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Two Essays on Asset Prices

Umut Celiker

ABSTRACT

This dissertation consists of two chapters. Th&t thapter examines the role of growth
options on stock return continuation. Growth opsi@ne both difficult to value and risky.
Daniel, Hirshleifer and Subrahmanyam (1998) argo& thigher momentum profits
earned by high market-to-book firms stem from inwes higher overconfidence due to
the difficulty of valuing growth options. Johnsa2002) and Sagi and Seasholes (2007)
offer an alternative rational explanation whereiavgh options cause a wider spread in
risk and expected returns between winners and dogéris paper suggests that firm-
specific uncertainty helps disentangle these tvfer@int explanations. Specifically, the
rational explanation is at work among firms witkvlirm specific uncertainty. However,
the evidence is in favor of the behavioral explemmafor firms with high firm specific
uncertainty. This is consistent with the notionttinestors are more prone to behavioral
biases in the presence of firm-specific uncertaary the resulting mispricings are less
likely to be arbitraged away.

The second chapter examines how investors cagtaliferences of opinion when
disagreements are common knowledge. We conductvant estudy of the market's
reaction to analysts' dispersed earnings fore@ssions. We find that investors take
differences of opinion into account and dot exhibit an optimism bias. Our findings
indicate that the overpricing of stocks with higbrefcast dispersion is not due to
investors' tendency to overweight optimistic expgons, but rather due to investor
credulity regarding analysts' incentives. Our filgsi support the notion that assets may
become mispriced when rational investors face strat uncertainties as proposed by
Brav and Heaton (2002).
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Chapter 1

What Drives the Enhanced Momentum Profits of GrowthFirms?
Mispricing or Risk
1.1 Introduction

Jegadeesh and Titman (1993), using a U.S. samN& 8E/AMEX stocks for the period
1965 to 1989, document that a strategy of buyiegkst with recent high returns and selling
those with recent low returns yields statisticallyd economically significant profits. Following
this study, many studies have documented the existand robustness of momentum profits in
many other stock markets around the wdrilthough the profitability of momentum strategies
is not very controversial, what drives it is ledeac. Both risk-based and behavioral theories
have been proposed in search of an explanatiahéopositive autocorrelation in stock retufns.

Momentum profits vary within the cross-section iofis. There is an extensive literature
documenting that momentum profits can be enhangedhbosing recent winners and losers
strategically based on firm-specific variables. Egample, momentum profits are found to be
closely related to trading volume (Lee and Swanhiaat 2000), the market-to-book ratio
(Asness, 1997, Daniel and Titman, 1999), analygeame and firm size (Hong, Lim and Stein,
2000), and dispersion in analysts’ earnings fortscagrardo, 2009).

A particularly material relation is the one betwewarket-to-book ratio and momentum.
Although higher momentum profitability among higlarket-to-book firms is empirically well-
documented, the underlying reasoning is not cléaro prominent explanations differ with
respect to their assumptions regarding investonomrality. Daniel, Hirshleifer, and
Subrahmanyam (1998; hereafter DHS) and Daniel atmdaf (1999) argue that this momentum
profitability differential is due to the larger miscing of securities with more opaque
information environments, e.g., high market-to-bdiokns have more growth options. Lack of
tangible information, in turn, makes investors kd those stocks more susceptible to
behavioral biases, particularly overconfidence. Eaample, Einhorn (1980) suggests that
overconfidence tends to be more severe for taséis rdquire more judgment and less for

! Rouwenhorst (1997, 1998) documents the existencenarhentum for 20 emerging markets and European
countries. Chui et al. (2000) finds the return awmdtion for several Asian markets. Jegadeesh atmaah (2001)
show that momentum profits persist for the U.S.kmafollowing their initial sample period.

2 Among these are Daniel, Hirshleifer and Subrahraamy1998), Barberis, Shleifer and Vishny (1998)ngl@nd
Stein (1999), Hong and Stein (2007), Johnson (2@&k, Green and Naik (1999), Sagi and Seasha&d7().



mechanical tasks such as solving arithmetic probleccording to the DHS model,
overconfidence and self-attribution biases may eausspricings and return continuation in the
following way. First, overconfident investors owesict to their private information. Furthermore,
the self-attribution bias of investors, which ispparted by evidence from the psychology
literature, causes them to attribute successdgetodwn skill and perceive failures as sabotages.
This implies that confidence, on average, increases time as news arrive, which in turn
causes a further overreaction and return contionalihe prima facie implication of this model
is an overreaction to both good and bad news. Hewewve could expect under reaction to
negative disconfirming news as long as prices aterthined by the most optimistic buyers with
self-attribution bias.

Johnson (2002) offers a rational mechanism whertbley existence of risky growth
options may cause the observed momentum returnsordiag to this model, winners have
higher expected growth rates than losers. Moredher]og firm value is a convex function of
expected growth rates, implying an increasinglysgese relation between expected returns and
growth rates when the growth rate is highdherefore, winners have higher growth rate risk
and expected returns than losers if expected groawéhrisk carries a positive premium. Using a
similar insight that does not rely on investor tiwaality, Sagi and Seasholes (2007) argue that
growth options, which are riskier than assets-gep| tend to increase in value more for firms
that have recently performed better. Hence, pashevs have higher risk and expected returns
than past losers. According to this rationale, gdpeead between winners and losers in terms of
risk and expected returns is expected to be ldogdirms with more growth options.

While the behavioral theory does not discriminaenteen losers and winners in terms of
their contribution to the momentum profitabilityfférential between value and growth firms, the
rational explanation predicts this differentialdoginate primarily from recent winners. In both

Johnson (2002) and Sagi and Seasholes (2007)ptheex relation between log firm value and

% This is likely to be the case for most types afureing events such as announcements of earningdedds and

analyst forecasts. However, it may not be trueefdreme non-recurring events where overconfidenttsdellers

may cause an overreaction to negative news. lropimion, this latter scenario is unlikely to petsied create the
patterns of momentum profits that are observed sixetio twelve months period.

* In its simplest form, convexity can be shown byngsGordon (1962) deterministic dividend growth rabd

p= L where p is stock price, d is dividend, k is distorate and g is growth rate. Lgt = Ep be the price

k-g

dividend ratio. Then, 9InY _ 1 4 0° In2Y =__1 ~>0.
g  k-g 99 (k-9)




growth rate assigns a central role to winners imegating momentum profits if shocks in growth
rates are positively related to past price chanigea. similar vein, this convex relation implies
that growth winners are expected to show greatermepersistence than value winners since
winners with more growth options are more likelyetxperience larger positive changes in their
expected growth rates, which will in turn causeatgeincreases in their risk and hence expected
returns. Moreover, the increasing risk due to tfes@nce of a valuable growth option dominates
the decreasing risk effect of leverage for winn@itse same convex relation, on the other hand,
implies that the prediction of growth options basis#l explanation for losers is not as strong as
that for winners. This argument is intuitive beadsr the same level of past performance,
growth losers are likely to have higher expectexivgin rates than value losers.

Despite the central role growth options appearlay for the momentum phenomenon,
the existing empirical literature is not able teatiminate between the behavioral and risk-based
explanations. In this paper, we focus on the rbidiosyncratic volatility in the relation between
return continuation and growth options. We expduaigsyncratic volatility to be a central factor
shaping the relation between momentum profits amaket-to-book for at least two reasons.
First, to the extent that firms with high idiosyatc volatility are more difficult to value,
behavioral biases would interfere more with thecipg of these securities. Hence, behavioral
theories predict greater mispricings and momentanfifms with high idiosyncratic volatility.
Second, Shleifer and Vishny (1997) and Pontiff @0@ssign idiosyncratic volatility an
important role in limiting arbitrage. In the Shkifand Vishny (1997) model, idiosyncratic
volatility deters arbitrage activity since arbiteags are poorly diversified. Moreover, Pontiff
(2006) argues that the willingness of a risk-avexdstrageur to allocate capital to a mispriced
security would be less for high idiosyncratic voigt stocks regardless of the number of stocks
in his portfolio. Therefore, both greater behavidriases and lower probability of arbitrage are
expected to contribute to the mispricing of stoekth high idiosyncratic volatility.

We find evidence supporting both behavioral anktbiased explanations, albeit for firms
that differ with respect to their idiosyncratic atlity. Using independent sorts and Jegadeesh
and Titman (1993) calendar-time momentum strategwesfind an asymmetric contribution of

losers and winners into the momentum profitabitiiiferential between value and growth firms

® Ali, Hwang and Trombley (2003) argue that idiosyatic volatility limits arbitrage and contributeigsificantly to
the value premium. Also, Daniel and Titman (20060w& that book-to-market ratio owes its predictivslity of
future returns to being a strong proxy for pasangible returns.



in relation to idiosyncratic volatility. For firmsith low idiosyncratic volatility, past winners are
the primary drivers of the momentum profitabilitiffedrential between value and growth firms.
Portfolio analysis indicates that growth firms edm7% (t-statistic=3.13) more abnormal
momentum returns per month compared to value fangsvalue winners underperform growth
winners by 0.39% (t-statistic=3.62) abnormal resuper month. On the other hand, past losers
generate the momentum differential between valug gnowth firms with high idiosyncratic
volatility. That is, growth firms earn 0.39% (t-8&tic=2.68) more abnormal momentum returns
per month than value firms and losers of growtiméirunderperform those of value firms by
0.46% (t-statistic=3.72) abnormal returns per month

The behavioral explanation predicts subsequentrsaisee of momentum profits. For
example, Hirshleifer (2001) contends that one egmrediction of recent behavioral theories is
that firms with larger momentum should experienceatger reversals. If growth firms have
higher momentum due to more severe mispricings We should expect growth firms to have
greater reversals as well. On the other hand, dhenal explanation based on growth options
does not predict reversals. For example, JohndadRj2argues that growth rate shocks should be
sufficiently persistent in order to generate inigxpected return spread between winners and
losers. In the period subsequent to the initial rotmm holding period, we find that growth
stocks as a whole experience reversals, and tieesesals are concentrated in those with high
idiosyncratic volatility. The nonexistence of resals in growth firms with low idiosyncratic
volatility provides further support for the ratidnexplanation. Furthermore, reversals among
high idiosyncratic volatility firms are mostly conéd to growth firms, which suggest that both
growth options and idiosyncratic volatility playdependent roles in creating momentum through
mispricings.

We further show that winners are the major soufaewersals among growth firms with
high idiosyncratic volatility. For example, winneirs this group earn 0.48% (t-statistic=4.37)
abnormal returns per month during the first six therafter portfolio formation. Subsequently,
they lose 0.12% (t-statistic=1.09) abnormal retupes month in the following six months.
During the second year, they go on to underpertoyr.40% (t-statistic=3.08) abnormal returns
per month. In contrast, growth losers with highogjincratic volatility experience drifts in
abnormal returns for the first year following poiid formation and no statistically significant

reversals thereafter.



A possible alternative explanation for the revessdlwinners may be based on a recent
different line of literature which suggests thatnf with valuable risky growth options
experience declines in risk upon exercising groggpkions (Carlson, Fisher, and Guimmerano
(2004, 2006)). Inconsistent with this argument, ste®w that both low- and high-investing
growth firms with high idiosyncratic volatility expience reversals. Furthermore, firms with the
same level of high investment but with low idiossatec volatility do not show subsequent
underperformance. These findings suggest that @adsal. (2004, 2006) explanation is not the
primary driving force behind the reversal of winser

In a nutshell, this paper documents that:

(i) Among firms with high idiosyncratic volatilityhigher momentum profits earned by
growth firms are primarily due to the poor performoa of past losers.

(i) Among firms with low idiosyncratic volatilitythe difference in winners drives the
higher momentum profits of growth firms.

(iif) There is no evidence of reversals for grovitms with low idiosyncratic volatility.

(iv) There is a significant reversal of momentunofpgs for growth firms with high
idiosyncratic volatility.

(v) The primary source of this reversal is thésaguent underperformance of past
winners.

Overall, our findings provide support for the majote of idiosyncratic volatility in
disentangling two different explanations. Amongri& with low idiosyncratic volatility, the
greater contribution of past winners to the momenguofitability differential between value and
growth firms and the non-existence of reversalsuhsequent periods are consistent with risk-
based explanations of Johnson (2002) and Sagi eash8les (2007). On the other hand, among
firms with high idiosyncratic volatility, both rev&als of growth winners and the larger drift of
growth losers are consistent with the behaviorglanation in the manner that growth options
result in greater overconfidence due to their dify of valuation. These findings suggest that
the behavioral explanation is at play through batverreaction to positive news and
underreaction to negative news. In other words, jthat effect of growth options and

idiosyncratic volatility is more likely to resulhioverpriced securities than underpriced ones.



We structure the rest of the paper in four sectid®dsction 2 discusses the data,
methodology, definition of variables and marketteta Section 3 presents the main empirical

findings. Section 4 concludes the paper.

1.2Data

Stock return data for NYSE, Amex and Nasdaq stacksextracted from the Center for
Research in Security Prices (CRSP) monthly stdek.fFollowing standard convention, we limit
our analysis to common stocks with share code®afrtl 11 in the CRSP U.S. Stock datafase.
We exclude stocks with share prices below $5 ankenaapitalizations below the #INYSE
size percentile at the beginning of the holdingiqeeto minimize the market microstructure
based concerris.

All accounting information is from COMPUSTAT annuies. Following Daniel and
Titman (2006), we define a firm’s market-to-bookigaas the market value of equity based on
CRSP data at the end of December of year t dividethe total book value of the equity at the
firm’s fiscal year end in year t. We compute the@lealue of equity in the following way. We
first obtain shareholders’ equity. We use stockbdtequity (data216) for shareholder’'s equity.
If it is missing, we sum Total Common Equity (da@pénd Preferred Stock Par Value (datal30).
If either of them is missing, we subtract Totalildies (datal81) from Total Assets (data6). If
none of these three ways yield non-missing valwestake the book value of equity as missing.
Then, book value of equity is computed as subtngctihe preferred stock value from
shareholders’ equity. We first try redemption va{data56) for the preferred stock value. If it is
not available, we try liquidating value (datalOpdmally carrying value (datal30). If all three
measures of preferred stock value are missingreet book value of equity as missing. Finally,
we add balance sheet deferred taxes (data35)stodhie, if available.

The next primary variable of interest is the idiosratic volatility of a firm. Following
McLean (2010), we compute idiosyncratic volatilag the standard deviation of the residuals
obtained from the regression of monthly returnsinofividual stocks on the S&P 500 index
returns over the past 36 months prior to the photflormation date. We call this variable

“mivol”. This restricts our sample to firms haviagleast three years of return data in CRSP. We

® We exclude American Depository Receipts (ADRs), Shares of Beneficial Interest (SBls), certificates, Real Estate
Investment Trusts(REITs), closed-end funds, and companies incorporated outside the U.S.
7 Using 10th or 20th NYSE/Amex size cut-off points does not materially affect the results.



replicate our results by using a single factor raarkodel and Fama and French (1993) three
factor model. Since the results do not alter maligriwe report only the results obtained from
“mivol”. ®

We estimate systematic risk, beta, as in Fama aedck (1992). We first find the
preranking betas by using the previous 60 monthistafns in the market model. We then assign
stocks to 10*10 portfolios on the basis of size prefanking betas each June of year t. Firm size
is measured by the market value of equity (the pecodf the month end price and outstanding
number of shares). Next, we compute the equal-weigreturns for each portfolio from July of
year t to June of year t+1. We run full sample esgions of the portfolio return on the current
and one month lagged market returns. The sum dfatbeslopes is assigned to all stocks within
that portfolio. We include lagged market returnsondler to prevent problems associated with
nonsynchronous trading (Dimson, 1979).

We follow the Jegadeesh and Titman (1993) caletiher methodology in calculating
momentum profits. This methodology produces a ts®ees of monthly momentum returns
while avoiding biases in standard errors due t@@rtelation, which makes it possible to use
conventional standard errors to evaluate the statissignificance of momentum returns. For
each month in the sample period, we rank stocksquintiles based on the cumulative returns
over the past J months (formation period). Thegeorming quintile is called winner and those
in the worst performing one is called loser pordolThese portfolios are held for the next K
months (holding period). We skip a month betweemmédion and holding periods to avoid
problems due to microstructure effects. Since newfgios are formed in each month, we
measure the return on a momentum portfolio in @mgigalendar month as the equal weighted
average of K portfolios that remain open in thdeedar month. For example, the month t+1
momentum return (e.g., loser or winner quintile)his equal-weighted average of the month t+1
returns of portfolios formed at months t-6, t-3L, %3, t-2 and t-1. This is equivalent to revising
1/K of a portfolio each month. To determine whetliee covariances between momentum
portfolios and possible risk factors play significaoles in the observed patterns, we estimate the
abnormal returns based on Fama and French (19883-tactor model. Specifically, we run the

following time-series regression using monthly resu

¥ We also measure the idiosyncratic volatility by skipping the last six months. Our findings do not change
significantly.



Rp,e,t =a,, + lgmkt X (Rmt - rf,t) + IBSMB X SMB + IBHML X HML, + Ent

where R ., is the excess monthly return for portfolio (B, —r; ,) is the excess market return;

pet
SMB is the Fama-French small firm factor; and HMlthie Fama-French value facfor.

We pay particular attention to the state of thek®eiasince both behavioral and risk-based
models predict higher momentum returns in up mark&ervais and Odean (2001) argue that
investors may become more overconfident in up stsitece they, in the aggregate, are in long
positions. So, if overconfidence is the source afmmantum returns, DHS predict higher
momentum in up markets. In the Hong and Stein (18@®&del, the overreaction is due to trend-
chasing by “momentum traders”. They further argha the level of this overreaction decreases
with the risk-aversion of momentum traders. Todktent that risk aversion declines with wealth
(Campbell and Cochrane, 1999, and Barberis, HuawugSantos, 2001), this model predicts
lower momentum returns following low market retuthsOn the risk-based side, Sagi and
Seasholes (2007) argue that growth options are @mionadant and easier to access following
market gains, leading to the expectation of great@mentum returns in up markets.

Consistent with the predictions of these theorm®yvious literature has documented
empirical evidence that momentum profits are relatemarket states. Chordia and Shivkumar
(2002) argue that macroeconomic indicators cana@x@ significant part of momentum profits.
However, Cooper et al. (2004) show that the expaggoower of a macroeconomic model is
not robust to common filters that are used to rategnarket microstructure biases (i.e., skipping
a month between formation and holding periods @& dwoilar price screen). Cooper et al. (2004)
suggest that investors’ behavioral biases will Eatpr following market gains. Using a sample
period of 1929 to 1995, they show that momentunfiggr@are nonexistent in down markets,
categorized as such if the previous three-year etagturn is negative. Furthermore, they show

that momentum returns are statistically significaxtept for the lowest quintile on the basis of

° We obtain the time-series of SMB, HML and excessrketareturns from Kenneth French’'s website
(http://mba.tuck.dartmouth.edu/pages/faculty/keméhj. For details on portfolio construction, see Faarad
French (1993).

1% According to the Barberis, Shleifer, and Vishnyq&Pframework, momentum and subsequent reversalsma
result of conservatism and representativenessdifis¢hat model, investors overreact to low weighiigh strength
news and underreact to high weight — low strengthian This argument is based on Griffin and Tve(d/@§92) who
use recommendation letter example to clarify theghteand strength of new information. The ‘weigtdfers to the
credibility of the letter writer and ‘strength’ ek to the level of positivity of the letter. As @er et al. (2004)
argue, testing the implications of this model regsiiidentification of news according to their sg#mand weight.
Similarly, it is also not clear whether there isetation between growth options and types of néwsthermore,
conservatism bias is expected to be greater foemalid firms such as value firms.




market returns during the prior three years. SityilaAntonio et al. (2010), using the
Conference Board sentiment data and sample pefit867-2008, show that momentum profits
are not observed within the lowest 30% of markatest on the basis of sentiment. Following
Cooper et al. (2004), we calculate the return efvalue-weighted market returns including the
dividends over the 36-month period prior to theibeigg of the momentum strategy’s holding
period™* We sort holding periods into quintiles based dm teturn. If that return falls into the
bottom 20% of market returns, we classify it asowml state. The remaining four quintiles are
classified as up statés.

