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Parameter Uncertainty, Financial Turbulence and

Aggregate Stock Returns

Abstract

We develop a novel, intuitive and objective measure of time-varying param-
eter uncertainty (PU) based on a simple statistical test. Plugging this measure
into the model of portfolio selection with parameter uncertainty of Garlappi et
al. (2007), it outperforms all other predictors of the equity premium, including
the strongest known predictor(s) to date. A simple trading strategy based on PU
generates an annual certainty equivalent return of 6.44% in the 1990-2015 pe-
riod. Additionally, PU is the only predictor to fulfill all the criteria of Welch and

Goyal (2008). Our results are robust to a large variety of different specifications.

Keywords: parameter uncertainty; aggregate investor behavior; equity risk premium;
predictive regression; out-of-sample predictability; asset allocation; financial turbu-
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1 Introduction

A considerable amount of papers is concerned with the difficulty of estimating param-
eters for the implementation of optimal portfolio rules. Due to the very short available
timeseries of returns in relation to the number of assets' the literature often finds that
it is better not to estimate (all) parameters and invest using heuristic portfolios rules,
such as an equal weighting of assets.? And even if one reliably estimates such parame-
ters, “financial markets often change their behavior abruptly” which might change “the
mean, volatility, and correlation patterns in stock returns [. . .| dramatically” (Ang and

Timmermann, 2012).

In this paper we will not deal with the question whether and how to reliably estimate
parameters, but to judge how well estimated parameters fit to current market condi-
tions. To this point, we suggest a novel, intuitive and objective measure to capture
such “uncertainty of parameter estimates” (PU) based on a multivariate extension of
a simple t-test applied to a variety of market cross-sections (Fama-French-portfolios).
The measure implies that parameter uncertainty will increase (decrease) when recent
returns within the portfolios deviate more (less) from their estimated means given
their estimated covariances.®> As this measure perfectly fits to the model of portfolio
selection under parameter uncertainty of Garlappi, Uppal, and Wang (2007) (hence-
forth GUW), we employ their model in a second step to capture the possible reaction
of investors with aversion to parameter uncertainty. It implies that such investors
reduce their allocation to risky assets given elevated levels of PU.* We verify this be-
havior by showing that the combination of model and PU creates the best predictor of
aggregate stock returns within a large set of commonly employed predictors in a very
competitive setting. This holds true in-sample as well as out-of-sample, for economic

applications as well as a large variety of robustness checks.

Our measure PU is related to, but extends the measure of financial turbulence of
Kritzman and Li (2010)° by taking into account a larger number of recent returns and
being based on cross-sectional partitions of the entire market rather than a variety of

(heuristically selected) asset class indices. We first demonstrate that PU has a strong

'De Miguel and Nogales (2009) give many examples for the necessary time dimension using different
estimators, portfolio constraints and optimization rules

2The 1/n portfolio rule was advocated by (De Miguel et al., 2009b). Other, more sophisticated
models deal with the uncertainty of parameters by arguing for adapted portfolio rules that take this
uncertainty into account (e.g., Kan and Zhou, 2007; De Miguel et al., 2009a).

3The goodness of fit of currently observed returns to (historical) parameter estimates is evaluated using
a Hotelling (1931) T-test. Such fitting tests are used in quality and process control (for an overview
of methods, see Makis, 2008), portfolio monitoring (e.g., Bodnar, 2009) and for the surveillance of
portfolio input parameters (e.g., Bodnar, 2007; Bodnar and Schmid, 2007; Bodnar et al., 2009).

4This result is not available in the published version of their paper but can be found in Kan and Zhou
(2007, eq. 56).

SWhich has been shown to indicate periods of high risk, illiquidity and devalued risky assets



negative correlation with future aggregate returns, making it an ideal candidate for
the prediction of the equity premium. Second, we show that in combination with
the model of GUW a rise in PU predicts a strong decline in aggregate stock returns
very well in-sample (R?¢ = 2.29) and out-of-sample (R%4 = 2.30) on a monthly
horizon. It outperforms a large set of popular and less popular predictors, including
the short interest index of Rapach et al. (aka “the strongest known predictor” to
date 2016) (R?y = 1.47 and R%¢ = 1.45) and the financial uncertainty index of
Ludvigson et al. (2017) (R34 = 1.79 and R3¢ = 2.14), and performs very well for
horizons up to one year. It is also robust to the market partition (the particular
selection of Fama-French portfolios), the estimation time horizon, the number of recent
returns employed and economically outperforms all other tested variables with annual
certainty-equivalent return (CER) gains of 6.44% for a mean-variance investor with
a risk-aversion coefficient of three. We additionally show that no other predictor
encompasses PU on short predictive horizons. Finally, we highlight that PU produces
a predictor of the equity premium that uniquely fulfills all of Welch and Goyal’s
criteria, as is typically expected of a predictor of the equity premium. We use a
dataset similar to that employed by Rapach et al. (2016) to help us relate our results

to the “strongest known predictor of aggregate stock returns” and avoid data snooping.

To the best of our knowledge, this is the first paper to develop a measure of time-
varying parameter uncertainty and to subsequently employ it - by using the portfolio
selection framework of GUW - to predict aggregate stock returns.® Our results can
therefore be seen as evidence that their model very well describes the aggregate be-
havior of investors with an aversion to parameter uncertainty. Our work also allows
for an endogenous determination of the ‘level of confidence’- parameter in the GUW
model, a crucial input on which (to the best of our knowledge) the literature” has not

(yet) given any guidance.

We additionally contribute to the literature in several ways: First, as will be shown in
Section 2.2, our measure closely relates to the literature on time-varying risk aversion
(cf. Guiso et al., 2013), which according to Li (2007) similarly has a countercyclical
relationship with the equity risk premium but does not predict future stock market
returns at all (Henkel et al., 2011). A corresponding stream of papers uses time-varying
ambiguity aversion (Miao et al., 2012) to explain the variance risk premium (VRP) of
Bollerslev et al. (2009), which is also well known to predict aggregate stock returns.
While GUW use the terms “ambiguity” and “parameter uncertainty” interchangeably,
PU is uncorrelated with the VRP. To relate the predictive power of PU to the VRP,

we additionally conduct our experiments for a shorter time horizon.

6Dangl and Weissensteiner (2017) employ their model to investigate the impact of predictability on
the long-term asset allocation of investors who are averse to parameter uncertainty (ambiguity).
“As of May 2018, their paper has 528 citations according to Google scholar.



Second, as we capture the impact of time-varying PU on the stock market through
the behavior of investors with an aversion to PU, our work also relates to behavioral
factors that produce and predict predict movements in the stock markets. These
are, for example, measures of investor sentiment as developed by Baker and Wurgler
(2006) and return over-extrapolation as described by Greenwood and Shleifer (2014).
Regarding the index of investor sentiment, we only find a very low correlation with PU,
and including it in our predictive regression framework yields only weak predictability
according to the findings of Stambaugh et al. (2014). The link to investors that over-
weigh recent returns in the estimation of expected returns is given through the nature
of our measure, but essentially PU is very different from the idea of over-extrapolation.
Nonetheless, We include a measure of return over-extrapolation® into our framework,
but only find a very weak correlation with PU and an almost nonexistent predictive

ability.

