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Abstract

Everyonewho has studiedinternationalequity returnshas noticedthe episodesof high
volatility andunusuallyhigh correlationscoincidingwith a bearmarket. We develop quantita-
tivemodelsof asseteturnsthatmatchthesepatternsn thedataandusethemin two quantitatve
assetllocationanalysesFirst, we shav thatthe presencef regimeswith differentcorrelations
andexpectedreturnsis difficult to exploit with within a global assetallocationframework fo-
cussedn equities. The benefitsof internationaldiversificationdominatethe costsof ignoring
the regimes. Neverthelessfor all-equity portfolios, a regime-switchingstrateyy out-performs
staticstratgiesout-of-sample. Secondwe show thatsubstantiaaluecanbe addedwhenthe
investorchoosedetweencash,bondsandequity investments Whena persistenbearmarket
hits, the investorswitchesprimarily to cash.This desirefor markettiming is enhancedbecause
thebearmarketregimestendto coincidewith periodsof relatively highinterestrates.



1 Introduction

It hasbeerknown for sometimethatinternationakquityreturnsaremorehighly correlatedvith
eachotherin bearmarketsthanin normaltimes(seekrb, Harvey andViskanta, 1994;Campbell,
KoedijkandKofman,2002).LonginandSolnik (2001)recentlyformally establisithestatistical
significanceof this asymmetriccorrelationphenomenon. Whereasstandardnodelsof time-
varying volatility (suchasGARCH models)fail to capturethis salientfeatureof international
equityreturndata,recentwork by Ang andBekaert(2002a)shavs thatasymmetricorrelations
arewell capturedoy aregime-switching(RS) model.

RS modelsbuild on the seminalwork by Hamilton (1989). In its simplestform, a regime-
switchingmodelallowsthedatato bedravn from two or morepossibledistributions(“regimes”),
wherethetransitionfrom oneregimeto anotheiis drivenby therealizationof adiscretevariable
(theregime), which follows a Markov chainprocess.Thatis, at eachpoint of time, thereis a
certainprobability thatthe processawill stayin the sameregime next period. Alternatively, it
might transitionto anothemregime next period. Thesetransitionprobabilitiesmay be constant
or they may dependon othervariables. Ang and Bekaert(2002a)estimatea numberof such
modelson equity returnsfrom the US, Germary andthe UK andfind thatinternationalequity
returnsappeaito be characterizedby two regimes: a normalregime anda bearmarket regime
wherestockmarket returnsareon averagelower andmuchmaorevolatile thanin normaltimes.
Importantly in thebearmarketregime,thecorrelationdbetweervariousreturnsarehigherthan
in thenormalregime.

Regimeswitchingbehaior is notrestrictedo equityreturns:Gray(1996),Bekaert Hodrick
andMarshall(2001)and Ang and Bekaert(2002bandc), amongothers,find strongevidence
of regimesin US andinternationalshort-terminterestrate data. Shortratesare characterized
by high persistenceand low volatility at low levels, but lower persistenceand much higher
volatility athigherlevels. Again,RSmodelsperfectlycapturethesefeaturesf the data.It also
appearghatthe interestrate and equity regimesare someavhat correlatedin time andmay be
relatedto the stageof the businesxycle.

Surprisingly quantitatve assetallocationresearchappeargo have largely ignoredthese
salientfeaturef internationakquityreturnandinterestratedata. The presencef asymmetric
correlationgn equityreturnshassofar primarily raiseda debateon whetherthey castdoubton
the benefitsof internationaliversification,in thatthesebenefitsarenot forthcomingwhenyou
needthemthe most. However, the presencef regimesshouldbe exploitablein anactive asset

! Thisasymmetricorrelationphenomenois notrestrictedto internationaportfolios,seeAng andChen(2002).



allocationprogram. The optimal equity portfolio in the high volatility regimeis likely to be
very different(for examplemorehomebiased)thanthe optimalportfolio in the normalregime.
When bondsand T-bills are consideredpptimally exploiting regime switching may lead to
portfolio shiftsinto bondsor cashwhena bearmarket regime is expected. In this article, we
illustrateconcretelyhow the presencef regimescanbe incorporatednto two assetllocation
programsa global assetallocationsetting(with 6 equity markets,andpotentiallycash)anda
markettiming settingfor US cash bondsandequity.

Thereexistssomerelatedpreviouswork. Clarke andde Silva (1998)shov how theexistence
of two “states”(theirterminology)affectsmeanvarianceassetllocation,but thearticleis silent
abouthow thereturncharacteristicg thetwo stategnaybeextractedirom thedata.Ramchand
andSusmel[1998)estimatea numberof regime switchingmodelsoninternationakquityreturn
data,but do not explore how the regimesaffect portfolio composition.DasandUppal (2001)
modeljumpsin correlationusinga continougstime jump modelandinvestigateheimplications
for assetallocation. However, thesejumps are only transitoryand cannotfully capturethe
persistennatureof bearmarkets. Our work herebuilds mostly on the framewnork developedin
Ang andBekaert(2002a) who investigateoptimalassetllocationwhenreturnsfollow various
regime switching processes.Their article restrictsattentionto returnsfrom the US, UK and
Germayy.

It is importantto realizethat we did not try to mine the dataor attemptedto estimatea
largenumberof differentmodels.Insteadwe proposedwo generaformsof models estimated
thesemodelstogethemwith a numberof simplernestednodelsandperformedassetllocation.
We alsomadea numberof modellingchoicesthat simplified the applicationof our modelsto
assetllocation,eventhoughthey mayaderselyaffect the performancenf themodels.It is our
opionionthatsomavhatmorecomplex RSmodelsmaysubstantiallyoutperformthe modelswe
discusshere.In the conclusionswe reflecton the mostfruitful extensiongo our framework.

2 Data

In our first application,we focuson a universeof developedequity marketsfor a US based
investor Apartfrom North-America(CanadandtheUS), we considethe UK andJaparastwo
large markets, the euro-bloc(which we split into two, large andsmall markets)andthe Pacific
ex-Japan.Table 1 detailsthe countriesinvolved. All dataarefrom the MSCI andthe sample
perioddatesbackto Februaryl975andrunstill theendof 2000. Table2 reportssomesimple



characteristic®f the equity data. We measureall returnsin dollars. Thesereturnproperties
may play a large role in mean-ariancebasedassetllocations.For example,it is immediately
apparenthat the useof historical datamay leadto relatively large weightsto Europesmall,
becausét haswitnessedelatively high returnswith relatively low volatility, primarily because
thesesmall Europearmarketsrepresent very diversifiedportfolio of economicexposures.in
actualassetllocationprogramsconstraintscould be imposedto keepexpectedreturnscloser
to returnsconsistentvith for examplea market capitalizationweightedoenchmarkseeBlack
andLitterman,1992).

In our secondapplication,we restrictattentionto US returns,allowing for the US investor
to time betweencash(one month T-bills), 10-yearbondsandthe US stockmarket. Herewe
have alarge sampleavailablestartingin Januaryl952. The secondpanelin Table2 shows that
bondsearneda premiumof about1.34%over the sampleperiodwith a standarddeviation of
about9%, whereasstocksearneda 7.37%premiumwith a standardleviation of 14.33%.

