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Abstract

We show that the magnitude of the value premium over 1968-2018 is conditional on aggregate

market-wide misvaluation. The value premium is 3.42% per month following market-wide under-

valuation, 1.70% per month following market-wide overvaluation, and close to being nonexistent

following periods in which the aggregate market is neither significantly over- or undervalued. Going

from normal valuation states to market-wide overvaluation (undervaluation), the increase in the

value premium is due primarily to the poor (good) performance of growth (value) stocks. We show

theoretically that these facts can be reconciled in a model in which some investors overextrapolate

the past performance of stocks. In our model, extrapolators’ demand for value and growth stocks

depends not only on the relative performance of these stocks but also on the overall performance of

the stock market, which causes investors with extrapolative beliefs to move capital in and out of the

equity market. This extrapolative asset-class switching behavior helps explain both the condition-

ality of the value premium and the drivers of the premium in different market-wide misvaluation

states.
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University, and University of Illinois at Chicago. We are responsible for any remaining errors.



1 Introduction

Ample evidence suggests that valuation ratios predict stock returns. At the aggregate level, existing

literature has documented that price-scaled variables (B/M, E/P, CF/P) predict subsequent stock

market returns. In the cross section, the value premium, i.e., the fact that stocks with relatively high

fundamental-to-price ratios (value stocks) have higher expected returns than stocks with relatively

low fundamental-to-price ratios (growth stocks), is one of the most popular empirical regularities.1

In this paper, we present striking new evidence on the value premium. We show that the prof-

itability of the value-minus-growth strategy is conditional on market-wide misvaluation. Speci�-

cally, the value premium is signi�cantly higher following periods of extreme market-wide valuation,

with either the long (value) or the short (growth) leg of the strategy playing a bigger role depend-

ing on the nature of market-wide misvaluation. We �nd that signi�cant market-wide overvaluation

states coincide with signi�cant overvaluation of growth stocks, but no extreme misvaluation of

value stocks. Similarly, in states of signi�cant market-wide undervaluation, value stocks are sig-

ni�cantly undervalued, but growth stocks are not. Accordingly, we �nd that the increase in the

value premium following market-wide overvaluation (undervaluation) is mainly due to the worsen-

ing (improving) performance of growth (value) stocks compared to normal market-wide valuation

states.2 Furthermore, following periods of normal market-wide valuations, the value premium is

considerably smaller. For example, in the month following normal valuation states the value pre-

mium is not signi�cantly di�erent from zero, while it is 3.42% and 1.70% following undervaluation

and overvaluation, respectively.3

We argue that both time-series predictability by price-scaled variables and these striking new

facts about the time variation in the value premium can arise in an economy in which agents

overextrapolate the past returns of risky assets. At the aggregate level, recent work in behavioral

�nance already ties the predictive ability of price-scaled variables and its time-series variation to the

presence of extrapolators in the market (e.g., Barberis et al (2015), Cassella and Gulen (2018)).4

We argue and show that over-extrapolation drives not only the time-series predictability of the

aggregate market return, but it also has a direct e�ect on the magnitude of and the time-series

1For predictability at the aggregate level, see Fama and French (1988), Campbell and Shiller (1988), Cochrane
(1992, 2008, 2011) for dividend-to-price (D/P), Lewellen (2004) for book-to-market (B/M), and Campbell and Shiller
(1988) for earnings-to-price (E/P). Numerous studies have also documented that there is a positive cross-sectional
relation between average stock returns and book-to-market, cash-ow-to-price, and earnings-to-price ratios. See,
for example, Stattman (1980), Rosenberg, Reid, and Lanstein (1985), Basu (1983), Chan, Hamao, and Lakonishok
(1991), Fama and French (1992), among others.

2Throughout the paper, \normal market-wide valuation states" or \normal valuation states" refers to states in
which the market is neither signi�cantly overvalued nor signi�cantly undervalued.

3Furthermore, for value-weighted returns, the entire value premium is driven by periods following market-wide
misvaluation states.

4The idea that investors have extrapolative beliefs has existed for a long time. Under extrapolative beliefs, people's
expectation of the future return of an asset is a weighted average of the past returns of the asset. Initial research
on the topic includes Cutler, Poterba, and Summers (1990), Frankel and Froot (1990), De Long et al (1990a), Hong
and Stein (1999), and Barberis and Shleifer (2003). More recent studies on the topic include Barberis et al (2015,
2018), Glaeser and Nathanson (2017), Cassella and Gulen (2019), DeFusco, Nathanson, and Zwick (2021), Jin and
Sui (2021), and Lou and Polk (2021).
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variation in the pro�tability of the value premium, which is a cross-sectional phenomenon.

To formalize our argument, we set up a stylized model of �nancial markets with extrapolators

that builds on Barberis and Shleifer (2003). The intuition of our model is simple. When stocks,

on average, go up in response to positive cash-ow news, extrapolative demand for equities goes

up, either because new extrapolators enter the stock market or because existing extrapolators

move capital into stocks either from other risky assets such as bonds and real estate, or cash. As

extrapolators are drawn into the market, they not only amplify the initial price jump of equities at

large (causing overvaluation and eventual poor performance of the market as in Barberis et al (2015)

and Cassella and Gulen (2018)), but furthermore, they invest more in stocks with relatively more

positive cash-ow shocks and higher returns. This extrapolative demand based on asset allocation

is in addition to the extrapolative demand for better-performing stocks emanating from within-

equity switchers who direct more capital to recent winners by shorting stocks with poor recent

performance. As a result of the additional extrapolative demand for better-performing stocks, such

stocks become signi�cantly overvalued. These stocks will have a signi�cantly high price relative to

fundamental value and are more likely to be classi�ed as growth stocks at portfolio formation. The

subsequent correction of this overvaluation results in the cross-sectional value premium, i.e., the

return spread between value and growth stocks.

Similarly, following periods in which stocks, on average, experience negative cash-ow shocks

and average returns are low, extrapolators move capital out of stocks and do so by disproportion-

ately selling poor-performing stocks. This is in addition to the shorting behavior of within-equity

switchers towards these stocks. As a result, such stocks become signi�cantly undervalued. These

stocks will have a signi�cantly low price relative to fundamental value and are more likely to be

classi�ed as value stocks at portfolio formation. The cross-sectional value premium is realized when

these stocks rebound from being undervalued. The impact of extrapolative capital ows in and out

of the stock market on cross-sectional predictability has been overlooked in the previous literature,

and our paper �lls this gap.

Our model introduces several new predictions on the value premium. First, the model suggests

that the value premium is larger following extreme market-wide over- or undervaluation. This is be-

cause growth stocks become signi�cantly overvalued leading up to market-wide overvaluation states,

whereas value stocks become signi�cantly undervalued leading up to market-wide undervaluation.

Second, our model predicts that the cross-sectional value premium should largely stem from the

poor performance of growth stocks following periods of signi�cant market-wide overvaluation and

the good performance of value stocks following periods of signi�cant market-wide undervaluation.

Finally, our model implies that the value premium emanates from investors (over)extrapolating the

recent performance of equities both at the aggregate level and in the cross section.

Testing the predictions of our model requires a measure of market-wide misvaluation. We

construct such a measure that is implementable in real-time and does not have a look-ahead bias.

Since, in our model, the valuation ratio of the market is the equally-weighted average of B/M ratios

of all stocks, we use the cross-sectional average of the B/M ratios of all stocks as a measure of market-
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wide valuation.5 To measure the degree of market-widemisvaluation, we need a benchmark for the

fair value of stocks on average. To this end, we use the long-run historical (time-series) distribution

of the cross-sectional average of �rm-level B/M ratios as the valuation benchmark. This is based on

the idea that the long-run average of market-wide B/M ratios represents the mean value to which

market-wide B/M ratios revert and the premise that the historical distribution of the market-wide

B/M ratio represents a data-driven proxy of the long-run distribution of the market valuation.

Using this approach, we develop a measure of market-wide misvaluation which compares the

current cross-sectional average B/M ratio to the historical distribution of the cross-sectional aver-

age B/M ratios. 6 The periods in which the market-wide B/M ratio is in the tails of the bench-

mark distribution signal signi�cant market-wide misvaluation. For example, states in which the

cross-sectional average B/M is above (below) the 90th (10th ) percentile of its long-run historical

distribution represent cases when stocks are signi�cantly undervalued (overvalued) compared to the

benchmark distribution. We refer to this measure asRMV , a shorthand for \relative market-wide

valuation". It is based on the position of the cross-sectional average B/M ratio relative to the

historical benchmark distribution (i.e., the historical long-run mean). 7

Using RMV , we test the main predictions of our model. We show that, over the period from

1968 to 2018, the pro�tability of the standard value-minus-growth strategy is conditional on the

degree of market-wide misvaluation. For example, we �nd that following states in which the cross-

sectional average B/M is above the 90th percentile of its long-run historical distribution (i.e., when

the market is signi�cantly undervalued), the value premium is 3.42% per month with a t-statistic

of 4.15 in the subsequent month. Similarly, when the average B/M is below the 10th percentile

of its historical distribution (i.e., the market is signi�cantly overvalued), the value premium is a

highly signi�cant 1.70% per month. More importantly, we show that in the month following periods

in which the aggregate B/M ratio is not in the tails of its historical benchmark distribution, the

value premium is small and not statistically signi�cant. 8 We observe similar patterns for a holding

period of one year. For example, the value premium is 1.22% and 2.80% per-month following

market-wide over- and undervaluation (using 10th and 90th percentiles), respectively. Following

periods of no signi�cant market-wide misvaluation, the average value premium drops to 0.60% per

5Going forward, when we say market-wide or aggregate B/M ratio we mean the cross-sectional average of �rm-
level B/M ratios. Also, in the rest of the paper, we present results based on B/M for brevity. We obtain similar
results, reported in the Internet Appendix, when we use other price-scaled variables such as earnings-to-price (E/P)
or cash-ow-to-price (CF/P).

6More speci�cally, for each month t we use the previous 10 years of the time series of aggregate B/M ratios as the
benchmark historical distribution of market-wide valuations. This gives us 120 monthly average B/M ratios for the
benchmark B/M distribution measured over [ t � 120; t � 1]. The current market-wide B/M ratio is then compared to
its historical benchmark to determine whether there is market-wide over- or undervaluation. Since we rely on the idea
that market-wide B/M ratios revert to the mean in the long run, any signi�cant deviation of the current market-wide
B/M ratio from its historical benchmark would suggest over- or undervaluation. We obtain similar results when we
use a 20-year rolling window for the benchmark distribution.

7 In the Internet Appendix, we present results based on an alternative measure that identi�es extreme misvaluation
states by comparing the entire recent cross section of B/M ratios to the benchmark panel distribution using a non-
parametric Mann-Whitney z-statistic. Results are qualitatively similar when we use this alternative measure.

8For example, in 60% (80%) of our sample in which there is no signi�cant market-wide misvaluation, the value
premium is -0.01% (0.28%) with t-statistics of -0.03 (1.01) in the month following portfolio formation.
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month over the same investment horizon.9 Overall, these results suggest that the value premium

mainly emanates from periods in which the most recent cross-section of B/M ratios has shifted

signi�cantly in either direction relative to the benchmark distribution. These results are consistent

with the key prediction of our model.

We also �nd strong support for the second prediction of the model, namely that the larger

value premium following extreme market-wide misvaluation is driven by di�erent legs of the value

strategy depending on the type of misvaluation in the market. Speci�cally, we �nd that in the year

following market-wide overvaluation, the value premium is mainly driven by the poor performance

of growth stocks. For example, of the 1.22% monthly spread following periods of overvaluation,

0.83% comes from the underperformance of growth stocks relative to the median decile, and 0.39%

comes from the overperformance of value stocks relative to the median decile. Similarly, in the year

following market-wide undervaluation, the value premium is mainly driven by the good performance

of value stocks. For example, of the 2.80% monthly spread following periods of undervaluation,

1.94% comes from the overperformance of value stocks relative to the median decile, and 0.86%

comes from the underperformance of growth stocks.10 A similar asymmetry is evident in Jensen's

alphas. Following overvaluation periods, the monthly alpha of growth stocks is -0.79% compared

to the alpha of value stocks which is 0.42%. Similarly, following periods of undervaluation, the

monthly alpha of value stocks is 3.18% compared to 0.19% for growth stocks. Finally, consistent

with our post-portfolio formation return evidence, we document that in periods of market-wide

overvaluation, growth stocks become signi�cantly overvalued relative to the historical benchmark

of stock-level valuation ratios. Similarly, in periods of market-wide undervaluation, value stocks

become signi�cantly undervalued. Thus, the observed asymmetry in the drivers of the value pre-

mium following signi�cant market-wide misvaluation is mainly driven by the price corrections of

the signi�cantly-misvalued legs of the value strategy.

Next, we provide evidence consistent with the theoretical mechanism of the model. Our main

premise is that when stocks on average receive good cash-ow news, the magnitude of such news

is disproportionately higher for growth stocks, pushing their returns higher. This, in turn, attracts

extrapolators disproportionately more to growth stocks, causing them to be signi�cantly overvalued

when the market is classi�ed as overvalued.11 To this end, we show that, compared to value

stocks, growth stocks experience signi�cantly higher cash-ow shocks (as measured by standardized

unexpected earnings) during the year leading up to signi�cant market-wide overvaluation and end

up being signi�cantly overvalued. Similarly, consistent with our setting, we �nd that value stocks

have signi�cantly more negative cash-ow shocks than growth stocks in the year leading up to

market-wide undervaluation.
9The existence of a value premium, albeit small, over the year following periods of no signi�cant market-wide

misvaluation suggests that cross-sectional demand shifts contribute to the value premium.
10 In contrast, following periods of normal valuation, value and growth stocks contribute almost equally to the value

premium. For example, value (growth) stocks earn 0.21% (0.39%) higher (lower) return than the stocks in the middle
B/M decile. This symmetry is consistent with our framework in which within-equity demand shifts explain the value
premium in normal valuation periods.

11 These stocks have a high price relative to fundamentals at portfolio formation, hence a growth classi�cation.
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Another premise of our model is that extrapolative capital ows into equities leading up to

signi�cant market-wide overvaluation and out of equities leading up to undervaluation. Using data

on mutual fund ows from the Investment Company Institute (ICI), we show that there are large

capital ows into (outows from) equities leading up to market-wide overvaluation (undervaluation).

This �nding is consistent with our conjecture that investors (asset-class switchers) move in and out

of the market, leading up to signi�cant market-wide misvaluation.