Third, as PU is essentially a measure derived from a cross-section of stock returns, it
also relates to other cross-sectional measures that are known to predict stock returns,
such as cross-sectional moments (Maio, 2016; Stockl and Kaiser, 2016). In fact, Maio’s
measure of cross-sectional volatility (CSV) correlates with PU at 0.69, which is why
we include it in a more thorough analysis below. We find competitive predictive power

for CSV only at longer horizons.

Fourth, due to the construction of PU in relating recent returns to longer horizon
estimates, our work also connects to the literature on stock market predictability
using technical indicators (Neely et al., 2014). In this sense, their best-performing
indicator — which relates two- to 12-month moving averages (MAj;5) — is related to
PU, which relates recent returns to their (long-term) historical means. We also find
an above-average correlation with PU and confirm its (only weak) predictive ability

in our detailed analysis below.

Finally, PU relates to other measures of macroeconomic, real and financial uncertainty
such as those recently developed by Jurado et al. (2015) and Ludvigson et al. (2017).
Specifically, their measure of financial uncertainty is (partly) based on the same cross-
section of equity portfolio returns and correlates highly with PU. Therefore, we also
include it in our more detailed analysis below. We find some competitive predictive

power at shorter horizons.

8 A monthly exponentially weighted moving average (EWMA), where, to determine appropriate pa-
rameters, we conduct a numerical experiment in which we relate the EWMA given the values of
Cassella and Gulen (2017, annual g = 0.06, o = 0.16 and A = 0.51) for 60 quarterly returns to 120
monthly returns (to better match our data) and subsequently employ a value of Ayontnly ~ 0.80.

9Bali et al. (2017) show that stocks with low exposure to economic uncertainty significantly outperform
stocks with positive uncertainty exposure.



In the following Section 2, we will first motivate our measure of PU, contextualize
it in the literature, explain the model of Garlappi et al. (2007) and then link the
two. In Section 3 we describe the data and variables in detail. Next, in Section 4,
we will use the framework of Welch and Goyal (2008) in the setting of Rapach et al.
(2016) to research the in- and out-of-sample predictive performance of all variables
and conduct a variety of robustness checks. Finally, in Section 5, we will present the
results documenting the economic significance of our findings, before we conclude the

paper in Section 6.

2 Theory

In this section, we first motivate our measure of parameter uncertainty (PU) and
discuss its properties. We then describe the model of portfolio choice under parameter

uncertainty developed by Garlappi et al. (2007) and link it to our measure of PU.

2.1 Measuring Parameter Uncertainty

We follow the idea mentioned in the introduction and assume that confidence in param-
eter estimates (parameter uncertainty) depends on their goodness of fit to more recent

. _ To—1
average returns. Given the N-vector of average current returns r; = % Y eo Ti—sand
" 2=

parameter estimates for expected returns fi = & Zz_ol r;_s (with 7> T.) and their

T
1 T—-1

covariance matrix == > 75 (r_s — ft) (r,—s — i), the fit of T, to parameters fi, 3'°

can be judged by Hotelling’s T?-statistic:

1 -1l “
PU = (0 —f) B (v —f). (1)
The possible distributions of this statistic depend on T, and whether the T, recent

returns are part of the larger sample 7! and are given in Table 1.
[Place Table 1 about here.]

For N = 1, there is an obvious similarity to univariate two-sample t-tests with unequal
sample sizes, where the exact distributions are given in the literature on analysis of
the mean (ANOM, see Nelson et al., 2005). Such statistics are usually applied in
quality control (Bersimis et al., 2007), where the quality of one or several goods

is controlled by statistically testing several (dependent) features against those of a

10Here, we assume that returns are independently generated by a multivariate normal distribution
N(u,X)). However, our results are also asymptotically valid for other distributions.
See Johnson, Wichern, et al. (2002) and Montgomery (2012).

4



control group. Frequently, when control parameters also have to be estimated and are

therefore subject to estimation errors (outliers), robust moments are used to determine
fu and 3.12

A measure similar to (1) (for 7. = 1) is suggested by Chow et al. (1999) and Kritzman
and Li (2010) to separate good from bad regimes and named “financial turbulence”
(FT):

FTt:%(rt—ﬂ) S - f). 2)

Kritzman and Li (2010) calculate their measures of financial turbulence for a variety of
asset classes and markets, such as world equities, US sectors and currencies, and find
the following: “Financial turbulence often coincides with excessive risk aversion, illig-
uidity, and devaluation of risky assets”. Further, F'T is known to recognize periods of
financial market turmoil (e.g., Duarte and Eisenbach, 2013; Nystrup et al., 2015) and
is therefore often used to construct indicators of financial market stress and systemic
risk (e.g., Bisias et al., 2012; Berger and Pukthuanthong, 2016; Stockl et al., 2017). In
a very recent application, Giglio et al. (2016) show that turbulence in the cross-section
of the 20 largest financial institutions in the US (as a measure of systemic risk) has
excellent predictive power for macroeconomic shocks as measured by the Chicago Fed
National Activity Index (CFNAI). Our measure PU can be seen as an extension of FT
that nests all of its features but also provides a more realistic background for inclusion
in a model of investor reaction based on the uncertainty of input parameters. In a
next step, we define the model of portfolio selection with parameter uncertainty of

Garlappi et al. (2007) and employ our measure of parameter uncertainty (PU).

2.2 Portfolio choice of ambiguity-averse investors

The well-known model of optimal portfolio choice under parameter uncertainty for
ambiguity-averse mean-variance investors of Garlappi et al. (2007) employs a multi-

prior Bayesian framework. Therein, an investor solves the following optimization

problem:
. / Yoo ’
MAXMinw pt — 5w Yw, (3)
woop
st (p—p) B (p—p) <e, (4)

where p is the N-vector of true excess returns (assuming the existence of a risk-
free asset), X is the true N x N-covariance matrix, « is the scalar risk aversion
coefficient, and ¢ is a scalar that combines aversion to PU with the level of PU in the

market. The minimization over p in (3) takes the most conservative p that lies in

12For robust controls see, e.g., Chenouri et al. (2009).



the confidence region defined by (4) to arrive at an optimal portfolio that is robust
to uncertainty (and, therefore, changes) in fu (based on the minimax rule of Gilboa
and Schmeidler, 1989). The parameter ¢ is crucial in this setting, as it determines
the level of investor confidence in parameters across all N assets. In a geometrical
sense, € can be interpreted as a confidence interval around fi that takes the form of a

hyper-ellipsoid (e.g., Meucci, 2009):

T(T — N) . et (I'-1)N
Pl =) ) S (i—p) <e|=1- e Z 0 5
where :(F}T_I)NN) (o — p) B7' (o — p) is y2 distributed with N degrees of freedom,' and

p is the investor’s confidence in parameters f& and 3.

In the presence of a risk-free asset, the closed-form solution of the above optimization

problem is given by Kan and Zhou (2007, eq. 56) as

1

E A
S 1-(&) if 02 > ¢
w' =2, cpy = 02

. (6)
v 0 if 02 < e.