3 Regime-Switching Beta M odel

3.1 Description of the Modd

To illustrate how regime switching modelswork, we usethe simplestpossiblemodel. We
hypothesizeéhatthereis only oneworld regime, which drivesall othermarkets. The equation
for theworld equityreturn,in excessof the US T-bill rate),is:

Y = " (st) + 0" (s1)€r (1)

Here 1% (s;) denoteshe expectedreturnando®(s;) the conditionalvolatility. Both cantake
on differentvaluesdependingon therealizationof theregimevariable,s;. We assumeéhatthe
regimecanonly take ontwo values,1 and2. Thetransitionbetweerthetwo regimesis governed
by atransitionprobability matrix, which canbe characterizedby two transitionprobabilities:

P = p(sg=1|s4-1=1)
Q = p(s; =281 =2). (2)

If the portfolio manageknows theregime,the expectedexcessreturnfor theworld market
next periodwill beeither:

ef = Pp(sip1 = 1) + (1 = P)p(se1 = 2), 3)



whentheregimerealizationtodayis s; = 1, or

ey = (1= Q)" (st41 = 1) + Qu* (5441 = 2) (4)

whentheregimerealizationtodayis s; = 2.

Theeconometriciamoesnot know theregimeandhewill try to infer from the datain what
regimewe areateachpointby constructingheregime probability, which is the probability that
tomorron’sregimeis thefirst regime givencurrentandpastinformation. In this simplemodel,
hisinformationsetconsistsimply of theinternationakquityreturnsdata.Regime probabilities
play a critical role in the estimationof RS models which usesmaximumlik elihoodtechniques
(seeHamilton, 1994; Gray, 1996; and Ang and Bekaert,2002b)or Bayesiantechniqueqsee
AlbertandChib, 1993).

The modelalsoembeddime-varyingvolatility for the world market return,which consists
of two componentsFor example,if theregimetodayis thefirst regime,theconditionalvariance
for theworld market excessreturnis givenby:

U= P(0"(sp1=1)) + (1= P)(0" (5141 = 2))°
+P(1 = P) [ (5001 = 2) = p* (5001 = 1)]*. )

Similarly, if s, = 2, thenthe conditionalvarianceis:

5 = (1=Q)(0"(s41 =1))* + Q0" (5111 = 2))°
+Q(1 = Q)[1" (ser1 = 2) — p* (se41 = 1)]*. (6)

The first componenin theseequationss simply a weightedaverageof the conditionalvari-
ancesn thetwo regimes;the secondcomponenis a jump componenthat arisesbecausehe
conditionalmeanis differentacrossegimes.

Theeconomianechanisnbehindaworld marketregimeis lik ely theworld businessycle.
Stock markets may be characterizedy larger uncertaintyand lower returnswhen a global
recessions anticipated aswasthe casein 2001. It may bethattherearealsocountryspecific
regimes,but we will notallow regime switchingin idiosyncraticcountrybehaior.?

Instead we modeltheindividual countryexcessreturns,y{ 1, usinga CAPM-inspiredbeta
model:

ygﬂ = (1 - ﬂj)ﬂz + ﬂjﬂw(sﬂ-l) + ﬂj0w(8t+1)€§”+1 + 5j€g+1- (7)

2 Ang andBekaert(2002a)rejectthe presencef a countryspecificregimein the UK in a US-UK model,but it
is concevablethattherearecountryspecificregimesfor othercountries.
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This modelis very parsimoniousandonly requiresthe estimationof the world market pro-
cess,the p* parameterand one betaand an idiosyncraticvolatility per country In a static
world withouttime-variationin interestratesandregime switchesthemodelwouldbea CAPM
model,wherethe ;1* constantidmitsa flatter SecurityMarket Line, for which thereis plenty of
empiricalevidence(seeBlack, JenserandScholes1972for an early example). Theoretically
suchatermcanbe motivatedby the presencef differentialborroning andlendingratesandis
basicallya versionof Black’s (1972)zero-betaCAPM.

With regime switchesthis simplemodelcapturegime-variationin expectedeturnsyolatil-
ities andcorrelationsall drivenby theworld regimevariable. Therearegoodreasongor keep-
ing themodelsimple,becausadditionalflexibility comesattheconsiderableostof parameter
proliferationthatthe datacannothandle. The currentmodelhasonly 19 parametergfor 6 eg-
uity classes).More generalmodels(accommodatingegime switching #, regime switching
betasand/orregime switchingidiosyncraticvolatilities) fit the databetterbut someestimations
areill-behavedandit wasoftendifficult to make inferencesabouttheregimein suchmodels.

Table 3 containsthe actualestimationresultsfor the modelin equationg1)-(7). Thefirst
regimeis a normal,quietregime, whereworld excessreturnsare expectedto yield 0.90%per
month (10.8%annualized, with 2.81%(9.73%annualized)olatility. However, thereis also
a volatile regime (5.04%innovation variance)with a lower mean,namely0.13%. The latter
parameteits not significantly differentfrom zero. The parameten* is also not significantly
positive but it is larger than the expectedexcessequity returnin the low volatility regime.
Consequentlyjtheexpectedreturnsfor high betaassetarelowerthanfor low betaassetsn this
regime (thesecuritymarketline hasnegative slope). Thebetasareestimatedrery preciselyand
their magnitudesseemeconomicallyappealing. The only surpriseis that Japanwhich hasa
ratherlow averagereturnin the data,neverthelesgetsassigned high beta. However, Japan
hasthe highestvolatility of all theequityreturnswe consider(seeTable3), whichthemodelfits
throughahigh betaandahighidiosyncraticvolatility (thehighestidiosyncraticvolatility across
all markets). Moreover, the (1 — /) u* termdecreasethe expectedreturnof Japanwhereast
increasesheexpectedeturnof mostothercountries.Table4 (PanelA) shonvsthattheexpected
returnfor Japanimplied by our modelis the highestof all marketsin the normalregime, but
by far the lowestin the bearmarket regime. The lowestidiosyncraticvolatility is obsenedfor
North Americafollowedby Europesmall,thetwo marketswith the lowestoverall volatility in
thedata.

Figurel shavs the cumulative (total) returnson the 6 marketsover the sampleperiodand



the ex-anteand smoothedegime probabilities. The former is the probability that the regime
next monthis thelow volatility world market regime givencurrentinformation,the latteris the
probability thatthe regime next monthis the low volatility regime givenall of the information
presenin the datasample.Notablehigh volatile bearmarketsarethe early 1980%, the period
right afterthe October87 crash,the early 1990 anda periodin 1999. Overall, the stable(or
unconditional)probability of thenormalregimeis 53%.

Onefeatureof our modelwe have not emphasizeget, is thatit is expressedn termsof
simpleexcessreturns.In otherwork (Ang andBekaert,2002a),we expressedhe model,per
hapsmorereasonablyin logarithmicterms. Logarithmicreturnsconstrainactualreturnsto be
boundedat -100% but complicatethe link betweenthe RS model and expectedreturnsused
in the assetallocationoptimization. Simple excessreturnsalso provide a tighter link with a
standardCAPM model.

3.2 Asset Allocation

Evenin this simple model, the first and secondmomentsvary throughtime. Consequently
investorswith differenthorizonsmay hold different portfolios. However, Brandt(1999) and
Ang andBekaert(2002a),amongothers,shon thatthe differencesacrosstheseportfolios are
not large and we ignorethemin the presentpaper Instead,we usea simple mean-ariance
optimizationwith monthlyrebalancingconsistentvith the datafrequeng.

