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Abstract

We construct a new long-run series of subjective expected equity returns
from an independent equity analysis firm, spanning 1956–2024. These ex-
pected returns are strongly positively correlated with the earnings-price ratio,
respond negatively to past returns, and predict future returns. These patterns
contrast with subjective expectations of individual investors and professional
forecasters, which are weakly or negatively correlated with our new measure.
Disagreement between sophisticated and individual investors is associated
with higher trading volume. Our findings are consistent with a model of
heterogeneous beliefs, where naive investors extrapolate past returns, rather
than past dividends, while sophisticated investors are close to rational.
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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
movements 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,
investor expectations of returns should be high when valuations are low. However, recent
research finds that subjective return expectations are inconsistent with this prediction
(Greenwood and Shleifer, 2014; Adam et al., 2017; Nagel and Xu, 2023). A growing
literature instead attributes stock market fluctuations to non-rational shifts in investor
beliefs about future returns or cash flows (De La O and Myers, 2021; Bordalo et al., 2024).

The existing evidence on subjective return expectations raises two related questions.
First, most survey evidence captures the beliefs of individual investors, but what about the
beliefs of more sophisticated market participants? Second, a long theoretical tradition in
finance emphasizes the importance of heterogeneous beliefs, with agents holding rational
and biased beliefs interacting to shape asset prices and trading volume (e.g., Harrison
and Kreps, 1978; De Long et al., 1990; Scheinkman and Xiong, 2003; Barberis et al., 2015).
Yet most empirical studies of subjective expected returns place limited emphasis on belief
heterogeneity and typically focus on non-rational investors’ beliefs. Is there a role for
heterogeneous beliefs in understanding the relationship between subjective expectations
of returns and stock market fluctuations?

This paper provides new long-run evidence on the expectations of sophisticated
investors and the relevance of heterogeneous beliefs. We build a novel dataset on
expectations of stock returns and corporate earnings from Value Line (VL), an independent
equity analysis firm. The data cover 1956–2024, providing a uniquely long sample to
understand the relation between beliefs and stock market fluctuations. We provide four
main findings. First, VL’s expectations of returns are very different from the expectations
of other investors. The beliefs of VL and individual investors are weakly or even negatively
correlated, depending on the survey. Second, VL expected returns are contrarian and
account for most of the fluctuations in the earnings-price ratio, in a manner consistent
with rational econometric benchmarks. This contrasts with the expectations of individual
investors, whom we find extrapolate past returns, though not past cash flows. Third,
VL expected returns predict future realized returns. Finally, greater disagreement about
expected returns between VL and individual investors is associated with increased trading
volume and volatility. Our findings highlight the importance of sophisticated investors
and heterogeneous beliefs for understanding stock market fluctuations.
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We use a model à la Barberis et al. (2015) to organize our empirical analysis. We
assume that naive investors predict future returns by extrapolating past returns, while
sophisticated investors have rational expectations but face limits to arbitrage. In this
class of models, the market-clearing condition generically imposes that the beliefs of
sophisticated and naive investors are negatively correlated. Further, sophisticated in-
vestors’ expected returns correlate negatively with valuation ratios, as these investors
recognize that naive investor sentiment will mean-revert. Thus, the share of valuation
movements accounted for by variation in sophisticated investors’ return expectations
is nontrivial. The contrarian beliefs of sophisticated investors also correlate negatively
with past returns, but not with past dividend growth. Since sophisticated investors are
rational, their time-varying beliefs predict future returns. Finally, disagreement about
expected returns between naive and sophisticated investors should lead to higher trading
volume (Campbell et al., 1993; Scheinkman and Xiong, 2003; Hong and Stein, 2007).

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 approximately 1,500 firms per year in most years. We compute the expected return for
each firm by combining long-term (three to five years) earnings expectations and price
targets. We then aggregate these earnings and return expectations to an annual time
series. We complement these new data with eight existing survey measures of return
expectations for other finance professionals, forecasters, and individuals drawn from the
literature.

The VL expectations data offer two main contributions relative to the existing literature.
First, VL expectations cover a sample that is two to three times longer than existing data
on investors’ expectations of returns (see the literature review in Table B.1). This allows
for higher statistical power, a benefit recently stressed by Brunnermeier et al. (2021),
given that fluctuations in valuation ratios are slow-moving. Second, the VL data 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 weakly, or even negatively, correlated with
individual investors’ expectations. VL expected returns are also more volatile than most
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other survey-based measures. Overall, 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 cyclically adjusted earnings-price ratio on the expected return
from VL yields a t-statistic of 5.2 and an R2 of 65%. Thus, VL analysts expect returns to
be high when valuation ratios are low, consistent with countercyclical expected returns
implied by rational benchmark models. In contrast, no other expected return series
among the nine we examine is significantly positively correlated with the earnings-price
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
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 variation in 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 this evidence, we also
show that time variation in VL’s expected returns depends mostly on expectations of
mean-reversion in the price-earnings multiple to a long-term target but little on changes
in expected dividend growth.

We further show that VL expected returns are negatively correlated with past returns,
consistent with countercyclical expectations of returns. In contrast, expected returns from
other professional forecasters are essentially uncorrelated with past realized returns, and
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, as in Barberis et al. (2015), rather than
past fundamentals.

Third, expected returns from VL predict future aggregate stock returns. Return
predictability is especially strong for future realized nominal total returns. Across the
nine annual measures of subjective expected returns we explore, VL’s expected return is
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the only series that significantly and robustly predicts returns. Moreover, VL expected
returns predict future returns approximately as well as the cyclically adjusted earnings-
price ratio (CAPE). There is also evidence of return predictability using realized excess
returns, especially in recent decades, but it is weaker than for nominal returns and only
statistically significant at longer horizons. In our sample period, however, excess returns
are also less predictable using conventional predictors such as CAPE, and VL expected
return does not perform worse than CAPE. Moreover, while our main sample is annual
over 1956-2024, we find 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
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, as well as trading volume. An alternative view is that only the
beliefs of sophisticated investors matter, as in rational models with time-varying risk
premia. This view, however, requires taking seriously only the survey evidence from
VL and arguing that individual investors are merely bystanders whose beliefs do not
affect prices. Moreover, some of the evidence described above challenges this view. First,
the negative correlation between VL expectations and individual investors’ expectations
suggests that forecasts by VL somehow respond to shifting sentiment—a prediction of
the market-clearing condition. 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 set of recent papers, focusing on analyst or institutional investors, find
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expected returns that are countercyclical and contrarian, closer to model-based expected
returns (Bastianello, 2025; Büsing and Mohrschladt, 2024; Couts et al., 2026; Dahlquist
and Ibert, 2024, 2026; Wang, 2020), although these papers rely on short samples – at most
25 years of continuous data.

We provide several contributions relative to these studies. We provide evidence on
contrarian and countercyclical return expectations from a sophisticated agent for a much
longer sample spanning nearly seven decades. Extending the data strengthens statistical
tests, especially when considering valuations and expectations of returns, which are
persistent. Besides the gain in statistical power, our study also informs debates about out-
of-sample return predictability (Welch and Goyal, 2008). Aggregate return 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). Finally, we document belief disagreement across different investor
classes and show that the findings are consistent with the predictions from a model of
heterogeneous beliefs.

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, not expected cash flows (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 less predictable. This view
has, however, been challenged in a number of papers showing that subjective cash flow
expectations can account for stock price fluctuations. Bordalo et al. (2024) show that
long-term expected earnings growth (LTG) from sell-side analysts is volatile enough to
explain stock price movements, assuming constant expected returns. Consistent with this,
De La O and Myers (2021) show 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. Using the same data and a new methodology to measure cash flow
expectation bias, Bretscher et al. (2026) also find that a large contribution of cash flow
expectation to movements in valuations.

Relative to these studies, we highlight that such decompositions of valuations between
expectations of cash flows and returns crucially depend 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. Naturally, this result does not have to hold for all investors.
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Indeed, given that the Campbell-Shiller decomposition can hold for various sets of beliefs,
our findings suggest caution in using such decompositions to causally ascribe fluctuations
in the stock market to a given set of beliefs. Moreover, a key strength of our analysis is to
jointly exploit data on expected returns and expected cash flows. As noted by Giglio et al.
(2021), it is crucial to use both series to perform the decomposition, since they tend to be
positively correlated.

