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Abstract

Everyonewho hasstudiedinternationalequity returnshasnoticedthe episodesof high

volatility andunusuallyhigh correlationscoincidingwith a bearmarket. We developquantita-

tivemodelsof assetreturnsthatmatchthesepatternsin thedataandusethemin two quantitative

assetallocationanalyses.First,weshow thatthepresenceof regimeswith differentcorrelations

andexpectedreturnsis difficult to exploit with within a globalassetallocationframework fo-

cussedon equities.Thebenefitsof internationaldiversificationdominatethecostsof ignoring

the regimes. Nevertheless,for all-equity portfolios,a regime-switchingstrategy out-performs

staticstrategiesout-of-sample.Second,we show thatsubstantialvaluecanbeaddedwhenthe

investorchoosesbetweencash,bondsandequity investments.Whena persistentbearmarket

hits, theinvestorswitchesprimarily to cash.Thisdesirefor market timing is enhancedbecause

thebearmarket regimestendto coincidewith periodsof relatively high interestrates.



1 Introduction

It hasbeenknownfor sometimethatinternationalequityreturnsaremorehighlycorrelatedwith

eachotherin bearmarketsthanin normaltimes(seeErb,Harvey andViskanta,1994;Campbell,

KoedijkandKofman,2002).LonginandSolnik(2001)recentlyformallyestablishthestatistical

significanceof this asymmetriccorrelationphenomenon.1 Whereasstandardmodelsof time-

varyingvolatility (suchasGARCH models)fail to capturethis salientfeatureof international

equityreturndata,recentwork by Ang andBekaert(2002a)showsthatasymmetriccorrelations

arewell capturedby a regime-switching(RS)model.

RSmodelsbuild on theseminalwork by Hamilton(1989). In its simplestform, a regime-

switchingmodelallowsthedatato bedrawnfromtwoormorepossibledistributions(“regimes”),

wherethetransitionfrom oneregimeto anotheris drivenby therealizationof adiscretevariable

(theregime),which follows a Markov chainprocess.That is, at eachpoint of time, thereis a

certainprobability that the processwill stayin the sameregime next period. Alternatively, it

might transitionto anotherregimenext period. Thesetransitionprobabilitiesmaybeconstant

or they may dependon othervariables.Ang andBekaert(2002a)estimatea numberof such

modelson equityreturnsfrom theUS, Germany andtheUK andfind that internationalequity

returnsappearto becharacterizedby two regimes:a normalregimeanda bearmarket regime

wherestockmarket returnsareon averagelowerandmuchmorevolatile thanin normaltimes.

Importantly, in thebearmarket regime,thecorrelationsbetweenvariousreturnsarehigherthan

in thenormalregime.

Regimeswitchingbehavior is notrestrictedto equityreturns:Gray(1996),Bekaert,Hodrick

andMarshall(2001)andAng andBekaert(2002bandc), amongothers,find strongevidence

of regimesin US andinternationalshort-terminterestratedata. Shortratesarecharacterized

by high persistenceand low volatility at low levels, but lower persistenceand much higher

volatility athigherlevels.Again,RSmodelsperfectlycapturethesefeaturesof thedata.It also

appearsthat the interestrateandequity regimesaresomewhatcorrelatedin time andmay be

relatedto thestageof thebusinesscycle.

Surprisingly, quantitative assetallocationresearchappearsto have largely ignoredthese

salientfeaturesof internationalequityreturnandinterestratedata.Thepresenceof asymmetric

correlationsin equityreturnshassofarprimarily raisedadebateonwhetherthey castdoubton

thebenefitsof internationaldiversification,in thatthesebenefitsarenot forthcomingwhenyou

needthemthemost.However, thepresenceof regimesshouldbeexploitablein anactiveasset
1 Thisasymmetriccorrelationphenomenonisnotrestrictedto internationalportfolios,seeAngandChen(2002).
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allocationprogram. The optimal equity portfolio in the high volatility regime is likely to be

verydifferent(for examplemorehomebiased)thantheoptimalportfolio in thenormalregime.

When bondsand T-bills are considered,optimally exploiting regime switching may lead to

portfolio shifts into bondsor cashwhena bearmarket regime is expected.In this article,we

illustrateconcretelyhow thepresenceof regimescanbeincorporatedinto two assetallocation

programs,a globalassetallocationsetting(with 6 equitymarkets,andpotentiallycash)anda

market timing settingfor UScash,bondsandequity.

Thereexistssomerelatedpreviouswork. ClarkeanddeSilva(1998)show how theexistence

of two “states”(their terminology)affectsmeanvarianceassetallocation,but thearticleis silent

abouthow thereturncharacteristicsin thetwo statesmaybeextractedfrom thedata.Ramchand

andSusmel(1998)estimateanumberof regimeswitchingmodelsoninternationalequityreturn

data,but do not explorehow the regimesaffect portfolio composition.DasandUppal (2001)

modeljumpsin correlationusingacontinoustime jumpmodelandinvestigatetheimplications

for assetallocation. However, thesejumps are only transitoryand cannotfully capturethe

persistentnatureof bearmarkets.Our work herebuilds mostlyon theframework developedin

Ang andBekaert(2002a),who investigateoptimalassetallocationwhenreturnsfollow various

regime switchingprocesses.Their article restrictsattentionto returnsfrom the US, UK and

Germany.

It is importantto realizethat we did not try to mine the dataor attemptedto estimatea

largenumberof differentmodels.Instead,weproposedtwo generalformsof models,estimated

thesemodelstogetherwith a numberof simplernestedmodelsandperformedassetallocation.

We alsomadea numberof modellingchoicesthatsimplified theapplicationof our modelsto

assetallocation,eventhoughthey mayadverselyaffect theperformanceof themodels.It is our

opionionthatsomewhatmorecomplex RSmodelsmaysubstantiallyoutperformthemodelswe

discusshere.In theconclusions,we reflecton themostfruitful extensionsto our framework.

2 Data

In our first application,we focuson a universeof developedequity markets for a US based

investor. Apartfrom North-America(CanadaandtheUS),weconsidertheUK andJapanastwo

largemarkets,theeuro-bloc(which we split into two, largeandsmallmarkets)andthePacific

ex-Japan.Table1 detailsthe countriesinvolved. All dataarefrom theMSCI andthe sample

perioddatesbackto February1975andrunstill theendof 2000.Table2 reportssomesimple
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characteristicsof the equity data. We measureall returnsin dollars. Thesereturnproperties

mayplay a largerole in mean-variancebasedassetallocations.For example,it is immediately

apparentthat the useof historicaldatamay leadto relatively large weightsto Europesmall,

becauseit haswitnessedrelatively high returnswith relatively low volatility, primarily because

thesesmallEuropeanmarketsrepresenta very diversifiedportfolio of economicexposures.In

actualassetallocationprograms,constraintscouldbe imposedto keepexpectedreturnscloser

to returnsconsistentwith for examplea market capitalizationweightedbenchmark(seeBlack

andLitterman,1992).

In our secondapplication,we restrictattentionto US returns,allowing for theUS investor

to time betweencash(onemonthT-bills), 10-yearbondsandthe US stockmarket. Herewe

havea largesampleavailablestartingin January1952.Thesecondpanelin Table2 shows that

bondsearneda premiumof about1.34%over the sampleperiodwith a standarddeviation of

about9%,whereasstocksearneda7.37%premiumwith astandarddeviationof 14.33%.