In Panel A of Figure 1.1, we present the numbedavin states in each calendar year for
the period 1965 to 2010. These figures show thaidmonths are clumped in three periods. The
first is the 1970s where Western countries expeadrecessions due to the oil embargoes by
the Arab countries in 1973. The second is 2000€hvboincides with the burst of the dot-com
bubble. Finally, the late 2000s experience a fir@mzisis related to the securitization of real
estate mortgages and irresponsible lending pracbgefinancial institutions. Many economists
refer to this period as “Great Recession”. In sung almost unquestionable that there is much
less overconfidence and growth options during arldwing these periods. Panel B of Figure
1.1 plots the equally-weighted momentum return®scrdifferent market states. This figure
shows that momentum profits are nonexistent onlthiwithe bottom 20% of market states.
Similarly, momentum profits in growth firms are ts#ically significant in all market states
except the worst quintile of states.

Panel A of Table 1.1 reports raw and abnormal nmdume profits separately for up and
down states. Using the entire sample period 196®1d® including all 552 months, the equally-
weighted calendar-time momentum strategies (J=@)Kaeld a raw monthly return of 0.75%
with a t-statistic of 4.56. The Fama-French (1988ge-factor adjustment does not explain the

profitability of momentum strategy: The monthly albmal return is 0.90% with a t-statistic of

" The correct definition of a market state is an efoai issue. In our untabulated results, we firat tithen past 12
months market return is at its top 50% and pasim®®iths market returns is at the bottom 20%, monmntu
strategies are not profitable. On the other hah@, teverse case produces significant momentum tgrofi
Furthermore, the correlation between Baker and Wu@007) sentiment index and past 12 month reisimnly
0.03. However, it is 0.36 for past 36 month ret@imilar values hold for Conference Board sentiniedéx.

2 We also tried classifying a down state if the jmas market return is negative. This decreasesitieber of
observations but doesn’t change the results fdr bptand down markets. In another definition, fcaraple, for the
(J=6, K=6) strategy and the holding month of Decen900, we take the average of the past 36 mauthsilative
market returns for each of the previous 6 montkgping a month, October, September, August, Jllyme, and
May of 2000. Results remain the same qualitatively.



5.51. Conditioning on market states confirms thatmantum strategies do not work in down
states. The Fama-French 3-factor alpha is 1.14-$@{t6.67) in up states, whereas it is -0.07%
(t-stat=-0.17) in down states.

In Panel B of Table 1.1, we report the sample sumirstatistics for up and down states.
Consistent with the argument that firms becomeerlds exercising their growth options in up
states, investment ratios measured as the ratibeofum of capital expenditures and research
and development expenses to the total assetsrasweoage, 25% more in up markets. Similarly,
sales growth and profitability measures such agmein assets and return on equity are greater
in up states. There is also a significant diffeeesbhetween up and down states in terms of wealth
change during the past three years, consistentmitte overconfidence and less risk aversion
arguments in up states. Furthermore, down stageasmociated with higher volatilities consistent
with Bekaert and Wu (2000). In sum, the nonexistesicmomentum profits both at the overall
and within growth firms require us to focus on tgtes in order to be better able to understand
the underlying process of the momentum profitapidifferential between value and growth

firms.

1.3Main Results

1.3.1. Market-to-book and momentum returns

This section presents evidence on how momentunrnetuary across firms with
different market-to-book ratios which are used gwaxy for the presence of valuable growth
options. We form momentum portfolios by indepentiesbrting stocks on the basis of previous
six months cumulative returns and market-to-bodiosa The market-to-book ratio is measured
at the end of December of year t-1 and used fgrdt#olio formation months from June of year
t to May of year t+22 The lag between measurement of market-to-bookf@maing portfolios
is to ensure that our tests do not have a lookehlhems. We use quintiles in each direction,
yielding twenty five portfolios. We follow the caldar-time approach as discussed in detail in
the previous section to obtain reliable inferenfi@sstatistical significance that addresses the
potential serial correlation problem due to oveplag return periods. Table 1.2 reports the

Fama-French (1993) three-factor alphas for botangpdown markets.

B Using market values measured at the prior month do not affect our findings.
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Panel A of Table 1.2 shows that momentum profitsp states are statistically significant
in all market-to-book quintiles and strengthen witle market-to-book ratio. The abnormal
momentum returns are 0.83% (t-statistic=4.90) pentim for value (low market-to-book) firms
and 1.48% (t-statistic=7.49) for growth (high marteebook) firms. The difference in monthly
abnormal returns between value and growth firn&68% (t-statistic=4.08). On the other hand,
momentum strategies in down states do not yieldifsignt profits in any of the quintiles based
on market-to-book ratios. For example, value fieasn 0.33% abnormal momentum returns per
month but its t-statistic is only 0.78.

The momentum profitability differential between gith and value firms is entirely due
to the difference in the performance of losers.v@hnofirms with the lowest past returns earn -
0.94% (t-statistic=-6.64) monthly abnormal returbereas value firms earn -0.37% (t-
statistic=-3.10). This yields a difference of -O/bt-statistic=-4.57) which constitutes 87.6% of
the momentum profitability differential between gith and value firms. On the other hand,
there is no statistically significant differencetween winners of growth and winners of value
firms.

The observation that the momentum differentiaweein growth and value firms is
primarily due to the difference in losers is nonsistent with the growth options based risk
explanation. As long as growth options are riskied winners are better able to undertake these
options, there should be a difference in termsetifrn persistence across winners with different
levels of growth option$’ According to the risk-based explanation, winneithwinore growth
options are expected to have greater growth rates winners with less growth options. Hence,
the increase in expected returns should be laggewinners with more growth options. On the
other hand, the difference in losers with differémtels of growth options seems to be more
consistent with behavioral theory which predict®msger persistence in returns of growth firms
for both losers and winners. In untabulated redoltghis 5*5 analysis, we find that there are

strong reversals of momentum profits of growth 8rim the second year following the formation

14 Results do not change materially when we use 3*5, 5*3, 3*3, or 3*4 sortings.

> In addition to the convex relation between expected growth rates and expected returns, the positive relation
between growth options and risk may be motivated by two different arguments. First, Dechow, Sloan, and Soliman
(2004) and Berk, Green, and Naik (2004) argue that the longer duration of future cash flows expected to arise from
growth options cause a higher sensitivity to interest rates and consequently higher betas. Second, Carlson, Fisher,
and Giammariono (2004, 2006) argue that the presence of embedded options, such as delaying or expanding
growth options, have higher implicit leverage than assets-in-place, which in turn causes a higher risk.
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month. Furthermore, primary drivers of these realsrare those that have performed better. To
this end, the two-way sorting provides evidencepsuive of the behavioral explanation in the
sense misreactions increase with growth optionspadrticular, there is more overreaction

(underreaction) to past winners (losers) with ngr@wvth options.

1.3.2. Idiosyncratic volatility and momentum retsirn

In this section, our focus is on the relationshgtween idiosyncratic volatility and
momentum returns. Similar to the previous sectw@,adopt the Jegadeesh and Titman (1993)
calendar-time strategy with six month formation &otting periods and using independent sorts
of firms into quintiles on the basis of idiosynécatolatility and past returns. Table 1.3 reports
the Fama-French (1993) three-factor alphas sepafateboth up and down markets.

Panel A of Table 1.3 shows that momentum returogerase with idiosyncratic volatility.
Momentum strategies yield 0.54% (t-statistic=3.68)normal monthly returns for low
idiosyncratic volatility stocks. The same figureli87% (t-statistic=7.97) for high idiosyncratic
volatility stocks. The difference in monthly abn@mreturns between high- and low-
idiosyncratic volatility stocks is 0.83% (t-staitst5.03). Similar to market-to-book sorting, the
source of the difference is the difference in lesépsers with high idiosyncratic volatility earn -
0.91% (t-statistic=-6.27) monthly abnormal retuemsl losers with low idiosyncratic volatility
earn -0.22% (t-statistic=-1.89). The differenced$9% (t-statistic=-4.35), which is 84.2% of
total momentum profitability differential betweeow- and high- idiosyncratic volatility stocks.
The difference in winners is only 0.13% and notistigally significant. Momentum strategies in
down states do not yield statistically significaesults in any of the idiosyncratic volatility
groups.

The increasing momentum returns with idiosyncratdatility is consistent with the
behavioral models including DHS, Hong and Stein9@)9 Barberis, Shleifer, and Vishny
(1998)'° DHS model suggests that over-confidence and sibation bias leads to delayed

overreaction leading to the return autocorrelatidm the extent that stocks with high

' In two recent studies that investigate the relation between idiosyncratic volatility and momentum, Arena,
Haggard and Yan (2008) and MclLean (2010), researchers find conflicting results. As McLean (2010) argue, the
difference is due to the exclusion of small and low-priced stocks which have higher idiosyncratic volatilities. Our
findings are consistent with Arena et al. (2008) who find higher momentum profits among high idiosyncratic
volatility stocks. None of these studies investigate the effect of interaction between market-to-book and
idiosyncratic on momentum returns.
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idiosyncratic volatility are more difficult-to-vaéy DHS predict greater behavioral biases
resulting in higher momentum and subsequent relgerslang and Stein(1999) model assumes
two types of traders. First group is newswatchens Wwase their trades on private information.
Second group is trend-chasers who trade accordinidpe changes in prices. In this model,
newswatchers underreact to the information under desumption of gradual diffusion of
information. As long as the amount of firm-speciiidormation increases with idiosyncratic
volatility, there is more underreaction to news aevhleads to more return autocorrelation and
reversals. Reversals exist in this model becaws®lichasers do not know exactly where they
are taking positions, either when prices approdmh fundamentals or already exceeded the
fundamentals. Finally, according to Barberis et @998), conservatism bias leads to
underreaction to information and representativebessleads to subsequent overreaction. To the
extent that firms with high idiosyncratic volatjlithave more firm-specific information, we
expect more initial underreaction and subsequeetresction leading to greater momentum and
subsequent reversals.

Idiosyncratic volatility not only exacerbates thapiact of behavioral biases but also
limits arbitrage, e.g. Schleifer and Vishny (19@nd Pontiff (2006). To this end, combining
heightened behavioral biases and greater amouitrekpecific information with more limited
arbitrage leads to the expectation of greater méumermnd subsequent reversals for firms with
high idiosyncratic volatility. In untabulated resyl consistent with Arena et al. (2008), we
observe subsequent reversals of initial momentuafitprof stocks with high idiosyncratic

volatility.

1.3.3. Market-to-book, idiosyncratic volatility amsbomentum returns

The previous two sections confirm that momentunfitsrare increasing in both market-
to-book ratio and idiosyncratic volatility, and Heerelationships exist only in up markets. This
section investigates to what extent the effectrofugh options proxied by the market-to-book
ratio of a firm on momentum profitability variestiidiosyncratic volatility. Since both effects
are non-existent in down markets, we focus on upketa in order to have a better
understanding of the underlying process of the nmome profitability differential between

value and growth firms.
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As we have discussed, both growth options and ydiasitic volatility may result in
higher momentum due to mispricings. However, gromygtions may cause momentum through a
rational channel as well, which is more attainahla sample where mispricings are less likely.
The rationale for further separation of growth @ue stocks into subgroups on the basis of
idiosyncratic volatility is founded on the strongssaciation between mispricings and
idiosyncratic volatility. Therefore, we examine holne various levels of growth options in the
cross-section impacts return persistence in sublegigme of which is more likely to be affected
by mispricings.

To test how the relationship between momentum armitp options change with
idiosyncratic volatility, we use calendar-time sdgies and independent sortings based on
market-to-book, idiosyncratic volatility and pasturns. To keep reasonable number of stocks in
each portfolio, we employ terciles of market-to-k@mnd idiosyncratic volatility and quartiles of
past returns, resulting in thirty six portfoliosceamonth'’ Table 1.4 shows the Fama-French
(1993) three-factor alphas of losers, winners andhentum returns for different market-to-book
and idiosyncratic volatility portfolios.

We observe in Table 1.4 that both momentum prafitcsease with growth options for
different levels of idiosyncratic volatility. Withi high idiosyncratic volatility firms, the
difference is 0.39% (t-statistic=2.68). Similartte findings in two-way portfolio analysis, the
source of the higher momentum profits of growtim8ris the severely underperforming losers of
growth firms. For example, value losers have -0.48%tatistic=-3.40) monthly abnormal
returns whereas growth losers experience -0.928afistic=-6.62) monthly abnormal returns.
The difference of 0.47% is highly significant waht-statistic of 3.72. However, winners, if any,
contribute negatively to the difference in momentrtgturns between value and growth firms.
Winners of growth firms earn 0.07% (t-statistic=&).8ess abnormal returns per month than
those of value firms.

Within the low idiosyncratic volatility group, theonthly abnormal momentum return
difference between value and growth firms is 0.4%%iatistic=3.13). However, we observe that
winners are the main source of the higher momemuofits of growth firms. Winners of growth

firms earn 0.56% (t-statistic=5.55) abnormal resuper month whereas winners of value firms

In untabulated results, we confirm the existence of market-to-book and idiosyncratic effects in these new sorting
procedures. The difference in monthly alphas between growth and value firms is 0.35% (t=3.01) per month. The
same figure is 0.45% (t-stat=4.61).
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earn 0.18% (t-statistic=2.12) abnormal returns mpenth. The difference of 0.39% has a t-
statistic of 3.622 On the other hand, losers of growth firms expexed.28% (t-statistic=-2.40)
monthly abnormal returns and those of value firmsldy -0.19% (t-statistic=-1.80). The
difference is 0.09% with a t-statistic of 0.73.

The strong asymmetry in terms of the source ohtbenentum differential between value
and growth firms has important implications regagdihe validity of existing behavioral and
risk-based models that attempt to explain the maamenphenomenon. First, the greater
contribution of winners to the difference in momentdifferential of growth firms gives support
for the rational risk-based theories developeddiyndon (2002) and Sagi and Seasholes (2007).
Second, the finding that losers are the only ohes$ tause the higher momentum returns of
growth firms suggest that a rational mechanism dasegrowth options is not observable for
firms with high idiosyncratic volatility.

Table 1.5 reports the mean characteristics of mamerportfolios within each of the
nine groups independently sorted on the basis oketo-book and idiosyncratic volatility. Our
purpose in this table is to examine the extenthilvwe are able to control for formation period
returns and idiosyncratic volatility in the crossz8on while we are changing market-to-book
used as a proxy for the presence of growth optiBasel A, B and C show that we are able to
control for both formation period returns and igiosratic volatility as we move from value to
growth firms. For example, for high idiosyncratiolatility firms, value losers have an average
idiosyncratic volatility of 14.33% and the sameufig is 15.15% for growth losers. For both
formation period returns and idiosyncratic vol&filithe differences between growth and value
stocks are not statistically significant within l@md high idiosyncratic volatility subgroups.

Panel A in Table 1.5 shows that mean market-to-b@ios increase monotonically
within each idiosyncratic volatility group. For st with low idiosyncratic volatility, the mean
market-to-book is 0.91 and 3.88 for value and ghowinners, respectively. This spread is larger
for stocks with high idiosyncratic volatility. Fa@xample, the mean market-to-book ratio for
growth winners is 4.61. To see whether the higharket-to-book ratios growth firms with high
idiosyncratic volatility, in the remaining Paneld ®able 1.5, we document how future

'® We report our main results for the most common used pair of formation and holding period, (J,K)=(6,6). When
we use (J,K)=(6,12), the momentum differential between growth and value firms remains statistically significant
only for stocks with low idiosyncratic volatility.

In untabulated analysis as a robustness test, we find that excluding the smallest and largest 20% of firms do yield
similar results.
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investments of momentum portfolios vary with maxtebook and idiosyncratic volatility. We
measure future investment as the ratio of the sfincapital expenditures and acquisition
expenses. Specifically, we measure investmentedoh firm at the fiscal year end which is at
most six months earlier or five months later thaonth t+13, whichever is closer to month t+13.
We scale it with total assets measured at the higjrof that fiscal yeat® We scale investments
with total assets. We observe higher future investi for winners within each group.
Furthermore, high market-to-book firms have highg#ure investments. These results indicate
that both past returns and market-to-book ratiesralated to expected growth rates. Although
market-to-book ratios are higher for growth winnerth high idiosyncratic volatility than those
with low idiosyncratic volatility, these panels stthat there is no significant difference in terms
of future investments. This implies that high maebook ratios accompanied with
idiosyncratic volatility are more likely to captuteng-term mispricings rather than indicating

more growth options.

1.3.4. Regression analysis

In this section, we investigate the associationwbet growth options and return
continuation in a Fama-MacBeth (1973) multivarieggression framework. Specifically, we run
monthly cross-sectional regressions of the indiaidiiocks’ average monthly return over the six
months (t+1,t+6) on the cumulative return over pihevious six months (t-6,t-1) and other firm
characteristics including firm size, market-to-bawitio, beta, and idiosyncratic volatility. We
take the time-series average of monthly slope mefits and use Newey-West (1987)
methodology to correct standard errors for the @arelation induced by overlapping
cumulative returns and heteroskedasticity.

We carry out the estimation for the full samplefioins and also separately for firms
within high (top tercile) and low (bottom tercil@iosyncratic volatility groups. We include
interaction terms to measure how return continmatiaries with growth optiongsrowth and
midmbare indicator variables for stocks in the top amddle terciles of market-to-book groups,
respectively. We also include indicator variableslbsers (bottom quartile of past performance)

2% We find similar results, when we scale investments by the book equity or sales or when we use only capital
expenditures in the numerator.
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and winners (top quartile of past performance)xangine whether the effect of growth options
varies with past performance.

Table 1.6 presents the estimates from four diffespecifications for the full sample, and
low and high idiosyncratic volatility subsamplesparately. The first model shows that return
continuation is statistically significant in thellfisample and both low and high idiosyncratic
volatility subsamples. Model 2 shows that returntowation is higher for high market-to-book
stocks than low market-to-book stocks. Consistétit aur two-way portfolio analysis, Model 3
shows that there is an asymmetric effect of grosghons on return continuation regarding the
stock’s past performance. In the full sample, tffecé of growth options is larger and more
significant for losers. In Models 4 and 5, we shibnat there is no significant impact of growth
options on return continuation if a firm is notlosers group. We observe a similar asymmetry
for stocks with high idiosyncratic volatility. Ohe other hand, the asymmetry observed for the
full sample and high idiosyncratic volatility sulpsple reverses for firms with low idiosyncratic
volatility where greater return continuation of gtb firms is primarily due to winners. For
example, the mean slope coefficient on pérgtowth in Model 2 is 0.004 (t-statistic=2.04),
indicating a greater return continuation among ghofirms relative to value firms. This
coefficient becomes insignificant in Model 4 whea imclude p6retgrowthx winner which has

a slope coefficient of 0.007 (t-statistic=2.40).

1.3.5. Long-horizon performance of momentum pod®lbased on market-to-book and
idiosyncratic volatility

The central difference between rational and bemmaltbeories of momentum lies in their
predictions of long term performance of momentumtfpbos. Conrad and Kaul (1998)
hypothesize that the cross-sectional variation @amreturns may play an important role in the
observed momentum patterns. Another early papeark,Bsreen and Naik (1999) suggest that
slow turnover in firms’ projects imply persistenge betas. The rational model in Johnson
(2002) where winners have higher expected growt#srthan losers does not predict reversals.
The same intuition applies to the momentum praditsong growth firms. If the momentum
spread between value and growth firms is to dudifi@erences in risk, there should be no
reversals in the subsequent period. Sagi and Sleas{&007) model argues that growth firms

earn higher momentum profits due to the greateiladibity of valuable risky growth options.
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Sagi and Seasholes (2007) further argue that isergarisk of winners may be temporary as
firms lose or exercise their options. However, howch it will take for a firm to experience

decreases in risk, upon exercising growth optienapt clea?" Furthermore, as growth options
are converted into assets-in-place, it is not Médegly that the overall riskiness of the firm

decreases to a level necessary for significantrsale

On the other hand, a crucial common predictionehdvioral theories is that momentum
is caused largely by mispricings and thereforddtsd be followed by reversaié For example,
according to DHS model, overconfidence and selfkaition bias leading to delayed
overreactions may result in over- and under-pri@hgecurities. In a similar vein, according to
These mispricings revert to the fundamental vaindgke long-term, causing reversals in returns.
Existing empirical evidence provides support foe thehavioral explanation. Jegadeesh and
Titman (1993, 2001) show that momentum profits reeein the period following the initial
holding year, suggesting a mispricing story astkhinating factor of momentum proffts.

