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1 Intr oduction

A largebodyof empiricalwork hasaccumulatediocumentingexcessstockreturnpredictability
Amongthe mostpopularpredictorsarethe nominalinterestrate andthe dividendyield.! The
dividendyield appeargo be the mostpopularstockreturnpredictorusedin appliedwork, but
morerecentlyLamont(1998) and Campbelland Shiller (1988) argue that the earningsyield,
hasindependentorecastingpower for excessstockreturnsin additionto thedividendyield.

Thedebateon whatdrivesthe predictabilitycontinueslt mayreflectirrationalinvestorbe-
havior andhencebeexploitablein tradingstratgies(seeCutler, PoterbaandSummerg1989));
it may reflect time-varying risk premiums(Kandel and Stambaugh(1990)), Campbelland
Cochrang1999),Bekaertand Grenadier(2000)); or it may simply not be presentn the data.
This lastpossibility gainscredulity consideringhelong list of authorscriticizing the statistical
methodologiesn the predictability literature. The coeficients on the predictorvariablesare
biased sincethesevariablesaretypically persistentendogenousegressorsorrelatedwith re-
turnsinnovations(Stambauglf1999)). The standardocuson long-horizonregressionss prob-
lematic from a numberof different perspecties. The distributions of the R? (Kirby (1997))
andthe t-statisticson the coeficients, (Richardsonand Stock (1989), Richardsorand Smith
(1991),Hodrick (1992)andValkanw (2000))in long-horizonregressionsare severely shifted
to the right, leadingto overrejectionof the no-predictabilitynull. Researchersften forget
to properlyinterpretvarioustestsover differenthorizonsby providing joint tests(Richardson
(1993)). Finally, the possibility of decade®f datamining cloudsary inferenceregardingpre-
dictability for US stockreturns(Lo andMacKinlay (1990), Foster SmithandWhaley (1997)
andBossaertandHillion (1999)).

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 threestochastictatevariables,
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
a (near)constantxpectedexcessreturnvariant,in which the expectedgrossreturnon equity
equalsa constanmultiple of the shortrate.

1 For predictability of excessstockreturnsby the nominalinterestrate see,amongothers,Famaand Schwert
(1977),Campbell(1987), Breen,Glostenand Jagannatha(i989), Shiller and Beltratti (1992),and Lee (1992).
Amongthoseexaminingthe predictive power of the dividendyield on excessstockreturnsare FamaandFrench
(1988),CampbellandShiller (1988,1989),GoetzmanmandJorion(1993,1995),Hodrick (1992),Goyal andWelch
(1999)andValkanaor (2000).



Giventhe considerablestatisticalchallengesn establishingpredictability we preceedour
analysisof the datawith an extensive Monte Carlo analysisunderthe null of no predictabil-
ity. Our analysisincorporatingearningsyields largely corroborateghe resultsof Boudoukh
andRichardsorn(1993),Hodrick (1992),andRichardsorand Smith (1991)who suggestedhat
thefinite samplepropertiesof the long-horizonregressiorn-statisticsimprove dramaticallyby
removing the moving averagestructurein the error terms,inducedby summingreturnsover
long horizons,in constructinghe standarcderrors.For brevity, we will referto thesealternatve
standarcerrorsasHodrick (1992)standarcerrors.As GoetzmanrandJorion(1993,1995)point
out, standardvionte Carlo analysisignoresthe fact that yield variablesinvolve the inverseof
price, an endogenousariable,which is alsopresentin the denominatorof the returnon the
left handside. They conductbootstrapexercisesthat imposethis constraint,but their boot-
strapkeepsdividendsnon-stochastiat their datalevelsandthereforeignoresthe cointegration
relationbetweendividendsand price levels that characterizesational pricing. By simulating
the constanexpectedreturnvariantof our earningsmodel,we accommodatéhis endogeneity
constraintin anentirely coherentvay.? It remainstrue thatthe Hodrick standarcerrorsarefar
superiorin conductinginferenceandhave nggligible sizedistortions,whereaOrdinary Least
SquaregOLS) or Hansen-HodricK1980)standarcerrorsleadto severeover-rejectionsof the
no predictabilitynull atlong horizons.

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, Japanandthe
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 alsoimposeshis constraint,but their solutionto
thepresentvaluemodelis only approximatelytrue.



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

Theremainderof the paperis organizedasfollows. Section2 setsout the empiricalframe-
work, includingthe presentvalueearningsmodelandthe predictabilityregressions Section3
describeghe econometriestimationthe Monte Carloanalysisanddescribeshe data.Section
4 considerghe predictabilityin US returns,whereasSection5 investigatesandcomparegre-
dictability in all 5 countries. Section6 investigategpredictability acrosscountries. Section7
concludesandoffersaninterpretatiorof our results.

2 Theoretical and Econometric Framework

2.1 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 theconstanyg of the conditionalequity premium,notthe constang of expectedstockreturns.
Building presentvaluemodelsthatimply constanexcessstockreturns but allow time-varying

interestratesis anon-trivial matter Most of therecentwork on presentvaluemodelswith time-

varyingdiscountratesbuildson CampbellandShiller (1989)who, by linearizingreturnsaround
steadystatelog pricedividendratios,obtainatractabldinearpresenwvaluemodelin whichit is

straightforvardto imposethe constanyg of expectedexcessreturnswhile allowing for variation
in interestrates.More recently thetermstructuremodelsin theaffine class(seeDuffie andKan

(1996))have beenappliedto stockpricing to yield tractablepricing equationsn mary settings
without linearization(seeAng andLiu (2001)andBekaertand Grenadie (2000)). We deviate
from this literatureby presentinga modelfor price earninggatios.

Stockreturnsfromtime ¢ to ¢t + 1 canalwaysbe decomposeds:

Vi = P+ Dy _ EAi 1 PE 1 + POy
= P, EA, PE,

whereP, is thestockpriceattime ¢, D, is thedividendpaidattimet + 1, PO, = D;/FE A, is
thepayoutratio of dividendsD; to earningst A;, PE; is theprice-earningsatio. Definingg; as
log growth in earningsy, = log(E A,/ E A1) andpo, asthelog payoutratio po, = log(PO,),



we have:

PE, 1 + exp(posi1)
PE,

1)

Y= eXP(QtH) )

In this pricing framework, we have decomposedlividend growth into earningsgrowth anda
payoutratio. Fromatheoreticabperspectie, dividendgrowth shouldsuffice to price stocks but
our decompositiomrmay yield moreaccuratepricing formulasin finite samples.First, in finite
samplesusingdividendsmay be problematic,sincethey areoften manipulatedsmoothedor
setto zero,makingthempoor indicatorsof the true value-rel@ant cashflavs in the future. It
is no surprisethatin therealworld analystsalmostentirely focuson earningggrowth. Second,
thedecompositiorsimply increasesheinformationsetfor prediction,andwill includeamodel
thatfeaturesonly dividendgrowth asa specialcase.

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+AXi 1+ ¢ (2)

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

ZHWDW], (3)

=1

Pt:Et

wherell,; is the stochastiaiscountfactor applyingto payofs at time ¢ + i. To ensurethe
absencef arbitrage(HarrisonandKreps(1979)) we modelthe one-periodog pricing kernel
my1, Suchthat:

1
Mypyp1 = — T4 — 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 parameterd = [u/, veq A)’, vechX)’, +']' so that the
trans\ersalitycondition

hm iy Py =0
1—00

is satisfiedyuling outbubbles.



Proposition2.1 In thiseconomythe price-earningsatio is givenby:

o0

exp(a(i) + b(1)' Xy) (5)

P

PE, =
YT EA,

wheee a(i) andb(i) are givenby therecursiverelations:
a(i+1) = a(i) + (ex +b(2))' p + (ea + b(4)) Ly + %(62 + b(1))' S(ez + b(1))
b(i +1) = —eq + A'(eg + b(i)) (6)

with startingvalues:

a(1) = (ex + € (1 + ) + 5 (o2 + e3)'Eles + €3)
b(l) = —€1 + A/(eg + 63) (7)

wheee; is a 3x 1 vectorof zeoswith a 1 in thesth place

The b(i + 1) term revealsthat an increasein the shortrate decreaseshe price earnings
ratio, unlessit simultaneouslypredictshigherearningsgrowth in the future with a feedback
coeficient larger than1 (4,; > 1 wheresubscriptsdenotematrix elements). Similarly, if
earningsgrowth shaws 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. Usingthe factthatlog dividend
growth g¢; canbewrittenasgy,;, = Apo.y1 + gi+1, thisis accomplishedby setting:

COVy (Mg i1, gfl+1) = COVy (41, AP0ty + Gev1)-

Obselrvation 2.1 For thethree-factorX; = (r; g; po;)’ systemo yieldthesamepricing relation
asa two-factormodelusing(r; g¢)’ the pricesof risk of dividendgrowth, earningsgrowthand
log payoutratio (4, 7. and-y,, respectivelyustsatisfy:

Yd = Ye = Ypo (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, = 7,, = 7.

