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1 Introduction

What role do investor expectations play in understanding stock market fluctuations?

A longstanding literature argues that rational, time-varying expected returns linked to

movement in risk premia, account for most of the variation in stock prices (Campbell and

Shiller, 1988b; Campbell and Cochrane, 1999; Cochrane, 2011). According to this view,

expected returns should be higher when valuations are low. However, recent evidence

shows that subjective return expectations are not consistent with rational econometric

benchmarks (Greenwood and Shleifer, 2014; Nagel and Xu, 2023). A growing literature

instead attributes stock market fluctuations to potentially non-rational shifts in investor

beliefs about future returns or cash flows (Shiller, 1981; De La O and Myers, 2021; Bordalo

et al., 2024).

This paper provides new evidence on the expectations of sophisticated investors.

In doing so, we highlight the importance of heterogeneous beliefs for understanding

stock market fluctuations. A large theoretical literature emphasizes the importance of

heterogeneous beliefs (e.g., Harrison and Kreps, 1978; Scheinkman and Xiong, 2003). In

these models, agents with rational and biased beliefs interact to shape asset prices and

trading volume (De Long et al., 1990; Barberis et al., 2015). Yet most empirical studies

of expected returns, whether based on econometric models or surveys, place limited

emphasis on belief heterogeneity and typically focus on a representative investor.1

We build a novel dataset on expectations of returns and earnings from Value Line (VL),

an independent equity analysis firm. The data cover 1956–2024, providing a uniquely long

sample to understand the beliefs of relatively sophisticated investors. We provide four

main findings on the role of sophisticated investors and heterogeneous beliefs. First, the

expected returns of VL are very different from the returns of other investors. Beliefs of VL

and individual investors are weakly or even negatively correlated. Second, VL expected

returns are contrarian and account for most of the fluctuations in the earnings-price ratio,

1An exception is McCarthy and Hillenbrand (2025), which we discuss below.
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consistent with rational econometric benchmarks. This contrasts with expectations of

individual investors, which are often extrapolative. Third, VL expected returns predict

future returns. Finally, higher disagreement about expected returns across VL and

individual investors is associated with higher trading volume and volatility.

We use a model à la Barberis et al. (2015) to organize our empirical analysis. In

this model, naive investors predict future returns by extrapolating past returns, while

sophisticated investors form expectations consistent with market clearing but face limits

to arbitrage. In this class of models, the share of valuation movements accounted for

by variation in sophisticated investors’ return expectations is non-trivial. Also, the

market-clearing condition imposes that the beliefs of sophisticated and naive investors

are negatively correlated. Further, sophisticated investors’ expected returns correlate

negatively with valuation ratios, as these investors recognize that naive investor sentiment

will mean-revert. Such contrarian beliefs also correlate negatively with past returns, but

not directly with past dividend growth. Since sophisticated investors are rational, their

time-varying beliefs predict future returns. Finally, while not a direct prediction of this

specific model, we also expect disagreement about expected returns between naive and

sophisticated to lead to higher trading volume (Scheinkman and Xiong, 2003).

We examine the predictions of this framework using a new dataset of subjective cash

flow and return expectations from Value Line (VL) spanning nearly the full post-WWII

sample, 1956-2024. We build this dataset by digitizing the physical volumes of the Value

Line Investment Survey from 1956 to 1989. We combine these newly digitized data with

digitally available data from VL for 1987-2024. The underlying data provide expectations

for some 1,500 firms per year in most years. We compute the expected return for each

firm by combining long-run (three-to-five-year) earnings expectations and price targets.

We then aggregate these earnings and return expectations to an annual time series. We

complement these new data with existing survey measures of return expectations from

other finance professionals, forecasters, and individuals already collected in the literature,
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summarized by the papers listed in Table B.1.

The VL expectations data offer two main contributions relative to the existing literature.

First, available data on investors’ expected returns tend to cover relatively short periods

(see the literature review in Table B.1). In contrast, our data cover a period about three

times longer (nearly seven decades versus about two). This allows for tighter statistical

tests, a benefit recently stressed by Brunnermeier et al. (2021). Second, they provide

expected cash flow and return expectations from the same analyst. As we show, subjective

expectations differ considerably across investors. Thus, combining cash flow and return

forecasts from different financial market participants can yield misleading results.

We present four main findings, all consistent with our framework. First, we document

substantial heterogeneity in expected returns. VL expected returns are weakly correlated

with those of professional forecasters and negatively correlated with individual investors’

expectations. VL expected returns are also more volatile than most other survey-based

measures. Subjective expectations data reject the assumption of common beliefs.

Second, VL expected returns are highly correlated with the earnings-price ratio. A time

series regression of the earnings-price ratio on the VL expected return yields a t-statistic of

4.7 and an R2 of 59%. Thus, VL analysts expect returns to be high when valuation ratios

are low, consistent with countercyclical expected returns of rational investors. In contrast,

no other expected return series among the nine we examine exhibits a significant positive

correlation with the EP ratio. In fact, in our sample, expected returns from most surveys

of individuals are acyclical or, if anything, procyclical, as documented by Greenwood and

Shleifer (2014) and Adam et al. (2017).

Through the lens of VL’s expectations, variation in expected returns accounts for most

of the fluctuations in equity valuation ratios. Following Campbell and Shiller (1988a),

we decompose the current price-earnings ratio into (i) expected returns over the next

four years, (ii) expected earnings growth over the same horizon, and (iii) the expected

long-term price-earnings multiple four years ahead. The strength of the VL data is that
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we observe each of these three objects for each firm from the same forecaster, so an

exact accounting identity holds between these variables. Future expected returns explain

roughly 60% of the movements of the price-earnings ratio, while the expected long-term

multiple explains the remaining 40%. In contrast, expected cash flows explain essentially

none of the variation in the price-earnings ratio. Consistent with such evidence, time-

variation in expected returns depends very little on changes in expected dividend growth,

but mostly on expectations of price-earnings multiple mean-reversion to a long-term

target.

We further show that VL expected returns are negatively correlated with past returns,

consistent with countercyclical expectations of returns. In contrast, expected returns

from professional forecasters are uncorrelated with past realized returns, while expected

returns of individuals tend to be positively correlated with past realized returns, as

documented in the literature on extrapolative beliefs (e.g., Greenwood and Shleifer, 2014).

Interestingly, past realized cash flow growth is not predictive of expected returns across

all surveys we consider. This tilts the evidence towards a heterogeneous investor model

where naive traders extrapolate past prices rather than past fundamentals, as in Barberis

et al. (2015).

Third, expected returns from VL predict future aggregate stock returns. Return

predictability is especially strong for future realized nominal total returns. Return pre-

dictability also obtains when using realized excess returns. Across nine measures of

subjective expected returns, VL’s expected return is the only series that consistently

predicts returns with the correct sign. Moreover, VL expected return predicts future

returns approximately as well as valuation ratios such as the earnings-price ratio. While

our main sample is annual over 1956-2024, we find even stronger predictability with

quarterly data from VL covering 1987Q3-2024Q3.

Finally, we show that belief disagreement between VL and individual investors is

associated with higher trading volume. Belief disagreement is also associated with higher
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return volatility. This evidence suggests that heterogeneity in beliefs matters for market

dynamics and pricing.

Overall, our findings paint a picture of an equity market where sophisticated investors

with near-rational beliefs interact with naive investors who extrapolate past returns.

An increase in the expected return of naive investors raises their demand, driving up

prices. Sophisticated investors understand that high prices are associated with lower

expected returns. This story aligns with our evidence on the beliefs of sophisticated and

individual investors and on trading volume. An alternative view is that only the beliefs

of sophisticated investors matter, as in rational models with time-varying risk premia.

Some of the evidence described above challenges this view. First, the negative correlation

of VL expectations with individual investors’ expectations suggests that VL somehow

“responds” to shifting sentiment. Second, the correlation between trading volume and the

difference in beliefs implies that the different types of agents trade with one another.

Related literature. Our work contributes to three strands of literature.

First, we contribute to the growing literature on subjective expectations in equity

markets. Appendix Table B.1 provides a summary of the findings in the empirical

literature on return expectations. Several studies document that stock market return

expectations of individual investors and some institutions are acyclical or even procyclical

and extrapolative, in contrast to model-based expected returns (Bacchetta et al., 2009;

Greenwood and Shleifer, 2014; Adam et al., 2017; Andonov and Rauh, 2021; Nagel and

Xu, 2023). A smaller number of more recent papers, focusing on analyst or institutional

investors, find expected returns that are countercyclical and contrarian, closer to model-

based expected returns (Wang, 2020; Dahlquist and Ibert, 2024; Bastianello, 2025; Büsing

and Mohrschladt, 2024), though these studies cover relatively short samples.

We provide several contributions relative to these studies. First, we provide evidence

on countercyclical return expectations from a sophisticated agent for a much longer
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sample spanning nearly seven decades. In contrast, these studies typically have data

starting in the 2000s. Besides the gain in statistical power, our study also informs debates

about out-of-sample return predictability (Welch and Goyal, 2008). Aggregate returns

expectations implied in VL’s forecasts are strongly correlated with past valuations, even

before it was statistically established that valuation ratios predict aggregate returns

(Campbell and Shiller, 1988b).

Second, a related literature uses subjective expectations to explain variation in stock

market valuations. Traditional econometric-based decompositions of the price-dividend

ratio find that most of the variation in valuation ratios comes from variation in expected

returns (Campbell and Shiller, 1988a; Campbell and Ammer, 1993; Cochrane, 2011).

This is mostly because long-term future returns are predictable using valuation ratios,

while dividend growth rates are harder to predict. This view has been challenged in a

number of papers. A recent series of studies leverages subjective expectations data to

show that they have the power to explain stock price fluctuations. Bordalo et al. (2024)

shows that long-term expected earnings growth (LTG) from analysts is volatile enough to

explain stock price movements, assuming constant expected returns. Consistent with this,

De La O and Myers (2021) shows that changes in expected returns from Livingston are

too small to explain valuations, while changes in short-term expected earnings growth

are much more volatile and account for most (between 60 and 90%) of the variation in

the price-dividend ratio.

Relative to these studies, we highlight that such decompositions of valuations between

expectations of cash-flows and returns depend crucially on whose expectations one

considers. From the perspective of a sophisticated analyst, we find that it is changes in

expected returns, rather than expected dividend growth, that account for most of the

variation in equity valuation. But this does not have to hold for all investors. Given that

the Campbell-Shiller decomposition can hold for various sets of beliefs, our findings

suggest caution in causally ascribing fluctuations in the stock market to a given set of
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beliefs.

Third, our paper highlights the role of heterogeneous beliefs in asset price formation.

Consistent with a long-standing tradition of asset pricing models with heterogeneous

beliefs (starting with Harrison and Kreps (1978) and De Long et al. (1990)), we find that

VL’s beliefs are negatively correlated with most surveys of individuals’ expectations. In

line with a generic prediction of these models (Barberis, 2018), we establish that, when

beliefs of VL and individuals diverge, trading volume is higher. This result suggests that

both types of return expectations “matter” for asset price formation. Consistent with us,

McCarthy and Hillenbrand (2025) find that expected returns of individuals and equity

analysts’ long-term earnings growth forecasts (LTG) are negatively correlated. Relative

to their study, we bring novel data that provide subjective expectations of both cash

flows and returns for a sophisticated investment adviser, and a considerably longer time

sample. While McCarthy and Hillenbrand (2025) argues that different types of investors

extrapolate different objects, we argue that some investors are extrapolative, while others

hold beliefs closer to a rational benchmark.

Roadmap. The remainder of the paper is structured as follows. Section 2 presents a

simple model to organize our empirical analysis. Section 3 presents our new dataset.

Sections 4, 5, and 6 summarize the properties of our subjective expected return series

and document that it is strongly correlated with the earnings-price ratio, past returns,

and volatility. Section 7 shows our new expected return series predicts future returns.

Section 8 shows belief disagreement about returns is associated with higher trading

volume, and Section 9 concludes.
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2 Heterogeneous Investors: Model Predictions

2.1 Model Layout

The model is a variant of De Long et al. (1990) and Barberis et al. (2015). Time is indexed

by t. There are two assets: a safe asset in infinite supply and return r, and a risky asset

that pays a dividend Dt and trades at a price Pt. Dividend growth Gt = Dt − Dt−1 follows

an AR(1) process with persistence ρ and mean zero. The risky asset has residual supply 1.

These assets are traded by two types of investors indexed by i ∈ {N, S} (extrapolators and

rational). The share of extrapolators is α. Finally, the model has an OLG structure: when

young, investors use their endowments to buy xi stocks at price Pt from old investors,

while investing the remainder bi − xitPt in the safe asset. When old, investors receive

the dividend Dt+1, sell the risky asset to young investors at price Pt+1, collect 1 + r per

dollar of safe asset, and consume everything before dying. Their utility of consumption

is CARA with risk aversion γ and is proportional to − exp−[γxitRt+1], where the excess

$ stock return is Rt+1 = Pt+1 + Dt+1 − (1 + r)Pt. Demands for risky assets xit are chosen

to maximize the expected utility of consumption when old.

Given this assumption, asset demands depend on returns expectations. We assume

that rational traders have rational expectations EtRt+1, consistently with our empirical

results from Section 6.3. The expectations of extrapolators for excess returns in t + 1 are

given by EtRt+1 + µRt. This assumption is in line with the recent literature (Greenwood

and Shleifer (2014), Nagel and Xu (2022)) as well as our own results in Section 6.1. Last,

we note the σ2 the variance of Rt+1 conditional on t. At equilibrium, this variance can be

computed and is constant.

We solve in Appendix A a richer version of this model, with time-varying risk premia

(AR1 shocks to risk aversion) and allowing both types of agents to extrapolate irrationally

on past dividends and past risk premium (by using different persistence than the objective

ones for both processes). The simplified baseline model described above fits most of our
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evidence, so we focus on it here to streamline exposition.

2.2 Model Predictions

We obtain the following expressions for prices and expected returns (detailed derivations

in Appendix A):

Pt = −
(

1 − µα

1 + r

)
γσ2

r
+

1
r

Dt +
1 + r

r
ρ

1 + r − ρ
Gt +

αµ

1 + r
Rt (1)

FS
t Rt+1 = EtRt+1 = γσ2 − (1 + r)

αµ

1 + r − αµ
Rt (2)

FN
t Rt+1 = γσ2 + (1 + r)

(1 − α)µ

1 + r − αµ
Rt (3)

(4)

where Fi
t Rt+1 is the returns forecast of investor class i ∈ N, S. Past returns boost the

demand of naive traders and therefore valuations (the first equation), but reduce future

returns. Acknowledging this, sophisticated traders expected lower future returns. While

dividend growth raises current valuation, it does not affect returns as in this baseline

model both investor classes are rational about dividends.

The first set of predictions is not related to specific assumptions about expectations

formation, but on the equilibrium architecture of the model:

Prediction 1. Market equilibrium with heterogeneous traders

• Expected returns of sophisticated investors are negatively correlated with naive investors’

expected returns.

• Trading volume increases with change in disagreement about expected returns.

vol =
1

2γσ2 |α∆FN
t Rt+1 − (1 − α)∆FS

t Rt+1|
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The first prediction comes from the market clearing condition: When naive investors

are bullish, their demand is high. Prices have to increase to compress the demand of

rational investors: Their expected returns decrease. This prediction does not require

any assumption about expectation formation. The second prediction requires to define

volume as the half sum of absolute change in demand of each category of agents.

The second set of predictions consists of moments characterizing expectations forma-

tion. These arise from assumptions made about expectations formation:

Prediction 2. Characterizing expectation of returns

• Expected returns of sophisticated investors are negatively correlated with past realized

returns.

• Controlling past returns, expected returns of sophisticated and naive investors should not

depend on past dividend growth (Equations (23)).

