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1 Introduction

A growing body of evidence suggests that economic agents make predictable forecast errors—
i.e., have “distorted beliefs”—about macroeconomic and financial outcomes.1 Various factors,
such as rational inattention or behavioral biases, can distort beliefs, leading agents to either
underreact or overreact to relevant information. Recognizing and accounting for these distorted
beliefs can provide new insights into empirical asset pricing puzzles that are difficult to explain
under the assumption of full-information rational expectations.

In this paper, we investigate the role of distorted beliefs in the stock market, particularly
their impact on risk premia. We begin by measuring the conditional bias in investors’ beliefs
and decompose the predictable component of market returns into two parts: investors’ beliefs
about future returns and their bias. Variation in this bias manifests itself as discount-rate risk
in the data but represents cash-flow risk from investors’ perspective. As a result, the bias gives
rise to a wedge in observed risk premia, reflecting the difference in the pricing of cash-flow
and discount-rate risks. Our findings indicate that distorted beliefs impact both the time series
and cross-section of expected returns, helping to explain observed deviations from theoretical
predictions, such as those of the Intertemporal Capital Asset Pricing Model (ICAPM).

Our first contribution is to propose a novel way to measure the bias in investors’ beliefs—
i.e., the difference between beliefs and objective expectations—regarding long-run cash-flow
growth and returns. We show that the predictable component of the revisions in investors’
cash-flow beliefs identifies the cash-flow bias. In turn, present value identities imply that,
in the long-run, cash-flow bias mirrors the bias in expected returns. We estimate this time-
varying bias at the market level using revisions in professional analysts’ earnings forecasts.
By adjusting the statistical expectation of market returns for this bias, we obtain a measure
of investors’ beliefs about future market returns. The variation in our measure aligns with
expectations embedded in index option prices and is consistent with forecasts from industry,
banking and government economists, while differing from some other survey-based proxies
for expected market returns used in the literature. Overall, our findings suggest that investor
beliefs about future market returns are neither constant nor perfectly aligned with the objective
variation in expected returns. As a result, it is essential to explicitly allow for the dynamics of
these beliefs.

Our second contribution is to show that expectational bias contributes to excess aggre-
gate stock price volatility—i.e., stock price movements unrelated to subsequent movements in

1Prominent examples include studies by Coibion and Gorodnichenko (2012, 2015), Greenwood and Shleifer
(2014), Adam et al. (2017), Bordalo et al. (2020), Nagel and Xu (2021), Bianchi et al. (2022), and Bordalo et al.
(2024a).
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cash flows, as hypothesized by Shiller (1981)—but does not explain it completely. Using the
decomposition of expected returns into belief and bias components, our analysis reveals that
discount-rate beliefs remain a substantial source of stock-market volatility. After accounting
for predictability consistent with investor beliefs, we estimate that bias explains approximately
41% of the observed predictability in market returns.

Having estimated the bias in investors’ beliefs, our third contribution is to show that this
bias can lead to a distorted perception and, consequently, a distorted pricing of risk. A key
theoretical insight, originating from Merton (1973) and Campbell (1993), is that financial asset
risk premia depend on their return covariances with cash-flow news and expected return—
i.e., discount-rate—news. And, non-myopic investors price these two types of risk differently.
Under distorted beliefs, investors may misattribute some of the variation in expected returns
to the variation in expected cash flows, and vice versa. Specifically, the variation in the bias
captures the component of discount-rate risk in the data that investors perceive as cash-flow risk.
As a result, even if investors price assets according to the ICAPM, the risk-return relationship
predicted by the model will not hold in the data, giving rise to an apparent empirical puzzle.

To gauge the gap between pricing under investor’s beliefs and the observed risk-return
relationship, we derive a bias-adjusted ICAPM that takes the form of a linear factor model
incorporating cash-flow news, discount-rate news, and bias shocks. We compare this model’s
performance to the traditional Campbell and Vuolteenaho (2004) two-factor bad beta, good
beta ICAPM, which excludes bias shocks. Using 51 test portfolios, our findings reveal that
incorporating bias shocks significantly enhances the model’s pricing performance, with R2

values increasing from around 3% to around 36%. Despite this improvement, the model still
leaves some pricing errors unexplained, particularly for size-sorted portfolios. The bias shock
commands a positive and significant risk price in this cross-section, a result further validated
using the supervised PCA approach of Giglio et al. (2024), demonstrating the robustness of
our results to the asset selection criteria and to additional factors. The results are also robust to
using measures of beliefs about stock-level expected returns implied by analysts’ price targets.
Overall, our findings suggest that accounting for distorted beliefs is crucial for understanding
the apparent deviations from the risk-return relationship predicted by the theory.

Finally, our analysis also sheds new light on the sources of distorted beliefs. We note that
our estimation approach does not impose a particular belief formation mechanism. Instead, we
employ VAR forecasts along with present value restrictions to measure the bias. In particu-
lar, this multivariate approach accommodates both overreaction and underreaction to different
information. We find evidence consistent with overreaction, as cash flow forecasts tend to neg-
atively predict future forecast revisions and the bias tends to be pro-cyclical. However, we also
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observe that investors can have an optimistic bias not only during market booms but also during
downturns, suggesting that they may underreact to some information and not adequately revise
their expectations downward. Examining the drivers of the estimated bias, we find that biases
in stock market and macroeconomic expectations—particularly unemployment expectations—
are related. Interestingly, we also find that a more optimistic (pessimistic) bias is associated
with lower (higher) risk appetite in the corporate bond market. A potential interpretation of
this relationship is that stock market responses lag behind shifts in credit market conditions,
resulting in an accumulation of bias. Overall, our evidence is unlikely to be fully accounted for
by a simple extrapolative mechanism in which investors overreact uniformly to both positive
and negative signals. Instead, our findings better align with theories suggesting asymmetric
reactions—specifically, overreaction to good news, as observed during the Dot-com bubble,
and underreaction to bad news, as seen during the Global Financial Crisis.

A growing body of literature studies distorted beliefs and their relation to stock market be-
havior, including studies by Barberis et al. (1998), Bordalo et al. (2019), Nagel and Xu (2021),
Bianchi et al. (2024), and Cassella et al. (2024) among others.2 Closest to our paper are the
studies by Chen, Da, and Zhao (2013) and De La O and Myers (2021), which explore excess
stock price volatility, and Bordalo et al. (2024a), which investigate market return predictabil-
ity. The novelty of our work lies in its focus on the pricing of risk. Our findings differ from
these authors in other important ways. For instance, contrary to De La O and Myers (2021),
our results suggest that discount-rate variation remains an important source of stock-market
volatility under investors’ beliefs. Motivated by this finding, we extend the analysis of Bordalo
et al. (2024a) to incorporate time-varying beliefs about future market returns and disentangle
return predictability arising from belief distortions from that consistent with investors’ beliefs.

The argument that distorted beliefs can drive variation in expected returns has been ad-
vanced by Kozak et al. (2018). The authors propose a model in which sentiment-driven in-
vestors induce fluctuations in expected returns, which creates an inter-temporal risk for rational
investors.3 Our work builds on a related yet distinct premise: a representative non-myopic in-
vestor with distorted beliefs mistakes some of the variation in expected returns (expected cash
flow) for variation in expected cash-flow (expected returns), and mis-prices this component of
risk. We take this framework to the data and find empirical support for its predictions.

Our work is also related to the literature on the distorted beliefs about the macroeconomy;
see Coibion and Gorodnichenko (2015), Bordalo et al. (2020), Bianchi et al. (2022), Bhandari

2While the literature, including our paper, has primarily focused on distorted beliefs at the market level, recent
studies have also examined beliefs regarding firm-level earnings; see Bordalo et al. (2024b).

3See Section IV in Kozak et al. (2018).
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et al. (2024), among others. In particular, we find a significant relationship between agents’
biases in market cash flow (and market return) expectations and biases in unemployment ex-
pectations. This finding further aligns with contemporaneous work by De la O et al. (2025),
who construct a factor summarizing the difference between subjective and statistical expecta-
tions across 24 macroeconomic variables, and show that this factor is associated with several
anomalies in the cross-section of stock returns. By contrast, we show that the bias in investor
beliefs about market cash flow and discount rate risks are related to—though not entirely ex-
plained by—macroeconomic expectations. More broadly, we refer readers to the comprehen-
sive overview by Bachmann et al. (2023) for a detailed survey of the growing literature on
subjective macroeconomic expectations.

Belief distortions are implicit in the market timing theory of capital structure as proposed
by Baker and Wurgler (2002). We find a positive albeit moderate correlation between the
stock market sentiment index proposed by Baker and Wurgler (2006) that builds on this capital
structure theory and our measure of the bias in investors’ beliefs. Overall, our findings indicate
that our measure effectively captures both previously studied dimensions of belief distortions
as well as additional dimensions not identified in prior research.

Our paper is also related to an emerging empirical literature examining return expectations
among major institutional investors. Dahlquist and Ibert (2024) document large asset man-
agers’ equity premium expectations are countercyclical and closely aligned with their portfolio
allocations. Couts, Goncalves, and Loudis (2025) and Couts, Goncalves, Liu, and Loudis
(2025) analyze the risk and return expectations of leading asset managers and institutional in-
vestment consultants, as reflected in their long-term capital market assumptions. They find that
the majority of variation in subjective return expectations arises from differences in perceived
risk premia, rather than differences in perceived alpha. Taken together, these findings align with
our premise that a meaningful subjective riskreturn tradeoff is embedded in investor beliefs and
reflected in both investment behavior and asset prices.

Finally, our analysis builds on the present value framework developed by Campbell and
Shiller (1988), Campbell (1991), Campbell (1993), and applied by Campbell and Vuolteenaho
(2004) and Campbell et al. (2013), among others. Recent work has extended this framework in
several directions. For instance, Campbell et al. (2018) incorporate stochastic volatility, while
Gao and Martin (2021) consider higher-order approximation terms and use options data. In
our paper, we explore a different extension of this framework and examine the implications of
present value relationships under distorted beliefs.

The rest of the paper is organized as follows. Section 2 presents our analytical framework.
Section 3 describes our data. Section 4 presents our main empirical results. Section 5 con-
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cludes. An Internet Appendix contains proofs and additional empirical results.

2 Analytical Framework

2.1 Objective beliefs benchmark

To analyze the impact of distorted beliefs on the standard predictions of asset pricing theory,
we consider the Campbell (1993) version of the ICAPM derived in the Campbell and Shiller
(1988) and Campbell (1991) homoscedastic log-linear present value framework. For analyti-
cal tractability, we further assume log-normality. To establish our notation, we provide a brief
overview of this standard framework and refer to the original papers for a more detailed dis-
cussion of the underlying assumptions.

The market log return rt can be approximated as

rt+1 ≈ k +∆dt+1 + ρ (pt+1 − dt+1)− (pt − dt) , (1)

where ∆dt is the market dividend growth, pt − dt is the market log price-to-dividend ratio, and
k and ρ are constants. Iterating equation (1) forward, assuming limh→∞ ρhEt(pt+h−dt+h) = 0,
and taking expectations, the market valuation depends on the difference between expected cash-
flow growth Fd,t and expected discount rates Fr,t

pt − dt ≈
k

1− ρ
+ Et

∞󰁛

h=0

ρh∆dt+1+h

󰁿 󰁾󰁽 󰂀
≡ Fd,t

−Et

∞󰁛

h=0

ρhrt+1+h

󰁿 󰁾󰁽 󰂀
≡ Fr,t

, (2)

Combining equations (1) and (2), we obtain the decomposition of aggregate market return
innovations rt+1 − Etrt+1 into cash-flow news εd,t+1 and discount-rate news εr,t+1

rt+1 − Etrt+1 ≈ (Et+1 − Et)
∞󰁛

h=0

ρh∆dt+1+h

󰁿 󰁾󰁽 󰂀
≡ εd,t+1

− (Et+1 − Et)
∞󰁛

h=1

ρhrt+1+h

󰁿 󰁾󰁽 󰂀
≡ εr,t+1

. (3)

Under Campbell (1993) ICAPM, for any asset return ri,t and corresponding excess return rei,t

Etr
e
i,t+1 +

Vartri,t+1

2
≈ γ × Covt [ri,t+1, εd,t+1]− 1× Covt [ri,t+1, εr,t+1] , (4)

where γ is the representative investor’s coefficient of relative risk aversion.
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2.2 Distorted beliefs

We now assume that, in the framework described above, the representative investor uses an
equivalent probability measure S that differs from the objective probability measure P. For in-
stance, investor might hold diagnostic expectations as in Bordalo et al. (2024a). However, our
framework is intentionally general and we remain agnostic about the belief formation mecha-
nism that gives rise to S.

