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Abstract

Weaskwhetherstockreturnsin France,Germany, Japan,theUK andtheUSarepredictable

by threeinstruments:thedividendyield, theearningsyield andtheshortrate.Thepredictability

regressionis suggestedby a presentvaluemodelwith earningsgrowth, payoutratiosandthe

shortrateasstatevariables.We find theshortrateto be theonly robustshort-runpredictorof

excessreturns,andfind little evidenceof excessreturnpredictabilityby earningsor dividend

yieldsacrossall countries.Thereis no evidenceof long-horizonreturnpredictabilityoncewe

accountfor finite sampleinfluence.Cross-countrypredictabilityis strongerthanpredictability

usinglocal instruments.Finally, dividendandearningsyields predictfuture cashflow growth

ratesbothin theUSandin othercountries.



1 Intr oduction

A largebodyof empiricalwork hasaccumulateddocumentingexcessstockreturnpredictability.

Amongthemostpopularpredictorsarethenominalinterestrateandthedividendyield.1 The

dividendyield appearsto be themostpopularstockreturnpredictorusedin appliedwork, but

recentlyLamont(1998)arguesthat theearningsyield, hasindependentforecastingpower for

excessstockreturnsin additionto thedividendyield.

Thedebateon whatdrivesthepredictabilitycontinues.It mayreflectirrationalinvestorbe-

havior andhencebe exploitable in tradingstrategies (Cutler, PoterbaandSummers(1989));

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

Cochrane(1999),andBekaertandGrenadier(2000));or it may simply not be presentin the

data. This last possibility gainscredibility consideringthe long list of authorscriticizing the

statisticalmethodologiesin thepredictabilityliterature.Thecoefficientson thepredictorvari-

ablesarebiased,sincethesevariablesaretypically persistent,endogenousregressorscorrelated

with returnsinnovations(Stambaugh(1999)). Thestandardfocuson long-horizonregressions

is problematicfrom a numberof different perspectives. The distributions of the
���

(Kirby

(1997))andthe t-statisticson thecoefficients,(RichardsonandStock(1989),Richardsonand

Smith(1991)andHodrick (1992))in long-horizonregressionsareseverelyshiftedto theright,

leadingto over-rejectionof theno-predictabilitynull. Researchersoftenforgetto properlyinter-

pretvarioustestsover differenthorizonsby providing joint tests(Richardson(1993)).Finally,

thepossibilityof decadesof datamining cloudsany inferenceregardingpredictabilityfor US

stockreturns(Lo andMacKinlay (1990)andFoster, SmithandWhaley (1997)).

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

aconstantexpectedexcessreturnvariant,in which theexpectedgrossreturnonequityequalsa
1 For predictabilityof excessstockreturnsby the nominalinterestratesee,amongothers,FamaandSchwert

(1977),Campbell(1987),Breen,GlostenandJagannathan(1989),Shiller andBeltratti (1992),Lee (1992)and

Glosten,JagannathanandRunkle(1993). Amongthoseexaminingthepredictive power of thedividendyield on

excessstockreturnsareFamaandFrench(1988),CampbellandShiller (1988aandb), Ferson(1989),Goetzmann

andJorion(1993,1995),Hodrick (1992),Stambaugh(1999),Goyal andWelch(1999)andValkanov (2001).
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constantmultipleof theshortrate.

Given the considerablestatisticalchallengesin establishingpredictability, we precedeour

analysisof the datawith a Monte Carlo analysisunderthe null of no predictabilityusingthe

presentvaluemodel. As GoetzmannandJorion(1993,1995)point out, MonteCarloanalysis

with standardlinearmodelsignoresthefactthatyield variablesinvolve theinverseof price,an

endogenousvariable,which is alsopresentin the denominatorof the returnon the left hand

side. They conductbootstrapexercisesthat imposethis constraint,but their bootstrapkeeps

dividendsnon-stochasticat theirdatalevelsandthereforeignoresthecointegrationrelationbe-

tweendividendsandpricelevelsthatcharacterizesrationalpricing. By simulatingtheconstant

expectedreturnvariantof our earningsmodel,we accommodatethis endogeneityconstraintin

anentirelycoherentway.2 OuranalysisincorporatingearningsyieldsshowsthatOrdinaryLeast

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

null hypothesisof no predictabilityat long horizons.Thefinite samplepropertiesof the long-

horizonregressiont-statisticsimprove dramaticallyby removing themoving averagestructure

in theerrortermsinducedby summingreturnsover long horizons,assuggestedby Richardson

andSmith(1991),Hodrick (1992)andBoudoukhandRichardson(1993).For brevity, we refer

to thesealternativestandarderrorsasHodrick (1992)standarderrors.

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).

In a rationalno-bubblemodel,price-dividendandprice-earningsratiosreflecttheexpected

value(of a non-linearfunction) of future cashflow growth ratesanddiscountrates.Sincethe

variationof price-dividendor price-earningsratioscanbe attributedto the variationof future

cashflow growth, future discountratesor both, our resultshave two possibleinterpretations.

First, it is possiblethat yield variablesdo predictreturnsbut that linear regressionshave little

power to detectthis predictability given the noisinessin returns. Second,it is possiblethat

a large fraction of the variation in dividendandearningsyields reflectsthe predictabilityof

futurecashflow growth. Whereaspreviousresultsin theliteratureappearinconsistentwith this

possibility(for example,Cochrane(1992)),wefind clearevidenceof cashflow predictabilityby

yield instruments.

Theremainderof thepaperis organizedasfollows. Section2 setsout theempiricalframe-

work, includingthepresentvalueearningsmodelandthepredictabilityregressions.Section3

describesthe econometricestimation,the Monte Carlo analysisanddescribesthe data. Sec-

tion 4 considersthepredictabilityin US returns,whereasSection5 investigatesandcompares

predictability in all 5 countries. Section6 investigatesreturnpredictabilityacrosscountries.

Section7 investigatescashflow predictability. Section8 concludesandoffersaninterpretation

of our results.

2 Theoretical and EconometricFramework

2.1 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

anddividendlevelsareimpossibleto usebecausethey aredominatedby seasonalcomponents,

given that most firms have a December-end calendaryear. Hence,monthly de-seasonalized

earningsanddividendsareunobservable.

Table(1) reportssummarystatisticsof returnsandinstruments.The historical log equity
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premiumis around7.5%in theAnglo-Saxoncountries,6.9%in FranceandGermany andonly

3.6%in Japan.Excessreturnvolatility is over 18%in all countries,exceptfor the US where

it is only 15%. The highestcorrelationof excessreturnsis betweenGermany andFrance,at

59.4%,andthelowestarebetweenJapanandtheothercountries,whicharearound35%.Hence,

thereis fairly large cross-sectionalvariationin excessreturns.All threeinstruments- the log

dividendyields ���	� � , log earningsyield 
���� � andshortrates arehighly persistent.Weusethe

superscript� � on the dividendandearningsyields to indicatethat theseareconstructedusing

dividendsandearningssummedup over thelast12months.

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

We checkedour resultsby re-constructingthetotal returnusingtheMSCI dividendyield ���	� �
with thepricereturnandfoundthemto beunchanged.

In thebottompanelof Table(1) we reportsummarystatisticsfor a muchlongersampleof

US excessreturnsandinstrumentsusinga quarterlyfrequency from 1935to 1999. Thestock

returnsaretotal returns(includingreinvesteddividends)on theS&PCompositeIndex obtained

from IbbotsonAssociates,and the dividendandearningsyields are from the SecurityPrice

Index Record, publishedby Standard& Poor’s StatisticalService. The S&P yields are also

constructedusingdividendsandearningssummedover thepastyear. Theshortratesareyields

on 3 monthT-bills. This datasetis similar to that usedby Lamont (1998),but over a longer

sample.Summarystatisticsaresimilar to themonthly MSCI dataset,exceptthemeanof the

shortrateis lower (4.1%versus7.7%).

2.2 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.
3 For adiscussiononhow taxesaretreatedseeMSCI MethodologyandIndex Policy, 1999.TheMSCI dividend

yield ������� seriesandtheimpliedannualizeddividendyield from thepriceandtotal returnindicesareidenticalfor

theUS andJapan,but differ for theUK, FranceandGermany.
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Building presentvaluemodelsthatimply constantexcessstockreturns,but allow time-varying

interestratesis a non-trivial matter. Most of the recentwork on presentvaluemodelswith

time-varyingdiscountratesbuildsonCampbellandShiller (1988b)who,by linearizingreturns

aroundsteadystatelog price dividendratios,obtaina tractablelinear presentvaluemodel in

which it is straightforward to imposetheconstancy of expectedexcessreturnswhile allowing

for variationin interestrates.More recently, the termstructuremodelsin theaffine class(see

Duffie andKan (1996))have beenappliedto stockpricing to yield tractablepricing equations

in many settingswithout linearization(seeAng and Liu (2001) and Bekaertand Grenadier

(2000)).Wedeviatefrom this literatureby presentingamodelfor priceearningsratios.

Stockreturnsfrom time � to ����� canbedecomposedas:

����� �  "! ��� � �$# ��� �! � % &(')��� �&(')� ! &*��� � � !
+ ��� �! &*�

where! � is thestockpriceat time � , # ��� � is thedividendpaidat time �,�-� , ! + � %.# �0/1&('2� is

thepayoutratioof dividends# � to earnings
&(')�

, and ! &)� is theprice-earningsratio. Defining3 � as log growth in earnings3 � % 4�57698 &:'2�;/1&('2�=< � > and ?A@ � as the log payoutratio ?A@ � %
4�57698 ! + � > , wehave:

����� � %�B�CEDF8 3 ��� � >FG !
&)��� � �HB0CEDF8I?A@ ��� � >! &)� (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,makingthempoorindicatorsof thetruevalue-relevantcashflows in thefuture. It is

nosurprisethatin therealworld analystsalmostentirelyfocusonearningsgrowth. Second,the

decompositionsimply increasesthe informationsetfor prediction,andincludesa model that

featuresonly dividendgrowth asaspecialcase.Finally, evenasimpleautoregressivemodelfor

payoutratiosandearningsgrowth impliesamoreintricateARMA processfor dividendgrowth

thatwould bedifficult to estimatefrom dividenddataalone(seeBansalandYaron(2000)for

evidenceof anMA componentin US dividendgrowth).

The modelhasthreestatevariables,the short rate  � , log earningsgrowth 3 � andthe log

payoutratio ?A@ � . Denote J � % 8I � 3 � ?A@ � >LK which we assumeto follow a first-orderVector

Autoregression:

J � %NMO� ' J �=< � �HP � (2)
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whereP �RQTS�S #VUW8=X7Y[Z > . To priceequity, weusetheDividendDiscountModel:

! � %�\ � ]
^`_ �

ab��� ^ # ��� ^ Y (3)

where
ab��� ^ is the stochasticdiscountfactorapplyingto payoffs at time �c�Hd . To ensurethe

absenceof arbitragewemodeltheone-periodlog pricingkernele ��� � , suchthat:

e ��� � %�fg � f �hji K Z i � i K P ��� � Y (4)

wherei is a3 k 1 vectorcontainingthepricesof risk andthediscountfactorcanbewrittenas:

ab��� ^ %�B�CED
^
lm_ �

e ��� l n

We also imposeconditionson the parametersop% q M K Y vec8 ' > K Y vech8�Z > K Y i KsrtK so that the

transversalitycondition

4vu�w^�x ]
a2��� ^ ! ��� ^ %.X

is satisfied,ruling outbubbles.

Proposition2.1 In thiseconomytheprice-earningsratio is givenby:

! &*�  ! �&:'2� % ]
^`_ �

B�CEDF8=yE8zd > �${|8zd > K J � > (5)

where y98zd > and {|8zd > aregivenby therecursiverelations:

y98zd}��� > %Ty98Id > �T8=
 � �H{~8zd >�> K M���8�
 � �${|8Id >�> K Z i � �h 8�
 � �${|8Id >�> K Z�8�
 � �${|8Id >�>
{|8zd}��� > %Tf�
 � � ' K 8�
 � �${|8Id >�> (6)

with startingvalues:

y98�� > %�8�
 � �$
�� > K 8zM��NZ i > � �h 8=
 � �H
�� > K Z�8=
 � �H
�� >
{|8�� > %�f�
 � � ' K 8=
 � �H
�� > (7)

where 
 ^ is a 3 k 1 vectorof zeroswith a 1 in the d th place.

