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ABSTRACT
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1 Introduction

Asset prices are inherently forward looking. The willingness to pay for an
asset today depends on investors’ expectations about the asset’s future pay-
outs and the future price at which the asset can be sold again. The market
price of assets therefore reflects investors’ price and payout expectations, as
well as the risk-adjustments associated with discounting future payouts and
sale prices.

Understanding the temporal behavior of asset prices thus requires under-
standing how price and payout expectations move over time. The traditional
approach to this problem is to assume rational expectations (RE). Under RE,
investors’ expectations are objective in the sense that they reflect the true
underlying law of motion that generates asset payoffs. With investor expec-
tation tied down in this way, much of the large observed swings in asset prices
over time are then attributed to changes in risk premia rather than changing
expectations of future payouts and prices. Consequently, much of the asset
pricing literature has focused on searching for specifications of preferences or
technology that produce sufficiently volatile risk premia.

While analytically convenient, RE is a strong assumption. Whether or not
it is a plausible one is ultimately an empirical question. A growing recent
literature examines whether some of the empirical difficulties of RE asset
pricing models could be addressed by allowing subjective beliefs of investors
to deviate from RE.

Developing models in which investors price assets based on their subjec-
tive beliefs about future payouts and prices then requires taking a stand on
how these subjective beliefs are formed. Without the tight link of beliefs to
some underlying model of objective reality that RE entails, there are many
possibilities. Reverse-engineering subjective beliefs from asset prices seems
unattractive. Presumably, there are many different belief formation mech-
anisms that are observationally equivalent in terms of their predictions for
asset price movements seen in historical asset price.

Expectations data therefore play an important role. Mechanisms of sub-
jective belief formation in asset pricing models should not only produce em-
pirically realistic asset price behavior, but they should also be plausible in
light of observable data on investor expectations. With increasing availability
of survey data, the study of investor expectations has become a very active
area of research. In this chapter, we review this work. We start with a basic
asset pricing framework that clarifies the role that different types of expec-
tations play in asset pricing. We then discuss existing empirical evidence on
the dynamics of investor expectations, followed by a review of work that aims
to build asset pricing models with subjective beliefs that are consistent with



this empirical evidence. We conclude with some thoughts on the outlook for
future research in this area.

2 A general asset pricing framework

We consider a general asset pricing setup allowing for heterogeneity across
agents in their beliefs and preferences. The setup nests many structural
asset pricing models as special cases. It allows us to illustrate how different
assumptions about beliefs in these models affects asset pricing outcomes.

Let us consider a particular asset with a (potentially) stochastic payout
stream D; and let P, denote the (ex-dividend) price of the asset in period
t > 0. The asset may have payouts over a finite time horizon only, as is
typically the case with bonds, or it can be infinitely lived, as is the case with
stocks.

To price the asset, structural economic models must determine—at a
minimum—the following three elements: (1) the stochastic process deter-
mining the set of marginal agents {M,},°, pricing the asset in all periods
and contingencies, (2) the one-step-ahead stochastic discount factor (SDF)
{M% 32, that discounts period t 4+ 1 payouts into period ¢ of at least one
marginal agent, and (3) this marginal agent’s (subjective) probability mea-
sures P;", which provides in each period ¢ the perceived probability distribu-
tion over the next period’s asset price P, and payout D, .

The probability measure P;™ is part of a probability space (Q2,S,P/"),
where the space of outcomes ) contains (among other things) the infinite
sequence of price and payout outcomes (P, Dy, Py, Dy, ...) and where S is
the sigma-algebra of all Borel subsets of 2. The probability measure is a
model primitive under subjective beliefs that needs to be specified by the
modeler. In a setting with dynamically consistent beliefs, we have P/" = P™,
even in the presence of learning. We allow here for belief specifications where
the probability measure varies over time. Such time dependence arises, for
instance, when agents forget about old data or face memory constraints.

Element (1) allows for the possibility that not all agents are marginal
at all points time or in all contingencies. This is the case whenever agents
are constrained in their portfolio choices. Whether or not an agent is con-
strained depends also on the agent’s beliefs. Optimistic agents, for instance,
would perhaps prefer taking a levered position in the asset, but a leverage
constraint may prevent them from doing so. Conversely, pessimistic agents
would perhaps like to take a short position, but a short-selling constraint
may prevent them from doing so. Belief heterogeneity thus interacts with
portfolio constraints to determine the set of marginal agents M,.



Element (2), which captures marginal agents’ stochastic discount factor,
allows for heterogeneity in investor preferences and in the optimal consump-
tion plans. The agents’ optimal consumption plan also depends on the agent’s
beliefs.

Beliefs are captured by element (3). For asset pricing with subjective
beliefs, this element is of particular importance. Unlike in RE models, the
true law of motion that generates payouts does not pin down beliefs about
future payouts and prices. From a theoretical viewpoint, this requires taking
a stand on the mechanism by which investors form beliefs. Empirically, the
lack of a tight link to the true law of motion raises the question whether an
assumed belief specification is plausible. Expectations data from surveys can
help answer this question.

Given the three elements introduced above, one can price the asset. Let m
be an index for marginal agents m € M, and let Ej" denote the expectation
of marginal agent m, as determined by her beliefs P;". The asset price P,
then satisfies in each period ¢ > 0 the first-order necessary condition for
optimality of marginal agent m, i.e.,

Py = EP'[M{ (Pra + Dy (1)

Economic models differ in the way they determine who is marginal, in the
way they model the marginal agents’ discount factor M/, and in the way
they assign beliefs P;” to marginal agents. Nevertheless, they have a common
core in terms of equation (1), which we will use as the starting point of our
discussion.

Without loss of generality, we can write marginal agent m’s SDF as

and hence 9;" controls the conditional mean of the SDF under agent m beliefs
while 7}, captures the variation of the SDF across states of the world. The
pricing equation (1) then becomes

Py = 6" E{" [Deg1 + Pra] — 0" covi"(Dyg1 + Py, &) (3)

Suppose there also exists a risk-free asset with unit payoff at ¢ + 1 that all
agents that are marginal for the risky asset have access to.! Let R;; denote
the gross return of this risk-free asset. The pricing equation for this risk-free

asset then implies
1

— = 4
Rf,t t ( )

'We also assume that all agents understand that this asset has a unit payoff.



for each agent m. This means that the agents must adjust their portfolios—
by trading in the risk-free and/or the risky asset—such that the §;* are
equalized for all marginal agents m:

6" = . ()
Equation (3) thus simplifies further to
Py = 0 E"[Dyyy 4 Pia] + 0y covy(Degr + Prg1, 711). (6)

The first term captures the agent’s subjective payoff and price expectations,
discounted with the conditional mean of the SDF. The second term represents
a subjective risk premium. Lower covariance of payoffs and prices with £,
implies a higher required risk premium and hence a lower price. Defining the
gross return of the risky asset as Ry = (Piy1 + Diy1)/ P, equations (4) and
(6) yield an expression for the subjectively expected excess return

Bl (Rua] = Ry = — cov (Rupn, 7). (7)

2.1 Rational expectations

The vast majority of asset pricing models in the literature assumes that in-
vestors hold RE. The RE assumption is stronger than the assumption of
individual rationality in belief formation. Individual rationality implies that
agents update subjective beliefs using Bayes’ rule and that they make op-
timal decisions given their subjective beliefs about variables beyond their
control. RE additionally requires that all subjective distributions coincide
with the objective distributions implied by the asset pricing model in equi-
librium (Sargent (2008)). With RE, the expectations that show up in our
pricing equation (6) become

Egn[Dt_’_l + H+1] = E[Dt+1 + Pt+1|\7t] for all ¢ Z 0, (8)

where E[-|J;] denotes objective expectations given the information set 7
available to agents at time t. More precisely, agents are endowed with knowl-
edge on how to calculate the density of the payoft D, ; conditional on 7,
which means that they know the functional form and parameters of this
density. They also know the function that maps agents’ beliefs about fu-
ture payoffs into the equilibrium price, which allows them to form objective
conditional expectations of P ; (Adam and Marcet (2011)).
Under RE, equation (7) then implies

E[Rt-i-l‘xyt] - Rf,t = - COV(RtHafﬁﬂjt), (9)

4



which shows that the risk premium must be the same for all marginal agents.

The RE assumption is convenient in several ways. First, RE greatly
simplifies asset pricing by removing the need to separately specify how agents
form beliefs. There is no need to study subjective expectations data to
understand the belief formation mechanism. Given a model of the economy,
the model-consistency requirement of RE pins down agents beliefs.? Whether
the assumed beliefs are empirically plausible is a different question.

Second, RE is convenient for econometric evaluation. While an econo-
metrician outside the model may not be able to observe E[-|7;], simply be-
cause the econometrician’s information set A; is smaller than the agents’,
the econometrician can make use of the fact that with A; C 7, the law of
iterated expectations (LIE) holds, i.e., E[E[|Ji]|A:] = E[-|A;]. Taking con-
ditional expectations of equation (9), the econometrician can approximate
the risk-premium as®

cov(Rey1, 611 |AY) = B[R A — Ryy. (10)

Since these expectations are consistent with the underlying economy generat-
ing the data, a sufficiently large sample of empirical data will allow the econo-
metrician to use empirical moments to approximate the population moments
on both sides of this equation. The econometrician can then test statistically
whether the equality implied by (10) holds.

While RE offers these convenient simplifications, the RE assumption is
rather strong and generates empirically unattractive features. For instance,
RE implies that expectations are homogeneous and conditionally unbiased.
As we will discuss, these predictions are difficult to square with empirical
evidence on beliefs. Therefore, we now turn to approaches that allow sub-
jective beliefs to differ from RE. But this means giving up on some of the
convenient properties of RE. Expectations data then becomes a crucial input
for implementation and evaluation of these asset pricing models.

2.2 Subjective beliefs in a single-period setting

To highlight some key relationships in subjective beliefs models in the sim-
plest possible setting, we start with a risky asset with a maturity of one period
that pays a single cash flow of Dyyq in ¢ + 1. The asset pricing equation (6)

2This assumes that the model does not allow for the presence of rational bubbles. In
such cases, the RE assumption does not uniquely pin down expectations.

3To see this, note that cov(Riy1,&7%1|T:) = E[Ri41&041|T:] because E[¢]%,|T;] = 0.
Therefore, Efcov(Rsy1,&71]Tt)[A] = cov(Rey1, &1 [ Ar)-



then simplifies to?
Py = 6By [Dysa] + 6y covi (D1, §41)- (11)

The first term captures the agent’s subjective payoff expectations, discounted
with the conditional mean of the SDF. The second term represents a sub-
jective risk premium. From these simple equations, one can derive several
equilibrium relations that must hold in asset-pricing models with subjective
beliefs for one-period assets with a single payoft.

2.2.1 Homogeneous subjective beliefs

We first consider the case of belief homogeneity among marginal investors.
Equation (11) tells us that homogeneity in EJ*[D; 1] implies homogeneity in
the subjectively required risk premium — covy*(Dyy1,&/},) among marginal
investors. All marginal agents must thus have adjusted their portfolios and
consequently their SDF's such that the subjectively required risk premia are
the same.’