Third, our paper highlights the role of heterogeneous beliefs in asset price formation.
We find two pieces of evidence consistent with generic predictions of asset pricing
models with heterogeneous investors. First, market clearing generally constrains returns
expectations of different agents to be negatively correlated. Consistent with this, VL’s
beliefs are negatively correlated with most surveys of individuals’ expectations. Second,
trading volume should rise when disagreement increases (Barberis, 2018). In line with this,
we find 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 our findings, McCarthy and Hillenbrand (2025) find that expected
returns of individuals and equity analysts’ long-term earnings growth forecasts (LTG) are
negatively correlated.1 Our paper brings novel data on cash-flow and return expectations
for a sophisticated investment adviser over a considerably longer time sample. While
McCarthy and Hillenbrand (2025) argue that analysts extrapolate past cash flows, we find
the opposite in our data, consistent with VL being representative of “rational traders” in
heterogeneous models.

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.

1Mian and Sufi (2022) focus on the housing market during the 2000s housing boom. They provide
evidence of heterogeneous beliefs across optimistic buyers and the more pessimistic broader population.
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2 Heterogeneous Investors: Model Predictions

2.1 Model Layout

The model is a discrete-time 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 that pays
return r, and a risky asset in unit supply that pays a dividend Dt and trades at a price
Pt. Dividend growth, Gt = Dt − Dt−1, follows an AR(1) process with mean zero and
persistence ρ. The two assets are traded by two types of investors indexed by i ∈ {N, S}
(naive and sophisticated). The share of naive traders is α. As in Campbell et al. (1993), we
assume that, every period, agents maximize the expected utility of next period wealth.
Their utility is CARA and proportional to − exp{−γxitRt+1}, where

Rt+1 = Pt+1 + Dt+1 − (1 + r)Pt

is the excess stock return, xit their holding of risky asset, and γ their risk aversion.
Given this set-up, asset demands xit depend on return expectations. We assume that

sophisticated traders have rational expectations FS
t Rt+1 ≡ EtRt+1, consistent with our

empirical results on VL expectations from Section 6.3. The expectation of naive traders
is assumed to be extrapolative: FN

t Rt+1 ≡ 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. Finally, we denote σ2 the conditional variance of Rt+1. In
equilibrium, this variance can be computed and is constant.

2.2 Model Predictions

We obtain the following expressions for prices and expected returns (detailed derivations
are in Appendix A):

Pt = −γσ2

r
.

1 + r
1 + r + αµ

+
1
r

Dt +
1 + r

r
ρ

1 + r − ρ
Gt +

αµ

1 + r + αµ
Rt (1)

FN
t Rt+1 = γσ2 + (1 − α)µRt (2)

FS
t Rt+1 = γσ2 − αµRt (3)

When naive investors extrapolate past returns (µ > 0), valuations are increasing in past
returns, which boosts the demand of naive traders (equations (1), (2)). Recognizing this,
sophisticated traders rationally expect lower future returns (equation (3)). While dividend
growth raises current valuations, it does not affect future returns, as both investor types
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are assumed here to be rational about future dividends.
Predictions are intuitive and formally derived in Appendix A. The first set of predic-

tions is not related to our specific assumptions about expectations formation but only
rely on market clearing:

Prediction 1. Market equilibrium with heterogeneous traders:

• Expected returns of sophisticated investors are negatively correlated with expected returns of
naive investors.

• Trading volume covaries positively with the absolute change in disagreement about expected
returns.

vol =
1

2γσ2 |∆
(

αFN
t Rt+1 − (1 − α)FS

t Rt+1

)
|

The first bullet point follows 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, so their expected returns decline. This prediction does not require
any specific assumption about expectation formation. The second bullet point comes
from defining volume as the absolute change in naive (or sophisticated) trader demand
(Campbell et al., 1993). In our tests, we will focus on both the level and the change in
disagreement. The two are positively correlated, and the link between volume and the
level disagreement is a more generic prediction of this class of models (Hong and Stein,
2007; Barberis, 2018).

The second set of predictions characterizes expectations formation. These arise from
specific assumptions made about how expectations are formed:

Prediction 2. Characterizing expectations of returns

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

• Controlling for past returns, expected returns of sophisticated and naive investors should
not depend on past dividend growth (Equations (3) and (2)).

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 past dividends, which gives the second prediction.

The last set of predictions arise from the equilibrium relationships between valuations,
returns, and expectations.
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Prediction 3. Expectations and valuation

• Return expectations of sophisticated investors predict future realized returns.

• When the persistence of cash flow growth is low, return expectations of sophisticated investors
are negatively correlated with valuations.

• When the persistence of cash flow growth is low, valuations are mostly driven by sophisticated
expectations.

• When the share of naive investors is low, valuations are more strongly affected by sophisti-
cated expectations than by naive ones.

The first bullet point comes from our assumption that sophisticated investors are
rational. The second one holds controlling for cash flow growth, or if the persistence of
growth is low (in the data, ρ ≈ 0, see Appendix Table B.10). In this case, valuations are
mostly affected by shifts in naive investor expectations, which are themselves negatively
correlated with sophisticated investors’ forecasts of returns. The third and fourth bullet
points interpret equation (1) as a kind of Campbell-Shiller decomposition. When cash
flow growth is not persistent, all valuation shifts come from movements in expectations
(third bullet point). The fourth bullet point is intuitive: a given shift in naive expectations
has a smaller effect on valuations when there are fewer naive investors. As a result,
valuation movements are explained predominantly by sophisticated rather than naive
beliefs when the share of naive traders α is low.

3 Data

We build a new annual time series dataset containing subjective expectations of returns
and earnings from Value Line. 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
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has limited coverage starting in 1976 and only provides price targets starting in 2002. The
forecasts are from Value Line (VL), a publicly traded 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 year, with coverage
stabilizing around 1600 in the middle of the 1970s (see Figure B1). Firms in VL account
for over 80% of the total market cap in the CRSP universe in most years (see Figure B2).
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 B3 and B4 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. Through 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

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. At the time of writing, Value Line had a
market cap of about $320 million.

3Appendix D provides further details on the data collection and quality checks.
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a calendar year. The motivation for this choice was twofold. First, projections for the
remainder of the calendar 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
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 tend to be 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,
always relying on a few years or a small sample of the data, find that Value Line
timeliness rankings had predictive power for subsequent returns (see 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 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
FVLr f ,t→t+4 as of the beginning of year t (Q1) 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
(4)

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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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
a 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 sources used in the
literature. We focus on expectations data, rather than balances of opinion, as the latter is
less directly comparable to return realizations (see Greenwood and Shleifer (2014) for a
review of balance of opinion data).

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. Similar 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
.

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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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 (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 forecasts
in Q1 of year t, we use forecasts from December of year t − 1. The Livingston survey
expectations on stock returns are 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, (5)

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. 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 on 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

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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Shleifer (2014)). In addition, we collect Graham and Harvey CFO Survey’s forecasts for
the return on the 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
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 a simple model-based expected
return, r̂EP

t→t+1. Specifically, we calculate the expected return implied by the risk-free
rate (one-year Treasury yield) plus the predicted value from a regression of the realized
excess return over the next year on the earnings-price ratio. We take this as a “rational
benchmark,” similar to 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
substantially over time, with large fluctuations at business cycle frequencies. Expected
returns are especially high in the 1970s and after major market downturns, such as the
2008 Global Financial Crisis. The variation in the VL expected return is higher than

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 0.161 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 4.79 69 1956 2024

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

FVLEPSt+4
16.00 3.44 69 1956 2024

Panel B: Other Subjective Expectations
Expected return, IBES, FIBESrt→t+1 0.16 0.06 22 0.195 2003 2024
Expected return, Shiller-institutional, FSh-instrt→t+1 0.04 0.04 35 0.184 1990 2025
Expected return, Livingston, FLivrt→t+1 0.06 0.05 73 0.174 1953 2025
Expected return, Shiller-individual, FSh-indivrt→t+1 0.04 0.03 26 0.186 1999 2025
Expected return, SPF, FSPFrt→t+10 0.07 0.01 33 0.173 1992 2025
Expected return, Graham-Harvey (10-year), FGHrt→t+10 0.07 0.01 23 0.177 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 0.184 2002 2024
Expected return, EP regression, r̂EP

t→t+1 0.11 0.04 69 0.159 1956 2024
Panel C: Realizations
Realized return, Value Line sample, 1 year, rt→t+1 0.11 0.16 69 1956 2024
Realized return, Value Line sample, 4 year, rt→t+4 0.10 0.06 66 1956 2021
Realized return, CRSP sample, 1 year, rt→t+1 0.11 0.16 69 1956 2024
Realized return, CRSP sample, 4 year, rt→t+4 0.10 0.07 66 1956 2021
Realized EPS growth, Value Line sample, 4 year, gt→t+4 0.07 0.04 65 1956 2020
Trailing EP Ratio, CRSP sample, E/Pt 0.06 0.03 69 1956 2024

Inverse of Shiller CAPE ratio,
1

CAPEt
0.06 0.03 69 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.

the standard deviation of model-based expected return, r̂EP
t→t+1, which has a standard

deviation of 4%.
VL expected returns also exhibit higher volatility compared to 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
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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 constructed as the one-year
Treasury yield plus the fitted value from a predictive regression of next year’s realized excess return on the
earnings-price ratio.

plots all nine expected return measures. Long-horizon forecasts (GH 10 years, SPF 10
years) have markedly lower volatility, as expected given lower long-run return variability.
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 significant.