We have discussedhe conditionalexpectedreturn and conditionalvarianceof the world
market returnabove. To derive the expectedreturnsand covariancematrix for the returnson
the availableassetsywe mustintroduceadditionalnotation. Let the variancecovariancematrix
of our 6 risky securitiesconditionalon today’s regime, be denotedby ¥; = ¥(s; = i), (with
1 denotingthe currentregime) andlet the vectorof excessreturnslikewise be denotedoy e; =
e(sy = 1).

Sincethe meanof the world excessreturnswitchesbetweerregimes,the expectedexcess
returnof country; is givenby (1 — 37)u?* + 37¢¥ for the currentregime :, wheree? aregiven
in equationg3) and(4). Let

b

Bn

for N countries Hence the expectedreturnvectoris givenby:
e; = (1= B)u® + Pey.
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Expectedreturnsdiffer acrossindividual equity indicesonly throughtheir differentbetas
with respecto the world market. In Table4, Panel A, we reportthe implied expectedexcess
returnsfor the six markets. Becausethe betasare closeto 1, the expectedreturnsare close
to oneanotherin the normalregime. In the bearmarket regime, expectedexcessreturnsare
dramaticallylower andthereis moredispersionwith the UK andJapamow having the lowest
expectedexcessreturns. In this regime, the zerobetaexcessreturnis higherthanthe excess
returnon theworld market, causingthe high betacountriesto have lower expectedreturns.

The variancecovariancematrix hasthreecomponentsFirst, thereis anidiosyncraticpart
that we capturein a matrix V, where V' is a matrix of zeroswith (57)? alongthe diagonal.
Secondthedifferencesn systematiaisk acrosghe differentmarketsandthe correlationsare
completelydriven by the varianceof the world market andthe betasasin ary factormodel.
However, becausehe world market variancenext period dependson the realizationof the
regime,we have two possiblevariancematricesfor the unexpectedreturnsnext period:

Qi = (ﬁﬂ,)(gw(st—f—l = 7’))2 + V7 1= 17 2 (8)

Third, the actualcovariancematrix todaytakesinto accountthe regime structuren thatit
depend®ntherealizationof the currentregimeandit addsajump componento theconditional
variancematrix, which arisesbecausehe conditionalmeanschangefrom one regime to the
other As aconsequencehe conditionalcovariancematricescanbe written as:

21 = PQl + (1 - P)QQ +P(1 — P)(€1 - 62)(61 - 62)’
Yo = (I1-Q)%U+Q%+Q(1—Q)(er —e)(er —e2), 9)

wherethe subscriptsndicatethe currentregime.

It is straightforwardto show thatthis modelstructureimpliesthatthe correlationamplied
by ., thenormalregime, will belowerthanthe correlationamplied by €., the high volatility
regime. Ignoring the jump terms,this propertywill beinheritedby >; andX, aslong asthe
regimesare persisten{ P and( aregreaterthan0.5). Table4, Panel A confirmsthatthis is
indeedthe casein thedata.In fact,the correlationsn regime 2 areon averagesome20 percent

higher
The standardptimal mean-arianceportfolio vectoris givenby:
1 -1
w; = _Ez’ €;, (10)
Y

wherey is theinvestorsrisk aversion.



Thereare a numberof wayswe could implementmean-warianceoptimization. The first
issueis that we have to specifythe risk free rate. We chooseto implementa nominalreturn
framework, whereeachmonththerisk free rateis known andtakento be the 1-monthT-bill.
Hencetherisk freeratevariesovertime asweimplementtheallocationprogram.Thetangeng
portfolio, the 100%equityportfolio, will hencemove overtime aswell. For aparticularinterest
ratehowever, thereareonly two optimalall equity portfoliostheinvestorwould choosein this
simpleexample,onefor eachregime. An obvious extensionof the framework is to add state
dependencey usingpredictorvariablesfor equity returns. Our secondapplicationillustrates
this possibility.

A secondissueis that mean-arianceportfolios, basedon historical data, may be quite
unbalancedseeGreenandHollifield, 1992; and Black andLitterman, 1992). Practicalasset
allocationprogramghereforamposeconstraintgshort-sellconstraintgor example)or keepas-
setallocationscloseto the market capitalizatiorweights,by partially usingreverse-engineered
expectedreturns. Although it is possibleto do this in our application,we chooseto not im-
poseconstraintsat all, but we alsoshav the mean-arianceassetallocationsbasedon purely
historicalmoments.

PanelB of Table4 shavs the tangeng portfolios (in regime 1 andregime 2) at aninterest
rateof 7.67%,the sampleaverage.In the normalregime, the portfolio invests42% of wealth
in the US portfolio, which is not too far from the averagerelative market capitalizationover
thesampleperiod. The EuropearandPacific indicesareoverweightedrelative to their market
capitalizations put the UK and Japanesenarkets are underweighted.Thereis even a small
shortpositionfor the Japanesenarket. The high volatility of the UK andJapanesenarketsis
the main culprit. Our modelalsoslightly over-estimateghe correlationbetweenNorth Amer-
ica and Japaneseeturnsrelative to the data,which may explain the shortpositionsin Japan.
In regime 2, the investorswitchesresolutelytowardsthe lessvolatile markets, which includes
North-America.This doesnot meanthe portfolio is now homebiasedbecausé¢heinvestoralso
investsmoreheaily in the Europearmarkets,allocatingmorethan50% of wealthto Europe
small. The shortpositionin Japanis now quite substantialexceeding50%. Whenwe con-
siderthe optimal allocationusingunconditionaimoments(implied from the regime-switching
model), the optimal portfolio is nicely in betweenthe two regime-dependenportfolios, still
underweightinghe UK andJaparrelative to market capitalizationweights.

It is importantto notethattheseportfolios may never be obsered during an actualimple-
mentatiorof theassetllocationprogrambecaus¢he magnitudeof theinterestratemayalsobe



correlatedwith therealizationof theregime, anissuewe addressnoreexplicitly in thesecond
application.

Figure2 shaws the essencef whattaking regime switchinginto accountaddsto standard
mean-arianceoptimization. The solid line representshe frontier usingthe unconditionalmo-
mentsjgnoringregimeswitches.Theotherfrontiersaretheonesapplicablen thetwo regimes.
The frontier nearthe top representshe normalregime. The risk-returntrade-of is generally
betterhere because¢heinvestortakesinto accounthat,giventheregimeis persistentthelik e-
lihood of a bearmarket regimewith high volatility next periodis small. At the averageinterest
rate of 7.67%,the Sharperatio available alongthe capitalallocationline (the line emanating
from therisk free rateon the vertical axistangentto the frontier) is 0.871. In the bearmarket
regime, therisk-returntrade-of worsensandtheinvestorselectsa very differentportfolio, only
realizinga Sharperatio of 0.268with the tangeng portfolio. Whenwe averagethe moments
in thetwo regimes,we obtainan unconditionalfrontier implied from the RS BetaModel. The
bestpossibleSharperatio for this frontieris 0.505. Note thatthe world market portfolio (using
averagemarket capitalizationweights)is inefficient; it is insidethe unconditionalfrontier.