With pricing under investors’ subjective beliefs, the interpretation of em-
pirical data can then be very different compared to a setting where the
econometrician assumes investors have RE. In particular, there is a difference
between subjective risk premia, perceived by the agents pricing the assets,
and objective risk premia extracted by an econometrician studying empirical
data ex post. Consider an econometrician who uses data on realized returns
Riy1 = Dyy1 /P, and a statistical model to approximate E[R; 1| A;]. Tak-
ing expectations of the return definition under the econometrician’s and the
agents’ beliefs, and comparing these expectations, we obtain

E[Dy 1| Ay — E7 [ Dy

E[Ri 1| Al = Rps = E{"[Rey1] — Ry + iz . (12)
t

Therefore, if the econometrician observes, for example, a high objective risk
premium E[R;i1]|A:] — Ry, this does not imply that agents necessarily de-
manded a high subjective risk premium E;"[R;;1]— Ry, when they priced the
asset. The high objective risk premium could, instead, be a manifestation of
agent pessimism about the future payoffs, which gives rise to a positive belief
wedge E[Dyi1|Ai] — E'[Dyy1], as, e.g., in Cogley and Sargent (2008b). To
disentangle the effects of risk aversion, perceived risk, and beliefs about pay-
offs on the objective risk premia, researchers thus need direct measurements

4This assumes that investors understand that P, = 0, which is the case in the absence
of pure bubbles.
5If the asset market is complete, agents’ SDFs must be equal state by state.



of payoff expectations from survey data. Econometric analysis of asset price
data alone cannot provide such a decomposition.

The pricing equation under subjective beliefs (11), in conjunction with the
expression for expected returns (7), also reveals several fundamental proper-
ties of the relation between payoff and return expectations in a homogeneous
beliefs equilibrium. While it may seem intuitive that more optimistic sub-
jective expectations of terminal payoffs would also imply higher subjective
return expectations, this is not true unless high E"[D;,4] is also accompa-
nied by higher perceived risk or risk aversion, and hence greater magnitude
of the subjective risk premium term in (7): Optimistic payoff expectations
at time ¢ will lead to higher prices P;, but, according to (7), not in itself
to higher return expectations. Equilibrium requires that the asset will be
priced such that E}"[R;11] — Ry is equal to the risk premium that investors
demand to hold the supply of the asset given their risk aversion and subjec-
tive perception of risk.

This is already a hint that it is not entirely straightforward to devise
equilibrium models in which subjective return expectations vary a lot over
time. Any such variation would have to be associated with time-variation in
perceived risk and/or risk aversion.

2.2.2 Heterogeneous subjective beliefs

We now allow for heterogeneity in beliefs about D, ;. Equation (11) then
again delivers important restrictions. It tells us that heterogeneity in be-
liefs about payoffs must be accompanied by heterogeneity in subjective risk
premia. For example, if we pick two marginal agents, A and B, with pay-
off expectations E£A[Dyy1] > EB[Di;1], equation (11) tells us that agent A
must also demand a higher subjective risk premium than B such that both
agents can agree on the same price P,. One way in which this can play out
in equilibrium is that agent A would devote a larger share of her portfolio
to the risky asset than B, which generates a higher required risk premium
that then coincides with the subjectively perceived risk premium (Martin
and Papadimitriou (2021)).

If agents’ differences in payout beliefs vary over time, their risky asset
exposures, and consequently their subjective risk premia vary over time as
well. This opens up a channel for time-varying beliefs about payouts to
generate time-varying expectations of excess returns.

This also means that in a heterogeneous belief setting, with a cross-
section of agents, there is a tight cross-sectional relationship between cash
flow expectations and return expectations. Disagreement about E}"[D;]
is reflected one for one in disagreement about future returns. This is very



different from the absence of a time-series relation between E}*[D,.1] and
return expectations that we noted above in the homogeneous belief setting.

Since a heterogeneous beliefs equilibrium may require that agents hold
heterogeneous portfolios, it may also happen that some agents’ desired port-
folio is not feasible due to portfolio constraints. Especially in models with
risk-neutral agents, portfolio constraints play a crucial role for a heterogeneous-
belief equilibrium to exist. Without such constraints, risk-neutral agents
with heterogeneous payoff expectations would want to take infinitely sized
bets against each other. Another way to see the non-existence issue is to
recognize that the SDF in this case is conditionally deterministic, M/, = d;,
and hence the pricing equation (11) simplifies to P, = 6, E"[Dy41]. Since the
left-hand side is the same for all agents, the right-hand side must be the same
as well. This leaves no room for differences in E"*[D;,1] between marginal
agents. The only way for equilibrium to exist is that all but a subset of
agents with homogeneous beliefs are not marginal because they are stuck
at constraints, e.g. on leverage for optimists and short-selling for pessimists
(Geanakoplos (2009))

2.3 Subjective beliefs in a multi-period setting

We now turn to assets that offer a payout stream D; over multiple periods,
potentially extending to infinity. The key difference to the case with a single-
period assets is that agents can now buy or sell the asset at market prices in
intermediate periods. This causes expectations about future market prices
to become relevant for equilibrium pricing outcomes.

Defining capital gains as

55#1 =P /P, (13)

and using equation (4), we can express subjectively expected excess returns

as
Pri1+ Dy EM[Dya] 1

E" {T} — Ry = E[BL] + — B 5 (14)

Expected excess returns now have three components: (i) contributions from
expected capital gains; (ii) contributions from next-period’s payouts; and
(iii) the risk-free interest rate, which depends on the expected value of the
discount factor.
Using equation (7), we can replace the left-hand side of (14) with — cov*(§71, Ri41)
and solve for P;, which yields
EP[Dysa]

P, = . (15)
b L —covi (g, Ri) — EP[BE]
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Naturally, the equilibrium asset price depends positively on expected pay-
outs, EJ"[Dy41], and negatively on the subjective risk premium, — covi* (£, Ry11)
and the risk-free rate 517‘ In addition, expectations about future capital gains
can now potentially affect the current price level in this multi-period setting.

Suppose, for example, that EJ*[D;1], d;, and the subjective risk premium
—cov*(§ 1, Riy1) stay unchanged, but investors revise upward their view of
EmM[BE,]. Equation (15) tells us that P, will rise in this case. Intuitively,
since covy* (£, Ri41) and 0, stay fixed, the total expected return EJ*[R;4]
must stay fixed, too. For this unchanged E}"[R:i1] to be consistent with a
rise in expected capital gains, P, must rise sufficiently such that a decline in
the expected payout yield E™[D;,1]/P; exactly offsets the rise in expected
capital gains.

Clearly, there is a limit to how much capital gain expectations can rise in
this example. As the dividend cannot be negative, it must be that E;*[3],] <
E"[Ry41], otherwise an equilibrium does not exist. In general, however,
covi" (&4, Riqq) and 6y, and hence E}"[R,4], may also respond in equilibrium
to a change in expected capital gains, ensuring existence. How much P, moves
in response to changing capital gains expectations, and how the subjective
risk premium and the discount factor respond depends on the specifics of the
model (preferences, technology, and belief dynamics).

While the multi-period setting thus opens room for capital gains expecta-
tions as a source of variation in asset prices aside from payout expectations,
subjective risk premium, and the discount factor, this does not uncouple sub-
jective expected excess returns from perceived risk and risk aversion. Equa-
tion (7) always holds, which makes subjective expected excess return to be
exactly equal to covy*(§}, Riy1) in equilibrium. Time series variation in
expected capital gains E;"[3[,] thus can only affect subjective excess return
expectations if they also generate time series variation in perceived risk or
risk aversion. Intuitively, when subjective expected excess returns are high
(and perhaps higher than objectively justified), it must be that perceived risk
and /or risk aversion is high, otherwise the high expected excess returns would
be an unexploited investment opportunity, which can not be an equilibrium
outcome.

2.3.1 Common knowledge

Whether price expectations play an independent role as a source of asset price
variation in addition to payout expectations depends on the assumptions
about how investors form beliefs. Specifically, the crucial question is whether
it is common knowledge among agents (i.e., they know, and they know that
other agents know, and they know that other agents know that other agents



know, ... ) that each period t the asset is price is determined according to
equation (1) and that the discount factor is given by equation (5).

To simplify the exposition and to focus on the key differences to the
setting with a single payoff, we consider a setting with risk-neutral marginal
agents, which have the same constant SDF at all times:

MY, =6€(0,1) for all t > 0. (16)

Equipped with common knowledge, the marginal agent can iterate for-
ward on the market-pricing equation (1) and express the equilibrium asset
price as a generalized discounted sum of subjectively expected payouts:®

Py = 0" Dysa] + 0 BB [Digo]] + 0° B [E] (B[ Des]]] ... (17)

Equation (17) involves the marginal agent’s (first-order) expectation
about the payout in the next period and higher-order expectations of future
payouts, i.e., expectations of future marginal agents’ payout expectations, ex-
pectations of future marginal agents’ expectations of future marginal agents’
expectations, and so on.

Equation (17) implies that subjective price expectations in equation (1)
reflect higher-order payout expectations, i.e.,

Ef"[Prt] = 0B [E} [Digo]] + 0° B BT [ET[Desll] .. (18)

Without further assumptions on what agents know or believe about other
agents’ expectations, the higher-order payout expectations remain undeter-
mined and the same holds true for the subjective price expectations E}"[P;41].
In particular, absent further assumptions, the marginal agents’ first-order ex-
pectations about future payouts (E}"[Dyy;], j > 1) generally fail to determine
the marginal agents’ higher-order expectations about future payouts and thus
also fail to determine the subjective price expectations (E]*[P;11]), see Adam
and Marcet (2011).

When beliefs are homogeneous and dynamically consistent and it is com-
mon knowledge that agents share the same subjective payout expectations,
the Law of Iterated Expectations (LIE) holds also across agents, despite
expectations being subjective. For instance, we then have’

EM B [Dega]] = B [Diyal.

6For the terminal price to disappear, it must also be common knowledge that the
expected discounted terminal price is equal to zero under all agents’ beliefs.

"Recall, E}, ] denotes the expectations operator that uses the beliefs of an agent that
is marginal in time ¢ + 1. This agent can differ from the one that is marginal in time ¢,
whose expectations are given by E}"[-].
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The general pricing equation (17) then again greatly simplifies to
F)t == (SEZn[DtJrl + 5Dt+2 + 52Dt+3 + ] (19)

Price fluctuations are now driven by fluctuations in the marginal agents’
subjective (first-order) payout expectations. Under the stated assumptions,
an asset-pricing model requires a specification of the dynamics of individual
agents’ own first-order payout expectations, but there is no need for a sepa-
rate modeling of agents’ higher-order expectations and price expectations, as
common knowledge and the LIE implicitly determine them from first-order
payout expectations.

An example of an asset pricing setup that fits into this framework is
a Bayesian learning model with common priors and common knowledge in
which agents learn about the properties of an exogenous payout process,
possibly coupled with constraints on portfolios that lead to changes in the
set of marginal agents in different contingencies.

However, once we entertain belief dynamics that deviate from Bayesian
rationality, it is not obvious that subjective beliefs necessarily obey the LIE.
For example, if agents update beliefs like a Bayesian, but their memory of
past data fades over time, the LIE no longer holds (Nagel and Xu (2021)).
When agents form diagnostic expectations as in Bordalo et al. ((2021)),
whether the LIE holds depends on parameter values (see Bianchi et al.
(2021)). In this case, even with homogeneous beliefs and common knowl-
edge, higher-order payout expectations cannot be eliminated from the pricing
equation (17) without further assumptions.

