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A bstract

W eproposeanoptimal…ltertotransform theConferenceBoard
CompositeL eadingIndex(CL I) intorecessionprobabilities. W ealso
analyzetheCL I’s accuracyatanticipatingoutputgrowth. W ecom-
parethepredictiveperformanceoflinear, V A R extensionsofsmooth
transition regression and switching regimes, probit, nonparametric
modelsandconcludethatacombinationoftheswitchingregimesand
nonparametricforecasts is thebeststrategyatpredictingboth the
N BER business cyclescheduleand G D P growth. T his con…rms the
usefulnessofCL I, eveninareal-timeanalysis.

¤Comments from PedroA lvarez, A rielle Beyaert, M ichaelCreel, and seminarpartic-
ipants attheU niverity A utonomadeBarcelona, U niversityofM urcia, FederalR eserve
BankofN ewYorkandSeventhA nnualSymposiumoftheSocietyforN on-L inearD ynam-
icsandEconometricatN ewYorkU niversity, aregratefullyacknowledged. W eareindebted
toM ichaelBoldinforgraciouslysharingthedata. Errorsareofourownresponsibility.
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1 Introduction
Consumption, savings andproductiondecisionsmadeby individualagents
andmonetaryand…scalpolicymadebypolicymakersarebasedonforecasts
aboutthefuturedevelopmentsofmacroeconomicvariables. T hestateofthe
businesscycleisoneofthekeyelementsfortheevolutionofsuchvariables.
H ence, forecastingturningpointsiscrucialfortheoptimalityoftheeconomic
agents’decisions. .

A nextensiveliteratureexistswhichattemptsto…ndthebestforecasting
toolforthebusinesscycleturningpoints, from theearlyheuristicattempts
byM itchellandBurns(19 38)tothemoresophisticatedofStockandW atson
(19 8 9 ). W hateverapproachweconsider, theforecastingproblem istwofold.
First, weneedtoidentifythegroupofvariablesthatmoveinandoutreces-
sionsbeforetherestoftheeconomy. Second, wehaveto…ndtheappropriate
…ltertoextractthesignaloutoftheseseries.

W efocusonthesecondaspectoftheforecastingproblembyattempting
to…ndanoptimalsignalextractionmethodtoanalyzethepredictivepower
oftheComposite L eadingIndex(CL I). T his series, combinationofseveral
promisingleadingvariables, is releasedbytheConferenceBoardsinceO c-
tober19 9 6andbytheBureauofEconomicA nalysispriortothatdate. W e
usetheCL I because, eventhoughithassu¤eredanumberofimportantre-
visions, ithasbeenpublishedwithoutinterruptionsince19 68, allowingthe
researchertoanalyzethepredictivepoweroftheleadingindexwithinforma-
tionavailableineachtimeperiod.1

StudiesthatanalyzetheaccuracyoftheCL I forpredictingturningpoints
…nd contradictory results. D iebold and R udebusch (19 9 1) donotdetect
predictivepowerinalinearcontext. T heprobitmodelusedbyEstrellaand
M ishkin(19 9 8)outlinethepoorperformanceofCL I, speciallyintheout-of-
sampleanalysis. H amiltonandPerez-Q uiros(19 9 6)andKim (19 9 4)present
evidenceinfavoroftheusefulnessofCL I.Filardo(19 9 4) concludesthatlag
values oftheCL I explains changes intheprobabilityofswitchingfrom an
expansiontoarecession. Finally, G ranger, Terä svirtaandA nderson(19 9 3)
…ndthattheCL I is thedrivingfactorinaSmooth Transition R egression
(ST R )model.

T herearetwomainpurposesforthis paper. First, wewanttoformally
comparetheseprevious analysis andtoproposeasetofalternative…lters.

1O nly theexperimentalleadingindex (X L I) proposed by Stockand W atson (19 8 9 )
wouldallowthesamekindofanalysis. H owever, areal-timeevaluationofX L I is compli-
catedsincethenumberofobservations is toosmallandthis indexonlyfacesarecession
intheearly19 9 0s. Furtherresearchshouldgointhedirectionofcomparingthepredictive
powerofX L I versusCL I.
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O nlyFilardo(19 9 9 ), in independentwork, has triedthesamekindofap-
proach. H owever, heusesadi¤erentsetofmodels, conductsonlyadescrip-
tiveanalysisanddoesnotformallytestthepredictivepowerofeachmodel.
Second, amoreambitiousgoalofthis paper, is tocombineallthedi¤erent
approaches toproposea…lterthattransforms thedatafortheCL I intoa
probabilityofrecessiononequarterhence.

