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1 Intr oduction

A largebodyof empiricalwork hasaccumulateddocumentingexcessstockreturnpredictability.

Amongthemostpopularpredictorsarethenominalinterestrateandthedividendyield.1 The

dividendyield appearsto be themostpopularstockreturnpredictorusedin appliedwork, but

morerecentlyLamont(1998)andCampbellandShiller (1988)arguethat the earningsyield,

hasindependentforecastingpower for excessstockreturnsin additionto thedividendyield.

Thedebateon whatdrivesthepredictabilitycontinues.It mayreflectirrationalinvestorbe-

havior andhencebeexploitablein tradingstrategies(seeCutler, PoterbaandSummers(1989));

it may reflect time-varying risk premiums(Kandel and Stambaugh(1990)), Campbelland

Cochrane(1999),BekaertandGrenadier(2000));or it maysimply not bepresentin thedata.

This lastpossibilitygainscredulityconsideringthelong list of authorscriticizing thestatistical

methodologiesin the predictability literature. The coefficientson the predictorvariablesare

biased,sincethesevariablesaretypically persistent,endogenousregressorscorrelatedwith re-

turnsinnovations(Stambaugh(1999)).Thestandardfocuson long-horizonregressionsis prob-

lematic from a numberof differentperspectives. The distributionsof the ��� (Kirby (1997))

andthe t-statisticson the coefficients, (RichardsonandStock (1989),RichardsonandSmith

(1991),Hodrick (1992)andValkanov (2000))in long-horizonregressionsareseverelyshifted

to the right, leadingto over-rejectionof the no-predictabilitynull. Researchersoften forget

to properlyinterpretvarioustestsover differenthorizonsby providing joint tests(Richardson

(1993)). Finally, thepossibilityof decadesof datamining cloudsany inferenceregardingpre-

dictability for US stockreturns(Lo andMacKinlay (1990),Foster, SmithandWhaley (1997)

andBossaertsandHillion (1999)).

In this paper, we re-examinethecasefor thepredictabilityof shortandlong-horizonstock

returns. We startby proposinga simple price earningsmodel, in which the variation in the

price-earningsratioandexpectedreturnsonequitiesis drivenby threestochasticstatevariables,

the payoutratio, earningsgrowth and the short rate. In this model, the earningsyield, the

dividendyield andtheshortratejointly captureany potentialpredictability, motivatingasimple

multivariateregressionof excessstockreturnsovervarioushorizonsonthesethreevariablesas

themainpredictabilityregression.Whencertainparameterrestrictionsaremet,themodelhas

a (near)constantexpectedexcessreturnvariant,in which theexpectedgrossreturnon equity

equalsaconstantmultipleof theshortrate.
1 For predictabilityof excessstockreturnsby the nominalinterestratesee,amongothers,FamaandSchwert

(1977),Campbell(1987),Breen,GlostenandJagannathan(1989),Shiller andBeltratti (1992),andLee (1992).

Amongthoseexaminingthepredictive power of thedividendyield on excessstockreturnsareFamaandFrench

(1988),CampbellandShiller(1988,1989),GoetzmannandJorion(1993,1995),Hodrick(1992),Goyal andWelch

(1999)andValkanov (2000).
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Giventhe considerablestatisticalchallengesin establishingpredictability, we preceedour

analysisof the datawith an extensive Monte Carlo analysisunderthe null of no predictabil-

ity. Our analysisincorporatingearningsyields largely corroboratesthe resultsof Boudoukh

andRichardson(1993),Hodrick (1992),andRichardsonandSmith(1991)who suggestedthat

thefinite samplepropertiesof the long-horizonregressiont-statisticsimprove dramaticallyby

removing the moving averagestructurein the error terms,inducedby summingreturnsover

longhorizons,in constructingthestandarderrors.For brevity, wewill referto thesealternative

standarderrorsasHodrick(1992)standarderrors.As GoetzmannandJorion(1993,1995)point

out, standardMonte Carlo analysisignoresthe fact that yield variablesinvolve the inverseof

price, an endogenousvariable,which is alsopresentin the denominatorof the returnon the

left handside. They conductbootstrapexercisesthat imposethis constraint,but their boot-

strapkeepsdividendsnon-stochasticat their datalevelsandthereforeignoresthecointegration

relationbetweendividendsandprice levels that characterizesrationalpricing. By simulating

theconstantexpectedreturnvariantof our earningsmodel,we accommodatethis endogeneity

constraintin anentirelycoherentway.2 It remainstruethattheHodrick standarderrorsarefar

superiorin conductinginferenceandhave negligible sizedistortions,whereasOrdinaryLeast

Squares(OLS) or Hansen-Hodrick(1980)standarderrorsleadto severeover-rejectionsof the

nopredictabilitynull at longhorizons.

Armed with well-behaved t-statistics,we establishthat the predictabilityevidencefor US

returnsis surprisinglyweak. In fact, the only variableretainingsignificanceis the shortrate,

andit is only significantat shorthorizons.To mitigatedatasnoopingconcerns,we investigate

analogouspredictabilityregressionsfor four othercountries,France,Germany, Japanandthe

UK. Interestingly, we find that the predictability coefficients are not robust acrosscountries

in sign or magnitude,except for the short rate effect. When we pool the regressionacross

countries,theshortrateremainstheonly significantpredictorof excessstockreturns.

Finally, wealsoinvestigateanumberof cross-countrypredictabilityregressions,examining

whetherany predictorshave predictive power acrosscountries. Unlike BekaertandHodrick

(1992)andFersonandHarvey (1993),we only find evidenceof strongpredictabilitywhenwe

poolacrosscountries.With cross-sectionalinformationfrom internationaldatawefind thatUS

instrumentsarestrongpredictorsof foreignequityreturns,unlike local instruments.Thelocal

short rateeffect is subsumedby the predictive power of the US short rate. We alsoconfirm

and extend Bekaertand Hodrick (1992)’s finding that yield variableshave predictive power

for excessreturnsin theforeignexchangemarket. We concludethat thecurrentpredictability
2 Bollerslev andHodrick(1996)provideadetailedMonteCarloanalysisin thecontext of apresentvaluemodel

with constantandtime-varyingexpectedreturnvariantswhich alsoimposesthis constraint,but their solutionto

thepresentvaluemodelis only approximatelytrue.
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debatefocuseson the wrong horizon (long-run insteadof short-run),the wrong instruments

(yield variablesinsteadof interestrates)andthewrongsetting(US segmentedmarket instead

of aglobally integratedmarket).

Theremainderof thepaperis organizedasfollows. Section2 setsout theempiricalframe-

work, includingthepresentvalueearningsmodelandthepredictabilityregressions.Section3

describestheeconometricestimation,theMonteCarloanalysisanddescribesthedata.Section

4 considersthepredictabilityin US returns,whereasSection5 investigatesandcomparespre-

dictability in all 5 countries.Section6 investigatespredictabilityacrosscountries.Section7

concludesandoffersaninterpretationof our results.

2 Theoretical and EconometricFramework

2.1 A SimplePresentValueModel

Modernpredictabilityregressionsconsiderthepredictabilityof excessstockreturns,thereturn

onequityoverandabovethereturnonanominallyrisk-freesecurityof thesameholdingperiod,

whichis known oneperiodin advance.Sincethereis substantialtime-variationin interestrates,

andit is likely thatexpectedstockreturnsvary with theinterestrate,thehypothesisof interest

is theconstancy of theconditionalequitypremium,not theconstancy of expectedstockreturns.

Building presentvaluemodelsthatimply constantexcessstockreturns,but allow time-varying

interestratesis anon-trivial matter. Mostof therecentwork onpresentvaluemodelswith time-

varyingdiscountratesbuildsonCampbellandShiller(1989)who,by linearizingreturnsaround

steadystatelog pricedividendratios,obtainatractablelinearpresentvaluemodelin which it is

straightforwardto imposetheconstancy of expectedexcessreturnswhile allowing for variation

in interestrates.Morerecently, thetermstructuremodelsin theaffineclass(seeDuffie andKan

(1996))havebeenappliedto stockpricing to yield tractablepricing equationsin many settings

without linearization(seeAng andLiu (2001)andBekaertandGrenadier(2000)).We deviate

from this literatureby presentingamodelfor priceearningsratios.

Stockreturnsfrom time 	 to 	�
� canalwaysbedecomposedas:

����������� ����� 
�� �����
� � �

���������
����� �

������� 
 �! �����
� ���

where� � is thestockpriceat time 	 , � ����� is thedividendpaidat time 	"
#� , �! � �$� �&%'���(� is

thepayoutratioof dividends� � to earnings
�����

, � ��� is theprice-earningsratio. Defining ) � as

log growth in earnings) � �+*-,/.10 �2�(�3%/�2�(�546�87 and 9;: � asthelog payoutratio 9�: � �+*<,'.10 �! �=7 ,
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wehave:

�>����� �?A@CBD0E) �����F7DG �
������� 
H?&@CBD0E9;: �����87

� ��� (1)

In this pricing framework, we have decomposeddividendgrowth into earningsgrowth anda

payoutratio. Fromatheoreticalperspective,dividendgrowth shouldsuffice to pricestocks,but

our decompositionmayyield moreaccuratepricing formulasin finite samples.First, in finite

samplesusingdividendsmaybe problematic,sincethey areoften manipulated,smoothed,or

setto zero,makingthempoor indicatorsof the true value-relevantcashflows in the future. It

is no surprisethatin therealworld analystsalmostentirelyfocuson earningsgrowth. Second,

thedecompositionsimply increasestheinformationsetfor prediction,andwill includeamodel

thatfeaturesonly dividendgrowth asaspecialcase.

The modelhasthreestatevariables,the short rate I � , log earningsgrowth ) � andthe log

payoutratio 9;: � . Denote J � � 0EI � ) � 9;: �=7=K which we assumeto follow a first-orderVector

Autoregression:

J � �MLN
 � J �546� 
HO � (2)

whereO �QPSR>R �UTV05W/XZY 7 . To priceequity, weusetheDividendDiscountModel:

� � �[ � \
]_^ ��`

��� ] � ��� ] X (3)

where ` ��� ] is the stochasticdiscountfactorapplyingto payoffs at time 	a
Hb . To ensurethe

absenceof arbitrage(HarrisonandKreps(1979))we modeltheone-periodlog pricing kernelc ����� , suchthat:

c ����� �deI � d �fhg K Y g 
 g K O ����� X (4)

whereg is a3 i 1 vectorcontainingthepricesof risk andthediscountfactorcanbewrittenas:

` ��� ] �?A@CB
]
j8^ � c

��� j k

We also imposeconditionson the parameterslm� n L K X vec0 �o7=K X vech0�Y 7=K X g KqprK so that the

transversalitycondition

*<s-t]�u \ `
��� ] � ��� ] �$W

is satisfied,ruling outbubbles.
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Proposition2.1 In thiseconomytheprice-earningsratio is givenby:

� ����� � ��2�(�v� \
]_^ � ?A@CBD05wC0xb

7 
�yz0xb 7 K J �=7 (5)

where w10xb 7 and yz0xb 7 aregivenby therecursiverelations:

w10xb{
� 7 �Sw10Eb 7 
S05| � 
Hy}0xb 7~7 K L�
0�| � 
�yz0Eb 7F7 K Y g 
 �f 0�| � 
�yz0Eb 7F7 K Y!0�| � 
�yz0Eb 7F7
yz0xb{
� 7 �Sd!| � 
 � K 0�| � 
�yz0Eb 7F7 (6)

with startingvalues:

w10~� 7 ��0�| � 
�|�� 7 K 0xL�
MY g 7 
 �f 05| � 
H|�� 7 K Y!05| � 
H|�� 7
yz0~� 7 �d!| � 
 � K 05| � 
H|�� 7 (7)

where | ] is a 3 i 1 vectorof zeroswith a 1 in the b th place.

The y}0xbe
�� 7 term revealsthat an increasein the short rate decreasesthe price earnings

ratio, unlessit simultaneouslypredictshigherearningsgrowth in the future with a feedback

coefficient larger than 1 (
� � �V� � wheresubscriptsdenotematrix elements). Similarly, if

earningsgrowth shows positive persistence,higherearningsgrowth leads,ceterisparibus, to

higherpriceearningsratios.

Sinceonly dividendgrowth canbepriced,wemustlink thepriceof risk of dividendgrowth

to the price of risk of the payoutratio andearningsgrowth. Using the fact that log dividend

growth )������� canbewrittenas)h������ ���9;: ����� 
�) ����� , this is accomplishedby setting:

cov
� 0 c ����� XA) ������ 7 � cov

� 0 c ����� XZ��9;: ����� 
�) �����F7 k
Observation 2.1 For thethree-factorJ � �U0xI � ) � 9;: �37 K systemto yieldthesamepricing relation

asa two-factormodelusing 0xI � )��� 7=K thepricesof risk of dividendgrowth,earningsgrowthand

log payoutratio (g � , gh� and g��&� respectively)mustsatisfy:

g � � g�� � gh�&� (8)

Intuitively, bothanincreasein earningsgrowth or an increasein thepayoutratio increasediv-

idendgrowth by thesameamount.Hencetheprice of risk oughtto be the samefor earnings

growth andlog payout.Wecanthenimposetheconstraintg�� � gh�&� �+�g .

The expectedexcesssimplereturnandvolatility will be a constantmultiple of the gross

shortratein this economyunderthefollowing sufficient conditionsstatedin thefollowing two

corollaries:

5



Corollary 2.1 Supposethecompanionmatrix
�

in theVectorAutoregressionfor J � takesthe

form:

� �
���3� ��� � ��� �� � � � �3� � � ���d � � � d � �3� ��d � � �

k (9)

Thenthe conditionalexpectedsimplerisk premiumis a multiple of the grossshort rate and

givenby:

[ � n �>����� dH?A@CBD0EI �37Fp �U05�Qd�� 7"G ?&@CBD0EI �37 (10)

where ���$?A@CBD0�d�0�| � 
�|�� 7 K Y g 7 . Theunconditionalexpectedsimplereturnis givenby:

[on �>����� dH?A@CBD0EI �37Fp �U05�Qd�� 7"G ?&@CBD0��L���
 �f �� �� 7 (11)

where �L�� and �� �� are theunconditionalmeanandvarianceof I � respectively.

