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1. Introduction

We investigate the effect of global and local components of investor sentiment on major stock
markets, at the level of both the country average and the time series of theectass We also
consider whether and how sentiment spreads across markeisdweidencethat investor
sentimenplaysa significant role in international nmaat volatility and generates return predictability
of a form consistent withorrections of overreaction

Our quantitative sentiment indicésllow six stock markets: Canadarance, Germany, Japan,
the United Kingdom, and the United States. We construct indicastaf’ investor sentiment for
each country by forming the first principal component of several time series proxies for sentiment.
We decompose the six total seméint indices into a singleglobal’ index and sixXlocal’ indices. The
data are annual from 1980 to 2005 and drawn from several international sources. Sentiment is
intrinsically difficult to measure precisely (and if there was an unambiguoudimeameaure, even
themediocre investor would be able to recalibrate himself and in the process reduce or eliminate the
information content in the measure) so we begin with an index validation test.

Our validation test is based on diiated shares. These-saled Siamese twins are pairs of
securities that claim equal cash flows but trade in different markets and sometimes at substantially
different pricesThe large price deviations have not been explained in the context of rational markets
with realistic frictons, let alone frictionless and efficient mark&#&e document that twins' relative
prices are positively related to the relative local sentiment indices of their respective markets. This
providesarelatively clean experiment that supports the empinkdidity of our indices. We are not
awareof other sentiment indices that have been validated by a more convincing method.

We then ask how sentiment affects international stock markets. The basic supposition is that i
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sentiment drives prices too far, waynobserve corrections in the form of return predictability. We
start with regressions to predict market returns, pooling six markets together for power in our short
sample. We find that total sentiment, and particularly the global component of totalesents a
contrarian predictor of countitgvel market returns. These results are similar for both vaha
equalweighted market returns and for RonS. markets.

Next we examine the effect of sentiment on the time series ofsegisnal returns. Bar
and Wurgler (2006, 2007) predict that broad waves of sentiment will have greater effects on hard to
arbitrage and hard to value stocks; these stocks will exhibit'‘sggitiment beta(seg e.g.,Glushkov
2005). Confirming this hypothesis, we find thdien a country's total sentiment is high, future
returns are relatively low for its small, high return volatility, growth, and distressed stocks. These
results are also apparent in the #i$. sample. The local component of sentiment affects the
crosssection considerably more than it does the time seniasket returnThis resultis intuitive.

Many global investors are looking for diversification and simply inirestdex funds rather than
select specific international stocks. In addititatalinvestors have an overwhelming home bias
toward their local markets in, e.g.French and Poterba (199and can trade at lower costs than
international investors. They, and their sentiment, thersfosald be expected tave a
disproportionate effean the pricing of the crossection.

Our final investigation considers whether sentiment is contagious across countries. Given the
importance of global sentiment in our results, this is an important question. We use the absolute valL
of U.S. capital flavs with the other five sample countries to obtain cs®sgional variation in the
extent of integration between these markets. We find that not only do local and global sentiment
predict the crossection of those countries' returns, but so does U.Smsitin those countries

linked with the Wited Statedy significant capital flows. This evidence suggests that capital flows
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are a key mechanism through which global sentiment develops and propagates, but there are surely
others, including woraf-mouthand the media.

Our study contributes to a growing literature studying the role of investor sentiment. In
addition to the papers above, Brown and Cliff (2004), Lemmon and Portnaiguina (2006), Qiu and
Welch (2004), and other papers have found evidencertie @f investor sentiment in U.S. stock
market returns. Brown, Goetzmann, Hiraki, Shiraishi, and Watanabe (&00%).S. and Japanese
flows into bull and bear fund¥'u and Yuan (201) argue that the tradeoff between risk and expected
returnapplies ofy in low sentiment periodsStambaugh, Yu, and Yuan (20rguethat sentimers
predictive powers concentrateth high-sentiment periods and in stocks in short legs. Baker and
Wurgler (201} investigate hoveentiment connectbe crosssection of stok returns and government
bonds while Bekaert, Baele, and Inghelbrecht (2010) discuss sentimetitedimde-series
relationships between government bond and stock market reRapers arguing that sentiment
affectsaggregate financing pattermeludeBaker and Wurgler (2000), Henderson, Jegadeesh, and
Weisbach (2006), and Kim and Weisbach (2008).

To summarize, @ make several contributions to this literature. First, this paper is the first to
investigate the role of sentiment within and across intenmaltiequity marketd/e construct usable
indices of total, global, and countspecific sentiment for six markets. Second, we conduct a
validation exercise with Siamese twins; moéthe sentiment literature is unable to provide any
validation exercise. Aird, we study the effects of sentiment at the index level, where we find
significant predictability relationships, perhaps because the panel of countries provides more power
than a single U.S. time series. Fourth, we provide the first extensive stumdyiofernational
time-series of the crossection of stock returns, and in particulas find that the U.S. resulbs

Baker and Wurgler (200@)anslate tamthermarkets. Fifth, we provide sonndtial evidence about



how global setiment develops anpropagates.

Section 2 explains the method of construction of the sentiment indices. Section 3 describes th
validation test. Section 4 uses sentiment to predict the time series of market returns, and Section 5
considers the time series of the cresstionof returns. Section 6 investigates sentiment contagion.

Section 7 concludes.

2. Total, global, and local sentiment indices

2.1 Basic approach

Our methodfor estimatingnternational marketsentimenbuildson Baker and Wurgler's
(2006) strategy for U.S. sentimel{e employa number of sentiment proxies that hypothesize
contain some componentioivestor sentimerdandsomecomponenbdbf nonsentimentrelated
idiosyncratic variationTo removethe latter wdirst orthogonalize the raw sentiment proxiesa
variety of macro series. Each market’s “totah#ment is then estimated as thstfprincipal
component of those orthogonalizeehtiment proxiesA single “global” sentiment series is then
estimated s the first principal component of these total sentiment series. Finally, each market’s

“local” sentiment is estimated as the residual of its total sentiment regressed on global sentiment.

2.2.Sentiment proxiesnotivation and data

We are constrained lifie availability of international sentiment proxasd cannot employ

all those that the predominantlyS.investor sentimeriiterature has examinee alsoelect touse

the samdour proxies for allsix internationaimarketsas much as possiblalthough an argument



could be made that the principal components methodaaotiyned aboveshouldbe able tdolerate
different proxies for different markets.

The firstproxy is a quantity that we refer to as the volatility premium and simply identifie
times when valuations on high idiosyncratatatility stocks are high or low relative to valuations on
low idiosyncraticvolatility stocks. This is by analogy to Baker and WurglgG04)use of thdJ.S.
dividend premium, which as the relative valuatddmividend and nordividendpaying stocks is
highly relatedinversely)to theU.S. volatility premium?

The motivation for this variablderives fronthe theoretical prediction that sentiment has its
strongest effects on hard to valusd hard to arbiage stocks. Obviously, all else equbkde are
stocks that noise traders can plausibly defend extreme values for, as befasrtieair optimism or
pessimismOneexample is Koski, Rice, and Tarhouni (2009) who show that volatility attracts day
trades. More generallythe proportion ofndividual ownership is increasy in volatility (Sias
(1996))?

