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Abstract

We askwhetherstockreturnsin France Germairy, JapantheUK andtheUS arepredictable
by threeinstrumentsthedividendyield, theearningg/ield andtheshortrate. The predictability
regressions suggestedby a presentvalue modelwith earningsgrowth, payoutratiosandthe
shortrateasstatevariables.We find the shortrateto be the only robust short-runpredictorof
excessreturns,andfind little evidenceof excessreturnpredictability by earningsor dividend
yields acrossall countries.Thereis no evidenceof long-horizonreturnpredictabilityoncewe
accountfor finite sampleinfluence.Cross-countrypredictabilityis strongerthanpredictability
usinglocal instruments.Finally, dividendandearningsyields predictfuture cashflav growth
ratesbothin the US andin othercountries.



1 Intr oduction

A largebodyof empiricalwork hasaccumulatediocumentingexcessstockreturnpredictability
Amongthe mostpopularpredictorsarethe nominalinterestrate andthe dividendyield.! The
dividendyield appeargo be the mostpopularstockreturnpredictorusedin appliedwork, but
recentlyLamont(1998)amguesthatthe earningsyield, hasindependentorecastingoower for
excessstockreturnsin additionto thedividendyield.

Thedebateon whatdrivesthe predictabilitycontinueslt mayreflectirrationalinvestorbe-
havior and hencebe exploitablein trading strategjies (Cutler, Poterbaand Summerg1989));
it may reflect time-varying risk premiums(Kandel and Stambaugh(1990)), Campbelland
Cochrang(1999), and Bekaertand Grenadier(2000)); or it may simply not be presentn the
data. This last possibility gainscredibility consideringthe long list of authorscriticizing the
statisticalmethodologiesn the predictabilityliterature. The coeficientson the predictorvari-
ablesarebiasedsincethesevariablesaretypically persistentendogenousegressorgorrelated
with returnsinnovations(Stambaugt{1999)). The standardocuson long-horizonregressions
is problematicfrom a numberof different perspecties. The distributions of the R? (Kirby
(1997))andthe t-statisticson the coeficients, (Richardsorand Stock (1989), Richardsorand
Smith(1991)andHodrick (1992))in long-horizonregressionsreseverely shiftedto theright,
leadingto over-rejectionof theno-predictabilitynull. Researchersftenforgetto properlyinter-
pretvarioustestsover differenthorizonsby providing joint tests(Richardson(1993)). Finally,
the possibility of decade®f datamining cloudsany inferenceregardingpredictabilityfor US
stockreturns(Lo andMacKinlay (1990)andFoster SmithandWhaley (1997)).

In this paper we re-examinethe casefor the predictabilityof shortandlong-horizonstock
returns. We startby proposinga simple price earningsmodel, in which the variationin the
price-earningsatio andexpectedeturnson equitiesis drivenby threestochastistatevariables,
the payoutratio, earningsgrownth and the shortrate. In this model, the earningsyield, the
dividendyield andtheshortratejointly captureary potentialpredictability motivatingasimple
multivariateregressiorof excessstockreturnsover varioushorizonsonthesethreevariablesas
the main predictabilityregression.Whencertainparameterestrictionsaremet, the modelhas
aconstanexpectedexcesseturnvariant,in which the expectedgrossreturnon equityequalsa

1 For predictability of excessstockreturnsby the nominalinterestrate see,amongothers,Famaand Schwert
(1977),Campbell(1987), Breen,Glostenand Jagannathafi1989), Shiller and Beltratti (1992), Lee (1992) and
Glosten,Jagannathaand Runkle (1993). Amongthoseexaminingthe predictive power of the dividendyield on
excessstockreturnsareFamaandFrench(1988),CampbellandShiller (1988aandb), Ferson(1989),Goetzmann
andJorion(1993,1995),Hodrick (1992),Stambaugt{1999),Goyal andWelch (1999)andValkanos (2001).



constanmultiple of the shortrate.

Giventhe considerablestatisticalchallengesn establishingpredictability we precedeour
analysisof the datawith a Monte Carlo analysisunderthe null of no predictabilityusingthe
presentvaluemodel. As GoetzmanrandJorion(1993,1995)point out, Monte Carlo analysis
with standardinearmodelsignoresthefactthatyield variablesnvolve the inverseof price,an
endogenouyvariable,which is also presentin the denominatorof the returnon the left hand
side. They conductbootstrapexercisesthat imposethis constraint,but their bootstrapkeeps
dividendsnon-stochastiat their datalevelsandthereforeignoresthe cointeggrationrelationbe-
tweendividendsandprice levelsthatcharacterizegationalpricing. By simulatingthe constant
expectedreturnvariantof our earningamodel,we accommodatéhis endogeneityonstraintin
anentirelycoherentvay.? Ouranalysisncorporatingearnings/ieldsshavsthatOrdinarylLeast
SquaregOLS) or Hansen-HodricK1980)standarcerrorsleadto severeover-rejectionsof the
null hypothesiof no predictabilityatlong horizons. Thefinite samplepropertiesof the long-
horizonregression-statisticsmprove dramaticallyby removing the moving averagestructure
in theerrortermsinducedby summingreturnsoverlong horizons,assuggestedy Richardson
andSmith(1991),Hodrick (1992)andBoudoukhandRichardsor{1993).For brevity, we refer
to thesealternatve standarcerrorsasHodrick (1992)standarcerrors.

Armed with well-behaed t-statistics,we establishthat the predictability evidencefor US
returnsis surprisinglyweak. In fact, the only variableretainingsignificanceis the shortrate,
andit is only significantat shorthorizons.To mitigatedatasnoopingconcernswe investigate
analogougredictabilityregressiondor four othercountries,France,Germaly, Japamandthe
UK. Interestingly we find that the predictability coeficients are not robust acrosscountries
in sign or magnitude,exceptfor the shortrate effect. Whenwe pool the regressionacross
countriestheshortrateremaingthe only significantpredictorof excessstockreturns.

Finally, we alsoinvestigatea numberof cross-countrypredictabilityregressionsgxamining
whetherary predictorshave predictive power acrosscountries. Unlike Bekaertand Hodrick
(1992)andFersonandHarwvey (1993),we only find evidenceof strongpredictabilitywhenwe
poolacrosscountries With cross-sectionahformationfrom internationadatawe find thatUS
instrumentsare strongpredictorsof foreignequity returns,unlike local instruments.Thelocal
shortrate effect is subsumedy the predictve power of the US shortrate. We also confirm
and extend Bekaertand Hodrick (1992)5s finding that yield variableshave predictve power
for excessreturnsin the foreign exchangemarket. We concludethat the currentpredictability

2 Bollersler andHodrick (1996)provide a detailedVionte Carloanalysisin the context of a presenwvaluemodel
with constantandtime-varying expectedreturnvariantswhich alsoimposesthis constraint,but their solutionto
thepresentwvaluemodelis only approximatelytrue.



debatefocuseson the wrong horizon (long-runinsteadof short-run),the wrong instruments
(yield variablesinsteadof interestrates)andthe wrong setting(US segmentedmarket instead
of aglobally integratedmarlet).

In arationalno-hubblemodel,price-dvidendandprice-earningsatiosreflectthe expected
value (of a non-linearfunction) of future cashflav growth ratesanddiscountrates. Sincethe
variationof price-dvidendor price-earningsatioscan be attributedto the variationof future
cashflav growth, future discountratesor both, our resultshave two possibleinterpretations.
First, it is possiblethatyield variablesdo predictreturnsbut thatlinear regressionshave little
power to detectthis predictability given the noisinessn returns. Second,it is possiblethat
a large fraction of the variationin dividend and earningsyields reflectsthe predictability of
future cashflav growth. Whereagreviousresultsin theliteratureappeatinconsistentvith this
possibility (for example,Cochran€1992)),we find clearevidenceof cashflav predictabilityby
yield instruments.

Theremainderof the paperis organizedasfollows. Section2 setsout the empiricalframe-
work, includingthe presentvalueearningsmodelandthe predictabilityregressions Section3
describeghe econometricestimation,the Monte Carlo analysisand describeghe data. Sec-
tion 4 considerghe predictabilityin US returns,whereasSection5 investigateandcompares
predictabilityin all 5 countries. Section6 investigategeturn predictability acrosscountries.
Section7 investigatesashflav predictability Section8 concludesandoffersaninterpretation
of ourresults.

2 Theoretical and Econometric Framework

2.1 Data Description

Our datasetconsistsof equity total return(price plus dividend)indicesfrom Morgan Stanley
Capital International(MSCI) for the US, Japan,UK, Germaly and France. The short-term
interestrateswe useare 1 month EURO ratesfrom Datastream.The sampleperiodis from
Februaryl975to Decembefl 999for theUS, UK, FranceandGermaily andfrom Januaryl978
to Decemberl999for Japan.MSCI provide dividendandearningsyields which usedividend
andearningssummedover the past12 months. Although this is restrictve, monthly earnings
anddividendlevelsareimpossibleto usebecause¢hey aredominatedoy seasonatomponents,
given that mostfirms have a Decembetfend calendaryear Hence,monthly de-seasonalized
earningsanddividendsareunobserable.

Table (1) reportssummarystatisticsof returnsandinstruments.The historicallog equity



premiumis around7.5%in the Anglo-Saxoncountries6.9%in FranceandGermairy andonly
3.6%in Japan.Excessreturnvolatility is over 18%in all countries,exceptfor the US where
it is only 15%. The highestcorrelationof excessreturnsis betweenGermaty and France at
59.4% andthelowestarebetweenlaparandtheothercountrieswhicharearound35%. Hence,
thereis fairly large cross-sectionalariationin excessreturns. All threeinstruments thelog
dividendyields dy'?, log earningsyield ey'? andshortratesr arehighly persistentWe usethe
superscript? on the dividendand earningsyields to indicatethat theseare constructedising
dividendsandearningssummedup overthelast12 months.

As BekaertandHodrick (1992)discussMSCI reportprice (capitalappreciationjandtotal
returns(including income). The total returnis an estimateconstructedrom annualizedivi-
dends(summedover the previous twelve months). For somecountriesthereis a discrepang
betweerthe MSCI dividendyield dy'? andthe implied annualizeddividendyield constructed
from the price andtotal returnindicesdueto a differentialtax treatmentacrosshetwo series®
We checled our resultsby re-constructinghe total returnusingthe MSCI dividendyield dy!2
with the pricereturnandfoundthemto be unchanged.

In the bottompanelof Table (1) we reportsummarystatisticsfor a muchlongersampleof
US excessreturnsandinstrumentsusinga quarterlyfrequeng from 1935to 1999. The stock
returnsaretotal returns(includingreinvesteddividends)on the S&P Compositdndex obtained
from IbbotsonAssociatesand the dividend and earningsyields are from the SecurityPrice
Index Recod, publishedby Standard& Poor’s StatisticalService. The S&P yields are also
constructedisingdividendsandearningssummedverthe pastyear Theshortratesareyields
on 3 monthT-bills. This dataseis similar to that usedby Lamont(1998), but over a longer
sample.Summarystatisticsare similar to the monthly MSCI dataset,exceptthe meanof the
shortrateis lower (4.1%versus/.7%).

2.2 A Simple PresentValue Model

Modernpredictabilityregressiongonsiderthe predictabilityof excessstockreturnsthereturn
onequityoverandabovethereturnonanominallyrisk-freesecurityof thesameholdingperiod,
whichis known oneperiodin advance.Sincethereis substantiatime-variationin interestrates,
andit is likely thatexpectedstockreturnsvary with theinterestrate,the hypothesisf interest
is the constanyg of the conditionalequity premium,notthe constang of expectedstockreturns.

3 For adiscussioron how taxesaretreatedseeMSCI Methodologyandindex Policy, 1999. The MSCI dividend
yield dy'? seriesandtheimplied annualizedlividendyield from the price andtotal returnindicesareidenticalfor
theUS andJapanhut differ for the UK, FranceandGermauy.



Building presentvaluemodelsthatimply constanexcessstockreturns but allow time-varying
interestratesis a non-trivial matter Most of the recentwork on presentvalue modelswith
time-varyingdiscountratesbuilds on CampbellandShiller (1988b)who, by linearizingreturns
aroundsteadystatelog price dividendratios, obtaina tractablelinear presentvalue modelin
which it is straightforvard to imposethe constang of expectedexcessreturnswhile allowing
for variationin interestrates. More recently the term structuremodelsin the affine class(see
Duffie andKan (1996)) have beenappliedto stockpricing to yield tractablepricing equations
in mary settingswithout linearization(seeAng and Liu (2001) and Bekaertand Grenadier
(2000)).We deviate from this literatureby presentinga modelfor price earninggatios.
Stockreturnsfromtime ¢ to ¢ + 1 canbedecomposeds:

Vi = Pty + Dy _ EAy PE 1+ POy
= P, EA, PE,

whereP, is thestockpriceattimet, D, is thedividendpaidattimet + 1, PO, = D;/E A, is
thepayoutratio of dividendsD;, to earningst A;, and PE; is the price-earningsatio. Defining
g: aslog growth in earningsg; = log(FA;/EA; 1) andpo; asthe log payoutratio po, =
log(PO,), we have:

PE, 1 + exp(posi1)
PFE,

Yo = eXp(9t+1) : (1)

In this pricing framework, we have decomposedlividend growth into earningsgrowth anda
payoutratio. Fromatheoreticaperspectie, dividendgrownth shouldsuffice to price stocks but
our decompositiomrmay yield moreaccuratepricing formulasin finite samples.First, in finite
samplesusingdividendsmay be problematic,sincethey areoften manipulatedsmoothedor
setto zero,makingthempoorindicatorsof thetrue value-rel@antcashflavs in thefuture. It is
nosurprisethatin therealworld analystsalmostentirelyfocuson earningggrowth. Secondthe
decompositiorsimply increaseghe informationsetfor prediction,andincludesa modelthat
featuresonly dividendgrowth asa specialcase Finally, evenasimpleautorgressve modelfor
payoutratiosandearningggrowth impliesa moreintricate ARMA procesdor dividendgrowth
thatwould be difficult to estimatefrom dividenddataalone(seeBansaland Yaron(2000)for
evidenceof anMA componentn US dividendgrowth).