Since expected returns are negatively correlated, and naive traders extrapolate on past

returns, sophisticated traders are mechanically contrarian. By assumption, both investor

types do not extrapolate on past dividends. This gives the second prediction.

The last set of predictions arise from solving the model and the resulting equilibrium

relationships between valuations, returns and expectations.

Prediction 3. Expectations and valuation

• The share of price movements accounted for by sophisticated inverstors’ returns expectations,
αµ

1−α Rt, is non-trivial.

• Returns expectations of sophisticated investors are negatively correlated with valuations:

• Returns expectations of sophisticated investors predict future realized returns:

The first prediction comes from the model design: naive investors’ expectations are

not purely rooted in fundamentals, creating deviations of prices from fundamental value.
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This leads to a positive contribution of rational expected returns (here, a function of

past returns) in accounting for valuation ratios. The second and third predictions are

related. In this model, high valuations are driven by temporary naive traders sentiment.

Sophisticated traders acknowledge this, and rationally expect lower future returns.

3 Data

We build a new annual time series dataset containing subjective expectations of returns

and earnings from Value Line, an independent equity analysis firm. The data are annual

and cover the period 1956-2024. We complement these data with subjective expectations

of equity returns from various surveys of (i) other finance professionals, (ii) professional

forecasters, and (iii) individuals. We further match these data with standard data on

realized returns and firm fundamentals.

3.1 New Expectations Data from Value Line, 1956-2024

Data source and collection. Our main data contribution is a new database of analyst

forecasts of firm fundamentals and stock prices spanning 1956 to 2024. This sample is

significantly longer than existing datasets on analyst expectations, such as IBES, which has

limited coverage starting in 1976. The forecasts are from Value Line (VL), an independent

investment research firm widely used by retail and institutional investors.2 Since 1956, VL

has provided forecasts of firm-level fundamentals such as sales, earnings per share (EPS),

and dividends per share (DPS). The forecasts are usually provided for the remainder of

the current year and for a 3-5 year horizon. For each firm, Value Line also provides a

stock price target at the 3-5 year horizon. VL covers 500 to 1600 publicly listed firms per

2For example, Value Line is supposedly the only investment research subscription used by Warren
Buffett, while Charlie Munger has called the Value Line charts (figures and data tables) a “human triumph.”
Other examples of investors who have relied on Value Line’s analysis include Peter Lynch and David
Dreman. The latter worked at Value Line early in his career.
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year, with higher coverage starting in the middle of the 1970s (see Figure B1). We obtain

forecasts for 92,117 firm-year observations.

We build our VL database in two steps. First, for the period 1987-2024, we use VL’s

estimates and projections database, which is available digitally from VL. Second, for

the 1956-1989 period, we digitized the physical volumes and microfilm scans of the

Value Line Investment Survey. We first scanned physical volumes and microfilm records

from various libraries. Appendix Figures B2 and B3 provide examples of the underlying

source for General Motors in 1956 and 1975. We then applied state-of-the-art optical

character recognition (OCR) and layout detection tools to extract the actual realization of

fundamentals, the forecasts of fundamentals, and stock price targets (Correia and Luck,

2023). We also extracted other relevant information, including firm name, ticker, and the

recent actual stock price. To implement this procedure, we digitized 38,696 investment

analysis reports, or an average of 1,138 per year. For each firm-year in VL, we match the

firm to its PERMNO using a fuzzy match algorithm based on firm name and stock ticker.

To minimize errors in the digitization, we manually verified the digitization and tested

whether identities between variables hold (e.g., verifying that sales, sales per share, and

number of common shares outstanding are consistent). We also used the overlapping

years covered in both the VL digital database and our digitized data to verify the quality

of the digitization. We further verified that the actual realizations are strongly correlated

with Compustat data.3 We note that collecting data from print versions of published

documents ensures that the data are not subject to backfilling concerns.

We collect the forecasts from VL made between January and March of each year.

Firms in VL are surveyed four times per year, so this implies we take the first survey

in a calendar year. The motivation for this choice was twofold. First, projections for

the remainder of the year made in Q1 of the year can be thought of as forecasts for

the next year. Second, focusing on one quarter made the digitization more manageable

3Appendix C provides further details on the data collection and quality checks.
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than if we had collected data for all quarters. Using data from one forecast per year is

suitable for our purposes, as we are interested in variation in valuation ratios and return

predictability, which is strongest at longer horizons. We also construct quarterly expected

returns for the 1987-2024 subsample.

We are far from the first to use the VL expectations data. Value Line ratings and

expectations were the subject of a large literature in the 1970s and 1980s that debated

whether their stock rankings contained information for future returns. Several studies,

usually relying on a few years of data, find that Value Line timeliness rankings had

predictive power for subsequent returns (see also Black and Kaplan, 1973; Holloway, 1981;

Copeland and Mayers, 1982). Stickel (1985) found that VL rank changes are associated

with an increase in stock prices, suggesting that the information published by VL was

incorporated into stock prices.4 Szakmary et al. (2008) find limited evidence that VL

expected returns predict returns in the cross-section, though they focus on only 65 firms

during a limited set of years.5 We are the first to construct a long firm-level panel dataset

of subjective expectations spanning almost 70 years. This long sample is invaluable for

testing time series properties, such as return predictability and correlation with valuation

ratios.

Value Line expected return. We denote VL expected annualized aggregate return over

the next three to five years as FVLrt→t+4. These expected returns are based on projected

future earnings and price targets made in Q1 of calendar year t. Specifically, for each firm

f in Q1 of year t, we first compute the expected return implied by VL’s reported recent

price (Pf ,t), EPS forecasts for the end of year t (FVLEPS f ,t), EPS forecasts for year t + 4

(FVLEPS f ,t+4), and price target in 4 years (FVLPf ,t+4).6 The VL expected firm-level return

4Note that we do not employ the Value Line “rankings” in this paper.
5Brav et al. (2005) use VL to study the factors that explain subjective expected returns. They find that

VL expected returns are correlated with market beta and size (see also Jensen, 2022).
6To be more precise, long-term EPS and price forecasts range from year t + 3 to t + 5. We take the

convention that the horizon is t + 4.
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FVLr f ,t→t+4 is the solution x to this equation:

Pf ,t

FVLEPS f ,t
= b

[
4

∑
i=0

(1 + FVLg f ,t→t+4)
i

(1 + x)i+1

]
+

1
(1 + x)5 ×

FVLPf ,t+4

FVLEPS f ,t
(5)

where we assume constant dividend growth FVLg f ,t→t+4 = (
FVLEPS f ,t+4

FVLEPS f ,t
)

1
4 − 1 from t to

t + 4, and a constant payout rate b = 0.41 obtained as the average from the data.7

To compute the aggregate expectation of return from year t to t + 4, we then compute

market-cap weighted average of the firm-level expected return:

FVLrt→t+4 = ∑
f

w f ,tF
VLr f ,t→t+4,

where w f ,t is firm f ’s share of total market cap in the VL universe in December of year

t − 1.8 FVLrt→t+4 is the expected return implied by VL’s EPS and price targets based on

expectations formed and published in Q1 of year t. Similarly, we compute market-cap

weighted expectations of earnings growth, FVL
t gt→t+4, current forward price-earnings

multiple Pt
FVL

t Et
, and expected future price earnings multiple FVLPt+4

FVL
t Et+4

.

3.2 Additional Data

We collect data on subjective expected equity returns from various other sources used

in the literature. We focus on expectations data, rather than balances of opinion which

less directly comparable to returns realization (see Greenwood and Shleifer (2014) for a

review of balance of opinion data).

7In some years, VL also forecasts t + 1 earnings per share. In this case, we incorporate growth from t to
t + 1 and from t + 1 to t + 4. We also note that the results are highly robust to deriving the expected return
in levels, which allows for the inclusion of firms with negative expected earnings in year t (see Figure B.1).
We also constructed the VL expected return using projected dividends per share (instead of earnings per
share). The time series of the expected return based on dividends per share is very similar (Figure B.1). We
choose to rely on EPS due to the well-known decline in the dividend payout ratio over the sample.

8The main results are also robust to aggregating expected earnings and market capitalization and then
computing the expected return directly from the aggregate series (see Figure B.1).
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Expectations of other finance professionals. First, we collect two additional measures

of expected returns from analysts or institutional investors (“finance professionals”). We

use data on price targets and dividends per share forecasts from the Institutional Brokers’

Estimate System (IBES). IBES generally reports price targets for next year. This variable

is well populated starting in 2003. Similarly to Bastianello (2025), we compute the IBES

expected return using the most recent price (Pf ,t), the consensus forecast of dividends per

share for year t + 1 (FIBESDPS f ,t), and the consensus price target (FIBES
t Pf ,t+1)

FIBESr f ,t→t+1 =
FIBESDPS f ,t + FIBESPf ,t+1 − Pf ,t

Pf ,t
.

We then compute the aggregate expected return as the market-cap weighted average of

the firm-level expected returns: FIBES
t rt→t+1 = ∑ f w f ,tFIBES

t r f ,t→t+1, where w f ,t is firm f ’s

share of the total market cap in the IBES universe at time t. To make the series comparable

with VL, we take expectations in IBES as of March of each year.9 Note that this measure

of expected return relies on the price target, not the long-term earnings growth (LTG)

measure in IBES. As an additional source on expectations of finance professionals, we

use data on the expectations of institutional investors from the Robert Shiller Investor

Confidence survey (Shiller, 2000). These data provide the expected return on the Dow

Jones index at various horizons and are available with gaps since 1999 and continuously

since 2001.

Expectations of professional forecasters. Second, we obtain subjective expectations

about expected stock returns from professional forecasters. The first source is the Liv-

ingston Survey, which provides forecasts by economists from industry, government,

banking, and academia (it is used for instance by De La O and Myers (2021)). It is

published in June and December. To obtain forecasts made as close as possible to VL’s

9The exception is March 2020, which results in a very high expected return that meaningfully distorts
the results, especially given the short sample. For 2020, we thus use expectations in IBES from February.
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forecasts in Q1 of year t, we use forecasts from December of year t − 1. The Livingston

survey expectations on stock returns is available since 1952. It is thus the only data on

subjective expected returns with a longer availability than Value Line. We compute the

Livingston expected return as

FLiv
t rt→t+1 =

(
SPIF_12Mt

SPIF_BPt

) 12
k
− 1, (6)

where SPIF_12Mt is the predicted index level of the S&P 500 12 months ahead of t and

SPIF_BPt is the current base value. We use the (12/k) adjustment based on the month

of the reported base value. Second, we collect expected returns from the Survey of

Professional Forecasters. Specifically, we use the median 10-year expected stock return

(STOCK10), which is available starting in 1992. This variable captures forecasts for the

annual-average rate of return to equities (S&P 500) over the next 10 years. This variable is

surveyed only in Q1 of each year, so the timing of this variable is consistent with our VL

data.

Expectations of individuals. Third, we collect data on expected returns from various

surveys of individuals. We use data on the expectations of individuals from the Robert

Shiller Investor Confidence survey (Shiller, 2000) (used for instance by Greenwood and

Shleifer (2014)). In addition, we collect Graham and Harvey CFO Survey’s forecasts for

the return on S&P 500 index over the next 12 months and average annual returns over the

next 10 years (Graham and Harvey, 2005; Duke University’s Fuqua School of Business

and Federal Reserve Banks of Richmond and Atlanta, 2025). The Graham-Harvey data

are available from 2002 onwards. Further, we use the subjective expected return series

constructed by Nagel and Xu (2022). This series combines expected returns at the one-year

horizon from various surveys: UBS/Gallup survey, Vanguard Research Initiative, surveys

of from several studies in the 1970s, the Michigan Survey of Consumers, Conference
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Board Survey, and Roper Center Surveys. 10

Data on realizations and fundamentals. We use data on stock returns and trading

volume from CRSP and firm fundamentals from Compustat, both via the Wharton

Research Data Services. We match the Value Line database with CRSP stock returns and

Compustat fundamentals using PERMNO. Finally, we also use the cyclically adjusted

price-earnings ratio (CAPE) from Robert Shiller’s website.

4 Heterogeneous Subjective Expected Returns

4.1 Summary Statistics

Table 1 reports summary statistics of the expected returns from our novel VL data (Panel

A), eight additional survey-based expected return measures (Panel B), and realizations

(Panel C). In panel B, we also report the properties of expected returns implied by a

regression of realized returns from t to t+ 1 on the earnings-price ratio as of the beginning

of t (̂rEP
t→t+1), taken as the “rational benchmark” by Dahlquist and Ibert (2024).

The average VL annualized expected nominal return, FVLrt→t+4, is 13% for the 1956-

2024 sample. This is 2 percentage points too optimistic compared to the average realized

return of 11%. The VL expected return also fluctuates considerably, with a standard

deviation of 8%. Indeed, Figure 1 shows that the VL’s expected nominal return varies

considerably over time, with large fluctuations at business cycle frequencies. Notably,

expected returns are especially high in the 1970s and after major market downturns, such

as the 2008 Great Financial Crisis. The variation in the VL expected return is higher

than the standard deviation of the expected return implied by the predicted value of a

regression of returns on the earnings-price ratio, r̂EP
t→t+1, which has a standard deviation

of 3%.
10See Nagel and Xu (2022) for details. We obtain the data from Xu’s webpage.
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Table 1: Summary Statistics

Mean SD N RMSE Start End
Panel A: Value Line Subjective Expectations
Expected return, Value Line, FVLrt→t+4 0.13 0.08 69 0.162 1956 2024
Expected EPS growth, Value Line, FVLgt→t+4 0.12 0.03 69 1956 2024

Forward PE Ratio, Value Line,
Pt

FVLEPSt
16.14 4.80 69 1956 2024

Long-term PE Ratio, Value Line,
FVLPt+4

FVLEPSt+4
15.99 3.44 69 1956 2024

Panel B: Other Subjective Expectations
Expected return, IBES, FIBESrt→t+1 0.16 0.06 22 0.200 2003 2024
Expected return, Shiller-institutional, FSh-instrt→t+1 0.04 0.04 36 0.186 1990 2025
Expected return, Livingston, FLivrt→t+1 0.06 0.05 73 0.175 1953 2025
Expected return, Shiller-individual, FSh-indivrt→t+1 0.04 0.03 27 0.190 1999 2025
Expected return, SPF, FSPFrt→t+10 0.07 0.01 34 0.176 1992 2025
Expected return, Graham-Harvey (10-year), FGHrt→t+10 0.07 0.01 23 0.180 2002 2024
Expected return, Nagel-Xu (2022), FNXrt→t+1 0.09 0.02 36 0.169 1988 2023
Expected return, Graham-Harvey (1-year), FGHrt→t+1 0.05 0.02 23 0.188 2002 2024
Expected return, EP regression, r̂EP

t→t+1 0.11 0.03 69 0.158 1956 2024
Panel C: Realizations
Realized return, Value Line sample, 1 year, rt→t+1 0.11 0.16 69 1956 2023
Realized return, Value Line sample, 4 year, rt→t+4 0.10 0.06 66 1956 2020
Realized return, CRSP sample, 1 year, rt→t+1 0.11 0.16 68 1956 2023
Realized return, CRSP sample, 4 year, rt→t+4 0.10 0.07 65 1956 2020
Realized EPS growth, Value Line sample, 4 year, gt→t+4 0.07 0.04 66 1956 2019
Trailing EP Ratio, CRSP sample, E/Pt 0.06 0.03 70 1956 2024

Inverse of Shiller CAPE ratio,
1

CAPEt
0.06 0.03 70 1956 2024

Risk-free rate, r f
t 0.05 0.03 69 1956 2024

Notes: This table reports summary statistics for our annual time series dataset. All returns and growth
rates are nominal and annualized. The Forward PE ratio is based on the most recent price divided by the
forecast of earnings per share for year t made at the beginning of year t. The risk-free rate is the 90-day
T-bill return.

