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Abstract

Correlationsbetweennternationalequity market returnstendto increasen highly volatile
bearmarkets, which hasled someto doubtthe benefitsof internationaldiversification. This
article solvesthe dynamicportfolio choiceproblemof a US investorfacedwith atime-varying
investmentopportunity setmodeledusing a regime-switchingprocesswhich may be charac-
terizedby correlationsandvolatilities thatincreasan badtimes. Internationaldiversification
is still valuablewith regime changesaind curreny hedgingimpartsfurther benefit. The costs
of ignoring the regimesare small for all-equity portfolios but increasewhen a conditionally

risk-freeassetanbeheld.



In standardnternationalportfolio choicemodelssuchasSercu(1980)andSolnik (1974a),
agentsoptimally hold the world market portfolio and a seriesof hedgeportfolios to hedge
againsrealexchangeaterisk. Fromtheperspectie of thesemodels jnvestorsaacrossheworld
display strongly home-biase@ssetchoices. One popularagumentoften heardto rationalize
the “home bias puzzle” relies on the asymmetriccorrelationbehaior of internationalequity
returns.A numberof empiricalstudiesdocumenthatcorrelationetweennternationakequity
returnsarehigherduringbearmarketsthanduringbull markets! If the diversificationbenefits
from internationalinvestingare not forthcomingat the time thatinvestorsneedthemthe most
(whentheir homemarket experiencesa downturn), the strongcasefor internationalinvesting
may have to bere-considered.

Our ambitionis to formally evaluatethis claim. To quantify the effect of theseasymmetric
correlationson optimalportfolio choice we needa dynamicassetllocationmodelthataccom-
modatedime-varyingcorrelationsandvolatilities. In the standardortfolio choicemodelsand
theirempiricalapplicationgFrenchandPoterba1991)and TesarandWerner(1995))correla-
tionsandvolatilities areconstantMore specifically our contritution consistsof four parts.

First, we formulatea data-generatingrocess(DGP) for internationalequity returnsthat
reproduceshe asymmetriccorrelationphenomenonThe asymmetricexceedanceorrelations
documentedy Longin and Solnik (2001) constitutethe empirical benchmarkwe setfor our
model. We shaw that a regime-switching(RS) modelreproduceshe asymmetricexceedance
correlations,whereasstandardnodels,such as multivariatenormal or asymmetricGARCH
models,do not.

Secondwe numericallysolve anddevelopintuition onthedynamicassetllocationproblem
in the presencef regime switchesfor investorswith ConstanRelatve Risk Aversion(CRRA)
preferences.Here our contritution extendsbeyond internationalfinance. Therehasrecently
beenaresugenceof interestin dynamicportfolio problemswhereinvestmenbpportunitysets
changeovertime? In mostof thesepaperstime-variationin expectedreturnscharacterizehe
changesn the investmentopportunitysetandthe time-variationis capturedby alinear func-

tion of the statevariables.In contrastexpectedreturns,volatilities andcorrelationsvary with



theregime, ratherthanwith statevariables,in our benchmarkmodel. Moreover, we combine
predictabilityby statevariableswith regime switchesn our DGP’s.

Third, weinvestigateheportfolio choiceof theinvestorfor anumberof differentRSDGP’s,
horizons,and preferenceparameters.To characterizauncertaintyin the portfolio allocations
resultingfrom uncertaintyin theparametersf the DGP, Barberis(2000)andKandelandStam-
baugh(1996)usea Bayesiansetting,and Brandt(1999) estimategortfolio weightsusingan
Euler equationapproachandinstruments.Instead,we characterizauncertaintyin the portfo-
lio choicesfrom a classicaleconometricperspectie, using the delta-method.Our approach
allows usto formally testfor the presenceof intertemporahedgingdemandqthe difference
betweertheinvestors oneperiodaheadandlong-horizonportfolio choice) for the presencef
regime-dependendssetallocationfor investorswith differenthorizons,andfor the statistical
significanceof internationaliversification.

Finally, we investigatethe economicsignificanceof our resultsandthe claim in theinitial
paragraph We attemptto quantify and contrastthe utility cost(usingthe certaintyequivalent
notion)of: (a) not beinginternationallydiversifiedand(b) ignoringthe occurrencesf periods
of highervolatility with higher correlationsacrossall countries. It is quite concevable that
long-horizoninvestorsneednot worry aboutan occasionakpisodeof high correlation,either
becausehe effect on utility is minor or becausdhey cantemporarilyre-balanceaway from
internationalstocks,if thesestatesof the world are somavhat predictable. In the latter case
their safehavenmaybe US stocksor it maybe cash.As a by-productof oneof our set-upswe
put aneconomicvalueon the ability to hedgeforeign exchangeraterisk. In mostmodels,we
precludethis ability.

Our work is mostcloselyrelatedto Das and Uppal (2001) who considerportfolio selec-
tion when perfectly correlatedumps acrosscountriesaffect internationalequity returnswith
constantshortrates. Our RS DGP’s producea “normal” regime with low correlations,low
volatilities and a “bear” regime with higher correlations higher volatilities and lower condi-
tional means However, bothregimesarepersistenandsuchpersistenceannotbe capturedy

transitoryjumpsindependendf equity returns. Furthermorewe considerthe effect of regime



changesn portfolio choicewhenshortratesaretime-varyingandpredictreturns,andwe ex-
aminecurrengy hedgingdemands.

To make the analysistractable we leave out mary aspectf internationalassetallocation
thatmaybeimportantbut mayblur thefocusof the paper Examplesncludetransactiorcosts,
inflation risk, cross-countryinformationaldifferencesand humancapital and labor. In line
with recentstudieson dynamicportfolio choice, our framework is a partial equilibrium set-
up with an exogenougeturn-generatingrocess.Hence,we ignore internationalequilibrium
considerations.

The outline of the paperis asfollows. We startby formulatingthe generalassetallocation
problemin Sectionl, andshov how to numericallysolve the problemwith regime switching.
We alsodemonstratéow to calculatetestsof statisticalsignificanceandeconomiccostsasso-
ciatedwith takingnon-optimalportfolio stratejiesin our framework. In Section2, we present
benchmarkkRS modelwhich we useasour basecasewith all-equityportfolios. In Section3 we
introducea conditionallyrisk-freeasseundertwo scenariosFirst, we examinethe benchmark
modelwith a constantrisk-freerate. Secondwe enrichthe modelby allowing the shortrate
to switch regimesandpredictassetreturns.In Section4 we examinethe benefitsof curreny

hedgingin the presencef regimes.Section5 concludes.

1 AssetAllocation with Changesin Regimes

1.1 The General Problem

Considerthe following assetallocationproblem. A US investorfacinga 7' month horizon
who rebalanceserportfolio over V asset®very monthmaximizesherexpectedendof period

utility. The problemcanbe statedmoreformally as:

max Eo[U(WT)} (1)

QQ;...,or—1



subjectto the constrainthatthe portfolio weightsattime t mustsumto 1, ;1 = 1, whereWr
is endof periodwealthanday, ..., ar ; arethe portfolio weightsat time 0 (with 7" periods
left), ..., totimeT — 1 (with 1 periodleft). Thereareno costsfor short-sellingor rebalancing.
Wealthnext period,W,, 1, is givenby W, 1 = R1 (o) W;. Thegrossreturnon the portfolio,
Rii1(oy) is:

N
Rip1(ow) = ZGXP(ZJ?H)()@ = eXP(ytH)/Oét’ (2)

j=1

wherey], , is the logarithmicreturnon assetj in dollars(USD) from time ¢ to ¢ + 1 anda is
theproportionof the jth assein theinvestors portfolio attime t. We useCRRA, or iso-elastic,
utility:

1—y

T ©

N

UWr) =

with ~ theinvestors coeficient of risk aversion.

We concentrate@n the investmenproblemof the US investorandignoreintermediatecon-
sumption(or the investoris assumedo consumeendof periodwealthWWr). In effect, we take
thesavingsdecisionto be exogenouslyspecified We chooseéhe CRRA family of utility asit is
a standardbenchmarkandenablescomparisorto earlierliterature.In commonwith mostem-
pirical dynamicassetllocationpapersn the literature,this approactdoesnot addressnarket
equilibrium, sothe investoris not necessarilfthe representatie agentin the US economy We
alsodo not considerthe assetllocationproblemfacedby foreignagents’

Using dynamicprogrammingwe obtain the portfolio weightsat eachtime ¢, for horizon

T — t by maximizingthe (scaled)indirectutility:

o = arg max Ey [Qtﬂ,TthJ:lv] ()



where

Qi+1,r = By [(RT(Q;}—l) - Rt+2(a:—|—1))177] ) (5)

andQrr = 1. Thefirst orderconditions(FOC) of theinvestors problemare:

(exp(yiy1) — exp(yiyq)

_ (exp(y741) — exp(yiir) _
E; | Qe r R (an) o . o = E[Qeii 7R () Aea] =0 (6)

(exp(yris') — exp(yy))

where )\, is the vectorof returnsof assetsl to N — 1 in excessof assetV. We work both
with all equity internationalportfolios, wherethe N-th assetis the returnon US equity, and
alsowith thecaseof aninvestableisk-freeassetwherethe V-th asseis aone-periodisk-free
bond. The optimal portfolio weightsca; solve equation(6). Notethata, has/N — 1 degreesof

freedom,astheweightin the N-th asseimakesthe portfolio weightssumto 1.

1.2 Intr oducing Regime Switching

Up to this point, no specificDGP hasbeenassumedor the asseteturnsy;, ; andthe set-upof
the problemis entirely general.In the specialcaseof y;,, 1ID acrosgime, Samuelsor{1969)
shawvsthatfor CRRA utility theportfolio weightsareconstan{a; = o, Vt), andtheI" horizon
problembecomesquialentto solvingthe myopicT = 1 oneperiodproblemin equation(1).
Whenreturnsarenot 11D thenthe portfolio weightscanbe broken down into a myopicanda
hedgingcomponen{Merton (1971)). The myopic components the solutionfrom solvingthe
oneperiodproblem.Thehedgingcomponentesultsfrom theinvestors desireto hedgeagainst
unfavorablechangesn theinvestmenbpportunityset.

Supposewe introduceregimess;, = 1,..., K into the DGP. At eachtime t + 1, ;11
is drawn from a differentdistribution, dependingon which regime s, is prevailing at time

t + 1. Following Hamilton (1989), the regimess; follow a Markov chainwherethe transi-



tion probabilitiesof going from regime ¢ at time ¢ to regime 5 attime ¢t + 1 are denotedby
piji = P(st+1 = jlse = i, Ly). Let f(Yer1]se+1) = f(Yera]si41;Z:) denotethe probability den-
sity function of y;; conditionalon regime s;,;. In our benchmarkRS model f (y;11|s:+1) iS
a multivariatenormal distribution andtransitionprobabilitiesare constant(p;; ; = p;;). Con-
ditional on s;, the distribution of v, ; is a mixture of normals. Thatis, the probability density
functionof y;,; conditionalon s;, g(ys+1|s:;Z:) = g(yes1]s:), IS givenby:

K

9(Yeralse =4 T) = Zpij,t [ (Yrea]Se41 = 7)
j=1
This allows thedistributionto capturefat tails, stochastigersistentvolatility andotherproper
tiesof equityreturns!

Assumethat the regimesare known by the agentat time ¢.> With K regimesthe random
variable Q:+1 7 = Qu1.7(si1) In equation(5) may take on one of K values,onefor each
regimes;.; = 1,..., K. Theoptimal portfolio weightsnow becomefunctionsof the regime
attimet, af = a;(s;). Moreover, the investorwantsto hedgeherselfagainstfuture regime
switches.Thesentertemporahedgingdemandsauseportfolio weightsfor differenthorizons,
ai(s;) fort < v < T — 1, to differ from currentportfolio weightsa;(s;). Hence,even
without instrumentpredictabilityof y;, 1, theassetllocationimplicationsof regime switching
arepotentiallyimportant.

Underthealternatve assumptionvhereinvestorsareuncertairabouttheregimes theeffects
of regime-switchingwould be wealer sincethe regime-dependerdolutionswould deviateless
from the IID solution. In this sensethe assumptiorof obsenable regimesis a worst-case
scenario:if thereareweakeffectswhenthe agentsperfectly obsere the regimes,the effects
will beevensmallerwhenlearningabouttheregimesis introduced .If, however, therearestrong
regime effectswhentheregimesareobsenable,we cannotconclusvely sayanything aboutthe
regime effectswhenthe agentsareuncertaimabouttheregimes.

For switching multivariatenormal distributionsthe FOC'’s in equation(6) do not have a

closed-formsolution. To our knowledge, the currentstateof analyticaltools in continuous



time also doesnot permit a solutionfor both state-dependerttonditionalmeansand covari-
ances.Following TaucherandHusseg (1991),we obtaina numericalsolutionto equation(6)
by quadratureAn M-point quadratureule for thefunctionh(u), u € R”, overthe probability

densityf(u) is asetof points{u;}, k = 1... M, andcorrespondingveights{w; } suchthat

/ h(w) f(u)du = " h(ug)wy.

k=1

For example, for the assetreturnsy,; attime ¢ + 1 in regime s,;; = j, we usea M,
quadratureulewith points{y;x .11}, k = 1... M; andcorrespondingveights{w;y ;11 }. Using
quadraturdo determiney;x 11 andw; 1 Yields very accurateapproximationgor Gaussian
IID distributedreturnsy, ;. BalduzziandLynch(1999)andCampbellandViceira(1999)note
thatasfew asfive quadraturgointssufice.

Considertheone-periodoroblematT — 1. For sy_; = i the FOC’s areapproximatedy:

K
Er1[R (@ir-)Arlsr—1 = i) = ) pisr- B[Ry (qir—1)Arlsr = j]
j=1

M;

Pij,r-1 Z(eXp(yjk,T)/Oéi,T—l)_U\jk,Twjk,T =0
1 k=1

I-
[M] >

<.
Il

(7)

Where%,T_l = aT—l(ST—l = Z) and

Yk exp(Yjr.r) — exp(Yi1)

2 2 N
Yirr exp(Yir,r) — exP(Yjr.r)

Yjk,r = J_ and Ajrr = ’ ’
Yk exp(yinr) — exp(y)k )

The optimal portfolio weightsa; ;._; arethe solutionto equation(7) which canbe obtained
by a non-linearroot solver. SinceAr is an N — 1 vector equation(7) describesa systemof

N —1 non-linearequationsn N — 1 unknovns,thefirst N — 1 element®f o, _;. Eachregime



st_1 = 1 hasadifferentsetof optimalportfolio weightsoz;‘,T_l.6

Notethatthetermin bracletsin equation(7) representshe normalFOC for CRRA utility
conditionalon beingin regime s = j athorizonT'. Introducingregimesinto the assetlloca-
tion problemmakesequation(7) alinearcombinationof FOCfor eachdifferentregime,where
the weightsare the transitionprobabilitiesknown at time ¢. This makesthe assetallocation
solutionvery tractablefor switchingmultivariatenormalreturns.