That said, we assume that investor’s beliefs are internally consistent and constrained by
the present value relationships: beliefs about cash-flow growth and expected returns may differ
from their objective expectations, but these two components have to add up to prevailing market
valuations. In other words, from investor’s perspective, the present value identity (2) holds but
with expectations taken under S.4,5

The discrepancy between S and P introduces a bias in investor’s beliefs. Our primary focus
is on the conditional bias—the difference between conditional expectations under S and P—
and the impact that its time-variation has on asset price fluctuations.6 Comparing equation (2)
with expectations taken, respectively, under S and under P we note that, the bias in long-run
cash-flow expectations corresponds to an equal bias in long-run market return expectations,
and vice versa. Indeed, since both investors and statistical beliefs are consistent with observed
pt − dt, we have:

ES
t

∞󰁛

h=0

ρh (∆dt+1+h − rt+1+h) = EP
t

∞󰁛

h=0

ρh (∆dt+1+h − rt+1+h) ,

which after rearranging gives

(ES
t − EP

t )
∞󰁛

h=0

ρh∆dt+1+h

󰁿 󰁾󰁽 󰂀
=FS

d,t−FP
d,t≡ BS−P

t

= (ES
t − EP

t )
∞󰁛

h=0

ρhrt+1+h

󰁿 󰁾󰁽 󰂀
FS

r,t−FP
r,t

. (5)

4This relies on two technical conditions. First, we assume that limh→∞ ρhES
t (pt+h − dt+h) = 0, ruling out

bubbles under distorted beliefs. Second, we assume that the linearization parameter ρ is the same under both P
and S. This can be viewed as a simplifying approximation as in Nagel (2024). Alternatively, it can be justified by
assuming that the investor knows the objective long-run mean of the log price-to-dividend ratio, which determines
ρ, even though her conditional beliefs may deviate from objective expectations, as in Bordalo et al. (2024a).

5Brown et al. (2016), Huang et al. (2023), and Bastianello et al. (2025), among others, document that a large
fraction of analysts directly rely on the discounted cash flow framework to form their forecasts and make invest-
ment recommendations. Additionally, many analysts consider the price-to-earnings ratio multiple, which can be
seen as a simplified, reduced-form version of the discounted cash flow approach.

6We allow for but do not emphasize a potential unconditional bias, to the extent that it is not driving asset price
fluctuations. In fact, we do not require that the bias converges in the limit. Later in this section, we impose a
no-bubble-type condition on the speed at which beliefs can diverge from objective expectations.
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For example, consider overly optimistic beliefs about future cash-flow growth. These beliefs
inflate market valuations, resulting in lower long-run returns relative to investor’s expectations.7

We will refer to the term BS−P
t in equation (5), which captures the discrepancy between

investor’s belief and objective expectation of both aggregate cash flows and market returns,
as simply the bias. A higher (lower) value of BS−P

t indicates that the investor holds more
optimistic (pessimistic) beliefs compared to the objective forecast. For convenience, we also
refer to the negation BP−S

t = −BS−P
t as bias. Multiplying equation (5) evaluated at t + 1 by ρ

and subtracting the same equation evaluated at t, we obtain a relationship between the bias in
cash-flow and discount-rate news defined in equation (3)

εSd,t+1 − εPd,t+1󰁿 󰁾󰁽 󰂀
ρBS−P

t+1−BS−P
t

= εSr,t+1 − εPr,t+1 − (ES
t − EP

t )rt+1󰁿 󰁾󰁽 󰂀
time-t term

. (6)

Importantly, the bias BS−P
t can be inferred from the way the investor revises her beliefs.

Taking conditional expectations under P of the definition on the left-hand side of equation (6),
ρBS−P

t+1 − BS−P
t = εSd,t+1 − εPd,t+1, we have

ρEP
tBS−P

t+1 − BS−P
t = EP

t ε
S
d,t+1 − EP

t ε
P
d,t+1󰁿 󰁾󰁽 󰂀

=0

.

By iterating forward and imposing a condition, limh→∞ ρhEP
tBS−P

t+h = 0, which allows beliefs
to deviate from objective expectations in the limit while ensuring that such divergences do not
become explosive, we obtain

BS−P
t = −

∞󰁛

h=0

ρhEP
t ε

S
d,t+1+h. (7)

From equation (7), the bias equals the predictable component of future revisions in investor’s
beliefs. Rather than directly measuring the difference between conditional expectations under
S and under P, this approach exploits the failure of the Law of Iterated Expectations which
arises when S ∕= P. In our empirical implementation, expectations under P are proxied by
statistical expectations conditional on a set of state variables. Equation (7) measures the bias
as an expectation conditional on the same information set. This ensures that our bias measure

7This holds true even if investor is not marginal: low market valuations that do not reflect her optimism
about future cash-flow growth imply, from investor’s perspective, high expected returns, which ultimately fail to
materialize.
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does not simply reflect information available to the investor but not to the econometrician, and
instead captures the distortion in investor beliefs given the same information.8

2.3 Bias in the expected market return

Investor bias accounts for part of the objective predictability in market returns. Appendix A.1
shows the decomposition of the H-period expected weighted return into investor’s belief and
the effect of distorted beliefs. As H → ∞, this decomposition reduces to equation (5), with
the effect of distorted beliefs converging to BP−S

t , itself given by equation (7):

EP
t

∞󰁛

h=0

ρhrt+1+h

󰁿 󰁾󰁽 󰂀
objective, FP

r,t

= ES
t

∞󰁛

h=0

ρhrt+1+h

󰁿 󰁾󰁽 󰂀
belief, FS

r,t

+EP
t

∞󰁛

h=0

ρhεSd,t+1+h

󰁿 󰁾󰁽 󰂀
belief distortion, BP−S

t

. (8)

2.4 Bias in the cross-section of expected returns

The bias can also shape expected returns observed in the cross-section. We start from an in-
tuitive benchmark suggested by finance theory and assume that, from investor’s perspective,
excess returns compensate for assets’ exposure to cash-flow and discount-rate risks. More for-
mally, we assume that the ICAPM in equation (4) holds under S.

The discrepancy between S and P creates a wedge between the risk-return relationship that
holds under investor’s beliefs and the relationship observed in the data. To characterize the risk-
return relationship under P, we express expected returns similarly to Adam and Nagel (2023)
and Jensen (2024) as the sum of a stock-level bias and the required compensation for perceived
risk:

EP
t r

e
i,t+1 +

VarSt ri,t+1

2
≈ −

󰀃
ES

t − EP
t

󰀄
rei,t+1 + CovS

t

󰀅
ri,t+1, γε

S
d,t+1 − εSr,t+1

󰀆
. (9)

Focusing first on the covariance term in Equation (9), the investor misjudges risk, evaluating
asset return covariance with cash-flow news εSd,t and discount-rate news εSr,t rather than their
objective counterparts. Using equation (6), we can quantify the resulting difference as

γεSd,t+1 − εSr,t+1 = γεPd,t+1 − εPr,t+1 + (γ − 1) (εSd,t+1 − εPd,t+1)󰁿 󰁾󰁽 󰂀
ρBS−P

t+1−BS−P
t

− (ES
t − EP

t )rt+1󰁿 󰁾󰁽 󰂀
time-t term

. (10)

8In our empirical implementation, we use a parsimonious set of publicly observed state variables, making it
also unlikely that the econometrician has an informational advantage over the investor.
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The term in ρBS−P
t+1 − BS−P

t in equation (10) arises because shocks to the bias manifest them-
selves as discount-rate risk in the data but represent cash-flow risk from investor’s perspective.
Since cash-flow and discount-rate risks are priced differently when γ ∕= 1, this distinction af-
fects expected returns. Note that this term does not introduce an additional risk factor—i.e.,
the investor does not price the risk of her own bias—but instead measures the wedge between
perceived and objective risk (γεSd,t+1 − εSr,t+1 and γεPd,t+1 − εPr,t+1, respectively).

Next, note that the second-moment operators, Vart and Covt, in equation (9) remain approx-
imately invariant under the change of measure. This result is intuitively related to Girsanov’s
theorem, which preserves the volatility of a stochastic process under a measure change. In
our discrete-time log-normal setting this property holds approximately, as shown in Appendix
A.1.9

Finally, the asset-specific bias
󰀃
ES

t − EP
t

󰀄
rei,t+1 in equation (9) simplifies considerably in

two plausible cases. First, this bias will tend to average out in cross-sectional asset pricing tests
EP

󰀃
ES

t − EP
t

󰀄
rei,t+1 = 0, unless investors are unconditionally either overly optimistic or overly

pessimistic about asset-i returns. Second, if asset-specific bias stems from distorted beliefs
about aggregate risk factors, it will be proportional to the return covariance with these factors.
For instance, consider an investor with distorted beliefs about aggregate cash flow: dS

dP = St

with St+1

St
≈ 1 + stε

P
d,t+1, where the process st determines the distortion of cash-flow news

εPd,t+1.10 Under this assumption, we have

(ES
t − EP

t )ri,t+1 ≈ st × Covt

󰀅
ri,t+1, ε

P
d,t+1

󰀆
and BS−P

t ≈ st × Vart
󰀅
εPd,t+1

󰀆
.

Combining together, we obtain

(ES
t − EP

t )ri,t+1 ≈
Covt

󰀅
ri,t+1, ε

P
d,t+1

󰀆

Vart
󰀅
εPd,t+1

󰀆 × BS−P
t .

In either of these two cases, the unconditional version of the risk-return relationship (9)

9This property does not imply that investors assess risk correctly, as evident from equation (10). Rather, in our
setting, the change of measure does not introduce bias into the second moments of a given shock. Extending our
framework to a stochastic volatility environment, where investors hold biased beliefs about volatility, represents
a promising avenue for future research. Lochstoer and Muir (2022) take a first step in this direction, showing
that investor beliefs about stock market volatility exhibit sluggish underreaction to volatility shocks, followed by
delayed overreaction.

10This expression provides a discrete-time approximation of a stochastic exponential. Here and in what follows
we assume that continuous-time results hold approximately in our discrete-time setting.
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simplifies to

EPRe
i,t ≈ λdCovP 󰀅ri,t, εPd,t

󰀆
+ λrCovP 󰀅ri,t, εPr,t

󰀆
+ λBCovP 󰀅ri,t, εB,t

󰀆
, (11)

where Re
i,t is the simple excess return on asset i, εB,t+1—the bias shock—represents the inno-

vation component of ρBS−P
t+1 − BS−P

t , and λd,λr,λB are factor loadings.11 We will use equation
(11) to test the effect of distorted beliefs on the cross-section of stock returns.

Investors may also display a purely idiosyncratic cross-sectional pattern in their uncon-
ditional optimism or pessimism about individual stocks. In this case, the asset-specific bias,
EP

󰀃
ES

t − EP
t

󰀄
rei,t+1, introduces an additional noise component in equation (11). Consequently,

empirical tests of equation (11) provide a lower bound on the role of belief distortions. Cor-
recting for this noise term requires data on investor beliefs about individual stock returns, an
exercise that we consider in our empirical analysis.

2.5 VAR identification

Finally, to measure the key terms in equations (8) and (11), we consider the VAR model

xt+1 = Bxt + ut+1 (12)

where xt = (ret ε
S
d,t zt)

⊺ is a vector that includes excess market returns ret , revisions in investor’s
forecasts of cash-flow growth εSd,t, and a set of predictive variables zt. As discussed in the next
section, the forecast revisions εSd,t can be constructed from analysts’ earnings forecasts. All
variables are demeaned to simplify notation.

The VAR model (12) serves a dual purpose of uncovering statistical predictability in both
market returns and forecast revisions, ensuring that both forecasts are conditional on the same
information set. First, we follow Campbell and Vuolteenaho (2004) and exploit market return
predictability captured by the VAR model to obtain discount-rate news

εPr,t+1 = e⊺1ρB (I− ρB)−1 ut+1, (13)

where e1 = (1 0 0...0)⊺ is a selection vector. From equation (3), discount-rate and cash-flow
news add up to the innovation in market returns, implying εPd,t+1 = εPr,t+1 + e⊺1ut+1.