The {~8zdg��� > term revealsthat an increasein the short rate decreasesthe price earnings

ratio, unlessit simultaneouslypredictshigherearningsgrowth in the future with a feedback

coefficient larger than 1 (
' � ��� � , wheresubscriptsdenotematrix elements). Similarly, if
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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 3����� � canbewrittenas3j���� � %���?A@ ��� � � 3 ��� � , this is accomplishedby setting:

cov
� 8ze ��� � Y 3 ���� � > % cov

� 8ze ��� � Y[��?A@ ��� � � 3 ��� � > n
Observation 2.1 For thethree-factorJ � %V8z � 3 � ?A@ � > K systemto yieldthesamepricing relation

asa two-factormodelusing 8z � 3 �� >LK thepricesof risk of dividendgrowth,earningsgrowthand

log payoutratio (i � , ij� and i��0� respectively)mustsatisfy:

i � % i�� % ij�0� (8)

Intuitively, bothanincreasein earningsgrowth or an increasein thepayoutratio increasediv-

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

growth andlog payout.Wecanthenimposetheconstrainti�� % ij�0� %��i .

Thereis a large classof modelsin this systemwhereappropriateparameterrestrictions

ensurethat theexpectedexcesssimplereturnandvolatility is a constantmultiple of thegross

shortrate:

Corollary 2.1 Denotethecompanionmatrix
' %p8 ' ^�l > andtheconditionalcovariancematrix

ZV%�8=Z ^�l > . Let the vector {|8Id > %�{�%�8�{ � { � {�� >LK in equation(6) be constantfor all d and be

givenby:

{ �{ �
{��

%
' � � � ' � � fT�' �;� � ' � �' � � � ' �;�

n (9)

Thenif thefollowing restrictionsaresatisfied:

{ K Z i %T
 K � Z i
' �;� %Tf

' � � 8 ' �;� � ' � � > � ' � � 8 ' � �,� ' �;�}fT� >' � � � ' � � f��' � � %Tf
' �;� 8 ' �;� � ' � � > � ' � � 8 ' � �,� ' �;�}fT� >' � � � ' � � f��' � �)%Tf
' � ��8 ' �;� � ' � � > � ' �;��8 ' � �,� ' �;�}fT� >' � � � ' � � f��

8�
 � �$
�� > K Z i�� f �h 8=
 � �H{ > K Z�8=
 � �${ > ��8�
 � �${ > K M Y (10)
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theconditionalexpectedsimplerisk premiumis a multipleof thegrossshortrateandgivenby:

\ � q ����� � fHB�CEDF8I � > r %V8=�Rf�� >,G B0CEDF8I � > (11)

where ��%.B�CEDF8�f�8�
 � �$
�� >�K Z i > . Theunconditionalexpectedsimplereturnis givenby:

\�q ����� � fHB�CEDF8I � > r %V8=�Rf�� >,G B0CEDF8��M �¡� �h �¢ �� > (12)

where �M�� and �¢ �� are theunconditionalmeanandvarianceof  � respectively.

The first restrictionin equation(10) links the pricesof risk i , the covarianceZ and the

pricing vector { . It is trivially satisfiedif i %£X , in which case �¤% � and thereis no risk

premium.If iN¥%-X and { ¥%T
�� , thenthisconditionimposesarestrictionon therelativepricesof

risk of theinterestratei � with thepriceof risk of dividendgrowth �i , wherei %�8 i ���i �i >LK :
i�i � %Tf { � Z �;� �H{ � Z � � �T8={��}f�� > Zg� �{ � Z � � �${ � Z �;� ��8�{��FfT� > Zg� � �¦{ � Z � �F�${ � Z � �F��8�{��Ff�� > Zg�;�

n
The secondto fourth restrictionsin equation(10) imposenon-linearrestrictionson

'
, so

that the first row of
'

, the dynamicsof the short rate, is linked to the secondandthird rows

of
'

, thedynamicsof earningsgrowth andpayout. Normally, wheninterestratesmove away

from their unconditionalmeanthe resultingchangein discountratesandpriceswould induce

predictablecomponentsin returns.Therestrictiononthecompanionformengineersanopposite

cashflow effect thatneutralizesthepricechangeinducedby thechangein theinterestrate.The

final restrictionin equation(10) resultsfrom imposingtransversality. This is satisifedif i is

sufficiently negative.

In Corollary2.1 the individual componentsof theequity returnin equation(1), like earn-

ingsgrowth andpayout,maybepredictable.The restrictionsof equation(10) ensurethat the

expectedcapitalgain anddividendincome,in excessof the risk-freereturn,move in sucha

way to exactly off-seteachotherso that thesimpleexpectedexcessreturnis a multiple of the

nominalrate. Hence,a regressionof
����� � f-B0CEDF8I � > on thenominalratewould actuallyyield

a positive coefficient equalto �§f¨� . However, the scaledexpectedreturn, \ � q ����� � / B0CEDF8I � > r
is constantandequalto � . The constant� is a function of the correlationbetweendividend

growth innovations(thesumof theearningsgrowth andpayoutratio innovations)with thepric-

ing kernel. The predictability regressionstypically run in the literaturedo not correspondto

any of thesetwo concepts,sincethey uselog returns, ©� ��� �  4v57698 ����� � > fª � . It is straightfor-

ward to show thatup to secondorderterms,theexpectedlog risk premiumis constantin this

homoskedasticmodel.
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Corollary 2.1 nestsseveral importantcases. For example, if {«% 8=f¬�Y*�[Y*� >LK and
' %®F¯`¯ ®F¯v° ®F¯v±®F¯`¯ ®F¯v° ®F¯v±< ®F¯`¯ � < ®F¯v° � < ®F¯v± Y so that theshortrateandearningsgrowth have thesameconditionalex-

pectedmean,thenthemodelis similarto GoldsteinandZapatero(1996)exceptwith astochastic

payoutratio. Anotherimportantspecialcaseis if {b%�
�� with
' % ®F¯`¯ ®,¯v° ®F¯v±®�°�¯ ®	°`° ®�°`±

� < ®�°�¯ < ®�°`° � < ®�°`± n Under

this economy, conditionalexpecteddividendgrowth is equalto a constantM ²³�HM �0� plus the

currentshortrate( \ � q 3 ���� �
r %´\ � q 3 ��� � r �¦\ � q ?A@ ��� � r fµ?¶@ � %·M ²��¸M �0� �W � ). We selectthis par-

ticular simplemodelcaseasthenull modelfor MonteCarlopurposes.Here,thetruemonthly

de-seasonalized(but empirically unobserved)price-dividendratio is constantbut themonthly

price-earningsratio movesthroughtime. However, theobserveddividendandearningsyields

constructedusingdividendsor earningssummedover thepast12 monthsarestochastic.

2.3 Predictability Regressions

Themainregressionwe consideris:

©� ���7¹ %.º»�«¼ K¹1½ � �HP ���7¹�¾ ¹ (13)

where

©� ���7¹ %V8�� h /7¿ > 8�8z� ��� � f« � > � G�G�G ��8I� ���7¹ f¸ ���7¹�< � >�>
is the annualized

¿
-monthexcessreturn for the aggregatestockmarket, and � ��� � f¦ � is the

excess1 monthreturnfrom time � to �c�¨� . All returnsarecontinuouslycompounded.Our

PresentValueModel impliesthat \ � 8�©� ^���7¹ > is constantandhence¼ ¹^ is zerofor all
¿
. Theerror

term P ���7¹�¾ ¹ follows a À ' 8 ¿ f�� > processunderthe null of no predictabilitybecauseof over-

lappingobservations.Theinstruments
½ �

consistof thelog dividendyield ���	� �� , thelog earnings

yield 
��	� �� , andcontinuouslycompoundedmonthlyshortrate � .
Thelog payoutratio ?¶@ � �� is linearly relatedto thedividendyield andearningsyield ?¶@ � �� %

���	� �� f$
���� �� . Thethreepredictive instrumentsareendogenousinstrumentsin ourPresentValue

Model. However, they shouldcapturethe predictabilitypresentunderthe null of the present

valuemodel,becausethereis a one-to-one(non-linear)mappingbetweenearningsyield, divi-

dendyield andtheshortrateandourthreestatevariables.Onereasonvariablessuchasdividend

yieldsmaypredictfuturereturnsmoregenerallyis thepresenceof pricein thedenominator. On

theonehand,the presenceof price on both sidesof the regressionmayworsensmall sample

biasesin theregressions(GoetzmannandJorion(1993)).Ontheotherhand,sincepricereflects

all informationaboutfutureexpectedreturnsandcashflow growth rates,its presencemaycap-

turegenuinepredictability. If thePresentValueModel we presentis truth, pricewould not be
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necessaryto capturetime-variationin expectedreturns,andall informationshouldbecaptured

by thethreestatevariables,or transformationsof them.

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

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

form:

©� ^���7¹ 8�
 ^���7¹ > %.º ^ �Á¼ K^ ½ � �ÁÂ ^���7¹ (14)

where ©� ^���7¹ are
¿
-periodannualizedexcessequity returnsin local currency for country d , and


 ^���7¹ arek-periodannualizedexchangeratereturnsUSDperforeigncurrency for foreigncountry

d . Theinstrumentsin
½ �

we considerarelog dividendyieldsfor theUS, log earningsyieldsfor

theUS,andone-monthrisk-freeratesfor theUS,andtheforeigncountrycounterpartsof these

variables.Notethatasweusecontinuouslycompoundedreturns ©�ÄÃ�Å ���� � %�©� ^��� � �$

^��� � .

The regressionsin equations(13) and (14) canbe estimatedby OLS. We considerthree

estimatorsof thestandarderrors.First,OLSstandarderrorsareappropriateif thereis no serial

correlationof theerrortermandtheerrortermsarehomoskedastic.Weusethemasabenchmark

evenwhen
¿ � � , in which casethey likely underestimatethetruesamplingerror. Second,to

accountfor the overlapin the residualsfor
¿ � � andto capturepotentialheteroskedasticity

in returns,we usea heteroskedasticextensionof HansenandHodrick (1980)standarderrors.

Using GMM the parameterso¤% 8�º ^ 8I¼ ^¹ >LKv>LK in equation(13) have an asymptoticdistribution

(seeHodrick (1992)) Æ Ç¬8�Èo2fHo >ÊÉQ U¸8=XËY[Ì > whereÌN%TÍ < �ÎÐÏ Î Í < �Î , Í Î %-\³8=Ñ � Ñ K� > , Ñ � %�8�� ½ K� > K
and Ï Î is estimatedby:

ÈÏ Î %�Ò�8=X > �
¹�< �
lm_ �

qÓÒ¬8zÔ > �$Ò�8IÔ > K r (15)

where

Ò�8IÔ > % �Ç
Õ

� _7l � �
8zÖ ���7¹ Ö K���7¹�< l >

andÖ ���7¹ %�P ���7¹�¾ ¹ Ñ � . This estimatorof Ï Î is not guaranteedto bepositivesemi-definite.If it is

not,we usea Newey-West(1987)estimateof Ï Î with
¿

lags.We referto thesestandarderrors

asRobustHansen-Hodrick(1980)standarderrors.

