NYU¥STERN

NEW YORK UNIVERSITY*LEONARD N. STERN SCHOOL OF BUSINESS

Department of Finance
Working Paper Series

FIN-03-030

Investor sentiment and the cross-section of stock returns

Malcolm Baker and Jeffrey Wurgler

November 2, 2003

The 2003 NYU Stern Department of Finance Working Paper Series is generously sponsored by

FitchRatings



Investor sentiment and the cross-section of stock returns

Macolm Baker
Harvard Business School and NBER
mbaker @hbs.edu

Jeffrey Wurgler
NY U Stern School of Business
jwurgler@stern.nyu.edu

November 2, 2003

Abstract

We examine how investor sentiment affects the cross-section of stock returns. Theory predicts
that a broad wave of sentiment will digoroportionately affect socks whose vaduations are highly
subjective and are difficult to arbitrage. We test this prediction by studying how the cross-section
of subsequent stock returns varies with proxies for beginning-of- period investor sentiment. When
sentiment is low, subsequent returns are rdatively high on smdler socks, high volatility stocks,
unprofitable stocks, non-dividend-paying stocks, extreme-growth stocks, and distressed stocks,
conggtent with an initid underpricing of these stocks. When sentiment is high, on the other hand,
these patterns attenuate or fully reverse. The results are consstent with theoretica predictions
and are unlikely to reflect an dternative explanation based on compensation for systematic risks.
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Introduction

Classical finance theory gives no role to investor sentiment. Investors are rationa and
diversfy to optimize the statistical properties of their portfolios. Competition among them leads
to an equilibrium in which prices equd the rationdly discounted value of expected cash flows,
and in which the cross-section of expected returns depends on the cross-section of systematic
risks! Even if someinvestors areirrational, classical theory argues, their demands will be offset
by arbitrageurs and smilar conclusions for prices will obtain.

In this paper, we present evidence that suggests investor sentiment has strong effects on
the cross-section of stock prices. We gtart with some smple theoretica predictions. A mispricing
is the outcome of both an uninformed demand shock and a binding arbitrage congtraint. A broad-
based wave of sentiment is then predicted to have cross-sectional effects, as opposed to raising or
lowering dl prices by the same amount, when ether sentiment-based demands or arbitrage
congraints vary across stocks. In practice, these two channels lead to quite smilar predictions.
Stocksthat are likely to be most sengitive to sentiment-driven demand — stocks whose va uations
are highly subjective — aso tend to be the riskiest and costliest to arbitrage. Concretely, theory
uggests two separate channd s through which the stocks of newer, smdler, highly volatile firms,
firmsin distress or with extreme growth potentid, and firms without dividends are predicted to
be rlatively more affected by investor sentiment.

To investigate this prediction empiricaly, and to get a more tangible sense of the
intringcally eusive concept of investor sentiment, we begin with abrief summary of rises and

fdlsin U.S. market sentiment from 1961 through the recent Internet bubble. This summary is

! See Gomes, Kogan, and Zhang (2003) for arecent model in this tradition.



based on anecdotd accounts and thusis only suggestive, but it gppears broadly consstent with
our theoretica predictions, and suggests more forma empirica tests are warranted.

Our main empirica gpproach is as follows. Because cross-sectiond patterns of sentiment-
driven mispricing would be difficult to identify directly, we look for the hypothesized petternsin
subsequent stock returns that gppear when one conditions on proxies for beginning-of-period
investor sentiment. Conditiona cross-sectiond patterns in subsequent returns may represent the
initia patterns of mispricing correcting themsaves over time. For example, rdatively low future
returns on young firms when sentiment was high suggest that young firms were overvaued ex
ante. Asusud, thereisajoint hypothess problem. By using this approach, we must dso
consder the possibility that any such patterns are compensation for systematic risks.

The firgt step isto gather proxies for investor sentiment to use as time series conditioning
variables. We use anumber of proxies suggested by recent work, and we aso construct a novel
composite index based on their first principa component. To further reduce the likelihood that
these proxies are connected to systematic risks, we orthogonaize each of them to awide range of
meacroeconomic conditions. The resulting sentiment proxies are highly correlated and visbly line
up with anecdotal accounts of past bubbles.

We then examine whether the cross-section of stock returns varies with beginning-of-
period sentiment in the predicted manner. We use monthly stock returns between 1963 and 2001.
Our first method isto sort firm-month observations according to the level of sentiment, firgt, and
then the decile rank of a given firm characteristic, second. We find that when sentiment is low,
amall stocks earn particularly high subsequent returns, but when sentiment is high, thereisno
gzeeffect at dl. Conditiond patterns are even sharper when sorting on other characterigtics.

When sentiment is low subsequent returns are higher on young stocks than older stocks, high-



return voldility than low-return volatility stocks, unprofitable stocks than profitable ones, and
nonpayers than dividend payers. When sertiment is high, these patterns compl etely reverse. In
other words, several characteristics that were not known to have (and do not have) any
unconditiond predictive power actualy reved sgn-flip patterns, in the predicted directions,
when one conditions on sentiment.

The sorts aso revea a U-shaped pattern involving growth firms and distressed firms.
Note that when stocks are sorted into deciles by sales growth, book-to-market, or externa
financing activity, growth and distressed firms lie a opposing extremes, with more stable firms
in the middle deciles. We find that when sentiment islow, returns are high on both extreme-
growth and distressed stocks, relative to middle deciles. But when beginning-of- period sentiment
is high, this U shape flips upsde down, and the extreme deciles earn relatively low subsequent
returns. This pattern is again consstent with our predictions, because extreme-growth and
distressed firms have highly subjective vauations and aso tend to be harder to arbitrage than
more typica firms. Both effects suggest agreater sendtivity to sentiment. Again, note that these
conditiona U patterns, like the conditiona monotonic patterns described above, are averaged
away in unconditiona studies.

We confirm the satigtica sgnificance of these patterns with two regression approaches,
and then turn to the dternative explanation that they reflect compensation for systemétic risks.
Asadart, our sentiment proxies are orthogonal to contemporaneous macroeconomic conditions.
In addition, other aspects of the results cast doubt on this explanation. The systematic risk
explanation requires either time variation in rationa, market-wide risk premiaor time variation
in the cross-sectional pattern of risk, or betaloadings. We directly test the second possibility and

find no link between the patterns in predictability and patterns in betas with market returns or



consumption growth. If risk is not changing over time, then the first possibility requires not just
time-variation in risk premia but changesin sign, such that in haf of our sample period (when
sentiment proxies are low), old, less volatile, profitable, dividend-paying firms require arisk
premium over young, highly volatile, unprofitable, nonpayers. Such a pattern is at best
counterintuitive. Finaly, we uncover some conditiond patternsin returns around firms' earnings
announcements, which suggest that a component of the results can be attributed to expectationd
errors. For these reasons, compensation for systematic risk is an unlikely explanation.

The evidence presented here chdlenges the classicd view of the cross-section of stock
prices and carries sgnificant implications, some of which we mention in the concluson. Here we
note that the paper builds on severa recent themes in assat pricing. Campbell and Cochrane
(2000), Wachter (2000), Lettau and Ludvigson (2001), and Menzly, Santos, and Verones (2002)
consider the cross-sectiond effects of conditiond systematic risks, as we condition on sentiment.
Danid and Titman (1997) test a characteristics-based mode for the cross-section of expected
returns. Our specification extends this idea and offers a specific, conditionad motivation. Shleifer
(2000) surveys early work on sentiment and limited arbitrage, the two key ingredierts here.
Barberis and Shleifer (2003), Barberis, Shleifer, and Wurgler (2003), and Peng and Xiong (2002)
discuss models of category-level trading, and Famaand French (1993) document strong
comovement of stocks of smilar sizes and book-to-market ratios. Sentiment-driven demand
shocks for categories of sockswith similar characteristics are central to our results. Findly, our
results complement and build on earlier work on the time-series effects of sentiment (Kothari and
Shanken (1997), Nea and Whesatley (1998), Shiller (1981, 2000), and Baker and Wurgler
(2000)) and relationships among sentiment, initid public offerings, and small stock returns (Lee,

Shlefer, and Thaler (1991), Swaminathan (1996), and Neal and Whestley (1998)).



Section |1 discusses relevant theory. Section 111 provides a quditative history of recent
speculative episodes. Section 1V describes the empirical hypotheses and the data, and the main

empirical tests are contained in Section V. Section VI concludes.

. Theoretical effects of sentiment on the cross-section

A mispricing isthe result of an uninformed demand shock and alimit on arbitrage. This
observation suggests that there are two distinct channels through which investor sentiment, as
defined more precisely below, might affect the cross-section of stock prices. In the first channel,
sentimental demand shocks vary in the cross-section, while limits on arbitrage are held congtant.
In the second, the difficulty of arbitrage varies across stocks but sentiment is generic. We discuss
the two channesin turn.

A Cross-sectional variation in sentiment

One possible definition of investor sentiment is the propensity to speculate. Under this
definition, sentiment drives the relative demand for speculative investments, and so cauises cross-
sectiona effects even if arbitrage forces are the same across stocks.

What makes certain stocks more vulnerable to broad shiftsin the propensty to speculate?
Perhaps the main factor is the subjectivity of their valuations. For instance, consider a canonica
young, unprofitable, extreme-growth potentid stock. The lack of an earnings history combined
with the presence of apparently unlimited growth opportunities alows unsophisticated investors
to defend, with equd plausbility, awide spectrum of vauations, from much too low to much too
high, as suits their sentiment. In a bubble period, when the propensity to speculate is apparently
high, this profile of characteristics dso dlows investment bankers or, worse, swindlers, to further

argue for the high end of vauations. By contrast, the value of afirm with along earnings history



and gable dividendsis much less subjective, and so its stock is likely to be less affected by
fluctuations in the propensity to speculate.

This suggests how variation in the propendty to speculate may generaly affect the cross-
section, but not how sentimental investors actualy choose individua stocks. We suggest that
they may smply demand stocks that have the bundle of sdlient characteristics that is competible
with their sentiment.? That is, those with alow propensity to speculate may demand profitable,
dividend- paying stocks not because profitability and dividends are correlated with some
unobservable firm property that defines safety, but precisely because the sdient characteristics
“profitability” and “dividends’ are used to infer safety.> Likewise, the sdlient characteristics “no
eanings,” “young age,” and “no dividends’ may mark the stock as speculative. This invesment
process seems more redigtic than that of Markowitz (1959), in which investors view individua
securitiesin terms of their Satistical properties.