VL expected returns exhibit higher volatility than the expected returns of individuals

and professional forecasters. For example, individual expected returns have a standard

deviation of 1-2% per year. In contrast, in overlapping samples, FVLrt→t+4 has a standard

deviation of roughly 3%. These patterns are visually apparent in Figure 1, which plots

all nine expected return measures. Long-horizon forecasts (GH 10 years, SPF 10 years)
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Figure 1: Subjective Expected Equity Returns: Value Line and Other Surveys

(a) Finance Professionals and Professional Forecasters
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Notes: This figure plots various subjective expected return time series. Panel (a) plots expected returns
from Value Line, other finance professionals, and professional forecasters. Panel (b) plots expected returns
from Value Line and surveys of individuals. We also plot the expected return from the predicted value of a
regression of next year’s realized return on the earnings-price ratio.

have markedly lower volatility, as is to be expected given long-run returns predictability.

Moreover, VL expected returns are slightly more optimistic than expectations from

individuals and professional forecasters. However, one should be careful in making this
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comparison with the Livingston and Shiller series, as these do not include dividends.11

Overall, these simple summary statistics indicate substantial heterogeneity in both the

mean and variance of nominal expected returns.

4.2 Correlation of Subjective Expected Returns

Table 2 reports the pairwise correlations of VL expected returns and the eight other

expected return series. VL expected returns are positively and significantly correlated

with expected returns from other finance professionals (IBES and Shiller’s survey of

institutional investors). VL expectations are more weakly positively correlated with

expectations of professional forecasters in the Livingston survey and the SPF. At the

same time, VL expected returns are weakly or even negatively correlated with expected

returns from individuals in the Graham-Harvey CFO survey and the Nagel-Xu series. The

negative correlation between the VL and GH series is statistically significantly negative.

Table 2 thus highlights the heterogeneity of returns expectations in the data. In periods

when VL analysts expect high returns, such as at the start of 2009, individuals usually

do not share these beliefs and often expect low returns. As shown in Section 2, this

prediction emerges naturally in an equilibrium model with two classes of traders with

different returns expectations. Due to market clearing, if individuals are bullish about

future returns, VL traders’ demand has to shrink, which can only happen if they become

bearish about future returns.

11Nagel and Xu (2023) find that Livingston survey expectations are still pessimistic when adjusting these
expectations with the dividend yield.
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Table 2: Correlation between Expected Equity Returns across Surveys

FVLrt→t+4 FIBESrt→t+1 FSh-instrt→t+1 FLivrt→t+1 FSh-indivrt→t+1 FSPFrt→t+10 FGHrt→t+10 FNXrt→t+1 FGHrt→t+1

FVLrt→t+4 1.000

FIBESrt→t+1 0.447 1.000

FSh-instrt→t+1 0.446 0.248 1.000

FLivrt→t+1 0.297 -0.089 0.187 1.000

FSh-indivrt→t+1 0.271 -0.168 0.025 0.489 1.000

FSPFrt→t+10 0.075 0.392 -0.209 -0.089 0.587 1.000

FGHrt→t+10 0.049 0.374 0.317 0.333 0.220 0.265 1.000

FNXrt→t+1 -0.176 -0.565 -0.653 -0.204 0.476 0.347 0.091 1.000

FGHrt→t+1 -0.445 -0.636 0.005 0.457 0.537 0.169 0.060 0.622 1.000

Notes: This table reports pairwise correlation among the subjective expected equity returns series across
surveys. Subjective expected returns are nominal and annual.
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5 Subjective Expected Returns and Valuation Ratios

This section documents that VL expected returns are strongly correlated with measures

of the earnings-price ratio. This pattern contrasts with expected returns from professional

forecasters and individuals (e.g., De La O and Myers, 2021). At the same time, VL

expected earnings growth is not correlated with the earnings-price ratio. As a result, from

the lens of VL’s expectations, fluctuations in stock market valuations are accounted for by

variation in expected returns.

5.1 Earnings-Price Ratio and Expected Returns

As is well-known since Campbell and Shiller (1988b), movement in the earnings-price

ratio are driven by both changes in expected returns and expected earnings growth. To

fix intuition, suppose earnings grow at rate g, the payout ratio is b, and r are expected

returns. In this case, the earnings yield is E
P = 1

b (r − g) Thus, the earnings-price ratio

should be related to higher required returns or lower earnings growth. In recent work,

De La O and Myers (2021) show that expected returns from the Graham-Harvey and

Livingston Survey contribute little to valuation movements.

In contrast, VL expected returns account for a large share of movements in valuation.

Figure 2 plots the time series of the VL expected return and the VL expected aggregate

EPS growth. These expectations are as of Q1 of each year. We also plot the earnings-price

ratio and inverse of the CAPE as of December of the previous year. In the time series, the

VL expected return is strongly positively correlated with the earnings-price ratio. The

correlation is even stronger for the inverse CAPE. VL expected returns are high during

times when valuations are low. Examples include the 1958 recession, the stagflation of

the 1970s, the early 1980s recession, and the 2008 financial crisis.

Table 3 examines the relation between the cyclical adjusted earnings-price ratio

(inverse-CAPE) and subjective expected returns from VL and the eight other surveys.
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Figure 2: Valuation Ratios, Expected Returns, and Expected Earnings Growth
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Notes: This figure shows expectations of returns and EPS growth from Value Line on the left vertical axis
and the earnings-price ratio and inverse CAPE on the right vertical axis. Expected returns and EPS growth
for year t are based on expectations formed in Q1. The earnings-price ratio plotted for t is earnings over
year t − 1 relative to the market cap at the end of year t − 1. The inverse CAPE plotted for t is the December
t − 1 value.

Specifically, we estimate regressions of the form:

1/CAPEt = α + βFkrt→t+jk + ut,

where 1/CAPEt is the inverse-CAPE ratio at time t, and Fkrt→t+jk is the expected return

formed in Q1 of year t. We report Newey-West standard errors with a bandwidth of

S = 1.3
√

T, following the recommendation in Lazarus et al. (2018). Appendix Table B.2

presents the same regression with the simple earnings-price ratio as the dependent

variable.

Column (1) in Table 3 confirms the strong positive relation between VL’s expected

return and the cyclical adjusted earnings-price ratio. The t-statistic exceeds 5.2, and

the R2 is 65%. The remaining columns in Table B.2 reveal that none of the other eight

expected return series is significantly positively correlated with the earnings-price ratio
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Table 3: Subjective Expected Returns and Inverse of CAPE

1
CAPEt

(1) (2) (3) (4) (5) (6) (7) (8) (9)

FVLrt→t+4 0.279
(5.20)

FIBESrt→t+1 0.023
(0.68)

FSh-instrt→t+1 0.061
(1.45)

FLivrt→t+1 -0.002
(-0.01)

FSh-indivrt→t+1 -0.078
(-0.92)

FSPFrt→t+10 0.145
(1.02)

FGHrt→t+10 -0.363
(-2.57)

FNXrt→t+1 -0.012
(-0.05)

FGHrt→t+1 -0.154
(-1.26)

R2 0.648 0.027 0.054 0.000 0.057 0.044 0.177 0.000 0.089
N 69 22 36 73 27 34 23 36 23

Notes: This table reports results from annual time series regressions of the inverse CAPE ratio on expected
returns. The inverse CAPE ratio is as of December of year t − 1. Subjective expectations are as of Q1 of year
t. Table B.2 shows robustness to using the unadjusted earnings-price ratio as the dependent variable, and
Tables B.3 and B.4 present the same regressions using expected excess returns as the regressor. Newey-West
standard errors with bandwidth S = 1.3

√
T.

(especially Livingston and SPF, consistent with De La O and Myers (2021)). Measures of

expected returns from other finance professionals and professional forecasters are weakly

(significantly in the case of IBES) negatively correlated with the inverse-CAPE.

Measures of expected returns of individuals tend to be negatively correlated with

the inverse-CAPE, in line with evidence from Greenwood and Shleifer (2014) and Adam

et al. (2017). The correlation is usually insignificant, except in the case of GH. This

evidence lines up with the model of Section 2. When individuals are bullish, valuations

are high, but market clearing imposes that VL traders are bearish. This generates a
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positive correlation between valuation and individual expectations, and a negative one

with VL expectations.

Appendix Table B.2 shows that these results are robust to using the simple earnings-

price as the dependent variable, where the earnings-price ratio measures earnings over

year t − 1 relative to the market cap at the end of year t − 1. See Appendix Figure B.2

for a scatterplot of these correlations. Moreover, Appendix Tables B.3 and B.4 show that

the patterns are robust to using the expected excess return, calculated as the nominal

expected return net of the one-year Treasury yield. In both exercises, only VL expected

excess returns are significantly positively correlated with the earnings-price ratio. The fit

when using the inverse-CAPE is slightly better than when using the basic E/Pt ratio.

In contrast to VL expected returns, VL expected earnings growth is weakly correlated

with valuation ratios. Figure 2 illustrates the weak correlation in the time series. Table 4

regresses the inverse-CAPE ratio (1/CAPEt) on VL expected return and the VL expected

earnings growth. In a simple regression, expected cash flow growth is positively correlated

with the cyclically adjusted earnings-price ratio (column (2)). When including both

variables in the regression (column (3)), we find that expected returns are positively

associated with the earnings-price ratio, while expected earnings growth is essentially

uncorrelated with the earnings-price ratio. Thus, the correlation with valuation is much

stronger for VL expected returns than VL expected earnings growth.12 In columns (5)-(7),

we confirm that the relation between 1/CAPEt and VL expected returns is robust to

controlling for inflation and the 10-year bond yield. Inflation is here to test robustness

to the high inflation period of the 1970s. The 10-year yield allows us to check that

the relationship between earnings yield and expected returns is primarily driven by

movements in the risk premium component of VL’s expectations.

12Table B.5 shows the results are similar when using the unadjusted earnings-price ratio as the outcome
variable.
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Table 4: Inverse of CAPE and Value Line Expected Returns and Earnings Growth

1
CAPEt

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

FVLrt→t+4 0.279 0.254 0.208 0.181 0.177
(5.20) (5.18) (3.37) (3.22) (3.18)

FVLgt→t+4 0.503 0.140 0.165 -0.020 -0.016
(2.91) (0.96) (1.16) (-0.19) (-0.16)

Inflationt−1 0.148 0.014
(1.45) (0.16)

10-year bond yieldt−1 0.392 0.388
(4.54) (3.89)

R2 0.648 0.258 0.663 0.672 0.734 0.734
N 69 69 69 69 69 69

Notes: This table reports results from regression of inverse of the current CAPE ratio on VL expected
returns and expected EPS growth. Shiller CAPE ratio is as of December year t − 1. Expectation variables
are as of Q1 of year t. Inflation and the 10-year bond yield are as of December of year t − 1. Newey-West
standard errors with bandwidth S = 1.3

√
T.

5.2 Campbell-Shiller Decomposition

Next, we show that movements in expected returns explain most of the time variation in

valuation ratios through the lens of VL’s expectations. To do this, we assume constant

payout and perform the standard Campbell-Shiller decomposition up to t + 4:

pt − log FVLEt ≈ k̃ +
4

∑
j=1

αj−1 ln(1 + FVLgt→t+4)︸ ︷︷ ︸
CFt

−
4

∑
j=1

αj−1 ln(1 + FVLrt→t+4)︸ ︷︷ ︸
ERt

+ α4 ln

(
FVLPt+4

FVLEt+4

)
︸ ︷︷ ︸

LTt

. (7)
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where k̃ and α are constants. pt is the log price. We ignore Jensen terms and equate

forecasts of logs with logs of forecasts. As it will turn out, our decomposition will be

nearly exact. Equation (7) captures the well-known intuition that the price-earnings ratio

can be high either because expected future cash flows are high (CFt), expected future

returns are low (ERt), or expected future valuation ratios are high (LTt).

From VL, we observe all objects in the valuation decomposition in (7): Expected

growth and returns, current and expected price to earnings ratios. Panel A in Table 5

presents the results of the decomposition under the form:

1 =
cov (ln(Pt/Et), CFt))

var (ln(Pt/Et))︸ ︷︷ ︸
CF

+
cov (ln(Pt/Et), ERt))

var (ln(Pt/Et))︸ ︷︷ ︸
ER

+
cov (ln(Pt/Et), LTt))

var (ln(Pt/Et))︸ ︷︷ ︸
LT

Through the lens of VL’s expectations, return expectations over the next four years

accounts for 59.1% of the variation in realized price-to-earnings ratio. Cash flow expecta-

tions over the next four years only explain 2.9%. The remaining 38.9% is explained by the

expected future price-earnings multiple.13 The important role of the long-term multiple

indicates that beliefs about returns or cash flow growth after the three-to-five year horizon

forecasted by VL are important for understanding equity fluctuations. Thus, for expected

cash flow growth to play an important role in VL’s understanding of price-earnings

fluctuations, this must be driven by expected cash flow growth further in the future than

the three-to-five-year horizon. The log-linear approximation holds well, as the three items

sum to almost exactly 100%.

Overall, VL beliefs are more consistent with traditional econometric-based price-

earnings decompositions (e.g., Cochrane, 2011) than cash flow expectations from IBES,

which have been shown to explain a large share of price fluctuations (De La O and Myers,

13The results from the Campbell-Shiller decomposition are robust to various approaches to aggregation.
In the baseline, we compute market-cap weighted expected returns, expected EPS growth, current forward
PE multiple, and expected long-term PE multiple from firm-level VL expectations. As an alternative
approach, we can directly aggregate each variable and compute expected returns based on the aggregate
series. Appendix Table B.13 shows that the results are similar using this alternative aggregation.
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2021; Bordalo et al., 2024).

Table 5: Campbell-Shiller Decomposition Based on Value Line’s Expectations

Panel A: Price-Earnings Decomposition

CF ER LT
(1) (2) (3)

ln(P/Et) 0.029 0.591 0.389
(0.45) (4.56) (4.49)

Panel B: Expected Return Decomposition

Cash Flow Expectations Repricing
(1) (2)

Return Expectations 0.129 0.868
(2.17) (12.52)

Notes: This table reports variance decompositions of the price-earnings ratio and the subjective expected
return based on Value Line expectations. Panel A reports results from regressions of each term on the
right-hand side of the Campbell-Shiller decomposition in (7) on the current log price-earnings ratio from
the left-hand side of (7). Panel B reports results from regressing each of the two terms on the right-hand
side of the return decomposition in (8) on the log expected return from the left-hand side of (8). t-statistics
in parentheses based on Newey-West standard errors with bandwidth S = 1.3

√
T.

Before proceeding, we note that this decomposition should not be interpreted causally.

The fact that VL expected returns account for most of the variation in the stock market

does not necessarily imply that fluctuations in expected returns or discount rates cause

fluctuations in the stock market. The Campbell-Shiller decomposition holds for both

rational and non-rational beliefs, as long as these beliefs satisfy return identities. Our

findings could, for instance, be consistent with a model where naive investors perceive

high valuations to be mostly driven by high future cash flow growth, while sophisticated

investors view valuations as being mostly driven by low future returns (as prices will

eventually revert to realized dividend growth). The extended model solved in Appendix

A allows for this, but then predicts that naive traders’ expectations of returns should be

driven by past dividend growth. We do not find evidence of this in the next section, and

hence settle for a model with returns extrapolation as our baseline.
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5.3 Decomposing the Subjective Expected Return and the Role of

Repricing

Given the important role of expected future returns in accounting for the log price-

earnings ratio when using expectations from VL, a related question is what explains the

variation in expected returns. Rearranging (7) allows us to decompose the variation in

expected returns into expected cash flow growth and expected “repricing” (Dahlquist

and Ibert, 2024):

ln(1 + FVLrt→t+4)︸ ︷︷ ︸
Expected return

≈ 1 − α

1 − α4

4

∑
j=1

αj−1 ln(1 + FVLgt→t+4)︸ ︷︷ ︸
Expected CF growth

+
1 − α

1 − α4

(
α4 ln

(
FVLPt+4

FVLEt+4

)
− ln

(
Pt

FVLEt

))
︸ ︷︷ ︸

Expected repricing

. (8)

This equation summarizes the intuition that expected subjective returns can be high

for two reasons. First, expected returns are high when expected cash-flow growth over

the next 4 years is high. Second, expected returns are high when there is an expected

repricing between t and t + 4, whereby the expected future multiple is higher than the

current multiple.