Thesimpleexpectedexcessreturnis a multiple of thenominalrate.Hence,a regressionof�>����� d$?A@CBD0EI ��7 on the nominalratewould actuallyyield a positive coefficient equalto ��d�� .
However, thescaledexpectedreturn, [ � n �>������% ?A@CB"0xI �37Fp is constantandequalto � . Theconstant

� is a functionof thecorrelationbetweendividendgrowth innovations(thesumof theearnings

growth andpayoutratio innovations)with the pricing kernel. The predictability regressions

typically run in theliteraturedonotcorrespondto any of thesetwo concepts,sincethey uselog

returns,�� �����a� *-,/.10 �>�����87 d�I � . It is straightforwardto show thatup to secondorderterms,the

expectedlog risk premiumwill beconstantin this homoskedasticmodel.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
�

takesthe form in equation(9) thenthe conditional

volatility of thesimplerisk premiumis a multipleof thegrossshortrateandgivenby:

var
� 0 �>����� dH?&@CBD0EI �37~7 �S� � G n�?A@CBD0F05| � 
H|�� 7 K Y!0�| � 
�|�� 7F7 d� p ?A@CBD0 f I ��7 (12)

where ���?&@ BD05d¡05| � 
¢|�� 7=K Y g 7 . Theunconditionalvarianceof thesimplerisk premiumis given

by:

var 0 ������� dH?A@CBD0xI �37F7 � var 0 �>��7 
S0~��d f � 7 ?A@CBD0 f �L��Q
$�� �� 7 05?&@ BD0&�� �� 7 d�� 7 (13)

where �L�� and �� �� are theunconditionalmeanandvarianceof I � respectively, andtheuncondi-

tional varianceof thesimplegrossreturnvar 0 ���=7 is givenby:

� � G ?&@ BD0 f �L���
#�� �� 7 n�?A@CBD0&�� �� 
0�| � 
�|�� 7 K Y!0�| � 
�|�� 7F7 d�� p
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Equation(12)showstwo characteristicsof theconditionalvolatility of equityreturns.First,

theconditionalvolatility of equity returnsis relatedto the level of interestrate. Many studies

have empiricallydocumenteda stronglink betweentheconditionalvolatility of equityreturns

andinterestrates(seefor example,Glosten,JagannathanandRunkle(1993)). However, note

that this effect would disappearif we measurethe returnas
�>������% ?&@CB"0EI �37 or in logs. Second,

theconditionalvarianceis positively relatedto theconditionalcovariancebetweenthepricing

kernelanddividendgrowth,andto theconditionalvarianceof dividendgrowth 0�| � 
N|�� 7�K Y!0�| � 
|�� 7 .
The modelwith the restrictionsin equation(9) will serve as the datageneratingprocess

(DGP) underthe null andwill alsohelp us interpretour empirical results. If the restrictions

arenot imposed,expectedreturnsvary throughtime,but sincethemodelis homoskedastic,the

time-variationis likely to bemodestin magnitude.Notethereareno restrictionson L .

What do the restrictionsin equation(9) actually mean? Imposingthe restrictionsfrom

equation(9) allows the conditionalmeanfor log earningsgrowth and log payoutratio to be

writtenas:

[ � n ) �����Fp �HL�£�
 � � � I � 
 � �3� ) � 
 � � �=9;: �[ � n 9;: �����Fp �HL �&� 
0F��d � � �87 I � d � �3� ) � 
S0F��d � � � 7 9;: � (14)

Note that log dividendgrowth )������� � �¥¤ ����� �U) ����� 
��9;: ����� . Henceunderthis economy,

expectedconditionaldividendgrowth is equalto aconstantL�£{
NL �&� plusthecurrentshortrate:

[ � n ) ������ p �#[ � n ) �����8p 
H[ � n 9;: �����8p d¦9;: �
�§L�£(
�L �&� 
�I � k (15)

Normally, wheninterestratesmoveawayfromtheirunconditionalmeantheresultingchange

in discountratesandpriceswould inducepredictablecomponentsin returns.Therestrictionon

thecompanionform
�

engineersanoppositecashflow effect thatneutralizestheprice-decrease

inducedby the interestratechange.This effect would alsohappenin a standardequilibrium

Lucas(1978)-typeeconomy. In anequilibriumsettingtheconstantL�£a
�L �&� would berelated

to thedegreeof risk aversionof therepresentativeagent.

2.2 Predictability Regressions

Themainregressionwe consideris:

�� ���/¨ �$©ª
�« K¨'¬ � 
HO ���/¨® ¨ (16)

where

�� ���/¨ �U0~� f %/¯h7 0F0 � ����� d�I �37 
 G�G�G 
0 � ���/¨ d¦I ���/¨®46�F7F7
7



is the annualized̄ -monthexcessreturn for the aggregatestockmarket, and � ����� d°I � is the

excess1 monthreturnfrom time 	 to 	a
±� . All returnsarecontinuouslycompounded.Our

PresentValueModel impliesthat [ � 0F�� ]���/¨ 7 is constantandhence« ¨] is zerofor all
¯
. Theerror

term O ���/¨® ¨ follows a ² � 0 ¯ d�� 7 processunderthe null of no predictabilitybecauseof over-

lappingobservations.Theinstruments
¬ �

consistof thelog dividendyield ¤ � � �� , thelog earnings

yield | � � �� , andcontinuouslycompoundedmonthly short rate I � . The superscript
� � indicates

thatthedividend(earnings)yieldsusedividends(earnings)summedover thepast12monthsin

their construction.

Thelog payoutratio 9�: � �� is linearly relatedto thedividendyield andearningsyield 9�: � �� �
¤ � � �� d�| � � �� . Thethreepredictive instrumentsareendogenousinstrumentsin ourPresentValue

Model. However, they shouldcapturethe predictabilitypresentunderthe null of the present

valuemodel,becausethereis aone-to-one(albeitnon-linear)mappingbetweenearningsyield,

dividendyield andthe short rateandour threestatevariables. Onereasonvariablessuchas

dividendyields may predict future returnsmoregenerallyis the presenceof price in the de-

nominator. On theonehand,thepresenceof priceon bothsidesof theregressionmayworsen

smallsamplebiasesin theregressions(seeGoetzmannandJorion(1993)).On theotherhand,

sincepricereflectsall informationaboutfutureexpectedreturnsandcashflow growth rates,its

presencemay capturegenuinepredictability. If the PresentValueModel we presentis truth,

pricewould not benecessaryto capturetime-variationin expectedreturns,andall information

shouldbecapturedby thethreestatevariables,or transformationsof them.

In a globally integratedworld, predictability is likely also to extend acrossborders. In

Section6, following BekaertandHodrick (1992),weconsidercross-countryregressionsof the

form:

�� ]���/¨ 0�| ]���/¨ 7 �$© ] 
�« K] ¬ � 
�³ ]���/¨ (17)

where �� ]���/¨ are
¯
-periodannualizedexcessequity returnsin local currency for country b , and

| ]���/¨ arek-periodannualizedexchangeratereturnsUSDperforeigncurrency for foreigncountry

b . Theinstrumentsin
¬ �

we considerarelog dividendyieldsfor theUS, log earningsyieldsfor

theUS,andone-monthrisk-freeratesfor theUS,andtheforeigncountrycounterpartsof these

variables.Notethatasweusecontinuouslycompoundedreturns ��µ´·¶ ������ ���� ]����� 
�| ]����� .
The regressionsin equations(16) and (17) canbe estimatedby OLS. We considerthree

estimatorsof thestandarderrors.First,OLSstandarderrorsareappropriateif thereis no serial

correlationof the error term and the error termsare homoskedastic. Theseare the standard

errorsusedby Lamont(1998)andwe usethemasa benchmarkeven when
¯�� � , in which

casethey will likely underestimatethe true samplingerror. Second,to accountfor the over-

lap in the residualsfor
¯¦� � andto capturepotentialheteroskedasticityin returns,we usea

8



heteroskedasticextensionof HansenandHodrick (1980)standarderrors.UsingGMM thepa-

rametersl¸��0�© ] 0E« ]¨ 7 K 7 K in equation(16) have anasymptoticdistribution (seeHodrick (1992))¹ º 0z»lvd#l 7½¼P TV05W/XZ¾ 7 where ¾$�m¿ 46�ÀÂÁ À ¿ 46�À , ¿ À �m[o0�Ã � Ã K� 7 , Ã � ��0~� ¬ K� 7 K and Á À is estimated

by:

»Á À �Ä�05W 7 

¨�46�
j8^ � nÅÄ¡0xÆ

7 
�Ä�0EÆ 7 K p (18)

where

Ä�0EÆ 7 � �º
Ç

� ^/j ��� 0xÈ
���/¨ È K���/¨®4 j 7

and È ���/¨ ��O ���/¨® ¨ Ã � . This estimatorof Á À is not guaranteedto bepositive semi-definite.If it

is not,we usea Newey-West(1987)estimateof Á À with
¯

lags.We will referto thesestandard

errorsasRobustHansen-Hodrick(1980)standarderrors.

Finally, wereportwhatwewill call Hodrick (1992)standarderrors.Thisestimatorexploits

covariancestationarityto removetheoverlappingnatureof theerrortermsin thestandarderror

computation.Insteadof summing O ���/¨® ¨ into the future to obtainan estimateof Á À , Hodrick

(1992)sumsÃ � Ã K�54 j into thepast:

»Á À � �º
Ç
� ^ ¨ È

¯�� È ¯ K� (19)

where

È ¯�� �$O �����& �
¨®46�
]_^ À Ã

�54 ] k
In our Monte Carlo analysiswe run a horseracebetweenthesethreeestimators. We find

Hodrick standarderrorsto be far superior, andmostof our resultswill exclusively focuson

t-statisticscomputedwith theHodrick standarderrors.Readersnot interestedin thedetailsof

theMonteCarloanalysiscanskip Section3, althoughwe feel that it containssomeimportant

results.

Apart from runningunivariateregressions,we aremindful of Richardson’s (1993)critique

of predictabilityteststestingfor only oneparticularhorizon
¯

andweprovideanumberof joint

testsacrosshorizons.To testif thepredictabilitycoefficientsarestatisticallysignificantacrossÉ horizons̄
>� kÊkÊk ¯�Ë wesetup thesimultaneousequations:

�� ���/¨�Ì �© ¨®Ì 
�« K¨�Ì ¬ � 
�³ ���/¨�Ì
...

�� ���/¨ÎÍ �© ¨ÎÍ 
�« K¨ÎÍ ¬ � 
�³ ���/¨ÎÍ (20)
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Denotethe vectorof coefficients «��Ï0�© ¨®Ì « K¨ Ì kZkÊk © ¨ÎÍ « K¨ Í 7�K . In practice,an estimate »« of « is

obtainedby performingOLS on eachequation. AppendixE detailsthe constructionof joint

testsacrosshorizonsaccomodatingHodrick standarderrors.

When we considerpredictability in multiple countries,we also provide joint testsof no

predictabilityacrosscountriesandwe estimatepooledcoefficients acrosscountries. Sucha

pooledestimationmitigatesthedataminingproblemplaguingUSdataandincreasesefficiency

andpowerunderthenull of no predictability. Hereweestimatethesystem:

�� ]���/¨ �S© ] 
�« K] ¬ ]� 
�³ ]���/¨ (21)

for b��m� kZkÊk T countries,subjectto therestriction« ] � �«¡Ð�b , but imposingnorestrictionson © ]
acrosscountries.We take b = US, UK, France,Germany, Japan.Theeconometricsunderlying

thepooledestimationis detailedin AppendixF.

2.3 Data Description

Our datasetconsistsof equity total return(price plusdividend)indicesfrom MorganStanley

Capital International(MSCI) for the US, Japan,UK, Germany and France. The short-term

interestrateswe useare1 monthEURO ratesfrom Datastream.The sampleperiod is from

February1975to December1999for theUS,UK, FranceandGermany andfrom January1978

to December1999for Japan.MSCI provide dividendandearningsyieldswhich usedividend

andearningssummedover thepast12 months.Although this is restrictive, monthly earnings

levels are impossibleto usebecausethey aredominatedby seasonalcomponents,given that

mostfirms haveaDecember-endcalendaryear.

Table(1) reportssummarystatisticsof returnsandinstruments.The historical log equity

premiumis around7.5%in theAnglo-Saxoncountries,6.9%in FranceandGermany andonly

3.6%in Japan.Excessreturnvolatility is over18%in all countries,exceptfor theUS whereit

is only 15%. All threeinstruments- the log dividendyields ¤ � � � , log earningsyield | � � � and

shortratesI arehighly persistent.

As BekaertandHodrick (1992)discuss,MSCI reportprice(capitalappreciation)andtotal

returns(including income). The total returnis an estimateconstructedfrom annualizeddivi-

dends(summedover the previous twelve months). For somecountriesthereis a discrepancy

betweentheMSCI dividendyield ¤ � � � andthe implied annualizeddividendyield constructed

from thepriceandtotal returnindicesdueto adifferentialtax treatmentacrossthetwo series.3

3 For adiscussiononhow taxesaretreatedseeMSCI MethodologyandIndex Policy, 1999.TheMSCI dividend

yield ÑAÒ>Ó-Ô seriesandtheimpliedannualizeddividendyield from thepriceandtotal returnindicesareidenticalfor

theUS andJapan,but differ for theUK, FranceandGermany.
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We checkedour resultsby re-constructingthetotal returnusingtheMSCI dividendyield ¤ � � �
with thepricereturnandfoundthemto beunchanged.

3 Finite SamplePropertiesof Various Estimators

Our analysisof the small samplepropertiesof the estimatorsproceedsin two steps. In the

first sub-section,we describetheresultsof a MonteCarloanalysison returns,earningsyields,

payoutratiosandshort ratesthat suffices to mimic the regressionsin Lamont (1998). Since

Lamont(1998)usedOLSstandarderrorsto establishstrongpredictabilityresults,it is important

to ascertainthat they survive small samplebiases. In the secondsub-section,we calibrate

our PresentValueModel of the price-earningsratio anduseit asthe DGP for a Monte Carlo

analysis. We solely useUS datafor the Monte Carlo analyses,but the resultsare so clear-

cut that thereis little reasonto suspectthey would not extendto DGP’s calibratedusingother

country’sdata.All MonteCarloexperimentsuse5,000replications.

3.1 An Empirical Tri variate Model

Lamont(1998)regressesexcessstockreturnson dividendyields, earningsyields andpayout

ratios,bothunivariatelyandbivariatelysincethethreevariablesaretotally linearly dependent.

In someregressions,he addsthe Treasurybill rateasa regressor, but doesnot find it to be

significant.To examinethesmallsampleperformanceof theseregressiontests,we investigate

thefollowing DGP:4

�� � �HL�Õ(
 � Õ}O ��
I � �HL���
MÖ �3� I �546� 
 � �ÊO ��| � � �� �HL � 
HÖe�3��| � � ��546� 
MÖe�Ø×Ù9�: � ��546� 
 � � O ��

9;: � �� �HL � 
MÖQ×Ù�Ù| � � ��546� 
HÖQ×3×�9;: � ��546� 
 � � O × � (22)

where �� � is the 1 month excessreturn, I � denotesthe annualizedshort rate, | � � �� is the log

earningsyield and 9�: � �� is thelog payoutratio. Theerrors O � �±0�O �� X"O8�� X"O �� XDO ×� 7=K�P IID TV0�WÚXZ¾ 7 ,
with correlationmatrix ¾ .