B. Cross-sectional variation in arbitrage

Investor sentiment might aso be reasonably defined as optimism or pessimism about
stocks in generd. Indiscriminate waves of sentiment gtill affect the cross-section, however, if
arbitrage forces are rlatively weaker in a subset of stocks.

Theoretical and empirical research suggests that arbitrage tends to be particularly risky

and codtly for young, smdl, unprofitable extreme-growth or distressed stocks. Thelr high

2 Theideathat investors view securities as a vector of salient characteristics borrows from Lancaster (1966, 1971),
who views consumer demand theory from the perspective that the utility of a consumer good (e.g, oranges) derives
from more primitive characteristics (fiber and vitamin C).

3 Theimplications of categorization for finance have recently been explored by Baker and Wurgler (2003), Barberis
and Shleifer (2003), Barberis, Shleifer, and Wurgler (2003), Greenwood and Sosner (2003), and Peng and Xiong
(2002). Notethat if investorsinfer category membership from salient characteristics (some psychologists propose
that category membership is determined by the presence of defining or characteristic features, e.g. Smith, Shoben,
and Rips (1974)), then sentiment-driven demand will be directly connected to characteristics even if sentimental
investors undertake an intervening process of categorization and trade entirely at the category level. It isalso
empirically convenient to boil key investment categories down into vectors of stable and measurable characteristics:
one can use the same empirical framework to study such episodes as the late-1960’ s growth stocks bubble and the
Internet bubble.



idiosyncratic risk makes relative-vaue arbitrage especialy risky (Wurgler and Zhuravskaya
(2002)). They tend to be more costly to trade (Amihud and Mendel sohn (1986)) and particularly
expengve, sometimes impossible, to sell short (D’ Avolio (2002), Geczy, Musto, and Reed
(2002), Jones and Lamont (2002), Duffie, Pedersen, and Garleanu (2003), Lamont and Thaler
(2003), and Mitchell, Pulvino, and Stafford (2002)). Further, their lower liquidity aso exposes
would-be arbitrageurs to predatory attacks (Brunnermeier and Pedersen (2003)).

Note that, in practice, it is generdly true that the same stocks that are the hardest to
arbitrage are also most vulnerable to sentiment. While for expositiond purposes we outline
these two channels separately, they are likdly to have overlapping effects. And while this makes
the channels themsdlves difficult to distinguish empiricaly, it makes it easer to derive robust
empirica predictions for the cross-sectiond effects of sentiment, broadly defined. Indeed, the
two channds may even amplify each other. For example, the fact that investors can convince
themsalves of an especidly wide range of vauationsin certain regions of the cross-sectionisa
noise-trader risk that further deters short-horizon arbitrageurs (De Long, Shlefer, Summers, and

Waldmann (1990) and Shieifer and Vishny (1997)).*

[11.  Ananecdotal history of investor sentiment, 1961-2002

In this section we offer a brief summary of U.S. stock market bubbles between 1961 to
2002, matching the period of our own data. The reader eager to see results may skip this section,
but it will prove useful for three reasons. Firs, despite great interest in the effects of investor

sentiment, the literature does not appear to contain even the most basic quditative comparative

“ We do not incorporate the equilibrium prediction of DeL.ong, Shleifer, Summers, and Waldmann (1990), namely
that securities with more exposure to sentiment have higher unconditional expected returns. Elton, Gruber, and
Busse (1998) argue that expected returns are not higher on stocks that have higher sensitivities to the closed-end
fund discount, a proxy for investor sentiment.



description of recent speculative episodes. Second, a knowledge of the rough timing of these
episodes will hep us make a preiminary judgment about the accuracy of the quantitetive proxies
for sentiment we develop later. Third, the discussion sheds some initid, albeit anecdota light on
the plausibility of our theoretica predictions.

Our brief history of sentiment is distilled from several secondary sources. Kindleberger
(2001) draws generd lessons from bubbles and crashes over the past few hundred years, while
Brown (1991), Dreman (1979), Mdkie (1990, 1999), Shiller (2000), and Siegel (1998) focus
more specifically on recent U.S. stock market episodes. We take each of these accounts with a
grain of sdt, and emphasize only those themes that appear repestedly.

We gart in 1961, ayear in which Makid (1990) and Brown (1991) note a high demand
for smal, young, growth stocks. Dreman (1979, p. 70) confirms their account. Makid writes of
a“new-issue manid’ that was concentrated on new “tronics’ firms. “... The tronics boom came
back to earth in 1962. The tallspin Sarted early in the year and exploded in a horrendous selling
wave ... Growth stocks took the brunt of the decline, falling much further than the generd
market” (p. 54 - 57).

The next bubble develops in 1967 and 1968. Brown writes that “scores of franchisers,
computer firms, and mobile home manufactures seemed to promise overnight wedth. ... [while]
qudity was pretty much forgotten” (p. 90). Makiel and Dreman aso note this pattern — afocus
on firmswith strong earnings growth or potentid, and an avoidance of “the mgor indudtria
giants, ‘ buggywhip companies,” as they were sometimes contemptuoudy caled” (Dreman 1979,
p. 74-75). Another characteristic viewed as out of favor was dividends. According to the New
York Times, “during the speculative market of the late 1960's many brokerstold customersthat it

didn’t matter whether a company paid adividend — just 0 long asits stock kept going up”



(9/13/1976). But “after 1968, as it became clear that capita |osses were possible, investors came
to vaue dividends’ (10/7/1999).

Anecdotal accountsinvariably describe the early 1970’ s as a bear market, with sentiment
a alow level. However, aset of old, large, stable, consstently profitable stocks known as the
“nifty fifty” enjoyed notably high vauations. Brown, Makid, and Siegd (1998) each highlight
this episode. Siegel writes, “All of these stocks had proven growth records, continud increasesin
dividends ... and high market capitdization” (p. 106). Note that this speculative episodeisa
mirror image of those described above (and below). They center on smal, young, unprofitable
growth stocksin periods of high sentiment, while the nifty fifty episode appearsto be abubblein
aset of firmswith an opposite set of characteritics (old, large, and continuous earnings and
dividend growth) and happensin aperiod of low sentiment.

The late 1970’ s through mid-1980' s are described as a period of generdly high sentiment
that saw a series of speculative episodes. Dreman describes a bubble in gambling issuesin 1977
and 78. Ritter (1984) studies the hot issue market of 1980, finding greater initia returns on 1POs
of natura resource start-ups than on larger, mature, profitable offerings. Of 1983, Malkid (p. 74-
75) writes that “the high-technology new-issue boom of thefirgt haf of 1983 was an dmost
perfect replicaof the 1960’ s episodes ... The bubble appears to have burst early in the second
haf of 1983 ... the carnage in the smdl company and new-issue markets was truly catastrophic.”
Brown confirms this account. Of the mid-1980's, Malkiel writes that “\What € ectronics was to
the 1960’ s, biotechnology becameto the 1980's. ... new issues of biotech companies were
eagerly gobbled up. ... having positive sales and earnings was actudly considered a drawback”

(p. 77-79). But by 1987 and 1988, “market sentiment had changed from an acceptance of an



exciting story ... to adedreto stay closer to earth with low-multiple stocks that actualy pay
dividends’ (p. 79).

The late-1990's bubble in technology stocks will be familiar to the reader. By dl
accounts, sentiment was broadly high before the bubble began to burst in 2000. The bubbleis
andyzed in more detail by Cochrane (2002) and Ofek and Richardson (2002a,b). Makiel draws
parallesto episodesin the 1960's, 1970's, and 1980’ s, and Shiller (2000) compares the Internet
to the late 1920's. Asin earlier speculative episodes that occurred in high sentiment periods,
demand for dividend payers seems to have been low (New York Times, 1/6/1998). Ljunggvist
and Wilhem (2003) find that 80% of 1999 and 2000 I1POs had negative earnings per share and
that the median age of 1999 IPOs was 4 years. This compares to an average age of over 9 years
just prior to the emergence of the bubble, and to an average age of over 12 years by 2001 and
2002 (Ritter, 2003).

These anecdota accounts suggest that there may be some regularities in how the cross-
section depends on investor sentiment. One pattern seems to be that canonica extreme-growth
stocks are epecially prone to bubbles, and subsequent crashes, consistent with the observation
that they tend to apped to speculators and optimists and at the same time are hard to arbitrage.
The “nifty fifty” bubble is an exception to this pattern. However, anecdota accounts suggest that
this bubble gppearsin a period of broadly low sentiment, so it might till be reconciled with the
main cross-sectiond prediction that an increase in sentiment will increase the rel ative price of
stocks that are most subjective to value and hardest to arbitrage. We turn to more forma tests of

this prediction.
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IV.  Empirical approach and data
A. Empirical approach

Theory and historica anecdote both suggest that sentiment may cause systematic patterns
of mispricing. Because migpricing is hard to identify directly, however, we will look for
systemdtic patterns of correction of mispricings in the form of conditiond patternsin cross-
sectiond return predictability. For example, if returns on young and unprofitable firms tend to be
relatively low, conditiona on a high estimate of beginning-of- period sentiment, it may reflect the
effects of a correction of abubble in growth stocks.

Specificdly, we organize our empirica work around the following modd:

E[R]=a+b, X, +b,'T, X4 1)
wherei indexes firms or securities, t istime, X isavector of firm or security characterigtics, and
T isatime series conditioning varigble that proxies for investor sentiment. The null hypothessis
that b, is zero or, more precisdly, that any nonzero effect is due to rational compensation for
bearing systlematic risk. The dternative isthat b, is nonzero and reflects the correction of
mispricings. We refer to Eq. (1) asa“conditiond characteristics model,” as it adds conditiona
effects to the specification of Danidl and Titman (1997).

We use Eq. (1) as an organizing framework to test for conditional characteristics effects,
not as astructura model. We will sort socksby x and T and tabulate the subsequent returnsin
each bin, and we will run predictive regressons. Either way, the basic Srategy isto use
sentiment proxies as conditioning variables, and then see whether the manner in which
characterigtics spread future returns depends on the conditioning variable. Thiswill help usto
answer the firg-order question of whether sentiment, broadly defined, has cross-sectiond effects.

We will aso address the question of whether any conditiona characterigtics effects reflect

11



mispricing or compensation for systematic risk. We will leave interesting but subtler questions,
such as the extent to which rgections of the null are due to cross-sectiond variation in sentiment
or congtraints on arbitrage, to future research.