The expectedexcesssimple returnand volatility will be a constantmultiple of the gross
shortratein this economyunderthe following sufficient conditionsstatedn thefollowing two
corollaries:



Corollary 2.1 Suppose¢he companiormatrix A in the Vlector Autoregressionfor X; takesthe
form:

A= Ag A Ags . (9)
1— A21 _A22 1— A23
Thenthe conditional expectedsimplerisk premiumis a multiple of the grossshort rate and
givenby:

E¢[Yi41 — exp(ry)] = (¢ — 1) - exp(ry) (10)

wheee ¢ = exp(—(es + e3)'2y). Theunconditionalexpectedsimplereturnis givenby:
1
E[Yi1 — exp(ry)] = (¢ — 1) - exp(fs + 557) (12)

whee ji, ands? are theunconditionalmeanandvarianceof r; respectively

The simpleexpectedexcessreturnis a multiple of the nominalrate. Hence,a regressiorof
Y11 — exp(r;) onthe nominalratewould actuallyyield a positive coeficient equalto ¢ — 1.
However, the scaledexpectedreturn,E,[Y; 1/ exp(r;)] is constanandequalto c¢. The constant
c is afunctionof the correlationbetweerdividendgrowth innovations(the sumof the earnings
growth and payoutratio innovations)with the pricing kernel. The predictability regressions
typically runin theliteraturedo not correspondo ary of thesetwo conceptssincethey uselog
returns, ;1 = log(Y;41) — 4. It is straightforvardto shav thatup to secondorderterms,the
expectedog risk premiumwill be constanin this homosledastiomodel. We alsoverifiedthis
resultby simulation.

It turns out we can also solve for the conditionaland unconditionalvolatility of equity
returnsandtherisk premium,undertherestrictionsof equation(9).

Corollary 2.2 If the companionmatrix A takesthe form in equation(9) thenthe conditional
volatility of the simplerisk premiumis a multiple of the grossshortrate andgivenby:

var, (Y, 1 —exp(ry)) = ¢ - [exp((ea + e3)'E(es + e3)) — 1] exp(2r¢) (12)

whee c = exp(—(es +e3)'Xv). Theunconditionalvarianceof thesimplerisk premiumis given
by:

var(Y;; — exp(r,)) = var(Y;) + (1 — 2¢) exp(2fi, + &°)(exp(52) — 1) (13)

whee i, and? are the unconditionalmeanand varianceof r; respectivelyand the uncondi-
tional varianceof the simplegrossreturnvar(Y;) is givenby:

& - exp(2i, +62)[exp(0? + (ca + e5)/Sea + e)) — 1]

6



Equation(12) shonvstwo characteristicef the conditionalvolatility of equityreturns.First,
the conditionalvolatility of equity returnsis relatedto the level of interestrate. Many studies
have empirically documentedh stronglink betweerthe conditionalvolatility of equityreturns
andinterestrates(seefor example,Glosten,Jagannathaand Runkle (1993)). However, note
thatthis effect would disappeaif we measureghereturnasY,,;/ exp(r;) or in logs. Second,
the conditionalvarianceis positively relatedto the conditionalcovariancebetweerthe pricing
kernelanddividendgrowth, andto theconditionalvarianceof dividendgrowth (es +e3)' % (es +
es).

The modelwith the restrictionsin equation(9) will sene asthe datageneratingprocess
(DGP) underthe null andwill alsohelp usinterpretour empiricalresults. If the restrictions
arenotimposedgxpectedreturnsvary throughtime, but sincethe modelis homoslkedasticthe
time-variationis likely to be modestin magnitude Notethereareno restrictionson .

What do the restrictionsin equation(9) actually mean? Imposingthe restrictionsfrom
equation(9) allows the conditionalmeanfor log earningsgrowth andlog payoutratio to be
written as:

Ei[gi41] = g + Aoiry + Agoge + Agspoy
Ei[poii1] = pipo + (1 — Aoy)ry — Asagy + (1 — Asgz)poy (14)
Note thatlog dividendgrowth ¢¢,;, = Adyy1 = g141 + Apoi1. Henceunderthis economy
expectedconditionaldividendgrowth is equalto aconstaniu, + 1, plusthecurrentshortrate:
Ei[g1] = Etlger] + Ee[pora] — poy
= g + fpo + Tt (15)

Normally, wheninterestratesmove awayfrom theirunconditionameantheresultingchange
in discountratesandpriceswould inducepredictablecomponentsn returns.Therestrictionon
thecompaniorform A engineeranoppositecashflav effectthatneutralizegheprice-decrease
inducedby the interestrate change. This effect would alsohappenin a standardequilibrium
Lucas(1978)-typeeconomy In an equilibrium settingthe constant:, + 1, would berelated
to the degreeof risk aversionof therepresentatie agent.

2.2 Predictability Regressions
Themainregressiorwe considelis:
Jek = @+ Bz + €rynk (16)

where
Uk = (12/k)((yegr — 7re) + -+ + (Yegke — Tepk—1))

7



is the annualizedk-month excessreturnfor the aggr@atestock market, andy; ., — 7, is the
excessl monthreturnfrom time ¢ to ¢t + 1. All returnsare continuouslycompounded.Our
PresentvalueModelimpliesthatE,(g;, ) 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}?, and continuouslycompoundednonthly shortrater;. The superscript? indicates
thatthedividend(earningsyieldsusedividends(earningssummecdoverthe pastl2 monthsin
their construction.

Thelog payoutratio po;? is linearly relatedto the dividendyield andearningsyield po}? =
dy}? — ey}?. Thethreepredictive instrumentsareendogenoumstrumentsn our Presentalue
Model. However, they shouldcapturethe predictability presentunderthe null of the present
valuemodel,becausehereis a one-to-ondalbeitnon-linear)mappingbetweerearningsyield,
dividendyield andthe shortrate and our threestatevariables. Onereasonvariablessuchas
dividendyields may predictfuture returnsmore generallyis the presenceof price in the de-
nominator On the onehand,the presencef price on both sidesof the regressiormayworsen
smallsamplebiasesn theregressiongseeGoetzmanrandJorion(1993)). On the otherhand,
sincepricereflectsall informationaboutfuture expectedreturnsandcashflav growth rates,its
presencenay capturegenuinepredictability If the Presentvalue Model we presentis truth,
pricewould not be necessaryo capturetime-variationin expectedreturns,andall information
shouldbe capturedoy thethreestatevariables or transformation®f them.

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

vk (€p) = i + Bz + uj (17)

whereg;, , arek-periodannualizedexcessequity returnsin local curreng for countryi, and
e; ., arek-periodannualizedxchangeatereturnsUSD perforeigncurreng for foreigncountry
1. Theinstrumentsn z, we considerarelog dividendyieldsfor the US, log earningsyieldsfor

theUS, andone-montlrisk-freeratesfor the US, andthe foreigncountrycounterpartef these
variables Notethataswe usecontinuouslycompoundedeturnsg;s{ = g;,, + e, ;.

The regressionsan equationg(16) and (17) can be estimatedoy OLS. We considerthree
estimatorof the standarderrors.First, OLS standarderrorsareappropriataf thereis no serial
correlationof the error term and the error termsare homosledastic. Theseare the standard
errorsusedby Lamont(1998) andwe usethemasa benchmarkevenwhenk > 1, in which
casethey will likely underestimatehe true samplingerror Secondto accountfor the over
lap in theresidualsfor £ > 1 andto capturepotentialheteroskdasticityin returns,we usea

8



heteroskdasticextensionof HanserandHodrick (1980)standarcderrors. Using GMM the pa-
rameters) = (o' (4;)’)’ in equation(16) have anasymptoticdistribution (seeHodrick (1992))
VT (0 —6) X N(0,Q) whereQ = Z;'S0Z5 %, Zo = E(zy2}), =, = (12}) and S, is estimated
by:

k—1

So = C(0) + Y _[C(4) + C(5) (18)

)

<

where
1 T

C(j) = T Z (wt+sz/€—|—k—j)
t=j+1

andw;r = €4kkx¢. This estimatorof S, is not guaranteedo be positive semi-definite.If it

is not, we usea Newey-West(1987)estimateof S, with k lags. We will referto thesestandard
errorsasRolustHansen-HodricKk1980)standarcerrors.

Finally, we reportwhatwe will call Hodrick (1992)standarderrors. This estimatorexploits

covariancestationarityto remove the overlappingnatureof the errortermsin the standarcerror
computation. Insteadof summinge; x into the future to obtainan estimateof .S,, Hodrick

(1992)sumsz;z;_; into the past:

T
N 1 ,
SO = T tEk wktwkt (19)

where
k—1
wky = €i4+1,1 (Z fL’tz’) .
i=0

In our Monte Carlo analysiswe run a horserace betweenthesethree estimators. We find
Hodrick standarderrorsto be far superior and mostof our resultswill exclusively focuson
t-statisticscomputedwith the Hodrick standarcerrors. Readersiot interestedn the detailsof
the Monte Carlo analysiscanskip Section3, althoughwe feel thatit containssomeimportant
results.

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:

~ /
yt+k1 = akl _'_ ﬂkl Zt _'_ ut+k1

Ytk = O, + Bp, 2t + Uppr, (20)



Denotethe vectorof coeficients 3 = (ay, 3, ... ax, 5, ). In practice,an estimate? of 3 is
obtainedby performingOLS on eachequation. Appendix E detailsthe constructionof joint
testsacrosshorizonsaccomodatingdodrick standarcerrors.