We estimatethis modelon US MSCI dataanduseit to generatesmallsamplesof thesame

length (299) as the datasetsusedin the empirical work in the other sections. We then run

regressionsof theform:

�� ���/¨ �S©�
 ¬ K� «Û
H| �
4 We alsoexamineda simplerDGP eliminating the short rateequation. The small samplepropertiesof the

variousestimatesandtheOLS biasesweresimilar to whatis reportedhere.
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where �� ���/¨ arethecumulatedandannualized̄ -monthaheadexcessreturns,and
¬ �

arepredic-

tor instruments.We set
¯ � � , 12 and60. We take

¬ � �Ü¤ � � �� (dividendyield regression),¬ � � | � � �� (earningsyield regression),
¬ � � 05¤ � � �� | � � �� 7 K (Lamont (1998)’s regression)and¬ � � 0�¤ � � �� | � � �� I ��7�K (trivariateregression). To conserve space,we relegatethe tableswhich

containtheestimationresultsfor theDGP, thesimulationresultsonthecoefficients(to examine

finite samplebias)andthesimulationresultson thet-statistics(to examinesizedistortions)in

theaboveregressionsto anAppendix,which is availableuponrequest.Herewereportthemain

results.

Sinceour instrumentsandreturnsarelikely to benegatively correlated,regressionsof ex-

cessreturnson any of our instrumentswould suffer from thewell-known persistentregressor

bias(seeStambaugh(2000)),which will biastheregressioncoefficientsupward. This is most

obviousfor theyield instrumentsbecauseof thepresenceof pricein theirdenominatorbut short

rateinnovationsandreturninnovationsarealsonegatively correlated(correlation= -0.1107).

However, in multivariateregressions,it is no longerpossibleto signthebiasandit maywell be

thecasethatthebiasis lesssevere.

Our resultsreveal that thecoefficientson all regressorsin virtually all regressionsareup-

wardly biased.Theunivariateupwardbiasis largerfor theearningsyield thanfor thedividend

yield, as the earningsyield is slightly more persistentthan the dividend yield, and it varies

between0.07and0.11dependingon horizon. In bivariateregressions,theearningsyield bias

worsensbut the dividendyield biasbecomestiny. Whentheshortrateis added,the rolesare

reversedwith large upward biasesfor the dividendyield coefficient (between0.07and0.16),

virtually no biasfor theearningsyield, anda substantialupwardbiasfor theshortratecoeffi-

cient(between0.09and0.17dependingon horizon).

Second,all threeestimatorsshow very small sizedistortionsfor
¯ �Ý� . Hence,theuseof

theheteroskedasticity-correction,unnecessarygiventhehomoskedasticDGP, doesnot leadto

sizedistortions.For
¯ �Ï� f and

¯ �ßÞ/W , the OLS estimator, which fails to correctfor serial

correlation,not surprisinglyperformsvery poorly. For example,for
¯ �Ü� f , morethan50%

of the simulatedsamplesyield OLS t-statisticshigher thanthe 5% asymptoticcritical value,

with that numbergoing up to 78% or more for
¯ � Þ/W . The heteroskedasticity-consistent

Hansen-Hodrickstandarderrorestimatorbehavesbetterfor
¯ �U� f with empiricalsizesfor 5%

testsvaryingbetween12.6%,and15.9%but for
¯ ��Þ/W , the empiricalsizesexceed49%. In

contrast,theHodrick standarderrorsshow virtually no sizedistortionfor
¯ �à� and

¯ �á� f ,
but areslightly conservative for

¯ �$Þ/W . Theworstsizedistortionoccursfor theearningsyield

coefficient in thetrivariateregression,whereonly 2.2%of theexperimentsyield t-statshigher

thanthe5%critical value.

Taken together, our Monte Carloanalysisof thedifferentestimatorsoverwhelminglysug-
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gestsusingHodrick standarderrors. It alsosuggeststhat the useof OLS or Hansen-Hodrick

standarderrorsmayfrequentlyleadto thewrong inference,in particulartheir usemayleadto

thefalserejectionof thenull of no predictability.

3.2 The PresentValueModel Empirical Results

TheDGPin theprevioussectionignoresthefactthatpriceappearsbothon theright handside

andtheleft handsideof theregression.Allowing for correlationin theinnovationsis helpful,

but doesnot fully capturetherelationbetweentheleft handandright handsidevariables.The

PresentValueModel presentedin Section2 underthe parameterrestrictionsthat ensurethe

absenceof predictability(seeCorollary2.1),accomplishesthefull endogeneityof price.

To performtheMonteCarloanalysiswe have to estimatetheparameters0xL�X � X�YeX g 7 . We

proceedin two steps.First,we estimatetheVAR parameters0xL�X � XZY 7 . Second,we calibrateg
to fit theobservedequitypremiumin thedata.Wecandosobecauseg £�� g��&� (SeeObservation

2.1)andwesetthepriceof interestraterisk to zero,sothat g is a scalar. Thelatterassumption

is motivatedby thefailureof mosttermstructurestudiesto rejectthatpricesof risk for interest

ratefactorsarezero(seethediscussionin Ang andPiazzesi(2000)).

We turn first to the VAR parameterestimation,which is complicatedby the fact that our

MSCI datausesearningsanddividendssummedup over the pastyear (we observe earnings

growth rates ) � �� and log payoutratios 9;: � �� ) but our PresentValue Model requiresmonthly

earningsanddividends(we do not unobserve monthly growth rates) � and log payoutratios

9;: � ).5 If
�2�(�

denotesmonthlyearnings,then) � �� is relatedto ) � by:

) � �� �$*-,/.
�2�(� 
 �����546� 
 G�G�G 
 �2�(�546�3��2�(�546� 
 �����54 � 
 G�G�G 
 �2�(�546� �

�$*-,/.
�2�(�546�3� 0F�Q
H| £8â<ã Ì-ä 
 G�G�G 
�|�å £8â<ã Ì-ä&�;æ�æ�æ � £ â<ç 7�2�(�546� � 0F��
H| £8â<ã

Ì_Ì 
 G�G�G 
�| å £8â<ã Ì_Ì��;æ�æ�æ � £8â<ã Ì ç 7
�M) �546�3� 
H*-,/.10F�Q
�| £Fâ<ã Ì-ä 
 G�G�G 
�| å £8â<ã Ì-ä&�;æ�æ�æ � £ âqç 7

dH*-,/.10~��
H| £ â<ã Ì_Ì 
 G�G�G 
H| å £ â-ã Ì_Ì �;æ�æ�æ � £ â-ã Ì ç 7 (23)

In addition,if � � denotesmonthlydividendsthen9;: � �� is relatedto 9;: � by:

9;: � �� �*-,/. � � 
H� �546� 
 G�G�G 
�� �546�3������ 
 �����546� 
 G�G�G 
 �2�(�546�3�
�*-,/.

�����546�3� nr| �&� â-ã Ì_Ì 
�| �&� â<ã Ì-ä | £8â<ã Ì-ä 
 G�G�G 
H| �&� â | å £8â<ã Ì-ä&� £8â<ã�è �;æ�æ�æ � £ â<ç p���(�546�3� n-�Q
�| £8â-ã Ì-ä 
 G�G�G 
H| å £Fâ<ã Ì-ä&�;æ�æ�æ � £ â ç p
�*-,/.10�| �&� â-ã Ì_Ì 
�| å �&� â<ã Ì-ä&� £Fâ<ã Ì-ä ç 
 G�G�G 
H| å �&� â � £8â<ã Ì-ä&� £8â<ã®è �;æ�æ�æ � £ âØç 7

d�*-,/.10F�Q
H| £8â<ã Ì-ä 
 G�G�G 
�| å £8â<ã Ì-ä&�;æ�æ�æ � £ â<ç 7 (24)

5 Weconstructé>ÓEÔê atamonthlyfrequency from earningsyields ë�Ò�Ó-Ôê usingéÚÓ-Ôê�ìNíïîÙðZñ ë�Ò�Ó-Ôê2ò ë�Ò�Ó-Ôê�ó Ó1ôoõ ê ò õ ê�ó Ó3ö .
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Equations(23) and(24)show thattherelationbetweenmonthlygrowth ratesandpayoutratios

andtheir counterpartsusingearningsanddividendssummedover thepastyearis highly non-

linear. In particular, theuseof summingpastearningsanddividendsoverthepasttwelvemonths

will potentiallyinduceveryhighautocorrelationup to 11 lags.

To estimatethe VAR on J � we useSimulatedMethod of Moments(SMM) (Duffie and

Singleton(1993)).Weuseatwo-stepSMM procedureandimposearestrictedcompanionform�
where

�o� � � �o� ���÷W . The latter assumptionis motivatedby an analysisof a VAR on

0xI � ) � �� 9�: � �� 7 , in which we fail to rejectthat no variablesGranger-causeinterestrates.6 In the

first step,we estimatetheequationfor I � on US EURO 1 monthratessincewe have monthly

dataon interestrates. In thesecondstep,holding theparametersfor I � fixed,we estimatethe

remainingparametersin
�

, L and Y usingthefirst andsecondmomentsof ) � �� and 9;: � �� . We

alsousethemomentsin [on J � �� J � ��ø�546� � p relatingto ) � �� and 9;: � �� . Thelag lengthis setat 12 since

thefirst 11 lagsareaffectedby theautocorrelationinducedby thenon-linearfilters in equations

(23) and(24). We computetheweightingmatrix usingthedata,sowe neednot iterateon the

weightingmatrix.

Table (2) reportsour results. We report two estimations,an Alternative Model which is

exactly identified,andthe 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 significantfeedbackcoefficients. Earnings

growth on theotherhandshows little persistencewith thecoefficient on pastearningsgrowth

barelysignificantlydifferentfrom zero.However, highcurrentpayoutratiospredicthighfuture

earningsgrowth, perhapsbecausethey reflectpermanentratherthantransitoryearnings.High

shortratessignificantlyreducefutureexpectedearningsgrowth. A 1%increasein interestrates

leadsto a25basispointdecreasein expectedearningsgrowth.

When we estimatethe covarianceparametersof the Null Model on the momentsof the

Alternative Model, we obtain a singularcovariancematrix, as the correlationof ) � and 9�: �
approaches-1. Thereforewe hold thecovariancematrix Y from theAlternative Model fixed,

andestimateL anda restrictedcompanionmatrix
�

usingthe first the andcross-momentsof

the Alternative Model estimation. Using a ù(� test, we fail to reject the Null Model versus

theAlternativeModelwith ap-valueof 0.9252.TheNull Model retainstheimportantfeedback

from interestratesto earningsgrowth but makestheinterestratefeedbackto payoutratiosmuch

larger thanbefore.Thefeedbackfrom payoutratiosto earningsgrowth ratesremainsintactas

well, but theearningsgrowth rateis no longerpersistent.

Theestimationof thecovariancematrix Y hastwo importantfeatures.First, theconditional

volatility of innovationsto ) � is much more volatile than innovationsto ) � �� (0.0647versus
6 Thispreliminarydataanalysisis reportedin anunpublishedAppendixtableavailableuponrequest.
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0.0233from anunreportedVAR on 0xI � ) � �� 9;: � �� 7 ). Thefilter in equations(23)and(24)smooths

outsomeof thevolatility in earningsgrowth by summingearningsoverthepasttwelvemonths.

This implies that equity returnswill be more volatile using monthly earningsthan summed

annualearnings.Second,shocksto ) � and9;: � arenegatively correlated(-0.8496),which is true

in the annualdataaswell. This might be dueto the unusualsmoothingthat occursin most

corporatedividendpolicies. High temporaryearningsarenot paid out, so they decreasethe

payoutratio.

TheconstrainedVAR tiesdown mostof theparameters,but we still have to determinethe

price of risk for dividendgrowth. Figure(1) calibrates�g � g £½� g��&� to the observed equity

premiumin thesample.Thelog risk premiumis producedby simulationusing100,000obser-

vations,while thesimplerisk premiumis calculatedusingequationCorollary2.1(andchecked

by simulation).Setting �g �údüû k Þ/ý/ý , we matchboththelog andthesimplerisk premium.The

annualizedvolatility of the log (simple)excessreturncorrespondingto �g �Ud!û k Þ/ý'ý is 0.1367

(0.1387),which is slightly below theannualizedvolatility in thesample0.1477(0.1472).The

mainsourceof equityreturnvolatility in themodelis thevolatility of payoutratiosandearnings

growth rates,sincetherisk premiumis constant.In fact,theimpliedestimateof theconditional

volatility of dividendgrowth is 0�| � 
�|�� 7 K Y!0�| � 
�|�� 7 , which is 0.1368annualized.

With thefully calibratedmodelwe simulate5000samplesof 299observationsto examine

theempiricaldistribution of the variousteststatistics.We constructdividendyields ¤ � � � and

earningsyields | � � � usingsummeddividendsandearningsover the pastyearasin the actual

data:

� � ��
� � �

� � 
�� �546� 
 G�G�G 
�� �546�3�
� ���� � ��

� � �
����� 
 �����546� 
 G�G�G 
 �2�(�546�3�

� � (25)

Focusingfirst on theearningsyield:��� � ��
� � �

�2�(�
� ��


�2�(�546�
� �546�

� �546�
� �þ
 G�G�G 


�2�(�546�3�
� �546�3�

� �546�3�
� �mX (26)

wenotethat � ��� � � ��%/����� canbeevaluatedusingProposition2.1,and

� �54 ]
� �þ� � �54 ]���(�54 ]

���54 ]���(�
�2�(�
� �ß� � ���54 ]

� ���Ân�?A@CBD0E) �54 ] ��� 
 G�G�G 
�) ��7Fp 46� (27)

allowing usto evaluateeachtermin equation(26). Thedividendyield canbewrittenas:

� � ��
� �S�

� ����(�
���(�
� ��
 � �546��2�(�546�

�2�(�546�
� �546�

� �546�
� �±
 G�G�G 
 � �546�3��2�(�546�3�

�����546�3�
� �546�3�

� �546�3�
� �

� �2 �
� ���(


�2 �546�
� ���546�

� �546�
� �þ
 G�G�G 
 �2 �546�3�

� ���546�3�
� �546�3�
� � (28)
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where �! � ��?&@CBD0E9;: ��7 and � �54 ] % � � canbe evaluatedusingequation(27). The dividendand

earningsyields usedin the regressionsare ¤ � � �� � *-,/.10�� � �� % � ��7 and | � � �� � *-,/.10 �2� � �� % � ��7
respectively.

