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*We are grateful to Sydney C. Ludvigson, Jaroslav Borovička, Simon Gilchrist, Nick Barberis, Tim Christensen, Eduardo
Davila, Quirin Fleckenstein, Stefano Giglio, Max Huber, Toomas Laarits, Sean Myers, Diego Perez, Robert J. Richmond, Alexi
Savov, Johannes Stroebel, Venky Venkateswaran, Chen Wang and Nicholas Zarra, and participants at the NBER Behavioral
Finance Meeting, the WFA, Yale SOM, and NYU for helpful comments. We thank the CV Starr Center for Applied Economics
at New York University for generously providing funding for data purchases.

†shillenbrand@hbs.edu
‡otm210@nyu.edu

https://www.dropbox.com/s/qp5m5lyufmuprsc/HeterogeneousBeliefs_StockMarketFluctuations.pdf?raw=1
mailto: shillenbrand@hbs.edu
mailto:otm210@nyu.edu


1 Introduction

Whose beliefs drive fluctuations in stock prices? There is a surprising lack of consensus on one of the

most important questions in asset pricing. The only resounding consensus thus far is that prices move

too much relative to what is explained by future cash flows (Shiller, 1981), yielding one of the major

puzzles in asset pricing, namely the “excess volatility” puzzle. Shiller’s ground-breaking insight means

that if we impose rational expectations, then most of the variation in stock prices must come from time-

varying discount rates (Cochrane, 2011). Accordingly, a large risk-based literature has posited the exis-

tence of a representative rational investor and proposed different mechanisms to generate time-variation

in their risk premia to explain the excess volatility in stock prices (e.g., Campbell and Cochrane, 1999;

Bansal and Yaron, 2004; Barro, 2006, etc.). At the same time, Shiller’s insight has spurred a behavioral

literature which argues various departures from rationality in belief formation are sufficient to explain

the observed stock market fluctuations (e.g., De Bondt and Thaler, 1985; Hirshleifer, Li, and Yu, 2015;

Bordalo, Gennaioli, Porta, and Shleifer, 2019, etc.).

To make progress on this debate, researchers have leveraged recently available cash flow and re-

turn survey data on investors’ expectations to directly test whether investors are forming expectations

rationally (e.g. Greenwood and Shleifer, 2014; Cassella and Gulen, 2018, etc.), and subsequently, test

whether they can explain stock price movements. And yet surprisingly, this has only served to increase

the discord. Concretely, Bordalo, Gennaioli, Porta, and Shleifer (2022) gather cash flow survey data on

equity analysts’ expected short- and long-term earnings growth for the stock market, and show equity

analysts’ long-term growth expectations overreact to past news in a way that can explain the excess

volatility in stock prices. De La O and Myers (2021) also use equity analyst cash flow survey data but

find that it is equity analysts’ short-term, rather than long-term, expectations that explain the majority

of stock price fluctuations. Where both studies agree is that they see no role for return survey data on

individual investors’ expected returns, echoing Nagel and Xu (2021). By contrast, other studies (e.g.

Adam, Marcet, and Beutel, 2017; Barberis, Greenwood, Jin, and Shleifer, 2015; Jin and Sui, 2022, etc.)

argue return survey data are fundamentally important for explaining stock market fluctuations. These

studies gather survey data on individual investors’ expected returns, reject the hypothesis that these

expectations are compatible with rational expectations, and show return expectations drive the majority

of fluctuations in the stock market.

In this paper, we show that we can resolve the substantial disagreements in the literature by consid-

ering a heterogeneous beliefs model in which multiple investor-types are simultaneously active in the

stock market. We estimate this model using surveys that have been previously widely used in the liter-
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ature and show that such a framework yields four advantages over the extant literature. First, through

the lens of our model one can back out the share of stock market wealth held by each investor-type

– something which, to our knowledge, represents a methodological contribution relative to the prior

literature. Second, the heterogeneous framework fits two aspects of the data better than single-agent

frameworks: (i) it explains 87% of stock price fluctuations and (ii) it more closely matches data on the

wealth share distribution of investor-types. Third, it allows one to calculate the percentage of stock price

movements that can be chacterized as “mispriced” relative to a rational benchmark. We find that 50%

of stock market fluctuations can be ascribed to mispricing. Finally, it provides an intuitive framework

for reconciling results in the prior literature by revealing two parameters necessary to understand why

researchers have come to different answers – namely, (i) an elasticity term, which captures the elasticity

of stock prices to investor beliefs and (ii) a co-movement term, which summarizes how strongly prices

(scaled by earnings) co-move with investor beliefs.

To derive these results we first construct the model, which shows how aggregate stock prices are

formed when investors with heterogeneous beliefs interact in the stock market. The model can easily be

generalized to handle a large number of investor-types, although in this paper we work with a model

that features three investor-types extensively considered previously in the literature. The three types are

(i) investors who have the same beliefs about future cash flows as equity analyst forecasts (“Cash Flow

Survey Investors”), (ii) investors who have the same beliefs about future returns as the investors who

respond to individual investor return surveys (“Return Survey Investors”) and (iii) investors who have

the same beliefs about future cash flows as would be generated by an econometrician conditioning on

the set of information in the economy (“Rational Investors”).1 In our model, all three types are subject

to the same time-varying risk aversion.

With the exception of heterogenous beliefs, our model set-up is standard in the asset-pricing liter-

ature implying that, in equilibrium, each agent’s share of wealth invested in the stock market is given

by the ratio of their expected excess returns on the market to their time-varying risk aversion times the

quantity of stock market risk. We use each investor-type’s Euler equation, where we relate expectations

of cash flows to expectations of returns through the Campbell and Shiller (1988) identity, along with

market clearing to back out the model-implied equilibrium price-to-earnings (“pe”) ratio for the stock

market. We show that the equilibrium pe ratio is a weighted average of each investor’s beliefs, where

the weights are determined by each investor-type’s share of wealth. Intuitively, if investor-type i con-

trols a larger portion of wealth in the economy then, all else equal, their beliefs will be more influential
1We do not take a stance on how the beliefs of our investor-types are formed. Nevertheless, prior work has gathered evidence
that the Cash Flow and Return Survey Investors do not form expectations rationally (e.g., Greenwood and Shleifer, 2014;
Bordalo, Gennaioli, Porta, and Shleifer, 2022, etc.).

2



in driving stock prices in our model.

To take the model to the data, we gather data on the three investor-types. To proxy for the aggregate

stock market cash flow beliefs of the Cash Flow Survey Investors, we aggregate firm-level consensus

equity analysts’ one-year ahead and long-term earnings growth forecasts from the Thomson Reuters

Institutional Brokers’ Estimate System. To proxy for the aggregate return expectation of the Return

Survey Investors, we use the same primary survey sources of individual investor expectations used in

Greenwood and Shleifer (2014) and follow their methodology to form a composite measure of individual

investors’ expected returns. To proxy for the aggregate stock market cash flow beliefs of the Rational

Investors, we build on a recent burgeoning literature using machine learning to construct forecasts of

macroeconomic quantities (e.g., Bianchi, Ludvigson, and Ma, 2022; De Silva and Thesmar, 2021; Nagel,

2021; van Binsbergen, Han, and Lopez-Lira, 2020, etc.). In particular, we go to the cross-section of firms

and use a random-forest machine learning procedure to produce firm-level long-term earnings growth

forecasts and aggregate these forecasts to the stock market level. Finally, to account for time-varying

risk aversion, we use a range of proxies put forward in the literature (e.g., Campbell and Cochrane,

1999; Lettau and Ludvigson, 2001; Gilchrist and Zakrajšek, 2012; Bollerslev, Tauchen, and Zhou, 2009,

etc.).

We estimate the model and find that, under its maintained assumptions, Cash Flow Survey In-

vestors’ expected earnings growth, Rational Investors’ expected earnings growth and Return Survey

Investors’ expected returns explain 29%, 13% and 23% of stock price movements, respectively, while

their combined time-varying risk aversion explains another 22%. The framework explains 87% of stock

price fluctuations and thus largely resolves the excess volatility puzzle.

Our model provides a link between the empirical elasticity of stock prices to investors’ beliefs and

the wealth share of investors holding these beliefs. Together with our model equations, we show how

to use elasticity estimates from prior studies (Gabaix and Koijen, 2021; Giglio, Maggiori, Stroebel, and

Utkus, 2021) to back out investors’ wealth shares. Doing so, we find that Cash Flow Survey, Rational

and Return Survey Investors’ hold 42%, 33% and 25% of the stock market wealth, respectively. Once we

account for their risk-aversion, we find that Cash Flow Survey, Rational and Return Survey Investors’

explain 38%, 20% and 28% of stock price movements, respectively. We show these results are robust to a

range of concerns including using other proxies for time-varying risk compensation, using different val-

uation ratios, including the recent Covid-19 period in our sample, estimating the model in log changes

or after de-trending the data.

Our finding that Cash Flow Survey and Return Survey Investors’ beliefs have large explanatory

power for stock prices, when combined with prior findings in the literature that these agents have
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non-rational beliefs, suggests that they are potentially an important source of mispricing in the stock

market.2 We define mispricing as the deviation of the market price from the price that would prevail

if only the Rational Investors were active in the market. With this definition, our model implies that

mispricing is a function of (i) the wedge between Cash Flow Survey and Rational Investors’ expected

earnings growth (“cash flow mispricing”) and (ii) the wedge between Return Survey Investors’ expected

returns and required returns due to time-varying risk aversion (“return mispricing”). Mispricing, cash

flow mispricing and return mispricing are functions of (already estimated) model parameters and when

we construct the components of stock price movements attributable to mispricing, we find mispricing

explains nearly 50% of stock price movements, while cash flow and return mispricing explain roughly

60% and 20% of these mispricing movements, respectively.

Finally, we go to the cross-section of stocks, show our framework holds at the individual stock-level

and provide suggestive evidence that the beliefs of the different investor-types are driving stock prices.

For the Cash Flow Survey Investors (i.e., equity analysts) we gather data on individual stock returns

over earnings announcement windows to proxy for cash flow news. We then regress individual stock

returns over the earnings announcement window on the change in equity analysts’ expected earnings

growth for that stock before and after announcement and find that a 1.9% – 3.9% change in stock returns

corresponds to a 1ppt change in equity analysts’ expected long-term earnings growth. This estimated

elasticity range at the stock level includes the elasticity we estimate for the aggregate stock market, thus

suggesting that Cash Flow Survey Investors are impacting stock prices in a way that is in line with

the aggregate results. For the Return Survey Investors we show the price and volume of stocks which

have high (low) initial retail shares increase more (less) in response to a 1ppt increase in Return Sur-

vey Investors’ expected returns, thereby providing suggestive evidence that Return Survey Investors’

expectations correspond to those of retail investors and that they are impacting stock prices.

How do these results relate to the prior literature? To the best of our knowledge, this study is the

first to empirically estimate a heterogeneous investor framework with aggregate stock prices, survey

expectations and time-varying risk measures. In doing so, we argue our heterogeneous framework

provides a better fit with the data for two reasons. First, our framework explains 87% of stock price

fluctuations whereas we find that representative investor frameworks explain between 50% and 70%.

Second, we estimate that Return Survey Investors (i.e., retail investors) control 25% of stock market

wealth, in line with studies which suggest retail investors make up 10% to 30% of stock market wealth

or trading volume (e.g., Boehmer, Jones, Zhang, and Zhang, 2021; Evans, 2009, etc.), whereas prior work
2Concretely, Greenwood and Shleifer (2014) show that the individual investors who respond to return surveys act as if they
extrapolate past prices and returns. Similarly, Bordalo, Gennaioli, Porta, and Shleifer (2022) show equity analysts extrapolate
past fundamentals when making their forecasts.
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generally assumes these investors control none or all of the stock market wealth.

Furthermore, our framework allows us to directly relate prior studies with one another, thereby

helping resolve substantial disagreements in the literature by revealing two parameters necessary to

understanding why researchers have come to different answers. First is what we define as the co-

movement term, which measures how strongly investor i’s beliefs and stock prices (scaled by earnings)

move together and, all else equal, is driven by a researcher’s choice of the accounting method under

which earnings are calculated. Second is what we define as the elasticity term, which captures the elas-

ticity of stock prices to investor i’s beliefs, and which is a function of (i) investor-type i’s wealth share

and (ii) their term structure of beliefs. By studying the co-movement term, we resolve the disagreement

on whether equity analyst short-term or long-term earnings expectations are important for explaining

prices (Bordalo, Gennaioli, Porta, and Shleifer, 2022; De La O and Myers, 2021), finding that once we

construct a price-to-earnings ratio that is driven by prices, rather than earnings, it is long-term expecta-

tions that dominate in explaining prices. By studying the elasticity term, we can assess the role of prior

work which assumes that a single investor-type controls 100% of stock market wealth (Bordalo, Gen-

naioli, Porta, and Shleifer, 2022; Adam, Marcet, and Beutel, 2017). When we compute counterfactuals

imposing these assumptions we find results consistent with these studies. Rather than imposing these

assumptions, we estimate the relevant elasticities allowing for the possibility that multiple investor-

types are active in the stock market resulting in a better fit with the data. Our results emphasize the

need to understand the formation of heterogeneous beliefs as unveiled by survey data (e.g., Malmendier

and Nagel, 2011; Greenwood and Shleifer, 2014; Nagel and Xu, 2021; Bianchi, Ludvigson, and Ma, 2022,

etc.) and the need to move away from homogeneous belief frameworks toward their heterogeneous

counterparts (e.g., Hong and Stein, 1999; Barberis, Greenwood, Jin, and Shleifer, 2015, 2018, etc.)

The remainder of this paper is organized as follows. Section 2 introduces the heterogeneous beliefs

model. Section 3 describes the construction of the data used to estimate the model. Sections 4 presents

the main empirical results. Section 5 estimates the percentage of stock price movements due to mispric-

ing, while Section 6 relates our results to the literature. Section 7 estimates the stock market wealth share

of Return Survey Investors. Section 8 presents suggestive evidence that Cash Flow and Return Survey

Investors are driving stock prices. Section 9 concludes.

2 Theory – Heterogeneous Beliefs and Stock Prices

In this section, we develop a general model that shows how stock prices are formed when investors with

different beliefs are active in the stock market. In addition to providing intuition about how heteroge-

neous beliefs play out in the stock market, the model also guides the empirical analyses that follows.
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The model also allows us to back out the fraction of stock market wealth held by investors following a

certain belief. For simplicity, we start with a two-period model before extending it to the infinite-horizon

case.