The model hasthreestatevariables,the shortrater;, log earningsgrowth g; andthe log
payoutratio po;. DenoteX; = (r; g; po;)’ which we assumeto follow a first-orderVector
Autoregression:

Xi=p+AX; 1+ (2)



wheree; ~ I1D N(0,X). To priceequity, we usethe DividendDiscountModel:

ZHW-DW], (3)

i=1

Pt:Et

wherell,,; is the stochastiaiscountfactor applyingto payofs at time ¢ + i. To ensurethe
absencef arbitragewe modelthe one-periodog pricing kernelm, 1, suchthat:

1
Myy1 = —T¢ — 57/27 + ¥ €141, (4)

wherevy is a3x 1 vectorcontainingthe pricesof risk andthediscountfactorcanbewritten as:
Iy = exp (Z mt+j> .
j=1

We also impose conditionson the parameter® = [u/, veq A)’, vechX), +/|' so that the
trans\ersalitycondition

lim 1T ;P s =0
1— 00

is satisfiedyuling outbubbles.
Proposition2.1 In thiseconomythe price-earningsatio is givenby:
PE = 2 — S explali) + (i) X) (5)
t = EA, 2 P t
whee a(i) andb(i) are givenby therecursiverelations:
1
a(i+1) = a(i) + (es + b(i)) '+ (e2 + b(2)) Ly + 5(62 +b(4))"S(eq + b(1))
b(l + 1) = —e; + Al(eg + b(’L)) (6)
with startingvalues:
!/ 1 !/
a(l) = (e2 +e3)'(p+ ) + 5(62 +e3)'E(ex + e3)

b(l) = —€1 + A/(eg + 63) (7)
wheee; is a 3x 1 vectorof zeoswith a 1 in theith place
The b(i + 1) term revealsthat an increasein the shortrate decreaseshe price earnings

ratio, unlessit simultaneouslypredictshigherearningsgrowth in the future with a feedback
coeficient largerthan 1 (A5; > 1, wheresubscriptsdenotematrix elements). Similarly, if



earningsgrowth shavs positive persistencehigher earningsgrowth leads,ceterisparitus, to
higherprice earninggatios.

Sinceonly dividendgrowth canbe priced,we mustlink the price of risk of dividendgrowth
to the price of risk of the payoutratio and earningsgrowth. Using the factthatlog dividend
growth ¢, canbewrittenasgy,;, = Apo.y1 + gi+1, thisis accomplishedby setting:

COVy (Mg i1, 9;:1+1) = COVy(Myy1, AP0ty + Gev1)-

Observation 2.1 For thethree-factorX, = (r; g; po;)’ systemto yieldthesamepricing relation
asa two-factormodelusing(r; g¢)’ the pricesof risk of dividendgrowth, earningsgrowthand
log payoutratio (v4, 7. and~,, respectivelymustsatisfy:

Yd = Ye = Vpo (8)

Intuitively, bothanincreasean earningsgrowth or anincreasen the payoutratio increasediv-
idendgrowth by the sameamount. Hencethe price of risk oughtto be the samefor earnings
growth andlog payout.We canthenimposethe constrainty, = v,, = 7.

Thereis a large classof modelsin this systemwhere appropriateparameterrestrictions
ensurethatthe expectedexcesssimplereturnandvolatility is a constantmultiple of the gross
shortrate:

Corollary 2.1 Denotethecompaniommatrix A = (A4;;) andthe conditionalcovariancematrix
Y = (X;;). Letthevectorb(i) = b = (b, by b3)" in equation(6) be constantfor all ; andbe
givenby:

by Aoy + Az —1
by | = Az + Asy . 9)
b3 Asgy + Ass

Thenif thefollowing restrictionsare satisfied:

V¥y = ef3y
A _A21(A22 + Asg) + Az1(Agz + Asz — 1)
1 Ay + Az — 1
Ao _A22(A22 + Agg) + Asg(Ags + Asg — 1)
2 Agr + Az —1
Ain — _A23(A22 + Asz) + Asz(Agz + Azz — 1)
1
(eg +e3) 2y < — (5(62 +b)'S(eq + b) + (ez + b)’,u) , (10)



the conditionalexpectedsimplerisk premiumis a multiple of the grossshortrateandgivenby:
Ei Y1 —exp(ry)] = (¢ — 1) - exp(ry) (11)
wheee c = exp(—(es + e3)'¥7). Theunconditionalexpectedsimplereturnis givenby:
E[Yi1 —exp(ry)] = (¢ = 1) - exp(f, + 5357) (12)
whee ji, ands? are theunconditionalmeanandvarianceof r; respectively

The first restrictionin equation(10) links the pricesof risk ~, the covarianceX andthe
pricing vectorbd. It is trivially satisfiedif v = 0, in which casec = 1 andthereis no risk
premium.If v #£ 0 andb # e3, thenthis conditionimposesarestrictionon therelative pricesof
risk of theinterestrate~, with the price of risk of dividendgrowth 7, wherey = (v, ¥ %)":

0% b1X11 + baXa; + (b — 1)X5

% S (b3 — 1)X39 + b1 Y13 + baXog + (bg — 1)X33°

The secondto fourth restrictionsin equation(10) imposenon-linearrestrictionson A, so
thatthe first row of A, the dynamicsof the shortrate, is linked to the secondandthird rows
of A, thedynamicsof earningsgrowth andpayout. Normally, wheninterestratesmove away
from their unconditionalmeanthe resultingchangen discountratesand priceswould induce
predictablecomponentn returns.Therestrictiononthecompaniorform engineeranopposite
cashflav effectthatneutralizeghe price changanducedby the changdn theinterestrate. The
final restrictionin equation(10) resultsfrom imposingtrans\ersality This is satisifedif v is
sufficiently negative.

In Corollary 2.1 the individual component®f the equity returnin equation(1), like earn-
ings growth andpayout,may be predictable.The restrictionsof equation(10) ensurethatthe
expectedcapital gain and dividendincome,in excessof the risk-free return, move in sucha
way to exactly off-seteachothersothatthe simpleexpectedexcessreturnis a multiple of the
nominalrate. Hence,a regressiorof Y;,; — exp(r;) onthe nominalratewould actuallyyield
a positive coeficient equalto ¢ — 1. However, the scaledexpectedreturn, E;[Y;.1/ exp(r;)]
is constantand equalto c. The constantc is a function of the correlationbetweendividend
growth innovations(the sumof theearningggrowth andpayoutratio innovations)with thepric-
ing kernel. The predictability regressiondypically run in the literaturedo not correspondo
ary of thesetwo conceptssincethey uselog returns,j,.; = log(Y;41) — . It is straightfor
wardto shov thatup to secondorderterms,the expectedlog risk premiumis constantn this
homosledastionodel.



Corollary 2.1 nestsseveral importantcases. For example,if b = (=1, 1, 1) andA =

Ann A Agg . .
( An A A ) , sothatthe shortrateandearningsgrowth have the sameconditionalex-
—A11 1—A12 1—A13

pectedneanthenthemodelis similarto GoldsteirandZapaterq1996)exceptwith astochastic
payoutratio. Anotherimportantspecialcaseis if b = ez with A = (21%121 _%%2 21%223) . Under
this economy conditionalexpecteddividend growth is equalto a constanty, + x,, plusthe
currentshortrate(E;[gf, ;] = E¢[gi1] + Ei[por1] — por = pg + ppo + 7). We selectthis par
ticular simplemodelcaseasthe null modelfor Monte Carlo purposesHere,thetrue monthly
de-seasonalizetbut empirically unobsered) price-dvidendratio is constantout the monthly
price-earningsatio movesthroughtime. However, the obsereddividendandearningsyields

constructedisingdividendsor earningssummecdover the past12 monthsarestochastic.

2.3 Predictability Regressions

Themainregressionwe considelis:

Uik = &+ Bz + €pnp (13)

where
Uk = (12/k)((yeg1r — ) + -+ - + Yk — Tek—1))

is the annualizedk-month excessreturnfor the aggr@atestock market, andy;,; — r; is the
excessl monthreturnfrom time ¢ to ¢t + 1. All returnsare continuouslycompounded.Our

PresentvalueModelimpliesthatE,(7;, ) is constanandhences! is zerofor all k. Theerror
terme, . follows a M A(k — 1) processunderthe null of no predictability becausef over-

lappingobsenations.Theinstruments;, consistof thelog dividendyield dy;?, thelog earnings
yield ey/?, andcontinuouslycompoundednonthly shortrater;.

Thelog payoutratio po;? is linearly relatedto the dividendyield andearningsyield po;? =
dy}? — eyi?. Thethreepredictive instrumentsareendogenoumstrumentsn our Presen¥/alue
Model. However, they shouldcapturethe predictability presentunderthe null of the present
valuemodel,becausehereis a one-to-ongnon-linear)mappingbetweerearningsyield, divi-
dendyield andtheshortrateandourthreestatevariables.Onereasorvariablesuchasdividend
yieldsmay predictfuturereturnsmoregenerallyis the presencef pricein thedenominatarOn
the onehand,the presencef price on both sidesof the regressionrmay worsensmall sample
biasesn theregressiongGoetzmanrandJorion(1993)).Ontheotherhand,sincepricereflects
all informationaboutfuture expectedreturnsandcashflav growth rates,its presencenay cap-
ture genuinepredictability If the PresenValueModel we presenis truth, price would not be



necessaryo capturetime-variationin expectedeturns,andall informationshouldbe captured
by thethreestatevariablespr transformation®f them.

In a globally integratedworld, predictability is likely alsoto extend acrossborders. In
Section6, following BekaertandHodrick (1992),we considercross-countryegression®f the
form:

ivw (€rpn) = i+ Bize +upyy, (14)
whereg;, , arek-periodannualizedexcessequity returnsin local curreng for countryi, and
e}, arek-periodannualizedxchangeatereturnsUSD perforeigncurreny for foreigncountry
1. Theinstrumentsn z, we considerarelog dividendyieldsfor the US, log earningsyieldsfor
theUS, andone-montltrisk-freeratesfor the US, andthe foreigncountrycounterpartef these
variables Notethataswe usecontinuouslycompoundedeturnsg;s{ = g;,, + e, ;.

The regressionsan equationg(13) and (14) can be estimatedoy OLS. We considerthree
estimatorof the standarderrors.First, OLS standarderrorsareappropriataf thereis no serial
correlationof theerrortermandtheerrortermsarehomosledastic We usethemasabenchmark
evenwhenk > 1, in which casethey likely underestimat¢he true samplingerror. Secondjo
accountfor the overlapin theresidualsfor £ > 1 andto capturepotentialheteroskdasticity
in returns,we usea heteroskdasticextensionof HansenandHodrick (1980) standarcerrors.
Using GMM the parameter® = (o’ (5:)’)" in equation(13) have an asymptoticdistribution
(seeHodrick (1992))v/T(d — 0) ~ N(0,Q) whereQ = Z; 15,2, %, Zo = B(zex}), 2, = (12)'
andS, is estimatedy:

k—1
S0 =C(0) + )_[C() + CG) (15)
where
L1l e ,
Cj) = T Z (Weth Wi ;)
t=j+1

andw,;, = €41 1. Thisestimatorof Sy is notguaranteedo be positive semi-definite.lf it is
not, we usea Newey-West(1987)estimateof S, with £ lags. We referto thesestandarcerrors
asRohlustHansen-Hodrick1980)standarcerrors.

Finally, we reportwhat we call Hodrick (1992) standarderrors. This estimatorexploits
covariancestationarityto remove the overlappingnatureof the errortermsin the standarcerror
computation. Insteadof summinge, ;. into the future to obtainan estimateof .S, Hodrick
(1992)sumsz;x;_; into the past:

T
N 1 ,
S() = T t_gk ’LUk'tU)kt (16)

10



where
k—1
wky = €411 (Z xt—z’) .
i=0

In our Monte Carlo analysiswe run a horseracebetweernthesethreeestimators.We find Ho-
drick standarcerrorsto befar superior andmostof our resultsexclusively focuson t-statistics
computedwith the Hodrick standarcerrors. Readershot interestedn the detailsof the Monte
Carloanalysiscanskip Section3, althoughwe feel thatit containssomeimportantresults.

Apart from runningunivariateregressionsye aremindful of Richardsors (1993)critique
of predictabilityteststestingfor only oneparticularhorizonk andwe provide anumberof joint
testsacrosshorizons.To testif the predictabilitycoeficientsarestatisticallysignificantacross
n horizonsk; . .. k,, we setup the simultaneougquations:

~ /
Uik, = Qg + Oy 26 + Ugyy

Ytk = O, + Bp, 2t + Ut sr, (17)

Denotethe vectorof coeficients 3 = (ax, 5;, - . - ax, 5y, ). In practice,an estimates of 3 is
obtainedby performingOLS on eachequation. AppendixD detailsthe constructionof joint
testsacrosshorizonsaccomodatingdodrick standarderrors.

Whenwe considerpredictability in multiple countries,we also provide joint testsof no
predictability acrosscountriesand we estimatepooled coeficients acrosscountries. Sucha
pooledestimatiommitigatesthe datamining problemplaguingUS dataandincreaseefficiency
andpower underthenull of no predictability Herewe estimatethe system:

gti-l—k =a; + 51/2; + “i+k (18)

fori = 1... N countriessubjectto therestrictions; = /3 Vi, butimposingno restrictionson a;
acrosscountries.We take i = US, UK, France Germaly, Japan.The econometricainderlying
thepooledestimationis detailedin AppendixE.

3 Finite SamplePropertiesof Various Estimators

We calibrateour Presentvalue Model of the price-earningsatio anduseit asthe DGP for a
Monte Carlo analysis.We solely useUS datafor the Monte Carloanalysesbut theresultsare
soclearcutthatthereis little reasorto suspecthey would notextendto DGP’s calibratedusing
datafrom othercountries All Monte Carloexperimentsuse5,000replications.

11



To performthe Monte Carlo analysiswe mustestimatethe parametergu, A, 3, 7). We
proceedn two steps.First, we estimatethe VAR parametergu, A, Y). Secondwe calibrate
v = (7%7) to fit the obsened equity premiumin the data. We setthe price of interest
raterisk to zero, (v, = 0) sothat~ is a scalar AppendixF fully describeghe calibration
procedureandtheresults.The estimationis complicatedby thefactthatour datausesearnings
and dividendssummedup over the pastyear but our model requires(unobsered) monthly
earningsanddividends.

The null model matchesthe equity premiumand almostmatchesthe volatility of excess
returns.Amongthemoreinterestingparameteestimatess the effect of the shortrateon future
earningggrowth, which is significantlynegative. The modeldoesa poorjob of matchingdivi-
dendyield variability; theimplied standardieviation of log dividendyieldsis 0.0861compared
to 0.3915in the data. The modeldoesa betterjob in matchingearningsyield variability, but
only matchesa half of the obsened variability (the implied (empirical) standarddeviation of
log earningsyieldsis 0.2056(0.4059))*

With thefully calibratedmodelwe simulate5000samplesof 299 obsenationsto examine
the empirical distribution of the variousteststatistics. We constructdividendyields dy'? and
earningsyields ey!'? usingsummeddividendsand earningsover the pastyearasin the actual
data:

D}?  Di+ Dy g4+ Dypny

P B
EAP? FEA+EA 1+ +EA 1 (19)
P I
Theearningsyield canbe computedby:
EA? EA FA, 1 P,_ FA; 11 P_
t _ t+ t—1 t1+.“+ t—11 tll, (20)
P P b B P P
wherePE; = P,/ E A, canbe evaluatedusingProposition2.1,and
b Ph EA_;EA PE_; 1
— — » , 21
P, " EA_ EA, B, _ PE, o®Wmintt o) (21)
allowing usto evaluateeachtermin equation(20). Thedividendyield canbewritten as:
D D, BA, Dy BEA Py Doy BAuPn
P, FEA P FEA P B EFAi 11 Pu P
PO; PO, 1P, PO;_11 P,
_ t+ t—14¢-1 S t—11 tll’ (22)
PE, PE._, P PE, 11 B

4 Naturally, the model would be rejectedimposing restrictionsfrom the levels of price-dividend or price-
earninggatios. For example,seeCliff (2001).
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where PO; = exp(po;) and P,_;/ P, canbe evaluatedusingequation(21). The dividendand
earningsyields usedin the regressionsare dy}? = log(D}?/P;) andeyt? = log(E A%/ P;)
respectely.