Toourknowledge, thisisthe…rstattempttoaddressbothissues. Infact,
thispaperisthe…rstformalcomparisonofhowthemostpopulartimeseries
…ltersanalyzethepredictivepoweroftheCL I forforecastingturningpoints.2
In particular, wecomparetheaccuracyofthepreviouslyproposed linear,
M arkovswitching, andprobitmodels, avectorautoregressiveextensionof
ST R speci…cations, andanewnonparametric…lter. T hen, wecombinethe
informationcontainedinallofthemodels inordertoobtaina”consensus”
…lterfortransformingtheCL I dataintoarecessionprobability.

Inaddition, weacknowledgethatpredictingturningpointsmaynotbe
theonlygoaloftheCL I. T herefore, werepeattheapproachtoanalyzethe
predictivepoweroftheCL I onG D P movements.

W econcludethatacombinationofdi¤erentmodels performs betterin
andoutofsamplethaneachofthesinglemodelproposed. T hus, theCL I is
usefulinanticipatingbothturningpointsandoutputgrowth, eveninreal-
timeanalysis. M oreover, incontrasttoH essandIwata(19 9 7 ), we…ndthat
nonlinearspeci…cationsarebetterthansimplerlinearmodelsatreproducing
thebusinesscyclesfeaturesofrealG D P.

T hepaperisorganizedasfollows. Section2 describes thedata, section
3 outlines thedi¤erentmodels, section 4 presents theempiricalevidence,
section5 analyzesthecombinationofforecasts, andsection6concludes.

2 Preliminaryanalysisofdata
Forthein-samplestudy, weusehistoricallyrevisedCL I series issuedinJan-
uary19 9 8. FortheG D P, weusechained-weighteddata. T hedatarunsfrom
thesecondquarterof19 60 tothefourthquarterof19 9 7 . W etransform the
monthlyCL I series intoquarterlybychoosingthelastobservationofeach
quarter. A sapreliminaryanalysis, wetestthestationaritypropertiesofour
series. T heaugmentedD ickey-Fullertestcannotrejectthenullhypothesis
ofaunitrootfortheloglevelsoftheseries, butitis consistentwithasta-

2StockandW atson(19 9 8) analyzeabatteryofmodelsthatincludeslinear, nonlinear,
parametricnonparametricandacombination ofthem. H owever, theydonotfocus on
predictingturningpointsandtheirstudyissoextensivethattheycannotapplyaformal
comparison.
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tionaryspeci…cationforthedi¤erencesofthelogarithms. T hus, fornowon,
ourseriesofinterestwillbethegrowthratesofG D P andCL I, denotedasy
andx.

Inaddition, Johansenprocedurefailstodetectevidenceofcointegration.3.
O therauthorsasH amiltonandPerez-Q uiros(19 9 6)andG ranger, Terä svirta
and A nderson(19 9 3) havefoundthatprevious series oftheCL I presented
cointegrationwith G D P. H owever, as pointedoutH arveyinacommentin
G rangeretal. (19 9 3), therewasnotstrongeconomicreasonforG D P and
CL I tobecointegrated. T hus, theabsenceofcointegrationisanimportant
characteristicofthelastCL I revisions.

3 M odelsdescription
InordertoquantifytheaccuracyoftheCL I topredictbothG D P movements
andperiodsofrecessionintheU S economy, weanalyzedi¤erentlinearand
nonlinear, parametricandnonparametricmodels. T his section brie‡yde-
scribesthesemodels.

3.1 U nivariateandbivariatelinearmodels
L inearmodels havebeenwidelydeveloped intheearlierforecastinglitera-
ture. H owever, thesemodels havebeenappliedjusttogenerateaforecast
oftheexplainedvariable, let’s say, rateofgrowthofG D P, rateofgrowth
ofindustrialproductionorsomecoincidentindicator. Itis notcommonto
usethemtoforecastanon-linearphenomenasuchasaturningpoint. Inthe
literature, StockandW atson(19 9 3)proposea…ltertoextractturningpoints
forecasts from alinearmodel. T his is usedbyH amiltonandPerez-Q uiros
(19 9 6)tosuccessfullydescribethepredictivepoweroftheCL I overthebusi-
nesscycles. T heirbasic…ndingsarethefollowing. L etthelinearprocesses
fortheG D P beeitheranA R (p)

yt= ¹ + a(L)(yt¡1¡¹)+ et; (1)

oraVA R (p)

yt = ¹ + a(L)(yt¡1¡¹)+ b(L)(xt¡1¡´)+ et
xt = ´ + c(L)(yt¡1¡¹)+ d (L)(xt¡1¡´)+ ut; (2)