3 Regime-Switching Beta Model

3.1 Description of the Model

To illustrate how regime switching modelswork, we usethe simplestpossiblemodel. We

hypothesizethat thereis only oneworld regime,which drivesall othermarkets. Theequation

for theworld equityreturn,in excessof theUST-bill rate),is:������	� ��

� ������� ��
�� ����� ���� (1)

Here � � 

� ��� denotesthe expectedreturnand � � 

� ��� the conditionalvolatility. Both cantake

on differentvaluesdependingon therealizationof theregimevariable, � � . We assumethatthe

regimecanonly takeontwo values,1and2. Thetransitionbetweenthetwo regimesis governed

by a transitionprobabilitymatrix,whichcanbecharacterizedby two transitionprobabilities:� � � 

� � ��� � � �"!$# �%� �& � � 

� � �(')� � �"!$# �*' �,+ (2)

If theportfolio managerknows theregime,theexpectedexcessreturnfor theworld market

next periodwill beeither:-.� # � � � �/
�� �102# �3� ��� 
 �54 � � � �/
�� �102# �*' � � (3)
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whentheregimerealizationtodayis � � �%� , or-.�6 � 
 �54 & � � ��

� �102# ��� ��� & � �/

� �102# �*' � (4)

whentheregimerealizationtodayis � � �*' .
Theeconometriciandoesnotknow theregimeandhewill try to infer from thedatain what

regimeweareateachpointby constructingtheregimeprobability, which is theprobabilitythat

tomorrow’s regimeis thefirst regimegivencurrentandpastinformation.In this simplemodel,

his informationsetconsistssimplyof theinternationalequityreturnsdata.Regimeprobabilities

playa critical role in theestimationof RSmodels,which usesmaximumlikelihoodtechniques

(seeHamilton, 1994;Gray, 1996; andAng andBekaert,2002b)or Bayesiantechniques(see

Albert andChib,1993).

Themodelalsoembedstime-varyingvolatility for theworld market return,which consists

of two components.For example,if theregimetodayis thefirst regime,theconditionalvariance

for theworld marketexcessreturnis givenby:7 � # � � 
 � � 

� �102# ��� �8� 6 � 
 �54 � � 
 � � 
�� �102# �*' �8� 6� � 
 �94 � �.: � ��
�� �102# �;' � 4<� �/
�� �102# �%� �>= 6 + (5)

Similarly, if � � �;' , thentheconditionalvarianceis:7 � 6 � 
 �94 & � 
 � ��
�� �102# �%� ��� 6 � & 
 � ��
�� �102# �*' ��� 6� & 
 �?4 & �.: � ��

� �102# �;' � 4<� ��
�� �102# �%� �@= 6 + (6)

The first componentin theseequationsis simply a weightedaverageof the conditionalvari-

ancesin the two regimes;thesecondcomponentis a jump componentthatarisesbecausethe

conditionalmeanis differentacrossregimes.

Theeconomicmechanismbehindaworld market regimeis likely theworld businesscycle.

Stock markets may be characterizedby larger uncertaintyand lower returnswhen a global

recessionis anticipated,aswasthecasein 2001. It maybethat therearealsocountryspecific

regimes,but wewill notallow regimeswitchingin idiosyncraticcountrybehavior.2

Instead,we modeltheindividualcountryexcessreturns,�BA�102# , usinga CAPM-inspiredbeta

model: �BA�102#C� 
 �54ED A � �GF � D A � ��

� �102#8��� D A � �/

� �102#��H� ��102# �JI� A � A �102# + (7)

2 Ang andBekaert(2002a)rejectthepresenceof acountryspecificregimein theUK in a US-UK model,but it

is conceivablethattherearecountryspecificregimesfor othercountries.
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This modelis very parsimoniousandonly requirestheestimationof theworld market pro-

cess,the � F parameterand one betaand an idiosyncraticvolatility per country. In a static

world without time-variationin interestratesandregimeswitches,themodelwouldbeaCAPM

model,wherethe � F constantadmitsaflatterSecurityMarketLine, for which thereis plentyof

empiricalevidence(seeBlack, JensenandScholes,1972for anearlyexample).Theoretically,

sucha termcanbemotivatedby thepresenceof differentialborrowing andlendingratesandis

basicallyaversionof Black’s (1972)zero-betaCAPM.

With regimeswitches,thissimplemodelcapturestime-variationin expectedreturns,volatil-

itiesandcorrelations,all drivenby theworld regimevariable.Therearegoodreasonsfor keep-

ing themodelsimple,becauseadditionalflexibility comesat theconsiderablecostof parameter

proliferationthat thedatacannothandle.Thecurrentmodelhasonly 19 parameters(for 6 eq-

uity classes).More generalmodels(accommodatingregime switching � F , regime switching

betas,and/orregimeswitchingidiosyncraticvolatilities)fit thedatabetterbut someestimations

areill-behavedandit wasoftendifficult to make inferencesabouttheregimein suchmodels.

Table3 containsthe actualestimationresultsfor the modelin equations(1)-(7). The first

regime is a normal,quiet regime,whereworld excessreturnsareexpectedto yield 0.90%per

month(10.8%annualized), with 2.81%(9.73%annualized)volatility. However, thereis also

a volatile regime (5.04%innovation variance)with a lower mean,namely0.13%. The latter

parameteris not significantlydifferent from zero. The parameter� F is alsonot significantly

positive but it is larger than the expectedexcessequity return in the low volatility regime.

Consequently, theexpectedreturnsfor highbetaassetsarelowerthanfor low betaassetsin this

regime(thesecuritymarket line hasnegativeslope).Thebetasareestimatedverypreciselyand

their magnitudesseemeconomicallyappealing.The only surpriseis that Japan,which hasa

ratherlow averagereturnin thedata,neverthelessgetsassigneda high beta. However, Japan

hasthehighestvolatility of all theequityreturnsweconsider(seeTable3),whichthemodelfits

throughahighbetaandahighidiosyncraticvolatility (thehighestidiosyncraticvolatility across

all markets).Moreover, the 
 �54<D A � � F termdecreasestheexpectedreturnof Japan,whereasit

increasestheexpectedreturnof mostothercountries.Table4 (PanelA) showsthattheexpected

returnfor Japanimplied by our modelis the highestof all marketsin the normalregime,but

by far thelowestin thebearmarket regime. Thelowestidiosyncraticvolatility is observedfor

North Americafollowedby Europesmall,thetwo marketswith thelowestoverall volatility in

thedata.

Figure1 shows thecumulative (total) returnson the6 marketsover thesampleperiodand
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the ex-anteandsmoothedregime probabilities. The former is the probability that the regime

next monthis thelow volatility world market regimegivencurrentinformation,thelatteris the

probabilitythat theregimenext monthis thelow volatility regimegivenall of theinformation

presentin thedatasample.Notablehigh volatile bearmarketsaretheearly1980’s, theperiod

right after theOctober87 crash,theearly1990’s anda periodin 1999. Overall, thestable(or

unconditional)probabilityof thenormalregimeis 53%.

Onefeatureof our modelwe have not emphasizedyet, is that it is expressedin termsof

simpleexcessreturns.In otherwork (Ang andBekaert,2002a),we expressedthemodel,per-

hapsmorereasonably, in logarithmicterms.Logarithmicreturnsconstrainactualreturnsto be

boundedat -100%but complicatethe link betweenthe RS modelandexpectedreturnsused

in the assetallocationoptimization. Simpleexcessreturnsalsoprovide a tighter link with a

standardCAPM model.

3.2 Asset Allocation

Even in this simple model, the first andsecondmomentsvary throughtime. Consequently,

investorswith differenthorizonsmay hold differentportfolios. However, Brandt (1999)and

Ang andBekaert(2002a),amongothers,show that thedifferencesacrosstheseportfoliosare

not large andwe ignore them in the presentpaper. Instead,we usea simplemean-variance

optimizationwith monthlyrebalancing,consistentwith thedatafrequency.