Somewhat less obviouslyolatile stocks are, all else equallso particularly unattractive to
arbitrageurswhich in turn redoubles the potential for those stocks to be affected by noise trader
sentiment. Volatile stockareinherentlyriskier to trade—volatility bringswith it fundamentaind
arbitragerisk, as in Pontiff (1996) and Wurgler and Zhuravskaya 220énd they arassociated with
noise trader riskasjust mentioned. Volatile stocks altend to becostlier to tradeBid-ask spreads
are wider due to the probability of informed trading (Glosten and Milgrom (1888)higher

inventory costgHo and $oll (1980). Price impact beyonsdpreads is larger (Chan and Lakonishok

"We cannot form the dividend premium in some markets because dividends are relatively uncommon and, in some
countries, dividends do not appear to be viewed by local investors as connoting “stability” in the way they historically
hawe for U.S. investors.

“We will later describe, and control for, a Reentiment association between valuations and volatility based on Pastor and
Veronesi (2003).



(1997)).Short-sales costs are higheecauseipward price movements generate more frequent margin
calls (Mitchell, Pulvino, and Stafford (2002) andiB&cherbina, and Tang (201Bhdbecausehe
rebate rate is higheD{ether (2008))which may reflect the fact thétte supply of borrowed shares is
influencedby institutional ownership, which segatively correlatedith volatility (Sias (199¥).

The volatility premium ('#$ ) is the yearend log of the ratio of the valueighted average
marketto-book ratio of high volatility stocks to that of low volatility stocks. High (low) volatility
denotes one of the top (bottom) three deciles of the variance of the previous year\s ratumtts,
where decile breakpoints are determined country by cotirifgtal volatility is defined as the
standard deviation of the trailii® months of monthly returns, and to control for any association
with beta and a confusion with priced risks, @@enpute the volatility premium based only on
betaadjusted idiosyncratic volatilitifor simplicity, however, we will continue to rever to this
variable as the volatility premium)his variable was available fail years and all countrie®n
averagean our samplethe marketo-book ratio & high volatility stocks habeen higher than that of
low volatility stocks, but in each country this relationship has been reversed within our time period.

The second and third proxies we employ are derived indral public offering (PO) data.
Theyarethe total volume of IPOs and their initial, fhdday returnsgometimegalled underpricing
The theoretical motivation for using the volume of IPOs is simplyitiseders and longun
shareholders hawrongincentives to time the equity market for when valuations are greatest, which
is presumably when sentiment is highésiw longrun returns to IPOs have been noted by Stigler
(1964), Ritter (1991), and Loughran, Ritter, and Rydkvist (198Hich is ex posevidence of
successful market timing relative tarearket index. But issuers needtcare that much whether their

firm’s misvaluation is due to firaspecific or marketwide factors; consistent with that notouity

% We follow Fama and French (1993), who use top 3 deciles and bottom 3 deciles for fastimrction.



issuesas a fraction of total new igssforecast low market returras well(Baker and Wurgler
(2000)) The worst future returns occur for IPOs and equity issues from “hot market” cohorts with
high total issuance volume.

It has been widely noted thide initial returns on IPOscrease in bt markets. Inn the
United Statesn 1999,for examplethere were 477 IPOs and theerageraw first-dayreturn was
70%.And in Japarthat yeartheaverage firstday returrvas137%! It is implausible thathese
figures reflect justdverse selectiopremums for examplelf anything theanecdotal evidence
suggests that thesues with the highest firslay returnsvere in the greatest demamlitter (1998)
sums up our motivation for these two sentiment proxrasional explanations for hot markedse
difficult to come by”(p. 10).

The number of IPO4'#$ ) is the log of the total number of IPOs that year. The initial
returns on IPOS'#$ ) are the average initial (most often, fidgty) return on that year's offerings.
The returns are egl-weighted across firm3.he data were obtained from a variety of sources. W
were able to find th variablegor the full sample with the exception Bfance for 1980 through
1982 and Germany for 2003 through 20@5the Lhited Statesthe annual numberf IPOs has
ranged from 64 to 953 in the sample period, and the avéragdayreturn on IPOs has ranged from
around 7% t@ high of70% (exponentiate the Min and Max values from Tablea®)noted above
Most other countries have also seen high viarian these quantitie’.

The fourthsentimenfproxy is market turnove€Commentatorsn speculative episiessuch as
Bagehot (183) and Kindleberger (1978) have noted that high trading volume in the overpriced asset

is a pattern that goes battkthetulip bubble Cochrane (2002) states that “the association of price

“An important question is whether IPO market measures have the same meaningdridseel countries (in our

sample, France, Germany, and Japan) as they do in rugideeted countries. The survey of international IPO market
studies inLoughran, Ritter, and Rydqvist (1994) does not indicate any obvious differences in dimensions of particular
interest, including mean IPO underpricing; the relationships between IPO volume, market returns, and future GNP
growth; and mean abnormal returnsiB@®s.



and volume is a generic feature of the historical ‘bubbles™ (p.LEMont and Thaler (2003)
examine tech stock canaits andind that the relativejoverpriced IPO subsidiaries have an
average turnover rate of 38%r dayover the first 20 days of trading (not including the first day),
which is more than five times that of parent turnoVéere was much greater volume in Internet
relative to noAnternet stocks between 1998 and 200f&ekand Richardson (2003)h a cleaner
test, Mei, Scheinkman, and Xiong (2009) find a correlation between trading and price differentials in
fundamentally identical Chinese-B sharesSmith, Suchanek, and Williams (1988) find
experimental evidence thiatibbles are associated with high turnover. Subsequent research indicates
that this correlation is robust to the introduction of trading fees,-shta$ constraints, and the use of
business professionals as test subjects.

There is also ample theory to cmtt sentiment and trading volurdey greateffool theory
of rational bubblegHarrison and Kreps (1978)y models of positive feedback trading by informed
investors essentially requires that those who believe the asset is overvalued be able tegde it
before the mispricing corrects (De Long, Shleifer, Summers, and Waldmann (1280bjprmed
fund managersanchurn bubbles to confuse their clients into thinking they are informed (Allen and
Gorton (1993))Baker and Stein (2004) point out that whahorting is relatively costly, sentimental
investors are more likely to trade when they are optimiatid overall volume goes ugcheinkman
and Xiong (2003) provide a complementary argunbased on overconfidenéer using turnover as
a proxy forsentiment. So, as with the other three measures, we expect a positive relationship betwee
the observed proxy and underlying sentiment.

Market turnover!('#$ ) is the log of total market turnover, i.e. total dollar volume over the
year divided by totatapitalization at the end of the prior year. We detrend this with -do-fine

year moving average. Wmuld obtain marketevel turnover statistics for all markdigt Germany.



We detrend becaus# markets except Japan display a positive trend in taro

Overall,we usedoughly a dozeprimary data sourcds constructhese proxiesThey are
listed in Table 1 and summary statistics are given by country in Table 2.

Finally, toremove informatiorabout expected returtisat may becontained in ousentiment
proxiesthat is not related to sentimemte follow Baker and Wurglg2006 and orthogonalize each
proxy to six macroseries These are consumption growBreeden (1979))rom the Penn World
Tables, and industrial production growhen, Roll, and Ross (1986ipflation (Fama and Schwert
(1977) Chen, Roll, and Ross (19§6&mployment growtiSantos and Veronesi (2006he
shortterm ratg(Fama and Schwert (19778nd the term premiuifikeim and Stambaugh (1986),
Fama and Freic(1989)) from the OECD.