Asset pricing then requires taking a stand on how agents’ think about
the beliefs of future marginal agents, i.e., how E*[E}[D;yo]] and other
expectations in equation (17) are determined. One possibility, as in Nagel
and Xu (2021), is to assume that in period ¢ agents form expectations about
time t + 1 beliefs of agents in a rational Bayesian fashion and that future
agents will do the same. For example, in the case of fading memory, this
would imply that time ¢ agents rationally anticipate that time ¢+ 1 will have
experienced some loss of memory of the data that is known to time ¢ agents.
This leads to a specific version of the pricing equation (17) with a chain of
nested expectations.

Another possibility is to assume that agents at ¢ believe that future agents’
expectations are formed in a way that LIE applies. In the fading memory
model, this would mean assuming that agents at t believe that for this point
in time onwards, agents’ memory will not fade further, and hence the LIE
can be applied to future agents’ expectations. Under either interpretation
higher-order expectations collapse to first-order expectations. For example,

11



we get E]"[E]% [Diyo)] = E*[Di2], so that the pricing equation collapses to
one like in (19) where only first-order expectations of future payouts appear.
Bordalo et al. (2021) take this route with diagnostic expectations.

Our discussion showed that theory restricts higher-order expectations
tightly in this homogeneous beliefs, common knowledge setting. We need
to make an assumption whether agents are sophisticated about their be-
havioral limitation and anticipate that future selves will have them, too, or
whether they naively anticipate that future agents won’t have them.® But
once this choice is made, the law of motion for first-order expectations also
pins down agents’ higher-order expectations. Which of these assumptions is
a better description of agents’ expectations formation is ultimately an em-
pirical question. In particular, it remains to be explored to what extent
agents’ first-order dividend expectations are in fact tightly linked to agents’
expectations about the future asset price, as implied by these approaches.

The asset pricing literature also studied settings in which agents hold
heterogeneous subjective first-order expectations about payouts and ‘agree
to disagree’ about future payouts. Differences in payout beliefs can arise from
differences in subjective prior beliefs (Harrison and Kreps (1978)) or differ-
ences in the they way incoming information is interpreted (Dumas, Uppal,
Kurshev (2009)).

With risk averse agents that do not face portfolio constraints, all agents
are marginal at all times, even in a heterogeneous belief setting. In this
case, if the LIE holds for individual beliefs, higher-order expectations of
stochastically discounted payouts collapse to first-order expectations. As
a consequence, heterogeneity affects asset prices through uncertainty about
agents’ future portfolio positions and hence their SDFs, but not through
higher-order expectations (Martin and Papadimitriou (2021)).

With risk-neutral agents, as in our illustrative example here, portfolio
constraints or specific forms of market incompleteness are required to ensure
existence of equilibrium. In this case, the identity of the marginal agent can
change over time and higher-order payout expectations do not collapse to
first-order expectations.

To insure tractability, models where agents agree-to-disagree assume iden-
tical conditioning information (even if information signals are interpreted
differently by agents) and common knowledge of expectations. These as-
sumptions imply that agents possess the same information about their own
and other agents’ beliefs, so that higher-order expectations do not depend
on the identity of the marginal agent (e.g. Harrison and Kreps (1978)). The

80'Donoghue and Rabin (1999) discuss a similar choice between sophistication and
naivete about the behavior of future selves in the context of self-control problems.
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general pricing equation (17) then simplifies to
P, = 0E"[Dya] + 0*(B(E Dol | T] + 0 (BB [Desll| Fi] + -, (20)

where E[.|J;] denotes agents’ common and rational expectation based on time
t information. Asset prices now depend on the marginal agents’ subjective
one-step-ahead payout expectations and on rational expectations of future
marginal agents’ first-order payout expectations.

Harrison and Kreps (1978) show that the equilibrium asset price can then
exceed (in the presence of short-sale constraints) the subjectively expected
discounted value of future payout of all agents in the economy, i.e., we have

P, > E![6Dyy1 + 6*°Dyjo + 6°Dyys + ...]

for all investors ¢, unlike in the case with common subjective payout expec-
tations in equation (19).

2.3.2 Lack of common knowledge

Common knowledge about a high-dimensional object such as all other in-
vestors’ (first-order) payout expectations is a somewhat implausible starting
point in terms of descriptive realism. How could investors possibly be sure
about how other investors form beliefs about payoffs and about what other
investors believe, etc.?

If we abandon the assumption that (first-order) payout expectations are
common knowledge, asset pricing looks quite different. The higher-order
payout expectations in (17) are then no longer determined by first-order
payout expectations (or rational expectations thereof).

One approach to asset pricing without common knowledge is to explic-
itly model the (high-dimensional) process of higher-order payout expecta-
tions. An alternative approach is to directly model the process for subjective
(first-order) capital gains expectations that appear in equation (15), which
sidesteps the need to specify how higher-order expectations are formed. Un-
der lack of common knowledge, the latter approach is consistent with individ-
ual rationality and rational belief formation (Adam and Marcet (2011), Adam
et al. (2017)). From a modeling perspective, there are some advantages of
this approach. First-order capital gains expectations are a considerably more
tractable object than higher-order payout expectations. In addition, while
higher-order payout expectations are very hard to observe empirically?, first-
order capital gains expectations are regularly included in investor surveys.

90ne exception is recent work by Coibion et al. (2021) that provides survey data on
higher-order macroeconomic expectations of firm managers.
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Therefore, subjective capital gain expectations in asset pricing models can
be disciplined by survey data.

Models with subjective beliefs about prices can generate strong belief-
based amplification of asset price volatility. As we highlighted in our discus-
sion of equation (15), a rise in capital gain expectations can generate a rise in
asset prices. Therefore, if subjective capital gain expectations are positively
influenced by observed past capital gains, as suggested by survey data that
we discuss in the next section, then past price increases generate optimism
about future capital gains and thus a further rise in asset prices. The result-
ing propagation over time allows models without common knowledge about
payout beliefs to replicate the observed large volatility of stock prices, even
in a setting with standard time-separable utility functions (Adam, Marcet
and Nicolini (2016)).

This dynamic feedback from past price changes to future prices is ab-
sent in setups in which agents hold subjective beliefs only about exogenous
objects, e.g., exogenous payouts D, that are independent of agents’ beliefs.
This absence of feedback effects makes it considerably harder to generate the
empirically observed high volatility of stock prices.

Abandoning the assumption of common knowledge of (first-order) payout
expectations provides economic models with additional degrees of freedom
in specifying subjective capital gains expectations. While these an be disci-
plined with the help of investor survey data, the specification of subjective
capital gains beliefs, and their relation to beliefs about payouts, is also sub-
ject to a set of restrictions generated from theory.

First, subjective beliefs must be consistent with agents’ own optimality
conditions, so as to have a well-defined agent problem. Adam and Marcet
(2011) refer to such beliefs as internally rational beliefs. In some special cases,
internal rationality implies that capital gain beliefs cannot be specified inde-
pendently of payout beliefs. For instance, when agents are risk-neutral and
know to be marginal at all times, then the individual optimality condition,
P, = BE]"[Pi11+ Dy41], holds in all periods and all contingencies. If the LIE
holds for individual agent beliefs, the agent can then forward-iterate on her
own first-order condition to arrive at the asset pricing equation (19), with-
out relying on common knowledge assumptions. Specifying price beliefs that
differ from the ones implied by equation (19) would then lead to a situation
where agents’ first-order conditions are violated. More generally, however,
when agents are risk-averse, subjective price beliefs cease to be determined by
first-order payout beliefs, even when agents know to be marginal at all times
(Adam, Marcet and Beutel (2017)). This is the case because the stochastic
discount factor is then endogenous to price beliefs, unlike in the special case
with risk-neutrality.

14



Second, independently specifying subjective beliefs for returns and pay-
outs, instead of specifying them for capital gains and payouts sharpens the
non-existence problem we discussed following equation (15). To ensure exis-
tence, é —covy* (&4, Riy1) may have to adjust. However, using equation (7)
we see that fixing return expectations directly fixes 5—1t — covi (&, Riqa), so
this adjustment mechanism is not available. For this reason, one should for-
mulate beliefs as subjective probability distributions over prices and payouts
and refrain from formulating them over returns and payouts.

Third, since equation (7) ties subjective expected excess returns to a
covariance with the SDF, the subjective expected excess returns can only
change if subjectively perceived risk and/or risk aversion changes. Such
changes in risk can arise when the SDF responds endogenously to a change
in capital gains expectations.

3 Empirical dynamics of investor expectations

The asset pricing models with subjective beliefs that we sketched in the previ-
ous section require assumptions about belief formation. Unlike in RE models,
the objective law of motion of the variables driving payoffs and the SDF does
not pin down investors’ subjective beliefs. Researchers must therefore make
additional assumptions about how agents form beliefs. These assumptions in
turn should be informed by empirical evidence on the dynamics of investors’
subjective expectations about future prices or returns, asset cash flows, fu-
ture interest rates, and beliefs about risks and higher moments. We now
provide a brief overview of existing empirical evidence on the dynamics of
investor expectations. The appendix at the end of this chapter lists the data
sources for most of the empirical studies we discuss in this section.

3.1 Return and price expectations

Most empirical studies of investor subjective beliefs have focused on expecta-
tions of future returns and prices, and especially on expectations of returns
and price levels of aggregate stock market indices.

For individual retail investors, expectations of stock market returns over
the next year appear strongly related to past returns that these investors have
experienced. Using the UBS/Gallup survey, Vissing-Jorgensen (2003) finds
a positive relation between expected returns and the (self-reported) returns
of investors’ own portfolios in the past. Using the same survey, Malmendier
and Nagel (2011) show that at the cohort level, subjective expectations of
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future stock market returns are positively related to a weighted average of the
life-time stock market returns experienced by an individual’s birth-cohort.

As we discussed in the previous section of this chapter, such a cross-
sectional relationship between investors’ experienced past returns and their
expected returns indicates either that subjective expected cash flow expec-
tations are positively related to past returns, or that, in absence of common
knowledge, price expectations decoupled from cash flow expectations are re-
lated to experienced past returns.

From an equilibrium asset pricing perspective, the aggregate dynamics of
subjective return expectations over time are more important than these cross-
sectional relationships. Yet, it is not obvious that the apparent extrapolation
from past returns in the cross-section of survey respondents also translates
into a positive time-series relation between past returns when expectations
are averaged across individuals. As we discussed in the earlier sections, if
investors are generally optimistic about future cash-flows or the level of future
prices, this generates high current prices and does not necessarily lead to high
subjective expected returns.

Empirically, however, past returns and return expectations are positively
related at the aggregate level, too. Using the UBS/Gallup survey and several
other surveys, Greenwood and Shleifer (2014) find a positive relation between
the average return expectation of individuals and returns over the most recent
12 months and the log price-dividend ratio of the stock market portfolio.

Total return expectations can change over time due to movements in the
dividend yield or the expected capital gain. Similarly, a change in the total
expected return can reflect changes in the risk-free rate or changes in the
subjective risk premium perceived by investors. To relate the expectations
data to asset pricing models, it is important to understand the behavior of
these different components.