Next, from equation (7), the bias is equal to the predictable component of forecast revisions

11For instance, in the case above, the loadings are λd = γ − EBS−P
t

VarεPd,t+1

,λr = −1,λB = γ − 1. If, in additon, the

investor is not unconditionally biased, we have E
󰀅
BS−P
t

󰀆
= 0 and the asset-specific bias term vanishes altogether.
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and therefore we have
BS−P
t = −e⊺2B(I− ρB)−1xt, (14)

where e2 = (0 1 0...0)⊺ is a selection vector. Additionally, for convenience, we will refer to the
the innovation component of forecast revisions εSd,t+1 as the belief shock equal to e⊺2ut+1, and
to the innovation component of ρBS−P

t+1 − BS−P
t = εSd,t+1 − εPd,t+1 as the bias shock denoted by

εB,t+1 and equal to
εB,t+1 = e⊺2ut+1 − εPd,t+1. (15)

Finally, we note an alternative way to identify cash-flow and discount-rate news in the VAR
model (12). From equation (6) we can obtain cash-flow news as

εPd,t+1 = εSd,t+1 − ρBS−P
t+1 + BS−P

t , (16)

which, through relationship (3), implies that discount-rate news are equal to εPr,t+1 = εPd,t+1 −
e⊺1ut+1. Intuitively, equation (16) shows that (changes in) objective cash-flow growth forecast
can be recovered from investor’s beliefs corrected for their bias. Comparing the shocks iden-
tified through the Campbell and Vuolteenaho (2004) approach with those identified using this
alternative approach can serve as a consistency test for our framework.

3 Data

3.1 Earnings forecasts

To construct empirical proxies at the monthly frequency for investors’ forecast of market earn-
ings growth (FS

d,t) and for the revisions in this forecast (εSd,t), we use the analysts’ median
forecast of earnings per share and long-run earnings growth from the Thomson Reuters I/B/E/S
Estimates Database available from January 1982 onwards. The I/B/E/S data have been ex-
tensively used in the literature on distorted beliefs. In particular, De La O and Myers (2021)
use short-term earnings per share forecasts whereas Bordalo et al. (2024a) examine long-term
growth forecasts. In our analysis, we incorporate both short- and long-term forecasts, as ex-
plained below.

As a first step, we obtain market-level forecast by aggregating the earnings per share fore-
cast at one- and two-year horizons as well the long-term growth forecast across all S&P 500
stocks. In a second step, we consider two alternative ways to aggregate forecasts at different
horizons to obtain a measure of FS

d,t = ES
t

󰁓∞
h=0 ρ

h∆dt+1+h. In each approach, we assume a
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constant payout ratio, implying that dividend growth equals earnings growth.
Appendix Figure A-1 illustrates the coverage of firm-level earnings forecasts for S&P 500

constituents. While coverage is high for 1- and 2-year-ahead forecasts as well as for long-term
growth (LTG), it declines sharply for horizons of 3, 4, and 5 years. For this reason, in our
baseline approach, we follow Bordalo et al. (2024) and measure FS

d,t by combining the one-
and two-year expected growth rates implied by earnings per share forecasts at the one-year
(EPS1y

t ) and two-year (EPS2y
t ) horizons.12 We also assume that the growth rate between

years two and ten equals the long-term growth forecast (LTG), and that the growth rate g∞

beyond the analysts’ long-term forecast horizon, which we set at ten years, is constant:

FS
d,t = ln

EPS1y
t

EPSt

+ ρa ln
EPS2y

t

EPS1y
t

+
ρ2a(1− ρ8a)

1− ρa
LTGt +

ρ10a
1− ρa

g∞, (17)

where ρa = ρ12.13 Further, we calibrate g∞ such that the unconditional mean of FS
d,t matches

the unconditional mean of the price-to-earnings ratio.14 Since g∞ does not contribute to the
variation in FS

d,t, it plays a minimal role in our analysis: while it determines the unconditional
mean of the bias, it does not influence its time-varying component, which is the primary focus
of our study. As can be seen from equation (17), our baseline approach considers the informa-
tion contained in both short-term as well as long-term analyst forecasts.

As an alternative, we follow De La O and Myers (2021) and posit a “decay” model for
cash-flow expectations:

ES
t∆dt+1+h − g∞ = φh

󰀃
ES

t∆dt+1 − g∞
󰀄

,

where the decay parameter φ (= 0.445) is estimated by regressing the two-year expected growth
rate implied by earnings per share forecasts on the one-year expected growth rate. We then
measure FS

d,t as

FS
d,t =

1

1− ρaφ
ln

EPS1y
t

EPSt

+

󰀕
1

1− ρa
− 1

1− ρaφ

󰀖
g∞. (18)

12Similarly, Chen et al. (2013) compute implied cost of capital employing earnings forecasts 1- and 2-years
ahead (i.e., for the current and next fiscal year), and the long-term growth forecast.

13Following Bordalo et al. (2024), we calibrate ρa = (1+e−pd)−1 ≈ 0.9777 where pd equals the unconditional
sample mean of the log price-to-dividend ratio.

14That is, g is the average of the growth rate gt obtained by solving, at each time t, the equation pet =
κ−r
1−ρa

+ ρa ln
EPS2y

t

EPS1y
t

+
ρ2
a(1−ρ8

a)
1−ρa

LTGt +
ρ10
a

1−ρa
gt, where κ is defined as in Bordalo et al. (2024) and r equals

the unconditional mean return in our sample.

12



As can be seen from equation (18), this second approach relies only on information contained
in short-term analyst forecasts. As above, we calibrate g∞ such that the unconditional mean of
FS

d,t matches the unconditional mean of the price-to-earnings ratio.
Finally, for each measure of FS

d,t we calculate cash-flow forecast revisions εSd,t+1 = (ES
t+1−

ES
t )
󰁓∞

h=0 ρ
h∆dt+1+h as

εSd,t =
lnEPSt − lnEPSt−12

12
+ ρFS

d,t − FS
d,t−1,

where we approximate the growth in realised monthly earnings per share with the average
monthly growth rate over the last year. Note that simply calculating monthly first differences
in FS

d,t would yield series that are highly correlated with the revisions εSd,t, with correlation
coefficient equal to 0.96.

To construct investors’ forecast of market earnings growth (FS
d,t) and the associated cash-

flow forecast revisions εSd,t+1 at the monthly frequency, we need to interpolate realized quar-
terly earnings from Compustat as well as earning per share forecasts at different horizons from
Thomson Reuters I/B/E/S. From quarterly balance sheet data, we first compute the year-over-
year cumulative earnings for each quarter t. Second, we perform a linear interpolation of cumu-
lative earnings from two adjacent quarters to construct monthly realised cumulative earnings
and earnings per share, respectively.15 Further, we construct monthly analyst forecasts of earn-
ings using the methodology on horizon interpolation outlined in the Appendix B of De La O
and Myers (2021).

One might be concerned that analysts’ earnings forecasts are distorted due to agency con-
flicts. However, Bordalo et al. (2019, 2024a) argue that such conflicts are unlikely to affect
the time-series variation of forecasts, which is the focus of our analysis. Moreover, brokerage
houses typically cover all S&P 500 firms. Therefore, investment banking relationships and an-
alyst sentiment which could incentivize analysts to cover specific firms are not a concern in our
sample. In addition, it is important to note that Thomson Reuters gathers their forecasts from
hundreds of brokerage houses and independent analysts who track companies as part of their
investment research work. Each individual estimate is identified by the name of the analyst or
brokerage firm. Because the forecasts are not anonymous, analysts have a strong incentive to
accurately report their expectations. In line with this conjecture, previous literature finds evi-
dence that accuracy in earnings forecasts is important for tenure and compensation of analysts;
see Mikhail et al. (1999) and Cooper et al. (2001). Furthermore, it has been shown that financial
firms’ behaviour correlates significantly with their own analysts’ forecasts further substantiat-

15For more details on the measurement of earnings consistent with I/B/E/S’s definition of earnings see A.2
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ing the validity of the forecasts. For example, Bradshaw (2004) shows that individual earnings
forecasts are correlated with Buy/Sell recommendations, while Chan et al. (2009) show that
financial firms’ own stock holding changes are significantly positively related to recommenda-
tion changes.

Another possible concern regarding the analysts forecasts is that respondents may be us-
ing risk-neutral probabilities in forming their expectations. This would imply that analysts
overweight negative outcomes and, as a result, consistently under-predict future cash flows.
However, that is not what we observe in the data. In fact, analysts forecast errors have zero
or negative means, implying a slightly optimistic average bias, the opposite of what we would
expect if analysts would indeed be applying risk-neutral probabilities.

3.2 Other data

VAR variables. We use returns of the S&P 500 index in excess of Treasury Bills as a proxy
for excess returns on the market (ret ). Our market index choice is motivated by the coverage
of analysts’ earnings forecasts, as discussed above. To be consistent, we construct the price-
to-dividend ratio (pdt) for the S&P 500 by taking the difference between the logarithm of the
price and the logarithm of the twelve-months smoothed dividends paid on S&P 500 stocks; see
also Goyal and Welch (2008).

Following Campbell and Vuolteenaho (2004), the yield spread (tyt) is defined as the dif-
ference between the long-term yield on government bonds and the short-term taxable Treasury
bill yield; the small-stock value spread (vst) is measured as the difference between the log
book-to-market ratios of small value and small growth stocks; and the default spread (deft) is
defined as the difference between the log yield on Moody’s BAA and AAA bonds which are
obtained from Amit Goyal’s website.

Portfolios. For our cross-sectional asset pricing tests, we use various standard portfolios as
test assets. That is, we first rely on a cross-section which consists out of the following 51 test
assets: 30 portfolios sorted by market capitalization (ME), book-to-market ratio (BE/ME), and
past returns, available from Professor Kenneth French’s website; 20 portfolios sorted on past
risk loadings as measured by our VAR state variables (following Campbell and Vuolteenaho
(2004)); and the return on the S&P 500. Second, we rely on the data from Chen and Zimmer-
mann (2022) which includes a large number of equity portfolios sorted by characteristics.

Survey data. The Livingstone survey is conducted by the Federal Reserve Bank of Philadel-
phia and have been used by Adam et al. (2021) and Dahlquist and Ibert (2024), among others.
We obtain the series of expected returns implied by the survey provided by the Adam et al.

14

https://sites.google.com/view/agoyal145


(2021). The difference between the fractions of bullish and bearish investors from the AAII
sentiment survey is obtained from the American Association of Individual Investors website.
The median one-year expected return from the Graham-Harvey survey of CFOs is obtained
from the Federal Reserve Bank of Richmond. The one-year individual investor stock market
confidence index is from Yale SOM website.

Sentiment measures. Finally, we relate our work to various measures of beliefs and sen-
timent. We construct the time series for inflation and unemployment biases following the
methodology of Bhandari et al. (2024). We obtain the series of stock market sentiment in-
dex proposed by Baker and Wurgler (2007) from Jeffrey Wurgler’s website. The excess bond
premium measure of Gilchrist and Zakrajsek (2012) is from the Federal Reserve Board.

Table 1 reports summary statistics for selected variables. For all variables we have monthly
data between January 1982 and December 2020.

4 Empirical Results

4.1 Estimated bias

We begin by examining the bias in investors’ beliefs. A key advantage of our approach—which
uses multivariate forecasts of market returns and analysts’ forecast revisions—is that it does not
assume a specific belief formation mechanism or depends on a particular proxy. This allows
our estimates to offer novel insights into the properties of investor beliefs.

4.1.1 Estimated VAR

In order to capture objective predictability of market returns and of analysts’ earnings forecast
revisions, we opt for a parsimonious VAR model with the following five state variables: the
excess market return, the analysts’ forecast of market earnings growth, the revision in analysts’
forecast of market earnings growth, the market price-to-dividend ratio, and the yield spread
between short-term and long-term government bonds. Panel A of Table 2 reveals that all model
variables possess some predictive ability. At one-month horizon, the R2 reaches 0.03 for market
return and 0.18 for revision of analysts’ forecast. Panel B of Table 2 reports the VAR model’s
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predictive performance at longer horizons.16,17,18

It is noteworthy that, in the VAR, the forecast level negatively predicts subsequent fore-
cast revisions, indicating a pattern consistent with overreaction and subsequent mean reversion
as would result, for instance, from the diagnostic expectations mechanism in Bordalo et al.
(2024a). This pattern is further supported by the negative coefficients estimated for the rela-
tionship between market returns and prior forecasts.