Themacro serieturn out toexplaincomparativelyittle of the variation irthe sentiment
proxies. Consequentlyhe correlation between tlmethogonalizednd rawproxiesis, on average
across the fouproxies 0.88 It is comforting that macro series that contain a great deal of
contemporaneous and forwaabking information about economic fundamentals are, even in
combination, so unrelated to our proxiddmittedly, howeverit is impossibleo rule out thatan
asyet undiscovered risk factdrivesall of the variougelationshig betweerthe sentiment proxies

and expected returnisat we find later

2.3. Total sentiment indices

The total sentiment index coefficients for each country are reported in the lwadiogn of

°For Canada, France, atfte United Statesthe data are obtained from a single source. For Japan andited U

Kingdom, the data from two different sources were combined to provide long series from 1980 to 2005. To make the
series from differensources consistent, we multiply the later series by constants to render it to have the same standard
deviations with the early series in the overlapping periods.

1C



Table 2.The index coefficients are estimated using the first principal component of each of the
macraorthogonalized sentiment proxiekhe resulting indices are linear functions of the

within-country standardized values of the proxies thind have mean zero

I"#$ SES% = 1136I"HS 1 LIO7IMES 1 LIt ES L LI eS| (1)
I"HS A L LS L LA2S L LI IES L L 46IMEHS (2)
4SS  =11"I"#$ | 145NIPO, ! | ¥45RIPO,, (3)
R e R R B T R I (4)
I"H$ SES% L Lt PYOLy L LUt ES L Ol eSOl IES (5)
R I e i1 R S N T R 2 S B T S B T - S (6)

where the country subscripts on the proxies have been suppteBsedraction of variance
explained by the first principal components are, in order of the countries listed 28%e}0%,
48%, 37%, 37%, and 42%, and in each country there is at least one eigenvalue that exceeds unity.
These figures resemble the 49% reported in Baker and Wurgler (2006) fefaatsmxindex of U.S.
sentiment.

We standardize the total sentimemiicesand plot them in Figure 1. A prominent feature is
thelnternet bubble of the late 1990s and its subsequash; thiss clearlyrepresented not only in
the Uhited Statedut in at least three other countries. These results serve as a reminder that
Germany's Neuer Markt, France's Nouveau Marche, and London's TECHM&rkhe last of which
still exists-were overseas cousins of the more familiar Nasdaq in both composition and

performance.

®French IPO data for 1980982 and Germany IPO data for 202805 were not available. For eacbuntry we fit their
total sentiment indices to the other other five countries’ indices in the period of overlap, and then used the predicted valu
to fill the missing data points.

'Other examples include the Italian Nuovo Mercato, the Nordic New Manhétapproximately ten other European
markets that opened between 1996 and 2001.
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A feature that we will return to when we discuss empitigglothesess meanreversionof
the sentiment indice§or now we just mention the fact®&he firstorder autocorrelations ahanges
in the indices are0.423 (Canada}0.163 (France), 0.092 (Germam0,373 (Japan}0.287 (UK),
and-0.138 (US). The secormtder autocorrelations of changes are 0.036 (Canada), 0.028 (France),
-0.222 (Germany), 0.034 (Japar),311 (UK), and0.219 US). Thus, only changes in Germany’s
index have a positive firgirder autocorrelation, and thisukimately outweighed by itéarger
negative secondrder autocorrelation. This feature of the German index is suggestedosdook
atFigure 1: wheresma fewother countries experienced eyearsentimenspikes arand the Internet

bubble, German sentiment, measured by our indicestayed at a peak for one or two years more

2.4. Global and local sentiment indices

We separate the total sentimamiices into one global and six local components. The global
index is the first principal component of the six total indices. The loadings are reported in dgable 3
I"gS PEST L 100 g RS 1 1" SENTRISS | ORTSENTIE S ! oN" I'#$ LERR,

Lo ras (A 1t SENTLRE @)

The Uhited Statess widely considered the world's bellwether market. Consistent witlpadisison
the Unhited Statestotal sentiment index exhibits a high degree of commonality with other countries'
indices andeceives théighestloading in the global index.

The standardized version of the global index is plotted inZziyot surprisinglyFig. 2
indicates that global sentiment rose steadily through thel886s, peaked in 1999 and 2000, and
then dropped by a few standard deviations within three years. Before entering the Internet bubble,

global sentiment had declined from the late 1980s to tie E200s.

12



Local indices are defined as the components of the total indices orthogonal to the global
index. That is, we regress the total sentiment indices on the global index in each country and define
local indices as the residuals. We standardize thedglot them in FigR.

Qualitativeinterpretations of the indices involve a large degree of conjeatuneell as an
understanding of historical market conditioRgoper interpretation ohe local indicesin particular,
requirea graspof both globaland marketonditions, as well as some caution given the unavoidable
noise in the estimate¥/ith these qualifications in mind, one cgpeculate on some of the variation
in theU.S. local index. The index reaches high levels in the early 1980s, pertieqsig
speculative activity in biotech and natural resources shares that was concentratediteth8thltes
The index declines somewhat following the 1987 grhshnot dramatically, reflecting the fact that
the crash was a global phenomenon (Roll (1988)).

Perhaps because the technological advances of the Internet were concentrateditedhe U
Statesthe local index suggests that the sentiment associatedneibubble may have materialized
there (and in Canada) first. Interestingly, while U.S. total sentiment was high at the bubble’s peak,
it was not uniquely high relative to other countries in the sample. Howeverspe8fic sentiment
did decline taan unusual degree with the crash, most likely reflecting the combination of the crash

and the terrorist attackson September 11, 2001.

3. Validation with Siamese twins

3.1 The Siamese twins

Theexistinginvestor sentiment literature rarely provides/ externalvalidation test for its

proxies In this paper wattempt todo somewhat bettebecause an experiment exists in the
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international context that does not exist in the U.S. corigdcifically, we connect our sentiment
indicesto the internationaliolations of the law of one price observed in digted companies.
Duallisted companig, often termed “Siamese twingye literally textbook violations of arbitrage
[see,e.g, Bodie, Kane, and Marcus (2008)

More background will help to motivate this validation exercAdwin pair comprises two
companies which are incorporated in different countries and whose shares trade locally in those
countries but, frequently as a result of a merger, have contractualjddagreperate their business as
one and divide its cash flows sbareholders in a fixed ratidhere are around a dozen such company
pairs as of the time of this writing, binet pair of Royal Dutcltraded mainly in the hited States
and the Netherlandgnhd Shell Transpoftraded mainly in the bited Kingdon) is still the
bestknown example, despite their recent unification.

For Royal DutchShellpair, asdetermined by a 1907 alliance, all cash flows, adjusting for
corporate tax considerations and eohtights, aresplit in the proportion 60:40. Howeves a
documented by Rosenthal and Young (1990), Froot and Dabora (1999), and De Jong, Rosenthal, ar
Van Dijk (2009), the Siamese twiremong the largest and most liquid securities in the wivdde
at prices that differ from the fixed cash flow ratémd ofterby considerable amounts. For example in
our sample period, deviations from parity of more than 50 cents on the-gfsthan -35% to
+17%—are observede Jong Rosenthal, and Van Dijk (2008port that sich deviations are
observed in all Siamese twin paicsa greater or lesselegree

Froot and Daborprovidea comprehensive examination stfuctural reasonshy these price
gapsmayoccur. They consider six explanatiangdepth “discretionary uses of dividend income by
parent companies; differences in parent expenditures; voting rights issues; currency fluctuations;

ex-dividenddate timing issues; and taixduced investor heterogeneity. Only that latter hypothesis

14



can explain sme(but not all) of the facts.Shleifer (2000) further points out that afiwed structural
or differencesn-risk explanatiorwould have trouble explaining howthe deviation from parity
changes sign over tim#&here is no story in which the cash flowsasfe stock are subjected to a
different fundamental risk than the cash flows of the other” (p® 318.and others conclude that the
deviation exists and persists because arbitrageurs fear noise trades. tisf risk that noise trader
sentiment drivethe mispricing to get worse before it gets bettér.

