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Abstract
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the underlying number of regimes is explained thwy distributional characteristiosf the
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1 Introduction

Financial asset prices fluctuate in a tick-b¥tifashion in response to a globalized news flow.
The natureand frequency of this flow hasteemendousmpact on the dynamics of financial
markets, asreflected by the evolutions of the major indicesed by financial data providers
and newspaperso summarize the flavor of the financial week. listlsummarizing process,
two kinds of episodesire usually identified and used as labels: a gngwialuationof risky
assets in a lowolatility environmett is referred to as a “bull market”. On the contratbear
market” is the wording usetb describe a period during whidovernmer bonds are used as
safe havens whereas risky assd#diver strongly negative returns and volatility esipeces

a sharpincrease.

This remains, however, a rough simplification ahach more complex reality and the subject
suffers from a lack ofttentiondespite its obvious interest for both acadensesl practi-
tioners. For example, it is essential to mairywvestmeh managers to identify the dawn of
a new bulltrend, especially after a strongly negative bear ketarsuch aghat experienced
during the fourthquarterof 2008 (see for example the Gordy (2000)'s ¢redik analysis,
Christenseret al. (2004) foibank capital requirementsBruche and Gonzlez-Aguado (2010)
or lelpo (2011) in the case of theredit cycle). In the meantime, not every financédset
follows strong andpersistem bull and beamphases: we have limited empirical evidence of the
kind of dynamicsthatdrive for example variousurrencies.The same is true when it comes
to commodities. This article tries to gather ssrassetvidencearound thesemarlet cycles.

A large stream odliteraturebased on Hamilton (1989)'s Markov switching modelirivestigate
the business cycle usually assumes ex ante thmber of regimesagitatingthe economy.
Examplesinclude Goodwin (1993), Ghysels (1994) or Kim axdison (1999). More recently,
researchergurnedto this modelling approach tdocumei the behavior of financial markets.
Ang and Timmermann(2011) provide a survey of thiiterature. Ang and Beckaert (2002)
preset an asset altation strategybased on a MS(2) modelinderpinningthe economic
performance of such a modehencompared to a single regime one. Maheu and uvthC
(2000) presem a variatonof a MS(2) modelthat provides evidence about tlturationof each
market cycle. Chauet and Potter(2000) usethis modelling approach to buildoincidernt
and leading indicators. However, most of thesgcles focus on equity markets. There is a
clear need for empirical works describing acithracterizing financiamarket cycles from a
cross assepersgedive.

Beyond theinsight regarding the time series dynamics of returtids approach suffers from
one drawback: the number of market regimes isnagd before theestimation— even though
we havea limited amourt of information with respect to this. As in tlheisiness cycle case,
many articlesassumethat two regimes are enough to correctly capture thdugeo of the
main equity indices. See for example Al-Anaswah and Wilfling (2D0O%enry (2009), Al-
Anaswah and Wilfling(2011) or Dionne et al. (2011). More recently, Maheu avdCurdy
(2011) describe howxtandingthe assumed number of regimes is essential toumderstand-
ing of financial markets: using large datasebf weekly returns, they estimate a four regime
model, thatinvolves a bull, a bear, bearish bull and a bullish bear regimes. Their model
provides a betterapproximationto the daily reality of portfolio managers, iaslicated by
the various tests considered in thaiticle.



What is more, giverthe complexity and the variety of the informatiorflected in asset
prices, the economicintuition is supportive to the idethatthere are more than just bulls
and bearsin financial markets. This article intends fiba gap: wepreseh and compare
various teststo determine the number of regimes implicit returnsbased on a conditional
density argumetn whenthe underlying model is astandardVarkov Switching model with n
regimes.

A Monte Carlo test showthata test based on the empirical likelihood swefdeads to a
betterestimationof the number of regimes. When turning @itentionto a largedatasebf
weekly returnson several indices, we shalatonly two foreign exchange rates - namely the
Swiss Franc and th¥en versus Dollar - can be modeled byveo-regime MS model. For most
of the assets covered hetbe number of regimes is higher than 2. Tadditionalregimes
are of various natures arabsetdependent. For selected cases, the number ofieegtan be
equal up to 5, as it is the case the US and European High Yield index. We discuss th
persistence and performances under eagime,underlining thatthe bull/bearspecification
may be oversimplifying a complex reality. Aft¢hat, we showthatthe number of states
estimatedhas only a weak link with thelistributional propertiesof returns. Finally, we
provide two differert out-of-sample analyses regarding the important@n@accurate measure
of the right number of regimes. First, we shohatestimating the number oégimes leads to
a better prediction of expecteeéturnsfor many assets. Then, the density forecastmined
with the estimatednumber of regimes arequivalemt or betterthan the ones obtained with
a two-regimemodel.

This article isstructuredas follows: Section 2 presents the underlying rfingenethodology,
jointly with the Monte Carlo evaluation of the tests used to estimidte number of regimes.
Section 3 discusses the elements involved indataset.Section 4 presents a detailed dis-
cussion ofthe results. Section 5 assesses the economic vdlaehigher number of regimes.
Section 6concludes.

2 Testingfor the numbeof regimes implied by financiaé-
turn dynamics

This section is devoted to theresentatiorof the material needed for the tests usedim t
article. First, we briefly review the basics of Hamiltgh989)'s switching model before turning
to the presentatiorof several specificationiests.

2.1 A brief presemation of the Markov Switchingnodel

We provide the reader with a shqutesentationof Hamilton (1989)’'s markov switching
model. This model was initiallyintroducedin the literatureby focusing on the US business
cycle. Its useo estimate the regimes driving financial markets lbeen since developped in
various articles suchs Chauvet andPotter(2000), Ang and Bekaert (2002a,2002b) or more
recently Maheu et al(2011). This time series model aims at modeling astimatingthe
changes in regimethat affect differert kinds of economic series. It relies on thssumption
that the probabilityto move from one regimto another varies over time, while thansition
probabilitiesare constah.



