
FORWARD RETURN EXPECTATIONS

Mihir Gandhi
Niels Joachim Gormsen

Eben Lazarus

WORKING PAPER 31687



NBER WORKING PAPER SERIES

FORWARD RETURN EXPECTATIONS

Mihir Gandhi
Niels Joachim Gormsen

Eben Lazarus

Working Paper 31687
http://www.nber.org/papers/w31687

NATIONAL BUREAU OF ECONOMIC RESEARCH
1050 Massachusetts Avenue

Cambridge, MA 02138
September 2023

We are grateful to the Fama-Miller Center, the Fama Faculty Fellowship, Asness Junior Faculty 
Fellowship, and the Fischer Black Doctoral Fellowship at the University of Chicago for financial 
support. We acknowledge use of the high-performance computing cluster at Chicago Booth. The 
views expressed herein are those of the authors and do not necessarily reflect the views of the 
National Bureau of Economic Research.

NBER working papers are circulated for discussion and comment purposes. They have not been 
peer-reviewed or been subject to the review by the NBER Board of Directors that accompanies 
official NBER publications.

© 2023 by Mihir Gandhi, Niels Joachim Gormsen, and Eben Lazarus. All rights reserved. Short 
sections of text, not to exceed two paragraphs, may be quoted without explicit permission 
provided that full credit, including © notice, is given to the source.



Forward Return Expectations
Mihir Gandhi, Niels Joachim Gormsen, and Eben Lazarus
NBER Working Paper No. 31687
September 2023
JEL No. G0,G01,G1,G10,G11,G12,G13,G14,G17,G4

ABSTRACT

We measure investors’ short- and long-term stock-return expectations using both options and 
survey data. These expectations at different horizons reveal what investors think their own short-
term expectations will be in the future, or forward return expectations. While contemporaneous 
short-term expectations are not countercyclical across all data sources, we find that forward 
expectations are consistently countercyclical, and excessively so: in bad times, forward 
expectations are higher than justified by investors’ own subsequent short-term return 
expectations. This excess volatility in forward expectations helps account for excess volatility 
in prices, inelastic demand for equities, and stylized facts about the equity term structure.

Mihir Gandhi
Booth School of Business
University of Chicago
5807 South Woodlawn Avenue
Chicago, IL 60637
mihir.a.gandhi@gmail.com

Niels Joachim Gormsen
Booth School of Business 
University of Chicago 
5807 South Woodlawn Avenue 
Chicago, IL 60637
and NBER
niels.gormsen@chicagobooth.edu

Eben Lazarus
University of California, Berkeley
545 Student Services Building #1900 
Berkeley, CA 94720-1900 
lazarus@berkeley.edu

A data appendix is available at http://www.nber.org/data-appendix/w31687



1 Introduction

One of the organizing facts in asset pricing is that expected returns on equities vary over
time. A key question is how investors perceive this variation ex ante. One aspect of this
question, which has been studied extensively, is how investors perceive the contemporaneous
level of the equity premium. Another aspect, which is the focus of this paper, is how investors
perceive the term structure dynamics of expected returns. In particular, what do investors, at
a given point in time, expect the equity premium to be in the future? Studying such forward
expectations of returns is important for understanding stock-price formation — prices depend
on expectations about all future equity premia — and it helps strengthen our understanding
of the dynamics of expectations.

We study forward return expectations using both option prices and survey data. First,
using a global sample of equity index options, we extract the equity premium at multiple
horizons as perceived by the “representative agent,” by which we mean any investor willing to
hold the market portfolio. Once we have long- and short-term expectations, we can construct
forward expectations of returns, as detailed below. We provide theoretical results showing
that we can identify time-series changes in these expectations, which is our main focus,
under much weaker assumptions than those usually used to estimate the level of expected
returns at any given time. The option prices thus provide a powerful lab for testing the
intertemporal consistency of return expectations in a rich data set covering 20 equity indices
over 30 years. We complement the options data with return expectations from surveys
of professional forecasters and CFOs. These surveys elicit return expectations at multiple
horizons, again allowing us to extract forward expectations, but in a more model-free setting.

Our main empirical finding is that forward expectations are excessively countercyclical:
in bad times, investors believe that expected returns will be highly elevated in the future,
but these forward expectations are too high relative to investors’ own subsequent beliefs
about short-term returns. (The reverse applies in good times.) During the 2008 financial
crisis and the 2020 Covid crisis, for instance, investors believed that equity premia would be
substantially elevated in the future; ex post, however, their realized short-term expectations
were only mildly elevated, and they reverted to their usual levels relatively quickly. This
pattern applies consistently over time, and across all the settings we study, in both options
and survey data. This consistency contrasts with results on contemporaneous short-run
return expectations; in some surveys, contemporaneous short-run return expectations are not
countercyclical, but we consistently find that forward expectations are not just countercyclical
but excessively so.

The excess cyclicality in forward expectations represents a new source of excess volatility
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in stock prices. One interpretation of our findings is that investors believe that negative
asset-pricing shocks will be long-lasting, with risk premia accordingly elevated for a long
period after the shock. Soon after, however, investors realize that the bad times will be
shorter-lived than initially expected, and accordingly revise their beliefs about expected
returns downward. If investors did not initially overestimate the persistence of bad times,
and thus future forward rates, cyclical fluctuations in prices would be more modest; we show,
for instance, that predictable risk-premium forecast errors can account for nearly half of the
decrease in prices during the global financial crisis, and nearly all of the decrease during the
Covid crash.

Our findings on forward expectations also help explain a number of facts documented
in recent work, related to (i) stylized facts about the equity term structure, (ii) investors’
inelastic demand for equities in response to a given change in prices, and (iii) disagreements
in previous research related to survey expectations of returns. We explore these implications
further below.

1.1 Framework and Stylized Facts

To better understand our analysis, we begin by defining the following notation for the expected
log return on the market over n periods:

µ
(n)
t = Et[rt,t+n].

We refer to these expected returns as spot rates. If at time t we observe the n-period and
(n+ 1)-period spot rates, we can back out the expected returns between these two periods,
which we call the forward return expectation, or forward rate for short:

f
(n)
t = µ

(n+1)
t − µ

(n)
t = Et[µ

(1)
t+n].

After n periods, we can compare this forward rate to the realized one-period spot rate, µ(1)
t+n.

Under the law of iterated expectations, the forward rate should be an unbiased predictor of
the realized spot rate, which means that forecast errors,

εt+n = µ
(1)
t+n − f

(n)
t ,

should have an expected value of zero and be unpredictable by any time-t information.
The forward rates and forecasts errors can be estimated straightforwardly with survey

data, as long as the given survey provides return expectations at multiple horizons. This is

2



the case for two well-known surveys in the finance literature, namely the Livingston survey of
professional forecasters and the Duke CFO survey of financial executives. In the Livingston
survey, for instance, we observe expected returns at the 6-month and 12-month horizon.
These expectations allow us to calculate a 6-month, 6-month forward rate, namely today’s
expectation of the 6-month spot rate, 6 months from now. By comparing this forward rate to
the realized 6-month spot rate, as observed 6 months later, we can calculate forecast errors
and evaluate how well forward rates predict future spot rates.

These forecast errors for return expectations can also be estimated from option prices
under relatively mild conditions. We start by considering a simple special case, in which an
investor has log utility over the market return. For this investor, we can directly estimate
expected returns at different horizons from option prices, allowing us to estimate forward
rates and forecast errors over time. But an important contribution of our paper is to show
that we can extract the forecast errors under much more general conditions than log utility:
for any investor, we can identify expected forecast errors up to a small risk premium term
that can be managed empirically or through theory. Our forecast-error estimates are thus
useful for a wide range of specifications of preferences and the data generating process. The
advantage of the option-based data is that we observe forward rates and forecasts errors at
many different horizons, in a relatively long sample that spans 20 countries.

We present the main stylized facts about the behavior of forward rates and forecast errors
in Table 1. First, as shown in Panel A, forward rates are decent predictors of future realized
spot rates. Across the three data sources, future realized spot rates increase by around 0.7
percentage points when ex ante forward rates increase by 1 percentage point. The R2 value
varies between 0.38 and 0.71. In more detailed analysis, we find that forward rates are useful
for predicting both transitory and more persistent fluctuations in spot rates. Taken together,
the predictive regressions suggest that forward rates have predictive power over future spot
rates, but that future spot rates move by significantly less than predicted by forward rates.

As such, investors appear to make predictable forecast errors in expected returns. When
forward rates are high, subsequent spot rates are lower than expected by investors ex ante.
This result can be seen in Panel B, which reports results of predictive regressions of realized
forecasts errors on ex ante forward rates: spot rates are around 0.25 percentage points
lower than expected when forward rates are 1 percentage point higher.1 These results are
statistically significant, and the R2 values indicate meaningful economic predictability. This
pattern reflects one of the key results of the paper, namely that there is excess cyclicality in
return expectations: in bad times, investors’ beliefs about future expected returns (forward

1There are slight differences in the regression specifications in Panels A and B, as explained further below.
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Table 1Table 1
Stylized Facts about Forward Rates and Forecasts Errors

This table reports stylized facts about implied equity forward rates measured in three different ways. The first
measure is the 6-month, 6-month forward rate estimated in our global sample of option prices (1990-2021);
the second measure is the U.S. 6-month, 6-month forward rate from the Livingston survey of professional
forecasters (1992-2022); the third measure is the U.S. 1-year, 9-year forward rate from the Duke CFO Survey
(2004-2021). The forecast error εi,t+1, where i indexes the data set, is the difference between the realized
spot rate at t+ 1 and the ex ante forward rate. See the remainder of the paper for details.

Expectations Measured by:

Livingston CFO
Options Survey Survey

Panel A. Predictability in Spot Rates (µi,t+1 = β0 + β1 fi,t + ei,t+1)

β1 0.88 0.68 0.63
R2 0.71 0.38 0.46

Panel B. Predictability of Forecast Errors (εi,t+1 = β0 + β1 fi,t + ei,t+1)

β1 -0.34 -0.19 -0.15
R2 0.06 0.06 0.03

Panel C. Cyclical Variation in Forward Rates and Forecast Errors

ρ (fi,t, 1/CAPEt) 0.04 0.42 0.21
ρ (εi,t+1, 1/CAPEt) -0.38 -0.19 -0.38

rates) are elevated by significantly more than justified by their subsequent beliefs.2

To illustrate this excess cyclicality, Figure 1 shows forward rates and realized spot rates
from the option-based measure during three crises: the 1998 Russian debt crisis, the 2008
global financial crisis, and the early-2020 Covid crisis. The blue circles show one-month
forward rates maturing n = 0, 1, 2, 3, 4, and 5 months from the first plotted date t (which is
soon after each crisis onset). The orange triangles show ex post realized one-month spot rates
as of months t, t+1, . . ., t+5. In all cases, the spot equity premium (the first point) increases
substantially as of the crisis onset. Forward rates also increase, but the forward curve is
strongly downward sloping, suggesting that investors expect significant mean reversion of
spot rates in subsequent months; the slope of the term structure of return expectations is
procyclical. Going forward, the spot rate indeed decreases substantially as the crisis recedes.

In all cases, however, forward rates are too high at the peak of the crisis relative to future
realized spot rates. This suggests that while investors understood that the equity premium

2This cyclicality is excessive relative to their own subsequent beliefs: we are testing the internal consistency
of expectations over time, and not just relative to an estimate of cyclicality in objective expected returns.
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Figure 1Figure 1
U.S. Forward Rates and Realized Spot Rates in Three Crises

This figure plots the forward curve f
(0)
t , f (1)

t , · · · , f (5)
t (dark blue) and the corresponding ex post spot rates

µ
(1)
t , µ(1)

t+1, · · · , µ
(1)
t+5 (red) in the U.S. as of three dates: August 31, 1998 for the Russian debt crisis, November

28, 2008 for the financial crisis, and March 31, 2020 for the Covid-19 recession.
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would decrease in the future, they appear to have underestimated the speed of mean reversion.
One interpretation of this finding is that the rebound following each crisis was driven by
news, like a series of policy shocks, that was unexpected ex ante. Another interpretation is
that investors systematically overreact to crises by thinking that future spot rates will be
elevated by more and for longer than what one should rationally expect.

While Figure 1 focuses on the option-based measure, we find consistent evidence of excess
cyclicality in all three measures of expectations we consider. Moreover, the forward rates
share a common, cyclical component across data sources. As shown in Panel C of Table 1,
forward rates are higher when the earnings yield (measured as the inverse of the CAPE ratio)
is higher, meaning the forward rates are countercyclical. Panel C also shows that the forecasts
errors share cyclical variation across the data sources: forecast errors are more negative when
the ex ante earnings yield is higher. That is, when expected returns appear objectively high,
investors overestimate how high expected returns will be in the future. We similarly find
that forward rates measured in option prices are strong predictors of future realized errors in
the two surveys. This cross-measure predictability alleviates measurement-error concerns.
More generally, the consistency across data sources suggests patterns in expectations that
are shared across a broad range of investors.
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1.2 Implications and Mechanisms

Implications. Our results on forward return expectations and forecast errors have implica-
tions for four literatures in asset pricing.