Table 2 thus highlights the heterogeneity in subjective return expectations. 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 that hold different
return expectations. Due to market clearing, if extrapolative agents are bullish about
future returns, more sophisticated traders’ demand has to shrink, which can only happen
if they become bearish about future returns.

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 has been well known since Campbell and Shiller (1988b), movements in the earnings-
price ratio must be driven by either changes in expected returns or expected earnings

11Nagel and Xu (2023) find that Livingston survey expectations are still pessimistic when adjusting these
expectations with the dividend yield.
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growth. To fix intuition, suppose earnings grow at rate g, the payout ratio is b, and r is
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. We provide
a formal derivation of this in our model (Appendix A). 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.
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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 0.292 -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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In contrast, we find here that 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. We also plot the earnings-price ratio and inverse
of the CAPE. 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.

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
plotted for year t are based on expectations formed in Q1 of year t. The expected returns and EPS growth
are annualized. 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, so this earnings price ratio is known as of Q1 of year t when we measure
expectations. Similarly, the inverse CAPE plotted for t is the December t − 1 value.

Table 3 examines the relation between the cyclically adjusted earnings-price ratio
(inverse-CAPE) and subjective expected returns from VL and the eight other surveys.
Specifically, we estimate regressions of the form:

1/CAPEt = α + βFkrt→t+jk + ut,

where 1/CAPEt is the inverse-CAPE ratio as of December of t − 1, and Fkrt→t+jk is the
expected return formed in Q1 of year t. The results are not sensitive to the exact timing.
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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 0.278
(5.28)

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 0.649 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.

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 cyclically 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 inverse-CAPE ratio. Measures
of expected returns from other finance professionals and professional forecasters are
weakly correlated with the inverse-CAPE, with some exhibiting a positive sign and others
a negative sign. The weak correlation for Livingston is consistent with De La O and
Myers (2021) and Nagel and Xu (2023).
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Table 3 further shows that 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 extrapolators
are bullish, valuations are high, but market clearing imposes that sophisticated traders
are bearish. Treating VL as sophisticated and individuals as extrapolative, this generates
a 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 ratio 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 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)), the expected return is 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 (4)-(6), 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 0.278 0.254 0.208 0.181 0.178
(5.28) (5.25) (3.44) (3.27) (3.29)

FVLgt→t+4 0.494 0.142 0.166 -0.018 -0.015
(2.97) (0.99) (1.18) (-0.17) (-0.15)

Inflation 0.146 0.011
(1.44) (0.13)

10-year bond yield 0.391 0.388
(4.50) (3.86)

R2 0.649 0.252 0.665 0.674 0.735 0.735
N 69 69 69 69 69 69

Notes: This table reports results from regressions of the inverse of the current CAPE ratio on VL expected
returns and expected EPS growth. The inverse-CAPE ratio is as of December of 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, through the lens of VL’s expectations, movements in expected returns
account for most of the time variation in valuation ratios. To do this, we assume a constant
payout ratio 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

. (6)

where k̃ and α are constants, and 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 (6) 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 (6): Expected
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earnings growth, expected returns, the expected future price-earnings ratio, and the
current price-earnings ratio. Panel A in Table 5 presents the results from a decomposition
of 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 account
for 59% of the variation in realized price-to-earnings ratio. Cash flow expectations over the
next four years only explain 3%. The remaining 38% 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 four-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,
2021; Bordalo et al., 2024).

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).

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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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) 0.031 0.593 0.383
(0.48) (4.50) (4.30)

Panel B: Expected Return Decomposition

Cash Flow Expectations Repricing
(1) (2)

Return Expectations 0.128 0.873
(2.11) (12.59)

Notes: This table reports variance decompositions of the price-earnings ratio and the subjective expected
return based on Value Line’s expectations. Panel A reports results from regressions of each term on the
right-hand side of the Campbell-Shiller decomposition in (6) on the current log price-earnings ratio from
the left-hand side of (6). Panel B reports results from regressing each of the two terms on the right-hand
side of the return decomposition in (7) on the log expected return from the left-hand side of (7). t-statistics
in parentheses based on Newey-West standard errors with bandwidth S = 1.3

√
T.

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 (6) 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

. (7)

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
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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.

Panel B in Table 5 reports the results from a variance decomposition of VL’s expected
return using equation (7). 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 price-earnings
multiple, Pt/FVLEt, and the expected future PE multiple, FVLPt+4/FVLEt+4. The 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 Value Line analysts 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.14

As a concrete example, in their 1956 valuation analysis of General Motors displayed in
Figure B3, 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” (emphasis added). 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. Consistent
with this, Table B.15 shows that the expected long-term PE multiple is well-predicted by
a distributed lag of past price-earnings multiples. For example, predicting the expected

14Interestingly, Bastianello et al. (2025) find that valuations based on multiples tend to better predict
future stock returns.
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long-term PE multiple with six annual lags of the PE multiple yields an R2 of over 80%.

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, Pt/FVLEt, and VL’s expected long-term
price-earnings multiple, FVLPt+4/FVLEt+4.

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). 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 from past returns. In
that case, VL expected returns should not depend on past dividend growth.

To analyze these predictions, we estimate regressions of the following form

Fkrt→t+k = α + βxt−1 + ut
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where Fkrt→t+k are measures of expectations of returns from VL and the other surveys,
and xt−1 are potential drivers of expected returns. 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.

Table 6: Determinants of Expected Returns: Past Returns, Earnings Growth, and Volatility

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 -0.023 0.000 0.012 0.000 0.064 0.042
(-3.27) (-4.77) (-2.70) (-1.12) (0.02) (1.05) (0.04) (6.08) (3.77)

R2 0.039 0.215 0.215 0.007 0.000 0.025 0.000 0.296 0.243
N 69 22 36 73 27 34 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 -0.017 -0.004 -0.003 -0.003 0.002 -0.003
(-0.33) (0.28) (-0.20) (-0.93) (-0.24) (-0.58) (-0.80) (0.28) (-0.23)

rt−2→t−1 -0.086 -0.155 -0.102 -0.022 0.002 0.013 0.002 0.063 0.044
(-3.12) (-4.73) (-2.44) (-1.01) (0.10) (1.05) (0.25) (5.60) (4.45)

R2 0.039 0.219 0.215 0.012 0.001 0.030 0.009 0.297 0.247
N 69 22 36 73 27 34 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 3.002 3.722 1.879 0.844 0.028 -0.228 0.090 -0.944 -1.110
(2.36) (7.68) (4.63) (0.71) (0.05) (-0.75) (0.82) (-1.87) (-5.86)

R2 0.056 0.253 0.101 0.011 0.000 0.014 0.005 0.120 0.299
N 69 22 36 73 27 34 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 0.100 0.066 0.026 -0.012 0.009 -0.099 -0.097
(2.93) (8.04) (2.34) (1.10) (0.36) (-0.48) (0.82) (-3.51) (-7.31)

R2 0.258 0.291 0.047 0.014 0.006 0.005 0.008 0.157 0.289
N 34 22 35 35 27 34 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.

Motivated by our model, we first look at whether return forecasts correlate with past
returns. Specifically, we use the market return from December t − 2 to December t − 1,
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denoted rt−2→t−1, to predict the subjective expected returns reported in Q1 of year t. The
key result is that VL expectations of returns are strongly negatively correlated with past
returns (Panel A, 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.

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.

Other financial professionals also have contrarian expectations of returns. 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.15 This pattern of contrarian beliefs does not, however,
hold for beliefs of professional forecasters. Expected returns from Livingston and SPF are

15When we restrict to the same shorter sample, R2 for VL expected returns is also above 20%.
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essentially uncorrelated with past returns. The bottom-left panel in Figure 4 visualizes
this result for Livingston survey expected returns.

Like the naive traders in our model, Table 6 shows that individuals display extrapola-
tion from past returns. For example, expected returns from Nagel-Xu and Graham-Harvey
are significantly positively related to past returns, as shown in the bottom middle and
right panels of Figure 4. Moreover, R2 is over 20% for both regressions.