We observe all three objects in (8), so we can perform a variance decomposition of

VL’s expected return. Panel B in Table 5 reports the results. The expected repricing term

explains 87% of the variation in the expected return. Thus, most of the fluctuations in

VL’s expected return come from the repricing term. Higher expected cash flow growth is

also associated with higher expected returns, as expected, but it accounts for only 13% of

the variation in the expected return.

To better understand the repricing term, Figure 3 plots the current forward price-

earnings multiple, Pt/FVLEt, and the expected future PE multiple, FVLPt+4/FVLEt+4. The
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expected long-term PE multiple is less volatile than the current forward PE multiple.

This implies that, when current valuations are high relative to earnings, VL expects

future valuation ratios to fall. In the tradition of value investing, VL analysis effectively

incorporates mean-reversion in valuation ratios. The importance of the repricing term

contrasts with evidence from Ben-David and Chinco (2024) for sell-side equity analysts,

who often set price targets based on trailing price-earnings multiples. At the same time,

Figure 3 shows there is considerable time-series variation and a secular upward trend

in the expected long-term multiple. This explains why this component accounts for a

significant share of the variation in the current price-earnings ratio in the Campbell-Shiller

decomposition.

The relative stability of the expected long-term PE multiple relative to the current

forward PE multiple is intimately tied to the valuation methodology employed by VL

going back to the 1950s. Indeed, it is in the name. “Value Line” was a valuation ratio

line that Arnold Bernhard, the founder of Value Line, would superimpose onto price

charts. This line captured some moving average of a stock’s valuation ratio. Thus,

when valuation ratios were high, the multiple applied to future price targets tended to

be lower than current valuation ratios. As a concrete example, in their 1956 valuation

analysis of General Motors displayed in Figure B2, VL write “In the hypothesized 1959-61

economic environment, characterized by automobile output averaging 7.8 million units

annually... earnings then could average $4.25 a share and dividends $2.75. Such dividends,

capitalized at 6% as suggested by past norms adjusted to trend, would command an average

price of 46.” This average price was only slightly above the current price of 44, as the

“value line” indicated that the current price was high relative to “past norms” for the

valuation ratio.
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Figure 3: VL Current and Expected Long-Term Price-Earnings Multiples
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Notes: This figure plots VL’s current price-earnings multiple and VL’s expected long-term price-earnings
multiple.

6 Determinants of Expected Returns

6.1 Past Returns and Past Cash Flow Growth

Our baseline model in Section 2 assumes that naive investors extrapolate past returns.

This is consistent with a long-standing tradition in behavioral finance (see Barberis (2018)

for a review), but recent literature tends to highlight the overreacting behavior of cash-

flow expectations (De La O and Myers, 2021; Bordalo et al., 2024). As our extended

model shows in Appendix A, these two options have different predictions. Cash-flow

extrapolation by naive investors would make VL expected returns negatively correlated

with past dividend growth, even controlling for past returns. The opposite would hold if

naive investors extrapolate on past returns: VL expected returns should not depend on

past dividend growth.
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To analyze these predictions, we estimate regressions of the following form

Frt→t+k = α + βxt−1 + ut

where xt−1 are potential drivers of expected returns, and Frt→t+k are measures of expec-

tations of returns from VL and the other sources. Given our discussion on the sources of

extrapolation, we pay particular attention to past dividend growth and past returns. We

also look at measures of risk. Estimates are reported in Table 6.

Motivated by our model, we first look at whether returns forecasts correlate with past

returns. Specifically, we use the market return from December t − 2 to December t − 1,

rt−2→r−1, to predict the subjective expected returns reported in Q1 of year t. The key result

is that VL expectations of returns arestrongly negatively correlated with past returns

(column (1)). The top-left panel in Figure 4 visualizes this clear negative correlation in

the data. This is consistent with our baseline model: Since naive traders extrapolate,

sophisticated traders are mechanically contrarian. Otherwise, the market cannot clear.

Other financial professionals have contrarian expectations of returns too. In particular,

the middle and top-right panels of Figure 4 show the negative relation for expected

returns from IBES and Shiller’s survey of institutional investors. Columns 2 and 3 in

Table 6 Panel A show that the R2 for IBES and Shiller’s institutional investors are above

20%, suggesting that reactions to past returns explain an important share of subjective

expected returns for these groups.14 This pattern of contrarian beliefs does not, however,

hold for beliefs of professional forecasters. Expected returns from Livingston and SPF are

essentially uncorrelated with past returns. The bottom-left panel in Figure 4 visualizes

this result for Livingston survey expected returns.

Like the naive traders of our model, individuals display extrapolation from past

returns. For example, expected returns from Nagel-Xu and Graham-Harvey are signifi-

cantly positively related to past returns, as shown in the bottom middle and right panels

14When we restrict to the same shorter sample, R2 for VL expected returns is also above 20%.
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Table 6: Determinants of Expected Returns: Past Returns and Earnings Growth

Panel A: Expected Returns on Past Returns

FVLrt→t+4 FIBESrt→t+1 FSh-instrt→t+1 FLivrt→t+1 FSh-indivrt→t+1 FSPFrt→t+10 FGHrt→t+10 FNXrt→t+1 FGHrt→t+1
(1) (2) (3) (4) (5) (6) (7) (8) (9)

rt−2→t−1 -0.087 -0.148 -0.103 -0.026 0.005 0.012 0.000 0.064 0.042
(-3.26) (-4.77) (-2.65) (-1.31) (0.24) (1.04) (0.04) (6.08) (3.77)

R2 0.039 0.215 0.213 0.009 0.001 0.027 0.000 0.296 0.243
N 69 22 35 72 26 33 23 36 23

Panel B: Expected Returns on Past EPS Growth

FVLrt→t+4 FIBESrt→t+1 FSh-instrt→t+1 FLivrt→t+1 FSh-indivrt→t+1 FSPFrt→t+10 FGHrt→t+10 FNXrt→t+1 FGHrt→t+1
(1) (2) (3) (4) (5) (6) (7) (8) (9)

gt−2→t−1 -0.007 0.014 -0.003 -0.015 -0.007 -0.004 -0.003 0.002 -0.003
(-0.32) (0.28) (-0.20) (-0.86) (-0.42) (-0.61) (-0.80) (0.28) (-0.23)

rt−2→t−1 -0.086 -0.155 -0.102 -0.024 0.009 0.013 0.002 0.063 0.044
(-3.10) (-4.73) (-2.39) (-1.19) (0.34) (1.05) (0.25) (5.60) (4.45)

R2 0.039 0.219 0.213 0.013 0.006 0.032 0.009 0.297 0.247
N 69 22 35 72 26 33 23 36 23

Panel C: Expected Returns on Standard Deviation of Past Daily Returns

FVLrt→t+4 FIBESrt→t+1 FSh-instrt→t+1 FLivrt→t+1 FSh-indivrt→t+1 FSPFrt→t+10 FGHrt→t+10 FNXrt→t+1 FGHrt→t+1
(1) (2) (3) (4) (5) (6) (7) (8) (9)

SDt−1 2.998 3.722 1.869 0.864 -0.039 -0.232 0.090 -0.944 -1.110
(2.36) (7.68) (4.52) (0.73) (-0.08) (-0.75) (0.82) (-1.87) (-5.86)

R2 0.056 0.253 0.100 0.011 0.000 0.014 0.005 0.120 0.299
N 69 22 35 72 26 33 23 36 23

Panel D: Expected Returns on Past VIX

FVLrt→t+4 FIBESrt→t+1 FSh-instrt→t+1 FLivrt→t+1 FSh-indivrt→t+1 FSPFrt→t+10 FGHrt→t+10 FNXrt→t+1 FGHrt→t+1
(1) (2) (3) (4) (5) (6) (7) (8) (9)

VIXt−1 0.181 0.356 0.098 0.073 0.019 -0.013 0.009 -0.099 -0.097
(2.93) (8.04) (2.26) (1.23) (0.27) (-0.47) (0.82) (-3.51) (-7.31)

R2 0.258 0.291 0.045 0.018 0.003 0.006 0.008 0.157 0.289
N 34 22 34 34 26 33 23 33 23

Notes: This table reports results from regressions of expected returns as of Q1 of year t on: past realized
returns from December of year t − 2 to December of t − 1 (Panel A), past realized EPS growth from t − 2 to
t − 1 (Panel B), the standard deviation of daily returns in Q4 of year t − 1 (Panel C), and the VIX index as
of December of year t − 1. t-statistics in parentheses based on Newey-West standard errors with bandwidth
S = 1.3

√
T.

of Figure 4. Moreover, R2 is over 20% for both regressions.

In Panel B, we check if expectations of returns are really driven by past returns or

whether they extrapolate past cash flows. We calculate earnings per share growth from

year t − 2 to year t − 1. We find that past earnings growth has no additional predictive

power for expected returns.
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Figure 4: Subjective Expected Returns and Past Realized Returns
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Notes: This figure shows subjective expected returns from various surveys against past realized returns.
Subjective expected returns are as of Q1 in year t. Past realized returns are returns on the market from
December of year t − 2 to December of year t − 1. See Figure B.6 for the same figure with all nine expected
return series.

Overall, the evidence in Table 6, Panels A and B vindicate two key predictions of

the model. First, finance professionals such as VL analysts, who are arguably relatively

sophisticated, are contrarian, expecting mean reversion in returns. On the other hand,

individuals are extrapolative. Second, expected returns appear to be more strongly

related to past returns than to past cash-flow news, consistent with learning from prices

(Bastianello and Fontanier, 2025), at least for a subset of investors.

6.2 Expectations of Returns and Risk

In Table 6 Panels C and D, we further test whether return expectations are correlated

with measures of risk. Traditional finance theory argues that this relationship should be
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positive. While this is outside of our model, if VL expectations are close to rational, they

should correlate positively with risk. We thus regress returns expectations in Q1 of year t

on: (1) the standard deviation of daily returns in the last quarter of year t − 1 (panel C),

and (2) the implied volatility based on the VIX (Panel D). Implied volatility can be seen

as a proxy of the expected risk premium (Martin, 2017)—it contains both the price and

the quantity of risk.

We again see a clear separation between finance professionals, professional forecasters,

and individuals. Higher volatility is positively associated with higher subjective expected

returns from VL. IBES and institutional investors in the Shiller survey display a similar

pattern. Expected returns from professional forecasters do not significantly react to

past realized or implied volatility. At the other end, individual investor expectations

are negatively related to past volatility. Across the Shiller individual investor survey,

Graham-Harvey, and Nagel-Xu series, higher recent volatility is associated with lower

expected returns. The evidence is consistent with near-rationality of VL expectations of

returns.

6.3 Value Line Expectation Errors

As a further exploration of the rationality of VL expectations, we study whether VL

forecast errors are predictable based on variables in the information set of VL that have

been shown to predict forecast errors.

We start with expectations of returns. Table B.7 studies the predictive power of CAPE.

The inverse-CAPE predicts both higher VL expected returns (column 1) and higher

realized returns (column 2). However, VL expected returns are too sensitive to valuation

ratios, as suggested by Figure 1. That is, VL expected returns fluctuate too much in

response to valuation ratios. Thus, the inverse-CAPE negatively forecasts VL return

expectation errors. This is driven entirely by the first half of the sample. We also study

whether past returns predict return forecast errors, and find that they do not (Table B.7).
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We now move to the expected long-term multiple. Table B.8 tests the predictability

of forecast errors for expectations of the long-term multiple. When the current price-

earnings multiple is higher, VL expects the price-earnings multiple to remain high in the

future (column 1), indicating they believe in slow mean-reversion in the price-earnings

multiple. These beliefs are consistent with the actual behavior of the PE multiple (column

2). Thus, the current multiple does not predict forecast errors for forecasts of the future

multiple (column 3).

Finally, we analyze EPS growth forecasts. Table B.9 examines the predictability of

VL earnings growth forecast errors. Past earnings growth from t − 2 to t − 1 predicts

slightly lower expected earnings growth, as seen in Panel A, column 1. Using realized

earnings growth over the same period as the dependent variable, we obtain a similar

negative estimate (column 2). Thus, earnings growth over the past year does not predict

VL forecast errors for earnings growth (column 3). Panel B Table B.9 repeats the same

exercise using lower frequency shocks to earnings. We use the log of earnings relative

to cyclically adjusted earnings in t − 5 as in Bordalo et al. (2024). This measure captures

times when current earnings are high compared to a long-term moving average. For

this measure, Panel B shows that there is some evidence of overreaction: low-frequency

earnings shocks negatively predict future growth, but are not taken into account by VL,

leading to significantly negative forecast errors.

Overall, this evidence suggests that VL expectations are close to, albeit not fully,

rational.

7 Subjective Expected Returns and Realized Returns

If VL expectations of returns are close to rational, we would expect them to predict future

realized returns. The long time series of our data makes such a test possible. We next
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regress futre realized equity returns on expected returns from various surveys:

rt→t+h = αh + βhFSrt→k + ut→t+h, h = 1, ..., H. (9)

The predictor, FSrt→k, is an annualized expected return from survey S. This expected

return is as of Q1 of year t. The left-hand-side variable, rt→t+h, is the cumulative value-

weighted realized CRSP market return. The return is computed from April of year t to

April of year t + h. We consider April-to-April returns, as expectations are formed in

the first quarter of year t. In our baseline analysis, we use annual data to maximize the

sample length. Below, we also report results using quarterly data over a shorter time

sample.

7.1 Nominal Returns

We begin by considering nominal market returns as the dependent variable. The ad-

vantage of focusing on nominal returns is that this is the variable directly forecasted in

the surveys. This approach also sidesteps the need to make assumptions about how to

compute excess returns across different horizons.

Figure 5 plots the nominal cumulative realized market returns from year t to t + h

against VL’s expected return reported in Q1 of year t. The top panel in Table 7 reports the

corresponding regression estimates. Based on data covering nearly the full post-WWII

sample, Figure 5 shows that there is an unmistakably strong positive relation between

VL’s expected return and future realized returns. The predictive relation is statistically

significant at all horizons, with a t-statistic of over 3. The fit is especially good at longer

horizons. The R2 is 13% at the four-year horizon, 19% at the five-year horizon, and 24%

at the six-year horizon. In years that were followed by high future returns, such as the

early 1980s or 2009, VL analyses correctly anticipated high future returns.