A new source of excess volatility in prices. Our results suggest that when crises hit, prices drop
by an excessive amount because investors believe future expected returns will be excessively
elevated. Without such expectation errors, price fluctuations would be more modest; in
our baseline estimation, the expectations errors can account for most of the stock price
declines during crises, although it only accounts for 1/10 of the unconditional variation in the
price-dividend ratio. Our results thus provide a new interpretation of stock-price variation,
and crashes in particular, in recent decades.3

Stylized facts about the equity term structure. The literature on the equity term structure
studies prices and expected returns for dividend claims with different maturities. The
literature finds that the equity term premium — the relative return for long- versus short-
maturity claims — is negative on average (Binsbergen and Koijen 2017, Binsbergen, Brandt,
and Koijen 2012) and countercyclical (Golez and Jackwerth 2023, Gormsen 2021). Our results
on forecast errors directly speak to these results, which are otherwise difficult to reconcile
with standard models. In particular, we study a simple model where the equity term structure
is flat, and show that the forecast errors uncovered in our paper result in a term structure of
realized returns that is downward sloping on average and countercyclical.

Low price elasticity of demand. A recent literature documents that investors’ demand for
equities is relatively inelastic with respect to price changes (Gabaix and Koijen 2022). Given
that a drop in prices tends to predict a significant increase in expected returns over short
horizons, this inelasticity is puzzling. However, our results suggest that investors often
mistakenly attribute a significant share of the decrease in prices to increases in expected
returns at relatively long horizons, and perceive short-term spot returns to increase only
modestly. This structure of expectation errors lowers the elasticity of demand, as a modest
increase in spot returns will not lead to a large increase in desired portfolio weights in equities.

The debate on the cyclicality of subjective risk premia. A recent literature studies the
cyclical dynamics of return expectations. Greenwood and Shleifer (2014) document procylical
variation; Nagel and Xu (2022b) document acyclical variation; and Dahlquist and Ibert (2023)
document countercyclical variation, all using somewhat different measures of expected returns
and aggregate state variables. (Martin 2017 also finds countercyclicality in option-based

3We note that our results account for a portion of excess volatility without necessarily constituting an
explanation of that volatility: while we explore theoretical mechanisms that can generate our results, the
analysis is to a large degree silent on the underlying sources of forecast errors.
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estimates.) We find that the degree of cyclicality depends on the horizon. In the surveys
we study, short-run “spot” expectations of returns are on average acyclical but longer-run
forward rates are countercyclical. (One interpretation of this finding is that respondents
understand present value logic — they understand that future long-run returns must be high
during crises when prices are low — but during crises, they believe it will take a while before
prices start increasing.) As Nagel and Xu (2022b) generally study shorter-run expectations
and Dahlquist and Ibert (2023) study capital market assumptions over longer horizons, our
results help reconcile the apparent disagreement. Our focus on forward rates also eliminates
any apparent disagreement between option-based measures and survey-based measures: in
all cases, longer-run forward rates are robustly and excessively countercyclical. We therefore
provide a unified body of evidence on the dynamics of long-run expected returns, which are
the key object of interest in determining prices.

Mechanisms. We also consider potential drivers of our results. We first address a set of
alternative explanations unrelated to forecast errors in subjective expectations of log returns.
For the survey data, we discuss how measurement of simple as opposed to log-returns may
influence our results. For the options data, we investigate conditions under which our results
can be explained by the behavior of the stochastic discount factor. Our option-based estimates
of spot and forward rates contain a risk premium term that may be large, but importantly for
our analysis, the effect on forecast errors is likely modest. For forecast errors, we show that
the risk premium term on the forward rate largely cancels with the risk premium term on the
spot rate, with the remaining risk correction being an order of magnitude smaller than the
well-known covariance term in Martin (2017). In order for this remaining risk premium term
to rationalize the behavior of forecast errors, the stochastic discount factor must feature a
highly volatile and countercyclical price of risk on shocks to the equity premium. The notion
that the price of risk increases in bad times is consistent with past work (Campbell and
Cochrane 1999), but the pace at which this risk price must change, and the range of values it
must take, appear difficult to reconcile with standard models (and with our survey evidence).

1.3 Related Literature

We build on literatures studying the behavior of investor expectations measured both from
derivatives prices and in survey data. For the derivatives-based measures, our paper builds
most closely on Giglio and Kelly (2018), who document excess volatility in long-maturity
relative to short-maturity claim prices across a range of term structures. They focus on
the term structure of at-the-money implied variance when considering equity markets. We
use a different measure of implied volatility, building on Gao and Martin (2021), and we
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show how this measure can be connected to the term structure of expected equity returns
and forecast errors.4 Our option-based estimates are also related to Martin (2017), who
studies option-implied spot expected returns under a covariance condition we build on, and
Augenblick and Lazarus (2023), who derive volatility bounds for fixed-maturity index options.
We differ from these papers in our focus on the term structure of expected returns.5 We
also, in contrast with much of this past work, consider option-based measures jointly with
survey-based measures of expectations.

Adam and Nagel (2023) provide a recent review of the literature on survey-based expecta-
tions. This literature often finds that investors exhibit less than fully rational expectations in
their survey responses, though as above, this behavior varies across settings (in addition to
the references in Section 1.2, Boutros et al. 2020, De la O and Myers 2021, Couts, Gonçalves,
and Loudis 2023, and Gormsen and Huber 2023 provide further recent evidence). We consider
how investors expect future expected returns to evolve, whereas past work has largely focused
on contemporaneous expected returns. We also provide novel evidence of the consistency of
expectations dynamics across settings when considering these forward expectations. Further,
to the degree that there remain differences in the behavior of survey expectations across
different groups of investors, one advantage of our options-based analysis is that we directly
study the expectations expressed in equilibrium behavior.

Finally, in comparing forward and realized spot rates, our analysis appears similar in spirit
to tests of the expectations hypothesis (EH) for the fixed-income term structure (e.g., Fama
and Bliss 1987, Campbell and Shiller 1991). Aside from focusing on equity, our methodology
is geared towards estimating physical expectations (and particularly forecast errors) for future
expected returns; by contrast, the forward and spot rates used in fixed-income EH tests
embed risk premia by design, and violations of the EH in that setting are equivalent to
bond-return predictability.6

4Our paper thus connects to other work on the term-structure consistency of implied volatility, including
Stein (1989) and Mixon (2007). Our result that average forecast errors are close to zero echoes the finding of
Dew-Becker, Giglio, Le, and Rodriguez (2017) that it is costless on average to hedge forward variance news.

5This brings us slightly closer to Augenblick et al. (2023), who study how updating differs by horizon. For
other recent work on measuring expectations from options, see, for example, Polkovnichenko and Zhao (2013)
and Chabi-Yo and Loudis (2020). Aït-Sahalia, Karaman, and Mancini (2020) also consider option-based term
structures of expected returns using a parametric framework, in contrast to our approach.

6Bond-return predictability may, however, arise from the dynamics of physical expectations, as in Cieslak
(2018) and Farmer, Nakamura, and Steinsson (2023); our analysis relates more closely to this work. Similarly,
d’Arienzo (2020) uses both prices and surveys to study expectations for the fixed-income term structure.
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2 Methodology

We begin with a theoretical analysis of the term structure of log equity risk premia. We
first set up notation for spot rates, forward rates, and forecast errors. We then present our
main theoretical results on forecast-error identification from option prices. We end with a
discussion of identification of forecast errors from surveys.

2.1 Notation

We start by generalizing our notation slightly relative to the introduction. Continue to define
the spot rate as the time-t log equity premium between period t and t+ n:

µ
(n)
t = Et[rt,t+n], (1)

where rt,t+n = ln(Rt,t+n) is the log return on the market portfolio from t to t+ n. For any
horizon n, this expected excess return can be written as the one-period spot rates plus a
series of one-period forward rates:

µ
(n)
t = µ

(1)
t +

n−1∑
i=1

f
(i,1)
t ,

where forward rates are now defined as

f
(n,m)
t = µ

(n+m)
t − µ

(n)
t = Et

[
µ
(m)
t+n

]
. (2)

We refer to f
(n,m)
t as the n×m forward rate.

We define forecast errors as the difference between realized spot rates and ex ante forward
rates,

ε
(m)
t+n = µ

(m)
t+n − f

(n,m)
t . (3)

Under the law of iterated expectations, the time-t conditional expectation of forecast errors
is zero:

Et

[
ε
(m)
t+n

]
= 0.

In parts of the analysis, we study expectations about future risk premia (net of the
n-period log risk-free rate rft,t+n), as opposed to expected returns (gross of the risk-free rate,
as above). When considering risk premia, we use the notation µ̃, f̃ , and ε̃ to refer to spot
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rates, forward rates, and forecast errors, respectively. More specifically, in place of (1),

µ̃
(n)
t = µ

(n)
t − rft,t+n = Et[rt,t+n − rft,t+n].

Then f̃ and ε̃ are defined as in (2)–(3), with µ̃ in place of µ. For risk premia, the law of
iterated expectations implies Et

[
ε̃
(m)
t+n

]
= θ

(n,m)
t , where θ

(n,m)
t is the term premium on the

n+m–period bond in excess of the n-period bond. The expected value of the forecast errors
for risk premia is therefore zero only when the pure expectations hypothesis for interest
rates holds. Tests for forecast-error predictability, meanwhile, hold under the slightly weaker
expectations hypothesis in which θ

(n,m)
t is constant. This assumption is typical in the literature

on derivatives term structures; see Giglio and Kelly (2018) for a discussion.
Finally, we write Mt,t+n = Mt,t+1Mt+1,t+2 · · ·Mt+n−1,t+n for the n-period stochastic dis-

count factor (SDF).

2.2 Identification from Option Prices

This section describes how to estimate spot rates, forward rates, and forecast errors (all of
which depend on physical expectations) from option prices. As a starting point, using that
Et[Mt,t+nRt,t+n] = 1 under the law of one price, we can write expected log returns as

Et[rt,t+n] = Et[rt,t+n]Et[Mt,t+nRt,t+n]

= Et[Mt,t+nRt,t+nrt,t+n]︸ ︷︷ ︸
L

(n)
t

− covt(Mt,t+nRt,t+n, rt,t+n)︸ ︷︷ ︸
C(n)
t

. (4)

This follows Gao and Martin (2021), and we build on their analysis. They show that the
first term on the right side of (4) is directly observable from option prices, and they label
this term the LVIX.7 We denote this term by L(n)

t , as in (4). The covariance term, C(n)
t , is

an unobserved risk adjustment. The size and sign of this adjustment can be controlled by
theory, as discussed in detail below.

To build intuition, we first make the simplifying assumption that Mt,t+n = 1/Rt,t+n. This
stochastic discount factor would, for instance, arise if the representative investor is fully
invested in the stock market and has log utility over terminal wealth. In this case, the
covariance term in (4) is equal to zero, and the LVIX directly identifies expected excess
returns at different horizons. Given the identity in (4) and the definitions in Section 2.1, we

7We use a slightly different definition of LVIX from theirs, as ours captures expected returns rather than
excess returns. Separately, one can equivalently write the LVIX in (4) as L

(n)
t = (Rf

t,t+n)
−1 E∗

t [Rt,t+nrt,t+n] ,
where E∗

t denotes the risk-neutral expectation. Note that the relevant risk-free rate is the rate from t to t+n.
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can thus calculate spot rates, forward rates, and forecast errors from the data as follows.

Proposition 1 (Log Utility Identification). Assuming that Mt,t+n = 1/Rt,t+n, spots,
forwards, and forecast errors are given, respectively, by:

µ
(n)
t = L(n)

t

f
(n,m)
t = L(n+m)

t − L(n)
t

ε
(m)
t+n = L(m)

t+n − L(n+m)
t + L(n)

t .

Proofs for all theoretical results can be found in Appendix A. Proposition 1 follows
straightforwardly from the fact that Mt,t+nRt,t+n = 1 under log utility. Thus given this
assumption, we can directly identify forecast errors from option prices and thereby test whether
expectations are intertemporally consistent (i.e., whether E[ε(m)

t+n] = 0 and E[Ztε
(m)
t+n] = 0 for

Zt observable as of t). And this result does not in fact require the existence of a representative
agent: the LVIX-based estimates reflect the expectations of any unconstrained log investor
who is content to hold the market portfolio. These expectations can, for instance, be
thought of as those of Mr. Market in the heterogeneous-agent log utility model of Martin and
Papadimitriou (2022).

If we go beyond log utility, estimates of spot and forward rates are contaminated by the
covariance terms in (4). When considering spot rates by themselves, it may be reasonable to
assume that C(n)

t = covt(Mt,t+nRt,t+n, rt,t+n) ≤ 0, so that the LVIX provides a lower bound
for µ

(n)
t ; this is the tack taken by Gao and Martin (2021). But when considering forward

rates, f (n,m)
t = L(n+m)

t − L(n)
t − (C(n+m)

t − C(n)
t ), it is unclear whether C(n+m)

t ≤ C(n)
t or vice

versa.
Our main innovation, however, is to consider forecast errors, for which we show that the

unobserved covariance terms largely cancel in expectation. We present two versions of this
result. First, to continue building intuition, Proposition 2 considers identification in a log-
normal world given general Mt,t+n. Proposition 3 then provides a fully general identification
result, which shows that the main insights from Proposition 2 carry through.