In this section, we investigate whether conditignon growth options and idiosyncratic
volatility produces results that lead to differanferences. Following the convention in the
literature, we use event-time methodology to ingesé the long-horizon performanteAt the
end of each month t-1, we sort stocks into momergontfolios based on their prior six months
cumulative return performance. Skipping month t, ln@d these portfolios for the next 60
months from t+1 to t+60 and compute cumulative rmefufor different test periods. For each
holding period month k (event-time month), we obtaitime-series of returns for each portfolio.
We obtain estimated factor loadings for each hgdieriod by regressing monthly equally-
weighted raw returns on risk factors and a consiAfet run these regressions for losers, winners
and momentum returns, separately. We then findrabal returns based on these estimates as
the following:

Qi =Nt _lémktk X (rmktt - rft) - léSMBk X (SMB) - :éHML,k X (HML[)

! For example, a possibility is multi-stage investment projects which may result in increases in risk due to initial
appearance of possibility of such options, then upon exercising risk may increase due to increases in operating
leverage.

?2 See Hirsleifer (2001), Bhojraj and Swaminathan (2006) for a review.

> See also Cooper et al. (2004) for the reversals in up states.

** For example, Lee and Swaminathan (2000), Jegadeesh and Titman (2001) and Cooper et al. (2004) use this
methodology to measure the long term performance.
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where ., represents the estimated factor loading for etieme-k, r, is the raw return in

month t, and(r,,, —rf,), SMB; and HML are realized Fama-French (1993) three-factor metur

in month t. We finally form event-time cumulativeturns to momentum strategies, using either
monthly raw or abnormal returns in the followingywa
K,
CAI%+K2 = Zretk,Hk
k=K,

where ret, ., is either the raw or abnormal returns and, (Kz) pairs are (1,12), (13, 24),

(25,36), (37,48), (49,60), (37,60) and (13,60).cBinumulative returns are overlapping, we use
Newey and West (1987) to obtain heteroskedastanity-autocorrelation consistent estimates of
standard errors. For example, we set the numbagsfto 47 for (K, K2) = (13, 60).

We first examine long-term performance of momensirategies on the basis of market-
to-book in Table 1.7° Results of event-time analysis are consistent thitise of calendar-time
strategies such that growth firms earn higher mdoreneturns in terms of both raw returns and
3-factor alphas. During the six months after pdidfdormation, growth firms earn 7.48% (t-
statistic=10.42) cumulative abnormal momentum retuiThe corresponding figure is 5.09% (t-
statistic=8.15) for value firms. The differences both cumulative raw and 3 factor alphas
between growth and value firms during the first smonths are statistically significant at
conventional levels.

We observe significant reversals in cumulative matwme profits among growth firms
following the initial holding periods. The cumulai abnormal momentum returns for the four
years following the first year of holding is -5.72@6statistic=-2.43). Most of the reversals
happen in the first two years following the firstay of holding. The cumulative abnormal
momentum return is -4.39% (t-statistic=-2.10) dgrithat period. As a consequence of the
reversal in growth firms, the initial momentum diféntial between growth and value firms
erodes significantly during the same period.

The strong reversals of momentum profits of grostibcks, at first glance, seem to be
consistent with the behavioral theories, whichilaite mispricings to the heightened behavioral

biases driven by the difficulty of valuing thesewwdties. According to these results, a rational

% Since our ultimate purpose is to examine the long-horizon performances of growth firms with different levels of
idiosyncratic volatility, we use terciles of market-to-book or idiosyncratic volatility and quartiles of past returns to
have more comparable results with our previous results of calendar-time strategy in Table 1.4.
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model does not receive support. We next investigdiether risk-based explanation may receive
support upon sorting stocks into subgroups on #sestof idiosyncratic volatility.

Table 1.8 presents the event-time cumulative rad 3+factor alphas of momentum
portfolios independently sorted by market-to-bookl aéiosyncratic volatility. In Figure 1.2, we
plot the cumulative abnormal returns of portfoliok interest in the event time. Results are
striking. First, there is no evidence of reversdlsnomentum returns for growth stocks with low
idiosyncratic volatility. The cumulative raw momant returns for these stocks during the next
two years following the first year after portfolformation is -1.42% (t-statistic=-0.59) and in
untabulated findings, the figure is -2.32% (t-sti@t=-0.53) during the next four years following
the first year after portfolio formation. The curative 3-factor alphas for these two periods are
not statistically significant. Second, we find stally significant reversals for growth stocks
with high idiosyncratic volatility and no evidender reversals for value stocks with high
idiosyncratic volatility. The cumulative equally-igated raw returns for the next two years
following the first year after portfolio formatiois -12.05% and reliably negative with a t-
statistic of -5.02. The cumulative abnormal retduring the same period is -8.38% with a t-
statistic of -4.29. These results indicate that rénersal of momentum returns within growth
stocks is confined to the subgroup of high idiosgtic volatility. Furthermore, the reversals
within high idiosyncratic volatility stocks are nitysdue to growth firms. The cumulative
abnormal return of value firms with high idiosynatavolatility is 1.55% with a t-statistic of
0.68 for the same period. These findings pointtb@timportance of the joint existence of growth

options and idiosyncratic volatility in creating mentum through mispricings.

1.3.6. Losers vs. Winners in subgroups of growtigibased on idiosyncratic volatility

In the previous section, we have shown that redersf momentum profits in growth
firms are confined to firms with high idiosyncratiolatility. The DHS framework suggests that
overreaction due to overconfidence can apply fahhbeinners and losers. In other words,
irrational behavior may lead to both overpriced anderpriced stocks which then revert to their
fundamental values through time. To examine whethisris indeed the case, we look at the
subsequent performance of losers and winners, aepar

Table 1.9 provides evidence that winners are thpmthivers of the reversals among

growth firms with high idiosyncratic volatility. Ding the first six months, winners earn 0.48%

20



(t-statistic=4.37) abnormal returns per month, thiegy start to experience corrections in the
following six months where they lose 0.12% (t-sti¢F1.09) and during the second year
following portfolio formation they lose 0.40% (tasistic=3.08) abnormal returns per month. On
the other hand, we observe a drift among losershieffirst year following portfolio formation.
They lose 0.88% (t-statistic=9.95) and 0.47% (tistia=3.76) abnormal returns per month
during the first six months and the following sixonths, respectively. In Figure 1.3, we plot the
cumulative abnormal returns of losers and winnens growth firms with low- and high-
idiosyncratic volatility.

Similar to the losers of growth firms with highiadyncratic volatility, losers of growth
firms with low idiosyncratic volatility experienca drift for the first year following portfolio
formation. They lose 0.33% (t-statistic=3.40) an@506 (t-statistic=2.52) monthly abnormal
returns for the first six months and the followisx months following portfolio formation,
respectively. More importantly, winners of growihfs with low idiosyncratic volatility do not
experience reversals during the next five yeatlsviohg portfolio formation. They initially earn
0.53% (t-statistic=5.36) for the first six monthsdacontinue to earn statistically significant
positive abnormal returns of 0.34% (t-statistic€3.per month in the following six months.

To sum up, the reversals among growth firms witghhidiosyncratic volatility are
largely due to the underperformance of winners ha subsequent periods. This is indeed
consistent with delayed overreaction due to changaverconfidence arising from self-
attribution bias as suggested by DHS. On the dihad, the drift in losers of growth firms with
high idiosyncratic volatility is more consistenttivian underreaction story. This is indeed
consistent with the behavioral explanation in tease that overconfident investors who are in
the long positions tend to underweight disconfirgnimegative news. In the bottom line, we
observe that both overreaction to good news anéruealction to bad news increase with growth
options when idiosyncratic volatility is high. T®nexistence of reversals among winners of
growth firms with low idiosyncratic volatility sumpts the rational explanation based on growth

options suggested by Johnson (2002).

1.3.7. Winners with different investment levels

We have documented that the reversals in inigalrn continuations are limited to the
winners of growth firms with high idiosyncratic \atility. These reversals are confined to the
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second year (t+13, t+24) following the portfoliorfmation month (t-1). In a different line of
literature, Carlson et al. (2004, 2006) argue that risk and expected return of a firm may
decline upon exercising growth options. In otherrdgp the new assets that arise due to
exercising growth options are less risky than espanopportunities. As long as growth winners
with low idiosyncratic volatility have the same &\wf investment as that of growth winners
with high idiosyncratic volatility, our results up this point suggest that this is not the driving
force of reversals of growth winners with high islyocratic volatility.

To examine this possibility in a more detailed mammwe investigate the reversals in
subgroups of winners on the basis of their investnievels. Specifically, we use capital
expenditures scaled by beginning period total asasta proxy for investment. We measure
capital expenditures for each firm at the fiscahryend which is at most six months earlier or
five months later than month t+13, whichever isseloto month t+13. We sort winners into
terciles based on their investments and reportitie-series average of mean investment in each
portfolio along with mean abnormal returns durihg second year after portfolio formation in
Table 1.10.

We find that reversals are not confined to highesting firms. The mean investment for
high investing firms is 13.94%, whereas it is 2.4#¥low investing firms. However, the mean
abnormal return for low- and high- investing firnss-0.35% (t-statistic=-2.53) and -0.58% (t-
statistic=-3.01). Furthermore, the difference inufa abnormal returns of 0.23% is not
statistically significant at conventional levels\@lue=10.81). Although growth winners with
low idiosyncratic volatility do not experience resals as a whole, we investigate whether high
investing firms among those exhibit a differenttpat. We find no reversals within the high
investing firms. These results rule out the posigihihat reversals of initial momentum returns

are due to decline in risk upon exercising riskyvgh options.

1.3.8. Profitability of momentum strategies in gtbws. value firms through time

In this section, we present how profitability obmentum strategies within growth and
value firms varies over time. We also distingulsftween up and down states due to the
nonexistence of momentum profits in down statedigare 1.4, we plot the value over time of
$1 invested in momentum strategies that buy winaer sell losers within growth and value

firms, separately. The dashed and solid lines sgprteup and down states, respectively.
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There are two outstanding episodes in this grapk:is the first half of 1970s and the
second is the recent period after 2002. Both psermadstly coincide with the chaotic periods in
macro economy and political environment both inWsand worldwide, in which we expect the
general level of overconfidence and growth optiaresbelow the historical averages.

The last point that we think worth emphasizingthat momentum strategies can be
extremely risky when market conditions are not Istabor example, the overall momentum
strategies experience significant losses in Aprd &ay of 2009. For example, momentum in
growth firms loses 9.66% in March, 2009, 22.71%April, 2009 and 10.93% in May, 20009.
Value-weighted market returns are -9.8%, -18.5%(%8 2.1%, -7.7%, -10.1%, 8.8%, 11.1%,
and 6.7% for the 9 months from September, 2008 &y,NM009. This suggests that momentum
portfolios select high beta stocks which tend teséeerely underpriced in down markets. When
the market reverses its direction, particularlytpasers start to cover their losses, resulting in

severe losses of momentum strategies in those saritare market reverses its direction.

1.4 Conclusion

This paper examines two alternative explanatiomstdie higher momentum profits of
firms with high market-to-book ratios. Behaviorahebry suggests that the increased
overconfidence associated with the difficultly mtdrpretation of intangible information may
lead to overreaction to new information, which tesun the mispricing of growth firms.
Alternatively, the risk-based explanation suggektt the greater presence of valuable risky
growth options leads to a greater spread in rigkvéen past winners and losers. While both
explanations predict higher momentum returns fomdin firms, risk-based explanation predicts
that the momentum profitability differential is dte the greater persistence of growth winners.
Moreover, behavioral explanation predicts overieastand subsequent reversals, while rational
explanation does not predict reversals.

We document the major role played by idiosyncratilatility in disentangling these two
widely different explanations. Idiosyncratic voldyi is expected to play an important role in
momentum profits due to mispricings because (ip@@nsive body of research identifies it as
the primary hinderance for arbitrageurs in theiilitgbto profit from mispricings and (ii)

behavioral theories of momentum predict larger mauoma for firms with greater uncertainty.
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We show that for firms with low idiosyncratic valday the momentum profitability differential
between value and growth firms is primarily du¢he greater return persistence in the returns of
growth winners. Furthermore, we do not observe egiosnt reversals for these growth winners.
On the other hand, when idiosyncratic volatilityhigh, the momentum profitability differential
is due to the greater persistence in returns olvirdosers relative to value losers. We further
observe reversals of momentum returns among gréiwiis with high idiosyncratic volatility.
These reversals are mostly due to the subsequdatparformance of growth winners.

Our findings suggest that the higher momentum fsofif growth firms with low
idiosyncratic volatility are consistent with a matal risk-based explanation that employs
expected growth rates in deriving the persistenceeiurns. On the other hand, the heightened
overconfidence associated with growth options caumsementum through mispricings for firms
with high idiosyncratic volatility. The evidenceggests that these mispricings arise from both
overreaction to positive news and underreactiametgative news.

A recent growing theoretical literature attemptseigplain the persistence in returns by
employing disagreement models. For example, Hongl &tein (2007) suggest that
disagreements among investors may cause undeamdotiboth positive and negative news,
which generate return continuation for both pasefe and winners. Our findings for growth
firms with high idiosyncratic volatility would be one consistent with a model in which both
recent winners and losers are held by the mosinigitc investors with a self-attribution bias. In
this scenario, we would expect an asymmetric effedause these optimistic investors could
overreact to positive confirming news and undeitréamegative disconfirming news. To the
extent that disagreements increase with growthooptand idiosyncratic volatility, overreaction
in winners and underreaction in losers are expetdelde more for stocks with more growth
options and higher idiosyncratic volatility.

Overall, we document patterns in returns that aoasistent with two different
explanations for the effect of growth options omure continuation, while pointing out the
importance of joint existence of growth options agidsyncratic volatility for mispricings. Our
findings contribute to two different bodies of rasgh that (i) investigate how return continuation
varies within the cross-section of firms and (iRamine the impact of limits to arbitrage on

mispricings.
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Table 1.1 Returns to Price Momentum Portfolios Bedcriptive Statistics

The sample includes common stocks traded on theBYY®nex and Nasdaq during 1965-2010. Stocks witbeprbelow $5 and with market capitalizations betbe tenth
percentile of NYSE stocks are excluded. A downesisithe one which past 36 month value-weightetketaeturn prior to the holding period falls irttee bottom 20% of all
months. The remaining 80% is defined as up st&&sel A reports the average monthly equally-wedjiturns and Fama-French three factor model alpithgheir t-statistics
for momentum strategies implemented by JegadeedhTaman (1993) calendar-time strategies with (3(§)6). Panel B reports the time-series equal-hteid) averages of
momentum portfolios characteristics. Momentum dqléstare formed each month by sorting stocks oetp@6ret is the cumulative return from t-6 ta #fm/b) is the natural
logarithm of the market-to-book ratio measuredhat énd of December of year t. Mivol is the idiogwtic volatility obtained by regressing a stockesurn on S&P500 index
return over the past 36 months prior to portfotioriation. Beta is measured as in FF(1992). Sceisd#ifies growth in year t. mktlev is the market lage measured as the ratio of
the sum of long term debt and debt in current liéds to the market value of firm. ROA is the metome divided by total assets. ROE is the netimedivided by shareholder’'s
equity. Investment is ratio of the sum of reseatl development expenses and capital expenditutesal assets. p(M{BM/B,,) is the spearman rank correlation between the
current and one year lagged market-to-book ratimiyml,, mivol.;) is the Spearman rank correlation between theentirand one year lagged idiosyncratic volatilityl A

accounting ratios are winsorized at 2.5% and 97.5%.

Panel A. Momentum returns conditional on markeiesta

All, N=552 Up states, N=442 Down states, N=110
Quintile Ew ret t-stat alpha t-stat Ew ret t-stat  alpha t-stat Ew ret t-stat alpha t-stat
Loser 0.81% 2.85 -0.47% -4.29 0.60% 2.14 -0.60% .245 1.69% 1.90 0.08% 0.31
2 1.12% 5.04 -0.05% -0.83 1.02% 4.58 -0.14% -1.90 1.53% 2.29 0.20% 1.63
3 1.23% 5.91 0.09% 1.81 1.19% 5.57 0.04% 0.75 1%.4 2.34 0.17% 1.78
4 1.33% 6.20 0.21% 441 1.31% 5.86 0.19% 3.69 8%.3 2.36 0.18% 1.59
Winner 1.57% 5.81 0.44% 5.90 1.63% 5.54 0.54% 6.83 1.30% 1.98 0.01% 0.08
W-L 0.75% 4.56 0.90% 5.51 1.04% 6.01 1.14% 6.67 0.39% -0.90 -0.07% -0.17
Panel B. Characteristics in up vs. down states
Up states Down states
Variable Mean Q1 Median Q3 Mean Q1 Median Q3
mivol 0.013 0.004 0.008 0.016 0.017 0.006 0.011 020D.
In(M/B) 0.528 -0.012 0.456 0.985 0.413 142 0.363 0.910
pé6ret 12.00% -8.13% 6.61% 24.24% 11.95% -11.35% 00%. 25.56%
p36_T7ret 73.94% 1.45% 40.79% 98.46% 18.57% -34.43% -2.87% 39.56%
Sales growth 13.26% 2.86% 10.79% 21.16% 9.83% 5%0.4 8.93% 19.39%
Roa 4.41% 1.29% 4.65% 8.28% 3.18% 0.89% 3.54% 9%.22
Roe 9.67% 6.72% 11.79% 16.46% 6.66% 4.21% 9.94% .89%4
Investment 13.12% 3.43% 9.11% 17.46% 10.52% 2.50% 6.29% 14.73%
p(M/B(t),M/B(t-1)) 0.85 0.82
p(mivol(t), mivol(t-1)) 0.92 0.91
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Table 1.2 Momentum returns based on market-to-lvat®(J=6, K=6)

This table presents the average monthly abnorntadn® from momentum portfolio strategies based ast peturns
and market-to-book ratio for the sample period fréanuary 1965 to December 2010. A down state istleewhich
past 36 month value-weighted market return pricthéoholding period falls into the bottom 20% dfrabnths. The
remaining 80% is defined as up states. Each metuhbks are independently sorted into quintiles d@semarket-to-
book and past returns. Jegadeesh and Titman (t@@3)dar-time strategies (J, K) = (6, 6) are immatad to obtain
the time-series of equal-weighted monthly retuiiftee abnormal returns are the intercepts obtaired time-series
regressions of equal-weighted returns on Fama aedick (1993) three factors. t-statistics are presenn

parentheses.