4.1.2 Bias time-variation

Examining the estimated bias series provides a more nuanced understanding of the belief dis-
tortion mechanism than relying solely on coefficients from forecast error regressions. Panel A
of Figure 1 plots the bias BS−P

t implied by the estimated VAR, alongside the market price-to-
dividend ratio. The correlation between the bias and the price-to-dividend ratio is 0.32 (0.46
for changes). This positive correlation points to a pro-cyclical bias and is consistent with the
notion that investors overreact to information on average.

That said, the positive correlation between the bias and the price-to-dividend ratio is primar-
ily driven by the 19992001 Dot-com bubble, during which both market valuations and investor
bias increased dramatically. At other times, we observe a different pattern. For instance, an
optimistic bias can arise during downturns, consistent with underreaction. This phenomenon is
most evident during the Global Financial Crisis: our estimates indicate that investors underesti-
mated the crisis’ impact on long-term cash-flow growth, attributing most of the drop in market
valuation to an increase in discount rates. This finding aligns with Bianchi et al. (2024) who
argue that investors were excessively optimistic about catch-up growth in the aftermath of the
crisis.

16Including additional state variables, namely the small-stock value spread and the corporate bond default yield
spread used in Campbell and Vuolteenaho (2004) and Campbell et al. (2013), does not considerably improve our
VAR model’s predictive ability. That said, our results remain robust when we consider these additional predictors.

17Appendix Table A-2 presents the results when we replace the forecast of cash flow growth calculated using
equation (17) with those obtained solely from analysts’ forecast of short-term earnings growth and an estimate of
growth persistence, as per equation (18). The results align with those presented in Table 2.

18Appendix Figure A-3 shows the smoothed series of cash-flow news εPd,t, discount-rate news εPr,t, and be-
lief shocks e⊺2ut+1, where cash-flow and discount-rate news are identified following Campbell and Vuolteenaho
(2004). We note that the alternative approach described in Section 2.5, where we first identify cash-flow news and
derive discount-rate news as the residual, produces shocks that are highly correlated with baseline, with correla-
tions of 0.74 for cash-flow news and 0.93 for discount-rate news. This finding partially addresses the critique by
Chen and Zhao (2009), who argue that directly estimating discount-rate news and deriving cash-flow news as the
residual can be problematic due to the potential inheritance of misspecification errors by the cash-flow news. Our
results suggest that any misspecification in our case is minimal.
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4.1.3 Drivers of bias

To understand the factors driving investors’ bias, we first note that earnings growth surprises
explain a negligible fraction of the variation in the bias, see Panel A of Table 3. This suggests
that the bias is unlikely to stem from a simple extrapolative mechanism, wherein investors over-
react to realized cash-flow growth and become overly optimistic (pessimistic) during periods of
strong (weak) performance.19 Instead, the results indicate that factors beyond cash-flow news
drive investors’ beliefs. Combined with the findings in Section 4.1.2, this points to a more
nuanced mechanism in which both overreaction and underreaction to different types of shocks
contribute to the observed patterns.20

To shed further light on the sources of bias, we examine the relationship between our esti-
mated bias and various measures of beliefs and sentiment proposed in prior literature. Specif-
ically, we consider the differences between survey and VAR forecasts of inflation and unem-
ployment rates, as constructed by Bhandari et al. (2024), the stock market sentiment index
proposed by Baker and Wurgler (2006), and a measure of risk appetite in the corporate bond
market proposed by Gilchrist and Zakrajsek (2012).

Panel A of Table 3 shows that the bias BS−P
t tends to be high (low) when surveys under-

estimate (overestimate) future unemployment relative to a VAR forecast, which aligns with
economic intuition. This finding indicates a connection between biases in macroeconomic and
stock market expectations. That said, we do not find a similar statistically significant relation-
ship for inflation, which may be due to structural shifts in the comovement of inflation with the
business cycle and stock market within our sample period; see Cieslak and Pflueger (2023). Ad-
ditionally, we find a positive and statistically significant relationship between our bias measure
and the stock market sentiment index proposed by Baker and Wurgler (2006).

Finally, we find a positive and statistically significant relationship between the bias BS−P
t

and the excess bond premium computed by Gilchrist and Zakrajsek (2012). The excess bond

19For instance, in the diagnostic expectations model of Bordalo et al. (2024a), the bias can be represented as
an exponentially weighted moving average of past earnings growth shocks, with weights determined by shock
persistence and belief formation parameters. In Table 3, we follow the authors and use earnings surprises relative
to cyclically adjusted earnings as a measure of sustained earnings growth that proxies for this moving average.
Even using the exact specification and allowing the weight parameter to vary freely, we find that the model provides
a poor fit to the estimated bias series.

20Examples of belief formation models that can generate both investor under- and overreaction include constant-
gain learning in Nagel and Xu (2021), selective recall in Bordalo et al. (2020), biased perceptions of autocorre-
lation in Wang (2024), and non-Gaussian learning in de Silva et al. (2025). In addition, evidence of overreaction
during the Dot-com bubble and of underreaction during the Global Financial Crisis aligns with non-finance behav-
ioral models of preference-biased inference in which agents overreact to information that increases their expected
utility and vice versa; see Eil and Rao (2011), Benabou and Tirole (2016), and a survey of this literature in
Benjamin (2019).
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premium serves a measure of the risk appetite in the corporate bond market, where a higher
premium indicates lower risk appetite. Thus, our findings suggest that investors tend to be
overly optimistic (pessimistic) about the stock market when the risk appetite in corporate the
bond market is low (high).

One possible interpretation of this relationship is that stock-market investors underreact to
signals from the corporate bond market. For instance, their expectations could remain overly
optimistic compared to a forecast that fully considers worsening credit conditions, thereby
resulting in a positive bias. To support this interpretation, we examine the causality between
the excess bond premium and our bias measure BS−P

t . Panel B of Table 3 shows that the excess
bond premium Granger-causes the bias, but not vice versa.

Bordalo et al. (2018) argue that credit market conditions are themselves, in part, driven
by distorted beliefs while Bordalo et al. (2024) conjecture that a common factor drives the
sentiment in both credit and stock markets. By contrast, our results suggest that beliefs of credit
and stock market investors may not always align. The interaction between belief distortions
across different markets is an interesting topic a deeper investigation of which we leave to
future research.

Overall, the univariate regression results show that each variable explains only a small por-
tion of stock market bias, with the highest univariate R2 value of 0.137 observed for the unem-
ployment bias. The multivariate regression yields an R2 value of 0.372, indicating that our bias
measure captures additional dimensions of belief distortions that are not fully accounted for by
the explanatory variables considered.

4.2 Bias and aggregate discount rates

We now examine the extent to which the related puzzles of excess stock-market volatility and
market return predictability can be attributed to investor bias, as opposed to reflecting their
beliefs.

4.2.1 Investor’s beliefs about market returns

Panel B of Figure 1 shows the series of investor beliefs about long-run expected market return
FS

r,t measured using equation (8) as the difference between the VAR forecast of long-run ex-
pected returns FP

r,t, and the bias BP−S
t : FS

r,t = FP
r,t − BP−S

t . First, we observe that beliefs about
future returns vary over time. This challenges a common simplifying assumption that investors
use constant subjective discount rates and that attributes all of the variation in objective ex-
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pected returns—i.e., all of excess volatility—to beliefs about cash-flow growth.21 Second, we
find that representative investor’s beliefs are positively correlated with the VAR forecast, with
a correlation of 0.69 (0.00 for changes). Nonetheless, although both the belief measure and the
optimal VAR forecast are conditioned on the same information set, they often diverge. This, in
turn, challenges the assumption of full-information rational expectations.

We also note that the correlation between our belief measure and the lower bound on ex-
pected market return computed by Martin (2016) from index options, also plotted on Panel B
of Figure 1, is 0.60 (0.30 for changes). By contrast, the correlation between this bound and
the VAR forecast is substantially lower, at 0.17 (0.04 for changes). The comparison between
our measures of long-run expected market returns and the option-implied lower bound on the
one-year expected market return is arguably imperfect. That said, to the extent that the Martin
(2016) bound reflects investors’ beliefs embedded in option prices rather than the statistical
predictability of market returns, this comparison supports our interpretation of the belief mea-
sure.

Our belief measure also aligns with expected returns implied by analysts own stock price
targets aggregated at the market level. Unlike earnings forecasts, however, these price targets
are available only for a shorter sample beginning in 2002 and are limited to a one-year hori-
zon, rendering the comparison imperfect. Nevertheless, we find a correlation of 0.46 (0.35 for
changes). Notably, the correlation between price target-implied expected returns and the VAR
forecast is lower, at 0.35 (0.08 for changes). The positive association between market return
expectations derived from analysts earnings forecasts and those implied by their price targets
supports our premise that investors apply the present-value framework, thereby reinforcing our
interpretation of the belief measure.

Finally, it is instructive to compare our belief measure to other survey data. Surveys of ex-
pected returns vary considerably in their coverage, horizon, and methodology, which may ex-
plain their wide discrepancies regarding the volatility and cyclical properties of agents’ beliefs.
Our belief measure aligns most closely with expected returns implied by the Livingston survey,
which includes a broad panel of forecasters, with a correlation of 0.01 (0.48 for changes). By
contrast, the correlations between our measure and some other survey-based indices considered
in the literature is, in fact, negative: −0.22 for the the AAII sentiment survey, −0.34 for the
Graham-Harvey survey of CFOs, and −0.26 for the Shiller confidence index.22 See Appendix

21Indeed, assuming that beliefs about future returns FS
r,t and objective cash-flow growth expectations FP

d,t are
constant, simplifies equation (5) to FP

r,t = FS
d,t; see equation (40) in Nagel (2024). However, we demonstrate that

FS
r,t is, in fact, time-varying.
22Some surveys begin late in our sample period, limiting the scope for meaningful comparison. For example,

the series of market return expectations from several large asset managers, as collected by Dahlquist and Ibert
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Figure A-4 for illustration. Thus, our results point to a possible tension between professional
analysts’ earnings forecasts and some of the surveys of expected returns. See also Bianchi et al.
(2024), who make a similar point. That said, the broad alignment between our belief measure
and both the Martin (2016) bound and the Livingston survey suggests that professional analysts
forecasts are representative of investors beliefs. This mitigates concerns that analysts simply
derive their earnings forecasts from observed asset prices, disregarding the variation in discount
rates applied by investors; see Chaudhry (2025).

4.2.2 Stock price variance decomposition

A bias positively correlated with market valuations implies that the Campbell and Shiller (1988)
variance decomposition will overestimate (underestimate) the fraction of stock-market volatil-
ity explained by the variation in discount rates (cash-flow growth) relative to investors’ be-
liefs. In our sample, the decomposition under P attributes 98% of the variation in the price-to-
dividend ratio to the variation in discount rates, aligning with the original findings by Campbell
and Shiller (1988):

1 =

0.02 (0.48)󰁽 󰂀󰁿 󰁾
Cov[pdt,FP

d,t]

Var [pdt]
+

0.98 (23.38)󰁽 󰂀󰁿 󰁾
Cov[pdt,−FP

r,t]

Var [pdt]
.

Using equation (5) which states BS−P
t = FS

d,t − FP
d,t = FS

r,t − FP
r,t, we can re-write the decom-

position as23

1 =

0.02 (0.48)󰁽 󰂀󰁿 󰁾
Cov[pdt,FS

d,t]

Var [pdt]󰁿 󰁾󰁽 󰂀
0.26 (3.83)

−Cov[pdt,BS−P
t ]

Var [pdt]
+

0.98 (23.38)󰁽 󰂀󰁿 󰁾
Cov[pdt,−FS

r,t]

Var [pdt]󰁿 󰁾󰁽 󰂀
0.74 (10.94)

+
Cov[pdt,BS−P

t ]

Var [pdt]󰁿 󰁾󰁽 󰂀
0.24 (2.19)

(19)

Cov[pdt,BS−P
t ]

Var[pdt]
= 0.24 implies that 24 percentage points of the price-to-dividend ratio variance

that the decomposition under P attributes to discount-rate variation is due to expected cash-
flow growth variation under S. Thus, our results indicate that, even after adjusting for bias,
discount-rate variation remains a significant driver of stock-market volatility, accounting for
74% of price-to-dividend ratio variance under investors’ beliefs.