In Panel B, we test whether expectations of returns are 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 across the nine expected return measures. When we use lower
frequency variation in earnings in Table B.6, we again find that extrapolation is stronger
on past returns, though there is some extrapolation on past earnings for the Nagel-Xu
series.

Overall, the evidence in Table 6, Panels A and B supports 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
positive. While this is outside of our model, if VL expectations are close to rational, they
should correlate positively with risk. We thus regress return 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, as in rational models. IBES and Shiller institutional investors 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 Graham-Harvey and Nagel-Xu series,
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higher recent volatility is associated with lower expected returns. This evidence is
consistent with Giglio et al. (2021), who document, in a panel of individual investors, a
negative relationship between expected returns and the subjective probability of stock
market crash, inconsistent with disaster risk theories of the equity premium. The evidence
points to the 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. This is in sharp contrast to other survey-based measures of
expected returns (Nagel and Xu, 2023). As a result, the inverse-CAPE negatively forecasts
VL return expectation errors. This result, however, is driven entirely by the first half of
the sample, as illustrated by the large fluctuations in the VL expected return in the 1960s
and 1970s period (Figure 1). Return forecast errors are not as predictable with the CAPE
in the second half of the sample. In an additional exercise, we also find that past returns
do not systematically predict return forecast errors (Table B.8).

We now move to the expected long-term multiple. Table B.9 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 about the future multiple (column 3).

Finally, we analyze EPS growth forecasts. Table B.10 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.10 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
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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, to the extent returns are predictable. The long time series of our data
makes such a test possible. We next regress future realized equity returns on expected
returns from various surveys:

rt→t+h = αh + βhFSrt→k + ut→t+h, h = 1, ..., H. (8)

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. Panel A in Table 7 reports the
corresponding regression estimates. To address potential Stambaugh bias (Stambaugh,
1999), in addition to the basic OLS estimates, we also report bias-adjusted estimates using
two approaches. The first is a bootstrap approach following Nagel and Xu (2023). The
second employs the analytical correction suggested by Boudoukh et al. (2022). We also
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report bootstrapped p-values using a stationary block bootstrap. Details are provided in
Appendix C.

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 nominal stock returns. The fit is especially good at longer horizons. The R2

is 14% 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 returns, such as the early 1980s or 2009, VL
analysts correctly anticipated high future returns. While the bias-adjusted coefficients
in panel A of Table 7 are usually slightly lower than the baseline OLS estimates, the
predictive relation for nominal returns is quantitatively similar and statistically significant
at all horizons based on bootstrapped p-values.

Figure 5: Value Line Expected Equity Returns and Future Realized Nominal Returns
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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.

Table 8 presents estimates of specification (8) for the eight other survey-based expected
return series. The surveys capture the expectations of other financial professionals, profes-
sional forecasters, and individuals. Figure 6 presents visualizations of these regressions

33



Table 7: Predicting Future Returns with Value Line Expected Returns

Panel A: Nominal Returns
rt→t+1 rt→t+2 rt→t+3 rt→t+4 rt→t+5 rt→t+6

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

FVLrt→t+4 0.505 0.722 1.092 1.813 2.695 3.483
{Bias-adj Coef1} {0.242} {0.510} {1.007} {1.695} {2.572} {3.695}
{Bias-adj Coef2} {0.346} {0.416} {0.648} {1.240} {1.998} {2.669}
(p-value) (0.047) (0.032) (0.023) (0.013) (0.006) (0.002)

R2 0.057 0.063 0.083 0.139 0.194 0.243
N 69 68 67 66 65 64

Panel B: Excess Returns
xrt→t+1 xrt→t+2 xrt→t+3 xrt→t+4 xrt→t+5 xrt→t+6

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

FVLxrt→t+4 0.462 0.489 0.672 1.263 1.946 2.366
{Bias-adj Coef1} {0.156} {0.221} {0.476} {0.929} {1.516} {2.291}
{Bias-adj Coef2} {0.287} {0.160} {0.200} {0.670} {1.242} {1.552}
(p-value) (0.223) (0.414) (0.330) (0.154) (0.091) (0.043)

R2 0.031 0.018 0.020 0.045 0.072 0.082
N 69 68 67 66 65 64

Notes: This table reports results from estimating equation (8). Panel A uses future cumulative realized
nominal returns on the left-hand side and expected annualized nominal returns from Value Line as of Q1
of year t on the right-hand side. The realized nominal return is the total return on the market from April of
year t to April of year t + h. Panel B uses future cumulative realized excess returns on the left-hand side
and expected excess returns from VL 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. We address Stambaugh (1999) bias using two complementary corrections: a bootstrap approach
following Nagel and Xu (2023) (method 1) and an alternative correction following Boudoukh et al. (2022)
(method 2). We also compute bootstrapped p-values from a stationary block bootstrap. Details on these
corrections are provided in Appendix C. In each panel, OLS coefficients are reported on the first row,
bootstrap bias-adjusted coefficients are reported in braces, and bootstrapped p-values are reported in
parentheses.

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.16 The estimated coefficients are small and not statistically
significant. Expectations from professional forecasters and households also fail to predict
realized future returns. In some cases (Shiller individual and Graham-Harvey), these

16When using monthly data for IBES, we do find that these sell-side analyst expectations significantly
predict both nominal and excess returns, in line with the findings of Bastianello (2025). However, once we
time-aggregate to annual data, this result becomes much weaker and is usually insignificant.
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Table 8: Predicting Future Returns with Subjective Expected Returns from Other Surveys: Nominal
Returns

rt→t+1 rt→t+2 rt→t+3 rt→t+4 rt→t+5 rt→t+6
(1) (2) (3) (4) (5) (6)

FIBESrt→t+1 -0.611 0.061 0.472 -0.074 0.262 0.166
{Bias-adj Coef} {-0.611} {0.067} {0.226} {-0.409} {-0.395} {0.589}
(p-value) (0.147) (0.816) (0.239) (0.875) (0.837) (0.931)

R2 0.044 0.000 0.013 0.000 0.002 0.001
N 22 21 20 19 18 17

FSh-instrt→t+1 0.272 0.269 0.523 1.227 1.365 -0.134
{Bias-adj Coef} {0.338} {0.300} {0.712} {1.307} {1.330} {-0.100}
(p-value) (0.698) (0.807) (0.793) (0.594) (0.616) (0.970)

R2 0.004 0.002 0.004 0.013 0.011 0.000
N 35 34 33 32 31 30

FLivrt→t+1 -0.386 -1.389 -1.752 -1.378 -1.498 -2.239
{Bias-adj Coef} {-0.532} {-1.401} {-1.650} {-1.411} {-1.854} {-2.515}
(p-value) (0.382) (0.026) (0.061) (0.196) (0.331) (0.239)

R2 0.013 0.084 0.077 0.031 0.023 0.038
N 72 71 70 69 68 67

FSh-indivrt→t+1 -0.988 -3.672 -4.182 -5.276 -8.054 -10.222
{Bias-adj Coef} {-1.770} {-3.635} {-4.477} {-5.615} {-8.303} {-10.428}
(p-value) (0.457) (0.017) (0.034) (0.023) (0.002) (0.002)

R2 0.023 0.176 0.167 0.171 0.290 0.481
N 26 25 24 23 22 21

FSPFrt→t+10 1.164 2.803 5.360 8.225 6.180 9.316
{Bias-adj Coef} {1.182} {3.515} {6.747} {8.948} {7.236} {7.144}
(p-value) (0.435) (0.498) (0.379) (0.455) (0.687) (0.648)

R2 0.008 0.022 0.047 0.067 0.024 0.041
N 33 32 31 30 29 28

FGHrt→t+10 -1.334 -3.294 -4.481 -6.316 -14.529 -22.296
{Bias-adj Coef} {0.294} {-1.614} {-4.134} {-6.848} {-15.240} {-28.042}
(p-value) (0.662) (0.175) (0.050) (0.235) (0.185) (0.090)

R2 0.005 0.018 0.026 0.032 0.096 0.193
N 23 22 21 20 19 18

FNXrt→t+1 -1.184 -2.689 -3.159 -3.461 -4.739 -1.417
{Bias-adj Coef} {-1.024} {-2.066} {-2.201} {-2.417} {-1.816} {1.240}
(p-value) (0.293) (0.217) (0.438) (0.515) (0.486) (0.863)

R2 0.022 0.052 0.039 0.028 0.036 0.003
N 36 36 35 34 33 32

FGHrt→t+1 -2.397 -5.779 -5.266 -6.282 -15.890 -12.629
{Bias-adj Coef} {-1.734} {-5.392} {-5.165} {-6.418} {-17.013} {-13.325}
(p-value) (0.208) (0.028) (0.005) (0.114) (0.004) (0.025)

R2 0.047 0.176 0.117 0.106 0.447 0.280
N 23 22 21 20 19 18

Notes: This table reports results from estimating (8) 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 total 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. We address Stambaugh (1999) bias following the bootstrap approach in
Nagel and Xu (2023). For each independent variable, OLS coefficients are reported; bootstrap bias-adjusted
coefficients are reported in braces; bootstrapped p-values are reported in parentheses.
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expected returns are even negatively correlated with future returns. In sum, among all
nine expected return series, the VL expected return is the only series that robustly and
positively predicts future returns.