To assess the extent to which the results mentioned above are driven by return extrapolation,

the main behavioral argument in our model, we conduct a battery of tests. We �rst use a survey-

based proxy for investors' extrapolative expectations about future stock market returns. This proxy

allows us to identify periods characterized by signi�cantly high or low extrapolative expectations

about future market returns. Using this proxy, we show that growth stocks experience large positive

returns in periods leading up to market-wide overvaluation, especially when investors' expectations

about the future market return are also high. Similarly, value stocks experience large negative

returns in periods leading up to market-wide undervaluation when investors' expectations about

the future market return are low. Accordingly, the value premium and the associated asymmetry in

the drivers of the premium are stronger when extreme misvaluation states are characterized by more

extreme extrapolative beliefs. In summary, using extrapolative beliefs from survey data, we show

that the signi�cant reversal in performance for growth stocks following market-wide overvaluation

and value stocks following market-wide undervaluation is more pronounced when investors have

(over)extrapolative expectations.

Next, we present more direct evidence in support of the extrapolation channel using investor

return expectations in a cross section of U.S. stocks. In particular, following Da, Huang, and

Jin (2021), we use data from an online crowdsourcing platform called Forcerank, which organizes

weekly contests where individuals are asked to rank stocks based on their expectations of returns

over the following week. The ranking of stocks by the participants in the contests allows us to

quantify expectations on the relative performance of value and growth stocks. Consistent with the

return extrapolation explanation, we show that investors (over)extrapolate the good performance

of growth stocks leading up to market-wide overvaluation, both relative to value stocks and relative

to growth stocks leading up to normal valuation periods.

We �nd similar results when we infer expectations about individual stock returns from revisions

in price targets by security analysts. We show that leading up to market-wide misvaluation, price

target revisions are positively and signi�cantly related to lagged stock returns. More importantly,

consistent with the predictions of our model, this dependence is stronger for growth stocks leading

up to market-wide overvaluation and for value stocks leading up to market-wide undervaluation.

We present further evidence on return extrapolation by investigating the dependence of order

imbalance for value and growth stocks on past returns leading up to di�erent market-wide valuation

states. We �nd that periods leading up to market-wide overvaluation are associated with strong

buying demand for growth stocks that depends signi�cantly on lagged returns. Similarly, leading

up to market-wide undervaluation, the selling demand for value stocks is signi�cantly related to
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the poor past performance of these stocks.

Finally, we test whether two alternative explanations can account for our main �ndings. First,

we examine whether measures of fundamental extrapolation exhibit similar behavior to the mea-

sures of return extrapolation.12 Namely, for value and growth stocks and in periods leading up to

market-wide misvaluation, we look at the dependence of analysts' earnings forecast revisions on

past earnings growth and the dependence of order imbalance on past growth in �rm-level return-

on-equity. We show that fundamental extrapolation alone is less likely to capture the documented

pattern in the value premium. Second, we test whether the conditional behavior of the value pre-

mium is consistent with a risk story, using conditional CAPM tests.13 We �nd that the spread in

betas between value and growth stocks is too small to generate the size of the value premium that

we document. For example, following states of signi�cant market-wide undervaluation, the spread

in CAPM betas between value and growth stocks is 0.63. To explain the average monthly value

premium that we document following such states, the subsequent realized equity risk premium

must be unrealistically large. Following states of signi�cant overvaluation, explaining the value

premium with conditional betas is even more challenging, as the beta spread between value and

growth stocks is -0.14.

Our paper contributes to the growing literature on the role of (over)extrapolative expectations in

time-series and cross-sectional predictability. Prior theoretical work on cross-sectional predictability

and extrapolative beliefs (i.e., Barberis and Shleifer (2003)) suggests that the value premium can

emanate from within-equity demand shifts driven by di�erences in relative stock performance. In

such a framework, the value-minus-growth anomaly exists every period, and the overvaluation of

growth stocks and undervaluation of value stocks contribute equally to the pro�tability of the value

strategy (i.e., the extra demand for growth stocks comes from reduced demand for value stocks,

resulting in a symmetric move in value and growth stocks' valuations).

However, time-series data show that the relative contribution of value and growth stock returns

to the value premium is highly asymmetric. In Figure 1, we calculate the di�erence in 12-month

average returns between the mid book-to-market decile and growth stocks, and the di�erence

in 12-month average returns between value stocks and the mid book-to-market decile. We plot

the log ratio of the two return di�erentials. If value and growth stocks' return movements after

portfolio formation contribute equally to the value premium, we expect this log ratio to be equal

to 0. Panel A of Figure 1 shows that there are extended periods of time in which value stocks

generate the lion's share of the value premium (plot below 0) and periods in which growth stocks

are a more important contributor to the value premium (plot above 0). The asymmetric and

12 Fundamental extrapolation reects the tendency of investors to extrapolate past �rm fundamentals when fore-
casting future fundamentals.

13 Petkova and Zhang (2005) show that the risk of growth stocks is higher than the risk of value stocks in good
times. As good times represent periods of decreasing marginal utility and declining risk premia, subsequent market
returns are lower, and high-beta stocks (growth stocks) do worse than low-beta stocks (value stocks), thus generating
a value premium. Similarly, in bad times, value stocks are high-beta stocks compared to growth stocks. As marginal
utility rises during economic downturns and investors command a higher premium to hold risky stocks, bad times
are followed by higher returns in the future, particularly so for high-beta stocks (value stocks) than low-beta stocks
(growth stocks).
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time-varying role of value and growth stocks in the realized value premium is di�cult to reconcile

with within-equity theories of extrapolation. However, this asymmetry can arise naturally in a

richer theoretical framework that not only accounts for irrational demand for value and growth

stocks within an equity universe but also accommodates variation in aggregate extrapolative capital

ows in and out of the equity market. This is evident in Panel B of Figure 1, which shows

that the relative contribution of value and growth stocks to the value strategy is in line with

the framework developed in our model (i.e., growth stocks contribute more to the value premium

following market-wide overvaluation, as measured byRMV , while value stocks contribute more

following market-wide undervaluation). Previous theoretical work does not consider the role played

by aggregate extrapolative demand for equities in explaining cross-sectional predictability. We show

that variation in aggregate extrapolative demand for equities is important in capturing variation

in the value premium.

Our paper also contributes to a growing literature on the timing of cross-sectional portfolio

returns (e.g., Cooper, Gutierrez, and Hameed (2004), Ali, Daniel, and Hirshleifer (2017), Lou

and Polk (2021)). The majority of previous studies on the timing of the value premium have

examined variation in the pro�tability of value investing in relation to the spread in valuation

between value and growth portfolios, i.e., the value spread (Asness et al (2000), Cohen, Polk, and

Vuolteenaho (2003), Asness et al (2021), Baba Yara, Boons, and Tamoni (2021)). We di�er from

these studies both empirically and conceptually. From an empirical standpoint, we show that even

after controlling for the value spread used in Cohen, Polk, and Vuolteenaho (2003), as well as

other variables, the degree of market-wide misvaluation continues to display signi�cant predictive

power for the value strategy. Conceptually, we di�er from previous papers since we show that

both asset-class and within-equity switching behavior due to extrapolative beliefs help explain the

value premium. In addition, our theory implies that there is an asymmetry in the sources of the

value premium in good and bad times: the value premium largely emanates from either signi�cant

overvaluation of growth stocks following market-wide overvaluation or signi�cant undervaluation

of value stocks following market-wide undervaluation.

Finally, we contribute to the debate on whether the value premium is due to risk or mispricing.

Ever since the value premium was included as part of an asset-pricing model by Fama and French

(1993), abundant research debating the sources of the premium has emerged. While some argue that

the di�erence in returns between value and growth stocks reects compensation for risk,14 others

argue that the value e�ect is a result of mispricing.15 We document that the value premium is

14 For example, Fama and French (1993) link the value premium to distress risk, Lettau and Wachter (2007) o�er
an explanation based on cash-ow duration, Campbell, Polk, and Vuolteenaho (2010) show that growth stocks have
high betas with the market discount-rate shocks, while value stocks have high betas with the market cash-ow
shocks, Hansen, Heaton, and Li (2008) explain the value premium based on the covariance of cash-ow growth
with consumption in the long run, Koijen, Lustig, and Van Nieuwerburgh (2017) argue that the value premium
reects compensation for macroeconomic risk, Zhang (2005) o�ers an explanation based on costly reversibility and a
countercyclical price of risk.

15 According to mispricing-based explanations for the value e�ect, the book-to-market ratio reects systematically
optimistic and pessimistic performance expectations for growth and value stocks, respectively. Under this view, the
value premium captures price corrections arising from the reversal of these expectation errors. See, for example,
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only evident following extreme valuation periods. This cannot be easily reconciled with traditional

risk-based stories. We argue and provide further evidence that the value premium is more likely

related to errors in investor expectations.

2 Theoretical Framework

In this section, we present a stylized model of �nancial markets with return extrapolators. The

goal of the model is to investigate the joint dynamics of market prices and individual asset prices

in the cross section when extrapolation leads to both overall demand for equities and within-equity

demand for value and growth stocks.

To develop our model, we follow Barberis and Shleifer (2003) who examine an economy popu-

lated by extrapolators who form expectations based on past returns. We consider an economy with

T periods, 2 asset classes, 2n risky assets in �xed supply, and a risk-free asset with zero net return

in perfectly elastic supply. Each risky asseti is a claim to a liquidating dividend D i;T to be paid

at the �nal date T. The �nal dividend is:

D i;T = D i; 0 + � i; 1 + ::: + � i;T ; (1)

where D i; 0 and � i;t are announced at time 0 and timet, respectively, and where

� t = ( � 1;t ; :::; � 2n;t )0 � N (0; � D ), i.i.d. over time. (2)

There are three types of investors in the model: within-equity switchers (denoted asSS in the sub-

sequent equations), asset-class switchers (AS), and fundamental traders. Within-equity switchers

categorize risky assets into two groups, referred to asX and Y . Each risky asset group consists of

n individual assets. We denote the price of stocks in each group, as well as the price of the market

portfolio (an equal-weighted average of all risky assets) asPX;t , PY;t , and PM;t , respectively, where

PX;t =
1
n

X

i 2 X

Pi;t ; PY;t =
1
n

X

j 2 Y

Pj;t ; PM;t =
1

2n

X

l2 XorY

Pl;t : (3)

The returns of stocks in group X, group Y, and the market between timet � 1 and t are

� PX;t = PX;t � PX;t � 1; � PY;t = PY;t � PY;t� 1; � PM;t = PM;t � PM;t � 1: (4)

We assume that the covariance matrix of cash-ow shocks has the same structure as in the model

of Barberis and Shleifer (2003), so that

� D
ij =

8
>>><

>>>:

1 i = j ,

 2
M +  2

S i ,j in the same stock group,i 6= j ,

 2
M i ,j in di�erent stock groups.

(5)

Within-equity switchers allocate between groupsX and Y based on the relative past performance

Lakonishok, Shleifer, and Vishny (1994).
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of stocks in these groups.16 Speci�cally, within-equity extrapolators' demand for stocks in groups

X and Y is summarized by the following equations:

N SS
i;t =

1
n

t � 1X

k=1

� k� 1(� PX;t � k � � PY;t� k ) =
N SS

X;t

n
; i 2 X (6)

N SS
j;t =

1
n

t � 1X

k=1

� k� 1(� PY;t� k � � PX;t � k ) =
N SS

Y;t

n
; j 2 Y (7)

where � is a constant with 0 < � < 1, which measures the weight within-equity switchers assign

to recent versus distant stock performance when comparingX and Y . Within-equity switchers

demand the same number of shares for groupsX and Y but with opposite signs.

Our model di�ers from Barberis and Shleifer (2003) by introducing an additional type of ex-

trapolators, referred to as asset-class switchers. These investors allocate capital between equities

(i.e., the market) and cash based on past market returns. We assume that asset-class switchers

have CARA preferences, and their demand for risky assets is derived by solving

Max
N AS

M;t

E AS
t [� e�  (W AS

t + N AS
M;t ( ~PM;t +1 � PM;t )) ]; (8)

where PM;t is de�ned in Eq.(3). If conditional market price changes follow a Normal distribution,

the optimal holding in risky assets for asset-class switchers,N AS
M;t , is given by

N AS
M;t =

1


� V arAS
t (� PM;t +1 ) � 1E AS

t [� PM;t +1 ]: (9)

We assume that asset-class switchers put the same weight of� on more recent past returns as

within-equity switchers. More speci�cally,

E AS
t (� PM;t +1 ) = �E AS

t� 1(� PM;t ) + (1 � � )� PM;t � 1; (10)

which implies

E AS
t (� PM;t +1 ) = (1 � � )

t � 1X

k=1

� k� 1� PM;t � k : (11)

Combining Eq.(9) and Eq.(11), and dropping the non-stochastic terms for simplicity, we can write

asset-class switchers' demand for risky assets as an increasing function of the past performance of

the market:

N AS
M;t =

t � 1X

k=1

� k� 1� PM;t � k : (12)

where � PM;t � k is the market return k periods ago.

An important feature of asset-class switchers that we introduce in the model is that when

these investors increase (decrease) their exposure to risky assets, they do so unevenly across stocks.

Namely, when asset-class switchers increase their demand for equities, this demand is directed

16 These investors' demand for stocks in the cross section is similar in spirit to the style-switchers' demand in
Barberis and Shleifer (2003). In our case, groupsX and Y are stocks that experienced positive or negative cash-ow
shocks in the recent past.
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mainly to the better-performing stocks in the market. Without loss of generality, we assume that

stocks in groupX ful�ll this criterion. Conversely, when asset-class switchers reduce their demand

for equities, they divest more aggressively from stocks that have done especially poorly recently.

We assume that stocks in groupY ful�ll this criterion. Overall, asset-class switchers' demand for

stocks in X and Y is state-contingent and can be summarized as follows:

N AS
i;t =

8
<

:
2N AS

M;t if N AS
M;t > 0

0 if N AS
M;t � 0:

; i 2 X (13) N AS
j;t =

8
<

:
0 if N AS

M;t > 0

2N AS
M;t if N AS

M;t � 0:
j 2 Y (14)

Combining within-equity and asset-class switchers' demand, total share demand from extrapolators,

N E
t , is given by:

N E
t = N SS

t + N AS
t ; (15)

where N SS
t = ( N SS

1;t ; :::; N SS
2n;t ) and N AS

t = ( N AS
1;t ; :::; N AS

2n;t ). Thus, the additional demand for risky

assets from asset-class switchers has an amplifying e�ect on the demand coming from within-equity

switchers.