Adam, Marcet, and Beutel (2017) focus on capital gains expectations.
They show, using econometric tests that account for small-sample biases, that
there is a positive relation between expected stock market capital gains and
the price-dividend ratio and that this is inconsistent with the RE hypothesis.
Using the UBS/Gallup survey, the Yale/ICF survey of individual investors,
and the Graham-Harvey survey of Chief Financial Officers, they find that the
relation between the price-dividend ratio and future realized capital gains is
considerably more negative than the relation between the price-dividend ratio
and survey expectations of capital gains at all forecast horizons, ranging from
one to ten years ahead.

Other work focuses on the subjective risk premium. A positive relation-
ship between the price-dividend ratio and total subjective expected returns
does not necessarily imply that the subjective risk premium is positively re-
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lated to the price-dividend ratio. To understand whether perceived risk or
risk aversion is changing with the price-dividend ratio one must isolate the
subjective risk premium component. Bacchetta, Mertens and Van Wincoop
(2009) and Nagel and Xu (2021) show, when return expectations are mea-
sured in excess of Treasury yields, i.e., as a subjective risk premium, they
exhibit only a weak positive relationship with variables like the price-dividend
ratio that capture slow-moving valuation cycles in the stock market. The rea-
son is that interest rates tend to be procyclical so that part of the positive
relationship between the price-dividend ratio and subjectively expected total
returns is due to the risk-free rate. In contrast, as Nagel and Xu (2021)
document, the relationship of total expected returns with the past 12-month
return works mainly through the subjective risk premium channel.

While it is not entirely clear to what extent individual investors’ sub-
jective excess return expectations are procyclical, it is clear that they fail
to be countercyclical. Irrespective of whether they are expressed in terms
of total returns, excess returns, or capital gains, the dynamics of subjective
expectations do not match the countercyclical dynamics implied by predic-
tive regressions of stock returns on valuation ratios and by RE models that
are reverse-engineered to fit this predictive regression evidence. As a conse-
quence, individual investors’ forecast errors are strongly countercyclical and
thus not unpredictable, as the RE hypothesis would imply.

To map the expectations evidence from investor surveys into asset pricing
models, one must also take a stand on who the individual investors in these
surveys represent. Is the average belief of individual investors a good ap-
proximation of the subjective expectations of a representative agent? Then
a representative agent model that targets the average individual investor be-
lief will provide a good match with the survey data. Or do investor groups
that are excluded from individual investor surveys have systematically differ-
ent expectations? Then perhaps a heterogeneous-agent approach, or a rep-
resentative agent approach that targets an aggregate of beliefs across these
different investor groups, would be more suitable.

Broadly, the group not covered in the individual investor surveys are pro-
fessional investors. The available evidence on the dynamic properties of pro-
fessional investor expectations is mixed. Andonov and Rauh (2020) find that
pension funds tend to extrapolate past returns: those with higher past per-
formance expect higher risk premia on risky assets. Yet, this is again a cross-
sectional result. Using the Yale/ICF survey of U.S. institutional investors,
Bacchetta, Mertens and Van Wincoop (2009) find that subjective expected
excess returns are acyclical. Wu (2018) uses return expectations aggregated
from analyst price targets and forecasts from the Livingston survey and finds
countercyclicality (see, also, Wang (2021)). Dahlquist and Ibert (2021) ex-
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amine year stock equity premium expectations of asset managers, CFOs, and
professional forecasters. They find countercyclical subjective risk premia for
expectations at a one-year horizon. They also find that one-year expectations
are not countercyclical enough relative to the RE benchmark, because fore-
cast errors are still countercyclical, although for professional forecasters the
forecast error predictability is not statistically significant. For 10-year expec-
tations, they find countercyclicality only for asset manager expectations, but
not the others. What is not clear yet is how much of the countercyclicality of
professionals’ subjective risk premia is driven by a contrarian effect of recent
past returns that are correlated with valuation ratios, i.e., whether it is the
mirror image of individuals’ apparent extrapolation from recent past returns,
or whether it is due to lower-frequency variation.

Overall, the cyclical properties of individual investor subjective expected
(excess) returns deviate sharply from the countercyclicality implied by ex-
post predictive regressions and RE models. Professionals’ expectations may
be closer to the RE benchmark, but quantitatively it’s not clear at this point
whether the countercyclicality is strong enough, and the variation at the right
frequency, to be consistent with RE. In any case, if market equilibrium reflects
an average of beliefs that gives both groups substantial weight, the idea that
countercyclical risk premia are a main driver of asset price booms and busts
cannot be reconciled with the evidence on individual investor expectations.

3.2 Cash flow expectations

Return expectations alone carry only limited information about the link be-
tween subjective expectations of investors and asset prices. For example,
asset prices could fluctuate wildly in response to volatile subjective expec-
tations of future cash-flow growth or future prices, but, at the same time,
subjective return expectations could be constant. Studying return expecta-
tions in this case would not reveal the extent to which asset prices are driven
by subjective belief dynamics. Data on cash-flow expectations can provide
another important piece of the picture how subjective belief dynamics gen-
erate asset price volatility.

The number of existing research studying directly subjective cash flow ex-
pectations of investors is relatively small, compared to the number of papers
that examine return expectations. Moreover, the available evidence at this
point is based exclusively on data from surveys of professional forecasters
and from aggregated firm-level earnings or dividend forecasts of equity an-
alysts. Existing individual investor surveys do not ask respondents for cash
flow forecasts. The cash flow expectations also tend to be relatively crude in
the sense that they are provided only for a few forecast horizons rather than
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a full term structure.

Chen, Da, and Zhao (2013) and De La O and Myers (2021) use aggregated
equity analyst earnings forecasts to measure subjective cash flow expecta-
tions. While their methods differ, they come to broadly similar conclusions.
Chen et al. (2013) work with a valuation model with a constant discount rate
(implied cost of capital). They show that changes in these earnings forecasts
go a long way toward explaining the observed movements in aggregate stock
prices. De La O and Myers (2021) work with a log-linearized approximate
present value identity framework which allows decomposing the variance of
the log price-dividend (or price-earnings) ratio into the covariance of these
valuation ratios with subjective expected dividend (or earnings) growth and
the covariance with subjective expected returns. This is the equivalent to
the variance decomposition in Campbell and Shiller (1988), but under sub-
jective expectations instead of objective expectations implied by predictive
regressions. De La O and Myers (2021) find that about two thirds of the
variation in the price-earnings ratio is attributable to subjective earnings
growth expectations. Using a shorter sample of analyst dividend forecasts,
they find that almost all variation in the price-dividend ratio is explained by
subjective dividend growth expectations.

Perhaps surprisingly, De La O and Myers (2021) find that variation in
expectations of short-term cash flow growth seem to explain much of the
variation in the price-earnings ratio. In contrast, Bordalo et al. (2020),
working with a similar Campbell-Shiller framework and similar data, come
to the conclusion that long-term expectations are an important source of
variation in the aggregate stock price level. The fact that likely reconciles
these seemingly conflicting findings is that a substantial amount of variation
in the price-earnings ratio comes from earnings rather than prices. For ex-
ample, during the financial crisis, aggregate earnings plunged dramatically
and, unlike the price-dividend ratio, the price-earnings ratio spiked up. In
the depth of the crisis, analysts expected a strong reversal of this earnings
drop, resulting in rise in forecasted earnings growth that coincided with a
high price-earnings ratio. A lot of the short-term movements of earnings
that affect the price-earnings ratio are largely offset, in terms of valuation
implications, by a predictable near-term reversal of these earnings shocks.
For this reason, the sources of variation in the price-earnings ratio (that De
La O and Myers examine) are quite different from the sources of variation
in the price level (that Bordalo et al. examine).! For asset pricing, the
variation of the price level is the main question of interest, not the effect of

10This is also why, to focus on movements of the price level, Shiller (2005) uses a 10-year
trailing moving average of earnings rather than current earnings to form a valuation ratio.
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short-term earnings dynamics on the price-earnings ratio.

Furthermore, Bordalo et al. (2020) find that variation in subjective long-
term expectations is the main source of predictable forecast errors and pre-
dictable returns. Relatedly, Nagel and Xu (2021) find their ‘experienced
dividend growth’ variable—a slow moving exponentially weighted average of
past aggregate dividend growth that predicts stock market excess returns—
is positively related to analysts’ long-term aggregate earnings forecasts in a
way that is consistent with subjective cash flow expectations as the source
of asset price variation and predictable returns. Overall, for understanding
the wedge between rational expectations forecasts and subjective cash flow
growth expectations, the long-term component of these expectations seems
to be important.

In summary, the evidence on subjective cash flow growth expectations is
broadly consistent with the view that asset price fluctuations reflect, to a
large extent, variation in investors’ subjective cash flow growth expectations.
This fits well with the evidence from subjective return expectations that
countercyclical movements in subjective risk premia cannot be the reason
why asset prices are volatile. Taken together, the evidence suggest that high
current prices, for example, are not associated with low subjective expecta-
tions of future returns, but rather with expectations of high future cash flows
and high future prices. That said, the available data on cash flow expecta-
tions at this point is still rather limited. While it is reasonable to assume
that analysts’ and investors’ forecasts may be closely related, it is unclear to
what extent analyst forecasts are representative of investors’ forecasts. Ad-
ditional data on cash flow expectations of market participants would thus be
valuable to analyze this issue further.

3.3 Interest rate expectations

In a multi-period setting, the current price of an asset reflects not only ex-
pectations of future prices and cash flows, but also expectations of future
discount factors of marginal agents. For default-free bonds with certain cash
flows, uncertainty about future discount factors is the only uncertainty that
matters for pricing. To see this, consider a zero-coupon bond with a sure
payoff of $1 at time ¢ + 2. Iterating once on (1), we obtain

P, = B" [M{{ Ely M7 (21)

Since 1/ Ry, = E*[M]!,], we obtain

1 1
P=—pBE" |—|. 22
t Rf,t t+1 |:Rf,t+1:| ( )
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Thus, the price of the bond reflects expectations of future short-term interest
rates (or yields).

Analogous to stock return predictability with valuation ratios such as
the dividend-price ratio, there is evidence in the bond pricing literature that
returns on long-term bonds in excess of short-term interest rates are pre-
dictable with the spread of yields between long-term and short-term bonds.
Rational expectations models explain this predictability of excess returns
with time-varying risk or risk aversion. However, just as for stocks, bond
return predictability could also be the consequence of predictable forecast
errors due to deviations from rational expectations.

Using bond yield expectations of professional forecasters to measure sub-
jective interest-rate expectations, Froot (1989) finds that expectational er-
rors contribute substantially to excess return predictability of U.S. Treasury
bonds. Cieslak (2018) and Piazzesi, Salomao, Schneider (2015) find similar
results in data that includes more recent decades. In particular, Piazzesi et al.
find that subjective expected excess returns implied by the yield forecasts of
professional forecasters are substantially less volatile than the forecasts from
predictive regressions and do not show much cyclicality. Thus, similar to
stocks, much of the bond price variation that is associated with predictable
future returns seems to be driven by subjective expectations, yet in this case
not payoff expectations but discount factor or interest rate expectations.

