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Abstract

This paper uses the model-implied patterns of cash �ow expectations to di�erentiate

among the three most prominent behavioral theories explaining stock return momentum

and reversal. Using analyst earnings forecasts as a proxy for cash �ow expectations, I

trace the dynamics of the expectation errors for winner and loser stocks in a 24-month

holding period, during which returns are characterized by a momentum phase followed

by a reversal phase. The large positive cross-sectional di�erence in expectation errors

between winner and loser stocks gradually shrinks to zero over the holding period. This

pattern is most consistent with the underreaction hypothesis in Hong and Stein (1999), in

which cash �ow expectation errors can only explain momentum, and price extrapolation

is needed to explain reversal.
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1 Introduction

Momentum and reversal are two of the best-established return predictabilities in asset pric-

ing. Momentum is a phenomenon in which stocks with relatively stronger/weaker recent

performance�that is, winner/loser stocks�continue to outperform/underperform other stocks

in the short to medium run (Jegadeesh and Titman (1993)). Reversal is a phenomenon in

which winner/loser stocks begin underperforming/outperforming other stocks in the long run

(e.g., DeBondt and Thaler (1985); Jegadeesh and Titman (2001)). According to recent re-

search, momentum and reversal exist not only in the U.S. equity market but also in others,

such as the U.K. and Continental Europe equity markets, as well as in other asset classes, such

as commodities and currencies (e.g., Moskowitz, Ooi, and Pedersen (2012); Menkho�, Sarno,

Schmeling, and Schrimpf (2012); Asness, Moskowitz, and Pedersen (2013)). Not surprisingly,

a large body of literature has been devoted to explaining these two important regularities.

However, since models have mostly been built to generate momentum and/or reversal, re-

searchers have had a di�cult time discriminating among the competing mechanisms by only

examining the implied moment conditions of returns. In this study, I adopt a di�erent ap-

proach by examining the implied moment conditions of expected cash �ows, and in doing so,

I am able to sharpen the investigation of the mechanisms behind momentum and reversal.

I categorize the existing theories of momentum and reversal into two types. The �rst

type resides within the rational expectations paradigm and argues that predictable returns

are compensation for taking covariance risk.2 The second type deviates from the rational

expectations framework and attributes momentum and reversal to systematic biases in ex-

pectations. In this paper, I focus primarily on three models of the second type�Daniel,

Hirshleifer, and Subrahmanyam (1998), Hong and Stein (1999), and Barberis, Shleifer, and

Vishny (1998) (hereafter, DHS, HS, and BSV)�because they are able to o�er coherent ex-

planations for momentum and reversal in a uni�ed framework,3 while a uni�ed explanation

2An incomplete list of risked-based explanations for momentum includes Johnson (2002); Sagi and Seasholes
(2007) ; Bansal, Dittmar, and Lundblad (2005); Chordia and Shivakumar (2002); Liu and Zhang (2011). An
incomplete list of risked-based explanations for reversal, which is closely related to value premium, includes
Zhang (2005); Hansen, Heaton, and Li (2008); Lettau and Wachter (2007); Carlson, Fisher, and Giammarino
(2004); and Bansal, Dittmar, and Lundblad (2005).

3I emphasize both momentum and reversal because, as Fama (1998) states, �Any alternative model (to
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remains di�cult to achieve in risk-based theories.4 Nevertheless, DHS, HS, and BSV empha-

size distinctively di�erent behavioral biases: DHS postulate that agents overreact to cash �ow

news, HS postulate that agents underreact to available cash �ow news,5 and BSV postulate

a combination of both. Existing literature has documented several characteristics associated

with the strength of momentum and reversal (Hong, Lim, and Stein (2000); Avramov, Jos-

tova, and Philipov (2007); Cooper, Gutierrez, and Hameed (2004); Zhang (2006)), but these

characteristics of returns are of little help in di�erentiating one model from another.

I propose to distinguish among the models by examining the model-implied pattern of cash

�ow expectations. Models under rational expectations do not rely on cash �ow expectations to

generate momentum or reversal. Nevertheless, they imply that the expectation errors should

always be zero, on average, and thus are not correlated with past returns. On the other hand,

models under the behavioral view use cash �ow expectations as the main mechanism to

generate momentum and reversal; therefore, they impose more structural restrictions of cash

�ow expectations. I show that these models imply diametrically opposed moment conditions

of cash �ow expectations, and I nest these moment conditions in one speci�cation test.

To empirically study cash �ow expectations, we need a proxy. Among a limited set of

available candidates, earnings forecasts of �nancial analysts are the most appropriate proxy for

three reasons.6 First, earnings forecasts are arguably the �benchmark� for expected earnings,

since earnings surprises reported in �nancial outlets are calculated as actual earnings minus

the average earnings forecasts. Second, earnings forecasts are practically public information

as they are accessible through various brokerage accounts. Third, in accounting literature,

earnings forecasts have been found to outperform a large class of time series models in terms

market e�ciency)... must specify biases in information processing that cause the same investors to underreact
to some types of events and overreact to others.� Moreover as Hong and Stein (1998) states, �There seems
to be broad agreement that to be successful, any candidate theory should, at a minimum: ...(2) explain the
existing evidence in a parsimonious and uni�ed way.�

4The transition from momentum to reversal occurs approximately six months to one year after sorting (e.g.,
Jegadeesh and Titman (1993); Lewellen (2002)). To o�er a joint explanation of momentum and reversal, risk-
based theories need to generate a covariance structure that reverses the cross-sectional pattern at a frequency
of six months to one year. Recently, Vayanos and Woolley (2013) use a time-varying agency cost to achieve
this, and Li (2012) proposed an investment-based model in which the expiration of investment commitments
helps to reverse the covariance structure.

5Other than the underreaction to cash �ow news, HS also features price extrapolation.
6I pay special attention to some known issues regarding analyst forecast data when I conduct the empirical

test. I discuss these in the data section.
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of predicting annual earnings.7

Using earnings forecasts as a proxy for cash �ow expectations, my research demonstrates

that winner stocks have more positive cash �ow expectation errors than loser stocks through-

out a two-year holding period, during which returns are characterized by a momentum phase

followed by a reversal phase. This systematic expectation bias lends support to the behavioral

view. Furthermore, the pattern of expectation errors implies that the cash �ow expectations

of winner (loser) stocks do not incorporate the information in past good (bad) returns su�-

ciently, thereby pinpointing underreaction to information as the dominant bias in cash �ow

expectations underlying both momentum and reversal. Although the literature has generally

appreciated underreaction in cash �ow expectations as an important mechanism for momen-

tum, what has been much less appreciated is that underreaction in cash �ow expectations

is also associated with reversal. This is because reversal is perceived to be associated with

overreaction. In this regard, I highlight the distinction between overreaction in cash �ow

expectations and overreaction in price expectations. I �nd a large positive cross-sectional dif-

ference in cash �ow expectation errors between winner and loser stocks, and I �nd that this

di�erence gradually shrinks to zero over the holding period. Thus, this pattern is thus most

consistent with HS's hypothesis that cash �ow expectations exhibit underreaction, thereby

suggesting that overreaction is more likely to exist in price expectations. In sum, the iden-

ti�ed pattern of cash �ow expectation errors provides an informative restriction for future

theories that attempt to explain momentum and reversal via a mechanism involving cash �ow

expectations.

2 Literature Review

This study belongs to the literature that confronts competing explanations of momentum

and reversal with new empirical �ndings. Jegadeesh and Titman (2001) cite the reversal that

follows the return momentum as support for behavioral models over Conrad and Kaul (1998).