Finally, we report what we call Hodrick (1992) standarderrors. This estimatorexploits

covariancestationarityto removetheoverlappingnatureof theerrortermsin thestandarderror

computation.Insteadof summing P ���7¹�¾ ¹ into the future to obtainan estimateof Ï Î , Hodrick

(1992)sumsÑ � Ñ K�=< l into thepast:

ÈÏ Î % �Ç
Õ
� _ ¹ Ö

¿�� Ö ¿ K� (16)

10



where

Ö ¿�� %.P ��� � ¾ �
¹�< �
^`_ Î Ñ

�=< ^ n
In our MonteCarloanalysiswe run a horseracebetweenthesethreeestimators.We find Ho-

drick standarderrorsto befar superior, andmostof our resultsexclusively focuson t-statistics

computedwith theHodrick standarderrors.Readersnot interestedin thedetailsof theMonte

CarloanalysiscanskipSection3, althoughwe feel thatit containssomeimportantresults.

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

of predictabilityteststestingfor only oneparticularhorizon
¿

andweprovideanumberof joint

testsacrosshorizons.To testif thepredictabilitycoefficientsarestatisticallysignificantacross× horizons
¿ � n�n�n ¿�Ø wesetup thesimultaneousequations:

©� ���7¹ ¯ %�º ¹ ¯ �«¼ K¹ ¯ ½ � �«Â ���7¹ ¯
...

©� ���7¹Ù %�º ¹Ù �Á¼ K¹Ù|½ � �«Â ���7¹Ù (17)

Denotethe vectorof coefficients ¼�%Ú8�º ¹ ¯ ¼ K¹ ¯ n[n�n º ¹Ù ¼ K¹ÛÙ >�K . In practice,an estimate È¼ of ¼ is

obtainedby performingOLS on eachequation.AppendixD 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:

©� ^���7¹ %Tº ^ �«¼ K^ ½ ^� �ÁÂ ^���7¹ (18)

for d)%p� n[n�n U countries,subjectto therestriction¼ ^ % �¼¬Ü¶d , but imposingnorestrictionson º ^
acrosscountries.We take d = US, UK, France,Germany, Japan.Theeconometricsunderlying

thepooledestimationis detailedin AppendixE.

3 Finite SamplePropertiesof Various Estimators

We calibrateour PresentValueModel of the price-earningsratio anduseit asthe DGP for a

MonteCarloanalysis.We solelyuseUS datafor theMonteCarloanalyses,but theresultsare

soclear-cut thatthereis little reasonto suspectthey wouldnotextendto DGP’scalibratedusing

datafrom othercountries.All MonteCarloexperimentsuse5,000replications.
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To performthe Monte Carlo analysiswe mustestimatethe parameters8zM*Y ' Y ZgY i > . We

proceedin two steps.First, we estimatetheVAR parameters8IM¡Y ' Y[Z > . Second,we calibrate

i % 8 i �}�i �i >LK to fit the observed equity premiumin the data. We set the price of interest

rate risk to zero, (i �Á% X ) so that i is a scalar. Appendix F fully describesthe calibration

procedureandtheresults.Theestimationis complicatedby thefactthatour datausesearnings

and dividendssummedup over the pastyear but our model requires(unobserved) monthly

earningsanddividends.

The null modelmatchesthe equity premiumandalmostmatchesthe volatility of excess

returns.Amongthemoreinterestingparameterestimatesis theeffectof theshortrateon future

earningsgrowth, which is significantlynegative. Themodeldoesa poor job of matchingdivi-

dendyield variability; theimpliedstandarddeviationof log dividendyieldsis 0.0861compared

to 0.3915in the data. The modeldoesa betterjob in matchingearningsyield variability, but

only matchesa half of the observed variability (the implied (empirical)standarddeviation of

log earningsyieldsis 0.2056(0.4059)).4

With thefully calibratedmodelwe simulate5000samplesof 299observationsto examine

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

earningsyields 
���� � usingsummeddividendsandearningsover the pastyearasin the actual

data:

#»� ��
! � %

# � �$# �=< � � G�G�G �$# �=< �;�! �&(' � ��
! � % &(')� � &(')�=< � � G�G�G � &:'2�=< �;�! � (19)

Theearningsyield canbecomputedby:&(' � ��
! � % &:'2�

! � � &:'2�=< �! �=< �
! �=< �! � � G�G�G � &:'2�=< �;�! �=< �;�

! �=< �;�! � Y (20)

where! &*� % ! �0/7&:'2� canbeevaluatedusingProposition2.1,and

! �=< ^! � % ! �=< ^&(')�=< ^
&(')�=< ^&(')� &(')�! � % ! &*�=< ^! &*� qÓB0CEDF8 3 �=< ^ � � � G�G�G � 3 � > r

< � Y (21)

allowing usto evaluateeachtermin equation(20). Thedividendyield canbewrittenas:

#»� ��
! �T%

# �&('2� &('2�! ��� # �=< �&:'2�=< �
&:'2�=< �! �=< �

! �=< �! �¨� G�G�G � # �=< �;�&:'2�=< �;�
&(')�=< �;�! �=< �;�

! �=< �;�! �
% ! + �! &*�2� ! + �=< �! &*�=< �

! �=< �! �Ý� G�G�G � ! + �=< �;�! &*�=< �;�
! �=< �;�! �´Y (22)

4 Naturally, the model would be rejectedimposing restrictionsfrom the levels of price-dividend or price-

earningsratios.For example,seeCliff (2001).
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where ! + � %"B0CEDF8I?A@ � > and ! �=< ^ / ! � canbe evaluatedusingequation(21). The dividendand

earningsyields usedin the regressionsare ����� �� % 4�57698�#»� �� / ! � > and 
���� �� % 4�57698 &:' � �� / ! � >
respectively.

In Table(2) we reportthemeanandstandarddeviation of theempiricaldistribution for the

coefficientsin the variousregressionswe consider. First, in the dividendregression,we find

substantialupward bias. This is consistentwith the biasonewould find in a standardlinear

return,dividendyield system(seeStambaugh(1999))andderivesfrom thenegativecorrelation

betweenreturnanddividendyield innovationsandtheautocorrelationof dividendyields. Sec-

ond, in theearningsregressionwe find a downwardbias. Why might this be thecase?In our

price-earningsmodelwith constantexpectedreturns,the variationin returnsis dominatedby

variationin earningsgrowth rates.Theprice-earningsratio is notconstantbut dependentonthe

payoutratio. This impliesthattheearningsyield, evenwhensummedover12periods,is likely

to be primarily negatively correlatedwith the payoutratio, but in the DGP earningsgrowth

ratesandpayoutratiosarehighly negatively correlated,so that returnsandearningsyield in-

novationsendup beingpositively correlated.This is not truefor dividendyields,sincethelog

dividendyield canbewritten asthesumof thelog payoutratio (negatively correlatedwith the

earningsgrowth rateandhencewith returninnovations)andthelog earningsyield, andthefirst

effect dominates.Note that the small samplecoefficient in the dividendyield regressionhas

thesamepositive sign that the dividendyield predictabilityliteraturefinds (FamaandFrench

(1988)andHodrick (1992)),while thenegative smallsamplecoefficient on 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(3) we examinethesizepropertiesof significancetests.We reportempiricalsizes

for testsof size10%andof size5%, but we focusour discussionon the5% tests.At
¿ %Þ� ,

theunivariateregressionsdisplaynegligible sizedistortions,but for thebivariateandtrivariate

regressions,all testsslightly over-rejectat asymptoticcritical valuesand the empirical sizes

exceedthenominalsizes.Theworstdistortionoccursfor thedividendyield coefficient in the

trivariateregression,with the nominal sizebeing8.6% for the OLS estimator, and8.9% for

the robust Hansen-HodrickandHodrick estimators(which coincidefor
¿ % � ). For longer
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horizons,theperformanceof theOLSestimatorrapidlydeteriorateswith theempiricalsizeex-

ceeding54%for a5%testin thedividendregressionandexceeding72%in all otherregressions

at
¿ %Tß7X . Accountingfor theoverlapin theerrortermsusingHansen-Hodrickstandarderrors

improvesthesmall sampleperformancebut not enoughto yield a reliabletest. Theempirical

sizefor a5%testat
¿ %.ß7X is at least39.1%in thecaseof thedividendregression.

Table(3) shows thatHodrick standarderrorsarefar superiorto OLS andHansen-Hodrick

standarderrors.TheOLSandHansen-Hodrickstandarderrorsaretoo small;theformerignore

theserialcorrelationin theerror terms,whereasthe latterunder-estimateit, becausetheauto-

correlationestimatesaredownwardbiased.For
¿ %Þ� h , thereis negligible sizedistortionfor

theunivariateregressions,whereasfor thebivariateandtrivariateregressions,thesizedistortion

is at most4.9%for thedividendyield coefficient in thetrivariateregression(a 9.9%empirical

size).NotethattheHodrick testnow alsoover-rejects.For
¿ %�ß7X , thesizedistortionsactually

becomesmaller, with theworstsizedistortionoccurringagainfor thedividendyield coefficient

in thetrivariateregression(a7.9%empiricalsizefor the5%test).For theearningsyield regres-

sion,theHodrick testis conservativewith anempiricalsizeof 3.6%. In summary, theHodrick

standarderrorsdisplayoverall far superiorsmall sampleproperties,andusingthe asymptotic

p-valuesis unlikely to dramaticallyaffect statisticalinference.For that reason,we reportthe

Hodrickstandarderrorsfor all of our empiricaltests.

4 Predictability in US ExcessStock Returns

PanelA of Table(4) containsour mainresultsregardingthepredictabilityof US excessstock

returns.To allow comparisonwith Lamont(1998)’s article,we reportunivariateandbivariate

yield regressionsin additionto our maintrivariatespecification.Wereportt-statisticsin paren-

thesesbasedon Hodrick standarderrors.For thefull sampleandlooking over threehorizons,

theyield regressionsproducenosignificantcoefficients,althoughthedividendyield is asignif-

icantpredictorof of excessstockreturnsin thebivariateregressionat the10%level, However,

its sign is negative, not positive! Lamont, on the other hand,finds positive coefficients for

bothyield variablesin univariateregressions,but a positive coefficient on dividendyieldsand

a negative coefficient on the earningsyield in the bivariateregression.His main point is that

the predictive power of the dividendyield stemsfrom the role of dividendsin capturingthe

permanentcomponentof prices,whereasthe negative coefficient on the earningsyield is due

to earningsbeinga goodmeasureof businessconditions,which capturescounter-cyclical risk

aversion.Accordingto Lamont,thereis informationin earningsanddividendsover andabove
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price. Unfortunately, our resultsappearinconsistentwith this story. Only for
¿ %�ß7X do the

regressioncoefficientshavethesignpredictedby Lamont’sanalysis,but for longhorizonsLam-

ontfindsthatonly pricemattered.In thetrivariateregression,thesamesignpatternappearsfor

theyield variables:negativeondividendsandpositiveon earningswhich reversesfor
¿ %.ß7X .

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(1) 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 coefficientsandnegativeearningscoefficientsrequiressetting
¿

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,Panel A of Table (4) reportsresultsfor shortersub-

sampleseliminatingeitherthelast5 or thelast8 yearsin thesample.Whereasthesignof the

coefficientsnow bettercorrespondsto whatLamont(1998)finds,statisticalsignificanceis still

lacking.LettauandLudvigson(2001)alsofind thattheLamont-patterndoesnotholdwith late

1990’sdatawith aquarterlysamplingfrequency.

The resultsdescribedso far areprettybleakif finding predictabilitywerethe objective of

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

rate.5 Whatever thesampleperiodwe use,theshortrateenterssignificantlyat the99%level

in the
¿ % � regressionandits impacton the equity premiumis remarkablyrobust in terms

5 If a detrendedshortrateis usedinsteadof thelevel of theshortrate,following Campbell(1991)andHodrick

(1992),the resultsareunaltered.If the regressionis alsoaugmentedby dummyvariablesfrom Oct 1979to Oct

1982to accountfor themonetarytargetingperiod,theshortratecoefficient remainssignificant.
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of magnitudeacrossthe varioussampleperiods. A 1% increasein the annualizedshort rate

decreasestheequitypremiumby about3.7%.Thepredictivepower of theshortratedissipates

quickly for longerhorizons.Thecoefficient slowly becomeslessnegativeandeventuallyeven

slightly positive.