3.4 Subjective risk perceptions

Our discussion of empirical work on expectations data in asset pricing so far
focused on first moments. But subjective perceptions of second and higher
moments are also relevant for asset pricing. For example, if there is time-
variation in subjective risk premia, the economic reason for this variation may
be that subjective perceptions of risk are time-varying. Moreover, empirically
observed time-variation in risk premia on options and other derivatives—
such as the variance risk premium, for example—could potentially reflect
predictable forecast errors for asset return variances and higher moments
rather than a subjective risk premium that investors priced in ex ante. In
other words, similar to the case of the time-varying equity premium that
we mostly focused on so far, subjective belief dynamics could be the driver
of empirically observed time-varying risk premia. Data on subjective risk
perceptions of investors can help disentangle these competing explanations,

The available evidence is rather limited at this point. Lochstoer and Muir
(2019) recently took a first look at this. They use survey data from the Gra-
ham and Harvey CFO survey in which respondents are asked to state the 10th
and 90th percentile of stock returns over the next year and the Yale/ICF sur-
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vey in which respondents provide subjective probabilities of a stock market
crash over the next 6 months. Lochstoer and Muir (2019) find that investors’
subjective stock market risk perceptions seems to be slowly moving, with ini-
tial underreaction to volatility shocks and subsequent delayed overreaction.
They show that these dynamics in forecast errors provide a potential ex-
planation of the empirical dynamic response of the variance risk premium
to volatility shocks. Claims that provide insurance against future volatility
appear underpriced immediately following a rise in volatility, which matches
the initial underreaction in survey data, and then overpriced later on, which
is consistent with the delayed overreaction of subjective risk perceptions.

The elicitation of entire subjective distributions has been introduced re-
cently in other contexts, e.g., in the Survey of Primary Dealers and the
Survey of Market Participants of the Federal Reserve Bank of New York.
The Survey of Professional Forecasters, as discussed in Chapter 18, ”In-
ference on Probabilistic Surveys...”, also provides density forceasts of
macro variables. Eliciting similar density forecasts in the context of investor
survey would allow for a further and more detailed analysis of the role of risk
perceptions.

4 Mapping survey expectations into asset pric-
ing models

The mapping between investors’ beliefs in an asset pricing model and the
expectations data described in the previous section is often difficult to es-
tablish. In particular, the subjective expectations or distributions elicited in
surveys may not always provide information about the beliefs of the relevant
set of investors inside the model. The remainder of this section discusses the
main issues that arise, focusing on the elicitation of expected values. Much of
the discussion also applies to surveys that elicit other moments or probability
distributions.

We use £[.] to denote individual 7’s expectation measured in the survey,
which could be distinct from the expectation E°[.] that the individual truly
holds. We focus mostly on household survey data and thus abstract from
the strategic considerations and career concerns that may distort reported
expectations of professional forecasters. There exists a substantial body of
literature dealing with these concern, which is reviewed by Marinovic, Otta-
viani, and Sorensen (2013).
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4.1 Are survey expectations risk adjusted?

When respondents are asked to report an expected value or a probability
assessment in a survey, the intention of the survey administrators is to elicit
individuals’” assessment of physical probabilities, i.e., their assessment of em-
pirical frequencies that are not distorted by risk preference effects. In line
with this intention, researchers typically interpret beliefs elicited in surveys
as physical measure beliefs.

However, it is at least a theoretical possibility that responses risk pref-
erence effects could distort individuals responses to expectations questions
in surveys. For example, an individual who is highly risk averse might put
more weight on “bad” outcomes in high marginal utility states, reporting
more pessimistic expectations than warranted under her subjective assess-
ment of physical probabilities, as also discussed in Chapter 26, ” Looking
Ahead to Research Enhancing Measurement of Expectations”.

Along these lines, Cochrane (2011) suggests that individuals might report
expectations under the risk-neutral measure and that this could help explain
the large wedges between survey expectations and investor expectations im-
plied by rational expectations asset pricing models. This risk-neutral expec-
tations hypothesis states that when individual ¢ reports an expected value in
a survey, say the expectation of an asset return R;,1, then this expectation
incorporates a risk-adjustment based on the individual’s SDF

i i | Mg
where the ratio pre-multiplying R;,; inside the expectations operator trans-
forms the physical probability of future states, which enter the computation
of the expectation E'[] into a risk-neutral, or marginal-utility weighted prob-
ability. Under this hypothesis, holding E![R;.1] fixed, greater risk aversion
or greater risk of bad outcomes, would induce more pessimistic reported ex-
pectations E;[Ryi1].

Whether individuals report physical expectations, risk-neutral expecta-
tions, or otherwise risk-adjusted expectations is an empirical question. Adam,
Matveev, and Nagel (2021) examine the evidence for stock market return
expectations from various surveys of individual and professional investors.
They first note that if investors have access to trading in the asset that de-
livers the return R;;; and the risk-free asset with return Ry, then, for such
a marginal investor m, their first-order conditions imply

EZH[MZZIRFH] =1, Ezn[MﬁlRﬁt] =1, (24)
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which, together with (23) for ¢ = m implies that the risk-neutral expectation
of asset returns equals the risk-free rate:

& [Ria] = Ryy. (25)

This is a testable hypothesis and Adam et al. (2021) show that it is strongly
rejected in all survey data sets they examine. On average, reported return
expectations are much higher than risk-free rate proxies.

A less extreme version of the risk-adjustment hypothesis would imply that
individuals reported expectations that are tilted pessimistically towards risk-
neutral expectations, but not necessarily all the way. Adam et al. (2021) do
not find empirical support for such pessimistic tilts. Comparing survey stock
market return expectations to subsequently realized stock market returns,
they find that unconditionally, survey expectations are close to unbiased,
not pessimistically biased.

Overall, the evidence does not provide support for the notion that in-
dividuals report risk-adjusted return expectations in surveys. We therefore
proceed under the assumption that when individuals respond to expectations
questions in a survey, they are reporting E![.] without risk-adjustments.

4.2 Measurement error and cognitive uncertainty

Even if individuals are attempting to report their expectation under the phys-
ical measure, it is still not necessarily true that £"[R;,1] can be interpreted
as a direct measurement of the physical expectation. The expectation that
respondents provide in a survey may not be the expectation that individu-
als would truly hold if they had the time to reflect more carefully on their
response and if they had to make decisions based on these expectations in a
high-stakes environment. As a consequence, there may be an error compo-
nent, €}, in measured expectations of individual i

EiRis1] = B[R] + epy1- (26)

For example, as with any variable elicited in a survey, there is the pos-
sibility that survey expectations are subject to measurement error. Such
measurement error could be the consequence of misunderstanding of the sur-
vey question or insufficient deliberation before providing a response; see also
the discussion in section 2.4 of Chapter 19, “Expectations data in structural
microeconomic models.”

The existing evidence indicates that survey return expectations contain
useful information about individuals’ E[R;,1], but at the same time the error
£, is not negligible. In data from the UBS/Gallup survey, Vissing-Jorgensen
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(2003) finds a positive cross-sectional correlation between individual retail in-
vestors’ expected stock returns and the percentage of their portfolio that they
report to hold in stocks. Adam et al. (2015) show that the cross-sectional
dispersion in expected returns correlates with trading volume over time, i.e.,
periods with high measured disagreement are periods with more active stock
trading, which suggests that beliefs dispersion in surveys is unlikely driven
by measurement error alone.

However, using survey data on stock return expectations combined with
administrative data on portfolio holdings, Ameriks et al. (2020) and Giglio
et al. (2021) show that the portfolio share of stocks in individuals’ portfolios
is substantially less sensitive to individuals’ stock market return expectations
than implied by standard portfolio choice models under plausible values for
relative risk aversion.

Measurement error seems to be part of the reason for this low sensitivity.
Using instrumental variable techniques that assume measurement error is
uncorrelated across different survey questions that elicit return expectations
and perceived probability distributions of stock market returns, Ameriks et
al. (2020) and Giglio et al. (2021) find a stronger sensitivity of portfolio
shares to expected returns, but it is still weaker than implied by standard
models. There seem to be components of €}, that are common across survey
questions and which may not be interpretable as classical measurement error.

One possibility for the low sensitivity, suggested by Drerup, Enke, and
von Gaudecker (2017), is that individuals have a lack of confidence in their
own stated beliefs. Along these lines, Enke and Graeber (2019) show that if
individuals perceive cognitive uncertainty about what the optimal action is,
they may behave as if they shrink probabilities toward a cognitive default.
However, it remains unclear whether this shrinkage only affects actions or
also the expectations reported in surveys. Would individuals facing cognitive
uncertainty respond with these shrunk probabilities or would they report
their subjective assessment prior to shrinkage? The fact that Giglio et al.
(2021) find the sensitivity of portfolio shares to expectations to be stronger
for investors who are active, confident in their beliefs, and pay attention is
consistent with agents reporting their expectations prior to shrinkage.

Low sensitivity of decisions to expectations at the individual investor
level does not necessarily imply low sensitivity at the aggregate level. The
identification of sensitivity in Giglio et al. (2021) rests on cross-sectional
differences in expectations and actions between individuals. It is possible that
the effects of measurement error, cognitive uncertainty, and other frictions
largely cancel out when expectations and actions are aggregated. The fact,
documented in Greenwood and Shleifer (2014), that individuals’ stock market
return expectations are strongly correlated with aggregate flows into equity
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mutual funds would be consistent with this latter interpretation.

4.3 Heterogeneity and beliefs aggregation

Heterogeneity of reported expectations is a pervasive feature of survey data.!!
This raises the question how researchers should deal with this dispersion when
they want to map survey expectations into the expectations of agents in an
asset pricing model.

For tractability reasons, many asset pricing models are set up as repre-
sentative agent models. So which individual beliefs in the survey data should
be mapped into the representative agent’s beliefs? A typical approach is to
take an equally-weighted mean or median of some observed set of expec-
tations. Even if the survey data captured expectations of all investors in
the economy, this approach would be subject to some approximation error.
Jouini and Napp (2007) construct a representative agent in an economy with
heterogeneous beliefs and heterogeneous risk tolerance. They show that the
representative agent’s beliefs are a risk tolerance-weighted average of indi-
vidual agent beliefs (belief dispersion also has an effect on the representative
agent’s discount factor and hence the risk-free rate).

In practice, without comprehensive data on risk tolerance and beliefs
of the investor population, it is difficult to empirically implement such a
weighting scheme. Moreover, additional complications may come into play.
Participation constraints keep some individuals out of the market. Lack of
attention may render some investors effectively non-participating for certain
time intervals. It remains to be seen whether weighting schemes based on
observable proxies for risk tolerance and likelihood of market participation
can improve the fit between representative-agent asset pricing models and
survey data.

For aggregating professional forecasters beliefs is also potentially impor-
tant to consider that professional forecasters are not directly investing them-
selves, but their forecast may influence investment decisions of professional
investors (who pay for these forecasts). How much influence they have on
investors may differ between forecasters and it may depend on their past
forecast performance. Accordingly, Buraschi, Piatti, and Whelan (2018) con-
struct an aggregated subjective bond risk premium measure that gives more
weight to professional forecasters that were more accurate in the past.