Table 9: Predicting Returns with Value Line Expected Returns: Controls and Subsamples

Panel A: Nominal Returns
rt→t+5

1956-2020 1956-1987 1988-2020

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

FVLrt→t+4 2.695 0.993 2.535 6.386
{Bias-adj Coef} {2.572} {0.645} {2.005} {6.020}
(p-value) (0.006) (0.260) (0.115) (0.033)

1
CAPEt

8.614 6.260

{Bias-adj Coef} {6.887} {5.742}
(p-value) (0.006) (0.103)

R2 0.194 0.228 0.237 0.390 0.130
N 65 65 65 32 33

Panel B: Excess Returns
xrt→t+5

1956-2020 1956-1987 1988-2020

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

FVLxrt→t+4 1.946 1.959 1.375 5.731
{Bias-adj Coef} {1.516} {1.946} {0.747} {5.377}
(p-value) (0.091) (0.194) (0.388) (0.097)

1
CAPEt

2.914 -0.048

{Bias-adj Coef} 0.316 -0.024
(p-value) (0.440) (0.991)

R2 0.072 0.029 0.072 0.107 0.135
N 65 65 65 32 33

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 is calculated as the value-weighted average
of the CRSP universe of firms. Returns are calculated from April of t to April of t + 5. VL expected returns
are as of Q1 of year t. The CAPE control variable is as of December of t − 1. We adjust for Stambaugh
(1999) bias using the bootstrap approach in Nagel and Xu (2023). Each column reports OLS coefficients,
bootstrap bias-adjusted coefficients in braces, and bootstrapped p-values in parentheses.

Table 9 further explores the predictability of returns using VL expectations, focusing
on the five-year horizon (h = 5) and controlling for the inverse-CAPE. Columns (1) and (2)
in Panel A compare the predictive performance of FVLrt→t+4 and the inverse-CAPE. Both
variables predict nominal returns, but the R2 is slightly higher with the inverse-CAPE.
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When controlling for CAPE (column 3), the predictive power of VL forecasts becomes
insignificant. Table 9 columns (4) and (5) examine the predictability of VL expectations
across subsamples. Although the coefficient in the first half of the sample is not significant
using the bootstrapped p-values (p = 11.5%), the positive coefficient and high R2 of 39%
suggest VL expected returns contain some information about future returns before it was
widely accepted that there was some degree of aggregate return predictability (column 4).
However, the magnitude and significance of the predictability are substantially higher in
the second half of the sample (column 5).

Figure 6: Subjective Expected Returns across Surveys and Future Realized Returns
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Notes: This figure plots realized cumulative nominal returns from April of year t to April of year t + 5
against expectations of nominal 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.

7.2 Excess Returns

Panel B in Table 7 reports regressions of future realized excess returns against expected
excess returns based on Value Line’s expectations. The realized excess return from year t
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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 to ensure
that it is known to forecasters at the start of Q1 when they form expectations.

When using excess returns, we again find some evidence that VL expected returns
predict future returns (Table 7 Panel B). However, the predictive relation is not as strong
as for nominal realized returns. The estimates are statistically significant at the 10%
level at the 5-year horizon and at the 5% level at the 6-year horizon based on the bias-
adjusted coefficients and bootstrapped p-values. Comparing Panel A and B, the R2 values
are also uniformly lower for excess returns compared to nominal returns. While the
estimates always have 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 0.46, below
the full-information-rational-expectations benchmark of 1.

Panel B in Table 9 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, and the fit is slightly better using VL expected excess returns.
In unreported results, we find similar evidence when using the dividend-price ratio,
following Cochrane (2011). Thus, it is important to note that the modest predictability
of excess returns using VL returns should be understood in the context of a sample
where return predictability based on conventional predictors is also weak. Column (5)
shows that the excess return predictability based on VL expected returns is stronger and
borderline statistically significant in the second half of the sample.

Table B.11 reports the results for excess return predictability based on subjective
expected returns from the eight other surveys. As with nominal returns, these expected
return series do not reliably predict excess returns.

7.3 Return Predictability with Quarterly Data

Our annual dataset has the advantage of covering a long time series of nearly seven
decades. However, because it is annual, it does not capture within-year variation. Table 10
examines whether VL expected returns predict future realized returns in a quarterly time
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series from 1987Q3 to 2024Q3. We again estimate regressions of the form

rt→t+h = α + βFVL
t r + ut+h, h = 4, 8, ..., 24

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 annualized expected return over the next four years as of quarter t.

Table 10: Predicting Returns with Value Line Expected Returns: Quarterly Data, 1987Q3-2024Q3

Panel A: Nominal Returns
rt→t+4 rt→t+8 rt→t+12 rt→t+16 rt→t+20 rt→t+24

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

FVLrt→t+16 1.083 2.071 2.826 3.702 6.329 6.576
{Bias-adj Coef1} {0.857} {1.754} {2.560} {3.570} {5.785} {6.196}
{Bias-adj Coef2} {0.993} {1.901} {2.582} {3.390} {5.952} {6.138}
(p-value) (0.079) (0.066) (0.001) (0.026) (0.033) (0.042)

R2 0.036 0.062 0.069 0.074 0.130 0.112
N 149 145 141 137 133 129

Panel B: Excess Returns
xrt→t+4 xrt→t+8 xrt→t+12 xrt→t+16 xrt→t+20 xrt→t+24

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

FVLxrt→t+16 1.208 2.502 3.520 4.574 6.778 6.443
{Bias-adj Coef1} {1.066} {2.336} {3.384} {4.564} {6.493} {6.529}
{Bias-adj Coef2} {1.107} {2.311} {3.251} {4.233} {6.372} {5.972}
(p-value) (0.122) (0.169) (0.147) (0.102) (0.067) (0.151)

R2 0.055 0.101 0.113 0.118 0.161 0.115
N 149 145 141 137 133 129

Notes: This table reports results from regressions of future realized returns on VL expected returns. The
sample is quarterly from 1987Q3-2024Q3. We address Stambaugh (1999) bias using two complementary
corrections: a bootstrap approach following Nagel and Xu (2023) (method 1) and an alternative correction
following Boudoukh et al. (2022) (method 2). For each independent variable, OLS coefficients are reported;
bootstrap bias-adjusted coefficients are reported in braces; bootstrapped p-values are reported in parenthe-
ses.

Panel A in Table 10 shows that VL expected returns predict future realized nominal
returns in this quarterly dataset. The bias-corrected estimates are statistically significant
at the 10% level for the 4- and 8-quarter horizons, and at the 5% level or better from the
12- to 24-quarter 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. For
example, the estimate is close to one at the four-quarter horizon, growing to over 6 at
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the 20-quarter horizon. Panel B considers excess returns. The estimates are similar as for
nominal returns. However, the statistical significance is weaker, and only the 20-quarter
estimate is statistically significant at conventional levels.

8 Belief Disagreement and Trading Volume

Like most models with heterogeneous beliefs, the model in Section 2 implies that trading
volume is increasing with disagreement between naive and sophisticated traders about
future returns. To be more accurate, our model directly links volume with the change in
disagreement. However, level and change in disagreement are positively correlated. Also,
many other models with heterogeneous beliefs predict that volume increases with the
level of disagreement rather than its change (for reviews, see Hong and Stein (2007) and
Barberis (2018)). Thus, we test here whether trading volume is correlated with the level
and change in disagreement between investors.

We measure disagreement as the difference between VL beliefs and individual beliefs
about future returns. We use the following specification:

Volumet = β0 + β1|FIndivrt − FVLrt|+ ut.

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. Below,
we also consider the revision in beliefs. In the baseline, we compute the expected re-
turn 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. 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
Nagel-Xu expected return measure.

Figure 7 examines the correlation between trading volume and belief disagreement
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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.

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.

Table 11, Panel A confirms this visual relationship. Columns (1)-(3) use each one
of the three measures of disagreement separately. The correlation is always strongly
significant. Column (4) uses the average of all three measures. The estimated relation
is even more strongly significant, with a t-statistic of over 5, and an R2 of 43%. Column
(5) 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 (t = 4.2, R2 = 31%).