We have discussedthe conditionalexpectedreturnandconditionalvarianceof the world

market returnabove. To derive the expectedreturnsandcovariancematrix for the returnson

theavailableassets,we mustintroduceadditionalnotation.Let thevariancecovariancematrix

of our 6 risky securities,conditionalon today’s regime,bedenotedby
7LK � 7 
�� � �NM � , (withM denotingthecurrentregime)andlet thevectorof excessreturnslikewisebedenotedby - K �-O
�� � �(M � .

Sincethemeanof theworld excessreturnswitchesbetweenregimes,theexpectedexcess

returnof country P is givenby 
 �Q4<D A � � F � D A - �K for thecurrentregime M , where - �K aregiven

in equations(3) and(4). Let DR� STTU D #...DWV
X.YYZ

for [ countries.Hence,theexpectedreturnvectoris givenby:- K � 
 �54<D � �GF � D -.�K +
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Expectedreturnsdiffer acrossindividual equity indicesonly throughtheir differentbetas

with respectto theworld market. In Table4, PanelA, we reportthe implied expectedexcess

returnsfor the six markets. Becausethe betasarecloseto 1, the expectedreturnsareclose

to oneanotherin the normalregime. In the bearmarket regime, expectedexcessreturnsare

dramaticallylowerandthereis moredispersion,with theUK andJapannow having thelowest

expectedexcessreturns. In this regime, the zerobetaexcessreturnis higherthanthe excess

returnon theworld market,causingthehighbetacountriesto have lowerexpectedreturns.

Thevariancecovariancematrix hasthreecomponents.First, thereis an idiosyncraticpart

that we capturein a matrix \ , where \ is a matrix of zeroswith 
 I� A � 6 along the diagonal.

Second,thedifferencesin systematicrisk acrossthedifferentmarketsandthecorrelationsare

completelydriven by the varianceof the world market andthe betasas in any factormodel.

However, becausethe world market variancenext period dependson the realizationof the

regime,wehave two possiblevariancematricesfor theunexpectedreturnsnext period:] K � 
 D^D�_ � 
 � ��
�� �102# �(M �8� 6 � \ � M����`�,' (8)

Third, theactualcovariancematrix todaytakesinto accounttheregimestructure,in that it

dependsontherealizationof thecurrentregimeandit addsajumpcomponentto theconditional

variancematrix, which arisesbecausethe conditionalmeanschangefrom oneregime to the

other. As aconsequence,theconditionalcovariancematricescanbewrittenas:7 # � � ] #�� 
 �54 � � ] 6 � � 
 �94 � � 
�- # 4 - 6 � 
�- # 4 - 6 � _7 6 � 
 �54 & � ] #�� &a] 6 � & 
 �?4 & � 
�- # 4 - 6 � 
�- # 4 - 6 � _ � (9)

wherethesubscriptsindicatethecurrentregime.

It is straightforwardto show that this modelstructureimplies that thecorrelationsimplied

by
] # , thenormalregime,will belower thanthecorrelationsimplied by

] 6 , thehighvolatility

regime. Ignoring the jump terms,this propertywill be inheritedby
7 # and

7 6 aslong asthe

regimesarepersistent(
�

and
&

aregreaterthan0.5). Table4, PanelA confirmsthat this is

indeedthecasein thedata.In fact,thecorrelationsin regime2 areonaveragesome20percent

higher.

Thestandardoptimalmean-varianceportfolio vectoris givenby:b K � �c 7 !$#K - K � (10)

wherec is theinvestor’s risk aversion.
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Thereare a numberof wayswe could implementmean-varianceoptimization. The first

issueis that we have to specifythe risk free rate. We chooseto implementa nominalreturn

framework, whereeachmonththe risk free rateis known andtaken to be the 1-monthT-bill.

Hence,therisk freeratevariesovertimeasweimplementtheallocationprogram.Thetangency

portfolio, the100%equityportfolio, will hencemoveovertimeaswell. For aparticularinterest

ratehowever, thereareonly two optimalall equityportfoliostheinvestorwould choosein this

simpleexample,onefor eachregime. An obviousextensionof the framework is to addstate

dependenceby usingpredictorvariablesfor equity returns.Our secondapplicationillustrates

thispossibility.

A secondissueis that mean-varianceportfolios, basedon historical data,may be quite

unbalanced(seeGreenandHollifield, 1992;andBlack andLitterman,1992). Practicalasset

allocationprogramsthereforeimposeconstraints(short-sellconstraintsfor example)or keepas-

setallocationscloseto themarket capitalizationweights,by partially usingreverse-engineered

expectedreturns. Although it is possibleto do this in our application,we chooseto not im-

poseconstraintsat all, but we alsoshow the mean-varianceassetallocationsbasedon purely

historicalmoments.

PanelB of Table4 shows the tangency portfolios(in regime1 andregime2) at an interest

rateof 7.67%,thesampleaverage.In thenormalregime, theportfolio invests42%of wealth

in the US portfolio, which is not too far from the averagerelative market capitalizationover

thesampleperiod.TheEuropeanandPacific indicesareover-weightedrelative to their market

capitalizations,but the UK andJapanesemarketsareunderweighted.Thereis even a small

shortpositionfor theJapanesemarket. Thehigh volatility of theUK andJapanesemarketsis

themainculprit. Our modelalsoslightly over-estimatesthecorrelationbetweenNorth Amer-

ica andJapanesereturnsrelative to the data,which may explain the shortpositionsin Japan.

In regime2, the investorswitchesresolutelytowardsthe lessvolatile markets,which includes

North-America.Thisdoesnotmeantheportfolio is now homebiasedbecausetheinvestoralso

investsmoreheavily in theEuropeanmarkets,allocatingmorethan50%of wealthto Europe

small. The shortposition in Japanis now quite substantial,exceeding50%. Whenwe con-

sidertheoptimalallocationusingunconditionalmoments(implied from theregime-switching

model), the optimal portfolio is nicely in betweenthe two regime-dependentportfolios, still

underweightingtheUK andJapanrelative to marketcapitalizationweights.

It is importantto notethat theseportfoliosmaynever beobservedduringanactualimple-

mentationof theassetallocationprogrambecausethemagnitudeof theinterestratemayalsobe
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correlatedwith therealizationof theregime,anissuewe addressmoreexplicitly in thesecond

application.

Figure2 shows theessenceof what takingregimeswitchinginto accountaddsto standard

mean-varianceoptimization.Thesolid line representsthefrontier usingtheunconditionalmo-

ments,ignoringregimeswitches.Theotherfrontiersaretheonesapplicablein thetwo regimes.

The frontier nearthe top representsthe normalregime. The risk-returntrade-off is generally

betterhere,becausetheinvestortakesinto accountthat,giventheregimeis persistent,thelike-

lihood of abearmarket regimewith highvolatility next periodis small.At theaverageinterest

rateof 7.67%,the Sharperatio availablealongthe capitalallocationline (the line emanating

from therisk freerateon theverticalaxis tangentto the frontier) is 0.871. In thebearmarket

regime,therisk-returntrade-off worsensandtheinvestorselectsaverydifferentportfolio, only

realizinga Sharperatio of 0.268with the tangency portfolio. Whenwe averagethemoments

in thetwo regimes,we obtainanunconditionalfrontier implied from theRSBetaModel. The

bestpossibleSharperatio for this frontier is 0.505.Notethattheworld market portfolio (using

averagemarketcapitalizationweights)is inefficient; it is insidetheunconditionalfrontier.