The third investor type in our model features fundamental traders, who act as arbitrageurs

and try to prevent the price of risky assets from deviating too far from fundamentals. In contrast

to within-equity and asset-class switchers, fundamental traders do not categorize risky assets into

groups, and their expectations about risky asset returns do not depend on past performance.

Fundamental traders solve

Max
N F

t

E F
t [� e�  (W F

t + N F 0
t ( ~Pt +1 � Pt )) ]; (16)

where

N F
t = ( N F

1;t ; :::; N F
2n;t )0; Pt = ( P1;t ; :::; P2n;t )0: (17)

If conditional price changes have a Normal distribution, then the optimal holdings of fundamental

traders, N F
t , are given by

N F
t =

1


� V arF
t (� Pt+1 ) � 1E F

t [� Pt+1 ]: (18)

As in Barberis and Shleifer (2003), fundamental traders in our model serve as market makers. They

treat the demand from extrapolators as a supply shock. Suppose that the total supply of the 2n

risky assets is given byQ. Then, rearranging Eq.(18) results in

Pt = E F
t (Pt+1 ) � V ar F

t (� Pt+1 )(Q � N E
t ); (19)

where N E
t is de�ned in Eq.(15). The price forecast of fundamental traders is based on their

conditional expectation of the �nal dividend, DT . At time T � 1, we have

E F
T � 1(PT ) = E F

T � 1(DT ) = DT � 1: (20)

Rolling Eq.(19) forward iteratively, and further assuming that V arF
t (� Pt+1 ) = V and E F

t (N E
t+ k ) =
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�N E , results in

Pt = D t � V (Q � N E
t ) � (T � t � 1)V (Q � �N E ): (21)

Dropping the non-stochastic terms, we obtain

Pt = D t + V (N SS
t + N AS

t ); (22)

where Pt is the a 2n� 1 vector of equity prices at time t, V is the variance-covariance matrix

of returns, and  is the fundamental traders' risk-aversion parameter. This equation links price

deviations from the rational benchmark (the dividend D t ) to the combined extrapolative demand

of within-equity and asset-class switchers.

Fundamental traders face limits to arbitrage that prevent them from pushing risky assets'

prices back to fundamentals. Therefore, extrapolators' demand leads to mispricing in the cross

section. We di�er from Barberis and Shleifer (2003) since we allow mispricing to arise not only

as a result of cross-sectional extrapolation but also due to the presence of asset-class switchers.

These investors' contribution to cross-sectional mispricing is twofold. First, in good times, both

asset-class and within-equity switchers ock to the better-performing stocks, making these stocks

even more overvalued than in the absence of asset-class switchers.17 Similarly, in bad times, both

investor types move away from the worst-performing stocks, exacerbating the undervaluation of

these stocks. Second, there is an additional impact of asset-class switchers on cross-sectional asset

prices in that the added (lower) demand for one group of stocks in good (bad) times contributes to

creating larger return di�erences between stocks in groupX and Y . This leads to additional trading

by within-equity extrapolators. To investigate the extent of this feedback e�ect from asset-class

switchers to extrapolation in the cross section, we perform an impulse response analysis.

2.1 Impulse Response Functions

Following Barberis and Shleifer (2003), we set some of the driving parameters in the model to the

following values:  M = 0 :25,  S = 0 :5, � = 0 :95,  = 0 :093, and� � = 3. We assume that the price

covariance matrix has the same structure as the cash-ow covariance matrix �D . We set T = 30,

Q = 0, and n = 50, so that there are 100 risky assets in a zero net supply, of which the �rst 50

belong to group X and the last 50 belong to groupY . At t = 0, the initial price of risky assets

D i; 0 is $50. We examine three cases: a benchmark case in which the aggregate market receives a

zero net cash-ow shock, a case in which the market receives a positive fundamental shock, and

a case in which the market receives a negative shock. In the benchmark case, the only active

extrapolators are within-equity switchers. In the other two cases, asset-class switchers also play a

role. In all scenarios, we assume that stocks in groupX receive better cash-ow shocks than stocks

in Y (i.e., more positive shocks in good times and less negative shocks in bad times). In good

times, this causes prices of stocks inX to increase signi�cantly compared to fundamentals, relative

17 The extrapolative demand from asset-class switchers for good performing stocks is not �nanced by additional
selling or shorting of poor performing stocks. Part of asset-class switchers' capital may even ow to poor-performing
stocks. Overall, this extra ow to equities in general, and more ow to better-performing stocks in particular, results
in asymmetric price movements leading up to market-wide overvaluation states.
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to the stocks in Y , while in bad times, the prices of stocks inY decrease signi�cantly compared to

fundamentals, relative to the stocks in X . Therefore, the stocks inX and Y in the model are the

natural counterparts of growth and value stocks, respectively.

The impulse response functions are obtained from a simulation that follows several steps. We

set the initial value of V to � D . Then for a given randomly-generated shock, we follow Eq.(22)

to calculate the prices of risky assets. This is used to calculate a new price covariance matrix̂V .

Then we useV̂ to calculate a new set of prices for risky assets. We repeat this process until̂V

converges. We can achieve convergence for a wide range of parameter choices.

2.1.1 Benchmark Case

Under this scenario, the aggregate market receives a net zero cash-ow shock. Stocks inX receive

a positive cash-ow shock, while stocks inY receive a negative cash-ow shock att = 1, where

� i; 1 = �; � i;t = 0 ; t > 1; 8i 2 X (23) � j; 1 = � �; � j;t = 0 ; t > 1; 8j 2 Y (24)

and � � 0. In this case, asset-class switchers do not switch between risky assets and cash since

they do not observe price movements at the aggregate market level. As a result of the cash-ow

shocks, stocks inX have higher returns than stocks inY , which leads to within-equity switchers

buying more of the stocks inX and decreasing their holdings of the stocks inY . Figure 2 shows

the evolution of prices for the aggregate market,PM;t , the stocks in X , PX;t , and the stocks in Y ,

PY;t , de�ned in Eq.(3), after a one-time cash-ow shock with � = 1 at t = 1.

In the right panel of Figure 2, the good cash-ow news aboutX pushes its price up to$51 at

t = 1. This attracts within-equity switchers' attention and increases their demand for the stocks in

group X . The presence of within-equity switchers leads to a substantial deviation ofX 's price from

fundamental value. Similarly, the negative cash-ow news pushesY 's price down to $49 at t = 1,

which leads to within-equity switchers moving away from Y and into X . These investors pushY 's

price further down and away from its fundamental value. Since there is no more cash-ow news

afterward, fundamental traders eventually correct prices and bring them back to fundamentals. In

the right panel of Figure 2, in the presence of within-equity switchers alone, price deviations from

fundamentals are symmetric for X and Y . Thus, at the aggregate level, the market price does

not deviate from the fundamental value (left panel). We refer to this as a case of normal market

valuation. Therefore, in the benchmark case, mispricing exists only at the level of the cross section

of stocks, and not at the aggregate market level. The value premium would be realized as the

mispricing is corrected, and both the long and short legs of the strategy contribute equally to the

premium.

2.1.2 Overvalued Market

Under this scenario, the aggregate market receives net positive cash-ow news. To accomplish this,

both groups X and Y receive a one-time shock att = 1, where

� i; 1 = � X ; � i;t = 0 ; t > 1; 8i 2 X (25) � j; 1 = � Y ; � j;t = 0 ; t > 1; 8j 2 Y (26)
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and � X + � Y > 0.

Since risky assets receive, on average, a net positive cash-ow shock,1
2(� X + � Y ), the market

price, PM;t increases by1
2(� X + � Y ), which attracts asset-class switchers and increases their demand

for risky assets. We set� X = 2 :5 and � Y = 0 :5. At the aggregate level, the market price increases

from $50 to $51.5. After observing this, asset-class switchers increase their holdings of risky assets

by investing in the better-performing group X . In the cross section, groupX has a higher return

than group Y as a result of better cash-ow news. Therefore, within-equity switchers buy more of

the stocks in X and decrease their holdings of stocks inY .

Panel A of Figure 3 shows the evolution of prices under this scenario. The left side of the

panel shows that, at the aggregate level, the market price increases to$51.5 at t = 1, leading to

an increase in asset-class switchers' demand for risky assets. They push the market price even

higher and further away from fundamental value. In the absence of any more market-level news,

the asset-class switchers gradually lose interest, and the fundamental traders eventually bring the

market price to its fundamental value. Since, in this case, the market price reaches a level that

exceeds the fundamental value, we refer to this scenario as an overvalued market.

The right side of Panel A of Figure 3 shows price impulse responses in the cross section when

both within-equity and asset-class switchers are present (solid lines) and when only within-equity

switchers are present (dashed lines). The positive cash-ow news aboutX and Y push their prices

up to $52.5 and $50.5, respectively, at t = 1 (dotted lines). The relative outperformance of X

attracts within-equity extrapolators' attention and increases their demand for X . To �nance their

additional demand for X , these investors sell some of their holdings inY . As a result, within-equity

switchers pushY 's price down and away from fundamental value while they driveX 's price even

higher. In the presence of asset-class switchers, their additional demand forX creates an even

higher increase inX 's price, resulting in asymmetric price changes inX relative to Y .

The �gure shows that the asset-class switchers are the main drivers of the asymmetric price

pattern in X and Y . Within-equity switchers sell Y to buy X , which can only create symmetric

price changes, while asset-class switchers use cash to buyX , leading to a much higher price for

X . This novel feature of our model captures the idea that the presence of asset-class switchers

ampli�es the e�ect of within-equity switchers on prices. This ampli�cation e�ect comes from the

within-equity switchers' additional demand for X after observing its price increase. As a result of

the ampli�cation e�ect, when the price of X reverts back to its fundamental value, the price change

is greater than under the benchmark case.

The impulse response functions in Panel A of Figure 3 reveal the �rst implication of our model

for the behavior of the value premium.

Implication 1 : The value premium will be higher following states in which the aggregate market

is overvalued, compared to cases in which the market has its normal valuation. In addition, the

larger the magnitude of overvaluation of the market, a larger correction will be needed for prices

to revert back to fundamentals, and therefore, the larger the magnitude of the value premium.

13



Following an overvalued market, the value premium will be driven mostly by the downward price

correction of overvalued stocks that did well in the recent past (i.e., stocks with signi�cantly higher

prices relative to fundamentals (growth stocks)).

2.1.3 Undervalued Market

In this case, the aggregate market receives net negative cash-ow news. Both groupsX and Y

receive a one-time shock att = 1, where

� i; 1 = � X ; � i;t = 0 ; t > 1; 8i 2 X (27) � j; 1 = � Y ; � j;t = 0 ; t > 1; 8j 2 Y (28)

and � X + � Y < 0.

In this scenario, risky assets receive a net negative cash-ow shock,1
2(� X + � Y ), and the market

price, PM;t , decreases to1
2(� X + � Y ). This induces asset-class switchers to lower their demand

for risky assets. We set� X = � 0:5 and � Y = � 2:5. At the aggregate level, the market price

decreases from$50 to $48.5, prompting asset-class switchers to leave the market by selling the

worse-performing groupY . In the cross section, groupX still receives relatively better cash-ow

news thanY . As a result, within-equity switchers buy more of X and decrease their holdings ofY .

Panel B of Figure 3 shows the evolution of prices under this scenario. The left side of the

panel shows that asset-class switchers observe the decline in the market price att = 1 and decide

to decrease their holdings in risky assets. Their outows cause the market price to decrease even

further, deviating from fundamental value. The right side of the panel shows the results in the

cross section. In contrast to the case of an overvalued market, asset-class switchers sellY , resulting

in a larger magnitude drop in Y 's price than the increase in X 's price. The �gure shows that

asset-class switchers generate a wider price gap betweenX and Y compared to within-equity

switchers. Therefore, in the case of an undervalued market, asset-class switchers amplify within-

equity switchers' demand as well. When the price ofY reverts to fundamental value, the price

change is larger in magnitude than under the benchmark case.

The impulse response functions in Panel B of Figure 3 reveal the second implication of our

model for the behavior of the value premium.

Implication 2 : The value premium will be higher following states in which the aggregate market is

undervalued, compared to cases in which the market experiences its normal valuation. Furthermore,

the larger the magnitude of undervaluation of the market, a larger correction will be needed for

prices to revert to fundamentals, and therefore, the larger the magnitude of the value premium.

Following an undervalued market, the value premium will be driven mostly by the upward price

correction of the worse-performing undervalued stocks (i.e., stocks with signi�cantly lower prices

relative to fundamentals (value stocks)).

2.1.4 Simulation of the Value Premium under Market-Wide Misvaluation

We use simulated data to illustrate the implications of the model numerically. We identify better-

and worse-performing stocks using a price-to-fundamental ratio,P=F. A stock has performed well
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if P=F > 1, while a stock has performed poorly ifP=F < 1. We use the same parameter values as

in Section 2.1. The simulation results are summarized in Table 1, which examines several scenarios

from our model with di�erent levels of market under- or overvaluation.

In Table 1, Market condition indicates whether the market is undervalued, normal, or overval-

ued. Shock to X and Shock to Y show the cash-ow shocks given to groupsX and Y in di�erent

scenarios.Shock to marketis the average ofShock to X and Shock to Y. If Shock to market= 0, we

de�ne that case as a normal market. If Shock to market> 0, we de�ne that case as an overvalued

market. If Shock to market< 0, we have an undervalued market. X price deviation and Y price

deviation are the maximum of the absolute di�erence between price and fundamental value forX

and Y , respectively. X return (%) is calculated as PX;T � PX;t
PX;t

, where t is the time when X 's price

reaches its peak, andT is the terminal date. Y return (%) is calculated asPY;T � PY;t
PY;t

, where t is the

time when Y 's price reaches its bottom, andT is the terminal date. Premium (%) is the di�erence

betweenY return (%) and X return (%) . Time t is the time when the price of X reaches its peak

and the price of Y reaches its bottom.

The results indicate that, in normal times, the premium is 1.02%, emanating from within-equity

switching. The premium is much larger when the aggregate market has deviated from fundamental

value. After the aggregate market receives a shock of$1.5 per share, the value premium is 2.04%.

On the other hand, after the aggregate market receives a shock of -$1.5 per share, the premium is

2.35%. Furthermore, following an overvalued market, the premium mostly results from the relative

underperformance of stocks inX . Following an undervalued market, the premium is mostly driven

by the relative outperformance of stocks inY .