Wealsoconductjoint testsacrossregressors.Jointtestsacrossthe ��� � � and 
�� � � regressors

in theLamontregressionyield p-valuesof 0.2294,0.3760and0.1788for horizons
¿ %Þ� , 12

and60respectively. Jointtestsacross����� � , 
���� � and in thetrivariateregressionyield p-values

of 0.0139,0.3723and0.0985for horizons
¿ % �YË� h Y[ß1X . In this regressionfor

¿ % � , the

dividendyield andearningsyield arealsoindividually significantat the5%level.

Oneproblemwith our resultsis that our sampleis shorterthanLamont’s. PanelB of Ta-

ble (4) reportstrivariateregressionresultsusingquarterlyS&P datafrom 1935or 1952to the

present.For thelongestsample,we find no significantpredictabilityat all. Thecoefficientson

theyield variablesaretypically smallbut positiveandhave largestandarderrors.Theshortrate

coefficient remainsnegative andits t-statisticis muchhigherthanthe t-statisticsfor the yield

variables,especiallyat shorthorizons.Thelack of significancefor theshortratevariablemay

bedueto thefactthatinterestratedataarehardto interpretbeforetheTreasuryAccord,asshort

terminterestrateswerepeggedby theFederalReserveduringthe1930’sand1940’s. Oncewe

restrictattentionto post-1952data,theshortratebecomeshighly significantwith theexpected

negativesignatboththe1-monthand12monthhorizon.Theyield variablescoefficientsremain

insignificantandthesignpatternweuncoveredbefore(negativedividendyield coefficientsand

positive earningsyield coefficients)resurfaces.Table(4) clearlydemonstratesthatour results

arenotanartifactfrom focusingon post-1970data.

Finally, following the leadof Richardson(1993),Table (5) reportstestsof predictability

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

countries,which we discussin thefollowing section.If we now focuson thefirst column,the

US results,we seethatthereis only strongevidencefor yield predictability, if we considerthe

joint predictabilityof earningsyieldsanddividendyieldsin thetrivariatespecification.Despite

the short-lived natureof the predictablepatterns,the short rate still 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 yearsof the1990’sandthatstatisticalsignificance
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only occurswhentheshortrateis usedasapredictor. It is conceivablethatthelackof predictive

power is simply a smallsamplephenomenon,dueto thevery specialnatureof the lastdecade

for theUS stockmarket. It is equallyprobablethatthepreviousresultsof strongpredictability

andinterestingpredictabilitypatternsarea statisticalfluke. Internationalevidenceshouldhelp

ussortout thesetwo interpretationsof thedata.If wecannotconfirmthepreviouspredictability

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

(2) 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(5) fail to rejectthenull of no predictability. Thecoefficient patternsin thethreeother

countriesaremoreakin to theseprevalentin theUS in earliersamples,in that thecoefficients

increasewith horizon,but in both FranceandGermany they startout negative. In Japan,the

individualcoefficient for ����� � is borderlinesignificantin theunivariateregressionandthejoint

testacrosshorizonsin Table(5) rejectsat the10%level.

In Figure(3),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(5) 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(3) 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(4) simply shows thecoefficient patterns.Again (not

reported),theindividualt-statisticsusingHodrickstandarderrorsbarelyeverreachsignificance.

Two countries,JapanandFrance,show apatternsomewhatreminiscentof theLamontfindings,

with negative coefficientsfor theearningsvariableandpositive onesfor thedividendyield at
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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(5)). 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.6

Figure(5) 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(5), only theUS shortrateretainssignificantpredictive power at the5% level, which

is not surprisinggiven the patternof the coefficients and t-statisticsin Figure (5). What is

surprisingis thevery high p-valuefor Japan.Inspectionof thegraphrevealsthanthejoint test

happensto selecttwo
¿
’soutof only asmallsetof

¿
’s thatyield coefficientscloseto zero.

6 For Japan,weobserveaLamontpatternatshorthorizons(lessthan15months)but athorizonslongerthan15

monthstheearningsyield coefficientsbecomepositive. Thedividendyield coefficientsarelessthantheearnings

yieldcoefficientsbetweenhorizons20and40months.At longhorizons(40-60months)bothdividendandearnings

yieldsarepositive, with thedividendyield coefficientsgreaterthantheearningsyield coefficients. This figure is

availableuponrequest.
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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 shortforecastinghorizons(mostlyonemonth).Theshortratecoefficient

is not significantly different from zero for all countries. Table (5) reportsjoint testsof pre-

dictability for the threecoefficients. The null of no predictability is rejectedat the 10%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(6) reportspooledpredictabilitycoefficients,

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

in AppendixE. 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
¿ %à� , 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¿ %¨ß7X but losesstatisticalsignificance.Joint testsacrossthe threevariablesfail to rejectthe

null of nopredictabilityfor all threehorizonsatthe5%level,but thetestrejectsatthe10%level

for
¿ %¨� . We concludethattheonly robustandsignificantpredictorof excessstockreturnsin

5 countriesappearsto betheshortrate.
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6 Cross-CountryPredictability

Thepreviousdiscussionimplicitly consideredour5 countriesto besegmentedmarketsanddid

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

discountratesshouldpriceequityreturnsonall markets,andwemayfind commoncomponents

in the predictablecomponentsof returns. To investigatethis, we extendour trivariateregres-

sion to a 6 variableregression,looking at pairsof countries. This set-upis an extensionof

the regressionsrun by BekaertandHodrick (1992),who regressequityandforeignexchange

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(7) 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

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(8) reportsp-valuesfrom a seriesof joint testsof pre-

dictability. Thefirst set,labeledwith US as”Base,” concernstheregressionsof Table(7). 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
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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 (8). 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(5), nomatterwhich foreigninstrumentsareincludedin theregression.For

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

new regressors.For Japan,wealsonolongerreject,whichsimply indicatesthattheinclusionof

theforeigninstrumentsresolvedthesingularityproblemwe facedwith theregularestimation.

Theresultsin Table(8) maybeweakbecauseof theinclusionof toomany highly correlated

regressors.Therefore,Table (9) reportspredictability resultsusingonly US instruments,in-

cludingapooledestimation.Theresultsareindeedstrongerthanwhatwereportedin Table(7).

First, long-horizonpredictabilityremainsratherweakto non-existent. Second,theyield vari-

ablesretaintheirsignpatterns(areverseLamontpattern)andarenow significantin bothFrance

andGermany. TheUS shortrateconsistentlyhasa negative signandis now significantin the

UK andGermany. Overall, theUS instrumentspredictexcessequityreturnsin thesecountries

betterthanthe local instruments!Whenwe pool theestimationacrosscountries,we find very

strongresults,with all threecoefficientsbeingsignificantat the1% level. A 1% increasein the

US dividendyield reducestheequitypremiumin othercountriesby about50 basispoints,an

increasein the earningsyield increasesinternationalrisk premiumsby about65 basispoints,

whereasanincreasein theUS shortrateof 1% decreasestheequitypremiumby almost3.5%.

It maybethatUSfactorsdominateglobaldiscountratesandthatthis leadsto theobservedpat-

tern,but it seemshardto comeup with aninternationalasset-pricingmodelthatwouldexplain

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-

21



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

In Table(10) 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

finding negative coefficientson the US interestrateandpositive oneson the foreign interest

rate. This patternis only valid for thepound;in theothercountriestheUS interestrateenters

with apositivesignandis not statisticallysignificantlydifferentfrom zero.In theUK, bothin-

terestvariablesaresignificantlydifferentfrom zero,whereastheonly othersignificantinterest

ratecoefficient is theJapaneseinterestratefor theyenequation.Perhapssurprisingly, someof

theyield variablesdo seemto have predictivepower for foreignexchangereturns,but no clear

patternemerges.For example,theUS earningsyield is only significantin thepoundequation,

and then only for
¿ % � h , whereasthe dividendyield is significantfor the DeutscheMark

equationat both
¿ %á� and

¿ %à� h . Local instrumentsarealsosignificant. For example,UK

dividendyields predictpoundforeign exchangereturns,andGermandividendyields predict

mark foreign exchangerates. Perhapssuchcomplex patternsarenot surprisingin a globally

integratedworld. An internationalpricingmodeltypically requirestheexchangeratechangeto

bethedifferenceof the two pricing kernelsin thetwo countries,so that factorsdriving equity

pricesin bothcountriesmayaffect exchangeratesaswell.

To obtainmorepowerful tests,we alsoconducta numberof joint testsin thebottompanel

of Table(10) 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 thepoundandmarkreturns.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.7 Surprisingly, theyield variablesaresignificant

at the5%level in thepoundreturnregressionandat the1%level in themarkreturnregression,

but theinterestratevariablesarenotsignificant.Whereastheliteraturehastypically focusedon
7 BekaertandHodrick (1992)andBauer(2001)alsopredictforeignexchangereturnswith dividendyield vari-

ables.
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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 Cashflow Predictability

Theresultsin thispaperoverturnmany of theconventional,well-acceptedresultsregardingthe

predictivepower of thedividendandearningsyield for stockreturns.As is truein our present

valuemodel,thedividendyield is a particularlynaturalpredictorfor stockreturns.Thebasic

equationunderlyingany presentvaluemodelwith a transversalityconditionimposedis:
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8�f�â ��� l � 3 ���� l > Y (23)

where â is thediscountrateand 3 � is dividendgrowth. In our model,thelattervariablecanbe

decomposedinto earningsgrowth andthechangein thepayoutratio. Sincethepricedividend

ratiovariesthroughtimeandis in factquitevariable,theinfinite sumontheright handsidemust

show predictabletime-variationaswell. In particular, low price-dividendratiostoday(or high

dividendyields) imply thateitherdiscountratesin thefuturearehigh, futurecashflow growth

ratesarelow, or both. Cochrane(1992)providesa variancedecompositionof thevariability of

theprice-dividendratio basedon equation(23) andfindsthatmostof thevariationin theprice

dividendratio comesfrom variationin discountrates.Theunderlyingreasonfor this resultis

thathedoesnot find muchpredictablevariationin dividendgrowth rates.

In this section,we askwhetherearningsanddividendgrowth ratesarepredictableby our

instruments.If they arenot, it mustbe the casethat linear regressionssimply have little in-

formationon thepredictive power of dividendyieldsandearningsyieldsfor stockreturnsand

cashflow growth rates.If they are,it mightbepossibleto reconcileourweakreturnpredictabil-

ity resultswith a world wherepricedividendratiosandpriceearningsratiosshow substantial

variationover time.

Table(11) repeatsthe regressionsof Table(4) for theUS, but replacesreturnswith either

dividendgrowth ratesor earningsgrowth rates. The earningsgrowth ratesarecomputedas

follows:

3 � �� %�4�57698�
�� � �� / 
�� � ��=< � k ! �;/ ! �=< � > Y (24)
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with asimilarexpressionreplacing
���� �� with ����� �� for dividendgrowth rates.8

Let us first focuson the univariateregressionswith the dividendor earningsyield asan

instrument.For the sampleusingMSCI data,dividendyields fail to forecastfuture dividend

growth. However, we find earningsgrowth to be predictableby the yield variablesat long

horizons. Whenwe start the samplein 1952andusequarterlyS&P data,this predictability

of earningsgrowth becomesstrongerandmoreprevalentat theshorterhorizons.Theearnings

yield now predictsdividendgrowth at short horizons. Overall, higher yields forecastlower

earningsgrowthandhigherdividendgrowth. Theformerresultis consistentwith theintuition in

equation(23),wherehighyieldsmayforecastfuturelow cashflow growth, proxiedby earnings

growth. Thelatterresultmaybedueto dividendgrowth beingapoorproxyfor cashflow growth.