To startthe dynamicprogrammingalgorithm,definethescalarQ; r—1 r = Qr_17(sr—1 =

i) as:

Qir—117 = ET—1[R;_7(04:},1)|8T—1 =i

K M;
= e | Y (exp(yma) afr 1) wikr (8)
j=1 k=1

For K regimes,wehaveonly K statevariables(); .1 7, whichmustbetrackedateachhorizon
T —t, makingthe problemcomputationallywery tractable We solvethe T — 2 problemfor each

regime sy_, = i by finding therootsof:

Er o[Qr_17R:"  (ir—2)Ar—1|s7—2 = 1]

K M;
= Zpij,T—2 Z Qjr-1,7(exp(Yjrr-1) Cir—2) " Nk r-1Wikr-1 | =0 (9)
j=1 k=1

We continuethis procesgor ¢t = T — 3 ontot = 0.

Whenthereturndistributionsof theassetslependninstruments; attimet, thedistribution
of thereturnsis afunctionof boththeregime andtherealizationof theinstrumentattime¢. In
thiscasetheprobabilitydensityfunctionof v, ; conditionalon s, ; becomes (v;11|s1+1, 2:) =
f(Yes1|8t41;Z¢). The probability densityfunction of y;,; conditionalon s;, g(yi11|s:, 2:) =

9(yes1]8e; Zy), is found by integratingover all possiblevaluesfor s, = j:

K
g(yt+1|3t =1, Zt) = Zpij,t : f(yt+1|5t+1 =7, Zt)-
=1



In this casewe needto track the regime variables; andthe realizationsof the predictorsz;.
To do this we constructa discreteMarkov chainin eachregimeto approximatef (y;.1|s:+1, 2)
andthedistribution of z;. Thesearethencombinedo approximatey(y:1|s:, z:). In thissetting
the portfolio weightsnow becomea functionboth of the currentregime s; andthe instruments
2, SO = af(sy, z;). Thescaledindirectutility Q. alsobecomesa function of boththe
regime andthe predictorvariablesQ; 117 = Q+1.7(St41, 2e41). AppendixB providesfurther

detailsonthe quadraturanethodsve employ in this case.

1.3 How Important is RegimeSwitching?

Introducingregimesinto the assetallocation problemhasthe potentialto causeinvestorsto
wildly alter their portfolio allocationsacrossregimes, and to induce intertemporalhedging
demandganakingthe investorfacinga 7T-period horizon hold substantiallydifferent portfolio
weightsfrom the myopicinvestor We wish to teststatisticallyandeconomicallywhetherthese
effectsarelarge underRS whenrealisticRS DGP’s have beenfitted to real data. Thesetests
aremorethaninterestingempiricalexercisesif theassetllocationsaresimilar acrosgegimes,
thenin practiceinvestorsmay not go to the trouble of rebalancinggespeciallyif transactions
costsarehigh. If intertemporahedgingdemandsaresmall,theninvestorsmaylosevery little
in solvinga simpleone-periodgoroblematall horizonsratherthansolvingtherathermorecom-
plex dynamicproblem.If thereis abadregimewhereinternationakquityreturnsprovide fewer

diversificationbenefitsjnvestingoverseasnay not be of benefitfor investors.

1.3.1 Statistical Tests

To formulatestatisticaltestswe mustderive standarcerrorsfor the portfolio weights. Suppose
that the parameter®f the RS processf, possessn asymptoticdistribution N (60, 2) where
6y is the vectorof the true populationparametersThe portfolio weightsca; (s;) areimplicitly
definedby the FOC’s in equation(6). We suppresghe dependencens; = 1... K. Denote
theseFOC's for periodt, horizonT — ¢, as®,(0, o) where®; : § x o — RN1.7

TheFOC'simplicitly definea; asthesolutionto ®,(6, a;) = 0. Leta;, satisfy®, (6o, afy) =



0, soa;, aretheportfolio weightsat the populationparametersAssumethe determinant

d
det | 22t £ 0. (10)
0 | (909, c=ay)
Thelmplicit FunctionTheorenguaranteetheexistenceof afunctiony suchthat®,(6y, ¢ (6)) =
0 where
dp 0d,\ ' 09,
p_2¢ ) _(9%) 9% 11
a0 |,_, { (aa) 0 1D
0 (6=00,a=0},)

is well defined.We applythe standardielta-methodo obtainthe asymptotiadistribution of a;

as:
af & N(p(6y), DUD'). (12)

In practice we computenumericalgradientsasfollows. For the estimategparameterector
6 we solvethe FOCto find the optimalportfolio weightsa;. We changehei-th parametem 6
by e = 0.0001 andre-computehenew portfolio weightsa;<. Thei-th columnof D is givenby
(& —ap)/e.

We focuson threemaintests.First, we testfor the significanceof internationaldiversifica-
tion by testingwhetherthe US weightin regime s; is significantlydifferentfrom 1. This test
is importantgiven that the resultsin Britten-Joneg1999) suggesthat the evidencefor inter-
nationaldiversificationmay be statisticallyinsignificant. Secondfor a givent, we testif the
portfolio weightsfor s, = 7 ands; = j arestatisticallydifferentfrom eachother or from 11D
portfolio weightswithout regime-switching.This is a testof regime effects. Finally, to testin-
tertemporahedgingdemandgor horizonT', we maydefineanimplicit function® = (&) &/.)
which stacksthe FOC's for the myopic problemand the horizonT" problem. This allows a
testof hedgingdemandswvherefirst period portfolio weightsareequalto horizonT" portfolio

weights:ag(s;) = ar_1(sq).
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1.3.2 EconomicSignificance

We wish to calculatethe utility loss,or monetarycompensatiomequiredfor aninvestorto use
non-optimalweights{a*} insteadof the optimal weights{a*} for our RS DGR, For exam-
ple, aninvestormay have to usenon-optimalweightsas shemay not be allowed by external
constraintsto useforward derivativesto hedgecurreng risk, or even investinternationally
Similarly, aninvestormay useportfolio weightsthinking returnsarellD whenin factthetrue
DGP hasregimes. We would like to seethe economicloss that resultsfrom holding these
non-optimalportfoliosinsteadof usingthe optimalone.

We find theamountof wealthw requiredto compensataninvestorfor using{a™} in place

of {«*} for aT-periodhorizon.Formally, thisis givenby the valueof «w which solves:
Eo[U(Wr[Wo = 1)] = Eo[UW£ W, = @)]. (13)

SinceCRRA utility is homogeneous initial wealthandsinceE[U (W[, = 1)] = Qg,T/(l—

7v) for § = x, +, it follows that:

1

Q)
w=|—= : (14)

(@aT

We expressthe compensatiomequiredin centsperdollar of wealthw = 100 x (@ — 1). That
is, w is the actualmonetarypaymenta risk-averseinvestormustreceve in orderto put $1
of herwealthin the sub-optimalportfolio ratherthanthe optimal one. Equivalently, w is the
percentagéncreasen the certaintyequialentfrom moving from stratgy {a*} to theoptimal

stratgy {«*}. CampbellandViceira(1999,2001)andKandeland Stambaugt{1996),among

others,usechangesn certaintyequialentsin the context of assetallocationanalysis.
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2 AssetAllocation Under RegimeShifts

This sectionexaminesassetallocationwith the setof equity returnsy,,; = (v, yi*,)’ and
Yer1 = (Y1, iy, yih)', whereus, uk, ger denoteunhedgedJS, UK and Germanequity
returnsrespectiely. AppendixA containsa descriptionof the data. In this sectionwe con-
centrateon a benchmarkno predictormodelwith regime shifts and examineassetallocation
implicationsfor all equity portfolios. Sections3 and4 examinesmorecomplex datagenerating

processesncludingtheintroductionof arisk-freeasset.

2.1 The Benchmark No Predictor Model

OurBenchmarkModel canbewritten:

1
Yer1 = p(Ser1) + 22 (Se41)€041- (15)
wheretheregimess;,; follow atwo-stateMarkov chainwith transitionmatrix:

P 1-P
1-Q @

andthetransitionprobabilities,P = p(s;y1 = 1|s; = 1;Z;) and@Q = p(si11 = 2|8y = 2; 1),
areconstant
For the US-UK, we estimatetwo otherRS modelswhich nestequation(15) to testfor ro-

bustness.Equation(15), which we denoteas BenchmarkModel I, assumeshat the regimes
in eachcountryare perfectly correlated. To investigatef the UK undegoesregime switches
differentfrom the US we introducean extension,BenchmarkModel I, with two regime vari-

abless®* ands¥*. Model Il hasthefeaturethattheregimesin the US andUK do nothaveto be
perfectlycorrelated Generally therewould be 2% = 4 regimesfor the bivariatesystemfor two

regimesof eachcountryimplying a 4x4 probability transitionmatrix. To presere parsimory

we assumehat conditionalon the US regime, the UK processgs a simplemixture of normals.

12



Thatis, we let:

p(sﬁl =1lsp*=1)=P p(3t+1 = 1|5t+1 =1)=a

p(sﬁl =2[s* =2)=Q p(5t+1 = 2|5t+1 =2)=p (16)

This parameterizatiommpliesthatthe US transitionprobabilitiesP and @ arestill the driving
variablesof the systemand allows the US and UK regimesto be dissimilar with only two
additional parameters.Further the correlationof the US and UK dependsonly on the US
regime.

Finally we testfor the presencef RS ARCH effectsin BenchmarkModel lll for the US-

UK, by specifyingthe covarianceX(s;;) as:

Y(st41) = C(8141) C(8t41) + B(St41) wru; B(S441)

Ut = Yt — Et—l(yt)

Ei1(yt) ZP st = J|Ze—1)p(se = 7). (17)

wherep(s; = j|Z, 1) areex-anteprobabilities. This modelis estimatedollowing a special
casein Gray(1996). RamchandndSusmel(1998)andHamiltonand Susmel(1994)estimate

relatedmodels.

2.2 Estimation Results
2.2.1 Parameter Estimates

We reportestimationresultsfor the US-UK andUS-UK-GER systemsn Tablesl and2. We
turn first to the US-UK systemin Table 1. Likelihoodratio testsof Model | versusModel Il
andC fail to reject(p-valuesof 0.9950and0.9853respectrely). Moreover, the parametersy
andg in equation(16) areestimatedo be 1. Thislendssupportto the simple,but parsimonious
DGP of the BenchmarkModel: the US and UK facethe sameregime shifts andthe stochas-

tic volatility generatedy the BenchmarkRS Model sufiicesto capturethe time variationin

13



monthlyequityreturnvolatilities.

In Tablesl and2 we find thefollowing patternin internationakquityreturns.In oneregime
the equity returnshave a lower conditionalmean,muchhighervolatility andaremore highly
correlatedWe shallreferto thisregimeas“regime1”. In thesecondegime,equityreturnshave
higherconditionalmeansower volatility andarelesscorrelated. The RS modelsimply that
volatility and correlationsincreasetogethersimultaneouslya phenomenoralso documented
empiricallyby Karolyi andStulz(1996). The strongestifferentiatingeffectacrossheregimes
for both systemss volatility. We rejectthe equality of volatilities acrossregimesat a 0.01%
significancelevel, asis true in previous studiesby Hamilton and Lin (1996) and Ramchand
andSusmel1998). The evidenceof differentcorrelationsacrosgheregimesis not particularly
strong. TheUS-UK correlationsareborderlinesignificantlydifferentin theUS-UK-GERmodel
but the p-valuefor the Wald equalitytestis 15% in the US-UK system.We fail to rejectthat
correlationdor the UK andGermaly areconstantcrosgegimes.

In Tablel Modell is estimatedothwith unconstrainedegime-dependenteansandwith
meansmposedequalacrossthe regimes. We denotethis secondcaseas; = us, Wherethis
notationis takento meany? (s; = 1) = p?(s; = 2) for eachcountry;. In boththeseestimations
all otherparameteestimatesrevery similar. Model A with 11, = us impliesthatthe expected
durationof thefirst regimeis 6.9 months,while the expecteddurationof the secondregime is
4.25years.The stableprobabilitiesimplied by the transitionprobability matrix are0.1194and
0.8806for regimes1 and 2 respectrely. It is well known that conditionalmeansare hardto
estimate.With regime switches,asfar fewer obsenationsareinferredto belongto regime 1,
estimate®f the conditionalmeanin thatregimearehardto pin down, leadingto large standard
errors. A likelihoodratio testof unconstrainedersusconstrainedneansacrossregimesfails
to rejectwith a p-valueof 0.1165. Table 1 alsoreportsthe Ang and Bekaert(2000) Regime
ClassificatiorMeasurg(RCM), which improvesslightly whenthis restrictionis imposed’. For
this reasonour analysisin Section2.3 of modelswith unconstrainegneansmustbe carefully
interpretedsincethe poor precisionof the estimatesf the conditionalmeansaffectsthe asset

allocationinference.
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Table 2 shows that we fail to rejectthe constraintof equalmeansacrossregimesfor the
US-UK-GER system(p-value 0.2289). Similar to the US-UK system,regime classification
improves slightly when this restrictionis imposed. The conditionalmeanof the UK in the
first regime changessign, comparedo the US-UK system but the changeis well within one

standarcerrorasthe standarcerrorsarelarge.

2.2.2 Reproducing Longin-Solnik (2001)ExceedanceCorr elations

In this sectionwe demonstrat¢hat despitethe poor statisticalsignificancdevelsfor thediffer-
encein correlationsacrossregimes,the RS modelsstill pick up the highercorrelationsduring
extremedownturn events. To this end, we repeatLongin and Solnik (2001)'s analysisof ex-
ceedancesorrelationsin Figure1. Considerobsenations{(y:, y2)} drawn from a bivariate
variableY = (yi, y2). Supposehe exceedancdevel 4 is positive (negative). We take obser
vationswherevaluesof y; andy, aregreater(or less)thané percentof their empiricalmeans.
Thatis, we selectthe subsetf obserations{(y, y2)|y1 > (1 + 0)zrandy, > (1 + 6)7,} for
6 > 0and{(y1y2)|ly1 < (14 6)7 andy, < (1 + 6)7»} for < 0, wherey; is the meanof y;.
Thecorrelationof this subsebdf pointsis termedthe exceedanceorrelation.

The solid line in Figure 1 shaws thatthe exceedanceorrelationsof US-UK returnsin the
dataexhibit a pronouncedasymmetricpattern,with negative exceedancesorrelationshigher
thanpositveexceedanceorrelations.Theotherthreelinesin Figurel representheexceedance
correlationccomputedon simulatedsamplesf 100,0000bsenationsfrom threemodels.First,
the dotted-dashetine are exceedanceorrelationsimplied by a bivariatenormal distribution
calibratedto the data. It clearly cannotreproducethe Longin-Solnikexceedanceorrelations
implied by the data, sincea normal distribution implies symmetricexceedanceorrelations.
Furthermorefor anormaldistribution, the correlationconditionalon exceedancetendsto zero
asf — +oo. Second,the dottedline shavs exceedanceorrelationsfrom an asymmetric
bivariateGARCH modelcalibratedto the data!’ This modelalsofails to matchthe empirical
exceedanceorrelationasymmetry Finally, the dashedine representshe benchmarkJS-UK

RSmodelwhich captureslargepartof theincreasingorrelationgonditionalonlargenegative
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returns.