As further exploration, Panel B in Table 11 examines whether belief disagreement
is associated with high price volatility. This is not predicted by the model (where
conditional volatility is constant) but more generally we expect volatility to be higher
when disagreement is the most pronounced. This turns out to be very significantly the
case. In Appendix Table B.14, we use the change in beliefs, |∆FIndivrt − ∆FVLrt|, which is
closer to our model’s predictions but further from the rest of the literature. This yields
qualitatively similar findings to using the level of disagreement.
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Table 11: Belief Disagreement, Trading Volume, and Volatility

Panel A: Belief Disagreement and Trading Volume

Volume

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

|FNXr − FVLr| 3.185
(2.79)

|FSh-indivr − FVLr| 2.835
(2.78)

|FGHr − FVLr| 3.256
(5.05)

|FIndiv-avg-allr − FVLr| 3.747
(5.04)

|FIndiv-avg-unbalr − FVLr| 3.843
(4.23)

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 (Panel A) and the standard deviation
of daily market returns (Panel B) 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 based on Newey-West standard errors with
bandwidth S = 1.3

√
T.
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9 Conclusion

This paper studies the relation between subjective 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 who extrapolate past returns
drive prices away from fundamental values. Sophisticated 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 portfolio changes, which can
be interpreted as generating higher trading volume.

To test these predictions, we build a novel time series of subjective expected returns
from an independent equity analysis firm. This series covers a sample spanning seven
decades, allowing us to credibly study the relation between expected returns, valuations,
and realized returns. First, we document significant heterogeneity in expected returns
across our novel data and existing series based on finance professionals, professional
forecasters, and individuals, consistent with the empirical relevance of heterogeneous
beliefs. Second, our novel expected return series 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 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 trading volume and asset
price fluctuations.
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A Model Derivation

The market-clearing condition is given by:

1 = α
FN

t Rt+1

γσ2 + (1 − α)
FS

t Rt+1

γσ2

Return expectations are assumed to follow:

FS
t Rt+1 = EtRt+1

FN
t Rt+1 = EtRt+1 + µRt.

which leads to the equilibrium condition:

γσ2 = EtRt+1 + αµRt (A.1)

We are looking for a linear Rational Expectations Equilibrium so that

Pt = a + bDt + cGt + dRt.

In equilibrium, rational expectations are given by:

EtRt+1 = a + (1 + b)EtDt+1 + cEtGt+1 + dEtRt+1

− (1 + r) (a + bDt + cGt + dRt)

=
1

1 − d
(−ra + (1 − rb)Dt + (ρ(1 + b)− c(1 + r − ρ))Gt − (1 + r)dRt)

Substituting this expression into the equilibrium equation (A.1) yields the equilibrium
price:

Pt = −γσ2

r
.

1 + r
1 + r + αµ

+
1
r

Dt +
1 + r

r
ρ

1 + r − ρ
Gt +

αµ

1 + r + αµ
Rt

Prediction 1 The first bullet point follows from:

FS
t Rt+1 = EtRt+1 = γσ2 − αµRt

FN
t Rt+1 = EtRt+1 + µRt = γσ2 + (1 − α)µRt

where the first equation comes from the market clearing condition (A.1) and the second
one follows by combining with the definition of naive trader forecasts. Since these two
are affine functions of Rt with opposite signs, the two forecasts are negatively correlated.

The second bullet point is related to volume. Volume is the change in position of each
agent from one period to the next, i.e.:
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Volumet =
|∆FS

t Rt+1|
γσ2 =

|∆FN
t Rt+1|
γσ2 .

From the market clearing condition (A.1), we know that ∆FS
t Rt+1 = −∆FN

t Rt+1 so that:

|∆FS
t Rt+1 − ∆FN

t Rt+1|
γσ2 =

2|∆FS
t Rt+1|

γσ2 = 2Volumet

Prediction 2 This follows directly from the expressions of forecasts above.

Prediction 3 We rewrite the price equation as:

Pt −
1
r

Dt︸ ︷︷ ︸
valuation

= constant +
1 + r

r
ρ

1 + r − ρ
Gt︸ ︷︷ ︸

cash flow shocks

− 1
1 + r + αµ

FS
t Rt+1︸ ︷︷ ︸

sophisticated expected returns

which can alternatively be written as a function of naive expected returns:

Pt −
1
r

Dt︸ ︷︷ ︸
valuation

= constant +
1 + r

r
ρ

1 + r − ρ
Gt︸ ︷︷ ︸

cash flow shocks

+
α

1 − α

1
1 + r + αµ

FN
t Rt+1︸ ︷︷ ︸

naive expected returns

.

A comparison between these two expressions shows that valuations are (1) more sensitive
to sophisticated expectations when Gt has low persistence and (2) more sensitive to
sophisticated expectations than naive ones when α is low.
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Table B.1: Correlates of Stock Returns Expectations: Literature Review

Data Returns Period Corr. with Corr. with Predicts Analyzes cash
forecasters valuation past returns fut. returns flow 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. (2026) Institutions’ websites Institutions 1987/1996-2022 < 0 < 0 Yes No
Dahlquist and Ibert (2024) Institutions’ websites Institutions 1997-2024 < 0 Yes No
Dahlquist and Ibert (2026) Institutions’ websites Institutions 2010-2024 Yes 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 No

This paper Value Line Value Line 1956-2024 < 0 < 0 > 0 Yes

Notes: This table summarizes papers that explicitly study expectations about returns. 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 the Earnings-Price Ratio

E/Pt

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

FVLrt→t+4 0.260
(4.75)

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 0.593 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
(3.16)

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 0.401 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. The inverse-CAPE
is 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 0.256
(2.37)

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 0.364 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 0.295 0.183 0.216 0.156
(4.75) (6.86) (2.45) (4.51) (2.61)

FVLgt→t+4 0.204 -0.204 -0.146 -0.377 -0.306
(1.48) (-1.88) (-1.35) (-3.17) (-3.07)

Inflation 0.359 0.239
(2.00) (1.89)

10-year bond yield 0.422 0.343
(3.04) (2.94)

R2 0.593 0.045 0.627 0.685 0.712 0.735
N 69 69 69 69 69 69

Notes: This table reports results from regressions 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: Subjective Expected Returns and Cyclically Adjusted Earnings Growth

Panel A: Expected returns and cyclically adjusted earnings 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)

et−1 − caet−6 0.043 -0.047 -0.041 -0.035 0.003 -0.000 0.000 0.026 0.010
(0.60) (-1.69) (-2.81) (-1.40) (0.24) (-0.09) (0.11) (2.75) (0.96)

R2 0.023 0.091 0.128 0.038 0.001 0.000 0.000 0.175 0.065
N 69 22 36 73 27 34 23 36 23

Panel B: Controlling for 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)

et−1 − caet−6 0.063 -0.011 -0.021 -0.033 0.003 -0.004 0.000 0.013 -0.002
(0.95) (-0.38) (-2.11) (-1.32) (0.21) (-0.53) (0.10) (1.79) (-0.14)

rt−2→t−1 -0.115 -0.136 -0.084 -0.009 -0.003 0.016 -0.000 0.053 0.044
(-3.63) (-3.84) (-2.28) (-0.42) (-0.11) (0.92) (-0.02) (4.60) (3.49)

R2 0.085 0.218 0.241 0.039 0.002 0.035 0.000 0.333 0.245
N 69 22 36 73 27 34 23 36 23

Notes: This table reports results from annual time series regressions of subjective expected equity returns
as of Q1 of year t on log earnings in December t − 1 relative to the cyclically adjusted log earnings in
December t − 6 (panel A). Panel B adds past returns from December t − 2 to December t − 1 as a second
explanatory variable. t-statistics in parentheses based on Newey-West standard errors with bandwidth
S = 1.3

√
T.
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Table B.7: 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

2.369 1.164 -1.205

(6.21) (3.92) (-2.09)

R2 0.648 0.192 0.144
N 66 66 66

Panel B: 1956-1987

FVLrt→t+4 rt→t+4 rt→t+4 − FVLrt→t+4

(1) (2) (3)

1
CAPEt

3.517 1.511 -2.005

(9.14) (4.27) (-2.89)

R2 0.836 0.466 0.368
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

1.609 3.438 1.829

(5.48) (2.38) (1.18)

R2 0.428 0.293 0.092
N 34 34 34

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 with bandwidth S = 1.3

√
T.
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Table B.8: 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 -0.089 -0.039 0.050
(-3.27) (-1.23) (1.18)