Theoretically, thepresenceof tworegimesandtwo frontiersmeansthattheregime-switching

investmentopportunitysetdominatestheinvestmentopportunitysetofferedby onefrontier(see

alsoClarke anddeSilva,1998).In particular, in regime1, if aninvestorheldtheunconditional

tangency portfolio, averagingacrosstheregimes,this wouldyield aSharperatio of only 0.619.

The investorcould improve this trade-off to 0.871holding the risk-freeassetandthe optimal

tangency portfolio for this low varianceregime. In regime2, theunconditionaltangency port-

folio yieldsaSharperatioof only 0.129,whichcouldbeimprovedto 0.268holdingtheoptimal

tangency portfolio for thehighvarianceregime.

However, to concretelyimplementtheoptimalassetallocationstrategy, theparametersmust

be estimatedfrom the availabledata. Becauseof samplingerrorandthepossibility of model

mis-specification,RS modelsmay imperfectlymatchthe true state-dependentmoments,and

out-performancefor theRSmodelis no longerguaranteed.We show theresultsof two strate-

gies,bothstartingwith 1 dollar. Thefirst strategy is an“in-sample”strategy assumingthatwe

know theparametersestimatedfrom thefull sampleandstartstradingin Feb1975.Theregime

strategy simply requiresthe risk-freerateandthe realizationof the regime. For the first, we

simply take theavailableone-monthTreasurybill. For the regimerealization,the investorin-

ferstheregimeprobabilityfrom thecurrentinformation.In particular, shecomputes:
�ed 

� � � f ��� ,

which canbeeasilycomputedasa by-productof theoptimizationof theRSmodel.Whenthis
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probability is larger than1/2, the investorclassifiestheregimeas1, otherwisesheclassifiesit

as2.

In PanelA of Table5, we show resultsfor risk aversionparameters( c ) rangingfrom 2

to 10. The non-regime dependentallocations(staticmean-varianceusingmomentsestimated

from data)realizeslightly lower returns,but do soat considerablylower risk thantheregime-

dependentallocations. Hence,the regime-dependentmodel leadsto lower in-sampleSharpe

ratiosthanunconditionalportfolios.

In PanelB of Table5, we focusonall-equityportfoliosbothin-sampleover thewholesam-

ple period,andover an out-sample,over the last 15 years. In the out-of-sampleanalysis,the

modelis estimatedup to time g , andtheregime-dependentandnon-regimedependentweights

arecomputedusinginformationavailableonly up to time g . The modelis re-estimatedevery

month.Thenon-regimedependentstrategy usesmeansandcovariancesestimatedfrom dataup

to time g . Our performancecriterion is againthe ex-postSharperatio realizedby the various

strategies. Over the in-sample,the regime-dependentmodeloutperformsholding the market

portfolio, but is in turn outperformedby thenon-regimedependentportfolio. A major reason

for the under-performanceof the world market portfolio is the presenceof a relatively large

Japaneseequityallocationin theworld market. Theregime-dependentportfoliosprobablyun-

derperformbecausethey aretoo unbalanced,relative to thenon-regimedependentportfolios.

Over theout-sample,from Jan1985to Dec2000,theregime-dependentstrategy’s Sharpe

Ratio is 1.07, more than doublethe out-sampleworld market portfolio SharpeRatio (0.52).

This is alsohigherthanthenon-regimedependentSharpeRatio(0.90). Theregime-dependent

strategy doessowell becauseover this sampleperiodtheUS market recordsvery largereturns

andJapanperformsvery poorly. In fact, the US Sharperatio over the period is 0.65! In the

normalregime,theall-equityportfolio for theregime-switchingmodelhasa very largeweight

on North America(seePanelB of Table4). In thebearmarket regime, the regime-switching

strategy hasavery largeshortpositionin Japaneseequities.

Figure3 showshow wealthcumulatesover time in thesestrategies.ThelargeNorth Amer-

icanandtheshortJapanesepositionsimply thatboththeregime-dependentandthenon-regime

dependentstrategiesout-performtheworld marketandtheNorthAmericanmarketconsistently.

Nevertheless,theout-performanceis particularlystriking for thelast5 years.It is alsoover the

last 5 yearsthat the RS strategy is particularlysuccessfulin out-performingthe non-regime

dependentstrategy.

Giventhatthisexampleis highly stylized,andourresultsintimatelylinkedto aperhapsspe-
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cial historicalperiod,wedonotwantto claim thatthesuccessof theRSstrategy shown hereis

agoodindicatorfor futuresuccess.Theimportantconclusionto draw is thatRSstrategieshave

thepotentialto out-performbecausethey setupadefensiveportfolio in thebearmarket regime

that hedgesagainsthigh correlationsandlow returns. This portfolio neednot be completely

homebiased,andin ourexamplestill involvessubstantialnetinternationalpositions.It is likely

thatin any practicalimplementationof aRSmodel,which relieslessonhistoricalmoments,or

is basedon a differentsampleperiod,theoptimalportfolioswill beevenmoreinternationally

diversified.In therecentwork by Ang andBekaert(2002a),this is actuallythecase.

4 Regime Switching Market Timing Model

4.1 Description of the Model

Ang andBekaert(2001)point out that thereis significantpredictive power in short ratesfor

futureequitypremiums.In particular, whenshortratesarelow, subsequentequityreturnstend

to behigh. Hence,whenabearmarketregimeis expected,theoptimalassetallocationresponse

maybeto switchto asafeassetor abond.Themodelweexplorein thissectionconsidersasset

allocationamongthreeassets,cash,a10year(constantmaturity)bondandanequityindex (all

for theUS). We formulatethe modelin excessreturns.We use
d � to denotethe risk free rate

(thenominalT-bill rate),
dih� astheexcessbondreturnand

dBj� astheexcessreturnon US equity.

TheMarket Timing Model is givenby:d � � �2k 

� �����ml 

� ��� d �"!$#n��� #�d h� � � h 

� ����� D h 
�� ��� d �"!$#��o� 6�d j� � � j 
�� ����� D j 
�� ��� d �"!$#��o��p� � (11)

where��� � 
 � #� � 6� � p� � _ q N(0,r 
�� ��� ).
Theshortratefollowsanautoregressiveprocess,but theconstanttermandtheautoregressive

parameterdependontheregime.Countlessarticlesin thetermstructureliterature(for example,

seeGray, 1996;andAng andBekaert,2002b)have demonstratedthat thedatasupportsucha

model,whereoneregime capturesnormal times in which interestratesarehighly persistent

andnot too variable,andanotherregime capturestimesof very variable,higherinterestrates

which revert quickly to lower rates. The excessbond and excessequity returnsfollow the

samestructure.The conditionalmeandependson the laggedshort ratewith the dependence
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varying with the regime. However, this dependenceis weak, and we fail to reject the null

that thebetasareconstantacrossregimes.Thevariancecovariancematrix is parameterizedasr 

� ��� �;s 
�� ��� _ s 
�� ��� , with s a lower triangularmatrix. Wecanrewrite this modelas:t � �u� 

� ���n�wv 
�� ��� t �"!$#n����� (12)

where
t � � 
 d � d h� d j� � , � 

� ��� � 
 � k 

� ��� � h 
�� ��� � j 

� ���8� _ and

v 

� ��� � STTU l 

� ��� x xD h 
�� ���yx xD j 
�� ���zx x
X.YYZ +

Clearly, agoodmany modelsareaspecialcaseof (12). Themodelaccommodatestimevari-

ationin expectedreturnsthroughtwo channels:regimechangesandinterestratevariation.The

predictive power of nominalinterestratesfor equity premiumshasa long tradition in finance

goingbackto at leastFamaandSchwert(1979). Recently, Ang andBekaert(2001)show that

theshortrateis a robustpredictorof excessequityreturnsin 5 countriesandis moresignificant

androbustthatdividendor earningsyields.