The strongperformanceof the RS modelin reproducingthe Longin-Solnikfigure derives
from its ability to accountfor both persistencen conditionalmeansandsecondmoments.A
draw from regime 1 this period(whereconditionalmeansarelow, andcorrelationsaandvolatility
arehigh) makesabaddraw for the next periodmorelikely. The GARCH modelfails to repro-
ducethe Longin-Solnikfigure becauseat only capturesgpersistencen secondmoments. Ang
and Chen(2001) shav that a modelwhich combinesnormally distributed returnswith tran-
sitory neggative jumps,asin DasandUppal (2001), alsofails to reproducethe Longin-Solnik

figure.

2.2.3 Inter pretation of the Regime Switching Processasa Momentum Process

Thebenchmarknodelsestimatedn Tablesl and2 canbe furtherinterpretedusingthe frame-
work in Samuelsor§1991). Samuelsomvorkswith two assetsgcashandarisky asset.Therisky
assefollows aMarkov chainwherethereturnscanbe“low” or “high”. He definesa“rebound”
processpr mean-rgertingprocessashaving atransitionmatrix which hasa higherprobability
of transitioningto the alternatve statethanstayingin the currentstate. Samuelsorshows that
with a reboundprocessyisk-averseinvestorsincrease their exposureto the risky assetasthe
horizonincreases.That s, underrebound,long horizon investorsare more tolerantof risky
assetghanshorthorizoninvestors.

Our settingis the oppositeof a reboundprocess.Our transitionmatrix for the modelwith

0.8546  0.1454
(0.0698) 18
0.0182 0.9818 |’ (18)

(0.0100)

p1 = Hg IS

with standarderrorsin parenthesesSamuelsorcalls sucha processa “momentum”process:
it is morelikely to continuein the samestate,ratherthantransitionto the otherstate. Under
a momentumprocessfisk-averseinvestorswantto decrease their exposureto risky assetsas

horizonincreaseslntuitively, long-runvolatility is smallerunderareboundorocesgshanunder
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amomentunprocesgwith the sameshort-runvolatility).
The persistencef the regimesimplies thatwe shouldseeinvestorspreferringfewer risky
assetsvith longerhorizons.In our benchmarkmodelwith p; = p, thesaferassets US equity.

For the US andUK, Table1 shaws thatthe covariancematrix for monthlyreturnsin regime 1

is:
7.50642 0.6181 x7.5064 x14.0748
Y. (0.9515) (0.1032) x (0.9515) x (1.8432) (19)
1= 0.6181 x7.5064 x14.0748 14.07482
(0.1032) x (0.9515) x (1.8432) (1.8432)
with standarcerrorsin parenthesesndthe covariancematrix for regime 2 is:
3.79172 0.4480 x3.7917 x5.2470
v (0.1654) (0.0491)x (0.1654) x (0.2409) (20)
2 0.4480 x3.7917 x5.2470 5.24702 :
(0.0491)x (0.1654) x (0.2409) (0.2409)

In thefirst regimethemuchlowervolatility of theUS (o = 7.50) versugheUK (ot = 14.07)
makesthe US relatively moreattractve to risk-averseinvestorsat the expenseof international
holdings. With only time-varying correlationsandvolatility, we shouldexpectrisk aversein-
vestorsto increasetheir holdingsof US equity, the saferassetasthe horizonincreases! The

next sectionanalyzeghe statisticalandeconomicsignificanceof this effect.

2.3 AssetAllocation Results

We attemptto answerthe following questionsraisedin the Introduction: (a) are there still
benefitsof internationaldiversificationin regimesof global financialturbulence?(b) how do
theseregimesaffect assetallocations?c) how costlyis it to ignoreregime switching?and(d)
how large arethe intertemporahedgingdemandsnducedby regime switching?We defertwo
importantquestiondo Sections3 and4 wherewe considerichermodels.First, areour results
sensitveto theabsencef aconditionalrisk-freeassetWith arisk-freeassetthehighvolatility
regime may inducea shift out of all equity markets,ratherthanout of riskier foreign equities.
Secondhow doescurreng hedgingcontrituteto the benefitsof internationaldiversificationin

the presencef regime switches?
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To addressquestions(a) - (d) in the context of our BenchmarkModel, we report asset
allocationresultsin Table 3 (the US and UK model) and Table 4 (the US, UK and German
model). Economiccostsfor no internationaldiversification,ignoring regime switching and
myopiaarereportedin Table5. We generallytabulateresultsfor risk aversionlevelsof v = 5

and10.

2.3.1 Portfolio Weights

Table 3 shaws thatfor the US-UK model,the proportionheldin the US is higherin regime 1,

thehighvolatility, high correlationbearregime,thanin regime 2. ThetablereportsUS weights
in all equity portfolios, so the UK weightis 1 minusthe US weight. The standarderrorsfor

the portfolio weightsfor the Basic Model in Table 3 arelarge. This resultspartly from the
large standarcerrorsin estimatingthe regime-dependenneans.To mitigatethis, we consider
arestrictedversionof eachmodeldesignedo limit samplingerrorin the meansoy restricting
the meansacrossegimesto be equal. As we shovedin Tablesl and?2 thereis little evidence
againstthesemodelsandthey offer betterregime classification. Constrainingthe conditional
meansto be equalacrossregimesalso allows a sharperfocus on the effect of time-varying

covariances.

US equityis the“safer” assebecausef its lower volatility in thefirst regime comparedo
UK equity. Thetop panelof Figure2 shows portfolio weightsfor the US andUK asa function
of risk aversion. Risk averseinvestorschooseto hold more US equity at the expenseof UK
equity during both regimesbut hold even more US equity in the bearregime. Hence,it is
no surprisethatwe only rejectthe optimality of a 100% US portfolio in the caseof a normal
regime. For v = 10 in the normalregime, we rejecta non-diersifiedportfolio in the 1, = o
caseat all horizons,andfor the the one monthhorizonin the unconstraineaneanscase. For
~ = 5, wefall to rejectin bothcases.

Table 3 alsolists 1ID weights, which are portfolio weightsusing a multivariate normal
distributionswithout regimesasthe DGP. Theseportfolio weightslie in-betweenthe regime-

dependentveightsandgive areasonabl@approximatiorto the optimalweightsin eachregime.
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For example,for aninvestorwith v = 5, the weightheldin the US in anlID settingis 0.76,
whereasthe sameinvestorwould hold 0.93 (0.67) in the US in regime 1 (2) underthe re-
strictedmodelwith u; = .. Wald testsfail to rejectthat the regime-dependenteightsare
significantlydifferentfrom the lID portfolio weightsat the 5% level. ThisimpliesthatthellID
portfolio weightsmay serne as good proxiesfor both regime-dependentveights. Turning to
testsfor regime equality for the restrictedu; = p» modelwith v = 10 we rejectthat portfo-
lio weightsare equalacrossregimesat the 5% and sometimesl% level. However, whenthe
11 = o restrictionis relaxed, significanttestsno longeroccurbecausef the large standard
errorsassociateavith the meansf the BasicModel.

Portfolio holdingsof US equity increaseasthe horizonincreasesalthoughthe increases
small,in line with Samuelsor{1991)s intuition. After 3 years,the portfolio weightscorverge
to aconstant.Thecorvergences evenfasterthanin Brandt(1999),whofindscorvemgenceafter
15 years,in a settingwith instrumentpredictabilityandrebalancingat intervals greaterthan1
month. Not surprisingly with only regime changesand monthly rebalancinghorizon effects
becomeavensmaller Thelastpanelof Table3 reportstestsof intertemporahedgingdemands
which have large p-values. Brandt (1999) also fails to reject myopiain his non-parametric
estimationof domesticassegllocationweights.

Table 4 reportsportfolio weightsfor the US-UK-GER system. For the Basic Model with
unconstraineaneansnvestorshold lessUS equityin the bearregime, eventhoughUS equity
is lessvolatile in thatregime. The reasonfor this surprisingresultis that the negatve mean
returnestimatedor the US in this regime outweighsthe volatility and correlationeffects. In
therestrictedu; = p, estimationstandarderrorson the portfolio weightsaremuchsmallerand
US equity againbecomes saferassein regime 1. However, Table4 alsoshowvs thatbothUS
andGermanholdingsincreaseat the expenseof UK equityin regime 1. Portfolio weightsasa
functionof v areshavn in Figure?2 for the u; = p model. The morerisk-aversethe investor
thegreaterthe proportionof theUS heldin bothregimes.

In the restrictedu; = uo modelfor US-UK-GER, Table 4 shaws we strongly rejectthe

null of no internationaldiversificationin both regimes. Evenin the Basic Model with large
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standarcerrorsaroundthe conditionalmeanswe rejectthata pure US portfolio is optimalin
thenormalregimewith v = 5. Thedifferencesn weightsacrossegimesarequite substantial
for all countries.Neverthelessthe standarderrorsareoften large andwe fail to rejectthe null
thatportfolio weightsequalthe lID portfolio weights,or thatthey areconstantacrossegimes.

Like Table3, hedgingdemandsrestatisticallyinsignificant.

2.3.2 EconomicCosts

Table5 presentshe“centsperdollar” compensatiomequiredfor aninvestorwith anall-equity
portfolio to hold non-optimalportfolio weights.Thefirst panellists the coststo notdiversifying
internationally the middle panellists the coststo ignoring regime-switchingand holding 11D
portfolio weights,andthe last panellists the costsof usingmyopic stratgjies. We focusour
discussioron resultsof modelswith x; imposedequalto u,. We turn first to the costsof no
internationaldiversification.

In the US-UK system,the compensatiomequiredfor aninvestorto hold only US equity
startsout very small but, asexpected,grows with horizon. At the oneyearhorizon,the com-
pensatiorstill doesnotreachl cent.In the US-UK-GERsystem aninvestorwith a horizonof
1 yearandrisk aversionof 5 need€o becompensated.19(0.97 cents)in regime 1 (2) to hold
no UK or Germanequity underthe BenchmarkModel. For v = 10 this compensatiomoughly
doubles.Theadditionof Germaly bringsconsiderableconomidenefitfor internationaldiver
sification,especiallyat long horizonswherecostsexceed10 centsfor v = 10. Thisis because
bothUS andGermanholdingsincreaseat the expenseof UK equityin regimel (SeeTable4).

We might expectthat ascorrelationsare higherin regime 1, the costsof no international
diversificationin thatregime would be lessthanin regime 2. Thisis only truefor the US-UK
systembut not for the US-UK-GER system becauséhe increaseof Germanholdingsin the
optimalportfolio in regime 1 is greatethantheincreaseof US holdings,makingdiversification
morevaluablein this regime. Figure 3 shawvs thatevenfor the US-UK system the benefitsof
diversificationfor regime 1 may be greaterthanfor regime 2 for small~. The bottompanelof

Figure3 shavsthatbecaus®f the benefitsof holding Germaly in regime 1, the costsof noin-
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ternationaldiversificationareuniformly higherin regime1 thanin regime2. Thisdemonstrates
thatincreasingcorrelationsa priori doesnot make internationaldiversificationlessvaluable.
The resultsare qualitatively the samefor the caseu; # w9, but the costsof not diversifying
internationallyaregenerallymuchlarger.

We now focuson the middle andlast panelsof Table5. In the absencef predictability
therearetwo implicationsof regime switchingfor portfolio weights: (a) portfolio weightsbe-
comeregime-dependentand (b) portfolio weightsbecomehorizon-dependensinceregime
switchinggeneratestertemporahedgingdemandsThemiddle panelof Table5 addressethe
formerimplication,andthelastpanelof Table5 addressethelatter.

Theeconomiccostsof ignoringregimesrangefrom fairly smallto substantiaht high levels
of risk aversion. For example,for a oneyearhorizon,investorswith v = 5 in the Benchmark
US-UK-GERModel loseonly 0.14(0.05) centsfor ignoring regime switchingin regime 1 (2).
Wheninvestorsignore regimes,the IID weightsthey hold are reasonablepproximationgo
the optimalweights,especiallythe weightsin regime 2, thelongestdurationregime. Note that
the costof ignoring regimesis higherin regime 1 thanregime 2. This is in accordanceavith
intuition, sincein the normalregime, conditionalmeansandvariancesare closerto their un-
conditionalcounterpartsthanthey arein regime 1. The markedly differentbehaior in regime
1, which may persistfor several periods,makes the costsof ignoring regimeshigherin this
regime.

In Figure 3 we plot the costsof ignoring regime switchingfor the BenchmarkModel asa
function of 7. The plots confirm that the cost of ignoring regimesis higherin regime 1 for
all levels of risk aversionandthis is robust acrossthe BenchmarkUS-UK and US-UK-GER
Models. Figure 3 alsocontrastghe costsof not diversifying internationallywith the costsof
ignoring regime switching. For the US-UK, the costsof failing to diversify internationally
dominatethe costsof ignoringregimesonly atlow levelsof risk aversion.However, in the US-
UK-GER systemthey dominatefor all . Thisis becausdor the US-UK the optimal portfolio
for regime 1 becomeghe domesticUS equity portfolio when+ is high, whereasn the US-

UK-GER systempositive Germanequity holdingsremainoptimalin thefirst regime. Table5
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demonstratethatthe sameresultshold for the original modelwith unrestricted:; and .
Thefinal panelof Table5 lists the compensatiomequiredfor an investorto hold myopic
portfolio weightsinsteadof the optimal 7" horizon weights. The numbersare astoundingly
small for all models. This evidencesuggestghat investorslose almostnothing by solving a
myopic problemat eachhorizon,ratherthansolving the morecomplex dynamicprogramming

problemfor longerhorizons.

2.4 RobustnessExperiments

In this sectionwe conductsereral experimentsto determinethe robustnessof our results. In
Section2.4.1we checkthesensitvity of ourresultsto thespecificatiorof theconditionalmeans.
In Section2.4.2we gainfurtherintuition on optimalassetllocationunderregime changesy
examining how optimal portfolio weightschangeas a function of one changingparametein
the RS BenchmarkUS-UK Model. In Section2.4.3we investigatewhetherour conclusions
aboutthe costsof ignoring RS andthe benefitsof internationaldiversificationremainrobustto

alternatve parametevaluesfor the DGP,

2.4.1 Regime-DependenConditional Means

Onedisappointingaspectof our RS model estimationis that we fail to find strongevidence
that highly volatile periodscoincidewith bearmarkets. Although the point statisticssuggest
this relationship,the standarderrorson the conditionalmeansin regime 1 arelarge. This in
turn may damperthe potentialassetallocationeffectsof the high volatility regime. In orderto
examinethis further, we re-estimateéhe BasicBenchmarkModelsconstraininghe conditional
meango be equalacrosscountries put differentacrossegimes.Thesemodelsarenotrejected
in favor of the alternatve of unconstraineagneans(p-value= 0.8415(0.4884)for the US-UK
(US-UK-GER) model). In thesemodels,the meansin eachregime (equalacrosscountries)
are alsonot significantly different(p-value= 0.1422(0.1927)for the US-UK (US-UK-GER)
model). The quality of the regime classificationmeasuredy the Ang-Bekaert(2000) RCM

statisticis largely unchangedor the US-UK-GER model, but is muchworsefor the US-UK.
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Theresultingportfolio weightsarelargely unchangedyith almostthesamesconomiccostsand
significancdevelsfor the statisticattests.Consequentlyour focusontime-varyingcovariances

seemgustified.