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:

Uiy = i + Biz) +ujp (21)

fori = 1... N countriessubjectto therestriction3; = 3 Vi, butimposingno restrictionson «;
acroscountries.We take i = US, UK, France Germaly, Japan.The econometricainderlying
thepooledestimationis detailedin AppendixF.

2.3 DataDescription

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 Decembef 999for theUS, UK, FranceandGermaly andfrom Januaryl978
to Decemberl999for Japan.MSCI provide dividendandearningsyields which usedividend
andearningssummedover the past12 months. Although this is restrictve, monthly earnings
levels are impossibleto usebecauseahey are dominatedby seasonatomponentsgiven that
mostfirms have a Decembeiendcalendaryeat

Table (1) reportssummarystatisticsof returnsand instruments.The historicallog equity
premiumis around7.5%in the Anglo-Saxoncountries6.9%in FranceandGermaiy andonly
3.6%in Japan.Excesgeturnvolatility is over 18%in all countriesexceptfor the US whereit
is only 15%. All threeinstruments thelog dividendyields dy'?, log earningsyield ey'? and
shortratesr arehighly persistent.

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 priceandtotal returnindicesdueto a differentialtax treatmenticrosghetwo series’®

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.
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We checled our resultsby re-constructinghe total returnusingthe MSCI dividendyield dy!2
with the pricereturnandfoundthemto be unchanged.

3 Finite SamplePropertiesof Various Estimators

Our analysisof the small samplepropertiesof the estimatorsproceedsn two steps. In the
first sub-sectionye describethe resultsof a Monte Carloanalysison returns,earningsyields,
payoutratios and shortratesthat sufficesto mimic the regressiongn Lamont(1998). Since
Lamont(1998)usedOL S standarcderrorsto establiststrongpredictabilityresultsjt isimportant
to ascertainthat they survive small samplebiases. In the secondsub-sectionwe calibrate
our PresentValue Model of the price-earningsatio anduseit asthe DGP for a Monte Carlo
analysis. We solely use US datafor the Monte Carlo analysesput the resultsare so clear

cutthatthereis little reasonto suspecthey would not extendto DGP’s calibratedusingother
countrysdata.All Monte Carloexperimentause5,000replications.

3.1 An Empirical Trivariate Model

Lamont(1998) regressesxcessstock returnson dividendyields, earningsyields and payout
ratios,bothunivariatelyandbivariatelysincethe threevariablesaretotally linearly dependent.
In someregressionshe addsthe Treasurybill rate asa regressoy but doesnot find it to be

significant. To examinethe small sampleperformanceof theseregressiortests,we investigate
thefollowing DGP#

o = iy + 0y
Ty = ty + Pogry_y + 06
ey’ = pe + Pazey,>y + Paupo, + o€l
poi® = pip + Pusey,y + Pupoy?| + o€l (22)

where g, is the 1 month excessreturn, 7; denotesthe annualizedshortrate, ey is the log
earningsyield andpo;? is thelog payoutratio. Theerrorse; = (¢}, €2, €3, €}) ~ 1ID N(0,9),
with correlationmatrix Q.

We estimatethis modelon US MSCI dataanduseit to generatesmall samplesf the same
length (299) as the datasetsusedin the empiricalwork in the other sections. We thenrun
regression®f theform:

Ui =+ 28 + e

4We also examineda simpler DGP eliminating the shortrate equation. The small samplepropertiesof the
variousestimatesandthe OLS biaseswveresimilar to whatis reportechere.
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wherey; ., arethe cumulatedandannualized:-monthaheadexcessreturns,andz; arepredic-
tor instruments.We setk = 1, 12 and60. We take z; = dy;? (dividendyield regression),
z = ey,? (earningsyield regression),z; = (dy/*ey;?)’ (Lamont(1998)5s regression)and
z = (dy?ey*r,) (trivariateregression). To consere space,we relegatethe tableswhich

containtheestimatiorresultsfor the DGR, the simulationresultson the coeficients(to examine
finite samplebias)andthe simulationresultson the t-statistics(to examinesizedistortions)in

theaboveregressionso anAppendix,whichis availableuponrequestHerewe reportthemain
results.

Sinceour instrumentsandreturnsarelik ely to be negatively correlated yegressionof ex-
cessreturnson ary of our instrumentsvould suffer from the well-known persistenregressor
bias(seeStambaugt{2000)),which will biasthe regressioncoeficientsupward. This is most
obviousfor theyield instrumentdecausef the presencef pricein theirdenominatobut short
rateinnovationsandreturninnovationsare alsonegatively correlated(correlation=-0.1107).
However, in multivariateregressionsit is nolongerpossibleto signthe biasandit maywell be
thecasethatthebiasis lesssevere.

Our resultsreveal that the coeficientson all regressorsn virtually all regressionsare up-
wardly biased.The univariateupwardbiasis largerfor the earningsyield thanfor the dividend
yield, asthe earningsyield is slightly more persistenthanthe dividendyield, andit varies
between0.07and0.11 dependingon horizon. In bivariateregressionsthe earningsyield bias
worsensbut the dividendyield biasbecomeginy. Whenthe shortrateis addedtherolesare
reversedwith large upward biasesfor the dividendyield coeficient (between0.07and0.16),
virtually no biasfor the earningsyield, anda substantialpward biasfor the shortrate coefi-
cient(betweerD.09and0.17dependingon horizon).

Secondall threeestimatorsshav very small sizedistortionsfor £ = 1. Hence the useof
the heteroskdasticity-correctiongnnecessargiventhe homosledasticDGPR, doesnot leadto
sizedistortions.For k£ = 12 andk = 60, the OLS estimatoy which fails to correctfor serial
correlation,not surprisinglyperformsvery poorly. For example,for & = 12, morethan50%
of the simulatedsamplesyield OLS t-statisticshigherthanthe 5% asymptoticcritical value,
with that numbergoing up to 78% or morefor £ = 60. The heteroskdasticity-consistent
Hansen-Hodriclstandarcerrorestimatobehaesbetterfor k£ = 12 with empiricalsizesfor 5%
testsvarying betweenl2.6%,and15.9%but for £ = 60, the empirical sizesexceed49%. In
contrast,the Hodrick standarderrorsshaw virtually no sizedistortionfor £ = 1 andk = 12,
but areslightly conserative for £ = 60. Theworstsizedistortionoccursfor the earningsyield
coeficientin thetrivariateregressionwhereonly 2.2% of the experimentsyield t-statshigher
thanthe 5% critical value.

Takentogethey our Monte Carlo analysisof the differentestimatorsoverwhelminglysug-
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gestsusingHodrick standarderrors. It alsosuggestshatthe useof OLS or Hansen-Hodrick
standarcerrorsmay frequentlyleadto the wronginference,n particulartheir usemayleadto
thefalserejectionof the null of no predictability

3.2 The PresentValue Model Empirical Results

The DGPin the previous sectionignoresthe factthatprice appeardothon theright handside
andtheleft handside of the regression.Allowing for correlationin the innovationsis helpful,
but doesnot fully capturetherelationbetweerthe left handandright handsidevariables.The
Presentvalue Model presentedn Section2 underthe parameterestrictionsthat ensurethe
absencef predictability(seeCorollary 2.1),accomplisheshefull endogeneityf price.

To performthe Monte Carlo analysiswe have to estimatethe parametersu, A, 3, v). We
proceedn two steps.First, we estimatethe VAR parametergu, A, 3). Secondwe calibratey
to fit theobseredequitypremiumin thedata.We cando sobecausey, = v,, (SeeObsenration
2.1)andwe setthe price of interestraterisk to zero,sothat~ is a scalar Thelatterassumption
is motivatedby thefailure of mostterm structurestudiesto rejectthatpricesof risk for interest
ratefactorsarezero(seethediscussionn Ang andPiazzes{(2000)).

We turn first to the VAR parameteestimation,which is complicatedby the factthat our
MSCI datausesearningsand dividendssummedup over the pastyear (we obsenre earnings
growth ratesg;? andlog payoutratios po;?) but our PresentValue Model requiresmonthly
earningsand dividends(we do not unobsere monthly growth ratesg, andlog payoutratios
po;).> If EA, denotesnonthlyearningstheng;? is relatedto g, by:

12 ( EA +FEA  +---+ EA_ 1 )
g, =lo

FA 1 +FEA 5+ -+ FEA_1
— 1o EAt_n(l 4+ e9t-10 .. | 6(9t—10+---+gt))
= log EAt—12(1 + e9t-11 + ... €(gt*11+"'+gt71))

= g1 + log(l 4910 L e(gt710+---+gt))
—log(1 + %1 + -+ 4 elgrritoe)) (23)

In addition,if D, denotesmonthly dividendsthenpo,? is relatedto po, by:
12 ( D+ Dy 1 +---+ D13 )
po;” = log
EA, +FA_1+ -+ EA_1
EAtfll{epot—ll —'— ePOt—megt—lo _|_ e + €p0te(gt_10+gt—9+“'+gt)]
- log ( EAt—ll[l + e9t-10 ... e(gt—10+"'+gt)] )
= lOg(epot—ll + e(p0t710+9t710) 4+ 4 e(pot+gt*10+9t79+“'+gt))

_ log(l gt oLy e(gt71o+--~+gt)) (24)

5 We constructy}? atamonthlyfrequeny from earningsyieldsey;? usingg;? = log(ey;i?/eyt2, x P/ P;_1).
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Equationg23) and(24) shav thattherelationbetweemmonthly growth ratesandpayoutratios
andtheir counterpartsisingearningsanddividendssummedover the pastyearis highly non-
linear. In particular theuseof summingpastearningsanddividendsoverthepasttwelve months
will potentiallyinducevery high autocorrelatiorupto 11 lags.