Theoreticallythepresencef two regimesandtwo frontiersmeanghattheregime-switching
investmenbpportunitysetdominategheinvestmenbpportunitysetofferedby onefrontier (see
alsoClarke andde Silva, 1998).In particular in regime 1, if aninvestorheldthe unconditional
tangeny portfolio, averagingacrosgheregimes,this wouldyield a Sharperatio of only 0.619.
The investorcould improve this trade-of to 0.871holding the risk-free assetandthe optimal
tangeny portfolio for this low varianceregime. In regime 2, the unconditionakangeng port-
folio yieldsa Sharperatio of only 0.129,which couldbeimprovedto 0.268holdingthe optimal
tangeny portfolio for the high varianceregime.

However, to concretelyimplementheoptimalassetllocationstrategy, theparametersust
be estimatedrom the available data. Becauseof samplingerror andthe possibility of model
mis-specificationRS modelsmay imperfectly matchthe true state-dependemhoments,and
out-performancéor the RSmodelis no longerguaranteedWe show the resultsof two strate-
gies,bothstartingwith 1 dollar. Thefirst stratgy is an“in-sample” stratgy assuminghatwe
know the parametergstimatedrom thefull sampleandstartstradingin Feb1975.Theregime
stratgy simply requiresthe risk-free rate andthe realizationof the regime. For the first, we
simply take the available one-monthTreasurybill. For the regime realization,the investorin-
ferstheregime probabilityfrom thecurrentinformation. In particular shecomputesPr(s;|I;),
which canbe easilycomputedasa by-productof the optimizationof the RSmodel. Whenthis



probabilityis largerthan1/2, the investorclassifieshe regime as 1, otherwisesheclassifiest
as2.

In Panel A of Table5, we shaw resultsfor risk aversionparametergy) rangingfrom 2
to 10. The non-rggime dependenallocations(static mean-arianceusingmomentsestimated
from data)realizeslightly lower returns,but do so at considerablylower risk thanthe regime-
dependentllocations. Hence,the regime-dependentnodelleadsto lower in-sampleSharpe
ratiosthanunconditionalportfolios.

In PanelB of Table5, we focuson all-equity portfoliosbothin-sampleover thewhole sam-
ple period,andover an out-samplepver the last 15 years. In the out-of-sampleanalysis,the
modelis estimatedup to time ¢, andthe regime-dependerandnon-reyime dependentveights
arecomputedusinginformationavailable only up to time ¢. The modelis re-estimatedvery
month. Thenon-reggime dependenstratgy usesmeansandcovariancegstimatedrom dataup
to time . Our performancecriterion is againthe ex-postSharperatio realizedby the various
stratgies. Over the in-sample,the regime-dependentnodel outperformsholding the market
portfolio, but is in turn outperformedoy the non-regime dependenportfolio. A majorreason
for the underperformanceof the world market portfolio is the presenceof a relatively large
Japanesequityallocationin theworld market. The regime-dependermtortfolios probablyun-
derperformbecausehey aretoo unbalancedielative to the non-regime dependenportfolios.

Over the out-samplefrom Jan1985to Dec 2000, the regime-dependendtrategy’s Sharpe
Ratiois 1.07, more than doublethe out-sampleworld market portfolio SharpeRatio (0.52).
Thisis alsohigherthanthe non-reggime dependengharpeRatio (0.90). Theregime-dependent
stratgy doessowell becaus@ver this sampleperiodthe US marketrecordsvery largereturns
andJapanperformsvery poorly. In fact, the US Sharperatio over the periodis 0.65! In the
normalregime, the all-equity portfolio for the regime-switchingmodelhasa very large weight
on North America(seePanelB of Table4). In the bearmarket regime, the regime-switching
stratgy hasa very large shortpositionin Japanesequities.

Figure3 shovs how wealthcumulatevertime in thesestratayies. The large North Amer-
icanandtheshortJapanespositionsimply thatboththeregime-dependerdandthe non-reggime
dependenstratgyiesout-performtheworld marketandtheNorth Americanmarket consistently
Neverthelessthe out-performanceés particularlystriking for thelast5 years.It is alsooverthe
last 5 yearsthat the RS stratgyy is particularly successfuin out-performingthe non-regime
dependenstratey.

Giventhatthisexampleis highly stylized,andourresultsintimatelylinkedto aperhapspe-
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cial historicalperiod,we do notwantto claim thatthe succes®f the RS stratgy shavn hereis

agoodindicatorfor futuresuccessTheimportantconclusionto draw is thatRS stratgieshave

the potentialto out-performbecausehey setup adefensve portfolio in the bearmarketregime
that hedgesagainsthigh correlationsandlow returns. This portfolio neednot be completely
homebiasedandin ourexamplestill involvessubstantiahetinternationapositions.It is likely

thatin ary practicalimplementatiorof aRS model,which relieslesson historicalmomentspr

is basedon a differentsampleperiod,the optimal portfolioswill be even moreinternationally
diversified.In therecentwork by Ang andBekaert(2002a) this is actuallythe case.

4 Regime Switching Market Timing M odel

4.1 Description of the Model

Ang and Bekaert(2001) point out that thereis significantpredictve power in shortratesfor
future equity premiums.In particular whenshortratesarelow, subsequengéquity returnstend
to behigh. Hence whenabearmarketregimeis expectedtheoptimalassetllocationresponse
maybeto switchto a safeassebr abond. Themodelwe explorein this sectionconsidersasset
allocationamongthreeassets¢ash,a 10 year(constantmaturity) bondandanequityindex (all
for the US). We formulatethe modelin excessreturns. We user; to denotethe risk free rate
(thenominal T-bill rate),r? asthe excessbondreturnandr¢ asthe excessreturnon US equity.
TheMarket Timing Model is givenby:

re = pe(se) + p(se)rier + 6;
re = e(se) + ,Bb(St)Tt—l + 6?
¢ = pe(sy) 4+ B(sy)ri—1 + €, (11)

wheree, = (e} €2 €3)" ~ N(0,A(sy)).

Theshortratefollowsanautorgressve processbhuttheconstantermandtheautorgressve
parametedependntheregime. Countlessarticlesin thetermstructurditerature(for example,
seeGray, 1996;and Ang andBekaert,2002b)have demonstratethat the datasupportsucha
model, whereoneregime capturesnormaltimesin which interestratesare highly persistent
andnot too variable,andanothemregime capturegimesof very variable,higherinterestrates
which revert quickly to lower rates. The excessbond and excessequity returnsfollow the
samestructure. The conditionalmeandependson the laggedshortrate with the dependence
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varying with the regime. However, this dependencés weak, and we fail to rejectthe null
thatthe betasare constantacrossegimes. The variancecovariancematrix is parameterizeds
A(s) = R(s)'R(s:), with R alower triangularmatrix. We canrewrite this modelas:

Y, = p(se) + @(s1)Yie1 + & (12)

whereY; = (ry 1] rf), u(se) = (4" (se) p°(se) p°(s¢))' and

Clearly, agoodmary modelsareaspecialcaseof (12). Themodelaccommodatetsme vari-
ationin expectedreturnsthroughtwo channelsregime changesndinterestratevariation. The
predictive power of nominalinterestratesfor equity premiumshasa long traditionin finance
goingbackto at leastFamaand Schwert(1979). Recently Ang andBekaert(2001)show that
theshortrateis arobustpredictorof excessequityreturnsin 5 countriesandis moresignificant
androbustthatdividendor earningsyields.

