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1. Introduction

Explaining the empirically observed time-variation of
risk premia in asset markets has been one of the main
challenges in asset pricing research in recent decades. Ev-
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idence from in-sample predictive regressions shows that
excess returns of aggregate portfolios of equities, bonds,
currencies, and commodity futures are predictable with
slow-moving predictors such as the dividend-price ratio,
yield spreads, or the futures basis. Broadly speaking, the
in-sample predicted excess returns in these regressions—
which we refer to as objective risk premia—are counter-
cyclical, i.e., higher in recessions than in booms.

These findings sparked a large literature of rational ex-
pectations (RE) asset pricing models in which time-varying
risk premia are generated via time-varying risk or time-
varying risk aversion (see Cochrane (2017) for a review). In
these models, investors are endowed with perfect knowl-
edge of the underlying stochastic processes that generate
payoffs. As a consequence, the objective law of motion of
returns that generates the data observable to the econo-
metrician ex post is the same as the law of motion that
investors perceive in real time.

Yet, if investors are not endowed with such perfect
knowledge, the dynamics of subjective risk premia they
perceive in real time may differ systematically from the
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dynamics of the objective risk premia that an econometri-
cian’s predictive regressions extract from the data ex post.
For example, if investors are learning about stochastic pro-
cess parameters, there is a wedge between their real-time
posterior beliefs about risk premia and the objective risk
premia estimated by an econometrician from return data
ex post with in-sample regressions. Fading memory, behav-
ioral biases, and other imperfections can further magnify
this wedge. In the presence of these wedges, one cannot
infer perceived risks and risk aversion from objective risk
premia estimates; subjective beliefs data is required.

In this paper, we present a pervasive stylized fact about
subjective risk premia dynamics that holds true for differ-
ent surveys, for expectations of individuals and profession-
als, for aggregate portfolios in different asset classes (stock
market, Treasury bonds, currencies, commodity futures),
and for a variety of state variables that have appeared in
the literature to capture the general business cycles and
asset-class specific valuation cycles: Subjective risk premia
are substantially less cyclical than objective risk premia in-
ferred from in-sample predictive regressions. This calls into
question the common practice of equating time-variation
in objective risk premia with time-varying risk or time-
varying risk aversion. Subjectively perceived risk or risk
aversion appears to be substantially less sensitive to cycli-
cal state variables than is assumed in RE models calibrated
to match time-variation in objective risk premia.

We use survey data from a variety of different sources
to construct monthly or quarterly subjective return ex-
pectations. For stock market return expectations, we use
data on individuals, CFOs, and professional forecasters. For
bonds, currencies, and commodity futures, we have profes-
sionals’ expectations only. To study the dynamics of sub-
jective risk premia, we focus on expected returns in ex-
cess of Treasury yields over a one-year forecast horizon in
all asset classes. We then project these subjective expected
excess returns on state variables. By projecting realized ex-
cess returns on the same state variables in predictive re-
gressions, we can then compare the cyclicality of subjec-
tive and objective risk premia.

In the first part of our analysis for each asset class, we
focus on state variables that the prior literature has found
to be good predictors of excess returns, for example, the
dividend-price ratio for stock market returns, interest-rate
cycle variables for bonds, interest rate spreads for curren-
cies, and the futures basis for commodity futures. In virtu-
ally all combinations of state variables and different types
of surveys, we find that projections of subjective risk pre-
mia on state variables yield coefficients that are substan-
tially smaller in magnitude than projections of realized ex-
cess returns on the same state variables. In some cases, the
point estimate for subjective risk premia has the opposite
sign as for objective risk premia, but the overarching main
regularity is that subjective risk premia vary a lot less with
the state variables than future realized excess returns do in
in-sample predictive regressions.

The state variables in this first part are asset-class spe-
cific, chosen based on earlier research that emphasized
their role as significant excess return predictor for the spe-
cific asset class. On the other hand, many macro-finance
models generate time-varying risk premia for different as-
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set classes that are all tied to the state of the business cy-
cle (Cochrane, 2017). Could there be better alignment be-
tween subjective and objective risk premia if we focus on
projections of subjective expected excess returns and real-
ized excess returns for the different asset classes on a com-
mon set of business cycle variables? Perhaps the misalign-
ment is due to factors idiosyncratic to the asset classes, not
due to the common business-cycle component?

We find that this is not the case. We consider a number
of commonly used business cycle state variables, including
term and default spreads, industrial production growth, a
volatility index, and a real activity factor extracted from
a large number of macroeconomic time series. Consistent
with prior literature, these cyclical variables forecast excess
returns in predictive regressions in several asset classes.
But for these business cycle variables, too, we find that
their association with subjective expected excess returns is
much weaker than in the in-sample predictive regressions
using empirically realized returns.

Overall, combining the evidence from asset-specific pre-
dictors and the common cyclical predictors and across all
asset classes and surveys, we find that the average mag-
nitude by which a one standard deviation change in a
predictor moves the subjective expected excess return is
only about one fifth of the average magnitude by which
it moves the objective expected excess return according to
in-sample predictive regressions using realized excess re-
turns. This pervasive lack of cyclical movements in sub-
jective risk premia casts doubt on the time-varying risk
or risk aversion mechanisms that have been used in many
macro-finance models to explain cyclical fluctuations in as-
set prices.

Does the lack of cyclicality evident in subjective excess
return expectations indicate gross mistakes on the part of
investors and forecasters, or is there a plausible belief for-
mation mechanism that does not imply easily detectable
prediction errors that could be exploited by sophisticated
investors? To shed light on this, we examine the cycli-
cality of out-of-sample (OOS) excess return forecasts. At
every point in time, these OOS forecasts are constructed
based on regression coefficients that are estimated using
only past data. Moreover, at every point in time, the fore-
caster evaluates which linear combination of the predic-
tive regression forecast and a simple trailing mean of ex-
cess returns would have done best in the past in forecast-
ing OOS. The 0OS forecast of excess returns is then based
on this optimal linear combination. We find that these O0S
forecasts are substantially less cyclical than in-sample fore-
casts. Moreover, if we construct the OOS forecasts with ex-
ponential weighting of past data to reflect fading memory
as in Nagel and Xu (2022), or as combination forecasts of
single-predictor forecasts as in Rapach et al. (2010), much
of the cyclicality gap to the subjective risk premia in sur-
vey data disappears. Thus, while it is not our goal in this
paper to provide evidence on a specific belief-formation
mechanism, the OOS forecast evidence shows that the lack
of cyclicality in subjective risk premia does not mean that
the subjective forecasts are unreasonable or unsophisti-
cated. Models in which investors have to learn about the
data-generating process may be able to explain much of
the cyclicality gap.
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That subjective risk premia are largely unrelated to
standard business cycle indicators and standard return pre-
dictors does not necessarily imply that subjective risk pre-
mia are constant. Indeed, we find that time-varying sub-
jective risk perceptions have some explanatory power for
time-variation in subjective risk premia. This is in stark
contrast to the literature on time-varying objective risk
premia where researchers have not had much success in
finding a link to time-varying risk. Due to data availabil-
ity constraints, in this analysis we focus only on stock
market expectations. For all three groups of market par-
ticipants (individuals, CFOs, and professional forecasters)
we find a positive relationship between the level of sub-
jective risk premia and the stock market risk perceived
by respondents in the CFO survey. When we extend the
CFO risk perceptions series backwards in time by pro-
jecting it on a weighted average of lagged realized vari-
ances as in Lochstoer and Muir (2022), we again find a
strong positive relationship between subjective risk pre-
mia and risk perceptions for all three groups of survey
respondents. This new finding of a positive risk-return
tradeoff in subjective beliefs opens a potentially interest-
ing avenue for further research on the formation of return
expectations.

Our work connects to a number of areas in the litera-
ture. Our findings are most closely related to earlier work
by Piazzesi et al. (2015) who show that subjective bond
risk premia of professional forecasters are less cyclical than
predictive regression forecasts.! We show that this relative
lack of cyclicality result holds for a much broader range
of state variables, not only for bonds but also for return
expectations in stock market, for currencies, and for com-
modity futures, and in surveys of individual investors and
CFOs. We further show OOS forecasts of excess return ex-
hibit a similar lack of cyclicality.

Much of the earlier literature on subjective return ex-
pectations has focused on whether the sign of subjective
return forecasts lines up with the sign of predictive regres-
sion forecasts. For example, for stock market return expec-
tations, Amromin and Sharpe (2014) and Greenwood and
Shleifer (2014) emphasize the procyclicality of individual
investor return expectations. In contrast, Wu (2018) and
Wang (2021) find that professional forecasters and as-

1 Other papers provide evidence that is related, but does not quite pin
down the empirical time-variation in the subjective risk premium for ag-
gregate asset classes. Bacchetta et al. (2009) show that at country level,
professional forecasters’ subjective expectations errors for currency excess
returns are predictable with the interest-rate differential, with the same
sign and often similar magnitude as realized excess returns. However,
from these country-level results it is not clear how objective and sub-
jective risk premia for the aggregate currency portfolio would vary over
time because the country-level results could be driven by country-specific
components of the interest-rate differential and currency excess returns.
From the viewpoint of macro-finance modeling, the properties of risk pre-
mia for aggregate strategy are arguably the most relevant. De La O and
Myers (2021) find a small positive covariance between the price-dividend
ratio and total return expectations from several surveys, but since the
risk-free rate is correlated with the price-dividend ratio, their results are
not directly informative about comovement of the price-dividend ratio
with the subjective risk premium. Consistent with our empirical findings,
Beutel and Weber (2022) provide experimental evidence that individuals’
stock return expectations are positively related to recent returns, but not
sensitive to valuation ratios.
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set managers issue countercyclical forecasts. Our results
show that these differences between surveys are overshad-
owed by an economically much bigger common regular-
ity: the general lack of sensitivity of subjective risk pre-
mia to variables that forecast excess returns in predic-
tive regressions (and in rational expectations models built
to match the predictive regression evidence). In contrast,
Dahlquist and Ibert (2023) find a close alignment of objec-
tive and subjective risk premia for 10-year return expecta-
tions of asset managers. However, their findings are based
on a very short sample, with little data before 2010, which
makes it difficult to pin down the relationship with highly
persistent cyclical variables such as the dividend-price
ratio.

The lack of cyclical movements in subjective risk pre-
mia is consistent with models that generate volatile as-
set prices through time-varying subjective expectations of
fundamentals growth rather than time-varying risk aver-
sion or time-varying perceptions of risk. Examples in-
clude models of perpetual learning (Collin-Dufresne et al.,
2017; Nagel and Xu, 2022) or diagnostic expectations
(Bordalo et al., 2021). In a similar vein, our evidence sup-
ports models that generate bond price and exchange rate
variation through subjective beliefs about future interest
rates, as in Piazzesi et al. (2015) and Gourinchas and
Tornell (2004), respectively, and commodity futures price
variation through subjective beliefs about future spot
prices.

Price-growth  extrapolation mechanisms as in
Adam et al. (2017) and Jin and Sui (2022) are not
consistent with a complete lack of comovement between
state variables that predict realized excess returns and
subjective risk premia. In these models, a positive correla-
tion between past returns and future subjectively expected
returns is sustained in equilibrium by a subjective risk
premium that is increasing in past price growth. As a
consequence, the price level, as captured, say, by the
price-dividend ratio, is positively related to the subjective
equity premium. However, as Jin and Sui (2022) show,
this positive relationship can be quite weak in a calibrated
version of their model, which could be broadly consistent
with the lack of cyclicality in subjective risk premia that
we find in this paper. With such a weak link between past
price growth and subjective risk premia, asset price move-
ments largely reflect changing expectations about future
fundamentals growth, similar to models that directly tar-
get time-varying subjective expectations of fundamentals
growth.