3T helikelihoodratiotestofthenullhypothesis ofnocointegrationagainstthealter-
nativeofonecointegratingrelationis 14.48
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whereL isthelag-operator:4 Errorsin(1)arei.i.d. gaussianwithzeromean
andvariance¾ 11:Errorsin(2) followtheusualassumptions:

µ
et
ut

¶
s i:i:d :N

·µ
0
0

¶
;
µ

¾11 ¾12
¾12 ¾ 2 2

¶¸
:

U ndertheprevioushypotheses, oneandtwoquarteraheadoutputgrowth
predictionsformtherandomvector

µ
yt+ 1=yt;yt¡1;:::;:y1
yt+ 2 =yt;yt¡1;:::;:y1

¶
s i:i:d :N [gt; Q ]: (3)

FortheA R case

gt=
µ
¹ + a(L)(yt¡¹)
¹ + a2 (L)(yt¡¹)

¶
;

and

Q =
·

¾11 a1¾ 11
a1¾ 11 (1 + a¤(1))¾11

¸
:

H owever, fortheVA R case

gt=
µ

¹ + a(L)(yt¡¹)+ b(L)(xt¡´)
¹ + (a2 (L)+ b(L)c(L))(yt¡¹)+ (a(L)b(L)+ b(L)d (L))(xt¡´)

¶
;

and

Q =
·

¾ 11 a1¾ 11 + b1¾12
a1¾ 11 + b1¾12 (1 + a¤(1))¾ 11 + b¤(1)¾ 2 2 + a0b¾12

¸
:

W eadoptO kun’s ruleofthumb thatarecessionoccurswheneverthereal
G D P fallsforatleasttwoconsecutiveperiods. T herefore, theprobabilityof
beinginrecessionatt+ 1 dependsontheactualvalueofyt:Ifyt< 0 ; the
forecastedprobabilityofrecessionistheprobabilitythatyt+ 1 waslessthan
zero. O ntheotherhand, theprobabilitythatthedownturnstarts att+ 1
whenyt> 0 ;coincideswiththeprobabilitythatbothyt+ 2 andyt+ 1 wereless
thanzero. T hus, givenobservationsuntilt, theseprobabilitiescanbeeasily
calculatedfromprobabilitytablesorM onteCarlosimulationson(3).

4Fornowon, wede…neh=(h1 ;h2;:::;hp)0, h(L )=(h1 + h2L + :::+ hpL p¡1);h2(L )=P
i
h2i

¡
L i¡1

¢2 + 2
P
i< j

hihjL i¡1 L j¡1 , andh¤(1)=(h21 + h22 + :::+ h2p);withhbeinga;b;c

andd:
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T heresults forthelinearA R and VA R speci…cations arepresented in
the…rstandsecondrowofTable1. T heoptimalnumberoflags, applying
Schwarzcriteriais 1 inbothcases. Inaddition, as in H amiltonandPerez-
Q uiros, we …nd thatlagged growth ofG D P does nothelp in forecasting
neithercurrentgrowthratesofG D P norcurrentgrowthratesofCL I.

3.2 VectorSmoothTransitionR egression(V ST R )
W eextendtheST R modelsproposedbyG rangerandTerä svirta(19 9 3) to
aVA R context. T heseweredevelopedtocapturethefactthatmayexist
two(ormore) datageneratingprocesses thatchangewiththestateofthe
economy. Theprobabilityofbeingineachstateisdeterminedbythetransi-
tionfunction. Tostudyhowthesemodelswork, westartfromthefollowing
V ST R model:

yt = ¹ + a(L)yt¡1 + b(L)xt¡1 +
h
e¹ + ea(L)yt¡1 + eb(L)xt¡1

i
Fy+ et

xt = ´ + c(L)yt¡1 + d (L)xt¡1 +
h
é+ ec(L)yt¡1 + ed (L)xt¡1

i
Fx + ut (4)