In Table(3) we reportthemeanandstandarddeviation of theempiricaldistribution for the

coefficientsin thevariousregressionsweconsider. First,in thedividendregression,wecontinue

to find substantialupward bias. Interestingly, the biasis not worsethanwhat we find for the

DGP that doesnot explicitly considerthe endogeneityof price in Section3.1. Goetzmann

andJorion(1993)claim thatconsideringpriceendogeneityexplicitly considerablyworsensthe

bias. However, their comparisonis strainedsincein their DGP with explicit endogeneity, the

dividendyield implicitly follows a randomwalk andHodrick (1992)alsofindsstrongerbiases

for a DGPin which dividendyields follow a randomwalk. Our resultsindicatethatmodeling

thepriceendogeneityexplicitly doesnot leadto largerbiases.

Second,in the earningsregressionwe now find a downward bias, insteadof the upward

biaswereportedabove. Why might thisbethecase?In ourprice-earningsmodelwith constant

expectedreturns,thevariationin returnsis dominatedby variationin earningsgrowth rates.The

price-earningsratio is notconstantbut is completelydrivenby thepayoutratio(seeProposition

2.1andCorollary2.1).Thisimpliesthattheearningsyield,evenwhensummedover12periods,

is likely to beprimarily negatively correlatedwith thepayoutratio, but in theDGP(seeTable

(2)), earningsgrowth ratesandpayoutratiosarehighly negatively correlated,so that returns

andearningsyield innovationsendupbeingpositively correlated,reversingthesignof thebias.

This is not true for dividendyields, sincethe log dividendyield canbe written asthe sumof

thelog payoutratio (negatively correlatedwith theearningsgrowth rateandhencewith return

innovations)and the log earningsyield, and the first effect dominates. Note that the small

samplecoefficient in thedividendyield regressionhasthesamepositivesignthatthedividend

yield predictability literaturefinds (FamaandFrench(1988)andHodrick (1992)),while the

negativesmallsamplecoefficienton theearningsyield is whatLamont(1998)finds.

Third, in the bivariateregressions,the univariatebiasesareaccentuated,with the biason

the dividendyield coefficient reaching0.19 for
¯ �÷� . The biasesdecreaseslightly with the

horizon. Lamont (1998)finds positive signson the dividendyield andnegative signson the

earningsyield in a bivariateregression. Our biasesare exactly the samesign as his result.

Finally, in the trivariateregression,the biasesfor the earningsanddividendyield coefficients

becomelargerstill in absolutemagnitude(0.24for thedividendyield coefficient; -0.11for the

earningsyield coefficient). However, thebiason theshortratecoefficient is negligible.

In Table(4) we examinethesizepropertiesof significancetests.We reportempiricalsizes

for testsof size10% andof size5%, but we focusour discussionon the 5% tests. The price

endogeneityalso alters the absoluteperformanceof the varioustest statistics,but not their
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relative performance. In particular, at
¯ � � , the univariateregressionsdisplay negligible

sizedistortions,but for the bivariateandtrivariateregressions,all testsslightly over-rejectat

asymptoticcritical valuesandtheempiricalsizesexceedthenominalsizes.Theworstdistortion

occursfor thedividendyield coefficient in thetrivariateregression,with thenominalsizebeing

8.6%for theOLS estimator, and8.9%for therobustHansen-HodrickandHodrick estimators

(whichcoincidefor
¯ ��� ). For longerhorizons,theperformanceof theOLSestimatorrapidly

deteriorateswith theempiricalsizeexceeding54%for a5% testin thedividendregressionand

exceeding72%in all otherregressionsat
¯ �Þ/W . Accountingfor theoverlapin theerrorterms

usingHansen-Hodrickstandarderrorsimprovesthesmallsampleperformancebut not enough

to yield a reliabletest.Theempiricalsizefor a 5% testat
¯ �mÞ'W is at least39.1%in thecase

of thedividendregression.

Table(4) shows thatHodrick standarderrorsarefar superiorto OLS andHansen-Hodrick

standarderrors. For
¯ �÷� f , thereis negligible sizedistortionfor the univariateregressions,

whereasfor the bivariateandtrivariateregressions,thesizedistortionis at most4.9%for the

dividendyield coefficient in the trivariateregression(a 9.9% empirical size). Note that the

Hodrick testnow alsoover-rejects.For
¯ ��Þ/W , thesizedistortionsactuallybecomesmaller,

with theworstsizedistortionoccurringagainfor thedividendyield coefficient in thetrivariate

regression(a7.9%empiricalsizefor the5%test).For theearningsyield regression,theHodrick

testis conservativewith anempiricalsizeof 3.6%.In sum,theHodrick standarderrorsdisplay

overall far superiorsmall sampleproperties,andusingthe asymptoticp-valuesis unlikely to

dramaticallyaffect statisticalinference.For that reason,we will report the Hodrick standard

errorsfor all of our empiricaltests.

4 Predictability in US ExcessStock Returns

Table (5) containsour main resultsregardingthe predictability of US excessstock returns.

To allow comparisonwith Lamont (1998)’s article, we report univariateand bivariateyield

regressionsin additionto our maintrivariatespecification.We reportt-statisticsin parentheses

basedonHodrickstandarderrors.For thefull sampleandlookingoverthreehorizons,theyield

regressionsproduceonly onesignificantcoefficient, the dividendyield. This appearsto be a

significantpredictorof excessstockreturnsin thebivariateregression,but its sign is negative,

not positive! Lamonton the otherhandfinds positive coefficients for both yield variablesin

univariateregressions,but a positive coefficient on dividendyields anda negative coefficient

on theearningsyield in thebivariateregression.His mainpoint is that thepredictive power of

thedividendyield stemsfrom the role of dividendsin capturingthepermanentcomponentof

prices,whereasthe negative coefficient on the earningsyield is dueto earningsbeinga good
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measureof businessconditionswhich capturescounter-cyclical risk aversion. According to

Lamontthereis informationin earningsanddividendsoverandaboveprice.Unfortunately, our

resultsappearratherinconsistentwith this story. Only for
¯ �#Þ/W do theregressioncoefficients

have the sign predictedby Lamont’s analysis,but for long horizonsLamont finds that only

pricemattered.In thetrivariateregression,thesamesignpatternappearsfor theyield variables:

negativeon dividendsandpositiveonearningswhich reversesfor
¯ �Þ/W .

Notethataccountingfor biaseswouldnothelprecovertheLamontpattern.In theunivariate

regressions,thebias-correcteddividendyield coefficientwouldbeevenmorenegativesincethe

biasis positive,andthenegativebiasin theearningsyield regressionis toosmallto reversethe

signof thecoefficients.For thebivariateandtrivariateregressions,accountingfor biaseswould

make thepatternweobserve(andwhich is oppositeto whatLamontfinds)evenmorestriking.

Figure(2) showsthepatternoverdifferenthorizonsmoreclearlyfor boththeunivariateand

bivariateregressions(theinclusionof theinterestratedoesnot changethepatternvery much).

In both univariateregressions,the coefficientson the dividendor earningsyield turn increas-

ingly morenegativeuntil aroundthe30monthhorizonafterwhichthey startto increasewithout

becomingpositive. In thebivariateregression,weclearlyseehow the“Lamont-pattern”of pos-

itivedividendyield coefficientsandnegativeearningscoefficientsrequiressettinḡ equalto 50

monthsor higher. Theright handsideof the threepanelsshows thecorrespondingt-statistics

for OLS, RobustHansen-HodrickandHodrick standarderrors. Giventhegenerallack of sta-

tistical significance,it is clearlypointlessto try andinterpretthesignchanges.Interestingly, if

wehadreliedontheOLSor RobustHansen-Hodrickstandarderrors,wewouldhaveconcluded

therewassignificantpredictive power in thedividendyield variable,which againdriveshome

theimportanceof thesimulationexperimentsin Section3.

Goyal andWelch(1999)point out thatthedividendyield predictabilityis not robust to the

additionof the lastdecadeof high returnscoincidingwith low dividendyieldsandis actually

highly unstablein general. Therefore,two additionalpanelsin Table (5) report resultsfor

shortersub-sampleseliminatingeither the last 5 or the last 8 yearsin the sample. Whereas

the sign of the coefficients now bettercorrespondsto what Lamont (1998) finds, statistical

significanceis still lacking. Lettau andLudvigson(2001) also find that the Lamont-pattern

doesnotholdwith late1990’sdatawith aquarterlysamplingfrequency.

The resultsdescribedso far areprettybleakif finding predictabilitywerethe objective of

this study. However, thereis yet anotherregressorin our fundamentalregression,the short

rate. Whatever the sampleperiodwe use,the short rateenterssignificantlyat the 99% level

in the
¯ � � regressionandits impacton the equity premiumis remarkablyrobust in terms

of magnitudeacrossthe varioussampleperiods. A 1% increasein the annualizedshort rate

decreasestheequitypremiumby about3.7%.Thepredictivepower of theshortratedissipates
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quickly for longerhorizons.Thecoefficient slowly becomeslessnegativeandeventuallyeven

slightly positive.

Wealsoconductjoint testsacrossregressors.Jointtestsacrossthe ¤ � � � and | � � � regressors

in theLamontregressionyield p-valuesof 0.2294,0.3760and0.1788for horizons̄ �à� , 12

and60respectively. Jointtestsacross¤ � � � , | � � � andI in thetrivariateregressionyield p-values

of 0.0139,0.3723and0.0985for horizons
¯ � �ÎXÚ� f XZÞ'W . In this regressionfor

¯ � � , the

dividendyield andearningsyield arealsoindividually significantat the5%level.

Finally, following the leadof Richardson(1993),Table (6) reportstestsof predictability

over threehorizons,̄ ��� , 12and60,simultaneously. Thetablealsolists resultsfor four other

countries,whichwill bediscussedin thefollowing section.If wenow focusonthefirst column,

theUS results,we seethat thereis only strongevidencefor yield predictability, if we consider

the joint predictability of earningsyields and dividend yields in the trivariatespecification.

Despitetheshort-livednatureof thepredictablepatterns,theshortratestill significantly(at the

5%level) predictsexcessreturnsat theonemonth,12 monthand5 yearhorizons.

5 Predictability of ExcessStockReturns in FiveCountries

Our previousresultssuggestthat thepredictabilitypatternsformerly found in US dataappear

not to berobustto theadditionof thelastfew yearsandthatstatisticalsignificanceonly occurs

whenthe short rate is usedasa predictor. It is conceivablethat the lack of predictive power

is simply a smallsamplephenomenon,dueto thevery specialnatureof thelastdecadefor the

US stockmarket. It is equallyprobablethat the previous resultsof strongpredictabilityand

interestingpredictabilitypatternsarea statisticalfluke. Internationalevidenceshouldhelp us

sortout thesetwo interpretationsof thedata. If we cannotconfirmthepreviouspredictability

patternsfor any countries,andif yield variablesdo not appearto predictstockreturnsin other

counties,it seemslikely thatdatamining andotherstatisticalproblemshave led researchersin

theUSastrayregardingthepredictivepowerof theyield variables.Wecanalsoincreaseor de-

creaseourconfidencein theshortrateasarobustpredictorof equityreturnsusinginternational

stockreturndata.Finally, pooledestimationacrosscountriescanleadto powerful evidenceon

therobustnessandmagnitudeof predictabilitypatternsacrosscountries.

We begin by summarizingthepatternsin univariateandbivariateyield regressions.Figure

(3) displaysthe dividendyield coefficientsandtheir t-statisticsusingHodrick standarderrors

TheUK coefficient patternis strikingly similar to thatof theUS but, asin theUS,not a single

t-statisticreacheshigherthan2.00andit is notsurprisingthatthejoint testsfor
¯ ��� , 12and60

in Table(6) fail to rejectthenull of no predictability. Thecoefficient patternsin thethreeother

countriesaremoreakin to theseprevalentin theUS in earliersamples,in that thecoefficients
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increasewith horizon,but in both FranceandGermany they startout negative. In Japan,the

individualcoefficient for ¤ � � � is borderlinesignificantin theunivariateregressionandthejoint

testacrosshorizonsin Table(6) rejectsat the10%level.

In Figure(4),werepeatthesamegraphsfor theearningsyield regression.Theearningsyield

predictabilitycoefficientsagainaresimilar for theUSandtheUK, following areverseJ-pattern.

For FranceandGermany they have a U-shapedpattern,whereasthey increasemonotonically

with the horizon for Japan.Individual significanceagainonly occursfor certainhorizonsin

Japan,but nowhereelse. Joint testsin Table(6) fail to reject the null of no predictability in

FranceandGermany but thereis aborderlinerejectionin Japan(at the5.7%level) anda rejec-

tion at the5% level in theUK. Inspectionof theUK coefficientsin Figure(4) revealsthat the¯ ��� , 12, 60 choicevery fortunatelyavoidsthelowestspotin thet-statisticscurve andmight

somewhatoverstatethetruepredictability. We concludethat theunivariateyield predictability

patternsarenot terribly robustacrosscountriesandnotverysignificantstatistically.

Do we observe the Lamontpatternof positive dividendyield andnegative earningsyield

coefficientsin internationaldata?Figure(5) simply shows thecoefficient patterns.Again (not

reported),theindividualt-statisticsusingHodrickstandarderrorsbarelyeverreachsignificance.

Two countries,JapanandFrance,show apatternsomewhatreminiscentof theLamontfindings,

with negative coefficientsfor theearningsvariableandpositive onesfor thedividendyield at

shorthorizons. In France,the coefficients further diverge as the horizon lengthens,whereas

in Japanthey converge. TheUK patternof thecoefficientsis similar to that in Francebut the

initial earningsyield coefficientis actuallyslightly positive. In Germany, thesignpatternandits

evolutionoverhorizonsmatchestheonewefoundfor theUS,with positive(negative)earnings

yield (dividendyield) coefficientseventuallyswitchingsign,but theswitchoccursmuchearlier

than in the US. Joint testsacrosshorizonsreveal no significantrejectionsof the null of no

predictability, except in the caseof Japan,whereearningsanddividendyields jointly predict

stockreturnsat the5% level (seeTable(6)). However, this maybedueto a multicollinearity

problemin theregressionfor Japan(seebelow).