Finally, our finding that allowing for real-time learning
helps explain the dynamics of subjective excess return ex-
pectations relates to recent work by Farmer et al. (2023).
They show that a model in which agents are learning in
real time about long-run dynamics helps explain macroe-
conomic forecasting anomalies in professional forecasts
data.

The paper is organized as follows. Section 2 intro-
duces the data. Section 3 presents the main results on
the cyclicality of subjective and objective risk premia.
Section 4 compares the cyclicality of subjective risk pre-
mia and OOS forecasts. Section 5 looks at the subjective
risk-return tradeoff. Section 6 concludes.
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Table 1

Journal of Financial Economics 150 (2023) 103713

Moments of Excess Returns and Excess Return Expectations.

This table reports the frequencies, sample periods, means (%), and standard deviations (%) of realized
one-year excess returns and survey-implied excess return expectations in each asset market. For stock
market, we report the excess returns on the aggregate stock market. For Treasury bonds, we report the
equal-weighted average excess returns on bonds with maturities of two, five, seven, and ten years. For
foreign exchange, we report the average excess returns on a basket of developed market currencies. For
commodities, we report the buy-and-hold excess returns on metals and crude oil, respectively.

Frequency Sample Period Mean S.D.
A. Stock
Realized Monthly 1926/12-2020/12 8.15 21.15
NX Quarterly 1972Q3-2021Q2 5.95 1.98
CFO Quarterly 2000Q3-2021Q2 3.98 1.75
Livingston Semi-annually 1952Q2-2020Q4 4.09 5.86
B. Treasury bond
Realized Monthly 1952/03-2020/12 1.32 5.08
BCFF Monthly 1988/01-2020/12 -0.76 1.70
C. Foreign exchange
Realized Monthly 1984/10-2021/06 1.78 9.76
CE & FX4casts Monthly 1986/08-2021/06 0.50 3.16
D. Commodity
Realized, Metals Monthly 1978/09-2021/06 1.53 25.54
CE, Metals Monthly 1995/08-2021/06 0.70 5.67
Realized, Oil Monthly 1984/12-2021/06 8.49 33.68
CE, 0il Monthly 1995/08-2021/06 2.46 9.70

2. Data

In this section we describe the survey data and how
we construct subjective return expectations in each asset
market. We also describe the return predictors and busi-
ness cycle variables. Internet Appendix A provides more
detailed information on the data sources and the exact
timing assumptions that we use to match data on returns,
predictor variables, and survey data.

2.1. Subjective expectations and returns data

Table 1 below reports the sample periods and mo-
ments of subjective return expectations in excess of risk-
free rates. For comparison, we also report the moments of
realized excess returns for the full sample period. Fig. 1
plots the subjective excess return expectations in each as-
set market. We construct these measures as follows.

2.1.1. Stock market

For aggregate stock market return expectations we use
a series of individual investor expectations, CFO expec-
tations, and a series of professional forecaster expecta-
tions. The individual investor series is from Nagel and
Xu (2022) (NX). It covers several surveys in the period
1972 to 1977 and has continuous quarterly coverage from
1987 onward. The series is constructed by combining infor-
mation from the UBS/Gallup survey, the Conference Board
survey, and the Michigan Survey of Consumers, plus sev-
eral smaller surveys of brokerage and investment firm cus-
tomers. The second source of stock return expectations is
the Graham-Harvey CFO survey (Ben-David et al., 2013)
which asks about the expectations of annual S&P 500 re-
turns. The series is available from 2000Q3 at quarterly fre-
quency (with gaps) and we use the mean of respondents’

expected return each period.” The third source is the Liv-
ingston Survey maintained by the Federal Reserve Bank
of Philadelphia. The series provides semi-annual forecasts
starting in June 1952. From June 1992 onward, we use the
ratio of twelve-month to zero-month mean level forecasts
of the S&P500 stock index (or its predecessors) to mea-
sure price growth expectations. In earlier periods, where
the zero-month nowcast is not available, we use the an-
nualized ratio of twelve-month to six-month forecasts. We
adjust these price growth expectations with the dividend
yield to arrive at return expectations.?

For each subjective one-year expected stock return se-
ries, ¢R;.1, we then construct the subjective risk premium
by subtracting the one-year Treasury yield Ry, that pre-
vailed at the time of the survey,

EeRS,, = EtRiv1 — Ry (1)

For comparison, we also examine realized returns on the
CRSP value-weighted index over the one-year forecast pe-
riod. Realized returns are also expressed as excess returns
over and above the one-year Treasury yield.

2.1.2. Treasury bond market

For bond return expectations of professional forecast-
ers, we use the Blue Chip Financial Forecasts (BCFF) survey.
Par yield forecasts are available for 6-month, 1-year, 2-year,
5-year, and 10-year bond maturities starting from January
1988. We take the average across forecasters in each survey

2 Survey forecasts in 2001Q3, 2019Q1, and 2020Q1-3 are not available.

3 We use the decomposition BeRep1 = Be(Poyq /B) +
(Dt /P)E¢(Dry1/Dy) — 1. Similar to Adam et al. (2017), we set the ex-
pected dividend growth & (D;.1/D;) equal to the sample average of S&P
annual dividend growth over the post-WWII sample period 1946-2020,
which is 1.064. The dividend-price ratio is calculated using the S&P500
Index from CRSP.
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Fig. 1. Subjective Excess Return Expectations. Each panel plots the subjective excess return expectations implied by surveys. The grey-shaded areas indicate

NBER recessions.

month. Survey participants forecast the quarterly average
of yields of a particular maturity for the current quarter,
next quarter, and up to several quarters ahead. We follow
Kim and Orphanides (2012) and treat these forecasts as ap-
proximately equal to a mid-quarter forecast. We interpo-
late linearly between these mid-quarter forecasts to obtain
forecasts at a one-year horizon. To estimate a full expected
par yield curve, we fit a Nelson-Siegel model to these fore-
casts period-by-period, as in Diebold and Li (2006). We
then bootstrap zero-coupon yield forecasts from these par
yield forecasts. The final step for each maturity is then to
construct implied return expectations by relying on the ap-
proximation

ER', = 7(1 +Y0" 1= —(1 +¥0" -1
Ry = =t n_1\n-1 ~ un_1\1-1
(] +Yt+l ) (1 + EthH )

(2)
Given the time-t one-year ahead forecast of the (n—1)-
year zero-coupon Yyield Efyrnfl] and the current n-year
zero-coupon yield, we can then calculate lﬁtR{’H for ne
{2,5,7,10}. We aggregate to a bond portfolio return fore-

cast ER.,; by taking an equal-weighted average across
maturities. Finally, we construct subjective expected excess
returns, fEtR§ ,1» Dy subtracting the one-year Treasury yield
from E¢R; 1.

To compare the subjective risk premium with predictive
regression forecasts of realized excess returns, we use CRSP
Treasury Index returns for maturities n e {2,5,7,10}. As
for the subjective expectations, we form an equal-weighted
average of these returns and subtract the one-year Trea-
sury yield to obtain excess returns.

2.1.3. Foreign exchange market

In our analysis of currencies, we focus on the expected
returns on a portfolio of developed market currencies from
the perspective of a US investor. We use professional fore-
casts of exchange rates from FX4casts and Consensus Eco-
nomics (CE) to construct subjective expected returns on
this currency portfolio. We primarily use CE forecasts and
supplement with FX4casts when CE forecasts are unavail-
able. Consensus forecasts in CE are arithmetic averages
of individual forecasts; FX4casts uses a geometric aver-
age. With the time-t mean forecast Etsi 41 of the one-year
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ahead spot exchange rate S{ +1 of country i (in units of for-
eign currency per dollar), we approximate the subjective
expected excess return on a US investor’s position in an
individual country’s currency i as

. N Fi Fi
E[R;ﬁlet[ £ —1]% —— -1, (3)
St+1 Et5t+1

where th is the one-year forward rate at time t. Developed
market currencies in our sample include Australia, Canada,
Denmark, Germany (replaced by the Euro from 1999 on-
ward), Japan, New Zealand, Norway, Sweden, Switzerland,
and United Kingdom. To avoid a shift in sample composi-
tion at the Euro introduction in 1999, we use the German
Mark as the only representative from the Eurozone curren-
cies prior to Euro introduction. We calculate the expected
excess return on the developed market currency portfolio
as an equal-weighted average of the individual currencies’
EcR:f;.

The realized excess returns that we compare with sub-
jective risk premia are constructed in similar fashion from

forward and spot rates as R;?; = F//S;, | — 1

2.14. Commodity futures market

We use commodity spot price forecasts to compute
subjective expected returns on buy-and-hold futures po-
sitions. We obtain consensus spot price forecasts from CE
that cover major commodities in metals and energy. The
publication was quarterly before 2012, bi-monthly until
2015, and switched to a monthly release cycle since Febru-
ary 2016.* We use the set of commodities with the longest
history and highest coverage in CE: WTI crude oil and
several metals (aluminum, copper, gold, and silver). These
commodities cover the major components of the S&P GSCI
index.” Since CE commodity forecasts are also for quarterly
average, we use the same linear interpolation as earlier for
bonds to obtain one-year forecasts.

Using these spot price forecasts, we then calculate the
expected excess return from entering a one-year futures
position at time t at the one-year futures price F and hold-
ing it until it gets settled at maturity at t + 1 at the spot
price S;,1 (or a futures price very close to the spot price
shortly before maturity):

. &S,
EfRf,tH =

-1. (4)
t

We obtain spot price and futures data from Datastream
and Bloomberg. When spot price data is not available for
a commodity, we follow Koijen et al. (2018) and extrapo-
late spot prices from Bloomberg generic futures data. We
construct a sector-level subjective risk premium series for
metals by taking an equal-weighted average of the subjec-
tive expected excess returns across metals.

We construct realized excess returns along similar lines
as Rf,; =Si11/F — 1, with equal-weighted average within
the metals sector.

4 During the period of August 2002 to March 2004, and the third quar-
ter of 2007, there are no forecasts available as no surveys were under-
taken by the previous owners of the publication.

5 Based on the 2021 reference percentage dollar weights, WTI crude oil
accounts for 40.4% of the energy sector and the four metals we include
account for 84.4% of the metals sector.
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2.2. Return predictors and cyclical indicators

In this section, we introduce the main return predic-
tors and cyclical indicators that we use in our analysis. For
each asset class, we examine several asset class-specific re-
turn predictors that have appeared in the prior literature.
We also examine a common set of business cycle indica-
tors. Table 2 reports the correlations of return predictors
and cyclical indicators.

2.2.1. Asset-class specific predictors

The stock market return predictors are the log
consumption-wealth ratio (CAY, quarterly, starting
in 1951Q1) from Lettau and Ludvigson (2001), the
repurchase-adjusted log dividend-price ratio of the CRSP
value-weighted index (D/P, monthly, starting end of 1926)
and a long-run exponential average of past per-capita real
aggregate dividend growth (EXPD, quarterly, starting end
of 1926) from Nagel and Xu (2022), as well as net equity
expansion (NTIS, monthly, starting from end of 1926)
from Welch and Goyal (2008), calculated as the ratio of
twelve-month moving sums of net issues by NYSE-listed
stocks divided by the total market capitalization of NYSE
stocks at the end of the twelve-month window.

For Treasury bonds, we use two asset-class specific
predictors. The first predictor is the macro factor from
Ludvigson and Ng (2009) (LN). It is constructed as the fit-
ted value from regressing equal-weighted bond portfolio
excess returns on lagged principal components of a broad
set of macro variables. We use the six-factor version of
their model. The second predictor is the cycle factor from
Cieslak and Povala (2015) (CYCLE). To construct this fac-
tor, we first regress zero-coupon yields of maturities be-
tween one to fifteen years from Liu and Wu (2021) on
trend inflation to obtain the short-maturity cycle and the
average longer-maturity cycles. The fitted value from re-
gressing equal-weighted bond portfolio excess returns on
these two cycle components then represents the cycle fac-
tor.