3 Methodology and Results

In this section, we show that the magnitude of the value premium varies conditional on the state of

market-wide valuation. In particular, we show that the value premium is larger following market-

wide over- and undervaluation. Our analysis contains two steps. We �rst construct a measure of

market-wide misvaluation based on B/M ratios. Then, we document the performance of the value

premium following periods of market-wide over- and undervaluation.

3.1 Data

The sample period for our main analysis is January 1968 to December 2018. Monthly stock re-

turns are obtained from the Center for Research on Securities Prices (CRSP). We follow standard

conventions and restrict the analysis to common stocks (Share Codes 10 and 11) of �rms listed in

the U.S. and traded on NYSE, Amex, or Nasdaq. Monthly returns are adjusted for delisting.18 We

exclude stocks with prices less than$1, �nancial �rms, and utility �rms.

The accounting data is from the Standard and Poor's Compustat database. Book equity is cal-

culated as the book value of stockholders' equity, plus balance sheet deferred taxes and investment
18 If the delisting return is missing and the delisting is performance-related, we impute a return of -30% for NYSE

and Amex stocks (Shumway (1997)) and -55% for Nasdaq stocks (Shumway and Warther (1999)).
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tax credit (if available), minus the book value of preferred stock. Depending on availability, we use

redemption, liquidation, or par value (in that order) to estimate the book value of preferred stock.19

We use the shareholders' equity number as reported by Compustat. If this data is not available, we

calculate shareholders' equity as the sum of common and preferred equity. If neither is available,

we de�ne shareholders' equity as the di�erence between total assets and total liabilities. Based on

Asness and Frazzini (2013), we compute book-to-market ratios (B/M) on a monthly basis, where

we use book equity from the last �scal year end and update market value at the end of each month.

Book equity is updated annually, at the end of each June.

3.2 A Measure of Market-wide Misvaluation

We begin by constructing a measure of market-wide valuation based on B/M. The market-wide

B/M ratio is computed as the cross-sectional average of individual stocks' B/M ratios.20 To identify

periods of market-wide under- or overvaluation, we use a data-driven and recursively-updated

approach that does not su�er from a look-ahead bias. Speci�cally, for each montht, we obtain

the past 10 years of the time series of market-wide B/M ratios fromt � 120 to t � 1. We then

�nd the percentile standing of the market-wide B/M ratio at time t in the historical distribution

of market-wide B/M ratios over the last 10 years. We refer to this measure as relative market-

wide valuation, denoted asRMV . The values for the RMV measure are in the interval (0,1).

We use the tails of theRMV variable to identify periods of signi�cant market-wide misvaluation.

For example, if the current market-wide B/M is in the bottom 5% of the historical benchmark

distribution, we denote that as RMV0:05 and designate it as a period of market-wide overvaluation.

If the most recent market-wide B/M is in the top 5% of the historical distribution, we denote that

asRMV0:95 and designate it as a period of market-wide undervaluation.21 Therefore, the subscript

of RMV represents the placement of the most recent market-wide B/M ratio in the recursively

estimated historical benchmark distribution. We de�ne normal times as instances in which the

current market-wide B/M ratio is not in the tails of its historical distribution and denote them as

RMVnormal . In summary, rather than using pre-speci�ed �lters to de�ne misvaluation, we let the

historical data drive the de�nition of market-wide valuation states.

Figure 4 plots the time series ofRMV over the entire sample period, together with NBER

recession periods. Higher (lower) levels ofRMV correspond to market-wide undervaluation (over-

valuation). The �gure shows that our measure of market-wide valuation lines up with historical

periods during which the market has been described as over- and undervalued. For example, the

low values of RMV in the buildup to the Tech Bubble period correspond to states of market

19 Ken French's website states \Because of changes in the treatment of deferred taxes described in FASB 109, �les
produced after August 2016 no longer add Deferred Taxes and Investment Tax Credit to BE for �scal years ending
in 1993 or later." We adjust the calculation for book equity based on FASB 109 after 1993.

20 The market-wide B/M ratio is inversely related to the state of market-wide valuation, i.e., very large (small) B/M
ratios correspond to market-wide undervaluation (overvaluation). When computing the market-wide B/M ratio, we
winsorize at 1% and 99%, and exclude �rms with negative B/M ratios.

21 For robustness, we use the 5th, 10th, 20th, 80th, 90th, and 95th percentiles of the historical distribution of the
market-wide B/M to de�ne the tails of the distribution.
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overvaluation. The gradual increase in the values ofRMV during the recent Great Recession

indicates that the market was undervalued by the end of the recession and subsequently experienced

a correction. It is interesting to note that while the RMV measure tends to spike during NBER

recessions, periods of undervaluation happen during expansions as well. This suggests thatRMV

contains information independent of the business cycle as measured by NBER recessions.

Another potential measure of market-wide misvaluation is the market's P/E ratio, which is

equivalent to the value-weighted average of individual stocks' P/E ratios. We do not use this

measure because: (i) it is dominated by the valuation ratios of a few mega-cap stocks, (ii) contrary

to the equal-weighted average, and probably because of (i), the value-weighted valuation ratio does

not exhibit mean reversion at horizons of up to one year (please refer to Table IA1 in the Internet

Appendix), making it di�cult to come up with a benchmark for normal valuation. 22 Moreover,

since we are measuring the value premium using equal-weighted portfolio returns, using equal

weighting to measure market-wide misvaluation is internally consistent. Nevertheless, when we

use the market's P/E ratio (measured as the value-weighted P/E ratio of individual stocks) and

classify value and growth stocks using P/E sorts, we �nd that the value-weighted value premium is

signi�cant only following states of market-wide misvaluation. As expected, the pattern is weaker

compared to equal-weighted results.

3.3 Value Premium Conditional on Market-Wide Misvaluation

Within the framework of the model in Section 2, RMV can be viewed as a signal which indi-

cates when extrapolators have been active for a while in pushing prices away from fundamental

values. Therefore, we should be able to observe that (i) periods of signi�cant market-wide mis-

valuation are associated with signi�cant misvaluation of growth or value stocks and (ii) signi�cant

price corrections in the data follow extreme market-wide valuations. In this section, we examine

the performance of the value premium conditional on three market-wide states: overvaluation,

undervaluation, and normal times, as measured byRMV .

Table 2 reports monthly equal-weighted portfolio returns for value stocks, growth stocks, and

the value premium following scenarios with di�erent degrees of market-wide misvaluation. The

average returns of these portfolios are reported for one month and 12 months following market-

wide misvaluation. The table also shows the average market-wide B/M ratio in each valuation

scenario and the value spread. The value spread is the di�erence between the natural logarithm of

B/M for value and growth portfolios, and we calculate it following Cohen, Polk, and Vuolteenaho

(2003). The sample period is from 1968 to 2018.

Table 2 shows that, following periods with extreme market-wide overvaluation, the value pre-

mium is large and signi�cant. For example, when the recent average B/M ratio is in the bottom

10% of the benchmark distribution (RMV0:10), the value premium is on average 1.70% per month

during the �rst month after portfolio formation (t-statistic=4.30) and on average 1.22% per month

22 The analysis in Greenwood and Shleifer (2014) suggests that market-wide investor expectations fully mean-revert
at the yearly horizon. Thus, we argue that RMV can be a more appropriate metric within our framework.
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over the 12 months after portfolio formation (t-statistic=4.05). The table shows that as the degree

of market-wide overvaluation increases (RMV going from 0.20 to 0.05), the magnitude of the value

premium increases as well.

Following periods with extreme market-wide undervaluation, the value premium is also large

and signi�cant. For example, for RMV0:90, the value premium is on average 3.42% per month in the

�rst month after portfolio formation (t-statistic=4.15) and on average 2.80% per month over the 12

months after portfolio formation (t-statistic=4.80). As the degree of market-wide undervaluation

increases (RMV going from 0.80 to 0.95), so does the value premium.

Overall, the results in Table 2 reveal that the value premium is larger following periods with

extreme market-wide valuations. This evidence suggests that the unconditional value premium is

largely accounted for by the periods in which market prices deviate signi�cantly from fundamentals.

Table 2 also shows that the value spread in undervalued market states is higher than under

normal valuation states. However, the value spread is lower in market-wide overvaluation states

than it is in normal valuation states. This suggests that the results in Table 2 based onRMV are

distinct from existing results which show that the value spread has predictive power for the value

premium (e.g., Cohen, Polk, and Vuolteenaho (2003)).

It is interesting to note that, following normal valuation levels for the market, the value premium

based on equally-weighted returns is not statistically signi�cant one month after portfolio formation.

The average value premium over the 12 months after portfolio formation is 0.60% and statistically

signi�cant. However, this magnitude is the smallest compared to all other states of market-wide

misvaluation. In the case of using value-weighted portfolio returns (results are reported in Table

IA3 of the Internet Appendix), the value premium is not signi�cantly di�erent from zero following

normal valuation states for one month and 12 months after formation. These results suggest that

the unconditional pro�tability of the value strategy documented previously in the literature is

primarily driven by extreme market-wide misvaluation states. This is in line with arguments that

suggest that the value premium is an artifact of mispricing.

We also examine the valuations of value and growth stocks in di�erent states of market-wide

misvaluation. Our model implies that in states of market-wide overvaluation, growth stocks will be

signi�cantly overpriced, while in states of market-wide undervaluation, value stocks will be signi�-

cantly underpriced. To assess the degree of misvaluation at the stock level, at each point in time,

we use the historical pooled cross-sectional distribution of �rm-level B/M ratios as the valuation

benchmark. Then, in each montht, we examine whether stocks that are currently classi�ed as value

or growth based on a relative cross-sectional sort are under- or overvalued based on the benchmark

historical distribution of valuation ratios. Speci�cally, in each month t, we obtain the breakpoint

ranking of value and growth stocks' valuations relative to the historical benchmark. Table 2 shows

that in states of extreme market-wide overvaluation (RMV0:10), growth stocks' B/M ratios are in

the bottom 10% of the historical benchmark distribution (i.e., all stocks in this portfolio are lo-

cated in the lowest 10.6% tail of the benchmark distribution of stock-level B/M ratios), while value

stocks' B/M ratios are in the top 26% (1-0.737) of the historical benchmark distribution. In states
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of extreme market-wide undervaluation (RMV0:90), growth stocks' B/M ratios are in the bottom

16.3% of the historical benchmark distribution, while value stocks' B/M ratios are in the top 6.3%

(1-0.938) of the historical benchmark distribution. Therefore, when the aggregate market is over-

valued, growth stocks are signi�cantly overvalued, but value stocks' valuations are not extreme

relative to historical standards. Similarly, when the aggregate market is undervalued, value stocks

are signi�cantly undervalued but growth stocks' valuations are not extreme relative to historical

standards. In states of normal market valuation (RMVnormal ), value and growth stocks are not

signi�cantly misvalued according to their benchmark distribution.

Following the asymmetry in value and growth stocks' mispricing in di�erent market-wide valu-

ation states, we expect that the value premium will be driven by di�erent types of stocks following

market-wide under- or overvaluation. In Table 3, we examine the types of stocks that drive the

value premium following di�erent states of market-wide misvaluation. The table reports the average

returns of 10 B/M decile portfolios over the 12 months following di�erent market-wide misvaluation

scenarios. To the extent that Decile 5 represents the performance of the average stock, the value

premium could be examined in the context of value and growth stock return deviations with respect

to the average stock. Results in Table 3 are consistent with the conjecture that the value premium

is driven by the correction of growth stocks' extreme overvaluation following market-wide overval-

uation and value stocks' extreme undervaluation following periods of market-wide undervaluation.

For example, following market-wide overvaluation (RMV0:10), the di�erence between the returns

of growth stocks and those of Decile 5 is 0.83% (-0.28% - 0.55%) per month. On the other hand,

the di�erence between the returns of value stocks and those of Decile 5 is 0.39% (0.94% - 0.55%)

per month. Therefore, growth stocks severely underperform relative to the average stock and drive

the realized return of the value premium (1.22%).

Following market-wide undervaluation (RMV0:90), the di�erence between the returns of value

stocks and those of Decile 5 is 1.94% (3.63% - 1.69%) per month. On the other hand, the di�erence

between the returns of growth stocks and Decile 5 is -0.86% (0.83% - 1.69%) per month. Therefore,

value stocks outperform relative to the average stock and drive the realized return of the value

premium (2.80%).

In Table 4, we report Jensen's alphas for value stocks, growth stocks, and the value premium

following di�erent market-wide misvaluation scenarios. The table shows alphas for one month and

12 months following misvaluation. The results in Table 4 using risk-adjusted returns are similar

to the �ndings in Table 2. For example, following RMV0:10, the next-month alpha of the value

premium is 1.72% (t-statistic=4.60) and the average 12-month alpha is 1.21% (t-statistic=9.09). As

the degree of market-wide overvaluation increases (RMV going from 0.20 to 0.05), the magnitude

of alpha increases as well. Furthermore, followingRMV0:90, the next-month alpha of the value

premium is 3.45% (t-statistic=4.21) and the average 12-month alpha is 2.98% (t-statistic=10.98).

As the degree of market-wide undervaluation increases (RMV going from 0.80 to 0.95), so does the

alpha of the value premium (except in the case of the next-month alpha whenRMV0:90). Table 4

further shows that, following normal times for the market (RMVnormal ), the next-month alpha of
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the value premium is not statistically signi�cant. Following normal times, the average alpha of the

value premium over the next 12 months is 0.54% and statistically signi�cant.

The risk-adjusted returns of the value premium following di�erent RMV levels are also consis-

tent with the proposition that the value premium stems mostly from the price correction of growth

(value) stocks following an overvalued (undervalued) market. For example, in Table 4, the di�erence

between the alpha of value stocks one month afterRMV0:10 and the alpha of value stocks one month

after normal valuation is 0.64% (1.10% vs. 0.46%). For growth stocks, this di�erence is -0.97%

(-0.62% following RMV0:10 vs. 0.35% following normal valuation). The di�erence between 0.64%

and -0.97% based on GMM is statistically signi�cant with a � 2 statistic of 10.84 (p-value=0.0010).

Therefore, relative to normal times, growth stocks' alpha depreciates signi�cantly more than value

stocks' alpha following market overvaluation.

On the other hand, in Table 4, the di�erence between the alpha of value stocks one month

after RMV0:90 and the alpha of value stocks one month after normal valuation is 2.78% (3.24% vs.