In Table(2) we reportthe meanandstandardieviation of the empiricaldistribution for the
coeficientsin the variousregressionsve consider First, in the dividendregressionwe find
substantiaipward bias. This is consistentwith the biasonewould find in a standardinear
return,dividendyield system(seeStambaugl{1999))andderivesfrom the negative correlation
betweerreturnanddividendyield innovationsandthe autocorrelatiorof dividendyields. Sec-
ond, in the earningsregressionwe find a downward bias. Why might this be the case?In our
price-earningsnodelwith constantexpectedreturns,the variationin returnsis dominatedoy
variationin earningggronth rates.The price-earningsatio is not constanbut dependenonthe
payoutratio. Thisimpliesthatthe earningsyield, evenwhensummedover 12 periods;s likely
to be primarily negatively correlatedwith the payoutratio, but in the DGP earningsgrowth
ratesand payoutratiosare highly negatively correlated so that returnsand earningsyield in-
novationsendup beingpositively correlated.This is nottrue for dividendyields, sincethelog
dividendyield canbewritten asthe sumof thelog payoutratio (negatively correlatedwith the
earninggrowth rateandhencewith returninnovations)andthelog earningsyield, andthefirst
effect dominates.Note that the small samplecoeficient in the dividendyield regressionhas
the samepositive sign thatthe dividendyield predictability literaturefinds (FamaandFrench
(1988)andHodrick (1992)),while the negative small samplecoeficient on the earningsyield
is whatLamont(1998)finds.

Third, in the bivariateregressionsthe univariatebiasesare accentuatedwith the biason
the dividendyield coeficient reaching0.19for £ = 1. The biasesdecreassslightly with the
horizon. Lamont (1998) finds positive signson the dividendyield and negative signson the
earningsyield in a bivariateregression. Our biasesare exactly the samesign as his result.
Finally, in the trivariateregressionthe biasesfor the earningsanddividendyield coeficients
becomdargerstill in absolutemagnitude(0.24for the dividendyield coeficient; -0.11for the
earningsyield coeficient). However, the biason the shortratecoeficientis negligible.

In Table(3) we examinethe sizepropertiesof significanceests.We reportempiricalsizes
for testsof size 10% and of size 5%, but we focusour discussioron the 5% tests. At k£ = 1,
the univariateregressionglisplaynegligible sizedistortions,but for the bivariateandtrivariate
regressionsall testsslightly over-rejectat asymptoticcritical valuesand the empirical sizes
exceedthe nominalsizes. The worstdistortionoccursfor the dividendyield coeficientin the
trivariateregression,with the nominal size being 8.6% for the OLS estimatoy and 8.9% for
the robust Hansen-Hodrickand Hodrick estimatorgwhich coincidefor £ = 1). For longer
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horizons the performancef the OLS estimatorapidly deterioratesvith theempiricalsizeex-
ceedingb4%for a5%testin thedividendregressiorandexceeding/2%in all otherregressions
atk = 60. Accountingfor the overlapin the errortermsusingHansen-Hodriclstandarderrors
improvesthe small sampleperformancebut not enoughto yield a reliabletest. The empirical
sizefor a5%testatk = 60 is atleast39.1%in the caseof thedividendregression.

Table(3) shows that Hodrick standarderrorsarefar superiorto OLS andHansen-Hodrick
standarcerrors. The OLS andHansen-Hodriclstandarcerrorsaretoo small;theformerignore
the serialcorrelationin the errorterms,whereaghe latter underestimatet, becausehe auto-
correlationestimatesare downward biased.For k£ = 12, thereis negligible sizedistortionfor
theunivariateregressionswhereador thebivariateandtrivariateregressionsthesizedistortion
is atmost4.9%for the dividendyield coeficientin thetrivariateregression(a 9.9%empirical
size).Notethatthe Hodrick testnow alsoover-rejects.For £ = 60, the sizedistortionsactually
becomesmaller with theworstsizedistortionoccurringagainfor thedividendyield coeficient
in thetrivariateregressiona 7.9%empiricalsizefor the5%test). For theearningsyield regres-
sion,the Hodrick testis conserative with anempiricalsizeof 3.6%. In summarythe Hodrick
standarcerrorsdisplay overall far superiorsmall sampleproperties and usingthe asymptotic
p-valuesis unlikely to dramaticallyaffect statisticalinference. For that reasonwe reportthe
Hodrick standarcerrorsfor all of our empiricaltests.

4 Predictability in US ExcessStock Returns

PanelA of Table(4) containsour main resultsregardingthe predictabilityof US excessstock
returns. To allow comparisorwith Lamont(1998)’s article, we reportunivariateandbivariate
yield regressionsn additionto our maintrivariatespecification We reportt-statisticsn paren-
thesedasedon Hodrick standarcerrors. For the full sampleandlooking over threehorizons,
theyield regressionproduceno significantcoeficients,althoughthedividendyield is a signif-
icantpredictorof of excessstockreturnsin the bivariateregressiorat the 10%level, However,
its sign is negative, not positve! Lamont, on the other hand, finds positive coeficients for
bothyield variablesin univariateregressionsbut a positive coeficient on dividendyields and
a nggative coeficient on the earningsyield in the bivariateregression.His main point is that
the predictve power of the dividendyield stemsfrom the role of dividendsin capturingthe
permanentomponenbf prices,whereaghe negative coeficient on the earningsyield is due
to earningsbeinga goodmeasureof businesonditions,which capturescountercyclical risk
aversion.Accordingto Lamont,thereis informationin earningsanddividendsover andabove
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price. Unfortunately our resultsappeatinconsistentwvith this story Only for £ = 60 do the
regressiorcoeficientshave thesignpredictedoy Lamontsanalysishut for longhorizonsLam-
ontfindsthatonly pricematteredln thetrivariateregressionthe samesign patternappeargor
theyield variables:negative on dividendsandpositive on earningswvhich reversedor k& = 60.

Notethataccountingor biasesvould nothelprecoverthe Lamontpattern.Iin theunivariate
regressionsthebias-correctedividendyield coeficientwould beevenmorenegative sincethe
biasis positive,andthe negative biasin the earningsyield regressions too smallto reversethe
signof thecoeficients. For the bivariateandtrivariateregressionsaccountingor biasesvould
make the patternwe obsere (andwhich is oppositeto whatLamontfinds) evenmorestriking.

Figure(1) shavsthepatternover differenthorizonsmoreclearlyfor boththeunivariateand
bivariateregressiongtheinclusionof theinterestratedoesnot changethe patternvery much).
In both univariateregressionsthe coeficientson the dividend or earningsyield turn increas-
ingly morenegative until aroundthe 30 monthhorizonafterwhich they startto increasewithout
becomingpositive. In the bivariateregressionye clearlyseehow the“Lamont-pattern’of pos-
itive dividendyield coeficientsandnegative earningscoeficientsrequiressettingk equalto 50
monthsor higher The right handside of the threepanelsshows the corresponding-statistics
for OLS, Rolust Hansen-HodrickandHodrick standarcerrors. Giventhe generallack of sta-
tistical significanceijt is clearly pointlessto try andinterpretthe sign changesinterestingly if
we hadreliedonthe OLS or RolustHansen-Hodriclstandarderrors,we would have concluded
therewassignificantpredictve power in the dividendyield variable,which againdriveshome
theimportanceof the simulationexperimentdn Section3.

Goyal andWelch (1999)point out thatthe dividendyield predictabilityis not robustto the
additionof the lastdecadeof high returnscoincidingwith low dividendyields andis actually
highly unstablein general. Therefore,Panel A of Table (4) reportsresultsfor shortersub-
samplesliminatingeitherthelast5 or the last8 yearsin the sample.Whereaghe sign of the
coeficientsnow bettercorresponds$o whatLamont(1998)finds, statisticalsignificanceis still
lacking. LettauandLudvigson(2001)alsofind thatthe Lamont-pattermdoesnot hold with late
19905 datawith a quarterlysamplingfrequeng.

Theresultsdescribedso far are pretty bleakif finding predictabilitywerethe objectve of
this study However, thereis yet anotherregressorin our fundamentakegression,the short
rate> Whaterer the sampleperiodwe use,the shortrate enterssignificantly at the 99% level
in the £ = 1 regressionandits impacton the equity premiumis remarkablyrobustin terms

5If adetrendedshortrateis usedinsteadof the level of the shortrate,following Campbell(1991)andHodrick
(1992),the resultsare unaltered.If the regressionis alsoaugmentedy dummyvariablesfrom Oct 1979to Oct
1982to accounffor the monetarytargetingperiod,the shortratecoeficientremainssignificant.
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of magnitudeacrossthe varioussampleperiods. A 1% increasen the annualizedshortrate

decreasethe equity premiumby about3.7%. The predictive power of the shortratedissipates
quickly for longerhorizons.The coeficient slowly becomedessnegative andeventuallyeven

slightly positive.

We alsoconductjoint testsacrosgegressorsJointtestsacrosshe dy'? andey!? regressors
in the Lamontregressionyield p-valuesof 0.2294,0.3760and0.1788for horizonsk = 1, 12
and60respectiely. Jointtestsacrossiy'?, ey'? andr in thetrivariateregressioryield p-values
of 0.0139,0.3723and 0.0985for horizonsk = 1,12,60. In this regressionfor £k = 1, the
dividendyield andearningsyield arealsoindividually significantat the 5% level.

Oneproblemwith our resultsis that our sampleis shorterthanLamont’s. PanelB of Ta-
ble (4) reportstrivariateregressiorresultsusingquarterlyS&P datafrom 1935o0r 1952to the
present.For thelongestsamplewe find no significantpredictabilityat all. The coeficientson
theyield variablesaretypically smallbut positive andhave large standarcerrors. Theshortrate
coeficient remainsnegative andits t-statisticis muchhigherthanthe t-statisticsfor the yield
variables especiallyat shorthorizons. The lack of significancefor the shortratevariablemay
bedueto thefactthatinterestratedataarehardto interpretbeforethe TreasuryAccord,asshort
terminterestrateswerepeggedby the FederaResere duringthe 1930s and1940s. Oncewe
restrictattentionto post-1952data,the shortratebecomesighly significantwith the expected
negative signatboththe 1-monthand12 monthhorizon. Theyield variablescoeficientsremain
insignificantandthe sign patternwe uncoveredbefore(negative dividendyield coeficientsand
positive earningsyield coeficients)resurbices.Table(4) clearly demonstratethat our results
arenotanartifactfrom focusingon post-197Qdata.

Finally, following the lead of Richardson(1993), Table (5) reportstestsof predictability
overthreehorizonsk = 1, 12and60, simultaneouslyThetablealsolists resultsfor four other
countrieswhich we discussn the following section.If we now focuson thefirst column,the
US results,we seethatthereis only strongevidencefor yield predictability if we considerthe
joint predictabilityof earningsyieldsanddividendyieldsin thetrivariatespecification Despite
the short-lived natureof the predictablepatterns,the shortrate still significantly (at the 5%
level) predictsexcessreturnsattheonemonth,12 monthand5 yearhorizons.

5 Predictability of ExcessStock Returnsin Five Countries

Our previousresultssuggesthat the predictability patternsformerly found in US dataappear
notto berohbustto theadditionof thelastfew yearsof the 1990s andthatstatisticalsignificance
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only occurswhentheshortrateis usedasapredictor It is concevablethatthelack of predictive
power is simply a small samplephenomenondueto the very specialnatureof thelastdecade
for the US stockmarket. It is equallyprobablethatthe previousresultsof strongpredictability
andinterestingpredictability patternsarea statisticalfluke. Internationalevidenceshouldhelp
ussortoutthesewo interpretation®f thedata.If we cannotconfirmthe previouspredictability
patterngor arny countriesandif yield variablesdo not appearo predictstockreturnsin other
countiesjt seemdik ely thatdatamining andotherstatisticalproblemshave led researcherm
theUS astrayregardingthe predictve power of theyield variables.We canalsoincreaseor de-
creaseur confidencen the shortrateasarobustpredictorof equityreturnsusinginternational
stockreturndata.Finally, pooledestimationacrosscountriescanleadto powerful evidenceon
therobustnesandmagnitudeof predictabilitypatternsacrosscountries.

We begin by summarizinghe patternan univariateandbivariateyield regressionsFigure
(2) displaysthe dividendyield coeficientsandtheir t-statisticsusingHodrick standarderrors
The UK coeficient patternis strikingly similar to thatof the US but, asin theUS, notasingle
t-statisticreachesigherthan2.00andit is notsurprisingthatthejoint testsfor k£ = 1, 12and60
in Table(5) fail to rejectthenull of no predictability The coeficient patternan thethreeother
countriesaremoreakin to theseprevalentin the US in earliersamplesjn thatthe coeficients
increasewith horizon, but in both Franceand Germaly they startout negative. In Japanthe
individual coeficient for dy*? is borderlinesignificantin the univariateregressiorandthejoint
testacrosshorizonsin Table(5) rejectsatthe 10%level.

In Figure(3), werepeathesamegraphdor theearninggield regressionTheearninggield
predictabilitycoeficientsagainaresimilar for theUS andthe UK, following areversel-pattern.
For Franceand Germary they have a U-shapedoattern,whereaghey increasemonotonically
with the horizonfor Japan. Individual significanceagainonly occursfor certainhorizonsin
Japanbut nowhereelse. Jointtestsin Table (5) fail to rejectthe null of no predictabilityin
FranceandGermaly but thereis a borderlinerejectionin Japanatthe5.7%level) andarejec-
tion atthe 5% level in the UK. Inspectionof the UK coeficientsin Figure(3) revealsthatthe
k = 1, 12,60 choicevery fortunatelyavoids the lowestspotin the t-statisticscurve andmight
somavhatoverstatehe true predictability We concludethatthe univariateyield predictability
patternsarenotterribly robustacrosscountriesandnot very significantstatistically

Do we obsene the Lamont patternof positive dividendyield and negative earningsyield
coeficientsin internationaldata?Figure (4) simply shows the coeficient patterns.Again (not
reported)theindividualt-statisticausingHodrick standarderrorsbarelyeverreachsignificance.
Two countries JJaparandFrance shov a patternsomeavhatreminiscenbf the Lamontfindings,
with negative coeficientsfor the earningsvariableand positive onesfor the dividendyield at
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shorthorizons. In France,the coeficients further diverge as the horizonlengthenswhereas
in Japarthey corverge. The UK patternof the coeficientsis similar to thatin Francebut the
initial earningsyield coeficientis actuallyslightly positive. In Germalry, thesignpatternandits
evolution over horizonsmatcheghe onewe foundfor the US, with positive (negative) earnings
yield (dividendyield) coeficientseventuallyswitchingsign, but the switchoccursmuchearlier
thanin the US. Joint testsacrosshorizonsreveal no significantrejectionsof the null of no
predictability exceptin the caseof Japanwhereearningsanddividendyields jointly predict
stockreturnsat the 5% level (seeTable(5)). However, this may be dueto a multicollinearity
problemin theregressiorfor Japan(seebelow).