2.4.2 Changing Parametersin the Benchmark US-UK Model

Figure4 shaws the effect on the portfolio weightsof changingvariousparametewalues. The
base-linecaseis the unconstraineg: case.We alteroneparametewhile holdingall the others
constantand hold the horizonfixedat 7 = 12 months. From the top plot going downwards
in Figure4 we shaw the effect of alteringthe transitionprobability P = p(s; = 1|s;—1 = 1)
of stayingin the first regime conditionalon beingin thefirst regime, the correlationp, of the
US-UK in regime 1, the conditionalmeany}® of the US in regime 1, andthe volatility o} of
theUSin regime 1.

The plots are very intuitive. As P increasesholdingsof the saferUS assetincreasein
bothregimesasthe expecteddurationof regime 1 increasesThelargestdifferencebetweerthe
regime-dependenteightsis atvaluesaroundP = 0.5 (thesampleestimatds P = 0.8552). As
p1 increaseshediversificationbenefitof holdingUK equitydecreaseNotethatit is only for p;
greaterthan0.8 thatthe weightsin eachregime becomesubstantiallydifferent. Our estimated
p1 = 0.6181 is farlessthanthis. As p® increaseshe US becomegvenmoreattractie relatve
to the UK. (The sampleestimates 4}° = —1.2881). Finally, asthe US ¢} increasedeyond
the sampleestimateof 5} = 7.0376 the US becomedess“safe” andthe proportionallocated
to the UK increasesFor valuesof ¢} greaterthan9, the portfolio weightsin eachregime are
almostidentical. Overall, Figure4 suggestshatamongthe parameteraffectingthe conditional
distribution of returnsin regime 1, the biggesteffectson the regime-dependenveightscome

from conditionalcorrelationsandthe relative differencein means.

2.4.3 Asymptotic Distrib utions of Economic Costs

The previous sectioncorveys intuition on which parametersiave the largesteffect on regime-

dependenbptimal assetallocationbut doesnot tell us whetherour main conclusionsare af-
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fectedby thesedifferentparameterstHerewe re-computeheeconomiaostsof nointernational
diversificationthe economiccostsof ignoring RS andthe economiccostsof myopicstratgies
for 1,000alternatve parameteraluesdravn randomlyfrom the asymptoticnormalparameter
distributionsimplied by the estimation We take the sampleestimatego be“populationvalues”
andusetheestimationsvheretheconditionalmeansareconstrainedo beequalacrossegimes.

Table6 reportssomecharacteristicef the resultingempiricaldistributionsfor arisk aver-
sionof v = 5 andfor horizonsT = 1, 12,36 and60 months.The economiccostdistributions
have meanswhich are larger thantheir samplevaluesin Table5. The medianvaluesof the
economiccostsaremuchcloserto the samplevalues.This is becausehe economiccostcom-
putationsare non-lineartransformationsyhich resultin economiccostswhich are skewedto
theright. In particular the costsof not diversifying internationallyarefar moreright skewed
thanthe costsof holding 11D weights. This meanghatif we draw a particularsetof realistic
parametewalues,we maylikely find costsfor not diversifyinginternationallythataresubstan-
tially largerthanthe samplevalues. For examplefor 7' = 60 for the US-UK-GER Model the
costof no internationaldiversificationis 26 centsat the 95th percentile, whereaghe sample
estimatevasabout10 cents.

For theUS-UK Model, for 7' = 1 and12 months the costsof ignoringregimesareslightly
higherthanthecostsof nointernationadiversificationin thehigh correlatiorregime,but for the
longerhorizons,failing to diversify internationallyis muchmore costly thanignoring regime
switching. In the caseof the US-UK-GER Model, failing to hold overseasquity is always
more costly thanusinglID weights. For T = 12 monthsthe 95% tail estimateof the costof
no diversificationis 4.47 cents(4.86 cents)in regime 1 (2), while the costof ignoring RS is
1.01cents(0.45cents)in regime1 (2). Finally, Table6 confirmsthatthe costsof usingmyopic

weightsareeffectively zero.
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3 Intr oducing a Risk-FreeAsset

Section2 consideredhe impactof regime-dependerassetallocationunderthe simplestpos-
sible modelwith all-equity portfolios. In this sectionwe analyzeinternationalassetallocation
with arisk-freeassetWe considertwo casesFirst,in Section3.1we will assumeheexistence
of a one-periodrisk-free bondwith a constantnterestrate and examineassetallocationwith

the BenchmarkModels. We will work with an annualizedcontinuouslycompoundedate of

5%. This is the standardbenchmarkset-upin domesticdynamicassetallocationstudiessuch
asBalduzziandLynch (1999)and Kandeland Stambaugh{1996). With the introductionof a
conditionally risk-free assetthe high correlation,high volatility regime is likely to inducea
dramaticshift to cash,which may make the costsof ignoring regime switching muchlarger.

FurthermoreBalduzziandLynch (1999)shawv thatchangesn the cash/equityproportionmay
alsobeimportantfor intertemporahedging.

Second,in Section3.2 we analyzeportfolio holdingsunderthe casewherethe shortrate
processs time-varyingandregime-dependentn our settingtheshortratenon-linearlypredicts
equityreturnsby enteringthetransitionprobabilitiesof the Markov processThis caseproduces
aninterestingdynamicsincethe predictoris itself the returnon aninvestableasset.Although
muchof theliteraturefocuseson thedividendyield asa predictorwe areunlikely to losemuch
predictive power, sincedividendyields have no forecastingpower whenthe 1990's areadded

to the sample(seeGoyal andWelch (1999)andAng andBekaert(2001)).

3.1 Portfolio Allocation with Constant Short Rates
3.1.1 Portfolio Weights

Table7 presentequityweightswith arisk-freeassefor the US-UK andUS-UK-GERBench-
mark modelwith u; = uo iImposed. Sinceportfolio weightssumto 1, the remainderof the
portfolio is heldin therisk-freeassetwvhich hasanannualizedeturnof 5% continuouslycom-
pounded. The tablelists portfolio weightsfor a risk aversionlevel of 5. Table 7 shows that

for v = 5 leveragingoccursin regime 2, anda dramaticshift backto cashoccursin the bear
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regime. For example,for the US-UK modelthe investorholds86% US (42% UK) equityin
normalperiodsbut only 28% US (10% UK) equityin regime 1.

In Table 7, standarderrorsaroundthe portfolio weightsare smallerin regime 1 thanin
regime 2. This is becausea much greateramountof the portfolio is held in cashin regime
1, andthe cashreturnis known andconstant.This drivesthe borderline rejectionof the null
hypothesi®f nointernationadiversificationin regime 1 for the US-UK (p-value= 0.06),while
in regime 2 p-valuesarealmosttwice aslarge. For the US-UK-GERsystemwe fail to rejectthe
hypothesighata positionin only US cashor equityis optimal.

AlthoughthellD portfolio weightsarestill weightedaveragesf regime-dependergortfo-
lio weights,they arenow moredissimilarto the portfolio weightsin regime 2 thanthey were
underthe all-equity portfolios of the BenchmarkModel (Tables3 and4). Comparedo Tables
3 and4, the p-valuesof thetestsfor equalitywith thelID weightsarelowerin Table7, yielding
arejectionof aroundthe 7% level in regime 1 for the US-UK system.We now rejectfor both
theUS-UK andUS-UK-GERsystemghat portfolio weightsareequalacrossegimes.Before,
thiswasonly truefor v = 10 for the US-UK system.This evidencesuggestshatthe costsfor
ignoringtheregimesmay be substantiallyhigherwhenrisk-freeholdingsareallowed.

In this system,since cashis the safeasset,the equity portfolio weightsdecreaseas the
horizonincreasesbecausef the Samuelsor{1991)“momentum”effect. Lik e the caseof the
all-equity portfoliosin Section2, this effect is small and statisticallyinsignificantas the bot-
tom panelof Table7 shaws by reportingp-valuesfor testsof intertemporahedgingdemands.
In the presencef a constantrisk-freeinvestmentBalduzziand Lynch (1999) and othersfind
muchlargerintertemporahedgingdemandghanthosefoundhere.This is becaus@ur bench-
markmodelsdo not have a highly correlatedpredictorlik e the dividendyield driving our asset

allocations.The caseof the short-ratepredictingasseteturnsis examinedbelow.

3.1.2 EconomicCosts

Theeconomicostsof following non-optimalstratgiesfor theBenchmarkVodelarepresented

in Table8. For v = 5, the costsof nointernationaldiversificationarecomparablen magnitude
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to the costswith all-equity portfoliosin Table5. In the US-UK-GERmodel,aninvestorwith
aoneyearhorizonmustbe compensate@.94 (1.26) centsin regime 1 (2). This comparedo
costsof 1.19(0.97)centsin regime 1 (2) in Table5 without arisk-freeasset.The costsof not
diversifyinginternationallyremainsubstantialn the presencef investablerisklessbonds but
they do decreas@as~y increasessincetherisklessassebecomesnoreattractve.

Table8 shavsthatthe costsof ignoringregimesarenow dramaticallyhigherthanin theall-
equity case,andof comparablenagnitudeto the costsof no internationaldiversification. For
theUS-UK-GERsystemaninvestorwith arisk aversionlevel of 5 anda oneyearhorizonmust
be compensated.04 (1.16) centsin regime 1 (2) for holdingan IID portfolio insteadof the
optimal regime-dependentortfolios. Thesecostsaremuchhigherthanin the all-equity case
for two reasonsFirst, therisk-freeasseprovidesa surereturnatall times,which is especially
valuablein the down regime. Second,portfolio weightsdiffer more acrossthe regimesand
the lID portfolio weightsare lessaccurateapproximationsof the regime-dependenportfolio
weights.

Finally, the bottompanelof Table 8 shows the economiccostof usinga myopic stratayy.
As in theall-equity casethe costof myopiais negligible, becaus®f the smallandinsignificant

hedgingdemands.

3.2 Portfolio Allocation with Regime-SwitchingShort Rates
3.2.1 Description of the Short Rate Model

To analyzethe effect of time-varying shortrates,we incorporatethe US shortrateasan addi-
tional statevariablein the regime-switchingprocess.In this modelr; is the driving variable
predictingthe assetreturns. We work with two systemsthe first with US and UK excessre-
turns,andthe secondwith US, UK and Germanexcessreturns. We denoteexcessreturnsfor

country;j asgi,, = yl,, — r:, for j = US,UK, GER.
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Excesgeturnsfollow:
Gron = 1 (se1) + 07 (s041)uf- (21)
We alsoexamineregime-dependeriredictabilityin the conditionalmeanwith theformulation:
ggﬂ = Nj(3t+1) + §j(5t+1)7“t + Uj(3t+1)uz+1- (22)

We usea regime-switchingdiscretizedsquareroot procesgCox, IngersollandRoss(1985))to

modelr,:

Ti1 = C(841) + A(Se41)1e + V(Sp41)V/TeUs .- (23)

Thenormallydistributederrorterms{u/, , } j = US,UK, GER,andu;, , arecorrelatedn each
regime.
To illustrate the heteroskdasticityof the covariancematrix (s;,1), considerthe US-UK

systemwherethe covariancematrix of (7,5, 1%, r441)’ is:

(0" (s¢41))° Pus,uk (5141)0" (5111)0" " (5141)  prous(5641)0™ (sp41)0(s111)3/Tt
Pus,uk ($141)0" (041)0"% (s141) (0“* (s41))? Pruk (5¢41)0 " (5p11)0(S041)y/T2
Pryus (5641)0" (8611)0(8041)V/Te Pryuk(5041) 0% (5041)0(8641)y/T v2 (5417t

where p, us(Si+1)s Pruk(se+1) and pus ux(si+1) are the regime-dependentorrelationsof the
short-rateandUS equity, short-rateandUK equity, andUS andUK equityrespectiely.
To completethe modelwe specifythe transitionprobabilitiesfor s; = 1, 2 aslogistic func-

tionsof theshortrate:

: . exp(a; + biry)
p($t+1 = Z|St = /L;It) = 1 +exp(a< +b~7‘t)

(24)
3.2.2 Estimation Results

Table9 reportsparameteestimatesandteststatisticsfor the US-UK shortratesystem'? Here

we summarizehe mainfindings. First, alikelihoodratio testfor b, = 0 in equation(24) hasa
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p-valueof 0.0065.In particular b, is negative andhighly significant.Hencein regime 2, asthe
shortrateincreases transitionto the first regime becomesncreasinglylikely. Consequently
we focuson state-dependemitansitionprobabilities.

Secondwe testwhetheré’(s;) = 0 in equation(22) andfail to rejectthis hypothesiswith a
p-valueof 0.9145.We imposetherestrictionof no predictabilityin the conditionalmeanwhich
improvesefficiengy considerablyandlabelthis modelthe BasicShortRateModelin Table9.

Third, we testwhetherthe conditionalmeandor the US andUK areequalacrossegimes.
Thatis, we testif u/(s; = 1) = p?(s; = 2) for j = US, UK. We label this caseu; = .,
usingthe samenotationasin the BenchmarkModel. We fail to rejectthis hypothesiswith
the likelihood ratio testyielding a p-value of 0.0973. Hence,we imposethis restrictionas
well. Note that the resulting model exhibits non-linearpredictability throughthe transition
probabilitiesratherthanlinear predictabilitythroughthe conditionalmean.

Thebehaior of shortratesandequityreturnsacrosgheregimesis characterizedsfollows.
Similar to what Gray (1996)finds, in the first regime shortrateshave high conditionalmeans
with lowerautocorrelatiorfhighermearnreversion)andhigh conditionalvolatility. In thenormal
regime, interestratesarelower andbehae like a unit root process Sinceb, is neggative, asthe
shortrate increasesn normal periods,a transitionto the first regime becomesncreasingly
likely. In regime 1, equity returnsare much morevolatile and more highly correlatedacross
countries.However, in thisregime,shortratesandequityreturnsaremorenegatively correlated
thanin regime 2. This meanghattwo effectsincreasehe attractvenes®f cashfor investoran
thisregime. First, interestratesarehigherin this regimeandsecondshockso equityandshort

ratesaremorenegatively correlatedn bearmarkets.

3.2.3 Portfolio Weights

Figure5 presentgortfolio weightsasa function of the shortrate andregime for the US-UK
system.PanelA shavsthe assegllocationweightsfor varioushorizonsfor US andUK equity
in regime 1 and2 (andtheremaindeiof the portfolio is heldin cash).Thefiguresshow thatthe

hedgingdemands small,andis only visible for thefirst regime. In regime 2, asthe shortrate
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increasesvestorshold lessequity, butin regime 1 thereis almostno effect of theshortrateon
the portfolio allocations. This is driven by the non-linearpredictabilityin the transitionprob-
ability coeficients. The portfolio holdingsin regime 1 areflat becausehe excessreturnsare
constantandno significantshortrate predictability (b, is small) drivesthetransitionsfrom this
regime. In thesecondegimeb; is highly significantandnegative. As theshortrateincreasesa
transitionto regime 1 becomesncreasinglylikely. As thefirst regime hasmuchhigherequity
volatility, investorsseekto hold lessequityto mitigatethe higherrisk. Notethatequityholdings
for ay = 5 investorareleveragedn thenormalregime.