0.46%). For growth stocks, this di�erence is -0.55% (-0.20% followingRMV0:90 vs. 0.35% following

normal valuation). The GMM test for the signi�cance of the di�erence between 2.78% and -0.55%

has a � 2 statistic of 8.68 (p-value=0.0032). The results show that value stocks' alpha appreciates

signi�cantly more than growth stocks' alpha following market undervaluation. Similar results hold

for the other values of RMV and for average alpha over the 12 months following misvaluation.

The results so far show that our measure of market-wide misvaluation,RMV , is a signi�cant

predictor of the magnitude of the value premium. Next, we perform a multiple regression analysis

to test whether our results are robust to including other variables that have been shown to predict

the value premium. For example, previous studies examine the pro�tability of value investing

conditional on the spread in valuation multiples between value and growth portfolio, i.e, the value

spread (Cohen, Polk, and Vuolteenaho (2003), Asness et al (2000), Asness et al (2021)). They

�nd that the expected returns of value-minus-growth strategies are higher when the value spread

is wider. The value spread is di�erent from our RMV measure. TheRMV measure captures the

extent to which market-wide valuation shifts relative to the historical benchmark. It distinguishes

periods of under- and overvaluation from normal market-wide valuation periods. In addition,

we control for other potential predictors of the value premium, including market volatility, the

Sentiment Index of Baker and Wurgler (2006), a dummy variable for NBER recessions, the equal-

weighted average of individual B/M ratios, the risk-free rate, the yield spread between the 10-year

and 1-year Treasury bond (TERM spread), the yield spread between the Baa and Aaa corporate

bond (DEF), and the dividend yield of the market portfolio (DIV). 23

Our measure of market-wide misvaluation,RMV , is such that its extremely low or high values

are positively associated with the subsequent value premium. To retain this characteristic ofRMV

in a regression speci�cation, we replace it with a variable called the degree of market misvaluation,

23 We obtain the investor sentiment index from Je�rey Wurgler's website. and the data on bond yield from the
website of the Federal Reserve Bank of St. Louis.
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DOM , as (RMV � 0:5)2 and examine the following speci�cation:

V alue premium t;t + h = b0 + b1 � DOM t + b2 � V alue spreadt + b3 � X t + � t;t + h ; (29)

where the dependent variable is the future h-month value premium,DOM is (RMV � 0:5)2,

V alue spreadis the di�erence between the log B/M of value and growth stocks, andX is a vector

of other control variables.24

Table 5 presents results for horizonsh = 3 ; 6; 12 months. The table shows that the predictive

ability of DOM , which is a function of the magnitude of RMV , for the future pro�tability of

value-minus-growth is economically and statistically signi�cant by itself and also after controlling

for value spread and other variables described above.25 This holds for all return horizons. The

predictive ability of the value spread is sensitive to the inclusion of other control variables. For

example, the value spread is not a signi�cant predictor of the 3-month and 6-month value premium

in the presence of other control variables. Overall, the results in Table 5 suggest thatRMV is

distinct from the value spread and other predictive variables. It contains independent predictive

power for the future performance of the value premium.

3.4 Value Investing Based on Market-Wide Misvaluation

This section complements our earlier �ndings by asking how much an investor would bene�t from

a dynamic value strategy conditional on market-wide misvaluation. The �rst strategy that we

consider, DYNVALUE 1, implements value-minus-growth in a given month ifRMV at the end of the

previous month is either high (RMV0:80) or low (RMV0:20), and holds the 1-month T-bill otherwise.

The second strategy, DYNVALUE2, holds the value-weighted market portfolio (rather than T-bill)

for intermediate RMV values. We quantify bene�ts to the investor by computing mean portfolio

returns, return volatility, and Campbell and Thompson (2008) utility gains. Further details about

the construction of the two strategies are provided in the Internet Appendix.

Figure IA1 in the Internet Appendix shows that an investor who trades the dynamic value

strategies based onRMV signals receives not only higher mean returns but also lower risk. Higher

average returns and lower volatility translate into large utility gains for a hypothetical mean-

variance investor who trades on value conditional on market-wide misvaluation.

4 Mechanism: Empirical Evidence

In this section, we provide evidence in support of the theoretical mechanism and the assumptions

underlying our model. We �rst document the behavior of cash-ow news and capital ows to equities

leading up to market-wide misvaluation. Then we explore the return extrapolation channel in more
24 We measure the deviation of RMV from 0.5 since 0.5 represents states of normal market valuation. We use

squared deviation to better capture the impact of extreme misvaluation periods. We also use an alternative measure
de�ned as jRMV � 0:5j and get similar results.

25 We obtain comparable results when using jRMV � 0:5j to de�ne DOM . For example, in Table 4, using h = 3
and controlling for other variables, the coe�cient of DOM measured by (RMV � 0:5)2 is 11.93 with a t-statistic of
5.32. When we useDOM measured by jRMV � 0:5j, the coe�cient of DOM is 6.04 with a t-statistic of 4.87. Similar
results hold for h = 6 ; 12.
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detail using data on extrapolative beliefs about the aggregate market return and investor return

expectations about individual stocks.

4.1 Cash Flows Leading up to Market-wide Misvaluation

In our model, when the aggregate market experiences good (bad) cash-ow news, this news tends

to be disproportionately concentrated in growth (value) stocks. To investigate whether this as-

sumption is consistent with the data, we use standardized unexpected earnings,SUE, as a proxy

for cash-ow shocks. Following Bernard and Thomas (1989), we compute unexpected earnings as

the di�erence between realized earnings and the median forecast of earnings from I/B/E/S, scaled

by the standard deviation of unexpected earnings estimated over the previous 20 quarters.

We compute the SUE of value and growth portfolios as the medianSUE of stocks within each

portfolio. We then track SUE for value and growth portfolios over the 12 months leading up to

market-wide misvaluation.26 We also track the SUE of Decile 5 (D5) in the set of portfolios sorted

by B/M as a proxy for the SUE of the average stock.

Results are presented in Table 6. Unconditionally, value stocks experience negative earnings

surprises while growth stocks experience positive earnings surprises during the year before portfolio

formation.27 Leading up to market-wide undervaluation, value stocks have more extreme negative

SUE than under normal times and compared to theSUE of the average stock (D5). For example,

going from normal to undervalued times (RMV0:95), the SUE of value stocks goes from -0.11 to

-0.18, while theSUE of the average stock goes from 0.06 to -0.01. Growth stocks keep experiencing

smaller but positive SUE leading up to undervaluation. On the other hand, leading up to signi�cant

market-wide overvaluation, growth stocks have higherSUE than under normal times and compared

to the SUE of the average stock. For example, going from normal to overvalued times (RMV0:05),

the SUE of growth stocks increases from 0.09 to 0.17, while theSUE of D5 increases from 0.06 to

0.11. The SUE of value stocks stays negative, albeit smaller in magnitude.

Overall, the results land support to our model assumption that growth stocks experience large

positive cash-ow shocks leading up to market-wide overvaluation, while value stocks experience

large negative cash-ow shocks leading up to market-wide undervaluation.

4.2 Fund Flows Leading up to Market-Wide Misvaluation

In our model, the existence of asset-class switchers implies that periods leading up to market-wide

overvaluation (undervaluation) are associated with higher inows (outows) to (from) equity. To

investigate whether some investors' demand for stocks is consistent with such asset-class switching,

we use data on fund ows from the Investment Company Institute (ICI). We compute fund ows

to domestic equity and bond funds leading up to market-wide undervaluation, overvaluation, and

normal valuation states.28 To reduce the impact of a few very large monthly ows, we use 6-month
26 The sample period is from 1988 to 2018 due to data availability from I/B/E/S.
27 This is consistent with previous results reported by Fama and French (1995).
28 ICI data on asset-class level ows was made available to us by Azi Ben-Rephael for the period ending in 2015.

We construct domestic equity ows by aggregating dollar ows to �ve equity fund types: growth, aggressive growth,
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cumulative ows and focus on median ows across di�erent market-wide misvaluation states.29

States of market-wide misvaluation at time t are based onRMV . A value of RMV lower than

0.25 indicates market-wide overvaluation, while a value higher than 0.75 indicates market-wide

undervaluation. When RMV is between these two levels, the market has normal valuation.30

On the left side of Figure 5, we plot ows to domestic equity and bond funds in the run-up to

di�erent valuation states over the period from 2000 to 2018. In the right portion of the �gure, we

plot the abnormal component of fund ows leading up to undervaluation or overvaluation states.

The abnormal component of ows is de�ned as the di�erence between fund ows in misvaluation

states and fund ows in normal valuation states. Overall, the inows (outows) into (from) equity

observed in the run-up to market-wide over(under)valuation are consistent with the dynamics of

asset-class switchers' demand in our model.

4.3 Extrapolative Beliefs and the Value Premium

In our model, (over)extrapolative expectations formation is the main behavioral mechanism driv-

ing the value premium. In this section, we provide evidence in support of this channel. We do so

by using four di�erent approaches. First, we extract extrapolative beliefs from survey data which

elicits expectations about future stock market returns.31 Using this data, we show that, consis-

tent with our proposed mechanism, the value premium is particularly strong following states in

which the market is overvalued (undervalued) and aggregate extrapolative beliefs are particularly

optimistic (pessimistic). Second, we study extrapolative expectations in the cross-section of stocks

across states of market misvaluation using data from stock-picking contests collected in an online

crowdsourcing platform, Forcerank. This analysis allows us to investigate whether extrapolative

expectations formation for growth and value stocks is indeed time-varying as in our model.

Third, we test if individual stock return expectations implied from analysts' price target re-

visions are extrapolative toward value and growth stocks and whether this behavior is stronger

leading up to market-wide misvaluation states. Finally, we complement the analysis of beliefs sum-

marized above with an analysis of investor trading behavior. To this end, we use stock-level order

imbalance data to test the extent to which buying/selling demand for value and growth stocks

depends on the past return of these stocks and whether this dependence is stronger leading up to

market-wide misvaluation states.

income&growth, income equity, and sector (e.g., Ben-Rephael, Kandel, and Wohl (2012)). Bond ows are obtained
by aggregating ows to corporate bonds, global bonds, high yield bonds, MBS, national municipal bonds, state
municipal bonds, and strati�ed income bonds. Following prior literature (e.g., Sirri and Tufano (1998)), we calculate
ows as the ratio of dollar ows and lagged total net asset value (TNA). Dollar ows are the sum of \new sales"
minus \redemption" plus \exchanges in" minus \exchanges out", aggregated across fund types whenever applicable.
TNA is the sum of assets under management across the relevant fund categories.

29 Gabaix and Koijen (2021) note that ows are non-stationary. Therefore, we extract the stationary component of
ows by implementing a procedure outlined in Hamilton (2018)

30 Due to the availability of ow data over a shorter window, we use 25 th and 75th percentile of the distribution of
RMV as cut-o� points instead of more extreme cuto�s.

31 In our model, aggregate extrapolative beliefs proxy for asset-class switchers' beliefs about the market.
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4.3.1 Extrapolative Beliefs About the Market Return: Survey-based Evidence

Our model implies that investors become overly optimistic about growth stocks when extrapolative

beliefs about the market are also optimistic, and they become overly pessimistic about value stocks

when beliefs about the market are also pessimistic. To test this prediction we identify states of the

world that are associated with extreme values ofRMV and extreme extrapolative beliefs.

Several recent papers argue that investor extrapolative beliefs can be recovered from survey data

on expectations about the aggregate market return (e.g., Greenwood and Shleifer (2014), Barberis

et al (2015), Cassella and Gulen (2018, 2019)). We follow this work and extract extrapolative beliefs

about market returns from survey data. The data comes from Gallup, the American Association

of Individual Investors (AAII), and the Investor Intelligence (II) survey. Using these three surveys,

we create a long time series of investor expectations.32 We refer to this as SURVEYt . To identify

the variation in investor beliefs about the market return that is driven by extrapolation, we follow

Greenwood and Shleifer (2014) and extract the extrapolative component of SURVEYt by regressing

survey-based expectations on a weighted sum of past stock market returns with exponentially

decaying weights:

SURVEY t = a + b
NX

j =1

wj R(t � j +1) + � t ; wj =
(� )(j � 1)

NP

k=1
(� )(k� 1)

(30)

whereN is equal to 15 andR(t � j ) is the annual return of the market j years in the past. The �tted

value from Eq.(30) is our measure of extrapolative beliefs, denoted asEXPX . The advantage of

EXPX is that it is designed to capture not only the basic notion of a positive relation between

beliefs and past returns but also the tendency of investors to overweight recent returns compared

to more distant ones. This relative weighting is considered a key feature of extrapolation (Barberis

(2018)), and it is an important assumption in our model (see Eq.(11)). It is also consistent with

the structural parameters of extrapolative beliefs formation that characterize extrapolation in the

surveys.

As expected,RMV and EXPX exhibit a negative correlation of -0.60, i.e., when extrapolative

beliefs about the future market return are high, RMV is low, indicating market-wide overvaluation.

The high negative correlation is consistent with the notion that the presence of extrapolators has

an impact on market-wide misvaluation. On the other hand, the lack of perfect correlation between

RMV and EXPX indicates that there are other sources of variation inRMV . Thus, conditioning

on both market-wide misvaluation based on valuation ratios and extrapolative beliefs from surveys

can provide a sharper focus on the extrapolation channel behind the value premium.33

We perform independent sorts based onRMV and EXPX . We split the sample into 3 pe-

32 This time series is obtained as an average of consensus expectations (bullish minus bearish) from Gallup, AAII,
and II, each converted to the quantitative form using a procedure described in Greenwood and Shleifer (2014).
Whenever only a subset of these surveys is available, the available surveys are used to calculate the average.

33 Nagel and Xu (2021) point out that aggregate valuation ratios are much more persistent than extrapolative
beliefs about returns from surveys, indicating that drivers other than return extrapolation can also play a role in
market-wide misvaluation.
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riods according to RMV - overvaluation (RMV0:20), normal (RMVnormal ), and undervaluation

(RMV0:80). Independently, we split the sample into 3 periods based onEXPX - high expecta-

tions (EXPX high , for EXPX being above its full-sample 80th percentile), normal expectations

(EXPX normal , for EXPX being between its full-sample 20th and 80th percentiles), and low ex-

pectations (EXPX low , for EXPX being below its full-sample 20th percentile). Periods leading up

to overvaluation that are also associated with signi�cantly optimistic beliefs are characterized by

RMV0:20 and EXPX high . Similarly, periods leading up to undervaluation with pessimistic beliefs

about the market are characterized byRMV0:80 and EXPX low . Finally, we retain normal RMV

states as the benchmark case.