wherelag-operatorsanderrorsholdthesameassumptionsthanin(2). N ote
thatthereareaspossibleV ST R speci…cationsasdi¤erentexplanatoryvari-
ables andfunctionalforms areconsidered inthetransitionfunction F. In
ordertoselectamongthem, weuselinearityandmodelselectiontestsbased
onmaximum likelihoodprinciplesasfollows. W e…rstspecifyalinearVA R
andchoosetheoptimallaglength p. Second, weapplylinearitytests for
eachselectedcandidatetobeexplanatoryvariableinF. T hird, foreachof
themthatrejectslinearity, wecarryoutmodelselectionteststoobtainoneof
thepossibleV ST R forms. Finally, weperform in-sampleandout-of-sample
modelevaluationtechniques toselectone…nalspeci…cationfrom thesetof
possibleV ST R models.5. Fromthisanalysis, we…ndthatthebestspeci…ca-
tionforytandxtisaL ogistic-V ST R withthefollowingfunctionalformfor
Fy and Fx:

Fi(yt¡2 ) =
1

1 + e¡°i(yt¡2¡gi)
; (5)

wherei= y;x:Variables°iandgiarecalledsmootherparameterandthresh-
old, respectively.

T hesemodelsimplicitlycontaininformationaboutrecessionprobabilities
asfollows. Forsimplicityintheexpositionassumeboth, thatparameters in

5D etails oftheselectionprocess andresults fortheestimationofeachofthepossible
modelsconsideredcanbefoundinCamacho(19 9 8).
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ea(L) andeb(L) arezeroandthat°y ande¹ arepositive. Inextremecontrac-
tions, yt¡2 takesamuchlowervaluethanthethreshold. H ence, thehigheris
thesmootherparameter, theclosertozerois thetransitionfunctionvalue.
L ikewise, greatexpansionscanbeassociatedwithtransitionfunctionvalues
neartoone. H ence, thetransitionfunctionlocatesthemodeleithernearto
orfarfromrecessionsdependingonthevaluesofyt¡2 relativetothethresh-
old. T hus, once(4) is estimatedwith informationuntilt, F(yt¡1) canbe
interpretedasaonequarteraheadforecastedrecessionprobability.

T heresults forthis estimationarepresented in thethirdrowofTable
1. A s in thelinearcase, wegetanoptimallaglength equalto1 andwe
…ndthatlaggedgrowthofG D P doesnothelptoforecastneitherynorx. In
addition, weacceptthenullthattheconstantistheonlychangingparameter.
T herefore, ea,eb;ecand ed arestatisticallyinsigni…cantonthismodel.

3.3 Switchingregimesmodel
O urstatisticalde…nitionoftheswitchingregimemodelisdescribedindetail
in H amiltonandPerez-Q uiros (19 9 6). A s inthepreviouscase, tworegimes
areconsidered. L etstbeanunobservedlatentvariablewhichtakesavalue
equals to1 whentheeconomyis inanexpansionand2 whentheeconomy
is inacontraction. Intheformercase, G D P andCL I areexpectedtogrow
by amounts ¹1 and ´1: H owever, in a contractions they growata lower
rates ¹ 2 and´2:Inswitchingregimesmodels, thechangesbetweenregimes
donotfollowalogisticfunction(whichdependsuponobservablevariables).
T heirlawofmotionisgovernedbytheunobservablestatevariablest; that
evolvesaccordingtoahomogeneousM arkovchainthatisindependentofpast
observations onytandxt. T his implies thattheprobabilitythatstequals
someparticularvaluejdepends onthepastonlythroughthemostrecent
valuest¡1:

p
¡
st= jjst¡1 = i;st¡2 = k;:::;Ât¡1

¢
= p (st= jjst¡1 = i) = pij;

whereÂt= (yt;xt;yt¡1;xt¡1;:::):
T hus, ourtime-seriesmodelis

yt = ¹st+ a(L)(yt¡¹st¡1)+ b(L)(xt¡´
st+ r¡1

)+ et
xt = ´

st+ r
+ c(L)(yt¡¹

st¡1
)+ d (L)(xt¡´

st+ r¡1
)+ ut; (6)

withlag-operatorsanderrorsfollowingthesameassumptionsas in(2).
A ftertesting,weimposetherestrictionthattheCL IandtheG D P ”share”
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thestateofthebusinesscycle, as inH amiltonandPerez-Q uiros(19 9 6).6 In
particular, astheysuggest, theCL I moves r periodsbeforeG D P. T hus, the
conditionalexpectationofCL I dependsonst+ r:

W iththiskindofspeci…cation, recessionsarepredictedasfollows. First,
wede…nes¤tasalatentvariablewhichsummarizesthevaluesofst¡p through
st+ r; and the transition probabilities matrixP¤:Second, weestimate the
modelandcalculatethevectorb»t=t;whoseith elementgivestheprobability
thatstateioccurs, giventheobservedvaluesofyandxuntilt. A forecastof
whethertheeconomywillbeinarecessiononequarterfromnowisobtained
bysummingthoseelementsofb»t+ 1=t= P¤b»t=tcorrespondingtost= 2 :

W e…ndthesamekindofresultsasinH amiltonandPerez-Q uiros(19 9 6).
Schwarzcriterionhas selected p = 1 in (6). T hehighestvalueforthelike-
lihood function is reached by r = 1:Furthermore, like in previous cases,
thecoe¢cientsforthelaggedG D P growtharenotsigni…cantinanyofthe
equations. T hefourthpanelofTable1 presentstheresultsforthismodel.

3.4 Probitmodel
T he…fthmodelthatweanalyzefollowsthelinesoftheprobitmodelproposed
inEstrellaandM ishkin(19 9 8). T heseauthorsdevelopa…lterforquantifying
thepredictiverecessionspowerofthevariablescontainedinad -dimensional
vectorz t¡1.

L etz t¡1 belaggedCL I growthrates. L etrtbeanunobservablevariable
thatdeterminestheoccurrenceofarecessionattimet. T hemodelisde…ned
inreferencetothetheoreticalrelation

rt= ¯ 0z t¡1 + et; (7 )

whereetfollowsastandardnormaldistribution. Sincertisunobservable, the
estimationisbasedinadichotomousrecessionindicatord tthatequalsoneif
theeconomyis inrecessioninquartert, andzerootherwise. Ifthemodelis
correct, rt shouldbegreaterthanzerowheneverd twasequaltoone. T his
impliesthat

P(d t= 1) = P(rt> 0 ) = F (̄ 0z t¡1); (8)

whereF is thecumulativenormaldistributionfunction. T heestimationof
theparameteruses standardmaximum likelihoodprocedures on theloga-
rithmiclikelihoodfunctionofprobitmodels.7

6T hissomehowcoincideswiththeresultthatasimilartransitionfunctionlocatesboth
G D P andCL I betweenregimes inV ST R models.

7 T hereaderwill…ndin(18) anexplicitexpresion.
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Inpractice, werelyontheN BER recessionindicatorfordeterminingd t.
ToexaminetheCL I’susefulnessatpredictingrecessions, wetrycurrentand
laggedvaluesofxtin(7 ). Foreach, wecalculatethepseudoR 2

PR 2 = 1¡
µ
logLu

logLc

¶¡(2 =T)logLc
; (9 )

where Luand Lcaretheunconstrainedmaximum valueofthe likelihood
function, andsuchvalueundertheconstraintthatallcoe¢cients arezero
exceptfortheconstant. Intuitively, this corresponds tothecoe¢cientof
determinationinlinearregression. T hemaximumvalueisachievedbyxt¡1:8
T heresultsforthismodelareshowninthelastrowofTable1.

3.5 N onparametricgaussiankernel
Smoothingmethodsprovideapowerfulmethodologyforgaininginsightsinto
thedatasincetheyavoidtheproblemofspecifyingaclosedformfortheden-
sityfunction. H owever, asearchfortheoptimalnon-parametricspeci…cation
usingallpossiblesetofexplanatoryvariablescouldbecostly. T herefore, we
usesomeresults from thepreviousanalysis. Inparticular, wehavelearned
thatallparametricmodelsshowacommoncharacteristic: CL I is aturning
pointpredictorintheshortrun. Speci…cally, we…ndarelationbetweencur-
rentG D P growthandcurrentrecessionswithCL I growthduringtheprevi-
ousquarter. T hen, wewillusext¡1 asexplanatoryvariableinnonparametric
models.