The remaining panels in Table 7 present estimates of (9) for the eight other survey-
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Figure 5: Value Line Expected Equity Returns and Future Realized Nominal Returns

1956
1957

1958

1959

1960

1961
1962

19631964
1965196619671968

1969

1970

1971

1972
1973

1974

1975

19761977
19781979

1980

1981

1982

1983

1984

1985

1986

1987

1988

1989
1990199119921993

1994

1995

1996

1997

19981999

2000
20012002

2003

2004

2005
2006

2007

2008

2009

2010

2011

20122013
2014

2015

2016
20172018

2019

2020

2021
2022

2023

-0.40

-0.20

0.00

0.20

0.40

0.60

0.00 0.10 0.20 0.30 0.40

t to t+1

1956

19571958

1959
1960

1961

1962
1963

1964
196519661967

1968

1969

1970

1971

19721973

1974 1975

1976
19771978

1979

1980

1981

1982

1983

1984
1985

19861987

19881989
1990
1991

19921993

19941995

19961997

1998

1999

20002001

2002

2003
2004
2005

2006

2007

2008

2009

20102011

2012
2013

2014
2015

2016
2017

2018

2019 2020

2021

2022

-0.40

-0.20

0.00

0.20

0.40

0.60

0.00 0.10 0.20 0.30 0.40

t to t+2

19561957

1958

1959
1960

1961
19621963
196419651966

1967
19681969

1970

19711972

1973
1974

19751976
1977

1978

1979

1980

1981

1982
1983

1984

1985
1986

1987

198819891990
19911992

1993
1994

1995

19961997

1998

1999
2000

2001
2002

2003
2004
2005

2006
2007

2008

2009

20102011
2012

201320142015
2016

2017

2018

2019 2020

2021

-0.50

0.00

0.50

1.00

1.50

0.00 0.10 0.20 0.30 0.40

t to t+3

1956

19571958

1959

1960
19611962196319641965

1966

19671968
1969

1970

1971
19721973

1974
1975

1976

1977

1978

1979

1980

1981

1982

1983
19841985

19861987

1988
198919901991

1992
1993

19941995

1996

1997

1998

1999
2000

2001

2002

2003

2004

2005
200620072008

2009

2010
201120122013201420152016

2017

2018
2019

2020

-0.50

0.00

0.50

1.00

1.50

0.00 0.10 0.20 0.30 0.40

t to t+4

19561957
1958

1959

1960

1961
196219631964

1965

19661967
1968

1969

1970
19711972
1973

1974
1975

1976

1977

1978

1979
19801981

1982

1983

1984
1985

19861987

1988
1989

1990
19911992

1993

19941995

1996

1997

199819992000

2001

2002
2003

2004

20052006
2007

2008

2009

2010

2011

20122013
2014
2015

2016

2017
2018
2019

0.00

0.50

1.00

1.50

2.00

0.00 0.10 0.20 0.30 0.40

t to t+5

1956
1957

1958

1959
1960

1961
19621963

1964
19651966

1967
19681969

1970

19711972
1973

1974

1975

1976

1977
19781979

1980

1981 1982

1983
19841985

1986
1987

19881989

19901991

1992
1993
1994

1995

1996

1997
199819992000

20012002

2003
2004
2005
20062007

2008

2009

20102011
20122013

2014

20152016

2017
2018

0.00

0.50

1.00

1.50

2.00

2.50

0.00 0.10 0.20 0.30 0.40

t to t+6

Fu
tu

re
 R

ea
liz

ed
 R

et
ur

n,
 t 

to
 t+

h

Value Line Expected Return in t

Notes: This figure plots Value Line’s expected return against future realized nominal market returns. Value
Line expected returns are annualized nominal returns as of Q1 of year t. The realized return is the CRSP
value-weighted total return from April of year t to April of year t + h. All returns are in decimal form
(%/100). The marker labels refer to year t. The sample period covers 1956 to 2024.

based expected return series. The surveys capture the expectations of other financial

professionals, professional forecasters, and individuals. Figure 6 presents visualizations

of these regressions at the five-year horizon (h = 5).

None of the eight other expected return series positively and significantly predicts

realized returns. For instance, despite also representing expected returns from finance

professionals, expected returns from IBES and Shiller institutional investors do not

reliably predict realized returns. The estimated coefficients are small and not statistically

significant. Expectations from professional forecasters and households also do not predict

future realized returns. In some cases (Shiller individual and Graham-Harvey), these

expected returns are even negatively correlated with future returns. In sum, among
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Table 7: Predicting Future Returns with Subjective Expected Returns: Nominal Returns

rt→t+1 rt→t+2 rt→t+3 rt→t+4 rt→t+5
(1) (2) (3) (4) (5)

FVLrt→t+4 0.514 0.723 1.104 1.790 2.687
(3.147) (3.027) (3.210) (3.509) (4.117)

R2 0.058 0.063 0.084 0.133 0.193
N 68 67 66 65 64

FIBESrt→t+1 -0.628 -0.060 0.549 -0.100 0.632
(-1.432) (-0.125) (1.069) (-0.113) (0.652)

R2 0.045 0.000 0.015 0.000 0.009
N 21 20 19 18 17

FSh-instrt→t+1 0.280 0.257 0.522 1.183 1.244
(0.487) (0.286) (0.331) (0.622) (0.558)

R2 0.004 0.002 0.004 0.012 0.009
N 34 33 32 31 30

FLivrt→t+1 -0.395 -1.392 -1.759 -1.318 -1.499
(-1.021) (-2.670) (-2.063) (-1.359) (-1.170)

R2 0.013 0.084 0.078 0.028 0.023
N 71 70 69 68 67

FSh-indivrt→t+1 -0.997 -3.605 -4.460 -5.787 -8.295
(-0.841) (-2.618) (-2.309) (-2.902) (-4.602)

R2 0.024 0.160 0.169 0.195 0.325
N 25 24 23 22 21

FSPFrt→t+10 1.166 2.750 5.372 8.073 8.243
(0.804) (0.874) (1.261) (1.038) (0.707)

R2 0.008 0.022 0.047 0.060 0.038
N 32 31 30 29 28

FGHrt→t+10 -1.730 -4.691 -5.568 -5.266 -22.151
(-0.585) (-2.208) (-2.246) (-0.834) (-2.735)

R2 0.007 0.033 0.035 0.019 0.199
N 22 21 20 19 18

FNXrt→t+1 -1.184 -2.633 -3.203 -3.467 -4.841
(-1.322) (-1.683) (-1.112) (-0.924) (-1.114)

R2 0.022 0.048 0.040 0.029 0.038
N 36 35 34 33 32

FGHrt→t+1 -2.507 -5.844 -5.730 -6.012 -15.453
(-1.530) (-3.403) (-3.438) (-1.773) (-6.360)

R2 0.049 0.163 0.125 0.096 0.438
N 22 21 20 19 18

Notes: This table reports results from estimating (9) with future cumulative realized nominal returns on the
left-hand-side and expected nominal returns from various surveys on the right-hand-side. The realized
nominal return is the return on the market from April of year t to April of year t + h. Expectations are
based on surveys from Q1 of year t. t-statistics in parentheses are based on Newey-West standard errors
with bandwidth S = 1.3

√
T.
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all nine expected return series, the VL expected return is the only series that robustly

predicts future returns.

Table 8: Predicting Returns with Value Line Expected Returns: Controls and Subsamples

Panel A: Nominal Returns
rt→t+5

1956-2019 1956-1987 1988-2019

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

FVLrt→t+4 2.687 0.722 1.048 2.536 6.395
(4.117) (0.886) (1.598) (2.944) (2.956)

1
CAPEt

8.897 7.156 10.171

(5.180) (2.272) (2.932)

r f
t -3.955

(-1.834)

R2 0.193 0.241 0.245 0.283 0.388 0.123
N 64 64 64 64 32 32

Panel B: Excess Returns
xrt→t+5

1956-2019 1956-1987 1988-2019

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

FVLxrt→t+4 1.849 1.664 1.365 5.679
(2.306) (1.349) (1.463) (2.322)

1
CAPEt

3.250 0.650

(1.476) (0.190)

R2 0.064 0.036 0.065 0.105 0.118
N 64 64 64 32 32

Notes: This table reports results from regressions of cumulative realized returns over the next five years on
expected returns. The dependent variables are the five-year cumulative nominal return (Panel A) and the
five-year cumulative excess return (Panel B). The realized return and earnings-price ratio are calculated as
the value-weighted average of the CRSP universe of firms. VL expect returns are as of Q1 of year t. Returns
are calculated from April of t to April of t + 5. Control variables are as of December of t − 1. t-statistics in
parentheses are based on Newey-West standard errors with bandwidth S = 1.3

√
T.

Table 8 further explores the predictability of returns using VL expectations, focusing

on the five-year horizon (h = 5), but controlling for predictors of future returns. Columns

(1) and (2) in Panel A compare the predictive performance of FVLrt→t+4 and the cyclically
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adjusted earnings-price ratio, 1/CAPE. When controlling for CAPE (column 3), the

predictive power of VL forecasts becomes insignificant, indicating that its predictive

content is subsumed by the CAPE. Table 8 columns (5) and (6) examine the predictability

of VL expectations across subsamples. Predictability for nominal returns holds across

both the first and second halves of the sample (1956-1987 and 1988-2024). Interestingly, VL

expected returns contain information about future returns before it was widely accepted

that there was some degree of aggregate return predictability. However, the magnitude of

the predictability is substantially higher in the second half of the sample.

Figure 6: Subjective Expected Returns across Surveys and Future Realized Returns
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Notes: This figure plots realized cumulative returns from April of year t to April of year t + 5 against
expectations of expected returns from nine surveys. Expected returns are measured as of Q1 of year t.
Returns are in decimal form (%/100). Note that the number of observations differs across panels due to
differences in sample lengths of the various expected return measures.
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Table 9: Predicting Future Returns with Subjective Expected Returns: Excess Returns

xrt→t+1 xrt→t+2 xrt→t+3 xrt→t+4 xrt→t+5
(1) (2) (3) (4) (5)

FVLxrt→t+4 0.476 0.487 0.685 1.252 1.849
(1.808) (1.089) (1.303) (1.902) (2.306)

R2 0.032 0.018 0.021 0.044 0.064
N 68 67 66 65 64

FIBESxrt→t+1 -0.499 0.367 1.214 0.693 1.540
(-1.172) (0.527) (1.638) (0.607) (1.276)

R2 0.026 0.008 0.056 0.012 0.040
N 21 20 19 18 17

FSh-instxrt→t+1 0.464 0.846 1.182 1.867 1.857
(0.935) (1.011) (0.872) (1.142) (0.891)

R2 0.021 0.031 0.035 0.052 0.034
N 34 33 32 31 30

FLivxrt→t+1 -0.098 -0.594 -0.770 -0.486 -0.896
(-0.306) (-1.012) (-0.899) (-0.509) (-0.798)

R2 0.001 0.021 0.020 0.005 0.011
N 71 70 69 68 67

FSh-indivxrt→t+1 0.823 0.066 1.435 -0.069 -8.279
(0.475) (0.018) (0.264) (-0.011) (-1.530)

R2 0.011 0.000 0.005 0.000 0.092
N 25 24 23 22 21

FSPFxrt→t+10 2.096 5.920 7.716 11.477 10.144
(0.933) (1.387) (0.993) (1.377) (1.058)

R2 0.040 0.118 0.098 0.112 0.050
N 32 31 30 29 28

FGHxrt→t+10 2.582 6.625 12.012 24.419 27.525
(0.910) (0.999) (1.306) (4.266) (2.528)

R2 0.045 0.151 0.311 0.547 0.307
N 22 21 20 19 18

FNXxrt→t+1 -0.588 -1.239 -2.948 -4.069 -9.823
(-0.537) (-0.600) (-0.728) (-0.683) (-1.463)

R2 0.005 0.008 0.027 0.027 0.098
N 36 35 34 33 32

FGHxrt→t+1 0.271 0.596 3.092 5.486 -2.928
(0.143) (0.177) (0.988) (2.325) (-0.833)

R2 0.001 0.002 0.040 0.066 0.013
N 22 21 20 19 18

Notes: This table reports results from estimating (9) with future cumulative realized excess returns on the
left-hand-side and expected excess returns from various surveys on the right-hand-side. The realized excess
return is the return on the market from April of year t to April of year t + h minus the h-year yield to
maturity from December of year t − 1. Expectations are based on surveys from Q1 of year t. t-statistics in
parentheses are based on Newey-West standard errors with bandwidth S = 1.3

√
T.
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7.2 Excess Returns

Table 9 presents regressions of future realized excess returns against expected excess

returns. The realized excess return from year t to t + h is computed as the nominal return

from April of year t to April of t + h minus the yield to maturity from the US treasury

yield curve over the same horizon from Fama and Bliss (1987) and Liu and Wu (2021).

The yield is measured as of December t − 1, xrt→t+h = rt→t+h − yh
Dec,t−1. Similarly, when

forecasting returns over the next h years, we subtract the yield to maturity of the same

horizon from the nominal expected return measures: Fkxrt→t+jk = Fkrt→t+jk − yh
Dec,t−1.

We use the December t − 1 yield value so that it is known to forecasters at the start of Q1

when they are forming their expectations.

When using excess returns, we again find that VL expected returns predict future

returns. However, the predictive relation is not as strong as for nominal realized returns.

The estimates in the top panel of Table 9 are statistically significant at the 10% level or

better at the 1, 4, and 5-year horizons. While the estimate has the correct sign, it is also

worth noting that the magnitude of the predictive relation is below one. For example,

the estimate in column (1) is 0.477, below the full-information-rational-expectations

benchmark of 1. The remaining panels in Table 9 report the results using subjective

expected excess returns from other surveys. These expected return series do not strongly

predict excess returns. The one exception is the Graham-Harvey forecast at 10 year, which

features high t-stats for 4 and 5-year returns. We underweight this evidence due to the

fact that nominal returns go in the opposite direction, and the time series is one of the

shortest of our panel of expectations data.

Table 8 panel B examines excess return predictability from Value Line expectations

more closely at the five-year horizon. Comparing columns 1 and 2 shows that, in this

particular time-series sample (1956-2024), excess returns are not strongly predictable

based on the CAPE (panel B), and the fit is slightly better using VL expected excess

returns. In unreported results, we find similar evidence when using the dividend-price
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ratio, following Cochrane (2011). When we include both variables in column 3, neither is

significant, as these variables are highly correlated. Columns (5) and (6) show that the

excess return predictability based on VL expected returns is stronger and statistically

significant in the second half of the sample.

7.3 Return Predictability with Quarterly Data

Table 10 examines whether VL expected returns predict future realized returns in a

quarterly time series from 1987Q3 to 2024Q3. We again estimate regressions of the form

rt→t+h = α + β1FVL
t r + β2xt + ut+h, h = 4, 8, ..., 20

where the left-hand-side variable is the realized return (or excess return) from the end of

quarter t until the end of quarter t + h. The VL expected return, FVL
t r, on the right-hand-

side is the expected return over the next three-to-five years as of quarter t.

Panel A in Table 10 shows that VL expected returns predicts future realized nominal

returns in this quarterly dataset. The estimate is statistically significant at the 10% level or

better at all horizons, building to a t-statistic of over 3 at the 20-quarter (five-year) horizon.

The estimates are larger in magnitude than for the 1956-2024 annual dataset, consistent

with higher predictability in the second half of the sample, but also stronger statistical

power. For example, the estimate is close to one at the four-quarter horizon, growing to

over 6 at the 20-quarter horizon. Panel B shows that the predictability in quarterly data

carries over to using excess returns as it is (marginally) significant at all horizons.

8 Belief Disagreement and Trading Volume

Thus far, we have documented important heterogeneity in expected returns across various

survey measures. Expected returns from VL are contrarian and negatively correlated
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Table 10: Predicting Returns with Value Line Expected Returns: Quarterly Data, 1987Q3-2024Q3

Panel A: Nominal Returns
Dependent var: Nominal return, t to t + h

rt→t+4 rt→t+8 rt→t+12 rt→t+16 rt→t+20
(1) (2) (3) (4) (5)

FVL
t r 1.117 2.117 2.741 3.778 6.430

(2.387) (2.607) (4.080) (2.759) (3.286)

R2 0.038 0.065 0.065 0.073 0.132
N 146 142 138 134 130

Panel B: Excess Returns
Dependent var: Excess return, t to t + h

xrt→t+4 xrt→t+8 xrt→t+12 xrt→t+16 xrt→t+20
(1) (2) (3) (4) (5)

FVL
t xr 1.259 2.589 3.411 4.597 6.562

(1.931) (1.926) (1.881) (2.119) (2.595)

R2 0.057 0.109 0.108 0.118 0.149
N 146 142 138 134 130

Notes: This table reports results from regressions of future realized returns on VL expected returns. The
sample is quarterly from 1987Q3-2024Q3. t-statistics in parentheses are based on Newey-West standard
errors with bandwidth S = 1.3

√
T.

with the price-earnings ratio. They predict future returns. Expected returns from various

individual investor surveys exhibit markedly different properties. Individual investors

often have extrapolative and procyclical expected returns, and they do not predict future

returns. Beliefs of individual investors and VL are thus often negatively correlated. These

findings are consistent with a model where sophisticated (near-)rational investors interact

with naive investors with extrapolative beliefs.