2.1 Two-period Model

The economy features two periods. Investor trade in period t and the payouts are realized in period

t + 1. We make the assumption that there are three different types of investors in the stock market,

but the framework can be easily applied to incorporate a larger number of investor-types. In order to be

able to map the model to the data, we assume that the three investor-types are (i) investors who have the

same expectations about future cash flows as equity analyst forecasts (“Cash flow Survey Investors"), (ii)

investors who have the same expectations about future cash flows as forecasts generated by an Rational

conditioning on the set of information in the economy (“Rational Investors") and (iii) investors who have

the same expectations about future returns as the investors who respond to individual investor return

surveys (“Return Survey Investors"). The three types chosen are ones the literature has considered to be

important in explaining stock price movements (e.g., Campbell and Cochrane, 1999; Adam, Marcet, and

Beutel, 2017; Barberis, Greenwood, Jin, and Shleifer, 2015; Bordalo, Gennaioli, Porta, and Shleifer, 2022,

etc.). We assume that these investors are the same except that they have different mean beliefs about

the stock market return. Importantly, we make no assumption on the dynamic belief formation of these

groups, but we directly proxy for their beliefs using the aforementioned survey data.

We assume there are masses µcs, µr and µrs (= 1 − µcs − µr) of Cash Flow Survey, Rational and

Return Survey Investors, respectively. The total mass of investor is therefore one. In period t, each

investor-type i ∈ {cs, r, rs} is given an initial Wealth Wt and has to maximize next period’s expected

wealth by choosing to invest a fraction of their wealth αi
t into the risky-stock market (which is in fixed

supply) and the rest into the risk-free bond (which is in zero net supply). Investors understand that in-

vesting in the stock market is risky in that the realized returns are lognormally distributed with variance

σ2. Furthermore, they have CRRA preferences with time-varying risk aversion γt. Formally, investor i’s

problem can be written as

max
αi

t

Ei
t

[
(W i

t+1)
1−γt

1 − γt

]
s.t. W i

t+1 = (1 + Ri
p,t+1)Wt

Ri
p,t+1 = αi

tRt+1 + (1 − αi
t)R f t

(1)

where Ri
p,t+1, Rt+1 and R f t corresponds to the realized return on investor i’s portfolio, the stock market

and the risk-free asset, respectively. By solving equation (1) and using a Taylor approximation relating
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log individual-asset returns to log portfolio returns, one can show that the share of wealth invested in

the stock market by investor i, αi
t, will be given by (Campbell, 2017)3

αi
t =

Ei
t[rt+1]− r f t +

σ2

2

γtσ2
(2)

where Ei
t[rt+1] is investor i’s expected log return on the stock market, r f

t is the log return on the risk-free

bond and σ2

2 is the Jensen’s inequality term. The intuition from equation (2) is clear. If investor i has

higher expected returns on the stock market they will invest more wealth into stocks. Moreover, all

investor-types scale their expected excess return by the same risk aversion and perceived stock return

variance.

Return Expectations. How do investors form their return expectations Ei
t[rt+1]? To bring the model to

the data, we need empirical proxies for investors’ expected returns.

This is easy for Return Survey Investors who we assume hold the same return expectations as indi-

vidual return surveys. We therefore use these surveys as proxy for the return expectations Ers
t [rt+1] of

Return Survey Investors.

However, in the case of the Cash Flow Survey and Rational Investors we only have data on their

expected cash flows. More specifically, we have their expectations about future earnings growth, i.e.,

Ei
t
[
∆et+1

]
. Accordingly, it is necessary to relate their expected earnings growth to their expected returns.

We use the Campbell and Shiller (1988) identity to do so4

Ei
t
[
rt+1

]
= k + Ei

t
[
∆et+1

]
+ ρEi

t
[
pet+1

]
− pet i ∈ {cs, r} (3)

where k is a constant, ∆et+1 denotes earnings growth in period t+1, pet denotes the log price-earnings

ratio in period t and ρ is a constant of approximation close to one. For now, we leave investors’ expec-

tation about the future price-to-earnings ratio Ei
t
[
pet+1

]
unspecified but we relax this assumption in the

infinite-period model. We are now ready to compute the equilibrium log market price in the two-period

model by imposing market clearing.

Equilibrium Stock Prices. From market clearing the total share of wealth invested by all investors in

the stock market equals one (since risk-free bonds are in zero net supply) and so

µcsα
cs
t + µrαr

t + µrsα
rs
t = 1 (4)

3Formally, we approximate investor i’s log portfolio excess return, ri
p,t+1 − r f t = log(1 + αi

t(exp(rt+1 − r f t)− 1)), by conduct-
ing a second-order Taylor approximation around rt+1 − r f t = 0.

4We assume a constant dividend payout so that we can state the identity in earnings.
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where µiα
i
t represents the total share of wealth invested by all investors of type i. Substituting in the

Return Survey Investors’ expected returns and using equation (3) to obtain the Cash Flow Survey and

Rational Investors’ expected returns we get that the log price-to-earnings ratio at time t, pet, equals

pet = kpe +
µr

µr + µcs
Er

t
[
∆et+1 + ρpet+1

]
︸ ︷︷ ︸

Rational Investors

+
µcs

µr + µcs
Ecs

t
[
∆et+1 + ρpet+1

]
︸ ︷︷ ︸

Cash Flow Survey Investors

+
µrs

µr + µcs
Ers

t
[
rt+1

]
︸ ︷︷ ︸
Return Survey Investors

− 1
µr + µcs

γtσ
2︸ ︷︷ ︸

Required returns

− 1
µr + µcs

r f
t︸ ︷︷ ︸

Risk-free rate

(5)

where kpe is a constant. We see that the equilibrium price-to-earnings ratio pet depends on a weighted

average of investors’ beliefs where the weights are determined by the shares of total wealth invested

by each investor-type i. We also see that pet depends on five terms with different signs: it depends

(i) positively on Cash Flow Survey Investors’ expected cash flows, (ii) positively on Rational Investors’

expected cash flows, (iii) positively on Return Survey Investors’ expected returns, (iv) negatively on

time-varying risk aversion and (iv) negatively on the risk-free rate.

2.2 Infinite-horizon Model

The main intuition of the two-period model also hold when we go to an infinite-horizon economy. As

above, the goal is to develop a simple, intuitive model that we can later map to the data. The main text

focuses on the main assumptions and results – the derivations are shown in Appendix Section A.

We assume that all investor-types live for only two periods (e.g., {t, t + 1}) and in the second period

sell their stock and bond portfolios to the next generation upon death.5 Newborn investors who pur-

chase these assets have a total mass of one and are represented by the same shares (µcs, µr, µrs) in every

period. Under these assumptions, investors still maximize their two-period utility. The key difference is

that in the infinite-horizon economy, the Cash Flow Survey and Rational Investors’ expectations about

the future log price-earnings ratio pet+1 are endogenous. This endogenous object is determined by how

these two investor-types form expectations about four future forces, namely (i) earnings growth, (ii)

Return Survey Investors expected returns, (iii) time-varying risk aversion and (iv) the risk-free rate.

We make three further simplifying assumptions. First, we assume that both the Cash Flow Survey

and Rational Investors’ believe that any investor born in a future period will adopt their own beliefs

5This olg structure ensure the more rational investors do not arbitrage away any “mispricing” by pursuing long-term buy-
and-hold strategies. In this regard, our model is thus similar to the noise trader risk model of De Long, Shleifer, Summers,
and Waldmann (1990).
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about earnings growth.6 Second, we assume that both investor-types believe risk aversion and Return

Survey Investors’ expected returns follow AR(1) processes with autocorrelation parameters ργ and ρrs,

respectively. Finally, we assume there is no disagreement among the two investor-types on expected

future risk-free rates. The equilibrium log price-to-earnings ratio is then

pet = k̃pe +
µr

µr + µcs
∑
j≥1

ρj−1Er
t
[
∆et+j

]
︸ ︷︷ ︸

Rational Investors

+
µcs

µr + µcs
∑
j≥1

ρj−1Ecs
t
[
∆et+j

]
︸ ︷︷ ︸

Cash Flow Survey Investors

+
µrs

µr + µcs

1
1 − ρρrs

Ers
t
[
rt+1

]
︸ ︷︷ ︸

Return Survey Investors

− 1
µr + µcs

1
1 − ρργ

γtσ
2︸ ︷︷ ︸

Required returns

− 1
µr + µcs

∑
j≥1

ρj−1Et
[
r f

t+j−1

]
︸ ︷︷ ︸

Risk-free rate

(6)

where k̃pe is a constant. The intuition is similar to the static model: The price depends on (i) Rational In-

vestors’ expectation about future cash flows, (ii) Cash Flow Survey Investors’ expectations about future

cash flows, (iii) Return Survey Investors’ expectations about future returns, (v) time-varying risk aver-

sion and (v) expected future risk-free rates. The importance of the beliefs for the price are determined

by how many investors hold these beliefs. The key difference to the two-period model is that now pet

depends on the entire term structure of beliefs.

2.3 Bringing the Model to the Data

To bring the model to the data, we need to obtain proxies for the right-hand side objects in equation (6).

To proxy for the Return Survey investors’ return expectations we assume that they have the expectations

of the individual return surveys used in Greenwood and Shleifer (2014) (GS)

Ers[rt+1] ≈ EGS[rt+1]. (7)

One complication for the Rational and Cash Flow Survey Investors is that we do not observe their

expectations for the full term structure of earnings growth. Instead, for the latter two groups we have

data on their earnings growth expectations over the short- and long-term. Accordingly, we need to

parsimoniously proxy for their expectations over the term structure using this data. We turn to explain-

ing how we do this next. To parsimoniously proxy for Rational Investors’ expected earnings growth

over the term structure, in Section 3.3 we use Machine Learning techniques to construct out-of-sample

annualized 8yr earnings growth forecasts each period.7 We label these Machine Learning forecasts

6Formally, we assume Ei
t[E

j
t+k[∆et+k+1]] = Ei

t[∆et+k+1] for any investor j born in period t + k, where et+k+1 is earnings in
period t+k+1.

7Given data constraints, 8yr ahead forecasts is the longest forecast horizon we can use whilst still having sufficient data to train
the ML algorithm. The results are robust if we use shorter horizons (e.g., 5yr, 7yr).
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“EML
t [LTG]”, and assume the following linear relationship between these forecasts and Rational In-

vestors’ expected long-term earnings growth expectations over the term structure

∑
j≥1

ρj−1Er
t
[
∆et+j

]
≈ kr,ML +

Tr,ML

∑
j=1

ρj−1EML
t [LTG] (8)

where Tr,ML is the number of years Rational Investors hold the Machine-Learning LTG expectations, ρ(≈

0.96) is a constant of approximation from the Campbell and Shiller (1988) log-linearization, and where

we assume Rational Investors’ expected earnings growth is constant after year Tr,ML and contained

within the parameter kr,ML.

To proxy for Cash Flow Survey Investors’ growth expectations we use equity analysts’ growth fore-

casts. On this, we note that the literature typically uses equity analysts’ 1yr earnings growth expecta-

tions and, thereafter, compounds growth at analysts’ long-term growth (LTG) expectations to construct

a measure of their growth expectations over the term structure (e.g., see Bordalo, Gennaioli, Porta, and

Shleifer, 2022). Accordingly, to be consistent with this literature (and to be able to relate our results to

the prior literature), we label equity analysts 1yr and LTG expectations as Cash Flow Survey Investors

1yr (“EIBES
t [∆et+1]”) and long-term growth (“EIBES

t [LTG]”) expectations, respectively, and we assume a

linear relationship between these expectations and Cash Flow Survey Investors’ growth expectations

over the term structure. Formally, we assume

∑
j≥1

ρj−1Ecs
t
[
∆et+j

]
≈ kcs,IBES + EIBES

t
[
∆et+1

]
+

Tcs,IBES

∑
j=2

ρj−1EIBES
t [LTG] (9)

where Tcs,IBES is the number of years Cash Flow Survey Investors hold equity analysts’ LTG expectations.

It is worth noting that although we chose the more parsimonious functional form given by equation (8)

for the Rational Investors, our results are robust to using the functional form given by equation (9) for

the Rational Investors.

Taking equation (6) and substituting equations (8) and (9) for Rational and Cash Flow Survey In-

vestors expected future earnings growth, respectively, the log pe ratio reduces to

pet ≈ ǩpe +
µr

µr + µcs

Tr,ML

∑
j=1

ρj−1EML
t [LTG] +

µcs

µr + µcs
EIBES

t [∆et+1] +
µcs

µr + µcs

Tcs,IBES

∑
j=2

ρj−1EIBES
t [LTG]

+
µrs

µr + µcs

1
1 − ρρrs

EGS
t
[
rt+1

]
− 1

µr + µcs

1
1 − ρργ

γtσ
2 − 1

µr + µcs

1
1 − ρ

r f
t

(10)

where we assume expected future risk-free rates at time t are constant (i.e., Et
[
r f

t+j−1

]
= r f

t ∀ j).
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There are two main takeaways from equation (10). First, empirically estimating this equation will

allow us to back out the underlying parameters of the economy – namely, the shares of wealth held by

Rational, Cash Flow Survey and Return Survey Investors {µr, µcs, µrs} and the number of years Rational

and Cash Flow Survey Investors hold our proxies for their LTG expectations {Tr,ML, Tcs,IBES}. Second,

the model is now stated in terms of variables for which we have data. We discuss the construction of

these variables next.

3 Data

The main sample is constructed on a quarterly frequency from 1989Q1 to 2019Q4. Summary statistics of

all variables are reported in Table 1.

3.1 PE ratio

To form a measure of the stock market price-to-earnings ratio, we use the S&P500 index (obtained from

CRSP) scaled by the average of the past three years of realized earnings (the “PE" ratio). Realized earn-

ings correspond to those reported by equity analysts and are obtained from the Thomson Reuters Insti-

tutional Brokers’ Estimate System (“I/B/E/S").

3.2 Cash Flow Surveys

We use equity analysts’ forecasts of earnings to proxy for the Cash Flow Survey Investors’ cash flow

expectations.

IBES 1yr growth expectations – EIBES
t [∆et+1]. To form equity analysts’ 1yr growth expectations, we

first obtain the median equity analysts’ firm-level earnings estimates and the reported actuals using the

I/B/E/S Unadjusted Summary Statistics and the I/B/E/S Unadjusted Actuals files, respectively.8

We proceed in two steps in order to obtain equity analysts’ firm-level one-year earnings forecasts.

