95
SR 0.58 0.56 0.18 0.89 0.33 0.12 0.06 0.33 0.12 0.06

ratio by adjusting her weights on the market using our local kernel approach.
These results obtain across all predictors we consider, and we again find
that combination and multivariate approaches work well. However, while our
timing strategy generates nontrivial improvements in the Sharpe ratio, such
a strategy remains subject to considerable risk. In contrast, market-timing
alpha estimates are consistently negative across all specifications in the ratio-
nal expectations models, despite the fact that the underlying models feature
time-varying risk premia.

Further examination shows that the full-sample regression coefficients of
excess returns on the log price-dividend ratio (pd)and the risk-free rate are
both almost identical for the sticky and rational expectations models, suggest-
ing that the long-run return predictability patterns are similar in these types
of models. Accordingly, our results are not incompatible with evidence already
established with constant coefficient specifications.
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1334 The Journal of Finance®

Moreover, the overall degree of “mispricing” is fairly modest in this economy.
To see this, we can decompose Var[pdt] into the sum of three pieces, namely, the
variance of the price that would obtain under the rational expectations beliefs,
Var[pd∗

t ], the variance of the difference between the observed price-dividend
ratio and this “correct” one, Var[pdt − pd∗

t ], and two times the covariance be-
tween the two terms, 2 Cov[pd∗

t , pdt − pd∗
t ]. We find that

1 = Var[pdt]
Var[pdt]

= Var[pd∗
t ]

Var[pdt]︸ ︷︷ ︸
1.0261 in model

+ Var[pdt − pd∗
t ]

Var[pdt]︸ ︷︷ ︸
0.0098 in model

+ 2 Cov[pd∗
t , pdt − pd∗

t ]
Var[pdt]︸ ︷︷ ︸

−0.0358 in model

. (30)

The observed price-dividend ratio thus tracks the “true” one fairly closely over-
all. The variance of the true price-dividend component pd∗

t is more than 100
times larger than the variance of the “pricing error” pdt − pd∗

t component,
which indicates that these two variables are quite similar at low frequencies.
However, the two can deviate by nontrivial amounts at higher frequencies.

Intriguingly, one might have thought that there is a tension between the
evidence suggesting that return predictability is elusive, almost nonexistent,
and/or fragile at high frequencies and the evidence/theoretical work on funda-
mental drivers of fluctuations in asset prices at lower frequencies. Our model
suggests that this is not necessarily the case. Small, high-frequency discrepan-
cies in price levels related to behavioral biases/information frictions can inject
considerable noise into short-horizon risk premium estimates without invali-
dating the insights we glean about predictability at longer horizons from mod-
els with rational, low-frequency fluctuations in risk premia.

Finally, while we do not explicitly introduce a cross-section of different as-
sets to be priced here, an extension to different assets with cash flow growth
rates that load differentially on our aggregate state variables is straightfor-
ward. Although we do not perform a quantitative assessment, such an exten-
sion can easily match the market-timing results that we obtain for the size
and value portfolios in Table VIII qualitatively. This is because the sticky ex-
pectations model quite naturally generates factor momentum, which is an im-
portant component of the overall return to momentum strategies (Moskowitz,
Ooi, and Pedersen (2012), Ehsani and Linnainmaa (2022)). In our sticky expec-
tations model, due to the sluggish incorporation of news about fundamentals
into prices, stocks (and factors) whose prices have recently increased are likely
to continue to drift upward. Intriguingly, Ehsani and Linnainmaa (2022) find
that factor momentum is particularly concentrated in factors that explain the
largest share of variation in the cross-section of realized returns, that is, in
portfolios that contain substantial macro information. Thus, sluggish incorpo-
ration of macro news into agents’ information sets could plausibly be connected
to patterns of factor momentum in the data.48

48 Moreover, to the extent that sluggish incorporation of information, especially aggregate infor-
mation, into beliefs is a general feature of how agents process information about future aggregate
payoffs, it is somewhat less surprising to find that momentum appears across a wide variety of
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D. Direct Evidence on the Mechanism

Finally, we provide some direct evidence that links the expected return fore-
casts used in our market-timing strategy and measures of biases in the beliefs
of professional forecasters. Specifically, we use the original data considered by
Coibion and Gorodnichenko (2015). These data include a measure of the fore-
cast errors made by forecasters in various longitudinal surveys. 49 Consistent
with the analysis in section III of their paper, we focus on the quarterly sub-
sample of forecasts from the Survey of Professional Forecasters (SPF). Specifi-
cally, Coibion and Gorodnichenko (2015) compute xq+h − Ftq [xq+h] for several
macroeconomic variables xq and at various forecast horizons h ≥ 0, where
Ftq [xq+h] is the consensus forecast for quarter q as of date tq.50

Under rational expectations, forecast errors as defined above should be or-
thogonal to any information that was available as of time tq. Given that the
information contained in our expected return forecasts from prior to tq would
have been available by the time at which the survey was conducted, our fore-
casts should be uncorrelated with these forecast errors. In our theoretical
model, these forecast errors would map into unexpected cash flow shocks and
in turn realized return surprises from the perspective of agents with sticky ex-
pectations. Since direct forecasts of dividend growth are not available, we con-
sider three choices for the variable x, all of which capture information about the
business cycle: real GDP growth gy, the unemployment rate ue (in percentage
points), and real industrial production growth ip. Under sticky expectations,
we would expect to see a positive correlation between our return forecasts and
forecast errors in procyclical variables like gy and ip and a negative correlation
with the countercyclical variable ue.