An alternative approach is to move away from representative agent mod-
els to explicitly specify belief heterogeneity. David (2008), for example, cali-

1See Chapter XYZ, The Term Structure of Expecations, which provides ev-
idence on disagreement about output growth, inflation and interest rates over various
forecast horizons.
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brates an asset pricing model with heterogeneous beliefs to earnings forecast
data from the Survey of Professional Forecasters. Likewise, in models in
which belief heterogeneity is tied to some observable agent characteristics,
researchers can aim for a more detailed comparison of model implied beliefs
and survey data beyond broad measures of dispersion. For example, in the
model of Collin-Dufresne, Johannes, and Lochstoer (2017) agents’ beliefs are
heterogeneous between age cohorts and they can be compared with cohort-
aggregated survey data. Another observable dimension is professional vs.
individual investors. Given the heterogeneity in return expectations that we
discussed in Section 3.1, it may make sense to consider models that specify
different belief dynamics for these two groups of participants.

Clearly, aggregating survey expectations within groups such as age-cohorts
or among professionals and individuals, one again encounters the issue of how
to weigh the empirically heterogeneous beliefs within each group to approx-
imate the beliefs of each group’s representative agent. Moreover, due to
the technical difficulty of solving models with heterogeneous agents, repre-
sentative agent models will likely continue to play an important role. For
these reasons, the need to implement some aggregation scheme for survey
expectations data is difficult to avoid.

5 Models of expectations formation

A growing body of work develops asset pricing models in which investors’
subjective beliefs deviate from RE. Many of these papers aim not only to
reproduce the key empirical properties of asset prices, but also the stylized
facts about investor beliefs in survey data that we presented in Section 3.
The belief specifications differ, but many involve some form of learning where
investors use observed data to form expectations about future payouts or
prices. Most use a homogeneous-beliefs setup, but we also discuss a few
papers that explore the effects of belief heterogeneity.

5.1 Learning about payouts

Learning about dividend payouts can generate volatile asset prices and high
risk premia. Belief revisions about the parameters of the payout process con-
tribute to variations in expected payouts and hence to asset price volatility,
unlike in full information RE models where the parameters governing the
payout process are assumed to be known. Risk premia can be high because
parameter uncertainty contributes to perceived consumption uncertainty in
a way that covaries with payouts. Both features help achieve a better fit with
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asset price data. The belief dynamics also help match data on the dynamics
of subjective payout expectations.

Early work in this literature, e.g., Timmermann (1993, 1996), shows that
excess volatility and return predictability can emerge from learning about the
payout process. This literature follows Kreps (1998) in using an anticipated-
utility framework in which the agents pricing assets ignore posterior uncer-
tainty about payout process parameters and the fact that their beliefs will be
revised in the future. This means that the additional subjective uncertainty
(relative to the case of RE) that investors face in these models is not priced
and therefore does not contribute to risk premia.

In Collin-Dufresne et al. (2016), Bayesian investors learn about the mean
of an i.i.d. log endowment growth process

Ady = p+ &y, n, ~ N(0,0%) (27)

and they price a consumption claim that has the endowment D; = exp(d;)
as payout. As they show, switching to the assumption that investors fully
take into account posterior uncertainty when they price assets actually has
only very small effects when investors have constant relative risk aversion
(CRRA) utility. In other words, for the CRRA case, anticipated utility is
a good approximation (see, also, Cogley and Sargent (2008a)). However,
when investors have Epstein-Zin utility, the result can be drastically differ-
ent. With Epstein-Zin utility, investors demand a large risk premium for
uncertainty about long-run endowment growth. As long as investors have
not seen enough data to have precise beliefs about long-run growth, risk
premia can therefore be very high.

When the parameters of the endowment process are time-invariant and in-
vestors prior beliefs reflect this, Bayesian learning has the perhaps unrealistic
implication that the learning effects disappear in the long run: asymptoti-
cally, the model predictions approach the predictions of an RE model.

Models with perpetual learning avoid this outcome. Perpetual learning
can arise for a number of reasons. For example, if investors believe, based on
their prior, that there is time-variation in the payout process parameters, this
may lead them to discount observations in the distant past as seem of little
relevance for current parameter values. For example, if p in equation (27) is
not constant, but instead follows a random walk, a Bayesian investor’s poste-
rior mean would be an exponentially-weighted average, with fixed weights, of
past endowment growth rates. As a consequence, the posterior mean would
continue to drift forever and subjective uncertainty about pu would never
disappear.

In Nagel and Xu (2021) learning is perpetual because agents have slowly
fading memory of past growth rate observations. This also gives rise to per-
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sistently high uncertainty about endowment growth. Nagel and Xu (2021)
also show that the pricing implications of the fading memory model are simi-
lar to one in which investors have full memory and they believe that p follows
a random walk, but only if the true p is in fact constant. The wedge be-
tween investors’ time-varying posterior mean of y and the true constant u
are needed for the model to produce excess return predictability and return
expectations forecast error predictability that is in line with the data. Us-
ing aggregate earnings growth as a proxy for payout growth, Nagel and Xu
(2021) also show that analysts’ long-run earnings growth forecast errors are
predictable with an exponentially-weighted average of past observed payout
growth observations, which is in line model predictions and consistent with
the evidence discussed in Section 3.2 that long-term payout growth expecta-
tions appear to be an important source of variation in the aggregate stock
price level.

Models in which investors are uncertain about long-run growth can have
a built-in fragility. It is important to keep this in mind, because this fragility
may not be apparent in log-linearized or numerically solved versions of these
models. To illustrate this issue, consider first the simplest case with risk-
neutrality as in equation (19), where we had

b= (28)

%52025 Diss

Suppose log dividends are generated as d; = dy_1 + p + 1441 where ny > 0
is i.i.d. with E'[n] = 0 and g > 0 is an unknown parameter. If investors’
prior beliefs about p assign arbitrarily small but positive probability mass
to growth rates above 6!, then the asset price (28) diverges to infinity.
When prior beliefs about p are bounded strictly below 6!, arbitrarily small
prior mass sufficiently close to 61 gives rise to arbitrarily large (albeit finite)
equilibrium price levels. This shows how a small amount of uncertainty can
make a large difference for the asset price predictions.

Geweke (2001) shows that the blow-up problem becomes even starker
with CRRA preferences. When the endowment is log-normal as in (27)
with uncertainty about p, then expected utility ceases to exist under conju-
gate Bayesian prior beliefs, unless the intertemporal substitution elasticity
is exactly equal to one or unless one restricts the support of prior beliefs.!?
Weitzmann (2007) shows the restrictions in prior beliefs can then dominate
the model’s asset pricing implications. The divergence problem also arises

2Fyrther results about the existence of present value relationships under Baysian learn-
ing are derived in Pesaran, Pettenuzzo and Timmermann (2007) and Adam and Marcet
(2011).
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with Epstein-Zin preferences, whenever the inter-temporal elasticity of sub-
stitution differs from a value of exactly one (Collin-Dufresne et al. (2016);
Nagel and Xu (2021)).

As a result, Collin-Dufresne, Johannes and Lochstoer (2016) truncate the
state space to insure finite outcomes. Pastor and Veronesi (2003, 2006) as-
sume that uncertainty about growth rates disappears after some time period
T, which can be stochastic. Nagel and Xu (2021) specify informative prior
beliefs that pull long-run growth expectations toward a prior mean. In their
perpetual learning model, the persistent pull toward this prior mean applies
to beliefs of all future agents, which is sufficient to ensure finite valuations in
with Epstein-Zin utility even if the intertemporal elasticity of substitution is
different from one.

There are a number of alternative views about the economic relevance
of the blow-up problem. One view is that it would be simply unreasonable
for investors to entertain the possibility of long-run growth rates that imply
very high valuations or valuations that are extremely sensitive to growth rate
uncertainty. An alternative view is that it will be very difficult to empirically
discipline present value models using survey data, as the asset pricing impli-
cations can be driven by small amounts of uncertainty that are empirically
hard to determine. Yet another view is that it is ultimately just an empirical
question whether or not measured payout expectations from survey data are
able to explain asset price behavior.

5.2 Learning about prices

A number of asset pricing models introduce learning directly about price be-
havior, as discussed in section 2.3.2. Price learning can generate stronger en-
dogenous propagation of fundamental disturbances than payout learning, due
to the ‘self-referential’ nature of price learning: price beliefs affect price out-
comes and price outcome future revisions in price beliefs. This feedback loop,
which is absent when learning is about exogenous fundamentals, say payouts,
can generate plausible asset price volatility, even with time-separable pref-
erence specifications. Models of price learning can also explain the strong
positive comovement between recent past returns and investors’ return ex-
pectations observed in survey data, which is an empirical fact that models
featuring payout learning struggle to explain. Models specifying learning
about prices rely on the one-step ahead asset pricing equation (1), rather
than the discounted sum formula (28), therefore also do not face the kind of
large sensitivity of the asset price predications to small changes in subjective
price beliefs

Early models of learning about prices, e.g., Timmermann (1996), studied
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learning about the level of next period’s asset price. Such learning specifi-
cations generated only modest amounts of additional asset price volatility,
despite the feedback between price beliefs and price outcomes. The reason is
that the strength of the feedback tends to be weak under price level learning.
This is so because the expected future price level affects the current price
level approximately one-to-one, see equation (3). In the vicinity of rational
price beliefs, outcomes and beliefs will thus move virtually in the same way.
The weak divergence between outcomes and beliefs causes learning-induced
belief revisions to be weak, so that learning adds little asset price volatility.

As a result, subsequent models studied learning about capital gains, i.e.,
learning about the change in the price level from one period to the next. As
should be clear from equation (15), realized asset prices and thus realized
capital gains are rather sensitive to revisions in capital gain expectations
E™BLL], as B" = 1/Ry; tends to be close to one. Adam, Marcet and
Nicolini (2016) show how many forms of learning about capital gains im-
part momentum and long-horizon mean-reversion into asset price dynamics,
thereby generating large and persistent swings in the price-dividend ratio.
This allows simple asset pricing models with time-separable preferences to
generate realistic amounts of stock price volatility, even if they struggle to
fully replicate the equity premium.

Learning-induced variations in subjective capital gain expectations also
generate positive comovement of the price-dividend ratio and subjective ex-
pected excess returns. As we discussed in Section 2.3.2, such time-variation
in subjective expected excess returns requires that the SDF adjusts in re-
sponse to a change capital gains expectations. In Adam, Marcet, and Beutel
(2017), in a setting with CRRA utility and with wage income as a source of
wealth outside of the stock market, an agent optimistic about future capital
gains anticipates that a greater share of future wealth is exposed to stock
market risk. As a consequence, perceived risk rises. Specifically, under the
agent’s subjective beliefs, the SDF is more volatile when with capital gains
expectations are higher. In equilibrium, optimism about capital gains there-
fore produces not only a high price-dividend ratio, but also a high subjective
risk premium. Price growth expectations in their model are a function of
an exponentially-weighted average of past price growth, similar to models of
fading memory or perceived parameter drift.

Jin and Sui (2021) pursue an alternative approach that retains the as-
sumption of common knowledge. In their model, investors forecast future
prices, but they implicitly form payout growth expectations that justify their
expectation of the future price such that a discounted sum valuation like (28)
holds under subjective beliefs. This brings the model quite close to models
of payout learning. It also allows the model to match the evidence on time-
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varying subjective cash flow expectations that we discussed in Section 3.2.

Overall, models of payout learning and price learning share a common
thrust in that they explain cycles in asset price valuations with waves of
optimism and pessimism about future levels of stock prices. They differ in
what data agents use to form these expectations and how agents reason about
the justification for these beliefs about future prices. In the end, elements
from both classes of models may be needed.