Thecoefficient patternsfor theyield variablesthatwe observe for thebivariateregressions

qualitatively persistfor thetrivariateregressions(exceptfor Japan)andhencewe do not show

them in a figure. However, the t-statisticsare generallysomewhat larger, resultingin joint

rejectionsof thenull of nopredictivepowerfor theyield variablesin threecountries,theUS,the

UK andJapanatthe1%level. Sotheyield variablesappearto havesomepredictivepowerwhen

consideredtogetherandoverthreehorizonssimultaneously. However, thepatternin coefficients

weseeis verydifferentacrosscountriesanddiffersfrom whatLamontfound,exceptin Japan.7

7 For Japan,weobserveaLamontpatternatshorthorizons(lessthan15months)but athorizonslongerthan15

monthstheearningsyield coefficientsbecomepositive. Thedividendyield coefficientsarelessthantheearnings
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Figure(6) displaysthe coefficient patternsfor the annualizedshortrateandits associated

t-statisticsin the trivariateregression.Strikingly, this coefficient patternis muchmorerobust

acrosscountriesandasimilarshapefor thecoefficientpatternsappearfor univariateregressions

(not reported).For all countries,theone-monthcoefficient is negativebetween-3.73for theUS

and -0.97 for Japan. For 4 of the 5 countries,the coefficient increasesmonotonicallywith

horizon,leveling off at around0.55for theUS, France,andGermany andat slightly lessthan

zerofor theUK (-.55). In Japan,thecoefficientnever reacheszero,but thehorizondependence

is not monotonicallyincreasing.Thet-statisticsaregenerallylarger in absolutemagnitudefor

shorthorizonswith theexceptionagainbeingJapan.At theone-monthhorizontheshortrate

coefficientsarestatisticallysignificantonly for theUS andUK. Whenwepool acrosshorizons

in Table(6), only theUS shortrateretainssignificantpredictive power at the5% level, which

is not surprisinggiven the patternof the coefficients and t-statisticsin Figure (6). What is

surprisingis thevery high p-valuefor Japan.Inspectionof thegraphrevealsthanthejoint test

happensto selecttwo
¯
’soutof only asmallsetof

¯
’s thatyield coefficientscloseto zero.

We concludethat the internationalevidenceon predictability doesnot supportLamont’s

findingsregardingthe predictabilityof earningsanddividendyields. Thereis only weakev-

idencein favor of it in threecountries,and the internationaldatado not reveal a consistent,

interpretabledatapattern. However, the short raterobustly predictsexcessstockreturns,but

its effect is limited to the short forecastinghorizon(mostly onemonth). The shortratecoef-

ficient is not significantlydifferentfrom zerofor all countries.Table(6) reportsjoint testsof

predictabilityfor thethreecoefficients.Thenull of nopredictabilityis rejectedat the10%level

in Germany, andat the5% level in theUS andUK. It is alsorejectedat the1% level in Japan

which is surprisinggiventhelackof significanceof theindividualcoefficients.However, this is

mainly dueto multicolinearityin theregressions,anda near-singularcovariancematrix of the

regressorcoefficients.

Onewaytocometomoreclear-cutconclusionsregardingthemagnitudesandsignificanceof

thecoefficientsis to pooltheestimationacrosscountries.Underthenull of nopredictability, the

pooledestimationshouldenhanceefficiency considerablygiventhat thecorrelationof returns

acrosscountriesis not very high. Unfortunately, we have to exclude Japan,becauseof the

considerabledifferencein datacoveragebothin termsof samplesizeandin termsof variables

(we uselevels of earningsyields ratherthan log earningsyields, becauseof the presenceof

negative earningsin the Japaneseseries).Table(7) reportspooledpredictabilitycoefficients,

t-statisticsandjoint tests. We alsoreporta testof the over-identifying restrictions,described

yieldcoefficientsbetweenhorizons20and40months.At longhorizons(40-60months)bothdividendandearnings

yieldsarepositive, with thedividendyield coefficientsgreaterthantheearningsyield coefficients. This figure is

availableuponrequest.
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in AppendixF. For all of our specifications,this test fails to reject the restrictionsimposed

by equalcoefficientsacrosscountries.In theLamontregressionswith only theyield variables,

we fail to find statisticalsignificancefor theyield variables,bothwhentestedindividually and

jointly. The coefficients get closerto significantlevels at longerhorizons. In termsof sign

at
¯ �ÿ� , thedominantpatternappearsto benegative dividendyield coefficientsandpositive

earningsyield coefficients,apatternoppositeto thatfoundby Lamont(1998).

In thetrivariatesystem,boththedividendyield andearningsyield coefficientsarepositive

for
¯ ��� , but theearningsyield coefficient turnsnegativeat longerhorizons.Consequently, the

Lamontpatternagainfails to show. Moreover, noneof thecoefficientsis individually signifi-

cant,althoughthet-statisticsincreasewith horizon.A joint teston theyield variablesalsofails

to reject the null of zerocoefficients. On the otherhand,the shortratecoefficient is -1.7334

at theonemonthhorizonandsignificantat the5% level. Thecoefficient increasesto -0.34at¯ �±Þ/W but losesstatisticalsignificance.Joint testsacrossthe threevariablesfail to rejectthe

null of no predictabilityfor all threehorizonsat the 5% level, but the testwould rejectat the

10%level for
¯ �m� . Weconcludethattheonly robustandsignificantpredictorof excessstock

returnsin 5 countriesappearsto betheshortrate.

6 Cross-CountryPredictability

Thepreviousdiscussionimplicitly consideredour5 countriesto besegmentedmarketsanddid

not allow thepossibilityof cross-countryinfluences.However, in an integratedmarket, global

discountratesshouldpriceequityreturnsonall markets,andwemayfind commoncomponents

in thepredictablecomponentsof returns.To investigatethis,weextendour trivariateregression

to a 6 variableregression,looking at pairs of countries. This set-upis an extensionof the

regressionsrun by BekaertandHodrick (1992),who regressedequity and foreign exchange

returnson the dividendyields in two countriesandthe forward premium. Sincethe forward

premiumis the interestdifferentialthroughCoveredInterestParity, our regressionfreesup an

implicit constrainton theinterestratecoefficientsin theBekaertandHodrick regressions.Like

BekaertandHodrick, we alsoinvestigatethe predictabilityof foreign exchangereturns. Our

maincontributionhereis to examinetheaddedrole earningsyieldsmayplay.

Table(8) reportsthemainresultsfor thepredictabilityof equityexcessreturnsby localand

US instruments.A numberof striking resultsemerge. First, thereis not a singlesignificant

coefficient for the12 and60-monthhorizons,confirmingonceagainthatpredictabilityis not a

long-horizonphenomenon.Second,theonly significantcoefficientswe reportareUS dividend

yieldssignificantlypredictingreturnsin Franceat the5%level andin Germany at the1%level.

Hence,thestrongestpredictabilitypatternis a cross-countryeffect. Thesignof thecoefficient
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is negative asit is in theothercountries.Moreover, theUS earningsyield consistentlycarries

a positive signbut fails to reachstatisticalsignificance.The local yield variablesmostlyhave

positive but insignificantcoefficients. Third, the local short rate is no longersignificantand

increasesin value,relative to its valuein thedomestictrivariateregressionwe studiedbefore.

For FranceandGermany, it evenbecomespositive. However, theUS shortrateenterswith a

negativesignin every regressionandthemagnitudeof thecoefficient is large,varyingbetween

-2.00in Japanto -4.17in Germany. Although thecoefficientsarenever significantat the5%

level, thet-statisticsareall 1.00or larger.

Thesecoefficient patternssuggestthat cross-countrypredictability may be strongerthan

domesticpredictability. This maybethecasein anintegratedworld whereperhapsshocksaf-

fectingglobaldiscountratesarebestreflectedin theinstrumentsof thedominantstockmarket,

the US. To examinethis further, Table(9) reportsp-valuesfrom a seriesof joint testsof pre-

dictability. Thefirst set,labeledwith US as”Base,” concernstheregressionsof Table(8). The

basepredictabilitycolumncontainsatestof thenull of zerocoefficientsfor thebaseinstrument,

in this case,the US instruments.The local predictabilitycolumnreportsp-valuesfor testsof

predictabilityusingonly the local instruments.This columnis likely to confirmtheresultsof

thetrivariateregressionswereportedearlier. TheUS instrumentsjointly only significantlypre-

dict Germanexcessreturns.In theothersub-panels,we makeothercountriesthebasecountry.

For example,in thesecondsetwe look atexcessreturnsin theUS,France,Germany andJapan

andour predictorinstrumentscompriselocalandUK instruments.

We find a numberof interestingsignificantpredictabilitypatternsin Table (9). First, no

foreign country instrumentspredictUS returns. However, in the presenceof foreign instru-

mentswhichhavenopredictivepower, thereis still significantpredictivepowerof USdomestic

instruments,in particulartheshortrate,for USexcessreturns.Second,wefind only two signif-

icantbasecountrypredictors:USinstrumentspredictGermanreturns,andGermaninstruments

predictJapanesereturns.Finally, thelocalpredictabilityresultsconfirmtherejectionswefound

for theUSin Table(6), nomatterwhich foreigninstrumentsareincludedin theregression.For

theUK, we no longerreject,which mayreflecta lossof powerdueto theintroductionof three

new regressors.For Japan,wealsonolongerreject,whichsimply indicatesthattheinclusionof

theforeigninstrumentsresolvedthesingularityproblemwe facedwith theregularestimation.

The resultsin Table(9) may be weakbecauseof the inclusionof too many highly corre-

latedregressors.Therefore,Table(10) reportspredictabilityresultsusingonly US instruments,

includinga pooledestimation.Theresultsareindeedstrongerthanwhatwe reportedin Table

(8). First, long-horizonpredictabilityremainsratherweakto non-existent. Second,the yield

variablesretaintheir sign patterns(a reverseLamontpattern)andarenow significantin both

FranceandGermany. TheUS shortrateconsistentlyhasa negativesignandis now significant
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in the UK andGermany. Overall, the US instrumentspredictexcessequity returnsin these

countriesbetterthanthe local instruments!Whenwe pool theestimationacrosscountries,we

find very strongresults,with all threecoefficientsbeingsignificantat the 1% level.8 A 1%

increasein the US dividendyield reducesthe equity premiumin othercountriesby about50

basispoints,anincreasein theearningsyield increasesinternationalrisk premiumsby about65

basispoints,whereasan increasein theUS shortrateof 1% decreasestheequitypremiumby

almost3.5%.It maybethatUS factorsdominateglobaldiscountratesandthatthis leadsto the

observedpattern,but it seemshardto comeup with an internationalasset-pricingmodelthat

wouldexplain thesepredictabilitypatterns.

Suchaninternationalmodelwould alsohave to capturepredictabilitypatternsin exchange

ratereturns.Wemeasuretheexchangeratereturnfor aUSbasedinvestor, usingthelogarithmic

exchangeratechange(in dollarsperforeigncurrency) plustheforeign-USinterestratedifferen-

tial. Thisreturnis thetopicof thevastliteratureontheUnbiasednessHypothesisin international

finance.If no instrumentspredictthis return,theinterestdifferentialor forwardpremiumis an

unbiasedpredictorof futureexchangeratechanges.Whereasearlierwork findsverystrongre-

jectionsof this hypothesis,recenttestsyield weaker results(seeBekaertandHodrick (2001)).

In Table(11) we reportregressionsof foreignexchangereturnson theUS instrumentsandthe

instrumentsof the currency’s country. SinceFranceandGermany now sharea commoncur-

rency asof 1 January, 1999,andwereincludedin theEMS duringthe1990’s we includeonly

theUSDollar-DeutschMark exchangerate.

In the Unbiasednessliteratureit is customaryto regressforeign exchangereturnsor ex-

changeratechangesontotheforwardpremiumor interestdifferential,anexercisewhich typi-

cally resultsin strongnegative slopecoefficients. In our framework, this would correspondto

findingnegativecoefficientsontheUSinterestrateandpositiveonesontheforeigninterestrate.

This patternis only valid for thepound;in theothercountriestheUS interestrateenterswith

a positivesignandis not statisticallysignificantlydifferentfrom zero. In theUK both interest

variablesaresignificantlydifferentfrom zero,whereasthe only othersignificantinterestrate

coefficient is theJapaneseinterestratefor theyenequation.Perhapssurprisingly, someof the

yield variablesdoseemto havepredictivepower for foreignexchangereturns,but noclearpat-

ternemerges.For example,theUSearningsyield is only significantin thepoundequation,and

thenonly for
¯ �±� f , whereasthedividendyield is significantfor theDeutscheMark equation

at both
¯ �ÿ� and

¯ � � f . Local instrumentsarealsosignificant.For example,UK dividend

yieldspredictpoundforeignexchangereturns,andGermandividendyieldspredictMark for-

eignexchangerates.Perhapssuchcomplex patternsarenot surprisingin a globally integrated

world. An internationalpricingmodelwill typically requiretheexchangeratechangeto bethe
8 We pool UK, FrenchandGermanreturnsandexcludeJapanbecauseof its smallersamplesize.
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differenceof the two pricing kernelsin the two countries,so that factorsdriving equityprices

in bothcountriesmayaffectexchangeratesaswell.

To obtainmorepowerful tests,we alsoconducta numberof joint testsin thebottompanel

of Table(11) acrosshorizons
¯ � � , 12 and60 months. For all of our tests,we find strong

rejectionsof thenull of no predictabilityfor the Japaneseforeign exchangereturns,but these

arehardto interpretbecauseof thecollinearityproblemsthatplaguethecovariancematrix in

this case.Thereforewe focusour discussionon thepoundandMark returns.First,we contrast

thepredictivepowerof localversusUSinstruments.Wefail to find significantrejectionsof the

null of nopredictabilityin bothcases,but local instrumentsseemto havemorepredictivepower

thanUS instruments.Second,we contrastthepredictivepowerof theinterestrateinstruments,

with thepredictivepowerof theyield variables.Surprisingly, theyield variablesaresignificant

at the5%level in thepoundreturnregressionandat the1%level in theMark returnregression,

but theinterestratevariablesarenotsignificant.Whereastheliteraturehastypically focusedon

interestrateinstrumentsto predictreturns,they donotappearstrongpredictors,relativeto yield

variables.Third, joint testsstronglyrejectthenull of no predictabilityin bothregressions.We

concludethatfor foreignexchangepredictabilityreturns,thereis strongpredictabilityby yield

variablesbut notby interestrates,theinstrumentsusedin thestandardliterature.

7 Conclusions

Thepredictablecomponentsin equityreturnsuncoveredin empiricalwork overthelast20years

havehadadramaticeffectonfinanceresearch.Theoreticalresearchonequilibriummodelsuses

thepredictabilityevidenceasastylizedfactto bematched.Thepartialequilibriumdynamicas-

setallocationliteratureinvestigatestheimpactof thepredictabilityonhedgingdemands.Much

of the focushasbeenon thepredictive prowessof thedividendyield, especiallyat long hori-

zons,but Lamont(1998)shows thatearningsyieldshave independentpredictivepower. In this

article,we posethequestionwhetherthis predictabilityis real. After carefullyaccountingfor

smallsamplepropertiesof standardtests,our answeris surprisingbut important.Weshow that

thestandardpredictabilitypatternsarenot statisticallysignificant,not robust acrosscountries

or sampleperiodsandfail to conformto theeconomicinterpretationgivenby Lamont(1998).

Moreover, thereis no evidenceof long-horizonpredictabilityin any of the5 countrieswe ex-

amine. In this sense,thepredictabilitythathasbeenthe focusof mostrecentfinanceresearch

is simplynot there.