We presert the basidntuitionsusing atwo-regime MS model before turning to a more general
case.Letr; be the logarithmicreturnon a given asset at tintefor the holding periodbetwveen
t- 1 andt. Let s be an integer value variablhatis equal to 1 (respectively 2) éime

t if regime 1 (respectively 2) prevails in the eomy. Giventhatthe regime i prevailsthe
conditional distributionof returns is as follows:

re ~ N (Hi, 0i). (1)
The probability to be in regime 1 at timé& can be writtenas:

P(ss=1)=P(st=1lst-1 = 1) *P(st-1 = 1) + P(st = Ust—1 = 2) xP(s-1. = 2). (2)

P(st = 1st—1 = 1) is assumed to beonstah and equal to p, and (& =2s—-1=1)=1- p.
With a similarargumentP (s = 251 =2) =g and Rs = lsi—1 =2) = 1- . These
transition probabilitiesan be gathered into teansitionmatrix as follows:

= p 1-p ’ ©)

suchthat
Pt = Hpt—l, (4)

with Py = (P (st = 1), P(s¢ = 2))”. The parametersiriving the model are thus th@omens
associated with asseeturnsfor each state and the matriX. The usualestimation strategy
is a maximum likelihood one, based on the filteringpiegach developed in Hamilto(i1989).
This two-regime case can be generalised to-aegime one: in such cass, can takeinteger
values ranging from 1 to n, and thEmatrix becomes a nn matrix.

2.2 Testingfor the numbeof regimesin a MS model

The literature provides us with various tests to estimate number ofelevart regimes
driving time series. Thredypes of tests can be found in tHéerature: (1) penalized
likelihood tests,(2) Kullback-Leibler distance based tests andt€3}s based on the empirical
likelihood surface.

Psaradakisind Spagnolo (2003) consider methods basedoomplexity-penalizedikelihood
criteria. They highlight thatan estimate of the number of reginfess obtainedthrough:

n o
A =argmax_, > logfn, r;0n, - Crdim @) . )

wherelogf, rt;§nk stands for the log-likelihood function ar®) is the parametewector

for a number of regimesyn Crdim (©y) corresponds to th@enalizationfactor. Akaike
(1974, 1976), Schwarz (1978) amtnnan-Quinn(1979) choose differénvalues of @ for
selectingthe most parsimonious correchodel:

— If Cr =1, the Psaradakisnd Spagnolo (2003) approach is closed toAhg;

- IfCr = ZlInT the criterion corresponds to tiBdC;
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— If Ct = cxInIn(T ), c > 1, the approach is similar to théannan-Quinn criterion.
Practicallyspeaking,Psaradakignd Spagnolo (2003) set=1.

Close to the penalized likelihood criterion, thallkack-Leibler divergence is another criterion
proposed in theliterature.Smith et al. (2005) use the followimgiterion:

. X Ty Te+MxK
MSC=-2log f X,0 + = , (6)
tzlStXTt-MXKZ

where log f X, 0 s the maxirr|1qized Iogilikelihood valuét =tr Wt , Wt = diag (Cat,
oGr), 8 = E[ri/A], A = E @2/7)? , and n? is the i-tﬁl elemat of the pirincipal
eigenvector of Br? =’ for the best estimate8? =argmin E - log f X?,0

Another approach to test the number of regimdsased on the empirical likelihood surface
as presented by Hansen (1992). Neverthelesxause ofmportart technical issues (Cho

and White (2007)) and otomputationalburden (Psaradakisand Spagnolo (2003)) of this

approach -especially when it comes to Markov switching modelghathree regimes anore

— we discarded itfmplemenation.

Here, we add a fourth approach, based ago@dness of fit test. It is based on Vuong
(1989)’'s test and is related to Diebold addriano (1995)’'s and Amisano and Giacomini
(2007)'s work. It remains connected to Hansen (1992) and &b White (2007) in so
far as is makes use tiie empirical likelihood surface, while beingpmputationnallyless
burdensome.

Let fny, (rt;§n1) be the likelihood function associated with astimatedMarkov-Switching

modelwith n; states. Leff, (rt;§n2) be a similar quantity in the case of a MS nogi¢h
Ny regimes. 6y, is the vector of thgparameterso be estimatedoy maximum likelihoodn
the nj-regime case. Théwo specifications are compared through their dasedt logdensiy
computed with theestimatedsample. Letz{*"™ be the followingquartity:

z"™"™ =logfn, (r; On,) = 10gFn, (re; On, ).

The approach proposed here is based on the falipteist statistics:

PT an ,np
t=1 &

1
— T

)

tnl ,N2 ~ R
Ongm, T

where T is the total number of available obdBrma in the sample used to estigate plae
rametersand 5, n, a properly selectegstimatorf the standardieviation off T e
Several methods have been proposed inlitbeatureto estimate thestandardleviation. We
propose to use a Newdyed (1987) estimatorby considering differenlags.

Under the null hypothesishatboth models provide aequivalen fit of the returns’ distri-
bution, Amisano and Giacomini (2007)'s Theorem 1 prosidbe asymptotic distributiorof
this teststatistic:

thy.ne ~ N(O, 1). (8)



This test statisticallows us to compare non nested and nested modsts assumehat the
conditions statedin Theorem 1 of Amisano and Giacomini are granbedur case.

The main issue with this kind of testtlsatwhen comparing in-sample fits of tltistribution,
thebiggerthe number oparameterand the better the fit of thaistributionobtained. Hence,
by basingour analysis on an in-sample test of MS models withumber of regimes ranging
between 1 and 10, we are very likely to dedidatthe model with 10 regimes should be
retained for it providesis with the best fit possible. Toircumvert this problem, we propose
retaining the number of regimélsatdelivers the best fit from the previossatistics pint
of view, while being as parsimoniouss possible. We retain the optimal numberregimes,
N, suchthat: typ, , 2 Qy and ty ., A, < 0q, With g, being the quantile for a givensk
level of a%. By doing this, we increase the numberegfimes as long as Htatistically
improves the fit of the returnsdistribution. On the contrary, among of a set sttistically
equivalett models we retain the specification with the Iawesmber of regimes, to avoitdhe
“overfitting” issue.