With our putative sentiment measures we are able to examine this explanation more directly.
To the extent that it is borne out in the data, it supports the joint hypothesis that our sentiment indice:
are valid and that the drivers of the Siamese twins' price gaps irdiffielential investosentiment.
Note that lhis joint hypothesiss the principal limitatio of this exercise. It could be true that the twins
discount does not reflect relative sentjdout some otharnidentified economiéorce that is
driving both the discount and our indic@$is resembles thstandardoint hypothesis problem that
arises in tests of market efficiency: to test market efficiency one must take asthednarket’s
model of expected returns (Fama (197B)t in the case of the Siamese twins this argument has
considerablyess force. As Shleifer (2000) points out, given the unique features of the experiment,

“the Famg1970] critique is irrelevant” (p. B).

8Shleiferand Bodie Kane, and Marcu@008) also point out that this as a cleaner demonstration of the violation of the
law of one price than the closetd fund discount, wbh does involve management fees and other structural features.

°Lowenstein (2000) reports that Long Term Capital Management bet $2.3 billion on RoyalSheithlone, illustrating
that it was viewed as a mispricing by sophisticated investors, andriastta5200 million on the trade, illustrating noise
trader risk. See De JonBosenthal, and Van Dij{2009) for a detailed examination of the risks and return oflikiat
company arbitrage.

%1 July 9,2002,Royal Dutch was removed from the S&P 500drdlong with several other ndd.S. firms What was

a Royal Dutch premium became a discount in a matter of days, as index funds and benchmark sensitive investors sold
Royal Dutch over this periodRoyal Dutch dropped by 25% between the announcement argdféctive date. Shell fell

too, as arbitrage maintained relative prices, but only by 17%. Both prices rebounded in the following weeks, but the
deviation in prices did not revert to its previous level. Unilever, operating in a very different secthie bathe pattern

of returns in its twin share$his case study illustrates that the Siamese twin deviations capture index level differences in
nonfundamental demand. While this particlamand shock haabthing to do with countrevel sentiment, it pnes

the point that countrlevel relative demand for broad baskets of stocks would be apparent in Siamese twin deviations.
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In summaryaftermore thar20years of researabn the Siamese twinge could find no
paper thafinds or even assertge existence of such a hidden explanatidrose who do advance
specificexplanations generallsserthat noise trader risk ishvatallows the deviation to exist and
persist As suchthe validation test would seem informative thevery least,it providesa better test

than any yet presented in the sentiment literature.

3.2 Data and results

We obtain the relative prices S8famese twin pairs from 1981 through 2002 from Mathias
Van Dijk (http://mathijsavandijk.com/dudisted-companies). Three pairs of twins have both
companies in our sample markets and provide 51 annual observations. They all involnigettie U
Statesand Lhited Kingdom Fig. 1 indicates that our sentiment measures in these countries are highly
correlatedwhich reduces the power of the test and thus the ability to document a connection with the
Siamese twins!

The sentiment indices include both changestoirmdike components, such as fiday
returns on IPOs and perhaps detrended turnover, and level components, like the volatility premium.
We therefore compare them to both changes in and levels of twin relative prices. We use annual
observations on the geend log price ratio, scaled such that a valueeafrepresents theoretical
parity, and compare the changes and levels tprinailingdifference between |3. sentimenand

U.K. sentiment. The specifications are:

A" v boal V(TR = T ) P g Dy (8)

YRoyal Dutch (U.S.) and Shell Transport (U.K.) from 1981 through 2002; Smithkline Beecham H shares (U.S.) and
Smithkline Beecham Bhares (U.K.) from 1990 through 1996; and Unilever NV (U.S.) and Unilever PLC (U.K.) from
1981 through 2002.
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and

T A A R G A P R S I L YW (9)

wherei denotes one of the three twin palfée use the asterisk superscript hseawe test both total
and local sentiment indexeaale control for the lagged relative price level because it is empirically
quite persistent; because the sentiment indices are not measured without error; and because both
sentiment indices have been staddaed, removing any differences in means or scales. The change
in the deviation is not very persistent, so its inclusion in the first specification is not material.

Table 4dindicates that theelative level of investor sentimehas a significant relatiohg to
the relative leveand changesf twins' prices. Given the sample samd low power of this testhe
magnitude of the coefficient surprisinglystatistically significant andconomicallyimportant.The
standard deviation of the change of thepoige ratio is 9.38%, while the standard deviation of the
total sentiment gap is 0.992, so a-@t@ndard deviation change in the latter is associated with a
change in the log price ratio swift ofil"# 1119921 1lII"#  or approximatehhalf of a standard
deviation.Note that we report tweided pvalues, based on clustered standard errors, by convention,
although our hypothesis is osaled.We has also conducted Stambaugh (1986) corrections and
added control variables with little statisticat economic change in the results.

The resultprovidesome extrasupportthata sentiment interpretation of our indiciss
reasonableTo repeatywe aknowledge thahis interpretation is conditional dhis testhaving largely
resolved the joint hypbesisproblem If, as Shleifer (2000) and others argimat is the case, then i
addition to supporting the indices, the results plewide further evidencthatthey are right that
noise tradesentimenidriven mispricinghelps to explainvhy the Siamsge twins deviatso farfrom
parity. With a joint hypothesis, is all or nothing.We conclude that the exercise does, at a minimum,

provide amore compellingzalidation test for a sentiment index than any in the literature.

17



4. Sentiment and marketlevel returns

4.1 Prior evdence, hypotheses, anthrketlevel data

Baker and Wurgler (200@rovide amanecdotahistory ofinvestor sentimerih the United
Statessince the early 19603 heynotetheeledronics boonin the early 196Qghe growth stocks
boomin the late 196Qghe Nifty Fifty preference of the early 1970s, various induspgcific
bubbles through the late 1970s throuiggn inid1980s, and the Internet bubbi&e shall not attempt
to catalog othefasserted$tock market bubbles and sentimdnven variation foreach of our
nonU.S. markets, although this is a worthy task.

The empirical literature has employed sentirtgpe measures as contrarian mailkeel
return predictors only sporadically and mainlyhe U.S. context. Kothari and Shanken (1997)
discuss the predictability of the aggregate btmhnarket ratio for annual U.S. market returns. They
propose a sentimeiype explanation based on evidence of predictably negative riskuysmemi
which is incosistent with market efficiency since rational risk phems must be positive. Baker and
Wurgler (2000) adopt this approach using the equity share in total equity and debt issues and find
results consistent with Kothari and Shankisey, too,find periodsof predictably negative market
returns Henderson, Jegadeesh, and Weisbach (2006) extend this evidence to financing patterns
international markets. Baker and Wurgler (2007) find some evidence that an index similar to that
estimated here predicts marketel U.S. returnsywhile Brown and Cliff (2004) do not find evidence
of predictability.