To estimatethe VAR on X; we use SimulatedMethod of Moments(SMM) (Duffie and
Singleton(1993)). We useatwo-stepSMM procedureandimposea restrictedcompaniorform
A where A, = A;3 = 0. The latter assumptioris motivatedby an analysisof a VAR on
(¢ g+% por?), in which we fail to rejectthat no variablesGrangefcauseinterestrates® In the
first step,we estimatethe equationfor », on US EURO 1 monthratessincewe have monthly
dataon interestrates. In the secondstep,holding the parametersor r; fixed, we estimatethe
remainingparameterin A, p andX usingthe first andsecondmomentsof g2 andpo;?. We
alsousethemomentsn E[X 2 X}?],] relatingto g} andpo}?. Thelaglengthis setat 12 since
thefirst 11 lagsareaffectedby theautocorrelationnducedby the non-lineaffiltersin equations
(23) and(24). We computethe weightingmatrix usingthe data,so we neednot iterateon the
weightingmatrix.

Table (2) reportsour results. We reporttwo estimations,an Alternative Model which is
exactly identified,and the Null Model which is estimatedsubjectto the restrictionsensuring
constantexpectedreturnsin Corollary 2.1. Focusingfirst on the Alternative Model, payout
ratios are closeto a randomwalk with no other significantfeedbackcoeficients. Earnings
growth on the otherhandshaws little persistenceavith the coeficient on pastearningsgrowth
barelysignificantlydifferentfrom zero.However, high currentpayoutratiospredicthigh future
earningggrowth, perhapsecausehey reflectpermanentatherthantransitoryearnings.High
shortratessignificantlyreducefuture expectedearningggrowth. A 1% increasen interestrates
leadsto a 25 basispointdecreasén expectedearningggrowth.

When we estimatethe covarianceparameter®f the Null Model on the momentsof the
Alternative Model, we obtain a singular covariancematrix, as the correlationof g, and po;
approachesl. Thereforewe hold the covariancematrix > from the Alternative Model fixed,
andestimateu anda restrictedcompanionmatrix A usingthe first the and cross-momentsf
the Alternative Model estimation. Using a x? test, we fail to rejectthe Null Model versus
theAlternative Model with ap-valueof 0.9252.The Null Modelretainstheimportantfeedback
frominterestratesto earningggrownth but makestheinterestratefeedbacko payoutratiosmuch
largerthanbefore. The feedbackrom payoutratiosto earningsgrowth ratesremainsintactas
well, but the earningggrowth rateis nolongerpersistent.

Theestimationof thecovariancematrix 3> hastwo importantfeatures First, the conditional
volatility of innovationsto g, is much more volatile thaninnovationsto g}? (0.0647versus

6 This preliminarydataanalysisis reportedn anunpublishedAppendixtableavailableuponrequest.
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0.0233from anunreported/AR on (r; g% po;?)). Thefilter in equationg23) and(24) smooths
outsomeof thevolatility in earningggrownth by summingearningsoverthe pasttwelve months.
This implies that equity returnswill be more volatile using monthly earningsthan summed
annualearnings Secondshocksto g; andpo; arenegatively correlated-0.8496) whichis true
in the annualdataaswell. This might be dueto the unusualsmoothingthat occursin most
corporatedividend policies. High temporaryearningsare not paid out, so they decreasehe
payoutratio.

The constrained/AR ties down mostof the parametershut we still have to determinethe
price of risk for dividendgrowth. Figure (1) calibratesy = v, = v,, to the obsered equity
premiumin the sample.Thelog risk premiumis producedoy simulationusing100,0000bser
vations,while thesimplerisk premiumis calculatedusingequationCorollary 2.1 (andchecled
by simulation).Settingy = —4.655, we matchboththelog andthe simplerisk premium.The
annualizedrolatility of thelog (simple)excessreturncorrespondindgo ¥ = —4.655 is 0.1367
(0.1387),which s slightly belov the annualizedrolatility in the sample0.1477(0.1472).The
mainsourceof equityreturnvolatility in themodelis thevolatility of payoutratiosandearnings
growth rates sincetherisk premiumis constantin fact,theimplied estimateof the conditional
volatility of dividendgrowthis \/(es + e3)'%(e2 + e3), whichis 0.1368annualized.

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

B B
EAP? FEA+EA 1+ +EA 1 (25)
P I
Focusingfirst ontheearningsyield:
EA? FEA, EA,_P_ EA;, 11 P
t _ t+ t—1 t1+...+ t—11 L t—11 (26)
P P b1 P P P
we notethat PE; = P,/ E A, canbeevaluatedusingPropositior2.1,and
b h B EA  PE_, -1
_ _ 72. 27
-F)t EAt—i EAt Pt PEt [exp(gt +1 + + gt)] ( )
allowing usto evaluateeachtermin equation(26). Thedividendyield canbewritten as:
DP? _ Dy EA, | Dy EA Py Din BAn Pn
k. FEA P FEA . B1 B FAr 1w Poun B
PO; PO;_1 Pi_ PO;_11 P_
_ t+ t—1 t1+"'+ t—11 £ t—11 (28)
PE, PE_, B PE 11 B
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where PO; = exp(po;) and P,_;/ P, canbe evaluatedusingequation(27). The dividendand
earningsyields usedin the regressionsare dy,;* = log(D}?/P;) andey;? = log(EA}?/P;)
respectely.

In Table(3) we reportthe meanandstandardieviation of the empiricaldistribution for the
coeficientsin thevariousregressionsve consider First,in thedividendregressionye continue
to find substantiaupward bias. Interestingly the biasis not worsethanwhatwe find for the
DGP that doesnot explicitly considerthe endogeneityof price in Section3.1. Goetzmann
andJorion(1993)claim thatconsideringorice endogeneitgxplicitly considerablyvorsenghe
bias. However, their comparisons strainedsincein their DGP with explicit endogeneitythe
dividendyield implicitly follows arandomwalk andHodrick (1992)alsofinds strongerbiases
for aDGPin which dividendyieldsfollow a randomwalk. Our resultsindicatethat modeling
the priceendogeneityexplicitly doesnotleadto largerbiases.

Second,in the earningsregressionwe now find a downward bias, insteadof the upward
biaswe reportedabose. Why mightthis bethecase?n our price-earningsnodelwith constant
expectedeturnsthevariationin returnsis dominatedy variationin earningggrowth rates.The
price-earningsatiois not constanbut is completelydrivenby the payoutratio (seeProposition
2.1andCorollary2.1). Thisimpliesthattheearningsyield, evenwhensummedver 12 periods,
is likely to be primarily negatively correlatedwith the payoutratio, but in the DGP (seeTable
(2)), earningsgrowth ratesand payoutratios are highly negatively correlated,so thatreturns
andearningyield innovationsendup beingpositively correlatedreversingthesignof thebias.
This is not true for dividendyields, sincethe log dividendyield canbe written asthe sumof
thelog payoutratio (negatively correlatedwith the earningsgrowth rateandhencewith return
innovations)and the log earningsyield, and the first effect dominates. Note that the small
samplecoeficientin the dividendyield regressiorhasthe samepositive signthatthe dividend
yield predictability literaturefinds (Famaand French(1988) and Hodrick (1992)), while the
negative smallsamplecoeficientontheearningsyield 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(4) we examinethe sizepropertiesof significanceests.We reportempiricalsizes
for testsof size 10% and of size 5%, but we focusour discussioron the 5% tests. The price
endogeneityalso altersthe absoluteperformanceof the varioustest statistics,but not their
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relatve performance. In particular at £ = 1, the univariate regressionsdisplay negligible

sizedistortions,but for the bivariateandtrivariateregressionsall testsslightly over-rejectat

asymptoticcritical valuesandtheempiricalsizesexceedthe nominalsizes. Theworstdistortion

occursfor thedividendyield coeficientin thetrivariateregressionwith thenominalsizebeing

8.6%for the OLS estimatoy and8.9%for the robust Hansen-Hodrickand Hodrick estimators
(which coincidefor £ = 1). For longerhorizons the performancef the OLS estimatorapidly

deterioratesvith theempiricalsizeexceedingb4%for a 5% testin the dividendregressiorand

exceeding72%in all otherregressionsatk = 60. Accountingfor theoverlapin theerrorterms
usingHansen-Hodriclstandarcerrorsimprovesthe small sampleperformanceut not enough
to yield areliabletest. The empiricalsizefor a5%testat k = 60 is atleast39.1%in the case
of thedividendregression.

Table(4) shows that Hodrick standarcerrorsarefar superiorto OLS andHansen-Hodrick
standarcerrors. For k£ = 12, thereis negligible sizedistortionfor the univariateregressions,
whereador the bivariateandtrivariateregressionsthe sizedistortionis at most4.9%for the
dividendyield coeficient in the trivariateregression(a 9.9% empirical size). Note that the
Hodrick testnow alsooverrejects. For £ = 60, the sizedistortionsactuallybecomesmalley
with the worstsizedistortionoccurringagainfor the dividendyield coeficientin thetrivariate
regression(a7.9%empiricalsizefor the5%test).For theearningsyield regressiontheHodrick
testis conserative with anempiricalsizeof 3.6%. In sum,the Hodrick standarderrorsdisplay
overall far superiorsmall sampleproperties,and using the asymptoticp-valuesis unlikely to
dramaticallyaffect statisticalinference. For that reasonwe will reportthe Hodrick standard
errorsfor all of ourempiricaltests.