PanelB of Figure5 depictsthe myopic (1 month)weightswith confidencebands.Both the
US andUK portfolio weightsare not significantly differentfrom zeroin regime 1. In regime
2, thebandstightenasshortratesincreaseandoptimal equity holdingsdecreaseNevertheless,
we only rejectzeroequity holdingsfor the US at shortrateslower than15%.

Figure 6 shows portfolio weightsof the US-UK-GER shortrate system,with p; imposed
equalto p, ata 1l monthhorizon. Sinceintertemporahedgingeffectsarevery small, portfolio
weightsfor all horizonslook very similar to the 1 monthweights.The portfolio weightsmimic
the patternsof the US-UK shortrate systemin Figure 5, but with one additionalfeature. In
regime 2, asthe shortrate increaseghe equity proportionsdecreaseéut the decreaseas not
proportionalacrossthe equity markets. In the normal regime, at low shortrate levels more
UK equityis heldthanGermanequity, but for high shortratelevelsthe amountof UK equity
decreasefasterthanfor Germaly sorelatively more Germanstocksareheld. Thisis because
Germay is preferredrelative to the UK in thefirst regimeandathigh interestratesa transition

to thefirst regimeis morelik ely.

3.2.4 EconomicCosts

Table 10 presenteconomiccompensatiorn “centsperdollar” for the ShortRateModel. We
presentresultsfor both the US-UK and US-UK-GER systemswith a risk aversionlevel of
5. To determinethe costsof no internationaldiversificationwe mustfirst solve a constrained

optimizationproblemwhereinvestorsare permittedto hold only cashandUS equity. This cost
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is not small: at a 12 month horizon, for the US-UK (US-UK-GER) systemthis costis 1.04
(3.39)centsatr; = 5.1% in the normalregime. In the bearregime, mostof the portfolio is
held in cashin the US-UK systemso the costof no overseasnvestments lower. However,
for the US-UK-GER ShortRateModel, the costsof not diversifyinginternationallyin regime
1 arestill considerableAt a 12 monthhorizonatr, = 5.1% the costis 3.33cents becauséhe
optimalportfolio in this regime hasa relatively large amountof Germanequity (SeeFigure®6).
To determinghe costsof ignoringregime switching,we first estimateanddiscretizea one-
regimeversionof the ShortRateModelanddeterminegportfolio weightsfor thismodel. Table10
shawvsthatsimilarto thecaseof theconstantisk-freeassetthecostsof ignoringtheregimesare
substantiahndarelargerthanthecostsof notdiversifyinginternationallyin theUS-UK system.
At aoneyearhorizonthe costsof ignoring regime switchingare 3.31(2.71) centsfor the US-
UK (US-UK-GER)systemin regime2 atr; = 5.1%. Thesecostsarehigh for severalreasons.
First,theconditionallyrisk-freeassets particularlyattractvein thebeamarketregimebecause
interestratesareon averagehigherthannormal,andshocksto shortratesandequity aremore
negatively correlated. Secondthe one-rgime portfolio weightsdo not dependon the short
rate (sinceexcessreturnsareconstantandoptimal portfolio weightsin the secondegime are
decreasindunctionsof theshortrate. This meangheone-rgimeportfolio weightsarenotvery
goodapproximationgor theregime-dependergortfolio weightsoverlow andhighinterestrate
levelsin thenormalregime. Finally, Table10 presentshe economiccompensatiomequiredfor
myopic stratgjies. Lik e the all-equity portfolios andthe constantisk-free assetcase the cost

of myopiais negligible.

4 CurrencyHedging

Oneof the largely unresoled questionsn internationalfinanceis the questionof how much
curreny risk shouldbe hedged Solnik (1998)). Having demonstratethattherearestill signif-
icantbenefitdo diversifyinginternationallyin the presencef regimeswith all-equityportfolios

andwith aninvestableconditionallyrisk-freeassetywe now addresshe questionof the benefits
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of curreny hedgingundera RS DGP. To quantify the role of curreny hedgingwe increase
the assetspaceto include hedgedequity investments We achiere parsimoly by imposingre-
strictionslinking the conditionalmeansandvariancesTo focuson the benefitsof international
diversificationwe work with all-equity portfolios, so thatthe influenceof arisk-freeassetwill
not biasresults. We describethe DGR, which we call the BetaModel, in Section4.1 andwe
discussthe estimationresultsin Section4.2. Section4.3 examinesthe benefitsof curreny

hedging.

4.1 Description of the Beta Model

Oneproblemwith theBenchmarkandShortRatemodelsis their lack of parsimoty. Expanding
themodelsto multiple assetss difficult, sinceary new asseteadsto 4 +2(N — 1) new parame-
ters(two new meanstwo volatilities plusregime-dependertovarianceterms),whereN is the
numberof existing assets.Oneway to deliver parsimoly is to build on the large literatureon
InternationalCAPM'’s (seeSolnik (1974a)and Adler andDumas(1983)). In thesemodels the
expectedreturnon every assetlepend®nits betarelative to theworld marketandon curreny
risk factors!® In contrast,our BetaModel precludeghe pricing of curreng risk but both our
betaswith respecto the world market returnandthe idiosyncraticvolatilities are allowed to
changewith the regime. We apply this modelto both hedgedandunhedgednternationaleq-
uity returns,treatinghedgedandunhedgednstrumentsasseparatassets? We considerboth
US-UK andUS-UK-GERmodels.

Denoteexcessreturnsfor countryj by /,, = y/,, — =, for j = US, UK, GER. Let 3/
denotethefactorloadingof asset ontheconditionalmeanof the excessworld portfolio return

U1 = Yy — e, Wherer, is theUS shortrate. Thefactorloadingfor assey is givenby:

CO\/(QZH, Uih1lSe1)
(0¥ (5¢41))?

5j(3t+1) = (25)

whereo® (s;;1) denotegheregime-dependentolatility of theworld portfolio.
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Excesgeturnsfollow:

Upr = 1 (8e41) + 0" (Se41) €501

?]gﬂ = B (se1) 1 (se41) + ﬁj(5t+l)aw(5t+l)€g}+1 + Uj(5t+1)€i+1 (26)

wheree}’, | ande{+1 areuncorrelatedID N(0,1)variables As in any CAPM-typemodel,higher
betas(covariancesymply higherrisk premiums,but the betas are regime-dependentMore-
over, sincewe assumehattheasset-specifidiosyncraticshocksareuncorrelatedthe modelis
very parsimoniousthe introductionof an extra asseimeansonly four additionalparameterso
estimatefewer if someof the parameterareimposedo be equalacrossegimes.

Finally, to completethe modelwe specify a constantiransitionprobability structureover

two regimess; = 1,2 with P = p(s;1 = 1|s; = 1;Z;) and@ = p(se1 = 2|se = 2, 1).

4.2 Estimation Results

We now qualitatively describethe estimationresultsof the RS BetaModels?!® LiketheBench-
markandthe ShortRateModels,pinningdown estimate®f theconditionalmeanacrossegimes
is hard. Using a likelihoodratio testwe fail to rejectthe hypothesighatthe world meanu® is
equalacrosgegimes(p-value0.0644(0.2435)for the US-UK (US-UK-GER)system).Hence,
we work with amodelwith ¢ (s; = 1) imposedequalto p*(s; = 2). We denotethisrestriction
asuy = p¥. Likewise,usingajoint Wald test,we do not rejectthe hypothesighatcorrelations
of internationalequity returnsare equalacrossregimes(p-value 0.2340(0.6825)for the US-
UK (US-UK-GER)).In commonwith the BenchmarkandShortRateModels,volatility effects
acrossthe regimesare extremely strong,and a likelihoodratio test of equalvolatility across
regimesrejectswith a p-valuecloseto zero.

Thehighervolatility in thefirst regimeis drivenby threeparametersin this regime, world
volatility is higher the 3’sarehigherandtheidiosyncraticvolatilities arehighet thanin regime
2. It is never possibleto rejectthatthe 5’s aresignificantlydifferentfrom 1 in thefirst regime,
but they areoftensignificantlybelown 1 in the secondregime, which is moreinfluencedby the

idiosyncraticshocks.
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The differencebetweenthe unhedgedand hedgedexcessequity returnsin the RS Beta
Modelsis the curreny returncr; 1, which is the excessreturnfrom investingin the foreign
moneg marketandis givenby cry 1 = e + 77 — 1, Wherer; is theshortratein theforeign
countryande; ;1 is the logarithmic exchangerate change. Its expectedvalue, the curreny
premiumE, (cr, 1), isthetopic of alargeempiricalandtheoreticaliterature.Ourmodelimplies
thatconditionalontheregime,thecurrengy premiumis constantput theactualpremiumvaries
overtime with theregime probability. Sincethe 5’s of theunhedgedeturnsarelargerthanthe
(’s of the hedgedreturns,we estimatethe curreny premiumsto be positive in both regimes;
hencaJSinvestorsarealwayscompensatetbr takingforeignexchangeisk. Theunconditional

premiumis approximatelyl.5%to 2% perannumfor boththe poundandthe deutschemark.

4.3 Benefitsof Curr encyHedging

Table 11 shaws the assetallocationweightsfor the RS Beta Models. Like the Simple RS
Models,the proportionof US equity is largerin the first regime. The foreign equity positions
are total positionsof both unhedgedand hedgedequity. We also list the proportionof the
portfolio coveredby a forward contractposition, which is the negative of the proportion of
hedgedoreignequity. In the RS BetaModels, shortpositionsin the forward contractshedge
thecurreng risk of theforeignequity position. Thesepositionsarestatisticallysignificant. The
tablesalsolist hedgeratios,which arethe valueof the shortforward positionasa proportionof
the foreign equity holdings. Our modelsproducehedgeratios of about50%, which arefairly
similar acrosgegimes.

Confirmingpreviousevidencein GlenandJorion(1993),beingableto hedgecurreng risk
impartsfurther benefitto internationaldiversification.ln Table12 the economiccompensation
requiredto notdiversifyinternationallyunderthe RS BetaModelsis higherthanunderthe pure
unhedgedBenchmarkRSModelsin Table5. In thismodelnointernationabiversificatiorrefers
to holding neitherhedgednor unhedgedoreignequity. To obtaina measureof the benefitsof
curreny hedging,we computethe optimal portfolios underthe restrictionthatonly unhedged

equityinvestmentsreavailable.
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The economiccompensatiorrequiredfor holding suchportfolios is listed in the second
panelof Table12. This shownsthatthe costsof not usingcurreny hedginglik e the costsof not
internationallydiversifying,arerelatively large. For a oneyearhorizonwith v = 5, around70
basispointsarerequiredto notengagen curreny hedging.Comparinghetwo panelsn Table
12, curreng hedgingcontributesabouthalf of thetotal benefitof nointernationabliversification

underthe RS BetaModels.

5 Conclusions

Ever sinceSolnik (1974b)demonstratedhe considerabldenefitsof internationaldiversifica-
tion, the academiccommunityhasproposedequity portfolios that are moretilted towardsin-
ternationalsecuritieshanmostinvestorshold. Recently somehave soughtto rationalizethis
reluctanceo hold internationakequitiesby appealingo the existenceof a high correlationbear
regimein internationalkequity markets.

The main conclusionof this article is that the existenceof a high volatility bearmarket
regime doesnot negatethe benefitsof internationaldiversification.To establishthis result,we
introduceregime switchinginto a dynamicinternationabssetllocationsetting.We investigate
a US investorwith ConstantRelatve Risk Aversion(CRRA) utility who maximizesend of
periodwealthanddynamicallyrebalances responséo regime switches.

We estimateregime-switchingmodelson US, UK andGermanequity andfind evidenceof
ahighvolatility - high correlationregimewhichtendsto coincidewith abearmarket. However,
the evidenceon highervolatility is muchstrongerthanthe evidenceon highercorrelation,and
lower meansWithin this setting,we establisithreemainresults.

First, therearealwaysrelatively large benefitsto internationaldiversification althoughsta-
tistically we do not alwaysrejectthe optimality of home-biasegbortfolios. This conclusionis
robust acrossa numberof differentsettingsfrom regime-switchingmultivariatenormalsto a
modelwhereshortratespredictequitiesthroughtheir effect on the regimetransitionprobabili-

ties. In our US-UK-German systemthecostof notdiversifyingoveraoneyearhorizonvaries
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betweerD.94and3.39centsperdollarfor arisk aversioncoeficientequalto 5. We demonstrate
thatwhencurreny hedgingis allowed,theability to hedgeaccountdor half thetotal benefitof
internationaldiversification.

Second,the costsof ignoring regime switching may be small or large dependingon the
presencef a conditionallyrisk-freeasset.The high volatility regime mostlyinducesa switch
towardsthe lower volatility assetswhich arecash(if available),US equity andalso German
equity if available. Hence,thereare somecasesn which the high volatility regime features
moreinternationallydiversifiedportfolios thanthe normalregime. However, in the all-equity
threecountrysystemijt only costsaninvestorwith arisk aversioncoeficient of 5 betweerD.21
and0.38centsperdollar over a oneyearhorizonto ignoreregime switches.Assetallocations
thatareoptimalunderanlID datageneratingprocesgliversifyrisk well in bothregimes.These
resultsare similar to resultsreportedin Das and Uppal (2001) for a model with transitory
correlatedqumps.

When a conditionally risk-free assetis introduced,ignoring regime switching becomes
much more costly and of a similar order of magnitudeasignoring the investmentopportuni-
tiesin overseagquities.Whenthe shortrateswitchesegimesandpredictsequityreturns,cash
becomesvery valuablein the bearmarket regime becausen this regime interestratestendto
be on averagehigherand equity returnsmore negatively correlatedwith the shortrate. This
leadsto very dissimilarassefallocationsacrossthe two regimes. The costof ignoring regime
switchesin the threecountry systemnow jumpsto about2.70 centsper dollar for aninvestor
with arisk aversionlevel of 5 ata oneyearhorizon.

Third, in commonwith the non-parametricesultsobtainedoy domestiacdynamicallocation
studiessuchasBrandt(1999), we find that the intertemporahedgingdemandsinderregime
switchesareeconomicallynegligible andstatisticallyinsignificant. This resultholdsevenwith
a conditionally risk-free assetandwhenthe shortrate predictsequity returns. Investorshave
little to lose by acting myopically insteadof solving a more complex dynamicprogramming
problemfor horizonsgreaterthanoneperiod.