Our specificationof transitionprobabilitiesgivesusanotherchannelfor predictabilityof a

non-linearkind. Wespecifythetransitionprobabilitiesto bea functionof theshortrate:� �"!$#|{ � 
�� � �3�}� � �"!$# �3�`�~f �"!$#H� � ���}� 
�� #G�w�.# d �"!$#8�� � ���}� 
�� #��o�.# d �"!$#8�& �"!$#y{ � 
�� � �;'W� � �"!$# �;'}�~f �"!$#H� � ���}� 
�� 6 �w� 6 d �"!$#8�� � ���}� 
�� 6 �o� 6 d �"!$#8� + (13)

Consequently, theshortratehelpspredicttransitionsin theregime,providing anadditional

channelfor time-variation in expectedreturns. We call the full model,Model I. Becauseof

the presenceof non-linearpredictabilitythroughthe transitionprobabilities,we alsoestimate

a muchsimplermodel(Model II) where ��k and � h areconstantacrossregimesand D h 

� ��� �D j 

� ��� � x .
The full estimationresultsfor Models I and II are reportedin Table 6. Let’s start with

the parametersfor the conditionalvariance. Clearly, the secondregime is a high volatility

regime. The standarddeviations implied for the interestrateshockare0.02%per month in

the first regime versus0.09%per monthin the secondregime; for shocksto the excessbond

return the relative numbersare 6.07%and 13.79%per annumand for shocksto the excess

equity return the regime-dependentstandarddeviations are 11.74%and 19.14%per annum.

Consistentwith thepreviousempiricalliterature,theinterestrateis muchmoremeanreverting
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in the first regime,wherethe shortrateis nearlya randomwalk ( l is 0.99 in the first regime

versus0.94 in the secondregime). The drift of the shortrate is higher in the secondregime,

whichhastheimplicationthatinterestraterealizationsin thesecondregimecorrespondto large,

rapidly mean-reverting,volatile interestrates.Theconstantsandthebetasin theexcessreturn

regressionsareestimatedwith mucherror. The negative equity betasreflectthe fact that low

interestratesaretypically associatedwith highexpectedexcessequityreturns.

The final setof parametersarethe transitionprobability parametersandthey arereported

first in Table6. The coefficient ��# measuresthe dependenceof the probability of stayingin

regime1 ontheinterestrateandthisdependenceis verysignificantlynegative.As interestrates

rise,theprobabilityof transitioninginto thesecondhigh volatility andbearmarket regimebe-

comeshigher. Similarly, asinterestratesmovehigherwhile in thesecondregime,theprobabil-

ity of stayingin thatregimeincreases.This coefficient is only borderlinesignificant.However,

whenweputbothcoefficientsequalto 0, theresultingmodelis stronglyrejectedby alikelihood

ratio test.Hence,non-linearpredictabilityis animportantfeatureof thedata.

Sincetheconditionalmeanparametersareestimatedwith little precision,we considerthe

muchsimplerModel II, wherewe set D h 
�� ��� ��D j 

� ��� � x andwe restrictthebondandequity

return � ’s to be thesameacrossregimes. Themeanfor thebondexcessreturnnow becomes

positive (but still estimatedwith a lot of error),whereasthe meanfor the equity returnsis an

averageof the estimatesof the � ’s in the two regimesin Model I. A formal likelihoodratio

testdoesnot rejectthis modelrelative to themoreintricatemodel. In this model,it is alsothe

casethata modelwith constanttransitionprobabilitiesis very stronglyrejected.Whatever the

predictabilitypresentin thedata,it appearsit is bestcapturedby thenon-linearpredictability

enteringthroughthetransitionprobabilities.

Notethatthereis only oneregimevariablein this model,andit is likely drivenby regimes

in shortrates.An interestingquestionis whetherregimesin shortratesandequity returnsare

the sameor different. It is actuallypossibleto testthis conjecturebut we deferthis to future

work. If interestrateandequity return regimesareboth driven by businesscycle variation,

they arelikely positively correlated.Figure4 (secondgraph)shows theex-anteandsmoothed

regimeprobabilitiesfor Model I. Notehow thefamousFedexperimentwith monetarytargeting

in 1979-1983is clearlymarkedasahighvolatility regime.Overall,thestationaryprobabilityof

thenormalregime,
�ad 

� � ��� � , implied by Model I is 0.6851,for Model II it is 0.7014.These

probabilitiesweredeterminedby simulatinga very long samplefrom the respective models.

The third graphin Figure4 shows simultaneouslythe ex-anteregime probabilitiesfrom the
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interestratemodelandfrom theRSBetamodel.Thecorrelationis not perfectbut it is clearly

positive.

4.2 Asset Allocation

We follow the samemean-variancestrategy as in Section3.2. The optimal assetallocation

vectoris a functionof theexpectedexcessreturnson thetwo risky assets,thebondandequity

andtheir covariancematrix. In this model,if therealizationof theregimevariablenext period

at time g � � is known, themeansaregivenby:� #�� � � � h 

� �102# �%� �� j 

� �102# �%� �H� � � D h 

� �102# �3� �D j 
�� �102# �%� �H� d �
� 6 � � � � h 

� �102# �*' �� j 

� �102# �*' �H� � � D h 

� �102# �;' �D j 
�� �102# �*' �H� d �>+ (14)

However, theexpectedexcessreturntodaydependsonthecurrentregimeandtheprobability

of transitioningto eithera � #�� or � 6 � realization:- #�� � � � � #�� � 
 �54 � ��� � 6 �- 6 � � 
 �54 & ��� � #���� & � � 6 �>+ (15)

The conditionalcovariances(conditionalon the currentregime) can be computedusing the

samereasoningasin Section3.2. Defining � K � � 

� �102# ��M � , asthe lower '��m' matrix ofr 

� �102# �	M � , thentheconditionalvariance(conditionalonthecurrentregime)matricesfor bond

andequityreturns
7LK � 7 
�� � �(M � aregivenby:7 # � � � � #n� 
 �94 � ��� � 6 � � � 
 �54 � ��� 
 � #�� 4<� 6 ��� 
 � #�� 4<� 6 ��� _7 6 � 
 �94 & ��� � #G� & � � 6 � & � 
 �94 & ��� 
 � #�� 4E� 6 ��� 
 � #�� 4<� 6 ��� _ + (16)

Toobtainintuitionontheassetallocationweightsfor thismodel,Figure5graphstheoptimal

assetallocationsto bondsandstocks(whichwill addto 1 minustheweightassignedto therisk

freeasset)asafunctionof theshortrate(risk freerate)level at theestimatedparameters.Weset

theriskaversionlevel to c �*� . Letusfirst focusonModelI (whichmaybeover-parameterized)

in thetoppanel.

In regime 1, thereis a very clearandalmostmonotonepattern. At low interestrates,the

investoressentiallyshortsbondsandinvestsmostof herwealthin stocks.This is becausethe

equitypremiumat low interestratesis positiveandlargebut thebondpremiumis negative. As
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the interestrateincreasesthebondpremiumincreases( D h is positive) andtheequitypremium

decreases( D j is negative).Moreover, theprobabilitythattheregimewill transitionto thesecond

regime becomeshigherandin the secondregime, equitiesarerelatively muchlessattractive.

Wheninterestratescontinueto increase,the probability of transitioningto secondregime is

veryhighandtheinvestorstartsto hedgeagainstthebearmarket regimeby investingin bonds.