The general impression from the tirseries predictability literature, not just that involving

sentiment, is that there are few if any variables that strongly rejectlihaf no predictability Our
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panel of six countries has more powereject the null of no market return predictability than returns
from the Lhited Statesllone(Ang and Bekaert (20QY, although due to crosorrelation this
amounts to fewer than simdependent observations per period.

Motivated bythe prior sentiment literature using U.S. date,hypothesize that our sentiment
indices are contrarian predictors of international irlgeel returnsAs in the crossectional
literature that derives predictability implications from cresstional limits to arbitrage, contrarian
predictabilityat the market levadan arise from at least two mechanis@seis thatarbitrageurs are
essentially sidelineth extreme periodby noise trader risk (De Lon&hleifer, Summers, and
Waldmann(199@a), Shleifer and Vishny (199A}the variability of investor sentimertand prices
correct whemoise tradersbown beliefscorrect,perhapgecausehe noise traderareconfrontedby
realizations of economic fundamentals

A secondmechanism behind predictability that noise traders’ beliedsd hence mispricing
stabilize at an extreme levglerhaps because they are fully invest&dyhicharbitrageurs find the
expeced returns so great that they outweigh the noise tradeihsly, too, wait for the facts to
materialize, and as this happens in the expected direetfooh it does on average if the arbitrageurs
are correctthey are willing tdbecome more and moreawly invested, pushing the aggregate
demand curveral restoring fundamental value.

It is not easy to distinguish between these mechanisms, and we do not attempt to do so here.
Earlier we showed that our total sentiment series exhibited mean reversidheolkierizon of one or
two years. This is consistent with an explanation for predictability invohaugrsionn noise trader
beliefs. Regarding the reason for this change, Baker and Wurgler (2006), where sentiment indices

predict the timeseries of the&rosssection of earnings announcement retarhggh sentiment
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forecasts lower earnings announcement returns on hard to value and hard to arbitrade Stosks.
is consistent with an informatidmased mechanism, butcidnnotdetermine the extent to whithis
information is changing noise trader beliefs or confirming to arbitrageurth#hacan be more
aggressive.

We collect monthly market return data from Datastream, which cover the stocks from the
largest exchange each country except in thenited States For the Uited Statest covers the
union of the NYSE, Aex and NasdadlVe gather both valuereighted and equaleighted indices;
the difference in predictive effects between these will foreshadow the results in tisetieseof the

crosssectbn to come later.

4.2 Predicting market returns

We pool monthly returns from 19&a 2006 for our countries and regress the monttdyket
returnsfor countryc in yeart its beginningof-yearinvestor sentiment index valijee. the value
prevailing & of the end of thprevious yegrwhich we shall cafi-1 in an abuse of monthly and

yearly notatio

T R I e B (10)
and
Ryg pn U 11 1"$ TR0 1 1w T 41, (11)

Because of the cros®rrelation in returns, our significance tests use mohtstered standard errors.

Table Sindicatesthat total investor sentiment serves as a statistically significant contrarian

'Ane do not attempt this test here because of the low quality of international earnings announcement dates data.
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predictor of market returrecross these six markéfsThe economic significance of the effect is
nontrivial. All sentiment indices are standardized, so asiandaredeviation increase in a country's
total investor sentient index is associated with JBrcentage points per ye@®(asis points per
month lower valueweighted market retas and 4.3 percentage points [&&is points per month)
lower equalweighted returns. The stronger equaighted results presumably reflect smaller stocks
being harder to value (due to spottier information and lessitcgmospects) and to arbitrage (due to
generally greater costs and risks). This logic is developed a bit further in the next section, which
focuses solely on crosctional tests.

Interestingly, the countrievel results are mainly driven by global ser@nt. A
onestandaredeviation increase ithe globalsentiment index is associated wifh percentage points
per year 45 basis points per month) lower valueighted market retas ands.6 percentage points
(47 basis points per month) lower equetightedmarketreturns This conclusion also does not
depend on including therited Statesn the sample, and it raises the important issue of -@asstry
sentiment contagion. We consider this below. For now, Tabdpresents new evidence that
sentiment affects markets around the world, not just in thieetl Statesvhere it has been most
extensively studied.

We performed but do not report a number of additional robustness tests for the results in
Table 5that wereprompted by referee suggestioN®ne of the following had major effect on these
results: &cluding Germany, for which ware missing a few years séntiment datecontrollingfor
thelaggeddividend yield[see, e.g.Shiller (1984), Campbell and Shdi (1988, Fama and French
(1988), and othefsand the shofterm interest rate (Fama and Schwert (197%¢luding turnover

from the sentiment proxy set; excluding the idiosyncratic volatility prenfiam theproxy set

30Once again, we report twsidedp-values per convention, though the sign of all theoretical predictions in the paper is
unambiguous and thus the statistical hypotheses are in fasidet:

21



using a total volatility premiumather than an idiosyncratic volatility premium; using an idiosyncratic
volatility premium where idiosyncratic volatility is firstthogonalized to firm age, to control for a
Pastor and Veronesi (2003) effect in which valuations depend on uncertaintyfiamoprofitability

that changes over time.

Finally, in unreported results we tested whether the-U.K. Siamese twin premium predicts
relative market returns on those two markets, consistent with the presumption of our validation
approach that it rédcts sentiment. We find thatome standard deviation higher deviation from twin
parity predicts a7.2% relative equalveighted market return (Newag/est twosided pvalue of
0.07) and a4.0% relative valuaveighted return (NeweWest twasided pvalueof 0.12) in the
coming year. The economic magnitude is nontrivial and the statistical significance is not

unimpressive given the 2g&ar sample period and single time series.

5. Sentiment and crosssection of returns

5.1 Prior evidencehypothesesgnd firmlevel data

Theliterature on predicting the time series of the cross section of expected stook i®tur
fairly small and uses only U.S. data, often with a focus on investor sentBnewn and Cliff
(2004) andLemmon and Portniaguina (200@jd most extensively Baker and Wurgler (2006)
investigate the ability of sentiment to explain the time series of the cross sBetiam. and Cliff
(2004)find little connectiorusing their sentiment measurasdLemmon and Portniagui@006)
find strorger evidence of sentiment as a contrarian predictor of small stocks and low institutional
ownership stocks but not value or momentum portfolias.aQd Welch (2007also use sentiment to

predict small stock®Also, from a norsentiment perspective, Ghoahd Constatinides (2011)
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develop a predictor based on economic regimes.

Baker and Wurgler (2006) find robust predictability of the time series of the ®eosen
using a U.S. index similar to that used here. Their stronger results may indicaiaforonative
sentiment proxies and/or sharper cresstional predictions. In particular, they observe that sentiment
should have relatively stronger effects on stocks that are hard to arbitragge that arbitrageurs
find relatively costly or risky to tde against mispricings. For a recent survey of the theoretical
literatureon limits to arbitragesee Gromb and Vayanos (2010); a large empirical literature
documents crossectional variation in frictions such as sheetling costs, transaction costs and
asymmetric information, arbitrage risk, and netisaler risk. These frictions lead certain stocks'
aggregate demand curves to be more downward sloping and thus their prices move sensiti
sentimentdriven demand shifts. Second and perhaps more ridakér and Wurglef2006)observe
that sentiment should have relatively stronger effects on stocks that are hard or highly subjective to
value properly. Both extremely high or low valuations on such stocks can be plausibly defended by
sentimental investorss befits their current sentiment.