2.3 A Monte Carlo investigatioof the testmethalologies

Before applying the previous methodologies to a datasebf financial returns,we perform

a Monte Carlo assessmdrof the previous tests. Wegart to gauge the ability of the tests to
estimate the number of underlying regimes when this numieeknown and the model is a
Markov Switching model. Psaradakisnd Spagnolo (2003) provide a similar exercise dr a
vs 2-regimes casale extendthis empiricalassessmdrto a MS model with a higher number
of regimes, asadditional estimationissues are likely to arise in suchsiuation. We use

the specifications presented in Maheu and MaZuf2011) who propose latent4- state
Markov-switching model for weekly stodleturns.This model presents a special interest for
our work, as it differs from the usual bull-bear dyptidiettest would behave very badly if it
was todiagnosetwo underlying regimes when there are indeedre.

The detailedcharacteristic®f the model are provided by Tables (1) and (Bjey illustrate
the componen states of bull and bear market regimes.e Bear and bear rally states —
regimes land2 — govern the bear regime; the bull correctiow &ull states — regimesehd

4 — govern the bull regime. One of the main fezguof alatent4-state model is the possibility
to consider short-termreversals within each regime of the market.r Bmample, the bear
regime ischaracterizedy strong negativareturns— regime 1's averageeturnis equalto
-0.92% — but can exhibipersistem rallies — regime 2's averageturnis equal to 0.23%.
Similarly, even if the long-rurreturnof the bull regime is positive, it can loharacterizedby
negatie returnsduring bull corrections. We also nothatthe bear regime has the highest
volatility while the bull one has the lowest. Theansition probabilitieseflect the strong
persistence of eacktate: for example, state 2 has the highest persiste(p, = 96.80%).
Nevertheless, this state cée transitory: from state 2, the market goes either to sthte
a bear state, with probability of 1.4%, or to state 4, a bull state, withprbability of
1.8%. A similar interpretationcan be reached for bull corrections: in thisecate market
enters a bear regime with @robability equal to 0.9%, or a bull regime, with paobability
equal to 4.8%.The transition probabilitieslisplay also somasymmetries.For example,

1 This is true as long as viedependantly reestimatae competingmodels.



the probability thatthe market switches from a bull phase to a statkaracterizedy low
returnsand high volatilities is close to zero{p= ps1 = 0% and p, = 0.3%) whereas the
probability of switching from a bear phase to a bull marketlise to 7% (p = 6.91%).

According to this specification, we simulate QGtamples of 650 weeks oturns. Thats

12.5 years of returns, which involves, in our vi@mough market episodes to provide us with a
ratherstructuralview about the regimes affecting asseturns.What is more, this sample
size isconsisteh with the realdataset thatve intend to use. For each of the simulated
samples, weeestimatehe MS(i) parametersi, ranging from 1 to 10. Once thearameters
are estimatedwe run each testo select the optimal number k#gimes.

Table (3) provides the results of the diffaréest methodologies. The penalized likelihood-
basedcriteria tends taunderestimatethe right number of regimes: for more than 90% of the
casesthe number of regimes ianderestimatedvhereas the results for the Kullback-Leibler
divergenceare similarly under- oroverestimatedabout 45% of the cases). The likelihood
ratio test at 1%threshold,with a Newey-West variancestimatorcomputed with 0 lag,
appears to be the betst available, with a success ratio equal to 8084. highlighted in
Psaradakisand Spagnolo (2003}he complexity-penalizedikelihood methods fail to correctly
estimate the number of regimes. Tiestsselect theright number of regimes in only 10%
of the cases. Regarding the likelihood ratiot, téhe accuracy obviously depends on the risk
level at which the test is performed. The dowhe risk level, the higher the percentaife
correcly estimatechumber of regimes. This could be relatedthie factthatwith a lower risk
level the test has sendancyto be more conservative and to imposst@ngerpenalization
on a higher order Markov switching model. With10% risk level, the number of cases for
which the number of regimes @werestimateds multiplied by 3 when compared to ad

5% case. For example, with the likelihood ratestt at a 10%hresold, 30% of the number
of regimes areoverestimatedind 10% araunderestimateavhereas at a 5% level, the results
are respectively 12% and 15%.

Given the previous results, we focus on the Ili@bd ratio tests performed with tihéghest
confidence levelthatis 1% in the empiricabpplicationspresentedhereafter.

3 Dataset

The datasetised here jointly with thetatisticaltest presented earlier is made of a wide scope
of financial assets. Every data has been obtaiftech Bloomberg.Thedataseencompasses
four typesof assets:

— Equities: we consider differemypes of equity indices covering differérregions of the
world. First, we consider both large and snbitalizationindices for the developped
world stock market. In the US case, the large caps indekdsen to be the SP500 and
the small cap®neis the Russel 3000. In the EMU case we use Eumostd and the
MSCI small caps EMUIn the emerging case, we focus aittentionon broad indices
that are segregated dependimmgn geographicargumertts. we use the MSCI EM Asia,
Latam andEurope.



— Bonds: we cover thretypes of bond indices in the developpathrket case. The first
one isGovernmett bond indices both in the US and in the EMU cadee $econd and
third onesareinvestmem grade and high yield bond indices for both th& and the
EMU. Theseindicesare Bank of America Merrill Lynch’'sndices.

— Foreign Exchange rates:iraportart part of the financiatransactionground the world
come from the FXinvestmem universe. We retained four key exchange rdtestheir
ampleliquidity and well known economic interest: the Euro, We:, the Swiss Franc
and theBritish Pound against thBollar.

— Commodities: we uskvo additionalseries ofreturnsfrom the commaodity universe. We
focuson the NYMEX crude oil index and on the Dow Jeneroad commodity index.
The secondndexis a diversified indexepresentinghe whole commodity markets, as
it includes both hardand soft comnodities.