Our resultsremainpremisedon our assumptionswhich include CRRA preferencesthe
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absencef transactiongosts,limited investmenopportunitiesandfull knowledgeon the part
of the investorsof the datageneratingprocess.With transactiongosts,or learningaboutthe
regime, it is lesslikely to be worthwhile for investorsto changetheir allocationswhen the
regime changes.However, differentutility functions,for exampleFirst Order Risk Aversion
(EpsteinandZin (2002)),could potentiallycauseregime switchingto have muchlarger effects
thanin the traditional CRRA utility case.Agentsendavedwith suchpreferenceslislike out-
comedelow thecertaintyequivalent. Hence aswitchtowardsahighvolatility, high correlation
bearmarket regime mightinducea muchlarger“flight to safety” effectthanwith CRRA pref-
erences.Suchpreferenceganbe treatedin the dynamicprogrammingiramevork considered
in this paperasshowvn by Ang, BekaertandLiu (2001).Finally, in this paperonly threedevel-
opedequity marketswith cashcomprisetheinternationainvestmenbpportunityset. Giventhe
presencef multiple multinationalcompaniesn theseparticularstockmarkets, it is likely that
our analysissignificantlyunderestimateshe potentialdiversificationbenefitaf theinvestment

opportunitysetis expandedo includeotherdevelopedandemeging markets.
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Appendix A: Data

Our core datasetconsistsof equity total return (price plus dividend) indicesfrom Morgan Stanlegy Capital
International(MSCI) for the US, UK andGermary. The shortrateis the US 1 month EURO rate. Our sample
periodis from Januaryl970to Decemberl 997 for atotal of 335 monthly returnobsenations. In the ShortRate
Modelsour sampleperiodis from Januaryl 972to Decembefl 997. Thefocusonthe US, UK andGermaty arises
from our desireto selectthe major equity marketsthat canbe consideredo be reasonablyntegratedduring our
sampleperiod. Thisis definitelythecasefor theUS andUK marketswhichat31 July 1998represented9.4%and
10.5%of total market capitalizationrespectiely in theworld MSCI index. BekaertandHarvey (1995)find that
they cannotrejectthatGermauy is fully integratedwith the US during our sampleperiod. SinceJaparunderwent
agradualliberalizationprocessn the 1980 we excludeit from our analysis(seeGultekin, Gultekin,and Penati
(1989)).Adding Germaly bringsthetotal market capitalizatiorrepresentetb 65.5%.We usedollar-denominated
monthlyreturnsin our empiricalwork. Thereturnsshaw insignificantautocorrelationsUnconditionally correla-
tions arepositive andrangefrom 36% for the US andGermaiy to 51%for the US andUK. A full list of sample
statisticds givenin the NBER working paperversionof this article.

The RS BetaModelsof curreny hedginguseexcessreturnsover the 1 monthUS EURO ratefrom January
1975to July 1997. Our hedgedreturnsare constructedusing logarithmicreturns. We defineexcessunhedged
foreign equity returnsas g3, = yZ5” — r, wherey?S” arereturnsin US dollars,andr, is the continuously
compoundedJS shortrate. The excesshedgedoreign equity returnis definedasgy, , = y-5 — r; wherey2G
arereturnsin local curreny andr; is theforeignshortrate(the continuouslycompounded monthforeignEURO

rate).
Appendix B: Mark ov Discretization Under Regimesand Predictability

Underthe caseof regime switchingand predictability we follow TauchenandHussg (1991)by calibrating
an approximatingMarkov chainto the RS DGP. We will discussthe calibrationof the ShortRateModel to the
US-UK, asthe extensionto the US-UK-GERsystemis straightforvard. We first fit adiscreteMarkov chainto the

predictorinstrumentr;, which follows:

rir1 = ¢(St41) + P(se11)78 + v(St41)V/TeU 41, (B-1)

with uj, , ~ N(0,1). Thetransitionprobabilitiesarestate-dependent:

. . exp(a; + b;r
p(si41 =tlse = ;1) = T eipéa' —|—lbt2~f) (B-2)

We first fit a Markov chainto shortratesfor regime 1, thento regime 2, andthen combinethe chainusingthe
transitionprobabilities. From hereonwe usethe word “state” to refer to the discretestatesof the Markov chain

which approximatethe continuoudistribution in each“regime state”,or “regime”. The equity returnshocksare
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correlatedwith the shortrate,but the shortratestatesarethe only driving variablesin the system.We will shov
how to easilyincorporatesquity without expandingthe numberof statesbeyondthoseneededo approximatehe
distribution of r;.

TheideabehindMarkov discretizatioris to choosepoints{r;} anda transitionmatrix IT which approximates
the distribution of r;. We choose{r;} from the unconditionaldistribution of r;. We canthenfind the transition
probabilitiesp;; from r; to r; by evaluatingthe conditionaldensityof r; (which is Normalfrom equation(B-1))

andthennormalizingthe densitiessothatthey sumto unity, thatis

sz‘j =1 (B-3)
J

Any highly persistenprocesssuchasshortratesrequiresa lot of statesfor reasonabl@ccurag. Whena square
root procesds introduced the asymmetryof the distribution andthe requirementhat the statesbe non-neyative
introducefurtherdifficulties.

To aid usin picking anappropriategrid for r; in eachregimewe first simulateouta sampleof length200,000
from equations(B-1) and (B-2), with an initial pre-sampleof length 10,000to remove the effects of starting
values. During the simulationwe recordthe associatedegime with eachinterestrate. We recordthe minimum
andmaximumsimulatedpointsin eachregime. For regime 1, whichis thelesspersistenhigherconditionalmean
regime, we take a grid over points 2.5% higher (lower) thanthe simulatedmaximum(minimum). For regime 2,
the “normal regime” with very low meanreversion,the persistencéeadsusto take a grid startingcloseto zero,
to 2.5%higherthanthe simulatedmaximum. We use50 pointsfor regime 1, and 100 pointsfor regime 2 to take
the strongerpersistencén this regimeinto account.We alsoemploy a stratayy of “over-sampling”from the over-
lappingrangeof the regimesto more accuratelyadjustfor the transitionprocessacrossregimes. We place95%
(90%) of the pointsin regime 1 (2) in theoverlap.

Let {r¥} denotethe statesin regime k. We createthe following partial transition matricesby the method
outlinedabove: from {r}} to {r}}, from {r}} to {r?}, from {r?} to {r}} andfrom {r?} to {r?}. Denotethese
by I, for j,k = 1,2. Therows of eachll;_,; will sumto 1. Thetotal statesfor the Markov chainconsistof
{riHr?1}

DenoteP;; (r) = p(s¢ = k|s¢—1 = j,r:—1 = ), whichis givenby equation(B-2). To mix theIl,_,; matrices
to obtainlI for eachriC we calculaterk(rf) andthenweightthe appropriateow of eachll;_,; to combineinto
I1. For example,for a statein thefirst regime,r;}, we calculatePy (r}) and Pio(r} ). Thenthe appropriaterow
in IT correspondindo r; will consistof Py;(r}) timesthe appropriaterow correspondingo IT; 1, and Pya(r})
timestheappropriateow correspondindo I1; 5.

This Markov chainis anaccurateapproximatiorof the RS processn equationgB-1) and(B-2). In particular
whena sampleof 100,000ss simulatedrom the Markov chainandthe RS processe-estimatedall the parameters

arewell within 1 standarderror of the original parameters Also, the first two momentsof the chainmatchthe
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populationmomentsf the RS procesgo 2-3 significantdigits.

The Markov chainfor r; now consistsof the states{r;} with a transitionmatrix IT which is 150 x 150. To
introduceequity into the chainwe introducethetriplets {(r;, v} v?)} wherey{ arethe equity pointsfor country
j. We choosethe points {yf} approximatingcountry j by Gauss-Hermitaveightsfor the conditionalnormal

distribution for eachregime. In our setupthe equityreturnsfor countryj aregivenby:

?fti+1 = 1 (s141) + 0’ (st+1)u{+1 (B-4)

wherecross—correIationbetweenu{H, Jj = 1,2 anduj, , arestate-dependentin a givenregime, a Cholesly
decompositiorcan be usedto malke a transformationfrom the uncorrelatechormal errors (u; us ug)’ into the
correlatecerrors(e; ez e3)’.

Notethatin thisformulationonly the shortrateis thedriving processandis theonly variablewe needto track
ateachtime t. To accomodatéhe equity stateswe canexpandII column-wise. We choose3 statesper equity,
makingan effective transitionmatrix of 150x 1350wherethe rows sumto 1. (Note,a full 1350x 1350transition
matrix couldalsobe constructedbut the 9 rows correspondingo a particularr; would be exactlythesame.)Each
shortrate stateis associatedvith 9 possibleequity states.The only modificationwe needin the methodoutlined
above is to constructnew partialtransitionmatricessoll; ,; become$0x450,11;_,, become$H0x 900,115,
becomesl50x 450, andI1;_,, becomesl00x900. Thesepartial transitionmatricescan be mixed in the same
mannerasoutlinedbefore.

We find thatthereis a systematidownwardbiaswhentheimplied momentsonditionalontheregime,andthe
unconditionamomentsarecalculatedrom theMarkov chain. Thisresultsfrom theregime-dependemistributions
not beingexactly unconditionallynormallydistributedin eachregimefrom the presencef thesquareoottermin
thevolatility of r;, soGaussian-Hermiteveightswill notbeoptimalin this setting.We make a furtheradjustment
of scalingthe volatility of the US (UK) by 4% (5%) upwards. Our final Markov chainmatcheaneansyariances
andcorrelationgo 2-3 significantdigits.

Whenwe solve the FOC's in equation(6) we find thatstrongpersistencén r; causesomeinstability at very
low (<1.5%)and very high (>28%) interestrates. In theserangesthe portfolio weightsare not as smoothas
the plots thatappeairin Figure(5). At very high interestratesthe portfolio weightsalso startrapidly increasing
for regime 2. Thesedo not affect any solutionsin the middle range. The inaccuraciesrisebecauset the end
of the chains,the Markov chain musteffectively truncatethe conditionaldistributions on the left (right) at low
(high) interestrates. With experimentatiorwe foundthatthe inaccuraciest the endof the chaindecreasasthe

persistencelecreases.
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Notes

!See,amongothers,Longin and Solnik (2001, 1995), Das and Uppal (2001), De Santisand Gerard(1997),
King, SentanandWadhwani (1994),andErb, Harvey andViskanta(1994).

2SeeBarberis(2000),BalduzziandLynch (1999),Liu (1999),CampbellandViceira(1999,2001),andBren-
nan,SchwartzandLagnado(1997).All thesepaperswvork in adomesticsetting.

3For equilibriumapproachesee,amongothers Dumas(1992),Adler andDumas(1983)andSolnik (1974a).

4Liu (1999)and Chaclo andViceira (1999)analyzethe effect of stochastiovolatility on assetallocation,but
notin the contet of regime-switchingmodels.

5|f this assumptions wealkenedthe problembecomesonsiderablymoredifficult. All possiblesamplepaths
mustbe consideredso the statespaceincreasegxponentially asagentamustupdatetheir probabilitiesof being
in aparticularstateat eachtime in a Bayesiarfashion.

SFor portfolios which are not leveraged(so wealthis always positive), an interior solutionto equation(7) is
guaranteedby concaity. In our solutionswe do notimposeary constrainton shortsales.

"In the caseof regime switchingand predictabilitythena; = o (s, z;) andthe FOC's becomeanimplicit
functiondependenbn z, thatis, G = G, ., (6, o). However, theanalysiswith a predictive variableis similar to
thecasepresentedhere.

8To estimateour RS modelswe usethe Bayesiaralgorithmof Hamilton (1989)andGray (1996).

9The RCM is givenby RCM = 400 * ZtT:lpt(l — pt), wherep; is the smoothedregime probability
p(s: = 1|/Zr). Lower RCM valuesindicatebetterregimeclassification.

10 The asymmetricbivariate GARCH model we estimateon US-UK returnsis: ;1 = @ + €141, €141 ~
N(O,Ht+1), Ht+1 =C'C + AIHtAI + B/6t6;B + L/T]tn;L and’/]t = © 1€t<0), with A, B, C, and L lower
triangularmatrices,1 ., <oy avectorof onesor zeros dependingnif theindividual elementsf ¢; arenegative,
ando representglementy elementmultiplication. In estimationtheparameterin L aresignificant.Kronerand
Ng (1998)andBekaertandWu (2000)estimatesimilar models.

11n the casewhereu; # uo boththe effectsof the conditionalcovariancesandthe conditionalmeansplay a
rolein determininghe“safe” asset.

12pgrametetestimatedor the US-UK-GER shortrate systemare available uponrequestbut are qualitatively
similarto the US-UK system.

13pumasandSolnik (1995)find thatexchangeraterisk is pricedin internationakequity markets.
l4SeeAppendixA for a descriptionof the constructiorof hedgedandunhedgedeturns.

15parameteestimatedor the BetaModelsareavailableuponrequest.
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Tablel: US-UK BenchmarkModels

Modell Model Modelll Model 1l
BasicModel Restrictedu; = s ImperfectCorrelation RSARCH
estimate stderror estimate stderror estimate stderror estimate stderror
P 0.8552 0.0691 0.8546 0.0698 0.8556  0.0690 P 0.8555 0.0702
Q 0.9804 0.0108 0.9818 0.0100 0.9804 0.0107 Q 0.9808 0.0108
11 -1.2881 1.1874 1.1613 0.2198 -1.2880 1.1902 uys -0.6439 1.5659
1o 1.2829 0.2287 = 1.2828 0.8629 uye 1.3668 0.2353
us o1 7.0376 0.8629 7.5064 0.9515 7.0374 0.8629 uik -1.3287 2.5763
09 3.7689 0.1677 3.7917 0.1654 3.7691 0.1677 uyk 1.3341 0.3191
o 1.0000 0.0023 (4[1,1] 4.3372 1.5229
I} 1.0000 0.0005 (4][1,2] 1.5160 2.9402
1 -0.6921 2.2627 1.2488 0.3090 -0.7253 2.2696 (4[2,2] 11.3426 4.4303
UK 2 1.3040 0.3141 = U1 1.3043 0.3141 (5[1,1] 3.6269 0.1712
o1 13.7177 1.7558 14.0748 1.8432 13.7184 1.7560 (-[1,2] 0.9876 0.1532
1o 5.2194 0.2376 5.2470 0.2409 5.2197 0.2375 (3[2,2] 5.0538 0.2560
p1 0.6097 0.1022 0.6181 0.1032 0.6096 0.1022 By[1,1] -1.2763 0.7584
P2 0.4455 0.0496 0.4480 0.0491 0.4455 0.0496 Bi[1,2] -1.5202 1.9194
Bq[2,1] 0.3915 0.2907
B1[2,2] 0.7403 0.7284
Bs[1,1] 0.0839 0.1773
Bs[1,2] 0.2426 0.2565
Bs[2,1] 0.0591 0.1601
Bs[2,2] -0.0658 0.1775
RCM 10.7680 10.5040 10.1144 11.7399
logllk -1992.31 -1994.46 -1992.30 -1990.46

BasicModel I: Wald Testsof ParameteEquality

us UK Joint
Meansu, = 9 0.0351 0.3858 0.0975
Volatilities o1 = o2 0.0002 0.0000 0.0000