The coeficient patterndor theyield variablesthatwe obsenre for the bivariateregressions
gualitatvely persistfor thetrivariateregressiongexceptfor Japanyandhencewe do not shav
themin a figure. However, the t-statisticsare generallysomeavhat larger, resultingin joint
rejectionsof thenull of nopredictve powerfor theyield variablesn threecountriestheUS, the
UK andJaparatthel1%level. Sotheyield variablesappeato have somepredictve powerwhen
consideredogethermndoverthreehorizonssimultaneouslyHowever, thepatternin coeficients
we seeis very differentacrosscountriesanddiffersfrom whatLamontfound, exceptin Japarf.

Figure (5) displaysthe coeficient patternsfor the annualizedshortrate andits associated
t-statisticsin the trivariateregression. Strikingly, this coeficient patternis muchmorerobust
acrosountriesandasimilar shapeor thecoeficient patternsappearor univariateregressions
(notreported) For all countriestheone-monttcoeficientis negative between3.73for theUS
and-0.97 for Japan. For 4 of the 5 countries,the coeficient increasesmonotonicallywith
horizon,leveling off ataround0.55for the US, France,andGermaly andat slightly lessthan
zerofor theUK (-.55). In Japanthecoeficient neverreachegzero,but thehorizondependence
is not monotonicallyincreasing.Thet-statisticsaregenerallylarger in absolutemagnitudefor
shorthorizonswith the exceptionagainbeingJapan.At the one-monthhorizonthe shortrate
coeficientsarestatisticallysignificantonly for the US andUK. Whenwe pool acrosshorizons
in Table(5), only the US shortrateretainssignificantpredictve power at the 5% level, which
is not surprisinggiven the patternof the coeficients and t-statisticsin Figure (5). Whatis
surprisingis the very high p-valuefor Japan.Inspectionof the graphrevealsthanthejoint test
happendo selecttwo k’s out of only a smallsetof £’sthatyield coeficientscloseto zero.

6 For Japanyve obsene a Lamontpatternat shorthorizons(lessthan15 months)out at horizonslongerthan15
monthsthe earningsyield coeficientsbecomepositive. The dividendyield coeficientsarelessthanthe earnings
yield coeficientsbetweerhorizons20and40 months.At long horizong(40-60months)othdividendandearnings
yields arepositive, with the dividendyield coeficientsgreaterthanthe earningsyield coeficients. This figure is
availableuponrequest.
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We concludethat the internationalevidenceon predictability doesnot supportLamont’s
findingsregardingthe predictability of earningsanddividendyields. Thereis only weakev-
idencein favor of it in threecountries,andthe internationaldatado not reveal a consistent,
interpretabledatapattern. However, the shortrate robustly predictsexcessstockreturns,but
its effectis limited to shortforecastinghorizons(mostly onemonth). The shortratecoeficient
is not significantly differentfrom zerofor all countries. Table (5) reportsjoint testsof pre-
dictability for the threecoeficients. The null of no predictabilityis rejectedat the 10% level
in Germaly, andatthe 5% level in the US andUK. It is alsorejectedat the 1% level in Japan
whichis surprisinggiventhelack of significanceof theindividual coeficients.However, thisis
mainly dueto multicolinearityin the regressionsanda nearsingularcovariancematrix of the
regressorcoeficients.

Onewayto cometo moreclearcutconclusiongegardingthemagnitudesindsignificanceof
thecoeficientsis to pooltheestimationracrosountries.Underthenull of no predictability the
pooledestimationshouldenhanceefficiency considerablygiventhatthe correlationof returns
acrosscountriesis not very high. Unfortunately we have to exclude Japan,becauseof the
considerablalifferencein datacoveragebothin termsof samplesizeandin termsof variables
(we uselevels of earningsyields ratherthanlog earningsyields, becauseof the presenceof
negative earningsin the Japanesseries). Table (6) reportspooledpredictability coeficients,
t-statisticsandjoint tests. We alsoreporta testof the overidentifying restrictions,described
in AppendixE. For all of our specificationsthis testfails to rejectthe restrictionsimposed
by equalcoeficientsacrosscountries.In the Lamontregressionsvith only theyield variables,
we fail to find statisticalsignificancefor theyield variables poth whentestedindividually and
jointly. The coeficients get closerto significantlevels at longerhorizons. In termsof sign
atk = 1, the dominantpatternappeargo be negative dividendyield coeficientsandpositive
earningyield coeficients,a patternoppositeto thatfoundby Lamont(1998).

In thetrivariatesystem boththe dividendyield andearningsyield coeficientsarepositive
for k = 1, buttheearningsyield coeficientturnsnegative atlongerhorizons.Consequentlythe
Lamontpatternagainfails to shav. Moreover, noneof the coeficientsis individually signifi-
cant,althoughthet-statisticancreaseawith horizon. A joint teston theyield variablesalsofails
to rejectthe null of zerocoeficients. On the otherhand,the shortrate coeficient is -1.7334
at the onemonthhorizonandsignificantat the 5% level. The coeficientincreasedo -0.34 at
kE = 60 but losesstatisticalsignificance.Jointtestsacrossthe threevariablesfail to rejectthe
null of no predictabilityfor all threehorizonsatthe5%level, but thetestrejectsatthe 10%level
for k = 1. We concludethatthe only robustandsignificantpredictorof excessstockreturnsin
5 countriesappeardo betheshortrate.
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6 Cross-CountryPredictability

Thepreviousdiscussionmplicitly considereaur5 countriesto be segmentednarketsanddid
not allow the possibility of cross-countrynfluences.However, in anintegratedmarket, global
discountratesshouldpriceequityreturnson all markets,andwe mayfind commoncomponents
in the predictablecomponent®f returns. To investigatethis, we extendour trivariateregres-
sion to a 6 variableregression,looking at pairs of countries. This set-upis an extensionof
theregressionsun by BekaertandHodrick (1992),who regressequity andforeign exchange
returnson the dividendyields in two countriesandthe forward premium. Sincethe forward
premiumis the interestdifferentialthroughCoveredinterestParity, our regressiorfreesup an
implicit constrainontheinterestratecoeficientsin the BekaertandHodrick regressionsLik e
Bekaertand Hodrick, we alsoinvestigatethe predictability of foreign exchangereturns. Our
maincontrikution hereis to examinethe addedrole earningsyieldsmay play.

Table(7) reportsthe mainresultsfor the predictabilityof equity excessreturnsby localand
US instruments.A numberof striking resultsemege. First, thereis not a single significant
coeficientfor the 12 and60-monthhorizons,confirmingonceagainthat predictabilityis nota
long-horizonphenomenonSecondthe only significantcoeficientswe reportareUS dividend
yieldssignificantlypredictingreturnsin Franceatthe 5% level andin Germaiy atthe1%level.
Hence the strongespredictability patternis a cross-countreffect. The sign of the coeficient
is negative, asit is in the othercountries.Moreover, the US earningsyield consistentlycarries
a positive sign but fails to reachstatisticalsignificance.The local yield variablesmostly have
positive but insignificantcoeficients. Third, the local shortrate is no longer significantand
increasesn value,relative to its valuein the domestictrivariateregressiorwe studiedbefore.
For Franceand Germauy, it even becomegositive. However, the US shortrateenterswith a
negative signin every regressiorandthe magnitudeof the coeficientis large, varyingbetween
-2.00in Japano -4.17in Germary. Althoughthe coeficientsare never significantat the 5%
level, thet-statisticsareall 1.000r larger.

Thesecoeficient patternssuggestthat cross-countrypredictability may be strongerthan
domesticpredictability This maybethe casein anintegratedworld whereperhapsshocksaf-
fectingglobaldiscountratesarebestreflectedn theinstrumentsf thedominantstockmarket,
the US. To examinethis further, Table (8) reportsp-valuesfrom a seriesof joint testsof pre-
dictability. Thefirst set,labeledwith US as”’Base’; concerngheregression®f Table(7). The
basepredictabilitycolumncontainsatestof thenull of zerocoeficientsfor thebasenstrument,
in this case the US instruments.The local predictability columnreportsp-valuesfor testsof
predictabilityusingonly the local instruments.This columnis likely to confirmthe resultsof

20



thetrivariateregressionsve reportedearlier The US instrumentgointly only significantlypre-

dict Germanexcessreturns.In the othersub-panelswe make othercountriesthe basecountry

For example,in thesecondsetwe look atexcesseturnsin theUS, France Germary andJapan
andour predictorinstrumentssompriselocal andUK instruments.

We find a numberof interestingsignificantpredictability patternsin Table (8). First, no
foreign country instrumentspredict US returns. However, in the presenceof foreign instru-
mentswhich have no predictive power, thereis still significantpredictve power of US domestic
instrumentsin particulartheshortrate,for US excesseturns.Secondyve find only two signif-
icantbasecountrypredictors:USinstrumentgredictGermarreturns andGermannstruments
predictJapaneseeturns.Finally, thelocal predictabilityresultsconfirmtherejectionswve found
for theUSin Table(5), no matterwhich foreigninstrumentsareincludedin theregressionFor
the UK, we no longerreject,which mayreflectalossof power dueto the introductionof three
new regressorskFor Japanywe alsonolongerreject,which simply indicateghattheinclusionof
theforeigninstrumentgesohedthe singularityproblemwe facedwith the regularestimation.

Theresultsin Table(8) maybeweakbecaus®f theinclusionof too mary highly correlated
regressors.Therefore,Table (9) reportspredictability resultsusing only US instrumentsjn-
cludingapooledestimation.Theresultsareindeedstrongetthanwhatwe reportedn Table(7).
First, long-horizonpredictability remainsratherweakto non-«istent. Secondthe yield vari-
ablesretaintheir signpatterngareverseLamontpattern)andarenow significantin bothFrance
andGermary. The US shortrateconsistentlyhasa negative signandis now significantin the
UK andGermalry. Overall, the US instrumentgpredictexcessequity returnsin thesecountries
betterthanthe local instruments!'WWhenwe pool the estimationacrosscountrieswe find very
strongresults,with all threecoeficientsbeingsignificantatthe 1% level. A 1%increasen the
US dividendyield reduceghe equity premiumin othercountriesby about50 basispoints,an
increasdn the earningsyield increasesnternationalrisk premiumsby about65 basispoints,
whereasanincreasean the US shortrateof 1% decreasethe equity premiumby almost3.5%.
It maybethatUS factorsdominateglobaldiscountratesandthatthis leadsto theobseredpat-
tern,but it seemsardto comeup with aninternationalasset-pricingnodelthatwould explain
thesepredictabilitypatterns.

Suchaninternationaimodelwould alsohave to capturepredictabilitypatternsgn exchange
ratereturns.We measureéhe exchangeatereturnfor aUS basednvestor usingthelogarithmic
exchangeatechanggin dollarsperforeigncurreny) plustheforeign-USinterestratedifferen-
tial. Thisreturnis thetopicof thevastliteratureontheUnbiasedneddypothesisn international
finance.If noinstrumentgpredictthis return,theinterestdifferentialor forward premiumis an
unbiasedredictorof future exchangeatechangesWhereasarlierwork findsvery strongre-
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jectionsof this hypothesisrecenttestsyield wealer results(seeBekaertandHodrick (2001)).
In Table(10) we reportregression®f foreign exchangereturnson the US instrumentsandthe
instrumentsof the curreng’s country SinceFranceand Germary now sharea commoncur-
reng/ asof 1 January1999,andwereincludedin the EMS duringthe 1990s we includeonly
theUS Dollar-DeutschMark exchangerate.

In the Unbiasednesiteratureit is customaryto regressforeign exchangereturnsor ex-
changeratechange®ontothe forward premiumor interestdifferential,an exercisewhich typi-
cally resultsin strongnegatie slopecoeficients. In our framework, this would correspondo
finding negative coeficients on the US interestrate and positive oneson the foreign interest
rate. This patternis only valid for the pound;in the othercountriesthe US interestrateenters
with a positive signandis not statisticallysignificantlydifferentfrom zero.In the UK, bothin-
terestvariablesaresignificantlydifferentfrom zero,whereaghe only othersignificantinterest
ratecoeficientis the Japaneseterestratefor the yenequation.Perhapsurprisingly someof
theyield variablesdo seemto have predictive power for foreignexchangereturns,but no clear
patternemeges. For example,the US earningsyield is only significantin the poundequation,
andthenonly for £ = 12, whereasthe dividendyield is significantfor the DeutscheMark
equationatbothk = 1 andk = 12. Local instrumentsarealsosignificant. For example,UK
dividendyields predict poundforeign exchangereturns,and Germandividendyields predict
mark foreign exchangerates. Perhapssuchcomple patternsare not surprisingin a globally
integratedworld. An internationalpricing modeltypically requireshe exchangeratechangeto
be the differenceof the two pricing kernelsin the two countries,sothatfactorsdriving equity
pricesin bothcountriesmayaffect exchangeratesaswell.

To obtainmorepowerful tests,we alsoconducta numberof joint testsin the bottompanel
of Table (10) acrosshorizonsk = 1, 12 and60 months. For all of our tests,we find strong
rejectionsof the null of no predictabilityfor the Japaneséreign exchangereturns,but these
arehardto interpretbecausef the collinearity problemsthat plaguethe covariancematrix in
this case.Thereforewe focusour discussioron the poundandmarkreturns.First, we contrast
thepredictve power of local versusUS instrumentsWe fail to find significantrejectionsof the
null of no predictabilityin bothcasesbut localinstrumentseento have morepredictive power
thanUS instruments Secondwe contrasthe predictve power of theinterestrateinstruments,
with thepredictive power of theyield variables’ Surprisinglytheyield variablesaresignificant
atthe5%level in thepoundreturnregressiorandatthe 1% level in themarkreturnregression,
but theinterestratevariablesarenot significant.Whereagheliteraturehastypically focusedon

" BekaertandHodrick (1992)andBauer(2001)alsopredictforeignexchangereturnswith dividendyield vari-
ables.
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interestrateinstrumentgo predictreturnsthey do notappeastrongpredictorsyelativeto yield
variables.Third, joint testsstronglyrejectthe null of no predictabilityin bothregressionsWe
concludethatfor foreign exchangepredictabilityreturns thereis strongpredictabilityby yield
variablesbut not by interestrates theinstrumentsisedin the standarditerature.