At interestrateshigherthan7%, the investorinvestsin bondsandcashandshortsthe equity

market. For Model I in regime2, equitiesaremuchlessattractive,but they aremoreattractive

the lower the risk free rate. This is becausethe lower the risk free rateis, the lessnegative is

thewithin-regimeequitypremiumandthehighertheprobabilityof transitioningbackinto the

normalregime.Consequently, theassetallocationpatternis similar to thatobservedfor regime

1, but it is lessextreme. Note that for anempirically relevant rangeof interestrates(between

3%and6%), theshortpositionsarenot thatlarge.

The bottompanelof Figure5 focuseson the moreparsimoniousModel II. In this model,

thebondandequitypremiumarepositiveandidenticalwithin regimes,but of coursevolatility

is muchlarger in thesecondregime. In regime1, if interestratesarelow enough,the investor

will borrow at therisk freerateandinvesta small fractionof herportfolio in bondsandmore

than100%in equities.As interestratesrise,equitiesbecomelessattractiveastheprobabilityof

switchingto thehighvarianceregimeincreases.Bondsalsobecomelessattractiveandbecause

the bond premiumis very small, it quickly becomesoptimal to short bonds. In the second

regime, the investoralwaysshortsbonds,but the investmentin equitiesis never higher than

80%.Themainhedgefor volatility clearlyis therisk-freeasset,not abondinvestment.

Becausethe interestrate is so importantin this model,the optimal assetallocationvaries

substantiallyover time with differentrealizationsof the interestrate. Figure6 shows optimal

assetallocationweightsfor all threeassetsacrosstimefor thefull-sample.It is assumedthatthe

investorusesthemomentsimpliedby thefull sampleestimation.Theover-parameterizationof

Model I impliesthatin reality therearequitelargeconfidencebandsaroundtheassetallocation

weightsshown in the top panelof Figure 6. The assetallocationsimplied by Model I are

muchmoreextremethanthoseimplied by Model II, but theequityallocationstypically move

in similar directionsover time. Note thatat the1987crash,the investoris heavily investedin

equity. After thecrashtheinvestorshiftsthis equityportioninto risk-freeholdings.

What performanceis associatedwith the assetweightsshown in Figure 6? The answer

is in Table7. We show meanreturns,volatility andSharperatios for following the optimal

regime-dependentstrategiesfor both modelsandcompareit with a strategy that simply uses
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unconditionalmoments.Not surprisingly, theModel I strategy, featuringhighly leveredportfo-

lios, yieldshigherreturnsbut alsomuchmorevolatile returnsthantheModel II strategy, which

in turn delivershigheraveragereturnsbut alsohighervolatility thana non-regime dependent

strategy. This is truefor all risk aversionlevels.Nevertheless,thetwo regime-dependentstrate-

giesyield Sharperatiosfarsuperiorto theSharperatioresultingfrom thenon-regimedependent

strategy. (The in-sampleSharpeRatiosfor Model I, Model II andthe non-regime dependent

strategiesare0.77,0.65and0.51,respectively.)

Thissuperiorperformancemayof coursebedueto look aheadbias,sincewebaseourasset

allocationon full samplemoments.In anactualassetallocationcontext, theparametershave

to beestimatedwith theavailabledata.Thereforewe alsoconsideranout-of-sampleexercise

asin Section3.2, startingin 1985. The resultsarereportedin Table8. Not surprisingly, the

Sharperatiosdropfor all strategiesandbecomequite low for highly risk aversepeople.Now,

themoreparsimoniousModel II is thebestperformingmodelin termsof Sharperatios,andit

appearsto addvaluerelative to unconditionalportfolios even out-of-sample.Figure7 shows

thatthesuperiorperformanceis notdueto a few isolatedmonthsin thesample,but thatthelast

5 yearsdo play an importantrole in giving the regime-dependentstrategiesan edge. During

theseyears,boththeModel I andModel II strategiesallocatemoremoney to equityandbenefit

handsomelyfrom theUS bull market. However, theModel I positionsaremoreleveragedand

althoughthey have higher returns,they alsohave muchhighervolatility. In fact, for Model

I with c ��' , the investoractuallygoesbankruptin the 87 crash,asthe investor’s leveraged

equitypositionat this timeexhaustsherwealth.

5 Conclusion

Thereis muchevidencein theacademicliteraturethatbothexpectedreturnsandvolatility vary

throughtime,probablydrivenby thebusinesscycleandmonetarypolicy changes.Moreover, in

highvolatility environmentsacrosstheworld,equityreturnsbecomemorehighly correlatedand

do not performvery well. If this is true,activeportfolio managementshouldbeableto exploit

theseregimechangesto addvalue.In this article,weshow how this canbedoneformally. Our

resultsaremeantto be illustrative. On the onehand,we exaggeratethe performanceof the

models,becausewe do not take transactioncostsinto account.On theotherhand,we greatly

undersellthepotentialof regimeswitchingmodels,becausewedid notatall try to estimatethe

bestpossiblemodel,or do anextensivemodelsearch.
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Thereis a long list of extensionsthatcanbeaccommodatedin theframework andarelikely

to improveperformance.First, equityportfolio allocationprogramstypically arecompensated

basedon trackingerror relative to an index. Therefore,most active managementstart from

expectedreturnsaccordingto aBlack-Litterman(1992)or similarapproach(reverseengineered

fromthebenchmark)andonly deviateminimally from thebenchmarktowardsthepredictionsof

a proprietarymodel. Instead,we have usedonly historicaldata.However, it is straightforward

to build a Black-Litterman(1992)type equilibrium into the regime-switchingmodelandinto

theestimationof theparameters.

Second,in internationalassetallocation,it is oftenthecasethattheequitybenchmarksare

hedgedagainstcurrency risk. Ang andBekaert(2002a)show that the regime switchingbeta

modelcanbeadjustedto allow bothcurrency hedgedandnon-hedgedreturns.In thatcase,the

assetallocationmodelyieldstheoptimalcurrency hedgeratio.

Third, we haveassumedthatthereis only oneregimevariable.However, it would beinter-

estingto testwhethertherearecountryspecificregimes,andwhethertheregimesin shortrates

andequityreturnsarelessthanperfectlycorrelated.

Finally, in theoptimizationwehaveonly focusedonfirst andsecondmoments,but many in-

vestorspreferpositiveskewnessanddislikekurtosis.Regimeswitchingmodelshavenon-trivial

higherordermoments,becausethey canbe interpretedasa modelof time-varyingmixtureof

normals.For investorswith preferencesinvolving higherordermomentsof returns,RSmodels

areaviablealternative to consider.

Despitethis long agendafor future research,our currentresultspoint to two robust con-

clusions. First, whereasit is possibleto addvaluein all equity portfolios, the presenceof a

bearmarkethighcorrelationregimedoesnotnegatethebenefitsof internationaldiversification.