In Panel A of Table 7, we report the average returns of value and growth stocks over the 12

months leading up to market-wide misvaluation. We speci�cally focus on the periods characterized

by both extreme misvaluation and extreme extrapolative beliefs. The results suggest that growth

stocks have large positive returns leading up to market-wide overvaluation when expectations about

the future market return are extremely high (RMV0:20, EXPX high ). Value stocks have large

negative returns leading up to market-wide undervaluation when expectations about the future

market return are extremely low (RMV0:80, EXPX low ).

To the extent that the pre-formation returns of value and growth stocks in Table 7 are due

to incorrect extrapolative beliefs, we should be able to detect these mistakes in the form of pre-

dictable return dynamics post-formation. Therefore, we track the returns of value and growth

stocks following states of market-wide misvaluation and extreme extrapolative expectations.

In Panels B and C of Table 7, we report the average returns of value and growth stocks one month

and 12 months after states of market-wide misvaluation and extreme extrapolative expectations.

Following overvaluation (RMV0:20, EXPX high ), growth stocks experience a reversal and their

returns become negative. This results in a large value premium. It is interesting to note that the

value premium is larger following these states, as opposed to states that just display overvaluation

based onRMV0:20 (Table 2). For example, following overvaluation as de�ned by RMV0:20 and

EXPX high , the value premium is 1.91% per month one month after formation and 1.71% per month

twelve months after formation. For comparison, following overvaluation as de�ned by RMV0:20

alone, the value premium is 1.49% one month after formation and 1.12% twelve months after

formation. The �nding that the value premium is larger and driven predominantly by growth

stocks when the market is overvalued and investors have extreme extrapolative beliefs provides

strong support for the mechanism of our model.

Moving on to market-wide undervaluation, the value premium is larger following states with

RMV0:80 and EXPX low vs following states with just RMV0:80 (Table 2). For example, following

undervaluation as de�ned by RMV0:80 and EXPX low , the value premium is 3.57% per month

one month after formation and 3.00% per month twelve months after formation. For comparison,

following undervaluation as de�ned by RMV0:80 alone, the value premium is 2.91% one month after

formation and 2.56% twelve months after formation. This evidence is consistent with the conjecture

that extrapolative expectations about the stock market play a role in the conditional behavior of
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the value premium.

Even though our measure of extrapolative beliefs,EXPX , is derived from beliefs about the

stock market return, in this section, we assume that the tendency to extrapolate returns applies

more broadly to di�erent assets that belong to similar investment categories (e.g., individual stocks

vs. a portfolio of stocks). We argue that periods of highEXPX capture not only extrapolative

behavior regarding market returns but also extrapolation of individual stock returns.

4.3.2 Extrapolative Beliefs in the Cross Section: Evidence from Forcerank

Previously, we �nd that the value premium following overvaluation is mainly driven by the declining

returns of growth stocks, while the premium following undervaluation is mainly driven by the

increasing returns of value stocks. To the extent that post-formation returns capture corrections

in (over)extrapolative expectations, we expect to see stronger extrapolation behind growth stock

returns in periods leading up to overvaluation and stronger extrapolation behind value stock returns

in periods leading up to undervaluation.

To examine this possibility, we follow Da, Huang, and Jin (2021) (DHJ), who study expectations

formation in the cross section of U.S. stocks using data from an online crowdsourcing platform called

Forcerank. The platform organizes weekly contests in which individuals are asked to rank 10 stocks

based on their expectations of stock returns over the following week. Stocks that are ranked higher

in terms of future performance are assigned higher scores. Like DHJ, we use stocks' average score

in a contest that ends in weekt as a proxy for investors' consensus expectations at timet about

stock returns over weekt + 1. We refer to the time t consensus expectation of the future return

of stock i as CE it . To analyze investors' extrapolative expectations in the cross section, we adopt

DHJ's extrapolation model, reported below:

CE it =  0 +
11X

s=0

� s � Ri [t � s� 1;t � s] + � it : (31)

In the model, investors form expectations about future 1-week returns based on returns in the 12

weeks prior to expectations formation, up to and including the return in the week in which investors

post their scores to the Forcerank platform.

We focus on contests that refer to the prediction of future returns and contest categories outlined

in DHJ. We ensure that consensus expectations are regressed on returns that investors have observed

prior to submitting their ranking to Forcerank. To this end, we measure consensus expectations

based on forecasts submitted to Forcerank only by those investors who observe stock returns ending

in week t. Since the vast majority of contests begin on Monday morning of weekt + 1, we can then

use calendar trading-week returns in weekst � 11 to t as the right-hand-side variables in Eq.(31).

Whereas DHJ document return extrapolation in the cross section at large, we are interested in

whether return extrapolation can help explain the dependence of the value premium on market-wide

misvaluation. Thus, we estimate Eq.(31) separately for value and growth stocks. We are interested

in comparing the average strength of return extrapolation to the strength of return extrapolation

leading up to market-wide overvaluation. Therefore, we study the magnitude, sign, and signi�cance
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of the � s in Eq.(31) for value and growth stocks in di�erent market valuation states to the extent

allowed by the short sample we have.34

The results of our analysis are in Table 8, which reports estimates of the individual coe�cients

from Eq.(31). First, we report full-sample results for all stocks and separately for value and growth

stocks without conditioning on market valuation. Then we analyze expectations leading up to

market-wide overvaluation. The bottom of the table summarizes the sensitivity of expectations

to past returns by reporting the sum of � s for the most recent four weeks (Month t), for the two

previous months (Month t � 1 and Month t � 2), and for the entire 12-week window (Total ).

The �rst column in Table 8 is consistent with the evidence reported in DHJ. In particular,

return expectations in the cross section are positively related to past stock returns, with a larger

sensitivity of expectations to recent returns as opposed to distant returns. Columns (2) and (3)

show that, on average, the sensitivity of expectations to past returns is larger for growth stocks

than value stocks. This is true for individual coe�cients, as well as the cumulative coe�cients

reported at the bottom of each column.

To investigate the cross-sectional di�erences in extrapolation between value and growth stocks

in periods leading up to market-wide overvaluation, we use consensus expectations for contests

occurring 6 months prior to an overvalued market state. The results are presented in the last three

columns of Table 8. The results are striking and provide strong support for our conjecture that

growth stocks experience stronger return extrapolation leading up to market-wide overvaluation. In

particular, extrapolation among growth stocks, measured as the overall dependence of expectations

on past returns, becomes stronger leading up to overvaluation. The sum of the coe�cients rises

from 14.190 for Growth in the full sample to 21.351 leading up to overvaluation. However, the same

is not true for value stocks, whose sensitivity to past returns declines from 7.204 unconditionally

to 0.898 leading up to overvaluation. The main �nding in Table 8 is that the heterogeneity in

expectations formation between value and growth stocks increases leading up to overvaluation.

The stronger return extrapolation for growth stocks is consistent with extrapolation being the

driving force behind the signi�cant mispricing of growth stocks in the run-up to overvaluation,

ultimately resulting in a stronger subsequent value premium.

To test whether the documented di�erences in extrapolation over time and across value and

growth stocks are statistically signi�cant, we estimate the following linear probability model with

34 The sample period is from February of 2016 to February of 2018, which mostly consists of normal and overvalued
market states as de�ned by RMV . Our de�nition of value and growth is based on a stock's book-to-market ratio
in the month ending prior to week t. Although the sample is large, with about 1000 distinct contests, we note a
strong tilt toward growth stocks. Thus, to guarantee that a su�cient number of stocks fall both in the value and
growth portfolios, we use top and bottom 30% cut-o� points for B/M at the end of week t. Moreover, the short
time span and the variation in market-wide misvaluation that we observe in the sample do not allow us to study
expectations formation leading up to undervaluation. Thus, we only focus on comparing expectations formation in
the cross section in normal times versus months leading up to market-wide overvaluation.
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a triple interaction term:

I (High ) ijst = c � Rjt � I (Stock Typejt ) � I (Overvalt ) + b1 � Rjt + b2 � I (Stock Typejt )

+ b3 � I (Overvalt ) + d1 � Rjt � I (Stock Typejt ) + d2 � Rjt � I (Overvalt )

+ d3 � I (Stock Typejt ) � I (Overvalt ) + � j + � s + � ijst

(32)

where i indexes Forcerank forecasters,j indexes a given stock,s indexes a given contest,t indexes

time, and Stock Type is either Value or Growth. The left-hand side variable is a dummy variable

that takes a value of 1 when the forecaster assigns a rank of 1 to 5 to the stock, i.e., the forecaster

places the stock at the top of the distribution of future returns. Given that the forecaster who

participates in a contest s involving stock j ranks stocks in the contest with values from 1 to 10, we

interpret any rank equal or lower than 5 as aHigh signal, and any rank above 5 as aLow signal.

The main focus of the regression above is the coe�cientc on the triple interaction term. The

coe�cient measures whether investors' willingness to rank stocksHigh following good returns (an

increase inRjt ) is larger for growth stocks (I (Growth jt = 1)), and more so in periods leading up to

overvaluation (I (Overvalt ) = 1). To allow for a clear interpretation of the results, the regression

also contains all main e�ects and interaction terms. Moreover, the regression includes �rm �xed

e�ects to remove investors' time-invariant propensity to rank a given stock High as opposed toLow

and contest �xed e�ects.35 Inference is based on double clustering by time and contest.36

Table 9 presents the results of the analysis. In Panel A, we focus on growth stocks. Column

(1) shows the results from a simple regression of investors' propensity to buy a stock on the stock's

past returns. Like DHJ and our own analysis in Table 8, we con�rm that investors' propensity

to rank High rises with the stock's return over the previous week. In Column (2) we investigate

whether over-extrapolation rises leading up to market-wide overvaluation. We �nd that this is

indeed the case. Column (3) provides some evidence that, over the full sample, the propensity

to rank a stock High following good returns is higher for growth stocks than for all other stocks.

Column (4) estimates the full speci�cation of Eq.(32). The coe�cient on the triple interaction

term is signi�cant at the 1% level. Thus, the table provides strong evidence that the propensity

to rank stocks High based on extrapolation is particularly high for growth stocks and leading up

to overvaluation. In Panel B of Table 9, we repeat the analysis for value stocks. As reported

previously, the extrapolative behavior among value stocks tends to be weaker than for other stocks

in the cross section. Furthermore, the extrapolation of value stocks' returns is further reduced

leading up to overvaluation. Overall, these results show that return extrapolation leading up to

overvaluation is stronger for growth stocks and, therefore, could potentially explain the stronger

value premium observed after overvaluation.

The limitations in the Forcerank sample do not allow us to extend the analysis to market-

wide undervaluation states due to the short sample period. To further examine the behavior of

extrapolative beliefs about value and growth stocks leading up to both market-wide misvaluation

35 Introducing the contest �xed e�ects is e�ectively equivalent to controlling for industry-time �xed e�ects in the
regression since all contests in our sample are weekly, and the vast majority of contests are industry-based.

36 We have also experimented with other clustering choices and �xed e�ects and obtained similar results.
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states, in the next section we use analysts' price targets from I/B/E/S as an alternative longer-

running source of data on beliefs.

4.3.3 Extrapolative Beliefs in the Cross Section: Analyst Price Target Revisions

Oftentimes, sell-side equity analysts provide one-year ahead target prices for the stocks they cover.

To the extent that analyst price targets reveal the beliefs of sophisticated investors, it could be

informative to examine the expectations of a di�erent set of investors relative to the ones represented

in the Forcerank database.37

We collect consensus price targets from I/B/E/S at the end of each quarterQ from 1999 to

2018. One would calculate implied returns from these prices to measure analyst expectations. This

approach, however, has its drawbacks. The implied return will have the past stock price in the de-

nominator, which is also included in the calculation of past returns. Therefore, to avoid a potential

mechanical correlation between analyst expectations computed as implied returns and past stock

returns, we use a di�erent measure of analyst expectations. We argue that price target revisions

will provide a more accurate metric in measuring analysts' beliefs about future stock market re-

turns. We calculate price target revisions as the percentage di�erence between two consecutive price

targets that span one quarter to capture the change in analysts' expectations about future stock

returns. Using Fama-MacBeth regressions, we regress the cross section of price target revisions in

quarter Q on lagged quarterly returns over quartersQ � 1,...,Q � 4 as follows:

ReviQ = a +
4X

k=1

bk � RiQ � k +
4X

k=1

ck � RiQ � k � I (V ) +
4X

k=1

dk � RiQ � k � I (G) + � iQ ; (33)

whereReviQ stands for revisions in analysts consensus price targets over quarterQ, RiQ � 1,...,RiQ � 4

are stocks' lagged returns over quartersQ � 1,..., Q � 4, I (V ) is a dummy variable equal to one

for stocks classi�ed as value at portfolio formation (de�ned as the top 30% of stocks in terms of

book-to-market ratios), and I (G) is a dummy variable equal to one for stocks classi�ed as growth

at portfolio formation (de�ned as the bottom 30% of stocks in terms of book-to-market ratios).38

The goal of this regression is to examine whether analysts' expectations are extrapolative and more

so for value and growth stocks leading up to extreme misvaluation states. To this end, we run

the Fama-MacBeth regressions in the six months prior to di�erent market-wide valuation states

(overvaluation, normal, and undervaluation).

Table 10 presents the results for the Fama-MacBeth regressions described above. Across all

columns, the evidence suggests that price target revisions are positively related to past stock returns,

37 The limitation of this sample is that not all �rms have analyst coverage and the sample of �rms that are covered by
analysts is likely to contain larger, more pro�table �rms with better information environments (Lang and Lundholm
(1996)). Furthermore, price targets could su�er from an upward bias (Brav and Lehavy (2003)) and other biases due
to analysts' career concerns and investment banking relations. Nevertheless, to the extent that analyst price target
revisions reect expectations of future stock returns, the analyses in this section can shed further light on the return
extrapolation channel.

38 Our results are qualitatively similar when using deciles or quintiles to de�ne value and growth stocks. We use
top/bottom 30% of B/M as the cuto� metric for value/growth to ensure better coverage of value and growth stocks
in the I/B/E/S sample.
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with a larger sensitivity of revisions to more recent returns relative to more distant returns. Column

(2) shows that, leading up to market-wide overvaluation, analysts increase their price targets more

for growth stocks than for value stocks after observing good returns over the four previous quarters.