Nevertheless,we do find that stock returnsare predictable,calling for a re-focusof the

predictabilitydebatein threedirections.First, our resultssuggestthatpredictabilityis mainly

a short-horizon,not a long-horizon,phenomenon.Second,the strongestpredictabilitycomes
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from theshortrateandnotfrom yield variableswith pricein thedenominator. Theresultthatthe

shortratepredictsequityreturnsgoesbackto at leastFamaandSchwert(1977),but somehow

recentresearchhasfailed to addresswhatmight accountfor this predictabilityandhasmostly

focusedondividendyield predictability. Third, therearetantalizingcross-countrypredictability

patternsthatappearstrongerthandomesticpredictabilitypatterns.Theemergenceof aglobally

integratedcapitalmarketoverthelast20yearsshouldrefocusresearchtowardsdeterminantsof

globaldiscountrates.

We hopethatour resultswill, in the shortrun, affect the assetallocationliterature,which

often hastaken predictabilityof the dividendyield variableasgiven, and in the longer run,

will stimulateresearchon theoreticalmodelsthatmight explain thepredictabilitypatternswe

demonstrate,particularlyshortratepredictabilityat shorthorizonsandacrosscountries.
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Appendix

A Proof of Proposition2.1
FromtheDividendDiscountModelwe canwrite:
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We claim that:
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whichwe show by induction.
Theinitial conditionsaregivenby:

� ! # 
 Ó � Ó õ � Ó & ì2� ! # ����� ñ4365 ! 3879;: .�< : + : .	= Ó&ö ����� ñ é ÓAö ���>� ñ���� Ó&ö &
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= Ó3ö &ì ����� ñ$(Zñ 7 ö�+-, ñ 7 ö .0/ ! ö (A-3)

where
(Zñ 7 ö ìNñ ë Ô + ë A ö . ñ�B + < : ö�+ 79 ñ ë Ô + ë A ö . < ñ ë Ô + ë A ö

and

, ñ 7 ö ìC3 ë Ó?+ � . ñ ë Ô%+ ë)A ö
To provetherecursiverelation,assumethis relationholdsfor * . Thenusingiterativeexpectations:
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= Ó ö &ì ����� ñ$(Zñ�* + 7 ö>+-, ñ�* + 7 ö .0/ ! ö (A-4)

where
(Zñ�* + 7 ö ì2(Zñ�* öD+ ñ ë ÔH+-, ñ�* ö�ö . B + ñ ë Ô@+I, ñ�* ö5ö . < : + 79�ñ ë ÔH+-, ñ�* ö�ö . < ñ ë ÔH+-, ñ�* ö�ö

and

, ñ�* + 7 ö ìJ3 ë Ó + � . ñ ë Ô +I, ñ�* ö5ö$K
Hencetheprice-earningsratio is givenby:
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B Proof of Observation 2.1
Wewouldlikepricingkernelvariability with earningsgrowth andlog payoutto bethesameif wereto usedividend
growth. DenoteM ê�� Ó ì83 ÓÔ : . < : + : . = ê�� Ó . In particular, we would like covê ñ éFNê�� Ó 1 3 M ê�� Ó ö in a systemwith state
variablesñ�5 ê é;Nê ö . ascovê ñ�OG� � ê�� Ó + é ê�� Ó 1 3 M ê�� Ó ö in oursystemwith statevariablesñ�5 ê é ê ��� ê ö . . We notethat

covê ñ$OG��� ê�� Ó + é ê�� Ó 1 3 M ê�� Ó ö ìC3�ñ ë Ô + ë A ö . < : K
Denoting

< N asthe2 ô 2 covariancematrix underthedividendgrowth system,and : N asthe2 ô 1 vectorof prices
of risk underthissystem,then

covê ñ é Nê�� Ó 1 3 M ê�� Ó3ö ìC3 ë .Ô < N : N
Imposingequalitybetweenthesetwo expressionswehave thefollowing relation:

:FP·ñ�Q P)R + Q>P�S T4U ö�+ :;RÙñ�Q ÔR + Q RVS T4U ö>+ :;T4U�ñ�Q>RVS T)U + Q ÔT4U ö ìW: NP Q PXS RZY + : NR Y Q ÔR Y (B-1)

where:¥ì¦ñ�: P : R : T)U ö . from our three-factorearningsgrowth andlog payoutsystemand : N ì¦ñ�: NP : NR Y ö . from a
dividendgrowth system.Notethat

Q PXS R[Y ì covê ñ�5 ê�� Ó 1 OG��� ê�� Ó + é ê�� Ó ö ì\Q>PXS T)U + Q PXS R
and Q ÔN ì covê ñ�OG� � ê�� Ó]+ é ê�� ÓX1 O^� � ê�� Ó]+ é ê�� Ó3ö ìWQ ÔT4U + 9 Q RVS T)U + Q ÔR
Hencewe canre-writeequation(B-1) as:

:;RXQ ÔR + ñ�:;R + :FT4U ö Q RVS T4U + :FT4U�Q ÔT4U ì\: NR Y ñ�Q ÔR + Q RVS T4U + Q ÔT4U ö (B-2)

This relationis satisfiedif :;R�ì\:FT4U�ìW: NRZY .

C Proof of Corollary 2.1
Lemma C.1 Undertherestrictionfor

�
in equation(9) thecoefficients, ñ�* ö ì ë A>_ * .

Proof:Fromtheinitial conditionfor , ñ 7 ö in equation(7) we have:

, ñ 7 ö ì
3 7 + � Ô�Ó]+ ñ 7 3 � Ô�Ó3ö� Ô=Ô 3 � Ô�Ô� Ô A + ñ 7 3 � Ô A ö

ì ``
7
ì ë A

We canverify that , ñ�* ö ì ë)A in therecursiverelationin equation(6) by directsubstitution.

Usingequation(1) we canwrite:

� ê # a ê�� Ó & ì 7õ � ê � ê # ����� ñ5ñ ë Ô + ë A ö .b/ ê�� Ó ö�+ � ê �
�	� Ó
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notingthat , ñ�* ö ì ë A�_ * from LemmaC.1. Theterm c ê is givenby:

c ê ì ����� ñ�ñ ë Ô%+ ë$A ö . B + ñ ë ÔH+ ë)A ö . � / ê + 79>ñ ë Ô%+ ë)A ö . < ñ ë Ô@+ ë)A ö�ö
ì ����� ñ�ñ ë Ô%+ ë$A ö . B + ñ ë Ó?+ ë)A ö .0/ ê + 79hñ ë ÔH+ ë)A ö . < ñ ë ÔH+ ë$A ö5ö (C-2)
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wherewe substituteñ ë Ó?+-, ñ�* ö5ö . ì¢ñ ë Ó?+ ë$A ö . ìNñ ë Ô%+ ë)A ö . � and e ê is givenby:

e ê ì
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3 ���>� ñ)(Zñ 7 öD+ ë .A / ê ö"E ����� ñ ë . Ó / ê 3 ñ ë Ô%+ ë)A ö .�< : öì õ � ê E ����� ñ ë . Ó / ê 3¥ñ ë Ô + ë A ö . < : ö 3 c ê (C-3)

Hencetheexpectedsimpletotal returnis:

� ê # a ê�� Ó & ì2f E ����� ñ�5 ê ö (C-4)

wheref ì ����� ñ43�ñ ë ÔH+ ë)A ö . < : ö . Thesimplerisk premiumis givenby:

� ê # a ê�� Ó 3 ����� ñ�5 ê ö & ì�ñ$fg3 7 öDE ����� ñ�5 ê ö (C-5)

which is zeroif :üì `
.

Theunconditionalrisk premiumis:

�G# a ê�� Ó 3 ����� ñ�5 ê ö & ì�ñ$fg3 7 öDE ����� ñZhB"P + 79 hQ ÔP ö (C-6)

where hB P and hQ ÔP aretheunconditionalmeanandvarianceof 5 ê respectively.
Notethatwe canalsowrite theexpectedsimpletotal returnas:

� ê # a ê�� Ó & ì 7 + h�
õ � ê c

ê (C-7)

where h� is givenby:

h� ì �
��� Ó

����� ñ$(Zñ�* ö�ö
Equatingequation(C-4)andtheexpressionfor õ � ê in equation(C-7)allowsusto obtainanexpressionfor h� :

7 + h�
h� E ���>� ñ5ñ ë Ô%+ ë)A ö . B + 7 9>ñ ë Ô%+ ë)A ö . < ñ ë Ô%+ ë)A ö�ö ì ���>� ñ)3�ñ ë Ô%+ ë)A ö . < : ö

or substitutingfor (Zñ 7 ö : 7 + h�
h� E ����� ñ$(Zñ 7 ö5ö ì 7 K

Hence

h� ì �
��� Ó

����� ñ)(Zñ�* ö5ö ì
���>� ñ)(Zñ 7 ö�ö

7 3 ����� ñ$(Zñ 7 ö5ö (C-8)

D Proof of Corollary 2.2
Theconditionalsquaredsimpletotal returnis givenby:

� ê # a Ôê�� Ó & ì 7õ � Ôê �
ê ����� ñ5ñ ë Ô + ë A ö .i/ ê�� Ó ö>+

�
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Ô
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where

j ê ì�� ê # ���>� ñ 9 ñ ë Ô + ë A ö . / ê�� Ó ö &ì c Ôê ����� ñ�ñ ë Ô + ë A ö .	< ñ ë Ô + ë A ö�ö (D-2)

wherec ê is givenby equation(C-2),

k ê ì�� ê �
�	� Ó

���>� ñ$(Zñ�* ö�+ 9 ñ ë ÔH+ ë)A ö .0/ ê�� Ó&ö
ì h� j ê (D-3)

where h� is givenby equation(C-8)and

m ê ìn� ê �
��� Ó

����� ñ$(Zñ�* ö�+ ñ ë Ô + ë A ö .b/ ê�� Ó ö
Ô

ì h� Ô j ê (D-4)

Hencetheconditionalexpectationof thesquaredsimpletotal returnis:

� ê # a Ôê�� Ó & ì ñ 7 +
9 h� + h� Ô öõ � Ôê E j ê

ì ñ 7 + h� ö Ôõ � Ôê E c Ôê ����� ñ�ñ ë Ô%+ ë$A ö . < ñ ë Ô%+ ë)A öì¢ñ�� ê # o ê�� Ó & ö Ô E ����� ñ�ñ ë Ô + ë A ö . < ñ ë Ô + ë A ö (D-5)

wherethelastexpressionresultsfrom substitutingin theconditionalsimpletotal returngivenin equation(C-7).
We canwrite theconditionalvarianceof thesimpletotal returnas:

varê ñ�a ê�� ÓAö ì2� ê # a Ôê�� Ó & 3¥ñ�� ê # a ê�� Ó & ö Ôì¢ñ�� ê # a ê�� Ó & ö Ô ñ ����� ñ�ñ ë Ô + ë A ö . < ñ ë Ô + ë A ö5ö 3 7 öìCf Ô # ����� ñ�ñ ë Ô + ë A ö . < ñ ë Ô + ë A ö5ö 3 7 & ����� ñ 9 5 ê ö (D-6)

where f ì ����� ñ)3�ñ ë Ôp+ ë$A ö . < : ö . This is also the conditionalvarianceof the simplerisk premium. Note thatñ ë Ô�+ ë)A ö . < ñ ë Ôp+ ë$A ö is the conditionalvarianceof dividendgrowth but expressedin earningsgrowth and log
payoutratios.

To look atunconditionalvariancesweusetheformula:

varñ�a ê�� Ó ö ì��q# varê ñ�a ê�� Ó ö & + varñ�� ê ñ�a ê�� Ó ö�ö
Thefirst termis givenby:

�G# varê ñ�a ê�� Ó&ö & ì2f Ô # ����� ñ5ñ ë Ô%+ ë)A ö .�< ñ ë ÔH+ ë$A ö5ö 3 7 & ����� ñ 9 hB P + hQ ÔP ö (D-7)

where hB"P and hQ ÔP aretheunconditionalmeanandvarianceof 5 ê respectively. Thesecondtermis givenby:

varñ$� ê ñ�a ê�� Ó3ö�ö ìCf Ô varñ ����� ñ�5 ê ö5öìCf Ô ����� ñ 9 hB"P + hQ ÔP ö ñ ����� ñXhQ ÔP ö 3 7 ö (D-8)

Combiningequations(D-7) and(D-8) we have:

varñ�a ê�� Ó3ö ì2f Ô E ����� ñ 9 hB P + hQ ÔP ö # ����� ñXhQ ÔP + ñ ë ÔH+ ë)A ö . < ñ ë ÔH+ ë$A ö5ö 3 7 & (D-9)

Theunconditionalvarianceof thesimplerisk premiumis:

varñ�a ê�� Ó 3 ����� ñ�5 ê ö5ö ì varñ�a ê�� Ó ö 3 9
cov ñ$� ê ñ�a ê�� Ó ö$1 ����� ñ�5 ê ö5ö�+ varñ ����� ñ�5 ê öì varñ�a ê�� Ó öD+ ñ 7 3 9 f ö varñ ����� ñ�5 ê ö5ö (D-10)

wherevarñ�a ê�� ÓAö is givenin equation(D-9) andvarñ ����� ñ�5 ê ö�ö ì ���>� ñ 9 hB P + hQ ÔP ö ñ ����� ñXhQ ÔP ö 3 7 ö .
30



E TestingPredictability AcrossHorizons
Themomentconditionsfor thesystemin equation(20)are:

�1ñ)rZê��?st övu �
r ê�� txw

...r ê�� tZy ì��
z ê�� txw	{ ê

...z ê�� tZy { ê ìn�Cñ z ê��"stq| { ê ö ì `
(E-1)

where{ ê ì¢ñ 7~} .ê ö . , a � ô 7 vectorandz ê�� t ì¢ñ z ê�� t w K�K�K z ê�� tZy ö . .
FromstandardGMM � � ñ;�� 3 � ö ��n� ñ ` 1X��ö with � ì e

ó Ó! k ! e
ó Ó! , e !�ì�ñ��[� | �Cñ { ê { . ê ö5ö andk !�ì��1ñ)rZê��?st r . ê��?st ö ì�� ñ z ê��?st z ê��?st ö | ñ { ê { . ê ö (E-2)

TheHodrick (1992)estimate �kD�� of
k ! is givenby:

�k �� ì�7� m
.
m (E-3)

where m is a � ô ��� matrix m ì¦ñ m t w K�K�KXm tZy ö where m t � ô � is givenby m t ì¦ñ�� . Ó � t 1�K�K�K � .� � t ö , and� ê�� t , � ô 7 , is:

� ê�� t ì ë ê�� Ó
t ó Ó
�	� ! { ê�ó � 1 (E-4)

sinceunderthe null of no predictability the one-stepaheaderrors ë ê�� � ì z ê�� Ó are uncorrelatedand z ê�� t ìë ê�� Ó +-E�E�EZ+ ë ê�� t . Denoting
/ ì�ñ { . Ó 1�K�K�K { . � ö , � ô � , anestimateof e

ó Ó! is givenby:

�e
ó Ó� ì�7� ñ�� � | ñ / . / ö ó Ó ö (E-5)

To testthehypothesis�v� ì `
weusetheNewey (1985)�hÔ test:

ñ � �� ö . # � �� �
. & ó Ó � �� � � Ôrank�i��� (E-6)

with �� ì �e
ó Ó� �k �� �e

ó Ó� .