The basic empirical prediction of all this is that sentiment may serve as a contradiatopre
of “high sentiment betaportfolios.Again, as discussed above, contrarian predictability can arise
from corrections in nae traders’ own beliefs, consistent with the negative autocorrelations of
changes in the sentiment indicesgventual pressure from arbitrageurs, who become more
aggressive as earnings realizations confirm mispri@ager and Wurgler (2006ind thatsentiment
indices predict the timseries of the crossection ofU.S.earnings announcement retyrosnsistent
with an informatioAbased mechanism

Conveniently, several key stock portfolios are classifiable as either relatively easy to arbitrage

and easyo value or as relatively hard to arbitrage and hard to value, making this prediction
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straightforward to test. Examples of stock portfolios with high sentiment beta characteristics are
small, high volatility, nordividend paying, unprofitable, distressed extreme growth portfolios;
their complement portfolios are lower, perhaps even negative sentiment beta.

An interesting subtlety is how to capture growth and distress characteristics using value or
sales growth portfolios. Baker and Wurgler (2006) timat the effects of sentiment on these
portfolios are roughly tshaped. Very high boeto-market or very low (negative) sales growth can
be associated with distress; very low bdokmarket can be associated with extreme growth, as is
very high sales groth. In other words, when sorting stocks along value or sales growth dimensions,
high sentiment beta stocks commonly reside in the extreme high and low deciles where staid, low
sentiment beta stocks are typically found in the middle. We account for-ghiagé in our testS.

Our crosssectional portfolios are formed based on four firm or stock characteristics that are
easy to gather for each market: firm size, total risk, Hoakarketequityratio, and sales growth.
Returns and market capitalization ameni Datastream. Boodquity values(item WC05476¢ and
annual saleitem WC05508 are from WorldscopeNe exclude observations with negative book
equity. Total risk is the volatility of monthly total returns over the prior year. Decile breakpoints vary

by countryyear.Returns are equaveighted within each decile portfolio.

5.2 Predicting the time series of the cressction

Simple tweway sorts are presented in Table 6. We sort stocks across years according to

whether the level of their total sentiment index is positive or negative. The basic predictions are born

““Notably, momentum doewmtfall clearly in either set.

*Not accounting for this nonmonotonicity sentiment beta may explain why some prior research found no clear
connection between sentiment and value portfolios.
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out. The top wlatility decile stocks earn3# basis points pemonth lower returns when the year
starts in a higksentiment state, consistent with a correction of sentiaheven overpricing. This
return difference cumulates t® 1l percentage points over the year. Hightement periods also
portendone hundredbasis points per month lower returns on the smallest capitalization portfolio,
another large effect. As hypothesized, the effect of sentiment is much smaller on low volatility stocks
or large stocks, their being relatively easy to arbitrage and value.

As merioned above, we predict a somewhastaped effect of sentiment on betokmarket
and sales growth portfolios. This is borne out to a greater extent in the sales growth than the
bookto-market portfolios. In the sales growth politie, the bottom decilearns69 less basis points
per month coming out of high sentiment peg, and the top decile eart37 basis points less,
whereas the differences in the middle dedilésand 18 basis points in portfolifige andsix) are
typically smaller. Cumulated ev the year, the differences between the extreme and middle deciles
are meaningful, though not as strong as the volatility and capitalization results. In unreported results,
we exclude the bited Statesnd the results are similar.

Next we move to time sieis regressions to predict losbort portfoliosThis providesa
simpler setting in which to conduct hypothesis tests and also allows us to look at the separate effect:
of global and local sentiment. The basic regression models are:
S N TR B B A I S S (12)
and
Riieasun ! Viprniesigy DD HS LGPl rgg 1801 1, (13)
Again the significance tests incorporate meciisterel standard errors.

The total sentiment column in Table 7 is highly consistent with the results from the sorts. In

five out of six hypothesis tests, the effect of total sentiment is statistically significant with the
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expected sign. The remaining lesgortportfolio, which sorts on distress by using high value against
medium value, is of the expected negative sign. The economic significance of the effects implied her
is naturally similar to that from the sorts, with the effects for the volatility portfalj@én being
largest. Sorting on volatility leads to particularly clear contrasts on both arbitrage risk and valuation
ambiguity dimensions. Excluding thenlted State$eads to similar results.

The influence of local sentiment is much more prominenterctbsssection. With the
exception of the volatility portfolios, where global sentiment remains three times as important as loca
sentiment, local and global sentiment are roughly equally important. Also, local sentiment tends to be
more statistically sigificant in specifications where global sentiment is not, at least in part because it
includes crossectional variation.

The greater effect of local sentiment on the cgesgional results is intuitivé&lobal
investors have less information on indivilnampanies and face higher transaction costs. Many
globalinvestors are simply looking for diversification, and this is available at lowest cost through a
markettracking investment such as an index fund xetangeTraded FundMore in a sentiment
vein,local investors are more likely to act on rumors or develop unusual beliefs about specific local
stocks They also have a comparative trading cost advantage. All this, and given the very strong hom
bias (French and Poterba (19918xds to theredicion that local sentiment wilhave greater effects
in the local crossection.

We conductedbut do not repontarious robustness exercises for the results in Tables 6 and 7.
We find that controlling for the FanandFrench (1993) factors tends to attenusgistical
significance but the qualitative results are similara sense, this is not really a robustness test,
because@me attenuation igredictedunder our hypotheses: for example, controllingsioall and

medium enterprises (SMBs) market retun minus riskfree return Rm-Rf) amounts to contrahg
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for effects that we predieind document in Tables 5 andand reduces the variation in sentiment that
is orthogonal to the independent variables.alée repeat exercises that we performeidvesigate
therobustness of the markksvel preditability patterns: excluding Germany; excluding turnover from
the sentiment proxy set; excluding the idiosyncratic volatility premium from the proxy set; using a
total volatility premium rather than an idiosyatic volatility premium; using an idiosyncratic

volatility premium where idiosyncratic volatility is first orthogonalized to firm age. None of these

variants made aoteworthydifference to the results.

6. Sentiment contagion

Our results suggest thadth global and local sentiment affect stock prices. When global and
local sentiment are high, future local stock returns are low, and particularly so for stocks predicted to
have high sentiment betas. The local sentiment effects extend the evidencesftdmteti Statesn
sentiment and the cross section of stock returns. The effect of global sentiment suggests a more nov
mechanism: sentiment may be contagious.

There are two sources of contagion. One possibility is that investors in one country are
optimistic (for example) about investment prospects in another and bid up the shares of that particule
country. Using our measures, this will be captured by local sentiment. Local sentiment rises with the
local volatility premium, the local number of IPOs, theal first day return on IPOs, and the local
rate of share turnover. These are local measures, but they reflect capital market activity, which in
principle can come from foreign as well as local investors. The evidence in Kfipbamont, and
Wizman(1998) and Hwang2Q11), who examine the pricing of closetd funds, are suggestive of

this channel.
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Another possibility is that investors in one counsgy, e.g.,the United Statesare simply
optimistic and this leads to a shift into risky assets more broadly, including international equities.
United Statesentiment will then affect prices in another target country, above and beyond local
sentiment, provided that our measure ofl@entiment is not absolutely complete, as it surely is not,
and provided that there is a robust flow of private capital from thieetd Statesnto the target.