Relative to the case in which the investor is completely confident in his parameter
estimates (p =1 = ¢ = 0 = cpy = 1), an investor with less confidence reduces his
investment in the risky assets by a factor that is determined from the relationship
between ¢ and 62 (the squared sample Sharpe ratio as an estimate of the true Sharpe
ratio 6).

Equation (6) allows for several interpretations: First, a lower confidence in parameters
— similar to an increase in risk aversion — leads to reduced investment in the optimal
risky portfolio with respect to the risk-free rate (cf. Dangl and Weissensteiner, 2017).
Second, it can be interpreted as a downward adjustment of the average past returns
that are used as estimates of expected returns. Similarly, it can be interpreted as an
inflation (by %) of the covariance matrix. The latter two effects are substitutes in
the sense that the reduction in expected returns leads to the same portfolio as does

an increase in risk.

2.3 Assembling the model

Instead of allowing each investor to individually choose his confidence in parameters p,
we now employ our measure of PU as an objective measure of parameter uncertainty.

Assuming that we employ (1) for 7, > 1 and let the recent returns in 7, be a subset

IBIf 3 is estimated by 3, the distribution becomes an F distribution with N and T — N degrees of
freedom.



of the larger sample that determines i and 33, Table 1 tells us that the time-varying
probability of parameter misfit is given by

T.(T —T/T,— N +1)
(T/Tc - 1)<Tc - 1)

1—pt=F‘1( PUt§N§T—T/TC—N+1). (7)

According to (5) and Garlappi et al. (2007), we similarly derive

_{’T@_—l )NN> (o—p) S (p—p)<e| =F ' (N;T—N). (8)

l—p=P [
As T is large relative to the cross-section N and the lookback window for the re-
cent returns is small (e.g. T, = 12), we can safely assume that F (z; N;T) =~
F(z;N;T —T/T,— N + 1)* and obtain

(T—1)N T,(T—-T/T.—N+1) (T —1)N
ST N T (T =D =1) L T = N Us (9)
Applying this to (6) yields
1
1— (2BU)®  §f 2 > \PU
CPU,t = ( 9? ) ! t t (10)

0 if 92 < APU,.

Due to its properties as an objective measure of parameter uncertainty (PU), the
model of Garlappi et al. (2007) directly provides a measure of how much investors with
aversion to PU are willing to invest relative to the optimal Markowitz (1952) portfolio.
Regarding the second interpretation of the term cpy above, it also tells us the (robust)
expected return that such investors use in their mean-variance optimization. For this

reason, we expect cpy to perform well as a predictor of aggregate stock returns.

In the next section, we describe our data and derive and describe our measures of PU

and cpy before we conduct the empirical analysis in Section 4.

3 Data and Variables

To evaluate the predictive power of different specifications of cpy, we employ a slight
extension of the framework of Rapach et al. (2016) to benchmark our results against
the “strongest known predictor of aggregate stock returns”. Our analysis begins in

January 1973 and ends in December 2014 but could be extended to the full timespan

MNumerically, for 50 years of data and 25 assets, we find a cumulative difference of
JZ (F(x;N;T—N)—F(2;N;T —T/T. — N +1))dz = 0.00032 between the two distribution
functions.



covered by the datasets available on Kenneth French’s website. From his website, we
also take the value-weighted market excess return'® and calculate monthly log excess
returns. For the out-of-sample evaluation, we reserve an initial estimation period of
204 observations (1973:01-1989:12), which leaves 300 monthly observations (1990:01-
2014:12) for the out-of-sample evaluation.

3.1 Parameter Uncertainty

We calculate the main version of PU from the value-weighted log returns of 25 port-
folios sorted according to size and value (P25SV) available on Kenneth French’s web-
site.'® We do this for two reasons: First the number of assets or portfolios cannot be
too large, as we need relatively accurate estimates of g and ¥, and we know from
De Miguel et al. (2009b) that even for 25 assets, one would need 3,000 observations
to obtain estimates that are good enough to outperform the 1/n investment strategy.
Second, these research portfolios partition the market that we want to predict accord-
ing to well-researched characteristics and are often used as the basis for calculating
cross-sectional predictive measures (Stivers and Sun, 2010; Maio, 2016; Stockl and
Kaiser, 2016).

For our predictive analysis to begin in 1973:01, we therefore need additional observa-
tions to calculate the initial moments & and 32 and therefore extend our sample by
120 observations to 1963:01. We then reestimate g and 3 every period based on a
recursively growing window.!” Furthermore, following the literature (see, for example,
Bloom, 2009; Rapach et al., 2016), we calculate a version of PU for the in-sample
analysis that uses the full data sample (1963:01-2014:12) for the estimation of g and
3. Additionally, we assume the lookback period for the recent average returns ¥y to
be T, = 12 months.'®

To relate our results to the voluminous literature, we use the 15 monthly predictors
— including the short interest index (SII) — from Welch and Goyal (2008) and Ra-
pach et al. (2016):* log dividend-price ratio (logDP), log dividend yield (logDY), log

earnings-price ratio (logEP), log dividend-payout ratio (logDE), excess stock return

15 As robustness checks, we also use the S&P500 value-weighted market excess returns, which we retrieve
from Datastream.

6For robustness checks on sorts for different (combinations of) characteristics and different numbers
of portfolios, see Section 4.3.2.

1"We conduct robustness checks with initial estimation windows starting in January 1953 and August
1926 and rolling windows in Section 4.3.3.

18This assumption will also be tested for robustness in Section 4.3.4.

9All variables are available from Dave Rapach http://sites.slu.edu/rapachde/home/research,
and some of them were originally retrieved from Amit Goyal’s webpage at http://www.hec.unil.
ch/agoyal/.
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volatility (RVOL),?° book-to-market ratio (BM), net equity expansion (NTIS), T-bill
rate (TBL), long-term yield (LTY), term spread (TMS), default yield spread (DFY),
default return spread (DFR) and inflation (INFL). As mentioned in the introduc-
tion, we also include cross-sectional volatility*! (CSV) calculated on the same dataset
(P258SV), the 2-month versus 12-month moving average rule (MAs;2) of Neely et al.
(2014), a sentiment index (SENT, the version according to eq. 2 in Baker and Wur-
gler, 2006, due to its better predictive performance),? a 12-month EWMA (WMA)
to highlight return extrapolation (Greenwood and Shleifer, 2014; Cassella and Gulen,
2017), the VRP of Bollerslev et al. (2009)** and the one-month ahead predictors of
macro UNC)yy 1, real UNCp; and financial uncertainty UNCF, indices of Jurado et
al. (2015) and Ludvigson et al. (2017)%.