Although it is likely that portfolios in that regime aremorehome-biased,they typically still

involvesignificantinternationalexposures.Second,it maybemostvaluableto considerregime

switchingmodelsin tacticalassetallocationprogramsthatallow switchingto a risk-freeasset.
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Table1: Compositionof InternationalReturns

North Europe Europe Pacific
America UK Japan large small ex-Japan
Canada France Austria Australia
US Germany Belgium New Zealand

Italy Denmark Singapore
Finland
Ireland
Netherlands
Norway
Spain
Sweden
Switzerland

The tablelists thecountrycompositionof thegeographicreturns.Within eachgeographicregion,
we constructmonthlyreturns,value-weightedin USdollars.
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Table2: SampleMoments

Panel A: International Excess Returns

World North Europe Europe Pacific
America UK Japan large small ex-Japan

mean 6.55 7.51 9.90 6.34 6.80 7.29 5.01
stdev 13.94 14.82 21.22 23.27 18.30 15.59 21.50
beta 0.88 1.03 1.21 0.90 0.89 0.92

CorrelationMatrix:
World N Amer UK Japan Eur lg Eur sm Pacific

N Amer 0.83
UK 0.68 0.51
Japan 0.72 0.30 0.40
Eur lg 0.68 0.45 0.54 0.45
Eursm 0.80 0.59 0.64 0.51 0.82
Pacific 0.59 0.53 0.50 0.36 0.39 0.53

Panel B: US Returns

Short Excess Excess
Rate Bond Stock

mean 5.09 1.34 7.37
stdev 2.75 9.00 14.33
auto 0.97 0.07 0.01

Thetablereportssummarystatisticsmeanandstandarddeviation(stdev) for theinternationalreturns
(panelA) andin theUS(panelB). In PanelA, internationalreturnsareexpressedassimplereturnsat
amonthlyfrequency in percentagesandareannualizedby multiplying themean(standarddeviation)
by 12 ( � �8� ). Internationalreturnsaredenominatedin US dollars,arefrom MSCI andarein excess
of the US 1-monthT-bill return. Within eachgeographicalarea,the country returnsare value-
weightedby their market capitalizationin US dollarsto form thegeographicareareturns.Therow
labeledbetais the full-samplebetafor eachcountry’s excessreturnwith the world market excess
return.Thesampleperiodfor theinternationalreturnsis Feb1975to Dec2000.In PanelB, theUS
returnsaremonthly, from Ibbotson.Theshortrateis the1 monthT-bill return,theexcessbondreturn
usesIbbotson’s10yeargovernmentbondholdingperiodreturn,andtheexcessstockreturnusestotal
returns(capitalgainanddividends)on theS&P500index. Meansareannualizedby multiplying by
12. For the shortrate, the standarddeviation is the standarddeviation of the annualizedmonthly
yield, while thevolatility of excessbondandstockreturnsareannualizedby multiplying by � �8� .
Auto denotesthemonthlyautocorrelation.Thesampleperiodfor theUS returnsis Jan1952to Dec
2000.
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Table3: Regime-SwitchingBetaModelParameterEstimates

TransitionProbabilitiesand �O�� � �O�
Estimate 0.8917 0.8692 0.74
Stderror 0.0741 0.1330 0.68

World Market �}� �O� �`� �i�
Estimate 0.90 0.13 2.81 5.04
Stderror 0.32 0.62 0.44 0.55

CountryBetas�
N Amer UK Japan Eur lg Eur sm Pac

Estimate 0.88 1.03 1.21 0.90 0.89 0.92
Stderror 0.03 0.06 0.07 0.05 0.04 0.07

IdiosyncraticVolatilities ��
N Amer UK Japan Eur lg Eur sm Pac

Estimate 2.40 4.50 4.62 3.87 2.72 4.99
Stderror 0.09 0.18 0.19 0.16 0.11 0.20

All parametersaremonthlyandareexpressedin percentages,exceptfor thetransitionprobabilities�
and

�
. Thestableprobability � � ��¡�¢��8£W¢¥¤§¦©¨���ª«¨ .
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Table4: Regime-DependentBetaModelAssetAllocation

Panel A: Regime-Dependent Means and Covariances

Regime-DependentExcessReturns

N Amer UK Japan Eur lg Eur sm Pac��¡�¢�� 9.64 9.76 9.90 9.65 9.65 9.67��¡�¢¬� 3.47 2.54 1.42 3.36 3.39 3.22

Regime-DependentCovariances/Correlations

Regime1
N Amer 1.35 [0.44] [0.48] [0.45] [0.54] [0.38]
UK 0.90 3.08 [0.37] [0.35] [0.42] [0.29]
Japan 1.06 1.25 3.60 [0.38] [0.46] [0.32]
Eur lg 0.79 0.92 1.08 2.30 [0.43] [0.30]
Eur sm 0.78 0.91 1.07 0.80 1.53 [0.36]
Pac 0.81 0.94 1.11 0.82 0.82 3.33

Regime2
N Amer 2.37 [0.64] [0.68] [0.65] [0.73] [0.58]
UK 2.10 4.49 [0.58] [0.55] [0.63] [0.49]
Japan 2.47 2.89 5.53 [0.58] [0.66] [0.52]
Eur lg 1.83 2.14 2.52 3.36 [0.63] [0.49]
Eur sm 1.82 2.13 2.50 1.85 2.58 [0.56]
Pac 1.88 2.20 2.58 1.91 1.90 4.45

Panel B: Tangency Portfolio Weights

N Amer UK Japan Eur lg Eur sm Pac��¡�¢�� 0.42 0.06 -0.01 0.15 0.31 0.08��¡�¢¬� 0.79 -0.14 -0.55 0.25 0.54 0.10
Unconditional 0.52 0.04 -0.16 0.18 0.37 0.09
AveMkt Cap 0.50 0.09 0.22 0.08 0.08 0.02

Wereporttheregime-dependentmeansandcovariancesof excessreturnsimpliedby theestimatesof
theRegime-SwitchingBetaModel in Table3. PanelA reportstheregime-dependentexcessreturn
meansand covariances,wherewe list correlationsin the upper-right triangularmatrix in square
brackets. All numbersare listed in percentages,and are annualized. Panel B reportsthe mean
varianceefficient (MVE) (tangency) portfolios,computedusinganinterestrateof 7.67%,which is
the average1-monthT-bill rateover the sample). The Ave Mkt Capdenotesthe averagemarket
capitalization,averagedacrossthesample.
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Table5: PortfolioAllocationwith theRegime-SwitchingBetaModel

Panel A: In-Sample Results

Regime-DependentAllocations
Risk Aversion

2 3 4 5 10
meanret 26.77 17.22 14.03 12.44 11.49
stdev ret 43.56 21.73 14.46 10.83 8.65
SharpeRatio 0.44 0.44 0.44 0.44 0.44

Non-RegimeDependentAllocations
Risk Aversion

2 3 4 5 10
meanret 25.10 16.39 13.48 12.03 11.15
stdev ret 29.43 14.69 9.78 7.34 5.88
SharpeRatio 0.59 0.59 0.59 0.59 0.59

Panel B: All-Equity Portfolios

In-Sample Out-of-Sample

World Regime Non-Regime World Regime Non-Regime
Market N America Dependent Dependent Market N America Dependent Dependent

meanret 14.22 15.18 15.43 16.33 13.73 15.84 21.46 20.04
stdev ret 13.85 14.75 15.42 14.60 14.86 15.21 14.51 15.67
SharpeRatio 0.47 0.51 0.50 0.59 0.52 0.65 1.07 0.90

The top panelgivesmeanandstandarddeviation of total portfolio returnsusingoptimal (regime-
dependent)for an all-equity portfolio andportfolios formedby differentrisk aversionlevels over
the full sample.We usetheactual1 monthT-bill yield at time ­ astherisk-freeasset.In PanelB,
we look atall-equityportfolio holdingsbothin-sampleandonanout-sampleof thelast180months
(Jan1985to Dec2000).Over theout-sample,themodelis estimatedup to time ­ , andtheregime-
dependentandnonregime-dependentweightsarecomputedusinginformationavailableonly up to
time ­ . Themodelis re-estimatedeverymonth.Thenon-regimedependentstrategy estimatesmeans
and covariancesfrom dataup to time ­ . The Non-Regime DependentAllocationsare computed
with staticone-periodmean-varianceutility, usingthe returnsup to time ­ . The columnslabeled
‘World Market’ and‘US’ referto returnson holdinga 100%world marketand100%US portfolio,
respectively. All returnsareannualizedandarereportedin percentages.
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Table6: Market-Timing ModelParameters