Before presenting these results, we define our empirical proxy for forecast errors:

ε̂
(m)
t+n = L(m)

t+n − L(n+m)
t + L(n)

t ,

which are the forecast errors one would obtain under the log-utility assumption. To streamline
notation, we also define MRt,t+n = Mt,t+nRt,t+n. We can now show that we can study expected
forecast errors up to a single covariance term.
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Proposition 2 (Log-Normal Identification). Assume a general SDF Mt,t+n, and assume
that Mt,t+n and Rt,t+n are jointly log-normal. Then the expected value of the forecast-error
proxy satisfies

Et

[
ε̂
(m)
t+n

]
=Et

[
ε
(m)
t+n

]
− covt(MRt,t+n,Et+n[rt+n,t+n+m]) , (5)

where ε
(m)
t+n is the true forecast error.

Proposition 2 shows that in a log-normal world, our forecast-error estimate is equal in
expectation to the true forecast error minus an unobserved covariance term related to the
pricing of shocks to expected returns (or discount-rate risk). Note that when considering
spot rates, the risk adjustment term C(n)

t = covt(Mt,t+nRt,t+n, rt,t+n) depends on a covariance
with realized returns rt,t+n. By contrast, when considering forecast errors, the relevant risk
adjustment depends on a covariance with expected returns Et+n[rt+n,t+n+m]. By replacing
(highly volatile) realized returns with (much less volatile) expected returns, the covariance in
(5) is likely to be substantially smaller than the covariance in (4). We discuss how one might
quantify this covariance in greater detail in Section 4.1.5.

The following proposition shows that the above intuition carries through to more general
non-log-normal settings, in which case the expected return Et+n[rt+n,t+n+m] is replaced by a
closely related LVIX-based proxy.

Proposition 3 (Generalized Identification). For any SDF Mt,t+n and any data-
generating process for which the relevant expectations exist, the expected value of the forecast-
error proxy satisfies

Et

[
ε̂
(m)
t+n

]
=Et

[
ε
(m)
t+n

]
− covt

(
MRt,t+n,L

(m)
t+n

)
, (6)

where ε
(m)
t+n is the true forecast error.

The appearance of the LVIX L(m)
t+n in the risk adjustment term in (6) has one benefit

relative to (5): the LVIX is directly observable in the data. We can thus quantify the degree
to which L(m)

t+n is less volatile than the realized return rt,t+n in (4). In particular, under our
main specification (discussed further in Section 3 below), we find that the unconditional
volatility of L(m)

t+n is one-tenth the volatility of the realized market return in our sample. As
such, our empirical estimate of forecast errors is likely to be useful even for SDFs different
from Mt,t+n = 1/Rt,t+n.

The above analysis pertains to expected returns. We also consider expected excess returns
(risk premia) net of the n-period risk-free rate; for this case, as discussed in Section 2.1, we
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assume throughout that the expectations hypothesis holds, so that forward rates for risk
premia correspond to expected future risk premia.

We also note in passing that expected log returns Et[rt,t+n] are conceptually distinct from
log expected returns lnEt[Rt,t+n] (with the difference depending on higher moments of the
return distribution). Expectations of the former are more relevant for prices, as prices depend
on geometric-average expected returns (as can be seen in a Campbell-Shiller decomposition).
This motivates our focus on expected log returns, but this distinction should be kept in mind
in interpreting our results. We return to this issue in the subsection just below.

2.3 Identification from Surveys

We can measure spot rates, forward rates, and forecasts errors using surveys that elicit return
expectations at multiple horizons. While measurement of these objects in survey data is more
straightforward than in the options data, the exercise is still not fully model-free. First, at a
basic level, the interpretation of forecast errors as stemming from intertemporally inconsistent
expectations requires that the set of survey respondents stays constant over time (or that the
sample is representative period by period).

Second, and more substantively, the elicited survey expectations allow for measurement
of expected returns Et[Rt,t+n] in non-log terms. As above, our interest is largely in expected
log returns.8 But as we do not observe these expected log returns directly in the survey data,
we measure spot rates here as lnEt[Rt,t+n]. This differs from the true value Et[rt,t+n] by

lnEt[Rt,t+n]− Et[rt,t+n] =
∞∑
n=2

κn

n!
,

where κn is the nth cumulant of the distribution for the log return rt,t+n (so κ2 is the variance,
κ3 is skewness, and so on). By working with lnEt[Rt,t+n] rather than Et[rt,t+n] here, we are
accordingly assuming that these higher-order cumulants are fixed over time when estimating
forecast errors. If this is not the case, then our forecast errors can be thought of as being
relevant for expectations of simple returns. These are of separate interest in their own right,
but not exactly equivalent to the values measured using options.

8This reflects both a conceptual desire to understand variation in prices, and a desire for this analysis to
remain consistent and comparable with the option-based analysis.
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3 Data and Implementation

This section describes the data on options and surveys and discusses practical implementation
issues for the option-based and survey-based measures of expectations.

3.1 Option-Based Measures

3.1.1 Options Data

We use a large dataset of option prices largely from OptionMetrics.9 The dataset contains
data on European (in terms of exercise) put and call options for major stock market indexes
around the world. In our full sample, we have a total of 20 different indexes from at least 15
different countries and three pan-European indexes, as shown in Appendix Table A1. The
sample starts in 1990 for the S&P 500 and runs through 2021. For international indexes, the
respective samples start substantially later. In addition to focusing separately on the S&P
500 and the Euro Stoxx 50, our main panel analysis is conducted in a constrained sample
of the 10 largest, most liquid, and most dense indexes in our sample, as detailed again in
Table A1. Options for these exchanges are available since 2006 at latest, and again run
through 2021. In all cases, we sample monthly and apply standard filters. Details on the
data, sample selection, and filters are relegated to Appendix B.

3.1.2 Measuring LVIX

We measure L(n)
t following Breeden and Litzenberger (1978) and Carr and Madan (2001) (see

Gao and Martin 2021). We make the simplifying assumption that the ex dividend payment
at time t+ n is known ex ante (at time t). We denote the relevant index at time t as Pt, the
time t prices for call and put options on Pt+n with strike K as call(n)t (K) and put

(n)
t (K), and

the time t forward price for the index at t+ n as F
(n)
t . With these definitions,

L(n)
t =

1

Pt

[∫ F
(n)
t

0

put
(n)
t (K)

K
dK +

∫ ∞

F
(n)
t

call
(n)
t (K)

K
dK

]
+ rft,t+n, (7)

which means that LVIX is a function of put and call prices written on the relevant index (as
well as the current and forward price of the index). As in Section 2.2, we differ slightly from
Gao and Martin (2021) in adding the risk-free rate in our definition of LVIX.

9We augment our sample with data from CBOE Market Data Express to cover the period prior to 1996
in the U.S. data. For risk-free rates used as inputs in calculating risk premia for this analysis, we use the
OptionMetrics zero-coupon yield curve for consistency.
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3.1.3 Implementation for Option-Based Measures

We run our baseline analysis at the 6-month horizon (n = 6); when considering forward rates,
our baseline also uses forward maturities of m = 6 months. Our choice of horizon reflects a
tradeoff: longer horizons are more economically meaningful, but long-maturity options are
generally less liquid and have relatively sparse density. Longer-dated options with multi-year
horizons do, however, trade on a relatively liquid basis for the Euro Stoxx 50; we make use of
these options when estimating the magnitude of forecast errors over the entire term structure.
We also provide a robustness analysis for our main empirical results at alternative horizons.
The 6-month horizon also allows for useful comparison with the survey-based measures, as
one of our two surveys (the Livingston Survey) allows us to construct spot and forward rates
only for n = m = 6. We annualize all returns in the empirical analysis.

We do not observe options for all positive strike values, as is needed in (7), and we
therefore truncate the integral after extrapolating well past the range of observable contracts.
We examine this assumption, along with a number of other assumptions with respect to
measurement, in detail in the Appendix.

3.2 Survey-Based Measures

Our analysis uses data from two surveys, the Livingston Survey of professional forecasters
and the Duke CFO survey.

3.2.1 Livingston Survey: Data and Implementation

We obtain data on the Livingston Survey of professional forecasters from the Philadelphia
Fed. Forecasts for the S&P 500 are available twice annually (in June and December), and
the sample runs from June 1992 to December 2022. The survey asks respondents about the
expected level of the S&P 500 in 6 months and 12 months, as well as the value at the end of
the zero month.10 We use median responses in all cases. We calculate the 6-month spot rate
as the annualized log expected price change from month 0 to month 6 (without accounting for
dividends), and we similarly calculate the 6-month, 6-month forward rate as the annualized
log expected price change from month 6 to month 12.11 This horizon accordingly aligns

10For example, for the December 2018 survey, respondents are asked to provide their forecasts for the
S&P 500 value as of the end of December 2018, the end of June 2019, and the end of December 2019. S&P
forecasts are available beginning in 1990, but the zero-month responses are available only beginning in 1992.

11We ignore dividends in order to align this analysis with the option-based estimates. This is unlikely to
affect our conclusions given the relatively short horizon. Note that we also assume here that using the ratio
of forecasted prices is valid to calculate expectations of the 6-to-12-month return.
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with the main horizon considered for the options data. We compare this forward rate to the
realized spot rate as of the following survey to calculate forecast errors.

We also re-conduct this analysis using forecasts of equity risk premia rather than expected
returns. To do so, we use the median Livingston Survey forecasts of the 3-month T-bill rate,
as forecasts of the 6-month rate are not elicited. For the spot rate, we subtract the annualized
log T-bill rate as of month 0. For the forward rate, we subtract the annualized forecasted log
T-bill rate for the 6-month forecast horizon. We then calculate forecast errors as above.

3.2.2 CFO Survey: Data and Implementation

We obtain data on CFO expectations from the Duke CFO Global Business Outlook survey.
We combine data from the website maintained by Duke, which has data for the early years,
with new data from a website maintained by the Richmond Fed.12 The series is quarterly,
starting in 2004 Q1 and running until 2023 Q1. There are a few missing quarters as the
survey did not appear to ask about expected returns (specifically, Q1 of 2019 and Q1 and Q2
of 2020). We use mean responses as median responses are not available until 2009. The survey
asks respondents about expected returns on the S&P 500 at both the 1-year and 10-year
horizon. These forecasts allows us to estimate the forward rate for the 9-year expected return
as of 1 year from time t, f (1 year, 9 year)

t . We annualize this forward rate and compare it to the
annualized 10-year spot rate 1 year in the future. (We do not observe the realized 9-year
spot rate, but it will likely be very close to the 10-year spot rate in annualized terms.)

We also re-conduct the analysis using equity risk premia. For this analysis, we measure
risk premia relative to the 1-year and 10-year yield on U.S. Treasuries.

4 Empirical Results

Sections 4.1 and 4.2 study spot rates, forward rates, and forecast errors based on our options-
based and survey-based measures of expectations, respectively. Across the data sources, we
find that forward rates are excessively countercyclical relative to realized spot rates.

4.1 Empirical Results from Option-Based Measures

After measuring the LVIX, we construct empirical proxies for spot rates, forward rates, and
forecast errors using the expressions provided in Proposition 1. As in that proposition, these
proxies are exact under log utility (Mt,t+n = 1/Rt,t+n), which provides a useful benchmark

12The Duke website is https://cfosurvey.fuqua.duke.edu/release/, and the Richmond Fed site is
https://www.richmondfed.org/cfosurvey/.
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for interpreting the following results. We begin by considering the relationship between spot
and forward rates. We then turn to forecast errors; given the results in Propositions 2–3,
these forecast-error estimates are less heavily reliant on the assumption of log utility. We end
with a discussion of the potential role of the risk adjustment term for our results.

Throughout the majority of this subsection, we study both the behavior of forward risk
premia and forward expected returns. As discussed in Section 2, for forward risk premia
to reflect expected spot premia, the expectations hypothesis must hold for the bond term
structure, an assumption we do not need to make for the forward expected returns. However,
the forward risk premia have the advantage that they are stationary in our sample, whereas
the decline in risk-free rates induces a trend in forward expected returns. The forecasting
analyses for risk premia are accordingly better behaved. When presenting time-series plots
of spot and forward rates, we focus largely on risk premia in order to focus on the relevant
cyclical variation rather than the trend in interest rates.

4.1.1 Spot and Forward Rates: Descriptive Statistics and Figures

We begin with an overview of our estimated spot and forward rates. Table A2 in the Appendix
provides summary statistics by exchange. For a brief intuitive description of the dynamics of
spots and forwards, we focus here on descriptive figures for the U.S. (S&P 500) sample. The
top panel of Figure 2 shows contemporaneous time-series estimates for 6-month spot rates
and 6× 6-month forward rates for risk premia. Consistent with Figure 1 in the introduction,
spot and forward rates increase significantly in crises. The slope of the term structure of
expected risk premia is again procyclical, with forward rates increasing less than one-for-one
with contemporaneous spot rates in bad times. The “contemporaneous” qualifier for spot
rates is important here, as will be seen below.

The bottom panel of Figure 2 instead compares forward rates with ex post realized
spot rates. (The 6× 6 forward rate is a predicted value using a shorter-horizon forward as
an instrument, as discussed further below.) The gap between the realized spot rate and
the forward rate represents the forecast error. Again as in Figure 1, forecast errors tend
to be negative after crises, when spot rates decline from their crisis peaks. By contrast,
forecast errors are frequently (though not always) positive outside of crises. So while the
term structure of expected risk premia is procyclical, forecast errors are countercyclical.

To formalize this visual analysis, we move now to a set of regression analyses.