The dataset starten April 3, 1998 and ends on December 12, 2010s Pleriod was selelected
asit stands a good chance of beirigtionary: this period is at the end of thiisinflationnary
periodthatstartsin 1979 with the Volcker era — which is essentiatérms of bondsbehavior
—and it covers thenoment when China joined the World Trad®rganization- which is likely

to haveatremendousmpact in terms of emerging world related assftke data frequency
is weekly: as we focus on regimes, we need td &nough persistence in assatsturnsto
obtain reliable estimatesf the MSparametersThe weekly frequency offers a balanced mix
between non Gaussiareturnsand a stronger persistence than daily data. As ihdédiaand
McCurdy (2000) or in Maheu et a{2011)therisk-free rate is not isolated from the equity
and commodityreturns.On the contrary, in the case of the fixed incoméserse, we focus
on returnsin excess of the money markeate.

Descriptive statisticsare presented in Table (4). Data are sortedhély tSharpe ratio. From
March 1998 to December 2010, tHavestmeh Grade EMU bonds areharacterizedy the
highest return by unit of risk, its Sharpe ratio being equal t@81. On the contrary, the
exhange rate Swidgancagaints US Dollar presents the lowest Sharpe,rafial36. Broadly
speaking, the bonds, higheld EMU excepted, have a higher Sharpe Ratio eval®.2 —
than the equities, MSCI ENMatam excepted. That meansthat, in the considered period,
it was moreinterestingto invest inbondsthanin equities : the risk premium per unit of
risk was the highest. All the considered hexgye rates, Euro against US Dollar excepted,
are characterizethy a negative Sharpe Ratio: thetum per unit of risk is negative. In
addition tothat, all the assés presert a negative skewnesegflecting the asymetry of their
distribution. The positive excess kurtosis, from 0.26 for wissFHanc against Dollarto
25.16 for the high yield US bonds, underlines thiek tails of the assetdistributions.

4 Empirical Results

4.1 Main Results

The main results of our test methodology ares@nted in Figure (1). This figure provides
the estimatechumber of states for each asset of our sanfpligwing the likelihoodratio



methodology, computed at the 1% threshold famda Newey-West variancestimator with

0 or 10 lags. The main conclusiontilsatmore thantwo states generally explain asgeturn
dynamics.The outcomes from ouwstatisticaltests showhattwo regimes provide aaccurate
description of the behavior oéturnsonly in the case of the exchange rates, the coritieed
and the investmen grade US and EMU bonds. On thentrary, every equity indices is
characterizedy three regimes. Figure (1) also shdst5 regimes are required to capture
the dynamics of thénigh yield bonds.

In addition tothat,the number of regimes does not strongly depentherway we compute
the variance of the likelihood ratio.Consisteh with Table (3), not considering lags in the
Newey-Westvariance egdimator increases the number of states for a few assetspared to
the Nevey-Westvariance estimatorcomputed with 1@®ags.

To check the robustness of this conclusion, pegorm a rollingestimationwith a rolling
window whosestartingdate is April 03, 1998 andhat ends fromFebruary02, 2007 to
December 31, 2010. Table (5) providestimationsof the number of regimes for various sub-
periods, thatis 2007-2008, 2009-2010 and 2007-2010. We findtthe number of regimes
is stable overthe seleded periods. Most of the assets have the saomaber of regimes
regardless of theperiods. For example, Table (5) showkat, in the case of the likelihood
ratio test, with a Neay-Westvarianceestimatomperformed with 10 lags, Govt. Debt EMU is
always driven bytwo regimes andhat Eurostoxx ischaracterizedby a three-regime dynamics.
However, moderate differences can be also higtdiy The SP 500 Index dharaderized
by 2 regimes from 1998 to 2010, howevethird state seems to hrelevart for the rolling
windows 2007-2010 and 2007-2008. Similar reswdte provided by the likelihood ratio test,
with a Newey-West variancestimatorperformed with Qdag.

4.2 Does the numbepof regimesdepend onthe returns’ distributional
characteristics?

This subsection tackles the issue of the relatimtweendistributionalproperties of financial
seriesand the number of regimes: it is possililkat additionategimes are necessary to
accourt for strongly non Gaussiameturrs distributions. We solve this issue by performing
a multivariate probitregression of the number of regimes implicit asset returns on key
statisticsdescribing the distribution of the returns. The probit regression can be described
as follows. The number of regimes fongssenij,is related to the random variab(a-’)
which is unobserved and specified é\’szn ‘,‘zlmfu + i, wheref,; stands for thecertered
momert of order |, for thereturnsof the assé¢ i. To take intoaccount the distributional
characteristicof the distribution,the factorsf,; correspond to the volatility, the skewness
and the kurtosis of eaclreturn. ; is a Gaussian variable with mean 0 and variasteThe

thresholds ofhe latentvariable arecharacterizeds follows:

O - >
~ 1 if njswv
52 0f vi<nls v,

N = ) (9)
- K if w-1< I'Ii?
The unknown parameters:, ¢ and (v,-)j:1
likelihood function associated {@y);.

k-, are estimatedby maximizing the log-



Consisteh with this model, Table (6) shovihatthe number of states does not depend
on the distributional characteristics, bint the case of a high number sffates, thats 4

to 5 regimes,as the t-value relative to the threshold betwek or 5 states is equal to 2.9.
In addition tothat, thetable highlightsthat, when the number of states depends on the
distributional characteristics, nomé the factors — volatility, skewness or kurtosi appears

to berelevart at the 5%threshold.

4.3 Whatis the rationale behind model with more thak regime®

This subsection discusses the economic rationéle Markov switching model with more than
two regimes. Tables (7) and (8) provide ttmansition probabilitieand thedistributional
characteristicdor each asset of owlatasetand for each regime. Assets are sorted by their
number ofregimes,estimatedwith the likelihood ratio test, performed with Newey-West
variance estimator computedith 0 lag.