First, as the forecasts are on a per-share basis, we adjust them to the firm level by multiplying the

forecasts by the firm’s outstanding shares. Second, because fiscal-year end periods differ by company,

we interpolate between the fiscal year forecasts to obtain a measure of earnings forecasts over the next

year (De La O and Myers, 2021). For example, if we are currently in Q4 and a company’s fiscal year

ends in Q2, then the FY1 and FY2 forecasts correspond to the forecasted one year-earnings in 6 months

and 18 months time, respectively. We interpolate the FY1 and FY2 measures to obtain a one-year ahead

forecast.9

8We merge the I/B/E/S data with the CRSP and Compustat data to obtain information on the number of shares outstanding
at the company level (from CRSP) and on the actual earnings according to the GAAP accounting standard (from Compustat).
Further detailed information on the matching of I/B/E/S data to CRSP and Compustat is given in Appendix Section D.2.

9Concretely, in this case the 1-year ahead forecast = FY1
2 + FY2

2 .
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Next, we aggregate the firm-level earnings forecasts to the S&P 500 level by following De La O

and Myers (2021). Despite a high coverage of S&P 500 firms (see Appendix Figure B.2), we do not

have forecasts for all companies in the S&P500. To deal with this, we calculate a proxy for the S&P500

earnings by dividing the aggregate earnings expectations of those companies for which we have a 1-year

forecast available by the ratio of their aggregate market capitalization to the S&P500 index level. This

yields equity analysts’ S&P500 1yr ahead earnings forecasts (on a S&P 500 per share basis). We follow

a similar process when aggregating actuals using the Unadjusted Actuals file to obtain equity analysts’

reported S&P500 realized earnings (on a S&P 500 per share basis).10

Finally, we compute equity analysts’ 1yr earnings growth expectations as the log difference between

their S&P500 1-year forecasted earnings (on a S&P 500 per share basis) and the trailing three-year aver-

age reported earnings (also on a S&P 500 per share basis).

IBES long-term growth expectations – EIBES
t [LTG]. To form equity analysts’ long-term growth ex-

pectations for the S&P500, we first obtain median analyst’s firm-level forecasts for long-term earnings

growth (LTG) using the Unadjusted Summary Statistics file. To construct equity analysts’ LTG estimates

at the S&P500 level we then follow Bordalo, Gennaioli, Porta, and Shleifer (2022) by value-weighting

median analyst firm-level LTG forecasts according to the firms’ market capitalization.11

It is worth noting that LTG is defined by I/B/E/S as the “expected annual increase in operating

earnings over the company’s next full business cycle" which Bordalo, Gennaioli, Porta, and Shleifer

(2022) interpret to be a period of ten years given this the average duration of a business cycle in their

data. Nevertheless, we don’t take a stance on this duration but instead estimate it from the empirical

model.

3.3 Rational Cash Flow Expectations

We use machine learning forecasts of earnings to proxy for Rational Investors’ earnings expectations.

The forecasts we construct build on a recent burgeoning literature using machine learning algorithms

to construct optimal forecasts of macroeconomic quantities (e.g., Nagel, 2021; Bianchi, Ludvigson, and

Ma, 2022; De Silva and Thesmar, 2021, etc.).

Machine Learning long-term growth expectations – EML
t [LTG]. With respect to the stock market,

De Silva and Thesmar (2021) forecast earnings per share for the cross-section of matched I/B/E/S, Com-

pustat and CRSP firms between 1990 and 2000 using a random forest 5-fold cross validation machine

10The assumption behind the normalization herein is that our sample is representative of the S&P500 and in Appendix Section
D.3, we show that this assumption holds quite well.

11As discussed by Bordalo, Gennaioli, Porta, and Shleifer (2022) the correlation between this and an earnings-weighted mea-
sure of LTG is 95.4%. Although we prefer the value-weighted measure since stocks with high LTG often have low earnings
our results are robust to either specification.
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Figure 1: Cash Flow Expectations
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Note: This figure plots Equity Analysts’ 1yr and long-term growth (LTG) expectations alongside long-term earnings growth
forecasts constructed from Machine Learning methods for the S&P500. The period of analysis is 1987:Q3 to 2019:Q4.

learning procedure. We follow this procedure with four notable alterations. First, we don’t include eq-

uity analysts forecasts in the information set because it allows us to start training the algorithm in 1978

and De Silva and Thesmar (2021) have shown equity analyst forecasts add very little value for longer

horizon forecasts. Second, we forecast annualized 8yr firm-level earnings growth (winsorized at the

5%-95% level) each quarter because this is the longest forecasting horizon we can use, while ensuring

our forecasts start in 1987 (the start of our sample).12 Third, to ensure no look-ahead bias in our forecasts

we allow for a 9yr gap between training and forecasting (given 8yr ahead earnings can be based on 9yr

ahead fiscal data). Fourth, we train the algorithm using an expanding window between 1978Q1 and

1988Q4, and thereafter use a rolling 5yr window.

This procedure yields firm-level 8yr growth forecasts from 1987 onwards. We transform these firm-

level forecasts to the S&P500 level in four steps. First, for each firm we multiply its earnings over

the past year by its 8yr growth forecasts to obtain 8yr ahead earnings forecasts. Second, each quarter

we keep only the set of firms for which we have forecasts and which are in the S&P500. Third, we

then aggregate these firms’ earnings foreasts and divide it by their corresponding aggregate market

capitalization thereby yielding S&P500 8yr forecasts (on a S&P 500 per share basis). Finally, we compute

8yr earnings growth expectations as the (annualized) log difference between S&P500 8yr ahead forecasts

earnings and its past year’s earnings.

12See footnote 2.3.
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The earnings growth expectations derived from surveys from equity analysts and from machine

learning forecasts are plotted in Figure 1 in green and black, respectively. Equity analysts 1yr and LTG

growth expectations are plotted in dashed green and solid green, respectively, where we see both fall in

crisis periods. This illustrates why the literature have referred to equity analysts as having extrapolative

expectations because they tend to overreact to short-term shocks by extrapolating them into the future.

To illustrate this further, we plot machine learning constructed long-term earnings growth forecasts in

black where we see, by contrast, they rise in crisis periods. Thus, rational investors are aware any shocks

to earnings in crisis periods tend to be transitory and future cash flows will eventually be higher.

3.4 Return Surveys

We proxy for Return Survey Investors’ expected 1yr returns using expected 1yr returns from Greenwood

and Shleifer (2014). To construct the latter, we gather data on three bull-bear surveys - namely (i) the

American Association of Individual Investors, (ii) Investors’ Intelligence newsletter expectations and

(iii) Gallup - and relate them to survey data on investors’ 1yr expected returns over a sub-period of the

sample from Gallup.

American Association of Individual Investors. We obtain the AAII Survey from the American Asso-

ciation of Individual Investors website.13 This survey is administered to members of the American As-

sociation of Individual Investors and measures the percentage of individual investors who are bullish,

neutral, or bearish on the stock market for the next six months. The survey is conducted on a weekly ba-

sis since July 1987. Following Greenwood and Shleifer (2014) we compute AAII sentiment as the bullish

minus bearish spread. As most of our other data is available on a quarterly basis, we take a quarterly

average of the data.

Investors’ Intelligence Newsletter Expectations. We purchase the Investors Intelligence newsletter

expectations from the Investors Intelligence website which is available on a weekly basis since 1969.14

To form this newsletter expectations data, the survey editors analyze the outlook of over 120 financial

market newsletters and label each newsletter as having “bullish", “bearish" or “neutral" forecasts for

stock returns over the near term. We compute Investors’ Intelligence sentiment as the quarterly average

of the weekly bullish-bearish spread.

Gallup. We obtain the Gallup bullish-bearish survey directly from Gallup. In this survey, Gallup

asks participants whether they are “very optimistic", “optimistic", “neutral", “pessimistic" or “very pes-

simistic" about stock returns over the next year. We calculate sentiment as the bullish - bearish spread

13https://www.aaii.com/sentimentsurvey/sent_results.
14https://www.investorsintelligence.com/x/us_advisors_sentiment.html
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where bullish (bearish) corresponds to the percentage of responds who are very optimistic or optimistic

(pessimistic or very pessimistic) about stock returns over the next year, respectively. The Gallup bullish-

bearish spread is available on a monthly basis between October 1996 and October 2009 and a quar-

terly basis thereafter.15 Accordingly, we compute the quarterly Gallup bullish-bearish spread as the last

monthly reading in each quarter.

Investors’ expected 1yr returns (GS, 2014) – EGS
t [rt+1] Ultimately, we want a measure for expected

returns whilst the three surveys are measures of investors sentiment. To translate them into expected

return, we follow Greenwood and Shleifer (2014) by taking advantage of the fact, that between 1998 and

2007, Gallup also asked survey participants about the return they expected to achieve on their portfolio

over the next 12 months.16 We transform our sentiment surveys to a composite measure via three steps.

First, we standardize all three surveys and compute the first principal component to form a measure

of surveyed investors’ expectations index between 1996:Q4 and 2019:Q4. Second, we extend this series

back by using fitted values from a regression of the surveyed investors’ expectations index onto the

standardized values of AAII Investor Sentiment and the Investors’ Intelligence Sentiment, which are

both available since 1987:Q3. Finally, to form Investors’ expected 1yr returns (GS, 2014) we use the fitted

values from a regression of the Gallup survey on expected portfolio returns on the surveyed investors’

expectations index.

The three bull-bear surveys used to construct Investors’ expected 1yr returns (GS, 2014) are plotted

in Figure 2 Panel A, where we see all three co-vary positively (and significantly so).17 Investors’ expected

1yr returns (GS, 2014) are then plotted against the negative surplus consumption ratio in Panel B, where

we see they co-vary negatively. Concretely, their expected returns were near all time-highs during the

the dot-com boom in the late 1990s and the credit boom in the early 2000s, before decreasing markedly

in the ensuing dot-com bust and financial crises. Conversely, negative surplus consumption was much

lower during the boom periods and increases markedly in the bust periods. This illustrates why the

literature has referred to investors as price extrapolators (e.g., Greenwood and Shleifer, 2014; Adam,

Marcet, and Beutel, 2017, etc.) because survey data on their expected returns they tend to be overly

optimistic (pessimistic) when past returns have been high (low).

3.5 Risk Aversion and Risk-free Rate

Risk aversion – RAt. The literature has proposed many measures to quantify time-varying risk pre-

mium under rational expectations. Our preferred measure is the (negative) surplus consumption ratio

15We fill in any missing months by using the mostly recently available prior bullish-bearish reading.
16We obtain this data from Roper iPoll.
17Refer to Table C.2 which gives the pairwise correlation coefficients between the three surveys.
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Figure 2: Return Expectations

(A) Components – Investors Expectations Index (Green-
wood and Shleifer, 2014)
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Note: Panel A plots the components of the Investors’ expectations index. We then follow Greenwood and Shleifer (2014) to
construct Investors’ expected 1yr returns by using predicted values from a regression of the investors’ expectations index on
investors’ expected returns over the next year as reported in the Gallup survey. Panel B plots Investors’ expected 1yr returns
against the negative surplus consumption ratio. The period of analysis is 1987Q3 to 2019Q4.

proposed by Campbell and Cochrane (1999) which we construct following Haddad and Muir (2021).

Concretely, we set the model parameters so that our negative surplus consumption ratio series closely

matches Haddad and Muir (2021) over the period 1987Q3:2012Q4 and then extend the series forward.

The data to compute real per capita consumption are obtained from FRED, including personal consump-

tion expenditure (series: “PCE”), inflation (series: “PCEPI”) and total population (series: “POP”).

In robustness tests we also use various other proxies that have been proposed by the prior literature

including the variance risk premia (Bollerslev, Tauchen, and Zhou (2009)), the cay-factor (Lettau and

Ludvigson (2001)) and the HKM intermediary factor (He, Kelly, and Manela (2017)).

Risk-free Rate – r f
t . Our measure for the risk-free rate is the one-year T-bill rate downloaded from the

FRED database (series “DGS1”).

Table 1 provides the summary statistics of the main variables used in the paper.
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Table 1: Summary Statistics

mean sd min max count

PE 19.38 4.12 10.36 31.55 130

log(PE) 2.94 0.20 2.34 3.45 130

Machine Learning LTG expectations 9.08 2.08 2.40 12.89 130

IBES equity analysts’ 1yr growth expectations 21.76 9.81 −16.43 40.06 130

IBES equity analysts’ LTG expectations 12.38 1.81 9.54 18.32 130

Investors’ expected 1yr returns (GS, 2014) 10.94 1.58 6.66 14.23 130

Negative surplus consumption ratio (Risk Aversion) −4.99 1.31 −7.41 −2.00 130

Risk-free rate 3.40 2.60 0.10 9.64 130

Note: This table provides summary statistics of the variables used in the paper. All variables are on the aggregate stock market,
i.e., S&P500 index, level. The unit of observation is a quarter. The time period is from 1989:Q1 to 2019:Q4.

4 Empirics – Heterogeneous Beliefs and Stock Prices

Having constructed our data on the investor-types we proceed to empirically test the heterogeneous

beliefs model. In doing so, we first illustrate the predictive power of our variables in explaining S&P500

movements and then perform a variance decomposition. Secondly, to attribute the percentage of stock

price movements explained by each investor-type we need to know the share of stock market wealth

they control and so we back out this key moment from the model. Finally, we show our results are

robust to a wide range of concerns.

4.1 Empirical Specification

To illustrate the predictive power of the framework, we estimate equation (10) by running the following

multivariate regression

pet = β0 + βr
LTGEML

t [LTG] + βcs
∆et+1

EIBES
t [∆et+1] + βcs

LTGEIBES
t [LTG] + βrs

rt+1
EGS

t [rt+1]

+ βγRAt + βr f r
f
t + ϵt.

(11)

where the dependent variable pet is the logarithm of the price-to-earnings ratio, EML
t [LTG] are the

long-term earnings growth expectations constructed from Machine Learning forecasts, EIBES
t [∆et+1]

and EIBES
t [LTG] are IBES equity analysts’ 1yr and long-term earnings growth expectations, respectively,

EGS
t [rt+1] are Investors’ expected 1yr returns constructed following Greenwood and Shleifer (2014), RAt

is a measure of investors’ risk aversion – for which our preferred measure is (the negative value of) the

surplus consumption ratio – and r f
t corresponds to the 1yr T-bill rate.
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Figure 3: Stock Market Fluctuations
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Note: This figure provides a decomposition of stock market fluctuations (i.e. it compares the log PE ratio to the predicted values
from the right-hand side objects in equation (11)). To construct this graph we first standardize all the independant variables.
Second, we run the multivariate regression equation to obtain the β̂ elasticities and use these elasticities to construct the
predicted values of each independent variable. Concretely, the predicted value for the risk aversion component is computed
as β̂0 + β̂γRAt. We then sequentially add the predicted values due to cash flow expectations due to Rational, Cash Flow Survey
and Return Survey Investors as given by the shaded areas in black, green and orange, respectively. The time period of analysis
is 1987:Q3 to 2019:Q4.