Our specificationof transitionprobabilitiesgivesus anotherchannelfor predictability of a
non-linearkind. We specifythetransitionprobabilitiesto be afunctionof the shortrate:

exp(ay + b7y 1)
1+ exp(a1 + bi7ry—1)

exp(ag + bory 1)
1+ exp(ag + bory—1)

Py = psi=1lsi1=1,1;) =

Qi1 = p(se=2lspm1=2,1;4) = (13)

Consequentlythe shortratehelpspredicttransitionsin theregime, providing an additional
channelfor time-variationin expectedreturns. We call the full model, Model I. Becauseof
the presencef non-linearpredictability throughthe transitionprobabilities,we also estimate
a muchsimplermodel (Model II) wherey, and 1, areconstantacrossregimesand §y(s;) =
Be(st) = 0.

The full estimationresultsfor Models| and |l arereportedin Table6. Let’s startwith
the parameterdor the conditionalvariance. Clearly, the secondregime is a high volatility
regime. The standarddeviationsimplied for the interestrate shockare 0.02% per monthin
the first regime versus0.09% per monthin the secondregime; for shocksto the excessbond
return the relative numbersare 6.07% and 13.79%per annumand for shocksto the excess
equity returnthe regime-dependenstandarddeviations are 11.74%and 19.14%per annum.
Consistentvith the previousempiricalliterature theinterestrateis muchmoremeanreverting
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in the first regime, wherethe shortrateis nearlya randomwalk (p is 0.99in the first regime
versus0.94in the secondregime). The drift of the shortrateis higherin the secondregime,
whichhastheimplicationthatinterestraterealizationsn thesecondegimecorrespondo large,
rapidly mean-rgerting, volatile interestrates. The constantandthe betasin the excessreturn
regressionsare estimatedvith mucherror The negative equity betasreflectthe fact that low
interestratesaretypically associateavith high expectedexcessequityreturns.

Thefinal setof parameterarethe transitionprobability parameterandthey arereported
first in Table6. The coeficient b; measureshe dependencef the probability of stayingin
regime 1 ontheinterestrateandthis dependences very significantlynegative. As interestrates
rise, the probability of transitioninginto the secondhigh volatility andbearmarket regime be-
comeshigher Similarly, asinterestratesmove higherwhile in the secondegime, the probabil-
ity of stayingin thatregimeincreasesThis coeficientis only borderlinesignificant. However,
whenwe putbothcoeficientsequalto 0, theresultingmodelis stronglyrejectedoy alik elihood
ratio test.Hence non-linearpredictabilityis animportantfeatureof the data.

Sincethe conditionalmeanparametersre estimatedwith little precision,we considerthe
muchsimplerModelll, wherewe setg,(s;) = B.(s:) = 0 andwe restrictthe bondandequity
returny’s to be the sameacrossregimes. The meanfor the bond excessreturnnow becomes
positive (but still estimatedwith a lot of error), whereaghe meanfor the equity returnsis an
averageof the estimatesof the i’s in the two regimesin Model I. A formal likelihoodratio
testdoesnot rejectthis modelrelative to the moreintricatemodel. In this model,it is alsothe
casethata modelwith constantransitionprobabilitiesis very stronglyrejected.Whatever the
predictabilitypresenin the data,it appearst is bestcapturedby the non-linearpredictability
enteringthroughthetransitionprobabilities.

Notethatthereis only oneregimevariablein this model,andit is likely drivenby regimes
in shortrates. An interestingquestionis whetherregimesin shortratesandequity returnsare
the sameor different. It is actually possibleto testthis conjecturebut we deferthis to future
work. If interestrate and equity returnregimesare both driven by businesscycle variation,
they arelikely positively correlated.Figure4 (secondgraph)shows the ex-anteandsmoothed
regime probabilitiesfor Modell. Notehow thefamous-edexperimentwith monetarytargeting
in 1979-1983s clearlymarkedasa highvolatility regime. Overall, the stationaryprobability of
thenormalregime, Pr(s; = 1), implied by Modell is 0.6851,for Model Il it is 0.7014.These
probabilitieswere determinedby simulatinga very long samplefrom the respectre models.
The third graphin Figure 4 shows simultaneouslythe ex-anteregime probabilitiesfrom the
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interestratemodelandfrom the RS Betamodel. The correlationis not perfectbut it is clearly
positive.

4.2 Asset Allocation

We follow the samemean-ariancestratgy asin Section3.2. The optimal assetallocation
vectoris afunction of the expectedexcessreturnson the two risky assetsthe bondandequity
andtheir covariancematrix. In this model,if therealizationof the regime variablenext period
attimet + 1 is known, the meansaregivenby:

_ (Nb(stﬂ = 1)) <5b(3t+1 = 1))
Mg = + T
pe(sp1 = 1) B(s41 = 1)
Wsiir=2)\  (B(see1 = 2))
2t — + Tt 14
g (msm - 2)) (ﬁ%stﬂ —2) e

However, theexpectedxcesgeturntodaydependenthecurrentregimeandtheprobability
of transitioningto eithera p1; or uy; realization:

e = P+ (1 — Pp)poy
e = (1 — Q)1+ Qefroy. (15)

The conditional covariances(conditionalon the currentregime) can be computedusing the
samereasoningasin Section3.2. DefiningY; = Y(s;;1 = i), asthelower 2 x 2 matrix of
A(si41 = 1), thentheconditionalvariance(conditionalonthe currentregime) matricesfor bond
andequityreturnsy; = ¥(s; = ¢) aregivenby:

Y1 = PY1+(1—-P)Yy+ P(1 — P)(p1r — por) (peae — pror)'
Yo = (1—=Q)Y14+ QYo+ Qu(1 — Q) (pae — fror) (pae — par)'. (16)

To obtainintuition ontheassetllocationweightsfor thismodel,Figure5 graphgheoptimal
assetllocationso bondsandstocks(whichwill addto 1 minustheweightassignedo therisk
freeassethsafunctionof theshortrate(risk freerate)level attheestimategparametersWe set
therisk aversionleveltoy = 5. LetusfirstfocusonModell (whichmaybeover-parameterized)
in thetop panel.

In regime 1, thereis a very clearand almostmonotonepattern. At low interestrates,the
investoressentiallyshortsbondsandinvestsmostof her wealthin stocks. This is becauséhe
equity premiumat low interestratesis positive andlarge but the bondpremiumis negative. As
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theinterestrateincreaseshe bondpremiumincreasegs, is positive) andthe equity premium
decrease§s“ is negative). Moreover, theprobabilitythattheregimewill transitionto thesecond
regime becomesigherandin the secondregime, equitiesarerelatively muchlessattractve.

Wheninterestratescontinueto increase the probability of transitioningto secondregime is

very high andtheinvestorstartsto hedgeagainsthe bearmarket regime by investingin bonds.
At interestrateshigherthan 7%, the investorinvestsin bondsand cashand shortsthe equity
market. For Model | in regime 2, equitiesaremuchlessattractve, but they aremoreattractve

the lower therisk freerate. This is becauseéhe lower therisk free rateis, the lessnegative is

the within-regime equity premiumandthe higherthe probability of transitioningbackinto the

normalregime. Consequentlythe assetllocationpatternis similar to thatobsenedfor regime

1, but it is lessextreme. Note thatfor an empirically relevantrangeof interestrates(between
3% and6%), theshortpositionsarenotthatlarge.