4 Predictability in US ExcessStock Returns

Table (5) containsour main resultsregardingthe predictability of US excessstock returns.
To allow comparisonwith Lamont (1998)5s article, we report univariate and bivariateyield
regressionsn additionto our maintrivariatespecification We reportt-statisticsin parentheses
basedn Hodrick standarcderrors.For thefull sampleandlooking overthreehorizons theyield
regressiongroduceonly one significantcoeficient, the dividendyield. This appeardo be a
significantpredictorof excessstockreturnsin the bivariateregressionput its signis negative,
not positive! Lamonton the other handfinds positive coeficientsfor bothyield variablesin
univariateregressionsput a positive coeficient on dividendyields and a negative coeficient
ontheearningsyield in the bivariateregression His main pointis thatthe predictve power of
the dividendyield stemsfrom the role of dividendsin capturingthe permanentomponenof
prices,whereaghe negative coeficient on the earningsyield is dueto earningsbeinga good
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measureof businessconditionswhich capturescountercyclical risk aversion. Accordingto
Lamontthereis informationin earningsanddividendsoverandabove price. Unfortunately our
resultsappearatherinconsistentvith this story. Only for £ = 60 dotheregressiorcoeficients
have the sign predictedby Lamonts analysis,but for long horizonsLamont finds that only
pricematteredln thetrivariateregressionthe samesignpatternappeargor theyield variables:
negative on dividendsandpositive on earningswhich reversedor k£ = 60.

Notethataccountingor biasesvould nothelprecoverthe Lamontpattern.In theunivariate
regressionsthebias-correctedividendyield coeficientwould be evenmorenegative sincethe
biasis positive,andthe negative biasin the earningsyield regressions too smallto reversethe
signof thecoeficients. For thebivariateandtrivariateregressionsaccountingor biasesvould
make the patternwe obsene (andwhich is oppositeto whatLamontfinds) evenmorestriking.

Figure(2) shavsthepatternover differenthorizonsmoreclearlyfor boththeunivariateand
bivariateregressiongtheinclusionof theinterestratedoesnot changethe patternvery much).
In both univariateregressionsthe coeficientson the dividendor earningsyield turn increas-
ingly morenegative until aroundthe 30 monthhorizonafterwhich they startto increasewithout
becomingpositive. In thebivariateregressionwe clearlyseehow the“Lamont-pattern’of pos-
itive dividendyield coeficientsandnegative earningoeficientsrequiressettingk equalto 50
monthsor higher The right handside of the threepanelsshaws the corresponding-statistics
for OLS, RolustHansen-HodrickandHodrick standarcderrors. Giventhe generallack of sta-
tistical significanceijt is clearly pointlessto try andinterpretthe signchangesinterestingly if
we hadreliedonthe OLS or RolustHansen-Hodriclstandarderrors,we would have concluded
therewassignificantpredictive power in the dividendyield variable,which againdriveshome
theimportanceof the simulationexperimentsn 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,two additional panelsin Table (5) report resultsfor
shortersub-samplegliminating eitherthe last 5 or the last 8 yearsin the sample. Whereas
the sign of the coeficients now bettercorrespondgo what Lamont (1998) finds, statistical
significanceis still lacking. Lettauand Ludvigson(2001) alsofind that the Lamont-pattern
doesnot hold with late 1990 datawith a quarterlysamplingfrequeng.

Theresultsdescribedso far are pretty bleakif finding predictabilitywerethe objectve of
this study However, thereis yet anotherregressorin our fundamentaregression,the short
rate. Whatever the sampleperiod we use,the shortrate enterssignificantly at the 99% level
in the £ = 1 regressionandits impacton the equity premiumis remarkablyrobustin terms
of magnitudeacrossthe varioussampleperiods. A 1% increasen the annualizedshortrate
decreasethe equity premiumby about3.7%. The predictive power of the shortratedissipates
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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 £ = 1, the
dividendyield andearningsyield arealsoindividually significantatthe 5% level.

Finally, following the lead of Richardson(1993), Table (6) reportstestsof predictability
overthreehorizons k = 1, 12and60, simultaneouslyThetablealsolists resultsfor four other
countrieswhichwill bediscussedh thefollowing section.If we now focusonthefirst column,
the US results,we seethatthereis only strongevidencefor yield predictability if we consider
the joint predictability of earningsyields and dividend yields in the trivariate specification.
Despitethe short-lvednatureof the predictablepatternsthe shortratestill significantly(atthe
5% level) predictsexcessreturnsat the onemonth,12 monthand5 yearhorizons.

5 Predictability of ExcessStock Returnsin Five Countries

Our previousresultssuggesthatthe predictability patternsormerly found in US dataappear
notto berobustto theadditionof thelastfew yearsandthatstatisticalsignificanceonly occurs
whenthe shortrateis usedasa predictor It is concevablethatthe lack of predictve power
is simply a smallsamplephenomenongueto the very specialnatureof the lastdecaddor the
US stockmarlket. It is equally probablethat the previous resultsof strongpredictability and
interestingpredictability patternsare a statisticalfluke. Internationalevidenceshouldhelp us
sortout thesetwo interpretation®f the data. If we cannotconfirm the previous predictability
patterndor arny countriesandif yield variablesdo not appearo predictstockreturnsin other
countiesjt seemdik ely thatdatamining andotherstatisticalproblemshave led researcherm
theUS astrayregardingthe predictive 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
(3) displaysthe dividendyield coeficientsandtheir t-statisticsusing Hodrick 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(6) fail to rejectthenull of no predictability The coeficient patternan thethreeother
countriesaremoreakin to theseprevalentin the US in earliersamplesjn thatthe coeficients
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increasewith horizon, but in both Franceand Germaury they startout negatve. In Japanthe
individual coeficient for dy'? is borderlinesignificantin the univariateregressiorandthejoint
testacrosshorizonsin Table(6) rejectsatthe 10%level.

In Figure(4), werepeathesamegraphdor theearninggield regressionTheearninggield
predictabilitycoeficientsagainaresimilarfor 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 (6) fail to rejectthe null of no predictabilityin
FranceandGermaliy but thereis aborderlinerejectionin Japan(atthe5.7%level) andarejec-
tion atthe 5% level in the UK. Inspectionof the UK coeficientsin Figure(4) 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 (5) simply shows the coeficient patterns.Again (not
reported)theindividualt-statisticausingHodrick standaraerrorsbarelyeverreachsignificance.
Two countries JaparandFrance shav a patternsomeavhatreminiscenbf the Lamontfindings,
with negative coeficientsfor the earningsvariableand positive onesfor the dividendyield at
shorthorizons. In France,the coeficientsfurther diverge asthe horizonlengthenswhereas
in Japarthey converge. The UK patternof the coeficientsis similar to thatin Francebut the
initial earningsyield coeficientis actuallyslightly positive. In Germary, 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 (6)). However, this may be dueto a multicollinearity
problemin theregressiorfor Japarn(seebelow).

The coeficient patterngor theyield variablesthatwe obsenre for the bivariateregressions
qualitatvely persistfor thetrivariateregressiongexceptfor Japanyandhencewe do not shav
themin a figure. However, the t-statisticsare generallysomeavhat larger, resultingin joint
rejectionsof thenull of no predictve powerfor theyield variablesn threecountriestheUS, the
UK andJaparatthe1%level. Sotheyield variablesappeato have somepredictve powerwhen
consideredogethermndoverthreehorizonssimultaneouslyHowever, thepatternin coeficients
we seeis very differentacrosscountriesanddiffersfrom whatLamontfound, exceptin Japart.

’ For Japanyve obsene a Lamontpatternat shorthorizons(lessthan15 months)out at horizonslongerthan15
monthsthe earningsyield coeficientsbecomepositive. The dividendyield coeficientsarelessthanthe earnings
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Figure (6) displaysthe coeficient patternsfor the annualizedshortrate andits associated
t-statisticsin the trivariateregression. Strikingly, this coeficient patternis muchmorerobust
acroscountriesandasimilar shapéor 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(6), only the US shortrateretainssignificantpredictve power at the 5% level, which
is not surprisinggiven the patternof the coeficients and t-statisticsin Figure (6). Whatis
surprisingis the very high p-valuefor Japan.Inspectionof the graphrevealsthanthejoint test
happendo selecttwo &’s out of only a smallsetof £’sthatyield coeficientscloseto zero.

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 effect is limited to the shortforecastinghorizon (mostly one month). The shortrate coef-
ficientis not significantly differentfrom zerofor all countries. Table (6) reportsjoint testsof
predictabilityfor thethreecoeficients. Thenull of no predictabilityis rejectedatthe 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 pooltheestimatioracrosountries.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 (7) reportspooledpredictability coeficients,
t-statisticsandjoint tests. We alsoreporta testof the over-identifying restrictions,described

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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in AppendixF. 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-statisticancreasewith 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 coeficientincreaseso -0.34 at
k = 60 but losesstatisticalsignificance.Jointtestsacrossthe threevariablesfail to rejectthe
null of no predictabilityfor all threehorizonsat the 5% level, but the testwould rejectat the
10%level for k£ = 1. We concludethatthe only robustandsignificantpredictorof excessstock
returnsin 5 countriesappearso betheshortrate.