This regression yields the estimated β̂ elasticities which we use to construct the predictive values

of the right hand side objects of equation (11). Per our model, the predictive component due to the

cash flow or return expectations of investor-type i ∈ {r, cs, rs} is given β̂i
xE

data(i)
t [x], where data(i) ∈

{ML, IBES, GS} corresponds to the data component we use to proxy for the expectations of investor-

type i. For example, the predictive component due to rational investors’ expected earnings growth

is given by β̂r
LTGEML

t [LTG]. These predictive components are plotted in Figure 3. In particular, the

stock price movement explained by risk aversion, which is common to all investors, is plotted in blue

(and given by β̂0 + β̂γRAt). We see the decline (increase) in risk aversion during the dot com boom

(financial crisis) can explain some of the movement in prices but there is still a lot of excess volatility.

We then add the predictive component due to Rational Investors’ expected earnings growth as given

by the black shaded error. Together, these reflect the stock price movement due to rational investor

components yet there is still a lot of excess volatility. Finally, we add the predictive component for due
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to Cash Flow and Return Survey Investors’ expectations as given by the green and orange shaded areas,

respectively. Now we see the majority of excess volatility in stock prices can be explained by these two

components, including the run-up in stock prices during the dot-com boom and the collapse in prices

during the financial crisis. In that sense, the framework can resolve the excess volatility puzzle. To put

precise numbers on the explanatory power of these predictive components we next perform a variance

decomposition.

4.2 Variance Decomposition

To perform a variance decomposition we take the covariance of both the left and right-hand side of

model equation (11) with pet and divide through by the variance of pet (i.e., V(pet)) to obtain

1 = βrbML
LTG + βcs

∆et+1
bIBES

∆et+1
+ βcs

LTGbIBES
LTG + βrs

rt+1
bGS

rt+1
+ βγbγt + βr f brft + bϵt

where bIBES
∆et+1

=
Cov

(
EIBES

t [∆et+1] , pet
)

V(pet)
and so forth.

(12)

where βx and bx corresponds to the estimated elasticity and “co-movement" for the independent variable

x, where the latter is obtained by regressing the independent variable onto the pe ratio. The advantage of

our framework is twofold. First, the percentage of pe movements explained by investor i’s expectation

for variable x is given by the product of its elasticity and it’s co-movement (i.e., βi
xbdata(i)

x ). For example,

βcs
∆et+1

bIBES
∆et+1

is the % pe movements explained by Cash Flow Survey Investors’ 1yr expected earnings

growth. Second, this methodology will allow us to link our results back to the extant literature in a

simple but powerful way.

Table 2 gives the results of this variance decomposition. For each independent variable its elasticity,

its comovement and its percentage contribution toward explaining stock price movements are reported

in columns (1), (2) and (3), respectively. We find Rational Investors’ expected earnings growth explain

12.7% of stock price movements while Cash Flow Survey Investors’ 1yr and long-term earnings growth

expectations explain 5.5% and 23.2%, respectively. Return Survey Investors’ expected returns explain

another 22.7%. Finally, risk aversion (as measured by negative surplus consumption) explains 22.0%.

In short, the framework explains nearly 90% of stock price fluctuations. Nevertheless, we still cannot

assert the percentage of stock price fluctuations due to each investor-type. To do so, we need to know

the fraction of wealth held by each investor so that we can attribute the share of stock price movements

due to the risk aversion to each investor-type. Accordingly, we show how the model can be used to back

out the underlying parameters of the economy, including the share of stock market wealth held by each

investor.
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Table 2: Decomposition of Stock Market Fluctuations

Variation
Elasticity Comovement Explained (%)

β b =
Cov( . ,log(PE))

σ2(log(PE)) β × b

(1) (2) (3)

Rational Investors’ expected earnings growth 4.00*** 3.17*** 12.7
(0.74) (0.90)

Cash Flow Survey Investors’ expected 1yr growth 0.57*** 9.70* 5.5
(0.12) (5.50)

Cash Flow Survey Investors’ expected long-term growth 3.45*** 6.71*** 23.2
(0.88) (0.60)

Return Survey Investors expected 1yr returns 4.70*** 4.83*** 22.7
(0.63) (0.48)

(Negative) surplus consumption -5.63*** -3.91*** 22.0
(1.02) (0.41)

Risk-free rate 0.48 1.69 0.8
(0.57) (1.14)

Residual 13.1

Note: This table provides a decomposition of stock market fluctuations as outlined in equation 12. Column (1) corresponds to
the elasticity estimates from estimating (11). Column (2) corresponds to the co-movement terms which are equal to univariate
regression coefficients, i.e. Cov( . ,log(PE))

σ2(log(PE)) . Column (3) gives the variation explained by each variable and is equal to the product
of the elasticity β and the co-movement b. The time period is from 1987:Q3 to 2019:Q4. Robust standard errors are shown in
parentheses. Significance levels: *(p<0.10), **(p<0.05), ***(p<0.01).

4.3 Investor Wealth Shares

To back out the underlying parameters of the economy we first compare the empirical model in (11)

to the theoretical model in (10) which yields the following relationship between elasticities and model

parameters

βr =
µr

µr + µcs

Tr,ML

∑
j=1

ρj−1, βcs
∆et+1

=
µcs

µr + µcs
, βcs

LTG =
µcs

µr + µcs

Tcs,IBES

∑
j=2

ρj−1 (13)

µr + µcs + µrs = 1 (14)

where ρ = 0.96 is a constant of approximation and where we exclude the risk aversion and Return

Survey Investor elasticities because they introduce three more unknowns.18 From equation (13) we

see that we can’t yet uniquely identify the model parameters. Nevertheless, for any estimated Return

Elasticity (in this case, the Return Survey Elasticity β̂rs
rt+1

) we show how we can leverage this elasticity

18Namely, the AR(1) coefficients on risk aversion and Return Survey Investors expected returns along with the affine relation-
ship between risk aversion and the negative surplus consumption.
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along with other elasticity estimates in the literature to back out the share of wealth held by Return

Survey Investors. Doing so, will allow us to back the remaining model parameters. We turn to this next.

Share of Stock Market Wealth held by Return Survey Investors. We provide a formal explanation

in Section 7 and provide a high-level overview here. Assume Return Survey Investors hold a fraction

µrs of the stock market. Given µrs, we use micro-estimates on the percentage change in equity share to

a 1% percentage change in expected returns (Giglio, Maggiori, Stroebel, and Utkus, 2021) to obtain an

estimate of the $ equity flows induced by a 1% change in Return Survey Investors expected returns. We

then use macro-estimates to obtain the % change in stock prices caused by these $ equity flows Gabaix

and Koijen (2021). Thus, we now have an estimate of the % change in stock prices to a 1% change in

Return Survey Investors’ expected returns, given the fraction of the stock market wealth held by Return

Survey Investors µrs. Accordingly, we adjust µrs until the resulting % change in stock prices to a 1%

change in price extrapolators’ expected returns matches our elasticity estimate β̂
p
rt+1 . Doing so, we find

Reutrn Survey Investor hold 25% of the stock market wealth (µ̂rs = 25%).

Share of Stock Market Wealth held by Rational and Cash Flow Survey Investors. That Return Sur-

vey Investors hold 25% of the stock market wealth, implies Cash Flow Survey and Rational Investors

hold the remaining 75% of stock market wealth. Noting that the estimated elasticity for Cash Flow Sur-

vey Investors 1yr earnings growth is equal to the share of stock market wealth held by Cash Flow Survey

Investors as a ratio of the share held by Cash Flow Survey and Rational Investors (i.e., β̂cs
∆et+1

= µcs
µr+µcs

)

we can back out the share held by Cash Flow Survey Investors. Accordingly, we find Cash Flow Sur-

vey Investors’ hold 42% of stock market wealth (µ̂cs = 42%). From the shares constraint, this implies

Rational Investors must hold the remaining 33% of stock market wealth (µ̂r = 33%).

Number of Years Rational and Cash Flow Survey Investors hold LTG expectations. Finally, the es-

timated elasticities for Cash Flow Survey and Rational Investors long-term earnings growth are a func-

tion of (i) wealth shares and (ii) the number of years these investors hold our proxies for their long-term

earnings growth expectations. Having estimated wealth share, we can back out the latter parameters.

Doing so, we find Cash Flow Survey and Rational Investors hold equity analyst and Machine Learn-

ings constructed long-term earnings growth expectations for 8yrs (Tcs,IBES = 8) and 11yrs (Tr,ML = 11),

respectively.

Variation Attributable to each Investor Group. We find Rational, Cash Flow Survey and Return Sur-

vey Investors combined risk aversion explains around 22% of stock price movements whilst they hold

33%, 42% and 25% of stock market wealth, respectively. This implies their individual risk aversion

components explain roughly 9%, 6% and 7% of stock price movements, respectively. Therefore, also ac-
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Table 3: Wealth Shares and Variation Attributable to Each Investor Group

Valuation Risk 2-year Include
Main ratio aversion changes De-trend Covid-19

Log(Cape) HKM CAY VRP
(1) (2) (3) (4) (5) (6) (7) (8)

Wealth Shares (in %)
Rational Investors 33 28 38 31 36 42 39 46

Cash Flow Survey Investors 42 46 38 41 36 34 35 28

Return Survey Investors 25 25 23 27 29 24 26 26

Attributable Price Variation (in %)
Rational Investors 20 22 8 12 8 6 20 20

Cash Flow Survey Investors 38 47 51 40 44 42 40 32

Return Survey Investors 28 23 22 25 26 34 31 29

Residual 14 8 19 23 22 18 9 19

Dependent Variable Log(PE) Log(Cape) Log(PE)

Risk aversion measure Surplus Consumption HKM CAY VRP Surplus Consumption

Sample End Date 2019Q4 2021Q2

Note: This table shows the wealth shares and the variation of stock prices that is attributable to each investor group. In column
(1) we show our base case results. In column (2) we use the logarithm 10-year cape as the valuation ratio. In columns (3) - (5) we
repeat the main decomposition but using different risk aversion proxies that have been proposed in the literature. In column
(6) we use log 2-year changes of all variables. In column (7) we de-trend all variables over the sample period. In column (8)
we extend the sample forward to 1987Q3:2021Q2 to include the Covid-19 period. The unit of observation is a quarter.

counting for their belief components, we conclude that Rational, Cash Flow Survey and Return Survey

Investors explain 20%, 38% and 28% of stock price movements, respectively. We now show these results

are robust to a wide range of concerns.

4.4 Robustness

In the base case, we use the (logarithm of) S&P500 index scaled by the average of the past three years

of I/B/E/S reported earnings (PE ratio) as the dependent variable. We do so to form a price-driven

valuation ratio. Nevertheless, the results are robust to the use of other price-driven valuation ratios

used in the literature, such as the 10-year Shiller CAPE ratio. To see this, we repeat the decomposition

using the (logarithm of) 10-year Shiller CAPE as the valuation ratio and report the results in column

(2) of Table 3 – the base case results are reported in column (1) – where we see the results are largely

unchanged.19

Second, the surplus consumption ratio might not be the appropriate risk aversion measure. To

19To follow model equation (10) precisely, here we scale both the S&P500 index by 10yr smoothed shiller earnings and the
forecasted earnings by 10yr smoothed earnings when constructing earnings growth forecasts.
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address this concern, we estimate our empirical framework using various other risk aversion measures

that have been proposed by the literature including the HKM intermediary factor (He, Kelly, and Manela

(2017)), the cay-factor (Lettau and Ludvigson (2001)), and the variance risk premia (Bollerslev, Tauchen,

and Zhou (2009)). The variance decomposition results using these various risk-aversion proxies are

shown in columns (3) - (5). Again we find the results yield qualitatively and quantitatively similar

conclusions.

Third, the logarithm of the PE ratio is quite persistent (the autocorrelation coefficient for log (PE)

is 0.93 on the quarterly level) and so one might worry about the number of independent data points

used in our estimation. Fourth, one might worry the results are driven by trends in the data (indeed,

our preference for using the PE ratio relative to the 10-year Shiller CAPE and the PD ratio is because the

latter two (particularly the PD ratio) trend upwards in the later part of the sample whereas the PE ratio

does not – see Appendix Figure B.1). To address these concerns, we repeat the variance decomposition

where we (i) use log 2-year changes for all variables and (ii) de-trend all variables over the sample

period. Results are reported in columns (6) and (7), respectively, where we see the results are robust to

these alternative specifications.

Finally, is whether our results are robust to the inclusion of the covid-19 crash and rebound. Accord-

ingly, in column (7) we report the variance decomposition results when we extend the sample forward

to include this period (i.e., 1987Q3:2021Q2). We find the results are largely robust.

5 Stock Market Mispricing

The framework explains nearly 90% of stock market fluctuations thereby accounting for most of the ex-

cess volatility puzzle (Shiller, 1981). Nevertheless, if we were to construct the counterfactual price where

the more “rational" Rational Investors were the only investors in the market, we’d find they would only

explain around 50% of stock price fluctuations. This suggests there is a lot of “excess mispricing volatil-

ity" in the stock market. A natural question that arises is what percentage of mispricing can be accounted

for by the beliefs of the Cash Flow and Return Survey Investors. An advantage of our framework is it

allows us to directly answer this question.

Define mispricing as the deviation of the market price relative to the price that arises if only Rational

Investors were active in the market. More formally, define the price that arises if only Rational Investors

arises as per
t , then this price can be obtained by setting the share of Cash Flow and Return Survey
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Figure 4: Mispricing
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Note: This figure plots the mispricing components in the S&P500 according to our model. Mispricing corresponds to the wedge
between the S&P500 index and the rational price (i.e., the price that would occur if only rational investors’ were present). Cash-
flow and Return mispricing correspond to the mispricing that occurs due to Cash Flow Survey and Return Survey Investors’
beliefs. The time period is from 1987:Q3 to 2019:Q4.

Investors to zero in equation (10) to obtain

per
t = k +

Tr,ML

∑
j=1

ρj−1EML
t [LTG]− 1

1 − ρργ
γtσ

2 − 1
1 − ρ

r f
t . (15)

Subtracting (15) from (10) we can write stock market mispricing as

pet − per
t︸ ︷︷ ︸

Mispricing

=
µcs

µr + µcs

(
EIBES

t [∆et+1] +
Tcs,IBES

∑
j=2

ρj−1EIBES
t [LTG]−

Tr,ML

∑
j=1

ρj−1EML
t [LTG]

)
︸ ︷︷ ︸

Cash flow mispricing

+
µrs

µr + µcs

( 1
1 − ρρrs

EGS
t [rt+1]−

1
1 − ρργ

γtσ
2)︸ ︷︷ ︸

Return mispricing

− µrs

µr + µcs
r f

t .