The bottompanelof Figure5 focuseson the more parsimoniousModel II. In this model,
the bondandequity premiumarepositive andidenticalwithin regimes,but of coursevolatility
is muchlargerin thesecondegime. In regime 1, if interestratesarelow enough the investor
will borraw attherisk free rateandinvesta small fraction of her portfolio in bondsandmore
than100%in equities.As interestratesrise, equitiesbecomdessattractive asthe probability of
switchingto the high varianceregimeincreasesBondsalsobecomdessattractve andbecause
the bond premiumis very small, it quickly becomesoptimal to shortbonds. In the second
regime, the investoralways shortsbonds,but the investmentin equitiesis never higherthan
80%. Themainhedgefor volatility clearlyis therisk-freeassetnotabondinvestment.

Becauséhe interestrateis so importantin this model, the optimal assetallocationvaries
substantiallyover time with differentrealizationsof the interestrate. Figure6 shavs optimal
assetllocationweightsfor all threeassetsacrosgime for thefull-sample.lt is assumedhatthe
investoruseshe momentamplied by thefull sampleestimation.The over-parameterizatioof
Modell impliesthatin reality therearequitelarge confidencébandsaroundthe assetllocation
weightsshown in the top panelof Figure 6. The assetallocationsimplied by Model | are
muchmore extremethanthoseimplied by Model I, but the equity allocationstypically move
in similar directionsover time. Note thatat the 1987 crash,the investoris heavily investedin
equity. After the crashthe investorshiftsthis equity portioninto risk-freeholdings.

What performanceas associatedvith the assetweightsshavn in Figure 6? The answer
is in Table7. We shov meanreturns,volatility and Sharperatios for following the optimal
regime-dependengtratgiesfor both modelsand compareit with a stratgy that simply uses
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unconditionalmoments Not surprisingly theModel | strateyy, featuringhighly leveredportfo-
lios, yieldshigherreturnsbut alsomuchmorevolatile returnsthanthe Model Il strateyy, which
in turn delivershigheraveragereturnsbut also highervolatility thana non-regime dependent
stratgy. Thisis truefor all risk aversionlevels. Neverthelessthetwo regime-dependerstrate-
giesyield Sharpeatiosfar superiorto the Sharpeatioresultingfrom thenon-reggimedependent
stratgy. (Thein-sampleSharpeRatiosfor Model I, Model Il andthe non-regime dependent
stratgiesare0.77,0.65and0.51,respectiely.)

This superiormperformancenay of coursebedueto look aheadias,sincewe baseour asset
allocationon full samplemoments.In anactualassetallocationcontext, the parametersiave
to be estimatedwith the availabledata. Thereforewe also consideran out-of-samplesxercise
asin Section3.2, startingin 1985. The resultsarereportedin Table8. Not surprisingly the
Sharperatiosdropfor all stratgiesandbecomequitelow for highly risk aversepeople.Now,
themoreparsimoniousviodel Il is the bestperformingmodelin termsof Sharperatios,andit
appeardo addvaluerelative to unconditionalportfolios even out-of-sample.Figure 7 shavs
thatthe superiormperformances notdueto afew isolatedmonthsin the sample put thatthe last
5 yearsdo play animportantrole in giving the regime-dependergtratgiesan edge. During
theseyears boththeModell andModel Il stratgjiesallocatemoremoney to equityandbenefit
handsomelyrom the US bull market. However, the Model | positionsaremoreleveragedand
althoughthey have higherreturns,they alsohave much highervolatility. In fact, for Model
| with v = 2, the investoractually goesbankruptin the 87 crash,asthe investors leveraged
equity positionat this time exhaustsherwealth.

5 Conclusion

Thereis muchevidencein theacademiditeraturethatbothexpectedreturnsandvolatility vary
throughtime, probablydrivenby thebusinessycle andmonetarypolicy changesMoreover, in
highvolatility environmentsacrosgheworld, equityreturnsbecomanorehighly correlatecand
do not performverywell. If thisis true, active portfolio managemenghouldbe ableto exploit
theseregime changedo addvalue.In this article,we shav how this canbe doneformally. Our
resultsare meantto be illustrative. On the one hand,we exaggeratehe performanceof the
models,becauseave do not take transactiorcostsinto account.On the otherhand,we greatly
underselthe potentialof regime switchingmodels becauseave did notatall try to estimatehe
bestpossiblemodel,or do anextensve modelsearch.
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Thereis along list of extensionghatcanbe accommodateth the frameavork andarelik ely
to improve performanceFirst, equity portfolio allocationprogramgypically arecompensated
basedon tracking error relative to anindex. Therefore,mostactive managemenstartfrom
expectedeturnsaccordingo aBlack-Litterman(1992)or similarapproach{reverseengineered
from thebenchmarkpandonly deviateminimally from thebenchmarkowardsthe predictionsof
a proprietarymodel. Instead we have usedonly historicaldata. However, it is straightforward
to build a Black-Litterman(1992)type equilibriuminto the regime-switchingmodelandinto
the estimationof the parameters.

Secondjn internationalassetllocation,it is oftenthe casethatthe equity benchmarksre
hedgedagainstcurreny risk. Ang andBekaert(2002a)shawv that the regime switching beta
modelcanbe adjustedo allow bothcurreny hedgedandnon-hedgedeturns.In thatcasethe
assetllocationmodelyieldsthe optimalcurrengy hedgeratio.

Third, we have assumedhatthereis only oneregime variable.However, it would beinter-
estingto testwhethertherearecountryspecificregimes,andwhethertheregimesin shortrates
andequityreturnsarelessthanperfectlycorrelated.

Finally, in theoptimizationwe have only focusedonfirst andsecondnomentsbut mary in-
vestorgoreferpositive skewnessanddislike kurtosis.Regime switchingmodelshave non-trivial
higherordermoments pecausehey canbeinterpretedasa modelof time-varying mixture of
normals.For investorswith preferencesmvolving higherordermomentsof returns,RSmodels
areaviablealternatve to consider

Despitethis long agenddfor future researchpur currentresultspoint to two robust con-
clusions. First, whereast is possibleto addvaluein all equity portfolios, the presenceof a
bearmarkethigh correlationregime doesnot negatethe benefitsof internationabdiversification.
Althoughit is likely that portfolios in that regime are more home-biasedthey typically still
involve significantinternationakexposures Secondjt maybemostvaluableto consideregime
switchingmodelsin tacticalassetllocationprogramghatallow switchingto arisk-freeasset.
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Tablel: Compositionof InternationalReturns

North Europe
America UK Japan large

Europe Pacific
small ex-Japan

Canada France
us Germary
Italy

Austria Australia
Belgium New Zealand
Denmark Singapore
Finland

Ireland

Netherlands

Norway

Spain

Sweden

Switzerland

The tablelists the country compositionof the geographiaeturns. Within eachgeographiaegion,
we constructmonthlyreturns,value-weightedn US dollars.
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Table2: SampleMoments

Panel A: International Excess Returns

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

mean 6.55 751 990 6.34 6.80 7.29 5.01
stdey 13.94 1482 21.22 2327 1830 1559 21.50
beta 0.88 1.03 121 0.90 0.89 0.92

CorrelationMatrix:
World N Amer UK Japan Eurlg Eursm Pacific
N Amer 0.83
UK 0.68 0.51
Japan 0.72 0.30 0.40
Eurlg 0.68 045 054 0.45
Eursm 0.80 059 064 051 0.82
Pacific 0.59 0.53 0.50 0.36 0.39 0.53