7 Cashflon Predictability

Theresultsin this paperoverturnmary of the cornventional,well-acceptedesultsregardingthe

predictve power of the dividendandearningsyield for stockreturns.As is truein our present
valuemodel,the dividendyield is a particularly naturalpredictorfor stockreturns. The basic
equationunderlyingary presentwaluemodelwith atrans\ersalityconditionimposeds:

% = E; [Z €xXp (;(—&Hj + gg—i—j))] ) (23)
whered is thediscountrateandg? is dividendgrowth. In our model,the latter variablecanbe

decomposethto earningggrowth andthe changen the payoutratio. Sincethe price dividend
ratiovariesthroughtime andis in factquitevariable theinfinite sumontheright handsidemust
shaw predictableiime-variationaswell. In particular low price-dvidendratiostoday(or high

dividendyields) imply thateitherdiscountratesin the future arehigh, future cashflav growth

ratesarelow, or both. Cochrang1992)providesa variancedecompositiorof the variability of

the price-dvidendratio basedon equation(23) andfindsthatmostof the variationin the price
dividendratio comesfrom variationin discountrates. The underlyingreasorfor this resultis

thathedoesnot find muchpredictablevariationin dividendgrowth rates.

In this section,we askwhetherearningsanddividendgrowth ratesare predictableby our
instruments.If they arenot, it mustbe the casethat linear regressionssimply have little in-
formationon the predictve power of dividendyields andearningsyieldsfor stockreturnsand
cashflow growth rates.If they are,it mightbepossibleto reconcileour weakreturnpredictabil-
ity resultswith a world whereprice dividendratiosand price earningsratiosshav substantial
variationovertime.

Table(11) repeatghe regressionsf Table (4) for the US, but replaceseturnswith either
dividend growth ratesor earningsgrowth rates. The earningsgrowth ratesare computedas
follows:

g;° = log(ey,” /ey, 2, x P,/ Pi_y), (24)
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with a similar expressiorreplacingey? with dy/? for dividendgrowth rates®

Let usfirst focus on the univariateregressionswith the dividend or earningsyield asan
instrument. For the sampleusing MSCI data,dividendyields fail to forecastfuture dividend
growth. However, we find earningsgrowth to be predictableby the yield variablesat long
horizons. Whenwe startthe samplein 1952 and usequarterly S&P data, this predictability
of earningggrownth becomestrongerandmoreprevalentat the shorterhorizons.The earnings
yield now predictsdividend growth at shorthorizons. Overall, higher yields forecastlower
earninggrowth andhigherdividendgrowth. Theformerresultis consistentvith theintuitionin
equation(23), wherehigh yieldsmayforecastfuturelow cashflav growth, proxiedby earnings
growth. Thelatterresultmaybedueto dividendgrowth beingapoorproxyfor cashflav growth.

For the trivariateregressionsthe monthly MSCI datasampledoesnot display strongpre-
dictability, exceptfor the earningsyield predictingdividendgrowth at shorthorizonsandthe
shortratepredictingearningggrowth atthe 12 monthhorizon.Neverthelessjoint testsoverthe
threevariablesejectthenull of no predictabilityof dividendor earningggrownth atthe 1% level
for k = 12, k = 60 andjoint acrossall horizons. The quarterlyS&P datareplicatethe coef-
ficient patternsof the MSCI data,but with generallysmallerstandarcderrors,especiallyfor the
dividendgrowth regressions.Dividendandearningsyields now significantly predictdividend
growth at all horizons. This time, higherdividendyields signallower future dividendgrowth,
andhigherearningsyield signalnegative dividendgrowth atlongerhorizons. The predictabil-
ity of earningggrowth is muchlessstrongandthe shortratedoesnot significantlypredictcash
flows althoughthet-statsareoftenabove 1.° Theonly casefor which ajoint testoverthethree
variablesdoesnotrejectis for earningggrownth with a k£ = 60 horizon.

Table(12) repeatghe exercisefor thetrivariateregressionsut poolsdataover 4 countries
(the US, the UK, FranceandGermaly). Dividendgrowth appearsredictableonly by the two
yield variables(with the samesign patternsasin Table(11)) for £ = 1. A joint testacrosshe
threeinstrumentgejectsat the 5% level for £ = 1. However, whatis particularly striking is
the strongpredictability of earningsgrowth. High dividendyields signalhigh future earnings
growth; high earningsyields signallow future earningsgrowth rates. It is concevable that
the first effect is a genuineprice effect (higher pricesin responseo predictedrisesin future
earnings)whereaghesecondinding mayreflectmearreversionin earninggyrowth. Jointtests
of predictabilityrejectatthe 1% level for all threehorizons.Moreover, the coeficient patternis
very closeto the patternuncoveredfor the US, makingthe resultseconomicallyrobustacross

& Notethattheone-periodog growth rateof earningsepresentsxp(gi?,) = (EAi1+- -+ EAi_11)/(EA+
o4 EAtin)_
9 NissimandPenmar(2001)find significantpredictabilityof the earningsof individual firms by shortrates.
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countries.

We concludethatyield variablesdo indeedpredictfuture cashflows, but this predictability
becomewisible only by focusingon earningggrownth ratesandinternationaktockreturnsdata,
which have notbeenthefocusof previousresearchn this area.

8 Conclusions

Thepredictableeomponent equityreturnsuncoveredin empiricalwork overthelast20years
have hadadramaticeffectonfinanceresearchTheoreticalesearclon equilibriummodelsuses
thepredictabilityevidenceasa stylizedfactto be matched.Thepartialequilibriumdynamicas-
setallocationliteratureinvestigatesheimpactof the predictabilityon hedgingdemandsMuch

of the focushasbeenon the predictive prowessof the dividendyield, especiallyat long hori-

zons,but Lamont(1998)shavs thatearningsyields have independenpredictive power. In this

article, we posethe questionwhetherthis predictabilityis real. After carefully accountingfor

smallsamplepropertiesof standardests,our answelis surprisingbut important.We shaw that
the standardoredictability patternsare not statisticallysignificant,and not robustacrosscoun-
tries or sampleperiods. Moreover, thereis no evidenceof long-horizonpredictabilityin any

of the 5 countrieswe examine.In this sensethe predictabilitythathasbeenthe focusof most
recentfinanceresearchs simply notthere.

Neverthelesswe do find that stock returnsare predictable,calling for a re-focusof the
predictabilitydebatein four directions. First, our resultssuggesthat predictabilityis mainly
a short-horizon not a long-horizon,phenomenon Second the strongespredictability comes
fromtheshortrateandnotfrom yield variableswith pricein thedenominatarTheresultthatthe
shortratepredictsequity returnsgoesbackto atleastFamaand Schwert(1977),but somehav
recentresearcthasfailedto addressvhat might accountfor this predictabilityandhasmostly
focusedondividendyield predictability Third, therearetantalizingcross-countrypredictability
patternghatappearstrongerthandomestigpredictabilitypatterns Theemepgenceof aglobally
integratedcapitalmarket overthelast20 yearsshouldrefocusresearchowardsdeterminantef
globaldiscountrates.Finally, we demonstratéhatdividendandearningsyieldshave predictve
power for forecastingfuture cashflav growth rates. Hence,a potentiallyimportantsourceof
variationin price-earningsndprice-dvidendratiosis the predictablecomponenin earnings
growth rates.

We hopethatour results,in the shortrun, affect the assetallocationliterature,which often
hastaken predictability of the dividendyield variableasgiven andgenerallyignoresthe vari-
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ation and predictive power of the shortrate on stockreturns. In the longerrun, we hopeour
resultsstimulateresearclontheoreticamodelsthatmightexplainthe predictabilitypatternsve
demonstrateparticularlyshortratepredictabilityat shorthorizonsandacrosscountries.
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Appendix

A Proof of Proposition2.1

Fromthe DividendDiscountModel we canwrite:

P [& EAyi Dyyi
—t —E

EA, " D Mo EA, EA.;

oo A %
PE, =E; | ) exp (Z mt+j) exp (Z gt+j) eXP(?WH)]
i=1 j=1 j=1

Li=1

=E; Z ;1G4 PO 14 (A-1)
Li=1
whereG;; = exp (23:1 gtﬂ-) andPO;; = exp(po4).
We claim that:
Eo[IL;Gi PO;] = exp(a(i) + b(i)' Xo), (A-2)
whichwe shav by induction.
Theinitial conditionsaregivenby:
1
Eo[[1;G1 PO;] = Eglexp(—ro — 57'27 +7'€1) exp(g1) exp(po1 )]
1
= exp(—e} X — 57'27)E0[exp('y’61 + (ea +e3)' (1 + AXo + €1)]
= exp(a(1) + b(1)' Xo) (A-3)
where )
a(1) = (e2 + e3)(p + T7) + 5(e2 + e3) ez + e3)
and
b(l) = —e] + Al(€2 + 63)
To provetherecursve relation,assumehis relationholdsfor :. Thenusingiterative expectations:
Eo[IL; 11Gi11 POt 1] = Eg lexp(ml +g1) - Eq leXP (Z mitj + 91+j) eXp(pOiH)”
j=1
~ Bo [exp(—ro = 32+ 7'e) exp(es X0 expla(i) + b0 X )|
1
= exp(—e1Xo — 578y + a(i)) Eolexp(v'er + (e2 + b())' (1 + AXo + €1)]
=exp(a(i+ 1)+ b(i + 1) Xp) (A-4)
where )
a(i+1)=a(i) + (e2 + b(3)) pu + (e2 + b(3)) Xy + 5(62 +b(i))"S(ea + b(7))
and
b(i+1) = —e1 + A'(e2 + b(4)).
Hencethe price-earningsatiois givenby:
PE; =) E¢[I;4iGe PO ]
i=1
= Z exp(a i)' X4) (A-5)
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B Proof of Obseration 2.1

Wewouldlik e pricing kernelvariability with earningggronth andlog payoutto bethesamef wereto usedividend
growth. Denoteé; 1 = —2v'Sy + v'€41. In particular we would like cov, (g, 1, —&41) in asystemwith state

variables(r; g?)’ ascov; (Apos 11 + gs+1, —&+1) in our systemwith statevariables(r; g; po;)’. We notethat
COVi(Apos 11 + gro1, —&e1) = —(e2 + €3)'E.

DenotingL? asthe 2x 2 covariancematrix underthe dividendgrowth systemand~? asthe 2x 1 vectorof prices
of risk underthis systemthen

covi (g, 1, —Err1) = —eh X%
Imposingequalitybetweerthesetwo expressionsve have the following relation:

Yr(org + 0rpo) + 79(‘75 + 0g,p0) + Ypo(0g,p0 + ‘7;2;0) = 'Ygar,gd + VZdUEd (B-1)

wherey = (7,74 7p0) from our three-fctorearningsgrowth andlog payoutsystemandy? = (4 'y;ld)' from a
dividendgrowth system.Note that

Ur,gd = COv (T‘t+1, Ap0t+1 + gt+1) = Or,po + Or,g

and
0F = OOV (Apor 1 + g1, Apor 1 + giy1) = 0y + 204 po + 0,

Hencewe canre-writeequation(B-1) as:
79‘73 + (Vg + Ypo)Tg,po + 'Ypoaio = 'Y;d (03 + Og,po + Uso) (B-2)

Thisrelationis satisfiedf v, = vp, = ’Y;id-

C Proofof Corollary 2.1

Usingequation(1) we canwrite:

E[Yia] = PlEt {Et lexp((e2 + €3)' Xy41) + Eq ZGXP (1) + (b(2) + 62)/Xt+1)‘| }

i=1
i+ Z

= “FE (C-1)

ThetermV; is givenby:

V; = exp((ex +e3) 1+ (e2 + e3) AXy + %(62 +e3)'S(ex +e3))

= exp(r¢) exp(a(l) + b(1)' X;) exp(—(e2 + e3)' 7). (C-2)

Theterm Z; is givenby:

Zi="Y" explali) + (bi) + ea) -+ S(6() + €2 Sb(0) + e2) + (i) + e2) AX,)
i=1

= exp(ry) Zexp(a(z’ +1)+b(+ 1) X;) exp(—(e2 + b(i)' L) (C-3)

i=1

Supposehat (i) (e + b(i))' X is not a function of ¢ and (ex + b(7))' 2y = (e2 + e3)' X, (ii) b(1) =
—e1 + A'(ea + e3) and(iii) b(i + 1) = —eq + A’(ea + b(7)). Thentheexpectedsimpletotal returnis:

E:[Yi1] = ﬁ exp(—(e2 + e3)'X7) exp(ry) (Z exp(a Xt>

=c-exp(ry) (C-4)
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wherec = exp(—(es + e3)’X~). Thesimplerisk premiumis givenby:
Ei[Yii1 —exp(ry)] = (¢ — 1) - exp(ry) (C-5)
whichis zeroif v = 0. Theunconditionakisk premiumis:

Bl¥io — exp(ri)] = (e — 1) - exp(r + 507) (c-6)

whereji, anda? aretheunconditionaimeanandvarianceof r; respectiely.

If v # 0 thenb(i) mustbe constanfor all <. The secondcondition,b(1) = —e; + A’(e2 + e3), definesthe
b(i) = b vectorin equation(9). Thefirst conditionb(i)’'3y = e5X+, givesthefirst restrictionin equation(10).
The non-linearrestrictionson A in equation(10) are derived from substitutingthe definition of 4 into the third
conditionb = —e; + A’(e2 + b).

Thefinal restrictionin equation(10)is atrans\ersalitycondition.Underconditions(:) — (ii7) the PE; canbe
written as:

PE; = (Z exp(@(l’))) exp(b'Xy)
i—1
= Aexp(b/ X3). (C-7)

Examiningtherecursionfor a(i) in equation(6), we have:

i+ 1) = (es+es) (1 + Tv) + %(62 Fes)S(es+es) +i - [(es + b) (1 + 2 + %(e2 +bYS(es +b)].

Hence:

A= Z exp(a(7))

_exp((ez +e3) (4 X7) + (€2 +e3)'S(ey + e3))

~ 1—exp((ea +b) (1 +27) + 2(e2 + b)'S(ex +b)) (C-8)
Thelastrestrictionin equation(10) ensureshis expressioris well-defined.
D TestingPredictability AcrossHorizons
Themomentconditionsfor the systemin equation(17) are:
hitk, Ut+k, Tt
E(hHE):E( )—E( )—E(UHE@%)—O (D-1)
hitk, Ut+k, Lt

wherex; = (1z;),a K x 1 vectorandu,, = (usig, - - - Utik, )
FromstandardsMM vT(0 — 0) <~ N(0,Q) with Q = Z; 'Sy Z, ', Zo = (I, ® E(z;x})) and

So = E(ht%h;%) = B((upgussz) © (ze})) (D-2)

The Hodrick(1992)estimate§’:’; of Sy is givenby:
A 1
Sh = TW’W (D-3)

whereW isaT x Kn matrix W = (Wy, ... Wy, ) whereWy, T' x n is givenby Wy, = (wi ;... wg,,), and
wyy g, K x 1,is:

k—1
W4k = €t41 (Z ﬂUti) y (D'4)
i=0
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sinceunderthe null of no predictability the one-stepaheaderrorse; ; = u;1 areuncorrelatecandu;, =
ers1 + - +errr. DenotingX = (2,...2%), T x K, anestimateof Z,, * is givenby:

Zﬂ=%h®@WYU (D-5)

To testthe hypothesi<' 3 = 0 we usethe Newey (1985)? test:
(CB)I[CQC/}ilcﬁA ~ szank(C) (D'6)

with QO = Z; 'S5 2"

E TestingPredictability Pooling Cross-Sectionalnf ormation

Letthedimensiorof z; be (K — 1) sotherewill beatotal of K regressorsincludingtheconstantermsa; for each
of N countries.In equation(18) denotethe free parameter® = («a;...an3’)’, andthe unrestrictedparameters

stacled by eachequationg = (a1 ...anBy)’. We canestimatethe systemin equation(18) subjectto the
restrictionthatC'8 = 0, whereCisa NK x (N — 1)(K — 1) matrix of theform:

QI QfIQ.“
0o o0 I 0 —I ...