Theories of belief disagreement posit that trading volume should be higher when there

is more disagreement in beliefs (e.g., Harrison and Kreps, 1978; Scheinkman and Xiong,

2003). We investigate this idea using the dynamics of expected returns from VL analysts

and individuals. Specifically, we test whether increased disagreement is associated with

high trading volume by estimating variants of the following specification:

Volumet = β0 + β1|FIndivrt − FVLrt|+ ut.
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Figure 7: Disagreement about Expected Returns and Trading Volume
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Notes: This figure plots trading volume scaled by market capitalization against belief disagreement,
|FIndivrt − FVLrt|. The data are quarterly. The expected return of individual investors is the average of
expected returns in the Shiller survey, Graham-Harvey survey, and Nagel-Xu data. Appendix Figure B.4
reports the same figure computing the expected return of individuals as the unbalanced average of any
available series, extending the sample back to 1987Q3.

Given that this exercise requires expectations from VL and from individual surveys,

which tend to be shorter, we use quarterly data to maximize the sample size. Volumet

is aggregate trading volume scaled by aggregate market cap, defined as Volumet =

∑i voli,t×Pi,t−4
∑i MCAPi,t−4

, where voli,t is the number of shares traded of firm i in quarter t, Pi,t−4 is

the price per share four quarters ago, and MCAPi,t−4 is the market cap of firm i four

quarters ago. We lag the price by four quarters to mitigate a mechanical correlation

coming directly from an increase in prices.

The right-hand-side variable, |FIndivrt − FVLrt|, measures the absolute difference be-

tween expected returns from VL and expected returns from individual investors. In

the baseline, we compute the expected return of individual investors as the average of

expected returns in the Shiller survey, Graham-Harvey survey, and Nagel-Xu data. This

series starts in 2001Q4, as this is the first quarter that the Graham-Harvey measure is

available. To expand the sample, we thus rely on quarterly data. Further, we consider the

unbalanced average of any available series and each of the individual surveys separately.

This allows us to extend the right-hand-side variable as far back as 1987Q3 using the
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Nagel-Xu expected return measure.

Table 11: Belief Disagreement, Trading Volume, and Volatility

Panel A: Belief Disagreement and Trading Volume

Volume

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

|FNXr − FVLr| 3.188
(2.79)

|FSh-indivr − FVLr| 2.836
(2.78)

|FGHr − FVLr| 3.256
(5.05)

|FIndiv-avg-allr − FVLr| 3.747
(5.04)

|FIndiv-avg-unbalr − FVLr| 3.845
(4.24)

R2 0.179 0.266 0.384 0.431 0.312
N 146 104 89 86 149

Panel B: Belief Disagreement and Return Volatility

Volatility

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

|FNXr − FVLr| 0.128
(7.09)

|FSh-indivr − FVLr| 0.077
(2.48)

|FGHr − FVLr| 0.120
(5.35)

|FIndiv-avg-allr − FVLr| 0.129
(5.29)

|FIndiv-avg-unbalr − FVLr| 0.108
(4.86)

R2 0.423 0.195 0.608 0.600 0.364
N 146 104 89 86 149

Notes: This table reports results from regressions of trading volume and standard deviation of daily market
returns in quarter t on the absolute difference between expected returns of individuals (from Shiller survey,
Nagel-Xu, Graham-Harvey survey) and Value Line in the same quarter t. |FIndiv-avg-availr − FVLr| uses the
average of the individual expected return series available in a given quarter to maximize the sample length
(if only one series is available, the average is just the value from that one series). |FIndiv-avg-allr − FVLr| uses
the average of all three individual expected return series, so it requires that all three are available in a given
quarter. t-statistics in parentheses. Newey-West standard errors with bandwidth S = 1.3

√
T.
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Figure 7 examines the correlation between trading volume and belief disagreement

between VL and individual investors. The figure shows a clear positive correlation

between disagreement and volume. Times of high disagreement, such as during the 2008

Global Financial Crisis and the aftermath of the COVID-19 recession, are times when

volume is high.

Column (1) in Panel A of Table 11 confirms the strong visual relationship in the

corresponding regression. The estimated relation is highly significant, with a t-statistic of

over 5, and the R2 is 43%. Column (2) uses the longest possible sample by constructing

the belief disagreement measure with the unbalanced quarterly average of any available

individual expected return series. Again, the relation is strongly positive. Columns (3)-(5)

in Table 11 show that the positive correlation between disagreement and volume holds

when separately using the Nagel-Xu, Shiller individual, or Graham-Harvey expected

return series as the measure of individual expected returns.

Panel B in Table 11 examines whether belief disagreement is associated with high price

volatility. Across all measures, higher disagreement is associated with higher volatility

of daily market returns. Appendix Table B.14 shows that using the change in beliefs,

|∆FIndivrt − ∆FVLrt|, as implied by the model, yields similar findings.

9 Conclusion

This paper studies the relation between expected returns and stock market fluctuations.

We organize our analysis around a simple model of heterogeneous beliefs with limits to

arbitrage. In the model, naive investors drive prices away from fundamental values. So-

phisticated investors understand that expected returns are high when valuation ratios are

low, trade against naive investors, and can predict future returns. Beliefs of sophisticated

and naive investors are negatively correlated. Disagreement in beliefs is thus associated

with higher trading volume.
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To test these predictions, we build a novel time series of expected returns from an

independent equity analysis firm covering the past seven decades. First, we document

significant heterogeneity in expected returns across our novel data and existing series

based on professional forecasters and individuals, consistent with the empirical relevance

of heterogeneous beliefs. Second, our novel expected return data accounts for most of

the variation in valuation ratios and is contrarian in response to past returns. These

findings contrast with the expectations of professional forecasters and individuals, whose

return expectations exhibit extrapolation based on past returns and are weakly or even

negatively correlated with the earnings-price ratio. Third, our novel expected return series

significantly predicts future returns, indicating that our data thus represent the beliefs of

relatively sophisticated investors. Finally, we document that belief disagreement across

sophisticated agents and individuals predicts aggregate trading volume, suggesting that

heterogeneous beliefs matter for market dynamics. Overall, our findings suggest that the

interactions between sophisticated and naive investors are important for shaping market

dynamics of volume and asset price fluctuations.
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A Model Derivation

The model solved here is a variant of Barberis et al. (2015) with myopic investors.
Compared to the version presented in Section 2, the model described here allows for
richer description of expectations formation: We allow risk aversion to vary over time,
and sophisticated and naive traders to be make errors on expectations of dividend growth
and persistence of risk aversion.

A.1 Model layout

Dividends follow the data-generating process:

Dt+1 = Dt + Gt+1

Gt+1 = ρGt + ut+1

The market clearing condition writes:

1 = α
FN

t Rt+1

γ(1 + ϵt)σ2 + (1 − α)
FS

t Rt+1

γ(1 + ϵt)σ2

where ϵt is an AR1 shock to risk aversion, with persistence λ and mean 0.
Expectations are such that investors do not use the right persistence level for dividends

or risk aversion – but otherwise investors use the right DGP to form expectations. Investor
group i ∈ S, N uses growth persistence ρi to form expectations about future dividends,
and risk aversion persistence λi to form expectations about future prices. We note Ei the
rational expectation of each group of investors.

Let Xt be the set of state of variables affecting valuation. In equilibrium, Pt = F(Xt).
In particular, because investors, when forming expectations about future prices, only
disagree about fundamental, all use the same function F.

Returns expectations are assumed to follow:

FS
t Rt+1 = ES

t Dt+1 + ES
t F(Xt+1)− (1 + r)Pt

FN
t Rt+1 = EN

t Dt+1 + EN
t F(Xt+1)− (1 + r)Pt + µRt

where, compared to sophisticated investors, naive investors are partly rational (except
that ρN ̸= ρ) and partly extrapolative with extrapolation parameter µ.

We are looking a linear REE with X = Dt, Gt, Rt, ϵt, so that F(Xt) = a + bDt + cGt +
dRt + eϵt. In equilibrium, expectations thus write:
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FN
t Rt+1 = Dt + ρNGt + a + b(Dt + ρNGt) + cρNGt + dFN

t Rt+1 + eλNϵt

− (1 + r)(a + bDt + cGt + dRt + eϵt) + µRt

FS
t Rt+1 = Dt + ρSGt + a + b(Dt + ρSGt) + cρSGt + dFS

t Rt+1 + eλSϵt

− (1 + r)(a + bDt + cGt + dRt + eϵt)

We then combine these equations into the market clearing condition to find the REE
parameters and equilibrium prices. The equations defining the parameters are:

1 =
1

1 − d
1

γσ2 (a − (1 + r)a)

0 =
1

1 − d
1

γσ2 (1 + b − (1 + r)b)

0 =
1

1 − d
1

γσ2 (ρ̂(1 + b + c)− (1 + r)c)

0 =
1

1 − d
1

γσ2 (αµ − (1 + r)d)

1 =
1

1 − d
1

γσ2

(
eλ̂ − (1 + r)e

)
where ρ̂ = αρN + (1 − α)ρS is the average subjective growth persistence. Similarly for
λ̂ = αλN + (1 − α)λS.

This gives an equilibrium price:

Pt = −
(

1 − µα

1 + r

)(
γσ2

r
+

γσ2

1 + r − λ̂
ϵt

)
+

1
r

Dt +
1 + r

r
ρ̂

1 + r − ρ̂
Gt +

αµ

1 + r
Rt

Expected returns write:

FS
t Rt+1 = γσ2

(
1 +

1 + r − λS

1 + r − λ̂
ϵt

)
+

1 + r
r

1 + r
1 + r − ρ̂

(ρS − ρ̂)Gt − (1 + r)
αµ

1 + r − αµ
Rt

FN
t Rt+1 = γσ2

(
1 +

1 + r − λN

1 + r − λ̂
ϵt

)
+

1 + r
r

1 + r
1 + r − ρ̂

(ρN − ρ̂)Gt + (1 + r)
(1 − α)µ

1 + r − αµ
Rt

EtRt+1 = γσ2(1 + ϵt) +
1 + r

r
1 + r

1 + r − ρ̂
(ρ − ρ̂)Gt − (1 + r)

αµ

1 + r − αµ
Rt

Regressing VL forecasts on past growth and past returns gives us: (1) the inverse
of naive investors’ propensity to extrapolate and (2) the difference in dividend growth
extrapolation between sophisticated and the average investor. If the second coefficient is
zero, it does not mean that sophisticated investors are not extrapolative, but that they do
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so to the same extent as naive ones.

A.2 Predictions

We now turn to predictions. The first prediction is a justification for this model. The
definition of $ returns leads to the following decomposition under the sophisticated
investors’ beliefs:

Pt = ∑
k≥1

FS
t Dt+k

(1 + r)k︸ ︷︷ ︸
CFS

+ ∑
k≥1

−FS
t Rt+k

(1 + r)k︸ ︷︷ ︸
DRS

This leads to the following expression for the CF and DR components:

CFS =
Dt

r
+

1 + r
r

ρS

1 + r − ρS Gt

DRS = −
(

1 − µα

1 + r

)(
γσ2

r
+

γσ2

1 + r − λ̂
ϵt

)
+

1 + r
r

(
ρ̂

1 + r − ρ̂
− ρS

1 + r − ρS

)
Gt +

αµ

1 + r
Rt

so DRS is driven by risk shocks, as well as disagreement about ρ and past returns.

Prediction B.1. Valuation are partly driven by changes in expected returns. These changes come
from (1) common risk permia shocks, (2) disagreement about fundamentals and (3) extrapolative
expectations from naive investors.

In the data, we find DRS to be big, and CFS to be small, which shows that supply
shocks, cash flow disagreement and extrapolation are important. Note that this prediction
does not speak to disagreement. The following predictions do.

The next prediction really comes from market clearing and does not require much
structure on forecast formation.

Prediction B.2. As long as σ2
ϵ is small enough, the forecasts of naive and sophisticated investors

are negatively correlated

In a sense, if the data supports this prediction, this suggests that common shocks to
risk premium or asset supply are not too large, compared to movements in expected and
realized returns.

The next prediction is a test of the assumption, made in the baseline model, that
ρS = ρN, i.e., there is no disagreement, between naive and sophisticated investors, about
fundamentals. There is also a prediction on the forecast error:

Et(Rt+1 − FS
t Rt+1) =

λS − λ̂

1 + r − λ̂
ϵt +

1 + r
r

1 + r
1 + r − ρ̂

(ρ − ρS)Gt
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Prediction B.3. Assume no disagreement about growth persistence: ρS = ρN, and no risk
aversion shock ϵt. Then, controlling for past returns, past dividend growth should not affect
subjective forecasts of naive or sophisticated investors. Further, controlling for past dividend
growth, the forecast error of sophisticated investors cannot be predicted with past returns. Finally,
the sensitivity to past growth measures ρ − ρS.

The first part of this prediction is strongly supported by the data.

We can also post a variant of this by looking at the correlation between dividend
growth forecasts and other variables. To simplify expressions, and consistently with the
data, assume that ρS = ρN.

cov(FS
t Rt+1, FS

t Gt+1) = −(1 + r)ρS αµ

1 + r − αµ
cov(Gt, Rt)

This leads to the next prediction, which is specific to the presence of extrapolation:

Prediction B.4. The correlation between sophisticated returns and dividend growth forecasts has
the sign of −ρS.

The model also makes predictions about disagreement and consensus. The formulas
for expectations of returns lead to the following expression for (signed) disagreement
between sophisticated and naive traders:

FS
t Rt+1 − FN

t Rt+1 = γσ2 λN − λS

1 + r − λ̂
ϵt +

1 + r
r

1 + r
1 + r − ρ̂

(ρS − ρN)Gt − (1 + r)
µ

1 + r − αµ
Rt

which is generically decreasing in past returns. The consensus writes as:

FS
t Rt+1 + FN

t Rt+1

2
= γσ2

(
1 +

1 + r − λ̄

1 + r − λ̂
ϵt

)
+

1 + r
r

1 + r
1 + r − ρ̂

(ρ̄− ρ̂)Gt +(1+ r)
µ(1/2 − α)

1 + r − αµ
Rt

where ρ̄ and λ̄ are the unweighted means of subjective persistence.
This leads to the following prediction:

Prediction B.5. The (unweighted) consensus of naive and sophisticated investors is a decreasing
function of Rt is naive investors dominate the market (α > 1/2)

The apparent paradox of this prediction comes form the fact that if α is larger, naive
traders move prices more. This leads sophisticated traders to be more contrarian. Since
we are holding trend-following constant, the unweighted consensus thus becomes more
contrarian.

The next prediction on the link between valuations and expected returns. This
prediction is easy to show by computing the covariance of Pt with FS

t Rt+1.
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Prediction B.6. As long as ρS ≤ ρN, expected returns of sophisticated investors are negatively
correlated with valuations, even with no disagreement (ρS = ρN) and no extrapolation (µ = 0).
If σϵ is small enough, the expected returns of naive investors are negatively correlated with
valuations.