3.2 Sample properties

In Figure 1, we plot time series for the aggregate monthly log excess returns, its
within-month volatility o., MAj 12, WMA, CSV, SII, VRP, SENT, UNCF,, PU and
cpy. NBER recessions are depicted in gray. We observe that PU (and, consequently,
cpy) nearly always increases (decreases) before cumulative market returns drop and
enter a recession. Within recessions, the two measures show the opposite behavior
and track the stock market growth that generally signals an end to recession periods.
Interestingly, in some periods, its behavior is most closely mirrored by MAs 12, which
due to its binary scheme cannot cover the specific movements of the aggregate excess
return. We also observe that cpy captures specific movements of several of the other
predictors (CSV, SII, WMA and MA,;5). The sentiment index clearly signals the
arrival of the dot.com bubble but does not react before the arrival of the global financial
crisis. In contrast, the (well-documented) predictive power of VRP seems to derive
entirely from the huge decline during the 2008-2009 financial crisis. The financial
uncertainty index is the most related to PU, but it appears to react sluggishly and

often spikes when there is no apparent reaction from PU.
[Place Figure 1 about here.]

Table 2 contains summary statistics for the 25 variables plus the equity premium and
its volatility for the sample period 1973:01-2014:12.2° PU has a mean of 0.09 and a

20Due to outliers in SVAR, this variable is calculated from a 12-month moving standard deviation
estimator (cf. Mele, 2007; Rapach et al., 2016).

2Following Maio (2016), we calculate a 3-month moving average to obtain the best performance.

22 Available from Jeffrey Wurgler’s website at http://people.stern.nyu.edu/jwurgler/.

ZFrom Hao Zhou’s website at http://sites.google.com/site/haozhouspersonalhomepage/ .

24Provided by Sydney Ludvigson on her website at https://www.sydneyludvigson.com/
data-and-appendixes/.

ZExcept for VRP, which only starts in 1990:01.


http://people.stern.nyu.edu/jwurgler/
http://sites.google.com/site/haozhouspersonalhomepage/
https://www.sydneyludvigson.com/data-and-appendixes/
https://www.sydneyludvigson.com/data-and-appendixes/

standard deviation of 0.07. More interesting is the mean of cpy, which indicates that
the average investor with aversion to parameter uncertainty reduces his investment in
risky assets by 48%, with a standard deviation of 12%. For all forecasting variables
except LTR and DFR, we find very high persistence, with autocorrelation coefficients
close to one. Panel A of Table 3 displays correlation coefficients for all variables. A
closer examination of PU (and cpy) in Panel C indicates that both have relatively low
correlation with most predictor variables, especially with SIT and WMA. Their highest
correlation (in magnitude) is with CSV, UNCg;, UNCy1, 0., logEP and RVOL.
We conclude that PU (cpy) contains significantly different information from other
predictor variables. An additional examination of the cross-correlations at different
lags (k = —1,...,11) between cpy , the market excess returns and their volatility in
Panel B of Table 3 reveals a highly positive (negative) correlation with future returns
(volatilities). This can be interpreted as indicative evidence for the predictive power

of cpy for the equity premium and its volatility (not tested in this paper).

[Place Table 2 about here.|

[Place Table 3 about here.]

4 In-Sample and Out-of-Sample Predictability of the

Equity Premium

4.1 In-sample tests

To test whether cpy actually predicts an increase in aggregate excess returns, we

employ predictive regressions (Welch and Goyal, 2008; Rapach et al., 2016):

Tirl itk = Ok + Br®e + Er41 44k (11)

where 74104k = (1/k) (reg1 + -+ - + 1e4p) s the average Fama-French log equity pre-
mium?% over the next k periods, and z, is the predictor variable used for forecasting
at time t. Following our research question and the motivation for PU, we concentrate
on forecasting the (very) short horizons of k = 1,3,6,9 and 12 months. All predictor
variables are normalized to have zero mean and unit standard deviation. Furthermore,
we change the signs of those variables that suggest a negative relationship between the
predictor variable and the equity premium (NTIS, TBL, LTY, INFL, WMA, SENT,

26We use average instead of aggregate returns to obtain regression coefficients that are comparable
across forecasting horizons (cf. Rapach et al., 2016).
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UNCy1, UNCR1, UNCFpy, CSV and SII). This leads to positive regression slopes B,
where we can test the one-sided hypothesis Hy : f = 0 against Hy : 5 > 0 (Inoue
and Kilian, 2005). To account for the autocorrelation and heteroskedasticity of the
predictor variable, as well as the Stambaugh (1999) bias and the use of overlapping
observations for k > 1 (e.g., Hodrick, 1992), we employ Newey and West (1987; 1994)
t-statistics with lag lengths suggested by (Clark and McCracken, 2015, 0 if h = 1 and
1.5 - h otherwise) and determine one-sided significance levels from a wild bootstrap
experiment (cf. Gongalves and Kilian, 2004; Jiang and Kang, 2012; Rapach et al.,
2016).

[Place Table 4 about here.|

Table 4 presents the OLS results (estimate and t-statistics and R? in %, with signif-
icance levels from a wild bootstrap) of the predictive regressions (11). The results
for the 23 variables and SII are similar to those presented in Rapach et al. (2016).
For CSV, we confirm the results of Maio (2016) in showing that CSV outperforms
all traditional variables for horizons k = 6,9, 12. Relating our results to Neely et al.
(2014), we cannot confirm the predictive power of MA, o for the one-month-ahead
equity premium.?” Similarly, WMA does not show any predictive power at all tested
horizons. For SII, we actually improve on the results of Rapach et al. (2016) in show-
ing that short interest is the strongest existing predictor at all forecasting horizons
relative to all of the aforementioned variables. On the monthly horizon, however,
cpy improves the forecasting power of SII by over 55% in terms of R?. This value is
significant at the 1% level according to the wild bootstrap experiment, and its 3 esti-
mate is economically and statistically significant: A one-standard-deviation increase
leads to a 71 basis-point increase in the equity premium for the upcoming month.
For forecasting horizons of k£ = 1,3 and 6 months, the predictive ability of cpy ex-
ceeds all other Welch and Goyal (2008) predictors and is only surpassed by SII (for
k =3 and 6). Clearly, cpy shows its best predictive ability at the very short monthly
horizon, where an in-sample R? of 2.29% represents approximately 4.6 times the level
suggested by Campbell and Thompson (2008) to be economically significant. Inter-
estingly, we additionally find the financial uncertainty predictor UNCF,; of Ludvigson
et al. (2017) to perform rather well relative to the traditional predictors and SII but

that it nevertheless underperforms with respect to cpy.

Adding to that evidence, we follow Ludvigson and Ng (2007) and Rapach et al. (2016)
and incorporate the first three principal components (PCA;) over all 14 Welch and

2"We can verify the correctness of the calculation and estimation through the program and data
made available by Neely et al. on Dave Rapach’s website http://sites.slu.edu/rapachde/home/
research. Our MAj; 15 measure (for FF excess returns) corresponds at 96% to theirs (for S&P500
excess returns).
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Goyal (2008) predictors plus MAs 12, WMA, SENT, UNCys1, UNCpr1, UNCp1, CSV

and SII in a predictive regression of the form

3

Tit1+k = Ok + BrcpyCPus + Z Br.pca, PCAL; + €11 ¢4k (12)

i=1

Incorporating principal components as aggregators of the predictive power of other
variables helps to highlight the additional role of cpy.?® The results in the last row
(labeled cpy ( - ) | PC) of Table 4 report § and the corresponding t-statistic and
partial R? of Equation (12). After controlling for the other variables, the additional
predictive ability of c¢py is shown, with significant monthly beta (0.58) and partial
R? = 0.66%, thus highlighting the additional predictive power of cpy even in the

presence of the aggregate power of all other predictors.?”