C=]. (E-1)
0 O 0 ... 0 —I

where0 isa (K — 1) x 1 vectorof zeros,O isa (K — 1) x (K — 1) matrix of zeros,and is a (K — 1) rank
identity matrix.

Denote
Gork = Tp k- Toew) (N x 1)
= (12]) (K x1)
Upyf = (u%_~_,€uﬂ_,€)' (N x1)
x) 0
X, = (NK x N). (E-2)
0 xiv

Thenthe systemcanbewritten as:

Jrrk = Xy + uprk (E-3)

subjecto C'3 = 0. Towritein compachotationletY = (97, ... 97,,), X = (X1 ... X7), U = (W), - - - up )
Thenthe compactsystemcanbewritten as:

Y =XpB+U subjectoCB3=0 (E-4)
A consistenestimate? of 3 is givenby:
B — BOZS _ (XIX)flc«/[C(X/X)flc«/]710/30ls (E-5)

with 8°ls = (X' X)~1X'Y. This givesusanestimate) of 6.
The momentconditionsof the systemin equation(E-3) are:

E(ht+r) = E(Xiugir) =0 (E-6)
By standardsMM 6 hasdistribution

VT (0 —6) X N(0,(D}ySy Do) ") (E-7)
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with

Dy =E [ag;; ’“] (E-8)
and
So = E(ht+khir) (E-9)
The Hodrick(1992)estimate§§‘p of Sy is givenby:
L1
Sh = 7 ; whywk, (E-10)

wherewk; (NK x 1) is

k—1
U}kt = (Z th> €t41. (E'll)
i=0

Underthe null hypothesisof no predictabilityu;,r = e:+1 + ... et Wheree;; arethe 1-stepaheadserially
uncorrelatecerrors.Thisis the SUR equivalentof the Hodrick (1992)estimatefor univariateOLS regressions.

An estimateDy of Dy is givenby:

T
Ay 1 Ohtik
Dy = > o (E-12)
t=0
0= (a1...anf’) with
1 2 0
oh 1 ztz/
t+k
——T" = - E-13
BT ) / ( )
0 12N
Theestimate) hasdistribution
VT(0—0) & N(0,[Dr(S%) " Dr] ). (E-14)

Thereare (N + K — 1) free parametersn 6 with N K momentconditions. This givesNK — (N + K — 1)
over-identifying restrictions. The Hansen(1982) 2 J-testof over-identifying restrictionss givenby:

J=TH(S%)'h) ~ 2(NK — (N + K — 1)) (E-15)
with
1 T
h= 7 > hiik (E-16)
t=0

F Calibrating the Constant ExpectedReturn PresentValue
Model

We turn first to the VAR parameteestimation.We obsene earningsgrowth ratesg,? andlog payoutratiospo;?,
but our PresentValue Model requiresmonthly growth ratesg; andlog payoutratiospo;. We constructg;* at a
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monthly frequeng from earningsyields ey;}? usingg;}? = log(ey;}?/eyi?, x P,/P;—1). If EA; denotesnonthly
earningstheng;? is relatedto g; by:

12 _ 1, EAi+FEA; 1+ -+ FAi
9 8 EAy 1+ FAy o+ -+ EAi 10

1 EAtfll(l + e9t=10 4 ... 4 e(gt—10+"'+9t))
= lo (EAtlQ(l 4+ e9t—11 4 ... 4 e(gt11+...+gt1))>

= g1 +log(1 + €910 4 ...  elor—r0FHon))
_ log(l +edt-1 Lt e(gt711+"'+gt71)) (F_l)

In addition,if D; denotesnonthlydividendsthenpo}? is relatedto po; by:
12 Dt+Dt71+"'+Dt,11
po;~ = log
EA+EA; 1+ -+ EA;_11
EAt—n[epot—ll 4 gPot-10g9t—10 | ... | epote(gf*10+gt79+“'+gt)]
e ( EA; 11[1 +e9t=10 ... 4 e(gt—10+---+gt)] )
= log(epotfll + e(Pot—10+9:-10) 4ot e(pot+9t710+gt79+---+gt))

—log(1 + 910 4 ... 4 lge-10F+90)) (F-2)

EquationgF-1) and(F-2) shav thatthe relationbetweemmonthly growth ratesand payoutratiosandtheir coun-
terpartsusing earningsand dividendssummedover the pastyearis highly non-linear In particular the useof
summingpastearningsaanddividendsoverthe pasttwelve monthspotentiallyinducesvery high autocorrelatiorup
to11lags.

To estimateghe VAR on X; we useSimulatedviethodof Moments(SMM) (Duffie andSingleton(1993)).We
usea two-stepSMM procedureandimposea restrictedcompanionform A whereAi2 = A1z = 0. Thelatter
assumptioris motivatedby an analysisof a VAR on (r; g} po}?), in which we fail to rejectthat no variables
Grangercauseinterestrates. In thefirst step,we estimatethe equationfor ;, on US EURO 1 monthratessince
we have monthly dataon interestrates. In the secondstep,holding the parameterdor r, fixed, we estimatethe
remainingparameteri A, ;. andy. usingthefirstandsecondnomentsf g/2 andpo;?. We alsousethe moments

in E[X2X%,] relatingto ¢;* andpo!2. Thelag lengthis setat 12 sincethe first 11 lags are affectedby the
autocorrelatiorinducedby the non-linearfilters in equationgF-1) and (F-2). We computethe weightingmatrix
usingthedata,sowe neednotiterateon the weightingmatrix.

Table (A-1) reportsour results. We reporttwo estimationsan Alternative Model which is exactly identified,
andthe Null Model which is estimatedsubjectto the restrictionsensuringconstanexpectedreturnsin Corollary
2.1. Focusingdfirst on the Alternative Model, payoutratiosare closeto a randomwalk with no othersignificant
feedbackcoeficients. Earningsgrowth on the other handshaws little persistencewvith the coeficient on past
earningsgrowth barelysignificantlydifferentfrom zero. However, high currentpayoutratiospredicthigh future
earningsgrowth, perhapdecausehey reflectpermanentatherthantransitoryearnings.High shortratessignifi-
cantlyreducefutureexpectedearningggrowth. A 1%increasen interestratesleadsto a 25 basispointdecreasén
expectedearninggrowth.

Whenwe estimatethe covarianceparameter®f the Null Model on the momentsof the Alternative Model,
we obtaina singularcovariancematrix, asthe correlationof g; andpo; approachesl. Thereforewe hold the
covariancematrix 3 from the Alternative Model fixed, andestimateu anda restrictedcompanionmatrix A using
the first the and cross-momentsf the Alternative Model estimation. Using a x? test, we fail to rejectthe Null
Model versusthe Alternative Model with a p-value of 0.9252. The Null Model retainsthe importantfeedback
from interestratesto earningsgrowth but makes the interestrate feedbackto payoutratios much larger than
before. The feedbackirom payoutratiosto earningsgrowth ratesremainsintactaswell, but the earningsggrowth
rateis nolongerpersistent.

The estimationof the covariancematrix X hastwo importantfeatures. First, the conditionalvolatility of
innovationsto g; is muchmorevolatile thaninnovationsto g;? (0.0647versus0.0233from an unreportedVAR
on (r; gi2 po;?)). Thefilter in equationgF-1) and(F-2) smoothsout someof the volatility in earningsgrowth by
summingearningsover the pasttwelve months. This implies that equity returnsare morevolatile usingmonthly
earningghansummedannualearnings Secondshockso g; andpo; arenegatively correlated-0.8496) whichis
truein theannualdataaswell. This mightbe dueto the unusuakmoothingthatoccursin mostcorporatedividend
policies.High temporaryearningsarenot paid out, sothey decreas¢he payoutratio.

The constrainedVAR ties down mostof the parametershut we still have to determinethe price of risk for
dividendgrowth 5. We calibratey to the premiumin the sample.Thelog risk premiumis producedby simulation

32



using100,0000bsenations while thesimplerisk premiumis calculatedusingequationCorollary2.1 (andchecled
by simulation).Settingy = —4.655, we matchboththelog andthesimplerisk premium.Theannualizedolatility
of the log (simple) excessreturncorrespondingo ¥ = —4.655 is 0.1367(0.1387),which is slightly below the
annualizedvolatility in the sample0.1477(0.1472). The main sourceof equity returnvolatility in the modelis
thevolatility of payoutratiosandearningsgrowth rates,sincetherisk premiumis constant.In fact, theimplied

estimateof the conditionalvolatility of dividendgrowthis y/(e> + e3)'X(e2 + e3), whichis 0.1368annualized.
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Tablel: SampleMomentsof Returnsandinstruments

SampleMomentsof MSCI Monthly Data

12

Y dy'? ey r
us
mean 0.0766 -3.3632 -2.6271 0.0769
stdey  0.1477 0.4059 0.3915 0.0340
p -0.0080 0.9819 0.9839 0.9699
UK
mean 0.0765 -3.0780 -2.4601 0.1027
stdey 0.1848 0.2556 0.3608 0.0347 Correlationsof MSCI Monthly ExcessReturns
p -0.0154 0.9601 0.9690 0.9521
usS UK France Germary
France UK 0.5790
mean 0.0689 -3.2192 -2.8219 0.0948 France 0.5050 0.5035
stdev  0.2088 0.4085 0.6171 0.0473 Germay 0.4689 0.4620 0.5940
p 0.0795 0.9803 0.9473 0.8464 Japan 0.3453 0.3669 0.3751 0.3383
Germary
mean 0.0690 -3.3512 -2.7435 0.0576
stdev  0.1880 0.3324 0.4757 0.0245
p 0.0582 0.9794 0.9812 0.9806
Japan
mean 0.0358 0.0106 0.0284 0.0454
stdev  0.1911 0.0051 0.0174 0.0302
p 0.0275 0.9808 0.9811 0.9678

SampleMomentsof QuarterlyUS S&P Data

g dy12 ey12 r

mean 0.0821 -3.2485 -2.6109 0.0409
stdev 0.1671 0.3603 0.3603 0.0326
p 0.1218 0.9480 0.9478 0.9559

Summarystatisticsof excessreturnsandinstrumentslin thetablej representsxcessreturns,dy'?

log dividendyields, ey'? log earningsyields, » shortratesand earningsgrowth ratesg'?. Excess
returnsandshortratesare continuouslycompounded Monthly equity returnsarefrom MSCI and
the monthly shortratesare EURO 1 monthrates. Quarterlyequity returns(including re-irvested
dividends)for the US are for the S&P Compositelndex obtainedfrom IbbotsonAssociatesand
quarterly shortratesare US 3 month T-bill yields. The monthly (quarterly) excessreturnfor a
countryis equalto the equity returnin local curreny lessthe EURO 1 monthrate (3 month T-

bill yield) for that country Monthly dividend and earningsyields are from MSCI and quarterly
dividend and earningsyields are from the SecurityPrice Index Recod publishedby Standard&

Poor’s StatisticalService. Both sourcesusethe sumof dividends(earnings)over the pasttwelve
months. The meanandstandarddeviation of 7, » andg'? areobtainedby multiplying the sample
meanand standarddeviation by 12 (4) and /12 (2) respectiely for monthly (quarterly)returns.
p denoteghe sampleautocorrelation.For monthly MSCI returns,the sampleperiodis from Feb
1975to Dec 1999for the US, UK, FranceandGermary andfrom Jan1978to Dec 1999for Japan.
Earningsyieldsfor Japamarenegative during1999,sowe reportlevels,insteadof logs,for dividend
andearningsyieldsfor Japan For quarterlyS&P returnsfor the US, the sampleperiodis from Mar

1935to Dec1999.
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Table2: SmallSampleCoeficientsfrom the Null Model

PanelA: DividendRegressionCoeficient
horizon k=1 k=12 k=60
mean 0.0692 0.0547 0.0517
stdey 0.3216 0.2015 0.0879

PanelB: EarningsRegressionCoeficient
horizon k=1 k=12 k=60
mean -0.0331 -0.0304  -0.0243
stdey 0.1735 0.1548 0.1169

PanelC: LamontRegressionCoeficients
horizon k=1 k=12 k=60
dy12 ey12 dy12 ey12 dy12 €y12
mean 0.1877 -0.0913 0.1603 -0.0829 0.1175 -0.0604
stdey 0.3767 0.2207 0.2758 0.2108 0.1649 0.1607

PanelD: TrivariateRegressionCoeficients
horizon k=1 k=12 k=60
dy12 ey12 r dy12 eyl2 r dy12 ey12 r
mean 0.2411 -0.1093 0.0003 0.1983 -0.0954 -0.0010 0.1266 -0.0624 -0.0004
stdey  0.3932 0.2386 0.1357 0.2828 0.2228 0.1199 0.1649 0.1613 0.0784

The table reportsthe meanand standarddeviation of the small sampledistribution of the slope
coeficientsin theregression:gir = a + 2/ + €tk Whereg,, = 12/k(yi41 + -+ + Ye+k)

is the cumulatedandannualizedk-periodaheadreturn, z; is thelog dividendyield alonein Panel
A, thelog earningsyield alonein PanelB, the log dividendyield andlog earningsyield together
in PanelC, andthelog dividendyield, log earningsyield, andthe shortratein PanelD. Thesmall
sampledistribution is basedon 5000 replicationsof a samplesize of 299 obsenationsusingthe
ConstanExpectedReturnNull Model asthe DGP.
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Table3: SizePropertieof T-Statisticsfrom the ConstanExpectedreturnNull Model

Dividend Regression

k=1 k=12 k=60
Nominalsize 0.100 0.050 0.100 0.050 0.100 0.050
OLS 0.105 0.052 0.471 0.402 0.611 0.541
RolustHansen-Hodrick 0.108 0.055 0.210 0.144 0.470 0.391
Hodrick 0.108 0.055 0.106 0.052 0.144 0.076

Earnings Regression

k=1 k=12 k =60
Nominalsize 0.100 0.050 0.100 0.050 0.100 0.050
OLS 0.106 0.052 0.601 0.539 0.786 0.747
RolustHansen-Hodrick 0.111 0.055 0.190 0.124 0.475 0.403
Hodrick 0.111 0.055 0.096 0.044 0.079 0.036