Panel A. Up state alphas (%), N=442 months
Market-to-book

momentum G-V
value 2 3 4 growth
Loser -0.37% -0.41% -0.44% -0.55% -0.94% -0.57%
(-3.10) (-3.60) (-3.88) (-4.72) (-6.64) (-4.57)
2 0.08% -0.04% -0.13% -0.24% -0.37% -0.45%
(2.09) (-0.51) (-1.61) (-2.75) (-4.11) (-5.68)
3 0.24% 0.08% 0.04% -0.08% -0.10% -0.34%
(3.66) (1.23) (0.58) (-1.08) (-1.28) (-4.44)
4 0.30% 0.19% 0.14% 0.12% 0.12% -0.19%
(4.74) (3.18) (2.16) (1.82) (1.68) (-2.49)
Winner 0.46% 0.55% 0.52% 0.55% 0.54% 0.08%
(5.09) (5.82) (5.53) (5.94) (5.13) (0.72)
W-L 0.83% 0.97% 0.96% 1.10% 1.48% 0.65%
(4.90) (5.45) (5.65) (6.37) (7.49) (4.08)

Panel B. Down state alphas (%), N=110 months
Market-to-book

momgrp G-V

value 2 3 4 growth

Loser -0.14% 0.11% 0.15% 0.15% -0.06% 0.09%
(-0.50) (0.39) (0.51) (0.52) (-0.20) (0.30)

2 0.13% 0.24% 0.35% 0.32% -0.08% -0.21%
(0.71) (1.38) (2.19) (2.30) (-0.58) (-1.01)

3 0.29% 0.30% 0.20% 0.09% -0.12% -0.41%
(1.83) (2.24) (1.64) (0.76) (-0.96) (-2.00)

4 0.31% 0.28% 0.16% 0.11% -0.05% -0.36%
(1.87) (1.91) (1.18) (0.81) (-0.36) (-1.83)

Winner 0.18% -0.01% -0.18% 0.03% -0.12% -0.30%
(0.84) (-0.05) (-1.01) (0.18) (-0.49) (-1.34)

W-L 0.33% -0.12% -0.33% -0.12% -0.06% -0.38%
(0.78) (-0.28) (-0.81) (-0.29) (-0.14) (-1.28)
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Table 1.3 Momentum returns based on idiosyncratiatility
This table presents the average monthly abnorntain® from momentum portfolio strategies based ast peturns
and idiosyncratic volatility for the sample peridm January 1965 to December 2010. A down stathdsone
which past 36 month value-weighted market returiorpto the holding period falls into the bottom 2086 all

months. The remaining 80% is defined as up st&ash month, stocks are independently sorted initatitps based
on idiosyncratic volatility and past returns. Jegggh and Titman (1993) calendar-time strategiel)(3, (6, 6) are
implemented to obtain the time-series of equal-eid monthly returns. The abnormal returns areiritercepts
obtained from time-series regressions of equalHateij returns on Fama and French (1993) three fadtatatistics

are presented in parentheses.

Panel A. Up state alphas (%), N=442 months

Idiosyncratic Volatility

momentum H-L
Low 2 3 4 High
Loser -0.22% -0.42% -0.51% -0.58% -0.91% -0.69%
(-1.89) (-3.97) (-4.66) (-5.08) (-6.27) (-4.35)
5 -0.04% -0.06% -0.15% -0.13% -0.37% -0.33%
(-0.47) (-0.72) (-1.86) (-1.58) (-3.62) (-2.47)
3 0.05% 0.09% 0.12% 0.05% -0.14% -0.19%
(0.63) (1.29) (1.58) (0.66) (-1.42) (-1.43)
4 0.17% 0.23% 0.23% 0.23% -0.02% -0.19%
(2.51) (3.35) (3.27) (3.45) (-0.18) (-1.53)
winner 0.32% 0.43% 0.52% 0.63% 0.46% 0.13%
(3.45) (5.13) (6.05) (7.46) (4.28) (0.91)
W-L 0.54% 0.85% 1.02% 1.21% 1.37% 0.82%
(3.60) (6.29) (7.30) (8.02) (7.97) (5.03)
Panel B. Down state alphas (%), N=110 months
momentum Idiosyncratic Volatility H-L
Low 2 3 4 High
Loser 0.28% -0.02% 0.04% 0.01% -0.10% -0.38%
(0.92) (-0.11) (0.19) (0.04) (-0.29) (-0.92)
2 0.30% 0.14% 0.27% 0.14% -0.18% -0.49%
(1.79) (1.05) (1.92) (0.98) (-0.86) (-1.61)
3 0.41% 0.23% 0.09% 0.04% -0.36% -0.76%
(2.52) (1.80) (0.74) (0.36) (-1.72) (-2.47)
4 0.47% 0.29% 0.16% -0.04% -0.16% -0.62%
(2.71) (2.01) (1.20) (-0.32) (-0.83) (-2.13)
Winner 0.45% 0.35% 0.17% 0.05% -0.24% -0.70%
(2.14) (1.79) (0.98) (0.27) (-1.01) (-2.28)
W-L 0.17% 0.38% 0.13% 0.04% -0.14% -0.31%
(0.41) (1.10) (0.38) (0.11) (-0.36) (-0.89)
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Table 1.4 Momentum returns based on market-to-lamokidiosyncratic volatility

This table presents the average monthly abnornadng from momentum portfolio strategies based ast peturns,
market-to-book ratio, and idiosyncratic volatility up states within the sample period from Janub®g5 to
December 2010. A down state is the one which p&sin8nth value-weighted market return prior to ttdding

period falls into the bottom 20% of all months. Theenaining 80% is defined as up states. Each mailcks are
independently sorted into terciles based on matkébok and idiosyncratic volatility. They are alisnlependently
sorted into quartiles based past returns. Jegadm®s$hTitman (1993) calendar-time strategies (J=KPp, 6) are
implemented to obtain the time-series of equal-eid monthly returns. The abnormal returns areiritercepts
obtained from time-series regressions of equaldateij returns on Fama and French (1993) three fadtstatistics
are presented in parentheses.

Idiosyncratic Volatility

Market-to-book momentum Low 2 High H-L
Loser -0.19% -0.36% -0.45% -0.26%
(-1.80) (-3.38) (-3.40) (-1.96)
Value Winner 0.18% 0.48% 0.53% 0.35%
(2.12) (6.03) (5.19) (2.81)
W-L 0.37% 0.84% 0.98% 0.61%
(2.66) (6.24) (6.05) (3.94)
Loser -0.26% -0.40% -0.54% -0.28%
(-2.45) (-3.87) (-4.15) (-2.00)
5 Winner 0.19% 0.45% 0.54% 0.36%
(2.07) (4.92) (4.92) (2.63)
W-L 0.45% 0.86% 1.08% 0.63%
(3.35) (6.42) (6.34) (4.09)
Loser -0.28% -0.59% -0.92% -0.64%
(-2.40) (-4.92) (-6.62) (-4.08)
G Winner 0.56% 0.52% 0.45% -0.11%
rowth
(5.55) (5.57) (4.34) (-0.77)
W-L 0.84% 1.11% 1.37% 0.53%
(6.04) (7.67) (8.06) (3.53)
G-V 0.47% 0.27% 0.39%
(3.13) (2.18) (2.68)
GW-VW 0.39% 0.05% -0.07%
(3.62) 0.50 (-0.68)
GL-VL -0.09% -0.22% -0.46%
(-0.73) -2.20 (-3.72)
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Table 1.5 Characteristics of momentum portfolios

This table presents mean characteristics of 3@qgdims sorted independently by market-to-book ratitiosyncratic
volatility and past six months return. Portfoliose #ormed as in Table 1V. Market-to-book ratio, aslyncratic
volatility, and past six months return are caloedhas in Table IV. CAPX/TA is the capital expendisidivided by
the total assets. (CAPX+AQC)/TA is the ratio of than of capital expenditures and acquisition expens the total
assets. The time-series means of portfolio meatisradians are reported for future investment psogaparately.

Panel A. M/B Panel B. mivol (%)
Mivol Mivol
M/B péret Low 2 High M/B péret Low 2 High
Value Loser 0.91 0.88 0.87 Value Loser 5.85 8.94 4.33
Winner  0.91 0.87 0.83 Winner  5.96 9.01 14.83
2 Loser 1.59 1.61 1.65 2 Loser 5.91 8.96 14.49
Winner  1.58 1.59 1.63 Winner  6.00 8.99 14.88
Growth Loser 3.73 3.83 4.82 Growth Loser 5.98 9.0915.15
Winner  3.88 3.94 4.61 Winner  6.03 9.09 15.63
Panel C. p6ret (%) Panel D. No of firms
Mivol Mivol
M/B péret  Low 2 High M/B péret  Low 2 High
Value Loser -12.80 -16.00 -18.60 Value Loser 46.4%2.04 46.34
Winner  31.90 39.80 53.80 Winner 47.71 68.39 B3.2
2 Loser -12.80 -16.40 -19.70 2 Loser 50.70 68.21 2.6
Winner 32.30 39.60 52.50 Winner 41.19 61.71 429
Growth Loser -13.10 -17.30 -21.50 Growth Loser 833. 66.17 129.80
Winner 32.60 39.50 51.80 Winner 29.08 53.80 988.
Panel E. CAPX/TA (%), mean Panel F. CAPX/TA (%kdian
Mivol Mivol
M/B péret  Low 2 High M/B p6ret Low 2 High
Value Loser 4.60 4.62 4.35 Value Loser  3.83 3.53 .093
Winner  4.97 5.30 5.05 Winner 3.89 3.75 3.54
2 Loser 4.87 5.63 5.53 2 Loser 4.03 4.43 3.95
Winner  5.35 6.46 6.28 Winner  4.30 5.02 4.53
Growth Loser 6.23 6.70 6.19 Growth Loser 5.41 5.33 4.46
Winner 7.10 7.91 7.22 Winner 6.29 6.61 5.46
Panel G. (CAPX+ACQ)/TA (%), mean Panel H. (CAPX+QJITA (%), median
Mivol Mivol
M/B pé6ret  Low 2 High M/B p6ret  Low 2 High
Value Loser 5.09 5.25 4.96 Value Loser 4.07 3.92 .463
Winner 5.55 6.14 5.88 Winner  4.21 4.27 4.05
2 Loser 5.62 6.60 6.35 2 Loser 4.46 5.12 4.54
Winner  6.38 7.75 7.47 Winner  5.00 6.09 5.38
Growth Loser 7.65 7.91 7.16 Growth Loser 6.61 6.43 5.18
Winner 8.72 9.40 8.40 Winner 7.70 8.01 6.39
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Table 1.6 Cross-Sectional Regressions
This table presents estimates of slope coefficitnts Fama-MacBeth (1973) cross-sectional regressior the sample period January, 1965 to Decen2®dQ. The dependent

variable is the average monthly return of individiirans over the six months (t+1, t+6). The depandariables include systematic risk (beta), ndtiagarithm of market-to-book
ratio (In(mb)), the natural logarithm of firm sida(size)), idiosyncratic volatility (mivol), andhé cumulative return over the past six monthst{(ith, At the end of each month t-1,
stocks are independently sorted into market-to-baudk idiosyncratic volatility terciles, and past-sionth quartiles. Growth and midmb are indicatariables for the top and
middle tercile of the cross-sectional distributminmarket-to-book ratio, respectively. Winner anaser are indicator variables for the top 25% armdhibttom 25% of the cross-
sectional distribution of six month formation peticeturns, respectively. The table reports ave@gficients excluding the bottom 20% of marketietadefined as in the

previous tables. t-statistics (shown in paranthesis adjusted for heteroskedasticity and autotadioa using Newey-West (1987).

Low Idiogncratic Volatility

All firms High Idiosyncratic Volatility
Independent variables 1 2 3 4 5 1 2 3 4 5 1 2 3 4 5
Intercept 1.354 1.350 1.349 1.348 1.349 1.770 6l.74 1.750 1.749 1.750 0.987 0.987 0.990 0.991 0.990
(5.71) (5.72) (5.73) (5.72) (5.73) (6.01) (5.93) (5.94) (5.95) (5.94) (4.46) (4.50) (4.52) (4.53) 4.50)
beta 0.176 0.169 0.166 0.166 0.166 0.101 0.096 950.0 0.092 0.095 0.104 0.094 0.096 0.096 0.096
(1.46) (1.412) (1.39) (1.39) (1.39) (0.83) (0.80) (0.79) (0.77) (0.79) (0.82) (0.76) (0.77) (0.77) 0.7¢7)
Ln(M/B) -0.176 -0.183 -0.160 -0.163 -0.160 -0.242 -0.252 -0.213 -0.219 -0.213 -0.112 -0.100 -0.097 0.105 -0.097
(-3.58) (-3.77) (-3.23) (-3.28)  (-3.23) (-4.44) -460) (-3.71) (-3.78) (-3.71) (-2.60) (-2.31) .2 (-2.39) (-2.21)
Ln(size) -0.060 -0.060 -0.060 -0.060 -0.060 -0.040-0.041 -0.041 -0.042 -0.041 -0.051 -0.050 -0.050-0.050 -0.050
(-2.51) (-2.51) (-2.51) (-2.53) (-2.51) -1.11 1. -1.16 -1.17 -1.16 -2.84 -2.84 -2.84 -2.83 -2.84
mivol -3.153 -3.002 -2.838 -2.816 -2.838 -5.196 .8A4 -4.729 -4.718 -4.729 5.087 5.031 5.009 4.9515.009
(-2.71)  (-2.53) (-2.41) (-2.38) (-2.41) (-6.95) -6.7) (-6.05) (-6.09) (-6.05) (2.53) (2.53) (251 (2.48) (2.51)
péret 0.011 0.011 0.011 0.011 0.011 0.011 0.009 009. 0.009 0.009 0.009 0.009 0.009 0.009 0.009
(10.27)  (8.02) (8.02) (8.02) (8.02) (9.89) (6.69) (6.63) (6.65) (6.63) (5.92) (4.77) (4.75) (4.76) (4.75)
p6ret« midmb 0.001 0.001 0.001 0.001 0.002 0.002 0.002 0.002 -0.002 -0.002 -0.002 -0.002
(0.89) (0.68) (0.78) (0.68) (1.49) (1.35) (9.41 (1.35) (-0.86) (-1.01) (-0.92) (-1.01)
p6retx growth 0.003 -0.002 0.001 0.004 -0.003 0.002 0.004-0.002 0.000
(2.23) (-1.34) (0.45) (2.49) (-1.49) (0.95) (2.04) (-0.88) (0.22)
p6ret- growth loser 0.011 0.008 0.009 0.017 0.012 0.013 0.008 0.006
(5.05) (3.92) (4.13) (4.72) (3.79) (4.13) (2.07) (1.59)
p6ret- growth~ winner 0.004 0.002 0.006 0.002 0.010 0.007 0.007
(2.28) (1.10) (1.68) (1.20) (3.28) (240 (2.23)
p6retx growthx middle -0.002 -0.003 -0.002
(-1.34) (-1.49) (-0.88)
Avg. Adj. R(%) 6.77 6.96 7.10 7.05 7.10 3.53 3.77 3.93 3.90 .933 7.65 7.99 8.19 8.11 8.19
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Table 1.7 Event-time long horizon performance ohmeatum strategies based on market-to-book

This table presents the mean cumulative equallyghited returns and Fama-French (1993) three-fagptnaa from event-time momentum portfolio strategresp states
for the sample period 1965 to 2010. At the begirdhgach month t, stocks are independently sortexlterciles on the basis of market-to-book ratid ato quartiles on
the basis of past six month returns (from t-6 19.tA month (month t) is skipped between formatgor holding periods. A down state is the one wipiakt 36 month
value-weighted market return prior to the holdiregipd (t-36, t-1) falls into the bottom 20% of atlonths. The remaining 80% is defined as up st&gsally-weighted
returns and alphas are cumulated across month$ot+#60. Mean cumulative returns are presentedfifer different event-time intervals. Panel A regothe mean
cumulative equally-weighted returns. Panel B reptiie mean cumulative alphas. t-statistics aressetfjuto heteroskedasticity and autocorrelation bywé&y and West
(1987).

Panel A. Cumulative raw returns

(t+1,t+6) (t+7,t+12) (t+13,t+36) (t+37, t+60) (13,1+60)
MB est. tstat est. tstat est. tstat est. tstat est. tstat
value 4.39% (6.61) 1.52% (1.95) -1.28% (-0.69) 3%1 (-1.41) -4.40% (-1.40)
2 4.65% (6.07) 1.05% (1.42) -5.42% (-2.51) -1.81% -0.89) -7.23% (-2.76)
growth 6.30% (8.11) 1.50% (1.92) -7.78% (-2.98) 4435 (-1.53) -11.23% (-3.37)
G-V 1.92% (3.41) -0.02% (-0.04) -6.51% (-3.88) /3 (-0.16) -6.82% (-2.49)
Panel B. Cumulative alphas
(t+1,t+6) (t+7,t+12) (t+13,t+36) (t+37, t+60) (13,1+60)
MB est. tstat est. tstat est. tstat est. tstat est. tstat
value 5.09% (8.15) 2.93% (4.07) 1.60% (0.97) -1.97% (-0.89) -0.37% (-0.13)
2 5.59% (8.33) 2.47% (3.77) -3.11% (-1.73) -0.22% -0.1(1) -3.33% (-1.79)
growth 7.48% (10.42) 3.03% (4.14) -4.39% (-2.10) .35% (-0.69) -5.72% (-2.43)
G-V 2.39% (4.12) 0.10% (0.16) -5.99% (-3.82) 0.62% (0.36) -5.35% (-2.16)
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Table 1.8 Event-time long horizon performance ofmeatum strategies based on market-to-book andywoatic volatility

This table presents the mean cumulative equallghted returns and Fama-French (1993) three-fafdbaa from event-time momentum portfolio strategies
up states for the sample period 1965 to 2010. &tgining of each month t, stocks are indepenglsntited into terciles on the basis of market-tokbmatio
and idiosyncratic volatility and into quartiles the basis of past six month returns (from t-6 19.tA month (month t) is skipped between formatiawl holding
periods. A down state is the one which past 36 maalue-weighted market return prior to the holdigiod (t-36, t-1) falls into the bottom 20% off mlonths.
The remaining 80% is defined as up states. Equediigthted returns and alphas are cumulated acrostheitr1 to t+36. Mean cumulative returns are priese
for five different event-time intervals. Panel Aoets the mean cumulative equally-weighted retuPasel B reports the mean cumulative alphas. isBtat are
adjusted to heteroskedasticity and autocorreldtioNewey and West (1987).

Panel A. Mean cumulative equally-weighted returns

(t+1,1+6) (t+7,t+12) (t+13,t+36)
Mivol mivol mivol

M/B low 2 High low 2 high low 2 high
value 2.10% 4.91% 5.25% 0.34% 1.31% 1.38% -0.41% -0.69% -1.21%
(3.09) (8.60) (6.94) (0.41) (1.82) (1.49) (-0.20) (-0.33) (-0.54)

5 1.88% 4.39% 6.28% 0.54% 0.81% 1.26% -3.44% -3.10% -8.66%
(2.84) (7.93) (7.56) (0.80) (1.32) (1.60) (-1.50) (-1.57) (-3.48)
growth 4.17% 5.83% 6.95% 2.43% 2.62% 0.48% -1.42% -3.73%  -12.05%
(6.04) (8.03) (8.88) (3.35) (3.06) (0.56) (-0.59) (-1.27) (-5.02)
GV 2.06% 0.91% 1.70% 2.09% 1.31% -0.90% -1.00% 9.04 -10.85%
(2.44) (1.34) (2.27) (2.57) (1.74) (-1.09) (-0.39 (-1.44) (-4.76)

Panel B. Mean cumulative alphas

(t+1,t+6) (t+7,t+12) (t+13,t+36)
Mivol mivol mivol

M/B low 2 High low 2 high low 2 high
value 2.50% 5.56% 6.28% 1.63% 2.50% 2.87% 2.22% 2.82% .55%
(3.72) (9.92) (8.64) (2.12) (3.70) (3.40) (1.21) (1.44) (0.68)
2 2.41% 5.30% 7.24% 1.31% 2.14% 2.86% -1.91% -0.52%  -5.03%
(3.74) (10.45) (9.52) (2.05) (3.94) (3.93) (-0.03 (-0.33) (-2.28)
growth 5.12% 7.04% 8.17% 3.51% 4.21% 2.13% 1.74% 0.25% 8.38%
(7.87) (10.79) (10.89) (5.32) (5.79) (2.56) (9.90 (0.12) (-4.29)
G-V 2.64% 1.48% 1.89% 1.88% 1.71% -0.74% -0.48% %.57 -9.93%
(3.20) (2.22) (2.46) (2.59) (2.45) (-0.90) (-0.21 (-1.44) (-4.56)
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Table 1.9 Winners vs. Losers, Growth firms with lamd high idiosyncratic volatility

This table presents the mean monthly equally-weheturns and Fama-French (1993) three-factoraalmifi losers and winners
from event-time momentum portfolio strategies ingiptes for the sample period 1965 to 2010. Athibgining of each month t,
stocks are independently sorted into terciles enbidisis of market-to-book ratio and idiosyncratiatility and into quartiles on the
basis of past six month returns (from t-6 to tA)Ynonth (month t) is skipped between formation aoltling periods. A down state is
the one which past 36 month value-weighted markgirn prior to the holding period (t-36, t-1) fall#o the bottom 20% of all

months. The remaining 80% is defined as up st&gqeally-weighted returns and alphas are cumulatedsa months t+1 to t+60.
Mean monthly returns are presented for four difierevent-time intervals. Panel A reports the meamtinly equally-weighted

returns. Panel B reports the mean monthly alphasatistics are adjusted for heteroskedasticity aumtcorrelation by Newey and
West (1987) methodology.