In our analysis of foreign exchange, we consider a US
investor’s position in a portfolio of developed market cur-
rencies as in Lustig et al. (2014). Following their analysis of
excess return predictability, we use the average one-year
forward discount as predictor. For each currency i we con-
struct the forward discount,

1
FDi = ko 1, (5)
St
from one-year forward rates F! and spot rates Si. We then
average these currency-level forward discounts across all
currencies in the portfolio (FD).

Finally, for commodities we use two asset-class specific
predictors. The first predictor, as in Hong and Yogo (2012),
is the one-year futures basis defined as

. F
Basis; = — — 1, (6)
St
where F is the one-year futures price and S; is the
spot price (approximated by extrapolating from generic
futures if not available, as discussed above). We average
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Table 2

Correlations of Return Predictors and Cyclical Indicators.

This table reports the unconditional correlations of asset-class specific predictors and business-cycle indicators. For countercyclical business-cycle indicators,
N-IP is the negative of the 12-month log change in the U.S. industrial production index; TERM is the spread between long interest rates from Robert
Shiller’'s website and 3-month Treasury yields; DEFAULT is the spread between Moody’'s Seasoned Baa and Aaa Corporate Bond yields; F1 is the real
factor from Ludvigson and Ng (2009); VIX? is the square of the CBOE volatility index; CAY is the aggregate log consumption-wealth ratio from Lettau and
Ludvigson (2001); D/P and EXPD are the repurchase-adjusted log dividend-price ratio and the experienced payout growth from Nagel and Xu (2022),
respectively; NTIS is the net equity expansion from Welch and Goyal (2008); LN is the macro factor from Ludvigson and Ng (2009); CYCLE is the cycle
factor from Cieslak and Povala (2015); FD is the average forward discount on the basket of developed market currencies; BASIS is the percentage difference
between futures and spot prices and Ol is futures open interest growth for metals (M) and oil (E), respectively.

N-IP TERM DEFAULT F1 VIX?  CAY D/P  EXPD NTIS LN CYCLE FD BASIS(M) OI (M) BASIS(E) OI(E)

N-IP 1.00
TERM 0.05 1.00
DEFAULT 0.26  0.20 1.00
F1 0.63 0.15 0.51 1.00
VIX? 0.08 -0.00 0.31 031 1.00

CAY -0.17  0.22 -0.05 0.08 -0.04 1.00

D/P 0.17  0.10 0.50 031 015 -0.04 1.00
EXPD 0.15 -0.39 -0.13 -0.05 0.06 -0.11 -0.04
NTIS 0.01 -0.16 -0.18 -0.29 -0.02 0.02 -0.14

LN 048 0.54 0.21 0.50 0.18
CYCLE -0.19  0.50 -0.13 -0.02 -0.01

FD 022 043 0.12 029 0.02

BASIS (M) 0.02 -0.31 0.47 -0.00 -0.10
OI (M) -0.03 0.17 -0.14 -0.16 -0.17
BASIS (E) 0.25 -0.04 0.28 020 0.28
OI (E) -0.30 0.04 -0.19 -0.31 -0.20

1.00
1.00
0.18 1.00
1.00
1.00
-0.14 1.00
-0.03 0.00 1.00
-0.00 0.34 -0.43 1.00

the commodity-specific bases within metals futures (BA-
SIS). The second predictor is open interest growth follow-
ing Hong and Yogo (2012). Using CFTC Commitments of
Traders data, we multiply open interest in terms of num-
ber of outstanding contracts by the number of units per
contract and the spot price per unit to get dollar open in-
terest.> We then sum up dollar open interests within each
sector. As a final step, we calculate percentage growth rates
over one-year periods (OI).

2.2.2. Business-cycle indicators

The first business-cycle indicator is industrial produc-
tion growth constructed as the year-over-year log growth
using data from FRED database at the Federal Reserve Bank
of St. Louis. For ease of interpretation, we take the neg-
ative of industrial production growth (N-IP) so that the
series is countercyclical. The second indicator is the term
spread (TERM) between long- and short-maturity yields.
For long-maturity yields, we use the long interest rates
from Robert Shiller’s website. For short-maturity yields,
we use the annualized three-month Treasury bill yields.
The third indicator is the default spread (DEFAULT) be-
tween the Moody’s Seasoned Baa and Aaa yields, obtained
from FRED. The fourth indicator is the real factor (F1) from
Ludvigson and Ng (2009) which is the first principal com-
ponent of a broad set of macroeconomic variables. The last
indicator we use is the square of CBOE Volatility Index
(VIX?).” Given its relatively short history, we supplement

6 For Aluminum, we use open interest data from London Metal Ex-
change instead given the limited coverage of Aluminum in CFTC Commit-
ments of Traders data.

7 We use VIX? instead of VIX because asset pricing theories typically
relate risk premium to variance, not standard deviation.

the series with the news-implied volatility index (NVIX)
from Manela and Moreira (2017). We estimate the rela-
tion between VIX and NVIX in the overlapping samples and
impute VIX before 1990 with the fitted coefficients from
this regression.® All cyclical indicators are available at a
monthly frequency. We lag N-IP and F1 by one-month to
account for publication lags.

3. Dynamics of subjective and objective risk premia

We now examine how much subjective and objective
risk premia vary with asset-class specific predictors and
the business-cycle indicators. We regress subjective ex-
pected excess returns from surveys on the predictor vari-
ables and compare the results to regressions in which fu-
ture realized excess returns are the dependent variable. We
run two separate regressions rather than just one that uses
the wedge between survey expectations and realized re-
turns as dependent variable because we are interested not
only in potential deviations from the rational expectations
hypothesis, but also, in case there is a deviation, in char-
acterizing the dynamics of subjective risk premia. Are they
procyclical, countercyclical, or acyclical?

For ease of interpretation, we standardize all predictor
variables to have unit standard deviations in the full sam-
ple that we use in the realized excess return regressions.’

8 The regression uses monthly data from January 1990 to March 2016
and yields:

VIX = -2.940 + 0.919 x NVIX,

with an R? of 0.59.
9 If predictor data is available, the full sample start date is December
1925, and otherwise at the earliest date of predictor availability.
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Table 3

Regressing Realized Stock Market Excess Returns on Predictors.

Dependent variable is the one-year cumulative excess returns on the CRSP index. The full sample period is from December 1926 to December 2020.
Column variables are described in Section 2.2. Rf . denotes the past one-year excess return. All independent variables are standardized to have unit
standard deviations in the full sample period. In each block, the first row reports the OLS estimates multiplied by 100; bootstrap bias-adjusted coefficients
are reported in braces; bootstrapped p-values are reported in parentheses. We use a stationary bootstrap with an optimal block length determined as in

Politis and White (2004).

Asset-Class Specific

Business-Cycle

CAY D/P EXPD NTIS N-IP TERM DEFAULT F1 VIX?
m @ 6 @ 6 © 7O @6 (9) (10 (1) (12) (13) (14) (15) (@16) (17) (18)
Coeff 478 534 640 668 -648 -729 -523 -523 174 153 413 430 332 324 424 392 149 122

{bias-adj.} {3.24} {3.71} {6.01} {5.83} {-6.44} {-7.19} {-4.87} {-4.93}

(p-value) (0.08) (0.10) (0.00) (0.00) (0.03) (0.04) (0.16) (0.16)
Rpoe -3.52 0.87 -3.51 -1.25
{bias-adj.} {-3.32} {0.36} {-3.70} {-1.47}
(p-value) (0.12) (0.71) (0.09) (0.51)
Adj. R? 0.03 0.06 0.09 0.09 0.08 011 0.06 0.06
N 272 272 1117 1117 377 373 1117 1117

0.01 0.01
1129

{1.55) {1.26} {4.40} {4.62} {2.84} {2.51} {4.54} {4.16} {1.82} {1.48}
(0.51) (0.49) (0.00) (0.01) (0.12) (0.13) (0.00) (0.04) (0.31) (0.39)

-0.70
{-1.23}
(0.74)

-1.28 -0.24
{-1.39} {-0.55}
(0.55) (0.91) (0.69) (0.62)

004 004 002 002 006 006 000 000

1129 1117 1129 1117 717 717 1129 1117

-1.07
{-0.65} {-1.24}

-1.01

1117

With standardized predictors we can easily compare the
amount of variation in objective and subjective risk pre-
mia associated with different predictors by comparing the
magnitudes of slope coefficients. For parsimony, while all
regressions include an intercept, we omit the intercept es-
timates from all tables.

The realized returns regressions are run with monthly
or quarterly data depending on data availability for the
predictor variable. To match with the one-year forecast
horizon in our subjective expected return data, we use re-
alized excess returns compounded over one-year periods
as the dependent variable. We use a stationary block boot-
strap to account for the autocorrelations in residuals in-
duced by the overlapping return windows in the depen-
dent variable. We also use the bootstrap to adjust co-
efficients for the predictive regression bias discussed in
Stambaugh (1999). Internet Appendix B provides more de-
tails of the bootstrap approach. In regressions where sub-
jective expected returns are the dependent variable, we
adjust p-values for heteroskedasticity and autocorrelation
in regression residuals using the equal-weighted cosine
(EWC) approach from Lazarus et al. (2018).

3.1. Stock market

To provide a basis for comparison, Table 3 first reports
the results for predicting future one-year realized excess
returns. All asset-class specific predictors except NTIS are
at least marginally significant (p < 0.10) when used as sole
predictor variable. The magnitude of slope coefficient point
estimates are similar and quite large for all of them. Based
on bias-adjusted slope coefficient estimates, a one standard
deviation move in the predictor variable is associated with
a substantial change in objective expected returns of 3.24
to 6.44 percentage points over a one-year forecast horizon.

For cyclical indicators, TERM and F1 are the only ones
that are individually at least marginally significant. The
magnitudes of point estimates are also much more mixed
than for the asset-class specific predictors, ranging from
1.55 for N-IP to 4.54 for F1. However, without exception,
for all predictors in both groups, the point estimates indi-
cate a countercyclical pattern of objective risk premia: low

following booms, high following downturns in asset prices
or the business cycle.

When past one-year realized excess returns are in-
cluded as an additional predictor in the regressions, past
returns are never statistically significant except marginally
so when used along with EXPD (p = 0.09).

Table 4 shows the results of regressing subjective excess
return expectations from different surveys on the same
predictor variables as in Table 3. Panel A presents the re-
sults for individual investor expectations. Results for CFO
expectations are shown in Panel B. Looking across all re-
gressions, a striking commonality is that the magnitude of
slope coefficients is generally much smaller than in the re-
alized excess return regressions in Table 3. For example, in
the single-predictor regressions, the biggest coefficient in
Table 4 is 1.12 for TERM in Panel B. In contrast, the largest
coefficient estimate in absolute magnitude is 6.44 for EXPD
in in Table 3 (for TERM it is 4.40). Therefore, subjective ex-
pected excess returns of individual investors and CFOs vary
much less with these standard predictor variables than ob-
jective risk premia do.

With subjective expected excess returns from the Liv-
ingston survey in Panel C, the magnitudes of estimated
slope coefficients for the asset-class specific predictors are
also fairly small. Only for the cyclical indicators, we ob-
tain coefficients (5.62 for N-IP, 4.18 for DEFAULT) that are
in the ballpark of the magnitudes that we obtained in the
realized return regressions. However, for these two pre-
dictors, the coefficients in the realized returns regression
in Table 3 are actually quite small (1.55 and 2.84, respec-
tively), so there is not a great match between subjective
and objective risk premia in these cases either.