B. Characteristics and returns

Thefirm-level dataisfrom the merged CRSP-Compustat database. The sample includes
al common stock (share codes 10 and 11) of nonfinancia firms (excluding SIC code 6) between
1962 through 2001. Following Fama and French (1992), we match accounting data for fiscal
year-endsin caendar year t-1 to (monthly) returns from July t through Junet+1, and aso use
thelr variable definitions where possible.

Table 1 shows summary Satistics. Pandl A summarizes returns variables. Following
common practice, momentum MOM is defined as the cumulative raw return for the deven
month period between 12 and two months prior to the observation return. (Note we will examine
momentum as a control or robustness variable, not as a firm characteridtic in itsdf.)

The remaining pand's summearize the firm and security characterigtics that we congder.
The previous sections' discussions point us directly to severd variables. To that list, we add a
few more characterigtics thet, by introspection, seem likely to be sdient to investors. Overdl, we
group characterigtics roughly, as pertaining most directly to firm size and age, profitability,
dividends, growth opportunities, and distress.

Panel B summarizes sze and age characteristics. Market equity ME from June of yeer t,
measured as price times shares outstanding from CRSP, is matched to monthly returns from July
of year t through June of year t+1. Age isthe number of years since the firm'’ sfirst gppearance on

CRSP, measured to the nearest month.® Sigma is the standard deviation of monthly returns over

® Barry and Brown (1984) use the more accurate term “period of listing.”
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the twelve months ending in June of yeer t. If there are at least nine returns to etimate it, Sgma
is then matched to monthly returns from July of year t through June of yeer t+1.

Pand C summarizes profitability characteristics. The return on equity E+/BE is postive
for profitable firms and zero for unprofitable firms. Earnings (E) isincome before extraordinary
items (Item 18) plus income statement deferred taxes (Item 50) minus preferred dividends (Item
19), if earnings are positive; book equity (BE) is shareholders equity (Item 60) plus balance sheet
deferred taxes (Item 35). E>0 isadummy varigble for profitable firms.

Pand D summarizes dividend characteristics. Dividends to equity D/BE is dividends per
share a the ex date (Item 26) times Compustat shares outstanding (Item 25) divided by book
equity. D>0 isadummy for postive dividends per share by the ex date. The recent decline in the
percentage of firmsthat pay dividends noted by Fama and French (2001) is apparent. Asthey
point out, thisis partly attributable to the increasing proportion of unprofitable firms.

Panel E summarizes characteristics that may be indictors of growth opportunities,
distress, or both. The elements of book-to-market equity BE/ME are defined above. Externd
finance activity EF/A is defined as the change in assets (Item 6) minus the change in retained
earnings (Item 36) divided by assets. Sales growth (GS) isthe change in net sdes (Item 12)
divided by prior-year net sales. We measure and report sales growth GS/10 as the decile of the
firm’'s sdes growth in the prior year relative to NY SE firms' decile breskpoints.

It isimportant to bear in mind that the variables in Pand E, in particular, capture multiple
effects. For instance, book-to-market wears at least three distinct hats: extremely high vaues are
likely to indicate digtress, extremely low vaues are likely to indicate high growth opportunities;
and, as a scaled-price variable, book-to-market aso serves as a generic vauation indicator,

varying with migpricing or rationa expected returns. The sdes growth and externa finance
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variables wear @ least two hats: extremey low vaues (which are negative) are likdly to indicate
distress; extremely high vaues are likdly to indicate high growth opportunities. To the extent that
market timing motives are important to externd finance, that variable also serves as a generic
misvaluation indicator.

In Panels C, D, and E, the accounting data for fiscd years ending in calendar year t-1 are
matched to monthly returns from July of year t through June of year t+1. To reduce the influence
of outliers and data errors, al of the explanatory variables are Winsorized each year at their 0.5
and 99.5 percentiles.

C. Investor sentiment

Prior work suggests anumber of proxies for sentiment to use as time-series conditioning
variables. We use six — the average closed-end fund discount, NY SE share turnover, the number
and average firg-day returns on 1POs, the equity share in new issues, and the dividend premium
— aswell as acomposite sentiment index that is based on the first principa component of these
proxies. Our sentiment proxies are measured annualy from 1962 through 2001.

To isolate the sentiment component of the proxies from business cycle components, we
orthogonalize each proxy with respect to severa macroeconomic variables. Specifically, we
regress each of the raw proxies on growth in the industria production index (Federal Reserve
Saidicd Release G.17), growth in consumer durables, nondurables, and services (al from BEA
Nationa Income Accounts Table 2.10), and adummy variable for NBER recessions. We take the
resduas from these regressions as a cleaner proxy that is independent of major business cycle
effects. All of our results are based on these cleaned proxies.

Table 2 summarizes the raw proxiesin Pand A and the cleaned versonsin Pand B.

Figure 1 plots both versons. The closed-end fund discount CEFD isthe average difference

14



betweenthe NAV of closed-end stock fund shares and their market prices. Prior work suggests
that the discount is inversely related to sentiment. Zweig (1973) uses the discount to forecast
reverson in Dow Jones stocks, and Lee, Shlefer, and Thaer (1991) argue that sentiment
explains severd features of the discount. We take the va ue-weighted average discount on
closed-end stock funds for 1962 through 1993 from Neal and Whegtley (1998), for 1994 through
1998 from CDA/Wiesenberger, and for 1999 through 2001 from turn-of-the-year issues of the
Wall Street Journal.

NY SE share turnover is based on the ratio of reported share volume to average shares
liged from the NYSE Fact Book. Baker and Stein (2002) suggest that turnover, and more
generdly liquidity, can serve as a sentiment index. In a market with short-sales congraints,
irrationa investors participate and thus add liquidity only when they are optimistic, and hence
high liquidity tends to coincide with overvauation. Consstent with this interpretation, Jones
(2002) finds that high turnover forecasts low market returns. Turnover displays an exponentia
positive trend over our period, however, and the May 1975 dimination of fixed commissons
have avishle effect. Asapartid solution, the raw turnover retio TURN is detrended by the five-
year moving average (specificdly, thelog of the ratio is detrended by its moving average). This
helps the varidble to identify sharp changesin turnover, but it will clearly sill pick up the sharp
changes caused by market structure.

The IPO market is often viewed as senditive to sentiment, and high first-day returns on
IPOs may also be amessure of investor enthusiasm. The low returns on |POs are consistent with
successful market timing (Stigler (1964), Ritter (1991)). We take the number of 1POs NIPO and
the average fird-day returns RIPO in agiven year from Jay Ritter’ s website, which updates the

samplein Ibbotson, Sinddlar, and Ritter (1994). Of course, there are many non-sentiment reasons

15



for why 1PO volume and so-cdled underpricing vary over time, but they do not have direct
implications for cross-sectiond return predictability.

The share of equity issuesin tota equity and debt issues is another measure of financing
activity that may capture an aspect of sentiment. Baker and Wurgler (2000) find that when the
equity shareisin its bottom (top) historical quartile, the next year’ s equa-weighted market
return averages 27% (-8%), and argue that part of this predictability reflects market timing by
firms made possible by sentiment- driven mispricing. The equity shareis defined as gross equity
issuance divided by gross equity plus gross long-term debt issuance using data from the Federal
Reserve Bulletin.®

The dividend premium PP™NP isthe log ratio of the average market-to-book ratios of
payers and nonpayers. Baker and Wurgler (2002) motivate the dividend premium as a proxy for
relaive investor demand for dividend payers. Because Fama and French (2001) find that payers
are larger, more profitable, and have weaker growth opportunities, the dividend premium may
aso pick up investor demand for this correlated bundle of characterigtics.

Intuitively, to detect the hypothesized cross-sectiond patternsin predictability, we want
to condition on turning pointsin investor sertiment. But the sentiment proxies themsdves have
certain lead-lag raionships, raisng the possibility thet different variables may reflect the same
sentiment factor at different times. For instance, 1bbotson and Jaffe (1975), Lowry and Schwert
(2002), and Benveniste, Wilhelm, Ljunggvigt, and Yu (2003) find that PO volume lags the firg-
day returns on IPOs. One interpretation of thisfact isthat sentiment isin part behind the high

firg-day returns, and this attracts additiond PO volume with alag. More generaly, proxies that

& While they both reflect equity issues, the number of 1POs and the equity share have important differences. The
equity share includes seasoned offerings, is known to predict market returns, and scales by total external finance to
isolate the composition of finance from the level. On the other hand, the | PO variables may better reflect demand for
certain |PO-like regions of the cross-section that theory and history suggest are most sensitive to sentiment.
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involve firm supply responses (S and NIPO) are likely to lag proxies that are based on investor
demand or investor behavior (RIPO, PP™"°, TURN, and CEFD).

We dso form anovel compositeindex SENTIMENT in order to capture the common
factor in the Sx proxies, and to help usidentify their best relative timing. The procedureis as
follows. We gart by estimating the first principa component of the Six proxies and their lags.
This gives us afird-gage index with twelve loadings, one for each of the current and lagged
proxies. We then compute the correlation between the first-stage index and the current and
lagged vaues of each of the proxies. Findly, we construct SENTIMENT asthefirg principd
component of the correlation metrix of Sx variables— each proxy’slead or lag, whichever has
the higher corrdation with the firg- stage index.

This procedure leads to afind, more parsmonious index:

SENTIMENT; = - 0.358CEFD, + 0.40ZTURN, _, + 0.414NIPG,

+0464RIPO,_, +0.371S, - 0.431P> \°

where for Eq. (2) each of the Sx components was first cleaned of macroeconomic conditions and

sandardized. The firgt principal component explains 53% of the (sandardized) sample variance,

and only thefirst eéigenvalueis above 1.00, so we conclude that one factor captures the common

variation. The correlation between the twelve-term fird-stage index and the SENTIMENT index

is0.96, suggesting that little information islost in dropping Six terms.

Certain agpects of thisindex are intuitively appeding. First, each individua sentiment
proxy enters with the expected sign. Second, al but one of the proxies enter with the expected
timing — with the exception of CEFD, price and investor behavior variables lead firm supply

variables. We will make use of this pattern in the subsequent andysis, i.e. we will condition on

the first predetermined value of CEFD, NIPO, S, and SENTIMENT, and the lag of that vaue for
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TURN, RIPO, and PP™NP_ Third, the index irons out some extreme observations. The dividend
premium and the firg-day | PO returns reached unprecedented levelsin 1999. For these to work
asindividud predictors over the whole sample, these levels must be matched exactly to extreme
future returns.