For the trivariateregressions,the monthlyMSCI datasampledoesnot displaystrongpre-

dictability, exceptfor the earningsyield predictingdividendgrowth at shorthorizonsandthe

shortratepredictingearningsgrowth at the12monthhorizon.Nevertheless,joint testsover the

threevariablesrejectthenull of nopredictabilityof dividendor earningsgrowth at the1%level

for
¿ %Þ� h , ¿ %�ß1X andjoint acrossall horizons.ThequarterlyS&P datareplicatethe coef-

ficient patternsof theMSCI data,but with generallysmallerstandarderrors,especiallyfor the

dividendgrowth regressions.Dividendandearningsyieldsnow significantlypredictdividend

growth at all horizons.This time, higherdividendyieldssignallower futuredividendgrowth,

andhigherearningsyield signalnegativedividendgrowth at longerhorizons.Thepredictabil-

ity of earningsgrowth is muchlessstrongandtheshortratedoesnot significantlypredictcash

flowsalthoughthet-statsareoftenabove1.9 Theonly casefor whicha joint testover thethree

variablesdoesnot rejectis for earningsgrowth with a
¿ %�ß1X horizon.

Table(12) repeatstheexercisefor thetrivariateregressionsbut poolsdataover 4 countries

(theUS, theUK, FranceandGermany). Dividendgrowth appearspredictableonly by thetwo

yield variables(with thesamesignpatternsasin Table(11)) for
¿ %�� . A joint testacrossthe

threeinstrumentsrejectsat the 5% level for
¿ %�� . However, what is particularlystriking is

thestrongpredictabilityof earningsgrowth. High dividendyieldssignalhigh futureearnings

growth; high earningsyields signal low future earningsgrowth rates. It is conceivable that

the first effect is a genuineprice effect (higherpricesin responseto predictedrisesin future

earnings),whereasthesecondfindingmayreflectmeanreversionin earningsgrowth. Jointtests

of predictabilityrejectat the1%level for all threehorizons.Moreover, thecoefficientpatternis

very closeto thepatternuncoveredfor theUS, makingtheresultseconomicallyrobustacross
8 Notethattheone-periodlog growthrateof earningsrepresentsã`ä�å�æ�ç ���è`é �;ê¶ë æ�ì*í è`é ��îbï�ï�ï�î ì*í è�ð ��� ê�ñ æLì*í è îï�ï�ïmî ì)í è�ð �L� ê .9 NissimandPenman(2001)find significantpredictabilityof theearningsof individual firmsby shortrates.
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countries.

We concludethatyield variablesdo indeedpredictfuturecashflows,but this predictability

becomesvisibleonly by focusingonearningsgrowth ratesandinternationalstockreturnsdata,

whichhavenotbeenthefocusof previousresearchin this area.

8 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,andnot robustacrosscoun-

tries or sampleperiods. Moreover, thereis no evidenceof long-horizonpredictability in any

of the5 countrieswe examine.In this sense,thepredictabilitythathasbeenthefocusof most

recentfinanceresearchis simplynot there.

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

predictabilitydebatein four directions. First, our resultssuggestthat predictability is mainly

a short-horizon,not a long-horizon,phenomenon.Second,the strongestpredictabilitycomes

fromtheshortrateandnotfrom 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.Finally, wedemonstratethatdividendandearningsyieldshavepredictive

power for forecastingfuture cashflow growth rates. Hence,a potentially importantsourceof

variationin price-earningsandprice-dividendratiosis the predictablecomponentin earnings

growth rates.

We hopethatour results,in theshortrun, affect theassetallocationliterature,which often

hastakenpredictabilityof thedividendyield variableasgivenandgenerallyignoresthevari-
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ation andpredictive power of the shortrateon stockreturns. In the longerrun, we hopeour

resultsstimulateresearchontheoreticalmodelsthatmightexplainthepredictabilitypatternswe

demonstrate,particularlyshortratepredictabilityat shorthorizonsandacrosscountries.

26



Appendix

A Proof of Proposition2.1
FromtheDividendDiscountModelwe canwrite:ò è

ì*í è ë�ó è ôõvö �
÷ è`é õ ì)í è`é õì*í è

ø è`é õ
ì*í è`é õ
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õ
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è`é ú ã`ä�å�æ�ü1ý è`é õ ê
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÷ è`é õ=þ è`é õ ò¡ÿ è`é õ (A-1)

whereþ è`é õ ë ã�ä�å õú;ö � ç è`é ú and
ò¡ÿ è`é õ ë ã�ä�å�æIü7ý è`é õ ê .

We claim that:
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whichwe show by induction.
Theinitial conditionsaregivenby:
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To provetherecursiverelation,assumethis relationholdsfor � . Thenusingiterativeexpectations:
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Hencetheprice-earningsratio is givenby:
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B Proof of Observation 2.1
Wewouldlikepricingkernelvariability with earningsgrowth andlog payoutto bethesameif wereto usedividend
growth. Denote& è`é � ë � �� � � � � î � � � è`é � . In particular, we would like covè æ�ç"'è`é � � ��& è`é � ê in a systemwith state
variablesæ�� è ç�'è ê � ascovè æ)(�ü7ý è`é � î ç è`é � � ��& è`é � ê in oursystemwith statevariablesæ�� è ç è ü1ý è ê � . We notethat

covè æ (�ü1ý è`é � î ç è`é � � ��& è`é � ê¶ë ��æ�� � î ��� ê � � � $
Denoting

� ' asthe2 * 2 covariancematrix underthedividendgrowth system,and � ' asthe2 * 1 vectorof prices
of risk underthissystem,then

covè æIç 'è`é � � ��& è`é � êAë ��� �� � ' � '
Imposingequalitybetweenthesetwo expressionswehave thefollowing relation:
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where� ë æ � + � - � 0�1 ê � from our three-factorearningsgrowth andlog payoutsystemand � ' ë æ � '+ � '- 4 ê � from a
dividendgrowth system.Notethat

, +3. -64 ë covè æ�� è`é � � (�ü1ý è`é � î ç è`é � ê¶ë , +3. 0�1 î , +3. -
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Hencewe canre-writeequation(B-1) as:
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This relationis satisfiedif ��- ë �"0�1 ë � '- 4 .

C Proof of Corollary 2.1
Usingequation(1) we canwrite:
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Theterm : è is givenby:
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Theterm < è is givenby:
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where@	ë ã`ä�å�æ���æ � � î ��� ê � � � ê . Thesimplerisk premiumis givenby:

ó è � 7 è`é � ��ã`ä�å�æ�� è ê � ë æ @ � � ê ï ã`ä�å�æ�� è ê (C-5)

which is zeroif � ë B
. Theunconditionalrisk premiumis:
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where C� + and C, �+ aretheunconditionalmeanandvarianceof � è respectively.
If �EDë B

then 	 æ�� ê mustbeconstantfor all � . Thesecondcondition, 	 æ � ê,ë ��� �9î í � æ � ��î � � ê , definesthe

	 æ�� ê 9 	 vectorin equation(9). The first condition 	 æ�� ê � � � ë � �� � � , givesthe first restrictionin equation(10).
The non-linearrestrictionson í in equation(10) arederived from substitutingthe definition of 	 into the third
condition 	 ë ��� �Äî í � æ�� � î
	 ê .Thefinal restrictionin equation(10) is a transversalitycondition.Underconditionsæ�� ê ��æ��?�?� ê the

ò ì è canbe
writtenas:

ò ì è ë ôõùö � ã`ä�å�æ �[æ�� ê�ê ã�äËå|æ 	 � � è ê
9 Cí ã`ä�å�æ 	 �8� è ê�$ (C-7)

Examiningtherecursionfor �æ�� ê in equation(6), we have:

�[æ�� î � ê¶ë æ � �,î � � ê � æ�� î � � ê î
�
� æ�� � î � � ê ��� æ�� � î � � ê î � ï � æ � � î#	 ê � æ�� î � � ê î

�
� æ � �,î
	 ê ��� æ�� �Fî#	 ê � $

Hence:

Cí ë ôõùö � ã`ä�å�æ �[æ�� ê�ê
ë ã`ä�å�æ�æ � � î ��� ê � æ�� î � � ê î �� æ � � î � � ê � � æ � � î ��� ê=ê� � ã�ä�å�æ=æ�� �Fî#	 ê � æ�� î � � ê î �� æ � �,î
	 ê � � æ�� �Fî#	 ê�ê (C-8)

Thelastrestrictionin equation(10)ensuresthis expressionis well-defined.

D TestingPredictability AcrossHorizons
Themomentconditionsfor thesystemin equation(17)are:

ó æ�F è`éHGI ê 9 ó
F è`é IKJ

...F è`é I5L ë�ó
M è`é IKJ�N è

...M è`é I5LON è ëOó æ M è`é�GI�P N è ê¶ë B
(D-1)

whereN è ë æ �RQ �è ê � , a ST* �
vectorandM è`é I ë æ M è`é I J $O$U$ M è`é I L ê � .

FromstandardGMM V W*æ�XY � Y ê Z[]\ æ B � ^ ê with
^ ë <

ð ��
_
� <
ð �� , < � ë æ�`6a P ó æ N è N � è ê=ê and

_
� ë�ó æ�F è`éHGI F � è`éHGI ê¶ë�ó æ M è`éHGI M è`éHGI ê P æ N è N � è ê (D-2)

TheHodrick (1992)estimate X_!bc of
_
� is givenby:

X_ bc ë
�
W

d � d
(D-3)

where
d

is a We*fShg matrix
d ë æ d IKJ $U$O$

d I5L ê where
d I W;*ig is givenby

d I ë æ�j � � é I �O$O$U$ j �c é I ê , andj è`é I , ST* �
, is:

j è`é I ë � è`é �
I ð �õvö �

N è�ð õ � (D-4)
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sinceunderthe null of no predictability the one-stepaheaderrors � è`é õ ë M è`é � are uncorrelatedand M è`é I ë� è`é �Äî»ï�ï�ïmî � è`é I . Denoting
� ë æ N � �U�O$U$O$ N � c ê , Wk*lS , anestimateof <

ð �� is givenby:

X<
ð �c ë

�
W æ�` a P æ �f�� ê ð � ê (D-5)

To testthehypothesismon ë B
weusetheNewey (1985)p � test:

æ�m Xn ê � � m X^ m � � ð � m Xn [ p �rankq=rts (D-6)

with X^ ë X<
ð �c X_!bc X<

ð �c .

E TestingPredictability PoolingCross-SectionalInf ormation
Let thedimensionof

Q è be æ�S]� � ê sotherewill beatotalof S regressors,includingtheconstanttermsu õ for each
of \ countries.In equation(18) denotethe free parameters

Y ë æ u � $v$v$ uxw Cn � ê � , andthe unrestrictedparameters
stacked by eachequationn ë æ u � n � � $O$U$ uxwyn �w ê � . We canestimatethe systemin equation(18) subjectto the
restrictionthat mon ë B

, whereC is a \ ST*�æ \ � � ê æ�S;� � ê matrixof theform:

m ë
zB ` zB ��` zB

$U$O$zB ÿ zB ` zB ��` $U$O$...zB ÿ zB
$O$O$

zB ��`
(E-1)

where
zB

is a æ�S{� � ê * �
vectorof zeros,

ÿ
is a æ S|� � ê *(æ S|� � ê matrix of zeros,and ` is a æ S{� � ê rank

identitymatrix.
Denote

z� è`é I ë æ z� �è`é I $O$U$
z� wè`é I ê � æ \ * � êN õè ë æ �}Q õv~è ê æ�ST* � êM è`é I ë æ M �è`é I $U$O$ M wè`é I ê � æ \ * � ê

� è ë
N �è B

. . .B N wè æ \ ST* \ ê $ (E-2)

Thenthesystemcanbewrittenas:
z� è`é I ë �f�è n î M è`é I (E-3)

subjectto mon ë B
. Towrite in compactnotationlet

7 ë æ z� � � é I $O$U$
z� �c é I ê � , � ë æ � ���$U$O$

� c ê � , � ë æ M � � é I $U$O$ M
� c é I ê � .Thenthecompactsystemcanbewrittenas:

7 ë � n î � subjectto mon ë B
(E-4)

A consistentestimate Xn of n is givenby:

Xn ë n 1��=� � æ �f�=� ê ð � m � � mRæ ���=� ê ð � m � � ð � mon 1��=� (E-5)

with n 1 �=� ë æ � � � ê ð � � �7
. ThisgivesusanestimateXY of

Y
.