Since evidence for extrapolation from recent past re-
turns play an important role in earlier studies of return
expectations data, e.g., Greenwood and Shleifer (2014),
we also run versions of these regressions with past one-
year excess returns as a regressor. Past returns often have
substantial explanatory power, with positive effects on
subjective risk premia of individuals and CFOs, indicat-
ing extrapolation, and negative effects for professionals in
the Livingston survey, indicating a contrarian influence of
past returns. Therefore, recent past returns are a poten-
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Dependent variables are the one-year-ahead excess return expectations from Nagel and Xu (2022), the CFO survey, and the Livingston survey, respectively.

Column variables are described in Section 2.2. R,

denotes the past one-year excess return. All predictors are standardized to have unit standard deviations

in the full sample period. The first row in each block reports the OLS estimates multiplied by 100. EWC p-values following Lazarus et al. (2018) are reported

in parentheses.

Asset-Class Specific

Business-Cycle

CAY D/P EXPD NTIS N-IP TERM DEFAULT F1 VIX?

m @ & @ 6 6 @O © (9 (o) () (12) (13) (14 (15 (6) (17) (18)
A. Individual (NX)
Coeff -0.75 -0.75 -0.24 -0.00 0.17 020 -0.36 -0.55 098 157 044 046 -030 0.57 015 0.63 -0.01 0.27
(p-value) (0.04) (0.03) (0.52) (1.00) (0.63) (0.54) (0.48) (0.23) (0.17) (0.01) (0.20) (0.18) (0.35) (0.13) (0.68) (0.08) (0.95) (0.14)
R 0.87 0.87 0.88 0.98 1.16 0.88 1.07 1.13 113
(p-value) (0.01) (0.02) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.01)
Adj. R? 021 033 000 011 0.00 012 0.01 0.16 004 023 004 016 -000 013 -0.00 0.16 -0.01 0.15
N 142 142 142 142 142 142 142 142 143 142 143 142 143 142 142 142 143 142
B. CFO
Coeff -0.23 -0.15 -047 -041 -094 -0.92 0.74 0.67 032 164 112 115 -0.15 047 0.08 059 0.01 0.23
(p-value) (0.64) (0.76) (0.32) (0.31) (0.01) (0.02) (0.01) (0.03) (0.55) (0.02) (0.00) (0.00) (0.60) (0.18) (0.68) (0.07) (0.92) (0.16)
Rfost 0.35 0.30 0.16 0.20 0.89 0.39 0.63 0.85 0.73
(p-value) (0.18) (0.29) (0.60) (0.48) (0.01) (0.08) (0.08) (0.03) (0.05)
Adj. R? -0.00 001 004 005 035 034 008 0.07 -0.01 012 037 044 -0.01 0.03 -0.01 0.06 -0.01 0.04
N 77 77 77 77 77 77 77 77 79 77 79 77 79 77 77 77 79 77
C. Livingston
Coeff -1.70 -142 1.01 042 -037 -0.59 -1.05 -0.88 562 508 1.06 1.03 418 341 267 223 165 123
(p-value) (0.08) (0.09) (0.48) (0.73) (0.40) (0.17) (0.43) (0.34) (0.00) (0.00) (0.38) (0.37) (0.03) (0.04) (0.00) (0.00) (0.00) (0.02)
Rt -2.70 -2.78 -2.94 -2.83 -2.28 -2.87 -1.79 -1.67 -2.23
(p-value) (0.02) (0.01) (0.01) (0.01) (0.01) (0.01) (0.05) (0.08) (0.06)
Adj. R? 006 0.17 001 013 -000 014 0.01 0.14 027 035 003 016 022 026 023 026 013 0.20
N 138 138 138 138 138 138 138 138 138 138 138 138 138 138 122 122 138 138

tially important influence on subjective return expectations
that one should seek to understand. The heterogeneity in
past returns’ influence on expectations between individu-
als/CFOs on one hand and professional forecasters on the
other hints that a model with heterogeneous beliefs may
be needed to understand the asset pricing consequences of
belief formation, perhaps as in Barberis et al. (2015) where
extrapolators coexist with traders that are rationally con-
trarian (although predictions from this model would be
difficult to square with the lack of predictability associ-
ated with past returns in the realized return regressions in
Table 3). However, for our purposes, the important take-
away from the table is that the inclusion of past returns
does not have a substantial impact on the slope coeffi-
cient estimates for the slower-moving asset-class specific
predictors and cyclical indicators that are the focus of our
analysis. Whatever the mechanism that let past returns
affect return expectations, this mechanism seems to be
largely distinct from the predictor variables and the low-
frequency valuation cycles that have been emphasized in
macro-finance modeling of asset markets.

Fig. 2 provides a visual summary of our results on ob-
jective and subjective risk premia in the stock market.
While our discussion above focused on estimates in single-
predictor regressions, this figure shows the coefficient es-
timates when past returns are included in the regression
along with the predictor. The blue bars show the coef-
ficients from the realized return regressions in Table 3.
The other bars show the corresponding coefficients from
Table 4 for the same predictor with the survey expected
excess returns as dependent variable. The figure clearly il-

lustrates that subjective risk premia have much lower sen-
sitivity to the predictor variables—with the exception of
the Livingston survey for N-IP and DEFAULT—than the ob-
jective risk premia captured by the predictive regressions
with realized returns.

Asterisks indicate that the difference in slope coeffi-
cients between the realized excess return and the survey
expected excess return regression is statistically significant
at a 5% level. The inference approach is a special case of
the approach we develop in Internet Appendix C to ac-
commodate the different sample sizes and sampling fre-
quencies of realized excess returns and survey data. While
we will later focus on aggregate measures that summarize
the differences in slope coefficients across surveys and as-
set classes, Fig. 2 shows that many of the individual differ-
ences are also statistically significant, especially for predic-
tors that produce a large slope coefficient in the realized
excess return regression.

In stark contrast to the results in Fig. 2, in a RE model
of time-varying risk premia, the sensitivities of objective
and subjective risk premia would be the same. Specific de-
tails of the results for particular predictors aside, the fact
that subjective risk premia do not seem to move much
with standard cyclical variables casts doubt on the empir-
ical importance of time-varying risk or time-varying risk
aversion as a major source of aggregate stock market price
movements.

Price-growth  extrapolation mechanisms as in
Adam et al. (2017) and Jin and Sui (2022) produce
pro-cyclical movements in subjective risk premia and
hence, for example, a negative relationship between D/P
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Fig. 2. Coefficients from Regressing Stock Excess Returns on Predictors. The blue bars show the slope coefficients from regressing realized stock market ex-
cess returns on asset-class specific predictors and business-cycle indicators. The estimates are bootstrap bias-adjusted. The red, yellow, and purple bars use
survey excess return expectations from Nagel and Xu (2022), the CFO survey, and the Livingston survey as dependent variable, respectively. All regressions
control for past one-year realized excess returns. An asterisk indicates that the difference of the slope coefficients in the survey excess return regressions
and realized excess return regressions is significantly different from zero at a 5% level.

and subjective risk premia. This relationship could be
sufficiently weak to still be consistent with a largely
acyclical subjective stock market risk premium. Jin and
Sui (2022) report that a one standard deviation increase
in their sentiment state variable pushes up annualized
subjective expected stock market returns by about 0.60
percentage points. This would correspond roughly to a
coefficient of -0.60 for CAY or D/P in our regressions in
Table 4—which is in the ballpark of what we find for
individual investor and CFO expectations in Panels A and
B. Of course, most of these point estimates are statistically
not significantly different from zero so we cannot say
with much confidence whether these coefficients are truly
different from zero.

3.2. Treasury bond market

Table 5 turns to the Treasury bond market. The de-
pendent variable in Panel A is an equal-weighted average
of one-year excess returns on CRSP Treasury Indexes with
maturities of two, five, seven, and ten years. We observe
realized returns at monthly frequency, hence as in the ear-
lier stock market return regressions, the dependent vari-
able is measured over overlapping annual windows and we
use block-bootstrapped p-values to account for this over-
lap. In Panel B, the dependent variable is the subjective ex-
pected excess returns from the Blue Chip survey of profes-
sional forecasters. As in the case of realized returns, we use
an equal-weighted average of subjective expected excess
returns over two-, five-, seven-, and ten-year maturities.

In Panel A, for realized excess returns, the two asset-
class specific predictors LN and CYCLE are statistically sig-

nificant at conventional levels (p < 0.01 for LN; p < 0.05
for CYCLE). If used as single predictors, they get point esti-
mates of 1.94 and 2.29, respectively. This means that a one
standard deviation move in the predictor is associated with
a roughly 2pp movement in objective expected excess re-
turns. Among the cyclical indicators, TERM and F1 are also
significant predictors at conventional levels, and DEFAULT
marginally so. The magnitude of expected return variation
associated with the cyclical indicators is generally smaller
than for LN and CYCLE.

Interestingly, for all of these predictor variables, we
again see much smaller coefficient estimates when subjec-
tive expected excess returns are the dependent variable in
Panel B. Here we obtain the maximum coefficient with CY-
CLE, but at 0.83 the magnitude is still much smaller than
in Panel A (2.29). Including excess returns over the past
year as an additional predictor variable generally has very
little effect, both in Panel A and B. Despite the generally
smaller magnitude of slope coefficients in Panel B, those
for LN and CYCLE are nevertheless statistically significant
when past returns are included, and the one for VIX? is
marginally so.'”

Fig. 3 summarizes the results, again focusing on coeffi-
cient estimates in regressions with past returns included as
controls. The figure shows very clearly the different mag-
nitudes of the slope coefficients in the regressions with re-
alized excess returns, shown as blue bars, and regressions
with subjective expected excess returns, shown as red bars.

10 Buraschi et al. (2022) find a stronger relationship of the subjective
Treasury bond risk premium with risk-neutral Treasury bond volatility in-
stead of the VIX.
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Table 5

Regressing Treasury Bond Average Excess Returns on Predictors.
In Panel A, dependent variable is the equal-weighted average of one-year excess returns on CRSP Treasury Indexes with maturities of two, five, seven, and ten years. The sample period is from March 1952 to
December 2020. In Panel B, dependent variable is the equal-weighted average of one-year-ahead excess return expectations from BCFF with the same set of maturities as in Panel A. The sample period is from
January 1988 to December 2020. Column variables are described in Section 2.2. Rf,, denotes the past one-year average excess returns. All independent variables are standardized to have unit standard deviations
in the full sample period. The first row in each panel reports the OLS estimates multiplied by 100. In Panel A, bootstrap bias-adjusted coefficients are reported in braces; bootstrapped p-values are reported in
parentheses. We use a stationary bootstrap with an optimal block length determined as in Politis and White (2004). In Panel B, EWC p-values following Lazarus et al. (2018) are reported in parentheses.

Asset-Class Specific

Business-Cycle

LN CYCLE N-IP TERM DEFAULT F1 VIX?