This prediction shows that, in itself, the negative correlation between valuations
and sophisticated expectations is not proof of heterogenous investors. If however naive
investors’ expectations are positively correlated with valuation, this is evidence that naive
investors extrapolate (more than average) on cash flows or on returns.

The next prediction is on the link between VL forecasts and future realized returns:

Prediction B.7. As long as ρS ≤ ρN, expected returns of sophisticated investors predict future
returns.

This prediction does not require the presence of extrapolative investors nor difference
in beliefs about cash-flow growth. It could be compatible with pure movements in risk
premia and no naive investor.

The last prediction is on trading volume. We define trading volume as:

vol =
1
2

∣∣∣∣∣α∆
FN

t Rt+1

γσ2 − (1 − α)∆
FS

t Rt+1

γσ2

∣∣∣∣∣
=

1
2γσ2 |α∆FN

t Rt+1 − (1 − α)∆FS
t Rt+1|︸ ︷︷ ︸

disagreement

This definition of volume ensures that changes in exposures does not come from
common changes in risk premia ϵ.

Prediction B.8. If α is close enough to 1/2, volume is an increasing function of disagreement
between naive and sophisticated investors.

A.3 Variant of the model: Pure extrapolators

A variant of the above model consists of assuming that naive traders are pure returns
extrapolators while sophisticated traders are perfectly rational. We produce the formulas
here, as this model is not embedded in our baseline, and discuss the differences.

The model is the same as in the previous subsection, except that returns forecasts now
write:

FS
t Rt+1 = EtDt+1 + EtF(Xt+1)− (1 + r)Pt

FN
t Rt+1 = µRt
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where sophisticated traders use the objective ρ to predict cash-flows while naive traders’
expectations no longer have a rational component. The model is otherwise identical to
the previous one.

In this case, we postulate a REE where prices are a linear function of ϵt, Rt, Dt and Gt.

Pt = −γσ2 1 + r
(1 − α)(1 + r) + αµ

(
1
r
+

1
1 + r − λ

ϵt

)
+

Dt

r

+
1 + r

r
ρ

1 + r − ρ
Gt +

αµ

(1 − α)(1 + r) + αµ
Rt

FS
t Rt+1 =

γσ2

1 − α
(1 + ϵt)−

αµ

1 − α
Rt

FN
t Rt+1 = µRt

All the predictions of the previous model also hold here. In particular, disagreement
writes as:

FS
t Rt+1 − FN

t Rt+1 =
γσ2

1 − α
(1 + ϵt)−

µ

1 − α
Rt

which is generically decreasing with past returns.
The consensus writes:

FS
t Rt+1 + FN

t Rt+1

2
=

γσ2

2(1 − α)
(1 + ϵt)−

µ(α − 1/2)
1 − α

Rt

which is a decreasing function of Rt if naive traders dominate the market (α > 1/2). This
apparent paradox comes from the fact that, if α is large, valuations are further away
from fundamental: This induces more mean reversion in returns, correctly expected by
sophisticated traders. Since the consensus is not weighted by investor shares, it responds
negatively.
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Table B.1: Correlates of stock returns expectations: Literature review

Data Returns Period Corr. with Corr. with Predicts Has cash flow
forecasters valuation past returns fut. returns forecasts

Bacchetta et al. (2009) UBS-Gallup Retail/Institutions 1998 - 2003 > 0 No
Greenwood and Shleifer (2014) AAII/II/Gallup Retail/Institutions 1996-2012 > 0 > 0 No
Adam et al. (2017) UBS-Gallup Retail/Institutions 1998-2008 > 0 No
Wang (2020) Bloomberg Institutions 2002-2019 < 0 No
De La O and Myers (2021) IBES/CFO survey Analysts/CFOs 2003-2015 > 0 Yes, mix
Andonov and Rauh (2021) Disclosure Pension funds 2014-2017 > 0 No
Nagel and Xu (2022) Various+imputation Individuals 1987/2000-2021 = 0 > 0 No
Nagel and Xu (2023) CFO survey CFOs 2000-2021 = 0 = 0 No

Livingston Forecasters 1952-2021 = 0 < 0 No
Couts et al. (2024) Institutions’ websites Institutions 1987-2022 No
Dahlquist and Ibert (2024) Institutions’ websites Institutions 2000-2024 < 0 No
Büsing and Mohrschladt (2024) IBES Analysts, PTG+Rec 2002-2024 < 0 < 0 > 0 No
Bastianello (2025) IBES Analysts PTG 2002-2024 = 0 < 0 > 0 Yes

This paper Value Line Value Line 1956-2024 < 0 < 0 > 0 Yes

Notes: Nagel and Xu (2023) data has six observations from 1972 to 1977, but consistent coverage without gaps starts in 1987.
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Table B.2: Subjective Expected Returns and Earnings-Price Ratio

E/Pt

(1) (2) (3) (4) (5) (6) (7) (8) (9)

FVLrt→t+4 0.260
(4.69)

FIBESrt→t+1 -0.091
(-2.21)

FSh-instrt→t+1 -0.038
(-0.81)

FLivrt→t+1 -0.040
(-0.34)

FSh-indivrt→t+1 -0.114
(-0.87)

FSPFrt→t+10 -0.001
(-0.01)

FGHrt→t+10 -0.673
(-2.24)

FNXrt→t+1 0.156
(0.84)

FGHrt→t+1 0.149
(0.57)

R2 0.590 0.184 0.009 0.005 0.038 0.000 0.199 0.045 0.027
N 69 22 36 73 27 34 23 36 23

Notes: This table reports results from annual time series regressions of the current earnings-price ratio on
expected returns from various surveys. The earnings-price ratio measures earnings over year t − 1 relative
to the market cap at the end of year t − 1. Expected returns are as of Q1 of year t. t-statistics in parentheses
based on Newey-West standard errors with bandwidth S = 1.3

√
T.
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Table B.3: Inverse-CAPE and Subjective Expected Excess Returns

1
CAPEt

(1) (2) (3) (4) (5) (6) (7) (8) (9)

FVLxrt→t+4 0.275
(3.12)

FIBESxrt→t+1 0.036
(0.93)

FSh-instxrt→t+1 0.029
(0.54)

FLivxrt→t+1 -0.163
(-2.83)

FSh-indivxrt→t+1 0.035
(0.53)

FSPFxrt→t+10 0.246
(2.81)

FGHxrt→t+10 0.055
(0.34)

FNXxrt→t+1 -0.268
(-2.52)

FGHxrt→t+1 0.013
(0.27)

R2 0.399 0.067 0.022 0.128 0.008 0.209 0.010 0.196 0.001
N 69 22 35 72 26 33 23 36 23

Notes: This table reports results from annual time series regressions of the current inverse CAPE ratio
on expected excess returns from various surveys. Expected returns are as of Q1 in year t. Expected
excess return is calculated by subtracting the 1-year bond yield as of December of year t − 1. t-statistics in
parentheses based on Newey-West standard errors with bandwidth S = 1.3

√
T.
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Table B.4: Earnings-Price Ratio and Subjective Expected Excess Returns

E/Pt

(1) (2) (3) (4) (5) (6) (7) (8) (9)

FVLxrt→t+4 0.255
(2.35)

FIBESxrt→t+1 -0.096
(-2.36)

FSh-instxrt→t+1 -0.047
(-1.02)

FLivxrt→t+1 -0.176
(-3.97)

FSh-indivxrt→t+1 -0.179
(-1.26)

FSPFxrt→t+10 -0.026
(-0.15)

FGHxrt→t+10 -0.334
(-2.73)

FNXxrt→t+1 -0.192
(-1.17)

FGHxrt→t+1 0.047
(0.26)

R2 0.360 0.208 0.033 0.159 0.087 0.001 0.123 0.066 0.005
N 69 22 35 72 26 33 23 36 23

Notes: This table reports results from annual time series regressions of the current earnings-price ratio
on expected excess returns from various surveys. Expected returns are as of Q1 in year t. Expected
excess return is calculated by subtracting the 1-year bond yield as of December of year t − 1. t-statistics in
parentheses based on Newey-West standard errors with bandwidth S = 1.3

√
T.
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Table B.5: Earnings-Price Ratio and Value Line Expected Returns and Earnings Growth

E/Pt

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

FVLrt→t+4 0.260 0.296 0.183 0.218 0.156
(4.69) (6.70) (2.41) (4.42) (2.54)

FVLgt→t+4 0.215 -0.208 -0.148 -0.380 -0.307
(1.50) (-1.92) (-1.36) (-3.14) (-3.01)

Inflationt−1 0.362 0.244
(2.02) (1.92)

10-year bond yieldt−1 0.420 0.340
(3.03) (2.93)

R2 0.590 0.049 0.624 0.684 0.709 0.733
N 69 69 69 69 69 69

Notes: This table reports results from regression of current earnings-price ratio on VL expected returns and
expected EPS growth. The earnings-price ratio measures earnings over t − 1 to the market cap at the end of
t − 1. Expectation variables are as of Q1 of year t. Inflation and the 10-year bond yield are as of December
of year t − 1. Newey-West standard errors with bandwidth S = 1.3

√
T.
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Table B.6: VL Expectation Errors: Returns and the Inverse CAPE

Panel A: 1956-2024

FVLrt→t+4 rt→t+4 rt→t+4 − FVLrt→t+4

(1) (2) (3)

1
CAPEt

2.359 1.162 -1.197

(6.10) (3.76) (-2.03)

R2 0.643 0.189 0.140
N 65 65 65

Panel B: 1956-1987

FVLrt→t+4 rt→t+4 rt→t+4 − FVLrt→t+4

(1) (2) (3)

1
CAPEt

3.507 1.511 -1.996

(9.21) (4.27) (-2.89)

R2 0.837 0.466 0.364
N 32 32 32

Panel B: 1988-2020

FVLrt→t+4 rt→t+4 rt→t+4 − FVLrt→t+4

(1) (2) (3)

1
CAPEt

1.529 3.459 1.929

(5.02) (2.36) (1.24)

R2 0.408 0.288 0.099
N 33 33 33

Notes: This table reports results from regressions of realized return, Value Line’s expected returns, and
Value Line’s return forecast errors on inverse of the Shiller CAPE ratio. t-statistics in parentheses based on
Newey-West standard errors.
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Table B.7: VL Expectation Errors: Returns and Past Returns

FVLrt→t+4 rt→t+4 rt→t+4 − FVLrt→t+4

(1) (2) (3)

rt−2→t−1 -0.086 -0.037 0.048
(-3.05) (-1.19) (1.15)

R2 0.036 0.008 0.010
N 65 65 65

Notes: This table reports results from regressions of VL expected returns, realized returns, and VL return
forecast errors on past 1-year market returns. Expectations are as of Q1 of year t. t-statistics in parentheses
based on Newey-West standard errors.

Table B.8: VL Expectation Errors: Price-Earnings Multiple

FVL
t Pt+4

FVL
t EPSt+4

Pt+4

FVL
t+4EPSt+4

Pt+4

FVL
t+4EPSt+4

− FVL
t Pt+4

FVL
t EPSt+4

(1) (2) (3)

Pt

FVL
t EPSt

0.507 0.623 0.116

(5.43) (3.68) (0.47)

R2 0.515 0.292 0.010
N 65 65 65

Notes: This table reports results from regressions of the VL expected long-term price-earnings multiple, the
realized long-term price-earnings multiple, and VL long-term price-earnings multiple forecast error on the
current price-earnings multiple. Expectations are as of Q1 of year t. t-statistics in parentheses based on
Newey-West standard errors.
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Table B.9: VL and IBES Expectation Errors: EPS Growth

Panel A: Value Line Cash Flow Expectations

FVLgt→t+4 gt→t+4 gt→t+4 − FVLgt→t+4

(1) (2) (3)

gt−2→t−1 -0.050 -0.033 0.017
(-3.54) (-1.29) (0.58)

R2 0.120 0.024 0.005
N 66 66 66

Panel B: Value Line Cash Flow Expectations

FVLgt→t+4 gt→t+4 gt→t+4 − FVLgt→t+4

(1) (2) (3)

et − caet−5 -0.011 -0.063 -0.052
(-1.04) (-3.97) (-2.34)

R2 0.012 0.178 0.095
N 66 66 66

Notes: This table reports results from regression expected EPS growth, realized EPS growth, and forecast
errors on past EPS growth. Expectations are as of Q1 of year t. Expectations of EPS growth are from
Value Line. In Panel A, past EPS growth is from year t − 2 to t − 1. In Panel B, past EPS growth is the log
of earnings for the S&P 500 in year t relative to cyclically adjusted earnings in year t − 5. t-statistics in
parentheses based on Newey-West standard errors.
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Table B.10: Predicting Returns with Value Line Expected Returns: Robustness using VL Universe of
Firms

Panel A: Nominal Returns
Dependent var: Nominal return, t to t + h

rt→t+1 rt→t+2 rt→t+3 rt→t+4 rt→t+5
(1) (2) (3) (4) (5)

FVLrt→t+4 0.536 0.791 1.184 1.864 2.761
(3.425) (3.501) (3.767) (4.052) (4.246)

R2 0.067 0.085 0.117 0.172 0.242
N 69 68 67 66 65

Panel B: Excess Returns
Dependent var: Excess return, t to t + h

xrt→t+1 xrt→t+2 xrt→t+3 xrt→t+4 xrt→t+5
(1) (2) (3) (4) (5)

FVLxrt→t+4 0.528 0.583 0.778 1.278 1.996
(1.952) (1.270) (1.475) (1.946) (2.400)

R2 0.042 0.029 0.033 0.056 0.093
N 69 68 67 66 65

Notes: This table reports results from regressions of future realized returns on expected returns (panel A)
and of future realized excess returns on expected excess returns (panel B). Realized returns are calculated
for the VL universe of firms. Expected excess returns are calculated by subtracting the horizon-matched
Fama-Bliss/Jing-Wu bond yield from cumulative nominal returns. The realized excess return from t to
t + h is computed as the cumulative nominal return over that horizon minus the time t yield to maturity on
a Treasury bond with maturity of h years. t-statistics in parentheses are based on Newey-West standard
errors with bandwidth S = 1.3

√
T.
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Table B.11: VL Expected Returns as a Function of Past Returns and Earnings Growth

FVLrt→t+4 FVLxrt→t+4

(1) (2) (3) (4)
Panel A
rt−2→t−1 -0.087

(-3.255)

gt−2→t−1 -0.014
(-0.560)

xrt−2→t−1 -0.112
(-4.737)

xgt−2→t−1 -0.017
(-0.839)

R2 0.039 0.001 0.106 0.004
N 69 69 69 69

FVLgt→t+4 FVLxgt→t+4

(1) (2) (3) (4)
Panel B
rt−2→t−1 -0.011

(-0.689)

gt−2→t−1 -0.043
(-3.176)

xrt−2→t−1 -0.008
(-0.356)

xgt−2→t−1 -0.024
(-1.507)

R2 0.005 0.113 0.003 0.039
N 69 69 69 69

Notes: This table reports results from regressions of expected return or EPS growth on past realized return
or EPS growth. Excess values are computed as the corresponding nominal values minus the time t yield
to maturity on a Treasury bond with matching horizon. Newey-West standard errors with bandwidth
S = 1.3

√
T.
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Table B.12: Predicting Excess Returns with Value Line Expected Excess Return: Subsamples

Dependent var: Excess return, t to t + h

xrt→t+1 xrt→t+2 xrt→t+3 xrt→t+4 xrt→t+5
(1) (2) (3) (4) (5)

Panel A: 1956-1990
FVLxrt→t+4 0.283 0.127 0.255 0.749 1.351

(1.243) (0.442) (0.567) (1.083) (1.480)

R2 0.022 0.003 0.008 0.048 0.102
N 35 35 35 35 35
Panel B: 1956-1990
E/Pt 1.265 1.188 1.715 3.324 4.988

(2.191) (1.163) (1.288) (1.653) (1.870)

R2 0.051 0.036 0.044 0.110 0.161
N 35 35 35 35 35
Panel C: 1991-2024
FVLxrt→t+4 1.490 2.369 3.090 4.234 5.795

(1.611) (1.703) (1.827) (2.138) (2.368)

R2 0.091 0.103 0.099 0.113 0.123
N 33 32 31 30 29
Panel D: 1991-2024
E/Pt 1.481 2.670 5.022 4.389 4.347

(0.458) (0.473) (0.703) (0.492) (0.439)

R2 0.014 0.020 0.041 0.018 0.012
N 33 32 31 30 29

Notes: This table reports results from regressions of excess future realized returns on expected excess
returns and EP. The dependent variable is the cumulative excess returns, calculated by subtracting the
Fama-Bliss/Jing-Wu bond yield from cumulative nominal returns. Newey-West standard errors with
bandwidth S = 1.3

√
T. Fixed-b critical values at the 10% and 5% levels from Kiefer and Vogelsang (2005)

are 1.615 and 2.179, respectively.