17



4.1.2 Forward Rates as Predictors of Future Spot Rates

We first consider Mincer-Zarnowitz (1969) regressions of realized spot rates on forward rates:

µ
(6)
i,t+6 = β0 + β1 f

(6,6)
i,t + ei,t+6, (8)

where i now indexes the exchange. We consider both panel regressions and US-specific time
series regressions, and in both cases we conduct rolling monthly regressions for n = m = 6

months, following Section 3.1. Standard errors are clustered by exchange and date in the
panel case; in the time-series case, we use heteroskedasticity- and autocorrelation-robust
Newey-West standard errors, with lags selected following Lazarus et al. (2018), and fixed-b
critical values (see Lazarus et al. 2021).

Table 2 presents the regression results. The first three columns consider spot and forward
rates for risk premia (i.e., µ̃ and f̃), while the last three columns consider spot and forward
rates for expected returns (i.e., µ and f). The relevant null for forecast predictability features
β0 = 0, β1 = 1. For risk premia, this holds under rational expectations if Mt,t+n = 1/Rt,t+n

and the expectations hypothesis holds for bonds. For expected returns, it holds under rational
expectations if Mt,t+n = 1/Rt,t+n.

Column (1) shows results for risk premia from the main panel, as defined in Section 3.1.3,
without any fixed effects. The slope coefficient is around 0.64, and the intercept is statistically
significant at 1.05 annualized percentage points. We can therefore reject the null of β0 = 0,
β1 = 1 with substantial confidence for this specification. The fact that β̂1 < 1 suggests that
forward rates tend to overshoot future spot rates in the data. Thus, even though forward
rates move less than one-for-one with contemporaneous spot rates as in Figure 2, they move
more than one-for-one with future spot rates. But in spite of this overshooting of forward
rates, the R2 for this regression is around 0.2, so forward rates do predict a substantial
portion (one fifth) of the variation in the equity premium ex ante.

The next columns consider different specifications and samples. Column (2) includes an
exchange fixed effect; this is in fact our preferred specification for estimating slope coefficients
in the main panel, as it cleanly identifies within-country (or within-exchange) time-series
predictability. The slope coefficient in this case is slightly further below 1 than in column (1),
and the within-exchange R2 is slightly below 0.2. Column (3) reports similar results for the
S&P 500 in isolation.

In columns (4)–(6) we report results of similar set of regression for expected returns, as
opposed to risk premia. These regressions suggest a higher degree of predictability in spot
rates, but this increased predictability is driven by the persistent variation in the risk-free
rate: in the early parts of the sample, risk-free rates are substantially higher than in the later
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part of the sample. Since the spot and forward rates embed this variation in the risk-free rate,
the slope coefficients and the R2 go up substantially.13 We note that we cannot reject β0 = 0,
β1 = 1, but this failure to reject does not imply that the expectations do not overreact, as
will be examined in subsequent regressions.

One might be concerned with attenuation bias for the slope coefficients in Table 2 given
possible measurement error in forward rates.14 We now address this concern by instrumenting
variation in the forward rate with another forward rate. This IV specification will account for
measurement error idiosyncratic to a given forward rate, though not for measurement error
in the overall forward curve. We generally use shorter-maturity forward rates as instruments,
as these are likely to be better measured given that options are denser at shorter maturities.
In particular, for regression (8), we use the 2× 1-month forward rate f

(2,1)
i,t as an instrument

for the 6× 6 rate f
(6,6)
i,t .

Table 3 presents the resultant two-stage least squares results.15 For the risk-premium
regressions in column (1) to (3), the estimated slope coefficients increase slightly and are now
quite consistent across specifications at around 0.7–0.8. We continue to reject the null of
β0 = 0, β1 = 1. For the expected-return regressions in column (4) to (6), the results hardly
change; this is again consistent with the dominant impact of the secular trend in interest
rates in the estimation of slope and intercept in these regressions.

Taken together, we find that while forward rates have substantial predictive power over
future spot rates, they tend to overshoot those spot rates. This is particularly true for
forward risk premia: when forward rates for risk premia increase by 1% relative to their
within-exchange mean, this corresponds on average to an increase in future spot rates of only
about 0.7%.

4.1.3 The Insignificance of Average Forecast Errors

We next turn our attention to forecast errors, which can be estimated under softer assumptions
than the forward and spot rates themselves (see Propositions 2 and 3) We first consider
unconditional averages of forecast errors, ε (6)

i,t+6, across different sets of exchanges and sub-
samples. These values are reported in Table 4. For risk premia (column (1) to (3)), we
find average forecast errors that are statistically insignificant and effectively zero: ε

(6)
i,t+6 is

below 20 basis points on an annualized basis. Realized spot rates for risk premia have thus

13In unreported results, we find that splitting the sample in two substantially lowers the R2 and slope values
in each subsample, consistent with the reported results being driven by persistent risk-free rate variation.

14Recall that forwards are estimated from discrete approximations of the integrals in (7), for which
extrapolation past the range of observable strikes is necessary. Again see Appendix B for details.

15The first stage in these regressions (not shown) has an R2 close to 70% when excluding all fixed effects,
suggesting the 2× 1 forward rate is a strong instrument for the 6× 6 rate.
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been very slightly (and insignificantly) higher than forward rates on average.16 This rough
magnitude applies to different exchanges, though the U.S. average in columns (2) and (3) is
even lower, at roughly 2 to 3 basis points.

For expected returns (column (4) to (6)), we find average forecast errors that are slightly
negative and statistically significant. Realized spot rates for expected returns have thus been
slightly lower than forward rates on average. This finding is likely driven by an unexpectedly
large decline in interest rates over the sample. Alternatively, it could be driven by a constant
term premium on interest rates that causes the pure expectations hypothesis to fail. Despite
the statistical significance of these estimates, we note that the averages are still close to zero.

While forecast errors are close to zero unconditionally, this average masks substantial
predictability over time, which we turn to now.

4.1.4 The Predictability of Forecast Errors

Figure 3 plots realized forecast errors along with forward rates and indications of prominent
crises in the U.S. sample. The figure further illustrates the takeaway from Figure 1 in the
introduction: in years following crises, forecast errors tend to be significantly negative, which
is to say future realized spot rates are lower than expected ex ante. To the extent that these
forecast error are systematic — i.e., they occur systematically following crises — the errors
represent what we refer to as excess cyclicality in forward rates: forward rates are excessively
elevated during crises, relative to subsequent realized spot rates. In this section, we study
whether the forecast errors are indeed systematic through a set of predictive regressions.

For a formal consideration of forecast-error predictability, we begin by testing whether
forward rates predict forecast errors in regressions of the following form:

ε̃
(6)
i,t+6 = β0 + β1 f̃

(2,1)
i,t + ei,t+6. (9)

We use the 2 × 1 forward rate f
(2,1)
i,t here instead of the 6 × 6 rate, as we would otherwise

have the same forward rate on both sides of the regression, leading to a mechanical upward
bias in the slope coefficient in the presence of measurement error.17 All other aspects of the
regressions are identical to those in Table 2.

The first three columns of Table 5 reports the results of equation (9). In the main panel
without any fixed effects (column (1)), the slope coefficient on the forward rate is -0.13 and

16In Appendix B, we consider whether the small positive forecast errors might arise due to measurement
noise. As discussed there, our LVIX estimate could be biased downwards and more so at long maturities.
Nonetheless, in all the robustness tests considered there, we find that measurement error is unlikely to be
large enough to generate even the 20 basis points estimated for average errors.

17Moreover, with the same conditioning variable, the difference between the slope in Mincer-Zarnowitz
and error-predictability regressions would be one by construction.
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is significant at the 5% level.18 In our preferred panel specification including exchange fixed
effects (column (2)), the slope coefficient is now significant at the 1% level. Results are similar
in the U.S.-only sample, although power is naturally slightly lower.

We next consider the forecast errors for expected returns (ε) on the left-hand side. When
doing so, we continue to use the forward rate for risk premia as the predictor variable; forward
rates for expected returns themselves have a strong downward trend due to the risk-free rate
component, so using these forward rates as predictor variables would amount to saying that
forecast errors are trending over the sample (i.e., positive in the early sample and negative
in the later sample, or vice versa). By instead using the more transitory forward rate for
risk premia (f̃) as the predictor variable, our predictor variable is more directly related to
the state of the economy and better suited for capturing the type of crisis-dependent errors
plotted in Figures 1 and 3. These regressions (column (4) to (6) of Table 5) are in fact
our preferred specifications, because we have transitory components on both the left- and
right-hand side, and the theoretical predictions for the forecast errors on the left-hand side
do not require assumptions about the term structure of interest rates (they require only the
assumptions laid out in Propositions 2 and 3).

As can be seen in Table 5, the forecast errors for expected returns are highly predictable.
The slope coefficients in column (4) to (6) roughly double relative to the regressions in
columns (1) to (3). The R2 increases to around 10% with exchange fixed effects. For the
U.S.-only regressions, the difference between risk premia and expected returns appears more
modest. Overall, the results suggests that the patterns observing in columns (1) through (3)
are not driven by the risk-free rate component (i.e., a failure of the expectations hypothesis
for interest rates). In fact, the risk-free rate slightly masks the true predictability in forecast
errors: when using our preferred specification, predictability is substantially higher. This test
for forecast-error predictability is evidently more powerful against a rational null than the
Mincer-Zarnowitz regressions presented above.

In Appendices B–C, we consider a number of robustness checks with alternative mea-
surement and estimation methodologies and sample cuts. Results are similar in all cases
(see Tables A3–A10). These additional results include consistent evidence from Coibion-
Gorodnichenko regressions (Table A4), as well as tests in which we expand the sample to all
20 available exchanges, for which we find somewhat stronger error predictability than in the
main sample (Table A8).

We conclude that the pattern of excess cyclicality observed in Figure 1 and 3 is systematic

18The magnitudes presented in the table are not directly comparable to those in Tables 2–3 given the use
of f (2,1)

i,t as the predictor. Instead, regression (9) can be viewed as an analogue to the reduced form of the IV
specification for (8) presented in Table 3.
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and statistically significant. Forward rates have exhibited excess cyclicality in this sample, in
the sense that investors have believed that spot rates would be more elevated following crises
than would ex post have been rational. This conclusion does require that the risk-premium
adjustment in Propositions 2 and 3 is small, so that the options provide useful estimates
of physical expectations of future spot rates. Our main source of confirmation for this
interpretation is in our analysis of survey data, considered below. Before turning to the
survey data, though, we consider the behavior of the risk-premium term in more detail.

4.1.5 Risk-Based Explanations for the Option-Based Results

We now ask what would be required in order for option-based forecast errors to be rationalized
by the behavior of the stochastic discount factor alone. Our main conclusion is that we find
the required behavior of the SDF difficult to reconcile with standard models. For readers
more interested in corroboration of the above patterns in our survey data (which cannot be
rationalized through these risk-premium terms), one can skip this self-contained theoretical
discussion and resume the remainder of the paper in Section 4.2 without issue.

Overview. When going beyond log utility, our estimates of spot and forward rates partly
reflect risk premium adjustments. While most of these cancel out in forecast errors, a risk
premium term remains: from Propositions 2–3, expected forecast errors are

Et[ε̂
(m)
t+n] = Et[ε

(m)
t+n]− ςt, where ςt =

covt
(
MRt,t+n,Et+n rt+n+m

)
(log-normal case),

covt
(
MRt,t+n,L

(m)
t+n

)
(general case).

To simplify analysis, we maintain focus on the n = m = 1 case (where one period is 6 months)
and suppress the dependence of ςt on n and m.

As a starting point for the potential role of risk premia, Figure 4 plots the predicted
values of the risk-premium forecast errors from the regressions in Table 5. These are empirical
estimates of Et[ε̂

(1)
t+1], and −ςt must take on these values in order to rationalize our results

through risk premia alone (so that true forecast errors satisfy Et[ε
(1)
t+1] = 0). The main

challenge is that the covariance term −ςt must flip sign over time: the covariance term must
be significantly negative in bad times, which means it must be positive in good times to
remain close to zero on average. We show below that this requires the price of discount rate
risk to be highly volatile — close to zero during good times and high during bad times.19

19As we will show below, it is possible for standard models to generate a ςt that is sufficiently volatile, but
if ςt does not change sign, the average of ε̂ will be far from zero, which is inconsistent with the average of ε̂
being close to zero in the data.
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Examining the Risk Premium Term. To better understand the properties required of ςt
in order to match Figure 4, it is useful to formalize its relation to a discount-rate risk premium.
As in Proposition 2, assume for now that the SDF and returns are jointly log-normal. Then
by Stein’s lemma and the fact that Et[MRt+1] = 1, we have that

covt(MRt,t+1,Et+1 rt+2) = covt(mt+1 + rt+1,Et+1 rt+2). (10)

For ςt to flip sign, the covariance in (10) must thus flip sign. To see how this covariance
is tied to discount-rate risk, define PE,t as the price of the claim that pays −Et+1 rt+2 next
period, and define its ex ante Sharpe ratio (in log-return terms) as SRE,t.20 This Sharpe ratio
captures the price of risk for exposure to increases in expected returns (or discount rates).