(1) (2) (3) (4) (5) (6) (7 (8) 9) (10) (11) (12) (13) (14)
A. Realized
Coeff 1.94 2.33 2.85 2.85 0.57 0.66 1.50 1.88 1.20 1.26 1.00 1.07 0.31 0.32
{bias-adj.} {1.94} {2.32} {2.29} {2.38} {0.75} {0.85} {1.48} {1.92} {1.36} {1.35} {1.08} {1.13} {0.30} {0.33}
(p-value) (0.00) (0.00) (0.01) (0.02) (0.61) (0.60) (0.00) (0.00) (0.12) (0.13) (0.04) (0.07) (0.22) (0.20)
RSt -0.90 -0.16 -0.13 -0.91 -0.22 -0.22 -0.09
{bias-adj.} {-0.85} {-0.37} {-0.12} {-0.94} {-0.13} {-0.10} {0.02}
(p-value) (0.20) (0.79) (0.84) (0.08) (0.73) (0.77) (0.88)
Adj. R? 0.14 0.16 0.24 0.24 0.00 0.00 0.09 0.12 0.02 0.02 0.03 0.03 0.00 0.00
N 717 717 578 578 826 814 826 814 826 814 717 717 826 814
B. BCFF
Coeff 0.37 0.50 0.83 0.83 0.54 0.67 0.30 0.33 0.30 0.41 0.57 0.75 0.17 0.22
(p-value) (0.16) (0.05) (0.00) (0.00) (0.31) (0.22) (0.15) (0.11) (0.47) (0.35) (0.02) (0.00) (0.13) (0.07)
Rt -0.35 0.02 -0.25 -0.22 -0.24 -0.44 -0.28
(p-value) (0.08) (0.90) (0.27) (0.26) (0.32) (0.06) (0.24)
Adj. R? 0.03 0.05 0.23 0.22 0.02 0.03 0.03 0.04 0.01 0.02 0.07 0.11 0.02 0.04
N 397 397 397 397 397 397 397 397 397 397 397 397 397 397
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Fig. 3. Coefficients from Regressing Treasury Bond Average Excess Returns on Predictors. The blue bars plot the slope coefficients from regressing the
equal-weighted average of realized excess returns on CRSP Treasury Indexes on asset-class specific predictors and business-cycle indicators. The maturities
include two, five, seven, and ten years. The coefficients are bias-adjusted using bootstrap. The red bars use the equal-weighted average of survey excess
return expectations with the same set of maturities from BCFF as dependent variable. All regressions control for past one-year realized average excess
returns. An asterisk indicates that the difference of the slope coefficients in the survey excess return regressions and realized excess return regressions is

significantly different from zero at a 5% level.

Thus, in the Treasury bond market, too, subjective risk pre-
mia are much less sensitive to cyclical predictor variables
than objective risk premia are.

3.3. Foreign exchange market

Table 6 presents results for foreign exchange. The de-
pendent variable in Panel A is the realized excess return on
a portfolio of developed market currencies from the view-
point of a US-based investor. The asset-class specific pre-
dictor is the average forward discount on the developed
market currencies as in Lustig et al. (2014).

In Panel A, all predictors except TERM produce statis-
tically significant or at least marginally significant coeffi-
cient estimates. The magnitudes are substantial. The one
standard deviation change in the average forward discount
is associated with a change of 3.75pp in predicted realized
excess returns. Among the cyclical indicators, the strongest
predictor is N-IP. A one standard deviation move in N-P
is associated with a change of 6.66pp in the objective ex-
pected excess returns on a US investors’ currency portfolio.

The estimates in Panel B for subjective expected ex-
cess returns show a sharp contrast to Panel A. Point es-
timates are generally much smaller and none of the coeffi-
cient estimates is significantly different from zero accord-
ing to conventional levels.

As earlier in the case of bond excess returns, controlling
for the past one-year return on the currency portfolio does
not have much effect on the point estimates of the other

predictors, neither for realized excess returns, nor for sub-
jective expected excess returns.

Fig. 4 visualizes the magnitude of the coefficients, fo-
cusing on the regressions that include past returns along
with the predictor variable. The figure clearly shows the
sharp contrast between the large coefficients obtained in
realized excess return prediction regressions and the ex-
tremely small coefficients in the subjective expected ex-
cess return regressions. There is therefore little support for
the notion that the objective return premia obtained in
ex-post regressions with realized excess returns reflect ex-
ante subjective risk premia from the viewpoint of the pro-
fessional forecasters.

3.4. Commodity futures market

In our analysis of commodity futures risk premia, we
look at the energy and metals sectors separately. The eco-
nomic risks that the underlying commodities are exposed
to could be quite different and the dynamics of risk premia
could therefore be potentially different as well. Following
Hong and Yogo (2012), the asset-class specific predictors
for commodity futures are the futures basis and past one-
year open interest growth.

3.4.1. Metals

The dependent variable in Panel A of Table 7 is the av-
erage realized one-year buy-and-hold excess return on a
portfolio of metals futures. As shown in columns (1) to
(4), the futures basis and open interest growth are eco-
nomically strong predictors, with one standard deviation
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Table 6

Regressing Foreign Exchange Average Excess Returns on Predictors.

In Panel A, dependent variable is the average realized one-year excess returns on the basket of developed currencies. The sample period is from October
1984 to June 2021. In Panel B, dependent variable is the one-year-ahead average excess return expectations on the same basket of developed currencies
from CE and FX4casts. The sample period is from August 1986 to June 2021. Column variables are described in Section 2.2. R}, denotes the past one-
year excess returns. All independent variables are standardized to have unit standard deviations in the full sample period. The first row in each panel
reports the OLS estimates multiplied by 100. In Panel A, bootstrap bias-adjusted coefficients are reported in braces; bootstrapped p-values are reported in
parentheses. We use a stationary bootstrap with an optimal block length determined as in Politis and White (2004). In Panel B, EWC p-values following
Lazarus et al. (2018) are reported in parentheses.

Asset-Class Specific Business-Cycle

FD N-IP TERM DEFAULT F1 VIX?

(1) (2) (3) (4) (5) (6) (7) (8) 9) (10) (11) (12)
A. Realized
Coeff 3.83 4.25 7.43 6.74 1.84 2.06 5.75 6.79 2.51 1.94 1.24 1.29
{bias-adj.} {3.75} {3.79} {6.66} {5.55} {1.99} {2.24} {5.99} {7.05} {2.65} {2.50} {1.44} {1.24}
(p-value) (0.03) (0.08) (0.04) (0.10) (0.27) (0.29) (0.07) (0.07) (0.06) (0.14) (0.03) (0.04)
RSt -1.27 1.00 0.07 0.65 0.82 0.89
{bias-adj.} {-1.23} {1.03} {-0.12} {0.50} {0.76} {0.75}
(p-value) (0.42) (0.62) (0.97) (0.67) (0.69) (0.66)
Adj. R? 0.15 0.13 0.10 0.07 0.03 0.04 0.11 0.15 0.04 0.02 0.03 0.04
N 442 430 442 430 442 430 442 430 442 430 442 430
B. CE & FX4casts
Coeff -0.19 0.01 0.27 0.10 -0.68 -0.62 0.27 0.23 0.06 -0.03 0.56 0.53
(p-value) (0.75) (0.99) (0.74) (0.91) (0.24) (0.25) (0.69) (0.77) (0.89) (0.94) (0.10) (0.13)
Rt -0.41 -0.40 -0.20 -0.40 -0.43 -0.25
(p-value) (0.54) (0.57) (0.76) (0.57) (0.54) (0.71)
Adj. R? 0.00 0.01 -0.00 0.01 0.04 0.04 -0.00 0.01 -0.00 0.01 0.07 0.07
N 419 419 419 419 419 419 419 419 414 414 419 419

Table 7

Regressing Metals Futures Excess Returns on Predictors.

In Panel A, dependent variable is the average realized one-year buy-and-hold excess returns on metals. The sample period is from September 1978 to June
2021. In Panel B, dependent variable is the one-year-ahead average excess return expectations from CE. The sample period is from August 1995 to June
2021. Column variables are described in Section 2.2. Rf, denotes the past one-year excess returns. All independent variables are standardized to have unit
standard deviations in the full sample period. In Panel A, bootstrap bias-adjusted coefficients are reported in braces; bootstrapped p-values are reported in
parentheses. We use a stationary bootstrap with an optimal block length determined as in Politis and White (2004). In Panel B, EWC p-values following
Lazarus et al. (2018) are reported in parentheses.

Asset-Class Specific Business-Cycle

BASIS 0l N-IP TERM DEFAULT F1 VIX?

1) (2) 3) (4) 5) (6) (7 (8) 9) (10) () (12) (13) (14)
A. Realized
Coeff -6.57 -6.69 6.38 5.72 5.84 7.80 1.51 1.98 -3.51 -1.61 -1.18 0.25 3.11 3.83
{bias-adj.} {-5.86} {-4.57} {7.45} ({5.51} {591} ({7.03} {233} {248} {-5.19} ({-3.78} {-0.88} {1.24} {3.80} {4.31}
(p-value) (0.20) (0.31) (0.11) (0.19) (0.55) (0.43) (0.75) (0.64) (0.69) (0.86) (0.80) (0.96) (0.06) (0.03)
Rfost 3.45 1.27 4.68 4.70 4.20 4.50 5.31
{bias-adj.} {4.50} {3.61} {5.68} {5.98} {4.58} {5.51} {6.10}
(p-value) (0.34) (0.81) (0.27) (0.20) (0.33) (0.27) (0.13)
Adj. R? 0.06 0.09 0.09 0.09 0.01 0.04 0.00 0.03 0.00 0.02 -0.00 0.02 0.03 0.07
N 516 504 441 441 516 504 516 504 516 504 516 504 516 504
B. CE
Coeff 7.27 1.79 -2.22 -0.01 -0.05 -0.89 0.47 0.41 2.28 0.65 1.24 0.38 1.09 0.68
(p-value) (0.02) (0.43)  (0.01) (0.99) (0.97) (0.52) (0.52) (0.62) (0.28) (0.71) (0.32) (0.72) (0.05) (0.20)
RSt -3.83 -4.12 -4.19 -4.12 -4.01 -3.83 -3.86
(p-value) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
Adj. R? 0.12 0.35 0.13 0.34 -0.01 0.35 -0.00 0.35 0.04 0.35 0.02 0.30 0.08 0.38
N 150 150 150 150 150 150 150 150 150 150 145 145 150 150

change in the predictor associated with around 7pp change dictor, is at least close to marginally significant. Among the

in the predicted excess returns. However, the commodity
futures excess returns are so noisy and the sample suffi-
ciently short that these estimates are not statistically sig-
nificantly different from zero at conventional levels despite
the large magnitude of the point estimates. With a p-value
of 0.11, open interest growth, when used as a single pre-

cyclical indicators, only VIX? is marginally significant on its
own (p < 0.10).

Panel B shows the corresponding regressions for sub-
jective expected excess returns. Looking across all specifi-
cations, we again see the general pattern that the magni-
tudes of the slope coefficient estimates for the predictors
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Fig. 4. Coefficients from Regressing Foreign Exchange Average Excess Returns on Predictors. The blue bars the slope coefficients from regressing average
realized one-year excess returns of developed currencies on asset-class specific predictors and business-cycle indicators. The coefficients are bootstrap bias-
adjusted. The red bars use average survey excess return expectations on the same basket of currencies from CE and FX4casts as dependent variable. All
regressions control for past one-year average realized excess returns. An asterisk indicates that the difference of the slope coefficients in the survey excess
return regressions and realized excess return regressions is significantly different from zero at a 5% level.

are almost all lower than in Panel A (and often of different
sign). Fig. 5 illustrates this graphically. There are no aster-
isks on any bars because the individual wedges between
the two types of regressions are not statistically significant
at a 5% level. However, as we will show later, aggregated
across predictors, the wedge is significant.

Interestingly, Panel B also shows that subjective risk
premia of professional forecasters in the metals futures
market seem to be strongly contrarian with respect to re-
cent past excess returns on metals futures. A fairly large
share of time-variation in subjective risk premia can be
traced to this contrarian effect, even though the relation-
ship of past returns to objective risk premia is, if anything,
positive in Panel A.

3.4.2. The crude oil market

Table 8 presents the results for futures excess returns
in the WTI crude oil market. The results for realized ex-
cess return prediction in Panel A show that there are no
statistically significant predictors of excess returns. Some
of the point estimates are large, though. For example, the
point estimate for N-IP implies that a one standard devia-
tion fall in industrial production growth is associated with
a rise of predicted excess returns of 10.26pp. But the p-
value of 0.21 indicates that there is a very large degree of
uncertainty about the true magnitude of the effect.