7See Brown, Hagerman, Gri�n, and Zmijewski (1987). Bradshaw, Drake, Myers, and Myers (2012) o�er a
re-examination and con�rm that analyst forecasts are a superior predictor for the current �scal year and the
next �scal year.
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Nevertheless, their results cannot discriminate among the competing behavioral models be-

cause they only examine the dynamics of returns. Kothari, Lewellen, and Warner (2006)

attempt to reject a broad class of behavioral theories�including DHS, HS, and BSV�by show-

ing the theories to be inconsistent with the empirical relation between aggregate earnings

and aggregate returns. However, this conclusion is disputed by Sadka and Sadka (2009). The

disagreement stems from the fact that the seasonal change in aggregate earnings is strongly

predictable, and Sadka and Sadka (2009) claim that the change is not an appropriate proxy

for earnings surprises. These contradictory results indicate that the dynamics of expecta-

tions are at the heart of behavioral theories. Avramov, Jostova, and Philipov (2007), Cooper,

Gutierrez, and Hameed (2004), Chan (2003), and Vega (2006), among others, �nd various �rm

characteristics that are associated with the strength of momentum and reversal, but these

patterns of returns cannot di�erentiate one behavioral theory from another. The current

study contributes to this literature in two respects. Methodologically, it shows that the three

most prominent behavioral theories are distinct in their predictions of cash �ow expectation

errors and that the predictions can be tested under one nesting speci�cation. Empirically,

it documents the full dynamics of cash �ow expectation errors for stocks undergoing the

momentum and reversal phases.8

Two earlier studies�Chui, Titman, and Wei (2003) and Hwang (2010)�explicitly at-

tempt to di�erentiate Daniel, Hirshleifer, and Subrahmanyam (1998) from Hong and Stein

(1999). Chui, Titman, and Wei (2003) examine the strength of momentum within real estate

investment trusts (REITs) before and after 1990. They assume that REITs in the post-1990

period experienced more severe overcon�dence but faster information di�usion. Since it is

di�cult to evaluate this additional assumption, it is unclear whether they reject only the

additional assumption or the entire model. Hwang (2010) �nds that momentum strength is

positively correlated with the cross-sectional average correlation of earnings forecast errors.

This is inconsistent with the form of information di�usion assumed in Hong and Stein (2007),

that is, analysts underreact to independent information. However, an alternative information

8To be clear, the main objective of this study is to identify the most powerful test of the existing behavioral
theories of momentum and reversal. It is possible that the empirical results documented here are consistent
with alternative theories.
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di�usion process, under which most analysts underreact to similar information, can conform

to Hwang's empirical �nding while keeping the main theory predictions.

This study di�ers from Chui, Titman, and Wei (2003) and Hwang (2010) in two ways.

First, by examining the dynamics of cash �ow expectations, I target the main mechanisms of

the theories, thereby o�ering a direct test that is robust to possible model modi�cations. Sec-

ond, I not only test the theories in the momentum phase, as done in the two abovementioned

papers, but it also simultaneously tests the theories in the reversal phase.

3 Cash Flow Expectations in the Three Theories

In this section, I formally lay out the moment conditions of cash �ow expectations imposed

by DHS, HS, and BSV. I �nd that moment conditions predicted by BSV are indistinguishable

from those predicted by DHS, while moment conditions predicted by HS are very di�erent

from those of the former two.

3.1 Daniel, Hirshleifer, and Subrahmanyam (1998)

In the DHS model, a risk-neutral representative investor receives news about future cash �ows

and prices stocks according to discounted cash �ow model:

Pt = Σj≥1
Et (CFt+j)

(1 + r)j
.

Because discount rates are assumed to be constant, the cash �ow expectations determine

the stock prices in this model. The investor initially receives a noisy private signal about

future cash �ows, followed by noisy public signals in subsequent periods. Public signals will

eventually reveal the true cash �ows. In this model, due to overcon�dence and self-attribution

biases, the investor's cash �ow expectations show increasing overreaction initially and then

revert to the rational level, thereby resulting in momentum and reversal.

Consider a loser stock as an example. Initially, the investor receives a private signal about
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a permanent decrease in future cash �ows. Under rational expectations, the investor's cash

�ow expectations will fall once and for all upon receiving the signal. However, due to the

overcon�dence bias, the investor in this model overestimates the precision of this negative

private signal. Then, this signal has a disproportionately large in�uence in dragging down

the investor's expectation to a level below the rational one, that is, there is overreaction.9

Due to the self-attribution bias, when subsequent public signals con�rm the private signal,

the investor believes that his private signal is truly superior and further raises his con�dence

in the private signal; when subsequent public signals disapprove the private signal, the in-

vestor believes it is due to bad luck and maintains his con�dence in the private signal. On

average, the arrival of public signals increases the investor's con�dence in the negative private

signal. For a while, the private signal acquires greater in�uence and thus pushes the cash

�ow expectations progressively lower, i.e., a continuing overreaction. Eventually, despite the

fact that the private signal carries a disproportionate weight, the amassed public news will

lift the expectation back to the rational level. Note that the cash �ow expectations determine

the price in this model. Hence, after the initial price drop, the model predicts a continuous

decline in the price due to the continuing overreaction in cash �ow expectations, that is,

a momentum phase. This is followed by price recovery due to the correction of cash �ow

expectations, that is, a reversal phase.

The upper panel of Figure 1 features the prediction regarding expected earnings in the

DHS model. The dashed line represents rational expectations, an unbiased estimate of fu-

ture cash �ows. The investor's expectation, which experiences continuing overreaction and

subsequent correction, is represented by the black line with an arrow.

[Insert Figure 1 here]

De�ning expectation errors as actual cash �ows minus expectations, I test the following

two key hypotheses of the DHS model, presented in the lower panel of Figure 1:

1. The cross-sectional di�erence between winner and loser stocks in expectation errors is

9Daniel, Hirshleifer, and Subrahmanyam (1998) assume that the representative investor is overly con�dent
in the �rst period. However, overcon�dence at the beginning of the momentum phase is not indispensable to
the model's main results. Hence, I avoid testing the sign of forecast errors in the initial momentum phase.
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negative: it is most negative around the turning point from the momentum phase to

the reversal phase.

2. The cross-sectional di�erence between winner and loser stocks in expectation errors will

decline progressively to a negative value in the momentum phase but increase toward

zero in the reversal phase.

3.2 Hong and Stein (1999)

The HS model features two heterogeneous groups of investors: news watchers and momentum

traders. Momentum traders only observe past prices, and their trading positions are positively

related to past returns. News watchers observe information on future cash �ows and their

trading positions are positively related to expected cash �ows. Together, demands from

momentum traders and news watchers determine the price. In this model, news watchers'

cash �ow expectations incorporate the available information with a delay. This delay causes

underreaction in cash �ow expectations, which initiates the momentum and thus attracts

momentum trading. Momentum trading then fuels further momentum and results in eventual

reversal.

Take a loser stock as an example. Initially, news about a permanent drop in future cash

�ows arrives in the market. The model assumes that each news watcher is able to obtain only

a portion of the news, and although others' portions can be deduced from the price, news

watchers fail to do so. Consequently, the average cash �ow expectations of news watchers

do not drop su�ciently, thereby resulting in an overly optimistic expectation. In subsequent

periods, each news watcher will obtain additional pieces of the original bad news, correcting

his/her initial underreaction, thereby lowering the expectation gradually toward the rational

level. Thus, a momentum of price decline is formed. Then, the negative momentum attracts

momentum traders to take short positions, thereby exacerbating the fall in price. Since

momentum traders blindly trade on serial correlations, eventually they cause an excessive

drop in the price. As more information on future cash �ows is revealed, the demand of news

watchers increases the price, momentum traders close their short positions, and the price
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increases back to the rational level.

The upper panel of Figure 2 presents the prediction of expected earnings under the HS

model. The dashed line represents rational expectations, an unbiased estimate of future

cash �ows. News watchers' cash �ow expectations, which manifest the gradually corrected

underreaction, are represented by the black line with an arrow.

[Insert Figure 2 here]

Comparing the lower panel of Figure 2 to that of Figure 1, it is evident that the HS model

predicts di�erent dynamics of expectation errors:

1. The cross-sectional di�erence between winner and loser stocks in expectation errors is

positive (rather than negative in the DHS model).

2. The cross-sectional di�erence between winner and loser stocks in expectation errors

shrinks from a positive number toward zero (rather than a U-shaped pattern in the

DHS model).

3.3 Barberis, Shleifer, and Vishny (1998)

The BSV model was not originally designed to generate momentum and reversal in sequence,

but it can do so under certain parameter con�gurations. Similar to DHS, BSV assume

a risk-neutral representative investor who sets prices by discounting expected cash �ows.

BSV assume that the true cash �ow dynamics are a random walk, but the representative

investor nevertheless believes that cash �ows follow a regime-switching model with two Markov

regimes: a trending regime, in which positive shocks are followed by positive shocks; and a

mean-reverting regime, in which positive shocks are followed by negative shocks. The investor

�rst believes in the mean-reverting regime and then Bayesian updates the probability of each

regime upon new shocks.

Consider a loser stock whose the price falls because of a negative cash �ow shock initially.