US-UK correlationp; = p2  0.1556

US, UK referto monthly equity returnswith the subscriptsndicatingwhich regime. RCM refersto the Ang-Bekaert
(2000)regimeclassificatiormeasureRC' M = 400 * % Zthl p+(1 —p¢), wherep; is thesmoothedegimeprobability
p(s: = 1|Zr). Lower RCM valuesdenotebetterregime classification.Log llk denoteghelog likelihoodvalue. The
BasicModel | is a simplebivariateRS modelin equation(15). The Restrictedu; = e modelsetsthe conditional
meanconstantacrossregimes. Model Il usestransitionprobabilitiesspecifiedin equation(16). Model lll, the RS
ARCH model,parameterizethe conditionalvolatility asin equation(17). The A[s, j] notationrefersto theelementn

row 7, columnj of matrix A. A likelihoodratiotestfor the BasicModel A versushe Restrictedu; = ¢ Modell gives
ap-valueof 0.1165. A likelihoodratio testof Model | versusModel Il producesa p-valueof 0.9950. A likelihood
ratio testof Model | versusModel Il producesa p-valueof 0.9853. Wald testsshav p-valuesof parameteequality
for eachcountryacrossegimess; = 1, 2. Subscriptgdenotetheregime.
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Table2: US-UK-GERBenchmarkModels

BasicModel Restrictedu; = u2
estimate stderror estimate stderror
P 0.8305 0.0760 0.8375 0.0714
Q 0.9444 0.0269 0.9503 0.0258
1 -0.1751 0.7966 1.1467 0.2177
L2 1.3546 0.2399 = 1
us o1 6.2463 0.6185 6.4124 0.6490
o9 3.4655 0.1879 3.5086 0.1909
1 0.8124 1.3480 1.1412 0.3143
M2 1.1492 0.3476 = M1
UK o1 10.9400 1.1577 11.0689 1.1928
o9 4.7864 0.2736 4.8285 0.2716
1 0.3473 1.2073 1.0863 0.3040
125 1.1667 0.3735 = M1
GER o1 8.3056 0.7395 8.3744 0.7670
o9 4.7819 0.3206 4.8250 0.3131

( ) 0.5994 0.0751 0.5996 0.0778
pa(us, uk) 0.4056 0.0607 0.4024 0.2669

p1(us, ger) 0.4540 0.1009 0.4627 0.1050
p2(us, ger) 0.2620 0.0742 0.2669 0.0726
p1(uk, ger) 0.4523 0.0917 0.4522 0.0940
pa(uk, ger) 0.4261 0.0622 0.4285 0.0609
RCM 24.4444 24.5422
log llk -3011.36 -3013.52

BasicModel: Wald Testsfor ParameteEquality
us UK GER Joint
Meansuy = po 0.0747 0.8180 0.5559 0.2285
Volatilitieso; = o9 0.0000 0.0000  0.0000 0.0000

US-UK US-GER UK-GER Joint
Correlationsp; = p2  0.0586 0.1709 0.8246 0.2340

The BasicModel is a RStrivariatenormalmodelof US, UK, GER monthly equity returnsasin equation(15). The
Restrictedu; = pe modelimposesthe sameconditionalmeansacrossregimes. RCM refersto the Ang-Bekaert
(2000)regimeclassificatiormeasureC M = 400 * 7 Zthl p(1— pt), wherep, is thesmoothedegimeprobability
p(s: = 1|/Zr). Lower RCM valuesdenotebetterregime classification.Log Ik denoteshe log likelihoodvalue. A

likelihoodratio testof the ;11 = uo in the Basic Model producesa p-value of 0.2289. Wald Testslist p-valuesof

parameteequalityacrosgegimess; = 1, 2. Subscriptglenotetheregime.

46



Table3: BenchmarkJS-UK Model: Weightof the US in All-Equity Portfolios

Risk Aversiony = 5 Risk Aversiony = 10
BasicModel Restrictedu; = ps BasicModel Restrictedu; = po
Horizon Regimel Regime2 Reggimel Regime2 Regimel Regime2 Regimel Regime?2

US Weight
1 0.8587 0.7171 0.9348 0.6726 0.9652 0.7666 0.9999 0.7405
(0.3662) (0.2238) (0.0977) (0.2230) (0.1739) (0.1139) (0.1072) (0.1169)
12 0.8609 0.7297 0.9362 0.6769 0.9697 0.8585 1.0048 0.7769
(0.1919) (0.2067) (0.0997) (0.2203) (0.1773) (0.1229) (0.1010) (0.1063)
36 0.8614 0.7352 0.9365 0.6779 0.9699 0.8744 1.0057 0.7954
(0.3645) (0.2022) (0.0989) (0.2198) (0.1754) (0.1242) (0.1013) (0.1050)
60 0.8614 0.7356 0.9365 0.6779 0.9699 0.8744 1.0057 0.7965
(0.2495) (0.2224) (0.1006) (0.2192) (0.1767) (0.1240) (0.1012) (0.1049)
IID weights 0.7642 0.7642 0.8275 0.8275
Testsfor No InternationaDiversification
1 0.5870 0.2074 0.5044 0.1417 0.8412 0.0403 0.9997 0.0306
12 0.6377 0.1867 0.4836 0.1431 0.8651 0.2456 0.9625 0.0359
36 0.6495 0.2285 0.4920 0.1416 0.8644 0.3128 0.9554 0.0513
60 0.5702 0.2138 0.5334 0.1434 0.8649 0.3117 0.9551 0.0524
Testsfor Equalitywith 11D Weights
1 0.7964 0.8334 0.0808 0.6813 0.4287 0.5926 0.1076 0.4569
12 0.6142 0.8677 0.0845 0.6921 0.4224 0.8009 0.0793 0.6344
36 0.7897 0.8862 0.0815 0.6948 0.4168 0.7055 0.0786 0.7597
60 0.6968 0.8978 0.0867 0.6941 0.4202 0.7050 0.0782 0.7677
Testsfor Regime Equality
1 0.7465 0.1448 0.2977 0.0028
12 0.6087 0.1630 0.3141 0.0446
36 0.7337 0.1691 0.3085 0.0493
60 0.6181 0.1952 0.3116 0.0496
Joint 0.9844 0.2237 0.8047 0.0102
IntertemporaHedgingDemandTests
12 0.9932 0.9736 0.9260 0.9804 0.2971 0.3877 0.9605 0.6707
36 0.8701 0.9609 0.2091 0.2334 0.2091 0.2334 0.9533 0.5377
60 0.9848 0.9547 0.9619 0.9757 0.2358 0.2333 0.9529 0.5294

Assetallocationweightsfor the US from the BenchmarkUS-UK Model. The coeficient of risk aversion~y is set
at either5 or 10. Standarderrorsaregivenin parenthesesThe table shovs weightsfor anall equity portfolio (so
UK weightis 1 - US weight). All reportedvaluesfor the statisticaltestsare p-values. The testfor No International
Diversificationtestswheterthe US weightis equalto 1. Testsfor Equality with IID Weightstestif the portfolio
weightsin eachregime areequalto the lID weights. The Regime Equality testis a Wald Testfor equalityof the US
portfolio weightsacrossregimes. The IntertemporalHedgingDemandTestis a Wald Testto testif the horizonT'
portfolio weightsaredifferentfrom the myopicportfolio weightswithin eachregime state.
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Table4: BenchmarkJS-UK-GERModel: Weightof theUS andUK in All-Equity Portfolio

BasicModel Restrictedu; = ps
Regimel Regime2 Reggimel Regime?2
Horizon us UK us UK us UK us UK
Portfolio Weights
1 0.3714 0.2400 0.7379 0.0574 0.6836 0.0341 0.6144 0.1590
(0.3752) (0.2775) (0.3085) (0.2734) (0.1551) (0.0990) (0.2703) (0.2591)
12 0.3649 0.2426 0.7249 0.0658 0.6839 0.0337 0.6153 0.1572
(0.3799) (0.2801) (0.2983) (0.2636) (0.1532) (0.0978) (0.2716) (0.2601)
36 0.3645 0.2427 0.7238 0.0665 0.6839 0.0336 0.6154 0.1570
(0.3805) (0.2800) (0.3071) (0.2701) (0.1533) (0.0990) (0.2701) (0.2579)
60 0.3644 0.2427 0.7199 0.0682 0.6839 0.0336 0.6154 0.1570

(0.4458) (0.5058) (1.5688) (1.2708) (0.1585) (0.0969) (0.2697) (0.1585)

IID Weights US=0.5889,UK =0.1449 US=0.6491,UK =0.0800
Testsof InternationaDiversification
Stzl St:2 Stzl St:2
1 0.3224 0.0168 0.0000 0.0267
12 0.3367 0.0151 0.0000 0.0265
36 0.3381 0.0184 0.0000 0.0222
60 0.4137 0.6463 0.0000 0.0243
Testsfor Equalitywith 11D Weights
1 0.5621 0.7316 0.6291 0.7491 0.5216 0.3974 0.9185 0.7405
12 0.5555 0.7273 0.6483 0.7642 0.6265 0.4994 0.9673 0.8038
36 0.5553 0.7267 0.6605 0.7718 0.5288 0.2879 0.9717 0.8237
60 0.6146 0.8466 0.9335 0.9519 0.5534 0.3900 0.9691 0.8148

Testsfor Regime Equality

Joint Joint
us UK US UK us UK USUK
1 0.4625 0.6204 0.7570 0.6681 0.5127 0.8064
12 0.4431 0.6126 0.7363 0.6643 0.5057 0.8009
36 0.4865 0.6293 0.7832 0.6974 0.5225 0.8151
60 0.7964 0.8876 0.9554 0.6695 0.5220 0.8141
Joint 0.7713 0.9817 0.9925 0.9649
IntertemporaHedgingDemands
12 0.3915 0.5339 0.8728 0.8435 0.9774 0.9733 0.9040 0.8717
36 0.4224 0.5611 0.9080 0.9246 0.9948 0.9793 0.6989 0.6102
60 0.9675 0.9934 0.9913 0.9936 0.9862 0.9500 0.8622 0.8075

Assetallocationweightsfor the US and UK from the BenchmarkUS-UK-GER Model with the coeficient of risk
aversiony fixedat 5. The casesf unrestrictedneans(Basic Model) and meansmposedequalacrossregimesfor
eachcountry(u1 = us) areshavn. Standarcerrorsaregivenin parenthesesl hetableshavs weightsfor anall equity
portfolio (so GERweightis 1 - US - UK weight). All reportedvaluesfor the statisticaltestsare p-values. The test
for No InternationalDiversificationis a testof the UK and Germanweightsbeingequalto 0, wheres, denoteshe
regime. Testsfor Equalitywith 11D Weightstestif the portfolio weightsin eachregime areequalto thelID weights.
The Regime Equalityis a Wald Testfor equalityof the portfolio weightsacrossegimes. The IntertemporaHedging
DemandTestis a Wald Testto testif thehorizonT portfolio weightsareequalto the myopic portfolio weightswithin

eachregimestate.
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Table5: EconomicCostsunderthe Benchmarkviodel: All Equity Portfolios

Costsof No InternationaDiversification

US-UK Model US-UK-GERModel

vy=25 v =10 vy=25 v=10
T St:]. St:2 St:]. St:2 St:]. St:2 St:]. St:2
1 0.05 0.05 0.01 0.07 0.38 0.04 0.38 0.10
BasicModel 12 0.65 0.62 0.14 0.37 3.03 141 4.06 2.75
36 194 1.90 0.31 0.44 7.56 5.72 12.53 11.08
60 3.23 3.19 0.48 0.61 12.20 10.29 21.72 20.15
1 0.01 0.07 0.00 0.09 0.12 0.07 0.22 0.14
Restricted 12 0.44 0.78 0.26 0.80 1.19 0.97 2.35 1.90
B = 2 36 1.83 2.24 0.90 151 3.31 3.06 6.84 6.32
60 3.29 3.70 1.47 2.07 5.45 5.20 1151 10.96

Costsof Ignoring Regime Switching
US-UK US-UK-GER

Y=25 v =10 Y=25 v =10
T Stzl St:2 Stzl St:2 Stzl St:2 Stzl St:2
1 0.02 0.00 0.10 0.00 0.04 0.01 0.01 0.00
BasicModel 12 0.22 0.05 1.26 0.65 0.38 0.21 0.12 0.07
36 0.55 0.32 4.04 3.55 0.95 0.75 0.36 0.30
60 0.87 0.63 6.92 6.41 151 131 0.59 0.53
1 0.08 0.01 0.16 0.01 0.02 0.00 0.03 0.00
Restricted 12 0.58 0.13 1.65 0.44 0.14 0.05 0.26 0.11
B = 2 36 1.09 0.54 4.84 3.16 0.29 0.20 0.66 0.48
60 1.53 0.97 8.20 6.46 0.44 0.35 1.05 0.87

Costsof UsingMyopic Stratgies
US-UK US-UK-GER

Y=25 v =10 Y=25 v =10
T Stzl St:2 Stzl St:2 Stzl St:2 Stzl St:2
12 0.00 0.00 0.00 0.06 0.00 0.00 0.00 0.00
BasicModel 36 0.00 0.00 0.03 0.14 0.00 0.00 0.03 0.06
60 0.00 0.01 0.07 0.18 0.00 0.00 0.07 0.11
Restricted 12 0.00 0.00 0.00 0.01 0.00 0.00 0.00 0.00
W1 = o 36 0.00 0.00 0.03 0.06 0.00 0.00 0.00 0.00
60 0.00 0.00 0.07 0.11 0.00 0.00 0.01 0.01

Thetablepresentshe“centsperdollar’ compensationequiredfor aninvestorto hold non-optimalstrateyies.
Thefirst panellists coststo hold only US equity (so the portfolio weightis 1 on US equity andzeroon all

otherassets)nsteadof the optimal weights. The secondpanelpresentsoststo ignore regime-switching
useSamuelsors (1969) myopic optimal portfolio weightsin anllD multivariatenormalsettingwith CRRA
utility insteadof the optimal portfolio weights. The last panelpresentsostsrequiredfor aninvestorto use
the myopic 1-monthhorizonweightsfor all horizonsinsteadof the optimal weights. Theregimeis denoted
by St.
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Table7: BenchmarkModels: Equity Weightswith a ConstanRisk-FreeAsset

US-UK Model US-UK-GER Model
Regimel Regime2 Regimel Regime2
us UK us UK us UK GER us UK GER

Portfolio Weights
1 0.2785 0.1039 0.8621 0.4175 | 0.3437 0.0625 0.1589 0.8937 0.1967 0.3553

(0.1410) (0.0564) (0.3362) (0.2513)| (0.1901) (0.0866) (0.1218) (0.3682)  (0.2651) (0.2682)
12 0.2766 0.1038 0.8613 0.4173 | 0.3416 0.0625 0.1583 0.8890 0.1939 0.3339

(0.1398) (0.0559) (0.3946) (0.2685)| (0.1889) (0.0861) (0.1212) (0.3648)  (0.2626) (0.2666)
36 0.2762 0.1037 0.8612 0.4173 | 0.3414 0.0625 0.1582 0.8886 0.1936 0.3338

(0.1392) (0.0556) (0.3526) (0.2427)| (0.1888) (0.0625) (0.1211) (0.3645)  (0.2624) (0.2664)
60 0.2762 0.1037 0.8612 0.4173 | 0.3411 0.0623 0.1587 0.8793 0.1979 0.3338

(0.1398) (0.0560) (0.3482) (0.2551)| (0.1870) (0.0861) (0.1207) (0.3504)  (0.2600) (0.2619)
IID Weights: US UK us UK GER