Panel B presents the result for subjective expected ex-
cess returns. As in the case of metals futures, subjective
risk premia are strongly contrarian with respect to recent
past excess returns. Other than this past returns effect,
there is little else in terms of a clear relationship to pre-

dictors. The basis in column (1) shows up with a statisti-
cally significant relationship on its own, but this goes away
when past returns are controlled for. The DEFAULT variable
in column (10) is a statistically significant predictor only
when past returns are controlled for. Fig. 6 shows that the
overall picture of absolute coefficient magnitudes in the
two panels is mixed, with no clear difference in magni-
tudes in the objective and subjective risk premia specifi-
cations. This is to be expected when none of the variables
really has a strong relationship to objective or subjective
risk premia.

3.5. Summary measures, variations, and statistical inference

We now construct summary measures that combine
our findings across predictors and asset classes. This also
allows us to compactly report the sensitivity of our results
to a number of robustness checks. For each survey, we first
calculate the following two ratios:

~ Yresen(Br) - B

_ 8N \Pk) - Pre 7
1 Yieesen (Be) - Br @)
and
_ ZkeK |Bk|
M= S B ®)

where By is the slope coefficient on asset-class specific
predictor or business-cycle indicator k in the regression
with survey excess return expectations, B, is the bias-
adjusted coefficient in the regression with realized excess
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Fig. 5. Coefficients from Regressing Metals Futures Excess Returns on Predictors. The blue bars plot the slope coefficients from regressing average realized
one-year buy-and-hold excess returns of metals futures on asset-class specific predictors and business-cycle indicators. The coefficients are bootstrap bias-
adjusted. The red bars use average survey excess return expectations from CE as dependent variable. All regressions control for past one-year average
realized excess returns. An asterisk indicates that the difference of the slope coefficients in the survey excess return regressions and realized excess return
regressions is significantly different from zero at a 5% level.

Table 8

Regressing Crude Oil Futures Excess Returns on Predictors.

In Panel A, dependent variable is the realized one-year buy-and-hold excess returns on the WTI crude oil futures. The sample period is from December 1984
to June 2021. In Panel B, dependent variable is the one-year-ahead buy-and-hold excess return expectations from CE. The sample period is from August
1995 to June 2021. Column variables are described in Section 2.2. R}, denotes the past one-year excess returns. All independent variables are standardized
to have unit standard deviations in the full sample period. In Panel A, bootstrap bias-adjusted coefficients are reported in braces; bootstrapped p-values are
reported in parentheses. We use a stationary bootstrap with an optimal block length determined as in Politis and White (2004). In Panel B, EWC p-values
following Lazarus et al. (2018) are reported in parentheses.

Asset-Class Specific Business-Cycle

BASIS 0l N-IP TERM DEFAULT F1 VIX?

(1) (2) 3) (4) (5) (6) (7 (8) 9) (10) (an) (12) (13) (14)
A. Realized
Coeff 1.20 -0.71 0.36 5.14 9.89 7.82 -4.25 -4.33 2.43 2.03 -0.63 -2.35 3.88 3.64
{bias-adj.} {1.74} {0.24} {-0.71} {0.45} {10.26} {932} ({-4.46} ({-5.16} {0.58} {0.66} {-0.47} {-2.98} {4.05} {4.18}
(p-value) (0.81) (0.90) (0.95) (0.58) (0.21) (0.48) (0.53) (0.57) (0.71) (0.81) (0.84) (0.51) (0.25) (0.33)
Rfost -3.30 -6.39 -1.78 -3.10 -2.53 -3.34 -2.03
{bias-adj.} {-1.38} {-2.59} {-0.66} {-2.44} {-2.19} {-2.52} {-0.51}
(p-value) (0.67) (0.55) (0.77) (0.57) (0.67) (0.55) (0.75)
Adj. R? -0.00 -0.00 -0.00 0.00 0.01 0.01 0.01 0.02 -0.00 0.00 -0.00 0.00 0.03 0.02
N 439 427 426 426 439 427 439 427 439 427 439 427 439 427
B. CE
Coeff 2.46 -1.43 -3.61 1.98 3.82 -1.94 -1.73 -1.36 0.19 -5.05 0.22 -2.60 0.52 -0.71
(p-value) (0.04) (0.36) (0.13)  (0.38) (0.23)  (0.55) (0.35) (0.41) (0.95) (0.00) (0.92) (0.19) (0.52) (0.29)
R -6.47 -7.14 -5.93 -5.41 -6.60 -7.24 -5.83
(p-value) (0.01) (0.00) (0.01) (0.00) (0.00) (0.00) (0.01)
Adj. R? 0.07 0.33 0.14 0.33 0.03 0.32 0.01 0.32 -0.01 0.38 -0.01 0.43 0.00 0.32
N 150 150 150 150 150 150 150 150 150 150 145 145 150 150

returns, and K is the group of all asset-class specific pre-
dictors and cyclical indicators combined.

Because the sign of predictors can be arbitrary, we need
to first align the signs before we can average coefficients
across predictors. Multiplying with sgn () in the numer-

ator and denominator in (7) is like switching the signs of
the predictor variables such that the coefficients in the re-
alized return regressions are all positive, and hence the de-
nominator of M; is always positive. Then, if subjective risk
premia have the same variation with respect to predictors
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Fig. 6. Coefficients from Regressing Crude Oil Futures Excess Returns on Predictors. The blue bars plot the slope coefficients from regressing realized one-
year buy-and-hold excess returns of WTI crude oil futures on asset-class specific predictors and business-cycle indicators. The coefficients are bootstrap
bias-adjusted. The red bars use survey excess return expectations from CE as dependent variable. All regressions control for past one-year realized excess
returns. An asterisk indicates that the difference of the slope coefficients in the survey excess return regressions and realized excess return regressions is

significantly different from zero at a 5% level.

as objective risk premia do, M; will be about 1; if subjec-
tive risk premia have the exact opposite variation, M; will
be about —1.

It may also be of interest to simply compare the volatil-
ity of the predictor-related components in subjective and
objective risk premia, without paying attention to the di-
rection in which a predictor moves these premia. This is
captured by ratio M,. This ratio uses the absolute values of
coefficients.

The final summary measures are calculated by first tak-
ing the average of M; and M, within asset classes (if there
are multiple surveys) then across asset classes.!! Fig. 7
presents the results.

To explore the robustness of our conclusions, we report
results from several different specifications. First, we use
coefficient point estimates obtained with (Control) or with-
out (Single) controlling for past returns. Second, we re-run
all of the analysis with a different definition of the real-
ized excess return sample. In our baseline analysis above,
we used the maximum sample length that was available
given data availability constraints on the predictors and re-
turns data. With this baseline approach, one might worry
that the law of motion of objective risk premia has under-
gone structural change and may be different in the sam-
ples for which we have survey data coverage, which are
often much shorter than the samples for which we have
realized returns and predictor data. For this reason, we re-

11 We treat metals and crude oil as in the same asset class. Treating
them as separate asset classes does not quantitatively change the results.

run all realized excess regressions with the realized re-
turns sample restricted to the time periods for which we
have survey data to construct subjective expected excess
returns. In Fig. 7, the results from our baseline analysis
with the full sample are denoted with (F), those with the
return sample matched to the survey sample are denoted
with (S).

The four pairs of bars on the left-hand side of the fig-
ure show the results. The blue bars show the summary
measure of the My ratios, the red bars show the summary
of the M, ratios. The baseline case in the left-most blue
bar shows that a one percentage point move in the ob-
jective risk premium is associated, on average, only with
0.12 percentage point move in the same direction of the
subjective risk premium. Based on the comparison of the
first two blue bars, including or not including past returns
has very little effect on the ratio of coefficients for objec-
tive and subjective premia. In both cases, we get a ratio
of close to 0.15. Using the full sample for realized returns
(first and second blue bar) or a shorter sample matched
to the survey data set (third and fourth blue bar) does not
have much effect on the results either, with a slight in-
crease of about 0.05 in both Control and Single cases. Over-
all, subjective risk premia vary substantially less with the
predictor variables than objective risk premia.

The red bars shows that the picture is quite similar
if we ignore potential directional mismatch between the
movements of subjective and objective risk premia and
just look at the relative volatility of predictor-related com-
ponents using the ratio M,. Even then, the ratio is far
below one, indicating a much smaller volatility of the
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Fig. 7. Comparing Magnitudes of Coefficients from Regressing Survey Expectations and Realized Returns. For each blue and red bar, we first calculate the
following ratios for each survey:
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respectively, where ﬂk is the slope coefficient on asset-class specific predictor or business-cycle indicator k in the regression with survey excess return
expectations, B, is the bias-adjusted coefficient in the regression with realized excess returns, and K is the set of all predictors. We then take the average
of M; and M, within each asset class if there are multiple surveys and finally across asset classes. (F) denotes estimates using the full return sample; (S)
denotes estimates using the matched-to-survey return sample; Control and Single denote estimates with and without controlling for past excess returns,
respectively; Sig denotes estimates only using predictors whose full-sample p-values are smaller than 0.05.

cyclical-variable component in subjective risk premia. Nei- We develop an asymptotic inference approach in Internet
ther controlling for past returns nor using matched-to- Appendix C. This is not straightforward as the regressions
survey samples has much effect on the summary measure involve different predictors, sample periods, data sets, and
of the M, ratios. measurement frequencies. Our approach treats all these re-

One potential concern about the analysis so far is that gressions jointly as one big system of regression equations.
the set of predictors might include ones that are simply ir- We then construct a composite estimator that aggregates
relevant for risk premia. If the predictor variable represents the differences between realized-return-based and survey-
just irrelevant noise that is not truly related to risk premia, based coefficient estimates.
neither objective nor subjective, the true slope coefficients We first focus on one asset class at a time. We av-
are zero. Due to estimation error, the slope coefficient es- erage all slope coefficients of asset-class specific predic-
timates will be non-zero and they could have similar ab- tors and business-cycle indicators from the realized excess
solute magnitudes in the regressions with realized returns return prediction regressions within each asset class, and
and subjective expectations. This would bias the M, ratio then we subtract the average all corresponding slope co-
toward one and the M, ratio toward zero. efficients from the survey-based regressions. This average

For this reason, the last two pairs of bars on the right- wedge in slope coefficients represents the average wedge
hand side include, within each asset class, only on pre- between realized excess returns and survey expectations
dictor variables that are significant at conventional levels associated with a one-standard-deviation change in the
(p <0.05) in predicting realized excess returns using the predictor variable. For the purposes of statistical inference,
full available sample of realized return and predictor data. formulating this wedge as a difference is more tractable
As the figure shows, for these variables, the relative mag- than the ratio that we used in our earlier summary mea-
nitude of the subjective expected excess return regression sures in Fig. 7. Since signs of regression coefficients matter
coefficients is still small. Depending on whether we in- for this calculation, we flip the signs of predictors if neces-
clude past returns in the regression or not, we obtain ratios sary such that they forecast future realized excess returns
of slightly above or below 0.20 for both M; and M, ratios. positively, as we did for the ratio M; earlier.

So far we have focused on point estimates in our sum- The top panel in Table 9 reports the results for individ-
mary measures. However, it would also be useful to assess ual asset classes. Focusing on the full-sample estimates in
the joint statistical significance of the cyclicality wedges the first two columns, the point estimate for the aggregate
between subjective and objective risk premium dynamics. wedge is between two to four times as big as the stan-

17
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Table 9

Joint Statistical Significance of the Cyclicality Wedges.
This table reports the point estimates and standard errors of the following measure:

d = e,Bw,

Journal of Financial Economics 150 (2023) 103713

where the K x J matrix B horizontally concatenates the regression coefficient row vectors from J realized-
return-based and survey-based regressions. The weight column vector w is such that the elements that
multiply coefficients from the predictive regressions with excess returns as dependent variable are positive,
of equal magnitude, and sum to 1 across all regressions within an asset class, while those that multiply
coefficients from the survey data regressions are negative and sum to —1 within an asset class; e, is a
vector with one as the second element and zeros otherwise to pick out the aggregated slope coefficient
differences corresponding to asset-class specific predictors and business cycle indicators. The composite
measure either equally weights the four asset classes or weights them in inverse proportion to the volatility
of their realized excess returns . We multiply the point estimates d by 100. Standard errors calculated
using the EWC estimator from Lazarus et al. (2018) are reported in parentheses (also multiplied by 100).