Lamont Regression

k=1 k=12 k=60
Nominalsize 0.100 0.050 0.100 0.050 0.100 0.050
Dividendcoeficientsonly
oLS 0.133 0.069 0.583 0.514 0.786 0.722
RolustHansen-Hodrick 0.137 0.071 0.254 0.187 0.529 0.457
Hodrick 0.137 0.071 0.145 0.081 0.139 0.077
Earningscoeficientsonly
OoLS 0.136 0.075 0.661 0.600 0.835 0.800
RolustHansen-Hodrick 0.138 0.078 0.223 0.152 0.497 0.426
Hodrick 0.138 0.078 0.127 0.066 0.098 0.051

ExtendedLamont Regression

k=1 k=12 k=60
Dividendcoeficientsonly
Nominalsize 0.100 0.050 0.100 0.050 0.100 0.050
Dividendcoeficientsonly
OoLS 0.157 0.086 0.613 0.549 0.788 0.744
RolustHansen-Hodrick 0.162 0.089 0.297 0.223 0.561 0.486
Hodrick 0.162 0.089 0.170 0.099 0.145 0.079
Earningscoeficientsonly
OoLS 0.146 0.084 0.668 0.610 0.826 0.801
RolustHansen-Hodrick 0.149 0.086 0.249 0.175 0.524 0.448
Hodrick 0.149 0.086 0.131 0.075 0.091 0.047
ShortRatecoeficientsonly
oLS 0.123 0.064 0.643 0.578 0.794 0.761
RolustHansen-Hodrick 0.127 0.068 0.226 0.152 0.486 0.407
Hodrick 0.127 0.068 0.119 0.060 0.089 0.048

The table lists nominal versusempirical size propertiesof the OLS, Rolust Hansen-Hodrickand
Hodrick t-statistics. We simulate5000 samplesof length299 from the ConstantExpectedReturn
Null Model, calculatethe t-statisticsfor eachmethodand recordthe percentagef obsenations
greaterthanthe nominalcritical valuesunderthe null hypothesiof no predictability
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Table4: Predictabilityof US ExcessReturns
Panel A Monthly MSCI Data

UnivariateRegressions LamontRegression TrivariateRegression
k  dy'?only | ey'?only | dy'? ey'? | dy'? ey'? T

Full Samplel975:02- 1999:12
1 -0.0820 | -0.0415 | -0.2994  0.2445 -0.3896 0.5747 -3.7341
(-1.0571) | (-0.5301) | (-1.6837) (1.3720) | (-2.1524)* (2.5620)* (-2.7539)**
12 -0.1063 | -0.0673 | -0.2581  0.1635 -0.2710 0.2433 -0.9604
(-1.1315) | (-0.8086) | (-1.3550) (1.0190) | (-1.4465) (1.3738) (-0.8302)
60 -0.0942 | -0.0859 0.2280 -0.2394 0.1815 -0.2616 0.6659
(-0.5249) | (-0.9866) | (0.2890) (0.5094) | (0.2168) (-0.5890) (0.7111)

RestrictedSamplel 1975:02- 1994:12

1 0.0957 0.0552 0.2272  -0.0975 0.5494 0.0518 -4.5453
(0.6615) | (0.5674) | (0.5705) (-0.3725)| (1.3249) (0.1939) (-2.9723)**

12 0.0480 0.0217 0.1859  -0.1009 0.2837 -0.0598 -1.3252
(0.3260) | (0.2324) | (0.4980) (-0.4547)| (0.7318) (-0.2634) (-1.0870)

60 0.0415 0.0141 0.2574  -0.1917 0.1991 -0.2045 -0.6636
(0.2662) | (0.0957) | (0.7205) (-0.5266)| (0.6007) (-0.5679) (1.2746)

RestrictedSamplell 1975:02- 1991:12

1 0.1050 0.0760 0.1417  -0.0306 0.5471 0.0315 -4.5079
(0.4763) | (0.4094) | (0.2553) (-0.0633)| (0.9757) (0.0656) (-2.9744)**

12 0.0874 0.0700 0.0747 0.0111 0.1960 0.0281 -1.3268
(0.3904) | (0.3559) | (0.1629) (0.0256) | (0.4201) (0.0654) (-1.0924)

60 0.0873 0.0320 0.4615  -0.3306 0.3669 -0.3210 0.5557
(0.3317) | (0.1363) | (1.0938) (-0.7625)| (0.9128) (-0.7834) (0.5873)

Panel B QuarterlyS&P Data

k dy12 ey12 r
1 0.0191 0.0366 -1.3041
(0.0977) (0.2022) (-1.5907)
Full Sample 12 -0.0142 0.1066 -0.9730
1935:qtrl - 1999:qtr4 (-0.0990) (0.8504) (-1.3773)
60 0.0187 0.0791 -0.5721
(0.1435) (0.9288) (-0.9810)
1 -0.1142 0.2256 -2.6650
(-0.7250) (1.4898) (-3.4288)**
PostTreasuryAccordSample 12 -0.0655  0.1811 -1.8716
1952:qtrl - 1999:qtr4 (-0.3902) (1.2223) (-2.4594)*
60 0.1205 -0.0163 -0.6510
(0.5002) (-0.0976) (-0.8995)

We estimateregression®of theform g:1, = a + 2,0 + €14k 1 Wheregey, = 12/k(yep1 + -+ +
yt+k) 1S the cumulatedand annualizedk-period aheadreturn, with instrumentsz;, wherek is in
months.Thevariablesin z; includedy}2, log dividendyield usingdividendssummedover the past
12 months,ey;2, log earningsyield using earningssummedover the past12 months,andr;, the
annualizedisk-freerate (1 monthEURO ratein PanelA andthe 3 monthT-bill ratein PanelB).
In Panel A, we usemonthly MSCI data. In PanelB, we usequarterlyS&P data. T-statisticsarein
parentheseandcalculatedusingHodrick standarcerrors. T-statisticssignificantat 95% (99%) are
denotedwith * (**).

39



Table5: ExcessReturnPredictabilityin 5 Countries

usS UK France Germary Japan
UnivariateRegressions
dy*? 0.8556 0.5014 0.6207 0.5821  0.0818
ey!? 0.5869 0.0404* 0.8732 0.8803  0.0572
LamontRegression dy'? andey'?
dy*? only 0.6145 0.6129 0.5464 0.1394  0.9496
ey'? only 0.3723 0.8116 0.7030 0.1881  0.7433
Jointdy'? andey!? 0.1495 0.1502 0.8271 0.2453  0.0101*
TrivariateRegression dy'2, ey'?, r
dy*? only 0.7016 0.5474 0.8857 0.3523  0.9691
ey'? only 0.0849 0.2583 0.6519 0.2966  0.7915
Jointdy!'? andey'? 0.0097** 0.0111* 0.7897 0.4082  0.0010**
r only 0.0399* 0.1063 0.3802 0.1279  0.9318
Jointdy'?, ey'?,»  0.0105* 0.0312* 0.7260 0.0984  0.0018**

Thetablelists p-valuesof joint testsacrosshorizonsk = 1,12, 60. P-valueslessthan5% (1%) are
asterbed* (**). dy'? denoteghelog dividendyield, ey'? thelog earningsyield andr theshortrate.
Japars regressiongmarked by 1) areperformedin levels,notlogs. The datasetis monthly MSCI
data,from 1975:02-1999:12or the US, UK, Franceand Germaty, andfrom 1978:01-1999:12or
Japan.

Table6: Pooled-CountrfExcessReturnRegressions

TrivariateSystendy'2, ey'2, r

k=1 k=12 k = 60
LamontSystemdy'? andey'? dy'?  0.0719 0.0726  0.0860
k=1 k=12 k=60 (0.7884) (0.7119) (1.0057)
dy'?  -0.0234 0.0352 0.1084 eyl? 0.0236 -0.0521  -0.0613
(-0.2803) (0.3594) (1.2303) (0.4626) (-1.0446) (-1.7079)
eyl? 0.0046 -0.0590 -0.0593 r -1.7334 -0.6554  -0.3357
(0.0859) (-1.1053) (-1.4923) (-2.5247)* (-1.1852) (0.8094)
x? Testp-values x? p-values
J-test 0.2605 0.5343 0.1667 J-test 0.1001 0.3960 0.1397
dy,ey=0  0.9592 0.5167 0.2253  dy,ey,r=0 0.0851 0.4849 0.1451
dy,ey=0  0.4951 05653 0.1613
r=0 0.0116* 0.2359 0.4183

The predictabilityregressionj; ., = a + 28 + €i1r 1 Wheregu, = 12/k(ys41 + -+ + Ypyn) IS

the cumulatedandannualized:-periodaheadeturnwith instruments:;, is estimatedointly across
theUS, UK, FranceandGermaly, constraininghe coeficientsto bethe sameacrosscountries(see
AppendixE for details).Japaris excludedfrom estimatiorbecaus®f ashortersampleandnegative

earningsyieldsduring 1999. The constantsn the regressionsareallowedto differ acrosscountries
(andarenotreportedin thetable). We reportthe Lamontsystemwherez; = (dy'? ey'?) andatri-

variatesystemwith z; = (dy'? ey'? r;), wheredy'? andey'? denotethelog dividendandearnings
yields respectiely, andr is the annualizedone-monthshortrate. T-statisticsof the predictability
coeficientsarein parentheseandarebasedn Hodrick (1992)standarcerrors.In the x? teststhe
J-testis atestof the over-identifying restrictionsandthe othertestsreferto joint testof coeficients
equallingzero. T-statisticssignificantatlevelsgreatetthanthan95%areasterixed*. Thedatasetis

monthly MSCI data,from 1975:02-1999:12
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Table7: Cross-CountryPredictabilityof ExcessReturns

k US dy!? USey!'? usr Localdy'? Localey'? Localr

Local Marketis UK
1 -0.4806 0.1215  -3.2367 0.5282 0.5427 -2.0319
(-1.1352)  (0.2201) (-1.5434) (1.0346) (1.0204) (-1.1247)
12 -0.3486 0.2964  -0.4831 0.4699 -0.1061 -0.8179
(-1.1527) (0.8534) (-0.2761) (1.2299) (-0.4139) (-0.6138)
60 0.0467 -0.0024  0.6602 0.3559 -0.1419 -0.6771
(0.0532) (-0.0052) (0.4802) (1.1660) (-1.2958) (-0.4557)

Local Marketis FR
1 -0.6061 0.6967 -3.0557 0.0512 -0.0188 0.1898
(-1.8558)* (1.7115) (-1.1329) (0.2383) (-0.2786)  (0.1090)
12 -0.3639 0.3448 -1.3904 0.0991 -0.0622 0.3813
(-1.1643) (1.2332) (-0.7624) (0.5041) (-1.0004) (0.4261)
60 0.0527 -0.1538 0.6449 0.1095 -0.0292 0.3064
(0.0330) (-0.2238) (0.3249) (0.4004) (-0.3712) (0.7332)

Local Marketis GER
1 -1.0831 0.8229 -4.1665 0.6142 0.0012 0.0589
(-2.6604)**  (1.8206) (-1.7929) (1.4097) (0.0081) (0.0205)
12 -0.6014 0.4281 -1.4525 0.5002 -0.1343 -1.1546
(-1.5260) (1.3244) (-0.9198) (1.2788) (-1.0086) (-0.4912)
60 0.1639 -0.1531 0.1716 0.2981 -0.1729 0.8250
(0.1153) (-0.2313) (0.0982) (0.8964) (-1.7115) (0.5810)

Local Marketis JAPT

1 -6.9948 3.6414 -1.9965 0.1794 0.0011 -0.4109
(-0.5427)  (0.6959) (-0.9995) (1.0262)  (0.0145) (-0.2348)

12 7.0783 -1.3938 -1.5191 0.1658 -0.0166 -0.4580
(0.5893) (-0.2835) (-0.8545) (0.8256) (-0.2091) (-0.3125)

60 16.8843 -5.0788 -0.1481 0.0568 0.0173 0.0583
(0.4863) (-0.6249) (-0.1294) (0.2003)  (0.4359)  (0.0589)

We regresdocal excessequityreturnsg; , , of horizonk ontoUS instrumentsandlocalinstruments.
Hodrick standarcerrorsareusedto calculatet-statisticsgivenin paranthesesI-statisticssignificant
atthe 95% (99%) level areasterixed* (**). Theregressiongor Japararerunin levelsfor dy'? and
ey'? (notlogs).
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Table8: Cross-CountryPredictabilityof ExcessReturnsy? Tests

Base Local BasePred LocalPred
UK  0.1639 0.1761
us FR 0.3016 0.9773
GR 0.0498* 0.2441
JP 0.7870 0.5249
US 0.8656 0.0213*
UK FR 0.5197 0.9311
GR 0.6385 0.6695
JP 0.4137 0.4154
US 0.5299 0.0306*
FR UK  0.3826 0.1797
GR 0.9929 0.6612
JP 0.6355 0.1822
US 0.4925 0.0491*
GR UK  0.2993 0.1587
FR 0.4666 0.9912
JP 0.0250* 0.6342
US 0.5905 0.0013**
JP UK  0.4989 0.1619
FR 0.9183 0.2911
GR 0.9322 0.6202

We regresdocal excessequityreturnson basecountryinstrumentsindlocal instrumentgdy 2, ey'?
andannualizedshortratesr). For example,thetop entryregressetJK equity excessreturnson US
instrumentsand UK instruments;the secondentry regressed-renchequity excessreturnson US
instrumentsand Frenchinstruments We reporty? p-valuetestsfor the hypothesiof basecountry
predictability(“BasePred”)andlocal countrypredictability(“Local Pred”)ata one-montthorizon.
P-valueslessthan5% are asterided *, thoselessthan1% areasterided**. Regressiongor Japan
(indicatedby 1) arerunin levels,notlogs.
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Table9: US Predictabilityof ForeignExcessReturns

Coeficients x? PredictabilityTests
k USdy!? USey!? USr dy'?, ey'? r dy'?, ey'?, r
UK onUS instruments
1 -0.2954 0.6406 -4.3467 0.1107 0.0354* 0.1867
(-1.2797) (1.8791) (-2.1040)*
12 -0.1080 0.2140 -1.1907 0.6400 0.4651 0.8233
(-0.5372) (0.8931) (-0.7305)
60 0.2872 -0.1720 0.2219 0.8947 0.8036 0.8584

(0.4010)  (-0.4460)  (0.2487)

FRon US instruments

1 -05716 0.7090 -3.0522  0.0679  0.1789 0.1179
(-2.2632)* (2.1677)*  (-1.3422)

12 -0.3033 0.3647 14670  0.4244  0.4004 0.5711
(-1.1262)  (1.2971)  (-0.8410)

60  0.3506 -0.2421 0.3816 0.8133  0.7547 0.8258

(0.3277)  (-0.4238)  (0.3124)

GRonUSinstruments

1 -0.6258 0.7185 25147  0.0279*  0.0708  0.0308*
(-2.4711)* (2.6343)**  (-1.8071)*