Under rational expectations, the negative shock will cause a permanent fall in the expectations

of all future cash �ows because the true dynamics are assumed to be a random walk in this

model. However, believing in mean-reversion, the investor expects a positive shock in the
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next period. Thus, the investor's cash �ow expectations are too optimistic relative to what

the random walk process implies in the �rst period. In the second period, the average shock

is zero under the random walk process, thereby leading to a negative surprise for the investor

because the investor expects a positive shock. In addition, the investor will also lower his

expectation of future cash �ows. To understand this, consider that negative and positive

shocks have equal probability of occurrence under the random walk process. If the investor

observes negative shocks again in the second period, he switches his belief from mean-reverting

to trending under certain model con�gurations. Consequently, the investor expects negative

shocks to occur in the third period. For the other half of the chance, the investor observes

positive shocks in the second period and then believes that he is still in the mean-reverting

regime (note that this stock has a negative shock in the �rst period). Consequently, the

investor again expects negative shocks for the third period. Thus, in the second period, the

investor will experience a negative earnings surprise and lower the expectation for future

earnings. Consequently, the price will continue its fall from the �rst period, thereby resulting

in a momentum phase. Finally, since the second period's expectations of negative shocks

are overly pessimistic compared to the random walk process, the subsequent returns will be

positive, thereby resulting in a reversal phase.

The upper panel of Figure 3 presents the prediction regarding expected earnings under

the BSV model, and the lower panel of Figure 3 summarizes the two key predictions of BSV.

Although BSV are motivated by di�erent behavioral biases from those in DHS, comparing

Figures 2 and 3, it is evident that BSV actually have predictions on cash �ow expectations

that are indistinguishable from the predictions in DHS.

Finally, I summarize the di�erent patterns of cash �ow expectation errors implied by the

three models in Figure 4. In a nutshell, the three behavioral theories disagree on whether

there should be an overreaction in cash �ow expectations (DHS/BSV) or not (HS) when

the return pattern shifts from momentum to reversal. In addition, models under rational

expectations predict that both winner and loser stocks should have zero cash �ow expectation

errors throughout the holding period.
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[Insert Figure 4 here]

4 Data

4.1 Data Description

My data encompass the period from 1985 to 2012 and include all non�nancial common stocks

traded on NYSE, AMEX, and NASDAQ from the CRSP database.

Stock prices, total shares outstanding, and market values are taken from CRSP. Book

values are taken from COMPUSTAT. Monthly returns are adjusted by delisting returns when

applicable. Annual earnings forecasts and actual earnings are taken from I/B/E/S unadjusted

detail �les. I use actual earnings reported in I/B/E/S rather than those in COMPUSTAT

because I/B/E/S actual earnings use an earnings de�nition that is closer to what is used

by analysts.10 I use forecasts for the current �scal year end and the next �scal year end,

because these are the two most frequently issued annual forecasts. Then, I merge CRSP data

with I/B/E/S earnings forecasts by matching CUSIPs. I follow Payne and Thomas (2003) by

adjusting the e�ect of changes in shares on EPS (earnings per share) that occurred between

the portfolio formation date and the dates of interest.

To minimize the attrition e�ect, I only include �rms that satisfy the following character-

istics when I form the portfolios: positive book equity, price per share higher than $5, market

value larger than NYSE bottom size decile, more than two analysts providing coverage, and

no missing returns in the past 18 months. Table 1 provides a step-by-step description of the

data cleaning process.

[Insert Table 1 here]

Table 2 presents the distribution of �rm size, number of analysts, and book-to-market

ratios averaging over portfolio formation dates for each of the momentum quintile portfolios.11

In my sample, stocks in the loser portfolio (the lowest momentum quintile) have the smallest

10See Bradshaw and Sloan (2002) and Livnat and Mendenhall (2006) for a discussion on the di�erence
between the COMPUSTAT earnings de�nition and the I/B/E/S earnings de�nition.

11At the end of each month t, I form momentum quintile breakpoints from all NYSE �rms based on their
past 11-month returns. Then, stocks are sorted into momentum quintile portfolios based on these breakpoints.
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average market capitalization. The mean is $3.1 billion and the median is $611 million. Stocks

in the winner portfolio (the highest momentum quintile) have the second-smallest average

market capitalization. The mean is $4.8 billion and the median is $1 billion. Loser stocks

have the highest average book-to-market ratio. The mean is 0.64 and the median is 0.49,

which are approximately twice as large as the mean and the median of the book-to-market

ratio of winner stocks, respectively. With regard to the number of analysts providing coverage

for one particular stock, the distribution appears rather even across momentum portfolios.

For stocks in the loser or winner portfolios, the mean number of analysts providing coverage

is approximately 7.5 and the median is approximately 6.

[Insert Table 2 here]

4.2 Proxy for Cash Flow Expectations

Although earnings forecasts of �nancial analysts are the best available proxy for cash �ow

expectations, there are several known issues related to earnings forecasts. I pay special

attention to avoiding them when I construct the proxy for cash �ow expectations. First, the

analyst forecasts database I/B/E/S does not specify the time frame for its consensus forecasts,

so the consensus forecasts can include stale forecasts. Stale forecasts are founded to reduce the

accuracy of forecasts (O'Brien (1988)) and may complicate the use of predictive regressions.

Second, the distribution of earnings forecast errors is left skewed, and the distribution may

have a discrete jump from small negative errors to small positive errors (Abarbanell and

Lehavy (2003)). Third, the literature disagrees on whether an average optimism bias exists

in earnings forecasts (Chen and Jiang (2006)) or not (Gu and Wu (2003)). To avoid these

issues, I work with individual forecasts and construct my own consensus forecasts to ensure

that forecasts used in the left-hand side of predictive regressions are newly issued after the

portfolio formation date. Thus, under rational expectations, the momentum rankings should

not predict future forecast errors. Second, aware of the skewness e�ect in the data, I show

that the main results are robust to the choice of median or mean errors, as well as to the

di�erent choices of winsorization. Third, I focus on cross-sectional di�erences in forecast
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errors to avoid statistical issues surrounding the estimate of the average forecast bias. As

long as the potential optimism is symmetric across portfolios, the results of cross-sectional

di�erences are robust to average biases.

In the robustness section, I also address the concern that earnings forecasts may system-

atically di�er from the cash �ow expectations of the market.

5 Main Analysis

In this section, I �rst show how I construct the proxy for cash �ow expectations. Then,

I identify the momentum and reversal phases in my sample. Finally, I check whether the

empirical pattern of cash �ow expectation errors in the momentum and reversal phases is

consistent with model predictions.

5.1 Construction of the Proxy for Cash Flow Expectations

Figure 5 illustrates how I construct the portfolios and associated cash �ow expectations.

[Insert Table 5 here]

At the end of each month t, I form momentum quintile breakpoints from all NYSE �rms

based on their past 11-month returns. Then, stocks are sorted into momentum quintile

portfolios based on these breakpoints and held for 24 months. I use momi
t to denote the

resultant quintile rankings. To calculate the consensus forecast for stock i in the k+ 1 month

after the portfolio formation month t, in a quarter-long window from month t + k + 1 to

t + k + 3, I collect all newly issued earnings forecasts made for the �scal year end that is

closest to month t + k + 1 but still at least six months away from month t + k + 1. Thus,

the forecast horizon ranges from 6 months to 18 months. If one analyst issues more than one

such forecast in the quarter long window, I choose the latest one. I calculate the median of

these forecasts for stock i and call it the consensus forecast AF i
t,t+k+1→t+k+3,Tk

. Note that

t signi�es that stocks are sorted on momentum at time t, t + k + 1 → t + k + 3 signi�es

that the forecasts are issued between month t+ k + 1 and month t+ k + 3, and Tk signi�es

the �scal year forecasted. I use AF i
t,t+k+1→t+k+3,Tk

as the proxy for cash �ow expectations
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in this study. While the window of a quarter ensures that there are su�cient forecasts to

compute the consensus forecasts, it nevertheless leads to some overlapping. I take account of

the resulting serial correlation in the calculation of standard errors throughout the paper by

using Newey-West heteroskedasticity and autocorrelation consistent standard errors (Newey

and West (1987)). I use ActiTk to denote the actual realized earnings for AF i
t,t+k+1→t+k+3,Tk

,

which is usually announced approximately three to six months after the �scal year end. The

forecast errors are de�ned as actual earnings minus the consensus forecasts. Then, I normalize

the forecast errors by the absolute value of forecasts to convert them into percentage errors,

thereby conforming closer to a normal distribution. The percentage errors are denoted as

FEi
t+k+1→t+k+3 =

ActiTk
−AF it,t+k+1→t+k+3,Tk

|AF i
t,t+k+1→t+k+3,Tk

| .12 For each stock i and portfolio-formation month

t, I calculate 24 FEi
t+k+1→t+k+3's for the holding period, k = 0, 1, ..., 23.