Rewriting (10), the sign of ςt is given by

Sign (ςt) = Sign
(
SRE,t + ρt(r,Et+1 r)σt(rt+1)

)
,

where ρt(r,Et+1 r) = Corrt(rt+1,Et+1 rt+2). This correlation is likely negative, as low realized
returns are associated with higher expected returns going forward; for simplicity, start by
assuming that ρt(r,Et+1 r) = −1 ∀ t.21 In this case, the above expression shows that SRE,t

must be higher than σt(r) for ςt to be positive, and lower than σt(r) for ςt to be negative.
Since ςt must be positive in bad times and negative in good times, SRE,t must vary more
than σt(r) between good and bad times.

As a benchmark, Figure 5 plots the time variation in σt(r) at the 6-month horizon from
the standpoint of an investor with log utility.22 The figure shows that volatility varies from
close to 15% in good times to more than 50% in bad times. As such, the price of discount-rate
risk must vary significantly and countercyclically to generate the needed variation in ςt.

Moreover, in the case that ρt(r,Et+1 r) = −1, then the value −ςt is a scaled version of
covt(MRt,t+1, rt+1). Under the modified negative correlation condition (mNCC) used through-
out Gao and Martin (2021), this covariance is always negative, so ςt cannot flip sign. This
illustrates that the degree of countercyclical variation in discount-rate risk prices required
under ρt(r,Et+1 r) = −1 is quite restrictive, and it is ruled out by a range of standard models
considered by Gao and Martin (2021).

In practice, however, we expect ρt(r,Et+1 r) to be higher than −1, as not all changes in

20That is, SRE,t = (Et[rE,t+1]− rft,t+1 + σ2
E,t/2)/σE,t, where rE,t+1 is the claim’s log return and σE,t is its

standard deviation.
21This is an extreme case in which all movements in realized returns reflect variation in discount rates

(Campbell and Ammer 1993).
22This is likely to be a conservative benchmark for the degree of variation in conditional volatility if

investors are more risk-averse than implied by log utility.

23



stock returns are driven by discount rates. A ρt(r,Et+1 r) > −1 implies a less volatile price of
discount-rate risk than just discussed. However, it also implies that the price of discount-rate
risk must be even lower during good times than above; for example, in the opposing extreme
in which ρt(r,Et+1 r) = 0 (i.e., with i.i.d. returns), the Sharpe ratio on the discount-rate
claim must be negative in good times in order for ςt to flip sign.

The discussion above can also be generalized beyond the log-normal case. For example,
assume that the SDF can be written as

Mt,t+1 = β
VW (Wt+1, zt+1)

VW (Wt, zt)
,

where VW is an unconstrained investor’s marginal utility of wealth, zt is a vector of state
variables that includes −L(1)

t+1, and VW is weakly decreasing in each entry of zt. If this agent
is fully invested in the market, has relative risk aversion −WVWW/VW of at least 1, and
Rt+1 and the entries of zt+1 are associated random variables,23 then Result 4 of Gao and
Martin (2021) can be applied to obtain that ςt again cannot change sign under the benchmark
ρt(r, µ̂) = −1.

Further Intuition Under Power Utility. The above emphasizes that the price of discount-
rate risk must vary substantially over time to rationalize our results. To better understand this
result, we next reconduct our analysis under various utility functions generating a constant
price of risk, and show how such functions will not be able to explain the data. This analysis
will help provide intuition on the role of risk aversion in our results.

We calculate spot and forward rates using CRRA utility with γ ranging from 0.5 to 3
(see Appendix C.2 for details). As shown in Appendix Table A5, none of the power utility
functions can rationalize the results. The functions with γ > 1 explain the time variation in
the forecast errors, but they cannot explain the average being close to zero. To understand
the intuition, consider the results derived above for log-normally distributed variables. When
γ > 1, the covariance term ςt correctly increases in bad times. However, it is always positive
(covt(mt+1 + rt+1,Et+1 rt+2) > 0 at all times), leading to large average forecast errors. The
opposite mechanics are at play for γ < 1, for which covt(mt+1 + rt+1,Et+1 rt+2) < 0 for all t.

This illustrates the challenge in explaining both the average and time variation in the
covariance term, and thus in explaining the results from options through this term alone.

23Formally, the elements of the vector Xt+1 = (Rt+1, z
′
t+1)

′ are associated random variables if
covt(f(Xt+1, g(Xt+1)) ≥ 0 for all nondecreasing functions f and g for which this covariance exists.
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4.2 Empirical Results from Survey-Based Measures

We now turn our attention to spot rates, forward rates, and forecast errors estimated using
survey expectations. As a preview of the results, Figure 6 plots forward rates along with
predicted forecasts errors for both Livingston survey and the CFO survey. As with the
option-based measures, we find that (i) forward rates are countercyclical, in that they increase
in bad times, and (ii) forecasts errors are predictably negative following crises such as the 2001
recession, the global financial crisis, and the Covid crisis. These results are again consistent
with excess cyclicality in forward expectations: during bad times, investors think future spot
rates returns will be more elevated than their own beliefs justify ex post. We detail this
analysis below for each of the two surveys in turn.

4.2.1 Spot and Forward Rates from the Livingston Survey

As explained in Section 3.2.1, we use Livingston survey of professional forecasters to estimate
the 6-month spot rate and the 6-month, 6-month forward rate. As with the options-based
measures, we consider spot and forward rates for both risk premia and expected returns.
Since the Livingston survey offers expectations about interest rates, we can measure forward
rates for risk premia without assumptions about the expectations hypothesis for interest
rates. The sample runs from 1990 to 2021.

Column (1) and (2) of Table 6 shows the results of Mincer-Zarnowitz regressions of future
spot rates on past forward rates. We find slope coefficients of 0.81 for risk premia and 0.68
for expected returns. These estimates echo those from the option-based measure, suggesting
that a one-percentage-point increase in forward rates is associated with spot rates that are
about 0.75 percentage points higher in the future. The R2 values are somewhat higher than
those from the option-based regressions for risk premia, though comparable to those for
expected returns; on average, around 50% of the variation in spot rates can be predicted by
the forward rate at the 6 month horizon. Columns (3) and (4) further show that the forecast
errors are close to zero on average, and statistically insignificant.

Columns (5) and (6) of Table 6 report results from the error predictability regressions,
where we predict future realized forecast errors based on ex ante forward rates. As for the
option-based measures, we find significantly negative slope coefficients around -0.2, suggesting
that high forward rates are associated with future spot rates that are lower than expected. The
R2 values are between 6.6% and 7.7%, which is close to those obtained from the option-based
measures. Given the countercyclical nature of the forward rates (see Figure 6, the pattern is
similar to the one obtained from the options: in bad times, investors think future expected
returns will be more elevated than investors’ own subsequent beliefs justify.
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4.2.2 Spot and Forward Rates from the Duke CFO Survey

We next turn our attention to the CFO survey. This survey allows us to extend the forecast
horizon substantially, as the survey elicits return expectations at both the 1-year and 10-year
horizon. The longer horizon is advantageous in that it long-horizon expected returns are more
important for prices, allowing us to more easily speak to impacts on prices. As explained in
Section 3.2.2, we use the survey to calculate 1-year, 9-year forward rates, which are expected
returns over 9 years, starting one year from now. We then compare these to the realized
9-year spot rate, which is approximated from the 10-year spot rate.

Columns (1) and (2) of Table 7 show the results of Mincer-Zarnowitz regressions of
future spot rates on forward rates. The forward rates predict future spot rates with slope
coefficients around 0.5 on average, slightly below the results from options-based measures
and the Livingston measure. The difference in slopes may arise from the fact that the
horizons for spot and forward rates (n,m) are different from the options- and Livingston-
based measures, which both considered 6-month, 6-month forwards. The R2 is around 0.3 on
average. Columns (3) and (4) further show that the average error is negative; that is, forward
rates are systematically higher than future realized spot rates.

Column (5) and (6) of Table 7 report our main results on error predictability. The forecast
errors are again predictable by the ex ante forward rates. When forward rates are high, future
spot rates are lower than expected. For risk premia, this effect is strong, with an R2 of 34%.
For expected returns, the effect is statistically insignificant, and quantitatively closer to the
effects estimated for options and the Livingston survey.

As a final remark on the CFO survey, there is, in this survey, a clear distinction between
the cyclical behavior of spot and forward rates. As shown in Figure 7, spot rates appear
procyclical : short-term expected returns decrease in bad times in a manner that appears
extrapolative with respect to past returns (as highlighted by Greenwood and Shleifer 2014),
in spite of these being times in which expected returns are likely to be objectively high. The
figure, however, also shows that forward rates are strongly countercyclical (and so are 10-year
spot rates): long-term expected returns increase in bad times. One interpretation of these
findings is that the CFO respondents understand present value logic — they understand that
future long-run returns must be high when prices are low — but during crises, they believe
prices will continue to decrease for a while before they start increasing. This finding sheds
light on the debate about whether spot rates are procyclical (Greenwood and Shleifer 2014),
acyclical (Nagel and Xu 2022b) or countercyclical (Dahlquist and Ibert 2023). Interestingly,
there is less disagreement about forward rates: across all option-based and survey-based
measures, longer-run forward rates are robustly and excessively countercyclical. The apparent
disagreement in previous literature is thus related to the cyclical behavior of short-term
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spot rates. While short-term spot rates are important for understanding the expectations-
formation process, long-run expected returns and forward rates are often the key object of
interest in determining prices.

4.3 Cyclical Variation in Forecast Errors

Finally, to comprehensively link the forecast errors to stock prices and cyclicality, we now
relate the errors back to the valuation ratio of the stock market. For each measure we project
the ex post forecast errors onto the ex ante earnings yield for the market portfolio. We use
two measures of the earnings yield, one base on the cyclically adjusted price-to-earnings ratio
(CAPE) and one based on the excess CAPE, both obtained via Robert Shiller’s website.

Table 8 shows that forecast errors are negatively related to the ex ante earnings yield. As
such, future spot rates are lower than expected when the earnings yield is relatively high.
The slope coefficients are similar in magnitude across sources, varying between -0.3 and
-0.9. The slopes are slightly smaller for the CFO data than for the other sources, but this
difference may be driven by the longer horizon for the forward rates using this measure. The
fact that the earnings yield predicts forward rates and forecast errors for all sources alleviates
measurement error concerns and points at a commonality in the expectations across sources.
Taken together, the results suggest that when expected returns are objectively high, investors
think expected returns in the future will be high, and more so than their own subsequent
beliefs justify. In the upcoming section, we explore additional implications of this excess
cyclicality for asset pricing.

5 Implications for Asset Pricing

This section studies additional implications of the excess cyclicality in forward rates docu-
mented in the previous sections.

5.1 A New Source of Excess Volatility

If investors think that bad asset-pricing shocks lead to larger increases in forward rates
than justified by subsequent realizations, then such shocks may lead to excess volatility in
prices. To better understand the relevance of this source of excess volatility, we conduct two
illustrative quantifications here. We first quantify the effect using errors from the option-based
measure, and then conduct a similar exercise using errors from CFO survey. Both sources
point to a quantitatively similar impact of predictable forecast errors on prices.
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Excess volatility from the option-based measure. We focus on the component of
excess volatility coming from expectations about risk premia, as opposed to expected returns,
and note that this leads to smaller estimates. Starting from a Campbell-Shiller (1988)
decomposition for the log price-dividend ratio pt − dt and using the definition of forward
rates as expected equity premia:

pt − dt = k +
∞∑
j=0

ρj Et[∆dt+j+1] −
∞∑
j=0

ρj Et[rt+j,t+j+1]

= k +
∞∑
j=0

ρj Et[∆dt+j+1]︸ ︷︷ ︸
CFt

−
∞∑
j=0

ρj f̃
(j,1)
t︸ ︷︷ ︸

Ft

−
∞∑
j=0

ρj Et[r
f
t+j,t+j+1]︸ ︷︷ ︸

RFt

, (11)

where k is a constant and 0 < ρ < 1. We further split the forward-rate term Ft into

∞∑
j=0

ρj f̃
(j,1)
t︸ ︷︷ ︸

Ft

=
∞∑
j=0

ρj Et[µ̃
(1)
t+j]︸ ︷︷ ︸

Mt

−
∞∑
j=0

ρj Et[ε̃
(1)
t+j]︸ ︷︷ ︸

Et

. (12)

Our interest is in the term Et, which quantifies the component of the log price-dividend ratio
attributable to all future predicted forecast errors. The length of one period in (11)–(12) is
arbitrary, so we set it to 6 months to correspond to our baseline horizon.