Panel A. Growth, High Idiosyncratic volatility firs

Losers Winners
(t+1,t+6)  (t+7,t+412) (t+13,t+24) (t+25,1+36) (tHt6)  (t+7,t+412)  (t+13,t+24) (t+25,1+36)
ew ret 0.24% 0.76% 1.27% 1.43% 1.40% 0.84% 0.70% .98%
(0.84) (2.38) (3.99) (4.29) (4.32) (2.61) (2.35) (3.24)
alpha -0.88% -0.47% -0.03% 0.14% 0.48% -0.12% 0%.4 -0.19%
(-9.95) (-3.76) (-0.18) (0.79) (4.37) (-1.09) .08) (-1.27)
Panel B. Growth, Low Idiosyncratic volatility firgn
Losers Winners
(t+1,t+6)  (t+7,t+12) (t+13,t+24) (t+25,1+36) (t+86)  (t+7,t+12) (t+13,t+24) (t+25,1+36)
ew ret 0.72% 0.76% 1.07% 1.18% 1.42% 1.17% 1.04% .09%
(4.45) (4.12) (6.98) (6.64) (8.27) (5.91) (5.57) (6.72)
alpha -0.33% -0.25% -0.03% 0.05% 0.53% 0.34% 0.09% 0.07%
(-3.40) (-2.52) (-0.34) (0.49) (5.36) (3.66) ®)9 (0.70)
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Table 1.10 Future investment and abnormal retufrigsaovth winners

This table presents the mean monthly equally-weidjneturns and Fama-French (1993) three-factomalphwinners from event-time momentum portfoliatgies in up states
for the sample period 1965 to 2010. At the begimhgach month t, stocks are independently soriedterciles on the basis of market-to-book ratid @iosyncratic volatility
and into quartiles on the basis of past six moathrns (from t-6 to t-1). Within each group, stoeks further sorted into terciles based on futowestments proxied by the next
year capital expenditures scaled by total assetaoAth (month t) is skipped between formation aoldiing periods. A down state is the one which @&simonth value-weighted
market return prior to the holding period (t-3@,)tfalls into the bottom 20% of all months. The ening 80% is defined as up states. Equally-weiljineturns and alphas are
cumulated across months t+1 to t+60. Mean monthmadFrench three factor model abnormal returnpr@sented for the second year following formatien 8,t+24).

Growth, high mivol Growth, low mivol
investment level investment abnormal returns (istte) Investment abnormal returns (t-statistic)
low 2.44% -0.35% (-2.53) 3.25% 0.07% (0.67)
medium 5.25% -0.29% (-2.30) 4.92% 0.16% (1.41)
high 13.94% -0.58% (-3.01) 13.15% -0.04% (-0.34)
H-L -0.23% (-1.61) -0.11% (-1.01)
Value, high mivol Value, low mivol
investment level investment abnormal returns (istte) investment abnormal returns (t-statistic)
low 2.02% -0.10% (-0.32) 1.91% 0.30% (1.85)
medium 5.10% 0.08% (0.67) 5.04% 0.18% (0.71)
high 8.07% -0.11% (-0.23) 7.93% 0.32% (2.13)
H-L -0.01% (-0.05) 0.02% (0.21)
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Figure 1.1 Market states and momentum returns

Panel A plots the number of months within a givearyfor which the past 36-month value-weighted mar&turn
prior to the holding period falls into the bottori92 of market states. Panel B plots the equally-tteidf monthly
average momentum returns for each quintile of mastetes. The sample period is from 1965 to 20XhFaonth,
stocks are sorted into quintiles based on markébtik ratio and past returns. Momentum returnsnagasured by
implementing calendar-time strategy with (J,K)=§6,6
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Figure 1.2 Event-time long horizon performance ohmentum portfolios based on market-to-

book and idiosyncratic volatility

We plot mean cumulative abnormal momentum profier ghe months t+1 to t+60 for the period 19650a@by
using the event-time methodology for three-way pwtelent sorted portfolios based on past 6 montinne{t-6,t-
1), market-to-book ratios and idiosyncratic volgtil
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Figure 1.3 Event-time cumulative returns of winnams losers of growth firms

We plot mean cumulative abnormal returns of winrsard losers over the months t+1 to t+60 for théople1 965 to
2010 by using the event-time methodology for thres- independent sorted portfolios based on pastofitsn
returns (t-6,t-1), market-to-book ratio and idiossatic volatility.
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Figure 1.4 Time-series profitability of momentumastgies in value versus growth firms
We plot the value over time of $1 invested in valige growth momentum strategy that takes long jostin
momentum strategies in growth and value stocks.l@héright) y-axis shows the values for growtlaljye) firms.
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Chapter 2

Asset Prices When Differences of Opinion are CommoiKinowledge

2.1. Introduction

Conventional asset pricing models are built on firemise that investors have
homogeneous expectations regarding the probaligyribution of future returns. While this
assumption greatly simplifies the analysis and pced useful insights, these models fail to
explain a number of persistent trading patternedesl in the financial markets. For example,
trading volume is far larger than can be explaiselly by liquidity and portfolio rebalancing
needs of investors; outstanding short-interesergegally quite high; institutional investors trade
heavily for purposes of active portfolio managemesmd research analysts, whose stock
recommendations and earnings forecasts are cliklwed by investors, often report divergent
expectationg®

While these stylized facts are commonly attributedthe heterogeneity of investors’
expectations, asset pricing implications of suchtefugeneity are more controversial.
According to asset pricing models built on the agstion that investors hold divergent
expectations, asset prices reflect the weightedageeof investors’ beliefs regarding asset
payoffs. Without market frictions, pessimistic ist@s’ beliefs are reflected in stock prices,
even if they are not holding the stock. In contrasth market frictions that disproportionately
affect the pessimistic investors (e.g., costly sketing), pessimistic investors will be sidelined
and assets prices may be inflated as hypothesigeMlilber (1977), if optimistic investors
holding the stock fail to adjust their beliefs peoly to account for such market frictiansor
instance, models assuming rational expectationdigiranbiased prices even if short-selling is

restricted, as long as rational investors take dgltount of market frictions and update their

*® Differences of opinion among investors may be caused by differences in investors’ information set, differences in
their priors, or differences in their interpretation of information.

*” Theoretical examinations of heterogeneous expectations and asset prices include Lintner (1969), Miller (1977),
Williams (1977), Harrison and Kreps (1978), Mayshar (1983), Admati (1985), Varian (1985), Diamond and
Verrecchia (1987), Biais et al. (2003), Scheinkman and Xiong (2003), Basak (2005) and Levy et al. (2006) among
others.
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expectations accordingly (Diamond and Verrecch&g7). Consequently, how heterogeneity of
expectations affects asset prices depends on whathestors can impute the beliefs of sidelined
investors and how they update their beliefs in oesp.

In this study, we investigate how investors upd#teir beliefs on the face of
heterogeneous expectations by conducting an ety sf the market’s reaction to revisions of
analysts’ dispersed earnings forecasts. A critfeature of earnings forecast dispersion as a
proxy for heterogeneous expectations is that tpertmmg of individual forecasts by multiple
analysts makes disagreements common knowledgd! fmagket participants. This permits us to
evaluate the rationality of the market’'s resporselispersed forecasts by ruling out structural
uncertainty and limited information as alternatieplanations for any potential mispriciffy.
Consequently, market’s reaction to dispersed fatecavisions constitutes a special case in
evaluating rationality as an acceptable representatf investor behavior. After all, if investors
misprice securities when the full spectrum of opis are common knowledge, it is highly
unlikely that they will be able to price securitiesrectly under the more common circumstance
of opaque disagreements that require extractiomfofmation from noise prices and trading
volume.

Ours is not the first study to investigate the Bpseing implications of analysts’ forecast
dispersion. Existing empirical evidence raisesogaeridoubt on the view that investors capitalize
differences of opinions rationally. Ackert and Atlagsakos (1997), and Diether et al. (2002)
document a strong negative relation between fotetigpersion and future stock returns. This
overpricing of high dispersion stocks is generaltiributed to an optimism bias on the part of
investors holding the stock in the spirit of MillE&k977). The implication is that investors fail to
update their opinions rationally upon observingdrging forecasts and instead overweight their
own overly optimistic opinions, which leads to maeevere overpricing when disagreements are
greater.

While such irrationality on the part of investoastong with market frictions, could cause
overpricing in stocks with greater differences pimwon as envisioned by Miller (1977), whether
the low returns earned by high dispersion stocksirarfact driven by this phenomenon is not a

% The importance of the availability of information when evaluating investor rationality is highlighted by the
findings of Chae (2005), who find that while uninformed investors react properly to increased adverse selection
costs prior to scheduled corporate announcements by curtailing their trading, they fail to do so around
unscheduled announcements. Market makers, on the other hand, are able to modify their actions appropriately as
they can extract the relevant information from their order books.
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foregone conclusion. For instance, Han and Man@0@ document that firms with high
dispersion subsequently experience poperating performance, which hints at an alternative
driving force for the dispersion phenomenon. Imaotty, the dispersion phenomenon does not
naturally follow from Miller's model. Miller's framawork is built on investors’ uncertainty
regarding the probability distribution of returiiéowever, the availability of analysts’ divergent
forecasts itself could substantially diminish unaety related to future earnings by making
differences of opinion common knowledge. Evidenmanf laboratory experiments of common
value auctions supports this view. Kagel and L&t@86) find that the winner’s curse problem
is significantly less severe when bidders receinforimative signals on another bidder’s
valuations. Similarly, Levin et al. (1996) show ttha ascending-price auctions, which allow
bidders to observe the actions of other biddemneii's curse is less pronounced than sealed-bid
auctions. The dispersion phenomenon is particukrtprising in light of these findings since the
common knowledge of analysts’ forecasts should tankislly diminish this type of winner’s
curse problem.

Using the event-study methodology, we investigateetwer investors ignore the
dispersion in analysts’ forecasts and exhibit aygtimism in their reaction to forecast revisions.
Our empirical approach allows us to follow the joavolution of earnings forecasts and stock
prices over time, and investigate the genesis @fdiepersion phenomenon. To assist us in our
empirical analysis, we construct a simple Bayesmndel of investors’ revision of their
expectations in response to analysts’ forecastsfiteexamine a baseline scenario with rational
investors reacting to unbiased forecasts. Two akptedictions of the model are that (i) rational
investors take into account the full distributionfarecasts, and (ii) they place a smaller weight
on revisions when dispersion is high. Introducimyeistors with biased priors produces
interesting insights. According to the model, oyesptimistic investors overreact to optimistic
forecasts, which create a direct link between tispaision phenomenon and the market’s
overreaction to forecast revisions, and motivateement-study analysis.

Our event-study findings reveal that investdostake the heterogeneity in expectations
into account in a manner consistent with a ratiaradating of beliefs when they respond to
forecast revisions. The essence of our main reswaptured in Figure 2.1, which reports the
absolute value of the average cumulative abnoretalrms observed during the three trading

days surrounding earnings forecast revisions fuskst sorted by forecast dispersion. The critical
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observation is that the absolute announcementn®tane negatively related to dispersion, which
indicates that the market reaction is subdued wdisagreements are greater. This result is
confirmed in a multivariate setting with controts the magnitude and the information content
of the revisions, as well as several proxies fer tévising analyst's visibility among investors.

According to the regression results, the stockeprieaction a forecast revision generates is
roughly 80% larger for stocks in the lowest dispersjuintile compared to those in the highest
dispersion quintile. This negative relation betwéesm market reaction to revisions and forecast
dispersion is statistically and economically veagngicant.

We also find evidence against the premise that sitove overweight optimistic
expectations when pricing assets. Controlling fog magnitude of the revision and forecast
dispersion, neither optimistic revisions nor reams by the more optimistic analysts generate a
more pronounced market reaction. In fact, thersose evidence that the market discounts
optimistic analysts’ forecasts. In addition, pegstio analysts' upward revisions towards the
consensus forecast trigger a significantly positivarket reaction, indicating that pessimistic
expectations were already embedded in the marias. pr

If investors take account of the heterogeneity malgsts' forecasts and asset prices
incorporate pessimistic expectations as impliedtly event-study results, what causes the
overpricing of high dispersion stocks? An extensiorthe Bayesian model introducing over-
optimism to analysts’ forecasts offers a hint. Adwog to the model, when rational investors are
endowed with the information that some analystsoaes-optimistic in their forecasts but do not
know precisely which ones, they perceive pessimistiecasts to be more accurate and respond
more strongly to those forecasts. Our event-stutdirfgs do not reveal such a clear asymmetric
response to the forecasts of pessimistic analyspit® pervasive evidence of over-optimism in
analysts’ earnings forecasts.

This leads us to investigate whether the overpgiahhigh dispersion stocks is caused by
analysts’ over-optimism bias as implied by the éaxstndy findings. To address this, we employ
a portfolio approach by sorting stocks based oadast dispersion and the direction of forecast
revisions. We then track the abnormal returns ehbyeeach portfolio over time. We pay special

*® Chan et al. (1996) document that analysts respond sluggishly to past unfavorable news. Easterwood and Nutt
(1999) show that analysts underreact to negative information and Scherbina (2008) shows that some analysts
withhold unfavorable information by stopping revising their forecasts. Chen and Jiang (2006) find that analysts
overweight their private information if it is optimistic but underweight it if it pessimistic.
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attention to two groups of stocks that experieraasions away from the consensus: (i) stocks
with upward revisions by analysts whose prior fasts were above the consensus (diverging
optimists), and (ii) stocks with downward revisidnsanalysts whose prior forecasts were below
the consensus (diverging pessimis?s).

We find that stocks with diverging optimistic refaissdo notsubsequently earn negative
abnormal returns, and the return difference betwdgh and low dispersion portfolios is not
statistically significant. Therefore, the discougtiof forecast revisions in high dispersion stocks
documented in our event-study analysis appearsetdalpe enough to prevent systematic
overpricing following upward revisions. Stocks wilverging pessimistic revisions, on the other
hand, experience significantly negative returnsofwing portfolio formation, especially when
the forecast dispersion is high. This, then, drittes dispersion phenomenon documented by
Diether et al. (2002). A multivariate analysis gsiRama & MacBeth (1973) cross-sectional
regressions confirms that the negative relatiorween stock returns and the magnitude of
dispersion comes entirely from stocks that expesamfavorable revisions in the recent gast.

In sum, the overpricing of high dispersion stocksesl not appear to be due to a
categorical over-optimism bias of investors andnaility to take full account of heterogeneous
expectations, but rather due to their naiveté okggranalysts' aversion to issue unfavorable
forecasts. While investors’ inability to take fal€count of analysts’ biases violates the rational
expectations paradigm, it is not necessarily ewidemgainst investor rationalitg. Both
rationality and rational expectations require inges to take full account of differences of
opinion that are common knowledge; our event-stiintyings demonstrate that they in fact do
so. Correcting for analysts’ resistance to issuaworable forecasts, on the other hand, requires
a careful examination of a large enough sample oélysts forecasts and earnings
announcements over a long enough period of timmake statistically significant inferences

% Clement and Tse (2005) find that such “bold” forecasts incorporate more private information and tend to be
more informative.

*! This is consistent with Erturk (2006), who reports a weaker cross-sectional relation between future stock returns
and forecast dispersion following recent increases in the consensus forecast. He attributes the dispersion
phenomenon to a “market underreaction to bad news” but does not explore the market’s reaction to forecast
revisions, nor the mechanisms behind the underreaction.

> Here we follow Brav and Heaton (2002) in distinguishing rationality from rational expectations based on
investors’ access to structurally relevant information. Investors may act rationally, and yet violate rational
expectations, if they make optimal statistical decisions based on incomplete structural knowledge.
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regarding systematic forecast errdtsAs Brav and Heaton (2002) demonstrate, structural
uncertainties of this type may cause mispricingnaevestors are perfectly rational. Moreover,
the trend over time in the profitability of the pgéssion strategy is consistent with learning by
market participants. We find that abnormal retunase declined substantially starting around
2002, which roughly coincides with the congressidrearings on analysts’ incentives and the
global research settlement, which generated suitgrublicity regarding research analysts’
conflicts of interest in the financial press ashaslin academic research.

While we do not find any evidence of systematicestor over-optimism in stocks with
high forecast dispersion, our results do not intpt Miller (1977) type overpricing could not
be at play in other settings where heterogeneopgatations are more opaque. In fact, the
mispricing of high dispersion stocks due to invest@redulity regarding analysts’ incentives
may itself be a manifestation of the Miller effeth.some investors fail to account for the
analysts’ over-optimism due to structural uncettgifimited attention, or unfamiliarity with the
phenomenon, short-sale constraints may sidelinesiovs that are more knowledgeable, and
consequently cause overpricing as envisioned bleMi1977). The central distinguishing factor
of this alternative hypothesis is that the hetenegy is caused by differences in investors’
knowledge and access to information, not over-clemice in their own expectations.

The remainder of the paper is organized as folldwssection 2.2, we motivate our
empirical analysis by developing a simple modeinekstors’ reaction to analysts’ forecasts. In
section 2.3, we describe the data. Section 2.4epteshe main empirical findings. And section

2.5 concludes.

2.2. A Simple Model of Investor Reaction to Analyst Forecasts

In this section, we develop a Bayesian updatingehofl investor reaction to analysts’
forecasts. In section 2.2.1, we investigate hovemeasentative investor updates his earnings
expectations upon observing a forecast revisioarbgnalyst in a setting with multiple analysts
with heterogeneous forecasts. In the reminder cicge 2.2, we examine how investors update
their beliefs regarding an analyst’s precision uptxserving her earnings forecast. In section

2.2.2, the investor is assumed to be over-optimetid analysts are unbiased. In section 2.2.3,

** Evidence of this type of rational learning is reported by Chen et al. (2005), who find that investors put increasing
weights on an analyst’s forecast accuracy as they observe and learn from the analyst’s track record.
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the investor is unbiased but analysts’ earningsdasts are on average upward biased due to
analysts’ incentives.
2.2.1. The baseline scenario with rational investord unbiased analysts

Our baseline model investigates how investors @pthadir beliefs in response to forecast
revisions by analysts. At this stage we assumeahalyst forecasts are unbiased. Our primary
focus is on how disagreements among analysts dffectnarket reaction to forecast revisions
when the disagreements are common knowledge aedtorg are Bayesian rational.

We assume that a representative investor's prionirggs expectation is distributed
normally with a mean oB, and precision § i.e., N@o,1/hp). The investor then observes
simultaneous earnings forecasts frolanalysts. The analysts’ forecasts are random dgswin
from a normal distribution with medh and variance 14such that the precision of the signal is
h, i.e., §X~N(©;,1/hy), where x is the actual earnings outcome.

The investor’'s observation of theforecasts leads to a posterior expectation of

8,h, + 6Nh
E(x|s)= 22—+
h, +Nh,

, 1)
where 0 is the mean of the analysts’ forecasts and 1idlthe variance of the analysts’ earnings
forecasts.

Given Eq. (1), we investigate how an investor uesgldtis earnings expectations upon
observing a forecast revision. Assuming an upddtéd@ by one of the analysts, and for
simplicity ignoring the resulting small change hetobserved forecast dispersion, the change in
the investor’s posterior due to the revision is,

(A6, /N)(Nh,)) _ ABh,
h, + Nh, h, + Nh,

E(bx|s)= (2)

Thus, the investor’s reaction to the revision farection of the magnitude of the earnings
revision, the precision of the investor’s priore therceived precision of the revising analyst, and
the forecast dispersion.