Full-Sample Survey-Sample
w/o Rf,m with R‘;ast w/o Rfmt with R;asr
Stock Market 3.56 3.55 3.37 3.09
(0.96) (1.01) (1.16) (1.36)
Treasury Bonds 0.90 0.95 0.40 0.62
(0.35) (0.40) (0.42) (0.45)
Foreign Exchange 3.67 3.76 3.29 3.55
(0.92) (1.00) (0.93) (0.97)
Commodities
Metals 4.97 4.25 10.43 10.70
(2.27) (2.40) (2.22) (2.46)
0il 2.54 3.97 3.68 5.95
(1.86) (2.64) (2.49) (3.45)
Composite
Equal-weighted 2.97 3.09 3.53 3.90
(0.53) (0.61) (0.66) (0.67)
o ~1-weighted 2.23 2.31 2.04 2.29
(0.40) (0.43) (0.44) (0.44)

dard error, and hence statistically significant at conven-
tional levels, for all asset classes except metals with past
return control and oil.

To further aggregate across asset classes, we construct
two composite measures. The first one equally weights all
asset classes. The first two columns at the bottom panel
in Table 9 show that this composite cyclicality wedge is
highly statistically significant with the point estimate more
than five times as big as the standard error. To prevent
asset classes with high return volatility from dominating,
we construct a second composite measure that weights as-
set classes by the inverse of their realized excess return
volatility. This point estimate for this second composite
measure is smaller as it puts a higher weight on Treasury
bonds, but the standard errors shrink to a similar degree,
so that it remains highly statistically significant.

As a robustness check, we also repeat the analysis us-
ing the matched-to-survey sample, shown in the third and
fourth column. All results hold except that the cyclicality
wedge narrows for Treasury bonds but widens for metals
futures.

4. Comparison with out-of-sample forecasts

Our analysis so far compared the cyclicality of subjec-
tive expected excess returns with the cyclicality of fore-
casts implied by estimates of in-sample predictive regres-
sions. For evaluating RE models, this is the appropriate
comparison. In RE models, agents already know the un-

derlying data-generating process, including the values of
its parameters. In-sample predictive regressions are then
the most efficient way for an econometrician to estimate
what economic agents already know. Yet, the empirical ev-
idence on the large gap in cyclicality between subjective
expectations and in-sample predictive regression forecasts
is hard to square with RE models. This brings up the ques-
tion whether non-RE belief-formation mechanisms that do
not endow agents with so much knowledge of the data-
generating process could explain the lack of cyclicality in
subjective expected excess returns.

One natural possibility is that, unlike in RE models, in-
vestors do not know the parameters of the data-generating
process. Instead, they learn about these parameters from
observed data in real time. If so, an OOS forecast, not
the fitted value from an in-sample regression run ex post
over the whole sample, should be close to their observed
subjective expectations. For this reason, we now examine
whether OOS forecasts of excess returns are closer to the
subjective excess return expectations in terms of cyclical-
ity than the in-sample excess return predictions.

We first construct OOS forecasts at time t based on
each individual predictor x; by performing the following
predictive regressions over expanding windows:

k=2,....t. (9)
Given the negligible role of past excess returns in predict-
ing future excess returns in our earlier analyses, we focus
here on specifications with just a single predictor without

R = o + BitXik-1 + Eike
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including past one-year excess returns. We assume that in-
vestors estimate «;, and f;, as

t
(@ir, Bir) = argn;in D (R — o — Bxip1).
& k=2

(10)

Our first set of analyses sets w;, =1 and hence &;; and
ﬁi,[ are simply OLS estimates from recursively expanding
windows.'?

An 0O0S forecast of t+1 excess returns based on &;,
and /§,-,t would, however, impose extreme confidence that
the variable x; is truly a predictor of excess returns. In
practice, investors cannot be sure. If it’s not, then a forecast
that constrains fB;; to zero could perform better. For this
reason, we assume that investors evaluate, based on the
historical data that has accumulated until time t, whether
the predictive regression forecast actually adds value, in
terms of OOS forecasting, relative to simply setting the
forecast equal to the historical mean of RY

t
Re _ Zk=2 wt.kR,ec
t = t
Dk=2 @k
More precisely, we assume that investors check in past
data until period t which combination of Rf and the pre-

dictive regression forecast @;, + B,-,fx,-,t produced the best
00S forecasts. Investors’ forecast is then a weighted aver-
age:

(11)

B (R ; =si¢ (@i + Bicxie) + (1 =i RS, (12)

where the weight s;; is chosen to maximize the historical
00S performance starting at t,;;, after a burn-in period

t

Sic = argmin Y g iy (s)?, (13)
s k=tmin
we(s) = R = 5@t + Biacaxie) — (1 =9RE ;. (14)

In other words, we let investors look for the optimal de-
gree of shrinkage of the predictive regression forecast to-
ward the historical mean.

In our empirical implementation, we choose t;;, of 10
years as burn-in period. For foreign exchange and com-
modity futures, we do not have enough data after the
burn-in periods to have much statistical power. For this
reason, we focus on stock and Treasury bond markets
only in this analysis. For our cyclicality tests, we then use
the OOS forecast series starting from the dates when sur-
vey data becomes available (June 1952 for the stock mar-
ket and January 1988 for the Treasury bond market). We
regress the OOS forecasts I@li_tR§‘+1 on X; ¢, just as we regress
the subjective expected excess returns fEtRf 1 from the sur-
vey data on x;.

12 We have also experimented with adjusting &;, and B,»_, for finite-
sample bias as in Stambaugh (1999). However, this has little effect on 00S
forecast properties. The reason is that the effect of this bias-adjustment
is a shrinkage of the forecast to the historical mean of excess returns.
The shrinkage that we apply below is of the same form, and hence op-
timal choice of the degree of shrinkage already implicitly incorporates a
bias-adjustment. As a consequence, a bias-adjustment of coefficients be-
fore this shrinkage step is rendered largely redundant.
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Both of the asset-specific predictors for Treasury bond
excess returns use look-ahead information in their con-
struction that is not available to investors in real time: the
bond excess return predictor of Ludvigson and Ng (2009) is
constructed as a linear combination of macro factors with
weights chosen to maximize in-sample bond excess return
predictability subject to a model complexity penalty; the
cycle factor of Cieslak and Povala (2015) is constructed by
projecting in-sample bond yields on trend inflation and
then bond excess returns on the residuals to construct the
cycle factor. For the purpose of this OOS exercise, we there-
fore create real-time versions of these factors.'® Internet
Appendix D.1 describes the details of their construction.

To parsimoniously present the results from this large
number of regressions, we again use the ratios introduced
in (7) and (8), but now with numerators replaced with co-
efficients from using OOS forecasts:

e = ke sEn (B) AP S 1B
YT ovsen(B) B0 TkexlBil

We report the detailed individual coefficients from these
regressions in Internet Appendix D.2. If the OOS forecasts
constructed in our exercise get close, in terms of cycli-
cality, to the subjective expected excess returns observed
in the survey data, then we should see these ratios to be
similar to the ones we reported in Fig. 7 with coefficients
from the subjective expected excess return regressions in
the numerators.

As a baseline for comparison, the left-most blue bars
in the two panels of Fig. 8 therefore repeat the earlier
estimates from Fig. 7 in the Single (F) specification, i.e.,
without controlling for past excess returns, where the ra-
tios were 0.16 for the stock market and 0.33 for the Trea-
sury bond market. The neighboring blue bars to the right,
labeled Shrink (E), show the ratio (15) with coefficients
from using OOS forecasts in the numerators. As the fig-
ure shows, that O0S forecasts differ from in-sample fore-
casts goes some way of explaining the cyclicality gap. If
00S forecasts were as cyclical as in-sample forecasts, the
ratio would be about 1.0; if the OOS forecasts were as
acyclical as subjective expected excess returns in the sur-
vey data, the ratio would be about equal to the ratio rep-
resented by the baseline bar. The actual estimate is some-
where inbetween, with 0.46 for the stock market and 0.51
for the Treasury bond market. Using absolute values of co-
efficients in calculating the measure has little effect, as can
be seen from the red bars in the first two pairs.

That investors make use of the full historical record
of asset return data in constructing their forecasts may
overstate their reliance on historical data from the dis-
tant past. In Nagel and Xu (2022) we argued that a rea-
sonable and empirically plausible way of representing in-

(15)

13 The equity return predictor CAY and the business cycle variable F1
also use look-ahead information in their construction. For CAY, this in-
volves estimation of a cointegration relationship over the full sample ex
post; for F1 the estimation of principal components using full sample in-
formation. Therefore, these variables may also be contaminated with in-
formation that was not available to investors in real time, but the concern
is perhaps less severe for CAY and F1 as their construction does not di-
rectly use realized excess returns.
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Fig. 8. Comparing Magnitudes of Coefficients from Regressing OOS Forecasts and Realized Returns. The left-most pair of bars labeled Baseline repeats the
estimates from Fig. 7 in the Single (F) specification. The next four pairs of bars plot the following ratios, respectively,

o _ Trewsen (B) B o Tiex 1B
M; = Tk sgn (Bi) B M; = ST
where ﬂ,?"s are the slope coefficients from regressing OOS excess return forecasts on predictor k; K is the set of all predictors. Shrink applies shrinkage
to the predictive regression forecast toward the historical mean. Comb. uses combination forecasts as an equal-weighted average of individual-predictor
forecasts. (E) denotes equal weighting historical data and (W) denotes exponential weighting of past data with a quarterly discount factor of 0.982 (and its

third root for monthly data).

vestors’ learning is to let memory of historical data slowly casts on each individual predictor and we compute the ra-
fade over time as observations recede into the distant past. tio in (15). The result is shown in Fig. 8 in the third pair
This could reflect actually fading memory or investors’ be- of bars from the left, labeled Shrink (W). Especially for the
lief that parameter drift renders data from the distant past stock market, where the Mj ratio drops by about half to
irrelevant for forecasting. In line with the learning model 0.25, the exponential weighting approach brings the ratio
in Nagel and Xu (2022), we therefore construct an alter- substantially closer to the baseline column. For the Trea-
native series of O0S forecasts where investors downweight sury bond market it also drops, albeit to a lesser extent,
past data with exponential weights w; ; = A=k We use the from 0.43 to 0.33. The red bars show a similar pattern.

same value of A =0.982 as in Nagel and Xu (2022) for Another potentially relevant consideration is that
quarterly data (and its third root for monthly data). We investors ex-ante may not know which one of the candi-
then repeat our earlier exercise of regressing the OOS fore- date predictor variables really is a useful OOS predictor.
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Rapach et al. (2010) show that combination forecasts con-
structed as average individual-predictor forecasts provide
superior 00S performance. Such combination forecasts
may therefore be an alternative way of representing how
investors construct excess return predictions. We therefore
use the individual-predictor OOS forecasts &;; +B,-,tx,-,t
to construct combination OOS forecasts as a simple
equal-weighted average across the N predictors:

N
EtCRfH = % Z(&i,t + BicXir)- (16)
i=1

We then regress these combination forecasts on the indi-
vidual predictors, one at a time, to construct the ratio in
(15). The two right-most pairs of bars in the two panels
of Fig. 8 present the result, one with forecasts based on
equally weighting historical data, labeled Comb. (E), the
other one based on exponential weighting, labeled Comb.
(W). These combination forecasts are very close, in terms
of their weak cyclicality, to the subjective expected excess
returns from survey data.