Finally, I repeat the calculations for each portfolio formation month t from 1988/1 to

2008/6,13 thereby generating a time series of monthly observations for FEi
t+k→t+k+2, k =

1, 1, ..., 24.

5.2 Momentum and Reversal in the Sample

[Insert Figure 6 here]

Figure 6 depicts the di�erences in the cumulative returns over the holding period between

stocks in the lowest momentum quintile (loser stocks) and stocks in the highest quintile

(winner stocks). The dots are the time series average across portfolio formation dates. The

kth dot represents the average winner-minus-loser cumulative return over the �rst k months

after sorting. From Figure 6, it is evident that the winner-minus-loser portfolio generates a

gain of approximately 3.5% per dollar in the �rst six months and then a loss of approximately

4.8% in the following 18 months. Thus, I categorize months 1 to 6 as the momentum phase and

the remainder as the reversal phase. Momentum is signi�cant in months 1 to 6, and reversal

12Earnings per share are much less correlated with the size of the �rm than the total earnings. Similar
results are attained with forecast errors without normalization and with forecast errors normalized by price
or standard deviations of changes in quarterly earnings.

13For years before 1988, too few �rms are available for sorting because of the limited coverage of analyst
earnings forecasts. The portfolio formation stops in 2008/6 because the holding period is 24 months. This
implies that the last forecasts for stocks sorted into portfolios in 2008/6 are made in 2010/6 for the �scal year
ending in 2011. The 2011 earnings are announced in 2012, which is the end of my data sample.

14



is signi�cant in months 9 to 13, as shown in the table within Figure 6. The return pattern of

a momentum phase followed by a reversal phase is well documented in the literature, such as

Lewellen (2002) and Jegadeesh and Titman (2001).14 As discussed in Section 3, the dynamics

of forecast errors in the two phases will convey critical information to distinguish among the

di�erent explanations of momentum and reversal.

5.3 Main Tests

Once I identify the momentum and reversal phases, I go directly to the main test. DHS

and BSV predict the di�erence in forecast errors between winner and loser portfolios to be

negative at the end of the momentum phase, whereas HS predicts this di�erence to be positive.

Furthermore, DHS and BSV predict the di�erence to decrease in the momentum and increase

in the reversal phase, whereas HS predicts the di�erence to decrease monotonically throughout

both phases. See Figure 4 for an illustration.

5.3.1 Dynamics of Forecast Errors

[Insert Figure 7 here]

Figure 7 depicts the pattern of forecast errors for winner and loser portfolios in the holding

period. The line with dots (triangles) is the time series average pattern for the winner portfolio

(loser portfolio). The asterisks indicate the 95% con�dence interval. The winner portfolio

has positive forecast errors initially at an approximate level of 0.7% in the �rst month, which

then gradually decline to -3.2% at the end of the holding period.15 The forecast errors for

the loser portfolio gradually shrink from -17.4% at the beginning of the holding period to

-5.1% at the end of the holding period. With regard to the key moment conditions that

14As Jegadeesh and Titman (2001) note, hereafter JT, the switch of momentum and reversal at a frequency
of less than one year is very challenging for a risk-based model to explain. My results are more similar to
Lewellen (2002), which sorts stocks by the past 12-month returns. JT sort stocks by the past six-month
returns, so readers should compare the holding period in this paper with the holding period from the sixth
month onwards in JT. The magnitude of momentum is 0.6% per month in my sample, which is similar to
Lewellen's results but a little lower than JT's results. The magnitude of reversal is -0.25% per month in my
sample, which is between Lewellen's results and JT's results.

15Forecast errors are de�ned as actual earnings minus forecasts. Recall that I use a quarter-long window to
calculate the consensus forecasts, so the �rst month is really the quarter-long window starting from the �rst
month.
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di�erentiate the HS model from the DHS and BSV models: around the transition period

from the momentum phase to the reversal phase, i.e., months 6 to 9 in the holding period,

the cross-sectional di�erences in forecast errors between winner and loser portfolios are all

signi�cantly positive; in addition, these di�erences decrease gradually from approximately

18% to 2% through the momentum and reversal phases. These results indicate that the

cash �ow expectations for winner stocks are less optimistic relative to those for loser stocks,

and the cross-sectional di�erence in expectation errors diminishes over the holding period.

Comparing Figure 7 with Figure 4, it is evident that the dynamics of forecast errors �t the

prediction of the underreaction mechanism postulated in Hong and Stein (1999) very well.

Table 4 con�rms that the winner-minus-loser di�erences in forecast errors remain signi�cantly

positive for approximately 13 to 15 months. Thus the pattern of forecast errors is consistent

with the underreaction hypothesis, which helps to explain the return momentum, but runs

counter to the subsequent return reversal. This �nding highlights the important role of

momentum traders in the HS model: without momentum traders, cash �ow expectation

errors can only cause return momentum. Because momentum traders exploit the return

momentum by extrapolating prices blindly,16 they inevitably push the prices too far from the

fundamental value, thereby causing return reversal.

[Insert Figure 7 Here]

The economic magnitude of the cross-sectional di�erences in forecast errors between win-

ner and loser portfolios should be interpreted with additional assumptions. I use the forecasts

for the current �scal year and the next �scal year to construct consensus forecasts. Thus,

if the cross-sectional di�erences in forecast errors are similar for these annual forecasts and

forecasts beyond the next �scal year, the correction of forecast errors will generate a 16%

to 18% di�erence in cumulative returns between winner and loser stocks over the two-year

holding period. In contrast, if the cross-sectional di�erences in forecast errors for forecasts

beyond the next �scal year are much smaller, e.g., zero, then the correction of forecast errors

will only generate a 1.6% to 1.8% di�erence in cumulative returns, assuming a P/E ratio of

16HS show that it is not a suboptimal strategy because momentum traders actually front-run traders who
are slowly incorporating cash �ow news.
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10.17 Therefore, gauging the exact impact of forecast errors on returns can be di�cult.

Previous studies have examined the relation between forecast errors and past returns

(e.g., Abarbanell (1991); Easterwood and Nutt (1999); Doukas, Kim, and Pantzalis (2002);

Piotroski and So (2012));18 however, to my knowledge, this study is the �rst to examine the

full dynamics of the forecast errors simultaneously in the momentum and reversal phases and

to connect these dynamics to a test of three prominent behavioral theories. Taking advan-

tage of sharp predictions from the theories also grants my tests extra robustness and power

in distinguishing between the underreaction and overreaction mechanisms. First, all three

theories can predict more positive forecast errors for winner stocks at the beginning of the

momentum phase. Thus, the evidence that winner stocks have positive forecasts errors in

the momentum phase may not be su�cient to support the underreaction mechanism. My

tests avoid this problem by explicitly utilizing the information from returns to identify the

transition period from the momentum phase to the reversal phase, during which di�erent

mechanisms generate diametrically opposite predictions. I show that the cross-sectional dif-

ference in cash �ow expectation errors persists into the reversal phase. Second, on the one

hand, winner stocks have positive forecast errors at the beginning of the holding period and

negative forecast errors at the end of the holding period; on the other hand, if researchers

decide to adjust the forecast errors for winner and loser stocks by subtracting the average

forecast errors, then winner stocks will have positive adjusted forecast errors throughout the

holding period. Disagreements on the average forecast errors will thus lead to di�erent con-

clusions. My tests, in contrast, focus on the predicted pattern of cross-sectional di�erences in

forecast errors, thereby avoiding the thorny issues of identifying the average forecast errors.