Figure 1 shows that the sentiment proxies line up well with anecdota accounts of
sentiment. Mogt proxies point to low sentiment in the first few years of the sample, which follow
the 1961 crash in growth stocks — the closed-end fund discount and dividend premium are high,
while turnover and equity issuance-related variables are low. Each variable identifiesa spikein
sentiment in 1968 and 1969, again matching anecdota accounts. Sentiment then tails of f until,
by the mid-1970's, it islow by most measures (recal that for turnover thisis confounded by the
deregulation). The late 1970’ s through mid- 1980’ s sees generdly rising sentiment, and according
to the composite index, sentiment has not dropped below a medium level since 1980. At the end
of 1999, near the peak of the Internet bubble, sentiment is again high by most proxies.

This correspondence with anecdotal accounts is encouraging. It confirms, to the extent
possible, that the proxies capture the intended variation. Also notable isthat cleaning the proxies
of macro conditions has little effect on their time-series properties. Indeed, Table 2 suggests that
the cleaned proxies are equdly if not more correlated with each other than are the raw proxies,
suggesting that investor sentiment can be distinguished from macroeconomic conditions. Again,
we congder only the cleaned proxiesin our subsequent empirical work, in order to isolate the

effect of sentiment from macroeconomic conditions.
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V. Empirical tests
A Sorts

Table 3 looksfor conditional characteristics effects in asmple, nonparametric way. We
place each monthly return observation into a bin according to the decile rank that a characterigtic
takes a the beginning of that month, and then according to the level of a sentiment proxy from
the end of the previous cadendar year. We compute the average monthly return for that bin and
look for patterns. We report sortson CEFD in Table 3aand SENTIMENT in Table 3b. As
discussed above, we condition returns from caendar year t on the December of year t-1 vaues of
CEFD and SENTIMENT. Also, to keep the meaning of the deciles rdlatively congant over time,
we define them based on NY SE firms. The tradeoff is that there is not a uniform distribution of
firms across binsin a given month.

For brevity, we omit sorts on the five other sentiment proxies. They give Smilar results,
available upon request, and they are broken out separately in al subsequent tables because they
fit more compactly. But it is worth showing results for CEFD dongside the overal index,
however, because CEFD is perhaps our cleanest “generd” indicator of investor sentiment — it is
not mechanically connected to sentiment for any one segment of the cross-section. In contrast,
the volume of 1POs and the dividend premium could in principle be driven by a concentrated
demand for firms with 1PO characterigtics or dividends, respectively. By comparing the results
for CEFD to the results for other sentiment proxies, or the composite index, we can more clearly
document a generd sentiment effect.

The first rows of Table 3 show the effect of sze conditiond on sentiment. They reved
that the cross-sectiond Sze effect of Banz (1981) exigts in low-sentiment conditions only, i.e.

when CEFD is postive or SENTIMENT is negative (afind reminder that here, and in all
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subsequent tables, the sentiment proxies are net of macroeconomic effects). Specificdly, Table
3b showsthat when SENTIMENT is negative, returns average 2.37 percent per month for the
bottom ME decile and 0.87 for the top decile. A smilar pattern is gpparent when conditioning on
CEFD; alink between the size effect and closed-end fund discounts was previoudy noted by
Swaminathan (1996). This pattern helps make sense of some long-known results. Namely, the
sze effect was known to be largdly a January effect (Keim (1983), Blume and Stambaugh
(1983)), and the January effect, in turn, was known to be stronger after a period of low returns
(Reinganum (1983)), which iswhen sentiment is likely to be low.

As an asde, note that the average returns across the first two rows of Table 3 show that
subsequent returns tend to be higher across the board when sentiment islow. Thisis consistent
with prior results that the equity share and turnover, for example, forecast market returns. More
generdly, it supports our premise that sentiment has broad effects, and so the existence of richer
patterns within the cross-section should not be entirely surprising.

The conditiona cross-sectiond effect of Age is especidly driking. It seemsthat investors
tend to demand young stocks when SENTIMENT is positive and old stocks when sentiment is
negative. Thisis suggested by the conditiond difference in returns between decile 10 and decile
1 stocks. When SENTIMENT is pessmidtic, top-decile Age firms return 0.55 percent less than
bottom-decile Age firns, but return 0.73 percent more when SENTIMENT is optimidic. Thisis
intriguing because Age shows no unconditiona effect a al.” The strong conditional effects will
amply average out across high and low sentiment periods.

The next rows indicate that the cross-sectiond effect of return volatility is conditiona on

sentiment in the hypothesized manner. In particular, high Sigma stocks appear to be out of favor

" This conclusion isin seeming contrast to Barry and Brown (1984)’ s evidence of an unconditional negative period-
of-listing effect, but their sample excludes stocks listed for fewer than 61months.
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when SENTIMENT islow — they earn returns of 2.29 percent per month. However, just aswith
Age, the cross-sectiond effect of Sgma fully reversesin low sentiment condiitions.

The next rows examine profitability and dividends. For investors, perhaps the smplest
and most sdient comparison is between profitable and unprofitable (E< 0) firms and payers and
nonpayers (D=0). These contrasts are summarized in the extreme right columns, where we
average returns across profitable firms and compare them to unprofitable firms, and do the same
for dividends. These characteristics again display conditiond sgn-flip patterns. Table 3b shows
that when SENTIMENT is positive, monthly returns are 0.33 percent higher on profitable than
unprofitable firms and 0.43 percent higher on payers than nonpayers. When it is negative,
however, returns are 0.92 percent per month lower on profitable firms and 0.81 percent lower on
payers. Importantly, the left column shows that these patterns are driven mostly by conditiond
variation in the returns of unprofitable and nonpaying firms. As discussed above, because these
firmstend to be more subjective to vaue and harder to arbitrage, theory predicts that they will be
more sendtive to swings in sentiment.

The remaining variables— book-to-market, external finance, and ses growth — also
disolay intriguing petterns. Most Smply, running across rows, one can see that each of them has
some unconditional explanatory power. Expected returns are generaly higher for high BE/IME
stocks, low EF/A stocks, and low GS decile stocks. The EF/A result is reminiscent of Loughran
and Ritter (1995) and Spiess and Affleck-Graves (1995, 1999), while the GS result is suggested
in Lakonishok, Shieifer, and Vishny (1994).

But acloser ook reveds an intriguing conditiona pattern in these variables. Each sort
disolaysan inverted U-shaped difference in average returns, conditiona on sentiment. Consider

the GSvariablein Table 3b. When SENTIMENT is high, there is an inverted U-shaped pattern
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across GS, as summarized in the 5-1 and 10-5 decile contrasts, but when sentiment changes sign,
thisactudly flipsto an upward U. As aresult, the difference across sentiment regimes makes a
pronounced inverse U. Smilar conditional U patterns appear in EF/A and BE/ME.

This pattern suggests that investors demand both high growth and distressed firms when
they are optimistic, or their speculative propengty is high, and avoid extremes when they are
pessmidtic, or their propengty to Speculate islow. That sentiment has specid implications for
distressed firms was not suggested in our anecdota history, but is consstent with theoretica
predictions — both rapidly growing firms and those teetering on the brink are hardest to value and
have especidly high idiosyncratic risk. They are therefore expected to be more senstive to
sentiment than the “gtable’ firmsin the middle deciles of these sorts.

B. Predictive regressions for individual stocks

We turn to cross-sectiond predictive regressions. We run monthly cross-sectiond
predictive regressons and then study how the coefficients change with investor sentiment.
Compared to the sorts, this gpproach alows us to conduct forma inference, to determine which
characterigtics have conditiona predictive ahility thet is digtinct from well-known unconditiona
effects, and to present results for each of our sentiment proxiesin a compact fashion.

As abasdine, we estimate the unconditiona predictive ability of each characteridtic.
Each month, we run a cross-sectiond univariate predictive regresson:

R, =a+b X, ,+e,,
where X isagiven characterigtic. For earnings and dividends characterigtics, we smply consder
the profitability and payer dummies, because the sorts suggest that these capture the main effects.

Figure 2 reports the time series of the coefficients from these rolling regressions, and

Pand A of Table 4 reports the average monthly coefficient and t- statistics based on the standard
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deviaion of the coefficients, asin Fama and MacBeth (1973). They confirm prior results that
Sze, book-to-market, externa finance, and saes growth have unconditiona predictive power.

Pand B runs multivariate cross-sectiona regressons to distinguish nove unconditiond
effects from the well-known effects of size, book-to-market, and momentum:

R, =a+bX, , +s10og(ME), , +h log(BE/ME). , + mMOM,, , +e,, (4)
where X denotes the characterigtic of interest. (Thereis no X when we consider size and book-to-
market themsdves)) Ageis modestly significant, sdes growth loses some of its unconditiond
effect, and externd finance retains a srong independent effect.

The key question is whether and how these coefficients change with investor sentiment.
Arethe fluctuations in Figure 2 connected to, or anticipated by, thosein Figure 1?In Table 5, we
address this question by regressing the monthly regression coefficients on sentiment proxies. The
first severd columns regress coefficients obtained from (3) on each of the proxies, while the last

column regresses coefficients obtained from (4) on the composite index:®

N

b, = c+ dSENTIMENT,_, +e,. 5
The sentiment proxies are dl standardized. Standard errors are bootstrapped to correct for the
biasinduced if the autocorrelated sentiment proxies have innovations that are correlated with
innovations in the coefficients, as in Stambaugh (1999).

The results basically confirm the sorts. As sentiment increases (lower CEFDy.; or PPNP,,
or higher TURN .2, NIPO+.1, RIPO¢.2, St.1, or SENTIMENT 1), expected returns tend to decrease
on smdl firms, young firms, firms with volatile returns, unpraofitable firms, and non-dividend-
paying firms. In dl casesthe results are in the expected direction, and those using PO volume as

the sentiment proxy are particularly strong. While these effects clearly overlgp to some extent,

8 Intuitively, in terms of Eq. (1), this procedure is regressing estimates of (b1+ b,T;.1) on sentiment proxiesT;..
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the last column shows that the connection between the cross-sectiond effect of these variables
and SENTIMENT can often be distinguished from arbitrarily time-varying effects of sze, book-
to-market, and momentum.

We give an example to illugtrate the magnitude of the effects. In the second-to-last
columns of Table 5, the 0.1 coefficient of SENTIMENT on ME meansthat atwo-SD increasein
the sentiment index raises the Size coefficient by 0.2 percentage points per month. Table 4 shows
that such a change would bring the conditiond sze effect from negative to zero, and thisisin
turn congstent with the Table 3b result that there is no size effect in high sentiment periods.