Model I Model II

Regime1 Regime2 Regime1 Regime2® 4.73 -0.93 4.67 -0.83
(0.87) (1.08) (0.84) (1.24)¯
-6.25 3.46 -6.06 3.43
(1.85) (1.93) (1.83) (2.04)�O° 0.01 0.03 0.01 0.04
(0.00) (0.02) (0.00) (0.02)��± -0.20 0.45 0.07
(0.23) (0.89) (0.09)��² 1.49 1.23 0.68
(0.42) (1.26) (0.16)³ 0.99 0.94 0.99 0.94
(0.01) (0.03) (0.01) (0.03)� ± 0.74 -0.34
(0.68) (1.29)� ² -2.16 -1.54
(1.21) (1.80)´ °
° 0.02 0.09 0.03 0.09
(0.00) (0.01) (0.00) (0.01)´ ±µ° 0.11 -0.26 0.11 -0.26
(0.10) (0.31) (0.10) (0.31)´ ±"± 1.75 3.97 1.75 3.97
(0.09) (0.25) (0.09) (0.25)´ ² ° 0.31 -1.06 0.31 -1.07
(0.19) (0.43) (0.19) (0.43)´ ² ± 0.63 1.76 0.61 1.73
(0.19) (0.42) (0.19) (0.43)´ ²�² 3.32 5.13 3.33 5.16
(0.13) (0.32) (0.13) (0.33)

All parametersaremonthly andareexpressedin percentages,exceptfor the transitionprobability
parameters®�¶ and

¯ ¶ . Standarderrorsarereportedin parentheses.We reporttheCholesky decom-
positionof ·�� ��¡�£)¢ ´ � ��¡�£�¸ ´ �µ��¡�£ , wheresuperscriptsindicatethematrix elementscorrespondingto
shortrates( ¹ ), long-termbonds(

¯
) andequityreturns( º ).
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Table7: In-SamplePortfolio Allocationwith theMarket-Timing Model

Model I Regime-DependentAllocations

Risk Aversion 2 3 4 5 10
meanret 35.30 25.23 20.20 17.18 11.13
stdev ret 39.06 26.00 19.47 15.56 7.74
SharpeRatio 0.77 0.77 0.77 0.77 0.77

Model II Regime-DependentAllocations

Risk Aversion 2 3 4 5 10
meanret 24.52 18.05 14.81 12.87 8.98
stdev ret 29.79 19.89 14.85 11.87 5.91
SharpeRatio 0.65 0.65 0.65 0.65 0.65

Non Regime-DependentAllocations

Risk Aversion 2 3 4 5 10
meanret 18.34 13.92 11.72 10.39 7.74
stdev ret 25.65 17.07 12.79 10.22 5.10
SharpeRatio 0.51 0.51 0.51 0.51 0.51

We presentthemean,standarddeviationandSharpeRatiosof in-samplereturnsfollowing Model I,
Model II anda naivenon-regimedependentstrategy. All returnsareannualizedandarereportedin
percentages.
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Table8: Out-of-SamplePortfolio AllocationBack-Testingwith theMarketTiming Model

Model I Regime-DependentAllocations

Risk Aversion 2 3 4 5 10
meanret 34.93 24.12 18.71 15.46 8.98
stdev ret 59.42 39.61 29.71 23.77 11.89
SharpeRatio 0.51 0.48 0.46 0.43 0.32

Model II Regime-DependentAllocations

Risk Aversion 2 3 4 5 10
meanret 25.29 17.69 13.89 11.61 7.05
stdev ret 34.53 23.02 17.27 13.82 6.91
SharpeRatio 0.58 0.54 0.50 0.47 0.27

Non Regime-DependentAllocations

Risk Aversion 2 3 4 5 10
meanret 17.65 12.60 10.07 8.55 5.52
stdev ret 26.25 17.50 13.13 10.50 5.26
SharpeRatio 0.48 0.42 0.37 0.32 0.07

Wepresentthemean,standarddeviationandSharperatiosof out-of-samplereturnsfollowingModel
I, Model II and a naive non-regime dependentstrategy over an out-sampleof the last 15 years
(Jan1985to Dec 2000)areused. Over the out-sample,the model is estimatedup to time ­ , and
theregime-dependentandnonregime-dependentweightsarecomputedusinginformationavailable
only up to time ­ . The model is re-estimatedevery month. The non-regime dependentstrategy
estimatesmeansandcovariancesfrom dataup to time ­ . All returnsareannualizedandarereported
in percentages.
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Figure1: Ex-AnteandSmoothedProabilitiesof theBetaModel
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Thetop plot shows theaccumulatedtotal returnsof $1 atJan1975,throughthesameuntil Dec2000of each
of thegeographicregions.Thebottomplot shows theex-anteprobabilities� � ��¡�¢��.» ¼@¡"½O�>£ andthesmoothed
probabilities�}�µ�H¡¾¢��.» ¼>¿ £ of being in the first regime, wherethe first regime is the world low variance
regime.
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Figure2: Mean-StandardDeviation Frontiersof theRegime-SwitchingBetaModel
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We plot the mean-variancefrontier of regime 1 (the world low varianceregime), regime 2 (high variance
regime), andthe unconditionalmean-variancefrontier, which averagesacrossthe two regimes. The mean
varianceefficient (tangengy)MVE portfoliosfor eachfrontier arealsomarked.Themeanandvariancehave
beenannualizedby multiplying by 12. In computingtheMVE portfolios,weassumeanannualizedrisk-free
returnof 7.67%,the average1-monthT-bill rateover the sample.We alsomark the positionof the World
Marketasanasterix.
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Figure3: Out-of-SampleWealthfor theMarket Timing Model
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We show the out-of-samplewealthfor the valueof $1 at Jan1985for the Regime-SwitchingBetaModel,
contrastedwith astaticmean-variancestrategy, andthereturnsfor theworld andUSportfolios.
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Figure4: Ex-AnteandSmoothedProabilitiesof theMarket-Timing Model
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Thetop panelshows theaccumulatedreturnsof $1 at Jan1952,throughthesameuntil Dec2000of excess
bondandstockreturns,togetherwith themonthly(annualized)risk-freeratein thetop plot, andtheex-ante
probabilities�}�µ��¡W¢À��» ¼@¡"½O�>£ andthesmoothedprobabilities�}�µ��¡$¢À�.» ¼>¿�£ of beingin thefirst regime,where
the first regime is the low varianceregime in the bottomplot. The bottompanelcomparesthe smoothed
probabilitiesof the Regime-SwitchingBetaModel with the smoothedprobabilitiesof the Market-Timing
Model. Thecorrelationbetweentheex-anteprobabilitiesof thetwo modelsis 0.36.
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Figure5: AssetAllocationof theMarket-Timing Modelasa Functionof theShortRate
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The figure plots the positionin bondsandstocksasa function of the shortratefor Model I (top plot) and
Model II (bottomplot).
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Figure6: AssetAllocation of theMarket Timing ModelAcrossTime
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We show thepositionin bonds,stocksandtherisk-freeassetacrosstime for thefull-samplefor Model I (top
plot) andModel II (bottomplot).
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Figure7: Out-of-SampleWealthfor theMarket Timing Model
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We show the out-of-samplewealthfor the valueof $1 at Jan1985for the Market Timing Model I, Market
Timing Model II, andthestaticmean-variancestrategy.

33