0.5267 0.2067 0.4695 0.1427 0.2204

Testsof InternationaDiversification

Stzl St:2 Stzl St:2
1 0.0654 0.0967 0.9846  0.9682
12 0.0632 0.1202 0.9847 0.9686
36 0.0620 0.0855 0.9847 0.9686
60 0.0638 0.1019 0.9848 0.9689
Testsfor Equalitywith 11D Weights
1 0.0783 0.0681 0.3185 0.4015 | 0.5079 0.3544 0.6139 0.2493 0.8385 0.4727
12 0.0737 0.0654 0.3965 0.4329 | 0.4982 0.3518 0.6084 0.2502 0.8455 0.4732
36 0.0720 0.0641 0.3428 0.3855 | 0.4974 0.3516 0.6080 0.2503 0.8461 0.4732
60 0.0732 0.0659 0.3368 0.4090 | 0.4922 0.3505 0.6096 0.2422 0.8320 0.4656
Testsfor Regime Equality

Joint Joint
us UK US,UK us UK GER  US,UK,GER

1 0.0142 0.1261 0.0034 0.0099 0.4775 0.2774 0.0128
12 0.0708 0.1579 0.0509 0.0093 0.4816 0.2757 0.0106
36 0.0183 0.1138 0.0073 0.0093 0.4820 0.2756 0.0104
60 0.0147 0.1337 0.0005 0.0069 0.4627 0.2656 0.0091
Joint 0.1468 0.5108 0.0000 0.0000 0.0001
IntertemporaHedgingDemands
12 0.2572 0.8930 0.9962 0.9940 | 0.2453 0.9599 0.4194 0.3418 0.4256 0.5321
36 0.2792 0.9238 0.9813 0.9921 | 0.2454 0.9597 0.4195 0.3429 0.4251 0.5326
60 0.2662 0.8324 0.9910 0.9921 | 0.4596 0.8428 0.8869 0.4314 0.8361 0.8147

The table shawvs assetallocationweightsfor the BenchmarkUS-UK and US-UK-GER systemswith ;11 = ps and- fixed at
5 with aninvestableconstantisk-freeasset.Standarcerrorsaregivenin parenthesesie list weightsfor US andUK equity;
with theremaindeiof the portfolio in arisk-freeassepayinganannualizedontinuouslycompoundedateof 5%. All reported
valuesfor the statisticaltestsare p-values. Thetestfor No InternationalDiversificationis a testof whetherthe UK andGER
weightsareequalto 0, wheres; denotegheregime. Testsfor Equality with 11D Weightstestif the portfolio weightsin each
regime are equalto the IID weights. The Regime Equality Testis a Wald Testfor equality of the portfolio weightsacross
regimes. The IntertemporaHedgingDemandTestis a Wald Testto testif the horizonT" portfolio weightsaredifferentfrom
themyopic portfolio weightswithin eachregime.

51



Table8: EconomicCostsunderthe BenchmarkModel with a ConstanRisk-FreeAsset

Costsof No InternationaDiversification

US-UK Model US-UK-GERModel
¥=2>5 v=10 ¥y=2>5 v=10
T Stzl St:2 Stzl St:2 Stzl St:2 Stzl St:2
1 0.03 0.08 0.01 0.04 0.05 0.12 0.02 0.06
12 0.64 0.91 0.32 0.46 0.94 1.26 0.47 0.63
36 2.36 2.68 1.18 1.34 3.30 3.64 1.64 1.81
60 4.14 4.46 2.05 221 5.72 6.07 2.83 3.00
Costsof Ignoring Regime Switching
US-UK US-UK-GER
¥=25 v =10 ¥y=25 v =10
T St::l St:2 St::l St:2 St::l St:2 St::l St:2
1 0.19 0.08 0.10 0.04 0.07 0.10 0.04 0.05
12 171 1.04 0.85 0.52 1.04 1.16 0.52 0.58
36 4.12 3.30 2.05 1.65 3.32 3.44 1.65 1.71
60 6.48 5.64 3.21 2.80 5.66 5.78 2.79 2.85
Costsof UsingMyopic Stratgies
US-UK US-UK-GER
Yy=5 v =10 Yy=5 v =10
T Stzl St:2 Stzl St:2 Stzl St:2 Stzl St:2
12 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
36 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
60 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

The table presentscents per dollar” compensatiomequiredfor an investorto hold non-optimalstrateyies,

or in otherwordsthe costof the non-optimalstratgy. The first panellists coststo hold only US assets
(so the portfolio weightis zero on overseasequity, non-zeroon the risk-free assetand US equity) instead
of the optimal weights. The secondpanelpresentscostsof ignoring regime-switchingusesSamuelsors

(1969)myopicoptimal portfolio weightsin an1ID multivariatenormalsettingwith CRRA utility insteadof

the optimal portfolio weights. The last panelpresentgostsfacedby aninvestorusingthe myopic 1-month
horizonweightsfor all horizonsinsteadof the optimalweights. Theregimeis denotedy s;.
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Table9: US-UK ShortRateModel Parameters

BasicModel Restrictedu; = p»
St:1 St:2 St:1 St:2
Param StdErr Param StdErr Param StdErr Param StdErr

RegimeProbCoeficients

a 1.4239 1.6568 6.8465 1.7330| 1.4921 1.6075 6.8574 1.6632
b 0.4033 1.8480 -5.0766 1.8696| 0.2793 1.7792 -5.0521 1.7962
ShortRateCoeficients

c 0.0743 0.0417 0.0047 0.0051| 0.0702 0.0428 0.0050 0.0050
10) 0.9158 0.0477 0.9939 0.0094| 0.9078 0.0492 0.9937 0.0093
v 0.1294 0.0123 0.0362 0.0021| 0.1314 0.0126 0.0364 0.0020
US Equity Coeficients

1 -1.0583 0.8050 0.7260 0.2365| 0.5860 0.2228 = 4

o 6.3966 0.6038 3.5677 0.1683| 6.6597 0.6294 3.5753 0.1673

Pr,us -0.3409 0.1091 -0.1897 0.0642| -0.3537 0.1122 -0.1887 0.0640
Pus,uk  0.5958 0.0813 0.4371 0.0539| 0.6189 0.0788 0.4371 0.0535

UK Equity Coeficients
7] -1.5589 1.3493 0.9010 0.3567| 0.7452 0.3410 =1

o 10.7179 1.0082 5.4275 0.2667| 11.0749 1.0441 5.4307 0.2650
Pruk -0.2756 0.1146 -0.0282 0.0660| -0.2891 0.1171 -0.0296 0.0653

RCM 12.10 11.90
loglik -1283.38 -1285.71

The Basic Model estimatesunconstraineatonditionalmeansfor equity. The RestrictedModel setsy; to
be constantacrossregimesfor eachcountry US andUK referto returnsin USD of US andUK equity in
excessof the US shortrate. RCM refersto the Ang-Bekaert(2000) regime classificatiormeasureRC M =
400 * 1 Zthlpt(l — pt), wherep; is the smoothedegime probabilityp(s; = 1|Zr). Lower RCM values
denotebetterregimeclassification A likelihoodtestfor therestrictedu; = p2 modelversugheBasicModel
producesa p-valueof 0.0973.A likelihoodtestfor constaniprobabilities(b; = 0) in the Basicmodelyields
ap-valueof 0.0065.Theregimeis denotedy s;.
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Table10: EconomicCostsunderthe ShortRateModel

US-UK System
St = 1 St = 2
T r=51 r=99 r=148 r=51 r=101 r=15.1

Costsof Not DiversifyingInternationally

1 0.03 0.03 0.03 0.09 0.07 0.04
12 0.73 0.61 0.50 1.04 0.74 0.48
36 2.60 2.19 191 3.03 2.24 1.84
60 4.48 3.91 3.57 4.95 3.91 3.48

Costsof Ignoring Regime Switching

1 0.07 0.07 0.07 0.29 0.24 0.12
12 3.01 1.79 0.32 3.31 2.66 0.82
36 10.88 6.97 1.52 9.54 8.38 2.19

60 18.35 13.01 4.94 15.94 14.90 5.63

Costsof UsingMyopic Stratgies
12 0.00 0.00 0.00 0.00 0.00 0.00
36 0.01 0.01 0.01 0.01 0.01 0.01
60 0.02 0.02 0.02 0.02 0.02 0.02

US-UK-GER System
St = 1 St = 2
T r=51 r=99 r=148 r=51 r=101 r=151

Costsof Not DiversifyingInternationally
1 027 0.27 0.27 0.30 0.30 0.27
12 333 3.33 3.33 3.39 3.38 3.35
36 10.34 10.34 10.34 10.41 10.40 10.37
60 17.84 17.84 17.83 17.90 17.89 17.86

Costsof Ignoring Regime Switching

1 0.16 0.16 0.16 0.28 0.26 0.20
12 272 2.72 2.72 2.71 2.69 2.67
36 847 8.47 8.47 8.46 8.44 8.42

60 14.54 14.54 14.55 14.53 14.51 14.49

Costsof UsingMyopic Stratayies

12 0.00 0.00 0.00 0.00 0.00 0.00
36 0.00 0.00 0.00 0.00 0.00 0.00
60 0.01 0.01 0.00 0.00 0.00 0.00

Thetablepresentscentsperdollar” compensationequiredto accepinon-optimalportfoliosfor the ShortRateModel
wherewe imposeu; = uo for excessequityreturns.We sety = 5. The costof nointernatonabiversificationrefers
to the compensatiomequiredto hold only US equity and cash. For this we needto solve a restrictedoptimization
with zeroweighton overseasssetsTo calculatethe costof ignoringregime switchingwe first estimatea one-rggime
versionof the Short Rate Model and calculatethe implied portfolio weights. We then calculatethe compensation
requirecto hold theseportfolio weightsinsteadof the optimalregime-dependemeights. The costof myopiarefersto
the compensatiomequiredto usel monthhorizonportfolio weightsinsteadof optimal 7" horizonweights. The short
rater refersto annualizeccontinuouslycompoundedalues.Theregimeis denoteddy s;.
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Table12: EconomicCostsof the Curreny HedgingBetaModels

Costof Not DiversifyingInternationally

US-UK-GERModel

US-UK Model
¥y=5 v=10 Yy=5 v=10
T Stzl St:2 Stzl St:2|8t:1 St:2 Stzl St:2
1 0.04 0.09 0.01 0.14 0.17 0.10 0.25 0.19
12 0.74 0.97 0.71 1.36 1.53 1.37 2.65 2.50
36 2.58 2.83 2.84 3.55 443 4.26 7.97 7.81
60 4.46 4.72 5.04 5.76 7.42 7.24 13.56 13.40
Costsof Not Curreny Hedging
US-UK US-UK-GER
¥Yy=5 v=10 Yy=5 v=10
T Stzl St:2 Stzl St:2|8t:1 St:2 Stzl St:2
1 0.02 0.03 0.00 0.08 0.06 0.06 0.11 0.10
12 0.26 0.32 0.38 0.47 0.72 0.74 1.27 1.23
36 0.88 0.95 1.50 1.87 2.22 2.23 3.82 3.77
60 1.50 1.57 2.64 3.02 3.73 3.74 6.42 6.38

Thefirst panelpresentghe compensatiornn “centsperdollar’ requiredfor aninvestorto hold only US equity. The
secondhanelpresentthe compensatiomequiredfor aninvestorto only hold US andunhedgedoreignequityinstead
of the optimalweights.In this casewe solve an optimal assetllocationproblemwith holdingsrestrictedonly to US
andunhedgedoreignequityandfind the compensatiomequiredto hold theseweightsinsteadof the optimalweights,

whichallow curreny hedging.We imposent’ = u¥. Theregimeis denotedy s;.
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Weight of the US

Portfolio Weights

Figure2: Portfolio WeightsChangingy in All Equity Portfolio Models
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Figure3

BenchmarkJS-UK Model

Cost of ignoring regime switching
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Changing the probability P: y= 10, Horizon = 12
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PanelA: Portfolio Weightsat VariousHorizons
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Figure5: Portfolio WeightsUsingthe US-UK ShortRateModel with p; = ps.
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Figure Legends

Figure 1 calculatescorrelationsof the US-UK, conditioningon exceedance$. UK returnsarein USD. We
represenexceedancem percentageaway from the empiricalmean,sofor anexceedancd = +2, we calculate
the correlationconditionalon obsenationsgreaterthan 3 timesthe US mean,and 3 timesthe meanof the UK.
For § = —2, we calculatethe correlationconditionalon obsenationslessthan-1 timesthe US mean,and-1 times
the meanof the UK. The implied exceedanceorrelationsfrom the US-UK BenchmarkRS Model areshawn in
dashedines, andthe correlationsrom the datarepresentetby squares.The exceedanceorrelationfor a normal
distribution andanasymmetricGARCH modelcalibratedto the dataaredravn in dotted-dashednddottedlines,

respectiely.

Figure 2 plotsthe portfolio weightsasthe risk aversiony changest a fixed 12 monthhorizon. The top panel
givestheweightsof the US in regime 1 andregime 2 for the Restrictedu; = 2 BenchmarkJS-UK Model. The
portfolio is all-equity, sothe UK weightis 1 minusthe US weight. The bottompanelshovstheRestrictedu; = o
BenchmarkJS-UK-GERModel. The Germarnweightis 1 minusthe sumof the US andUK weights.

Figure 3 plotsthe “centsperdollar” compensatiomequiredfor ignoring regime switching (holding Samuelson
(1969)1ID portfolio weights)andnot beinginternationallydiversified(holding only the US) astherisk aversion
~ changesWe fix the horizonat 12 months.Thetop panelshavs the BenchmarkJS-UK Model, andthe bottom
panelthe BenchmarkJS-UK-GERModel. We restrict; = p andconsiderall equity portfolios.

Figure4 plotstheweightof the USin the US-UK BenchmarkModel asa function of variousparameterswe fix

~ = 10 andthe horizonat 12 months. The top panelplots the weightsof the US in regime 1 and 2 for changing
P = p(s; = 1|s;—1 = 1) andp,, the correlationbetweerthe US and UK in regime 1. In the bottompanel,the
conditionalmeanand standarddeviation of the US in regime 1 (u; ando; respectiely) arealtered. All other

parameterareheldfixedatthe estimatedraluesfor the BenchmarkJS-UK Model with unrestricted..

Figure 5 plots the optimal US and UK equity allocationsas a function of the shortratefor v = 5. Portfolio
weightssumto 1, sotheremainderof the portfolio is heldin the conditionallyrisk-freeassetin PanelA we shav
theweightsof the US andUK equity in regime 1 for varioushorizons(left graph)andthe weightsof the US and
UK equityin regime 2 for varioushorizons(right graph).In PanelB we shav myopic (1 month)portfolio weights
for the US (left graph)and UK (right graph)with 95% standarderror bounds. Parameteestimatesarefrom the
Restrictedu; = ps US-UK ShortRateModel.
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Figure 6 plotsthe portfolio weightsof US, UK andGERin the ShortRateModel with p; = ps. Wefix vy =5
andthe horizonat 1 month. Thetop panelplotsthe weightsof the US, UK andGermaty in regime 1. Thebottom
panelplots the weightsin regime 2. Portfolio weightssumto 1, so the remainderof the portfolio is heldin the

conditionallyrisk-freeasset.
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