Like the sorts, the regressions show that the cross-sectiond effects of book-to- market,
externa finance, and saes growth do not have a strong monotonic relationship with sentimert.
To capture their U-shaped conditiona effects, we re-run (3) and (4) for these characterigtics but
limit the regression sample to observations that fal within the top or bottom seven deciles of
these variables® Theideaisto look at one side of the U at atime. For instance, the GS (1-7) row
examines how the cross-sectiond effect of sdes growth varies with sentiment among firmsin the
lower range of saes growth, where amargind increase predominantly reflects a move away
from digtress, not amove toward extreme growth. The GS (4-10) row examines the cross-
sectiond effect of sdes growth in arange where the main effect of amargind increaseis an
move toward extreme growth, not a move away from distress. Effectively, we view GS (1-7) and
GS (4-10) as separate characterigtics with different meanings.

Figure 2 plots the cross-sectiona coefficients from these regressons. The plots show
clearly that these characterigtics have different cross-sectiona effects in the bottom and top of

their ranges. The last severa rows of Table 5 indicate that this method successfully captures the

® The decision of how many decilesto cut out is obviously somewhat arbitrary. The choice of three follows Fama
and French (1993), who identify the top three BE/ME deciles with value and the bottom three with growth.
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U-shaped conditiond effects in book-to-market, externa finance, and sales growth. Aswe found
in the sorts, future returns on stocks with characteristics of either extreme growth or distress are
negatively related to sentiment proxies. Some caculations will confirm that the Sze of the
effectsimplied here are smilar to those suggested in the sorts.
C. Predictive regressions for long-short portfolios

A third way to look for conditiona characterigtics effectsis to use sentiment to forecast
portfolios that are long on stocks with high values of a characterigtic and short on socks with
low vaues. We have just seen that the average payer, for example, earns higher returns than the
average nonpayer when sentiment is high, so sentiment must forecast along-short portfolio
formed on dividend payment. But it is useful to examine explicitly whether sentiment affects
portfolios like SVIB and HML, for example, because they are often used to proxy for systemetic
risks. In addition, the portfolio method is less parametric than the regressons for individua
gocks. To the extent that it delivers Smilar results, then, it indicates that the results are not
driven by changesin the cross-sectiond didtribution of firm characteridtics.

Thefirgs severd columns of Table 6 use individua sentiment proxies to predict long-
short portfolios®

Ry ~tight = R, ot = C+USENTIMENT, , +e,.
The dependent variable is the monthly return on along-short portfolio, such as SVIB, and the
monthly returns from January through December of t are regressed on the lagged sentiment
proxies. The last column again attempts to separates novel comovement effects from well-known

effects usng amultivariate prediction:

(6)

19 |n terms of Eq. (1), this regresses (b,DX + b, T;.;DX) on sentiment proxies T;.;, where DX is the difference between

“high” and “low” levels of acharacteristic.
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Ry —tigh = Re cLowt = € +ASENTIMENT, ; + bRMKT, +s3VIB,
+ hHML, + MUMD, +e, '

(7)
Obvioudy, we must exclude SVIB and HML from the right Side when those are the portfolios
being forecast. RMRF is the excess return of the vaue-weighted market over the risk-free rate.
UMD isthe return on high-momentum stocks, where momentum is measured over the period
from 12 months prior through 2 months prior, minus the return on low-momentum stocks. As
described in Fama and French (1993), SMIB is the return on portfolios of smal and big ME stocks
that is separate from returns on HML, and HML is congtructed to isolate the difference between
high- and low-BE/ME portfolios !

For profitability and dividend payment, the coefficients estimated from the portfolio
approach are identical to those estimated from the individual stock approach by construction.
The other results are Smilar (the Sgn for predicting SVIB is expected to be the opposite of the
earlier ME 9gn). SVIB is significantly related to sentiment in some specifications, whilethereis
again an U-shaped conditiond effect in HML and especidly in the long-short portfolios formed
on externd finance and sales growth. We separate extreme growth opportunities effects from
distress effects by congtructing High, Medium, and Low portfolios based on the top three, middle
four, and bottom three NY SE decile bregkpoints, respectively. Using sentiment to forecast the
High-Medium portfolio for sdes growth, for example, is then analogous to using it to predict the
cross-sectiond effect of GS (4-10).
D. Systematic risk

At face value, the conditiona characterigtics effects seem unlikely to be compensation for

systemtic risk. Among other considerations, the sentiment proxies have been orthogondized to

1 These portfolios are taken from Ken French’ s website and are described there.
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macroeconomic conditions; the patterns match theoretica predictions about where the effects of
sentiment should be most pronounced; and the patterns line up with anecdota accounts of
bubbles and crashes. Intuitively, the systematic risk explanation requires that older, profitable,
dividend-paying firms are (when sentiment is high, i.e. in haf of the sample) actualy require
higher returns than younger, unprofitable, nonpaying firms, and are recognized as such by the
margind investor. While this seems counterintuitive, we can consder, and largely rule o, this
dternative explanation more rigoroudy.

Systematic risk explanations come in two basic flavors. Oneis that the systematic risks
(betaloadings) of stocks with certain characteristics vary with the sentiment proxies, despite our
effort to isolate them from macro conditions. Table 7 investigates this directly. It asks whether
sentiment coincides with time-variation in market betasin away that could at least qudlitatively
reconcile the earlier results with a conditional CAPM. Specificdly, we predict returns on the
characterigtics portfolios.

Ry —tignt = Ry, cowe = C+ OSENTIMENT, , + b(e+ fSENTIMENT,_,)RMRF, +e,.  (8)

Thetime-varying betas story predicts that the composite coefficient bf, reported in Table 7, is of
the same Sgn asthe estimates of d in Table 6. However, it turns out that when the coefficient bf
is gatigticaly sgnificant, it isthewrong Sgn in amgority of cases. We find smilar results when
we replace RMRF by aggregate consumption growth. A table is available upon request.

The second systematic risk story keeps stocks' betas fixed, but alows the risk premium
to vary with sentiment, which means that the difference in required returns between the high- and
low-beta stocks varies in proportion. However, this story runs into trouble with the smple fact

that the predicted effect of severd characterigtics does not just vary in magnitude over time, but
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in direction. This discussion, and the results of the next exercise, leads us to conclude that the
results do not reflect compensation for classica systematic risks.
E. Predictive regressions for earnings announcement returns

Our last test is whether there are conditional characteristics effectsin the returns around
earnings announcements. La Porta, Lakonishok, Shlefer, and Vishny (1997) find that low book-
to-market stocks have lower average returns at earnings announcements than high book-to-
market socks, suggesting systematic errors in earnings expectations. Likewisg, if errorsin
earnings expectations account for some of our results, we might expect that the average earnings
announcement return on small, young, volatile, unprofitable, nonpaying, extreme growth and/or
distress stocks would tend to be inversaly related to sentiment.

This methodology, while gppedling, has only limited power to detect how expectationd
errors affect our results. The essence of our results appears to be the correlated correction of
mispricing, but afirm’s announcement event return picks up the expectationd corrections thet
occur only to it done and within its own announcement window. Makid (1999) illugtrates the
problem: “The music dowed dragticdly for the conglomerates on January 19, 1968. On that day,
the granddaddy of the conglomerates, Litton Industries, announced that earnings for the second
quarter of that year would be subgtantialy less than forecadt. ... the announcement was greeted
with disbdief and shock. In the sdlling wave that followed, conglomerate stocks declined by
roughly 40 percent ...” (p. 67). So, while astudy of announcement event returns will capture the
corrective effect of Litton Industries’ announcement on its own stock, it will pick up none of its
broader effects, which are important to our main results. Nevertheless, an analysis of earnings
announcements may provide alower bound on the effect that sentiment- driven expectationa

errors have on our results.
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We gather quarterly earnings announcement dates from the merged CRSP-Compustat
file. The sample represents approximately 75% of the firm-quarters andyzed in the main tables,
S0 coverage isfarly complete. But, these quarterly earnings announcement dates are available
only beginning in January 1971, so we are missing the substantid time series variation in
sentiment over the 1960s. For each firm-quarter observation, we compute the cumulative
abnormal return over the vaue-weighted market index over trading days [-1, +1] around the
report date. We then construct a quarterly series of average announcement effects for each
characterigtic decile, and attempt to predict it with the composite sentiment index:

CAR

%, =Decilet = C dSENTIMENT, , +e,,. 9
Table 8 reports the coefficient estimates for each characterigtic decile.

The patternsin Table 8 need to be compared to those in Table 3b. In Table 8, 12 of the 82
coefficients are Sgnificant a the 5% level. In Table 3b, on the other hand, 10 of the 82 estimated
effects are very large in the sense that sentiment is associated with an conditiond differencein
monthly returns of over 1.50 percentage points. The intersection of these tables' * strong results’
issx cdls, and the signsagree in dl cases. In addition, four of the five cdllsthat are srong in
Table 3b but not sgnificant in Table 8 have matching Sgns, in the opposite direction, five of the
gx dgnificant resultsin Table 8 that are not associated with very large effectsin Table 3b are at
least of the same sign. One anomdly is the significantly negative coefficient on the oldest firms,
but perhaps one anomaly is to be expected by chance in so many implicit comparisons.

Overdl, this suggests that some portion of the conditiond characterigtics effects probably

reflects the correction of conditiond errorsin earnings expectations. But as noted above, thistest

is not powerful, and provides only alower bound on the contribution of expectationd errors.
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VI.  Concluson

In classcd finance theory, “investor sentiment” plays no role on the cross-section of
stock prices, returns, or expected returns. This paper takes issue with the classica view. It
marshals theoretical consderations, historical accounts of speculative episodes, and most
importantly aset of novel empiricd findings, in support of the view that investor sentiment,
broadly defined, has Sgnificant cross-sectiond effects.

To summarize, the main empiricd finding is that the cross-section of future stock returns
is conditiona upon beginning-of- period proxies for investor sentiment. The patterns are rich, but
graightforward to interpret and consstent with smple theoretica predictions. Specificaly, when
sentiment gppears to be high, stocks that are likely to be rdatively attractive to optimists and
speculators and at the same time unattractive candidates for arbitrage — young stocks, small
stocks, unprofitable stocks, non-dividend paying stocks, high-volatility socks, extreme-growth
stocks, and distressed stocks — experience low future returns relative to other stocks. Conditiona
on low sentiment, on the other hand, these cross-sectiona patterns attenuate or reverse. Severd
aspects of the results cast doubt on the hypothesis that they reflect rationa compensation for
systematic risk. Rather, they match smple theoretica predictions and line up well with higtorical
accounts of bubbles and crashes.