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 predictablecomponentsf returns.To investigatehis, we extendour trivariateregression
to a 6 variableregression,looking at pairs of countries. This set-upis an extensionof the
regressiongun by Bekaertand Hodrick (1992), who regressedequity and foreign 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(8) 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 Franceatthe5% level andin Germaiy atthe1%level.
Hence the strongespredictability patternis a cross-countreffect. The sign of the coeficient
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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,relatie to its valuein the domestictrivariateregressiorwe studiedbefore.
For Franceand Germauy, it evenbecomegositive. However, the US shortrate enterswith a

negative signin every regressiorandthe magnitudeof the coeficientis large, varyingbetween
-2.00in Japano -4.17in Germalry. 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 theinstrumentof thedominantstockmarket,
the US. To examinethis further, Table (9) reportsp-valuesfrom a seriesof joint testsof pre-
dictability. Thefirst set,labeledwith US as”Base} concerngheregression®f Table(8). 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
thetrivariateregressionsve reportedearlier The US instrumentgointly only significantlypre-
dict Germanexcessreturns.In the othersub-panelswe make othercountriesthe basecountry
For example,in thesecondsetwe look atexcessreturnsin theUS, France Germary andJapan
andour predictorinstrumentssompriselocal andUK instruments.

We find a numberof interestingsignificantpredictability patternsin Table (9). 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 excessreturns.Secondyve find only two signif-
icantbasecountrypredictors:USinstrumentgredictGermarreturns andGermannstruments
predictJapaneseeturns.Finally, thelocal predictabilityresultsconfirmtherejectionsve found
for theUSin Table(6), 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 theregularestimation.

Theresultsin Table (9) may be weak becausef the inclusionof too mary highly corre-
latedregressorsTherefore Table(10) reportspredictabilityresultsusingonly US instruments,
including a pooledestimation.The resultsareindeedstrongerthanwhatwe reportedin Table
(8). First, long-horizonpredictability remainsratherweakto non-eistent. Secondthe yield
variablesretaintheir sign patterns(a reverseLamontpattern)and are now significantin both
FranceandGermaly. The US shortrateconsistentlyhasa negative signandis now significant
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in the UK and Germary. Overall, the US instrumentspredict excessequity returnsin these
countriesbetterthanthe local instruments!'Whenwe pool the estimationacrosscountrieswe
find very strongresults,with all threecoeficients being significantat the 1% level® A 1%
increasdan the US dividendyield reduceghe equity premiumin othercountriesby about50
basispoints,anincreasen theearningsyield increaseternationakisk premiumsby about65
basispoints,whereasanincreasdn the US shortrate of 1% decreasethe equity premiumby
almost3.5%. It maybethatUS factorsdominateglobaldiscountratesandthatthis leadsto the
obsenred pattern,but it seemshardto comeup with aninternationalasset-pricingnodelthat
would 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-
jectionsof this hypothesisrecenttestsyield wealer results(seeBekaertandHodrick (2001)).
In Table(11) 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 1990 we includeonly
theUS Dollar-DeutschMark exchangerate.

In the Unbiasednessteratureit is customaryto regressforeign exchangereturnsor ex-
changeratechange®ontothe forward premiumor interestdifferential,an exercisewhich typi-
cally resultsin strongnegative slopecoeficients. In our framework, this would correspondo
finding negative coeficientsontheUSinterestrateandpositive onesontheforeigninterestrate.
This patternis only valid for the pound;in the othercountriesthe US interestrate enterswith
a positive signandis not statisticallysignificantlydifferentfrom zero. In the UK bothinterest
variablesare significantly differentfrom zero,whereaghe only othersignificantinterestrate
coeficientis the Japanesaterestratefor the yen equation.Perhapsurprisingly someof the
yield variablesdo seemto have predictive power for foreignexchangeeturnsbut no clearpat-
ternemeges.For example,theUS earningsyield is only significantin the poundequationand
thenonly for £ = 12, whereaghedividendyield is significantfor the DeutscheMark equation
atbothk = 1 andk = 12. Local instrumentsarealsosignificant. For example,UK dividend
yields predictpoundforeign exchangereturns,and Germandividendyields predictMark for-
eignexchangeates.Perhapsuchcomplec patternsarenot surprisingin a globally integrated
world. An internationalpricing modelwill typically requirethe exchangeratechangeto bethe

8 We pool UK, FrenchandGermarreturnsandexcludeJaparbecausef its smallersamplesize.
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differenceof the two pricing kernelsin the two countries so thatfactorsdriving equity prices
in bothcountriesmay affect exchangeratesaswell.

To obtainmorepowerful tests,we alsoconducta numberof joint testsin the bottompanel
of Table (11) 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 poundandMark returns.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 the predictive power of theyield variables.Surprisingly theyield variablesaresignificant
atthe5% levelin the poundreturnregressiorandatthe 1% levelin the Mark returnregression,
but theinterestratevariablesarenot significant.Whereagheliteraturehastypically focusedon
interestrateinstrumentgo predictreturns they do notappeastrongpredictorsrelativeto yield
variables.Third, joint testsstronglyrejectthe null of no predictabilityin bothregressionsWe
concludethatfor foreign exchangepredictabilityreturns thereis strongpredictabilityby yield
variablesbut not by interestrates theinstrumentsisedin the standarditerature.

7 Conclusions

Thepredictableeomponentin equityreturnsuncoveredin empiricalwork overthelast20years
have hadadramaticeffectonfinanceresearchTheoreticakesearcton 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)shaws thatearningsyields have independenpredictive power. In this
article, we posethe questionwhetherthis predictabilityis real. After carefully accountingfor
smallsamplepropertienf standardests,our answelis surprisingbut important.We shaow that
the standardpredictability patternsare not statisticallysignificant,not robust acrosscountries
or sampleperiodsandfail to conformto the economicinterpretatiorgivenby Lamont(1998).
Moreover, thereis no evidenceof long-horizonpredictabilityin any of the5 countrieswe ex-
amine. In this sensethe predictabilitythat hasbeenthe focusof mostrecentfinanceresearch
is simply notthere.

Neverthelesswe do find that stock returnsare predictable,calling for a re-focusof the
predictabilitydebatein threedirections. First, our resultssuggesthat predictabilityis mainly
a short-horizonnot a long-horizon,phenomenon Second the strongespredictability comes
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fromtheshortrateandnotfrom yield variableswith pricein thedenominatarTheresultthatthe
shortratepredictsequity returnsgoesbackto at leastFamaand Schwert(1977),but somehav
recentresearcthasfailedto addressvhat might accountfor this predictabilityandhasmostly
focusedndividendyield predictability Third, therearetantalizingcross-countrypredictability
patternghatappeartrongerthandomestigredictabilitypatterns Theemegenceof aglobally
integratedcapitalmarket overthelast20 yearsshouldrefocusresearchowardsdeterminant®f
globaldiscountrates.

We hopethat our resultswill, in the shortrun, affect the assetallocationliterature,which
often hastaken predictability of the dividendyield variableas given, andin the longerrun,
will stimulateresearclhon theoreticalmodelsthat might explain the predictability patternswe
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;G; 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} Xo — 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+ B7) + 5(e2 + e3) ez + e3)
and
b(l) = —e] + Al(€2 + 63)
To provetherecursve relation,assumehis relationholdsfor :. Thenusingiterative expectations:
Eo[IL; 11Gi11 PO 1] = Eg lexp(ml +g1) - Eq leXP (Z mitj + 91+j) eXp(pOiH)”
j=1
~ Bo [exp(—ro = 327+ 7'e) exp(es X expla(i) + b0 )|
1
= exp(—€1Xo — 578y + a(i)) Eolexp(v'er + (e2 + b())' (1 + AXo + €1)]
=exp(a(i+ 1)+ b(i + 1) Xo) (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;4iG 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+1 + gs+1, —&+1) in our systemwith statevariables(r; g; po;)’. We notethat
C()\/t(ApOt+1 + gt+1, _£t+1) = —(62 + 63)/2’}/.

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

Covi (g q, —€rr1) = —ehXy?

Imposingequalitybetweerthesetwo expressionsve have thefollowing relation:
Vr(Org + 0rpo) + 7y (‘73 + g,p0) + Ypo(Tg,po + 01210) = Vg"r,gd + 754034 (B-1)

wherey = (7,7, 7p0)’ from our three-fctorearningsgrowth andlog payoutsystemandy? = (¢ ’yjd)’ from a
dividendgrowth system.Notethat

Opgd = COVi(Te41, APOt+1 + Gi41) = Orpo + Oryg

and
05 = COV¢(Apoi1 + Gig1, Apor1 + Gi1) = Oy + 204 po + 0

Hencewe canre-writeequation(B-1) as:
2 2 _ .d 2 2
Y90y T (g + Ypo)Tg,po + VYpoOpo = Vg (Ug + Og,po + Upo) (B-2)

Thisrelationis satisfiedf v, = v,, = 'y‘gid-

C Proofof Corollary 2.1

LemmaC.1 Undertherestrictionfor A in equation(9) the coeficientsb(i) = es Vi.

e

We canverify thatb(i) = es in therecursverelationin equation(6) by directsubstitution.