The assets driven by a 2-regime model raher characterizeuay two very stable regimes.
For example, thgorobability thatthe DJ Commodity Index remains in regime 1 at tirrel,

if this regimeprevails at timet, p11, is equal to 0.99. Similarly, »p = 0.93. Similar results
are obtained fothe governmen debt EMU, theinvestmemh grade US and the exchange rate
Euro against Dollar. Onhe contrary, for Swiss Franc and Yen againstlldDo one very
stable regime prevails. For example, for Yenimgf Dollar, p. = 0.99 whereas ;p = 0.57.
Our conclusion is the followingbroadly speaking, these assets atearacterizedby one
main regime. Only major crisis, like the 2008aiicial crisis, induce changes in the market
conditions for a limited period of time. Figuré2) and (3) illustratethis point. In terms of
market characteristicsthe stable regimes of Swiss Franc a&fh against Dollar correspond
to bull market periods. For Swiss Franc; # 3% andoy = 0.22. Similar results are
obtained for Yen against US Dollar. For the otlessetscharacterizedy a 2-regime model,
the two regimes are related to bull and bear markets. ifstance, for thedJ Commodity
Index, the bullmarlet is characterizedy high averageeturnsand low volatility, 4 = 9%
and o1 = 0.33, whereas bear conditions display l®turnscoupled with high volatility :

M2 = -91% and oy =

0.76.

The assets driven by a 3-regime mopedse one very stable regime artivo others that
are more volatile. For example, for Eurostoxx or thes Governmem Bonds, p; > 0.9 and

pj = 05,i=1,j =1 This result can biterpretedas follows: thereturnsare drivenby
either regime 1 or by the pair regime 2/regiBenhich alternates.Some other assets, like
the Investmem Grade EMU bonds or the MSCI Europe Index, enaracterizedby one very
stable regimeand two other regimes which are quifgersistentthe probability of staying in
the same regiméeing close to 0.85Thatmeansthatthree differeb regimes really drive the
market. Figure (4)llustratesthatpoint. The persistem regime of the assets like Eurostoxx
or GBP/USD exchange rate isathera bear regime,characterizecdhy a negative average
return. On the contrary, thepersisteh regime of the assets like theovernmer Debt US,
MSCI EM Asia or MSCI EM Europe corresponds tdall market. As expected, the other
regimes are related to bull and bear markets, whie more or lessansitory. For example,
the mostpersistetn regime of the MSCI EM Asia isharacterizedy an annualized average
returnequal to +41% - and an annualized volatility aqw 0.29 — whereathe annualized
characteristicof the other regimes are respectively (174%,088) (-48%,0.59).
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The assetscharacterizedy morethanthree regimes alwaypresem two persisteh regimes.
For example, for SP500,,p = 0.84 and g = 0.99. The other regimes often dransitory
states.For the MSCI EM Latam Index, 1p = 0.96, p1 = 0.49 and p = 0.32. Thatmeans
that if the market is in regime 1 at timd, it will switch to regime 4 at time& + 1 with a
probability of 0.96. Beingin this regime, it willalternatebetween regime 4 and regime 1.
In the case of SP500, similaesultsare reached for regimes 1 and 4. The market igedri
either by regime 3 or by jumps from regime lrégime 4. Regime 2 corresponds to pure
crisis conditions. Regime 3 is a bull regime,hwjtearly returnsequal to +12%. Regimes 1
and 4 correspond to range trading states: = 59% and p = +96%. On thecortrary,
regime 2 ischaracterizedy the lowestreturnsand the highest volatility: su= - 81% and
o2 = 1.04. Figure (Glllustratestheseelemers.

5 Mesuring the economic valwé a higher numbesf regimes

5.1 Predicting theaisk premium

After having identified the number of regimes dniyithe asseteturns,we are nowinterested

in the performance of atrategywhich would take intcaccour this information, compared to
a strategybasedon a 2-regime model, dhatto gauge the economic interest of our previous
detailedexamination.

We compare theeturnof two portfolio strategiesbased either on a model with 2 regimes or a
modelwith A regimes,h being theestimatechumber of regimes. More precisely, at each date
t of the out-of-sample period, we estimate the Markov ahiitg parametersf the underlying
assets. Knowing the transition probabilitiesye can then forecast thgrobabilitiesassociated
with each state fonextweek — by usingequation(4) — and thus an expectegturn. When
this expectedreturnis positive (resp. negative), we go long (resp. shorBach strategy’'s
volatility is equal to 10%. It wouldbe possible to consider other rules. For eam it
would be possible to build thstrategyon the highest probability : if the expectedreturn
associated with its corresponding state is p@sifiesp. negative), we go long (resp. short).
Nevertheless, such strategywould be difficult to justifiy inthe case of assets having a high
number of regimes. If an asset cisaracterizedy more thantwo regimes,it is possible to
obtain probabilitiesof less than 50% for all the regimes. It issthiifficult to assess their
contributionto the returns’distribution. Using the expectedeturnallows integratingall the
available information, as the expecteeturnis a combinationof eachprobability.

Without considering trading costs, Table (9) highlightsat a multi-regime basedtrategy
allows improving the performance compared tdwe-regime based strategy. More precisely,
from 2007to 2010, taking intoaccoum the right number of regimes allows reaching a better
or an equiwalent returnwhen compared to two-regime basedstrategyfor 15 assets of our
sample. Only 4 assetrepenalized. In addition tthat,the strategyyields a positivereturn

for the high yield bonds — USndEMU — and for the MSCI Small Caps EMU Index wherea
it is negative when considering only 2 regimesloreover, the assetsharacterizedby the
highest number of regimes are aldmracterizedby the best performances (+30% and +35%
for the high yield EMU and US bonds) wheonsideringthe estimatechumber ofregimes.
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5.2 Distributional issues

Beyond forecasting expectagkturns,we now evaluate density forecasts based eitirethe
estimatechumber of regimes of the underlyingturn distributioror on thetwo regimes case.
The underlying goal is to evaluate if taking intzcoum the estimatednumber of regimes
improvesthe forecasting performance compared ttwa regimesmodel.