(2024), begins only in 2010. The authors find that these expectations are countercyclical—a pattern that is also
true for our belief measure over a longer sample. It is important to note, however, that countercyclicality does not
imply that asset managers expectations are necessarily rational.

23De la O and Myers (2024) derive alternative identities that link price ratiossuch as the priceearnings and
pricedividend ratiosto subjective expectations and expectation errors. They find that systematic errors in long-
term inflation expectations play a significant role in explaining variation in asset prices.
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This finding stands in contrast to the results in De La O and Myers (2021), who argue that
beliefs about cash-flow growth explain the majority of stock-market volatility. Unlike these
authors, our conclusion stems from the properties of investors’ bias rather than directly from
surveys. Specifically, the estimated bias is only moderately pro-cyclical, resulting in a moderate
adjustment to the variance decomposition. More importantly, we also differ in our definition of
earnings per share. Prior accounting research—see Bradshaw and Sloan (2002) and Bradshaw
(2004), among others—shows that analysts forecast earnings excluding extraordinary items.
These so-called “Street” earnings are therefore the relevant benchmark for our analysis. Ac-
cordingly, we rely on this definition. Moreover, Street earnings can differ substantially from the
earnings measure used by De La O and Myers (2021), which includes extraordinary itemsthis
discrepancy accounts for a significant portion of the differences in our results. See also Nagel
(2024) for a discussion of the pitfalls associated with including extraordinary items in earnings
measures.24

4.2.3 Market return predictability

A natural next step is to ask whether distorted beliefs can account for the predictability in
market returns. To answer this question, it is necessary to disentangle the component of pre-
dictability stemming from belief distortions affecting asset valuations from the component con-
sistent with investor’s beliefs. In doing so, we extend the analysis of Bordalo et al. (2024a) to
incorporate time-varying beliefs about future market returns.25

Panel B of Table 2 shows that the VAR forecast explains 3% of market excess returns at
the one-month horizon, 24% at the one-year horizon, and 51% in the long-run limit. However,
the part of this predictability that is due to distorted beliefs cannot be readily gauged from
predictive regressions because belief distortions may not be orthogonal to other factors driving
expected returns. To disentangle the contribution of distorted beliefs we note that equation (8)
implies a decomposition of expected return variance into the covariance with belief and the
covariance with bias:

1 =
Cov[FP

r,t,FS
r,t]

Var
󰀅
FP

r,t

󰀆
󰁿 󰁾󰁽 󰂀

0.59 (6.39)

+
Cov[FP

r,t,BP−S
t ]

Var
󰀅
FP

r,t

󰀆
󰁿 󰁾󰁽 󰂀

0.41 (4.48)

. (20)

24Appendix A.4 replicates the analysis using the price-to-earnings ratio and finds similar results, although the
precise definition of earnings becomes more consequential in that context. Overall, our results are robust across
various valuation measures, including the Shiller CAPE, the price-to-earnings ratio based on Street earnings, and
the price-to-earnings ratio constructed from Compustat net income excluding non-I/B/E/S items. Importantly, the
fact that our findings hold even when using the Street earnings-based P/E ratiowhich is less persistent than the
price-to-dividend or CAPE ratiossuggests that our conclusions are not driven by long-term trends in the data.

25Specifically, we relax the assumption in equation (5) in Bordalo et al. (2024a); see also their footnote 15.
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This decomposition shows that 41% of long-run market return predictability uncovered by the
VAR model can be attributed to distorted beliefs. While belief distortions account for a sub-
stantial portion of the objective predictability in market returns, they do not explain it entirely.
The remaining 59% represent the variation in expected market returns that is consistent with the
representative investor’s beliefs, reflecting the significant time-variation in subjective discount
rates.

4.3 Bias and the cross-section of stock returns

We now investigate whether distorted beliefs influence the pricing of risk in the cross-section
of expected stock returns. To this end, we conduct cross-sectional asset pricing tests that in-
corporate bias shocks (εB,t). While these shocks manifest themselves as discount-rate risk in
the data, they actually represent cash-flow risk from the investor’s perspective, and vice versa.
We test the significance of these shocks and assess the improvement in the model’s pricing per-
formance when these shocks are included as a way to gauge the wedge between pricing under
investor’s beliefs and the observed risk-return relationship.

4.3.1 Baseline cross-section

We start by testing an ICAPM-type linear factor model that includes cash-flow news (εPd,t) and
discount-rate news (εPr,t) and bias shocks (εB,t) as factors. Our test assets comprise a stan-
dard set of Fama-French portfolios sorted by market capitalization (ME), book-to-market ratio
(BE/ME), and past returns. Following Campbell and Vuolteenaho (2004), we also construct a
second set of portfolios sorted by past risk loadings using VAR state variables.26 Using these 51
test assets—30 size-, book-to-market-, and momentum-sorted portfolios, 20 risk-sorted portfo-
lios, and the market excess return—we evaluate the performance of the traditional two-factor
ICAPM with cash-flow and discount-rate factors (columns 1-2 and 5-6 in Table 4), comparing
it with the model that includes the bias shock. Each model is estimated in two forms: one with
an unrestricted zero-beta rate (odd columns) and another with a restricted zero-beta rate equal
to the Treasury bill rate (even columns). In both cases, we allow for unrestricted risk prices for
cash-flow, discount-rate, and bias shocks. The first set of results (labeled Baseline) combines
short- and long-term analysts’ earnings forecasts as specified in equation (17), while the sec-

26The risk loadings are estimated by regressing each stock in the CRSP database, excluding the smallest five
percent (by market equity), on market returns, as well as changes in term and value spreads. Similarly to Campbell
and Vuolteenaho (2004) we exclude the (changes in) price-to-dividend ratio from this regression due to its high
collinearity with market returns.
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ond set of results uses solely short-term analysts’ earnings forecasts and an estimate of growth
persistence, as specified in equation (18).

Table 4 shows that over the 1982-2020 period, the traditional two-factor ICAPM explains
only a small fraction of the cross-section of stock returns, with an R2 of approximately 3%. In-
troducing bias shocks considerably enhances the pricing performance, with models in columns
(3) and (7) achieving R2 values of 36% and 28%, respectively. Moreover, we cannot reject
that null hypothesis that R2 = 1. However, the χ2 statistic rejects the null hypothesis that all
pricing errors are jointly zero, implying that the two-factor model augmented with beliefs does
not fully explain the cross-section of returns on our 51 portfolios. Figure 2 visually summarizes
these results by plotting the average realized returns of test portfolios against model-fitted val-
ues. While the risk-sorted, momentum, and, to a lesser extent, book-to-market portfolios align
well along the 45-degree line—indicating that their returns are well-explained by the model—
the size portfolios are scattered across the middle of the plot, suggesting that their fitted returns
exhibit meaningful variation, whereas their realized returns do not.

The estimated risk price on bias shocks is significant with both a restricted zero-beta rate
and an unrestricted Treasury bill rate, irrespective of whether analysts’ long-term earnings fore-
casts are used. By contrast, estimates for discount-rate and cash-flow news exhibit larger stan-
dard errors. When using only short-term analyst forecasts, the risk price per unit of standard
deviation in bias exposures is about 7% per year with an unrestricted zero-beta rate.27 The risk
price increases when combining long-term forecasts with short-term ones to compute beliefs.28

The magnitude of risk prices also provides insight into the representative investor’s risk
aversion, as can be seen from equation (10). The implied coefficient of relative risk aversion,
based on the estimated risk prices of cash-flow and bias shocks, is calculated as 0.096

0.096−0.055
=

2.34 in column (3) and 0.067
0.067−0.029

= 1.78 in column (7), both of which are well within the range
of generally accepted values.

4.3.2 Industry portfolios

Adding 10 Fama-French industry portfolios to the set of tests assets does not diminish the
model’s pricing performance, with cross-sectional R2 remaining at 29%. This is illustrated on

27The standard deviation of belief betas is 0.2028, leading to a calculation of 0.029× 0.2028× 1200 = 7.13%.
28Finally, we note that results in Table 4 are robust to including extraordinary items in earnings. Appendix Table

A-3 replicates the results from Table 4 using this alternative measure of earnings. Notably, bias shocks remain
statistically significant across specifications. The models in columns (3) and (7) achieve higher R2 values than in
Table 4, supporting the notion that including extraordinary items tends to overestimate belief distortions. In sum,
our cross-sectional asset pricing results remain robust when using both short-term earnings forecasts and earnings
that include extraordinary items.
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Panel A of Figure 3, which plots average realized returns against model-fitted values for the
industry portfolios, alongside the other 51 portfolios we consider. As shown in Panel B of
Figure 3, the pricing of industry portfolios largely reflects their exposure to bias shocks, with
business equipments (HiTec) and consumer durables (Durbl) showing the highest exposure,
and oil, gas and coal extraction and products (Enrgy) and utilities (Utils) showing the lowest.

4.3.3 Results with supervised PCA

Although our model incorporating beliefs is quite successful in explaining this particular cross-
section of average returns, an asset pricing model can spuriously explain the average returns
of characteristics-sorted portfolios related to average returns if premia are unconstrained by
theory; see Daniel and Titman (1997). To alleviate this concern, we follow the supervised-PCA
approach of Giglio et al. (2024), which also accommodates weak latent factors.

We present these results for both bias shocks (εB,t) and belief shocks (e⊺2ut). By construc-
tion, the difference between these two shocks is equal to cash-flow news. Thus, considering
beliefs shocks can be seen a robustness test to our estimate of cash-flow news.

We use data from Chen and Zimmermann (2022), which includes a large number of equity
portfolios sorted by characteristics. For each plausible number of latent factors, p, in our anal-
ysis, we have a tuning parameter to select: the number of assets chosen. Following Giglio et al.
(2024), the first half of the sample (training period) is used to choose the tuning parameters
and estimate the risk premium. The second half of the sample (evaluation period) is used to
evaluate the out-of-sample performance of the estimator and the choice of the tuning parameter.
Motivated by the scree plot, we present results for p equal to 5, 7, and 11, demonstrating the
robustness of our findings across a range of model dimensions.

Table 5 presents the results. The columns labeled ”Baseline” report outcomes based on
analysts forecasts of both short-term and long-term earnings growth. The columns labeled
”Short-term forecasts only” show results using analysts forecasts of short-term earnings growth.
The top panel covers bias shocks, while the bottom panel addresses belief shocks. For each
choice of latent factors (p = 5, 7, and 11), we report the SPCA risk-premium estimate and the
number of assets selected by SPCA. In these estimates, asset selection is driven solely by the
respective shock.

The SPCA estimates of the bias (belief) premia for p = 5, 7, 11 are, respectively, 36, 56,
and 78 (17, 30, and 46) basis points per month, in the baseline case that uses both short- and
long-term forecasts. The corresponding premia when using only short-term earnings forecasts
are similar in magnitude, and equal to 54, 80, and 109 (79, 60, and 83) basis points. These
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estimates are stable across specifications and statistically significant. Importantly, these values
align closely with the estimates in Table 4. For instance, in the baseline case, the SPCA mim-
icking portfolio with 11 latent factors has a loading of 0.186 on the non-tradable bias factor.
This results in a risk premium of 0.055 × 0.186 = 102 basis points (where 0.055 is the risk
price from Table 4), which is smaller but close to the average SPCA excess return. Similarly,
when considering the bias shock using only short-term forecasts, the SPCA mimicking port-
folio with 11 latent factors has a loading on the non-tradable bias factor of 0.396, delivering a
risk premium of 0.029× 0.396 = 115 basis points (where 0.029 is the risk price from Table 4)
which is slightly smaller but close to the average SPCA excess return.