R2 0.038 0.009 0.010
N 66 66 66

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.9: 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

0.504 0.623 0.119

(5.28) (3.67) (0.48)

R2 0.509 0.292 0.011
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.10: VL Expectation Errors: EPS Growth

Panel A: Past EPS Growth from t − 2 to t − 1

FVLgt→t+4 gt→t+4 gt→t+4 − FVLgt→t+4

(1) (2) (3)

gt−2→t−1 -0.052 -0.038 0.015
(-3.46) (-1.63) (0.50)

R2 0.124 0.029 0.003
N 65 65 65

Panel B: Earnings Relative to Cyclically Adjusted EPS Growth

FVLgt→t+4 gt→t+4 gt→t+4 − FVLgt→t+4

(1) (2) (3)

et−1 − caet−6 -0.012 -0.065 -0.054
(-1.04) (-3.99) (-2.40)

R2 0.013 0.189 0.102
N 65 65 65

Notes: This table reports results from regressions of 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 as in Bordalo et al.
(2024). t-statistics in parentheses based on Newey-West standard errors.
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Table B.11: Predicting Future Returns with Subjective Expected Returns from Other Surveys: Excess
Returns

xrt→t+1 xrt→t+2 xrt→t+3 xrt→t+4 xrt→t+5 xrt→t+6
(1) (2) (3) (4) (5) (6)

FIBESxrt→t+1 -0.427 0.394 1.023 0.672 1.126 1.086
{Bias-adj Coef} {-0.402} {0.065} {0.683} {0.380} {0.572} {1.618}
(p-value) (0.209) (0.691) (0.298) (0.665) (0.519) (0.612)

R2 0.021 0.010 0.051 0.012 0.021 0.018
N 22 21 20 19 18 17

FSh-instxrt→t+1 0.457 0.840 1.184 1.835 2.037 1.143
{Bias-adj Coef} {0.470} {0.935} {1.330} {1.751} {1.816} {0.954}
(p-value) (0.447) (0.419) (0.501) (0.374) (0.449) (0.729)

R2 0.020 0.031 0.035 0.050 0.041 0.010
N 35 34 33 32 31 30

FLivxrt→t+1 0.057 -0.210 -0.260 0.008 -0.203 -0.630
{Bias-adj Coef} {0.006} {-0.251} {-0.227} {-0.142} {-0.353} {-1.019}
(p-value) (0.883) (0.733) (0.782) (0.992) (0.880) (0.685)

R2 0.000 0.003 0.003 0.000 0.001 0.004
N 69 68 67 66 65 64

FSh-indivxrt→t+1 0.795 -0.608 0.711 -0.078 -6.086 -13.408
{Bias-adj Coef} {-0.075} {-1.236} {-1.950} {-3.838} {-10.479} {-16.160}
(p-value) (0.747) (0.865) (0.920) (0.987) (0.451) (0.086)

R2 0.010 0.002 0.001 0.000 0.050 0.215
N 26 25 24 23 22 21

FSPFxrt→t+10 2.022 5.651 7.518 11.104 9.866 15.456
{Bias-adj Coef} {2.037} {5.721} {7.390} {10.199} {9.786} {16.035}
(p-value) (0.366) (0.270) (0.528) (0.416) (0.479) (0.139)

R2 0.039 0.110 0.097 0.107 0.047 0.084
N 33 32 31 30 29 28

FGHxrt→t+10 2.551 6.011 10.350 14.003 24.858 40.877
{Bias-adj Coef} {2.683} {5.928} {9.529} {13.256} {25.651} {43.897}
(p-value) (0.425) (0.477) (0.430) (0.353) (0.104) (0.010)

R2 0.046 0.131 0.277 0.293 0.335 0.524
N 23 22 21 20 19 18

FNXxrt→t+1 -0.588 -1.348 -2.780 -3.770 -7.492 -5.861
{Bias-adj Coef} {-0.346} {-1.226} {-2.474} {-3.094} {-5.641} {-5.457}
(p-value) (0.672) (0.546) (0.597) (0.600) (0.434) (0.523)

R2 0.005 0.011 0.024 0.026 0.062 0.029
N 36 36 35 34 33 32

FGHxrt→t+1 0.298 0.034 2.900 3.929 -2.882 2.103
{Bias-adj Coef} {0.643} {0.743} {3.490} {4.984} {-0.679} {3.564}
(p-value) (0.879) (0.993) (0.485) (0.290) (0.574) (0.603)

R2 0.001 0.000 0.036 0.042 0.012 0.006
N 23 22 21 20 19 18

Notes: This table reports results from estimating equation (8) 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. We address
Stambaugh (1999) bias using the bootstrap approach in Nagel and Xu (2023). For each independent variable,
OLS coefficients are reported; bootstrap bias-adjusted coefficients are reported in braces; bootstrapped
p-values are reported in parentheses.
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Table B.12: Predicting Returns with Value Line Expected Returns: Robustness using VL Universe of
Firms

Panel A: Nominal Returns
rt→t+1 rt→t+2 rt→t+3 rt→t+4 rt→t+5 rt→t+6

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

FVLrt→t+4 0.499 0.763 1.167 1.875 2.711 3.603
{Bias-adj Coef1} {0.231} {0.560} {1.053} {1.787} {2.570} {3.743}
{Bias-adj Coef2} {0.343} {0.463} {0.732} {1.313} {2.028} {2.806}
(p-value) (0.045) (0.022) (0.013) (0.010) (0.007) (0.001)

R2 0.058 0.080 0.115 0.174 0.237 0.299
N 69 68 67 66 65 64

Panel B: Excess Returns
xrt→t+1 xrt→t+2 xrt→t+3 xrt→t+4 xrt→t+5 xrt→t+6

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

FVLxrt→t+4 0.486 0.553 0.757 1.294 1.944 2.455
{Bias-adj Coef1} {0.187} {0.299} {0.587} {1.051} {1.609} {2.338}
{Bias-adj Coef2} {0.320} {0.238} {0.304} {0.724} {1.267} {1.670}
(p-value) (0.246) (0.372) (0.277) (0.157) (0.103) (0.035)

R2 0.035 0.027 0.031 0.057 0.089 0.108
N 69 68 67 66 65 64

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 universe of firms in VL at time t. Expected excess returns are calculated by subtracting the
horizon-matched Fama-Bliss/Liu-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. We address Stambaugh (1999) bias using
two complementary corrections: a bootstrap approach following Nagel and Xu (2023) (method 1) and an
alternative correction following Boudoukh et al. (2022) (method 2). For each independent variable, OLS
coefficients are reported; bootstrap bias-adjusted coefficients are reported in braces; bootstrapped p-values
are reported in parentheses.
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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| 3.261
(2.73)

|∆FSh-indivr − ∆FVLr| 1.144
(1.98)

|∆FGHr − ∆FVLr| 2.185
(1.84)

|∆FIndiv-avg-allr − ∆FVLr| 2.314
(1.68)

|∆FIndiv-avg-unbalr − ∆FVLr| 1.602
(1.31)

R2 0.055 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
(7.75)

|∆FSh-indivr − ∆FVLr| 0.083
(3.05)

|∆FGHr − ∆FVLr| 0.143
(6.77)

|∆FIndiv-avg-allr − ∆FVLr| 0.160
(5.11)

|∆FIndiv-avg-unbalr − ∆FVLr| 0.169
(5.42)

R2 0.422 0.076 0.185 0.169 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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Table B.15: Long-term and Short-term Multiples

FVLPt+4

FVLEPSt+4

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)

Pt

FVLEPSt
0.564 0.297 0.226 0.217 0.242 0.255 0.273 0.272 0.285 0.311

(7.03) (2.76) (1.91) (2.40) (2.83) (2.79) (2.98) (3.18) (3.28) (3.72)
Pt−1

FVLEPSt−1
0.337 0.191 0.154 0.142 0.144 0.143 0.173 0.168 0.157

(4.77) (3.76) (3.14) (2.46) (2.57) (2.37) (4.40) (4.18) (3.66)
Pt−2

FVLEPSt−2
0.247 0.139 0.094 0.102 0.105 0.086 0.102 0.097

(3.17) (2.03) (1.56) (1.51) (1.46) (1.20) (1.61) (1.49)
Pt−3

FVLEPSt−3
0.179 0.105 0.049 0.050 0.064 0.056 0.075

(4.20) (2.80) (1.16) (0.98) (1.75) (1.17) (3.09)
Pt−4

FVLEPSt−4
0.131 0.023 -0.028 -0.015 -0.001 -0.025

(2.27) (0.32) (-0.39) (-0.18) (-0.01) (-0.31)
Pt−5

FVLEPSt−5
0.159 0.066 -0.000 0.015 0.051

(2.06) (1.12) (-0.01) (0.31) (1.22)
Pt−6

FVLEPSt−6
0.140 0.066 -0.007 -0.006

(2.30) (1.18) (-0.15) (-0.12)
Pt−7

FVLEPSt−7
0.119 0.020 -0.051

(1.99) (0.42) (-1.13)
Pt−8

FVLEPSt−8
0.154 0.089

(2.91) (2.35)
Pt−9

FVLEPSt−9
0.116

(1.61)
Constant 6.901 5.890 5.500 5.184 4.867 4.625 4.416 4.216 3.856 3.573

(4.99) (3.71) (3.55) (3.29) (2.96) (3.01) (3.19) (3.31) (3.23) (3.11)