The magnitude of the investor’s reaction per a ciménge in the forecast is given by,

E(AX|s) h
== i 3
AB, h, + Nh, ®)
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Importantly, the reaction to the revision giverEq. (3) does not include a term for the revising
analyst’s initial forecast relative to other anédysndicating that the rational reaction to unbehs
forecasts does not depend on the analyst’s relaptimism or pessimism.
To explore the effect of forecast dispersion on ifnestor’s reaction, we take the
derivative of Eqg. (3) with respect to the precisadrthe analysts’ forecasts:
3 E(AX|s)
AB. h

= 0 0
oh, (b, +Nh,)

(4)

According to Eqg. (4), the derivative of the reactimith respect to analysts’ precision is positive,
indicating that the reaction should be smaller wtten disagreement among analysts is larger
since forecast dispersion is proportional to theerse of precision. We thus have the following
proposition:
PROPOSITION 1:If investors are rational in the sense that theyitaize heterogeneous
expectations, then:

1. The response to revisions should be negativelyeelto forecast dispersion.

2. The market reaction should be independent of thisirey analyst’s relative optimism.

For the analysis in the remainder of section Il,assume that analysts’ forecasts have a
private information component, which causes a esessional variation in the precision of the
analysts’ forecasts. Investors have prior beliefgarding analysts’ precision, which is updated
after observing the forecasts.

2.2.2. Over-optimistic investors

Here we adopt the framework of Jackson (2005). gkksthas two potential earnings
outcomes that are equally likely, withy » x_ and Pr(x) = Pr(x) = 0.5. However, an over-
optimistic investor over-estimates the likelihoddttee good state such that Pr(xy) > 0.5. In
Miller's (1977) heterogeneous expectations framéwatr is precisely these over-optimistic
investors that end up holding the stock while uséthinvestors (as well as overly pessimistic
ones) are sidelined due to market frictions.

A single analyst follows the stock and providesamings forecast. The analyst is one of
two types; a “good” analyst who receives an infaiagaprivate signal regarding the earnings or
a “bad” analyst who receives random noise as aakidine investor does not know the type of

the analyst but has a prior expectation that Pqyye® where 0< 6 < 1.
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The analyst receives a private binary signalds §) about expected earnings with the
following properties:
Pr (si | x4, good) = Pr (s| x., good) = p, (5a)
Pr(si |, good) = Pr (s| %, good) =1 —p, (5b)
Pr (si| % , bad) = Pr ($| x_, bad) = Pr (s| x4 , bad) = Pr (s| x_, bad) = 0.5, (5c)
where 0.5 <p < 1.
The analyst then communicates her signal to thestaov, and the investor updates his
beliefs about the analyst’s type based on the kagmhhis priors using Bayes’ rule as follows:

_ Pr(s, |gooQ Pr(gooq) _ Pr(s,, |googd

Prigood |s) = Pr(s) = Pr(s, [goodp+050-3) Y
_ Pr(s, |googPr(gooq _ Pr(s, |goo0d

Prigood]s) = Pr(s) " Pr(s |goodp+0.5(1-8)° (66)

According to rational investors who correctly beéethat Pr(x) = Pr(x) = 0.5, analyst
type is independent of the analyst’s signal, Pe(good|g) = Pr(good|s) = Pr(good) =9, if the
forecasts are unbiased. An irrational investor vatler-optimistic expectations, on the other
hand, perceives relatively optimistic analysts éorbore likely to be of the “good” type. This
follows from

Pr(s, |[gooQd
Pr(s, |goodp + 0.5(1- &)
since Pr(g|good) = g + (1-p)(1y) > 0.5, for all 0.5<p<1 and 0.y<1. Similarly,

Pr(good |§) = >0, (7)

Pr(s, |[goo0)d
Pr(s |goodp + 0.5(1- d)

since Pr(glgood) = p(1y) + (1-p) < 0.5, for all 0.5<p<1 and 0.9<1.

Pr(good |$) = <9, (8)

PROPOSITION 20ver-optimistic investors incorrectly perceive opstic analysts to be more
accurate in their forecasts. Consequently, investawverweight optimistic forecasts and

underweight pessimistic forecasts while updatiregrtexpectations.

2.2.3. Over-optimistic analysts

In this subsection, we investigate how analysteédasts and the reaction to the forecasts
may be influenced by analysts’ incentives. To #ad, we introduce an objective function for
the analysts and allow analysts to report foredhastsdiffer from their private signal. Following
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Jackson (2005), we assume that analyst face aoffdgetween building a good reputation by
reporting their true private signals and collectihgher wages by reporting misleadingly
optimistic forecasts and thus generating tradingirogssions for their brokerage firms. The
assumption that analysts might be incentivizedefwort over-optimistic forecasts follows from
the observation that favorable forecasts generate tnading than unfavorable forecasts, due in
part to short-selling constraints.

The analyst’s objective function is
max c.E(Trade [+ k. E(P(reputatior good | n)) 9)

wherem is the analyst’s reported forecasty(tor m ); E(Trade|m) is the expected amount of
trading commissions generated as a consequenbe oéport, with E(Tradejm > E(Trade|m);
Pr(good|m) is the reputation of the analyst coaddl on the signal; arkdcaptures the weight of
the analyst’s reputation in her objective functiasith k [J[0,c0).

It follows that the analyst faces a conflict onlyxem her private signal is.sWhen the
signal is g, she reports mwith certainty. When the signal is, gshe following needs to hold for
the analyst to truthfully reportm

Cc[E(Trade | m) — E(Trade | m)] < k[E(Pr(good | m)) — E(Pr(good | m))] (10)

Jackson (2005) shows that the analyst will trutigfuéport a low signal ik exceeds a certain
threshold k). The investor does not know if the analyst ishtful or not, but has priors given by
Pric k) =m<1®

It follows that,

Pr(truthful | m) = 1 (11a)
ortruthiul [ my) = P [rUhUDPrruthfu) __ 05m _ o5n_
" Pr(m,) 0.5m+(1-m) 1-0.5m

** An alternative justification for the incentive to report over-optimistic forecasts is due to the fact that analysts
value access to the management of the firms they cover, and this access is likely to be limited for analysts that
publish reports unfavorable to the management.
* Jackson (2005) derives k" as

(

. Cakz—ﬂn + q—1)(o.25— (p—0.5)5°)

1+ m(p-0.5)(1- 8)d ’
where @ is the amount of trade a unit revision in earnings expectations generates, q is the probability of facing
short-selling constraints, Jis the investor’s prior belief that the analyst is of “good” type, p is the probability that a
“good” analyst correctly forecasts the earnings, and 77is the investor’s prior belief that the analyst is of truthful
type.
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Sincerr< 1, it follows that Pr(truthful|g) < Pr(truthfullm) = 1. In other words, rational
investors perceive pessimistic analysts to be nrotbful and pessimistic forecasts to be more
accurate. The implication is that forecast revisiohpessimistic analysts lead to a larger market
reaction compared to revisions by optimistic analys
PROPOSITION 3if investors know that some analysts have incemtitgereport deliberately
over-optimistic forecasts, but don't know with e@mty which forecasts are biased, they
rationally overweight the forecast revisions of gigsstic analysts and underweight those of
optimistic analysts.

To test these propositions empirically, in sectignwe conduct an event-study of the
market reaction to forecast revisions, with a pattir focus on forecast revision and the revision

analyst’s relative optimism.

2.3. Data

We extract daily and monthly returns from the Ceffde Research in Securities Prices
(CRSP) database including NYSE, AMEX, and NASDAQcks. We use COMPUSTAT to
obtain the book value of equity as the sum of bealkie of common equity and deferred taxes.
Analysts forecasts data is from the Institutionedkers Estimate System (I/B/E/S). We use 13(f)
institutional holding data from Thomson Reutersctmmstruct the percentage of outstanding
shares held by institutional investors as an agdesmeasure of institutional ownership for each
firm. Stocks that are in CRSP but do not have mxan 13(f) are assumed to have zero
institutional ownership. Thomson Reuters recordate filings reflect the stock splits between
the end of quarter and filing date. We readjustriibmber of shares held by institutions using
CRSP daily share adjustment factors.

I/B/E/S includes U.S. Detail History and Summarystdry datasets, both of which are
available in unadjusted and split-adjusted versiddisice our research design requires the
location of each analysts forecast relative to o#malysts, we use the I/B/E/S Unadjusted Detail
file. We obtain individual analysts’ forecasts tbe forthcoming fiscal year (FY1) earnings per
share (EPS) over the period 1984-2011. I/B/E/S iD&taincludes individual analyst forecasts,
forecast dates and revision dates. Forecast datbkas an analyst initiates a forecast. Revision
date is the last date on which an analyst confinmssforecast as valid and accurate. I/B/E/S
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enters a new record when an analyst changes hisa¢stand updates only the revision date
when an analyst confirms his previous estimatesasgbunchanged.

There are two problems with the I/B/E/S Unadjusi2etail file. Occasionally, the
revision date exceeds the forecast date by an somahly long time period (i.e., 36 months). In
order to eliminate such stale forecasts, we exchlml@ where the time interval between the
initiation of the forecast and its revision is mahan 15 monthd> And second, sometimes the
revision date erroneously precedes the forecast tfatsuch cases we assume that the revision
date and the forecast date are the same.

We assume that a forecast is valid and up-to-dat@githe months between the revision
date and the forecast date. If an analyst has thare one valid forecast in a given month, we
consider only the most recent one. After theseections, we use individual analyst forecasts to
compute the month-end standard deviation and medues. We adjust forecasts using the
cumulative share-adjustment factor from the CRSR dtock file. Dispersion is constructed as
the ratio of the standard deviation to the absoratae of the mean forecast. Following Diether,
Malloy, and Scherbina (2002, DMS hereafter), wagasstocks with a mean forecast of zero to
the highest dispersion group throughout our ansfysStocks with fewer than two analyst
forecasts in a given month are excluded since digpecannot be measured in those cases.

Table 2.1 reports the summary statistics for tB¢H/S Unadjusted Detail sample, and
presents a comparison with all NYSE, AMEX and NASDPAtocks from CRSP. We break the
CRSP sample into size deciles using market capatadin breakpoints of NYSE stocks at the end
of each month in each year. A firm is defined agilde if it has a share price greater than five
dollars and is followed by two or more analystshwialid earnings per share forecasts for the
current fiscal year. As demonstrated in previousliss, smaller firms are less likely to be
followed by security research analysts. Only 12.38f4he firms in the smallest decile are
eligible for the analysis. In addition, the ratibadigible firms increases monotonically for the
larger firm deciles. Among the largest 10% of firnms the CRSP universe, 96.14% are
represented in our analysis. The average numbemalysts covering the smallest firms is
approximately three among the smallest and 17.6ingrthe largest firms.

% Including these stale forecasts, which constitute approximately 9% of all forecasts, doesn’t alter the results
qualitatively.
7 Excluding observations with a mean forecast of zero does not have a significant impact on our results.
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2.4. Empirical results

We first present our results from an event studythef stock return reaction to analysts’
earnings forecast revisions and evaluate how gmsets capitalize analysts’ heterogeneous
expectations. Then, we investigate the originshef ¢verpricing of stocks with high forecast
dispersion by sorting dispersion portfolios intdogroups based on the direction of analysts’

forecast revisions.

2.4.1. Market reaction to forecast revisions

We first conduct an event-study to examine howrtteket evaluates new information
embedded in the earnings revisions of analysts. pade particular attention to the relative
optimism of the revising analysts and the disagergnamong the analysts covering the stock.
This allows us to investigate the origin of the engerformance of high dispersion stocks.

Table 2.2 presents the equal-weighted cumulativem@bal returns during the three-day
window surrounding the revisions. We investigatevaeward and upward revisions separately.
We independently sort revisions into quintiles lobsa the dispersion of forecasts and terciles
based on the magnitude of revisiomdspersionis computed as the standard deviation of
forecasts divided by the absolute value of meaacfst, using all available earnings forecasts
for each stock on the day before the revision dattuding the revising analyst’s own forecast.
The magnitude of the forecast revision is measue&tive to the analyst’'s own prior forecast.
Panel A and B report the results separately folyatsawith forecasts below the consensus
(pessimists) and those with forecasts above theetmus (optimists). The consensus forecast is
computed as the mean of all outstanding forecastheday prior to the revision date.

Table 2.2 shows that the mean abnormal marketrréturesponse to forecast revisions
increases with the magnitude of revisions for baptimistic and pessimistic analysts, and for
both upward and downward revisions. Importantly, eleserve a smaller absolute market
reaction to revisions when the disagreement amoatysts as captured by dispersion is larger.
This subdued reaction is present in both panelsaanuks all three revision levels. Furthermore,
the reaction to revisions is closer to zero at gredispersion levels despite the fact that the
magnitude of the revisions tend to be greater timecks with high dispersion. For example, in the
low dispersion quintile, the three-day abnormalkeareactions to large downward revisions by

pessimistic and optimistic analysts are -7.19% &1d7%, respectively. In contrast, in the high
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dispersion quintile, the corresponding abnormalrret are only -1.65% and -1.54% even though
the downward revision is far larger in magnitudee3e univariate results provide preliminary
evidence that the divergence of analysts’ expextatiplays a critical role in the market's
response to forecast revisions.

Next, we investigate the market reaction to fosecavisions in a multivariate setting that
includes controls for the magnitude of the revisittre informativeness of the revision, and the
visibility of the revising analyst. The dependeratriable is the cumulative abnormal return
during the three days surrounding the revision. e main independent variables are the
dispersion of all outstanding forecasi3igpersior) and the change in the revising analyst’s
forecast scaled by the analyst's own prior fore@@stision. We exclude the revising analyst’'s
forecast when computing the forecast dispersion.imépret the coefficient oRevisionas the
“revision response coefficient.” We includ&ispersion as well as the control variables, as
interactions withRevisionin order to investigate how the heterogeneityralygsts’ expectations
and various information and visibility consideratsoaffect the revision response coeffici&ht.

The control variables include proxies for the vigiyp and the informativeness of the
forecast revisions. Analyst visibility is likely @ffect the market’s response to the revisions. For
instance, each revision may have a smaller impaenva stock is covered by a large number of
analysts. In addition, forecasts of analysts engdoly larger brokerage houses may cause a
larger trading activity. It is also possible thhé immediate response may be smaller in stocks
with low institutional ownership if retail inves®ipay less attention to analysts’ forecasts and
respond to revisions with a delay. To account fase potential factors, we include as control
variables (i) the number of analysts with availabdeecasts on the day prior to revision
excluding the revising analysigmber of analysjs(ii) the number of analysts who have issued
at least one forecast in the past year from theedamokerage house that employs the revising
analyst Broker sizg and (iii) the percentage institutional ownersimghe stock as of the most
recent calendar quarter-end prior to the monthefrévision Ipstitutional ownership

At times forecasts are revised in response to pubformation that has already been
incorporated into stock prices. Such revisions ghbe associated with little or no stock price

reaction upon announcement. In order to capture vidwgation in the informativeness of

*® An alternative approach would be to divide the announcement returns by the percentage forecast revision, and
thereby include all explanatory variables linearly. This is likely to create econometric issues since small revisions
would produce disproportionately large values for the dependent variable.
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revisions, we include several control variablesedéhinclude an indicator that the analyst’s
revision is away from the prior consensus forecagiward revisions if the analyst’s most recent
forecast was above the consensus and vice veBiazerging dummy the number of days since
the most recent forecast by the revising analpsiy§ since last revisionthe number of days
remaining until the fiscal year-end date corresjmgdo the earnings forecadddys to fiscal-
year end; the absolute value of the cumulative stock retower the previous two weeks
(Abs(Lag Re)) the absolute value of the change in the conseftsacast over the previous two
weeks Abs(Lag Rey) and two indicators that the analyst's revisienn the same direction as
the cumulative return(Lag Ret and Revision same sigaihd the change in consensus forecast
(D(Lag Rev and Revision same sjgnVe add one to all non-indicator control variable
interacted withRevisionand then take their natural logarithm in orderlbzount for potential
skewnesg?

In our regression specifications, the unit of abagon is each individual forecast
revision. Occasionally forecast revisions by diigranalysts for the same firm cluster in time—
for instance due to a simultaneous response to ramuacement—and the three-day
announcement windows overlap. The resulting depwreleacross observations is likely to
inflate the t-statistics. To overcome this probleng compute the t-statistics after clustering
observations in time for three-day windows.

The regression results in Table 2.3 confirm theanmate evidence from Table 2.2. The
revision response coefficient is negatively relatedforecast dispersion as evidenced by the
negative and statistically highly significant slopeefficient on the interaction between
dispersion and the magnitude of revision. The ol of the controls for visibility and
informativeness does not affect the results. Theffioent on the interaction varies between -
0.09 (p<0.001) and -0.07 (p<0.001) depending onsfrexification’® The economic impact of

forecast dispersion on announcement returns is highly significant. According to the

* Our results remain qualitatively the same when we used cumulative returns and change in consensus over the
past three months.

*® We also ran the regressions in Table Il separately for upward and downward revisions, as well as revisions by
optimistic and pessimistic analysts. The results are qualitatively identical. These untabulated results are available
upon request.
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regression estimates, the stock price reactiorrexést revision causes is 72% larger for stocks
in the lowest dispersion quintile compared to ssoickthe highest dispersion quintffe.

The slope coefficients on the control variables as® of interest. All three proxies for
the visibility of the revision analyst have the egped signs. The coefficient on the interaction
with the size of the brokerage house is positive significant, indicating that the forecasts of
analysts employed by brokerage houses servinggarlatient base elicit a larger response. We
also find evidence that the revision response omeffit is smaller if the investor base is more
retail oriented. While one would think there wolle more opportunities for analysts to reveal
value-relevant firm-specific information when theégn’t have to compete with as many buy-side
analysts employed by large institutional investtrs, negative coefficient on the interaction with
institutional ownership indicates that the respomseactually subdued when institutional
ownership is low, which is presumably due to retailestors’ failure to react to forecasts
immediately. The coefficient on the interactiontwihe number of analysts covering the stock is
negative and highly significant, indicating thatisgons are associated with a smaller reaction if
the firm is covered by a larger number of analyslss is consistent with the idea that, while the
information environment may be richer for stock$hwnore analyst coverage, investor attention
may be divided with respect to each individual éaxst*?

With respect to the informativeness of the revisjowe find evidence of a stronger
reaction when the revision is away from the congenwhen the revision follows quickly after
an earlier revision by the same analyst; and wherfiscal year-end is further away. Moreover,
we find that the reaction is more pronounced foif@yva large cumulative return in either
direction during the past six months, and more gatdollowing large changes in the consensus
forecast in either direction. It appears that amiegs forecast is considered more valuable by
the market following large changes in the valudhaf firm, especially if it is not preceded by
significant revisions by other analysts. We finditthhe two dummy variables that capture

whether the forecast revision is in the same doacis past returns and forecast revisions both

41 According to Panel Cin Table V, the average dispersion for stocks in the lowest (highest) dispersion quintile is
0.01 (0.588). Then, using the coefficient estimates from Table Ill, the revision response coefficient for the stocks in
the lowest dispersion quintile is 0.10 (0.10-0.09[In(1+0.01)]); whereas for the stocks in the highest dispersion
quintile, it is 0.058 (0.10-0.09[In(1+0.588)]).

* This finding is also consistent with the idea that the informativeness of each forecast may be less when there are
a larger number of analysts competing for the same information. We do not attempt to distinguish between these
two alternative explanations.
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have slope coefficients that are positive and &igant. The implication is that when the forecast
is revised in the same direction as past returrts remisions, the stock market reaction is
significantly stronger. This appears counter-imeitat first since these revisions are more likely
to be in response to past information and not Hevggaew information to the market. However,
it is possible that these slope coefficients arptw@ng a cross-sectional variation in the
perceived usefulness of certain analysts’ forec&sis instance, considering that forecasts tend
to be dispersed, the analysts that revise theachsts in the opposite direction of recent returns
and revisions are more likely to be the ones thdtlarge forecast errors in their initial forecasts

Overall, the results in Table 2.3 indicate thatestors place a smaller weight on a
forecast revision when differences of opinion amdtmey forecasters are greater. This finding is
consistent with the idea that investors rationalfpitalize heterogeneous expectations and
supports Proposition 1.1. Analyst revisions mayléss informative especially when some
analysts revise only for the purpose of followiingit peers, namely herding. If investors are
aware of this herding effect, they may discountstevisions. In order to take into account this
effect, we exploit situations where multiple antdymake revisions on a single day in the last
specification of Table 2.3 since less informatiegisions due to potential herding are less likely
to happen in those days. The revision variablis last specification measures the average of
the revisions measured for each analyst. We needdiude analyst specific variables such as
brokerage size, days since the last forecast amerging dummy. All other variables are the
same as before. We find that the results are gitalthose in previous models such that reaction
to revisions decreases with dispersion controflorgpther variables.