Table B.13: Price-Earnings Variance Decomposition: Robustness to Aggregation Methdology

CF ER LT
(1) (2) (3)

ln(P/Et) 0.110 0.597 0.287
(1.57) (6.01) (4.04)

Notes: This table reports results from regressions of each term in the Campbell-Shiller decomposition on
the current log price-earnings ratio. Relative to Table 5, we calculate each term in the Campbell-Shiller
decomposition by first aggregating all variables in the VL expectations data and then calculating the
expected return based directly on the aggregated series, instead of calculating the expected return as the
market-cap-weighted firm-level expected return. Newey-West standard errors with bandwidth S = 1.3

√
T.
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Table B.14: Implications of Belief Disagreement: Change in Beliefs

Panel A: Belief Disagreement and Trading Volume

Volume

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

|∆FNXr − ∆FVLr| 3.228
(2.67)

|∆FSh-indivr − ∆FVLr| 1.145
(1.98)

|∆FGHr − ∆FVLr| 2.190
(1.84)

|∆FIndiv-avg-allr − ∆FVLr| 2.322
(1.69)

|∆FIndiv-avg-unbalr − ∆FVLr| 1.579
(1.28)

R2 0.054 0.015 0.037 0.030 0.015
N 145 100 86 83 148

Panel B: Belief Disagreement and Return Volatility

Volatility

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

|∆FNXr − ∆FVLr| 0.237
(7.76)

|∆FSh-indivr − ∆FVLr| 0.083
(3.04)

|∆FGHr − ∆FVLr| 0.143
(6.75)

|∆FIndiv-avg-allr − ∆FVLr| 0.160
(5.10)

|∆FIndiv-avg-unbalr − ∆FVLr| 0.169
(5.42)

R2 0.421 0.076 0.185 0.170 0.243
N 145 100 86 83 148

Notes: This table reports results from regressions of trading volume and standard deviation of daily market
returns in quarter t on the absolute difference between the change in expected returns of individuals (from
the Shiller survey, Nagel-Xu, Graham-Harvey survey) and the change in expected returns of Value Line
in the same quarter t. |∆FIndiv-avg-availr − ∆FVLr| uses the average of the individual expected return series
available in a given quarter to maximize the sample length (if only one series is available, the average
is just the value from that one series). |∆FIndiv-avg-allr − ∆FVLr| uses the average of all three individual
expected return series, so it requires that all three are available in a given quarter. t-statistics in parentheses.
Newey-West standard errors with bandwidth S = 1.3

√
T.
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Figure B.1: Value Line Expected Returns: Alternative Calculation Approaches
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Notes: This figure plots the VL expected return using various calculation approaches. “Solved using EPS”
is the baseline measure in the paper. “Solved using DPS” directly uses VL’s forecast of dividends per share.
“Solved using linearly interpolated level of EPS” uses the level of EPS and linearly interpolates EPS forecasts
from year t to t + 4, allowing for negative values of year t EPS. “Solved with aggregation” first aggregates
all variables (current market cap, expected earnings in t, expected earnings in t + 4, and expected market
cap in t + 4) in VL and then computes the expected return from the aggregate series.
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Figure B.2: Valuation Rations and Measures of Expected Return from Value Line

(a) Current EP Ratio and VL Expected Return
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(b) Current EP Ratio and VL Expected Excess Return
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(c) 1/CAPE and VL Expected Return
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(d) 1/CAPE and VL Expected Excess Return
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Notes: This figure plots measures of the earnings-price ratio against measures of expected returns. VL
expected returns are as of Q1 of year t. The VL expected excess return is calculated by subtracting the
horizon-matched bond yield (three or four years) as of December of year t − 1.

22



Figure B.3: Subjective Expected Long-Term EPS Growth: Value Line and IBES LTG
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Notes: This figure shows subjective expected EPS growth from IBES and Value Line. Subjective expected
EPS Growth from IBES is LTG forecast as of Q1 in year t, defined as the expected annual increase in
operating earnings over the company’s next full business cycle, a period ranging from three to five years.
Expected EPS growth from VL is as of Q1 of year t and meausures the annualized expected growth in EPS
from t to t + 4.

Figure B.4: Disagreement about Expected Returns and Trading Volume: Robustness using Unbalanced
Average
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Figure B.5: VL Expected Cash Flow and Expected Return
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t + 4. Both measures are annualized. VL expectations for year t are formed in Q1.
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Figure B.6: Survey Expected Return and Past Realized Return
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C Data Appendix

C.1 New Value Line Database, 1956-1989

Data source. We digitize Value Line Investment Survey from 1956 through 1989. We
digitize the first quarter reports of each year. This dataset covers 38,696 firm-year
observations, with an average of 1,138 firms each year for 34 years. The VL reports
contain actual realizations of major accounting variables for approximately past 10 years.
Moreover, the reports contain forecast data of the past year, current year, the next year,
and a 3-5 horizon.1

Data construction. With a team of research assistants and the assistance of the MIT
Library, we scanned physical volumes and microfilm images of the VL reports published
between January and March each year from 1956 to 1989. We then separated pages with
industry reports from pages containing the analysis of individual firms. Figures B2 and
B3 contain examples of the raw data we digitize. We then apply a few preprocessing
techniques to enhance the quality of the scanned photo (enhancing the scans, rotating,
and cropping the images). We then OCR the images using Amazon Web Services Textract
OCR engine to obtain the JSON file with block objects containing all the strings and
coordinates Amazon Textract was able to read. From the JSON file, we locate the firm
name, ticker, and pages. We then locate the coordinates of the table we needed from the
block objects and use them to calculate the slope and the skewed angle, then rotate page
and all coordinates by that angle to straighten it up. We cropped the table of interest
from the straightened page and uploaded to Amazon Textract again to get a precise
translation of all the cells and their deskewed coordinates. The returned block objects are
then reconstructed into tables. We also use Textract’s query feature to extract additional
information from the page, such as the recent price, dividend yield, P/E ratio, and Value
Line rankings. In early years (1956-1963), the 3-5 year forecasts are reported in the text, so
we extract these using AWS’s query function. We then combine all the above information
we obtained in one excel sheet containing: forecast and actual tables, names and dates,
and query answers.

To ensure that the digitization was high quality, we applied a range of checks. We
manually checked all tables for misread strings, unaligned columns, and jammed rows
or cells. We pay special attention to suspicious cells and cells with a low confidence
score. Further, we applied a range of accounting and financial identities. For example, we
checked consistency between sales, sales per share, and common shares outstanding. We
also checked for outliers in the current P/E ratio, earnings per share, and recent price.

Data cleaning and panel construction. We appended the data tables for each firm and
year. We then use the CRSP database to construct a firm-year panel of firms with actuals
and forecasts. To match firms across years, we cleaned the tickers and firm names. In
particular, we standardize firm names by constructing a ground truth list of names and

1For a few years, the long-term forecasts are at the 2-4 year horizon.
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tickers. We then applied a fuzzy match to the CRSP database to find PERMNO code
corresponding to each firm-year, applying a confidence threshold of 95 percent.

C.2 Modern Value Line Database, 1987-2024

The Value Line data we use from 1988 onwards was purchased from Value Line. Data
purchased includes two products: Fundamental Datafile and Historical Estimates File.

The Value Line Fundamental Datafile only contains realizations data and includes
detailed annual income statements, balance sheets, and cash flow statements for around
7,000 major public companies across 10 economic sectors and 97 industry categories.

The Value Line Historical Estimates File contains both realizations and forecast data,
including estimated income statement and balance sheet data for about 1,600 major public
companies across 10 economic sectors and 97 industry groups, along with identifiers
for over 7,000 companies. Generally, for each stock, the data provides forecasts for the
current year, next year, and 3 to 5 years ahead. We use E&P data to construct forecast and
realizations data for the modern period. In Historical Estimates files, Value Line uses a
stock’s historical eight-digit CUSIP and exchange ticker as the identifier. We merge firms
to CRSP stocknames table from WRDS by CUSIP-year to assign PERMNO to each CUSIP.
PERMNO is assigned by historical CUSIP and year. As Value Line sometimes backfills
CUSIPs, if this merge fails, we use header CUSIP, the next historical CUSIP, or refer to
Value Line’s historical CUSIP changes file to assign PERMNO.

To extract actual realizations data, we take estimates which have been identified as
actual data by Value Line (with actual indicator filled with an “A”). If the actual data is
missing for a certain PERMNO-year, impute the data using actual values from Compustat.
To be consistent with digitized historical digitized data, only keep forecasts with pricing
date in quarter 1 of each year. If a CUSIP shows up multiple times in pricing quarter 1,
we use the forecasts from the latest pricing date.

To combine the digitized and modern data, we simply append the datasets for non-
overlapping years. For overlapping years (1988-1989), if a firm shows up in both digitized
and modern data, we first use the forecast from modern data. In rare instances where a
firm is not in the modern data but is in the historical data, we use the information from
the historical data.

C.3 Value Line Data Coverage

Firm coverage. Figure B1 plots the number of firms in our Value Line dataset in each
year. In the early part of the sample (1950s), Value Line covers about 500 firms. Coverage
rises to about 1000 firms in the mid-1960s and 1500 by the mid-1970s.
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Figure B1: Value Line Forecasts: Number of Firms Covered
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Notes: This figure shows the number of unique firms covered in Value Line in the first quarter of each year.
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Figure B2: Example of Value Line Original Data: General Motors, 1956
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Figure B3: Example of Value Line Original Data: General Motors, 1975
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Accts Payable 2206.3 2469.8 3275.7 74~ 71% 73, 67jj 72'll 73% 182% 51% 59% 83% 115% 911' 611' 
Debt Due •-- -- --
Otper 3lli..ll. 2~ 2W-a_ 
Current Liab'ties 5981.2 4973.8 5969.6 
CAPITAL STRUCTURE as of 12/31n3 

BUSINESS: General Mo1ors is the world's larg-
est automobile manufacturer. 1973 output was 
64.4% of U.S. total. Automotive products account 
for 94% of sales. Also makes Chevrolet and GMC 

Oebt $756.5 mill. Interest $63.0 mill .- 1rucks; Frigidaire and Delco appliances; GM die-
Includes $371.3 mill. debt of foreign sel locomotives and engines. Operates manufac-

which make Vauxhall cars. Bedford trucks. and 
·opel and Holden cars and trucks. Foreign busi-
ness acounts for about 16%. labor costs. 34% of 
1973 sales. Has 811,000 employees. 1,306.000 
stkhldrs. Insiders own 1% of stock. Chrmn.: T.A. 
Murphy. Pres.: E.B. Estes. Inc.: Del. Address: 
3044 W. Grand Blvd .. Detroit, Ml 48202. subsidiaries. 

Pe1sio1 lialt'ty $4.1 billion 
Pld S!Kk $283.6 mill. PIii Dr, $12.9 mill. 

1,000,000 shs. $3.75 cum. ($100 stated 
value I 1,835,644 shs. $5.00 cum. ($100 
stated value) 

Stock 285,730, 153 shares 

turing and assembly plants in 17 foreign countries 
GM's yield is high, but is it secure? The tories in anticipation of a strike. 

· $3.40 regular annual dividend was probably 
not earned last year and this may be the case Earnings may remain depressed for a 
through most of 1975 as well. Furthermore, time. Domestic auto production in the first 
the corporation's cash position is quarter is currently scheduled at about the 
deterioratin~ as "cash flow" falls short of out- year-earlier level reflecting the company's 
lays for capital improvements, tooling, and belief that retail demand will remain weak. 1-'~~--,,,=---=-=--:-::=---,-.,....,,---, dividends. Such a scenario would normally e:~ M~~W?u~! i:ls~l3~:~~)31 f:! put the dividend in question. ~M, thoug~, Some improvement is poBBible after 

nso 7592 5624 7268 28264 has the means (~d _the borrowing power, 1f midyear. Auto buyers (such 88 they are) 1971 
7780 8457 5378 8820 30435 necessary) to ~a~tam the payol!t for sever~! have given a good reception to tpe company's 1972 
9569 9606 7608 9015 35798 q?~ers evel! if 1t exceeds eammgs - as 1t new small car offerings. This may augur well 1973 
6939 8277 6938 8446 30600 did .~ the stnke year of 19_70. Its overall cash for the luxury small car slated for a Spring in-

::~: 1100 9000 7500 10000 34100 position (see table below) 1B the bes~ by far of troduction. In addition, its full-size cars, es-
Cal• EARNINGS AS REPORTED (per sh) 1•1ru11 all the auto manuf!lcturers_. We believe a cut pecially the luxury lines, have been returning 

endar Mar. 31 June 30 Sent 30 Dec. 31 Year Vl'.ould come only if the. directors were con- to favor since the ending of the oil embargo. 
1971 2.l2 1.97 .75 1.88 6.72 vmced_tha~therewasgom_gt?bea_long-te!m (A.new gasoline tax and/or rationing could 
1972 2.26 2.52 .41 2.32 7.51 reduction m the corporations basic earrung qwckly reverse this trend, however.)'The cor-
1973 2.B4 2.78 · .92 1.80 8.34 power. If industry and corporate prospects porationmaywellgamerabiggershareofthe 
1974 · .41 1.05 .05 1.44 2.95 turn up later this year (see belo~), there larger auto market we envision for the closing 1975 .40 1.00 .40 1.10 3.50 would be no grounds for such an opm1on. Ac- months of the year and earnings could bene-

Cal· QUARTERLY DMDENDS PAID 1 t'1fu0 cordingly, we think the dividend will hold. _ fit accordingly. M.S. 
endar Mar. 31 June 30 Sept. 30 Dec. 31 -Vear be k b bl d -
1971 85 .85 .85 .85 I 3.40 The num r one auto ma er pr'! .a yen - CASH POSITION . 5-Year Av'g 12/31173 

.85 110 85 1.65 . 4 45 ed 1974 on a weak note. In addition to soft Current Ass.ts 11> Current liabilities: 203% 204% ::~! 85 1 :20 :as 2.35 s:2s retail demand, .facto111 auto s~es also suf- Cash &Equiv's to current liab'ties: 47% 51% 
1974 ·as .85 .85 .85 3.40 fered by C!)mpanson with the_pnor yew; when Worllin& Capital to Sales: 17% 17% 
l975 · outout was accelerated to bwld dealer mven- , 

(BJ Next div'd meeting about Feb. 3. 10. Div'd reonvestmen1 plan available. $38 m,11 .. 13¢ a sh. and div ds. 
IA) Based on avg. shs. outstanding. 'dates. Mar. 10: June 10. Se~t. 10_. Dec. ,(C) Exct.udes m1ang1ble assets. on 73.l(D) In '."illions 

Goes ex about Feb. 7. Div'd payment 

1d·usted for stock splits 

. I 
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