In summary, we find very strong evidence that cpy predicts aggregate future stock
returns at all horizons but shows its most promising results at the monthly horizon,
where it outperforms all other predictors, and even shows additional predictive power
when incorporating principal components of the other predictors. These results make
a very strong case for the descriptive power of the Garlappi et al. (2007) model in
combination with our measure of parameter uncertainty. In the next section, we find

even stronger evidence in the — more important — case of out-of-sample predictability.

4.2 Out-of-sample tests

To support the in-sample evidence of the predictive power of cpy for the equity pre-
mium, we conduct single-variable out-of-sample analyses, where we forecast .41 1%

as

Teit 4k = Q¢ + Btmt (13)

using estimates @, and f; from in-sample regressions (11) up to (and including) month
t. To be true out-of-sample forecasts, SII and cpy (through PU) are calculated by only
relying on information that was available up to time ¢. The out-of-sample evaluation
period is 1990:01-2014:12 (Tps = 300), leaving 204 monthly observations for the initial

estimation of & and §.

To quantify the out-of-sample predictive performance, we employ a restricted model

and assume that the average historical equity premium is a better predictor of the

28This strategy is also used by Rapach et al. (2016) to demonstrate the additional predictive ability of
SII with respect to the other variables.

2These results remain robust even to the incorporation of up to ten principal components (in which
case, at the monthly horizon, we obtain a partial R? of 0.61 and a significant 3 = 0.52).

12



future equity premium (the null therefore assumes that 5; = 0) than the (unrestricted)

model of Equation (11) (the alternative).

Ho i rip1 o4k = Qi + S04k
(14)
Hy o rigniak = o+ Bee + €041,04%

[Place Table 5 about here.]

The first part of Table 5 (columns 2 - 6) reports out-of-sample R3¢ (in %) that mea-
sures the reduction in mean-squared forecast error (MSE) of the restricted (MSER)
against the unrestricted model (M SEy)3° (cf. Campbell and Thompson, 2008)

MSEy

R . =1-_""Y
oS MSER’

(15)
where a positive value signals higher out-of-sample forecasting power of the unre-
stricted model relative to the restricted model. To ascertain the statistical significance
of the out-of-sample R% 4, we report significance levels of the Clark and West (2007)
statistic with the R4 testing Hy : R%g < 0 against Hy : R%g > 0.3 Additionally,
we report the McCracken (2007) F-statistic with significance levels in columns 7-11.
While the former test relies on an approximation that is normally distributed, the lat-
ter test statistic is exact but based on a non-standard distribution tabulated in their
2007 paper.®? For the monthly forecast horizon, column 2 of Table 5 shows that all 14
Welch and Goyal (2008) predictors, WMA and SENT have negative R%y. While we
confirm the results of Rapach et al. (2016) with SII having a large and significant R3¢
of 1.45, we find the R% g of cpy to be almost 60% larger (2.30) and highly significant
for all considered test statistics. For longer forecast horizons, we find cpy and CSV
to have increasing R that is clearly surpassed by the predictive performance of SII
for horizons k > 6. This largely confirms that cpy documents the immediate reac-
tion of investors with aversion to parameter uncertainty to an increase in PU, which
cannot surpass the predictive performance of a macroeconomic variable such as SII at
longer horizons and can only partially be explained by the the predictor of financial
uncertainty (UNCp;) that also outperforms all other variables in the dataset with
the exception of cpy. To confirm this hypothesis, we report test statistics and signif-
icance for the Harvey et al. (1998) and Clark and McCracken (2001) ENC — NEW

30Calculated as MSE = T(l)s Tos g2

31Following Rapach et al. (2016), we account for overlapping observations by using Newey and West
(1987)-corrected statistics with lag length equal to the forecast-horizon h.

32t is calculated as MSEF = (Tps — k + 1) Msﬁ%;}%s&ﬂ and its 1%, 5% and 10% critical values are
— based on the recursive regression scheme and the fact that the ratio of observations for the initial
estimation to the number of forecasts is approximately 1.4 — 3.589, 1.623 and 0.698, respectively (cf.

McCracken, 2007).
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encompassing test, which (using a bivariate predictive regression of the tested variable
and cpy) tests whether the respective variable encompasses cpy.>> We can reject this
hypothesis for all tested variables except UNCp, at a horizon of £ = 1 months and
for all statistics at horizons of £ = 3 and 6 months, which means that c¢py contains
information about future aggregate stock returns that is different from all other tested
variables with respect to out-of-sample forecasting. For longer horizons, we cannot
reject the that CSV encompasses cpy. With regard to UNCF, note that Jurado et al.
use 147 different Fama-French-Portfolios and very advanced statistics to extract their
forward-looking measure of financial uncertainty, whereas we only use 25 Fama-French

portfolios and a simple T?-statistic to outperform the predictive ability of UNCF;.
[Place Figure 2 about here.]

Figure 2 follows Welch and Goyal (2008) and analyzes the predictive performance of
the four best-performing predictors of Table 5, SII, MAg 15, CSV, UNCp; and cpy,
over time. For in-sample (dashed black line) and out-of-sample (red line) performance
it calculates cumulative differences in squared prediction errors between the restricted
model (the prevailing mean) and (minus) the unrestricted model. According to Welch
and Goyal (2008), both lines should be constantly upward sloping and not (only) driven
by positive drifts during unique market conditions. As can be seen in Figure 2, most
of the out-of-sample performance of SII is generated since the beginning of the global
financial crisis in 2008. However, it performs negatively in the growth period 2001-
2008. A similar picture is drawn by MAs 5, where the only predictive performance
was generated during the 2008-2009 crisis and almost entirely lost thereafter. CSV
does not really show any predictive performance at all in relation to the prevailing
mean. UNCFp; does show its strong in-and out-of-sample predictive performance but
also highlights the fact that most of this performance is driven by the financial crisis.
Finally, the picture drawn by cpy is almost entirely as requested by Welch and Goyal:
(i) reasonable (in- and out-of-sample) performance over the entire sample period,**
(ii) a general upward drift that (iii) does not only occur in short/unusual periods and
(iv) a positive drift that remains positive for the most recent decades. In short, cpy
is an almost perfect example of these conditions. To the best of our knowledge, it is

also the only predictor that simultaneously fulfills all of these conditions.

This section confirms our in-sample results and offers further evidence that cpy is the

strongest existing predictor at the monthly horizon, thereby confirming our research

33Clark and McCracken (2001) and others show that the ENC — NEW statistic is the most pow-
erful with respect to test size and power but is also based on an asymptotic distribution tabu-
lated by the authors in their 2001 paper. The ENC — NEW statistic is calculated as ENC =

TOS k+1 IS S@?E_Ema(“) and its critical 5% and 10% values are 2.085 and 1.28, respectively.

34Thls is tested by the Clark and West (2007) and the older (here unused) Giacomini and White (2006)
tests.
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hypothesis (ii). In the following section, we conduct a variety of robustness checks

that confirm the main findings.