Themomentconditionsof thesystemin equation(E-3)are:

ó æ F è`é I ê¶ë ó æ � è M è`é I ê¶ë B
(E-6)

By standardGMM XY hasdistribution

V W*æ XY � Y ê Z[A\ æ B � æ ø �
�
_ ð ��

ø
�ê ð � ê (E-7)
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with

ø �
� ë�ó

� F è`é I� Y � (E-8)

and
_
�¡ë ó æ F è`é I F � è`é I ê (E-9)

TheHodrick (1992)estimate X_�bc of
_
� is givenby:

X_ bc ë
�
W

c
è ö I j�� è j�� �è (E-10)

wherej�� è ( \ S�* �
) is

j�� è ë
I ð �õvö �

� è�ð õ � è`é � $ (E-11)

Underthe null hypothesisof no predictability M è`é I ë � è`é �	î $O$U$ � è`é I where � è`é � arethe 1-stepaheadserially
uncorrelatederrors.This is theSURequivalentof theHodrick (1992)estimatefor univariateOLS regressions.

An estimate Xø c of
ø
� is givenby:

Xø �c ë
�
W

c
è ö �

� F è`é I� Y � � (E-12)

Y ë æ�u � $U$O$ u�w Cn � ê with

�
� F è`é I� Y � ë

� Q � ~è B
� Q � ~è

. . .B � Q w ~èQ �è Q �è Q � ~è Q �è Q �è Q � ~è $O$U$
Q wè Q wè Q w ~è

(E-13)

TheestimateXY hasdistribution

V W*æ�XY � Y ê Z[A\ æ B � � Xø �c æ X_ bc ê ð � Xø c � ð � ê $ (E-14)

Thereare æ \ î ST� � ê free parametersin
Y

with \ S momentconditions. This gives \ S���æ \ î S�� � êover-identifyingrestrictions.TheHansen(1982)p � J-testof over-identifyingrestrictionsis givenby:

� ë W)æ CF � æ X_ bc ê ð � CF ê [ p � æ \ S;� æ \ î S;� � ê�ê (E-15)

with

CF ë
�
W

c
è ö � F è`é I $ (E-16)

F Calibrating the Constant ExpectedReturn PresentValue
Model

We turn first to theVAR parameterestimation.We observe earningsgrowth ratesç ���è andlog payoutratios ü1ý ���è ,
but our PresentValueModel requiresmonthly growth ratesç è andlog payoutratios ü1ý è . We constructç �I�è at a
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monthlyfrequency from earningsyields �=� ���è using ç �I�è ë �8�}� æ ��� ���è ñ ��� ���è�ð � * ò è ñ ò è�ð � ê . If ì*í è denotesmonthly
earnings,thenç �I�è is relatedto ç è by:

ç ���è ë �8�}� ì*í è î ì)í è�ð �¶î»ï�ï�ïmî ì*í è�ð ���ì*í è�ð � î ì*í è�ð � î ï�ï�ï�î ì*í è�ð ���
ë �8�}� ì)í è�ð �L� æ � î � -O��� J�� î ï�ï�ï�î � q -O��� J�� é!����� é -3� s êì*í è�ð ��� æ � î � -3��� J�J î»ï�ï�ïmî � q -3��� J�J é!����� é -O��� J s êë ç è�ð �L�Äî �v�K� æ � î � - ��� J%� î ï�ï�ï�î � q - ��� J%� é!����� é - � s ê� �v�K� æ � î � -O��� J�J î ï�ï�ï�î � q -O��� J�J é������ é -3��� J s ê (F-1)

In addition,if
ø è denotesmonthlydividendsthenü1ý ���è is relatedto ü7ý è by:

ü7ý �I�è ë �v�K� ø è î ø è�ð � î ï�ï�ïmî ø è�ð ���ì)í è î ì*í è�ð � î ï�ï�ïmî ì*í è�ð ���
ë �v�K� ì)í è�ð �L� � � 0�1 ��� J�J î � 0�1 ��� J�� � - ��� J%� î ï�ï�ï�î � 0�1 � � q - ��� J�� é - ���K� é!����� é - � s �

ì*í è�ð �L� � � î � -O��� J�� î ï�ï�ï�î � q -O��� J�� é������ é -3� s �
ë �v�K� æ�� 0�1U��� J�J î � q 0�1O��� J%� é -O��� J�� s î ï�ï�ïmî � q 0�1U� é -O��� J�� é -3���K� é!����� é -3� s ê� �v�K� æ � î � -3��� J%� î ï�ï�ïmî � q -3��� J%� é!����� é -3� s ê (F-2)

Equations(F-1) and(F-2) show that therelationbetweenmonthlygrowth ratesandpayoutratiosandtheir coun-
terpartsusingearningsanddividendssummedover the pastyear is highly non-linear. In particular, the useof
summingpastearningsanddividendsoverthepasttwelvemonthspotentiallyinducesveryhighautocorrelationup
to 11 lags.

To estimatetheVAR on
� è weuseSimulatedMethodof Moments(SMM) (Duffie andSingleton(1993)).We

usea two-stepSMM procedureandimposea restrictedcompanionform í where í ��� ë í � � ë B
. The latter

assumptionis motivatedby an analysisof a VAR on æ�� è ç �I�è ü7ý �I�è ê , in which we fail to reject that no variables
Granger-causeinterestrates. In the first step,we estimatethe equationfor � è on US EURO 1 monthratessince
we have monthly dataon interestrates. In the secondstep,holding the parametersfor � è fixed,we estimatethe
remainingparametersin í , � and

�
usingthefirst andsecondmomentsof ç �I�è andü7ý �I�è . Wealsousethemoments

in ó � � ���è � ��� ~è�ð ��� � relatingto ç ���è and ü1ý ���è . The lag length is setat 12 sincethe first 11 lagsareaffectedby the
autocorrelationinducedby the non-linearfilters in equations(F-1) and(F-2). We computetheweightingmatrix
usingthedata,soweneednot iterateon theweightingmatrix.

Table(A-1) reportsour results.We reporttwo estimations,anAlternative Model which is exactly identified,
andtheNull Model which is estimatedsubjectto therestrictionsensuringconstantexpectedreturnsin Corollary
2.1. Focusingfirst on the Alternative Model, payoutratiosarecloseto a randomwalk with no othersignificant
feedbackcoefficients. Earningsgrowth on the other handshows little persistencewith the coefficient on past
earningsgrowth barelysignificantlydifferentfrom zero. However, high currentpayoutratiospredicthigh future
earningsgrowth, perhapsbecausethey reflectpermanentratherthantransitoryearnings.High shortratessignifi-
cantlyreducefutureexpectedearningsgrowth. A 1%increasein interestratesleadsto a25basispointdecreasein
expectedearningsgrowth.

Whenwe estimatethe covarianceparametersof the Null Model on the momentsof the Alternative Model,
we obtaina singularcovariancematrix, as the correlationof ç è and ü7ý è approaches-1. Thereforewe hold the
covariancematrix

�
from theAlternativeModel fixed,andestimate� anda restrictedcompanionmatrix í using

the first the andcross-momentsof the Alternative Model estimation.Using a p � test,we fail to reject the Null
Model versusthe Alternative Model with a p-valueof 0.9252. The Null Model retainsthe importantfeedback
from interestratesto earningsgrowth but makes the interestrate feedbackto payout ratios much larger than
before.Thefeedbackfrom payoutratiosto earningsgrowth ratesremainsintactaswell, but theearningsgrowth
rateis no longerpersistent.

The estimationof the covariancematrix
�

hastwo importantfeatures. First, the conditionalvolatility of
innovationsto ç è is muchmorevolatile thaninnovationsto ç �I�è (0.0647versus0.0233from an unreportedVAR
on æ�� è ç ���è ü1ý ���è ê ). Thefilter in equations(F-1) and(F-2) smoothsout someof thevolatility in earningsgrowth by
summingearningsover thepasttwelve months.This implies thatequity returnsaremorevolatile usingmonthly
earningsthansummedannualearnings.Second,shocksto ç è andü7ý è arenegatively correlated(-0.8496),which is
truein theannualdataaswell. Thismightbedueto theunusualsmoothingthatoccursin mostcorporatedividend
policies.High temporaryearningsarenot paidout,sothey decreasethepayoutratio.

The constrainedVAR ties down mostof the parameters,but we still have to determinethe price of risk for
dividendgrowth C� . We calibrateC� to thepremiumin thesample.Thelog risk premiumis producedby simulation
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using100,000observations,while thesimplerisk premiumis calculatedusingequationCorollary2.1(andchecked
by simulation).Setting C� ë ��� $

�K�}�
, wematchboththelog andthesimplerisk premium.Theannualizedvolatility

of the log (simple)excessreturncorrespondingto C� ë ��� $
�}�K�

is 0.1367(0.1387),which is slightly below the
annualizedvolatility in the sample0.1477(0.1472). The main sourceof equity returnvolatility in the model is
thevolatility of payoutratiosandearningsgrowth rates,sincethe risk premiumis constant.In fact, the implied
estimateof theconditionalvolatility of dividendgrowth is æ � � î � � ê � � æ � � î � � ê , which is 0.1368annualized.
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Table1: SampleMomentsof ReturnsandInstruments

SampleMomentsof MSCI Monthly Data

z� ��� �I� ��� ��� �
US
mean 0.0766 -3.3632 -2.6271 0.0769
stdev 0.1477 0.4059 0.3915 0.0340� -0.0080 0.9819 0.9839 0.9699

UK
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
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
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
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

Correlationsof MSCI Monthly ExcessReturns

US UK France Germany
UK 0.5790
France 0.5050 0.5035
Germany 0.4689 0.4620 0.5940
Japan 0.3453 0.3669 0.3751 0.3383

SampleMomentsof QuarterlyUS S&P Data

z� �����I� �����I� �
mean 0.0821 -3.2485 -2.6109 0.0409
stdev 0.1671 0.3603 0.3603 0.0326� 0.1218 0.9480 0.9478 0.9559

Summarystatisticsof excessreturnsandinstruments.In thetable
z� representsexcessreturns,��� �I�

log dividendyields, ��� ��� log earningsyields, � shortratesandearningsgrowth ratesç ��� . Excess
returnsandshortratesarecontinuouslycompounded.Monthly equity returnsarefrom MSCI and
the monthly short ratesareEURO 1 monthrates. Quarterlyequity returns(including re-invested
dividends)for the US are for the S&P CompositeIndex obtainedfrom IbbotsonAssociatesand
quarterlyshort ratesare US 3 month T-bill yields. The monthly (quarterly)excessreturn for a
country is equalto the equity return in local currency lessthe EURO 1 month rate (3 month T-
bill yield) for that country. Monthly dividendand earningsyields are from MSCI andquarterly
dividendandearningsyields are from the SecurityPrice Index Record publishedby Standard&
Poor’s StatisticalService. Both sourcesusethe sumof dividends(earnings)over the pasttwelve
months.Themeanandstandarddeviation of

z� , � and ç �I� areobtainedby multiplying thesample
meanandstandarddeviation by 12 (4) and V �K�

(2) respectively for monthly (quarterly)returns.� denotesthe sampleautocorrelation.For monthly MSCI returns,the sampleperiod is from Feb
1975to Dec1999for theUS,UK, FranceandGermany andfrom Jan1978to Dec1999for Japan.
Earningsyieldsfor Japanarenegativeduring1999,sowereportlevels,insteadof logs,for dividend
andearningsyieldsfor Japan.For quarterlyS&P returnsfor theUS, thesampleperiodis from Mar
1935to Dec1999.
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Table2: SmallSampleCoefficientsfrom theNull Model

PanelA: DividendRegressionCoefficient
horizon � ë � � ë �K� � ë �}B
mean 0.0692 0.0547 0.0517
stdev 0.3216 0.2015 0.0879

PanelB: EarningsRegressionCoefficient
horizon � ë � � ë �K� � ë �}B
mean -0.0331 -0.0304 -0.0243
stdev 0.1735 0.1548 0.1169

PanelC: LamontRegressionCoefficients
horizon � ë � � ë �}� � ë �KB

��� ��� ��� ��� �0� ��� �=� ��� ��� �I� ��� �I�
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 � ë � � ë �K� � ë �}B

��� �I� ��� �I� � ��� �I� ��� �I� � ��� �I� ��� �I� �
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:

z� è`é I ë u î Q �è n î � è`é I . I where
z� è`é I ë �K� ñ ��æ�� è`é �¶î ï�ï�ï[î � è`é I êis the cumulatedandannualized� -periodaheadreturn,

Q è 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 astheDGP.
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Table3: SizePropertiesof T-Statisticsfrom theConstantExpectedReturnNull Model

Dividend Regression� ë � � ë �}� � ë �KB
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
Hodrick 0.108 0.055 0.106 0.052 0.144 0.076

EarningsRegression� ë � � ë �}� � ë �KB
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� ë � � ë �}� � ë �KB
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� ë � � ë �}� � ë �KB
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, calculatethe t-statisticsfor eachmethodand recordthe percentageof observations
greaterthanthenominalcritical valuesunderthenull hypothesisof no predictability.