17Under the discounted cash �ow model, assuming discount rates are the same between earnings forecast
days and earnings announcement days, I obtain Prealized = CF1

1+r1
+ CF2

1+r2
+ ...+ CF∞

1+r∞
and Pexpected = AF1

1+r1
+

AF2
1+r2

+ ...+ AF∞
1+r∞

. If percentage forecast errors for winner stocks are 16% higher for all earnings CF1 to CF∞,

i.e., CFn−AFn
|AFn| = 16% for all n, then

Prealized−Pexpected

Pexpected
= 16%. In contrast, if CFn−AFn

|AFn| = 0% for all n > 1,

assuming
Pexpected

|AFn| = 10, then
Prealized−Pexpected

Pexpected
= CF1−AF1

AF1
/
Pexpected

|AFn| = 1.6%.
18Please see Ramnath, Rock, and Shane (2008) for a more comprehensive review.
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5.3.2 Panel Regression

To formally test the implied moment conditions of cash �ow expectation errors from the

theories, I run the following panel regression:

FEi
t+k→t+k+2 = ck1 + λkmom

i
t + Y earmont + εit+k. (1)

The models under rational expectations predict that all λ′ks are equal to zero, i.e., mo-

mentum rankings in month t cannot predict the errors for forecasts made between months

t + k and t + k + 2. The main di�erence between the three behavioral models is that DHS

and BSV predict that λ′ks are negative in the transition period from momentum to reversal

as well as in the reversal phase. DHS and BSV also predict that λ′ks grow more negative in

the momentum phase and then gradually return to zero in the reversal phase, a U-shaped

trend. In contrast, HS predict that λ′ks are positive throughout the momentum phase and

reversal phases and the λ′ks will decrease from a positive number to zero. The intuition is

that underreaction (overreaction) is associated with positive (negative) λ′ks. In the DHS and

BSV models, overreaction in cash �ow expectations peaks at the transition period, and its

subsequent abatement generates return reversal. In the HS model, underreaction in cash �ow

expectations subsides over time.

[Insert Table 5 here]

Table 5 presents the regression results. The 24 λ′ks are all signi�cantly positive, and the

magnitude of λ′ks declines throughout the momentum and reversal phases. The t-statistics

of λ′ks clearly reject the hypothesis that λ′ks are zero, thereby suggesting that the consensus

earnings forecasts systematically deviate from rational expectations. The t-statistics also

reject the hypothesis that λ′ks are negative around the turning point from the momentum

phase to the reversal phase. I can also easily reject the hypothesis that λ′ks are jointly

negatively for months 9 to 13, the return reversal is signi�cant. Therefore, I conclude that

the pattern of the forecast errors is most consistent with Hong and Stein (1999).
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6 Robustness

6.1 Control for Analyst-Speci�c Sluggishness

In the main results, I use earnings forecasts as a proxy for cash �ow expectations in the tested

models. I now discuss how the proxy error may a�ect the regression results.

I formally denote the cash �ow expectations in the model asMF , i.e., marginal investors'

expectations, earnings forecasts as AF , and the actual earnings as CF . This yields

AFt+k = MFt+k + ηAt+k, (2)

where ηAt+k is the di�erence between the cash �ow expectations in the model and the

consensus forecasts. Under the null hypotheses derived from the three theories, cash �ow

expectation errors can be forecasted by past returns. Thus, the following relation between

the errors for forecasts made in months k to k + 2 after portfolio formation and momentum

ranking upon the portfolio formation is obtained for each �rm i and each portfolio formation

month t:

CFi,t+k −MFi,t+k = ck + λkmomi,t + εi,t+k. (3)

CFi,t+k −MFi,t+k is the cash �ow expectation error in the model. λk is the parameter of

interest to distinguish among models. However, since I do not observe MFt+k , I replace it

with AFt+k. Combining equations 2 and 3, I obtain

CFi,t+k −AFi,t+k = ck + λ̂kmomi,t + εi,t+k − ηAi,t+k, (4)

where CFi,t+k − AFi,t+k is the forecast errors. I do not need zero proxy error ηAi,t+k to

obtain a consistent estimate of the key coe�cient λk. For consistency, I only need the proxy
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error ηAi,t+k to be orthogonal to the momentum ranking momi,t. Nevertheless, there is a

concern that ηAi,t+k is correlated with momi,t. For example, consider a loser stock that has

had several disappointing quarterly earnings. It is possible that, while the marginal investor

has already incorporated the �rm's deteriorating business prospects into its price, the analysts

are reluctant to lower their forecasts fully, thereby generating a positive proxy error ηAi,t+k. As

a result, this loser stock will have zero market expectation errors, but negative forecast errors.

In this case, the momentum ranking can predict forecast errors but not market expectation

errors. Consequently, the estimate of λk in regression equation 4 will be biased upward in

favor of the underreaction mechanism.19 In research on market expectations, because market

expectations cannot be observed, one cannot eliminate the possible correlation between ηAi,t+k

and momi,t completely. However, given a concrete conjecture of the analyst-speci�c forecast

bias, I can control ηAi,t+k. Below I posit that ηAi,t+h is a linear function of past forecast

revisions, past earnings announcement returns, and past standardized earnings surprises.

This conjecture implies that the marginal investor e�ciently uses the information contained

in these control variables even though under the null hypotheses of the three theories, the

marginal investor does not use information e�ciently. Though this additional conjecture is

probably not realistic, it is a strong restriction against ascertaining the predictive power of

past returns, thereby serving as a stress test for the main results.

Thus, I run regression 4 again with the following control variables:

FEi,t+k = λ̂kmomi,t + ρ1,kSUEi,t + ρ2,kSUEi,t,L1 + ρ3,kEARi,t (5)

+ρ4,kEARi,t,L1 + ρ5,kREVi,t + ρ6,kREVi,t,L1 + ρ7,kREVi,t,L2 + ηi,t+h,

where SUEi,t is the last quarterly earnings surprise before month t, de�ned as IBES

actual earnings minus analyst consensus forecasts divided by prices at the �scal quarter-end;20

EARi,t is the three-day return centered around the last quarterly earnings announcement;

19The correlation between ηAi,t+k and momi,t could be positive, and in that case, the estimate of λt+k will
be biased downward.

20I follow the approach outlined in Livnat and Mendenhall (2006).
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and REVi,t is the percentage forecast change in the last calendar quarter, de�ned as the

di�erence between the median annual forecast over months t− 2 to t and the median annual

forecast over months t− 5 to t− 3 scaled by the absolute value of the latter. L1 denotes the

same variable with one lag. L2 denotes the same variable with two lags.

These variables are correlated with the past 11-month returns for obvious reasons; e.g.,

past earnings announcement returns EARt and lagged EARt are a mechanical part of the

past 11-month return. Thus, I expect that including these correlated variables in the control

variables will reduce the signi�cance of the momentum ranking momt, generating a conser-

vative estimate of the coe�cient λ̂t+k.

Tables 6 and 7 present the regression results for equation 5. Comparing the coe�cients of

momentum rankings in this regression to those in regression 4, it is evident that the magnitude

of the coe�cients is reduced by approximately 50% when using control variables. Neverthe-

less, the important pattern of the loadings on momentum rankings does not change. The

coe�cients λk's remain signi�cantly positive well into the reversal phase, and the magnitude

of these coe�cients declines consistently after the portfolio formation. Both are consistent

with the pattern found in regression 4. Most control variables emerge as statistically sig-

ni�cant. Variables such as past forecast revisions predict the forecast errors as strongly as

the momentum rankings do. As discussed before, it is di�cult to gauge whether the forecast

errors predicted by control variables only pertain to analysts or if they are part of market

expectation errors. Nevertheless, even assuming the former, I reach the same conclusion.

[Insert Table 6 here]

6.2 A Further Test

In this section, I probe the validity of the HS model and the appropriateness of using analyst

forecasts as a proxy for cash �ow expectations in an alternative manner. In the HS model,

momentum originates from news watchers' underreaction in cash �ow expectations. The more

severe the underreaction is, the stronger the momentum is. Therefore, I create a bottom-

up measure of underreaction for each �rm only using earnings forecasts. Then, I check
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whether sorting on this underreaction measure can generate the predicted variation in the

pattern of earnings forecast errors. Finally, I check whether the same sorting can generate

the predicted variation in the pattern of returns. If the HS model does not conform to the

data or the analyst forecasts are a bad proxy for cash �ow expectations in the model, one will

not observe the predicted variation in forecast errors or returns across the portfolios sorted

on the underreaction measure.