(16)

This framework shows that mispricing is a function of (i) the wedge between Cash Flow Survey and Ra-

tional Investors expected earnings growth (“Cash flow mispricing") and (ii) the wedge between Return

Survey Investors expected returns and required returns due to time-varying risk aversion (“Return mis-

pricing"). Mispricing, cash flow mispricing and return mispricing are functions of the model parameters
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Table 4: Mispricing Decomposition (%)

(1) (2)

Sample Period 1987Q3:2019Q4 2000Q1:2019Q4

Cashflow mispricing 62 59

Return mispricing 19 33

Total 81 92

Note: This table reports the variation in mispricing movements that is attributable to Cash Flow Survey beliefs (“Cashflow
Mispricing") and Return Survey beliefs (“Return Mispricing"). We report the results for the full-sample in Column (1) and for
the period 2000:Q1 to 2019:Q4 in column (2).

and so we can construct these counterfactual series.20

In doing so, the first question that arises is how important is mispricing in explaining stock price

movements. To answer this, we compute the ratio Cov(pet−per
t ,pet)

V(pet)
and find mispricing explains nearly

50% of stock price movements. In other words, stock prices would vary by roughly 50% less if only

Economemtrician Investors were active in the market. The next question is how important are cash

flow and return mispricing in explaining these mispricing movements. Accordingly, in Figure 4, we

plot mispricing, cash flow mispricing and return mispricing in red, shaded green and shaded orange,

respectively. There are two takeaways. First, periods of positive mispricing (i.e., overvaluation) were

pronounced in the late 80s and the dot-com boom whilst periods of negative mispricing (i.e., underval-

uation) were pronounced in the dot-com bust and financial crisis. Second, both cash flow and return

mispricing are important in explaining these periods of over- and under-valuation.

To put precise numbers on the percentage of mispricing movements explained by cash flow and

return mispricing, we can follow the same logic in 4.1, to obtain the mispricing decomposition. Con-

cretely, we can taking the covariance of both sides of (16) with respect to mpt ≡ (pet − per
t) and divide

through by the variance of mpt to obtain

100% =
µr

µr + µcs

(
bIBES

∆et+1,mp +
Tcs,IBES

∑
j=2

ρj−1bIBES
LTG,mp −

Te

∑
j=1

ρj−1be
LTG,mp

)
︸ ︷︷ ︸

% Cash flow mispricing

+
µrs

µr + µcs

( 1
1 − ρρrs

bGS
rt+1,mp −

1
1 − ρργ

σ2bγt,mp
)

︸ ︷︷ ︸
% Return mispricing

+ϵt

where bIBES
∆et+1,mp =

Cov
(
EIBES

t [∆et+1] , mpt
)

V(mpt)
and so forth.

(17)

20We did not estimate the perceived auto-correlation parameters ρrs and ργ or the affine relationship between risk aversion
and negative surplus consumption but used the fact that, per our model, βrs

rt+1
=

µrs
µr+µrs

1
1−ρρrs

and βγRAt = 1
µr+µcs

γtσ
2 to

construct counterfactual Return Survey Investors’ expected return and time-varying required return series.
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where, for simplicity, we include the risk-free rate component in the residual. We report the results of

this decomposition in Table 4 column (1). We find cash flow and return mispricing explain 62% and

19% of mispricing movements, respectively, for a total of 81%. Moreover, in column (2) we repeat the

decomposition for the period 2000 onwards and find their beliefs can account for 92% of mispricing

movements.

We conclude that mispricing explains roughly 50% of stock price movements, whilst both Cash Flow

and Return Survey Investors’ beliefs are important in explaining mispricing movements.

6 Relationship with Prior Literature

There is substantial disagreement in prior studies on which beliefs are important for stock price fluctua-

tions. For example, Bordalo, Gennaioli, Porta, and Shleifer (2022), Nagel and Xu (2021), and De la O and

Myers (2022) disagree on whether forecasts of short-term or long-term earnings growth explain most

price fluctuations. In addition, some studies posit a large role for extrapolative return beliefs (Adam,

Marcet, and Beutel, 2017), while others do not find (or assume) that they matter for stock prices (De la

O and Myers, 2022; Bordalo, Gennaioli, Porta, and Shleifer, 2022).

An advantage of our empirical framework is that we can understand the assumptions made in

the prior literature that have led to these disagreements. It also allows us to link our results to the

conclusions of prior studies. Concretely, per our framework, the percentage of stock price fluctuations

explained by investor i’s beliefs about variable x, e.g., equity analysts’ forecasts of long-term earnings

growth, is given by

βi
x︸︷︷︸

Elasticity

˙
Cov(Ei

t[x], log Pt
Et
)

V(log Pt
Et
)︸ ︷︷ ︸

Co-movement

(18)

where the elasticity, βi
x, measures the elasticity of prices with respect to the investor i’s beliefs about x

and the co-movement term measures how strongly investor i’s beliefs about x and the price-to-earnings

ratio move together. For example, when considering equity analysts’ beliefs about long-term earnings

growth, this elasticity would be determined by (i) the share of wealth in the stock market that hold

the same beliefs as equity analysts (i.e., Cash Flow Survey Investor wealth share), and (ii) how long

these investors’ hold equity analysts’ long-term earnings growth for, i.e., the term-structure of earnings

growth. The co-movement term simply states how strongly prices (scaled by earnings) and analysts’

beliefs about earnings growth co-move.

If we know the assumed wealth share and term-structure assumption of another study we can easily
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compute that counterfactual in our model and compare results. As for the co-movement term, this

depends on directly observable prices and earnings. We would therefore not expect much disagreement

among studies on the co-movement. Yet we find it has led to considerable disagreement in the literature.

Co-movement of survey beliefs and prices. The co-movement term is one reason why our results

differ markedly from De la O and Myers (2022) who argue that “short-term, rather than long-term, expec-

tations account for most price ratio variation”. De la O and Myers (2022) find for the one-year earnings

growth forecasts, EIBES
t [Et+1],

Cov(log EIBES
t [Et+1]

Et
, log Pt

Et
)

V(log Pt
Et
)

= 42%, (19)

whereas we find this term to be only 10%. In other words, De la O and Myers (2022) document a much

stronger comovement between the price-to-earnings ratio and short-term earnings growth forecasts than

we do.

Why is there such a large difference? This difference arises from the use of a different earnings mea-

sure, Et, when scaling prices to obtain the price-to-earnings ratio and when scaling earnings forecasts to

obtain earnings growth forecasts. De la O and Myers (2022) use earnings excluding extraordinary items

calculated under Generally Accepted Accounting Principles (GAAP), while we use earnings as reported

by “Wall-Street" equity analysts in the IBES system (“STREET earnings”). The difference between these

earning measures is large as documented in Figure B.3 and arises mainly due to “special items” (which

mostly correspond to non-recurring items and one-off impairments (Bradshaw and Sloan, 2002)).21 Im-

portantly, GAAP earnings are much more volatile and fell dramatically during the financial crisis.

To see why this matters for our analysis, Figure 5 compares the price-to-earnings ratio and forecasted

one-year earnings growth using both GAAP and STREET earnings as denominators. Panel A documents

that the price-to-GAAP earnings ratio shoots up (rather than falling) in the financial crisis, because the

drop in GAAP earnings is so large. At the same time, the large drop in earnings mechanically leads

to a dramatic increase in forecasted earnings growth, because analyst exclude the drop in earnings due

to special items from their forecasts. As a result, the price-to-earnings ratio and forecasts of one-year

earnings growth are highly correlated with the comovement term being 42%.22 To see that this is purely

a denominator effect and unrelated to the belief formation of analysts, Table 5 reports the co-movement

term when we use future realized earnings growth (instead of analyst forecasts). Columns (1) and

21To corroborate the explanation of Bradshaw and Sloan (2002), we also plot GAAP earnings excluding “special items” in
Figure B.3 and find that it closely tracks STREET earnings. Financial Analysts do not include these items in their earnings
forecasts and hence, in their reported STREET earnings.

22See Adam and Nagel (2022) who make a similar argument.
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Figure 5: GAAP versus STREET Earnings
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Note: This figure shows the price-to-earnings ratio and forecasts of one-year earnings growth for the S&P500 index when
using different earnings measures to scale them. GAAP earnings are earnings excluding extraordinary items calculated under
GAAP accounting standards, while STREET earnings, are earnings as defined by Wallstreet and as used by equity analysts.

Table 5: GAAP and STREET Earnings: Realized vs. Forecasted

Co-movement:
Cov(log(·),log Pt

Et
)

V(log Pt
Et
)

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

EGAAP
t+1

EGAAP
t

EIBES
t [ESTREET

t+1 ]
EGAAP

t

ESTREET
t+1

ESTREET
t

EIBES
t [ESTREET

t+1 ]
ESTREET

t

Pt
EGAAP

t
0.45 0.47

Pt
ESTREET

t
0.06 0.13

Note: This table computes the comovement (as defined in equation (19)) between the price-to-earnings ratio and forecasts
of one-year earnings growth for different earnings measures. GAAP earnings, EGAAP

t , are earnings excluding extraordinary
items calculated under GAAP accounting standards, while STREET earnings, ESTREET

t are earnings as defined by Wallstreet
and as used by equity analysts. Column (1) computes the co-movement when using GAAP earnings for both the log PE ratio
and future realized 1yr earnings growth. Column (2) is similar but for 1yr earnings growth we replace next year’s realized
GAAP earnings with next year’s STREET forecasts in the numerator to form Next yr’s forecasted growth. Columns (3) and (4)
are identical to Columns (1) and (2), respectively, with the exception that we use STREET earnings in the denominators. The
time period corresponds to that used in De La O and Myers (2021), namely 1976Q1:2015Q3.

(2) show that the strong co-movement arises for both realized and forecasted earnings growth when

using GAAP earnings as the scaling factor. Columns (3) and (4) report the same results using STREET

earnings as the scaling factor. The co-movement decreases to 6% using realized earnings and 13% using

forecasted earnings.

Why do we prefer using STREET earnings in the denominator? First, equity analysts make STREET
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earnings forecasts, which implies that it is more appropriate to scale forecasts with realized STREET

earnings when converting them to growth forecasts. Second, we are more interested in understanding

asset prices (the numerator), and less interested in understanding any factor used to scale them (the

denominator). Thus, we prefer using a valuation ratio that is driven by prices. In addition to using

STREET earnings, we also take an average over the past three years to smooth these earnings even

further. Once we use smoothed STREET measures, forecasts of short-term earnings growth are still

important for explaining price fluctuations, but they are significantly less important than the results of

De la O and Myers (2022) suggest. Similarly, the earnings-driven valuation ratio also explains why De la

O and Myers (2022) do not find a relationship between return surveys and the price-to-earnings ratio,

while we do.

Elasticity of prices to survey beliefs. The elasticity determines how important a set of cash flow or

return beliefs are for stock prices. Per our model, the elasticity term depends on (i) the share of stock

market wealth that holds those beliefs and (ii) the term-structure of those beliefs. For example, we find

Cash Flow Survey Investors’ (i.e., those who have the same beliefs as equity analysts) hold 42% of stock

market wealth and hold equity analysts’ long-term earnings growth expectations for 8yrs. On this, the

prior literature has generally assumed all the wealth is held by one investor-type and they exogenously

impose a term-structure assumption. Accordingly, this analysis provides direct intuition for why prior

studies found their results.

Let us consider equity analysts’ forecast for long-term earnings growth. Bordalo, Gennaioli, Porta,

and Shleifer (2022) first assume all investors hold equity analysts’ earnings expectations and so the share

of wealth held by Cash Flow Survey Investors is one , i.e., µ̂cs = 1. Second they assume investors hold

equity analysts’ one-year growth expectations, and thereafter, hold equity analysts’ long-term earnings

growth expectations for eight years, i.e., T̂cs,IBES = 9. Plugging these assumptions into equation (13)

yields elasticity estimates for 1yr and long-term earnings growth of β̂cs
∆et+1

=1 and β̂cs
LTG=6.7, respec-

tively.23 Multiplying the elasticity estimates with their co-movement terms, implies equity analysts’

growth expectations explain 55% of stock market fluctuations. How does this compare with our results?

Rather than exogenously imposing these assumptions we estimate them – allowing for investor hetero-

geneity – and find the wealth share of investors who hold equity analyst expectations is 42% and they

hold their long-term earnings growth expectations for seven years, implying equity analsyts’ growth

expectations explain 29% of stock market fluctuations. Our estimate is lower largely because we find

only 42% of investors hold these beliefs. Thus, we can see that our framework provides a simple and

23Formally, β̂cs
LTG = ∑9

j=2 ρj−1 = 6.7.
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intuitive way of linking different result in the literature.

What about the stock price elasticity with respect to the return expectations of individual investors?

Adam, Marcet, and Beutel (2017) assume the share of stock market wealth holding these beliefs is 100%

(i.e., µrs = 1) and find they can explain the majority of stock price fluctuations. Consistent with this, we

find that using their elasticity estimate of µ̂rs = 1 in our framework implies that return surveys explain

70% of the stock price fluctuations. Again, we find a smaller role for these return surveys as we estimate

that only 25% of investors hold these beliefs. By contrast, various other papers on survey expectation

shut down this channel by assuming that no investor in the market holds these survey beliefs implying

µ̂rs = 0 (e.g., Bordalo, Gennaioli, Porta, and Shleifer, 2022; Nagel and Xu, 2021, etc.).

To summarize, our framework allows us to link results across the literature in a simple but pow-

erful way. How do we know which estimates are closer to the truth? Relative to prior studies, our

heterogeneous investor framework comes with the advantage that we can better match two important

moments in the data. First, by allowing for heterogeneous beliefs, our framework explains nearly 90%

of stock price fluctuations. By contrast, prior studies generally assume homogeneous beliefs are only

able to explain 50% to 70% of fluctuations. Second, our framework allows us to target the wealth share

of investors holding a particular survey belief. We provide evidence in Section 8 that the Return Sur-

vey Investors (i.e., those investors who hold the return expectations from individual investor surveys)

correspond to the retail investors. Prior studies suggest retail investors make up 10% to 30% of stock

market wealth or trading volume (e.g., Boehmer, Jones, Zhang, and Zhang, 2021; Evans, 2009; Roces and

Kniazhevich, 2022, etc.), a range which includes our 25% estimate for the wealth share held by Return

Survey Investors.