In our main sample, we estimate forecast errors for horizons only up to one year. To obtain
estimates for longer horizons, we re-estimate spot and forward rates out to an 8-year horizon
for the Euro Stoxx 50, which is the only exchange in our sample with index options available
at such maturities.24 For each horizon, we predict forecast errors as in (9) by regressing
realized forecast errors on shorter-horizon forward rates. We then estimate a decay function
ϕ(n,m) for forecast errors, such that Et[ε̃

(m)
t+n] = ϕ(n,m) Et[ε̃

(1)
t+1]. Details are in Appendix C. As

reported in Table A6, the decay parameters are close to or greater than 1 at all horizons.
We therefore use the assumption that predictable forecast errors have a flat term structure,
Et[ε̃

(1)
t+j+1] = Et[ε̃

(1)
t+j ] for all j in (12), to obtain a back-of-the-envelope quantification of Et for

the U.S. sample:
Et =

ρ

1− ρ
Et[ε̃

(1)
t+1], (13)

where again one period is 6 months. We then compare variation in Et to variation in
pt − dt. To account for share repurchases and ensure that pt − dt is stationary, we use the
repurchase-adjusted price-dividend series provided by Nagel and Xu (2022a).25

24This is similar to the case for the dividend futures market (Binsbergen and Koijen 2017).
25We estimate ρ for the 6-month (half-yearly) horizon in (13) as ρ = (1 + exp(d− p))−1/2, and we use
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Figure 8 presents the results, with both discounted forecast errors Et (red) and the
repurchase-adjusted price-dividend ratio pt − dt (blue) shown as log differences from their
full-sample means. The two series do not always comove positively. During the Russian debt
crisis in the late 1990s, for example, forward rates were quite elevated (leading to negative
Et), but the stock market’s dot-com boom largely continued apace (leading to high pt − dt).
But during large stock-market declines (low pt− dt), predictable forecast errors generally play
a significant role in the decomposition in (11)–(12). During the depths of the 2008 financial
crisis, for example, when the price-dividend ratio reached more than 70 log points (about
50 percentage points) below its mean, discounted forecast errors accounted for more than
half of this decline. A meaningful component of the stock-price collapse therefore consisted
of elevated expected future equity premia, which, in a predictable manner, declined faster
than suggested by the forward curve. However, the while the forecast errors can explain a
meaningful amount of price variation during crises, they explain a more modest amount of
the overall variation in prices. A regression of forecast errors on the log divide-price ratio
gives a slope coefficient of around 0.1, suggesting that 10% of the unconditional variation in
prices can be tied back to predictable forecast errors.

Excess volatility from the CFO survey. One can use the errors in from the long-
horizon forward rates in the Duke-CFO survey to quantify the impact of forecast errors on
prices more directly. As shown in Figure 6, the predicted errors for the 9-year spot rates
are around -1.5% during the global financial crises and the Covid crises. Since these are
annualized numbers, the finding implies that predictable forecast errors can roughly account
for 1.5% ×

∑9
j=1 ρ

j = 12.21% of the decrease in prices observed during these crises (for
ρ = 0.98). This estimate is arguably a lower bound, as it is plausible that investors make
similar mistakes at horizons beyond 9 years. Overall, the estimate from the survey-based
measures is again consistent with the estimates from the option-based measure.

5.2 The Term Structure of Equity

We have argued above that a large part of the variation in stock prices during crises may come
from excess cyclicality in forward rates. According to this argument, fluctuations in prices
are driven by revisions in expectations that are unexpected by investors (but predictable by
traditional state variables). If this mechanism helps drive realized returns on equities, we
should expect it to manifest itself in the behavior of the equity term structure, i.e., the prices
and expected returns of dividend claims with different maturities.

predicted forecast errors Et[ε̃
(1)
t+1] expressed on a non-annualized basis.
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In general, expected-return forecast errors should have a larger impact on equity claims
with longer maturity, because these claims have longer duration, making them more sensitive
to changes in expected returns. To illustrate this effect, we calculate the impact of forecast
errors on realized returns to dividend claims with different maturity under two assumptions:
first, we assume that expected returns to all equity claims are the same (i.e., the equity term
structure is flat); second, we assume, as in the previous section, a flat term structure of
forecast errors (in this case, ε(j)t+1 = ε

(j+1)
t+1 for all j). Under these assumptions, log returns on

dividend claims with different maturity (ν) are given by

r
(ν)
t+1 = µ

(1)
t +∆Et,t+1dt+ν − (ν − 1)× εt+1, (14)

where ∆Et,t+1 denotes the change in expectations between period t and t+ 1 (i.e., ex post
forecast errors) and where we have suppressed the superscript from the forecast error because
of the assumption that these errors are the same across all horizons (and claims). Equation (14)
shows that mistakes about forward rates influence realized returns on equity claims, and
more so for longer maturity claims.

Predictability in forecast errors thus influences the slope of the equity term structure. If
forecast errors are predicted to be negative (investors have overly high expectations about
future spot rates), investors will in the future revise their expectations about spot rates
downwards, leading to positive realized returns. This effect will be stronger for longer-maturity
claims, meaning the equity term structure will be upward sloping. Similarly, when forecast
errors are predicted to be positive (investors have incorrectly low expectations about future
spot rates), the equity term structure will be downward sloping.

To visualize the implications of our forecast errors for the equity term structure, we
calculate the impact of forecast errors on realized returns to dividend strips with different
maturities based on equation (14). We focus on forecast errors for risk premia and calculate
both average returns and conditional returns in good and bad times. We follow Gormsen
(2021) and define good and bad times based on the ex ante valuation ratio.26

Figure 9 plots these term structures. The figure shows that the term structure of realized
returns implied by the forecast errors is slightly negative on average and countercyclical. The
estimates happen to be numerically close to the estimates for realized returns on dividend
strips in Gormsen (2021), but we interpret the results qualitatively rather than quantitatively,
given that our estimates reay fairly heavily on modeling assumptions (and represent log
returns as opposed to arithmetic returns). Qualitatively, the figure shows how the estimated
forecast errors can, in principle, produce a term structure that is downward sloping on

26We define bad times as the 20% lowest of values for the CAPE ratio.
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average (Binsbergen, Brandt, and Koijen 2012) and countercyclical (Gormsen 2021, Golez
and Jackwerth 2023).27 As such, our forecast errors help account for the dynamics of the
equity term structure.

5.3 Impact of Forecast Errors on Demand Elasticities

Empirically, there is a strong relation between changes in prices and expected returns over
the next period. Nagel and Xu (2022b), for instance, shows that a 1 standard deviation
increase in the dividend yield increases expected returns on the market by 6 percentage points
over the subsequent year. This large impact of prices on future expected returns should
lead investors to allocate substantially towards equities when prices move. But our results
suggest that investors often mistakenly attribute a significant share of the decrease in prices
to increases in expected returns at relatively long horizons, and perceive short-term spot
returns to increase only modestly. This structure of expectation errors lowers the elasticity
of demand, as a modest increase in spot returns will not lead to a large increase in desired
portfolio weights in equities. It can accordingly help make sense of the apparently puzzling
inelasticity in investor demand for equities (Gabaix and Koijen 2022). We leave potential
quantification of this effect to future work.

6 A Model of Expectation Errors

Finally, to provide a more positive potential explanation for our results, this section presents
a simple model of expectations errors in the term structure of option-based spot rates that
results in excess cyclicality in forward rates. The models builds on the framework proposed
by Bordalo, Gennaioli, and Shleifer (2018), but it is also qualitatively similar to the natural
expectations model proposed by Fuster, Laibson, and Mendel (2010) and adapted by Giglio
and Kelly (2018). We then calibrate the model and compare it to the data under the
assumption that the representative investor has log utility over the market return. The
model is reduced-form in the sense that we directly model investors’ expectations about an
endogenous variable, rather than taking a stand on the underlying foundations for these
expectations.

27If we considered forecast errors for for expected returns instead of risk premia, the term structure would
be slightly upward sloping on average but still countercyclical.

31



6.1 Model Setup

We assume that the 3-month spot rate follows an AR(3) process under the objective measure:

µ
(3)
t =

(
1−

3∑
j=1

ϕj

)
µ̄+ ϕ1 µ

(3)
t−1 + ϕ2 µ

(3)
t−2 + ϕ3 µ

(3)
t−3 + et,

where µ̄ = E[µ(3)
t ] and et

i.i.d.∼ N (0, σ2
e).28

If expectations were rational, investors would use the objective AR(3) dynamics to make
iterated forecasts of future 3-month spot rates:

Et

[
µ
(3)
t+n

]
=

(
1−

3∑
j=1

ϕj

)
µ̄+

3∑
j=1

ϕj Et

[
µ
(3)
t+n−j

]
for n > 0. (15)

In such a rational world, these objective forecasts of future 3-month spot rates would define
the current term structure of quarterly option-implied spot rates recursively using (2):

µ
(n)
t =

µ
(3)
t for n = 3

µ
(n−3)
t + Et

[
µ
(3)
t+n−3

]
for n ∈ {6, 9, 12} .

(16)

Rather than assuming rationality as in (15), however, we assume that investors potentially
overreact to objective news about µ(n)

t in forming their subjective forecasts. We use Eθ
t [·] to

refer to these investors’ subjective expectations, as the parameter θ indexes the degree of
excess sensitivity to spot-rate news as follows:

Eθ
t

[
µ
(3)
t+n

]
= Et

[
µ
(3)
t+n

]
+ θ

(
Et

[
µ
(3)
t+n

]
− Et−3

[
µ
(3)
t+n

])
︸ ︷︷ ︸

spot-rate news

. (17)

In the language of Bordalo et al. (2019), θ is the “diagnosticity” parameter. This representation
nests rationality when θ = 0. When θ > 0, investors are excessively sensitive to news.29

After bad news, for example, spot rates increase, the news term is positive, and investors’
subjective expectations overreact by θ times news.

28By focusing on the ex ante equity premium as the stochastic process of interest, our model departs
somewhat from the diagnostic model considered by, e.g., Bordalo et al. (2019), as discussed in Section 6.3.
We also generalize slightly by assuming an AR(3) process.

29While overreaction is defined relative to objective news (which investors do not directly observe), the
news term in (17) is proportional to the objective innovation et (which they do observe). Since news is
defined over a 3-month period in the objective dynamics, we assume that the relevant lagged expectations in
(17) are 3-month lagged expectations. In principle, this could also be estimated from the data as in Bordalo
et al. (2019).
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The actual term structure of quarterly option-implied spot rates µ
(n)
t is defined by (16),

but with the objective expectation Et[µ
(3)
t+n] replaced by the subjective expectation Eθ

t [µ
(3)
t+n].

As a consequence, long-horizon spot rates — and therefore forward rates — increase after
bad news even more than they would under rationality.

6.2 Calibration and Results

To understand whether the model can match our empirical findings, we turn to Monte Carlo
simulations. We first estimate the objective dynamics of the 3-month spot rate by country
under the assumption of log utility. Table A11 reports these parameters. We then simulate
10,000 artificial samples of length equivalent to that in the data. In each artificial dataset,
we run the same regressions as conducted in Section 4 to evaluate how the regression slopes
and average errors vary with deviations from rational expectations.

While we consider a range of values for the key parameter θ, one particular focus is the
value estimated by Bordalo, Gennaioli, and Shleifer (2018) and Bordalo et al. (2019), θ = 0.91.
They estimate this value in different settings than the one considered here, allowing us to test
whether our empirical results are consistent with a fully externally calibrated θ. Given that
this value of θ is close to 1, the magnitude of forecast errors is roughly comparable to news.

Figure 10 plots regression slopes and average errors by the degree of overreaction. The
model is qualitatively consistent with the data. As θ increases, the Mincer-Zarnowitz slope β1

decreases toward zero and the error-predictability and Coibion-Gorodnichenko slopes become
more negative (see the Appendix for the empirical versions of these Coibion-Gorodnichenko
regressions). Given (17), subjective expectations are on average unbiased, so the model
cannot produce any non-zero average error. There is thus no relationship between the average
error and θ. At the calibrated value θ = 0.91, the model and data are roughly in line, as the
empirical estimates are close to the model-implied confidence intervals in all cases; slightly
lower values of θ would align the two even more closely. This simple model of expectation
errors thus appears capable of explaining the excess sensitivity of forward rates we document
empirically.

However, while the model is able to match overreaction reasonably well despite the stylized
setup and few parameters, it does seem to fall short of matching the data on certain additional
dimensions. In particular, it appears to underestimate the degree of rational variation in
forward rates observed in the data: as seen in Figure A8, the model’s regression R2 values are
somewhat below those observed in the data on average. For example, the Mincer-Zarnowitz
R2 is 20% in the data, but only 10% at the calibrated θ = 0.91.30 Nonetheless, the model

30Lower values of θ again improve this aspect of the model’s match to the data, though this is not the
case for the forecast-error predictability R2 values.
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still replicates the same qualitative patterns in R2 values as one would expect.

6.3 Interpretation and Discussion

While the above model of expectation errors is capable of matching our empirical findings, the
cyclicality of expectation errors distinguishes our setting from certain frameworks featuring
return extrapolation, as discussed in Section 4.1.4. In the model, forward rates overreact to
news about spot rates: when the objective equity premium is high, forward rates increase, and
forecast errors are predictably negative. This echoes our empirical findings. Those findings
would not be matched by specifying a model of overreaction of forward rates to realized
returns: the estimated equity premium is high in bad times, when realized returns are low.

If the cyclicality of our model’s expectation errors were to be flipped — if forward rates
were too low in bad times, generating positive errors — then these errors would not be capable
of explaining any of the variation in the price-dividend ratio shown in Figure 8. Forecast errors
instead would exert a dampening force on stock prices, making it more difficult to explain their
observed volatility. We discuss and formalize this idea in more detail in Appendix D, which
introduces a “trilemma” for expectation errors: it is difficult to simultaneously make sense of
(i) volatile expectation errors, (ii) countercyclical expectation errors (e.g., extrapolation of
past returns), and (iii) volatile prices.31 Our framework discards (ii), leaving (i) and (iii) on
the table.

7 Conclusion

This paper provides novel analysis of the term structure of return expectations for equities.
This term structure is a powerful laboratory for understanding how investors form expectations,
and the behavior of this term structure is key for understanding variation in stock prices.