The conclusion that sentiment has broad cross-sectiond effects obvioudy carrieswith it a
number of sgnificant implications for financia economics. Here we discuss just one example.
An old question iswhether firmsthat pay dividends endure higher costs of equity, as predicted
by Brennan (1970), or whether dividends areirrelevant. Black and Scholes (1974), Miller and
Scholes (1982), and Christie and Huang (1984), among others, show that the cross-sectiona

effect of the dividend yield on (pre-tax) returnsis not reliably positive, and in fact quite unstable.

30



Thisis commonly interpreted as rejecting the tax hypothesis and supporting the classicd
irrelevance view. Our results, however, suggest that both views may be incorrect. While the
cross-sectiond effect of dividendsisindeed ungtable, its Sgn is predictable by sentiment. These
factsfit better with the catering theory of Baker and Wurgler (2002), in which dividends are
indeed relevant to current valuations, but with atime-varying Sgn.

The results suggest severa avenues for future work. In corporate finance, a better
undergtanding of sentiment seems likely to shed light on time-series patterns in security issuance
and the supply of firm characteristics that seem to be conditiondly relevant to share price. For
assat pricing, the results indicate that descriptively accurate models of expected returns need to
better incorporate sentiment. The best way to do thisis unclear; the conditiond characteristics
specification may offer agtarting point. More generaly, the paper has had little to say about how
and why sentiment forms, only arguing that it isavery red force that has cross-sectional effects.
An interesting open question is whether there are necessary macroeconomic preconditions for

sentiment to bloom.
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Figure 1. Investor Sentiment. The first panel shows the year-end, value-weighted average discount on closed-end
mutual funds. The data on prices and net asset values (NAVS) come from Neal and Wheatley (1998) for 1962
through 1993; CDA/Wiesenberger for 1994 through 1998; and turn-of-the-year issues of the Wall Street Journal for
1999 and 2000. The second panel shows detrended log turnover. Turnover is the ratio of reported share volume to
average shares listed from the NY SE Fact Book. We detrend using the past five-year average. The third panel shows
the annual number of initial public offerings. The fourth panel shows the average annual first-day returns of initial
public offerings. Both series come from Jay Ritter, updating data analyzed in Ibbotson, Sindelar, and Ritter (1994).
The fifth panel shows gross annual equity issuance divided by gross annual equity plus debt issuance from Baker
and Wurgler (2000). We adjust the series for the one-time change in the share from 1983 to 1984. The sixth panel

shows the year-end log ratio of the value-weighted average market-to-book ratios of payers and nonpayers from

Baker and Wurgler (2003). The dashed line is raw data. We regress each measure on the growth in industria

production, the growth in durable, nondurable and services consumption, the growth in employment and a flag for
NBER recessions. The solid line is the residuals from this regression. The final panel presents a first principal

component index of the six orthogonalized measures. In the index, turnover, the average annual first-day return, and
the dividend premium are lagged one year relative to the other three measures.
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Figure 2. Average Annual Coefficients. Average annual coefficients from monthly univariate regressions of returns on firm characteristics X.

The firm characteristics are size, age, total risk, indicator variables for profitable firms and dividend payers, book-to-market ratio, external finance over assets,
and sales growth decile. Size is the log of market equity. Market equity (ME) is price times shares outstanding from CRSP. Age is the number of years since the
firm's first appearance on CRSP. Total risk is the annual standard deviation in monthly returns from CRSP. Earnings (E) is defined as income before
extraordinary items (Item 18) plus income statement deferred taxes (Item 50) minus preferred dividends (Item 19). The book-to-market ratio is the log of the ratio
of book equity to market equity. Book equity (BE) is defined as shareholders equity (Item 60) plus balance sheet deferred taxes (Item 35). External finance (EF)
is equal to the change in assets (Item 6) less the change in retained earnings (Item 36). When the change in retained earnings is not available we use net income
(Item 172) less common dividends (Item 21) instead. Sales growth decile is formed using NY SE breakpoints for sales growth. Sales growth is the percentage

Ry =a, +b X, + &

changein net sales (Item 12). For the last three characteristics, we analyze the top (solid) and bottom (dashed) seven deciles separately.
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Table 1. Summary Statistics, 1963-2001. Panel A summarizes the returns variables. Returns are measured monthly. Momentum (MOM) is defined as the
cumulative return for the eleven-month period between 12 and two months prior to t. Panel B summarizes the size, age, and risk characteristics. Sizeisthelog of
market equity. Market equity (ME) is price times shares outstanding from CRSP in the June prior to t. Age is the number of years between the firm's first
appearance on CRSP and t. Total risk (s) is the annual standard deviation in monthly returns from CRSP for the 12 months ending in the June prior tot. Panel C
summarizes profitability variables. The earnings-price ratio is defined for firms with positive earnings. Earnings (E) is defined as income before extraordinary
items (Item 18) plus income statement deferred taxes (Item 50) minus preferred dividends (Item 19). Book equity (BE) is defined as shareholders equity (Item
60) plus balance sheet deferred taxes (Item 35). Panel D reports dividend variables. Dividends (D) are equal to dividends per share at the ex date (Item 26) times
shares outstanding (Item 25). Panel E reports variables used as proxies for growth opportunities and distress. The book-to-market ratio is the log of the ratio of
book equity to market equity. External finance (EF) is equal to the change in assets (Item 6) less the change in retained earnings (Item 36). When the change in
retained earnings is not available we use net income (Item 172) less common dividends (Item 21) instead. Sales growth decile is formed using NY SE breakpoints
for sales growth. Sales growth is the percentage change in net sales (Item 12). In Panels C through E, accounting data from the fiscal year ending in t-1 are
matched to monthly returns from July of year t through June of year t+1. All variables are Winsorized at 99.5 and 0.5 percent.

Full Sample Subsample Means
N Mean SD Min Max 1960s 1970s 1980s 1990s 2000-1
Panel A. Returns
R (%) 1,398,495 138 18.69 -98.13 2400.00 1.06 159 124 145 120
MOM .1 (%) 1,398,495 1344 60.31 -85.99 35942 21.40 12.50 14.85 12.10 12.02
Panel B. Sizeand Age
ME.1 ($M) 1,398,495 576 2,153 1 21,623 392 238 373 807 1,412
Age; (Years) 1,398,495 1372 1391 0.03 69.17 16.02 12.96 1384 13.70 14.14
St.1 (%) 1,375,961 1421 892 0.00 62.39 9.40 1258 1368 14.77 2159
Panel C. Profitability
E+/BE;.1 (%) 1,398,495 10.62 1031 0.00 67.14 12.13 12.09 11.29 9.27 9.09
E>0.1 1,398,495 0.76 042 0.00 1.00 0.95 091 0.77 0.68 0.63
Panel D. Dividend Policy
D/BE;.; (%) 1,398,495 197 296 0.00 1761 443 272 198 136 105
D>0, 1,398,495 045 0.50 0.00 100 0.78 0.65 048 0.30 0.24
Panel E. Growth Opportunities and Distress
BE/ME.-1 1,398,495 0.93 0.86 0.02 5.78 0.70 135 0.92 0.72 0.81
EF/A:.1 (%) 1,365,152 11.69 24.98 -69.17 131.18 711 6.34 10.71 14.76 19.13

GS..1 (Decile) 1,349,505 593 319 1.00 10.00 5.65 5.66 597 6.12 590




Table2. Investor Sentiment. Means, standard deviations, and correlations for measures of investor sentiment. The first measure (CEFD) isthe year-end, value-
weighted average discount on closed-end mutual funds. The data on prices and net asset values (NAVs) come from Neal and Wheatley (1998) for 1962 through
1993; CDA/Wiesenberger for 1994 through 1998; and turn-of-the-year issues of the Wall Street Journal for 1999 and 2000. The second measure (TURN) is
detrended log turnover. Turnover isthe ratio of reported share volume to average shares listed from the NY SE Fact Book. We detrend using the past five-year
average. The third measure (NIPO) is the annual number of initial public offerings. The fourth measure (RIPO) isthe average annual first-day returns of initial
public offerings. Both 1PO series come from Jay Ritter, updating data analyzed in Ibbotson, Sindelar, and Ritter (1994). The fifth measure (S) is gross annual
equity issuance divided by gross annual equity plus debt i ssuance from Baker and Wurgler (2000). The sixth measure (P°P) is the year-end log ratio of the
value-weighted average market-to-book ratios of payers and nonpayers from Baker and Wurgler (2003). Turnover, the average annual first-day return, and the
dividend premium are lagged one year relative to the other three measures. In the first panel, we present raw data. In the second panel, we regress each measure
on the growth inindustrial production, the growth in durable, nondurable and services consumption, the growth in employment and a flag for NBER recessions.
The adjusted measures are the residual s from these regressions. SENTIMENT isthefirst principal component of the six orthogonalized measures. a, b, and ¢
denote statistical significance at 1%, 5%, and 10%.

Correlations

Mean SD Min Max  SENTIMENT CEFD TURN NIPO RIPO S  PD-ND
Panel A. Raw data

CEFD; 883 811 -1041 23.70 -059° 1.00

TURN.1 521 794 -11.60 18.66 0.66* -0.30° 1.00

NIPO, 35841 262.76 9.00 953.00 065 -057° 038 1.00

RIPO.1 16.94 14.93 -167 69.53 083 -041° 0507 035 1.00

S 1953 834 7.83 4300 039 001 0.30° 0.16 0.26 1.00

PP NP 0.20 1867 -33.17 36.06 -0.79° 053 -0.50° -056° -058° -0.12 1.00
Panel B. Controlling for macroeconomic conditions

CEFD; 0.00 6.15 -18.33 9.16 -0.60° 1.00

TURN(.1 0.00 6.73 1131 1145 0.70% -0.29° 1.00

NIPO, 0.00 226.30 -435.98 484.15 072 -0.46° 039 1.00

RIPO..; 0.00 1431 -2355 4654 087 -0.45° 053 0442 1.00

S 0.00 6.15 -12.17 14.29 063 -0.40° 032 050 047 1.00

p._,PND 0.00 16.89 -43.20 35.96 -0.812 0.28° -0.60% -046% 068 -0.28° 1.00




Table 3a. Two-way Sorts: Closed-End Fund Discount and Firm Characteristics. For each month, we form ten portfolios according to the NY SE breakpoints
of firm size (ME), age, tota risk, earnings-book ratio for profitable firms (E/BE), dividend-book ratio for dividend payers (D/BE), book-to-market ratio
(BE/ME), external finance over assets (EF/A), and sales growth (GS). We also calculate portfolio returns for unprofitable firms and nonpayers. We then report

average portfolio returns over months where CEFD (orthogonalized to nacroeconomic conditions) is positive, negative, and the difference between the two
averages.