6.2.1 Construction of the Underreaction Measure

To capture the tendency of analysts' underreaction, I construct the following measure. I trace

each analyst's forecast revision history for a particular �rm-�scal year. For concreteness,

consider a situation in which one analyst n makes three forecasts for a particular �rm-�scal

year i: AFn
i,t, AF

n
i,t−1, and AF

n
i,t−2. The corresponding revisions are Rev

n
i,t = AFn

i,t −AFn
i,t−1

and Revni,t−1 = AFn
i,t−1 − AFn

i,t−2. If one analyst uses information e�ciently, no information

before time t− 1 can predict Revni,t, including Rev
n
i,t−1. However, if one analyst underreacted

to information at time t−1, which a�ected the previous revision Revni,t−1, then as the analyst

incorporates more of the time t− 1 information subsequently, his/her revision Revni,t will be

forecastable by Revni,t−1. Therefore, at the end of each month t, for each analyst n, I run

a simple pooled regression of Revni,t−h on Revni,t−h−1 for all the forecast revisions that one

analyst made in the past 24 months,

Revni,t−h = c+ βnt Rev
n
i,t−h−1 + εni,t−h, 0 ≤ h ≤ 24, i = 1, 2, ...I. (6)

A positive βnt indicates that analyst n is sluggish in revising his/her forecasts. To see

why, consider a stock that is hit with bad news. If one analyst underreact to this bad news,

the forecast is revised downward insu�ciently. Subsequently, the analyst incorporates more

of this bad news when he/she issues the next forecast, thereby resulting in another negative

revision. A negative previous revision Revni,t−h−1 followed by a negative revision Revni,t−h

will result in a positive regression coe�cient βnt . A more positive βnt implies that lesser
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information was incorporated initially and thus indicates more severe underreaction.

With the measure of underreaction at the analyst level, the HS model predicts that, if

a stock is covered by analysts who underreact more severely, the momentum phase for this

stock will be stronger. Thus, for each �rm i, at the end of month t, I calculate the median

βnt of all analysts who cover �rm i, and this is the underreaction measure for �rm i at the

portfolio formation month t. Based on the underreaction measure, the median βnt , I assign

�rms into quintile groups and term the quintile rankings �the underreaction rankings.� A high

underreaction ranking implies that a �rm is covered by analysts who underreact severely. For

�rms within each quintile underreaction ranking, I further sort them into tertile portfolios

based on returns of the past 11 months independently and again hold them for 24 months.21

Then, I trace out the dynamics of the forecast errors and the dynamics of the returns in the

holding period, similar to what I did in the main analysis. Under the HS model, I expect the

winner-minus-loser momentum portfolio within the highest underreaction ranking to exhibit

the most severe underreaction in cash �ow expectations and the strongest momentum phase.

6.2.2 Dynamics of Forecast Errors for Firms Covered by Sluggish Analysts

Figure 8 depicts the pattern of the forecast errors for the winner and loser portfolios in

the holding period across di�erent underreaction quintiles. First, I observe that sorting on

underreaction rankings indeed induces a variation in the dynamics of earnings forecast errors.

In the upper-left panel, stocks with the lowest underreaction ranking have an initial di�erence

of approximately 13%, and the gap shrinks to 1% after one year. In contrast, in the lower-left

panel, stocks with the highest underreaction ranking exhibit a larger di�erence, from 17% at

the beginning to 5% after one year.

[Insert Figure 8 here]

To formally test whether underreaction in cash �ow expectations is more severe in �rms

with the highest underreaction ranking, I run the following regression:

21I sort stocks into tertile momentum portfolios to ensure I have su�cient stocks within each of the 5-by-3
portfolios.
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FEi
t+k→t+k+2 = ck1 + ck2I

(
Underit+k = 5

)
+ λkmomi,t + (7)

... βkI
(
Underit+k = 5

)
×momi,t + εit+k.

The results in Table 8 indicate that the coe�cient of the product term βk is positive for

approximately 22 months, with the �rst 18 months being statistically signi�cant. These results

con�rm that our empirical underreaction measures capture the tendency of underreaction in

earnings forecasts with of �rms.22

6.2.3 Return Momentum and Reversal for Firms Covered by Sluggish Analysts

If analyst forecasts were a poor proxy for the cash �ow expectations in the HS model, then

the variation in the dynamics of forecast errors would not cause a variation in the pattern of

momentum and reversal. Figure 9 shows that this is not the case. In the upper-left panel, for

stocks with the least underreaction, momentum lasts approximately six months. Thereafter,

reversal kicks in. This is consistent with the pattern of the full sample. In contrast, in the

lower-left panel, for stocks with the most severe underreaction, momentum is stronger and

lasts three months longer, and reversal is weaker.

[Insert Figure 9 here]

To formally test whether the momentum phase is stronger in the �rms with the highest

underreaction ranking, I compare the average returns in the momentum and reversal phases

across the underreaction rankings. As Table 9 shows, in months 1 to 6, the winner-minus-loser

portfolio in the highest underreaction ranking achieves stronger momentum than the winner-

minus-loser portfolios in the other underreaction quintiles. The di�erence is approximately

0.24% per month and signi�cant at the 5% level, which is a noticeable amount given that

22The results of a version with control variables is also available upon request.

FEit+k→t+k+2 = ck1 + ck2I
(
Underit+k = 5

)
+ λkmomi,t +

... βkI
(
Underit+k = 5

)
×momi,t +Xi

t + εit+k

The results do not change much in the regression with control variables.
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the average winner-minus-loser pro�t of the momentum tertile portfolios is approximately

0.44% per month among stocks in the underreaction quintiles 1-4. The winner-minus-loser

portfolio with the highest underreaction ranking also has a more persistent momentum phase.

For months 7 to 9, while this portfolio still exhibits some momentum, the winner-minus-loser

portfolios in other underreaction quintiles have begun reversal. The di�erence is 0.41% per

month and is signi�cant at the 5% level. Finally, from month 7 to month 24, the general

reversal phase for the momentum portfolios in the full sample, the winner-minus-loser port-

folio in the highest underreaction ranking exhibits little reversal, -0.1% per month, while the

winner-minus-loser portfolios in other underreaction quintiles exhibit a reversal -0.28% per

month. The di�erence is 0.17% and is signi�cant at the 10% level. The results are consistent

with the prediction in the HS model that more severe underreaction leads to a prolonged mo-

mentum phase. The variations generated in return patterns also validate the use of earnings

forecast as a proxy for cash �ow expectations.

In summary, I �nd that the stocks exhibit prolonged momentum and little reversal if they

are covered by analysts who underreact severely to past information. This evidence supports

the underreaction mechanism postulated by HS and validates the use of analyst forecasts as

a proxy for the cash �ow expectations.

7 Methodological Alternatives

In this section, I address potential questions regarding several methodological alternatives

to my main test. First, I discuss one caveat of this study and its implication. Second, I

discuss a similar test using forecast revisions. Third, I discuss how to reconcile the dynamics

of earnings forecast errors with the patterns of earnings announcement returns documented

in previous literature. Finally, I discuss the applicability of the methodology.
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7.1 Cash Flow Expectations: Long-Term vs. Short-Term

Due to the limitations of the data, I have good proxies for the earnings expectation up to

two years at a point of time.23 Still, in DHS, BSV, and HS, long-term cash �ow expectations

should have similar expectation errors as those of the short-term cash �ow expectations

because all three models do not distinguish long-term expectations from short-term ones.

Under this embedded auxiliary assumption or as long as long-term expectations do not have

opposite errors, my �ndings regarding the dynamics of annual forecast errors suggest that

cash �ow expectations cannot explain momentum and reversal simultaneously. Nevertheless,

empirically, there is a possibility that long-term cash �ow expectations have opposite errors;

i.e., long-term expectations exhibit the overreaction bias, while annual expectations exhibit

the underreaction bias. In this case, models beyond DHS, BSV, and HS are needed.24 To

investigate whether there is a di�erence in the dynamics of expectation errors for short-term

and long-term forecasts, I repeat the main analysis for the nearest quarterly forecasts and

two-year-ahead forecasts. If the underreaction bias, i.e., the positive di�erence in forecast

errors between winner and loser stocks, is smaller for the two-year-ahead forecasts, then

the underreaction bias may turn to an overreaction bias for forecasts exceeding two years.

However, in results shown in the appendix, I fail to �nd such a tendency�the two-year-

ahead forecasts actually exhibit a similar underreaction pattern to the pattern of the nearest

quarterly forecasts.