38



Table4: Predictabilityof US ExcessReturns

Panel A Monthly MSCI Data

UnivariateRegressions LamontRegression TrivariateRegression� ��� ��� only ��� �I� only �0� ��� ��� ��� ��� �I� ��� ��� �
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)

PanelB QuarterlyS&PData

� �0� ��� ��� ��� �
1 0.0191 0.0366 -1.3041

(0.0977) (0.2022) (-1.5907)
Full Sample 12 -0.0142 0.1066 -0.9730
1935:qtr1 - 1999:qtr4 (-0.0990) (0.8504) (-1.3773)

60 0.0187 0.0791 -0.5721
(0.1435) (0.9288) (-0.9810)

1 -0.1142 0.2256 -2.6650
(-0.7250) (1.4898) (-3.4288)**

PostTreasuryAccordSample 12 -0.0655 0.1811 -1.8716
1952:qtr1 - 1999:qtr4 (-0.3902) (1.2223) (-2.4594)*

60 0.1205 -0.0163 -0.6510
(0.5002) (-0.0976) (-0.8995)

We estimateregressionsof the form
z� è`é I ë u î Q �è n î � è`é I . I where

z� è`é I ë �}� ñ ��æI� è`é �Aî�ï�ï�ï[î� è`é I ê is the cumulatedandannualized� -periodaheadreturn,with instruments
Q è , where � is in

months.Thevariablesin
Q è include �0� ���è , log dividendyield usingdividendssummedover thepast

12 months, �=� ���è , log earningsyield usingearningssummedover the past12 months,and � è , the
annualizedrisk-freerate(1 monthEURO ratein PanelA andthe 3 monthT-bill ratein PanelB).
In PanelA, we usemonthlyMSCI data. In PanelB, we usequarterlyS&P data.T-statisticsarein
parenthesesandcalculatedusingHodrick standarderrors.T-statisticssignificantat 95%(99%)are
denotedwith * (**).
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Table5: ExcessReturnPredictabilityin 5 Countries

US UK France Germany Japan�
UnivariateRegressions�0� ��� 0.8556 0.5014 0.6207 0.5821 0.0818�=� ��� 0.5869 0.0404* 0.8732 0.8803 0.0572

LamontRegression- ��� �I� and ��� ����0� ��� only 0.6145 0.6129 0.5464 0.1394 0.9496�=� ��� only 0.3723 0.8116 0.7030 0.1881 0.7433
Joint ��� �I� and ��� ��� 0.1495 0.1502 0.8271 0.2453 0.0101*

TrivariateRegression- ��� �I� , ��� �I� , ��0� ��� only 0.7016 0.5474 0.8857 0.3523 0.9691�=� ��� only 0.0849 0.2583 0.6519 0.2966 0.7915
Joint ��� �I� and ��� ��� 0.0097** 0.0111* 0.7897 0.4082 0.0010**� only 0.0399* 0.1063 0.3802 0.1279 0.9318
Joint �����I� , ������� , � 0.0105* 0.0312* 0.7260 0.0984 0.0018**

Thetablelists p-valuesof joint testsacrosshorizons� ë �
�
�K�

�
�}B

. P-valueslessthan5% (1%) are
asterixed* (**). �0� ��� denotesthelog dividendyield, ��� ��� thelog earningsyield and� theshortrate.
Japan’s regressions(markedby � ) areperformedin levels,not logs. Thedatasetis monthlyMSCI
data,from 1975:02-1999:12for the US, UK, FranceandGermany, andfrom 1978:01-1999:12for
Japan.

Table6: Pooled-CountryExcessReturnRegressions

LamontSystem������� and �������� ë � � ë �K� � ë �KB
�0� ��� -0.0234 0.0352 0.1084

(-0.2803) (0.3594) (1.2303)��� ��� 0.0046 -0.0590 -0.0593
(0.0859) (-1.1053) (-1.4923)p � Testp-values

J-test 0.2605 0.5343 0.1667�0� � ��� ë B
0.9592 0.5167 0.2253

TrivariateSystem��� �I� , ��� �I� , �� ë � � ë �K� � ë �KB
��� �I� 0.0719 0.0726 0.0860

(0.7884) (0.7119) (1.0057)��� ��� 0.0236 -0.0521 -0.0613
(0.4626) (-1.0446) (-1.7079)� -1.7334 -0.6554 -0.3357

(-2.5247)* (-1.1852) (0.8094)p � p-values
J-test 0.1001 0.3960 0.1397�0� � �=� � � ë B

0.0851 0.4849 0.1451��� � ��� ë B
0.4951 0.5653 0.1613� ë B
0.0116* 0.2359 0.4183

Thepredictabilityregression
z� è`é I ë u î Q �è n î � è`é I . I where

z� è`é I ë �K� ñ ��æI� è`é �ÄîOï�ï�ï�î � è`é I ê is
thecumulatedandannualized� -periodaheadreturnwith instruments

Q è , is estimatedjointly across
theUS,UK, FranceandGermany, constrainingthecoefficientsto bethesameacrosscountries(see
AppendixE for details).Japanis excludedfrom estimationbecauseof ashortersampleandnegative
earningsyieldsduring1999.Theconstantsin theregressionsareallowedto differ acrosscountries
(andarenot reportedin thetable).We reporttheLamontsystemwhere

Q è ë æ���� �I� ��� ��� ê anda tri-
variatesystemwith

Q è ë æ���� �I� �=� ��� � è ê , where ��� ��� and ��� �I� denotethelog dividendandearnings
yields respectively, and � is the annualizedone-monthshortrate. T-statisticsof the predictability
coefficientsarein parenthesesandarebasedon Hodrick (1992)standarderrors.In the p � tests,the
J-testis a testof theover-identifying restrictionsandtheothertestsreferto joint testof coefficients
equallingzero.T-statisticssignificantat levelsgreaterthanthan95%areasterixed*. Thedatasetis
monthlyMSCI data,from 1975:02-1999:12
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Table7: Cross-CountryPredictabilityof ExcessReturns

� US �0� ��� US �=� ��� US � Local ��� �I� Local ��� ��� Local �
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
z� è`é I of horizon � ontoUSinstrumentsandlocal instruments.

Hodrick standarderrorsareusedto calculatet-statisticsgivenin parantheses.T-statisticssignificant
at the95%(99%)level areasterixed* (**). Theregressionsfor Japanarerun in levelsfor ��� �I� and�=� ��� (not logs).
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Table8: Cross-CountryPredictabilityof ExcessReturns� � 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( ��� ��� , ��� �I�
andannualizedshortrates� ). For example,thetop entryregressesUK equityexcessreturnson US
instrumentsandUK instruments;the secondentry regressesFrenchequity excessreturnson US
instrumentsandFrenchinstruments.We report p � 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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Table9: USPredictabilityof ForeignExcessReturns

Coefficients p � PredictabilityTests� US ��� �I� US ��� �I� US � �0� ��� , �=� ��� � ��� �I� , ��� �I� , �
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
z� è`é I for horizon � on US instrumentsonly

(US �0� ��� , ��� ��� andannualizedshortrates� ). 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 p � tests,we performa joint testof coefficientsequallingzeroand
reportp-values.For thejoint estimationthe p � p-valuesfor aJ-testof over-identificationare0.2876,
0.0940and0.6197for � ë �

, 12 and60 respectively. P-valueslessthan5% (1%) areasterixed*
(**).
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Table10: Cross-CountryPredictabilityof ExchangeRateReturns

� US �����I� US �����I� US � Local ������� Local �����I� Local �
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)

p � TestsJointAcrossHorizons � ë �
, 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
z� è`é I (expressedin dollarsper foreign currency) ontoUS instru-

mentsandlocal (foreigncountry)instruments.We investigatehorizons� ë �
, 12 and60. Hodrick

standarderrorsareusedto calculatet-statisticsgiven in parentheses.T-statisticssignificantat the
95%(99%)level areasterixed* (**). Theregressionsfor Japanarerun in levelsfor ��� ��� and ��� �I�
(not logs).Thebottompanelreportsp-valuesof p � testsjoint acrosshorizons� ë �

, 12,60 for ex-
changeratepredictability. Thecolumnlabeled“US” testsjoint predictabilityof US dividendyields�0� ��� , earningsyields �=� ��� andUSshortrates� . Thecolumnlabeled“Local” testsjoint predictabil-
ity of foreign country ��� ��� , ��� ��� and � . The columnlabeled“Short Rate” testsfor joint US and
foreigncountry� predictability. Thecolumnlabeled“Yields” testsfor joint US andforeigncountry�0� ��� and ��� ��� predictability. Finally, thecolumnlabeled“All Variables”testsjoint predictabilityof
all US andforeigncountryinstruments.P-valueslessthan5% (1%)areasterixed* (**).

44



Table11: Predictabilityof USCashflow Growth

PanelA Monthly MSCI Data1975:02- 1999:12

UnivariateRegressions TrivariateRegression
Joint p � tests� �0� ��� only ��� ��� only ��� ��� ��� ��� � � p-value

DividendGrowth
1 0.0187 0.0325 -0.0773 0.1316 -0.3899 1 0.0929

(0.8584) (1.4840) (-1.5712) (2.0094)* (-0.6604)
12 0.0121 0.0252 -0.0786 0.1696 -1.0409 12 0.0046**

(0.4627) (1.0222) (01.5810) (3.3896)** (-2.4520)
60 -0.0068 0.0010 -0.0486 0.0768 -0.5373 60 0.0000**

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

EarningsGrowth
1 -0.0496 -0.0524 -0.0201 0.0001 -0.5350 1 0.3272

(-1.7145) (-1.4867) (-0.1876) (0.0008) (-0.9218)
12 -0.0695 -0.1019 0.1274 -0.1029 -1.5681 12 0.0020**

(-1.9793)* (-2.4530)* (1.2425) (-0.8554) (-3.1758)**
60 -0.1198 -0.1022 0.2395 -0.2105 -0.6542 60 0.0029**

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

PanelB QuarterlyS&P Data1952:qtr1 - 1999:qtr4

UnivariateRegressions TrivariateRegression
Joint p � tests� �0� ��� only ��� ��� only ��� ��� ��� ��� � � p-value

DividendGrowth
1 0.0218 0.0510 -0.1773 0.2123 -0.4448 1 0.0000**

(1.0589) (2.8944)** (-5.5105)** (5.4212)** (-1.6237)
12 0.0113 0.0362 -0.1517 0.1692 -0.3666 12 0.0008**

(0.5129) (2.0304)* (-5.1372)** (4.8437)** (-1.3685)
60 0.0007 0.0125 -0.0798 0.0721 -0.0825 60 0.0001**

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

EarningsGrowth
1 -0.0973 -0.0721 -0.2083 0.1229 -0.7354 1 0.0055**

(-2.9309)** (-2.3000)* (-2.3237)* (1.3630) (-1.6867)
12 -0.0860 -0.0978 -0.0148 -0.0652 -0.7793 12 0.0027**