Our forecasting experience is based on a roliumgdow. First, we estimate the number of
regimes, the parameterof the MS model based on thisstimatednumber of regimes and
the parameterof a MS model with two regimes. The in-sample period used to goerf
suchestimationsalways startson March 1998, as in the previous empiriegdplications.The
size of this in-sample period is increasinghe first window ends onJanuarylst of 2007
and the last ones incorporates mokthe total sample’s observations. Given theseingll
estimationswe forecast the density oéturnsfrom one to four weeks ahead. More formally,
we compare the density forecasting performancédoth models by using a Diebold and
Mariano (1995)metric.

We compute the average predictive likelihoodrabe out-of -sample observatioris= 1 +
Kmax - - - ,T, thatis:

L " gt 0 (10)
Lmk = ogfpm k Te+klom
T-1t- kmax+ 1 t=t-+krmax—k

where Kk is the forecast horizom,is the number of observations used for thet fin-sample
window, T is the total number of observatiorfg,  is the forecast density k weeks ahead for
model M using theestimated parameteﬁm and kmax is equal to four weeks. Weompared
the forecasting power of model ${fA) and model M S(2) through the following testiatistics:

Lm sk~ Lms@k (11)

On/S(M),M S(2).k
T—t—k+1

It is assumed to basymptotically standartlormal. Following Diebold and Mariano (1995)’s

test, a significart positive (negative)estimatedvalue rejects the null of equal performance
betweencompeting forecasts, and provides evidence in favor of mdMi&(h) (M S(2)).

i _
M S(A),MS(2) =

Table (10) provides the p-values of the testsl imall, for most cases, considering thght
number of regimes either improves or delivers a similarfgrenance in terms of density fore-
castwhencompared to théwo regime case. First of all, the results appeabeindependrt

of the forecastinghorizon. For instance, the SP500 p-value congpwiéth LR(O) is in a range
of 2.916 to 2.923 froniH+1 to H+4. Then, without considering the horizosuis, we can high-
light thatthe densityforecastperformance depends on the way we compute theeNg/est
variance estimator.When consideringl0 lags, and for a given horizon, the dengdyecast
of the model based on thestimated amber of regimes is better for four cases than the
density forecast of the model based taw regimes. This is identical for seven cases. Lastly,
the density forecasperformance of thewo-regimes modeis better for three assets. When
considering 0 or 10 lags, the density forecpstformance ofhe 2-regimes model is better
for the same assets. Nevertheless, for 8 asHats Diebold andVariano (1995)'s test does
not allowdiscriminatingbetween thetwo models. With LR(0) theestimationof the right

12



number of regimes improves the density foredasttwo assets and makes it worse foo
assets.In the case of assetharacterizedby the highest number of regima$iatis high yield
US andEMU bonds,the density forecast performances are better thightwo-regime model
than with themodel based on thestimatechumber of regimes. This result should be related
to the underlyingparameterestimationdifficulties: the higher the number of regimdke
higher the number gbarameterso be estimatedand the higher thestimated parameters’
volatility.

6 Conclusion

In this paper, we shothat contraryo a shared belief, more thamo states generally explain
assetreturns’ dynamics. Thissssumptiorcan only be considered as valid for a few assets:
exchangerates,commodities and U$vestnernt grade EMU bonds. On the contrary, equity
indices arerathercharacterizedy three regimes and five regimes are requirectajature the
dynamics of the higlyield bonds. But for a high number of regimes, thenlmer of regimes
only weakly depends othe statisticalproperties of the underlyingsset.

Based on this result, we compare out-of-samis& premium forecasts and base aative

investrrert strategyon that: our results confirm the over performance of floeecasts ob-
tained when estimatingthe right number fo regimesatherthan when settingt ex ante to
be equal totwo. Lastly, the density forecasts obtained with dstimatechumber of regimes
are equivalen or betterthan the ones obtained witht@o-regimemodel.
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A Tables and Figures

Expected Returr  Volatility
Regime 1 -0.92% 5.98%
Regime 2 0.23% 2.61%
Regime 3 0.12% 2.19%
Regime 4 0.29% 1.30%

Table 1:MC distributioncharacteristics.

Table 4: Descriptivestatisticsof the returnson the assets considered in thataset

Statel State2 State3 State4
Statel 86.18% 6.91% 0.00% 6.91%
State 2 1.40% 96.80% 0.00% 1.80%
State 3 0.90% 0.0(%  94.30% 4.80%
State 4 0.00% 0.0:% 3.70% 96.27%

Table 2:MC transitionprobabilities.

% correctly estimated

number of regimes

% underestimated
number ofregimes

% overestimated
number ofregimes

PS (2003) Tes' 1
PS (2003) Tes 2
PS (2003) Tes 3
Smitk et al. 2005
LR-NW tes 1%
LR-NW tes 5%
LR-VW tes 10%
LR-Othel tes 1%
LR-Othel tes' 5%
LR-Othel tes 10%

9.5%
1.4%
3.6%
7.2%
72.8%
72.8%
58.4%
80.0%
74.8%
57.9%

89.2%
98.6%
96.3%
45.2%
26.0%
15.4%
11.4%
18.9%
13.3%
9.7%

1.3%
0.0%
0.1%
47.5%
1.2%
11.7%
30.2%
1.1%
11.9%
32.3%

Table 3:Monte-Carlo investigationf the different test methalologies.

Assets Average Volatility Sharmgp Skewness Kurtosis
return(ann.) (ann. Ratic

Investmint Grade EMU 1.90% 7.27% 0.261 -1.0€ 5.6¢
Investmint Grade US 2.93% 12.38% 0.237 -0.8¢ 5.41
Govt. Debt US 2.41% 10.70% 0.22¢ -0.4€ 1.0€
MSCI EM Latanr 12.26% 55.78% 0.22( -0.51 4.1€
Govt. Debt EMU 1.80% 8.85% 0.20¢ -0.54 2.3¢
High Yield US 3.3% 18.05% 0.18¢ -2.31 25.1¢€
MSCI EM Eurcpe 9.62% 70.48% 0.137 -0.31 7.9C
WTI 7.94% 59.41% 0.13¢ -0.7¢ 2.8¢
MSCI EM Asia 5.96% 51.25% 0.11¢€ -0.4t 2.0¢
EURUSD 1.45% 22.56% 0.06¢ -0.2¢ 0.9C
MSCI Small Caf EMU 2.68% 48.99Y% 0.05¢ -1.47 7.41
DJ Commodity 1.93% 38.90% 0.05( -0.87 3.2¢
Russell 200C 2.35% 55.08% 0.04: -0.64 3.5€
High Yield EMU 0.97% 25.65% 0.038 -1.41 12.8:
SP50( -0.04% 44.1% -0.001 -0.7¢ 5.9z
Eurosoxx -1.39% 53.46% -0.02¢ -0.77 5.8¢
GBPUSL -0.63% 21.64% -0.02¢ -0.61 4.21
USDJPY -3.40% 27.21% -0.12¢ -1.3¢ 10.32
USDCHF -3.21% 23.54% -0.13¢ -0.1¢ 0.2€