Our empirical analysis suggests that the term structure of investor expectations is well-
behaved along multiple dimensions: forward rates are reasonably good predictors of future
realized spot rates, they embed mean-reversion, and they exhibit countercyclical variation.
However, we find strong evidence that forward rates are, in fact, excessively countercyclical:
in bad times, investors’ expectations about future expected returns are more elevated than
their own subsequent beliefs justify.

The finding of excessively countercyclical forward rates has broad implications for asset
pricing. First, mistakes about long-run expected returns have a meaningful impact on stock

31This discussion builds on Campbell (2017), who introduces related trilemmas for present value and
portfolio choice.
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prices, and the excess cyclicality in forward rates therefore leads to substantial excess volatility.
Across data sources, we find that the excess cyclicality can account for half the drop in
expected returns during the global financial crisis and most of the drop during the Covid
crises. The crises in recent time thus appear to have been much more short-lived than
investors expected ex ante.

The excess cyclicality also has implications for other areas in asset pricing. For instance,
the forecast errors induced by excess cyclicality can account for the dynamics of the equity
term structure studied by Binsbergen, Brandt, and Koijen (2012): the structure of the forecast
errors is such that the equity term structure is slightly downward sloping on average and
countercyclical. The forecast errors also tend to reduce the price-elasticity of demand.

An exciting feature of these empirical results is that they are robust across option-based
and survey-based measures. Whereas the dynamics of short-run expected returns appears
to vary across data sources, we find no disagreement between option-based measures and
survey-based measures when considering forward rates: in all cases, longer-run forward
rates are robustly and excessively countercyclical, with strikingly similar magnitudes across
measures. We therefore provide a unified body of evidence on the dynamics of forward return
expectations.
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Tables and Figures

Table 2Table 2
Mincer-Zarnowitz Regressions from Option-Based Expectations

This table reports Mincer-Zarnowitz regressions of future realized spot rates on current forward rates for
option-based risk premia (left panel) and expected returns (right panel). For risk premia, the realized spot
rate

µ̃
(6)
i,t+6 = Et+6

[
r
(6)
i,t+6

]
is the future expectation of the 6-month equity premium and the forward rate

f̃
(6,6)
i,t = Et

[
r
(6)
i,t+6

]
is the current expectation of the same risk premium. These expectations are analogously defined for expected
returns. The units are annualized percentage points. Panel regressions, in the main sample, report standard
errors clustered by exchange and date. This sample is the longest available for each exchange. Time-series
regressions, in the U.S. sample, report Newey-West standard errors with lags selected following Lazarus et al.
(2018) and fixed-b p-values. This sample is from January 1990 to June 2021.

Risk Premia Expected Returns
µ̃
(6)
i,t+6 = β0 + β1 f̃

(6,6)
i,t + ei,t+6 µ

(6)
i,t+6 = β0 + β1 f

(6,6)
i,t + ei,t+6

Main Main U.S. Only Main Main U.S. Only

f̃
(6,6)
t 0.64*** 0.56*** 0.67***

(0.049) (0.055) (0.096)
f
(6,6)
t 0.92*** 0.91*** 0.88***

(0.053) (0.061) (0.072)
Intercept 1.04*** 0.74*** 0.095 0.27

(0.17) (0.28) (0.22) (0.34)

p-value: β1 = 1 <0.001 <0.001 0.003 0.157 0.181 0.111
Observations 2227 2227 378 2227 2227 378
Fixed Effects None Ex None None Ex None
Standard Errors Cluster Cluster Newey-West Cluster Cluster Newey-West
Cluster Ex/Date Ex/Date - Ex/Date Ex/Date -
Adjusted R2 0.20 0.22 0.22 0.63 0.63 0.71
Within R2 - 0.15 - - 0.59 -

36



Table 3Table 3
Instrumented Mincer-Zarnowitz Regressions from Option-Based Expectations

This table reports instrumented Mincer-Zarnowitz regressions of future realized spot rates on current forward
rates for option-based risk premia (left panel) and expected returns (right panel). For risk premia, the
realized spot rate is the future expectation of the 6-month equity premium and the forward rate is the current
expectation of the same risk premium. The instrument is the current expectation of the 1-month equity
premium in 2 months:

f̃
(2,1)
i,t = Et

[
r
(1)
i,t+2

]
These expectations are analogously defined for expected returns. The units are annualized percentage points.
Panel regressions, in the main sample, report standard errors clustered by exchange and date. This sample
is the longest available for each exchange. Time-series regressions, in the U.S. sample, report Newey-West
standard errors with lags selected following Lazarus et al. (2018) and fixed-b p-values. This sample is from
January 1990 to June 2021.

Risk Premia Expected Returns
µ̃
(6)
i,t+6 = β0 + β1 f̃

(6,6)
i,t + ei,t+6 µ

(6)
i,t+6 = β0 + β1 f

(6,6)
i,t + ei,t+6

Main Main U.S. Only Main Main U.S. Only

f̃
(6,6)
t 0.77*** 0.70*** 0.73***

(0.071) (0.074) (0.062)
f
(6,6)
t 0.93*** 0.93*** 0.89***

(0.060) (0.072) (0.029)
Intercept 0.73*** 0.59*** 0.021 0.21

(0.19) (0.13) (0.24) (0.15)

p-value: β1 = 1 0.001 0.003 0.018 0.278 0.331 0.225
Observations 2227 2227 378 2227 2227 378
Fixed Effects None Ex None None Ex None
Standard Errors Cluster Cluster Newey-West Cluster Cluster Newey-West
Cluster Ex/Date Ex/Date - Ex/Date Ex/Date -
Adjusted R2 0.19 - 0.22 0.63 - 0.71
Within R2 - 0.14 - - 0.59 -
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Table 4Table 4
Average Forecast Errors from Option-Based Expectations

This table reports average forecast errors for option-based risk premia (left panel) and expected returns (right
panel). For risk premia, the forecast error is the difference between the future realized spot rate and the
current forward rate. The realized spot rate is the future expectation of the 6-month equity premium and
the forward rate is the current expectation of the same risk premium. These expectations are analogously
defined for expected returns. The units are annualized percentage points. Panel regressions, in the main
sample, report standard errors clustered by exchange and date. This sample is the longest available for each
exchange. Time-series regressions, in the U.S. sample, report Newey-West standard errors with lags selected
following Lazarus et al. (2018) and fixed-b p-values. This sample is from January 1990 to June 2021.

Risk Premia Expected Returns
ε̃
(6)
i,t+6 = µ̃

(6)
i,t+6 − f̃

(6,6)
i,t ε

(6)
i,t+6 = µ

(6)
i,t+6 − f

(6,6)
i,t

Main U.S. Only U.S. Post-2006 Main U.S. Only U.S. Post-2006

Intercept 0.17 0.021 0.029 -0.28** -0.40** -0.24
(0.11) (0.15) (0.26) (0.10) (0.17) (0.19)

Observations 2227 378 174 2227 378 174
Standard Errors Cluster Newey-West Newey-West Cluster Newey-West Newey-West
Cluster Ex/Date - - Ex/Date - -
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Table 5Table 5
Predictability of Forecast Errors from Option-Based Expectations

This table reports predictability regressions of future realized forecast errors on current forward rates for
option-based risk premia (left panel) and expected returns (right panel). For risk premia, the realized spot
rate is the future expectation of the 6-month equity premium, the forward rate is the current expectation
of the same risk premium, and the forecast error is the realized spot rate minus the forward rate. These
expectations are analogously defined for expected returns. For both risk premia and expected returns, the
predictor is the 2× 1-month forward risk premium, the current expectation of the 1-month equity premium in
2 months. The units are annualized percentage points. Panel regressions, in the main sample, report standard
errors clustered by exchange and date. This sample is the longest available for each exchange. Time-series
regressions, in the U.S. sample, report Newey-West standard errors with lags selected following Lazarus et al.
(2018) and fixed-b p-values. This sample is from January 1990 to June 2021.

Risk Premia Expected Returns
ε̃
(6)
i,t+6 = β0 + β1 f̃

(2,1)
i,t + ei,t+6 ε

(6)
i,t+6 = β0 + β1 f̃

(2,1)
i,t + ei,t+6

Main Main U.S. Only Main Main U.S. Only

f̃
(2,1)
t -0.13** -0.16*** -0.17** -0.25*** -0.29*** -0.20**

(0.047) (0.047) (0.066) (0.050) (0.047) (0.090)
Intercept 0.51*** 0.39* 0.39** 0.039

(0.15) (0.23) (0.17) (0.29)

Observations 2227 2227 378 2227 2227 378
Fixed Effects None Ex None None Ex None
Standard Errors Cluster Cluster Newey-West Cluster Cluster Newey-West
Cluster Ex/Date Ex/Date - Ex/Date Ex/Date -
Adjusted R2 0.02 0.03 0.03 0.08 0.11 0.04
Within R2 - 0.03 - - 0.10 -
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Table 6Table 6
Livingston Survey Regressions

This table reports regressions for Livingston survey expectations. See Section 3 for more details. Columns
(1)–(2) are Mincer-Zarnowitz regressions of future realized spot rates on forward rates, as in Table 2. Columns
(3)–(4) are average forecast errors, as in Table 4. Columns (5)–(6) are error-predictability regressions, as in
Table 5. The units are annualized percentage points. Each regression reports Newey-West standard errors
with lags selected following Lazarus et al. (2018) and fixed-b p-values. The sample is half-yearly from June
1992 to June 2021.

Mincer-Zarnowitz Average Error Error Predictability

Risk Premia Expected Returns Risk Premia Expected Returns Risk Premia Expected Returns

µ̃
(6)
t+6 µ

(6)
t+6 ε̃

(6)
t+6 ε

(6)
t+6 ε̃

(6)
t+6 ε

(6)
t+6

f̃
(6,6)
t 0.81*** -0.19** -0.19***

(0.077) (0.077) (0.073)
f
(6,6)
t 0.68***

(0.069)
Intercept 0.97 1.95*** 0.37 0.11 0.97 0.72

(0.64) (0.70) (0.34) (0.30) (0.64) (0.59)

p-value: β1 = 1 0.052 0.002 - - - -
Observations 59 59 59 59 59 59
Adjusted R2 0.56 0.38 - - 0.05 0.06
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Table 7Table 7
CFO Survey Regressions

This table reports regressions for CFO survey expectations. See Section 3 for more details. Columns (1)–(2)
are Mincer-Zarnowitz regressions of future realized spot rates on forward rates, as in Table 2. Columns
(3)–(4) are average forecast errors, as in Table 4. Columns (5)–(6) are error-predictability regressions, as in
Table 5. The units are annualized percentage points. Each regression reports Newey-West standard errors
with lags selected following Lazarus et al. (2018) and fixed-b p-values. The sample is quarterly from March
2004 to March 2022.

Mincer-Zarnowitz Average Error Error Predictability

Risk Premia Expected Returns Risk Premia Expected Returns Risk Premia Expected Returns

µ̃
(9y)
t+1y µ

(9y)
t+1y ε̃

(9y)
t+1y ε

(9y)
t+1y ε̃

(9y)
t+1y ε

(9y)
t+1y

f̃
(1y,9y)
t 0.42*** -0.58*** -0.15

(0.15) (0.15) (0.11)
f
(1y,9y)
t 0.63***

(0.11)
Intercept 2.26*** 2.39*** -0.021 -0.21* 2.26*** 0.37

(0.58) (0.71) (0.14) (0.12) (0.58) (0.39)

p-value: β1 = 1 0.004 0.012 - - - -
Observations 68 68 68 68 68 68
Adjusted R2 0.20 0.46 - - 0.34 0.03
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Table 8Table 8
Cyclical Variation in Forecast Errors

This table reports cyclicality regressions for option-based (left panel) and survey-based (middle and right
panels) expectations. Each panel reports predictability regressions of future realized forecast errors on the
cyclically adjusted price-earnings yield and the excess yield (ExCAPE). The units are annualized percentage
points. Each regression reports Newey-West standard errors with lags selected following Lazarus et al. (2018)
and fixed-b p-values. The sample is monthly from January 1990 to June 2021 for option-based expectations,
half-yearly from June 1992 to June 2021 for Livingston survey expectations, and quarterly from March 2004
to March 2022 for CFO survey expectations.