Panel B: USReturns

Short Excess Excess

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

Thetablereportssummarystatisticsmeanandstandardieviation (stdev) for theinternationatreturns
(panelA) andin theUS (panelB). In PanelA, internationafreturnsareexpresse@ssimplereturnsat
amonthlyfrequeng in percentageandareannualizedy multiplying themean(standardieviation)

by 12 (v/12). Internationakreturnsaredenominatedn US dollars,arefrom MSCI andarein excess
of the US 1-monthT-bill return. Within eachgeographicabrea,the country returnsare value-
weightedby their market capitalizationin US dollarsto form the geographiareareturns.The row

labeledbetais the full-samplebetafor eachcountry’s excessreturnwith the world market excess
return. The sampleperiodfor theinternationaketurnsis Feb1975to Dec2000.In PanelB, theUS

returnsaremonthly, from Ibbotson.Theshortrateis the 1 monthT-bill return,theexcessbondreturn
usedbbotsons10yeargovernmenbondholdingperiodreturn,andtheexcessstockreturnusegotal

returns(capitalgainanddividends)on the S&P500index. Meansareannualizedy multiplying by

12. For the shortrate, the standarddeviation is the standarddeviation of the annualizedmonthly
yield, while the volatility of excessbondandstockreturnsareannualizecby multiplying by v/12.

Auto denoteghe monthlyautocorrelationThe sampleperiodfor the US returnsis Jan1952to Dec
2000.
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Table3: Regime-SwitchingBetaModel ParameteEstimates
TransitionProbabilitiesand u,

P Q Mz
Estimate 0.8917 0.8692 0.74

Stderror 0.0741 0.1330 0.68

World Market

1 M2 01 02
Estimate  0.90 0.13 281 5.04
Stderror 0.32 0.62 0.44 0.55

CountryBetasg

N Amer UK Japan Eurlg Eursm Pac
Estimate  0.88 1.03 1.21 0.90 0.89 0.92
Stderror  0.03 0.06 0.07 0.05 0.04 0.07

IdiosyncraticVolatilities &

N Amer UK Japan Eurlg Eursm Pac
Estimate  2.40 4.50 462 3.87 272 499
Stderror  0.09 0.18 0.19 0.16 0.11 0.20

All parameteraremonthlyandareexpressedn percentagesxceptfor the transitionprobabilities
P and@. Thestableprobabilityp(s; = 1) = 0.5285.
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Table4: Rggime-DependerBetaModel AssetAllocation
Panel A: Regime-Dependent Means and Covariances
Regime-DependerExcesReturns
N Amer UK Japan Eurlg Eursm Pac
s =1 9.64 9.76 9.90 9.65 9.65 9.67
s¢ = 2 3.47 254 142 3.36 3.39 3.22

Regime-Dependentovariances/Correlations

Reggimel
N Amer 1.35 [0.44] [0.48] [0.45] [0.54] [0.38]
UK 0.90 3.08 [0.37] [0.35] [0.42] [0.29]
Japan 1.06 125 3.60 [0.38] [0.46] [0.32]
Eurlg 0.79 092 108 230 [0.43] [0.30]
Eursm 0.78 091 107 0.80 1.53 [0.36]
Pac 0.81 094 111 0.82 0.82 3.33
Regime?2
N Amer 2.37 [0.64] [0.68] [0.65] [0.73] [0.58]
UK 2.10 4.49 [0.58] [0.55] [0.63] [0.49]
Japan 2.47 289 553 [0.58] [0.66] [0.52]
Eurlg 1.83 214 252 336 [0.63] [0.49]
Eursm 1.82 213 250 1.85 2.58 [0.56]
Pac 1.88 220 258 191 1.90 4.45

Panel B: Tangency Portfolio Weights

N Amer UK Japan Eurlg Eursm Pac
sg=1 0.42 0.06 -0.01 0.15 0.31 0.08
st =2 0.79 -0.14 -0.55 0.25 0.54 0.10

Unconditional  0.52 0.04 -0.16 0.18 0.37 0.09
Ave Mkt Cap 0.50 0.09 0.22 0.08 0.08 0.02

Wereporttheregime-dependemheansandcovariance®f excesgeturnamplied by theestimate®f

the Regime-SwitchingBetaModel in Table3. PanelA reportsthe regime-dependerdxcessreturn

meansand covarianceswherewe list correlationsin the upperright triangularmatrix in square
braclets. All numbersare listed in percentagesand are annualized. Panel B reportsthe mean
varianceefficient (MVE) (tangeng) portfolios,computedusinganinterestrateof 7.67%,whichis

the averagel-monthT-bill rate over the sample). The Ave Mkt Cap denoteghe averagemarket

capitalizationaveragedacrosshe sample.
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Table5: Portfolio Allocation with the Regime-SwitchingBetaModel
Panel A: In-Sample Results

Regime-Dependenillocations
Risk Aversion
2 3 4 5 10
26.77 17.22 14.03 12.44 11.49
43.56 21.73 14.46 10.83 8.65
0.44 044 044 044 044

meanret
stdev ret
SharpeRatio

Non-Regime DependenAllocations
Risk Aversion

2 3 4 5 10

meanret 2510 16.39 13.48 12.03 11.15
stder ret 29.43 1469 9.78 7.34 588
SharpeRatio 059 059 059 059 0.59
Panel B: All-Equity Portfolios
In-Sample Out-of-Sample
World Regime  Non-Regime | World Regime  Non-Regime
Market N America Dependent Dependent | Market N America Dependent Dependent
meanret 14.22 15.18 15.43 16.33 13.73 15.84 21.46 20.04
stdev ret 13.85 14.75 15.42 14.60 14.86 15.21 14.51 15.67
SharpeRatio  0.47 0.51 0.50 0.59 0.52 0.65 1.07 0.90

The top panelgivesmeanand standarddeviation of total portfolio returnsusing optimal (regime-
dependentjor an all-equity portfolio and portfolios formed by differentrisk aversionlevels over
thefull sample.We usethe actuall monthT-bill yield attime ¢ astherisk-freeasset.In PanelB,
we look at all-equity portfolio holdingsbothin-sampleandon anout-sampleof thelast 180 months
(Jan1985to Dec2000). Over the out-samplethe modelis estimatedup to time ¢, andthe regime-
dependenandnonregime-dependenteightsarecomputedusinginformationavailableonly up to
timet. Themodelis re-estimatedvery month. Thenon-reggimedependenstratayy estimatesneans
and covariancesrom dataup to time t. The Non-Regime DependentAllocations are computed
with staticone-periodmean-arianceutility, usingthe returnsup to time ¢. The columnslabeled
‘World Market’ and‘US’ referto returnson holdinga 100%world marketand100%US portfolio,
respectiely. All returnsareannualizedandarereportedn percentages.
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Table6: Market-Timing Model Parameters