For each variable and each consensus forecast date, we compute an average
of quarterly forecast errors at multiple horizons h ∈ {0, 4} as follows:

ε̂x,tq ≡ 1
5

4∑
h=0

xq+h − Ftqxq+h, (31)

where tq refers to the time at which the forecast is formed, and Ftqxq+h are
h-period-ahead forecasts from the SPF formed at time tq of the quarterly vari-
able x. We then study the correlation between ex ante return forecasts from
our time-varying coefficient models and ε̂x,tq , using forecasts from both the uni-
variate and multivariate models that switch to the prevailing mean forecast
outside of ex ante identified pockets. We convert Coibion-Gorodnichenko fore-

asset classes (Asness, Moskowitz, and Pedersen (2013)) and that momentum strategies might co-
move. Provided that recent winners include stocks who load disproportionately on macroeconomic
factors about which agents were revising beliefs most aggressively, they will also tend to fall the
most if these revisions in beliefs turn out to be incorrect. Such a phenomenon could generate mo-
mentum crashes around business-cycle turning points (Daniel and Moskowitz (2016)).

49 Data are available from https://www.aeaweb.org/articles?id=10.1257/aer.20110306.
50 Note that h = 0 corresponds to a “nowcast” of a quarterly variable produced during the middle

of the current quarter, the time at which the survey is administered.
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Figure 3. Correlation of Coibion-Gorodnichenko forecast errors with excess return
forecasts. This figure shows correlations between forecast errors of three macroeconomic vari-
ables from the Survey of Professional Forecasters (SPF) and excess return forecasts from our time-
varying coefficient models. The three sets of bar graphs correspond to forecast errors for real GDP
growth (gy), the unemployment rate (ue), and real industrial production growth (ip). The height of
the nine colored bars represents correlations of those forecast errors with the excess return fore-
casts from our time-varying predictor models. Each bar is bracketed by a 95% confidence interval
computed using HAC standard errors. Since the SPF respondents send in their forecasts in the
middle of each quarter, we only use excess return forecasts from the first month of each quarter to
make the information sets consistent. (Color figure can be viewed at wileyonlinelibrary.com)

cast errors to a daily frequency by setting ε̂t = ε̂tq for all days t in quarter q.
Because respondents to the SPF send in their forecasts around the middle of
each quarter, to avoid possible look-ahead bias we only use return forecasts
from the first month of each quarter when estimating these correlations.51 We
then estimate correlations between r̂t|t−1 and ε̂t and compute Newey-West stan-
dard errors using a rule-of-thumb bandwidth.

Our estimated correlations and 95% standard error bands are reported in
Figure 3, which contains three groupings of 10 bars. Each grouping corre-
sponds to the forecast errors of one of the variables from Coibion and Gorod-
nichenko (2015). Each of the nine bars corresponds to a model for forecasting
excess returns, and the height of each bar corresponds to the correlation be-
tween these forecasts and the forecast errors. Consistent with our proposed
sticky expectations mechanism, we find a robust empirical link between our
expected return forecasts and future forecast errors. For instance, forecasts
based on the T-bill rate have a correlation of around 50% with future forecast
errors. Although signs are consistent across all specifications, the correlations

51 As an additional robustness check, we lead the forecast errors by one additional quarter and
repeat the analysis. These correlations, which are reported in Figure IA.7 of the Internet Appendix,
are similar in terms of signs and statistical significance but are somewhat attenuated toward zero.
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are weaker for the multivariate kernel model and stronger for the three fore-
cast combinations.

As a final observation, pockets tend to be periods of time in which ϑt is large
in absolute value. Since both rt and rt−1 have components that are linear in ϑt
and ϑt−1, respectively, autocorrelation tends to be larger inside versus outside
of pockets. We see exactly this pattern in Table IA.I of the Internet Appendix,
especially for predictors other than dp.

In conclusion, while the models with rational expectations do not match our
evidence related to short-horizon return predictability, a simple model with
sticky expectations can account for our evidence both qualitatively and quanti-
tatively. Further, the expectations data in this setting provide direct evidence
showing that our ex ante return forecasts explain a nontrivial amount of pre-
dictable variation in professional forecasters’ expectation errors.

VI. Conclusion

We develop a nonparametric kernel regression approach to detect pockets
with local predictability of stock returns. Our out-of-sample approach uses
real-time information to monitor for improvements in the accuracy of return
forecasts from the local kernel regression model relative to a benchmark no-
predictability model. Empirically, we find evidence that while stock returns
are unpredictable the vast majority of the time, there are relatively short-
lived pockets in which stock returns can be predicted. Moreover, such out-of-
sample return predictability is sufficiently large to be exploitable for economic
gains, particularly if used in conjunction with economic constraints on the re-
turn forecasts or forecast combination methods that incorporate information
on which models identify local pockets at a given point in time.

To explore possible sources of return predictability, we simulate returns from
a range of statistical models that incorporate features such as highly persis-
tent predictors, time-varying heteroskedasticity, and Stambaugh (1999) bias.
We also simulate returns from a set of workhorse asset pricing models repre-
sentative of the dynamics of returns and state variables consistent with time-
varying risk premia. Both types of models fail to match the empirical evidence
of in-pocket return predictability and its implications for the investment per-
formance of a simple dynamic trading strategy set up to exploit pockets with
return predictability.

Building on recent papers such as Bouchaud et al. (2019), we finally develop
a simple asset pricing model in which agents have sticky expectations about
future cash flow growth. Our model, which nests rational expectations as a spe-
cial case, allows for a wedge to form between agents’ subjective expectations
and forecasts computed under the true cash flow process. For some sequences
of shocks to the underlying state variables, this gives rise to local return pre-
dictability. We show how this can be captured through familiar state variables
such as the dividend-price ratio, the risk-free rate, and realized return volatil-
ity, and we also demonstrate why strategies such as forecast combination can
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be expected to improve forecast accuracy as has been documented in studies
such as Rapach, Strauss, and Zhou (2010).
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