7 Stock Market Wealth Share of Return Survey Investors

In this Section we show how we link the Return Survey Investors’ expected return elasticity to other

elasticity estimates in the literature to back out an estimate of the share of stock market wealth held by

Return Survey Investors. Although we apply this methodology to Return Survey Investors, it is worth

noting that it can be applied to the estimated return elasticity of any investor-type to retrieve an estimate

of their share of stock market wealth.

Methodology The model gives an estimate of the percentage change in stock prices to a 1 percentage

change in Return Survey Investors’ expected returns

βrs
rt+1

≈ %∆P
∆Ers[1yr return]

(20)
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Using (20), we can leverage micro- and macro-elasticity estimates in the literature to back out the implied

share of wealth held by Return Survey Investors. To see this, first assume w.l.o.g. there is only one share

outstanding in the equity market. We have macro-estimates on the dollar change in the stock market

price ∆P to a dollar in active equity flows, namely ∆P = δ × Equity Flows of Return Survey Investors

where δ is the macro elasticity. By definition P is equal to total stock market wealth and we have

%∆P =
∆P
P

= δ × Equity Flows of Return Survey Investors
Stock Market Wealth

(21)

Define µrs ≡ Stock Market Wealth of Price Extrapolators
Stock Market Wealth to be the fraction of stock market wealth controlled by

Return Survey Investors then we have24

%∆P = δ × µrs ×
∆Equity Sharers
Equity Sharers

(22)

where Equity Sharers corresponds to the proportion of the Return Survey Investors’ wealth invested in

the stock market (i.e., their equity share). Inserting equation (22) into equation (20) we have

βrs
rt+1

= δ × µrs ×
1

Equity Sharers
×

∆Equity Sharers
∆Ers[1yr ret]

(23)

Define βME
rs ≡ ∆Equity Sharers

∆Ers[1yr ret] to be the elasticity of the Return Survey Investors change in equity share

percentage to a one percentage point change in their expected returns and note that we have micro-

estimates on this component (Giglio, Maggiori, Stroebel, and Utkus, 2021). Then we can re-state equa-

tion (23) in terms of µrs as

µrs =
βrs

rt+1
× Equity Sharers

δ × βME
rs

(24)

Estimation We can rely on the literature to obtain empirical estimates for {δ, Equity Sharers, βME
rs } and

use these estimates along with our estimate of β̂rs
rt+1

to obtain the implied value of µrs. Recent papers

have estimated the macroelasticity in the U.S. stock market δ̂ to be about 7 (Gabaix and Koijen, 2021;

Ben-David, Li, Rossi, and Song, 2021; Li, 2021). For an estimate of Return Survey Investors’ equity

share in their portfolio we use the average reported equity share by investors surveyed in the American

Association of Individual Investors (AAII), namely Equity Sharep = 61.2%.25 Third, Giglio, Maggiori,

Stroebel, and Utkus (2021) obtain an estimate of β̂ME
rs = 1.198 for a large subset of Vanguard retail

investors. One concern with this estimate is that it is based on Vanguard investors who are synonymous

24We use Equity Flows of Return Survey Investors
Stock Market Wealth =

Stock Market Walth of Return Survey Investors
Stock Market Wealth × Wealth of Return Survey Investors

Stock Market Wealth of Return Survey Investors ×
Equity Flows of Return Survey Investors

Wealth of Return Survey Investors = µrs × 1
EqSharers

× ∆EqSharers.
25Data: https://www.aaii.com/assetallocationsurvey
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with passive investing and so this selection bias might yield an elasticity whihc is a lower bound for the

average retail investor. Indeed, research by Barber and Odean (2000) shows that the portfolio turnover

for their sample of retail investors is roughly three-times higher than the average retail investor sample

in Giglio, Maggiori, Stroebel, and Utkus (2021). Accordingly, we use the micro-elasticity estimate from

Giglio, Maggiori, Stroebel, and Utkus (2021) that focuses on the subset of Vanguard retail investors who

visit their account at least seven times a month, namely β̂ME
rs = 1.64.

Using the aformentioned estimates for {βrs
rt+1

, δ, Equity Sharers, βME
rs } we find that Return Survey

Investors hold 25% of the stock market wealth (i.e., µrs = 25%).

8 Cross-Sectional Evidence

We have three reasons to analyze the cross-section of stocks. First, is to assess whether our heteroge-

neous framework also holds at the individual stock-level. Second, is to provide suggestive evidence that

our investor-types are causally driving stock prices. Third, is to provide evidence that Return Survey

Investors’ expectations correspond to those of the Retail Investors, thereby allowing us to compare our

model estimate for their wealth share to the data, as we do in Section 6.

Before outlining our empirical evidence, it is useful to consider the theory. One can show that if

(i) each individual investor-type i ∈ {r, cs, rs} has the same expected returns across the cross-section

of stocks, (ii) each individual stock return is lognormally distributed with co-variance σ2 to the mar-

ket and has an i.i.d idiosyncratic risk component with variance σ2
ϵ and (iii) the fraction of investor-

types {µj,r, µj,cs, µj,rs} differs across each individual stock j, then each investor-type will hold an equally-

weighted fully diversified portfolio of stocks and the price-to-earnings ratio for each individual stock j

at time t, pej,t, is given by

pej,t = k̃ +
µj,r

µj,r + µj,cs

Tr,ML

∑
j=1

ρj−1EML
t
[
LTGj

]
+

µj,cs

µj,r + µj,cs
EIBES

t
[
∆ej,t+1

]
+

µj,cs

µj,r + µcs,j

Tcs,IBES

∑
j=2

ρj−1EIBES
t

[
LTGj

]
+

µj,rs

µj,r + µj,cs

1
1 − ρρrs

EGS
t
[
rt+1

]
− 1

µj,r + µj,cs

1
1 − ρργ

γtσ
2 − 1

µj,r + µj,cs
∑
j≥1

ρj−1Et
[
r f

t+j−1

]
(25)

where the subscript j refers to expectations taken for stock j (e.g., EML
t [LTGj] are machine learning long-

term earnings growth forecasts for stock j). Note, although we impose constant expected returns across

stocks at time t, this still allows for the possibility that valuation ratios differ across stocks through two

channels: (i) because an investor-type i ∈ {r, cs} might have higher (lower) expected earnings growth

for stock j justifying a higher (lower) valuation ratio and (ii) the wealth shares of investor-types who are
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excessively optimistic (pessimistic) can vary across stocks which would lead to higher (lower) valuation

ratios across stocks. In the proceeding empirical section, we leverage these two channels of variation.

8.1 Cash Flow Survey Investors and the Cross-Section of Stocks

For the Cash Flow Survey Investors it is difficult to identify the set of firms in the cross-section they

are more likely to hold, but we do have firm-level data on Cash Flow Survey Investors’ (i.e., equity

analysts’) expected earnings growth. Accordingly, we take advantage of this data to provide suggestive

evidence that our estimated movements in the aggregate stock price due to changes in Cash Flow Survey

Investors’ expected earnings growth are causal.

Concretely, we regress firm-level announcement returns (which contain cash flow news) on the

change in equity analysts’ expected earnings growth before and after announcement for that firm. If

we find this estimated elasticity is the same as our estimated elasticity for the aggregate stock market,

we argue it provides suggestive evidence toward causality for our aggregate results because the firm-

announcement return is arguably being mostly driven by cash flow news. More formally, motivated by

equation (25) we run the following firm-level regression

rj,{a,a+1} = β0 + βr∆EML
Qa
[
LTGj

]
+ βcs

∆et+1
∆EIBES

Qa
[
∆et+1,j

]
+ βcs

LTG∆EIBES
Qa

[
LTGj]

+ βrs
rt+1

∆EGS
Qa [rj,t+1] + βγ∆γQa + βr f ∆r f

Qa + ϵt

(26)

where rj,{a,a+1} corresponds to the two-day market excess return for firm j over the earnings announce-

ment window t ∈ {a, a + 1} and “a" is the earnings announcement date for firm j,26 ∆EML
Qa [LTGj] cor-

responds to the change in the Machine Learning forecasts for firm j between the start and end of the

quarter in which announcement date a occurs, ∆EIBES
Qa [∆et+1,j] and ∆EIBES

Qa [LTGj] corresponds to the

change in equity analysts’ 1yr and long-term earnings growth expectations for firm j between the start

and end of the quarter in which announcement date a occurs, respectively, and so forth.27

Our coefficients of interest are the elasticities for Cash Flow Survey Investors’ expected earnings

growth, particularly the elasticity for their long-term earnings growth expectations, βcs
LTG, given the

out-sized role we find they have in explaining aggregate stock price movements. Before turning to the

results, it is worth noting two potential concerns with our analysis. First, we are implicitly assuming

that the firm-ownership shares of Cash Flow Survey Investors (µj,cs) are uncorrelated with the change

in Cash Flow Survey Investors’ expected earnings growth (or the shares are constant across firms). If

26Concretely, rj,{a,a+1} corresponds to the difference between the return for firm j and the return on the aggregate stock market
over the earnings announcement window t ∈ {a, a + 1}.

27We do not know whether earnings is released before market-open, in which case the earnings announcement return is rj,a,
or after market-close, in which case the earnings announcement return is rj,a+1. As such, we use rj,a + rj,a+1 under the
assumption the non-announcement return contributes to noise.

33



Table 6: Cash Flow Survey Investors: Cross-Section of Stocks

(1) (2) (3)

Dependent Variable rj
a,a+1

Chg. in Cash Flow Survey Investors’ expected long-term growth 1.97*** 2.41*** 3.92***
(0.24) (0.30) (0.50)

Controls

Chg. in Rational Investors’ expected long-term growth ✓ ✓ ✓

Chg. in Return Survey Investors expected returns ✓

Chg. in neg. surplus consumption ratio ✓

Chg. in risk-free rate ✓

Year-quarter FEs ✓

3-digit SIC Industry x year-quarter FEs ✓

Note: Table column (1) shows the results from running regression equation (26) where we instrument for the chg. in Cash Flow
Survey Investors’ expected long-term growth with the chg. in their expected 1yr growth. In columns (2) and (3) we control for
year-quarter and 3-digit SIC x year-quarter fixed effects. Finally, The time period is from 1987:Q3 to 2019:Q4. Standard errors
are clustered at the firm-level and reported in parantheses. Significance levels: *(p<0.10), **(p<0.05), ***(p<0.01).

they are correlated this will lead to bias. Research by Bordalo, Gennaioli, Porta, and Shleifer (2019)

gives suggestive evidence that Cash Flow Survey Investors’ are ex-ante more (less) likely to hold stocks

which had negative (positive) revisions in earnings growth expectations. Nevertheless, this would lead

to downward biased in our estimate and therefore work against our results, implying our firm-level

elasticity estimate is conservative. Second, we don’t have data on equity analysts’ change in earnings

growth expectations around the announcement window and instead proxy for this using the change in

their expectations around the quarter of the announcement window. Furthermore, analyst coverage of

the cross-section of stocks can be sparse in many cases (for more than 50% of firms, coverage on their

expected long-term earnings growth is provided by two analysts or less). Both introduces noise into

our independent variable and will likely lead to attenuation bias. To deal with this, and given that we

find equity analysts’ long-term growth expectations are more influential than their short-term expecta-

tions, we instrument equity analysts’ change in expected long-term earnings growth expectations with

their change in expected short-term (i.e., 1yr) earnings growth expectations. Given we find an elasticity

estimate of 3.45 for the aggregate stock market, our null-hypothesis is that βcs
LTG = 3.45 in the cross-

section. Results are reported in Table 6, where we only keep the largest five hundred firms by market

capitalization each quarter to ensure the results are not being driven by small firms.

Starting with column (1) we find βcs
LTG = 1.97 when we run regression (26) directly. To guard

against aggregate shocks unrelated to cash flow news influencing the results, in column (2) we re-run
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this regression including year-quarter fixed effects and now find βcs
LTG = 2.41, which is again significant

at the 1% level. Similarly, to guard against industry shocks influencing the results, in column (3) we re-

run the regression but now include 3-digit industry times year-quarter fixed effects and find β
cs f
LTG = 3.92.

The 95% confidence interval for this elasticity estimate, which only leverages cross-sectional variation

at the 3-digit industry x year-quarter level, includes the elasticity estimate we obtained at the aggregate

level.

We conclude that the change in equity analysts’ expected long-term earnings growth at the firm-

level reflect changes in market-priced earnings growth at the firm-level and its elasticity estimate is

consistent with the elasticity estimate we obtain for the aggregate stock market, thereby providing fur-

ther evidence that Cash Flow Survey Investors’ expectations are influential in driving aggregate stock

price movements.

8.2 Return Survey Investors and the Cross-Section of Stocks

Our null hypothesis is that Return Survey Investors’ procyclical expected returns proxy for Retail In-

vestors’ expected returns. Indeed, Dahlquist and Ibert (2022) gather expected return data for institu-

tional investors and show they are countercyclical, providing evidence that Return Survey Investors are

at least distinct from Institutional Investors.