F TestingPredictability Pooling Cross-SectionalInf ormation
Let thedimensionof } ê be ñ � 3 7 ö sotherewill beatotalof � regressors,includingtheconstantterms� � for each
of � countries.In equation(21) denotethe free parameters

� ìHñ � Ó�K�K�K � � h� . ö . , andthe unrestrictedparameters
stacked by eachequation� ì$ñ � Ó � . Ó K�K�K � �H� .� ö . . We canestimatethe systemin equation(21) subjectto the
restrictionthat �v� ì `

, whereC is a � � ô ñ � 3 7 ö ñ � 3 7 ö matrixof theform:

� ì
�` � �` 36� �` K�K�K�` � �` � �` 36� K�K�K...�` � �` K�K�K

�` 36�
(F-1)

where
�`

is a ñ � 3 7 ö ô 7 vectorof zeros,
�

is a ñ � 3 7 ö ô ñ � 3 7 ö matrix of zeros,and � is a ñ � 3 7 ö rank
identitymatrix.

Denote �Ò ê�� t ìNñ �Ò Óê�� t K�K�K �Ò �ê�� t ö . ñ � ô 7 ö{ �ê ìNñ 7l} ���ê ö ñ � ô 7 öz ê�� t ìNñ z Óê�� t K�K�K z �ê�� t ö . ñ � ô 7 ö
/ ê ì

{ Óê `
. . .` { �ê ñ � � ô � ö$K (F-2)
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Thenthesystemcanbewrittenas:

�Ò ê�� t ì /�.ê � + z ê�� t (F-3)

subjectto �v� ì `
. Towrite in compactnotationlet a ì¢ñ �Ò . Ó � t K�K�K �Ò .� � t ö . , / ì¢ñ / .Ó K�K�K / � ö . ,   ì�ñ z . Ó � t K�K�K z . � � t ö . .Thenthecompactsystemcanbewrittenas:

a ì / � +   subjectto �v� ì `
(F-4)

A consistentestimate �� of � is givenby:

�� ì � U)¡i¢ 3 ñ / . / ö ó Ó � . # � ñ / . / ö ó Ó � . & ó Ó �v� U)¡i¢ (F-5)

with � U$¡i¢ ì¢ñ / . / ö ó Ó / . a . Thisgivesusanestimate�� of
�
.

Themomentconditionsof thesystemin equation(F-3)are:

�Cñ$r ê�� t ö ì2�1ñ / ê z ê�� t ö ì `
(F-6)

By standardGMM �� hasdistribution

� � ñ;�� 3 � ö ���� ñ ` 1 ñ � .! k ó Ó! � ! ö ó Ó ö (F-7)

with

� .! ì�� £ r ê�� t
£ � . (F-8)

and k !�ì2�1ñ$r ê�� t r . ê�� t ö (F-9)

TheHodrick (1992)estimate �k �� of
k ! is givenby:

�k �� ì 7�
�
ê � t �p¤ ê �p¤ .ê (F-10)

where�¥¤ ê ( � � ô 7 ) is

�p¤ ê ì t ó Ó
�	� !

/ ê�ó � ë ê�� Ó K (F-11)

Underthe null hypothesisof no predictability z ê�� t ì ë ê�� Ó +2K�K�K ë ê�� t where ë ê�� Ó arethe 1-stepaheadserially
uncorrelatederrors.This is theSURequivalentof theHodrick (1992)estimatefor univariateOLS regressions.

An estimate �� � of
� ! is givenby:

�� .� ì�7�
�
ê � ! £

r ê�� t
£ � . 1 (F-12)

� ì�ñ � Ó K�K�K � � h� . ö with

3 £ r ê�� t
£ � .

ì
7 } Ó �ê `

7 } Ô �ê
. . .` 7 } �

�ê
} Óê } Óê } Ó �ê } Ôê } Ôê } Ô �ê K�K�K } �ê } �ê } � �ê

(F-13)
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Theestimate�� hasdistribution

� � ñ;�� 3 � ö ���� ñ ` 1 # �� .� ñ �k �� ö ó Ó �� � & ó Ó ö$K (F-14)

Thereare ñ � + � 3 7 ö free parametersin
�

with � � momentconditions. This gives � � 3�ñ � + � 3 7 ö
over-identifyingrestrictions.TheHansen(1982)� Ô J-testof over-identifyingrestrictionsis givenby:

¦ ì � ñ hr . ñ �k �� ö ó Ó hr ö � � Ô ñ � � 3 ñ � + � 3 7 ö�ö (F-15)

with

hraì�7�
�
ê � ! r ê�� t K (F-16)
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Table1: SampleMomentsof ReturnsandInstruments

US �Ò Ñ&Ò Ó-Ô ë�Ò Ó-Ô 5 é ÓEÔ ��� Ó-Ô
mean 0.0766 -3.3632 -2.6271 0.0769 0.0689 -0.7364
stdev 0.1477 0.4059 0.3915 0.0340 0.0819 0.1596§ -0.0080 0.9819 0.9839 0.9699 0.0940 0.9871

UK �Ò Ñ&Ò�Ó-Ô ë�Ò�Ó-Ô 5
mean 0.0765 -3.0780 -2.4601 0.1027
stdev 0.1848 0.2556 0.3608 0.0347§ -0.0154 0.9601 0.9690 0.9521

France �Ò Ñ&Ò�Ó-Ô ë�Ò�Ó-Ô 5
mean 0.0689 -3.2192 -2.8219 0.0948
stdev 0.2088 0.4085 0.6171 0.0473§ 0.0795 0.9803 0.9473 0.8464

Germany �Ò Ñ&Ò�Ó-Ô ë�Ò�Ó-Ô 5
mean 0.0690 -3.3512 -2.7435 0.0576
stdev 0.1880 0.3324 0.4757 0.0245§ 0.0582 0.9794 0.9812 0.9806

Japan �Ò Ñ&Ò�Ó-Ô ë�Ò�Ó-Ô 5
mean 0.0358 0.0106 0.0284 0.0454
stdev 0.1911 0.0051 0.0174 0.0302§ 0.0275 0.9808 0.9811 0.9678

Summarystatisticsof monthly excessreturnsand instruments. In the table
�Ò representsexcess

returns,ÑAÒ�ÓEÔ log dividendyields, ë�Ò�Ó-Ô log earningsyields, 5 shortrates.Excessreturnsandshort
ratesarecontinuouslycompoundedmonthlyreturns.TheequityreturnsarefromMSCIandtheshort
ratesareEURO 1 monthrates.Theexcessreturnfor a countryis equalto theequityreturnin local
currency lesstheEURO 1 monthratefor thatcountry. Themeanandstandarddeviation of

�Ò and 5
areobtainedby multiplying thesamplemeanandstandarddeviationby 12 and � 7

9
respectively. §

denotesthesampleautocorrelation.Dividend(earnings)yieldsarefrom MSCI which usethesum
of dividends(earnings)over the pasttwelve months. The tablereportscontinuouslycompounded
growth in earningsratesé>ÓEÔ whichis thegrowth in earningssummedoverthepastyear(̈ 1�K�K�K ¨ 3 7x7 )
to thepastyearbeginningonemonthearlier(̈ 3 7 1�K�K�K ¨ 3 7

9
) for theUS.Thelog payoutratio � � ÓEÔ

for theUS is thedifferenceof ÑAÒ>Ó-Ô and ë�Ò�ÓEÔ . Thesampleperiodis from Feb1975to Dec1999for
the US, UK, FranceandGermany andfrom Jan1978to Dec 1999for Japan.Earningsyields for
Japanarenegativeduring1999,sowereportlevels,insteadof logs,for dividendandearningsyields
for Japan.
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Table2: Null ModelVAR Estimation

ConstantandCompanionForm

const Companionform
�

Null ModelB 5 ê�ó Ó é ê�ó Ó ��� ê�ó Ó5 ê 0.0002 0.9711 0.0000 0.0000
(0.0001) (0.0140)é ê 0.0216 -0.2894 -0.0078 0.0079
(0.0012)��� ê -0.0222 1.2894 0.0078 0.9921
(0.0012) (0.0900) (0.0105) (0.0010)

AlternativePresentValueModelB 5 ê�ó Ó é ê�ó Ó ��� ê�ó Ó5 ê 0.0002 0.9711 0.0000 0.0000
(0.0001) (0.0140)é ê 0.0125 -0.2452 0.2739 0.0096
(0.0037) (0.0597) (0.1669) (0.0036)��� ê -0.0104 0.0584 0.0204 0.9867
(0.0024) (0.9690) (0.2237) (0.0044)

ConditionalVolatilities andCorrelations

Volatility ConditionalCorrelationsQ 5 ê é ê ��� ê5 ê 0.0007 1.0000
(0.0000)é ê 0.0647 0.1038 1.0000
(0.0137) (0.0318)��� ê 0.0351 -0.1758 -0.8496 1.0000
(0.0129) (0.4035) (0.1874)

We estimatethemonthlyVAR
/ ê ì2B + � / ê�ó Ó + = ê , = ê �©� ñ ` 1 < ö of

/ ê ìVñ�5 ê é ê ��� ê ö . , where5 ê is thecontinuously-compoundedrisk-freerate, é ê is monthly (unobserved)earningsgrowth and��� ê is themonthly(unobserved)log payoutratio. We set
� ÓEÔ ì � Ó A ì `

, wheresubscriptsdenote
matrix elements(row andcolumn).Estimationof theAlternativeVAR proceedsin two steps.First,
we estimatethe equationfor 5 ê on US EURO 1 monthrates.Second,holding theseparametersas
fixed,we estimatethe remainingparametersin B ,

�
, and

<
usingSimulatedMethodof Moments.

We matchthefirst andsecondmomentsof MSCI dataon log earningsgrowth andlog payoutratio
which usesummedearningsanddividendsover the pastyear in their construction.We alsouse
thecross-momentof current(annual)growth and(annual)payoutwith laggedone-yeargrowth and
payout.TheAlternative Model is exactly identified. To estimatetheNull Model we hold fixedthe
covariancematrix

<
from theAlternative Model. Thenusingfirst andcross-momentswe estimateB and

�
. TheNull Model’sVAR is estimatedsubjectto therestrictions:

� ì
� Ó�Ó ` `� Ô8Ó � Ô=Ô � Ô A7 3 � Ô8Ó 3 � Ô=Ô 7 3 � Ô A K

The Null Model is over-identified. A �µÔ test of the over-identify restrictionyields a statisticof
0.4710,which hasa p-valueof 0.9252.
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Table3: SmallSampleCoefficientsfrom theNull Model

PanelA: DividendRegressionCoefficient
horizon ¤�ì 7 ¤(ì 7

9 ¤�ì�ª `
mean 0.0692 0.0547 0.0517
stdev 0.3216 0.2015 0.0879

PanelB: EarningsRegressionCoefficient
horizon ¤�ì 7 ¤(ì 7

9 ¤�ì�ª `
mean -0.0331 -0.0304 -0.0243
stdev 0.1735 0.1548 0.1169

PanelC: LamontRegressionCoefficients
horizon ¤�ì 7 ¤�ì 7

9 ¤�ìnª `ÑAÒ>Ó-Ô ë�Ò>Ó-Ô Ñ&Ò�Ó-Ô ë5Ò�Ó-Ô ÑAÒ�ÓEÔ ë�Ò�ÓEÔ
mean 0.1877 -0.0913 0.1603 -0.0829 0.1175 -0.0604
stdev 0.3767 0.2207 0.2758 0.2108 0.1649 0.1607

PanelD: TrivariateRegressionCoefficients
horizon ¤�ì 7 ¤�ì 7

9 ¤(ì�ª `ÑAÒ�ÓEÔ ë�Ò�ÓEÔ 5 ÑAÒ�ÓEÔ ë�Ò�ÓEÔ 5 ÑAÒ�ÓEÔ ë�Ò�ÓEÔ 5
mean 0.2411 -0.1093 0.0003 0.1983 -0.0954 -0.0010 0.1266 -0.0624 -0.0004
stdev 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
coefficientsin the regression:

�Ò ê�� t ì � + }
.ê � +

= ê�� t S t where
�Ò ê�� t ì 7

9 òx¤�ñ Ò ê�� Ó +2E�E�E~+ Ò ê�� t ö
is the cumulatedandannualized¤ -periodaheadreturn, } ê is the log dividendyield alonein Panel
A, the log earningsyield alonein PanelB, the log dividendyield andlog earningsyield together
in PanelC, andthe log dividendyield, log earningsyield, andtheshortratein PanelD. Thesmall
sampledistribution is basedon 5000replicationsof a samplesizeof 299 observationsusing the
ConstantExpectedReturnNull Model in Table(2) astheDGP.
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Table4: SizePropertiesof T-Statisticsfrom theConstantExpectedReturnNull Model

Dividend Regression¤(ì 7 ¤�ì 7
9 ¤(ì�ª `

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
RobustHansen-Hodrick 0.108 0.055 0.210 0.144 0.470 0.391
Hodrick1B 0.108 0.055 0.106 0.052 0.144 0.076

EarningsRegression¤(ì 7 ¤�ì 7
9 ¤(ì�ª `

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
RobustHansen-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¤(ì 7 ¤�ì 7
9 ¤(ì�ª `

Nominalsize 0.100 0.050 0.100 0.050 0.100 0.050
Dividendcoefficientsonly
OLS 0.133 0.069 0.583 0.514 0.786 0.722
RobustHansen-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
Earningscoefficientsonly
OLS 0.136 0.075 0.661 0.600 0.835 0.800
RobustHansen-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¤(ì 7 ¤�ì 7
9 ¤(ì�ª `

Dividendcoefficientsonly
Nominalsize 0.100 0.050 0.100 0.050 0.100 0.050
Dividendcoefficientsonly
OLS 0.157 0.086 0.613 0.549 0.788 0.744
RobustHansen-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
Earningscoefficientsonly
OLS 0.146 0.084 0.668 0.610 0.826 0.801
RobustHansen-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
ShortRatecoefficientsonly
OLS 0.123 0.064 0.643 0.578 0.794 0.761
RobustHansen-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 nominalversusempiricalsizepropertiesof the OLS, Robust Hansen-Hodrickand
Hodrick t-statistics.We simulate5000samplesof length299 from the ConstantExpectedReturn
Null Model in Table (2), calculatethe t-statisticsfor eachmethodand recordthe percentageof
observationsgreaterthanthenominalcritical valuesunderthenull hypothesisof no predictability.
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Table5: Predictabilityof US ExcessReturns