In contrast, Column (6) shows that, leading up to market-wide undervaluation, analysts lower their

price targets more for value stocks than for growth stocks after observing poor returns over the four

previous quarters. Leading up to normal market-wide valuation states, the extrapolative behavior

of price target revisions does not seem to di�er across value, growth, and all other stocks. Overall,

these results are in line with the dynamics of beliefs in the cross section that are embedded in our

model and provide support for (over)extrapolation as a mechanism behind the value premium.

4.3.4 Buying/Selling of Value and Growth Stocks Leading up to Misvaluation

As our �nal set of tests in support of the return-extrapolation channel, we examine whether in-

vestors' buying and selling demand for value and growth stocks leading up to market-wide mis-

valuation are positively correlated with past return realizations for these stocks. If so, we would

expect that, leading up to market-wide overvaluation, the buying demand for growth stocks to be

more highly correlated with past returns than it is for other stocks. In contrast, leading up to

market-wide undervaluation, the selling demand for value stocks should be more highly correlated

with past returns than it is for other stocks.

Following Chordia, Roll, and Subrahmanyam (2002, 2005, 2008), buys and sells for individual

stocks are classi�ed based on tick-level data using the Lee and Ready (1991) algorithm.39 For

each stock, signed order imbalance (i.e., net buying) is calculated as dollar buys minus dollar sells

divided by buys plus sells. This measure is available every month, and we average it over each

quarter Q. Using Fama-MacBeth regressions, we regress average order imbalance in quarterQ,

OIB iQ , on lagged quarterly returns over quartersQ � 1 to Q � 4 as follows:

OIB iQ = a +
4X

k=1

bk � RiQ � k +
4X

k=1

ck � RiQ � k � I (V ) +
4X

k=1

dk � RiQ � k � I (G) + � iQ ; (34)

where I (V ) ( I (G)) is a dummy variable equal to one for stocks classi�ed as value (growth) at

portfolio formation. The sample period is from 1993 to 2013. Our goal is to examine whether

there are di�erences in net buying pressure for value and growth stocks leading up to extreme

misvaluation states. To this end, we run the Fama-MacBeth regressions in the six months prior to

di�erent market-wide valuation states (overvaluation, normal, and undervaluation). The value and

growth dummy variables (I (V ), I (G)) let us detect signi�cant di�erences in net buying pressure

for stocks that become value or growth leading up to market-wide misvaluation.

Table 11 presents the results for the Fama-MacBeth regressions described above. Columns (1),

(3), and (5) show that net buying pressure is positively related to past returns over the previous

four quarters, and this holds for all states of market-wide valuation. The combined dependence

of order imbalance on past returns (i.e., the sum of the coe�cients b1, b2, b3, and b4) is larger

39 We thank Tarun Chordia for providing the data on order imbalance for the cross section of stocks.
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leading up to market-wide overvaluation and undervaluation than in the run-up to normal market

valuation. Column (2) shows that, leading up to market-wide overvaluation, the dependence of

demand pressure on past returns is higher for growth stocks than for value and all other stocks. Since

growth stocks have a positive order imbalance (i.e., buying pressure) leading up to overvaluation,

this result implies that investors increase their net buying of growth stocks more so than for

other stocks after observing positive returns over the previous four quarters. In contrast, Column

(6) shows that, leading up to market-wide undervaluation, the positive relation between demand

pressure and past returns is higher for value stocks than for growth and all other stocks. In

unreported results, we show that value stocks have a negative order imbalance (i.e., selling pressure)

leading up to undervaluation. Therefore, the coe�cients in Column (6) suggest that investors

increase their net selling of value stocks more so than other stocks after observing negative returns

over the previous four quarters. Leading up to normal market-wide valuation states, the positive

dependence of demand pressure on past returns is higher for growth stocks, but the e�ect is smaller

than in the periods leading up to overvaluation.40

Overall, the evidence in Table 11 is consistent with the idea that investors (over)extrapolate

past stock returns in general, and in particular, they extrapolate the good returns of growth stocks

leading up to market-wide overvaluation and the poor returns of value stocks in the run-up to

undervaluation. This leads to the misvaluation of these stocks and their eventual return reversal,

thus creating the value premium.

5 Alternative Explanations

The results presented in the previous section support the main mechanism of our model, i.e., return

extrapolation. In this section, we test whether two alternative mechanisms can help explain the

conditionality of the value premium on market-wide misvaluation. We �rst examine whether our

empirical evidence is consistent with fundamental extrapolation, which is based on the idea that

investors extrapolate past fundamentals (e.g., cash-ows) when forecasting future fundamentals.

Next, we study an explanation based on a risk story, namely, the conditional CAPM.

5.1 Fundamental Extrapolation

A number of papers in behavioral �nance use extrapolation of fundamentals (e.g., dividends, earn-

ings, cash ows) to explain empirical �ndings like the equity premium, momentum, long-run rever-

sal, the value premium, and return bubbles.41 An implication from this literature is that funda-

mental extrapolation leads to overvaluation and subsequent return reversal.42 We examine in more

40 The extrapolative behavior of buying and selling activity for value and growth stocks that we document is
consistent with Giglio et al (2021) who show that investor beliefs are reected in portfolio allocations.

41 See Barberis, Shleifer, and Vishny (1998), Fuster, Laibson, and Mendel (2010), Choi and Mertens (2019), Alti
and Tetlock (2014), Hirshleifer, Li, and Yu (2015), and Bordalo et al (2020), among others. See Barberis (2018) for
a review of the literature on fundamental extrapolation.

42 The empirical evidence for fundamental extrapolation appears to be mixed. Lakonishok, Shleifer, and Vishny
(1994) show that extrapolation of sales growth leads to overvaluation, especially for growth �rms. Daniel and Titman
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detail whether expectations about the fundamentals of value and growth stocks are extrapolative

and whether their behavior changes leading up to market-wide misvaluation.

We use revisions in analysts' consensus earnings forecasts as our proxy for changes in beliefs

about future fundamentals. Using Fama-MacBeth regression, each quarter, we regress forecast

revisions on the growth rate ofEPS over the previous four quarters. The Fama-MacBeth regressions

are run in the six months prior to di�erent market-wide valuation states. Further details about

the empirical setup are provided in the Appendix. Table A1 in the Appendix shows that forecast

revisions are extrapolative with respect to past earnings growth rates. However, we do not �nd

strong evidence that the extrapolative behavior of forecast revisions is stronger for growth stocks

leading up to overvaluation or stronger for value stocks in the run-up to undervaluation. Therefore,

to the extent that EPS forecast revisions capture beliefs about future fundamentals, we �nd that

fundamental extrapolation is not likely to be the driving force behind the conditional behavior of

the value premium.

We also examine whether fundamental extrapolation plays a role in investors' buying and selling

decisions about value and growth stocks leading up to market-wide misvaluation. We perform an

analysis similar to the one in Section 4.3.4, where we also include past changes in fundamentals

in regression (34). More speci�cally, we include percentage growth in return on equity,RoeG, for

quarters Q� 1 to Q� 4 both as individual terms and as interactive terms with the dummy variables

I (V ) and I (G). Further details are provided in the Appendix. Table A2 in the Appendix shows

that buying and selling decisions are still mainly driven by past returns in the presence of past

fundamentals. Growth in Roe in more distant quarters (i.e., Q � 3 and Q � 4) is a signi�cant

predictor of future buying/selling demand, but the e�ect is much smaller compared to past returns.

We do not �nd strong evidence that the extent to which buying (selling) demand depends on past

fundamentals is stronger for growth (value) stocks leading up to overvaluation (undervaluation).

However, controlling for past fundamentals, the relation between buying (selling) demand for growth

(value) stocks and past returns is stronger in the run-up to overvaluation (undervaluation).

In summary, while we �nd some suggestive evidence that investors extrapolate past fundamen-

tals, this type of extrapolation is not likely to capture the strong dependence of the value premium

on the state of market-wide misvaluation.

5.2 Time-Varying Market Beta of Value and Growth Stocks

The results so far indicate that return extrapolation is a plausible behavioral driver of the value

premium, and it helps reconcile why such a premium is concentrated in states of severe market

misvaluation. However, states in which the market is extremely over- or undervalued may be

correlated with good or bad macroeconomic conditions, and previous research has documented

that the market betas of value and growth stocks are di�erent, depending on the state of the

economy (Petkova and Zhang (2005)). To examine whether the pro�tability of the value premium

(2006) �nd that fundamental extrapolation exists among intangible fundamentals but not tangible ones. Recently,
Bordalo et al (2019) show that the return spread based on analyst expectations is signi�cant in the cross section of
stocks. However, this result only holds for equally-weighted portfolios.
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following severe market-wide misvaluation periods is driven by di�erences in risk between value

and growth stocks, we compute the market betas of value and growth stocks in these periods.

Speci�cally, we estimate the market betas of value and growth portfolios using 126-day rolling

market model regressions with daily data.43 Table A3 in the Appendix reports the betas of value

and growth portfolios conditional on RMV . Following periods of overvaluation, growth stocks have

higher betas than value stocks and, following periods of undervaluation, value stocks have higher

betas than growth stocks. Higher betas for growth stocks following periods of overvaluation during

which such stocks perform poorly is inconsistent with a risk-based explanation. Higher betas for

value stocks following market-wide undervaluation support a risk story. However, the di�erences in

betas between value and growth stocks are not high enough to explain the value premium observed

in these periods. For example, for the 90% cuto�, the beta spread is 0.62, whereas the corresponding

value premium is 2.8% per month during the post-portfolio formation year. For beta to account

for the value premium in these states, the market risk premium would have to be 4.52% per month

(54.20% per year), which is not plausible.

Table A3 in the Appendix reports the alphas of the value-minus-growth strategy in di�erent

states of RMV . The results show that the alphas are statistically signi�cant for all speci�cations

corresponding to an overvalued or undervalued market. Following normal market-wide valuation,

the alpha of the value-minus-growth strategy is negative. However, its economic magnitude is

relatively small. Overall, the evidence in Table A3 reveals that the spread in betas between value

and growth stocks following di�erent states of RMV is not large enough to explain the magnitude

of the value premium following periods of misvaluation. It is unlikely that our previous results are

driven by di�erences in market exposure between value and growth stocks.

6 Robustness Tests

In this section, we perform several additional tests to examine the robustness of the main results.

Speci�cally, we use earnings-to-price (E/P) and cash ow-to-price (CF/P) as alternative valuation

ratios to B/M, and we use value-weighted portfolio returns. We also examine a di�erent measure

of market-wide misvaluation.

When we replace B/M with E/P and CF/P and perform our main analysis in Table IA2 in

the Internet Appendix, the results are consistent with our previous results using B/M, in that the

value premium is large and signi�cant only after periods of market-wide over- or undervaluation.

The main results of the paper are also reproduced for value-weighted portfolio returns in Tables

IA3 and IA4 of the Internet Appendix. A notable result in Table IA3 is that the value-weighted

value premium one month and one year after portfolio formation is not statistically signi�cant

following states of normal market-wide valuation. This suggests that the unconditional value-

weighted premium recorded in the literature comes entirely from states of market-wide misvaluation.

43 We use ten lags of the market return in estimating market betas every day, using a regression speci�cation of the
form r i;t = � 0r m;t + � 1r m;t � 1 + ::: + � 10 r m;t � 10 + � i;t . The sum of the estimated coe�cients �̂ 0 + �̂ 1 + ::: + �̂ 10 is our
measure of beta every day. Monthly beta is de�ned as the average of daily betas within a month.
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Table IA3 shows that the value-weighted value premium is large and signi�cant only following

periods of market-wide over- or undervaluation. The regression analysis of Table IA4 shows that

market-wide misvaluation is a strong predictor of the value-weighted value premium after controlling

for a host of other variables.

Turning to our RMV metric for market-wide misvaluation, we note that it is an intuitive

measure of market-wide valuation that relies on the mean of the cross-sectional distribution of B/M

ratios. To account for higher moments of the cross-sectional B/M distribution, we use an alternative

measure to capture periods with signi�cant market-wide misvaluation. This alternative measure

quanti�es the distance between the entire cross-sectional distribution of �rm-level B/M ratios over

the portfolio-formation period and the panel distribution of �rm-level B/M ratios over the long-run

historical period using the Mann-Whitney U test. Further details about the construction of this

measure, denotedRMV mwz , are in the Internet Appendix.

We replicate the analysis in Tables 2 and 5, usingRMV mwz based on B/M as a measure

of market-wide misvaluation. The results are presented in Tables IA5 and IA6 of the Internet

Appendix. These results show that our previous conclusions hold when using an alternative measure

to identify states of market-wide under- or overvaluation.

7 Conclusion

In this paper, we develop a stylized model of �nancial markets that links time-series variation in the

value premium to return extrapolation. The intuition of our model is that return extrapolation at

the aggregate market level and within the cross section of equities interact to produce a large and

signi�cant value premium. On the one hand, when extrapolators move capital into the equity mar-

ket following stocks' good recent performance, they push the market price even higher, eventually

leading to market overvaluation. Their allocation to equities is not symmetric across all assets but

heavily directed towards the better-performing stocks within the equity market. These stocks be-

come relatively more overvalued compared to stocks that have lower or negative past performance.

In a typical value strategy, such stocks will be classi�ed as growth stocks at portfolio formation.

The subsequent correction of the overvaluation of these assets results in the cross-sectional value

premium. On the other hand, when extrapolators leave the equity market following a poor recent

performance, they disproportionately sell the relatively poor-performing stocks. Such stocks are

likely to populate the value portfolio in a typical value strategy. The subsequent correction of their

undervaluation results in the cross-sectional value premium.

The main implication of our model is that the value premium is stronger following periods of

extreme market-wide misvaluation. Further, our model implies that the cross-sectional value pre-

mium largely stems from the overvaluation of growth stocks in good times and the undervaluation

of value stocks in bad times. The empirical results in the paper are consistent with these model

predictions. Using the deviation of the aggregate B/M ratio from its historical benchmark as a

measure of market-wide misvaluation, we show that the pro�tability of the value premium is large
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and signi�cant following periods of market-wide misvaluation. The value premium either does not

exist or is very low following periods of normal valuation.

We provide further evidence that, around periods of market-wide misvaluation, the pattern of

investor demand for equities is consistent with the framework of our model. In particular, we show

that equity funds experience inows (outows) leading up to signi�cant market-wide overvaluation

(undervaluation).