To better understand the performance of the SPCA estimator, we can examine the out-of-
sample R2. Note that it is well known in the literature that it is difficult to hedge nontradable
factors, like consumption or IP growth, in equity markets. Furthermore, we should not expect
large R2 since SPCA attempts to build a hedging portfolio for the target—in our case bias
or beliefs—with factors that must also explain covariation among the universe of test assets.
Therefore, an advantage of the SPCA approach is that the hedging portfolio is able to avoid
fitting the “measurement error” component in the target, which can be thought of measurement
error for nontradable factors like ours.

Interestingly, the out-of-sample R2 for the baseline bias shock, constructed using both long-
and short-term earnings forecasts, ranges from about 4% to 6%, while it is 3% to 4% when
using only short-term forecasts. This result has both economic and statistical interpretations.
Economically, the positive, albeit modest, out-of-sample R2 indicates the portfolio built by
SPCA for beliefs and biases offers good hedging ability. Statistically, it confirms that the asset
selection made by SPCA in the training sample remains valid out of sample. However, the
large number of assets selected (ranging from 600 to 950) highlights the challenge of hedging
beliefs or biases—similar to most macro factors—using equity markets.

In Table 6, we analyze which assets are selected when extracting latent factors. The portfo-
lio names follow Chen and Zimmermann (2022), with numbers indicating the quintile or decile
of the characteristic. For clarity, we group portfolios into six economic categories based on the
firm characteristics used to construct them: Intangibles, Investment, Momentum, Profitability,
Trading Frictions, Value vs. Growth, and Other.29

Focusing on Panel A, SPCA selects assets with the highest correlation to the bias shock to
extract the first latent factor. The table reveals that these assets are associated with value, trading
frictions, and investment. The highest correlation is achieved by Duration2 (the second-lowest
duration portfolio), with a correlation of 0.58. Interestingly, several of the top assets chosen

29When the factor is included in Hou et al. (2020), we follow their classification.
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to hedge the bias shock, such as Duration2, Investment3, and Investment4, are also selected to
hedge the belief shock.

The remainder of the table shows assets selected in different iterations. In the second iter-
ation, after orthogonalizing beliefs and test assets to the first factor, selected assets are mostly
related to profitability and momentum. In the third iteration, portfolios sorted on share issuance
and repurchases play an important role in hedging risk. This aligns with the model by Daniel
et al. (2020), which proposes using a long-horizon factor that exploits managers’ decisions to
issue or repurchase equity in response to persistent mispricing.

4.3.4 Subjective risk and returns

Thus far, we have examined the relationship between objective returns and subjective risk.
As stock-specific bias

󰀃
ES

t − EP
t

󰀄
rei,t+1 may introduce additional noise in equation (11), our

empirical tests provided only a lower bound on the role of investor bias in the assessment of
risk. Instead, we now investigate the relationship between subjective returns and risk. This
approach requires additional survey data to measure investors’ beliefs about individual stock
returns but results in a more accurate evaluation of the risk-return trade-off.

To this end, we follow Jensen (2024) and use the one-year consensus dividend per share
(DPS) forecasts and consensus price targets from IBES to construct single stock expected total
returns in month t as:30
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t r

e
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t [DPSt+12]

Pt−1

− 1

This is similar to Adam et al. (2017) and Nagel and Xu (2023) who adjust these price growth
expectations with the dividend yield to arrive at return expectations. We then aggregate this
subjective expected returns from the stock level to the portfolio level. We sort stocks into
portfolios based on the same characteristics used in Table 4, compute subjective expected ex-
cess returns using I/B/E/S data, and conduct cross-sectional tests analogous to those in Table
4. Similar to Jensen (2024), we convert annual subjective return forecast to monthly horizon
using geometric compounding:

ES
t r

e
i,t+1 =

󰀃
1 + ES

t r
e
i,t,t+12

󰀄1/4 − 1

A potential concern when using I/B/E/S data is its coverage relative to the CRSP/Compustat
universe. To address this, Appendix Table A-4 presents descriptive statistics showing that

30See Appendix A.3 for details on the data construction.
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I/B/E/S coverage is strong. In particular, coverage exceeds 90% in terms of both the number of
stocks and market capitalization for all portfolios considered in Table 4, with the exception of
the smallest market equity (ME) quintile. As a result, we exclude this quintile from our analysis
going forward.

Table 7 Panel A replicates the results from Table 4, but restricts the sample to firms for
which we observe both monthly median price targets (PTG) from the I/B/E/S U.S. Unadjusted
Summary Price Targets files and monthly median forecasts of dividends per share (DPS) from
sell-side analysts. Because both PTG and DPS forecasts are available starting in May 2002, the
sample period begins at that time. The results show that even within this shorter sample, the bias
shock continues to help explain the cross-section of objective returns. While the explanatory
power of the pure cash-flow beta shock increases, the inclusion of the bias shock raises the
cross-sectional R2 by approximately 40%, from 33% in column (1) to 46% in column (3).
Although the GMM t-statistic on the bias shock is 1.4, this is largely driven by the momentum
portfolio. Excluding the momentum portfolios raises the cross-sectional R2 in column (3) to
57%, and the t-statistic on the bias shock increases to 1.99.

Panel B of Table 7 shifts the focus from explaining average historical returns to explaining
subjective returns. While the right-hand-side variablescovariances with cash-flow news, dis-
count rate news, and the bias shockremain the same, the left-hand side now reflects investors
expectations rather than realized outcomes. Two results emerge. First, in column (1), cash-
flow and discount rate news together explain a substantial share of the variation in subjective
expected returns across portfolios, with an R2 of 66%. This finding aligns with Jensen (2024),
who show that traditional asset pricing models like the CAPM perform well—indeed better
than more recent multi-factor models—in explaining subjective expected returns from I/B/E/S.
More importantly, in column (3), we observe that bias shocks are priced and render the dis-
count rate news statistically insignificant. This suggests that bias plays a central role in shaping
investors’ subjective return expectations. The increase in the R2 in column (3) from 46% in
panel A to 66% in Panel B aligns with our premise that stock-specific bias introduces additional
noise in equation (11) as well as with the findings in Bordalo et al. (2024b). A similar pattern
emerges when the analysis is restricted to short-term forecasts: in column (5), discount rate
shocks help explain the cross-section of subjective returns, but once bias shocks are included
in column (7), they become insignificant.
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5 Conclusion

We show that accounting for investors’ distorted beliefs—i.e., the wedge between between
their beliefs and objective expectations—provides new insights into apparent empirical puzzles
observed in both the time series and the cross-section of expected stock returns. Our findings
offer compelling evidence for the important role played by investors’ expectational biases in the
stock market. Furthermore, our results suggest that investors’ beliefs about the stock market are
interconnected to their beliefs about the credit market and the macroeconomy. Exploring the
interaction between beliefs across different markets is an interesting avenue for future research.
The analytical framework developed in this paper can be instrumental in pursuing this line of
inquiry.
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Table 1: Summary Statistics. This Table presents summary statistics of our state variables in
the VAR estimations. Note that we do not report the mean and the median of the two alternative
definitions of FS

d,t as they are simply calibrated to the unconditional mean and median of the
price-to-earnings ratio in the data as discussed in the Section 3.1. Data is monthly from January
1982 through December 2020.

Variable Mean Median Std. Min Max

Market return, ret 0.0085 0.0105 0.0435 -0.1985 0.1401
Price-to-dividend ratio, pdt 3.7803 3.8858 0.3716 2.7533 4.5236
Term spread, tyt 2.2794 2.3400 1.2681 -0.4100 4.5500

Variables according to Bordalo et al. (2024a)
Forecast, FS

d,t - - 0.1585 2.1399 2.8645
Short-term component of FS

d,t 0.1812 0.1638 0.0790 0.0123 0.4446
Long-term component of FS

d,t 0.1218 0.1174 0.0170 0.0953 0.1828
Forecast revision, εSd,t 0.0007 0.0023 0.0454 -0.1786 0.2335

Variables according to De La O and Myers (2021)
Forecast, FS

d,t - - 0.1399 2.0795 2.8447
Forecast revision, εSd,t 0.0003 0.0014 0.0666 -0.2895 0.3430

Additional variables
Value spread, vst 1.5250 1.4949 0.1958 1.1691 2.2310
Default spread, deft 1.0505 0.9300 0.4332 0.5500 3.3800

34



Table 2: VAR model. Panel A of this table reports the coefficients on the explanatory variables in the VAR model. Each row
corresponds to a different equation of the model. The variables include the market excess return (ret ), the revisions in analysts’
forecast of market earnings growth (εSd,t), analysts’ forecast of market earnings growth (FS

d,t), the market price-to-dividend ratio
(pdt), and the yield spread between short-term and long-term government bonds (tyt). Ordinary least squares t-statistics are reported
in parentheses below the coefficients. The last column reports the R2. Panel B reports the fraction of the variation in excess market
return and in the revisions in analysts’ forecast of market earnings growth at H-month horizon explained by the VAR forecast
computed from the estimated VAR model. Analysts’ forecast combines short-term and long-term earnings growth forecasts as
specified in equation (17). Data are monthly from January 1982 through December 2020.

Panel A: model equations

ret εSd,t FS
d,t pdt tyt R2

Market return, ret+1 0.031 -0.030 -0.038 -0.009 -0.002 0.029
(0.596) (-0.591) (-3.028) (-1.647) (-0.888)

Forecast revision, εSd,t+1 -0.309 -0.073 -0.071 0.005 -0.003 0.180
(-6.178) (-1.507) (-5.886) (0.963) (-2.134)

Forecast, FS
d,t+1 -0.287 -0.141 0.958 0.002 -0.004 0.935

(-5.799) (-2.970) (80.228) (0.365) (-2.440)

Price-to-dividend ratio, pdt+1 0.069 -0.055 -0.017 0.988 -0.001 0.986
(1.278) (-1.058) (-1.269) (172.035) (-0.777)

Term spread, tyt+1 0.690 -0.899 0.201 -0.045 0.964 0.936
(1.751) (-2.370) (2.110) (-1.085) (78.720)

Panel B: predictability at H-month horizon

H = 1 H = 3 H = 12 H = 120 H → ∞

Var[EP
t

󰁓H−1
h=0 ρhret+1+h]

Var[
󰁓H−1

h=0 ρhret+1+h]
0.029 0.077 0.239 0.536 0.513

Var[EP
t

󰁓H−1
h=0 ρhεSd,t+1+h]

Var[
󰁓H−1

h=0 ρhεSd,t+1+h]
0.180 0.225 0.540 0.535 0.243
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Table 3: Sources of stock-market bias. Panel A reports the slope coefficients from regressions
of the bias BS−P

t on the earnings surprises relative to cyclically adjusted earnings computed
following Bordalo et al. (2024a) (Earnings surprises), the differences between survey and VAR
forecasts of, respectively, inflation (Inflation bias) and unemployment (Unemployment bias)
rates computed following Bhandari et al. (2024), the Baker and Wurgler (2006) stock market
sentiment index (Sentiment), and the Gilchrist and Zakrajsek (2012) excess bond premium
(Excess bond premium). Newey and West (1987, 1994) t-statistics are reported in parentheses.
Panel B reports the F-statistic and the associated p-values from the test of Granger causality
between the bias BS−P

t and the excess bond premium (EBP). The VAR for the causality test
includes 6 lags chosen by the Akaike information criterion. Results use the analysts’ forecast
of both short-term and long-term earnings growth combined as specified in equation (17). Data
are monthly and run from January 1982 to December 2020.

Panel A: Bias BS−P
t

Earnings surprises 0.202
(3.202)

Inflation bias -0.019 -0.005
(-0.849) (-0.183)

Unemployment bias -0.104 -0.115
(-3.276) (-3.783)

Sentiment 0.148 0.143
(3.305) (4.745)

Excess bond premium 0.146 0.149
(2.507) (4.394)

R2 0.018 0.004 0.137 0.128 0.094 0.372

Panel B: Granger causality

F-stat. p-val.