Proof: Fromtheinitial conditionfor b(1) in equation(7) we have:

—14+ Ag1 + (1 — As)
Azo — Aso
Ass + (1 — Agg)

b(1) =

Usingequation(1) we canwrite:

1

E[Yi41] = PE, {Et[exp((62 +e3)' Xi11) + Ey

Vit Z
" PE,

i=1

Z exp(a(i) + (e2 + 63)/Xt+1)] }

(C-1)
notingthatb(i) = e3 Vi from LemmacC.1. ThetermV; is givenby:

1
Vi = exp((e2 +e3)'u + (e2 + e3) AX; + 5(62 +e3)Y(eq + e3))

1
=exp((ea +e3)pu+ (e1 +e3) X¢ + 5(62 +e3)Y(es + e3)) (C-2)
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wherewe substitute(e; + b(7))" = (e; + e3)’ = (e2 + e3)’ A and Z; is givenby:

= 1
Zy = Zexp(a(i) + (ea +e3)'n+ 5(62 +e3)'S(e2 +e3) + (e2 + e3) AXy)
i=1
[ee]
= Z exp(a(i + 1) — (ez + e3)'Sy + (e1 + e3) X
i=1

= (Z exp(a(i + 1) + e X;) + exp(a(l) + efo,Xt)> -exp(e] Xy — (e2 + e3)'Xy)

—exp(a(l) +e53X;) - exp(e] Xy — (ea +e3)'T7)
= PE; -exp(€) X; — (e2 + €3)'2y) — V4 (C-3)

Hencethe expectedsimpletotal returnis:

E¢[Yi11] = ¢ - exp(ry) (C-4)
wherec = exp(—(es + e3)’X~). Thesimplerisk premiumis givenby:
Ei[Yir1 —exp(ry)] = (¢ — 1) - exp(ry) (C-5)
whichis zeroif v = 0.
Theunconditionakisk premiumis:
E[Y;41 —exp(r)] = (¢ — 1) - exp(fir + %63) (C-6)

whereji,. anda? aretheunconditionaimeanandvarianceof r; respectiely.
Notethatwe canalsowrite the expectedsimpletotal returnas:

1+A
Et[Yt+1] = P—EtVt (C'7)

whereA is givenby:
A=Y explali))
i=1
Equatingequation(C-4) andthe expressiorfor PE; in equation(C-7) allows usto obtainanexpressiorfor A:

1+ A 1
A exp((e2 + e3)'p + 5(62 +e3)'Y(ex + e3)) = exp(—(e2 + e3)'¥7)

or substitutingfor a(1):

! EA - exp(a(1)) = 1.
Hence
S ep(a(i)) = _PD) _

D Proof of Corollary 2.2

The conditionalsquaredsimpletotal returnis givenby:

0o 2
BY2] = SiBr [exp((en + )/ Xen) + Y explali) + (es +3)/ Xii)
t i=1
Qi +2S; +Wy) (D-1)

- PEg(
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where

Q: =E; [eXp(2(62 + 63)/Xt+1)]
= V2 exp((ez + e3) L(es + €3)) (D-2)

whereV; is givenby equation(C-2),

St =E;

> exp(ali) +2(e2 + 63)/Xt+1)]
i=1

= AQ: (D-3)
whereA is givenby equation(C-8) and

Wi =E;

Z exp(a(i) + (e2 + 63)IXt+1)]

— A2Q, (D-4)
Hencethe conditionalexpectationof the squaredsimpletotal returnis:

(1424 + A2)
E( Y72, = PRz Q1

A)2
- % -Vi? exp((e2 + e3) X(ea + e3)
t
= (Eq[Ry+1])? - exp((e2 + e3) S(e2 + e3) (D-5)

wherethe lastexpressiorresultsfrom substitutingn the conditionalsimpletotal returngivenin equation(C-7).
We canwrite the conditionalvarianceof the simpletotal returnas:

varn (Yey1) = B [Y2] — (Be[Yea])?
= (B[Yi11])” (exp((e2 + e3)'E(ez +e3)) — 1)
= ?lexp((ez + €3)' B(eq + e3)) — 1] exp(2r4) (D-6)

wherec = exp(—(e2 + e3)'27). This is alsothe conditionalvarianceof the simplerisk premium. Note that
(e2 + e3)'E(es + e3) is the conditionalvarianceof dividend growth but expressedn earningsgrowth andlog
payoutratios.

To look atunconditionalvariancesve usetheformula:

var(Ye1) = E[var (Yei1)] + var(Ee (Y1)
Thefirst termis givenby:
E[var (Yii1)] = Zlexp((ea + e3) S(ea + e3)) — 1] exp(2fi, + 62) (D-7)
whereji,. anda? aretheunconditionaimeanandvarianceof r; respectiely. The secondermis givenby:
var(E;(Y;11)) = ¢®var(exp(r;))
= & exp(2i; + 57)(exp(6?) — 1) (D-8)
CombiningequationgD-7) and(D-8) we have:
var(Yi 1) = ¢ - exp(2fi, + 72)[exp(62 + (ea + e3)'E(ea + €3)) — 1] (D-9)
Theunconditionalvarianceof the simplerisk premiumis:

var(Yiy1 — exp(r:)) = van(Yiy1) — 2cov(E; (Yii1), exp(r:)) + var(exp(r:)
=var(Yi11) + (1 — 2c)var(exp(r)) (D-10)

wherevar(Y;. 1) is givenin equation(D-9) andvar(exp(r;)) = exp(2ji,. + 52)(exp(52) — 1).
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E TestingPredictability AcrossHorizons

Themomentconditionsfor the systemin equation(20) are:

ht+k1 Ut 4k Tt
Bzt | : | =B : |=Buea) =0 €1

ht+k:n Ut k,, Tt

wherex; = (1z;),a K x 1 vectorandusiy = (Ustgy - - Utk )
FromstandardsMM vT'(0 — 0) ~ N(0,Q) with Q = Z;'SyZ, !, Zo = (I, ® E(z:x})) and

So = E(ht+15h2+1}) = E((UHEUHE) ® (xtl’;)) (E-2)
The Hodrick(1992)estimate§”T of Sy is givenby:
A 1
Sh = TW’W (E-3)

whereW isaT x Kn matrix W = (Wy, ... Wy, ) whereW, T' x n is givenby Wy, = (w} ;... wy,,), and
Witk K x 1, is:

k—1

Wtk = €41 (Z wt—i) , (E'4)
=0

sinceunderthe null of no predictability the one-stepaheaderrorse;; = u;11 areuncorrelatedcand u;,, =

ei+1+ -+ + eryp. DenOtingX = (2, ...2%), T x K, anestimateof Zgl is givenby:

- 1
Zp' = 7 (I ® (X'x)™h (E-5)
To testthe hypothesi<’3 = 0 we usethe Newey (1985)x? test:
(CBYICQC"T OB ~ Xane (E-6)

with QO = Z;180. 2.1,

F TestingPredictability Pooling Cross-Sectionalnf ormation

Letthedimensiorof z; be(K — 1) sotherewill beatotal of K regressorsincludingtheconstantermsa; for each

of N countries.In equation(21) denotethe free parameter® = (a;...ay8’)’, andthe unrestrictecharameters
stacled by eachequationg = (a1 ...anB)y). We canestimatethe systemin equation(21) subjectto the

restrictionthatC'8 = 0, whereCisa NK x (N — 1)(K — 1) matrix of theform:

0 10 -1 0 ..
0o O0 I 0 —-I ...
C=|. (F-1)
0 00 ... 0 —I
where0 isa (K — 1) x 1 vectorof zeros,O isa (K — 1) x (K — 1) matrix of zeros,andI isa (K — 1) rank
identity matrix.
Denote
Uitk = (37t1+k .- -?jﬁk)/ (N x1)
zl = (1) (K x 1)
Uik = (Upyg- - Upyr) (N x1)
x) 0
X, = (NK x N). (F-2)
0 N
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Thenthe systemcanbewritten as:
Jerk = X{B + ik (F-3)

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

Y =XpB+U subjectoC3 =0 (F-4)
A consistenestimate3 of 3 is givenby:
B — BOlS _ (X/X)flcl[C(X/X)flc«/]71050ls (F-5)

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

E(ht+r) = E(Xiugir) =0 (F-6)
By standardsMM 6 hasdistribution
VT(0—0) ~ N(0,(DySy ' Do) ™) (F-7)
with
Dy =E [ag;; ’“] (F-8)
and
So = E(hesrhi i y) (F-9)

The Hodrick(1992)estimate§’bT of Sy is givenby:

St

T
1
T > whywk (F-10)
t=k

wherewk; (NK x 1) is

k—1
wky = (Z XH> rit. (F-11)
=0

Underthe null hypothesif no predictabilityu;r = e;+1 + ...ei1, Wheree;1 arethe 1-stepaheadserially
uncorrelateaerrors.Thisis the SUR equivalentof the Hodrick (1992)estimatefor univariateOLS regressions.