(-2.4085)* (-3.0500)** (-0.1618) (-0.7598) (-1.8278)
60 -0.0590 -0.0760 0.1552 -0.1908 0.1241 60 0.3693

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

Werunthepredictabilityregression
zç �I�è`é I ë u î Q �è n î � è`é I . I where

zç ���è`é I ë �K� ñ ��æ�ç ���è`é � î ï�ï�ïùî ç �I�è`é I êis thecumulatedandannualized� -periodaheadgrowth rateof earnings(or dividends),with instru-
ments

Q è and � is in months.One-periodlog growth ratesof dividendsareconstructedsimilarly. The
variablesin

Q è include �0� ���è , log dividendyield usingdividendssummedover thepast12 months,�=�����è , log earningsyield usingearningssummedover the past12 months,and � è , the annualized
risk-freerate(1 monthEURO ratein PanelA andthe3 monthT-bill ratein PanelB). In PanelA,
we usemonthlyMSCI data.In PanelB, we usequarterlyS&P data.Thelastcolumnlists p-values
of pÄ� testsfor joint significanceof all threeinstrumentsin the trivariateregressionfor horizons � .
T-statisticsarein parenthesesandcalculatedusingHodrick standarderrors. T-statisticssignificant
at 95%(99%)aredenotedwith * (**). P-valueslessthan5%(1%) arealsomarkedwith * (**)
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Table12: Pooled-CountryPredictabilityof Cashflow Growth Rates

DividendGrowth EarningsGrowth

� ��� ��� ��� ��� � p � p-val ��� ��� ��� ��� � p � p-val
1 -0.0849 0.0544 0.1228 0.0155* 0.1505 -0.3664 -0.1929 0.0000**

(-3.0797)** (2.6216)** (0.5291) (2.1300)* (-4.3137)** (-0.4478)
12 -0.0379 0.0228 -0.3567 0.0920 0.4218 -0.5148 -2.2115 0.0000**

(-1.3022) (1.2352) (-1.7638) (6.1882)** (-7.1127)** (-6.1564)**
60 0.0152 -0.0099 -0.1418 0.6610 0.2337 -0.2297 0.0823 0.0000**

(1.0057) (-1.7650) (-0.9202) (3.0799)** (-5.3331)** (0.3360)

Thepredictabilityregression
zç ���è`é I ë u î Q �è n î � è`é I . I , where

zç ���è`é I ë �}� ñ ��æIç �I�è`é � î�ï�ï�ï�î ç ���è`é I ê is the
cumulatedandannualized� -periodaheadgrowth rateof earnings(or dividends),with instrumentsQ è and � is in months,is estimatedjointly acrosstheUS,UK, FranceandGermany, constrainingthe
coefficientsto be the sameacrosscountries(seeAppendixE for details). Japanis excludedfrom
estimationbecauseof a shortersampleandnegative earningsyieldsduring1999. Theconstantsin
theregressionsareallowedto differ acrosscountries(andarenot reportedin thetable).T-statistics
of thepredictabilitycoefficientsarein parenthesesandarebasedonHodrick (1992)standarderrors.
The p � testis a joint testthatall the n coefficientsequalzero.T-statisticssignificantat 95%(99%)
aredenotedwith * (**). P-valueslessthan5% (1%)aredenotedwith * (**).
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TableA-1: Null ModelVAR Estimation

ConstantandCompanionForm

const Companionform í
Null Model� � è�ð � ç è�ð � ü1ý è�ð �� è 0.0002 0.9711 0.0000 0.0000

(0.0001) (0.0140)ç è 0.0216 -0.2894 -0.0078 0.0079
(0.0012)ü1ý è -0.0222 1.2894 0.0078 0.9921
(0.0012) (0.0900) (0.0105) (0.0010)

AlternativePresentValueModel� � è�ð � ç è�ð � ü1ý è�ð �� è 0.0002 0.9711 0.0000 0.0000
(0.0001) (0.0140)ç è 0.0125 -0.2452 0.2739 0.0096
(0.0037) (0.0597) (0.1669) (0.0036)ü1ý è -0.0104 0.0584 0.0204 0.9867
(0.0024) (0.9690) (0.2237) (0.0044)

ConditionalVolatilities andCorrelations

Volatility ConditionalCorrelations, � è ç è ü1ý è� è 0.0007 1.0000
(0.0000)ç è 0.0647 0.1038 1.0000
(0.0137) (0.0318)ü1ý è 0.0351 -0.1758 -0.8496 1.0000
(0.0129) (0.4035) (0.1874)

We estimatethemonthlyVAR
� è ë � î í � è�ð �9î � è , � è [�\ æ B � � ê of

� è ë æ�� è ç è ü1ý è ê � , where� è is thecontinuously-compoundedrisk-freerate, ç è is monthly (unobserved)earningsgrowth andü1ý è is themonthly(unobserved)log payoutratio. We set í �I� ë í � � ë B
, wheresubscriptsdenote

matrix elements(row andcolumn).Estimationof theAlternativeVAR proceedsin two steps.First,
we estimatethe equationfor � è on US EURO 1 monthrates.Second,holding theseparametersas
fixed,we estimatethe remainingparametersin � , í , 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 estimate� and í . TheNull Model’sVAR is estimatedsubjectto therestrictions:

í ë
í ��� B B
í �m� í �L� í � �� ��í �m� �Rí �L� � ��í � � $

The Null Model is over-identified. A p � test of the over-identify restrictionyields a statisticof
0.4710,which hasa p-valueof 0.9252.
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Theleft columnshowscoefficientsn in theregression
z� è`é I ë u î Q �è n î � è`é I . I where

z� è`é I ë �}� ñ ��æI� è`é � îï�ï�ï;î � è`é I ê is thecumulatedandannualized� -periodaheadreturn,with instruments
Q è ë ��� �I�è (log dividend

yields)in thetoprow,
Q è ë ��� �I�è (log earningsyields)in themiddlerow and

Q è ë æ���� ���è � �=� ���è ê � in thebottom
row. Theright columnshowst-statisticsfrom theseregressions.Horizons � areon thex-axis.

Figure1: CoefficientsandStandardErrorsfrom USRegressions
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Dividendcoefficientsandt-statisticscalculedusingHodrick standarderrorsfor the regression�� �¢¡�£¥¤e¦¥§¨U©��ª §¬«¢�¢¡�£} £ where ��R�¢¡®£¯¤±°K²R³K´"µ��R�¢¡·¶�§¹¸O¸U¸/§º�R�¢¡�£"» is thecumulatedandannualized́ -periodaheadreturn,
with instruments̈/�y¤½¼O� ¶�¾� . Horizons ´ areon thex-axis. For Japan,thedividendyield is in levelsbut for
all othercountries¼3� ¶�¾� representsthelog dividendyield.

Figure2: DividendRegressionsin 5 Countries
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Earningscoefficients and t-statisticscalculatedusing Hodrick standarderrors for the regression ��R�¢¡�£E¤¦¿§À¨6©��ª §À«¢�¢¡�£R £ where ��R�¢¡�£¿¤k°K²}³}´"µ�� �¢¡·¶Á§]¸O¸U¸2§Â� �¢¡�£ » is thecumulatedandannualized́ -periodahead
return,with instruments̈/�Ã¤eÄ)� ¶�¾� . Horizons ´ areon thex-axis. For Japan,theearningsyield is in levels
but for all othercountriesÄ � ¶�¾� representsthelog earningsyield.

Figure3: EarningsRegressionsin 5 Countries

50



5 10 15 20 25 30 35 40 45 50 55 60

−0.25

−0.2

−0.15

−0.1

−0.05

0

0.05

0.1

0.15

0.2

C
o

e
ff

ic
ie

n
t

Lamont Coefficients US

Dividend
Earnings

5 10 15 20 25 30 35 40 45 50 55 60

−0.05

0

0.05

0.1

0.15

0.2

0.25

C
o

e
ff

ic
ie

n
t

Lamont Coefficients UK

Dividend
Earnings

5 10 15 20 25 30 35 40 45 50 55 60

−0.1

−0.08

−0.06

−0.04

−0.02

0

0.02

0.04

0.06

0.08

0.1

C
o

e
ff

ic
ie

n
t

Lamont Coefficients FR

Dividend
Earnings

5 10 15 20 25 30 35 40 45 50 55 60

−0.2

−0.1

0

0.1

0.2

0.3

C
o

e
ff

ic
ie

n
t

Lamont Coefficients GR

Dividend
Earnings

5 10 15 20 25 30 35 40 45 50 55 60

0

5

10

15

20

C
o

e
ff

ic
ie

n
t

Lamont Coefficients JP

Dividend
Earnings

Dividendandearningscoefficientsª from theregression��R�¢¡®£Å¤±¦Æ§Ç¨6©� ª §È«¢�¢¡�£R £ where ��R�¢¡�£�¤A°K²}³}´"µ�� �¢¡·¶6§¸O¸O¸É§
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Figure4: LamontRegressionsCoefficientsin 5 Countries

51



0 10 20 30 40 50 60
−4

−3

−2

−1

0

1
C

o
e

ff
ic

ie
n

t

Short Rate Coefficient from Trivariate Regression US

0 10 20 30 40 50 60
−3

−2

−1

0

1

Horizon (months)

H
o

d
ri
ck

 T
−

st
a

t

Short Rate Significance in Trivariate Regression US T−statistics

0 10 20 30 40 50 60
−3

−2.5

−2

−1.5

−1

−0.5

0

C
o

e
ff
ic

ie
n

t

Short Rate Coefficient from Trivariate Regression UK

0 10 20 30 40 50 60
−1.8

−1.6

−1.4

−1.2

−1

−0.8

−0.6

−0.4

Horizon (months)

H
o

d
ri
ck

 T
−

st
a

t

Short Rate Significance in Trivariate Regression UK T−statistics

0 10 20 30 40 50 60
−2

−1.5

−1

−0.5

0

0.5

1

C
o

e
ff
ic

ie
n

t

Short Rate Coefficient from Trivariate Regression FR

0 10 20 30 40 50 60
−1.5

−1

−0.5

0

0.5

1

Horizon (months)

H
o

d
ri
ck

 T
−

st
a

t

Short Rate Significance in Trivariate Regression FR T−statistics

0 10 20 30 40 50 60
−3

−2

−1

0

1

2

C
o

e
ff
ic

ie
n

t

Short Rate Coefficient from Trivariate Regression GR

0 10 20 30 40 50 60
−2

−1.5

−1

−0.5

0

0.5

1

1.5

Horizon (months)

H
o

d
ri
ck

 T
−

st
a

t

Short Rate Significance in Trivariate Regression GR T−statistics

0 10 20 30 40 50 60
−2

−1.5

−1

−0.5

0

C
o

e
ff
ic

ie
n

t

Short Rate Coefficient from Trivariate Regression JP

0 10 20 30 40 50 60
−1.5

−1

−0.5

0

Horizon (months)

H
o

d
ri
ck

 T
−

st
a

t

Short Rate Significance in Trivariate Regression JP T−statistics

Shortratecoefficientsandt-statisticsconstructedusingHodrickstandarderrorsfrom thetrivariateregression��R�¢¡�£�¤±¦h§#¨6©��ª §Ë«¢�¢¡�£} £ where ��R�¢¡�£Å¤A°}²}³K´�µ��R�¢¡·¶�§Ì¸O¸U¸5§l�R�¢¡®£ » is thecumulatedandannualized́ -period
aheadreturn,with instruments̈/�h¤Íµ ¼O� ¶�¾� Ä � ¶�¾�ÌÎ � »�© . The short rate Î � is annualized.We reportonly the
coefficient on Î � . Horizons ´ areon thex-axis. For Japandividendyields ¼O� ¶�¾� andearningsyields Ä � ¶�¾� are
in levels,for theothercountriesthesearelog dividendandearningyieldsrespectively.

Figure5: ShortRateCoefficientsin TrivariateRegressionsin 5 Countries
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