CEFDy4 Decile Overall
>0-
£0 1 2 3 4 5 6 7 8 9 10 101 105 5-1 £0
ME Positive 2.39 193 181 1.80 183 163 162 150 138 131 -108 -052 -057
Negative 0.46 021 0.36 0.24 054 034 045 055 047 038 -008 -016 0.08
Difference 193 173 146 156 129 130 117 0.95 091 093 -100 -035 -065
Age Positive 195 199 2,06 194 203 198 157 167 163 148 -048 -055 0.08
Negative -0.24 048 0.67 0.46 0.64 0.64 0.65 0.66 0.58 0.72 0.96 0.08 0.88
Difference 220 151 139 147 140 134 091 101 105 076 -144 -064 -080
s Positive 135 151 152 168 182 192 191 208 217 237 101 054 047
Negative 0.84 0.84 0.78 0.66 0.69 0.52 049 0.39 041 007 -077 -062 -015
Difference 051 0.67 0.74 102 113 140 142 169 176 229 178 116 0.62
E/BE Positive 248 221 208 210 192 179 195 190 188 177 187 -034 008 -042 -062

Negative 0.24 0.53 0.65 0.89 053 048 0.49 0.38 0.50 048 03 -017 -011 -006 0.23

Difference 224 168 144 121 139 131 146 152 138 129 151 -017 020 -036 -085

D/IBE Positive 235 207 191 192 177 172 159 152 146 144 137 070 -034 -035 -063
Negative 012 0.60 0.52 0.72 047 0.61 0.67 0.77 0.70 0.72 0.81 0.21 0.20 0.01 053

Difference 223 147 139 119 1.30 1 092 0.75 0.75 0.71 05% -091 -054 -036 -116

BE/ME Positive 147 171 177 1.86 1.86 193 212 211 233 258 110 0.72 0.39
Negative -0.26 0.09 0.35 0.38 057 0.67 0.67 0.76 0.89 0.94 121 0.37 0.83

Difference 174 162 142 149 129 126 145 135 144 164 -010 034 044

EF/A Positive 252 219 2.08 198 183 188 188 179 192 166 -086 -017 -069
Negative 0.76 0.75 0.85 0.77 0.73 0.62 0.39 0.38 025 -047 -123 -120 -003

Difference 176 144 123 121 110 126 149 142 167 212 037 102  -0.66

GS Positive 2.36 204 197 179 182 188 199 208 1.90 181 -05% -001 -054
Negative 0.66 0.60 0.58 0.65 0.62 0.66 0.68 0.56 03 -042 -109 -105 -004

Difference 170 144 138 114 120 121 131 152 155 223 053 104 -050




Table 3b. Two-way Sorts. Sentiment Index and Firm Characteristics. For each month, we form ten portfolios according to the NY SE breakpoints of firm
size (ME), age, tota risk, earnings-book ratio for profitable firms (E/BE), dividend-book ratio for dividend payers (D/BE), book-to-market ratio (BE/ME),
external finance over assets (EF/A), and sales growth (GS). We also calculate portfolio returns for unprofitable firms and nonpayers. We then report average
portfolio returns over months where SENTIMENT (orthogonalized to macroeconomic conditions) is positive, negative, and the difference between the two

averages.
SENTIMENT;.; Decile Overall
>0-
£0 1 2 3 4 5 6 7 8 9 10 101 105 5-1 £0
ME Positive 092 084 0.82 0.82 097 0.87 110 103 101 1.00 0.08 0.02 0.05
Negative 237 167 167 155 167 137 120 122 102 087 -150 -080 -0.70
Difference -145 -084 -08 -073 -069 -051 -010 -019 -001 0.13 158 0.82 0.75
Age Positive 0.36 0.99 110 105 130 131 105 116 107 109 073 -021 0%
Negative 181 181 192 165 165 158 1.36 137 137 126 -055 -039 -016
Difference -146 -083 082 -060 -03% -028 -032 -021 -031 -017 128 018 110
s Positive 125 127 111 113 118 107 103 101 091 066 -060 -053 -0.07
Negative 103 120 134 141 157 167 167 181 205 2.29 126 0.73 054
Difference 0.23 007 -024 -028 -038 -060 -064 -079 -114 -164 -186 -126 -061
E/BE Positive 0.65 0.76 1.00 0.92 0.95 0.96 0.9 0.96 104 1.06 0.96 0.20 0.00 020 033
Negative 259 2.37 205 2.36 181 159 181 164 164 144 159 -0.78 001 -078 -092
Difference -1%4 -161 -105 -144 -087 -063 -087 -068 -060 -038 -063 098 -001 098 125
D/BE Positive 0.66 103 103 121 0.98 111 107 115 114 112 105 002 -006 009 043
Negative 231 197 169 168 152 144 138 129 117 118 125 -072 -019 -052 -081
Difference -164 -094 -066 -046 -054 -033 -032 -013 -003 -007 -020 0.74 0.13 061 124
BE/ME Positive 027 0.78 0.96 1.00 111 121 119 122 135 140 113 0.29 0.85
Negative 132 137 147 155 159 1.66 191 195 219 248 116 0.89 0.27
Difference -106 -059 -051 -054 -048 -045 -072 -073 -084 -108 -003 -061 0.58
EF/A Positive 129 119 1.36 127 124 122 111 0.93 0.82 017 -112 -107 -0.05
Negative 2.38 2.06 182 173 155 153 146 154 171 149 -089 -006 -083
Difference -110 -086 -047 -046 -032 -031 -035 -061 -08 -132 -023 -101 0.78
GS Positive 104 119 123 115 121 119 123 116 0.9 022 -082 -100 0.18
Negative 2.37 175 160 153 147 160 171 180 164 166 -071 019 -090
Difference -134 056 -036 -037 -026 -041 -047 -064 -070 -144 -011 -119 108




Table 4. Baseline Regressions, Monthly Returns. Average coefficients and t-statistics from monthly regressions of returns on firm characteristics (X), size
(log(ME)), book-to-market (log(BE/ME)), and momentum (MOM).

Ri=a +hXj.; +5 |09(ME)it-1 +h, |09(BE/ME)it-1 +mMMOM;;_; + &,

We only report the average of by. The firm characteristics are firm size (log(ME)), age (log(Age)), total risk (s), an indicator variable for profitable firms (E>0)
and dividend payers (D>0), book-to-market ratio (log(BE/ME)), external finance over assets (EF/A), and sales growth decile (GS). The first panel shows
univariate results. The second panel includes book-to-market, size, and momentum as control variables. Standard errors are equal to the time series standard
deviation of b, divided by the number of months.

ME Age S E>0 D>0 BE/ME EF/A GY10

s t(s) b (o) b (o) b (o) b (o) h t(h) b (o) b tb)

Panel A. Univariate

017 [-33 004  [07] 145  [10] -026 [13  -017 [-08§ 047 [65 -164 [67] -059 [-4§]

Panel B. Controlling for Book-to-Market, Size, and Momentum

018  [-34] 010  [28§ 031  [44]
016  [-37] 040  [-04] 034 [54]
016  [-33] 005  [-04] 035  [49
016  [-35] 005  [04] 034 [51]
014  [-24] 052  [66]
016  [-30] 026  [38 -116 [-68]

015  [-28] 032  [44] 026 [27]




Table 5. Time Series Regressions, Monthly Returns Coefficients. Two-stage regression. In the first stage, we compute coefficients from monthly regressions
of returns on firm characteristics (X), size (log(ME)), book-to-market (log(BE/ME)), and momentum (MOM).

Ri=a +b X +s |09(ME)it-1 +h, |09(BE/ME)it-1 +mMOM;;_, +e;

The firm characteristics are firm size (log(ME)), age (log(Age)), total risk (s), an indicator variable for profitable firms (E>0) and dividend payers (D>0), book-
to-market ratio (log(BE/ME)), external finance over assets (EF/A), and sales growth decile (GS). When we analyze growth opportunities, we exclude the top
(bottom) three deciles for book-to-market ratio (external finance, sales growth). When we analyze distress, we exclude the bottom (top) three deciles for book-to-
market ratio (external finance, sales growth). In the second stage, we regress the monthly coefficients b, on measures of investor sentiment, each standardized to
have unit variance.

A

b, =c+dSENTIMENT, , +u,

Coefficients are matched to the closed-end fund discount (CEFD), the number of 1POs (NIPO), and the equity share (S) for the calendar year one year before t.
Coefficeints are matched to detrended log turnover (TURN), the average annual first-day return (RIPO), and the dividend premium (P°™NP) for the calendar year
two years before t. All sentiment measures are orthogonalized to macroeconomic conditions. The first seven columns show univariate results. The last column
includes size, book-to-market, and momentum as control variables in the first-stage regression and uses the sentiment index in the second stage. Bootstrap p-
values are in braces.

SENTIMENT;.,
Controlling for

ME, BE/ME,

CEFD,, TURN . NIPO RIPO., St P, P SENTIMENT;.; and MOM
d p@) d pd d p@d) d  p@) d  p@) d  p@) d p@) d p@d)
ME 02  [.00] 01 [.a0] 02  [.00 01 [18] 01  [.06] 00  [49 01 [.02 01 [.03
Age 02 [01] 01 [14] 03  [.00 01 [13] 02 [.01] 00  [.59] 02 [01 00 [51]
s 67  [.00] 36 [.07] 75 [.00] -48  [.01] 50  [.01] 30 [.16] 64  [.00] 35 [.01]
E>0 07  [.00] 05 [.03 09 [.00] 05 [.03 05 [.03] 04  [.09] 07  [.00] 04  [.01]
D>0 08  [.00] 05 [.06] 10  [.00] 04  [.09] 06 [.01] 03 [.31] 07  [.00 04  [.00]
BE/ME 00 [.69 01 [47] 01 [43 00 [.74 01 [.16] 00  [.99 01 [41 02  [.09
EF/A 06 [.02 01 [73 06  [.03] 02 [49 08 [.00] 00 [97] 04  [.15] 03 [19]
GS 02 [15] 01 [51] 03 [.05] 02 [31] 03 [.07] 01 [67] 02  [15 01 [44]
BE/ME (1-7) 01 [.29 01 [17] 03 [.01] 01 [.31] 02  [.09] 01 [4]] 02 [.09 02 [.05]
EF/A (4-10) 18  [.00] 07 [.20 -19  [.00] 09  [.06] -15  [.01] 06 [31] -16  [.00] 08  [.03]
GS(4-10) 01 [.00 01 [03 01 [.00] 01 .04 01 [.01] 01  [10] 01 [.00] 01 [.01
BE/ME (4-10) 01 [26] 01 [21] 01 [.16] 01 [46] 00 [91] 02 [15] 01 [18] 00 [70
EF/A (1-7) 21 [.00] 11 [.09 24 [.00] 14 .04 07 [33] 14 [.07] 20  [.01] 09 [.02