To be specific, what we care about is the rotriplflow of capital, both from the klted
Staesto another country in our sample and back to thiedd StatesCountries with high absolute
flows, we hypothesize, will be subject to sentiment propagation. High U.S. sentiment will predict
negative future returns to a greater extent if capital fioars the Lhited Statesire high. Low U.S.
sentiment will predict positive future returns to a greater extent if capital flows back toited U
Statesare high. This pattern suggests using the interaction of the absolute value of flows with
sentiment to gedict future returns.

We test this hypothesis in Tal8eWe regress future returns of leagort portfolios formed
on size, volatility, growth, and distress in the five countries excluti@gnited Statesn lagged
sentiment in the local country, astxe. But we now include U.S. sentimgahd more interestingly
U.S. sentiment interacted with capital flows from theted Stateso each of the five other countries.
Ripiivmen ! Vxprvw on U1+ 1HS TSP S LR 1 LI wy !

LIRS T L % we G 1! L (14)

The data on capital flows come frdhe Treasury Bulletin and are normalized by the market
value of the foreign stock market. In every cadere the effect of sentiment of the local country is
statistically significant, there is also a strong and conditional effect of U.S. sentiment. Provided the

capital flows between thenited Stategand Canada, to take an example, are high in absolute, valu
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then U.S. sentiment has the same effect on hard to aatut arbitrage Canadian stocks as
Canadian sentiment. The results are consistent with private capital flows being a mechanism that
spreads sentiment across markets.

There are, of course, otheeohanisms to spread sentiment. One is social influéecevord
of mouth sharing of positive investment experiences. Shiller (1984) discusses this mechanism, and
Hirshleifer 009) models how the bias toward sharing positive information leads to dael syr
investing particularly in volatile, hard to value stocks. Kaustia angbten 2011 show that high
stock returns of local peers in Finland encourage additional stock market participation. Hong, Kubik,
and Stein 20049 find that mutual fund managersthe same city exhibit common tradipgtterns
Brown, Ivkovic, Smith and Weisbenner (2008)d that stock market participation depends on that of
neighbors. Strictly speaking, this evidence perttorthe spread of sentiment withirgaographic
area The effects tail off with the distance between actors.

Technology and magsedia can reduce the effects of distance and represents another distinct
mechanism by which sentiment can spread, potentially across borders, in the absence of direct
investment. Biller (1984)discusses this as well. Tetlock (2007) shows a causal effect of business
news on stock returns, for instance, and Antweiler and Frank (2004) try to connect them to the

conversations of Internet chat rooms.

7. Conclusion

We summarize by reviewing timeain contributions of thgaper. The first is to construct

practical indices of investor sentiment for six major stock markets and global markets as;a whole

prior literature and available sentiment indices focus on the UStedds Specifically, we construct
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sentiment indices for Canada, France, Germany, Japan, the United Kingdom, and the United States,
and from these total sentiment indices we extract one global and six local, or paific,
indices.Secondweconnetthese indiceso Siamese twins share prices, providing a degree of

external validation that the existing sentiment literature does not.

Thethird andfourth contributions of the paper aredocumenthatinvestor sentiment affects
the time series of ternational markefevel returns as well as the time series of the esesfion of
international stock returns. We find that global sentiment is a statistically and economically
significant contrarian predictor of market returns. Both global and locgb@oemts of sentiment
help to predict the time series of the cresstion; namely, they predict the returns on high
sentimentbeta portfolios such as those including high volatility stocks or stocks of small, distressed,
and growth companieQur paper apgars to behe first to study the international time series of the
crosssection of stock returns, and the results indicate that the U.S. results of Baker and Wurgler
(2006) extend to the international contedt.of these results ardirectionallyconsigent with
theoretical predictions.

Ourfifth contribution is to investigate how global sentiment emerges and propagates. We find
evidence that it emerges at least in part because sentiment is contagious across markets, and at lea
one of the mechanisms @lay is international capital flows. Ours is a simple investigation of the
contagion question; there is considerable scope for further resganthestor sentiment within and

across international marlset
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Figure 1: Total Investor Sentiment, 1980 to 2005
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Total investor sentiment, SENTCTOta', is the first principal component of four time series
proxies for sentiment for the given country. The first proxy (PV OL) is the log ratio of
the equal-weighted average market-to-book ratios of stocks with high idiosyncratic volatil-
ity (top three deciles) and stocks with low idiosyncratic volatility (bottom three deciles).
The second proxy NIPO) is the log humber of initial public o'erings over the year. The
third proxy ( RIPO) is the average first-day returns of initial public olerings in the year.
The fourth proxy (TURN) is detrended log turnover over the year. Prior to forming the
first principal component, the proxies are orthogonalized with the respect to consumption
growth, industry production growth, employment growth, the short-term interest rate, in-

flation, and the term premium.
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Figure 2: Global and Local Investor Sentiment, 1980 to 2005
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Global sentiment (SENT &lebal) js the first principal component of the total sentiment
indices (SENT Z°%!) in the six countries. Local sentiment (SENT f°¢?) is the residual
from the regression:SENT 9 = p, SENT &lobal + SENT Focel| for each country.
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Table 4: Time Series Regressions for Siamese Twins

Panel A Deviation Change
I dey; = a+ B(SENT(g,! SENT},)+ c! dey 1+ uj

N Constant SENTdiff ! dey-, R?
" 10
Total Sentiment 48 0.01 4.43 -0.21 36%
[.36] [.00] [.17]
Local Sentiment 48 0.01 2.42 -0.11 29%
[.54] [.00] [.44]

Panel B Deviation Level
devy = a+ B(SENT/)s, ! SENT(,)+ cdey; 1+ uj

N Constant SENTdiff dev 1 R?
" 10
Total Sentiment 51 0.01 2.40 0.82 74%
[.35] [.02] [.00]
Local Sentiment 51 0.01 1.29 0.81 72%
[.40] [.09] [.00]

The dependent variable is the change or level of the annual log deviation of the relative
price of three pairs of Siamese twins trading in the U.S. and the U.K. between 1981 and
2002. The independent variables are the di"erence between total (or local) sentiment.
Clustered p—values are in braces.
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Table 5: Time Series Regressions for Country-Level Index Returns, 1981 to 2006

SENT/ 5@ SENTF'9  SENTLH
d pd R? e p(e) f pf) R
Panel A. Including U.S.

VW -0.29 [.08] 0.3%| -0.45 [.05] 0.03 [.68] 0.7%
EW -0.36 [.04] 0.49% -0.47 [.05] -0.07 [.48] 0.8%
Panel B. Excluding U.S.

VW -0.27 [.10] 0.2%) -0.44 [.06] 0.01 [.91] 0.6%
EW -0.33 [.05] 0.4% -0.45 [.05] -0.06 [.57] 0.7%

RwkTer = a+ dSENT/Y + ugy (1)
RMKT ci = b+ eSENTP + fSENT 2% + ug; (2)

Regressions of monthly country-level value- and equal-weighted index returns on pre-
vious yearendSENT/ @ (in equation (1)), or on previous yearendSENT ¢°*@ and
previous yearendSENTL% (in equation (2)). In Panel A, the sample includes
monthly country-level index returns from 1981 to 2006 in six countries. In Panel B,
the sample excludes U.S. data. The first column shows the results from equation
(1), and the second and third columns show the results from equation (2). Clustered
p—values are in braces.