Inforecastinggrowth, weapproximatetherelation

yt= m (xt¡1)+ et;

usingthestandardN adaraya-W atsonestimatorinlinewithH ä rdle(19 89 ).9
W efocusonthequestionofhowrecessionscanbepredictednonparamet-

rically. KeepinginmindtheO kun’sruleofthumb, weproposethefollowing
methodologyforpredictingprobabilities ofrecession inreal-time. A ssume
thatyt< 0:First, weconstructtheconditionaldensityfunction, depending

8 T hisvalueis 0.280 anddeclineswithinayear.
9 Speci…cally, weestimate

byt=

2
4

TX

j=1

K
µ
xt¡1 ¡xj

h

¶
yj

3
5 =

2
4

TX

j=1

K
µ
xt¡1 ¡xj

h

¶3
5 ;

whereK isthegaussiankernelandhis selectedbyleave-one-outcross-validation.
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upontheunknownvalueyt+ 1, giventhegrowthoftheCL I att, thatis

f(yt+ 1=xt) =
f(yt+ 1;xt)
f(xt)

: (10)

Second, wecalculatetheexpectationthatittakesvalueslessthanzero:

pt(yt+ 1 < 0 =xt) =
Z

yt+ 1< 0

f(yt+ 1=xt)d yt+ 1: (11)

O ntheotherhand, whenyt> 0 ; theprobabilityattforarecessionatt+ 1
coincides withtheprobabilitythatboth yt+ 1 andyt+ 2 wouldbeless than
zero. Followingthesamemethodologywepropose

pt(yt+ 2 < 0 ;yt+ 1 < 0 =xt) =
Z

yt+ 2 < 0

Z

yt+ 1< 0

f(yt+ 2 ;yt+ 1=xt)d yt+ 2 d yt+ 1: (12)

Standardsmoothertechniquessu¤erfromaslightdrawbackwhenapplied
tomultidimensionaldatawithlong-taileddistribution. T his ispreciselythe
caseofpredictingrecessions.10 Inordertoavoidthisproblem, wehaveused
adaptivekernelestimation, whichconsistsof…ndingkernelestimatorswith
bandwidthvaryingfrom onepointtoanother. Inparticular, theestimated
jointdistributionofany d -dimensionalvariable z atanypointjisgivenby

bf(z j) =
1
T

TX

t= 1

dY

i= 1

1
h d ¸ dt

k(
z j;i¡z t;i
h ¸t

); (13)

whereh isthebandwidth, and¸tisthelocalbandwidthfactorattimet.
T heprocedurethatweusetogeth and¸ in(13) isthefollowing. First,

wede…nethelocalbandwidthfactoras

¸t=

Ã
bf(z t)
g

! ¡®
;

where bf(z t) is a pilotestimation of(13), with ¸ r equals toone, and the
bandwidth chosen byreferencetoastandarddistribution.11 Parameterg
is thegeometricmeanofbf(z t):W eset® equalto1=2 ; followingA bramson
(19 82).

10G D P growthobservationsareusuallynon-negative, butestimatingtheirdensitytreat-
ingthemasobservationson(¡1 ,1 ). T hisleadstonoisydensityestimationintheright-
handtail.

11SeeSilverman19 86, page8 7 .
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Second, we selectthe bandwidth thatmaximizes the likelihood cross-
validationfunction

LC V (h) =
1
T

TX

j= 1

logbf¡j(z j);

with bf¡j(z j) de…nedas in(13), andwherethesum doesnotincludevalues
oftequaltoj:12

4 Empiricalevidence
T heabilityofanyleadingindicatortoanticipateeventsdependsonusingthe
appropriatetechniquetoextracttheinformationcontainedinthepredictor.
W eapplytwodi¤erentstatistics tomeasuretheaccuracyofthedi¤erent
speci…cations atforecastinggrowth and recessions. First, toanalyze the
accuracyatforecastinggrowth, weusetheM eanSquareError:

M SE =
1
T

TX

t= 1

(yt¡byt)2 ; (14)

whereytandbytareactualandestimatedG D P 13.
O ntheotherhand, tocomparethepowerofsuchmodelsatanticipating

turningpoints, weconstructthe TurningPoints Error, ameasure ofthe
squareddeviationfromtheN BER schedule:

TPE =
1
T

TX

t= 1

(d t¡bd t)2 ; (15)

whered tisadichotomousvariablewhichequals1 if, accordingtotheN BER ,
theeconomy is in recessionattimet; and 0 otherwise. Variable bd t is the
forecastedprobabilityofbeinginrecessionattimet14:

12In fact, real-timepredictions in nonparametricmodels follows thesamestrategyas
in parametricmodels. A tanyperiodt;parametershand ¸ areestimated in (11) from
therelationbetweenytandxt¡1 ,whereastheyareestimatedin(12) fromtherelationship
amongyt, yt¡1 andxt¡2. O ncethesevaluesareapproximated, weusethemforanticipating
recessionsfort+ 1 .