The statistics presenten the tableare computedusing logarithmic returnsover the periodthatstartson 04/03/1998
and ends orl2/31/2010.The data frequencig weekly. Both the standarddeviationand the averageeturnsare scaled
into yearly quantities for ease ofading.
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Empirical LR test 1% (Lag NW= 10) Empirical LR test 1% (Lag NW= 0)

Total Mediar Mediar Median Total Mediar Mediar Mediar
Sample over over over Sample over over over
Estimation 2007-2010 2007-2008 2009-2010| Estimation 2007-2010 2007-2008 2009-2010

SP50(
Investmint Grade US
Govt. Debt EMU
WTI
DJ Commodity
MSCI EM Latanr
MSCI EM Eurcpe
USDCHF
EURUSD
USDJPY
GBPUSL
Govt. Debt US
Russell 200C
Eurosoxx
MSCI Smal Cap EMU
Investmint Grade EMU
MSCI EM Asia
High Yield US
High Yield EMU

3 3

O WWWWWWNNRNNNNNDNDNDNDDN
GO WNWWNDNNNONDNNNONDNNNDNNNDW
DO WNNWNNNNNNNNNDNDNNDOWW
GO WWWWNWNNRNDNNNNDNDNDNDDN
OO WWWWWWWNNNWANWNDND
GO WNWWNDNNPNDNNWOWWNNDNDN

GO WNWWNDNNNDNNWOWWNNDNDW

GO WWWWWWWNNNWWWWNNW

Table 5:Estimatednumber of regimes, following Empirical LR at 1%vél (Lag NW= 10 and Lag NW= 0)

Parameter Estimates

Value Std. Error t-value

Volatility 3.1 2.€ 1.2

Skewnes 0.€ 2.C 0.2

Kurtosis 0.4 0.2 1.€
Thresholc Estimate

2—3 1.5 15 1.0

3—4 4.4 1.€ 2.E

45 5.¢ 2.C 2.6

Table 6: Multivariate probit estimates of the factors explaining thember of regimes in
assetreturns

This table presentthe resultsof a multivariate probit regressiontryinig explainthe numker of regimes implicit in
assetreturns.The top panel presentthe estimatesand their standardleviations whereathe bottom panel presents
the estimated thresholds.
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P15 0 0.0€
p22 0.07 0.0¢ 0.0z 0.01 0.04 043 0 0.27 0.0z 0.0z 0.4€¢ 0.07 0.1¢ 0.3¢ 0.2¢ 0.07 0 0 0
p22 09 097 09¢ 0.9¢ 0.9€ 057 04t 0.7z 0.4€ 0.8z 0.04 0.9 0.77 0.€ 0.7¢ 09 0.8 091 0.81
P23 0.5t 0 052 0.1t 0.4¢ 0 0.0t 0.0z 0 0 0 0.0e 0.0
P24 0 0.1¢ 0 0.0¢
p2s 0.0z 0.0¢
P31 0.04 0.04 0 0.01 0.07 0.1t 0.1 0.07 0.04 0.1z 0.01 o0.0¢ 0
P32 0.5¢ 0 048 0.1c 0 0 0 0 0.01 0 0 0.04 0
P33 0.37 0.9¢ 0.5z 0.8¢ 0.9¢ 0.8t 0.¢ 0.9z 0.9t 0.87 0.9¢ 0.6 0.9t
Paa 0 0 0 0
P3s 0.1 0.0t
pa1 0.4¢ 0.72 0 0
Paz 0 0 0 0.26
Pa3 0.1¢ 0.01 0.0t 0.0¢
Paa 0.3z 0.2¢ 0.¢ 0.6t
Pas 0.0t 0
Ps1 0 0.01
Ps2 0.0¢ 0.0z
Ps3 0.1 0.01
Psa 0.01 0.1€
Pss 0.81 0.

Table 7:Transition probabilities.

This table providestheprobability to switch from thestate ito the statejfor eachasset.For instancejn the case of the D&ommodity,p11 = 0.99 and p = 0.01 means
that, if attime t the DJ commodity returnis driven by regime 1it will be driven by the same regimattime t+ 1 with a probability of 0.99 and by regime 2, with
a probability of 0.01.



Ha 01 H2 62 Hs o3 Ha G4 Hs o5

DJ Comrrodity 0.0¢ 0.3% -0.91 O0.7¢
EURUSD 0.05 0.1¢ -01 0.3
Gavt. Debt EMU -0.01 0.1 0.0¢ 0.07
Investmint Grade US 0.0z 0.2z 0.0z 0.1
USDCHF -0.82 0.2¢ 0.0¢ 0.2z
USDJPY -0.01 0.2¢ -09z 0.8€
"~ Eurosoxx -0.3z 06 0.€& 0.2¢6 -0.7¢ 0.3z o S
GBPUSL 03¢ 014 -0.14 0.17 -0.21 0.4¢
Govt. Debt US 0.01 007 0.2 0.0¢ -0.1z 0.14
Investmint Grade EMU  -0.01 0.11 0.1 0.04 -0.02 0.0€
MSCI EM Asia -0.4¢ 05¢ 1.74 0.5% 041 0.2¢
MSCI EM Eurcpe -0.14 0.8 037 041 -2.64 2.1¢€
MSCI Smal Cap EMU 0.5 0.24 -0.56 0.31 -0.3¢ 0.8¢
Russell 200C 0.¢ 0.31 -0.31 0.41 -0.4€ 1.0%
WTI 0.8¢ 0.3z -0.3¢ 0.4€ -0.3¢ 0.97
" MSCI EM Latamr ~ -0.4¢ 03¢ -067 1.3z 05¢ 0.2 002 064 S
SP50( -05¢ 034 -0.81 1.04 0.1z 0.2 096 0.34
" High Yield EMU -0.92 0.4€ 0.0¢ 0.04 -0.2¢ 0.1z 0.74 0.3z 0.32 0.1z
High Yield US -0.12 05€ 0.2z 0.06 0 0.0E 0.4€ 0.12 -0.32 0.7

Table 8: Assetharacteristicdor each asset and eaphgime.