Per model equation (25), we can directly test our hypothesis by leveraging variation in the cross-

section of stocks if we have data on the cross-sectional variation in retail investors’ share of stock own-

ership. Boehmer, Jones, Zhang, and Zhang (2021) construct a methodology to identify retail trading

volume using publicly available U.S. equity transactions. We obtain this data and construct quarterly

retail and total trading volumes at the firm-level (Laarits and Sammon, 2022).28 To construct a proxy

for retail investor’s ownership share of stock j at time t, we use retail investors’ share of total volume

for stock j over the past twelve months (µj
retail 12m,t). Motivated by equation (25), we run the following

regression

∆pj,t = β0 + βr∆EML
t
[
LTGj

]
+ βcs

∆et+1
∆EIBES

t
[
∆ej,t+1

]
+ βcs

LTG∆EIBES
t

[
LTGj]

+ βrs
rt+1

µ̂
j
retail 12m,t−1

1 − µ̂
j
retail 12m,t−1

∆EGS
t [rt+1] + βγ∆γt + βr f ∆r f

t + ϵt

(27)

where the dependent variable ∆pj
t is the quarterly change in the logarithm of stock price j, ∆EML

t [LTGj]

is the quarterly change in the expected long-term earnings growth for stock j as generated by the Ma-

chine Learning forecast, ∆EIBES
t [∆ej,t+1] is the quarterly change equity analysts expected 1yr earnings

28We thank the authors for sharing the data.
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Table 7: Return Survey Investors: Cross-Section of Stocks

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

Dependent Variable ∆pj
t ∆µ̂

j
retail 3m,t

Chg. in Return Survey Investors’ expected returns interacted
with lagged ratio of retail to non-retail share of volume 25.5*** 7.2*** 5.5* 3.50*** 0.69* 0.84**

(1.4) (2.7) (3.2) (0.23) (0.37) (0.37)

Controls

Chg. in Rational Investors’ expected growth ✓ ✓ ✓ ✓ ✓ ✓

Chg. in Cash Flow Survey Investors’ expected 1yr growth ✓ ✓ ✓ ✓ ✓ ✓

Chg. in Cash Flow Survey Investors’ expected long-term growth ✓ ✓ ✓ ✓ ✓ ✓

Chg. in neg. surplus consumption ratio ✓ ✓

Chg. in risk-free rate ✓ ✓

Year-quarter FEs ✓ ✓

3-digit SIC Industry x year-quarter FEs ✓ ✓

Note: Table column (1) and column (4) shows the results from running regression equations (27) and (28), respectively. In
columns (2) and (4) we control for year-quarter year-fixed effects. In columns (3) and (6) we control for 3-digit SIC industry
times year-quarter year-fixed effects. The time period is from 2005:Q3 to 2019:Q4. The chg. in Return Investors’ expected re-
turns interacted with the lag ratio of retail to non-retail share of volume is trimmed at the 1% level to remove outliers. Standard
errors are clustered at the firm-level and reported in parantheses. Significance levels: *(p<0.10), **(p<0.05), ***(p<0.01).

growth for stock j (and so forth) and
µ̂

j
retail 12m,t−1

1−µ̂
j
retail 12m,t−1

∆Ers
t [rt+1] is the quarterly change in Return Survey In-

vestors’ expected returns interacted with the ratio of the share of retail investors to the share of non-retail

investors (i.e., the share of Cash Flow Survey and Rational Investors) in quarter t-1.

Our null hypothesis is that the Return Survey Investors’ expected returns correspond to those of the

retail investors and so stocks with higher retail shares at time t-1 should see larger stock price changes

for a 1ppt change in Return Survey Investors’ expected returns. Moreover, given we found the elasticity

for Return Survey Investors’ expected return is 4.70 in the aggregate stock market, our prior is that this

elasticity in the cross-section is βrs
rt+1

= 4.70. Results are reported in Table 7.29

Starting with column (1), we find βrs
rt+1

= 28.5 when we run regression (26) directly. Any unac-

counted for aggregate time-varying shocks is likely to bias this coefficient. Therefore, in column (2) we

re-run the regression including year-quarter fixed effects and find βrs
rt+1

= 7.2, still significant at the 1%

level. Finally, in column (3) we re-run the regression but condition on 3-digit industry times year-quarter

fixed effects and find βrs
rt+1

= 5.5. This estimate is much closer to our aggregate elasticity of 4.7. We con-

clude that a 1ppt change in Return Survey Investors expected returns predicts a larger (smaller) change

in stock prices which have larger (smaller) retail share of trading volume. This provides suggestive

evidence that Return Survey Investors’ expected returns correspond to those of retail investors.

29We keep the largest five-hundred firms ranked by market-capitalization each quarter to ensure the results are not driven by
small firms.
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It is possible that when retail investors report their expected returns to the individual investor sur-

veys used to form Return Survey Investors’ expected returns, they do so by price extrapolating the

stocks they follow but for which they have no influence on (i.e., they do not actively invest in them).

This would explain our findings but mean there is no causal relationship whatsoever between Return

Survey Investors’ expected returns and the cross-section of stocks. To dig deeper on this, we perform

the following regression

∆µ̂
j
retail 3m,t = δ0 + δr∆EML

t
[
LTGj

]
+ δcs

∆et+1
∆EIBES

t
[
∆ej,t+1

]
+ δcs

LTG∆EIBES
t

[
LTGj]

+ δrs
rt+1

µ̂
j
retail 12m,t−2

1 − µ̂
j
retail 12m,t−2

∆EGS
t [rt+1] + δγ∆γt + δr f ∆r f

t + ϵt

(28)

where the dependent variable µ̂
j
retail 3m,t is the quarterly (i.e., 3 month) change in retail share of volume

for stock j between quarter t and t-1, and where we interact Return Survey Investors’ expected returns

with the twice lagged (i.e., 6 months prior) retail to non-retail share of trading volume.30

Results are reported in Table 7 columns (1)-(3) where we condition on no fixed effects, year-quarter

fixed effects and 3-digit industry interacted with year-quarter fixed effects, respectively. We find that

across all specifications, an increase in Return Survey Investors’ expected returns for those stocks that

had high (low) initial shares of retail volume leads to significantly larger (smaller) changes in the 3-

month share of retail trading volume. Although volume changes do not imply anything for prices, that

we find coincident larger price and volume changes for stocks with higher retail shares conditional on

a 1ppt change in Return Survey Investors’ expected returns, provides further suggestive evidence that

Return Survey Investors reflect the beliefs of retail investors and that they are an important influence

in stock prices. Indeed, these results echo research by Hong and Stein (2007) who argue that disagree-

ment models hold large promise for resolving asset pricing puzzles given the consistently significant

positively correlation we observe between volume and price changes in the cross-section of stocks.

9 Conclusion

In this paper, we develop – based on a heterogeneous agent model – a quantitative framework that

allows us to understand the sources of stock market fluctuations using observable quantities. We find

that survey expectations of long-term cash flow growth and short-term returns explain a large fraction

of stock market fluctuations highlighting the role of mispricings in the stock market. Our paper con-

tributes to a growing literature that highlights the usefulness of survey data in explaining asset prices.

More research efforts should be devoted to how the expectations of investors as observed in surveys are

30We do this to ensure there is no overlap in volume shares between the dependent and independent variable.

37



formed – something we are silent about.
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APPENDIX FOR “HETEROGENEOUS BELIEFS AND STOCK
MARKET FLUCTUATIONS”

A Theory – Derivations

A.1 Derivation of the Infinite-Horizon Model

Investors born in period t, whose types are distributed (µcs, µr, µrs), will sell their assets in period t+1 to
a newly born group of investors whose types will be distributed in the same manner. These t+1 newly
born group of investors will solve the same maximization problem as in section 2.1

Note from (5) the period t equilibrium log price-earnings ratio is given by

pet = k0 +
µr

µr + µcs
Er

t
[
∆et+1 + ρpet+1

]
+

µcs

µr + µcs
Ecs

t
[
∆et+1 + ρpet+1

]
+

µrs

µe + µ f
Ers

t
[
rt+1

]
− 1

µr + µcs
γtσ

2 − 1
µr + µcs

r f
t

(A.1)

We see from (A.1) that in the dynamic model the log-price dividend ratio in period t+ is an endoge-
nous object that is given by iterating one step forward on equation (A.1). Consistent with this, any
fundamental investor i’s expectation about the term ρpet+1 is given by

Ei
t
[
ρpet+1

]
=ρk0 +

µr

µr + µcs
Ei

t
[
Er

t+1
[
ρ∆et+2 + ρ2 pet+2

]]
+

µcs

µr + µcs
Ei

t
[
Ecs

t+1
[
ρ∆et+2 + ρ2 pet+2

]]
+

µrs

µr + µcs
Ei

t
[
Ers

t+1
[
ρrt+2

]]
− 1

µr + µcs
Ei

t
[
ργt+1

]
σ2 − 1

µr + µcs
Ei

t
[
ρr f

t+1

] (A.2)

We make three assumptions that allow us to go further. First, we assume that risk aversion and the
return expectations of the Return Survey Investor follow first-order autoregressive processes with pa-
rameter ργ abd ρrs, respectively. Thus,

γt+1 = γ̄ + ργ(γt − γ̄) + ϵγ,t+1, (A.3)

where γ̄ is the mean risk aversion of all investors in the economy. Similarly,

Ers
t+1[rt+2] = r̄ + ρrs(E

rs
t [rt+1]− r̄) + ϵrs,t+1, (A.4)

where r̄ is the mean return expectation of the Return Survey Investors. Consistent with these dynamics,
the expectations of any cash flow investor i ∈ {r, cs} follow Ei

t[E
rs
t+1[rt+2]] = r̄ + ρp(Ers

t [rt+1]− r̄) and
Ei

t[γt+1] = γ̄ + ργ(γt − γ̄). Second, we assume that any cash flow investor thinks that she has correct
beliefs and that any newborn cash flow investor in period t + 1 will adopt her beliefs. Essentially, we
assume Ei

t[E
j
t+k[xt+k+1]] = Ei

t[xt+k] for any cash flow investor j born in period t + k, where xt+k+1 can
be the price or the earnings in period t + k + 1. Third, we assume cash flow investors carry the same
beliefs on future risk-free rates and these beliefs are correct (i.e., equal to the Econometrician Investors’

1The only difference is the expectations over exogenous income streams received by the newly born investors in period t+1
(i.e., {Yt+1, Ei

t[Yt+1]}) will be set to satisfy their feasibility constraints.
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beliefs who knows the true process).
Using these assumptions cash flow investor i’s expectation about ρpet+1 is given by

Ei
t
[
ρpet+1

]
= k1 + Ei

t
[
ρ∆et+2 + ρ2 pet+2

]
+

µrs

µr + µcs
Ei

t
[
ρρprt+2

]
− 1

µr + µcs
Ei

t
[
ρργγt

]
σ2 − 1

µr + µcs
Et
[
ρr f

t+1

] (A.5)

where k1 = ρk0 +
µrs

µr+µcs
(ρr̄(1 − ρrs))− σ2

µr+µcs
(ργ̄(1 − ργ)). Using this (for Er

t [ρpet+1] and Ecs
t [ρpet+1]) in

the stock market pricing equation (A.1) yields

pet = k2 +
µr

µr + µcs
Er

t
[
∆et+1 + ρ∆et+2 + ρ2 pet+2

]
+

µcs

µr + µcs
Ecs

t
[
∆et+1 + ρ∆et+2 + ρ2 pet+2

]
+

µrs

µr + µcs
Ers

t
[
rt+1

]
(1 + ρρrs)−

1
µr + µcs

(1 + ρργ)γtσ
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] (A.6)

where k2 = k1 + k. We can further iterate on the expectations of pet+2 and then continue iterating
forward on the price until infinity to obtain
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µcs

µr + µcs

(
∑
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[
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ρTEcs

t
[
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µrs
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1
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Ers
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[
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µr + µcs

1
1 − ρργ
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where k̃ = k0
1−ρ +

µrs
µr+µcs

ρr̄(1−ρrs)
(1−ρ)(1−ρρp)

− σ2

µr+µcs

ργ̄(1−ργ)
(1−ρ)(1−ρργ)

.

Imposing the no-bubble condition limT→∞ ρTEi
t[pet+T] = 0 ∀ i, we arrive at

pet = k̃ +
µr

µr + µcs
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j≥1
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t
[
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µcs
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B Appendix Figures

Figure B.1: Comparison: Price ratio (S&P500)
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Note: Sample is S&P 500. PE - STREET Earnings corresponds to the ratio of the S&P500 index scaled by the average of the past
three years I/B/E/S reported actuals at the S&P500 level. PE - GAAP Earnings corresponds to the ratio of the S&P500 index
scaled by last year’s reported GAAP earnings at the S&P500 level. Shiller CAPE corresponds to the cyclically-adjusted price
earnings ratio taken directly from Shiller’s website where uses an average of the past 10 years earnings in the denominator.
PD corresponds to the ratio of the S&P500 index to dividends reported by Shiller on his website, respecitvely. The Shiller data
sources are available at: http://www.econ.yale.edu/~shiller/data.htm
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Figure B.2: Number of S&P500 Companies in our Sample
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Note: This graph plots the number of S&P500 companies for which we have non-missing I/B/E/S actuals and I/B/E/S
twelve month forecasts over the periods 1984:Q4 to 2019:Q4 and 1987:Q3 to 2019:Q4, respectively. Further information on the
matching process which yields the sample of S&P500 companies is given in section D.2. Our period of analysis is 1987:Q3 to
2019:Q4.
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Figure B.3: Comparison: S&P500 Earnings Measures
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Note: This graph plots the normalized S&P500 earnings for (1) I/B/E/S actuals, (2) compustat net income excluding non-IBES
items, (3) compustat net income excluding extraordinary items and (4) earnings as reported on Shiller’s website. To construct
these series we first only keep companies which have non-missing IBES actuals. We then aggregate (1) to (3) to the S&P500
level following the aggregation process outlines in Appendix D.3. More information on the differences between (1), (2) and (3)
is given in section D.4.
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Figure B.4: Comparison to De La O, Myers (2021) – Returns
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Note: This plots prices extrapolators’ expected returns “E[1yr returns]" against the logarithm of the price-to-earnings ratio
where we use GAAP earnings in the denominator, as done in De La O and Myers (2021). The time period is 1987Q3:2019Q4.
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C Appendix Tables

Table C.1: Correlations between Valuation Ratios

Variables PE Shiller CAPE PD

PE 1.00
Shiller CAPE 0.91 1.00
PD 0.83 0.91 1.00

Note: Correlations between the three valuation measures defined in section D.1. The period of analysis is is 1987:Q3 to 2019:Q4.

Table C.2: Correlations: Price Extrapolators’ Expected Returns

Variables (1) (2) (3) (4)
(1) PE
(2) Ep

t [rt+1] 0.58
(3) Gallup bullish-bearish 0.67 0.88
(4) American Association bullish-bearish 0.40 0.73 0.53
(5) Investors Intelligence bullish-bearish 0.34 0.81 0.51 0.29

Note: This table shows the pearson correlation coefficients between the PE ratio, price extrapolators expected one-year returns
(i.e., Ep

t [rt+1]) and the components that comprise the extrapolators’ expected one-year returns (i.e., Gallup, American Associa-
tion and Investors’ Intelligence bullish-bearish spreads). More detail on these variables is given in section 3.
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D Data – Further Information

D.1 Comparison: Valuation Ratios

In Figure B.1, we provide a comparison of different valuation ratios for the S&P 500. PE corresponds
to the price to the earnings ratio we use (refer to section 3.1 for definition). PD and Shiller CAPE corre-
sponds to the price dividend ratio and ten year cyclically adjusted price earnings to ratio, respectively,
as sourced from Robert Shiller’s website.2 We prefer using our PE ratio for the two reasons. First, share
repurchases have become an increasingly large fraction of corporate payouts mitigating the usefulness
of the price-dividend ratio as a stable indicator of valuation attractiveness overtime (e.g., see Boudoukh,
Michaely, Richardson, and Roberts (2007)). Second, our PE ratio – in using the past three years I/B/E/S
actuals in the denominator – gives a more up-to-date proxy for normalized earnings relative to the
Shiller CAPE ratio (see section D.4 for more detail on I/B/E/S actuals and specifically their exclusion
of many transitory items that are included in GAAP earnings). Looking at Figure B.1 we can see there is
a structural upward shift in the pd ratio between pre-2000 and post-2000 (reflecting the shift away from
dividends toward buybacks) whilst the Shiller CAPE closely tracks our measure. Although we prefer
using our PE ratio measure, our results are robust to using any of the three valuation measures.