5.3 Learning biases

The models we discussed so far employ forms of belief formation that can
broadly be motivated by Bayesian learning, albeit with some additional
tweaks, such as fading memory or a prior belief that parameters are drifting
and hence data far in the past has become irrelevant. A different strand of
the literature starts instead with an assumption, motivated by psychological
experimental evidence, that agents use certain heuristics in belief formation.
Reliance on these heuristics generates biases in updating of beliefs in response
to incoming information.

One heuristic that seems to be particularly suitable for explaining cycli-
cal asset price behavior is the representativeness heuristic of Kahnemann
and Tversky (1972). An early example is the model presented by Barberis,
Shleifer and Vishny (1998) where a string of positive or negative earnings
change leads an investor to view this repeat performance as representative
and adopt a forecasting model that extrapolates the past performance too
far into the future. In this model, this extrapolation has no grounding in
reality as the true process does not have any persistence.

In the diagnostic expectations approach of Bordalo, Gennaioli and Shleifer
(2018), agents apply the representativeness heuristic in a way that is closer
to Bayesian learning. In their setup, agents observe a signal that has predic-
tive information for the variable that they want to forecast. In line with the
representativeness heuristic, however, they overweight outcomes that have
become more likely in light of recently incoming information. As a conse-
quence, agents exaggerate true predictability patterns in the data. Bordalo,
Gennaioli, La Porta and Shleifer (2019) apply this approach to stock valua-
tion and show that it can explain a number of interesting financial market
regularities, for instance, why the returns on stocks with the most optimistic
analyst long-term earnings growth forecasts are lower than those on stocks
with the most pessimistic forecasts.

One tension in the diagnostic expectations approach is that agents observe
(and overreact to) objective news, that is, the realization of variables relative
to an undistorted Bayesian forecast from the previous period. And the news
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reaction is added to the previous period’s Bayesian forecast. Thus, while their
actual forecast in the previous period was distorted by the representativeness
heuristic, agents are able, in the current period, to calculate the innovation
relative to the previous period’s Bayesian forecast and adjust this Bayesian
forecast in the direction of the innovation. This raises the question where
the knowledge of the Bayesian forecast comes from.

Rather than assuming that agents exaggerate true predictability patterns,
or see predictability where there is none, an alternative approach to biased
learning is to assume that agents use simplified models that do not capture
the full complexity of the true predictability that exists in the data. Fuster,
Hebert, and Laibson (2011) call this approach ‘natural expectations’. For
example, the true data-generating process may be a high-order ARMA pro-
cess, while agents estimate a forecasting model that allows only for a small
number of lags. In this case, agents may fail to fully perceive the degree of
mean reversion inherent in fundamental dynamics, which can also lead to
overreaction that generates asset price cycles with procyclical optimism in
investors’ subjective beliefs.

The difference between these biased-learning approaches and Bayesian
learning is smaller than it may seem. Updating that deviates from Bayesian
learning with priors grounded in objective reality can often be rationalized
as Bayesian learning under a particular subjective prior belief. To illus-
trate, consider the natural expectations approach and suppose the true data-
generating process is an AR(5), but the agent estimates a simplified AR(1)
model to construct forecasts. The agent’s approach could be rationalized by
giving the agent a dogmatic subjective prior that the data-generating process
is an AR(1). Given this prior, the agent’s updating of beliefs is in accordance
with Bayes’ law. In this sense, there often exists an equivalent Bayesian belief
formulation, so that it becomes difficult to identify whether updating bias
arises due to a deviation from Bayes’ law or simply due to an application of
Bayes’ law under a particular subjective prior. The distinction between both
views is more of a philosophical nature. What matters for model predictions
is the sequence of subjective beliefs that updating gives rise to.

5.4 Heterogeneity

Motivated by the fact that survey measures of expectations typically display
a large degree of heterogeneity, a number of papers study asset pricing setups
in which agents hold different beliefs. Giglio, Maggiori, Stroebel and Utkus
(2021) show that belief heterogeneity has predictive power for the composi-
tion of individual portfolios and for trading behavior. Belief heterogeneity
also appears relevant for understanding the large volume of assets traded on
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financial markets, as arguably these volumes are difficult to square with risk-
sharing motives alone. Heterogeneity also allows studying the redistributive
effects associated with subjective belief dynamics.

In Barberis, Greenwood, Jin and Shleifer (2015) some investors form price
growth expectations by extrapolating from past price growth, while other in-
vestors have rational expectations. The extrapolators are assumed to hold
implicit subjective payout expectations that support their beliefs about fu-
ture prices under a discounted sum valuation as in equation (28). Following
a string of price increases, extrapolators are therefore effectively more op-
timistic about future payouts than rational investors and therefore hold a
greater share of the outstanding supply of stocks. Due to their resulting
greater exposure to stock market risk, they demand a higher subjective risk
premium, which allows high past price growth to coincide with optimistic
return expectations of the extrapolators in equilibrium. In contrast, rational
investors have countercyclical return expectations. One potential interpreta-
tion is that the extrapolators represent individual investors while the rational
investors represent more sophisticated professional investors. For tractability
in the presence of heterogeneity, investors in the model have CARA prefer-
ences. But this has the consequence that the model does not produce realistic
asset pricing predictions on a number of dimensions, such as the equity pre-
mium, the volatility of the price-dividend ratio, and the long-run behavior
in the presence of economic growth.

Collin-Dufresne, Johannes and Lochstoer (2017) explore heterogeneity of
a different kind. Motivated by the empirical evidence in Malmendier and
Nagel (2011) and Malmendier and Nagel (2016) that investors learn from
life-time experiences, they assume that overlapping cohorts of investors learn
about the dividend process from the dividend history observed during their
life times. The model does well on a number of standard asset pricing mo-
ments and in matching the learning-from-experience evidence in microdata
and surveys, but the dynamics of asset prices and beliefs are somewhat diffi-
cult to evaluate quantitatively as there are only two overlapping cohorts and
subjective risk premia jump every 20 years when there is a generational shift.

Adam, Marcet, Merkel and Beutel (2015) consider a model in which
agents are heterogeneous in their tendency to extrapolate past capital gains.
The heterogeneity is motivated by the empirical observation that the cap-
ital gain expectations of investors with more years of stock market experi-
ence react significantly weaker to past capital gains than the expectations
of less experienced investors. Working with the one-step ahead asset pricing
equation (1) for all investors allows the use of CRRA preferences without
losing tractability. The model produces quantitatively realistic asset price
dynamics, can replicate patterns of trading volume and generates significant
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amounts of wealth redistribution over stock price boom and bust cycles.

Overall, the literature that incorporates belief heterogeneity in asset pric-
ing in a way that is disciplined by survey evidence is still in its infancy. In
many settings, lack of tractability makes it difficult to entertain empirically
realistic belief heterogeneity and, at the same time, produce quantitatively
plausible asset price behavior.

6 Future Research Directions

During the past decade, researchers have made substantial progress in link-
ing investor expectations data with asset pricing theory. We conclude by
highlighting several areas in which further advances would be desirable:

e We need more evidence on the links between expectations and investor
portfolio decisions. Does low sensitivity of actions to expectations at
the individual level translate into low sensitivity at more aggregated
levels (e.g., cohorts, investor category, market-wide)? Which are the
investors influenced by professional forecasters’ expectations, and how
strong is the influence?

e Subjective risk perceptions may be as important as the perceived first
moments of returns and payoffs. So far, however, the available empir-
ical evidence on the dynamics of subjective risk perceptions is rather
limited. We need more work that explores how investors form beliefs
about asset risks and how these risk perceptions are linked to the sub-
jective risk premia that they demand to hold risky assets.

e There is substantial heterogeneity in the subjective beliefs of different
groups of market participants, e.g., between professional forecasters
and individual investors. Is it important for asset pricing to account
for this heterogeneity? How should the belief formation be modeled for
these groups?

e More generally, it would be desirable to make progress on the question
of how to best aggregate the heterogeneous expectations of different
investors, with the objective of identifying the marginal agents’ beliefs.
While this will prove difficult because survey responses are contami-
nated by response errors and tend to be measured infrequently, it is an
important question that needs to be tackled.

e Subjective belief dynamics may not only be a major source of asset
price volatility, but they may also play an important role as a source of
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macroeconomic fluctuations. Expectations about asset payoffs should
be linked to the expectations that shape the decisions of consumers and
firms about investment, production, and consumption. Therefore, there
is much to be learned from integrating asset pricing based on subjective
belief dynamics into macroeconomic models. Relatedly, expectations of
financial intermediaries may affect credit supply, macroeconomic out-
comes, and asset prices. Studying intermediaries’ expectations, as done
recently in Ma et al. (2021), may provide new insights for macro-finance
models with intermediary sectors.

Analysis of policy in models with subjective beliefs brings up special
challenges. On the theory side, the challenge is modeling how sub-
jective beliefs react to changes in the policy environment, e.g., as in
Adam and Woodford (2021). This may in turn provide new insights
about asset price reactions to policy announcements. On the empirical
side, we need more evidence on how expectations change in response to
policy interventions. Such evidence can be obtained through informa-
tion experiments, e.g., as in Coibion et al. (2019) that induce changes
in participants perceptions about actual policy. Chapter 5, ”Survey
Experiments on Economic Expectations” provides an overview of this
line of research. One open question is whether participants’ responses
in survey experiments could differ from real-world responses because
the experiment forces individuals to pay attention to stimuli that they
would have ignored in a real-world setting.
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Appendix

Table 1: Investor Survey Data Sets

Survey Population

Repository

Panel A: Stock market return or capital gain expectations

UBS/Gallup Individuals

Yale/ICF Wealthy individuals
Yale/ICF Institutional investors
Michigan Survey of Consumers Individuals
Graham-Harvey CFO Financial managers
Livingston Professional forecasters

Panel B: Stock market cash flow expectations

IBES Equity Analysts
Survey of Professional Forecasters Professional forecasters

Panel C: Interest rate expectations

Survey of Professional Forecasters Professional forecasters
Bluechip Financial Forecasts Professional forecasters

Roper Center!

Yale ICF?

Yale ICF?

UM Survey Research Center
FRB of Richmond*

FRB of Philadelphia®

3

WRDS®

FRB of Philadelphia”

FRB of Philadelphia’
Wolters Kluwer?®

Thttps://ropercenter.cornell.edu

®https://som.yale.edu/centers/international-center-for-finance/data

3https://data.sca.isr.umich.edu

4https://www.richmondfed.org/cfosurvey

Shttps://www.philadelphiafed.org/surveys-and-data/real-time-data-research/livingston-survey

Shttps://wrds-www.wharton.upenn.edu

"https://www.philadelphiafed.org/surveys-and-data/real-time-data-research/

survey-of-professional-forecasters

8https://www.wolterskluwer.com/en/solutions/vitallaw-law-firms/blue-chip

37



References

Apawm, K., J. BEUTEL, A. MARCET, AND S. MERKEL (2015): “Can a

Financial Transaction Tax Prevent Stock Price Booms?,” Journal of Mon-
etary Economics, 76, S90-S109.

Apawm, K., aAND A. MARCET (2011): “Internal Rationality, Imperfect Mar-

ket Knowledge and Asset Prices,” Journal of Economic Theory, 146(3),
1224-1252.