12 -0.3903 0.4392 -1.1823  0.1366  0.2607 0.1989
(-1.4450)  (1.9760)*  (-1.1247)

60  0.3340 -0.3268 1.2753 0.1431  0.3402 0.0910

(0.2691)  (-0.4968)  (0.9537)

JPon USinstruments

1 -0.2984 0.5406 25062  0.2503  0.1667 0.4201
(-1.0893)  (1.5631)  (-1.3828)

12 0.0469 0.2005 -1.8474 03647  0.2339 0.5681
(0.1673)  (0.6744)  (-1.1903)

60  0.9097 -04119  -0.1968  0.3525  0.8254 0.3183

(0.7357)  (-0.5853)  (-0.2207)

PooledEstimation(excludingJP)on US instruments

1 -0.4706 0.6607 -3.4119  0.0061** 0.0032**  0.0036**
(-2.8419)** (3.1855)**  (-2.9440)**

12 -0.2682 0.3153 12001 01341  0.1683 0.1690
(-1.6076)  (2.0033)*  (-1.3776)

60  0.2883 -0.2506 0.6361 0.3242  0.4708 0.3839

(0.3771)  (-0.6151)  (0.7212)

We regressUK, FR, GR and JP excessequity returnsg;. . for horizonk on US instrumentsonly
(US dy'?, ey'? andannualizedshortratesr). Thelastpanelpresentshe estimationsof predictabil-
ity coeficientsconstraininghe coeficientsto be the sameacrosscountries,excluding Japan.The
constantsn the regressionsare allowed to differ acrosscountries(and are not reportedin the ta-
ble). T-statisticsof the predictabilitycoeficientsarein parenthesiandarecalculatecdusingHodrick
(1992) standarderrors. In the x? tests,we performa joint testof coeficientsequallingzeroand
reportp-values.For thejoint estimatiorthe x2 p-valuesfor a J-testof over-identificationare0.2876,
0.0940and0.6197for k = 1, 12 and 60 respectiely. P-valueslessthan5% (1%) are asterixed *

(**) .
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Table10: Cross-CountrPredictabilityof ExchangeRateReturns

k. USdy'? USey'? usr Localdy'? Localey'?  Localr

US-UK ExchangeRateReturn

1 -0.1618 0.0846 -2.3076 -0.5544 0.0014 1.9074
(0.8279) (0.2819) (-2.2235)* (-2.3974)*  (0.0061) (1.7577)*

12 -0.1189 0.5339 -2.1985 -0.2221 -0.3607 0.9876
(-0.6261) (1.9995)* (-2.5520)* (-1.0779) (-2.0673)* (1.2725)

60 -0.0202 0.0551 -0.2927 0.0408 -0.1638 0.0085
(-0.0463) (0.2400) (-0.3894)  (0.2360) (-2.4828)* (0.0105)

US-GRExchangeRateReturn
1 0.6462 -0.1047 0.0707 -0.8342 0.0790 -0.0619
(3.2389)** (-0.4852) (0.0514) (-3.8443)** (0.9796) (-0.0385)
12 0.5111 0.0105 -0.8178 -0.7206 0.1011 0.0671
(2.5128)* (0.0607) (-0.8983) (-3.5886)** (1.2660)  (0.0505)
60 0.2615 -0.1337 0.4888 -0.2570 0.0459 -0.0697
(0.5061) (-0.5518) (0.6322)  (-1.9243) (0.9329)  (-0.1090)

US-JP ExchangeRateReturn
1 4.7153 -6.0483 0.0012 0.2085 -0.0666 3.7250
(0.5470) (-1.6499) (0.0007)  (1.5573)  (-1.2474) (-2.2651)*
12 -0.4377 -1.7852 -1.4859 -0.0136 0.0256 1.6005
(-0.0519) (-0.6045) (-1.1226) (-1.1096)  (0.4801)  (1.5244)
60 11.5440 -3.6162 0.2162 -0.1345 0.0227 0.1839
(0.4527) (-0.6076) (0.2755)  (-0.7003)  (0.9389)  (0.2619)

x? TestsJointAcrossHorizonsk = 1, 12,60

us Local ShortRates  Yields  All Variables
US-UK 0.1876 0.0615 0.2869 0.0465* 0.0000**
US-GR 0.2982 0.1449 0.5286 0.0051** 0.0000**
US-JP 0.0162 0.0002** 0.0049** 0.0047** 0.0000**

We regressexchangeratereturnsé; ., (expressedn dollarsperforeign curreng) onto US instru-
mentsandlocal (foreigncountry)instruments We investigatehorizonsk = 1, 12 and60. Hodrick
standarderrorsare usedto calculatet-statisticsgivenin parenthesesT-statisticssignificantat the
95% (99%) level areasterixed* (**). Theregressiondor Japararerunin levelsfor dy'? andey!?
(notlogs). The bottompanelreportsp-valuesof x? testsjoint acrosshorizonsk = 1, 12, 60 for ex-
changeratepredictability The columnlabeled‘US” testsjoint predictabilityof US dividendyields
dy'?, earningsyieldsey'? andUS shortratesr. The columnlabeled‘Local” testsjoint predictabil-
ity of foreign countrydy'2, ey'? andr. The columnlabeled“Short Rate” testsfor joint US and
foreigncountryr predictability Thecolumnlabeled'Y ields” testsfor joint US andforeigncountry
dy'? andey!? predictability Finally, the columnlabeled“All Variables’testsjoint predictabilityof
all US andforeigncountryinstrumentsP-valueslessthan5% (1%) areasteribed* (**).
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Tablell: Predictabilityof US Cashflav Growth

Panel A Monthly MSCI Data1975:02- 1999:12

UnivariateRegressions TrivariateRegression
Jointx? tests
E  dy'?only ey'? only dy'? ey!? r k p-value
DividendGrowth
1 0.0187 0.0325 -0.0773 0.1316 -0.3899 1 0.0929
(0.8584) (1.4840) (-1.5712)  (2.0094)*  (-0.6604)
12 0.0121 0.0252 -0.0786 0.1696 -1.0409 12 0.0046**
(0.4627) (1.0222) (01.5810) (3.3896)**  (-2.4520)
60 -0.0068 0.0010 -0.0486 0.0768 -0.56373 60 0.0000**

(-0.1341)  (0.0386)  (-0.1917)  (0.5684)  (-1.7697)
1,12,60 0.0000**

EarningsGrowth

1 -0.0496 -0.0524 -0.0201 0.0001 -0.5350 1 03272
(-1.7145)  (-1.4867)  (-0.1876)  (0.0008)  (-0.9218)

12 -0.0695 -0.1019 0.1274 -0.1029  -1.5681 12 0.0020*
(-1.9793)*  (-2.4530)*  (1.2425)  (-0.8554) (-3.1758)*

60 -0.1198 -0.1022 0.2395 -0.2105  -0.6542 60  0.0029*

(-1.6343)  (-2.2915)*  (0.9584)  (-1.5339)  (-1.8304)
1,12,60 0.0000**

Panel B QuarterlyS&P Data1952:qtrl - 1999:qtr4

UnivariateRegressions TrivariateRegression
Jointy? tests
E  dy'?only ey'? only dy'? eyl? r k p-value
DividendGrowth
1 0.0218 0.0510 -0.1773 0.2123 -0.4448 1 0.0000**
(1.0589) (2.8944)** (-5.5105)** (5.4212)** (-1.6237)
12 0.0113 0.0362 -0.1517 0.1692 -0.3666 12 0.0008**
(0.5129) (2.0304)*  (-5.1372)** (4.8437)**  (-1.3685)
60 0.0007 0.0125 -0.0798 0.0721 -0.0825 60 0.0001**

(0.0584) (1.4616)  (-2.5831)* (3.1690)** (-0.5354)
1,12,60 0.0000**
EarningsGrowth

1 -0.0973 -0.0721 -0.2083 0.1229 -0.7354 1 0.0055*
(-2.9309)*  (-2.3000)* (-2.3237)*  (1.3630)  (-1.6867)

12 -0.0860 -0.0978 -0.0148  -0.0652  -0.7793 12 0.0027*
(-2.4085)* (-3.0500)**  (-0.1618)  (-0.7598)  (-1.8278)

60  -0.0590 -0.0760 0.1552 -0.1908 0.1241 60  0.3693

(-1.4615) (-2.6924)**  (1.3119) (-2.1677)*  (0.2921)
1,12,60 0.0364*

We runthepredictabilityregressiory, 2, = a+ 2,3+ er+,; Wheregi2, = 12/k(gi2,+---+g;2,)
is the cumulatedandannualized:-periodaheadgrowth rateof earningqor dividends) with instru-
mentsz; andk isin months.One-periodog growth ratesof dividendsareconstructegimilarly. The
variablesin z; includedy}?, log dividendyield usingdividendssummedover the past12 months,
eyi?, log earningsyield using earningssummedover the past12 months,andr;, the annualized
risk-freerate (1 monthEURO ratein PanelA andthe 3 monthT-bill ratein PanelB). In PanelA,
we usemonthly MSCI data.In PanelB, we usequarterlyS&P data. Thelastcolumnlists p-values
of x? testsfor joint significanceof all threeinstrumentsn the trivariateregressiorfor horizonsk.
T-statisticsarein parentheseandcalculatedusingHodrick standarcerrors. T-statisticssignificant
at95% (99%)aredenotedwith * (**). P-valueslessthan5% (1%) arealsomarkedwith * (**)
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Table12: Pooled-CountryPredictabilityof Cashflev Growth Rates

DividendGrowth EarningsGrowth

k dy'? eyl? r x? p-val dy'? eyl? r x? p-val

1 -0.0849 0.0544 0.1228 0.0155* 0.1505 -0.3664 -0.1929  0.0000**
(-3.0797)** (2.6216)** (0.5291) (2.1300)* (-4.3137)**  (-0.4478)

12 -0.0379 0.0228 -0.3567 0.0920 0.4218 -0.5148 -2.2115  0.0000**
(-1.3022) (1.2352) (-1.7638) (6.1882)** (-7.1127)** (-6.1564)**

60 0.0152 -0.0099 -0.1418 0.6610 0.2337 -0.2297 0.0823 0.0000**
(1.0057) (-1.7650) (-0.9202) (3.0799)** (-5.3331)**  (0.3360)

Thepredictabilityregressiory; 7, = a+z,6+ €11 1, Whereg,?, = 12/k(g;3,+---+g,7,) isthe
cumulatedandannualizeds-periodaheadgrowth rateof earninggor dividends),with instruments
z; andk is in monthsis estimatedointly acrosgsheUS, UK, FranceandGermaly, constraininghe
coeficientsto be the sameacrosscountries(seeAppendix E for details). Japanis excludedfrom
estimationbecausef a shortersampleandnegative earningsyields during 1999. The constantsn
theregressionareallowedto differ acrosscountries(andarenot reportedin thetable). T-statistics
of thepredictabilitycoeficientsarein parentheseandarebasednHodrick (1992)standarderrors.
The x? testis ajoint testthatall the 3 coeficientsequalzero. T-statisticssignificantat 95% (99%)
aredenotedwith * (**). P-valueslessthan5% (1%) aredenotedwith * (**).
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TableA-1: Null Model VAR Estimation

ConstanandCompaniorForm
const Companiorform A

Null Model
K Tt—1 gt—1 Pot—1
T 0.0002 0.9711 0.0000 0.0000
(0.0001) (0.0140)
Gt 0.0216 -0.2894 -0.0078 0.0079
(0.0012)
po; -0.0222 1.2894 0.0078 0.9921
(0.0012) (0.0900) (0.0105) (0.0010)

Alternative PresentvalueModel
1% Tt—1 gt—1 POt—1
T 0.0002 0.9711 0.0000 0.0000
(0.0001) (0.0140)
gt 0.0125 -0.2452 0.2739 0.0096
(0.0037) (0.0597) (0.1669) (0.0036)
po; -0.0104 0.0584 0.0204 0.9867
(0.0024) (0.9690) (0.2237) (0.0044)

ConditionalVolatilities andCorrelations

Volatility ConditionalCorrelations
o Tt gt Dpo¢
T 0.0007 1.0000
(0.0000)

¢ 0.0647 0.1038 1.0000
(0.0137) (0.0318)

po;, 0.0351 -0.1758 -0.8496 1.0000
(0.0129) (0.4035) (0.1874)

We estimatehemonthly VAR X; = u+ AX; 1 + €, ¢ ~ N(0,%) of X; = (r; g: pot)’, where
r is the continuously-compouttedrisk-freerate, g; is monthly (unobsered) earningsgrowth and
po; is the monthly (unobsered)log payoutratio. We setA;> = A3 = 0, wheresubscriptsdenote
matrix elementgrow andcolumn). Estimationof the Alternative VAR proceedsn two steps.First,

we estimatethe equationfor r, on US EURO 1 monthrates. Secondholding theseparameterss
fixed, we estimatethe remainingparameterén pu, A, andX: using SimulatedMethodof Moments.
We matchthe first andsecondnomentsof MSCI dataon log earningggrowth andlog payoutratio

which usesummedearningsand dividendsover the pastyearin their construction. We also use
the cross-momentf current(annual)growth and (annual)payoutwith laggedone-yeagrownth and
payout. The Alternative Model is exactly identified. To estimatethe Null Model we hold fixedthe

covariancematrix X from the Alternative Model. Thenusingfirst andcross-momentwe estimate
wandA. TheNull Model's VAR is estimatedsubjectto therestrictions:

A 0 0
A= Ao Ago Ags .
1—Ay —Azp 1— As

The Null Model is over-identified. A x? testof the overidentify restrictionyields a statistic of
0.4710,which hasa p-valueof 0.9252.
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Theleft columnshows coeficients in theregressionj+r, = o+ 2,8 + €ix 1 Whereg,y, = 12/k(yi+1 +

-+ + ;1 x) is thecumulatecandannualized:-periodaheadeturn,with instruments;;, = dy;? (log dividend
yields)in thetoprow, z; = ey;? (log earninggields)in themiddlerow andz; = (dy;?, ey;?)" in thebottom
row. Theright columnshaowst-statisticsfrom theseregressionsHorizonsk areon the x-axis.

Figurel: CoeficientsandStandarderrorsfrom US Regressions
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Figure2: DividendRegressionsn 5 Countries
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Figure3: EarningsRegressionsn 5 Countries
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Figure4: LamontRegressionLoeficientsin 5 Countries
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Shortratecoeficientsandt-statisticsconstructedisingHodrick standarcderrorsfrom thetrivariateregression
Girk = a + 210 + €1k, Wheredy, = 12/k(yi+1 + - - - + ye+x) IS thecumulatedandannualized:-period
aheadreturn, with instrumentsz; = (dy;? ey;?r;)’. The shortrater; is annualized.We reportonly the
coeficienton r;. Horizonsk areonthe x-axis. For Japardividendyields dy; 2 andearningsyieldsey/? are
in levels,for theothercountrieshesearelog dividendandearningyieldsrespectiely.

Figure5: ShortRateCoeficientsin TrivariateRegressionsn 5 Countries
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