23One may propose using analysts' forecasts of long-term growth, but I caution against it for several reasons.
First, analysts actually do not specify the exact forecasting horizons for long-term growth forecasts. Therefore,
it is almost impossible to evaluate the accuracy of these forecasts precisely. Second, because the median
analyst tenure is approximately three to �ve years, it is not practical to evaluate an analyst based on the
accuracy of his/her long-term forecasts. Third, analysts update their long-term forecasts much less frequently.
Consequently, analysts' long-term growth forecasts are a poor predictor for the actual long-term growth rate
(Chan, Karceski, and Lakonishok (2003)) and not a good proxy for corresponding market expectations.

24This is not completely unforeseen by previous researchers; e.g., BSV (1998) page 332 says, �One possible
way to extend the model is to allow investors to estimate the level and the growth rate of earnings sepa-

rately�(italic emphasis added). I can interpret the �level� as near-term earnings and the �growth� as long-term
earnings.
The results using analysts' long-term forecasts are consistent with the overreaction mechanism. However,

the statistical signi�cance is marred by the infrequent updates and the long-run characteristic. In addition,
as discussed in the previous footnote, analysts' long-term forecasts are not widely taken as a good proxy for
market expectations of long-term earnings.
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7.2 Forecast Errors vs. Forecast Revisions

The focus in the main test is on forecast errors but not forecast revisions because the pre-

dicted dynamics of forecast revisions in the momentum phase in the three tested models are

indistinguishable: winner stocks have positive forecast revisions and loser stocks have neg-

ative forecast revisions. This is not surprising because the theories are created to �t the

same return patterns, and as revisions are changes in expectations, revisions are a mechanical

part of returns. In contrast, the key di�erence among the theories, that is, whether the cash

�ow expectations underreact or overreact to past information, manifests in the level of cash

�ow expectations relative to the level of rational expectations. Therefore, taking the actual

earnings as the benchmark of rational expectations and examining the forecast errors, i.e.,

actual minus forecasts, yields sharper tests of the models.

Nevertheless, the three models still have distinctively di�erent predictions of forecast

revisions in the reversal phase. The HS model predicts that winner stocks will have more

positive revisions in the reversal phase, while the DHS and BSV models predict the opposite.

Empirically, taking the �rst di�erence in the forecasts to calculate revisions o�ers two unique

features. First, I can explicitly eliminate the analyst-speci�c �xed e�ect. Second, I restrict

the comparisons to forecasts issued by the same analysts. McNichols and O'Brien (1997)

�nd that analysts tend to self-censor negative views. This is not a problem for forecast

revisions, because revisions can only be calculated for analysts who are still issuing forecasts.

Thus, checking whether the dynamics of revisions also support the underreaction mechanism

postulated by the HS model can o�er corroborating evidence.

I provide the results of forecast revisions in the appendix. The dynamics of forecast

revisions are consistent with conclusions drawn from examining the dynamics of forecast

errors. Winner stocks have signi�cantly more positive forecast revisions than loser stocks more

than 13 months into the holding period, which is consistent with the underreaction hypothesis

in Hong and Stein (1999). I also experiment with di�erent normalization schemes, such as

normalizing by past prices or standard deviations of past changes in quarterly earnings. I also

examine the pattern of revisions for nearest quarterly forecasts and two-year-ahead forecasts.
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Nevertheless, I �nd that the dynamics of the portfolio median forecast revisions are consistent

across these variations.

7.3 Earnings Forecast Errors vs. Earnings Announcement Returns

Occasionally, earnings announcement returns are used to approximate changes in cash �ow

expectations. However, examining the earnings announcement returns is not optimal for this

study because earnings announcement returns are not a direct measure of cash �ow news.

As with any other returns, earnings announcement returns have three components: expected

returns, cash �ow news, and discount rate news (Campbell and Shiller (1988)). Admittedly,

more cash �ow news is revealed around earnings announcement days than normal days, but

expected returns and discount rate news can still be important around earnings announcement

days (Kishore, Brandt, Santa-Clara, and Venkatachalam (2008); Dubinsky and Johannes

(2006)).25 Earnings announcement returns con�ate all three components, so it is not well

suited for the purpose of this study, which is to discriminate among models that predict

similar return dynamics but di�erent dynamics of cash �ow expectations.

Nevertheless, in the appendix, I report the dynamics of earnings announcement returns

after the portfolio formation to connect with prior studies and to highlight the di�culty of

distinguishing di�erent theories by examining return dynamics. I split all stocks into two

groups. One group includes stocks that are covered by two analysts and satisfy all the data-

cleaning criteria (the stock sample used in the main results), and the other group includes

stocks that are not covered by two analysts but otherwise satisfy all the data-cleaning criteria

employed in this paper. Across both groups, I �nd that winner stocks generally have higher

earnings announcement returns than loser stocks in the �rst six months of the holding period.

Interestingly, the positive cross-sectional di�erence in earnings announcement returns between

winner and loser stocks is statistically signi�cant for six months among stocks that are covered

25Kishore, Brandt, Santa-Clara, and Venkatachalam (2008) show that the earnings announcement returns
include more information than cash �ow news. One interpretation of their results is that earnings announce-
ments release a great deal of information regarding the riskiness of the business prospects, which a�ects the
discount rate. Dubinsky and Johannes (2006)) �nd that market participants expect a large amount of un-
certainty to be resolved around scheduled announcement windows using option data. Thus, expected returns
are also likely to play a non-negligible role in announcement returns.
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by two analysts, but it is only statistically signi�cant for three months among stocks that

are not covered by two analysts. This discrepancy between two groups is consistent with my

main �nding that winner stocks have more positive cash �ow expectation errors.

In the reversal phase from month 7 to month 24, among stocks covered by two analysts,

winner stocks have signi�cantly more negative earnings announcement returns most of the

time, which is consistent with earlier studies, such as Chopra, Lakonishok, and Ritter (1992)

and Porta, Lakonishok, Shleifer, and Vishny (1997). In contrast, among stocks covered by

two analysts, the cross-sectional di�erence in earnings announcement returns between winner

and loser stocks is not always negative, and except for the last three months, the cross-

sectional di�erence is statistically signi�cant from zero. For example, if one examines months

9 to11, among stocks covered by two analysts, winner stocks underperform by approximately

0.39% during the three-day earnings announcement windows, while among stocks covered

by two analysts, winner stocks only underperform by approximately 0.06%. This interesting

discrepancy between the two groups is consistent with all three models. In the HS model,

the price extrapolation causes winner stocks to underperform in the reversal phase. For

stocks followed by analysts, because earnings forecast errors are still more positive for winner

stocks in the reversal phase, the earnings surprises will be more positive for winner stocks,

thereby reducing the return reversal around the earnings announcements. In contrast, in the

DHS and BSV models, cash �ow extrapolations cause return reversal. For stocks followed

by analysts, because the forecasts do not exhibit an overreaction bias, the return reversal is

insigni�cant around announcements. For stocks that are not followed by analysts, although I

do not observe forecasts for these stocks, it is possible that there is overreaction in cash �ow

expectations: an explanation for the strong return reversal around announcements. This again

highlights the di�culty of distinguishing di�erent theories by examining return dynamics and

the necessity of directly studying the dynamics of cash �ow expectations.
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7.4 Applicability of the Methodology

The test design I propose in this study is a general one. For any asset pricing model that

relies on the dynamics of cash �ow expectations to generate speci�c return regularities, I can

test the implied moment conditions of cash �ow expectations. These moment conditions are

particularly informative when models are designed to �t return patterns and thus are di�cult

to test by examining the moment conditions of returns.

8 Conclusion

Despite voluminous research on momentum and reversal, discriminating among competing

explanations of momentum and reversal has remained an unresolved challenge. In this study,

I propose to distinguish among the three most prominent behavioral models by examining

their predicted pattern of cash �ow expectation errors. I carefully construct the proxy for

cash �ow expectations from earnings forecasts and trace the dynamics of expectation errors

over a two-year holding period, during which returns are characterized by a momentum phase

followed by a reversal phase. I �nd that winner stocks have signi�cantly more positive cash

�ow expectation errors than loser stocks over both the momentum phase and the beginning of

the reversal phase. The large positive cross-sectional di�erence in cash �ow expectation errors

between winner and loser stocks gradually shrinks to zero over the holding period. I obtain

similar results either by examining the portfolio median expectation errors or by examining

the expectation errors at the individual stock level in a regression setting. The results are

robust to whether I use nearest quarterly forecasts or two-year-ahead forecasts. The results

are also robust to a regression setting that controls for analyst-speci�c sluggishness. When I

rank stocks by the underreaction severity of the analysts who cover them, I �nd momentum

is stronger among stocks with the highest underreaction ranking. Taken together, the results

are most consistent with the prediction of Hong and Stein (1999), in which underreaction in

cash �ow expectations drive return momentum, but price extrapolation is needed to generate

reversal. I also examine the dynamics of forecast revisions and the dynamics of earnings

announcement returns in the holding period. Both results corroborate the main conclusion.
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While the results are most consistent with Hong and Stein (1999), direct evidence on the

price extrapolation behavior of momentum traders is needed to further validate the model.