R2 0.618 0.696 0.737 0.758 0.772 0.787 0.808 0.830 0.853 0.877
N 69 68 67 66 65 64 63 62 61 60

Notes: This table reports results from regressions of Value Line’s forecast for long-term multiples on current
forward multiples and its lags. 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

1956
1957

1958

1959
1960

1961

1962

1963

1964
1965 1966

1967
19681969

1970
1971

1972

1973

1974

1975

1976

1977

1978

1979
1980

1981

1982

1983

1984
1985

1986

1987
1988

1989

1990

1991

1992
19931994

1995

1996
1997

1998
1999

2000
2001

2002

2003

2004200520062007 2008

2009

2010
2011
20122013

2014
20152016

2017
2018

2019
2020

2021
2022

2023
2024

.02

.04

.06

.08

.1

.12

1/
C

AP
E

0 .1 .2 .3 .4
Expected Return, FVLrt to t+4

Corr(1/CAPE, expected r) = 0.806, regression coefficient on expected r = 0.278, R-squared = 0.649

(d) 1/CAPE and VL Expected Excess Return
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Corr(1/CAPE, expected xr) = 0.639, regression coefficient on expected xr = 0.279, R-squared = 0.408

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 (four years) as of December of year t − 1.
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Figure B.3: Subjective Expected Long-Term EPS Growth: Value Line and IBES LTG
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Correlation: 0.063

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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Notes: This figure is similar to Figure 7, but computes the individual expected return in the belief
disagreement measure by taking the average of any available series (an unbalanced average). For example,
in early years when Nagel-Xu is the only available series, we just use this series. When additional series
become available, we take the within-quarter average across available series.
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Figure B.5: VL Expected Cash Flow and Expected Return
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Notes: The figure plots VL’s expected return from t to t + 4 against their expected EPS growth from t to
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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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.
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C Details on Stambaugh Bias Correction

This appendix provides details on the two approaches we use to correct for Stambaugh
(1999) bias.

C.1 Method 1: Nagel and Xu (2023) Approach

We consider the following two predictive regressions for horizon H:

zt+H = αH + βHxt + ηt+H, (B.1)
xt+1 = κ + Φxt + ιt+1. (B.2)

1. We estimate an AR(1) model for the predictor, xt. To correct for the bias in the
AR estimates, we use the approach in Amihud et al. (2008) that relies on the
analytical expressions from Nicholls and Pope (1988). This allows us to obtain the
bias-adjusted coefficients and shocks: κ̃, Φ̃, and {ι̃t}, given by

Φ̃ = Φ̂ +
1 + 3Φ̂

T
+

3(1 + 3Φ̂)

T2 ,

κ̃ = (1 − Φ̃)x̄,

ι̃t = xt − κ̃ − Φ̃xt−1,

where x̄ = T−1 ∑t xt is the sample mean of the predictor.

2. We next estimate the predictive regression in (B.1) with OLS, obtain α̂H, β̂H, residuals
η̂t+H, and the corresponding t-statistic t̂H for β̂H computed using Newey–West
standard errors with bandwidth S = 1.3

√
T.

3. We then construct pseudo-samples by bootstrapping the time-series of residual
vectors (ι̃t, η̂t). We use a stationary block bootstrap, where the optimal block length
is determined as in Politis and White (2004).

4. To compute the bootstrap p-value: For each bootstrap sample i and horizon H, with
bootstrapped residuals, we impose the null of no predictability by generating data
from

znull,i
t+H = z̄ + η̂i

t+H, (B.3)

xi
t+1 = κ̃ + Φ̃xi

t + ι̃it+1. (B.4)

• We then re-run the predictive regression in the sample i and record the t-statistic
ti

H.
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• The {ti
H} are used to obtain the small-sample p-value by comparing with the

sample t-statistic t̂H. The bootstrap p-value is computed as

p̂H =
1
B

B

∑
i=1

1
(
|ti

H| ≥ |t̂H|
)

.

5. To compute the bias-adjusted bootstrap coefficient: For each bootstrap sample j and
horizon H, with bootstrapped residuals, we generate data under the alternative that
βH = β̂H as

zalter,j
t+H = α̂H + β̂Hxj

t + η̂
j
t+H, (B.5)

xj
t+1 = κ̃ + Φ̃xj

t + ι̃
j
t+1. (B.6)

• We then re-run the predictive regression in the sample j and record the coeffi-
cients β̂

j
H.

• From the distribution of bootstrapped coefficients, we estimate the finite-sample
bias as the difference between the mean of bootstrapped coefficients and the
sample OLS estimate:

B̂iasH =
1
B

B

∑
j=1

β̂
j
H − β̂H.

• The bias-adjusted coefficient is

β̄H = β̂H − B̂iasH = 2β̂H − 1
B

B

∑
j=1

β̂
j
H.

where B is the number of bootstrap simulations, set to 5000.

C.2 Method 2: Boudoukh-Israel-Richardson Correction

1. Steps 1–3 are identical to Method 1.

2. To compute the bias-adjusted coefficient: For each horizon H,

• Estimate the AR(1) process for the predictor (eq. (B.2)), obtain the OLS coeffi-
cient Φ̂, residuals ι̂t+1, and compute the variance,

(σ2
ι ) = Var(ι̂t+1).

• Next, estimate the one-period predictive regression (eq. (B.1) with H=1), ob-
tain the OLS residuals η̂t+1, and compute the contemporaneous innovation
covariance

(σηι) = Cov(η̂t+1, ι̂t+1).
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• Estimate the biased coefficients β̂ols
H from the H-horizon regression:

zt→t+H = αH + βHxt + ηt+H.

• Compute the bias following the formula in Boudoukh et al. (2022):

B̂ias
BIR
H = − 1

T

[
H(1 + Φ̂) + 2Φ̂

(
1 − (Φ̂)H

1 − Φ̂

)]
(σηι)

(σ2
ι )

.

• Compute the bias-adjusted coefficient: β̄BIR
H = (β̂ols

H )− B̂ias
BIR
H .

3. To compute the bootstrap p-value: For each bootstrap sample j and horizon H, with
bootstrapped residuals, impose the null of no predictability by generating data as

znull,j
t+H = z̄ + η̂

j
t+H, (B.7)

xj
t+1 = κ̃ + Φ̃xj

t + ι̃
j
t+1. (B.8)

• We then re-run the predictive regression on the resulting pseudo-sample and
record the t-statistic tj

H.

• The small-sample p-value under the null is obtained by comparing the bootstrap
distribution of {tj

H} with the sample t-statistic t̂H. Formally, the bootstrap p-
value is computed as

p̂H =
1
B

B

∑
j=1

1
(
|tj

H| ≥ |t̂H|
)

.

where B denotes the number of bootstrap replications.
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D Data Appendix

D.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 B3 and
B4 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 the Amazon Web Services
Textract OCR engine to obtain the JSON file with block objects containing all the strings
and coordinates that 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.

D.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.

D.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 300-500 firms.
Coverage rises to about 1000 firms in the mid-1960s and 1500-1600 by the mid-1970s.
Figure B2 shows that VL firms account for 80% or more of the total CRSP market cap in
most years after 1960.
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Figure B1: Value Line Forecasts: Number of Firms by Year
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Notes: This figure shows the number of unique firms covered in Value Line in the first quarter of each year.

Figure B2: Value Line Forecasts: Total Market Capitalization Relative to CRSP and S&P500 Universe by
Year
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Notes: This figure shows the total market capitalization of firms covered in Value Line in the first quarter of
each year, relative to the total market capitalization of (i) firms in the CRSP universe and (ii) constituents of
the S&P 500. The S&P 500 was started in 1957, so this ratio is missing for 1956.
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Figure B3: Example of Value Line Original Data: General Motors, 1956
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Figure B4: Example of Value Line Original Data: General Motors, 1975
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