13Fortheoutofsampleexercise, wede…ne, M ean SquareForecastingError(M SFE)
de…nedwiththesameformula, wherebyt istheestimatedvalueforytwithinformationup
toperiodt¡1 .

14Fortheoutofsampleexercise, wede…ne TurningPointForecastingError(T PFE)
with the same formula, where bdt is the estimated value fordt with information up to
periodt¡1 .
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Inordertotestifthedi¤erencesbetweeneachpairofmodelsaresignif-
icant, weusethetestproposedbyD ieboldandM ariano(19 9 5), henceforth
D M .. Speci…cally, considertwodi¤erentspeci…cations, modeliandmodel
j. L etfbgitgTt= 1 andfbgitg

T
t= 1 betheirrespectiveforecasts.15 L etEtbeeither

(yt¡byit)2 ¡(yt¡byjt)2 atforecastinggrowth, or
³
d t¡bd it

2́
¡

³
d t¡bd jt

2́
at

anticipatingrecessions. Finally, letE beequalto 1
T

TP
t= 1

Et. U nderthenull

hypothesisofnodi¤erenceintheaccuracyofthesetwocompetingforecasts,
thelarge-samplestatistic

DM =
Eq
2 ¼ bfd (0 )

T

; (16)

where

2 ¼ bfd (0 ) =
1
T

T¡1X

r= ¡(T¡1)
1(

r
S(T)

)
TX

t= jrj+ 1
(Et¡E)(Et¡jrj¡E);

theindicatorfunction

1(
r

S(T)
)

(
1 for

¯̄
¯ r
S(T)

¯̄
¯·1

0 otherwise

isthelagwindow, andS(T) isthetruncationlag, followsaN (0 ;1)random
variable.

T he…rsttwocolumns ofTable2 displaythe in-sampleM SE andT PE
forthewholesetofmodels.16 Foreachmodel, the…rstentryrefers tothe
entiresample. T hesecondandthirdentriesexclusivelyrefertorecessionary
andexpansionaryperiods, accordingtotheN BER schedule. T hein-sample
resultsshowthattheM arkovswitchingmodelperformsbetterthananyother
speci…cationinboththeG D P andturningpointsforecasts. Inaddition, most
ofthegainscomefromthereductioninthemeansquareerrorinrecessions(in
thecaseoftheswitchingversustheA R model, 58% ofthereductioncomes
from recessions whereas only 26% comes from expansions). T herefore, in
samplewecanconcludethattheCL I haspredictivepoweroverthebusiness
cycleand G D P movements. T hesearebettercapturedwith anon-linear
M arkovswitchingspeci…cationthatallowstheforecastertotakeintoaccount

15N otethatg is eithery (in 14) ord(in 15). A lsothatforecasterrors maybenon-
gaussians, nonzeromean, andseriallyandcontemporaneouslycorrelated.

16M odelsCO M B andRT CO M B willbetreatedindetailinthenextsection.
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thechangesinthedatageneratingprocessofbothG D P andCL I duetothe
phenomenaofexpansionsandrecessions.

U singtheD M test, Table3presentsstatisticalevidenceofthesigni…ca-
tivityofthesegains. Comparinglinearmodels, theinclusionoftheCL I in
theG D P equationgivesanstatisticallysigni…cantimprovementintheM SE
(D M testof2.47 ) butnotin the T PE (D M testof1.02). H owever, in a
nonlinearcontext, werejectthenullofnogainwithrespecttotheunivariate
linearmodelinboththeM SEandT PEandwerejectalsothenullofnogain
withrespecttothemultivariateVA R .17

N evertheless, suchpromisingresults in-sampledonotnecessarily imply
thattheCL I is usefulforreal-timepredictions. First, itiswell-knownthat
very‡exiblenonlinearmodelshaveapoorperformanceinout-of-sampleex-
ercises. Second, theCL I series isrevisedveryfrequently, andtherefore, the
in-sampleanalysis contains informationnotavailableforpredictionateach
periodoftime.