GS(1-7) 01 [.02] 01 [.03] 01 [00] 00 [13 00 [26 -00 [.10] 01 [07 00 [09




Table 6. Time Series Regressions, Portfolios. Regressions of long-short portfolio returns on measures of sentiment (S), each standardized to have unit variance,

the market risk premium (RMRF), the Fama-French factors (HML and SMB), and a momentum factor (UMD).
Ry —hight = Rx, slowt =C+ dSENTIMENT, ; + bRVRF, + sSMB, +hHML, +mUMD, +u,

The long-short portfolios are formed based on firm characteristics (X): firm size (ME), age, total risk (s), profitability (E), dividends (D), book-to-market ratio
(BE/ME), external finance over assets (EF/A), and sales growth decile (GS). High is defined as a firm in the top three NY SE deciles; low is defined as a firm in
the bottom three NY SE deciles;, medium is defined as a firm in the middle four NY SE deciles. Monthly returns are matched to the closed-end fund discount
(CEFD), the number of 1POs (NIPO), and the equity share (S) for the calendar year one year before t. Monthly returns are matched to detrended log turnover
(TURN), the average anual first-day return (RIPO), and the dividend premium (P°™NP) for the calendar year two years before t. All sentiment measures are
orthogonalized to macroeconomic conditions. The first seven columns show univariate results. The last column includes RMRF, SMB, HML, and UMD as

control variables. Bootstrap p-values are in braces.

SENTIMENT,.,
Controlling for
ME, BE/ME,
CEFDy., TURN . NIPO, RIPO.., Sta PP NP SENTIMENT,;., and MOM

d p@ d p@d d p@ d p( d p@ d p(d) d p(d) d p(d)

ME SMB 04 [01] -02 [39 -06 [00 -01 [48 -03 [.13] 01 [61] 03 [07] -02 [.18]
Age High-Low 06 [.02] 03 [19 09 [.00] 02 [.25] 06 [0 -01 [57] 06 [.02] 02 [.09]
s High-Low 09 [00] -05 [06 -10 [00 04 [12] -07 [.02 04 [.29 08 [01] -04 @ [.03
E >0- <0 07  [.00] 05 [.09] 09 [.00] 04 [.07] 05 [03 -04 [09 07 [.00] 05  [.02
D >0- =0 -08  [.00] 05 [.07] 10 [.00] 04 [10] 06 [01] -03 [.28] 07 [.00] 04  [.01
BE/ME  HML 01 [45] 01 [49 02 [23 02 [19 02 [.20 00 [.89 02 [.30] 01 [.67]
EF/A High-Low 02 [15 -01 [63 -03 [01 -01 [36 -03 [01] 01 [.37] 02 [08 -01 [.30]
GS High-Low 01 [211 -00 [7] -02 [07 01 [33 -02 [14] 00 [69 02 [17 -01 [.45]
BE/ME  Low-Medium 01 [.29] 02 [.23 03 [.07] 01 [.39] 02 [06] -01 [4§ 02 [.09 01 [.31]
EF/A High-Medium 04 [0 -02 [07 -05 [00 -02 [09 -04 [0 02 [10 04 [00] -02 [.01]
GS High-Medium 04 [00] -03 [04 -05 [00 03 [04 -03 [.02 02 [13] 04 [00] -02 [.01]
BE/ME  High-Medium 01 [39 -01 [44] -01 [20 -00 [.69 00 [.89 01 [.a8] 01 [33 -01 [.47]
EF/A Low-Medium 02 [.00] 02 [.02 02 [.00 01 [16] 01 [371 -01 [17 02 [.01] 0.2 [.00]
GS Low-Medium 03 [07] 02 [.03] 03 [.01] 02 [14] 02 [15 -02 [13 03 [.02 0.2 [.09]




Table 7. Conditional Market Betas. Regressions of long-short portfolio returns on the market risk premium (RMRF) and the market risk premium interacted
with measures of sentiment (S) , each standardized to have unit variance.

Ry -hight = Rx. ztowt =C+ dSENTIMENT, ; +b(e+ fSENTIMENT, , JRMRF, +u,

The long-short portfolios are formed based on firm characteristics (X): firm size (ME), age, total risk (s), profitability (E), dividends (D), book-to-market ratio
(BE/ME), external finance over assets (EF/A), and sales growth decile (GS). High is defined as a firm in the top three NY SE deciles; low is defined as a firm in
the bottom three NY SE deciles; medium is defined as a firm in the middle four NY SE deciles. Monthly returns are matched to the closed-end fund discount
(CEFD), the number of 1POs (NIPO), and the equity share (S) for the calendar year one year before t. Monthly returns are matched to detrended log turnover
(TURN), the average annual first-day return (RIPO), and the dividend premium (P°™NP) for the calendar year two years before t. All sentiment measures are
orthogonalized to macroeconomic conditions. T-statistics are heteroskedasticity robust.

CEFDy, TURN NIPO 4 RIPO. St P0 NP SENTIMENT;.,

bf  t(bf) bf  t(bf) bf  t(bf) bf  t(bf) bf  t(bf) bf  t(bf) bf  t(bf)
ME SMB 001 [-02] 002 [-06] 003 [-0.8] 002 [05] 001 [-03] 005 [14] 002 [-05]
Age High-Low 002 [05 013 [-29 001 [04] -013° [-27] 002 [06] 015° [30] -010° [-22]
s High-Low 005 [L1] 010 [20] 007 [-1.7] 010  [19] 006 [-13] 007 [-14] 004 [08
E >0-<0 008 [L7] 009 [19 006 [-16] 005 [09] 007 [-15] 004 [-0.7] 000 [00]
D >0-<0 002 [05] -010° [-22] 005 [12] 008 [-1§] 002 [06] 006 [14] 005 [-1.0]
BEIME  HML 004 [09] -012° [-30] 006 [-17] -008° [-22] 007 [-19 016* [36] -012° [-37]
EF/A High-Low 000 [02] 008  [41] 000 [00] 010°  [44] 000 [-03 -014° [-68 009 [39
GS High-Low 003 [-0.2] 030 [L3] 019 [-10] 055°  [33] 006 [03] -084 [-3§ 046°  [21]
BE'ME  Low-Medium 001 [02] -007 [-25 001 [03 -009 [-28§ 004 [14 012° [34 -00 [-28
EF/A High-Medium 001 [07] 007  [30] 002 [10] 008 [32 001 [-04] -009° [-34] 006"  [24]
GS High-Medium 000 [-0.2] 007  [30] 001 [-06] 008"  [36] 000 [-01 -010° [-41] 007  [28
BE/ME  High-Medium 003 [19] -006® [33 -005 [26] -004 [32 003  [-16] 010° [45] -007 [-39]
EF/A Low-Medium 001 [-0.8] 002 [12] 002 [L3 002 [13] 000 [03] -005* [-35 003 [L9
GS Low-Medium 000 [00] 004 [-1.7] 001 [-04] 003 [-17] 001  [04] 001 [0.7] 002 [-1.1]

& Statistically significant bf that matches the sign of the return predictability from Tables 5 and 6.
b Statistically significant bf that does not match the sign of the return predictability from Tables 5 and 6.



Table 8. Announcement Effects. For each calendar quarter, we form ten portfolios according to the NY SE breakpoints of firm size (ME), age, total risk,
earnings-book ratio for profitable firms (E/BE), dividend-book ratio for dividend payers (D/BE), book-to-market ratio (BE/ME), externa finance over assets
(EF/A), and sales growth (GS). We also calculate average announcement effects for unprofitable firms and nonpayers. We then regress the average quarterly
earnings announcement effects for each portfolio on lagged val ues of the sentiment index.

R =a+bSENTIMENT,_, +u,

We report b. Quarterly average announcement effects are matched to the sentiment index for the calendar year one year before t. T-statistics are
heteroskedasticity robust.

Decile
£0 1 2 3 4 5 6 7 8 9 10
ME -0.20 -0.02 -0.01 -011 -0.06 -0.06 -0.01 -0.04 0.00 -0.06
[-2.24] [-0.28] [-0.17] [-1.26] [-1.02] [-0.88] [-0.22] [-0.77] [0.04] [-1.09]
Age -0.09 0.01 -0.08 -0.10 -0.15 0.00 0.05 -0.05 -0.03 -0.15
[-0.84] [0.10] [-1.23] [-1.22] [-2.01] [-0.04] [0.87] [-0.74] [-0.55] [-3.09]
s 0.06 0.03 0.01 004 -0.07 -0.04 -0.02 -0.02 -0.08 -0.31
[0.91] [0.73] [0.25] [0.75] [-1.29] [-0.59] [-0.21] [-0.24] [-1.03 [-3.55]
E/BE -0.33 -0.23 0.06 011 -0.16 -0.13 -0.06 -0.03 0.00 -0.01 0.10
[-2.96] [-2.19] [0.83] [0.84] [-1.76] [-152] [-0.68] [-0.32] [0.04] [-0.14] [147]
D/BE -0.19 0.00 -0.09 -0.04 -0.02 -0.06 0.00 -0.07 -011 0.03 -0.05
[-2.26] [-0.02] [-1.32] [-0.64] [-0.33] [-1.01] [-0.08] [-1.20] [-2.07] [0.55] [-0.72]
BE/ME -0.10 0.00 0.04 -0.03 -0.06 0.02 -011 0.00 -0.13 -0.18
[-1.43] [-0.07] [0.54] [-0.45] [-0.90] [0.30] [-1.74] [-0.03] [-1.54] [-1.62]
EF/A -0.06 -0.06 0.03 -0.08 0.01 -0.07 -0.15 -0.03 -0.14 -0.06
[-0.57] [-0.77] [0.54] [-1.23] [0.17] [-1.12] [-2.65] [-0.50] [-2.02] [-0.70]
GS -0.24 -0.05 -0.11 -0.03 -0.03 0.02 -0.07 0.00 -0.06 -0.06

[-2.36] [-0.62] [-1.39] [-0.46] [-0.55] [0.34] [-1.21] [0.08] [-0.91] [-0.68]