UnivariateRegressions LamontRegression TrivariateRegression¤ Ñ&Ò�Ó-Ô only ë�Ò�ÓEÔ only Ñ&Ò�Ó-Ô ë�Ò�Ó-Ô ÑAÒ�ÓEÔ ë5Ò�Ó-Ô 5
Full Sample1975:02- 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)

RestrictedSampleI 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)

RestrictedSampleII 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)

Weestimateregressionsof theform
�Ò ê�� t ì � + }

.ê � + = ê�� t S t where
�Ò ê�� t ì 7

9 òx¤®ñ Ò ê�� ÓV+«E�E�E	+ Ò ê�� t ö
is thecumulatedandannualized¤ -periodaheadreturn,with instruments} ê . Thefirst two columns
containthe coefficients for univariateregressions( } ê ì ÑAÒ�ÓEÔê , the log dividend yield, and } ê ìë5Ò�Ó-Ôê , the log earningsyield). Columns3 and4 containthe coefficientsfor the Lamontregression

} ê ì�ñ Ñ&Ò�Ó-Ôê ë�Ò�ÓEÔê ), andthe last threecolumnsgive thecoefficientsfor thetrivariateregression} ê ìñ ÑAÒ>Ó-Ôê ë�Ò�Ó-Ôê 5 ê ö , where 5 ê is the annualized1-monthshort rate. T-statisticsare in parenthesesand
calculatedusingHodrick standarderrors. T-statisticssignificantat 95%(99%) aredenotedwith *
(**).
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Table6: PredictabilityAcrossHorizonsin 5 Countries

US UK France Germany Japan
�

UnivariateRegressionsÑ&Ò�Ó-Ô 0.8556 0.5014 0.6207 0.5821 0.0818ë5Ò Ó-Ô 0.5869 0.0404* 0.8732 0.8803 0.0572

LamontRegression- ÑAÒ�ÓEÔ and ë�Ò>Ó-ÔÑ&Ò�Ó-Ô only 0.6145 0.6129 0.5464 0.1394 0.9496ë5Ò�Ó-Ô only 0.3723 0.8116 0.7030 0.1881 0.7433
Joint ÑAÒ�ÓEÔ and ë�Ò>Ó-Ô 0.1495 0.1502 0.8271 0.2453 0.0101*

TrivariateRegression- ÑAÒ�ÓEÔ , ë�Ò�ÓEÔ , 5Ñ&Ò�Ó-Ô only 0.7016 0.5474 0.8857 0.3523 0.9691ë5Ò�Ó-Ô only 0.0849 0.2583 0.6519 0.2966 0.7915
Joint ÑAÒ�ÓEÔ and ë�Ò>Ó-Ô 0.0097** 0.0111* 0.7897 0.4082 0.0010**5 only 0.0399* 0.1063 0.3802 0.1279 0.9318
Joint ÑAÒ�ÓEÔ , ë�Ò>Ó-Ô , 5 0.0105* 0.0312* 0.7260 0.0984 0.0018**

Thetablelists p-valuesof joint testsacrosshorizons¤eì 7 1 7
9
1 ª ` . P-valueslessthan5% (1%) are

asterixed * (**). Ñ&Ò�Ó-Ô denotesthe log dividendyield, ë�Ò�ÓEÔ the log earningsyield and 5 the short
rate.Japan’s (markedby

�
) regressionsareperformedin levels,not logs.

Table7: Pooled-CountryEstimationsExcludingJapan

LamontSystemÑAÒ>Ó-Ô and ë�Ò>Ó-Ô¤(ì 7 ¤(ì 7
9 ¤�ìnª `Ñ&Ò�Ó-Ô -0.0234 0.0352 0.1084

(-0.2803) (0.3594) (1.2303)ë�Ò>Ó-Ô 0.0046 -0.0590 -0.0593
(0.0859) (-1.1053) (-1.4923)�hÔ Testp-values

J-test 0.2605 0.5343 0.1667Ñ&Ò 1 ë�Ò ì `
0.9592 0.5167 0.2253

TrivariateSystemÑAÒ ÓEÔ , ë�Ò ÓEÔ , 5¤�ì 7 ¤�ì 7
9 ¤(ì2ª `ÑAÒ�ÓEÔ 0.0719 0.0726 0.0860

(0.7884) (0.7119) (1.0057)ë�Ò�Ó-Ô 0.0236 -0.0521 -0.0613
(0.4626) (-1.0446) (-1.7079)5 -1.7334 -0.6554 -0.3357

(-2.5247)* (-1.1852) (0.8094)�hÔ p-values
J-test 0.1001 0.3960 0.1397Ñ&Ò 1 ë5Ò 1 5(ì `

0.0851 0.4849 0.1451ÑAÒ 1 ë�Ò ì `
0.4951 0.5653 0.16135(ì `
0.0116* 0.2359 0.4183

Thepredictabilityregression
�Ò ê�� t ì � + }

.ê � +
= ê�� t S t where

�Ò ê�� t ì 7
9 òl¤�ñ Ò ê�� Ó +nE�E�EV+ Ò ê�� t ö is

thecumulatedandannualized¤ -periodaheadreturnwith instruments} ê , is estimatedjointly across
countries,constrainingthecoefficientsto bethesameacrosscountries(seeAppendixF for details).
Japanis excludedfrom estimationbecauseof a shortersampleandnegativeearningsyieldsduring
1999. Theconstantsin the regressionsareallowed to differ acrosscountries(andarenot reported
in the table). We reportthe Lamontsystemwhere } ê ì§ñ ÑAÒ�ÓEÔ ë�Ò>Ó-Ô ö anda tri-variatesystemwith

} ê ì ñ Ñ&Ò Ó-Ô ë�Ò ÓEÔ 5 ê ö , where Ñ&Ò Ó-Ô and ë�Ò ÓEÔ denotethelog dividendandearningsyieldsrespectively,
and 5 is the annualizedone-monthshort rate. T-statisticsof the predictability coefficientsare in
parenthesesandarebasedon Hodrick (1992)standarderrors. In the �µÔ tests,theJ-testis a testof
theover-identifying restrictionsandtheothertestsrefer to joint testof coefficientsequallingzero.
T-statisticssignificantat levelsgreaterthanthan95%areasterixed*.
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Table8: Cross-CountryPredictabilityof EquityReturns

¤ US Ñ&Ò�Ó-Ô US ë5Ò�Ó-Ô US 5 Local ÑAÒ�ÓEÔ Local ë�Ò>Ó-Ô Local 5
LocalMarket is 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)

LocalMarket is 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)

LocalMarket is 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)

LocalMarket is JAP¬
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)

Weregresslocalexcessequityreturns
�Ò ê�� t of horizon ¤ ontoUSinstrumentsandlocal instruments.

Hodrick standarderrorsareusedto calculatet-statisticsgivenin parantheses.T-statisticssignificant
at the95%(99%)level areasterixed* (**). Theregressionsfor Japanarerun in levelsfor ÑAÒ�ÓEÔ andë5Ò�Ó-Ô (not logs).
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Table9: Cross-CountryPredictabilityof Equity Returnsù(� 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

Weregresslocalexcessequityreturnsonbasecountryinstrumentsandlocal instruments( ÑAÒ>Ó-Ô , ë�Ò�ÓEÔ
andannualizedshortrates5 ). For example,thetop entryregressesUK equityexcessreturnson US
instrumentsandUK instruments;the secondentry regressesFrenchequity excessreturnson US
instrumentsandFrenchinstruments.We report �hÔ p-valuetestsfor thehypothesisof basecountry
predictability(“BasePred”)andlocalcountrypredictability(“Local Pred”)ataone-monthhorizon.
P-valueslessthan5% areasterixed*, thoselessthan1% areasterixed**. Regressionsfor Japan
(indicatedby

�
) arerun in levels,not logs.
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Table10: US Predictabilityof ForeignEquityReturns

Coefficients �hÔ PredictabilityTests¤ US ÑAÒ ÓEÔ US ë�Ò ÓEÔ US 5 Ñ&Ò Ó-Ô , ë5Ò Ó-Ô 5 ÑAÒ ÓEÔ , ë�Ò ÓEÔ , 5
UK on US 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 -0.5716 0.7090 -3.0522 0.0679 0.1789 0.1179

(-2.2632)* (2.1677)* (-1.3422)
12 -0.3033 0.3647 -1.4670 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)

GRon USinstruments
1 -0.6258 0.7185 -2.5147 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 -2.5062 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 -0.4119 -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 -1.2001 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 andJPexcessequity returns
�Ò ê�� t for horizon ¤ on US instrumentsonly

(US Ñ&Ò�Ó-Ô , ë�Ò�Ó-Ô andannualizedshortrates5 ). Thelastpanelpresentstheestimationsof predictabil-
ity coefficientsconstrainingthecoefficientsto bethesameacrosscountries,excludingJapan.The
constantsin the regressionsareallowed to differ acrosscountries(andarenot reportedin the ta-
ble). T-statisticsof thepredictabilitycoefficientsarein parenthesisandarecalculatedusingHodrick
(1992)standarderrors.In the � Ô tests,weperforma joint testof coefficientsequallingzero.For the
joint estimationthe �µÔ p-valuesfor a J-testof over-identificationare0.2876,0.0940and0.6197for¤(ì 7 , 12 and60 respectively. P-valueslessthan5%(1%) areasterixed* (**).
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Table11: Cross-CountryPredictabilityof ExchangeRateReturns

¤ US ÑAÒ ÓEÔ US ë�Ò ÓEÔ US 5 Local ÑAÒ Ó-Ô Local ë�Ò ÓEÔ Local 5
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)

�hÔ TestsJointAcrossHorizons ¤�ì 7 , 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 regressexchangeratereturns
�ë ê�� t (expressedin dollarsper foreign currency) ontoUS instru-

mentsandlocal (foreigncountry)instruments.We investigatehorizons¤eì 7 , 12 and60. Hodrick
standarderrorsareusedto calculatet-statisticsgiven in parentheses.T-statisticssignificantat the
95%(99%)level areasterixed* (**). Theregressionsfor Japanarerun in levelsfor ÑAÒ>Ó-Ô and ë�Ò�ÓEÔ
(not logs).Thebottompanelreportsp-valuesof �µÔ testsjoint acrosshorizons¤�ì 7 , 12,60 for ex-
changeratepredictability. Thecolumnlabeled“US” testsjoint predictabilityof US dividendyieldsÑ&Ò�Ó-Ô , earningsyields ë5Ò�Ó-Ô andUSshortrates5 . Thecolumnlabeled“Local” testsjoint predictabil-
ity of foreign country ÑAÒ>Ó-Ô , ë�Ò�Ó-Ô and 5 . The columnlabeled“Short Rate” testsfor joint US and
foreigncountry5 predictability. Thecolumnlabeled“Yields” testsfor joint US andforeigncountryÑ&Ò�Ó-Ô and ë�Ò�Ó-Ô predictability. Finally, thecolumnlabeled“All Variables”testsjoint predictabilityof
all US andforeigncountryinstruments.P-valueslessthan5% (1%)areasterixed* (**).
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Figure1: Risk Premiumfrom theNull PresentValueModel
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Theleft columnshowscoefficients® in theregression̄°~±�²´³�µC¶¥·¹¸�º± ® ·¹»¼±�²´³l½ ³ where ¯°~±�²;³pµ�¾l¿lÀlÁFÂ�°~±�²DÃ ·
Ä�Ä�Ä ·Å°~±�²´³~Æ is thecumulatedandannualizedÁ -periodaheadreturn,with instrumentş�±gµ2Ç�° Ã�È± (log dividend
yields)in thetoprow, ¸�±gµ�É$° Ã�È± (log earningsyields)in themiddlerow and ¸�±Êµ2Â$Ç�° Ã�È±ÌË É�° Ã�È± Æ�º in thebottom
row. Theright columnshowst-statisticsfrom theseregressions.Horizons Á areon thex-axis.

Figure2: CoefficientsandStandardErrorsfrom USRegressions
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Dividendcoefficientsandt-statisticscalculedusingHodrick standarderrorsfor the regression̄°Í±�²;³ÎµÏ¶Î·¸�º± ® ·Ð»�±�²;³l½ ³ where ¯°~±�²´³�µ2¾x¿~ÀxÁFÂ�°~±�²�Ã�· Ä�Ä�Ä ·Ñ°~±�²;³FÆ is thecumulatedandannualizedÁ -periodaheadreturn,
with instrumentş�±HµÒÇ�° Ã�È± . Horizons Á areon thex-axis. For Japan,thedividendyield is in levelsbut for
all othercountriesÇX° Ã�È± representsthelog dividendyield.

Figure3: DividendRegressionsin 5 Countries
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Earningscoefficients and t-statisticscalculatedusing Hodrick standarderrors for the regression ¯°~±�²;³µ¶«·Ó¸[º± ® ·Ó»�±�²;³~½ ³ where ¯°~±�²;³«µÔ¾x¿lÀlÁFÂ�°Í±�²�Ã]· Ä�Ä�Ä ·Õ°Í±�²;³ÍÆ is thecumulatedandannualizedÁ -periodahead
return,with instrumentş�±^µÏÉ�° Ã�È± . Horizons Á areon thex-axis. For Japan,theearningsyield is in levels
but for all othercountriesÉ$° Ã�È± representsthelog earningsyield.

Figure4: EarningsRegressionsin 5 Countries
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Dividendandearningscoefficients® from theregression̄°~±�²´³µ2¶g·Ö¸[º± ® ·×»�±�²;³~½ ³ where ¯°~±�²;³pµ�¾x¿lÀlÁFÂ�°Í±�²�Ã[·
Ä�Ä�Ä ·-°~±�²´³~Æ is the cumulatedandannualizedÁ -period aheadreturn,with instrumentş�±ÑµØÂ)ÇX° Ã�È± É$° Ã�È± Æ�º .
Horizons Á areon the x-axis. For Japandividendandearningsyields in levelsareused,all othercountries
uselog dividendandearningsyields.

Figure5: LamontRegressionsCoefficientsin 5 Countries
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Shortratecoefficientsandt-statisticsconstructedusingHodrickstandarderrorsfrom thetrivariateregression¯°~±�²;³pµ2¶�·I¸[º± ® ·W»�±�²;³l½ ³ where ¯°~±�²;³µ�¾l¿lÀxÁ;Â�°~±�²�Ã"· Ä�Ä�Ä ·Ù°~±�²´³ÍÆ is thecumulatedandannualizedÁ -period
aheadreturn,with instrumentş�±�µÚÂ$Ç�° Ã�È± É$° Ã�È±ÜÛ ±$Æ	º . The short rate Û ± is annualized.We reportonly the
coefficient on Û ± . Horizons Á areon thex-axis. For Japandividendyields Ç�° Ã�È± andearningsyields É$° Ã�È± are
in levels,for theothercountriesthesearelog dividendandearningyieldsrespectively.

Figure6: ShortRateCoefficientsin TrivariateRegressionsin 5 Countries
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