4.3 Robustness

Our results remain robust under a variety of different specifications. In the following
sections, we discuss alternative forecasting frameworks and robustness checks, as well

as different specifications for the calculation of PU (and, therefore, cpy/).

4.3.1 Dependent variables

First, our results are robust to alternative specifications of value-weighted aggregate
market excess returns, namely when we use the CRSP and S&P500 value-weighted
market returns. Value-weighted market returns seem to be the natural choice in the
context of the Garlappi et al. (2007) model, where investment in the tangency portfolio
and — given market equilibrium — therefore, investment in the value-weighted market
portfolio is reduced by our factor cpy. As we also use value-weighted portfolio returns
to calculate PU from different partitions of the market, the value-weighted market
return is a natural choice for the dependent variable. Indeed, we find the predictive
power of ¢pyy for the CRSP and S&P500 value-weighted market excess returns to be as
good (and sometimes better) as that of the Fama-French one, in- and out-of-sample.
For the case of equally weighted returns, we do not find in- or out-of-sample predictive
power for CRSP or S&P500 excess returns.

[Place Table 6 about here.]

4.3.2 Market partition and characteristic portfolios

In a second step, we show that the choice of portfolios for the calculation of PU has
little impact on the predictive performance of cpyy. We calculate alternative versions
of PU based on a variety of portfolios derived from Kenneth French’s data library,
namely 25 portfolios sorted on size and value (the base case P25SV), size and operating
profitability (P25SOp), size and investment (P25SInv), size and accruals (P25SAC),
size and net share issues (P25SNI), size and variance (P25SVar), size and residual
variance (P25SResVar), size and beta (P25SBeta), value and operating profitability
(P25VOp), and value and investment (P25VInv), as well as 10 portfolios sorted on
size (P10S) and value (P10V) and 100 portfolios sorted on size and value (P100SV).

We observe an interesting interplay between the different characteristics: Univariate

sorts (unfortunately, we only have 10 portfolios and therefore cannot account for the
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role of dimension) show that both Size and Value play a role in predictive performance
and when combined into 25 portfolios deliver the best performance of all tested char-
acteristics. Individually combining Size and Value with other characteristics (Op and
Inv), we find that these also boost performance but only to levels below those of
combining Size and Value. From the other characteristics that we combine with Size
(AC, NI, Var, ResVar and Beta), we find that Beta and NI increase the performance
of Size the most. In terms of out-of-sample performance (albeit not significant), we

find that SOp and SNI deliver the best performance across all forecast horizons.

Finally, we find that increasing the partition size to 100 portfolios sorted on Size and
Value does not lead to increased predictive performance, probably due to a larger
error when estimating p and ¥ as discussed in Section 2.1. One remaining task is
therefore to find the optimal partition size (dependent on individual and combined
characteristics) to calculate PU and forecast aggregate excess stock returns with the

subsequently determined cpy.

[Place Table 7 about here.|

4.3.3 Initial estimation windows

Third, to reduce (potential) estimation error for g and ¥ in the case of a larger
partition size, we employ larger initial estimation windows, starting in 1953:01 and
1926:08, respectively. As we are also aware that the economy might have changed
entirely sometime in the past (Ang and Timmermann, 2012), which might bias the
parameter estimates i and 3 as reference points for the calculation of PU, we also

employ rolling windows rather than growing windows for their estimation.

In Table 8, we find that larger initial estimation periods lead to a slight decrease in the
in-sample performance but to substantial increases in the out-of-sample performance
of cpy across all forecasting horizons (R%q = 2.57 for an estimation period starting
in 1953:01 and R%g = 2.42 for a period starting in 1926:01). As only the out-of-
sample predictions use measures of cpy that are based on the level of information
that investors would have had at this point in time, the increase in out-of-sample
forecasting performance is another indication that investors that are subject to PU
relate recent returns to long-term estimates to determine how well these estimates fit
the current market situation and invest accordingly. For the case of rolling windows,
we find an overall decrease in in- and out-of-sample predictive performance for PU

and cpy, probably due to the lower quality of the moment estimates 1 and 3.

[Place Table 8 about here.|
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4.3.4 Lookback periods T,

Fourth, the measurement of PU is determined based on the average returns from the
last 12 months 1, relative to their long-term means g given their covariance matrix
33, The reason for this is twofold: First, a larger T, increases statistical significance,
and second, investors — from their perspective — will probably check more than just
the most recent return when determining their confidence in parameters. As the
assumption of T, = 12 months seems natural but is nevertheless arbitrary, our last
robustness check is on the length of the lookback window for recent returns. Therefore,
we calculate PU (and cpy) for T, = 1,3,6,9 and 12 months and depict the results in
Table 9.

Most interesting, we observe that the lookback period that delivers the best in- and
out-of-sample performance for growing forecast horizons k is decreasing in 7,.. While
cpy for T, = 12 performs best (significant R ¢ = 2.30) on the monthly horizon but
loses significance for longer horizons, cpy for T, = 9 at horizons of £ = 3,6 months
delivers the best (significant) out-of-sample performance, followed by T, = 6 for k = 9
and 7. = 1 for £ = 12 months. We conclude from this observation that the further
investors look into the future, the less they look into the past to determine parameter
uncertainty. Given these patterns, we also find that the different cpys outperform
all other tested variables (except CSV and SII) based on (significant) out-of-sample

performance.

[Place Table 9 about here.]

4.3.5 Alternative timeframe

As mentioned above, we also want to test the predictive performance of cpy for an
alternative timeframe. This allows us to research the predictive performance of all
variables for a shorter in- and out-of sample horizon, which might be important for
variables whose predictive power derives primarily from earlier periods (such as TMS
as documented by Stockl and Kaiser (2016)). Furthermore, it allows us to include
additional variables that are only available for shorter horizons, such as the VRP of
Bollerslev et al. (2009), which has demonstrated very good short-horizon predictability
(Faias et al., 2017). As VRP is only available as of 1990:01, we limit our in-sample
analysis to the period 1990:01-2014:12 and reserve 60 initial months for the initial
estimation window in the out-of-sample analysis. Furthermore, we recalculate SII and
PU (cpy) with an additional 120 observations, starting as of 1980:01.

[Place Table 10 about here.]
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[Place Figure 3 about here.]

The results in Table 10 demonstrate the superior short-horizon predictive power of
VRP. Among all the variables, cpy again has the highest predictive power on a monthly
horizon, surpassed only by SII (for £ = 3) and SENT (for £ = 6) in terms of out-
of-sample R%. For longer horizons, the predictive power of cpy diminishes relative
to several popular predictor variables. When we assess the extraordinary predictive
power of VRP in Figure 3, we find that most of this power comes from large jumps
during the financial crisis and in 2012, when the predictive power of the other variables
declines sharply. However, especially in the subsequent period, the out-of-sample
predictive ability of VRP shows a decreasing trend. We conclude, that — while VRP
overall shows substantial predictive power in- and out-of-sample — its performance does
not satisfy criteria (iii) and (iv) of Welch and Goyal (2008). In contrast, the predictive
performance of cpy again satisfies their criteria (i)-(iv) despite showing lower overall

performance.