In Table 2.4 we investigate Proposition 1.2, whstdites that rational investors’ reaction
to revisions should be independent of the reladptmism of the revising analyst. Alternatively,
Proposition 2 states that over-optimistic investokserreact to the revisions of optimistic
analysts, causing the stock to be overpriced dushtot-selling constraints as hypothesized by
Miller (1977). This, in turn, could be the mechanibehind the abnormally low returns earned
by high dispersion stocks as documented by Dieghal. (2002).

The analysis in Table 2.4 is very similar to the am Table 2.3 with one exception. We
add two interaction variables that capture the ichpd the revising analyst’s optimism on the
revision response coefficient. In specificationtdie additional variable is an indicator that the

revising analyst’s prior forecast was above theseosus forecasDftimistic analyst dummyin
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specification 2, we include a measure of where rthasing analyst’s prior forecast was in
relation to the most optimistic forecast; namehg highest earnings forecast minus the earnings
forecast of the revising analyst prior to the resnsdivided by the absolute value of the
consensus forecaddictance from highest forecast

According to Table 2.4, optimistic analysts do matuse a larger market response
according to either of the two relative optimismaseres. The first two specifications with a
dummy that indicates the revisions of optimistialgsts, the slope coefficients are insignificant.
In fact, in the full specification using the distanfrom the most optimistic forecast as a proxy
for pessimism, the slope coefficient on the inteoacis positivewith a p-value less than 0.01.
Consequently, investors do not appear to be exmgodn over-optimism bias by favoring the
forecasts of the more optimistic analysts, whiclppguts Proposition 1.2 and contradicts
Proposition 2.

If, as indicated by the findings in Tables 2.3 @hd, the market reaction upon the
announcement of forecast revision is inconsistdtit imvestor over-optimism, what causes the
overpricing of high dispersion stocks? In Proposit8 we show that rational investors that are
aware of analysts’ tendency to be over-optimistithwheir forecasts will perceive pessimistic
forecasts to be more accurate, and consequentlyowgrweight the revisions of pessimistic
analysts. The evidence in Table 2.4 for such amsagient by investors for analysts over-
optimism bias is mixed despite a large body of ent® documenting a strong optimism bias in
analysts’ earnings forecasts and recommendatidngs possible, then, that an inadequate
adjustment by investors for analysts’ biases malgdfend the initial overpricing and subsequent
under-performance of high dispersion stocks. Thpgse of the next sub-section is to explore

this possibility using a portfolio approach in gyarit of Diether et al. (2002).

2.4.2. Forecast revisions and the profitabilityted dispersion strategy

In this section, we follow Diether et al.’s (200@9rtfolio approach. We first replicate
their size and dispersion sorted trading portfstiategies by extending their sample period from
February 1984 to December 2011 to confirm the dgpe phenomenon in the most recent
sample period, and to establish a benchmark foatiadysis that follows. Each month, we sort
stocks sequentially into quintiles based on previmonth’s market capitalization and forecast
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dispersion. We then calculate an equally weighédrmefor each of the 25 portfolios, link the
returns over time for each portfolio, and run tiseies regressions of the portfolio excess
returns on the Fama and French (1993) three-fatdastimate the abnormal returns.

The mean returns, the estimated alphgs f(om the Fama-French three-factor model,
and the mean dispersion for each of the 25 poodddire reported in Table 2.5. The last row in
Panel A shows the average monthly raw return tothding strategy of buying stocks in the
lowest dispersion portfolio and selling stockshe tighest dispersion portfolio within each size
quintile. The last row in Panel B reports the eated alpha and the Newey-West (1987)
adjusted t-statistic for the same strategy. Thalteén Table 2.5 are in line with the findings of
DMS (2002). The difference in the average monthxigess returns and alphas of the lowest and
the highest dispersion quintiles is statisticalpngficant within the smallest three size quintiles
Among the smallest firms, the trading strategy mtes a monthly abnormal return of 1.10%.
The profitability of the dispersion strategy decmemwith firm size: the average monthly return
differential is 1.03%, 0.64%, 0.345%, and 0.37% tfue second, third, fourth, and largest size
quintiles, respectively. Finally, according to Pla@ethe average dispersion level decreases with
firm size, indicating that analysts are more likilyagree on the future earnings of larger firms.
The average level of dispersion for the highespeatision group in the small firms is 0.943,
which drops to 0.309 for the largest market cajziddion firms.

Next, we investigate whether the dispersion phemames due to investors’ over-
optimism as stated in Proposition 2, due to thailufe to take full account of analysts’ over-
optimism in violation of Proposition 3, or possilddpth. To that end, we sort stocks into sub-
groups based on the optimism of the revising atalgdative to the consensus forecast. Within
these groups, we pay particular attention to stdbks have experienced an increase in the
forecast dispersion during the previous month,eeittue to already optimistic analysts’ further
deviation from the consensus (diverging optimistsjlue to pessimistic analysts’ deviation from
the consensus (diverging pessimists). We includgoak in the diverging optimist group if
analysts with forecasts above the consensus iprin@ous month revise their forecasts further
up while those below the consensus revise theactsts down or make no revisions. We include

a stock in the diverging pessimists group if artalysith forecasts below the consensus in the
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previous month revise their forecasts further devinle those above the consensus revise their
forecasts up or make no revisidiis.

This separation permits us to investigate the dgviorce behind the dispersion
phenomenon. On the one hand, if over-optimism wéstors in the spirit of Miller (1977) is the
primary underlying mechanism that drives the lowsaquent returns earned by high dispersion
stocks, we should find significant differences bew the low- and high- dispersion stocks
within the subgroup of stocks with analysts thatikit diverging optimism. On the other hand,
if lower subsequent returns are primarily due teestors’ naiveté regarding analysts’ over-
optimism bias, then we expect the underperformanfdegh dispersion stocks to be particularly
prominent when dispersion increases as a resulbwhward revisions by pessimistic analysts
that are not matched by the optimistic analysts.

Table 2.6 reports the Fama-French three-factoragl@imd t-statistics of portfolios sorted
by size and dispersion within the subgroups meertioabove. The average number of firms in
each portfolio drops significantly in this analysise to our double-sorting procedure and the
exclusion of stocks that do not experience an asaan dispersion. Therefore, we use three-by-
three size-dispersion sorted portfolios to enshet there are a sufficient number of firms in
each portfolic** In Panel A, which reports the abnormal returnthtodispersion strategy in the
diverging optimists group, we observe two key firghi. First, looking at the last column with
the full sample results, none of the dispersiontfplios earn negative subsequent abnormal
returns, indicating that stocks with increasingpdision due to optimistic revisions do not
subsequently experience abnormally low returnsoiecthe dispersion strategy based on the
differences between the low- and high-dispersiomtfltos is not profitable. The mean
abnormal return earned by a zero-cost strategygihl low and selling high dispersion stocks
is 0.18% (t=0.79). The returns earned by the dsperstrategy are positive and reasonably large
only for the stocks in the middle size group, amdrethen they are only marginally statistically
significant (p-value = 0.049).

In Panel B, we explore the profitability of the pkssion strategy among stocks that
experienced downward revisions by pessimistic atsly the prior month. In contrast to Panel

* There is some overlap between the two sub-groups due to the rare occasion when optimistic analysts revise
their forecasts upward while pessimistic analysts revise downward. These observations constitute roughly 6% of
the sample. Excluding these instances from the two sub-groups in this analysis does not alter our results.

*In unreported results, we find that the original dispersion phenomenon remains significant in this revised three-
by-three portfolio sorting approach.
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A, the dispersion strategy is significantly prdfila in this group, especially among small and
mid-size stocks. The average abnormal return éiffee between the low- and high-dispersion
stocks is 72 basis points per month with a t-dtatisf 3.20. Moreover, looking at the last
column, we see that these stocks earn statistisajlyificantly low future returns regardless of
the level of dispersion. The mean abnormal retdriow and high dispersion stocks is -0.31%
(t=-2.43) and -1.03% (t=-4.78) per month, respe&tyivThese results in Panel B, along with our
finding reported in Panel A that the dispersioratstgy is not profitable when the increase in
dispersion is fueled by optimistic forecasts, idicthat the dispersion phenomenon is primarily
due to the investors’ failure to capitalize the atege information embedded in analysts’
downward revisions to a full extent. This conclusreceives further support in Panel C, where
we explore the profitability of the dispersion stgy among stocks witbeclining dispersion
due to downward revisions of optimistic analystn{eerging optimists). The average abnormal
return difference between the low- and high-disperstocks is 63 basis points with a t-statistic
of 3.95.

In Figure 2.2, we investigate the persistence abatnal returns documented in Table 2.6
during the six months following portfolio formatioft is possible, for instance, that stocks with
diverging optimists may experience abnormally l@turns with a delay. To that end, we plot
the abnormal returns earned by stocks in the higliepersion quintile during the month of
portfolio formation and the subsequent six monkigure 2.2 shows that high dispersion stocks
with downward forecast revisions by pessimisticlgsta continue to under-perform for the next
six months, with abnormal returns statisticallynsfigantly different from zero during the first
four months. In contrast, stocks with an increastligpersion due to upward revisions by
optimistic analysts do not earn abnormal returnsaag point during the next six months
following portfolio formation. In other words, thresults presented in Table 2.6 are not reversed
over time.

The abnormal return findings using the portfolicastgy supplement our earlier event-
study findings. The subdued reaction to forecastisiens when dispersion is high as
documented in Table 2.3 appears to be sufficiemirevent systematic overpricing when the
revisions are driven by an optimistic sentimentisTdiscounting of revisions on the face of large
disagreements backfires when the revisions are daewds however, as indicated by the

abnormally low returns subsequent to downward fasecevisions. Together, these results raise
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the possibility that while high dispersion followimpward revisions may indeed proxy for large
differences of opinion among analysts—evidentlyrectty interpreted and capitalized by
investors—, high dispersion following downward ens appears to be a manifestation of the
analysts’ over-optimism bias. This is consisterthwhe Chan et al. (1996), Easterwood and Nutt
(1999) and Scherbina (2008) who document that ggamalysts’ forecasts exhibit sluggishness
to unfavorable news in particular.

This interpretation receives further support inufeg 2.3, which plots the percentage
change in the consensus forecast during the fivatimosurrounding portfolio formation for
groups of stocks categorized by dispersion and $¥zeobserve that high dispersion stocks have
experienced large downward revisions during the tmanths prior to portfolio formation. In
contrast, low dispersion stocks have average passions close to zero. Moreover, high
dispersion stocks continue to experience downwavisionsfollowing portfolio formation. This
asymmetry between low and high dispersion stoakddesupport to the view that stale forecasts
that increase dispersion are more prevalent araafal/orable news. If investors are unaware of
this negative relation between high dispersion futdre forecast revisions, a response that is
rational from a differences-of-opinion perspectigelikely to cause the overpricing of high

dispersion stocks.

2.4.3. Dispersion strategy in the cross-sectionfaretast revisions

Next, we investigate whether the relation betwéengrofitability of the dispersion strategy
and the direction of forecast revisions documernethe previous sub-section using the time-
series analysis is also present in the cross-seclio that end, we run monthly Fama and
MacBeth (1973) cross-sectional regressions of stetlkns on firm characteristics and several
proxies related to forecast revisions. Firm chamastics include the stock’s beta, siz@(Size),
book-to-market ratio (In(B/M)), past six month nets excluding the most recent monttag
Re), and the dispersion in analysts’ forecaBlisgersion.*® In addition, we include four dummy
variables related to the direction of forecast smns as interactions witBispersion The
diverging optimists dummy)(Opt_Div)) equals one if optimistic analysts on averagesexvi

their forecasts upward during the prior month, aedo otherwise. The converging optimist

*In unreported tests, we include lagged idiosyncratic volatility, expected idiosyncratic volatility estimated using
the EGARCH model as in Fu (2009), the number of analysts, lagged turnover, and the coefficient of variation of
turnover as additional explanatory variables. The results are qualitatively identical.
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dummy O(Opt_Con) equals one if optimistic analysts on average sexVitheir forecasts
downward during the prior month, and zero otherwisbe diverging pessimists dummy
(D(Pes_Div) equals one if pessimistic analysts on averageedvtheir forecasts downward
during the prior month, and zero otherwise. Thé dasnmy variable, the decreasing consensus
dummy O(Con_Down) equals one if the mean estimate of all analystgeiing the stock
decreased during the prior month, and zero otherwike coefficients are estimated as the time-
series mean of the slope coefficients from eachthtpmegression. The t-statistics are adjusted
using the Newey-West (1987) methodology up to ags|

Table 2.7 presents the average slopes and t-mmtifslr five different specifications.
Specification 1 examines the effects of beta, fsime, book-to-market, lagged returns, and
forecast dispersion. Confirming Diether et al.’s0d2) findings, returns are significantly
negatively related to forecast dispersion in thessysection. In specifications 2 to 5, we include
the interaction variables as explanatory variables by one. In specification 2, the coefficient
on the interaction oDispersionwith D(Opt_Div) is 1.28 with a t-statistic of 2.47, which
indicates that the negative relation between dgperand future returns documented in
Specification 1 is not present among stocks thaeegnced an upward revision by optimistic
analysts since the sum of the two dispersion adeffts is larger than zero. Specifications 3 and
4 confirm that the dispersion phenomenon is pderty strong among stocks that experience
downward revisions by both optimistic and pessimisinalysts, respectively. The slope
coefficient is -0.37 with a t-statistic of -2.07 fihe interaction witlb(Opt_Con) and -0.81 with
a t-statistic of -2.62 for the interaction wiil{Pes_Div) Finally, in specification 5 we include an
interaction betweeDispersionand an indicator for a decrease in the consermesdst in the
prior month. Importantly, the coefficient on dispen becomes statistically insignificant,

confirming that the dispersion phenomenon is almeastely driven by downward revisions.

2.4.3. Profitability of the dispersion strategy ptiene

Overall, the empirical evidence from the markegaation to forecast revisions, as well as
the role of forecast revisions in the profitabildf/the dispersion strategy in both time-series and
the cross-section indicate that the abnormally teturns earned by high dispersion stocks are
not due to investors’ failure to take full accoothe heterogeneity of expectations. Instead, our

findings implicate investors’ credulity regardingadysts’ over-optimism in their forecasts as a
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primary cause of the dispersion phenomenon. Suidlrdaon the part of investors to fully
account for analysts’ misaligned incentives is pb&dly consistent with “rational structural
uncertainty” theories. Brav and Heaton (2002) psgpdhat unavailability of sufficient
information or the difficulty of processing availalinformation may cause mispricings even if
investors are rational in the sense that they d@xloibit any behavioral biases.

An important implication of the “rational structlirancertainty” theories is that such
mispricings should diminish over time and eventudlisappear as more information becomes
available. Consequently, rational investors sholelain about analysts’ over-optimism and
calibrate their beliefs accordingly if structuralagrtainty is a central force behind the dispersion
phenomenon. In Figure 2.4, we plot the value owee of $1 invested in the dispersion strategy
that takes a long position in stocks in the lowdispersion quintile and a short position in the
highest dispersion quintile at the beginning ofusag 1984. For presentation purposes, the y-
axis is in logarithmic scale. We report the prdfitidy of the dispersion strategy both for the full
sample, and separately for the smallest 20% otkstadich has been the size group with the
highest dispersion returns as demonstrated in Table

As can be seen in Figure 2.4, the dispersion glydtas been very profitable over the full
sample period of 1984 to 2011, particularly for 8ratocks. However, the profitability appears
to have declined substantially later in the sampdeiod. While explaining the time-series
variation in the profitability of the dispersiorrategy is beyond the scope of this study, the sharp
decrease in profitability since approximately 12@02 roughly coincides with the wide-spread
publicity research analysts’ conflicts of interesteceived in the financial press as well as in
academic research. This was the period that sawgré€ssional hearings on analysts’ incentives
in the summer of 2001, Merrill Lynch’s $100 millisettlement with the state of New York in
May 2002 to make changes in the compensation ofamalysts, the introduction of new
regulations for sell-side analysts in the summeR@®2, and the $1.4 billion “global research
settlement” announced in December 2002 to “resmisees of conflict of interest” and “bolster

the integrity of equity research” (Boni and Woma2@03).

2.5. Conclusion
We examine how investors capitalize differencemhimn in the special case of common

knowledge of disagreements. We conduct an empiacalysis of the market's reaction to
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analysts' earnings forecast revisions with a palerdfocus on forecast dispersion and the relative
optimism of the revising analyst. The fact that tiergent expectations of analysts are readily
observable permits investors to capitalize hetaregas expectations without having to interpret
information embedded in prices and trading volumeaddition, in this setting we can evaluate
the rationality of the market's response by rulingt structural uncertainty and limited
information as alternative explanations for anyeptial mispricing. In that sense, market’s
reaction to dispersed forecast revisions conssitre important special case in evaluating
rationality as an acceptable representation ofstorébehavior.

Ackert and Athanassakos (1997) and Diether eR@DZ) document a surprising negative
relation between earnings forecast dispersion am$exjuent stock returns. This finding has
generally been interpreted as evidence of overmopin on the part of investors facing large
differences of opinion in the spirit of Miller (13Y. We build a simple Bayesian model which
reveals that over-optimistic investors are liketydverreact to the revisions of analysts with
optimistic forecasts, creating a causal link betwewestors' reaction to forecast revisions and
the dispersion phenomenon. We test the implicatadrnthe model using an event study of the
market's reaction to forecast revisions. Our figdirare inconsistent with the investor over-
optimism hypothesis. Investors appear to take dotfount of heterogeneous expectations by
reacting less to revisions when the forecast dsperis large. Moreover, they do not appear to
overweight forecasts by optimistic analysts.

However, our event-study analysis reveals a sungrisymmetric reaction to optimistic
and pessimistic forecasts. An extension of the Biayemodel with rational investors reacting to
biased analysts with incentives to report overrosiic forecasts reveals that rational investors
should perceive pessimistic analysts to be morerate and therefore put a larger weight on
pessimistic forecasts. The fact that such an asymnsenot observed in the event-study analysis
raises the possibility that the overpricing of hidjepersion stocks is driven by investors’ failure
to fully account for analysts’ incentives to repoverly optimistic forecasts.

A portfolio analysis in the spirit of Diether et. 2002) confirms this investor-naiveté
hypothesis. We find that high dispersion stocksneatsnormally low returns only following
downward forecast revisions. When dispersion irsgeadue to upward revisions by already
optimistic analysts, which is when the consequentes over-optimism bias could be expected

to be the most severe, high dispersion stocks doeaon abnormally low returns. This
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asymmetry in the dispersion phenomenon is confirm&idg the Fama and MacBeth (1973)
cross-sectional regressions.

Our empirical results provide an alternative exptaom for the overpricing of stocks with
large forecast dispersion. We find that investougcessfully account for heterogeneous
expectations when those expectations are easilgredd, but fail to account for analysts'
incentives to report misleading forecasts. Ourifigd are consistent with the idea that investors
are not categorically irrational but they may fdorased beliefs when information is insufficient
or imprecise (Brav and Heaton, 2002). An importaolicy implication of our findings is that
more publicity regarding analysts' incentives aneirttrack records could lead to a substantial

reduction in the overpricing of high dispersionci®
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Table 2.1 Summary statistics

This table compares eligible firms in I/B/E/S detaiadjusted dataset with all NYSE, NASDAQ and AMEMns

in CRSP dataset. A stock is included in our analgsd if it has two or more analyst estimates Hfier durrent fiscal
year earnings per share estimate at the end ofes ghonth. All NYSE, NASDAQ and AMEX firms are atlated
to deciles determined using NYSE size breakpoifte right hand side of each panel shows the pexgenof
eligible firms for our analysis, the mean size (milions dollar values) and average number of astalywith

earnings per share estimates for the current fisgal. The sample period is January 1984 to Dece0L.