Bias does not Granger cause EBP 1.603 0.145
EBP does not Granger cause Bias 3.957 0.001
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Table 4: ICAPM. This table reports the results of the cross-sectional regression of mean excess portfolio returns on portfolio betas
estimated in the first-pass univariate regressions. The model is estimated using 51 portfolios: 20 risk portfolios, 10 Fama-French
book-to-market ranked portfolios, 10 Fama-French size ranked portfolios, 10 momentum ranked portfolios, and the market portfolio.
The table reports the estimates of the constant term and the factor risk premia for cash-flow news (εPd,t), discount-rate news (εPr,t),
and bias shock (εB,t). t-statistics based on the GMM-VARHAC standard errors for these estimates are reported in the parentheses.
The table also reports the R2 of the cross-sectional regression and its p-value under the null that R2 = 1. Finally, the table reports
the statistic and the associated p-value of the chi-squared test of the null hypothesis that all pricing errors are jointly zero. Columns
(1)-(4) report the results in which we use the analysts’ forecast of both short-term and long-term earnings growth as specified in
equation (17). Columns (5)-(8) report the results in which we use analysts’ forecast of short-term earnings growth and an estimate
of growth rate persistence as specified in equation (18). Data are monthly from January 1982 through December 2020.

Baseline Short-term forecast only

(1) (2) (3) (4) (5) (6) (7) (8)

Intercept 0.009 0.008 0.009 0.007
(5.409) (4.005) (5.746) (4.154)

Cash-flow news, εPd,t 0.005 -0.010 0.096 0.135 0.008 -0.035 0.067 0.084
(0.382) (-0.697) (2.499) (2.669) (0.487) (-1.884) (2.254) (2.236)

Discount-rate news, εPr,t 0.001 -0.005 0.023 0.031 0.001 -0.006 0.019 0.028
(0.235) (-2.141) (2.317) (1.895) (0.373) (-1.955) (2.255) (2.243)

Bias shock, εB,t 0.055 0.087 0.029 0.052
(2.480) (2.641) (2.389) (3.028)

R2 0.032 0.356 0.033 0.282
(0.018) (0.304) (0.031) (0.113)

χ2 81.651 110.073 80.183 108.326 81.658 109.287 79.518 105.090
(0.002) (0.000) (0.002) (0.000) (0.002) (0.000) (0.002) (0.000)
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Table 7: ICAPM: subjective risk and returns. This table reports the results of the cross-sectional regression of mean excess portfolio returns on portfolio
betas estimated in the first-pass univariate regressions. The model is estimated using 51 portfolios: 20 risk portfolios, 10 Fama-French book-to-market
ranked portfolios, 10 Fama-French size ranked portfolios, 10 momentum ranked portfolios, and the market portfolio. The table reports the estimates of the
constant term and the factor risk premia for cash-flow news (εPd,t), discount-rate news (εPr,t), and bias shock (εB,t). t-statistics based on the GMM-VARHAC
standard errors for these estimates are reported in the parentheses. The table also reports the R2 of the cross-sectional regression and its p-value under
the null that R2 = 1. Finally, the table reports the statistic and the associated p-value of the chi-squared test of the null hypothesis that all pricing errors
are jointly zero. Columns (1)-(4) report the results in which we use the analysts’ forecast of both short-term and long-term earnings growth as specified
in equation (17). Columns (5)-(8) report the results in which we use analysts’ forecast of short-term earnings growth and an estimate of growth rate
persistence as specified in equation (18). Panel A reports the results using realized portfolio returns and Panel B reports the results using constructed
subjective portfolio returns. Data are monthly from May 2002 through December 2020.

Panel A Realized portfolio returns

Baseline Short-term forecast only

(1) (2) (3) (4) (5) (6) (7) (8)

Intercept 0.011 0.008 0.010 0.007
(4.190) (2.960) (4.481) (2.309)

Cash-flow news, εPd,t 0.044 0.0115 0.107 0.194 0.020 -0.013 0.125 0.186
(2.302) (0.645) (2.103) (2.319) (1.165) (-0.613) (2.626) (2.608)

Discount-rate news, εPr,t -0.004 0.005 -0.016 -0.031 -0.003 0.006 -0.026 -0.037
(-0.865) (1.764) (-1.557) (-1.601) (-0.857) (1.883) (-2.427) (-2.116)

Bias shock, εB,t 0.032 0.083 0.038 0.064
(1.450) (2.248) (2.473) (2.993)

R2 0.328 0.458 0.170 0.557
(0.377) (0.541) (0.096) (0.569)

χ2 52.948 76.551 52.732 76.273 53.795 76.214 53.671 75.997
(0.255) (0.005) (0.230) (0.004) (0.230) (0.006) (0.204) (0.005)
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Panel B Subjective portfolio returns

Baseline Short-term forecast only

(1) (2) (3) (4) (5) (6) (7) (8)

Intercept 0.007 0.007 0.007 0.006
(29.448) (22.582) (28.345) (19.821)

Cash-flow news, εPd,t 0.023 0.001 0.039 0.111 0.012 -0.011 0.046 0.102
(5.555) (0.3345) (4.587) (7.716) (4.624) (-4.563) (5.381) (8.007)

Discount-rate news, εPr,t 0.005 0.109 0.002 -0.011 0.005 0.012 -0.002 -0.013
(6.197) (7.449) (1.495) (-6.055) (6.329) (7.652) (-1.780) (-6.964)

Bias shock, εB,t 0.008 0.050 0.012 0.036
(2.623) (8.036) (4.923) (8.241)

R2 0.663 0.668 0.653 0.678
(0.247) (0.110) (0.164) (0.254)

χ2 210.203 213.732 209.231 212.913 210.521 212.887 210.103 212.637
(0.000) (0.000) (0.000) (0.166) (0.000) (0.000) (0.000) (0.000)
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Figure 1: Bias and beliefs: Panel A plots the bias BS−P
t estimated as the long-run predictable

component of analysts’ forecast revisions as per equation (7). The panel also shows the market
price-to-dividend ratio. Shaded areas correspond to NBER recessions. Panel B plots the VAR
forecast of the long-term market returns FP

r,t and the belief about long-term market returns FS
r,t

obtained as the VAR forecast adjusted for the bias using equation (5). Results use the analysts’
forecast of both short-term and long-term earnings growth combined as specified in equation
(17). The panel also shows the lower bound on expected market return (at one-year horizon)
from Martin (2016).
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Figure 2: Performance of ICAPM with distorted beliefs: The figure plots the predicted mean
excess returns (x-axis) against the realized mean excess returns (y-axis) for 51 portfolios includ-
ing 20 risk portfolios, 10 Fama-French book-to-market ranked portfolios, 10 Fama-French size
ranked portfolios, 10 momentum ranked portfolios, and the market portfolio. Predicted returns
correspond to regressions (1) and (3) in Table 4. In panel A corresponding to regression (1),
the factors are cash-flow news (εPd,t) and discount-rate news (εPr,t); in panel B corresponding
to regression (3), the factors are cash-flow news (εPd,t), discount-rate news (εPr,t), and the bias
shock (εB,t).
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Figure 3: Pricing of industry portfolios: Panel A plots the predicted mean excess returns (x-
axis) against the realized mean excess returns (y-axis) for 10 Fama-French industry portfolios—
namely, consumer nondurables (NoDur), consumer durables (Durbl), manufacturing (Manuf),
oil, gas and coal extraction and products (Enrgy), Business Equipment (HiTec), telephone and
television transmission (Telcm), wholesale, retail, and some services (Shops), healthcare, med-
ical equipment, and drugs (Hlth), Utilities (Utils), and other (Other)—and 51 portfolios (Other
portfolios) we use in our baseine analysis. Predicted returns correspond to a version of the
regressions in column (3) of Table 4 that includes industry portfolios. Panel B plots the betas of
10 industry portfolios to the bias shocks. Results use the analysts’ forecast of both short-term
and long-term earnings growth combined as specified in equation (17).
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Appendix

A.1 Proofs
Proof of the result in Section 2.3. Consider identity (3) with expectations taken under S:

rt+1 − ES
t rt+1 = εSd,t+1 − εSr,t+1.

Pre-multiplying by ρh and summing over h = 0, ..., H − 1, we have

H−1󰁛

h=0

ρhrt+1+h −
H−1󰁛

h=0

ρhES
t+hrt+1+h =

H−1󰁛

h=0

ρhεSd,t+1+h −
H−1󰁛

h=0

ρhεSr,t+1+h.

Note that

H−1󰁛

h=0

ρhES
t+hrt+1+h −

H−1󰁛

h=0

ρhεSr,t+1+h =

H−1󰁛

h=0

󰀣
ρhES

t+hrt+1+h − (ES
t+1+h − ES

t+h)

∞󰁛

k=h+1

ρkrt+1+k

󰀤

= ES
t rt+1 − ES

t+1

∞󰁛

k=1

ρkrt+1+k + ES
t

∞󰁛

k=1

ρkrt+1+k

+ ρES
t+1rt+2 − ES

t+2

∞󰁛

k=2

ρkrt+1+k + ES
t+1

∞󰁛

k=2

ρkrt+1+k

+ ...

= ES
t

∞󰁛

k=0

ρkrt+1+k − ES
t+H

∞󰁛

k=H

ρkrt+1+k.

Breaking ES
t

󰁓∞
k=0 ρ

krt+1+k into ES
t

󰁓H−1
k=0 ρkrt+1+k + ES

t

󰁓∞
k=H ρkrt+1+k, taking conditional expectations

under P and re-arranging, one obtains:

objective󰁽 󰂀󰁿 󰁾

EP
t

H−1󰁛

k=0

ρkrt+1+k

󰁿 󰁾󰁽 󰂀
→ FP

r,t as H→∞

=

belief󰁽 󰂀󰁿 󰁾

ES
t

H−1󰁛

k=0

ρkrt+1+k

󰁿 󰁾󰁽 󰂀
→ FS

r,t as H→∞

+

belief distortion󰁽 󰂀󰁿 󰁾

EP
t

H−1󰁛

k=0

ρhεSd,t+1+k

󰁿 󰁾󰁽 󰂀
→ BP−S

t as H→∞

+ (ES
t − EP

t )ES
t+H

∞󰁛

k=H

ρkrt+k+1

󰁿 󰁾󰁽 󰂀
→ 0 as H→∞

.

Proof of the result in Section 2.4. Denote s = dS
dP the Radon-Nikodym derivative that describes the relationship

between two equivalent, i.e. absolutely continuous with respect to each other, probability measures S and P.
Hence, we have ES(x) = EP(sx) and EP(s) = 1. Now,

CovS(x, y) = ES(xy)− ES(x)ES(y)

= EP(sxy)− EP(sx)EP(sy).

Using the results in Bohrnstedt and Goldberger (1969), we can re-write the first term as

EP(sxy) = EP(s)EP(xy) + CovP(s, xy)

= EP(s)EP(xy) + EP(x)CovP(s, y) + EP(y)CovP(s, x) + EP(∆s∆x∆y),
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where ∆. = .− EP(.). The second term can be rewritten as

EP(sx)EP(sy) =
󰀃
EP(s)EP(x) + CovP(s, x)

󰀄 󰀃
EP(s)EP(y) + CovP(s, y)

󰀄

= EP(x)EP(y) + EP(x)CovP(s, y) + EP(y)CovP(s, x) + CovP(s, x)CovP(s, y).

Combining together, we obtain

CovS(x, y) = CovP(x, y) + EP(∆s∆x∆y)󰁿 󰁾󰁽 󰂀
third-moment term

−CovP(s, x)CovP(s, y)󰁿 󰁾󰁽 󰂀
second-order term

.

The third-moment term EP(∆s∆x∆y) = 0 under joint normality. The second-order terms is equal to zero in the
continuous time limit where x and y are increments of Ito processes and, hence, the squared covariance term is
of the order (dt)2. Similarly, this second-order term is small compared to the covariance CovP(x, y) if x and y

represent changes over small time periods.

A.2 Earnings measurement consistent with I/B/E/S
To be consistent with the I/B/E/S’s definition of earnings, we follow De la O et al. (2024) and Hillenbrand and
McCarthy (2022) and define earnings as Compustat net income (item NIq) excluding non-I/B/E/S items, which
comprise extraordinary items and discontinued operations (item XIDOq), special items (item SPIq), and non-
recurring income taxes (item NRTXTq) as follows,

Earningst = NIqt −XIDOqt − SPIqt −NRTXTqt.

The I/B/E/S actuals and Compustat net income excluding non-I/B/E/S items track each other closely, with a
correlation of 0.99 (see Figure A-2, panel A).