D.2 Matching of I/B/E/S to Compustat and CRSP.

First, we merge all unique Compustat identifiers to CRSP using the Compustat-to-CRSP linktable in
the WRDS Database only keeping securities that have at one stage been in the S&P500 index.3 Second,
we merge the resulting data set to I/B/E/S on the permno identifier using the iclink file and drop
any observations with missing identifiers (i.e., missing at least one of gvkey, permno and ticker). This
yields a dataset of 1,581 unique permno, gvkey, ticker, link-date observations. Third, we separate any
observation which has a duplicate identifier (i.e., duplicate gvkey, duplicate permno or duplicate ticker)
from observations which have unique identifiers. For the set of duplicate observations we manually
check each link (correcting any mistaken links) and ensure each duplicate observation will be unique in
any quarterly period.4 This yields a final set of 1,545 unique permno identifiers for any quarterly period.
Per Figure B.2 – which shows the number of non-missing companies for which we have I/B/E/S data
on actual earnings and earnings forecasts – we see that we obtain most of the S&P500 firms throughout
our period of analysis.

D.3 Aggregating Earnings to the S&P500 Level

We follow De La O and Myers (2021) to aggregate I/B/E/S earnings to the S&P500 level. Define:

2http://www.econ.yale.edu/~shiller/data.htm
3The link table is entitled ccmxpf-linktable.
4For example, the data set might contain two observations for ticker ABC – one between link-dates 1/1/1980:12/31/1980 and
a second between link-dates 1/1/1990:12/31/1990 – but these ticker identifiers are unique in any given quarterly period.
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xt : the set of companies in the S&P500 at time t

xo
t : the set of companies in the S&P500 for which we have I/B/E/S actuals time t

x1
t : the set of companies in the S&P500 for which we have one year I/B/E/S forecasts at time t

eIBES
i,t : I/B/E/S earnings per share of company i at time t

Pi,t : The price of company i at time t

Si,t : The shares outstanding for company i at time t

Aggregation of actual earnings Note that the S&P500 divisor at each period t (“Divisort") satisfies the
identity:

S&P500Index
t =

∑i∈xt
Pi,tSi,t

Divisort
=

MCAPSP500
t

Divisort

At each point t we compute the total market cap and IBES actuals earnings of companies in the
S&P500 for which we have non-missing IBES actuals earnings as:

MCAPIBES
t = ∑

i∈x0
t

Pi,tSi,t eIBES
t = ∑

i∈x0
t

IBESAct
i,t Si,t

We then scale eIBES
t earnings to the S&P500 level via the following normalization:

eS&P500
t =

eIBES
t

MCAPIBES
t

∗ S&P500Index
t ≡ eIBES

t
Divisort

∗ MCAPSP500
t

MCAPIBES
t

This equation makes clear the representative assumption we invoke - namely, that the ratio of total
S&P500 earnings to S&P500 earnings for which we have only have non-missing IBES actuals is equal to
the ratio of their market capitalizations. To show this is likely to hold up to a small approximation error,
Figure B.2 plots the number of S&P500 companies for which we have non-missing IBES actuals over the
period 1984 Q4 to 2019 Q4. As can be seen, the minimum and average number of companies is 446 and
484, respectively.

To validate the aggregation assumption we also aggregate (1) Compustat net income excluding ex-
traordinary items to the S&P500 level only for those companies for which we have non-missing I/B/E/S
actuals and plot them against (2) the S&P500 earnings reported by Shiller. As can be seen in Figure B.3,
Compustat net income excluding extraordinary items closely tracks the Shiller earnings series validating
the aggregation process.

At the same time, I/B/E/S actuals and Compustat net income excluding non-IBES items deviate –
sometimes substantially – from these two aggregate earnings series because they exclude certain special
items as described in Section D.4.

Aggregation of short-term earnings forecasts We aggregate twelve month earnings forecasts to the
S&P500 level by following a similar process. To do so we assume that analysts expect that any changes
in S&P500 constituents or shares outstanding that affect total earnings will be offset by changes in the di-
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visor. This amounts to assuming that analysts expect that changes in constituents or shares outstanding
do not affect the price-earnings ratio of the S&P500. A stronger assumption that would also be consis-
tent with this aggregation methodology is to assume analysts do not expect any chage in constituents or
shares outstanding over the following year. Formally, this assumption means that:

Et[eSP500
t+1 ] = Et[ ∑

i∈xt+1

ei,t+1
Si,t+1

Divisort+1
] = Et[∑

i∈xt

ei,t+1
Si,t

Divisort
]

Under both this assumption and that our set of companies for which we have twelve month ahead
forecasts is representative of the S&P500, we can aggregate forecasted earnings per share to the S&P500
level via:

Et[eSP500
t+1 ] =

Et[eIBES
t+1 ]

MCAPIBES
t

∗ S&P500Index
t ≡

Et[eIBES
t+1 ]

Divisort
∗ MCAPSP500

t

MCAPIBES
t

where Et[eIBES
t+1 ] = ∑i∈x1

t
Et[ei,t+1Si,t] corresponds to total forecasted twelve-month ahead earnings for

the set of S&P500 companies for which we have non-missing forecasts at time t. Per Figure B.2 the
minumum and average number of S&P500 companies for which we have twelve month ahead forecasts
over our analysis period is 466 and 489, respectively, and so our aggregation assumption holds quite
well.

D.4 I/B/E/S Actuals vs. GAAP Earnings

Equity analysts report forecasts of earnings based on “street earnings” instead of GAAP earnings. When
comparing earnings forecasts to actual earnings, we use the actual Street earnings as reported by IBES.
These earnings can deviate sometimes significantly from GAAP earnings (as reported in Compustat)
because of various transitory items that are removed from the street earnings. Regarding this, the IBES
guide states that “...I/B/E/S receives an analyst’s forecast after discontinued operations, extraordinary charges,
and other non-operating items have been backed out. While this is far and away the best method for valuing a
company, it often causes a discrepancy when a company reports earnings. I/B/E/S adjusts reported earnings to
match analysts’ forecasts on both an annual and quarterly basis. This is why I/B/E/S actuals may not agree with
other published actuals; i.e., Compustat.” A large accounting literature has therefore argued that in order
to obtain consistent forecast error, it is thus important to compare forecasts and actual earnings on the
same basis (e.g, Bradshaw and Sloan, 2002; Bradshaw, Christensen, Gee, and Whipple, 2018).

Per Bradshaw and Sloan (2002) a large number of the charges that are excluded from street earnings
include items that correspond to discontinued operations, extraordinary and non-recurring items and
a line item referred to as “special items" in Compustat.5 To show that this assertion holds quite well
we aggregate (1) I/B/E/S actuals and (2) Compustat net income excluding discontinued, special and
extraordinary items and non-recurring income taxes ("compustat net income excluding non-IBES items")

5Special items include restructuring charges, asset impairments, merger and acquisition charges and other significant non-
recurring items.
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to the S&P500 level only for those companies for which we have non-missing I/B/E/S actuals.6,7 Figure
B.3 plots I/B/E/S actuals (red line) against compustat net income excluding non-IBES items (dashed
red line) where we see that both series track each other very closely with a correlation of 0.99.

6More details on the aggregation process is given in Appendix D.3.
7More specifically, the line items niq, xidoq, spiq and nrtxtq in compustat fundq correspond to net income, extraordinary itmes
and discontinued operations, special items and non-recurring income taxes, respectively. We then compute it as "compustat
net income excluding non-IBES items" = niq - xidoq - spiq - nrtxtq where we sum up the quarterly earnings over the past four
quarters to obtain compustat net income excluding non-IBES items on a yearly basis.
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E WFA Discussant Slides
At the WFA, the discussant asserts that the results herein are not robust to extending the sample back
further when using more traditional valuation ratios.8 We assess these comments and find the reason the
discussant obtained these results is that the regressions the discussant runs introduces trend dynamics.
When we re-run these scenarios focusing on explaining price dynamics we find our results are robust.

It is worth noting that, at the time, we referred to Cash Flow Survey Investors (i.e., equity analysts)
as Cashflow Extrapolators (i = “c”) , Return Survey Investors as Price Extrapolators (i = “p”) and we
had included Rational Investors’ 1yr and long-term earnings growth in the specification (although this
difference is unimportant).

The discussant runs the following two-step decomposition framework to obtain their results

pt − xt︸ ︷︷ ︸
valuation ratio

= β0 + βc
∆et+1

Ec
t [et+1 − xt]︸ ︷︷ ︸

1-year growth

+βc
LTGEc

t [LTG] +βr
∆et+1

Er
t [∆et+1] + βr

LTGEr
t [LTG] + βγRiskAversiont + ϵt.

(F.1)

1 = βc
∆et+1

bc
et+1−xt,px︸ ︷︷ ︸

% Explained by 1-year growth

+βc
LTGbc

LTG,px + βr
∆et+1

br
∆et+1,px + βr

LTGbr
LTG,px + βγbγ,px + bϵ,px

where bc
et+1−xt,px =

Cov (Ec
t [et+1 − xt] , pxt)

V(pxt)
and so forth.

(F.2)

This decomposition is identical to ours with two exceptions. First, the discussant scales both the val-
uation ratio and equity analysts’ (i.e., Fundamental Investors’) expected one-year earnings growth by
xt, where xt is equal to either dividends or shiller’s 10-year cyclically adjusted earnings (by contrast,
we scaled these two items by the average of the past three years reported earnings by equity analysts).
Second, the discussant does not control for the Return Survey Investors’ expected returns but this dif-
ference is unimportant.9 The discussant runs this decomposition framework in levels for the following
three sub-periods: (1) 1976Q1:2017Q2, (2) 1981Q4:2017Q2 and (3) 1987Q3:2017Q2.

We repeat this decomposition and replicate the discussants’ results in his slides per Table E.110 With
the discussants’ scaling choices, we revert back to the De La O and Myers (2021) result that equity
analysts’ expected 1-year eanrings growth explains most of pe movements whilst the role for their long-
term earnings growth and investors’ time-varying risk-aversion are much more muted.

When we dig deeper we find these results arise because the choice of scaling xt, results in a trend
on the left-hand side (via the valuation ratio) and on the right-hand side (via equity analysts’ expected
1-year earnings growth) that mutes the explanatory power of other variables. Concretely, Figure E.1
panels (A) and (B) plot the valuation ratio against equity analysts’ 1-year expected earnings growth
when we scale by xt = dividends and xt = shiller 10-year earnings, respectively. Per panel (A), both

8We thank the discussant for sharing the data used behind these results.
9We only have data on Return Survey Investors’ expected returns from 1987Q3 onwards.
10The results are very slightly different to those in the discussants’ slides because the data the discussant shared with us had

changed slightly after the discussant realized there was a small typo in the code.
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Table E.1: Replicating WFA Discussant Slides

Scaling choice xt xt=Dividends xt=Shiller’s 10 yr earnings

(1) (2) (3) (4) (5) (6)
Sample Period 1976Q1:2017Q2 1981Q4:2017Q2 1987Q3:2021Q2 1976Q1:2017Q2 1981Q4:2017Q2 1987Q3:2021Q2

Price Decomposition
Equity analysts’ expected 1yr growth: Ec

t [∆et+1] 63 59 51 67 66 33

Equity analysts’ expected long-term growth: Ec
t [LTG] -1 2 17 0 3 21

Risk Aversion (negative surplus consumption ratio) 6 4 15 5 3 18

Figure E.1: Understanding WFA Discussant Slides
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(B) xt=10yr Shiller earnings
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Table E.2: WFA Discussant Slides

(A) 2-year changes

Scaling choice xt xt=Dividends xt=Shiller’s 10 yr earnings

(1) (2) (3) (4) (5) (6)
Sample Period 1976Q1:2017Q2 1981Q4:2017Q2 1987Q3:2021Q2 1976Q1:2017Q2 1981Q4:2017Q2 1987Q3:2021Q2

Price Decomposition
Ec

t [∆et+1] 12 13 16 14 16 13

Ec
t [LTG] 24 24 30 25 25 36

Risk Aversion (negative surplus consumption ratio) 24 25 24 25 24 23

(B) De-trended

Scaling choice xt xt=Dividends xt=Shiller’s 10 yr earnings

(1) (2) (3) (4) (5) (6)
Sample Period 1976Q1:2017Q2 1981Q4:2017Q2 1987Q3:2021Q2 1976Q1:2017Q2 1981Q4:2017Q2 1987Q3:2021Q2

Price Decomposition
Ec

t [∆et+1] 13 11 14 14 18 -3

Ec
t [LTG] 19 37 49 12 23 49

Risk Aversion (negative surplus consumption ratio) 22 17 24 26 22 42

F.2



the price-dividend ratio and equity analysts’ expected earnings growth trend upwards. This occurs
because there has been a strucutral shift by companies away from dividends toward repurchases as a
means of distributing cashflows which has meant that both analysts’ one-year cashflow forecasts and
price are being scaled by a comparatively smaller amount of distributed dividends overtime. When one
runs this decomposition, a significant portion of the explanatory coming from explaining these trend
dynamics. Per panel (B), the exact same logic holds when one scales by xt = 10-yr shiller earnings,
possibly because there has been a large upwards shift in earnings growth over the past two decades (see
Greenwald, Lettau, and Ludvigson (2019)).11

Nevertheless, this paper is focused on explaining price dynamics. Accordingly, to show our results
are robust to this scaling choice after removing the trend dynamics we repeat the decomposition in Table
E.1 but instead do it (1) in 2-year changes (“2-year changes" scenario) and (2) after de-trending both the
valuation ratio and cashflow extrapolators’ 1-year expected earnings growth (“De-trended" scenario).
Results are reported in Table E.2 panels (A) and (B), respectively. As can be seen, the % of stock price
fluctuations due to equity analysts’ expected short-term (i.e., 1-year earnings) growth is much smaller (∼
13%). By contrast, the % of stock price fluctuations due to equity analysts’ expected long-term earnings
growth and time-varying risk-aversion fluctuate around 30% and 25%, respectively, close to our base
case results.

11This is true for the price assuming the market believes this abnormally large shift in earnings does not mean revert (which
appears to be the case given the structural shift in the shiller cape).
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