An estimateD of Dy is givenby:

T
1N Ol
P2 -
D=5 3 Sk, (F-12)
=0
0= (a1...anf’) with
1 ztl/ 0
o 1 ztz/
t+k
B _ F-13
o0’ , (F-13)
0 12N
[Ztl 22l 22 2222 .. 2N thth'J
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Theestimate) hasdistribution
VT (0 —0) & N(0, [Di(S%)~" D] ~1). (F-14)

Thereare (N + K — 1) free parametersn ¢ with VK momentconditions. This givesNK — (N + K — 1)
overidentifying restrictions The Hansen(1982) x? J-testof over-identifying restrictionsis givenby:

J=TH(8%)"'h) ~ X*(NK — (N + K — 1)) (F-15)
with
- 1
h = T Z h{;+k. (F-16)
t=0
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Tablel: SampleMomentsof Returnsandinstruments

us

i dy'? ey r g1 po'?
mean 0.0766 -3.3632 -2.6271 0.0769 0.0689 -0.7364
stdey 0.1477 0.4059 0.3915 0.0340 0.0819 0.1596
p -0.0080 0.9819 0.9839 0.9699 0.0940 0.9871

UK

i dy'? ey!? r
mean 0.0765 -3.0780 -2.4601 0.1027
stdev  0.1848 0.2556 0.3608 0.0347
p -0.0154 0.9601 0.9690 0.9521

France

g dy12 €y12 r
mean 0.0689 -3.2192 -2.8219 0.0948
stdey 0.2088 0.4085 0.6171 0.0473
P 0.0795 0.9803 0.9473 0.8464

Germaly

g dy12 ey12 r
mean 0.0690 -3.3512 -2.7435 0.0576
stdesy 0.1880 0.3324 0.4757 0.0245
p 0.0582 0.9794 0.9812 0.9806

Japan

?j dy12 ey12 r
mean 0.0358 0.0106 0.0284 0.0454
stdesy 0.1911 0.0051 0.0174 0.0302
P 0.0275 0.9808 0.9811 0.9678

Summarystatisticsof monthly excessreturnsand instruments. In the table § representexcess
returns,dy'? log dividendyields, ey'? log earningsyields, » shortrates. Excessreturnsandshort
ratesarecontinuouslycompoundednonthlyreturns.Theequityreturnsarefrom MSCl andtheshort
ratesareEURO 1 monthrates.The excessreturnfor a countryis equalto the equityreturnin local
curreny lessthe EURO 1 monthratefor thatcountry The meanandstandardieviation of § andr
areobtainedby multiplying the samplemeanandstandardieviation by 12 and+/12 respectiely. p
denoteghe sampleautocorrelation Dividend (earnings)ields arefrom MSCI which usethe sum
of dividends(earnings)over the pasttwelve months. The table reportscontinuouslycompounded
growthin earninggatesg'? whichis thegrowth in earningsummedbverthepastyear(t, ...t —11)
to the pastyearbeginningonemonthearlier(t — 1, ...t — 12) for the US. Thelog payoutratio po'?
for the US is the differenceof dy'? andey!?. The sampleperiodis from Feb1975to Dec 1999for
the US, UK, Franceand Germaty andfrom Jan1978to Dec 1999for Japan.Earningsyields for
Japararenggative during1999,sowe reportlevels,insteadof logs, for dividendandearningsyields
for Japan.
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Table2: Null Model VAR Estimation

ConstanandCompaniorForm
const Companiorform A

Null Model
K Tt—1 gt—1 DPot—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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Table3: 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=160
dy12 ey12 r dy12 ey12 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 Modelin Table(2) asthe DGP.
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Table4: 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 1B 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 in Table (2), calculatethe t-statisticsfor eachmethodand recordthe percentagef
obsenationsgreaterthanthe nominalcritical valuesunderthe null hypothesiof no predictability
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Table5: Predictabilityof US ExcessReturns

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)

We estimateaegressionsf theform ¢, = a+ 2,8+ €1k, Wheregr, = 12/k(ypp1+- - - +Yitk)
is the cumulatedandannualized:-periodaheadreturn,with instrumentsz,. Thefirst two columns
containthe coeficients for univariateregressiongz; = dy;?, the log dividendyield, and z;, =
eyt?, the log earningsyield). Columns3 and4 containthe coeficientsfor the Lamontregression
2z = (dy}? ey}?), andthe lastthreecolumnsgive the coeficientsfor the trivariateregressionz; =
(dy}? ey}? ry), wherer; is the annualizedl-monthshortrate. T-statisticsarein parentheseand
calculatedusingHodrick standarderrors. T-statisticssignificantat 95% (99%) are denotedwith *

(**) .
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Table6: PredictabilityAcrossHorizonsin 5 Countries

us 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'?, 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'2,r  0.0105* 0.0312* 0.7260 0.0984 0.0018**

Thetablelists p-valuesof joint testsacrosshorizonsk = 1, 12, 60. P-valueslessthan5% (1%) are
astered* (**). dy'? denotesthe log dividendyield, ey'? the log earningsyield andr the short
rate.Japans (markedby 1) regressiong@reperformedn levels,notlogs.

Table7: Pooled-CountnEstimationgExcludingJapan

TrivariateSystemdy'2, ey'?, 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 ey'? 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 05167 0.2253 dy,ey,r=0 0.0851  0.4849  0.1451
dy,ey=0  0.4951 05653  0.1613
r=0 0.0116* 02359 0.4183

The predictabilityregressionj,.r, = o + 2,8 + €11k, Wheregs, = 12/k(yig1 + - - + Yrsk) IS
the cumulatedandannualized:-periodaheadeturnwith instruments:;, is estimatedointly across
countriesconstraininghe coeficientsto be the sameacrosscountriesseeAppendixF for details).
Japanis excludedfrom estimationbecausef a shortersampleandnegative earningsyields during
1999. The constantsn the regressionsareallowed to differ acrosscountries(andarenot reported
in the table). We reportthe Lamontsystemwherez; = (dy'? ey'?) anda tri-variatesystemwith
2 = (dy*? ey*? ry), wheredy'? andey'? denotethelog dividendandearningsyields respectiely,
andr is the annualizedone-monthshortrate. T-statisticsof the predictability coeficientsarein
parentheseandarebasedon Hodrick (1992) standarcerrors. In the x? tests,the J-testis a testof
the over-identifying restrictionsandthe othertestsreferto joint testof coeficientsequallingzero.
T-statisticssignificantat levelsgreaterthanthan95%areasterixed*.
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Table8: Cross-CountryPredictabilityof Equity Returns

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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Table9: Cross-CountryPredictabilityof Equity Returnsy? 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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Table10: US Predictabilityof ForeignEquity Returns

Coeficients x? PredictabilityTests
k USdy!? USey!? UsSr 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 30522  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 US instruments

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  0.3647  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  0.1341  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'? andannualizedgshortratesr). 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 thepredictabilitycoeficientsarein parenthesiandarecalculatedisingHodrick
(1992)standardcerrors.In the x? tests we performajoint testof coeficientsequallingzero.For the
joint estimationthe x2 p-valuesfor a J-testof over-identificationare0.2876,0.0940and0.6197for
k = 1,12 and60respectiely. P-valueslessthan5% (1%) areasteried* (**).
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Table11: Cross-CountryPredictabilityof 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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Figurel: Risk Premiumfrom the Null PresenvalueModel
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Theleft columnshows coeficients in theregressionj+,, = o + 2,8 + i1 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.

Figure2: CoeficientsandStandardrrorsfrom US Regressions
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Figure3: DividendRegressionsn 5 Countries
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Figure4: EarningsRegressionsn 5 Countries
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Figure5: LamontRegressionLoeficientsin 5 Countries

50



Coefficient

Hodrick T-stat

Coefficient

Hodrick T-stat

Coefficient

Hodrick T-stat

Short Rate Coefficient from Trivariate Regression US Short Rate Coefficient from Trivariate Regression UK
1 T T T 0 T T T

Coefficient

-3 L L L L L

0 10 20 30 40 50

Short Rate Significance in Trivariate Regression US T-statistics Short Rate Significance in Trivariate Regression UK T-statistics
1 T T T T T -0.4 T T T T T

ok i
g
@
i
i
1 i %
5
3
I
2l i
3 I I I I I _18 I I I I I
0 10 20 30 40 50 60 0 10 20 30 40 50
Horizon (months) Horizon (months)
Short Rate Coefficient from Trivariate Regression FR Short Rate Coefficient from Trivariate Regression GR
1 T T T 2 T T T
€
2
S
2
@
o
o
2 I I I I I
0 10 20 30 40 50 60
Short Rate Significance in Trivariate Regression FR T-statistics Short Rate Significance in Trivariate Regression GR T-statistics
1 T T T T T 15 T T T T T
0.5 T
g i
or 1 i 7
v
x
S i
-0.5 T 5
=]
T i
1k 4
15 I I I I I 2 I I I I I
0 10 20 30 40 50 60 0 10 20 30 40 50
Horizon (months) Horizon (months)
Short Rate Coefficient from Trivariate Regression JP
0 T T T
-0.5 T
b 4
-15F T
2 I I I I I
0 10 20 30 40 50 60
Short Rate Significance in Trivariate Regression JP T-statistics
0 T T T T

10 20 30 40 50 60
Horizon (months)

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.

Figure6: ShortRateCoeficientsin TrivariateRegressionsn 5 Countries
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