Modell Modelll
Regimel Reime2 | Regimel Regime?2
a 4.73 -0.93 4.67 -0.83
(0.87) (1.08) (0.84) (1.24)
b -6.25 3.46 -6.06 3.43
(1.85) (1.93) (1.83) (2.04)
u” 0.01 0.03 0.01 0.04
(0.00) (0.02) (0.00) (0.02)
ub -0.20 0.45 0.07
(0.23) (0.89) (0.09)
ue 1.49 1.23 0.68
(0.42) (1.26) (0.16)
p 0.99 0.94 0.99 0.94
(0.01) (0.03) (0.01) (0.03)
el 0.74 -0.34
(0.68) (1.29)
B¢ -2.16 -1.54
(1.22) (1.80)
R,, 0.02 0.09 0.03 0.09
(0.00) (0.01) (0.00) (0.01)
Ry, 0.11 -0.26 0.11 -0.26
(0.10) (0.31) (0.10) (0.31)
Ry 1.75 3.97 1.75 3.97
(0.09) (0.25) (0.09) (0.25)
Re, 0.31 -1.06 0.31 -1.07
(0.19) (0.43) (0.19) (0.43)
Rep 0.63 1.76 0.61 1.73
(0.19) (0.42) (0.19) (0.43)
Ree 3.32 5.13 3.33 5.16
(0.13) (0.32) (0.13) (0.33)

All parameterare monthly andare expressedn percentagesxceptfor the transitionprobability
parameters; andb;. Standarcerrorsarereportedin parenthesesie reportthe Choleslk decom-
positionof A(s;) = R(s:)' R(s:), wheresuperscriptsndicatethe matrix elementsorrespondingo
shortrates(r), long-termbonds(b) andequityreturns(e).
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Table7: In-SamplePortfolio Allocation with the Market-Timing Model

Model | Regime-Dependenllocations

Risk Aversion 2 3 4 5 10
meanret 35.30 25.23 20.20 17.18 11.13
stdev ret 39.06 26.00 19.47 1556 7.74

SharpeRatio 0.77 0.77 0.77 0.77 0.77

Modelll Regime-Dependentllocations

Risk Aversion 2 3 4 5 10
meanret 2452 18.05 1481 12.87 8.98
stdey ret 29.79 19.89 1485 11.87 5.91

SharpeRatio  0.65 0.65 0.65 0.65 0.65

Non Reggime-DependenAllocations

Risk Aversion 2 3 4 5 10
meanret 18.34 1392 11.72 10.39 7.74
stdev ret 25.65 17.07 12.79 10.22 5.10

SharpeRatio 051 051 051 051 051

We presenthemean standardieviation and SharpeRatiosof in-samplereturnsfollowing Model |,
Model Il anda naive non-regimedependenstratgy. All returnsareannualizedandarereportedin
percentages.
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Table8: Out-of-SamplePortfolio Allocation Back-Testingwith the Market Timing Model

Model | Regime-Dependenllocations

Risk Aversion 2 3 4 5 10
meanret 3493 2412 18.71 15.46 8.98
stdev ret 59.42 39.61 29.71 23.77 11.89

SharpeRatio 0.51 048 046 043 0.32

Model Il Regime-Dependentllocations

Risk Aversion 2 3 4 5 10
meanret 25.29 17.69 13.89 11.61 7.05
stder ret 3453 23.02 17.27 13.82 6.91

SharpeRatio 058 054 050 047 0.27

Non Reggime-DependenAllocations

Risk Aversion 2 3 4 5 10
meanret 17.65 12.60 10.07 855 552
stdev ret 26.25 17.50 13.13 10.50 5.26

SharpeRatio 0.48 042 037 0.32 0.07

We presenthemean standardleviationandSharpeatiosof out-of-sampleeturnsfollowing Model
I, Model Il and a naive non-ragime dependenstratay over an out-sampleof the last 15 years
(Jan1985to Dec 2000)are used. Over the out-samplethe modelis estimatedup to time ¢, and
theregime-dependerandnonregime-dependenveightsarecomputedusinginformationavailable
only up to time ¢. The modelis re-estimatedevery month. The non-reggime dependenstratey
estimatesneansandcovariancesrom dataup to time ¢. All returnsareannualizedandarereported
in percentages.
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Figurel: Ex-AnteandSmoothed’roabilitiesof the BetaModel
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Thetop plot shavs theaccumulatedotal returnsof $1 at Jan1975,throughthe sameuntil Dec20000f each
of thegeographiaegions. The bottomplot shavs the ex-anteprobabilitiesp(s; = 1|I;—;) andthe smoothed
probabilitiesp(s; = 1|I7) of beingin the first regime, wherethe first regime is the world low variance
regime.
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Figure2: Mean-Standar®eviation Frontiersof the Regime-SwitchingBetaModel
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We plot the mean-ariancefrontier of regime 1 (the world low varianceregime), regime 2 (high variance
regime), andthe unconditionalmean-ariancefrontier, which averagesacrossthe two regimes. The mean
varianceefficient (tangengyMVE portfoliosfor eachfrontier arealsomarked. The meanandvariancehave
beenannualizedy multiplying by 12. In computingthe MVE portfolios,we assumenannualizedisk-free
returnof 7.67%,the averagel-monthT-bill rate over the sample.We alsomark the positionof the World
Marketasanasterix.
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Figure3: Out-of-SampléNealthfor the Market Timing Model
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We shaw the out-of-samplewealthfor the value of $1 at Jan1985for the Regime-SwitchingBetaModel,
contrastedvith a staticmean-wariancestratayy, andthereturnsfor theworld andUS portfolios.
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Figure4: Ex-AnteandSmoothedProabilitiesof the Market-Timing Model

Market Timing Model

Accumulated Bond and Stock Excess Returns and Short Rates
T T T T T

0.16

0.14

10" | J0.12

e
-

0.08

Log Scale
hort Rate

o
o
>
S|

10.04

Ve TN A T B
’ ’ \\\“L/\Vx/ | L—ShortRate 0.02

L L L I
1955 1960 1965 1970 1975 1980 1985 1990 1995 2000

100k

08 il
|

L f
06 ?

0.4

0.2

— - Ex-ante Prob
—— Smoothed Prob
1 T 1 1 1

1955 1960 1965 1970 1975 1980 1985 1990 1995 2000

Ex-Ante Probabilitiesfrom BetaandMarket Timing Model

Ex-Ante Probabilities from Equity and Market Timing Models
AY AL T
" U\II‘ IX r\/\l I\(\/

|
~I \J |

—— Beta Model
— — Market Timing Model
T T T

1995 2000

Thetop panelshovs the accumulatedeturnsof $1 at Jan1952,throughthe sameuntil Dec 20000f excess
bondandstockreturns togethemwith the monthly (annualized)isk-freeratein thetop plot, andthe ex-ante
probabilitiesp(s; = 1|I;—1) andthe smoothedbrobabilitiesp(s; = 1|I7) of beingin thefirst regime,where
the first regime is the low varianceregime in the bottomplot. The bottom panelcompareshe smoothed
probabilitiesof the Regime-SwitchingBeta Model with the smoothedprobabilitiesof the Market-Timing
Model. The correlationbetweerthe ex-anteprobabilitiesof thetwo modelsis 0.36.
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Figure5: AssetAllocation of the Market-Timing Model asa Functionof the ShortRate
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The figure plots the positionin bondsandstocksasa function of the shortratefor Model | (top plot) and
Modelll (bottomplot).
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Figure6: AssetAllocation of the Market Timing Model AcrossTime
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We shaw the positionin bonds stocksandtherisk-freeasseticrosgime for the full-samplefor Model | (top
plot) andModel Il (bottomplot).
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Figure7: Out-of-SampléNealthfor the Market Timing Model
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We shaw the out-of-samplevealthfor the value of $1 at Jan1985for the Market Timing Model I, Market
Timing Model ll, andthe staticmean-ariancestrateyy.
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