We treat missing values in the XIDOq, SPIq, and NRTXTq variables as zeros. That is, if none of these
three variables are populated in a given firm-quarter, we do not remove anything from net income in this quarter.
Similar to De La O and Myers (2021), De la O et al. (2024), and Bordalo et al. (2024a), we use quarterly updated
rather than annual data. This is to match the forecasted earnings from I/B/E/S, which are available at a quarterly
frequency. To rule out that our data is affected by the sampling frequency of the balance sheet data, we have
compared quarterly net income, extraordinary items and discontinued operations, special items, and non-recurring
income taxes with their annual counterparts (i.e., items NI, XIDO, SPI, and NRTXT, respectively). While we
identify very small differences when comparing the two time series for net income, we find virtually no differences
for all other items.

We then use the quarterly earnings data to construct a monthly sampled time-series of annual earnings at the
firm level. To that end, at every month, we calculate annual earnings at the firm level as the sum of quarterly
earnings from the most recent four quarters. Finally, following De La O and Myers (2021), the realized aggregate
earnings are calculated by summing the total earnings reported by each firm and adjusting by the S&P 500 index
divisor.

Figure A-1 illustrates the coverage of firm-level earnings forecasts for S&P 500 constituents. While coverage
is high for 1- and 2-year-ahead forecasts, it drops sharply for horizons of 3, 4, and 5 years. Even at the 1- and
2-year horizons, however, forecasts are not available for all S&P 500 firms. To address this, we follow De La O
and Myers (2021) and assume that firms with available earnings forecasts constitute a representative sample of
the S&P 500. Based on this assumption, we proxy for aggregate expected S&P 500 earnings by dividing the sum
of forecasted earnings for firms with available 1-year (or 2-year) forecasts by the ratio of their aggregate market
capitalization to the S&P 500 index level. This yields an estimate of equity analysts’ 1-year (or 2-year) ahead
earnings forecasts on a per-share basis for the S&P 500. We apply the same aggregation approach to realized
earnings using the Unadjusted Actuals file, thereby obtaining an estimate of reported S&P 500 earnings per share.
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Figure A-1: I/B/E/S Coverage: This graph plots the number of S&P500 companies for which we have non-
missing I/B/E/S 1- to 5-year and Long Term Growth forecasts over the periods 1982:M1 to 2020:M12, respec-
tively. Data are monthly and run from January 1982 to December 2020.

A.3 Return expectations
We obtain monthly data on sell-side analysts median forecasts of dividend per share (DPS) from the US Unadjusted
Summary Statistics of the Thomson Reuters I/B/E/S Estimates Database (hereafter referred to as IBES). We obtain
monthly median price targets (PTG) from the IBES US Unadjusted Summary Price Targets files. This dataset
covers a wide array of US stocks from March 1999. The vast majority of price target forecasts are for a twelve-
month horizon. Dividend expectations from I/B/E/S are only available for a broad cross-section of firms from
2002/05, so the sample period begins in May 2002.

Dividend per share (DPS) forecasts are provided in the third week of every month for different fiscal years
(FY) or fiscal quarters (QTR). This differs from PTGs, which are rolling twelve-month horizon forecasts. There-
fore, we use interpolation as in De La O and Myers (2021) to obtain one-year DPS forecasts on a rolling window
basis, aligning them with the PTGs.

The subjective expected return from I/B/E/S is:

ES
tR

e
i,t,t+12 =

ES
t [Pt+12] + ES

t [DPSt+12]

Pt−1

From CRSP, we obtain cumulative share adjustment factors (CFACSHR), and cumulative price adjustment factors
(CFACPR). ES

t [Pt+12] is the median consensus one-year price target multiplied by the cumulative price adjust-
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ment factor at the time the consensus forecasts are constructed; ES
t [DPSt+12] is the one-year dividend per share

consensus expectations multiplied by the cumulative share adjustment factor at the time the consensus forecasts
are constructed; and Pt−1 is the adjusted price at the end of month t− 1.

A.4 Stock price variance decomposition: Robustness and additional dis-
cussion

Table A-1 reports the four components of the decomposition:

1 =

(1)
󰁽 󰂀󰁿 󰁾
Cov[xt,FS

d,t]

Var [xt]󰁿 󰁾󰁽 󰂀
(3)

−Cov[xt,BS−P
t ]

Var [xt]
+

(2)
󰁽 󰂀󰁿 󰁾
Cov[xt,−FS

r,t]

Var [xt]󰁿 󰁾󰁽 󰂀
(4)

+
Cov[xt,BS−P

t ]

Var [xt]󰁿 󰁾󰁽 󰂀
(5)

(A-1)

for alternative choices of the valuation ratio xt. The variable PD refers to the price-dividend ratio used in our
baseline VAR specification. The Shiller CAPE corresponds to the ten-year cyclically adjusted price-to-earnings
ratio, sourced from Robert Shillers website.31

Table A-1: Variance Decompositions. This table reports the four components of the decomposition (A-1)
for alternative choices of the valuation ratio xt. PD corresponds to the ratio of the S&P500 index to dividends
reported by Amit Goyal on his website. PE-STREET corresponds to the ratio of the S&P500 index scaled by
the average of the past three years I/B/E/S reported actuals. Shiller CAPE corresponds to the ten year cyclically-
adjusted price-to-earnings ratio sourced from Shillers website. PE-GAAP corresponds to the ratio of the S&P500
index scaled by last years reported GAAP earnings (i.e., price-to-GAAP earnings ratio). PE-GAAP (excluding
non-IBES items) is calculated using GAAP earnings adjusted to remove items not captured by I/B/E/S actuals.

(1) (2) (3) (4) (5)

PD 0.02 0.98 0.26 0.74 0.24
(0.48) (23.38) (3.83) (10.94) (2.19)

PE Street 0.00 1.00 0.26 0.74 0.26
(0.00) (15.13) (2.90) (8.23) (2.06)

PE Shiller CAPE 0.11 0.89 0.33 0.67 0.22
(2.04) (16.47) (5.80) (11.70) (2.09)

PE GAAP (excluding non-IBES items) -0.300 1.30 0.28 0.72 0.58
(-4.20) (18.15) (2.22) (5.68) (4.03)

PE GAAP 0.45 0.55 0.69 0.31 0.24
(2.44) (2.98) (4.77) (2.14) (2.62)

The first row presents our benchmark results using x = pd. We find that, even after adjusting for biases, vari-
ation in discount rates remains the dominant driver of stock market volatility, accounting for 74% of the variance
in the price-dividend ratio under investors beliefs. Similar results hold when we use either the Shiller CAPE or
a price-to-earnings ratio constructed by scaling prices with smoothed ”STREET earnings,”32 with discount rate

31http://www.econ.yale.edu/˜shiller/data.htm
32Following Hillenbrand and McCarthy (2022), we define smoothed STREET earnings as a three-year moving

average of I/B/E/S-reported actuals, providing a more timely proxy for valuation ratios than the Shiller CAPE.
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variation explaining between 67% and 74% of the variance. Importantly, the fact that our findings hold even
when using the street earnings-based P/E ratiowhich is less persistent than the PD or CAPE ratiossuggests that our
conclusions are not driven by long-term trends in the data.

Overall, our results are robust across different valuation measures, including the Shiller CAPE, the price-to-
earnings ratio based on ”Street” earnings (PE-Street), and the PE-GAAP excluding transitory items captured in
GAAP earnings but not in I/B/E/S actuals.

However, results change substantially when the price-to-earnings ratio is constructed using unadjusted GAAP
earnings. In this case, investors’ beliefs about cash-flow growth account for 69% of the variance in the valuation
ratio, while discount rate variation explains only 31%. Notably, the contribution of belief-based bias to valuation
ratio volatility remains stable across all valuation measures.

The shift in the term
Cov[xt,FS

d,t]

Var[xt]
in the decomposition stems from differences in the earnings measure, Et,

used to compute the price-to-earnings ratio.
To illustrate this, the top panel of Figure A-2 plots alternative earnings measures. Earnings reported by

equity analysts in the I/B/E/S system (Street earnings) closely track Compustat net income excluding non-I/B/E/S
items, which we use in our baseline measure. In contrast, Compustat net income excluding extraordinary items,
calculated under Generally Accepted Accounting Principles (GAAP earnings), is significantly more volatile and
dropped sharply during the financial crisis. The discrepancy between these earnings measures is large but well
understood, largely driven by “special items”—non-recurring charges and one-time impairments (Bradshaw and
Sloan, 2002).33

This distinction matters for our analysis. The bottom panel of Figure A-2 provides a comparison of different
valuation ratios for the S&P 500. The price-to-GAAP earnings ratio spikes—rather than declines—during the
financial crisis due to the sharp collapse in GAAP earnings. This drop mechanically inflates forecasted earnings
growth, as analysts exclude the earnings decline driven by special items from their forecasts. As a result, there
is a mechanical comovement between the price-to-earnings ratio and one-year-ahead earnings growth forecasts.34

This strong comovement is substantially reduced when STREET earnings are used as the denominator.
The price-to-GAAP earnings ratio shoots up (rather than falling) in the financial crisis, because the drop

in GAAP earnings is so large. At the same time, the large drop in earnings mechanically leads to a dramatic
increase in forecasted earnings growth, because analyst exclude the drop in earnings due to special items from
their forecasts, leading to a mechanical comovement of price-to-earnings ratio and forecasts of (one-year) earnings
growth. The strong co-movement arises for both realized and forecasted earnings growth when using GAAP
earnings decreases substantially when using STREET earnings as the scaling factor.

We therefore base our conclusions in this robustness section on valuation ratios constructed with STREET
earnings for two main reasons. First, equity analysts issue forecasts of STREET earnings, making it more appro-
priate to use them as the scaling factor. Second, our interest lies in explaining asset pricesthe numerator of the
ratiorather than dissecting the accounting properties of the denominator. For these reasons, we prefer valuation
ratios that more directly reflect price dynamics.

33According to Bradshaw and Sloan (2002), many of the charges excluded from Street earnings correspond
to discontinued operations, extraordinary and non-recurring items, and the special items line item in Compustat.
These special items typically include restructuring charges, asset impairments, merger and acquisition expenses,
and other significant non-recurring costs.

34See also Nagel (2024).
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Figure A-2: Comparison of S&P500 earning measures and related price ratio : Panel A plots the normal-
ized S&P500 earnings per share for (1) GAAP earnings: net income excluding extraordinary items, calculated
under Generally Accepted Accounting Principles; (2) Street Earnings, which refer to actual earnings reported by
I/B/E/S (Unadjusted Actuals files), (3) GAAP Earnings (excluding non-IBES items) is Compustat net income ex-
cluding discontinued, special and extraordinary items and non-recurring income taxes. Panel B plots price ratios
of S&P500 using different type of earnings. PE-STREET Earnings corresponds to the ratio of the S&P500 index
scaled by the average of the past three years I/B/E/S reported actuals at the S&P500 level. PE-GAAP corresponds
to the ratio of the S&P500 index scaled by last years reported GAAP earnings at the S&P500 level. Shiller CAPE
corresponds to the cyclically-adjusted price earnings ratio taken directly from Shillers website. PD corresponds
to the ratio of the S&P500 index to dividends reported by Amit Goyal on his website. Data are monthly and run
from January 1985 to December 2020.
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A.5 Additional tables and figures
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Figure A-3: Shocks: This figure plots the (εPd,t), discount-rate news (εPr,t), and belief shocks
(e⊺2ut) smoothed with a trailing exponentially-weighted moving average. The decay parameter
is set to 0.08 and, given the series xt the smoothed series mat are generated as mat = 0.08 ×
xt+(1−0.08)×mat−1. Shaded areas correspond to NBER recessions. Results use the analysts’
forecast of both short-term and long-term earnings growth as specified in equation (17). Data
are monthly and run from January 1982 to December 2020.
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Figure A-4: VAR beliefs vs survey data: This figure plots the belief about long-term market
returns FS

r,t obtained as the VAR forecast adjusted for the bias using equation (5) alongside,
respectively, the expected market return implied by the Livingston survey from Adam et al.
(2021) (Panel A), the difference between the fractions of bullish and bearish investors from the
AAII sentiment survey (Panel B), the expected market return from the Graham-Harvey survey
of CFOs (Panel C), and the Shiller one-year individual investor stock market confidence index.
Results use the analysts’ forecast of both short-term and long-term earnings growth as specified
in equation (17).
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