This table provideshe market characteristickr each asset and each regime from 189&010. p; and oj stand
for the meanand volatility of the underlyingasset for regimej. For instance,u; and o1 of the SP500 are equal
to -0.59 and 0.34:that meansthathe yearly averagereturnin regime 1, of the SP500 is equal to -58%d that
the yearly volatility, forthe same regime,is equal t034%.
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Asset LR test 1% (Lag= 10) Buy and Hold 2 Regines

Eurosoxx -5.88% -1.08% -2.12%
Investmint Grade EMU -4.09% 1.46% -3.39%
Govt. Debt US -0.99% 7.40% -0.99%
EURUSD -0.76% 0.22% -0.76%

Govt. Debt EMU -0.47% 1.41% -0.47%
GBPUSL 0.92% -4.41% 0.92%

DJ Commodity 2.04% -6.84% 2.04%
MSCI EM Eurcpe 2.32% -2.71% 2.32%
MSCI EM Latarr 2.70% 3.86% 2.70%
Investmint Grade US 3.90% 5.26% 3.90%
Russell 200 3.S9% -9.36% 5.54%
USDCHF 4.36% 4.36% 4.36%

MSCI EM Asia 5.79% 2.76% 6.16%
WTI 6.14% -0.73% 6.14%
USDJPY 6.74% 6.74% 6.74%

MSCI Smal Cap EMU 7.49% -8.86% -0.11%
SP50( 10.42% -5.71% 8.51%

High Yield EMU 30.29Y 2.01% -3.60%
High Yield US 35.75% 2.90% -1.40%

Table 9: The economic value of a multi-regime eoagratayy.

Horizon= +1 Horizon= +2 Horizon= +3 Horizon= +4
LR(0) LR(10) LR(0) LR(10) LR(0) LR(10) LR(0) LR(10)
SP50( 2.91¢ 4.01¢ 2.92( 4.03( 2.92: 4.03¢ 2.92: 4.04<
Investmant Grade US -1.07¢ -1.07¢ -1.11¢ -1.11¢ -1.14C -1.14C -1.16¢ -1.16¢
Govt. Debi EMU - - - - - - - -
WTI 1.07¢ 2.89¢ 1.02¢ 2.83C 0.962 2.77¢ 0.90: 2.74C
DJ Commodity - 1.46¢ - 1.58:2 - 1.67¢C - 1.73¢
MSCI EM Latanr 0.971 3.937 0.971 3.97¢ 0.957 3.927% 0.95¢ 3.947
MSCI EM Eurcpe -1.02% 0.561 -1.02% 0.55¢€ -1.027 0.55¢ -1.02% 0.55¢
USDCHF - - - - - - - -
EURUSD - - - - - - - -
USDJPY - - - - - - - -
GBPUSL - 1.37¢ - 1.377 - 1.37¢ - 1.37¢
Govt. Debi US -2.403* -2.403* -2.406* -2.406* -2.405* -2.405* -2.402* -2.402*
Russell 200C 1.59¢ 2.40: 1.591 2.38¢ 1.58¢ 2.37¢ 1.58: 2.36¢
Eurosoxx 1.31¢ 1.23¢ 1.32( 1.241 1.322 1.24: 1.31¢ 1.241
MSCI Small Cag EMU 2.45¢ 3.55¢ 2.43¢ 3.48¢ 2.42:z 3.43¢ 2.40¢ 3.39(
Investmant Grade EMU -0.16¢ -0.59¢ -0.10¢ -0.54¢ -0.0€2 -0.511 -0.02( -0.4717
MSCI EM Asia -0.63¢ -0.63¢ -0.63( -0.63( -0.62: -0.62¢ -0.61¢ -0.61¢
High Yield US -3.76¢  -4.796* -3.443* -4573* -3.228° -4.389* -3.072* -4.232*
High Yield EMU -3.136* -3.172* -3.054* -3.099* -2.981* -3.0%5* -2.915* -2.977*

Table 10: Likelihood ratio density forecasists.

The results presented this table correspon the p-values of the Diebold ardariano (1995kest. The numberof
regimes isestimatedwith the likelihoodratio tests performemdth a Newey-Westvariance estimator computeith 0
lag (LR(0)) or 10 lags(LR(10)). Bold fonts standfor the case where the p-values &migherthanl.96: the
performanceof the densiy forecastbased on theestimated numbef regimes isbetter tharthe density forecadbased
on two regimes.“*” standfor the case where the p-values are lotlean-1.96: the performance othe densiy
forecastbased ontwo regimes isbetter tharthe performancebased on theestimatechumberof regimes.

“~" standdfor the case wherdwo regimes arealready estimated.
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Figure 1:Estimatednumber of regimes in assetturns

This figure presentghe estimated numbeaf regimes for eactasset.Lag =0 or Lag = 10indicatesthe numberof lags
includedin Newey-Westvariance estimator.
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Figure 2: Stateprobability for USD/Yen exchange rate from 19982010
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Figure 3: Stateprobability for DJ Commaodity from 1998 to 2010
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Figure 4. Stateprobability for the Investmemn Grade EMU Bonds from 1998 to 2010
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Figure 5: Stateprobability for the SP500 Index from 1998 010
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