Expected Returns

Option-Based Livingston Survey CFO Survey

ε
(6)
t+6 ε

(6)
t+6 ε

(6)
t+6 ε

(6)
t+6 ε

(9y)
t+1y ε

(9y)
t+1y

1/CAPEt -0.51*** -0.74** -0.27***
(0.18) (0.32) (0.097)

1/ExCAPEt -0.58*** -0.87** -0.30***
(0.22) (0.36) (0.10)

Intercept 1.68** 1.71** 3.01** 3.17** 0.87** 0.88**
(0.81) (0.85) (1.27) (1.29) (0.35) (0.34)

Observations 378 378 59 59 68 68
Adjusted R2 0.14 0.12 0.02 0.02 0.13 0.13

42



Figure 2Figure 2
Option-Based Spot and Forward Rates

This top panel plots contemporaneous 6-month spot rates µ̃
(6)
t (light blue) and 6× 6-month forward rates

f̃
(6,6)
t (dark blue). The bottom panel plots instrumented 6× 6-month forward rates f̃

(6,6)
t (dark blue) and

the corresponding realized 6-month spot rates µ̃
(6)
t+6 (red). The instrument is the 2× 1-month forward rate:

see Table 3 for more details. Spot and forward rates are for equity risk premia and are from option-based
expectations. Gray bands are NBER recessions. The sample is from January 1990 to June 2021 in the U.S.
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Figure 3Figure 3
Option-Based Forecast Errors and Lagged Forward Rates

This figure plots forecast errors ε̃
(6)
t+6 (orange bars) and lagged 6× 6-month forward rates f̃

(6,6)
t (dark blue

line). Forecast errors and forward rates are for equity risk premia and are from option-based expectations.
The sample is from January 1990 to June 2021 in the U.S.
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Figure 4Figure 4
Option-Based Forward Rates and Predicted Forecast Errors

This figure plots instrumented 6× 6-month forward rates f̃
(6,6)
t (top panel) and the corresponding predicted

forecast errors ε
(6)
t+6 (bottom panel). The instrument is the 2× 1-month forward rate: see Table 3 for more

details. The predicted forecast error is from a time-series regression of future realized forecast errors on
current forward rates: see Table 5 for more details. Forward rates and forecast errors and are for equity
risk premia and are from option-based expectations. Gray bands are NBER recessions. The sample is from
January 1990 to June 2021 in the U.S.
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Figure 5Figure 5
Option-Based Conditional Volatility of the Market Return

This figure plots the conditional volatility of the 6-month market return σt (lnRt,t+6) from the standpoint of
an unconstrained log utility investor fully invested in the market. See Appendix C.2 for more details. Gray
bands are NBER recessions. The sample is from January 1990 to June 2021 in the U.S.
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Figure 6Figure 6
Survey-Based Forward Rates and Predicted Forecast Errors

This figure plots forward rates (top) and the corresponding predicted forecast errors (bottom) for Livingston
(left) and CFO (right) survey expectations. See Section 3 for more details. The predicted forecast error
is from a time-series regression of future realized forecast errors on current forward rates, as in Figure 4.
Forward rates and forecast errors and are for equity risk premia. Gray bands are NBER recessions. The
sample is half-yearly from June 1992 to June 2021 for the Livingston survey and quarterly from March 2004
to March 2022 for the CFO survey.
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Figure 7Figure 7
Spot and Forward Rates in the CFO Survey

This figure plots the spot rate and forward rate based on data from the CFO Survey. The spot and forward
rates are for expected returns; see text for details on definitions and estimation. Gray bands are NBER
recessions. The sample is quarterly from March 2004 to March 2022.
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Figure 8Figure 8
Discounted Forecast Errors and the Price-Dividend Ratio

This figure plots discounted predicted forecast errors over all future horizons Et (red) and the log repurchase-
adjusted price-dividend ratio pt − dt (blue) in the United States. Discounted forecast errors Et are calculated
as in (13) using the 6× 6 predicted forecast error (non-annualized), with ρ calculated using the full-sample
average price-dividend ratio. The monthly repurchase-adjusted pt − dt for the CRSP value-weighted stock
index is obtained from Nagel and Xu (2022a) via Zhengyang Xu’s website. Both series are plotted as log
differences from their full-sample means. Gray bands are NBER recessions. The sample is from January 1990
to June 2021 in the U.S.
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Figure 9Figure 9
The Effect of Forecast Errors on Realized Returns for the Equity Term Structure

This figure shows the impact of predicable variation in forecast errors on realized returns to dividend claims
with different maturity. We calculate realized returns for each equity claim based on the assumption that
spot rates are the same for all dividend claims and given by the spot rates from Proposition 1. Difference in
realized returns arise from differences in exposure to forecast errors (duration) across claims. We divide the
sample into good and bad times based on the ex ante CAPE ratio, with good times being the 80% of the
months where the CAPE ratio is highest. See text for additional details.
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Figure 10Figure 10
Model Calibration: Regression Slopes and Average Forecast Errors

This figure reports regression slopes and average forecast errors in the calibrated model of expectation errors.
The model is calibrated from the standpoint of an unconstrained log utility investor fully invested in the
market. Table A11 reports the objective parameters. The solid lines are model-implied population moments
in a single long sample. The shaded regions are model-implied 95% confidence bands in 10,000 short samples.
The blue circles are model-implied moments under rational expectations with θ = 0. The red squares are
model-implied moments under diagnostic expectations with θ = 0.91 from Bordalo, Gennaioli, and Shleifer
(2018). The green triangles are moments in the data. The sample is the longest available for each exchange
in the main sample.

51



References

Adam, Klaus and Stefan Nagel. 2023. “Expectations Data in Asset Pricing.” In Handbook of Economic
Expectations, edited by R. Bachmann, G. Topa, and W. van der Klaauw. Elsevier, 477–506.

Aït-Sahalia, Yacine, Mustafa Karaman, and Loriano Mancini. 2020. “The term structure of equity
and variance risk premia.” Journal of Econometrics 219 (2):204–230.

Augenblick, Ned and Eben Lazarus. 2023. “A New Test of Excess Movement in Asset Prices.”
Working paper, MIT.

Augenblick, Ned, Eben Lazarus, and Michael Thaler. 2023. “Overinference from Weak Signals and
Underinference from Strong Signals.” Working Paper 2109.09871, arXiv.

Binsbergen, Jules H. van and Ralph S.J. Koijen. 2017. “The term structure of returns: Facts and
theory.” Journal of Financial Economics 124 (1):1 – 21.

Binsbergen, Jules van, Michael Brandt, and Ralph Koijen. 2012. “On the Timing and Pricing of
Dividends.” American Economic Review 102 (4):1596–1618.

Bordalo, Pedro, Nicola Gennaioli, Rafael La Porta, and Andrei Shleifer. 2019. “Diagnostic Expecta-
tions and Stock Returns.” Journal of Finance 74 (6):2839–2874.

Bordalo, Pedro, Nicola Gennaioli, and Andrei Shleifer. 2018. “Diagnostic Expectations and Credit
Cycles.” Journal of Finance 73 (1):199–227.

Boutros, Michael, Itzhak Ben-David, John Graham, Campbell Harvey, and John Payne. 2020. “The
Persistence of Miscalibration.” Working Paper 28010, National Bureau of Economic Research.

Breeden, Douglas T. and Robert H. Litzenberger. 1978. “Prices of State-Contingent Claims Implicit
in Option Prices.” Journal of Business 51 (4):621–651.

Campbell, John Y. 2017. “Discussion of Lawrence Jin and Pengfei Sui, ‘Asset Pricing with Return
Extrapolation’.” NBER Behavioral Finance Meeting.

Campbell, John Y. and John Ammer. 1993. “What Moves the Stock and Bond Markets? A Variance
Decomposition for Long-Term Asset Returns.” Journal of Finance 48 (1):3–37.

Campbell, John Y. and John H. Cochrane. 1999. “By Force of Habit: A Consumption-Based
Explanation of Aggregate Stock Market Behavior.” Journal of Political Economy 107 (2):205–251.

Campbell, John Y. and Robert J. Shiller. 1988. “The Dividend-Price Ratio and Expectations of
Future Dividends and Discount Factors.” Review of Financial Studies 1 (3):195–228.

———. 1991. “Yield Spreads and Interest Rate Movements: A Bird’s Eye View.” Review of Economic
Studies 58 (3):495–514.

Carr, Peter and Dilip Madan. 2001. “Optimal positioning in derivative securities.” Quantitative
Finance 1 (1):19.

Chabi-Yo, Fousseni and Johnathan Loudis. 2020. “The conditional expected market return.” Journal
of Financial Economics 137 (3):752–786.

Cieslak, Anna. 2018. “Short-Rate Expectations and Unexpected Returns in Treasury Bonds.” Review
of Financial Studies 31 (9):3265–3306.

Coibion, Olivier and Yuriy Gorodnichenko. 2015. “Information rigidity and the expectations formation
process: A simple framework and new facts.” American Economic Review 105 (8):2644–78.

Couts, Spencer J., Andrei S. Gonçalves, and Johnathan Loudis. 2023. “The Subjective Risk and
Return Expectations of Institutional Investors.” Working Paper 2023-03, Fisher College of Business.

Dahlquist, Magnus and Markus Ibert. 2023. “Equity Return Expectations and Portfolios: Evidence
from Large Asset Managers.” Working paper, Swedish House of Finance.

d’Arienzo, Daniele. 2020. “Maturity Increasing Overreaction and Bond Market Puzzles.” Working
paper, Nova School of Business and Economics.

52



De la O, Ricardo and Sean Myers. 2021. “Subjective Cash Flow and Discount Rate Expectations.”
Journal of Finance 76 (3):1339–1387.

Dew-Becker, Ian, Stefano Giglio, Anh Le, and Marius Rodriguez. 2017. “The price of variance risk.”
Journal of Financial Economics 123 (2):225–250.

Fama, Eugene F. and Robert R. Bliss. 1987. “The Information in Long-Maturity Forward Rates.”
American Economic Review 77 (4):680–692.

Farmer, Leland, Emi Nakamura, and Jón Steinsson. 2023. “Learning about the Long Run.” Working
Paper 29495, National Bureau of Economic Research.

Fuster, Andreas, David Laibson, and Brock Mendel. 2010. “Natural Expectations and Macroeconomic
Fluctuations.” Journal of Economic Perspectives 24 (4):67–84.

Gabaix, Xavier and Ralph S.J. Koijen. 2022. “In Search of the Origins of Financial Fluctuations:
The Inelastic Markets Hypothesis.” Working Paper 28967, National Bureau of Economic Research.

Gao, Can and Ian W.R. Martin. 2021. “Volatility, Valuation Ratios, and Bubbles: An Empirical
Measure of Market Sentiment.” Journal of Finance 76 (6):3211–3254.

Giglio, Stefano and Bryan Kelly. 2018. “Excess Volatility: Beyond Discount Rates.” Quarterly
Journal of Economics 133 (1):71–127.

Golez, Benjamin and Jens Carsten Jackwerth. 2023. “Holding Period Effects in Dividend Strip
Returns.” Working paper, University of Notre Dame.

Gormsen, Niels Joachim. 2021. “Time Variation of the Equity Term Structure.” Journal of Finance
76 (4):1959–1999.

Gormsen, Niels Joachim and Kilian Huber. 2023. “Corporate Discount Rates.” Working Paper 31329,
National Bureau of Economic Research.

Greenwood, Robin and Andrei Shleifer. 2014. “Expectations of Returns and Expected Returns.”
Review of Financial Studies 27 (3):714–746.

Lazarus, Eben, Daniel J. Lewis, and James H. Stock. 2021. “The Size-Power Tradeoff in HAR
Inference.” Econometrica 89 (5):2497–2516.

Lazarus, Eben, Daniel J. Lewis, James H. Stock, and Mark W. Watson. 2018. “HAR Inference:
Recommendations for Practice.” Journal of Business & Economic Statistics 36 (4):541–559.

Martin, Ian. 2017. “What is the Expected Return on the Market?” Quarterly Journal of Economics
132 (1):367–433.

Martin, Ian W.R. and Dimitris Papadimitriou. 2022. “Sentiment and Speculation in a Market with
Heterogeneous Beliefs.” American Economic Review 112 (8):2465–2517.

Mincer, Jacob A. and Victor Zarnowitz. 1969. “The Evaluation of Economic Forecasts.” In Economic
Forecasts and Expectations. National Bureau of Economic Research, 3–46.

Mixon, Scott. 2007. “The implied volatility term structure of stock index options.” Journal of
Empirical Finance 14 (3):333–354.

Nagel, Stefan and Zhengyang Xu. 2022a. “Asset Pricing with Fading Memory.” Review of Financial
Studies 35 (5):2190–2245.

———. 2022b. “Dynamics of Subjective Risk Premia.” Working Paper 29803, National Bureau of
Economic Research.

Newey, Whitney K. and Kenneth D. West. 1987. “A Simple, Positive Semi-Definite, Heteroskedasticity
and Autocorrelation Consistent Covariance Matrix.” Econometrica 55 (3):703–708.

Polkovnichenko, Valery and Feng Zhao. 2013. “Probability weighting functions implied in options
prices.” Journal of Financial Economics 107 (3):580–609.

Stein, Jeremy. 1989. “Overreactions in the Options Market.” Journal of Finance 44 (4):1011–1023.

53


	Introduction
	Framework and Stylized Facts
	Implications and Mechanisms
	Related Literature

	Methodology
	Notation
	Identification from Option Prices
	Identification from Surveys

	Data and Implementation
	Option-Based Measures
	Options Data
	Measuring LVIX
	Implementation for Option-Based Measures

	Survey-Based Measures
	Livingston Survey: Data and Implementation
	CFO Survey: Data and Implementation


	Empirical Results
	Empirical Results from Option-Based Measures
	Spot and Forward Rates: Descriptive Statistics and Figures
	Forward Rates as Predictors of Future Spot Rates
	The Insignificance of Average Forecast Errors
	The Predictability of Forecast Errors
	Risk-Based Explanations for the Option-Based Results

	Empirical Results from Survey-Based Measures
	Spot and Forward Rates from the Livingston Survey
	Spot and Forward Rates from the Duke CFO Survey

	Cyclical Variation in Forecast Errors

	Implications for Asset Pricing
	A New Source of Excess Volatility
	The Term Structure of Equity
	Impact of Forecast Errors on Demand Elasticities

	A Model of Expectation Errors
	Model Setup
	Calibration and Results
	Interpretation and Discussion

	Conclusion