We also present evidence consistent with the argument that return (over)extrapolation is a

possible behavioral mechanism behind our results. Using a survey-based proxy for investors' ex-

pectations about the future market return, we show that following states of extreme market-wide

misvaluation that also coincide with extremely optimistic (pessimistic) expectations, the value pre-

mium is mainly driven by the price correction of growth (value) stocks. We provide further support

for the extrapolation channel by (i) investigating extrapolative beliefs in the cross section using

survey data from an online crowdsourcing platform, (ii) measuring return expectations based on

analyst price target revisions, and (iii) investigating the dependence of buying and selling pressure

for value and growth stocks on past returns in the run-up to di�erent market-wide misvaluation

states. We also consider two alternative mechanisms as potential explanations for our �ndings and

show that neither fundamental extrapolation nor a risk explanation based on time-varying market

betas is su�cient to explain our empirical evidence.

Finally, we show that time-variation in the value premium conditional on market-wide mis-

valuation provides quanti�able bene�ts for investors. In particular, a strategy that implements

a value-minus-growth strategy following periods of market-wide misvaluation and holds the mar-

ket portfolio (or T-bills) otherwise results in a higher mean return and lower volatility than the

unconditional value-minus-growth strategy.

Our paper contributes to the understanding of the value premium by examining the impact

that extrapolative capital ows in and out of the stock market have on cross-sectional return

predictability. The evidence we provide suggests that the value premium is related to return

extrapolation and errors in investor expectations.

35



References

Ali, U., K. D. Daniel, and D. A. Hirshleifer. 2017. One brief shining moment (um): Past momentum
performance and momentum reversals.Working paper.

Alti, A., Tetlock, P. C., 2014. Biased Beliefs, Asset Prices, and Investment: A Structural Approach.
Journal of Finance 69, 325{361.

Asness, C. S., and A. Frazzini. 2013. The Devil in HML's Details.The Journal of Portfolio Man-
agement 39(4), 49-68.

Asness, C. S., J. A. Friedman, R. J. Krail, and J. M. Liew. 2000. Style Timing: Value versus
Growth. The Journal of Portfolio Management 26, 50-60.

Asness, C. S., J. M. Liew, L. H. Pedersen, and A. K. Thapar. 2021. Deep Value.The Journal of
Portfolio Management 47, 11-40.

Baba Yara, F., M. Boons, and A. Tamoni. 2021. Value Return Predictability Across Asset Classes
and Commonalities in Risk Premia. Review of Finance 25, 449-484.

Baker, M., and J. Wurgler. 2006. Investor Sentiment and the Cross-Section of Stock Returns.The
Journal of Finance 61, 1645-1680.

Barberis, N. 2018. Psychology-Based Models of Asset Prices and Trading Volume, inHandbook of
Behavioral Economics: Applications and Foundations 1, 79-175.

Barberis, N., R. Greenwood, L. Jin, and A. Shleifer. 2015. X-CAPM: An extrapolative capital asset
pricing model. Journal of Financial Economics 115(1), 1-24.

Barberis, N., R. Greenwood, L. Jin, and A. Shleifer. 2018. Extrapolation and bubbles.Journal of
Financial Economics 129(2), 203-227.

Barberis, N., and A. Shleifer. 2003. Style Investing.Journal of Financial Economics 68, 161-199.

Barberis, N., A. Shleifer, and R. Vishny. 1998. A Model of Investor Sentiment.Journal of Financial
Economics 49, 307-343.

Basu, S. 1983. The relationship between earnings' yield, market value and return for NYSE common
stocks: Further evidence.Journal of Financial Economics 12, 129-156.

Ben-Rephael, A., S. Kandel, and A. Wohl. 2012. Measuring Investor Sentiment with Mutual Fund
Flows. Journal of Financial Economics 104, 363-382.

Bernard, V. L. and J. K. Thomas. 1989. Post-Earnings-Announcement Drift: Delayed Price Re-
sponse or Risk Premium?Journal of Accounting Research27, 1-36.

Brav, Alon, and Reuven Lehavy, 2003, An empirical analysis of analysts' target prices: Short-term
informativeness and long-term dynamics,Journal of Finance 58, 1933-1967.

Bordalo, P., N. Gennaioli, R. La Porta, and A. Shleifer. 2019. Diagnostic Expectations and Stock
Returns. Journal of Finance 74, 2839{2874.

Bordalo, P., N. Gennaioli, R. La Porta, and A. Shleifer. 2020. Expectations of Fundamentals and
Stock Market Puzzles. Working Paper.

Campbell, J. Y., C. Polk, T. Vuolteenaho. 2010. Growth or Glamour? Fundamentals and Systematic
Risk in Stock Returns. The Review of Financial Studies23(1), 305{344.

36



Campbell, J., and R. Shiller. 1988. Stock Prices, Earnings, and Expected Dividends.Journal of
Finance 43(3), 661-676.

Campbell, J. and S. Thompson, 2008. Predicting excess stock returns out of sample: Can anything
beat the historical average?The Review of Financial Studies21(4), 1509-1531.

Cassella, S., and H. Gulen. 2018. Extrapolation Bias and the Predictability of Stock Returns by
Price-Scaled Variables.The Review of Financial Studies31(11), 4345{4397.

Cassella, S., and H. Gulen. 2019. Belief-based Equity Market Sentiment. Working paper.

Chan, L. K. C, Y. Hamao, and J. Lakonishok. 1991. Fundamentals and Stock Returns in Japan.
The Journal of Finance 46, 1739-1764.

Choi, J. J., Mertens, T. M.. 2019. Extrapolative Expectations and the Equity Premium. Working
Paper.

Chordia, T., R. Roll, and A. Subrahmanyam. 2002. Order Imbalance, Liquidity and Market Returns.
Journal of Financial Economics 65, 111-130.

Chordia, T., R. Roll, and A. Subrahmanyam. 2005. Evidence on the Speed of Convergence to
Market E�ciency. Journal of Financial Economics 76, 271-292.

Chordia, T., R. Roll, and A. Subrahmanyam. 2008. Liquidity and Market E�ciency. Journal of
Financial Economics 87, 249-268.

Cochrane, J. H. 1992. Explaining the variance of price{dividend ratios.The Review of Financial
Studies 5(2), 243-280.

Cochrane, J. H. 2008. The dog that did not bark: A defense of return predictability. The Review
of Financial Studies 21(4), 1533-1575.

Cochrane, J. H., 2011. Presidential address: Discount rates.The Journal of Finance 66(4), 1047-
1108.

Cohen, R. B., C. Polk, and T. Vuolteenaho. 2003. The Value Spread.Journal of Finance 58,
609{641.

Cooper, M. J., R. C. Jr Gutierrez, and A. Hameed. 2004. Market states and momentum.The
Journal of Finance 59(3), 1345-1365.

Cutler, D., J. Poterba, and L. Summers. 1990. Speculative Dynamics and the Role of Feedback
Traders. The American Economic Review 80(2), 63-68.

Da, Z., X. Huang, and L.J. Jin. 2021. Extrapolative Beliefs in the Cross-Section: What Can We
Learn from the Crowds? Journal of Financial Economics 140, 175{196.

Daniel, K., Titman, S.. 2016. Another Look at Market Responses to Tangible and Intangible Infor-
mation. Critical Finance Review 5, 165{175.

De Long, J. B.,A. Shleifer, L. H. Summers, and R. J. Waldmann. 1990. Noise Trader Risk in
Financial Markets. Journal of Political Economy, 98(4), 703-738.

De Long, J. B., A. Shleifer, L. H. Summers, and R.J. Waldmann. 1990. Positive Feedback Investment
Strategies and Destabilizing Rational Speculation.Journal of Finance, 45(2), 379-395.

DeFusco, A. A., C. G. Nathanson, and E. Zwick. 2021. Speculative Dynamics of Prices and Volume.

37



Working paper.

Fama, E. F., and K. R. French. 1988. Dividend Yields and Expected Stock Returns.Journal of
Financial Economics 22, 3{25.

Fama, E. F., and K. R. French. 1992. The Cross-Section of Expected Stock Returns.Journal of
Finance 47, 427{465.

Fama, E.F., and K.R. French. 1993. Common risk factors in the returns on stocks and bonds.
Journal of Financial Economics 33, 3-56.

Fama, E.F., and K.R. French. 1995. Size and Book-to-Market Factors in Earnings and Returns.
Journal of Finance 50, 131{155.

Fama, E.F., and K.R. French. 2000. Forecasting Pro�tability and Earnings. Journal of Business
73, 161{175.

Frankel, J. A. and K. Froot. 1990. Chartists, Fundamentalists, and Trading in the Foreign Exchange
Market. Working Paper.

Fuster, A., Laibson, D., Mendel, B.. 2010. Natural Expectations and Macroeconomic uctuations.
Journal of Economic Perspectives24, 67{84.

Gabaix, X. and R. S. Koijen. 2021. In search of the origins of �nancial uctuations: The inelastic
markets hypothesis. Working paper.

Giglio, S., Maggiori, M., Stroebel, J., and S. Utkus. 2021. Five Facts about Beliefs and Portfolios.
American Economic Review 111(5), 1481-1522.

Glaeser, E. and C. Nathanson. 2017. An extrapolative model of house price dynamics.Journal of
Financial Economics, 126(1), 147-170.

Greenwood, R. and A. Shleifer. 2014. Expectations of returns and expected returns.The Review of
Financial Studies 27(3), 714-746.

Hamilton, J. D. 2018. Why you should never use the Hodrick-Prescott �lter. Review of Economics
and Statistics 100(5), 831-843.

Hansen, L., J. Heaton, and N. Li. 2008. Consumption Strikes Back? Measuring Long-Run Risk.
Journal of Political Economy 116(2), 260-302.

Hirshleifer, D., Li, J., Yu, J., 2015. Asset Pricing in Production Economies with Extrapolative
Expectations. Journal of Monetary Economics 76, 87{106.

Hong, H., and J. C. Stein, 1999. A uni�ed theory of underreaction, momentum trading, and over-
reaction in asset markets.Journal of Finance 54(6), 2143-2184.

Jin, L., and P. Sui. 2021. Asset Pricing with Return Extrapolation. Journal of Financial Economics,
Forthcoming.

Koijen, R. S. J, H. Lustig, and S. Van Nieuwerburgh. 2017. The cross-section and time series of
stock and bond returns. Journal of Monetary Economics, 88, 50-69.

Lakonishok, J., A. Shleifer, and R. W. Vishny. 1994. Contrarian Investment, Extrapolation, and
Risk. Journal of Finance 49, 1541{1578.

Lee, C. and M. Ready. 1991. Inferring Trade Direction from Intraday Data. Journal of Finance 46,

38



733-747.

Lettau, M. and J. Wachter. 2007. Why Is Long-Horizon Equity Less Risky? A Duration-Based
Explanation of the Value Premium. Journal of Finance 62(1), 55-92.

Lewellen, J. 2004. Predicting Returns with Financial Ratios. Journal of Financial Economics 74,
209-235.

Lang, M. H. and R. J. Lundholm. 1996. Corporate Disclosure Policy and Analyst Behavior.The
Accounting Review 71, 467-492.

Lou, D. and C. Polk. 2021. Comomentum: Inferring arbitrage activity from return correlations.
Review of Financial Studies. Forthcoming.

Mann, H.B. and D.R. Whitney. 1947. On a test of whether one of two random variables is stochas-
tically larger than the other. The Annals of Mathematical Statistics, 50-60.

Nagel, S. and Z. Xu. 2021. Asset Pricing with Fading Memory.Review of Financial Studies. Forth-
coming.

Newey, W., and K. West. (1987). A Simple, Positive Semi-De�nite, Heteroskedasticity and Auto-
correlation Consistent Covariance Matrix. Econometrica, 55(3), 703-708.

Petkova, R., and L. Zhang. 2005. Is Value Riskier than Growth? Journal of Financial Economics
78, 187-202.

Rosenberg B, K. Reid, and R. Lanstein, 1985. Persuasive evidence of market ine�ciency.Journal
of Portfolio Management, 11(3):9{16.

Shumway, T.. 1997. The Delisting Bias in CRSP Data.Journal of Finance 52, 327{340.

Shumway, T., and V.A. Warther. 1999. The Delisting Bias in CRSP's Nasdaq Data and its Impli-
cations for the Size E�ect. Journal of Finance 54, 2361{2379.

Sirri, E. R., and P. Tufano. 1998. Costly Search and Mutual Fund Flows.The Journal of Finance
53(5), 1589-1622.

Stattman D., 1980. Book values and stock returns.The Chicago MBA: A Journal of Selected Papers
4, 25{45.

Zhang, L. 2005. The Value Premium.Journal of Finance 60, 67{103.

39



Panel A

Panel B

Figure 1
Asymmetric Contribution of Value and Growth to the Value Premium
We sort stocks into deciles based on their book-to-market ratios. In each portfolio formation montht, we
estimate the Value Premium Asymmetry (V PA) as the contribution of growth stocks' underperformance
relative to value stocks' overperformance to the subsequent 12-month value premium. We de�neV PA as
ln( R D5mD1

R D10mD5
). RD5mD1 is the gross return of the mid book-to-market decile minus the return of growth stocks,

while RD10mD5 is the gross return of value stocks minus the return of stocks in the mid book-to-market decile.
When V PA = 0, value and growth stocks contribute equally to the value premium. When V PA > 0, the
value premium is driven mainly by the underperformance of growth stocks after portfolio formation, and
when V PA < 0 the value premium is driven by the overperformance of value stocks after portfolio formation.
The dotted plot in Panel B (right y-axis) represents the lagged values of relative market valuation, RMV ,
which measures market-wide valuation relative to the historical benchmark.
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Figure 2
Model: Price Dynamics in Normal Market States
The �gure plots the evolution of risky assets' prices after a zero-net aggregate cash-ow shock at timet = 1.
The left graph shows the dynamic of aggregate market-wide prices, while the right graph documents the
price behavior of stocks in groupsX and Y . While the market as a whole experiences a zero shock, the
di�erence between the cash-ow shocks for stocks inX and Y is set to be positive, i.e., stocks inX receive
a positive fundamental shock, while stocks inY receive a negative shock of the same magnitude. Each
graph uses a continuous-line format to show the behavior of cross-sectional asset prices in the presence of
extrapolators. In each panel, we also report the counterfactual behavior that asset prices would display in
the absence of extrapolators in the market (referred to as \Fundamental"). Further details on the simulation
used to generate these graphs are in Section 2.
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