Greenwood and Shleifer (2013) �nd direct evidence for price extrapolation at the aggregate

market level, but evidence at the stock level is scant. Future research on this front will comple-

ment this study in providing the empirical basis for behavioral theories that use extrapolative

expectations to generate reversal-like return predictability.

The methodology used in this paper can be directly applied to study the patterns of

cash �ow expectation errors underlying other return regularities in the equity market. The

identi�ed patterns could shed light on the plausible uni�ed mechanism involving cash �ow

expectations behind these phenomena, and could provide informative moment conditions to

pin down the parameters of behavioral biases in related structural estimations.
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Figure 1: Illustration of Model 1�Daniel, Hirshleifer, and Subrahmanyam (1998)
In the upper panel, the dashed line represents rational expectations, an unbiased estimate of future cash �ows;

the black line with an arrow represents the cash �ow expectations in the model. The momentum (reversal)

phase is the phase in the holding period in which winner stocks outperform (underperform) loser stocks. In

the lower panel, the green (lighter) line represents the dynamics of cash �ow expectation errors for winner

stocks; the red (darker) line represents the dynamics of cash �ow expectation errors for loser stocks. The

dashed line represents the other possible prediction of the model (see footnote 9).
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Figure 2: Illustration of Model 2�Hong and Stein (1999)
In the upper panel, the dashed line represents rational expectations, an unbiased estimate of future cash �ows;

the black line with an arrow represents the cash �ow expectations in the model. The momentum (reversal)

phase is the phase in the holding period in which winner stocks outperform (underperform) loser stocks. In

the lower panel, the green (lighter) line represents the dynamics of cash �ow expectation errors for winner

stocks; the red (darker) line represents the dynamics of cash �ow expectation errors for loser stocks.
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Figure 3: Illustration of Model 3�Barberis, Shleifer, and Vishny (1998)
In the upper panel, the dashed line represents rational expectations, an unbiased estimate of future cash �ows;

the black line with an arrow represents the cash �ow expectations in the model. The momentum (reversal)

phase is the phase in the holding period in which winner stocks outperform (underperform) loser stocks. In

the lower panel, the green (lighter) line represents the dynamics of cash �ow expectation errors for winner

stocks; the red (darker) line represents the dynamics of cash �ow expectation errors for loser stocks.
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Figure 4: Summary of the Competing Predictions
The green (lighter) line represents the dynamics of cash �ow expectation errors for winner stocks; the red

(darker) line represents the dynamics of cash �ow expectation errors for loser stocks. The dashed line represents

the other possible prediction of the DHS model (see footnote 9).
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Figure 5: Timeline for Portfolio Construction
At the end of each month t, I form momentum quintile breakpoints from all NYSE �rms based on their past

11-month returns. Then, I sort all stocks into momentum quintile portfolios based on these breakpoints and

held for 24 months. To calculate the consensus forecast for stock i in the �rst month after the portfolio

formation month t, in a quarter-long window from month t + 1 to t + 3, I collect all newly issued analyst

earnings forecasts made for the �scal year end that is closest to month t + 1 but still at least six months

away from month t + 1. The forecast horizon thus ranges from 6 months to 18 months, with the average

approximately one year. If one analyst issues more than one such forecast in the quarter-long window, I

choose the latest one. I calculate the median of these forecasts for stock i and call it the consensus forecast

AF it,t+1→t+3,T1
. Note that t signi�es that stocks are sorted on momentum at time t, t + 1 → t + 3 signi�es

that the forecasts are issued between month t+1 and month t+3, and T1 signi�es forecast for the �scal year

end.
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Figure 6: Di�erences in Cumulative Returns between Winner and Loser Portfolios
I form momentum quintile breakpoints from all NYSE �rms based on their past 11-month returns. Then, I

sort all stocks into momentum quintile portfolios based on these breakpoints and held for 24 months. The

winner-minus-loser portfolio is formed by taking a long position in the highest quintile portfolio and a short

position in the lowest quintile portfolio. Sorting is done monthly between 1988/1-2008/6. Returns are equally

weighted returns. Average returns in each month of the holding period are calculated by averaging over

di�erent portfolio-formation months. Cumulative returns are calculated by summing the average monthly

returns over the holding period.

44



0 6 12 18 24
−0.25

−0.2

−0.15

−0.1

−0.05

0

0.05

0.1

Month after the Portfolio Formation

F
o

re
ca

st
 E

rr
o

rs

Forecast Errors in the Holding Period

 

 
loser
winner

Figure 7: Dynamics of Forecast Errors for Winner and Loser Portfolios in the Holding Period
I form momentum quintile breakpoints from all NYSE �rms based on their past 11-month returns. Then,

I sort all stocks into momentum quintile portfolios based on these breakpoints and held for 24 months. In

overlapping quarter-long windows within the holding period, I calculate the consensus forecast by taking the

median of the newly issued forecasts for the closest �scal year end that is at least six-month away. Forecast

errors are actual earnings minus the consensus forecast. I calculate the portfolio median forecast errors for

each of the overlapping quarter-long windows and then take the time series average of these forecast errors.

The �rst dot represents the time series average of the forecast errors for forecasts made in the �rst quarter-long

window (month 1 to month 3) in the holding period. The second dot represents the time series average of

forecast errors for forecasts made in the second quarter-long window (month 2 to month 4) in the holding

period. Asterisks connected by dashed lines represent the 95% con�dence interval for the time series average

forecast errors, using Newey-West standard errors with 18 lags.
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Table 2: Characteristics for Momentum Quintile Portfolios

Stocks in the sample are non-�nancial common stocks in NYSE, AMEX, and NASDAQ with nonmissing
returns for the past 18 months, price per share greater than $5, market value larger than the NYSE bottom
size decile, positive book equity, more than three year COMPUSTAT records, and at least two analysts'
forecasts for the current �scal year and two analysts' forecasts for the next �scal year within the past quarter.
Every month, stocks are sorted into momentum quintile portfolios by the past 11-month returns. Quintile
breakpoints are calculated based on NYSE stocks only. Sorting is done monthly from 1988/1-2008/6. P1-P99
are variable values at corresponding percentiles. Market capitalization is measured at the end of the portfolio-
formation month. Book-to-market ratios for July year t to June year t+1 are the ratio of book equity of �scal
year t− 1 over the market value at December year t− 1. The number of following analysts are the number of
analysts who issue annual forecasts in the last quarter for the nearest �scal year that is at least six months
away.

Market Capitalization ($Millions)

Mom_Quintile Mean P1 P25 P50 P75 P99

1 3,104 69 282 611 1,658 51,286

2 5,385 75 441 1,111 3,222 78,893

3 6,333 90 579 1,448 4,162 87,930

4 6,314 94 590 1,491 4,377 84,842

5 4,867 84 434 1,029 2,904 72,328

All 5,129 79 429 1,067 3,122 74,586

Book-to-market Ratio

Mom_Quintile Mean P1 P25 P50 P75 P99

1 0.64 0.04 0.29 0.49 0.80 2.96

2 0.58 0.05 0.28 0.46 0.75 2.29

3 0.53 0.04 0.26 0.43 0.69 2.04

4 0.46 0.03 0.22 0.36 0.59 1.76

5 0.31 0.01 0.12 0.23 0.39 1.40

All 0.49 0.02 0.21 0.38 0.64 2.19

Number of Following Analysts

Mom_Quintile Mean P1 P25 P50 P75 P99

1 7.83 2 4 6 10 26

2 7.82 2 4 6 10 26

3 7.72 2 4 6 10 25

4 7.58 2 4 6 10 25

5 7.36 2 4 6 9 26

All 7.65 2 4 6 10 25
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