Apawm, K., A. MARCET, anD J. BEUTEL (2017): “Stock Price Booms and
Expected Capital Gains,” Amercian Economic Review, 107(8), 2352-2408.

Apam, K., A. MARCET, anDp J. P. NIcoLINI (2016): “Stock Market
Volatility and Learning,” Journal of Finance, 71(1), 33-82.

Apam, K., D. MATVEEV, AND S. NAGEL (2021): “Do Survey Expecta-
tions of Stock Returns Reflect Risk Adjustments?,” Journal of Monetary
Economics, 117, 723-740.

Apawm, K., anD M. WOODFORD (2021): “Robustly Optimal Monetary Pol-
icy in a New Keynesian Model with Housing,” Journal of Economic The-
ory, pp. 105-352.

AMERIKS, J., G. KEzDI, M. LEE, aAND M. D. SHAPIRO (2020): “Hetero-
geneity in Expectations, Risk Tolerance, and Household Stock Shares,”
Journal of Business € and Economic Statistics, 38(3), 633-646.

ANDONOV, A., aND J. RAUH (2020): “The Return Expectations of Institu-
tional Investors,” Discussion paper, Stanford University.

BAaccHETTA, P., E. MERTENS, anD E. VAN WiNncoop (2009): “Pre-
dictability in Financial Markets: What do Survey Expectations Tell Us?,”
Journal of International Money and Finance, 28(3), 406-426.

BARBERIS, N., R. GREENwWOOD, L. JIN, aAND A. SHLEIFER (2015): “X-
CAPM: An Extrapolative Capital Asset Pricing Model,” Journal of Fi-
nancial Economics, 115, 1-24.

BARBERIS, N., A. SHLEIFER, AND R. VISHNY (1998): “A Model of Investor
Sentiment,” Journal of Financial Economics, 49, 307-343.

Bianchi, F., C. ILuT, anp H. SA1J0 (2021): “Diagnostic Business Cycles,”
Discussion paper, Duke University.

38



BorpaLO, P., N. GENNAIOLI, S. Y. KWON, AND A. SHLEIFER (2021):
“Diagnostic Bubbles,” Journal of Financial Economics, 141(3), 1060-1077.

BorpALO, P., N. GENNAIOLI, R. LA PORTA, AND A. SHLEIFER (2020):
“Expectations of Fundamentals and Stock Market Puzzles,” Discussion
paper, National Bureau of Economic Research.

BORrRDALO, P., N. GENNAIOLI, R. L. PORTA, AND A. SHLEIFER (2019):
“Diagnostic Expectations and Stock Returns,” Journal of Finance, 74(6),

2839-2874.

BorpALO, P., N. GENNAIOLI, AND A. SHLEIFER (2018): “Diagnostic Ex-
pectations and Credit Cycles,” Journal of Finance, 73, 199-227.

BurascHl, A., I. P1ATTI, AND P. WHELAN (2018): “Rationality and Sub-
jective Bond Risk Premia,” Imperial College.

CAMPBELL, J. Y., anD R. J. SHILLER (1988): “The Dividend-Price Ratio
and Expectations of Future Dividends and Discount Factors,” Review of
Financial Studies, 1, 195-228.

CHEN, L., Z. DA, anp X. ZHAO (2013): “What Drives Stock Price Move-
ments?,” Review of Financial Studies, 26(4), 841-876.

CIESLAK, A. (2018): “Short-rate Expectations and Unexpected Returns in
Treasury Bonds,” Review of Financial Studies, 31(9), 3265-3306.

COCHRANE, J. H. (2011): “Presidential Address: Discount Rates,” Journal
of Finance, 66(4), 1047-1108.

COGLEY, T., anp T. J. SARGENT (2008a): “Anticipated utility and ratio-
nal expectations as approximations of Bayesian decision making,” Inter-
national Economic Review, 49(1), 185-221.

CocLEY, T., anp T. J. SARGENT (2008b): “The Market Price of Risk
and the Equity Premium: A Legacy of the Great Depression?,” Journal
of Monetary Economics, 55, 454-476.

Co1BION, O., Y. GORODNICHENKO, S. KUMAR, AND J. RYNGAERT (2021):
“Do You Know that I Know that You Know...? Higher-Order Beliefs in
Survey Data,” Quarterly Journal of Economics, 136(3), 1387-1446.

CoIBION, O., Y. GORODNICHENKO, AND M. WEBER (2019): “Monetary
Policy Communications and their Effects on Household Inflation Expecta-
tions,” Discussion paper, National Bureau of Economic Research.

39



COLLIN-DUFRESNE, P., M. JOHANNES, anp L. A. LOCHSTOER (2016):
“Parameter Learning in General Equilibrium: The Asset Pricing Implica-
tions,” American Economic Review, 106(3), 664—698.

(2017): “Asset Pricing When ‘This Time is Different’,” Review of
Financial Studies, 30(2), 505-535.

DaHLQuisT, M., axnp M. IBERT (2021): “How Cyclical Are Stock Mar-
ket Return Expectations? Evidence from Capital Market Assumptions,”
Discussion paper, Stockholm School of Economics.

DaviD, A. (2008): “Heterogeneous Beliefs, Speculation, and the Equity Pre-
mium,” Journal of Finance, 63(1), 41-83.

DE LA O, R., AND S. MYERS (2021): “Subjective Cash Flows and Discount
Rates,” Journal of Finance, 76(3), 1339-1387.

Drerup, T., B. ENKE, AND H.-M. VON GAUDECKER (2017): “The Preci-
sion of Subjective Data and the Explanatory Power of Economic Models,”
Journal of Econometrics, 200(2), 378-389.

Dumas, B., A. KursHEv, anp R. UppAL (2009): “Equilibrium Portfo-
lio Strategies in the Presence of Sentiment Risk and Excess Volatility,”
Journal of Finance, 64, 579-629.

ENKE, B., aAND T. GRAEBER (2019): “Cognitive Uncertainty,” Discussion
paper, National Bureau of Economic Research.

Froor, K. A. (1989): “New Hope for the Expectations Hypothesis of the
Term Structure of Interest Rates,” Journal of Finance, 44(2), 283-305.

FUSTER, A., B. HEBERT, AND D. LAIBSON (2011): “Natural Expectations,
Macroeconomic Dynamics and Asset Pricing,” in NBER Macroeconomics
Annual 2011, ed. by D. Acemoglu, and M. Woodford. University of Chicago
Press, Chicago, IL.

GEANAKOPLOS, J. (2009): “The Leverage Cycle,” in NBER Macroeco-
nomics Annual, ed. by D. Acemoglu, K. Rogoff, and M. Woodford.

GEWEKE, J. (2001): “A Note on Some Limitations of CRRA Utility,” Eco-
nomics Letters, 71(3), 341-345.

GIGLIO, S., M. MAGGIORI, J. STROEBEL, AND S. UTKUS (2021): “Five
Facts about Beliefs and Portfolios,” American Economic Review, 111(5),
1481-1522.

40



GREENWOOD, R., AND A. SHLEIFER (2014): “Expectations of Returns and
Expected Returns,” Review of Financial Studies, 27(3), 714-746.

HARRISON, J. M., anp D. M. KRrePs (1978): “Speculative Investor Be-
havior in a Stock Market with Heterogeneous Expectations,” Quarterly
Journal of Economics, 92(2), 323-336.

JiN, L. J., anp P. Sur (2021): “Asset Pricing with Return Extrapolation,”
Journal of Financial Economics, p. forthcoming.

Jouini, E.; anp C. NApPP (2007): “Consensus Consumer and Intertempo-
ral Asset Pricing with Heterogeneous Beliefs,” The Review of Economic
Studies, 74(4), 1149-1174.

KAHNEMAN, D., axnp A. TVERSKY (1972): “Subjective Probability: A
Judgment of Representativeness,” Cognitive psychology, 3(3), 430-454.

KRrEPS, D. (1998): “Anticipated Utility and Dynamic Choice,” in Frontiers
of Research in Economic Theory, ed. by E. K. D.P. Jacobs, and M. Kamien.
Cambridge University Press, Cambridge, England.

LOCHSTOER, L. A., axnp T. MUuIrR (2019): “Volatility Expectations and
Returns,” Journal of Finance, p. forthcoming.

Ma, Y., T. PALIGOROVA, AND J.-L. PEYDRO (2021): “Expectations and
Bank Lending,” Discussion paper, University of Chicago.

MALMENDIER, U., AND S. NAGEL (2011): “Depression Babies: Do Macroe-
conomic Experiences Affect Risk-Taking?,” Quarterly Journal of Eco-

nomics, 126, 373-416.

(2016): “Learning from Inflation Experiences,” Quarterly Journal
of Economics, 131(1), 53-87.

MaRriNovic, 1., M. OTTAVIANI, AND P. SORENSEN (2013): “Forecasters’
Objectives and Strategies,” in Handbook of Economic Forecasting, ed. by
G. Elliott, and A. Timmermann, vol. 2, pp. 690-720. Elsevier.

MARTIN, 1., aAND D. PAPADIMITRIOU (2021): “Sentiment and Speculation
in a Market with Heterogeneous Beliefs,” Discussion paper, London School
of Economics.

NAGEL, S., AND Z. XU (2021): “Asset Pricing with Fading Memory,” Review
of Financial Studies, p. forthcoming.

41



O’DONOGHUE, T., aAND M. RABIN (1999): “Doing it Now or Later,” Amer-
ican Economic Review, 89(1), 103—-124.

PAsTOR, L., axp P. VERONESI (2003): “Stock Valuation and Learning
About Profitability,” Journal of Finance, 58(5), 1749-1790.

(2006): “Was there a Nasdaq bubble in the late 1990s?,” Journal
of Financial Economics, 81(1), 61-100.

PESARAN, H., D. PETTENUZZO, AND A. TIMMERMANN (2007): “Learn-
ing, Structural Instability, and Present Value Calculations,” Econometric

Reviews, 26, 253-288.

P1azzgsi, M., J. SALOMAO, AND M. SCHNEIDER (2015): “Trend and Cycle
in Bond Premia,” Discussion paper, Stanford University.

SARGENT, T. J. (2008): “Evolution and Intelligent Design,” American Eco-
nomic Review, 98(1), 5-37.

SHILLER, R. J. (2005): Irrational Exuberance. Princeton University Press,
Princeton, NJ, second edn.

TIMMERMANN, A. (1996): “Excess Volatility and Predictability of Stock
Prices in Autoregressive Dividend Models with Learning,” Review of Eco-
nomic Studies, 63, 523-557.

TIMMERMANN, A. G. (1993): “How Learning in Financial Markets Gener-
ates Excess Volatility and Predictability in Stock Prices,” Quarterly Jour-
nal of Economics, pp. 1135-1145.

VISSING-JORGENSEN, A. (2003): “Perspectives on Behavioral Finance:
Does “Irrationality” Disappear with Wealth? Evidence from Expectations
and Actions,” NBER Macroeconomics Annual, 18(1), 139—194.

WAaANG, R. (2021): “Subjective Return Expectations,” Discussion paper,
Columbia University.

WEITZMAN, M. L. (2007): “Subjective expectations and asset-return puz-
zles,” American Economic Review, 97(4), 1102-1130.

Wu, L. (2018): “Estimating Risk-Return Relations with Analysts Price
Targets,” Journal of Banking € Finance, 93, 183-197.

42