To conclude this section, all in- and out-of sample results, including the robustness
checks, statistically confirm our research hypothesis by showing that cpy; (the combi-
nation of our measure PU with the model of Garlappi et al. (2007)) not only shows
predictive power across all forecasting horizons that outperforms (most of) the other
tested variables but also satisfies all criteria of Welch and Goyal (2008) that a predic-
tor should have to be successful in the future. What remains is to demonstrate the

economic significance of our results.

5 Economic Significance

This section analyzes the economic significance of cpy’s predictive ability. Follow-
ing Campbell and Thompson (2008), Rapach et al. (2010), Ferreira and Santa-Clara
(2011), and Rapach et al. (2016), we consider a mean-variance investor (without aver-
sion to parameter uncertainty) who invests in equities and the risk-free rate using

weights
l Tt+1
v CATt2+1 7

where v is the coefficient of relative risk aversion, and 7;,; is the one-period-ahead

(16)

Wt =

forecast of the expected excess stock return.*® The variance forecast 67, is calculated
from a 10-year rolling window (cf. Campbell and Thompson, 2008; Rapach et al.,
2016). We also restrict the weights w, of the strategy to lie between —0.5 and 1.5 to

avoid extreme outliers and produce better-behaved portfolios that are closer to reality.

35Here, simple excess returns are forecasted instead of the log excess return.
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All asset allocations are evaluated against the prevailing mean forecast and two buy-
and-hold strategies, where the investor holds 100% (150%) of the market portfolio.
Table 11 shows annualized Sharpe ratios and the annualized CER gain in percentage
terms against the prevailing mean strategy for an investor with a relative risk aversion
coefficient of v = 3 (cf. Campbell and Thompson, 2008; Maio, 2016; Rapach et al.,
2016)

CER =7p — %0123. (17)

The CER is the risk-free return that an investor would accept for giving up the risky
investment. We also depict turnover and annualized return loss (in %, cf. De Miguel
et al., 2009b)3°.

[Place Table 11 about here.]
[Place Figure 4 about here.]

Table 11 shows that the strategy based on c¢py yields substantially higher Sharpe ratios
of 0.83 relative to all other strategies at all investment horizons, except for UNCr,
at horizon k£ = 1 and SII and CSV at investment horizons of £k = 6 and 12. In terms
of CER gains relative to the prevailing mean strategy, we find that cpy outperforms
all other variables at horizons of k = 1 and 3 months. We show that an investor with
a risk-aversion coefficient of v = 3 would exchange a monthly investment based on
cpy for a riskless annual return of 6.44%, which is more than 80% more than for the
SII-based monthly investment strategy. If we additionally include transaction costs
(50BP) to account for the slightly lower turnover of the SII-based strategy, we find
that an investor could still have a 2.76% lower return in the monthly strategy based
on cpy before reaching the same Sharpe ratio as for SII (i.e., return loss of —5.01 for

cpy over —2.25 for SIT).37

Figure 4 sheds further light on the predictive power of cpy at the monthly horizon,
where we find the investment strategy based on cpy to almost perfectly time the mar-
ket. It goes short whenever markets drop and goes fully long whenever markets gain,
leading to almost constant positive performance (Panel B), which largely outperforms
the strategies based on the prevailing mean and SII, as well as the buy-and-hold port-
folio. The low weight fluctuation (Panel A) also helps to explain the low turnover and
subsequent dominance in terms of return loss for the strategy based on cpy. These

results clearly show that investors strongly react to parameter uncertainty (measured

36The return loss depicts the necessary additional return of the respective strategy, given volatility, to
beat the benchmark buy-and-hold Sharpe ratio after accounting for a transaction/rebalancing cost
of 50BP.

3"Note that return loss measures the additional return necessary (left) to increase (decrease) the after-
transaction-cost Sharpe ratio
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by PU) in the market (decreasing their investment by factor cpy), making markets
quite predictable and subsequently helping an investor who is aware of this behavior to
time the market very well and achieve substantially higher returns with less portfolio

volatility.
[Place Table 12 about here.]

As a robustness check, we also include calculations for the alternative timeframe
(1990:01-2014:12) in Table 12. In contrast to its superior out-of-sample performance
above, VRP cannot compete with the outcomes of the asset allocation exercise in
terms of the Sharpe ratio, or CER gain and return loss. All other results remain
strongly in favor of c¢py, with an even higher CER gain of an annual 9.58% for the

monthly strategy.

The results in this section clearly highlight the substantial economic value that can
be generated by the combination of our measure of parameter uncertainty with the
portfolio selection model of Garlappi et al. (2007). It also adds strong economic
evidence in favor of our research hypothesis. In the next section, we conclude on these

results.

6 Conclusion

In this paper, we develop a novel measure of time-varying parameter uncertainty based
on simple statistical tests. We also show that this measure of parameter uncertainty
in combination with the model of portfolio selection under parameter uncertainty of
Garlappi et al. (2007) has substantial statistical and economical power to forecast
the equity premium in- and out-of-sample. We thereby indirectly demonstrate the
value of their model and its accuracy in describing the behavior of investors averse to
parameter uncertainty. Additionally, their model, in combination with our measure of
parameter uncertainty, yields a predictor of the equity premium that fulfills all of the
four criteria developed by Welch and Goyal (2008). To the best of our knowledge, it

is the only predictor to date that can achieve this.

We also show that cpy does not proxy for any of the other popular macroeconomic,
technical and behavioral predictors and that it substantially outperforms all of these
measures (statistically and economically) at the monthly horizon, except for the vari-
ance risk premium, the predictive power of which stems almost entirely from two brief
periods during and after the financial crisis. In contrast to most other measures, our
measure’s predictive performance is not only limited to periods of recession but also

performs well in periods of expansion.
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Figures

Figure 1: Time series plots of the equity premium 7., its within-month volatility, MAs 12, WMA,
CSV, SII, VRP, SENT, UNCF,1, PU and cpy.

This figure plots the monthly cumulated log equity premium, its volatility (calculated from daily
returns within each month), MAj 12, WMA, SII, VRP, SENT, UNCFp;, CSV, PU and cpy (the
latter three calculated from 25 portfolios sorted according to size and value). The sample period is
1973:01-2014:12 (except for VRP that starts in 1990:01). Gray bars depict NBER recessions.
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Figure 2: Relative performance of SII, MA5 12, CSV, UNC¥F,; and cpy for monthly forecasts of the
equity premium (1973:01-2014:12).

This figure examines the relative in-sample (IS) and out-of-sample (OOS) performance for each
predictive variable against the prevailing mean over time (see Welch and Goyal, 2008). It is calculated
as the cumulative squared prediction errors of the restricted model (the null) minus the unrestricted
model (the alternative) to evaluate the estimated equity premium against the full period (IS) and
prevailing (OOS) mean equity premium. Therefore, an increase in any of the lines signals better
performance of the unrestricted model relative to the prevailing mean. The relative performance of
the IS prediction is depicted in black and is dashed and (usually above) the OOS prediction, which
is depicted in red. The first graph shows the predictive performance of SII, whereas the next four
graphs delineate the predictive performance of MAj 15, CSV, UNCFp 1 and cpy (the best-performing
predictors in Table 5). The sample period is 1973:01-2014:12, with the OOS analysis beginning in
1990:01. As a visual reference across plots, a level of 0.05 is highlighted in both plots (dark red and
dotted). A second axis on the right side shows the OOS performance since its worst point, which is
additionally marked by a blue dashed line.
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Figure 3: Relative performance of SII, VRP, SENT and cpy for monthly forecasts of the equity
premium (alternative timeframe, 1990:01-2014:12).