Summary statistics for the full sample period catexgd by size

All CRSP stocks

I/B/E/S detall file

NYSE size # of Mean size % of firms in # of Mean size # of
deciles  firms (millions) I/B/E/S firms (millions)  analysts
1 2841 45.34 12.35 351 75.09 2.99
2 757 185.16 45.92 348 188.72 3.85
3 470 336.71 59.49 279 338.89 4.64
4 358 530.82 70.28 251 533.08 5.42
5 290 807.78 78.16 227 810.27 6.31
6 238 1215.34 83.61 199 1217.23 7.37
7 212 1849.2 87.21 185 1851.27 8.77
8 196 3079.22 91.72 180 3086.74 10.73
9 178 6269.66 94.61 168 6272.22 13.37
10 166 31011.93 96.14 160 31299.23 17.61
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Table 2.2 Cumulative abnormal returns around faeevisions

This table reports the equally-weighted average utative abnormal return during the three-day window
surrounding individual analysts’ forecast revisidos the current fiscal-year end earnings. Resatts reported
separately for revisions of forecasts below the rmimecast (pessimistic forecasts) and those altlogemean
forecast (optimistic forecasts). Furthermore, rievis are sorted into quintiles based on the dispersf forecasts
and terciles based on the magnitude of the revidRmvisionis the percentage change in the analyst’s forecast
Dispersionis the standard deviation of the forecasts forghme firm divided by the absolute value of the mea
forecast using all eligible forecasts on the dagrmo the revision excluding the forecast beingsed. The sample

period is January 1984 to December 2011. Panel dARamel B present revisions of pessimistic andnuptic
forecasts, respectively.

Panel A. Revisions of pessimistic forecasts
EW CAR (%)

Downward revisions Upward revisions
Dispersion Small Medium Large Small Medium Large
Low -7.19% -3.60% -1.22% 0.74% 1.40% 2.00%
2 -6.11% -1.98% -0.90% 0.63% 1.34% 1.77%
3 -4.45% -1.44% -0.57% 0.48% 1.06% 1.74%
4 -2.84% -0.95% -0.59% 0.44% 0.72% 1.48%
High -1.65% -0.79% -0.54% 0.23% 0.44% 1.18%
Revision (%)
Downward revisions Upward revisions
Dispersion Small Medium Large Small Medium Large
Low -19.73% -4.60% -1.16% 1.33% 4.24% 13.58%
2 -18.72% -4.55% -1.37% 1.53% 4.50% 12.97%
3 -18.32% -4.80% -1.49% 1.56% 4.78% 13.48%
4 -18.56% -5.08% -1.54% 1.57% 4.91% 16.49%
High -27.81% -5.36% -1.56% 1.55% 4.95% 21.14%

Panel B. Revisions of optimistic forecasts
EW CAR (%)

Downward revisions Upward revisions
Dispersion Small Medium Large Small Medium Large
Low 3.77% -1.84% -0.82% 1.01% 1.94% 3.68%
2 -3.04% -1.43% -0.57% 0.79% 1.45% 2.81%
3 -2.30% -1.16% -0.37% 0.57% 1.13% 2.06%
4 -1.99% -0.80% -0.46% 0.57% 0.97% 1.80%
High -1.54% -0.75% -0.57% 0.26% 0.65% 1.57%
Revision (%)
Downward revisions Upward revisions
Dispersion Small Medium Large Small Medium Large
Low -23.24% -6.11% -1.67% 0.87% 2.80% 9.41%
2 -21.34% -6.36% -2.03% 0.99% 2.90% 9.25%
3 -20.30% -7.06% -2.11% 1.01% 3.03% 9.81%
4 -23.02% -7.38% -2.07% 1.00% 3.11% 11.37%
High -36.92% -7.52% -2.12% 1.04% 3.16% 15.91%
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Table 2.3 Cumulative abnormal returns around faesvisions and forecast dispersion

The dependent variable is the cumulative abnoretatm during the 3-day window surrounding individaaalysts’
forecast revisions for the current fiscal-year eachingsRevisionis the percentage change in the analyst's forecast
in Models 1 thorough 5. In Model Revisionis the average of the percentage changes in thedsts of analysts in
days where at least two analysts make revisiona &tock. All remaining explanatory variables erie regression
as interaction variables witRevisionin order to examine how they affect the “revisi@sponse coefficient”.
Dispersionis the standard deviation of the forecasts forghme firm divided by the absolute value of the mea
forecast using all eligible forecasts on the dagrpio the revision excluding the forecast beingised. Diverging
dummyis an indicator that the revised forecast is frtaway from the consensus forecikimber of analysts

the number of analysts with available forecastshenday prior to revision excluding the revisingabyst. Broker
sizeis the total number of analysts employed by thasieg analyst's brokerage houdastitutional ownershigs

the fraction of the firm’s shares owned by instdogl investorsDays since last revisiors the number of days
since the revising analyst's previous forecastéiewi. Days to fiscal-year ends the number of days remaining in
the firm’s fiscal yearAbs(Lag Ret)s the absolute value of the cumulative stockrretwer the previous 14 trading
days.Abs(Lag Revjs the absolute value of the change in consermesdst over the previous 14 trading days.
D(Lag Ret and Revision same siggpan indicator thatag Retand the forecast revision have the same $ighag
Rev and Revision same siga)an indicator thatag Revand the forecast revision have the same sign.daten
errors are clustered in time for three day windaotastatistics are in parentheses. ***, ** and *dipate statistical
significance at the 1%, 5%, and 10% levels, re$pegt

Dependent variable: CAR (1) 2) (3) (4) (5) (6)
Revision 0.07 0.10” 0.02" -0.04” -0.08" 0.04”
(44.78)  (47.12) (2.80) (-4.96) (-10.91) (2.95)
Interactions with Revision
Ln (Dispersion) -0.08 -0.09” -0.08" -0.08" -0.13"
(36.91)  (-35.72) (-35.36) (-32.71) (-21.44)
Diverging dummy 0.03 0.03" 0.03"
(21.39) (21.43) (22.15)
Ln (Number of analysts) -0.03 -0.03” -0.03" -0.07"
(-20.92) (-21.13) (-26.37) (-35.09)
Ln (Broker size) 0.01 0.01" 0.01"
(19.97) (20.25) (20.47)
Ln (Institutional ownership) 0.16 0.16" 0.16" 0.26™
(26.73) (27.50) (27.49) (17.73)
Ln (Days since last revision) -0.002 -0.001 -0.001
(-2.96) (-1.60) (-0.76)
Ln (Days to fiscal-year end) 0.005 0.005" 0.006" 0.01”
(3.87) (3.89) (5.11) (3.98)
Ln {1+Abs(Lag Ret)} 0.01 0.02 0.01
(0.99) (2.13) (0.31)
D(Lag Ret and Revision same sign) 8’10 0.09" 0.12"
(34.53) (30.19) (28.74)
Ln {1+Abs(Lag Rev)} -0.0T -0.07"
(-4.73) (-8.54)
D(Lag Rev and Revision same sign) 011 013"
(54.53) (40.57)
Adj. R2(%) 3.22 3.81 4.61 6.32 8.15 12.42
# of obs. 1,550,471 1,550,471 1,550,471 1,550,4711,550,471 235,175
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Table 2.4 Cumulative abnormal returns around faevisions and analysts’ optimism

The dependent variable is the cumulative abnoretalm during the 3-day window surrounding individaaalysts’
forecast revisions for the current fiscal-year eathingsRevisionis the percentage change in the analyst’s forecast
All remaining explanatory variables enter the regien as interaction variables wievisionin order to examine
how they affect the “revision response coefficier@ptimistic analyst dummis an indicator that the revising
analyst's pre-revision forecast was above the amse forecastistance from highest forecas the difference
between the highest forecast and the revising atislpre-revision forecast. All other variables dedined as in
Table Ill. Standard errors are clustered in timetfoee-day windows. t-statistics are in parentbes#, ** and *
indicate statistical significance at the 1%, 5%d 40% levels, respectively.

Dependent variable: CAR (1) (2) 3) (4)
Revision 0.09” -0.08" 0.09” -0.08”
(42.56) (-10.42) (42.84) (-11.33)
Optimism proxies
Revision x Optimistic analyst dummy -0.002 4110]
(-1.60) (-1.49)
Revision x Distance from highest forecast 6.00 0.01"
(2.48) (3.05)
Controls as Interactions with Revision
Ln (Dispersion) -0.08 -0.07" -0.09” -0.07"
(-37.19) (-32.37) (-37.19) (-23.77)
Diverging dummy 0.04 0.03" 0.04" 0.03"
(20.12) (18.12) (22.14) (19.16)
Ln (Number of analysts) -0.03 -0.03”
(-26.36) (-26.16)
Ln (Broker size) 0.01 0.01"
(20.43) (20.25)
Ln (Institutional ownership) 0.16 0.16"
(27.46) (27.45)
Ln (Days since last revision) -0.001 amo
(-0.70) (-0.57)
Ln (Days to fiscal-year end) 0.066 0.01"
(5.09) (5.15)
Ln {1+Abs(Lag Ret)} 0.02 0.02
(1.59) (1.64)
D(Lag Ret and Revision same sign) g'os 0.08"
(32.49) (32.44)
Ln {1+Abs(Lag Rev)} -0.01" -0.0f"
(-4.73) (-4.73)
D(Lag Rev and Revision same sign) 011 0.11"
(54.51) (54.54)
Adj R2(%) 3.95 8.16 3.95 8.16
# of obs. 1,550,471 1,550,471 1,550,471 1,550,471
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Table 2.5 Forecast dispersion and portfolio returns

Each month stocks are sorted into quintiles basethe market capitalization at the end of the mesimonth.
Stocks in each size group are further sorted iniotdes based on the level of forecast dispersidispersion is
defined as the ratio of the standard deviationnafiysts’ current fiscal year earnings forecastth&absolute value
of the mean forecast. Stocks with less than twdyahforecasts and stocks with a share price less five dollars
are excluded from the sample. I/B/E/S detail unstéy file is used to derive the standard deviaiod mean
forecast. Stocks with mean forecast of zero ar@m@esd to the highest dispersion group. Portfolios apdated
monthly and returns are equal-weighted. The samptiod is February 1984 through December 2011. IPane
shows the time-series average monthly raw retuPasiel B shows the Fama-French three-factor mogélaal

Panel C shows the average dispersion. ***, ** Anddicate statistical significance at the 1%, 5d 10% levels,
respectively.

Panel A: Raw Returns

. . Size
Dispersion All stocks
Small 2 3 4 Large
Low 1.50 1.30 1.22 1.05 1.05 1.18
2 1.39 1.27 1.24 1.02 1.00 1.15
3 1.16 1.22 1.08 0.92 1.03 1.12
4 0.72 0.95 0.97 1.02 1.01 1.01
High 0.57 0.51 0.79 0.91 0.91 0.69
Low - High 0.94" 0.80" 0.43 0.15 0.15 0.49
NW t-stat (3.96) (3.42) (1.76) (0.62) (0.58) (2.02)
Panel B: FF (1993) three-factor alphas
. . Size
Dispersion All stocks
Small 2 3 4 Large
Low 0.39" 0.30" 0.25" 0.13 0.22 0.2%
(2.20) (2.48) (1.97) (1.19) (2.18) (2.75)
2 0.25 0.22 0.22 0.06 0.11 0.15
(1.09) (1.75) (2.01) (0.62) (1.28) (1.97)
3 0.02 0.13 0.04 -0.06 0.11 0.08
(0.08) (1.06) (0.44) (-0.71) (1.21) (1.11)
4 -0.51" -0.23 -0.10 -0.04 0.02 -0.10
(-2.00) (-1.52) (-0.98) (-0.42) (0.25) (-0.92)
High -0.72" -0.73" -0.40™ -0.21 -0.15 -0.57
(-2.65) (-4.33) (-3.04) (-1.57) (-1.08) (-3.63)
Low - High 1.16" 1.03" 0.64" 0.34 0.37 0.76"
NW t-stat (5.17) (5.44) (3.35) (1.79) (1.90) (4.24
Panel C: Average Dispersion
. . Size
Dispersion All stocks
Small 2 3 4 Large
Low 0.011 0.010 0.010 0.011 0.011 0.010
2 0.042 0.030 0.026 0.024 0.021 0.027
3 0.090 0.060 0.049 0.043 0.036 0.051
4 0.195 0.126 0.100 0.085 0.066 0.108
High 0.943 0.655 0.521 0.447 0.309 0.588
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Table 2.6 Forecast dispersion, direction of revisjand future returns

This table reports the equally-weighted Fama-Freahcbe-factor alphas (t-statistics) of size angelision sorted
stocks categorized by prior month’s forecast revisi Each month stocks are sorted into tercileedas the
previous month’s market capitalization, and furthito terciles based on the previous month’s fosedspersion.
The variables and the methodology are describéchbie V. Panel A reports the results for stocks exgerience
an average upward revision away from the mean #atein the previous month (diverging optimists)n&laB
reports the results for stocks with an average dawwd revision away from the mean forecast (diveggin
pessimists). Panel C reports the results for stealds an average downward revision towards the nfeaecast
(converging optimists). *** ** 'and * indicate atistical significance at the 1%, 5%, and 10% Igvedspectively.

Panel A. Portfolio of diverging optimists

Fama-French three-factor alphas (%) and t-stegisti

Size

Dispersion All stocks
Small 2 Large
Low 0.68" 0.67" 0.19 0.39
(2.43) (3.27) (0.99) (3.11)
2 0.60 0.84" 0.44" 0.85"
(1.82) (3.66) (2.56) (6.01)
High 0.61 0.10 0.17 0.21
(1.71) (0.38) (0.75) (1.15)
Low - High 0.06 0.58 0.02 0.18
NW t-stat (0.14) (1.69) (0.06) (0.79)

Panel B. Portfolio of diverging pessimists
Fama-French three-factor alphas (%) and t-stedisti

. . Size
Dispersion All stocks
Small 2 Large

Low -0.29 -0.20 -0.14 -0.51
(-0.99) (-1.01) (-0.79) (-2.43)

2 -1.40” -0.30 -0.23 -0.31
(-4.18) (-1.52) (-1.48) (-2.20)

High -1.167 -0.99" -0.13 -1.05
(-3.01) (-4.14) (-0.57) (-4.78)

Low - High 0.86 0.79" -0.01 0.7
NW t-stat (2.15) (2.67) (-0.04) (3.20)

Panel C. Portfolio of converging optimists

Fama-French three-factor alphas (%) and t-stedisti

. . Size
Dispersion All stocks
Small 2 Large
Low -0.3T -0.02 0.05 0.05
(-1.90) (-0.14) (0.41) (-0.59)
2 -0.51" -0.28" 0.00 028
(-2.58) (-2.15) (-0.04) (-2.39)
High -1.08™ -0.61" -0.19 0.68"
(-4.45) (-4.11) (-1.30) (-4.84)
Low - High 0.77" 0.59" 0.23 0.63"
NW t-stat (3.10) (3.12) (1.26) (3.95)
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Table 2.7 Fama-MacBeth (1973) regressions of mgstioick returns

The table reports the average slope coefficierggaistics) from monthly regressions of stock mesuon firm characteristics and forecast revisiookjes. The
sample period is from January 1984 to December 20té dependent variable is the monthly percentagen of individual stocks. Beta, firm size, ame t
book-to-market ratio are estimated as in Fama aaddh (1992)Lag Retis the compounded gross return between monthanda-2.Dispersionis the natural
logarithm of one plus the ratio of the standardiakgwn of analysts’ current fiscal year earningsefasts to the absolute value of the mean foréedbke prior
month. Four dummy variables are interacted sefgratith Dispersion D(Opt_Div) is a dummy variable that equals one if optimisti@lysts as a group
increased their forecasts in the previous montt,zamo otherwiseD(Opt_Con)is a dummy variable that equals one if optimisti@lysts as a group lowered
their forecasts in the previous month, and zer@mitse.D(Pes_Div)is a dummy variable that equals one if pessimiatialysts as a group lowered their
estimates in the previous month, and zero othenli@&on_Down)is a dummy variable that equals one if the meaackst decreased in the previous month,
and zero otherwise. An analyst is defined as optim{pessimistic) if her forecast was above (bélth& mean forecast prior to a revision in the fmes month.

The last column reports the average adjusted Rragud the cross-sectional regressions. ***, *hda indicate statistical significance at the 1%#,5and 10%
levels, respectively.

Interactions with Dispersion

Beta Ln (B/M) Ln (Size) Lag Ret Dispersion D(Opivp  D(Opt_Con) D(Pes_Div) D(Con_Down) R2(%)
1 0.04 0.10 -0.04 0.78 -0.71"
@ (0.13) (1.10) (-1.14) 2.72) (-4.34) 519
@ 0.04 0.10 -0.04 0.77 -0.74" 1.28"

(0.12) (1.09) (-1.15) (2.68) (-4.54) (2.47) 5.24
3) 0.04 0.10 -0.04 0.78 -0.66™ -0.37"

(0.13) (1.09) (-1.13) (2.71) (-3.95) (-2.07) 5.24
@) 0.03 0.10 -0.04 0.78%*+ -0.66 -0.81"

(0.11) (1.08) (-1.19) (2.72) (-3.91) (-2.62) 5.24
5) 0.04 0.10 -0.04 0.74 -0.19 -1.08"

(0.12) (1.09) (-1.05) (2.59) (-0.93) (-5.05) 5.28
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Figure 2.1 Absolute cumulative abnormal return acbforecast revisions

This figure plots the absolute value of the averpgecentage cumulative abnormal return during tireetdays

surrounding analysts’ earnings forecast revisiczetegorized by the direction of the revisions ahd forecast

dispersion. Abnormal returns are market-adjustely deturns. Dispersion is calculated as the stashdieviation of the

earnings forecasts for the firm divided by the dlt®ovalue of the mean forecast using all eligiiolecasts on the day
prior to a forecast revision excluding the foredasing revised. The sample period is January 1883ecember 2011.
The dashed line depicts average abnormal retussdrupward forecast revisions and the solid liepicts average
abnormal returns around downward forecast revisions
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Figure 2.2 Abnormal returns of high dispersion ksocategorized by forecast revision

This figure plots the equally-weighted average Fé&rench three-factor alphas of stocks in the higliéspersion

quintile during the month of a forecast revisior @) and the following six months. Stocks are gatized with respect
to the direction of the revision and the relatiyeimism of the revising analysts. The dashed liapicts the returns to
stocks with an average upward revision away froenrttean forecast for the stock (diverging optimist$le solid black
line depicts the returns to stocks with an averdgenward revision away from the mean forecast far stock

(diverging pessimists). The solid gray line depitts returns to stocks with an average downwarasimvtowards the
mean forecast for the stock (converging optimists).
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Figure 2.3 Forecast dispersion and the changeesindhsensus earnings forecast

This chart depicts the average change in the meamings forecast of stocks during the five montbeainding
portfolio assignment based on firm size and thenitade of forecast dispersion. All stocks are sbitdo three size
portfolios based on the market capitalization atémnd of month t-1. Stocks in each size portfoti® then sorted into
three dispersion portfolios based on the dispersicanalysts’ earnings forecasts for the curresitdi year-end at the
end of month t. The dashed black line depicts theragge forecast revision of stocks with high disfmr and small
market capitalization. The solid black line depiitte average forecast revision of stocks with legpérsion and small
market capitalization. The dashed grey line deplutsaverage forecast revision of stocks with laspérsion and large
market capitalization. The solid grey line depitte average forecast revision of stocks with higipersion and large
market capitalization.
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Figure 2.4 Time-series profitability of the dispersstrategy
We report the value over time of $1 invested indfpersion strategy at the beginning of JanuaBA]19eparately for

the full sample and the smallest 20% of stocks. y-aeis is in logarithmic scale for presentatiompmses. Each month
stocks are sorted into quintiles based on the le&recast dispersion in the previous month. Bision is defined as
the ratio of the standard deviation of analystsrent fiscal year earnings forecasts to the absolatue of the mean
forecast. Stocks with less than two analyst forescasd stocks with a share price less than fivladoare excluded from
the sample. Stocks with mean forecast of zero asigaed to the highest dispersion group. Portfodics updated
monthly and equally weighted raw returns are reedrd he dispersion strategy takes a long positiainé portfolio of
stocks with the lowest dispersion and a short osiin the portfolio with the highest dispersionhel dashed line
represents the full sample of stocks. The solidklme represents the sample of small stocks.
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