Finally, learning about predictive relationships may be
particularly difficult for predictor variables that are highly
persistent. If so, the cyclicality wedges between survey
forecasts and in-sample regressions, and between 0O0S
forecasts and in-sample regressions, should be particu-
larly pronounced for high-persistence predictor variables.
Internet Appendix E provides evidence in support of this
view. We group predictors by persistence and we find that
the cyclicality wedges are indeed biggest for the high-
persistence predictors.

Overall, the results in this section show that simply
moving away from the extreme assumption of RE models
that investors know the data-generating process can go a
long way of explaining why there is a gap between sub-
jective risk premium dynamics in survey data and the dy-
namics of objective risk premia implied by in-sample pre-
dictive regressions. Based on these results, further explo-
ration of learning models seems like a promising avenue
for understanding the cyclicality wedges.

5. Subjective risk-return tradeoff

The evidence so far suggests that to the extent there
is any substantial variation in subjective risk premia, stan-
dard predictor variables do not capture much of it. How-
ever, this does not imply that subjective risk premia are
necessarily constant. They do seem to be largely acycli-
cal with regards to typical proxies for business and asset-
price cycles, but they could potentially vary systemati-
cally in a different way, unrelated to these standard prox-
ies. As a final step in our analysis, we explore whether
time-variation in subjective perceptions of risk could gen-
erate time-varying subjective risk premia. Due to data con-
straints, the analysis in this section focuses on the stock
market only.

Standard asset-pricing models predict an approximately
linear and positive relation between the conditional eq-
uity premium and the conditional equity return variance
(Campbell and Cochrane, 1999; Bansal and Yaron, 2004).
Empirically, however, evidence on the risk-return trade-off
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is mixed and inconclusive (see, e.g., Lettau and Ludvig-
son (2010) for a recent review). This existing evidence is
based on measures of objective risk premia and objective
measures of time-varying risk. Our analysis focuses on sub-
jective risk premia and subjective perceptions of risk.

Following Lochstoer and Muir (2022), we construct a
proxy of subjectively perceived stock market risk from the
Graham-Harvey CFO survey. In this survey, respondents
provide their assessment of the 10th and 90th percentile of
the stock market return distribution at a one-year horizon.
We use the square of the range between respondents’ av-
erage 90th percentile and the average 10th percentile as a
perceived risk proxy. If the perceived distribution was nor-
mal, this measure would be 2.562 times the perceived vari-
ance. For this reason, we refer to this measure as perceived
variance. As we do not have a directly measured perceived
risk measure in the other surveys for individuals and pro-
fessional forecasters, we use the CFO perceived variance as
subjective risk proxy for all three groups of participants.

Fig. 9 provides a visual impression of the relationship
between perceived risk and subjective excess return expec-
tations from the CFO survey. The plot shows a clear posi-
tive relationship between the two series. In particular, the
series both increase substantially in the early 2000s, fol-
lowing the technology crash and recession, in the wake of
the financial crisis around 2008, and most recently during
the COVID crisis in 2020.

Table 10 presents the results in regression form.
Columns (3) shows that, as suggested by Fig. 9, there is
a significant positive relationship between perceived vari-
ance and the subjective risk premium in the CFO survey.
The standard deviation of the perceived variance measure
is 0.62%, so a one-standard deviation increase in the per-
ceived variance is associated with roughly a 1pp increase
in the subjective risk premium. This is a slightly bigger ef-
fect than the effect of a one standard deviation increase in
the one-year past excess return.

The strong link between perceived variance and subjec-
tive risk premium may seem surprising given that columns
(17) and (18) in Table 4, Panel B show the loading of the
CFO subjective risk premium on VIX? is neither statistically
nor economically significant. This indicates that the CFO
perceived variance contains information orthogonal to VIX?
that is important for determining excess return expecta-
tions. One potential source of such an orthogonal compo-
nent is highlighted in Lochstoer and Muir (2022). They find
that the CFO perceived variance loads much more strongly
on realized variance several months ago than VIX? does.

In addition to the CFO series, we also examine the
individual investor and Livingston survey series. Columns
(1) and (5) show that individual investors’ and profes-
sional forecasters’ subjective risk premia are also positively
related to CFOs’ perceived variance, but the coefficient is
only marginally statistically significant for the Livingston
survey (p=0.09) and not significant for the individual
investor series (p = 0.24). Statistical power is weak here,
especially for the Livingston survey which is available
only semi-annually and hence has only 39 observations
for which we also have observations of CFO perceived
variance. For this reason, we only get marginal signifi-
cance for the Livingston survey even though the point
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Fig. 9. CFO Excess Return Expectations and Perceived Variance. The blue line plots the one-year excess return expectations from the CFO survey. The red
line plots the square of the difference between the mean of respondents’ 90th and 10th percentile of return forecasts from the CFO survey. The grey-shaded

areas indicate NBER recessions.

Table 10

Subjective Excess Return Expectations and Perceived Variance.

The dependent variable is the one-year-ahead excess return expectation from surveys. NX, CFO, and
Livingston denote excess return expectations from Nagel and Xu (2022) of individual investors, the CFO
survey, and the Livingston survey of professional forecasters, respectively. Perceived variance is calcu-
lated as the square of the difference between the 90th and the 10th percentile of return forecasts in
the CFO survey. Fitted perceived variance is the fitted value from a projection of the perceived variance

on lags of historical realized variance following Lochstoer and Muir (2022). RS

Sast AT€ One-year excess

returns standardized to unit standard deviations in the full sample period. OLS estimates on Ry, are
multiplied by 100. EWC p-values following Lazarus et al. (2018) are reported in parentheses.

NX CFO Livingston

(1) (2) (3) (4) (5) (6)
Const 0.05 0.02 0.01 0.00 0.02 -0.06
(p-value) (0.01) (0.18) (0.26) (0.96) (0.60) (0.10)
Perceived variance 0.78 1.34 4.16
(p-value) (0.24) (0.03) (0.09)
Fitted perceived variance 1.93 2.00 6.96
(p-value) (0.02) (0.02) (0.01)
Rfost 1.13 1.39 0.86 1.22 -2.61 -1.64
(p-value) (0.00) (0.00) (0.00) (0.01) (0.02) (0.11)
Adj. R? 0.31 0.24 0.26 0.20 0.61 0.25
N 74 143 75 79 39 139

estimate is more than three times bigger than for the CFO
survey.

To get more statistical power, we extend the per-
ceived variance series backwards in time. Lochstoer and
Muir (2022) find that the CFO perceived variance series is
captured well by a weighted average of lagged monthly re-
alized variance. Following Lochstoer and Muir (2022), we
use nonlinear least squares to estimate a, b, and ¢ in the
following specification:

12
6l=a+ bZ¢Jth_j + ¢,
=0

(17)

22

where 63 denotes the quarterly CFO perceived variance
observed in month t and rv; denotes the realized vari-
ance in month t (calculated as within-month sum of daily
squared returns of the CRSP value-weighted index). With
quarterly observations of 6[2 from 2001 to 2021, we obtain
estimates of ¢ = 0.88, a = 0.01, and b = 0.19. We then con-
struct monthly measure of fitted perceived variance based
on these estimated parameter values that covers the en-
tire sample period for which we have individual investor
or professional forecaster survey data.

Columns (2), (4), and (6) show regressions in which we
use the fitted perceived variance series to explain time-
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variation in subjective risk premia. For all three survey se-
ries, we get a strong and statistically significant relation-
ship between fitted perceived variance and the subjective
risk premium. The standard deviation of the fitted per-
ceived variance series is about half the standard deviation
of the original perceived variance series. Since the esti-
mated coefficients are very roughly about twice as big as
in columns (1), (3), and (5), this means that the effect of
a one standard deviation change in the fitted variance is
about the same as the effect of a one standard deviation
change in the original perceived variance series. But the ef-
fect is now much more precisely estimated.

Overall, there is evidence for a positive risk-return
tradeoff in subjective beliefs. Subjective risk premia are in-
creasing with subjective perceptions of the quantity of risk.
How can we reconcile this finding with the acyclicality of
subjective risk premia with respect to the cyclical variables
in our earlier analysis? There are two possibilities. Either
the subjective quantity of risk is ayclical and the subjective
price of risk is acyclical as well, or the subjective quantity
of risk varies with the cyclical variables, but the price of
risk varies in a countervailing way to offset the cyclicality
of the subjective quantity of risk. In Table F1 in the in-
ternet appendix we show that the data points to the first
of these two possibilities. We extend the regressions in
Table 10 to allow for a time-varying subjective price of risk
and we find that it is acyclical.

This also means that the co-movement of subjective
risk premia and the perceived quantity of risk cannot help
explain asset price volatility, because the variation in the
perceived quantity of risk is disconnected from the predic-
tor variables that capture asset price cycles in Table 3.

An interesting question for future research is whether
other systematic factors in addition to subjective risk per-
ceptions and recent excess returns can help explain time-
variation in subjective risk premia. The remaining variation
is likely to contain measurement errors, but this is unlikely
to be the full story. In Internet Appendix G we show that
the residuals in the regressions in Table 10 have substan-
tial persistence, which is suggestive of yet-to-be-discovered
persistent sources of variation in subjective risk premia.

6. Conclusion

Objective risk premia of major asset classes implied
by in-sample predictive regressions of excess returns vary
over time with cyclical state variables. In stark contrast, we
find that subjective risk premia extracted from forecasts
in surveys show very little movement with these cycli-
cal variables. This lack of cyclicality of subjective risk pre-
mia is pervasive: it holds for stocks, bonds, currencies, and
commodity futures and for subjective beliefs of individu-
als, CFOs, and professional forecasters. While the proper-
ties of subjective expected excess return forecasts differ
in some respects between groups of market participants
and between asset classes—for example, whether they are
extrapolative or contrarian with regards to recent real-
ized returns—the pervasive lack of cyclical movement with
standard return predictors and business cycle variables is
shared among all of them.
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Much of the cyclicality gap between subjective risk pre-
mia from survey data and statistical forecasts of excess re-
turns disappears when the latter are constructed as out-
of-sample rather than in-sample predictions. Thus, moving
away from rational expectations models in which investors
know the data-generating process and its parameters to
models in which they learn about them by observing data
can help reconcile the evidence from statistical forecasts
and subjective excess return expectations data. Evidence
from professional forecasters’ subjective beliefs about GDP
and inflation in Bianchi et al. (2022) points in a similar
direction, which suggests that learning is useful for un-
derstanding the formation of macroeconomic expectations
more generally, not just of return expectations.

While subjective risk premia do not vary much with
standard return predictors and business cycle variables,
they are not constant, though. In particular, they comove
to some extent with time-varying subjective perceptions
of risk, consistent with a positive risk-return tradeoff in
subjective beliefs. However, the variation in subjective risk
premia associated with movements in perceived risk not
sufficiently aligned with asset price cycles to contribute
much to an explanation of asset price fluctuations.

Therefore, to match the joint set of stylized facts of
volatile asset prices, cyclical objective risk premia, and
acyclical subjective risk premia, asset-pricing models need
to have a time-varying beliefs wedge between subjective
and objective forecasts of fundamentals, such as future div-
idend growth in the case of stocks or future short-term in-
terest rates and inflation in the case of bonds. This wedge
must do most of the work in generating large persis-
tent movements in asset prices. Approaches that generate
volatile asset prices instead through time-variation in risk
or risk aversion—or other mechanisms that induce varia-
tion in the excess return that investors require and sub-
jectively expect to earn—are not consistent with the evi-
dence that subjective risk premia are largely unrelated to
the state variables that capture asset price cycles.
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