This figure examines the relative in-sample (IS) and out-of-sample (OOS) performance for each
predictive variable against the prevailing mean over time (see Welch and Goyal, 2008).1t is calculated
as the cumulative squared prediction errors of the restricted model (the null) minus the unrestricted
model (the alternative) to evaluate the estimated equity premium against the full period (IS) and
prevailing (OOS) mean equity premium. Therefore, an increase in any of the lines signals better
performance of the unrestricted model relative to the prevailing mean. The relative performance of
the IS prediction is depicted in black and is dashed and (usually above) the OOS prediction, which
is depicted in red. The first graph shows the predictive performance of SII, whereas the next three
graphs delineate the predictive performance of VRP, SENT and cpy. The sample period is 1990:01-
2014:12, with the OOS analysis beginning in 2000:01. As a visual reference across plots, a level of
0.05 is highlighted in both plots (dark red and dotted). A second axis on the right side shows the
OOS performance since its worst point, which is additionally marked by a blue dashed line.
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Figure 4: Asset Allocation: Equity weights and log cumulative wealth (1990:01-2014:12).

This figure shows equity weights and the log cumulative return of monthly asset allocation strategies
based on predictions of the expected excess return and expected volatility. The weights are derived
for a mean-variance investor with relative risk aversion of v = 4 and constrained to lie between -0.5
and 1.5. The strategies depicted are based on forecasts using the prevailing mean, short interest (SII)
and financial turbulence (FT). Gray bars depict NBER recessions.
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Tables

Table 1: Distribution of Hotelling-7? for combinations of assumptions (1) and (2).

Future returns relates to returns that are not part of (and are therefore independent of) the parameter
estimates, whereas subsample relates to recent returns being a subsample of the returns used for
calculating fi and 3. In the case of T, > 1, the full sample would have to be divided into T/T,
equally sized subsamples, with a covariance estimate that is pooled from subsample covariances. The
case of T, = 1 for single observations out of the full sample is given by Tracy et al. (1992).

Distribution

T.=1 TS F (N, T - N)
future returns

(T/Te+1)(Te—1)N
T,>1 AP (N, T = T/T, = N +1)

7= T (=)

subsample

(T/Te=1)(Te=1)N
T.>1 wram ol (NT-T/T. - N +1)
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Table 2: Descriptive statistics for the equity premium, its volatility and 21 predictor variables
(1973:01-2014:12).

This table reports descriptive statistics for the annual log equity premium r. in percentage terms, its
annualized (within-month) volatility o. and all predictor variables. These variables are log dividend-
price ratio (logDP), log dividend yield (logDY), log earnings-price ratio (logEP), log dividend-payout
ratio (logDE), excess stock return volatility (RVOL, calculated from a 12-month moving standard
deviation estimator replacing SVAR (cf. Mele, 2007; Rapach et al., 2016)), book-to-market ratio
(BM), net equity expansion (NTIS), T-bill rate (TBL), long-term yield (LTY), term spread (TMS),
default yield spread (DFY), default return spread (DFR), inflation (INFL), a moving average tech-
nical indicator (MAj 12; see Neely et al., 2014), a weighted moving average (WMA; see Greenwood
and Shleifer, 2014), the variance risk premium (VRP, only available as of 1990:01, therefore only
used for robustness checks), a sentiment index (the non-orthogonalized version according to eq. 2
of Baker and Wurgler, 2006), the three indices of aggregate (macro, real and financial) uncertainty
(the one month ahead version; see Jurado et al., 2015; Ludvigson et al., 2017), short interest (SII,
standardized to have mean zero and standard deviation one; see Rapach et al., 2016), cross-sectional
volatility (CSV, calculated as a three-month moving average from 25 portfolios sorted according
to size and value, cf. Maio, 2016), parameter uncertainty (PU calculated from 25 portfolios sorted
according to size and value, estimation of sample moments starting in 1963:01, see Equation (2))
and the model-implied factor of parameter uncertainty cpy from Equation (6). p represents the
first-order autocorrelation coefficient (persistence). LTR, DFR, INFL and VRP (RVOL, TBL, LTY,
TMS and DFY) are measured in percentage terms (annual percent).

Name Mean StDev. Min. Max. Skew. Kurt. p

re (%, Ann.) 5.00 16.17 —317.38 179.14 —0.83 2.88 0.08

oe (%, Ann.) 14.51 8.58 4.84 83.79 3.46 19.07 0.65

logDP —3.62 0.44 —4.52 —2.75 —0.04 —1.12 0.994
logDY —3.61 0.44 —4.53 —2.75 —0.04 —1.10 0.994
logEP —2.82 0.49 —4.84 —1.90 —0.75 1.88 0.990
logDE —0.80 0.34 —1.24 1.38 3.10 14.85 0.985
RVOL (Ann.) 0.15 0.05 0.06 0.32 0.70 0.42 0.960
BM 0.49 0.29 0.12 1.21 0.80 —0.68 0.994
NTIS 0.01 0.02 —0.06 0.05 —0.72 0.57 0.976
TBL (%, Ann.) 5.05 3.44 0.01 16.30 0.51 0.30 0.988
LTY (%, Ann.) 7.16 2.73 2.06 14.82 0.47 —-0.17 0.989
LTR (%) 0.73 3.13 —11.24 15.23 0.37 2.41 0.051
TMS (%, Ann.) 2.11 1.51 —3.65 4.55 —0.73 0.33 0.949
DFY (%, Ann.) 1.10 0.47 0.55 3.38 1.69 3.53 0.963
DFR (%) 0.00 1.48 —-9.75 7.37 —0.48 7.89 —0.040
INFL (%) 0.34 0.34 —1.77 1.81 0.14 4.02 0.636
MA3 12 0.74 0.44 0.00 1.00 —1.08 —0.83 0.804
WMA 0.01 0.02 —0.04 0.05 —0.33 0.41 0.807
VRP (%) 24.85 18.72 —218.56 115.85 —4.16 56.22 0.438
SENT —0.01 0.91 —2.27 2.84 0.08 0.44 0.988
UNCp1 0.67 0.09 0.55 1.02 1.39 1.69 0.989
UNCRr,1 0.64 0.06 0.54 0.91 1.38 2.03 0.971
UNCFp, 0.92 0.17 0.64 1.55 0.74 0.22 0.980
SII 0.00 1.00 —2.27 2.92 0.23 —0.07 0.950
CSvV 0.02 0.01 0.01 0.11 3.45 18.02 0.917
PU 0.09 0.07 0.02 0.42 2.47 6.79 0.952
cpU 0.62 0.12 0.13 0.83 —1.55 2.77 0.950
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