45



"S3IUN0I XIS 8Y1 Ul 900Z 01 T8ET WOl suinal oljojuiod |aAs|-Anunod Ajyiuow sapnjoul ajdwes ayl ‘sabelane owm

3yl Usama( a2ualadjlp ayl pue ‘uelpaw Anunod-ulylim ueyl Jamo| ‘ueipaw Anunod-ulylim uey Jaybiy si pua JeaA snoinaid
8l wWod) (e LN FHIBWNUSS [€10) 8I8YM SUuoWw JaAo suinial oljojiiod pajybiam-renbs 1odas sp (S9O) ymoub ssfes
pue ‘(3N/3Q) onel 19xew-01-400d ‘(JIN) 9zis wul ‘(Pysu [e10} 8y o} Buipiodde soljojiod Us) W0} am ‘yiuow yoes 104

/G0 G66'0- 8€0-L0T- 69°0- €E€0- 0€0- 8T0- <ZT0- 9T0- vEO- 9€0- 690- d3uUsIvjld

¥0°'0- <290 8G°0€0¢c LLT T9T €9T 08T T1T¥rT LET 6T €ET GYvT MOT

€60 €€0- 020.6/0 6TT 82T €€T 2€T O0€T TZT GSOT 960 220 UYbBH SO
T90 92¢°'0- G€'0890- €€0- 620 E€¥O- vvO- 20 €EVO- 8390~ 990- €60- 9dduUalsild

05'0- ¢L0 ¢c080¢c 0971 8yT TST 6T LET EVT PPT €GT 98T MO

TT0 9¥0 /G0 06T /2T S8TT 80T GOT ¥OT 00T 980 880 €60 UbBH 3IN/34d
G0 T¥O 9.0 ¥40- ¥2'0- ¢€0- 9€0- <90~ S90- 890~ 690 <¢.0- 00T- 3ddualsild

LET- 92°0- VvI9T-6T[T STT 61T 02T €T 9F'T <¢9T 69T 90¢ €8¢ MO

€0'T- 9T0 88'0-G60 T60 /80 #¥80 180 T80 ¥80 TOT +ET €8T UbBH 3N
6¢c0- vO'T- <¢E€T-¥§T- LT'T- T180- 090- vv'0- 0€0- vI'0- €00- €00 TOO- 9dualsild

8G'0 ¢S50 60T L6[T 98T 69T /L9T 69T ST €€T 9T'T V0T /L8O MOT

620 ¢S0- €20-€90 690 680 LOT STT ¥IU'T 8TT €U'T LOT 980 UBIH 0
TiS G i0T T iOTPT 6 8 . 9 S b € Z T
Ire19n0 3|19 o LLN S

900Z 01 T86T ‘sonsuaioeseyd W4 pue JUswWnuas [e1ol :S.0S Aem-om] :9 ajgel

46



Table 7: Time Series Regressions for Cross-Sectional Returns, 1981 to 2006

SENT Tgtql SENT Fipbal  SENT LFpeqt
d pd R*] e pe) f pf) R?
Panel A. Size and Risk

! High-Low -0.73 [00] 1.8% | -0.82 [00] -0.27 [.08] 2.4%

ME SMB -0.24 [.05] 0.2% | -0.21 [.04] -0.17 [.30] 0.3%
Panel B. Growth Opportunities

BE/ME  Low-Medium -0.32 [.00] 0.9% -0.23 [.03] -0.20 [.00] 0.8%

GS High-Medium -0.40 [.00] 1.7% | -0.29 [.03] -0.25 [.03] 1.5%

Panel C. Distress
BE/ME  High-Medium -0.03 [.80] 0.0% -0.09 [52] 0.03 [64] 0.1%
GS Low-Medium -0.20 [.03] 0.5% | -0.13 [15] -0.15 [.09] 0.5%
Panel D. Size and Risk, excluding U.S.
! High-Low -0.65 [.00] 15% | -0.76 [.00] -0.25 [12] 2.3%
ME SMB -0.22 [.04] 0.2% | -0.23 [.05] -0.12 [52] 0.3%
Panel E. Growth Opportunities, excluding U.S.

BE/ME  Low-Medium -0.28 [.00] 0.7% -0.16  [13] -0.23 [.00] O0.7%
GS High-Medium -0.37 [.01] 15% | -0.22 [17] -0.28 [.01] 1.4%
Panel F. Distress, excluding U.S.

BE/ME High-Medium  0.01 [.89] 0.0% -0.07 [58] 0.07 [24] 0.1%
GS Low-Medium -0.17 [05] 05% | -0.08 [35] -0.16 [.04] 0.5%

a+ dSENT Zg14 + u., @
b+ eSENT F9bal + fSENT L4l + uc,e ®)

RXi[ =long,c,t ! RXi[ = short,c,t

RXi! =long,c,t ! RXi! = short,c,t

Regressions of long-short equal-weighted portfolio returns on previous yearend SENT 7°tal (in equation (1)), or on
previous yearend SENT Global and previous yearend SENT Local (in equation (2)). The first column shows the results
from equation (1), and the second and third columns show the results from equation (2). The sample includes monthly
country-level portfolio returns from 1981 to 2006 in the six countries. The long-short portfolios are formed based on
firm characteristics (X): firm size (ME), total risk (  !), book-to-market ratio (BE/ME), and sale growth (GS). High
includes the top two deciles; low includes the bottom two deciles; medium includes the middle two deciles. Clustered

p—values are in braces.
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Table 8: Time Series Regressions for Sentiment Contagion, 1981 to 2006

Constant SENT [0 SENT & | |Flowys ¢t 1| SENT Q@ 1 R?

[Flowys» ¢t 1l

Panel A. Size and Risk

! High-Low -0.38 -0.41 -0.07 0.60 -0.45 3.6%
[.31] [.03] [.86] [.01] [.02]

ME SMB 0.23 -0.20 0.24 0.58 -0.40 1.6%
[.37] [.30] [-24] [.01] [.01]

Panel B. Growth Opportunity

BE/ME Low-Medium 0.01 -0.30 0.29 0.11 -0.18 0.8%
[.95] [.01] [.07] [-34] [[12]

GS High-Medium 0.25 -0.29 0.11 -0.01 -0.13 1.5%
[-29] [.07] [-49] [.81] [.09]

Panel C. Distress

BE/ME High-Medium 0.11 0.05 -0.20 0.17 0.03 0.6%
[.52] [.62] [.32] [.08] [.76]

GS Low-Medium -0.21 -0.14 0.29 -0.02 -0.19 0.9%
[.11] [[11] [.01] [.80] [.00]
Rx it =long,c,t " Rx it =shortct = a—+ bSENTJtO!tall + CSENTJS}{’"; 1+ d|Flowys ct! 1

+eSENT (2@ | 1] Flowys» c¢1 1] + Ut

The dependent variable is the long-short equal-weighted portfolio return from five countries: Canada, France, Ger-
many, Japan, and the UK. |Flowys" ¢t 1] is the absolute value of the normalized capital flow between U.S. and
the other five countries. It is normalized by the market value of the foreign stock market. The long-short portfolios
are formed based on firm characteristics (X): firm size (ME), total risk (! ), book-to-market ratio (BE/ME), and sale
growth (GS). High includes the top two deciles; low includes the bottom two deciles; medium includes the middle two

deciles. Clustered p—values are in braces.
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