T heout-of-sampleanalysispredictsinreal-time104values. T he…rstdata
pointforwhichpredictionsaremadeisthesecondquarterof19 7 2.18 Foreach
periodoftimet, weestimateeachmodelwithdatafrom thebeginningof
thesampleup toperiodt, usingtherevisionoftheCL I available in that
periodoftime. T hetransformationfrommonthlytoquarterlyobservations
is doneas in the in-sampleanalysis. T hen, with thecoe¢cientestimates,
aoneperiodaheadforecastis computedthroughthe…rstquarterof19 9 8.
T his proceduremimicswhatastatisticalmodelwouldhavepredictedwith
theinformationavailableatanypointinthepast.19

Itis importanttomentionthatsometimesthereleaseoftheN BER de-
cisionaboutthestateoftheeconomyinperiodtmaybedelayedforalmost
twoyears. T hisleadstoaseriousproblemwhenreal-timeanalysisisapplied
totheprobitmodel, since d tisusuallyunknownattimet. Tosolvethis, at
anytimet;weestimate¯ in(8)withobservationsuntilt¡8;toensurethat
d is available. T his estimation is thenusedtopredictaprobabilityattof

1 7 D M testcomparingthein-sampleaccuracyofSW IT CH versus V A R is 4.9 forM SE
and3.2 forT PE.

18 W eselectthisdatebecausewewanttohaveenoughnumberofobservationstoestimate
thedi¤erentmodelsandtocaptureintheout-of-sampleanalysistherecessionintheearly
19 7 0s.

19 Inordertoforecastforquartert+ 1 withtheinformationuptoperiodt, weneedthe
CL I inperiodt, whichisnotknowuntilonemonthaftertheendofquartert. H owever,
this …rstnumberisusuallystronglyrevised. T hus, weusethe…rstpublishedrevisionof
thisdata, madetwomonthsaftertheendoftheperiod. T herefore, forexample, toforecast
theG D P inthe…rstquarter(…guresavailableinmay), weusetheCL I indecember(the
revisionpublishedinFebruary).
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beinginrecessionatt+ 1 asfollows:

Pt(d t+ 1 = 1) = F(b̄0t¡8 z t):

T he lasttwocolumns ofTable 2 presenttheresults forthe real-time
analysis. L ookingattheresults, weobservethatevenintheout-of-sample
exercise, there is stillgainfrom usingtheCL I and, again, thebestmodel
is the M arkov-switching. In addition, wecan concludethatallthegains
fromusingtheCL I comefromtherecessionaryperiods. H owever, asshown
inTable3, eventhoughthebivariatespeci…cations’M SFEarenumerically
lowerthan inthecaseoftheunivariatelinearmodel, noteventhebestof
them is statistically signi…cantaccordingtotheD M tests.20 H ence, while
theCL I appears usefulinforecastingG D P withinthehistoricalsample, it
seems notbeas usefulinareal-timeexercise. T hereadercan…ndsimilar
conclusionsatanticipatingrecessions.

5 Combinationofforecasts
A s shown in Table 2, di¤erentmodels havedi¤erentpredictivepowerde-
pendingonthestateofthebusinesscycle. Forexample, thenonparametric
estimatorpresentsthebestT PFEinexpansionsbutitholdstheworstrecord
in recession times amongthebivariate speci…cations. Filardo(19 9 9 ) also
…nds thattheperformanceofthedi¤erentmodels changewiththesample
periodconsidered. T herefore, heproposesthatthebestwaytoimprovetheir
reliabilityisbycontinuouslymonitoringtheirperformance, therebylearning
aboutwhentheyarelikelytopredictcorrectlyandwhentheyarelikelyto
fail. T hisispreciselywhatweallowbyusingencompassingmethods. H ence,
wesuggestthatacombinationoftheforecastsmaydrawmoreleadinginfor-
mationfromtheCL I thananyoftheindividualforecastingmodels.

Inordertocombinegrowth’sforecasts, weapplythelinearcombination
ruleproposedby G rangerandR amanathan(19 84). Tocombinein-sample
forecasts, weightsareobtainedbysimplelinearsquarestechniqueson

yt= ¯0ft+ ut; (17 )

whereyt is outputgrowthatt; ¯ =
¡
¯ 0 ;¯ 1;:::;¯ m + 1

¢
; m is thenumberof

di¤erentforecastingmethods, ft= (1;ft;1;:::;ft;m + 1);andft;i istheforecast
fortimetthatcorrespondstoA R , V A R , L V ST R , SW IT CH andKER N EL ,
respectively. Tocombine out-of-sample forecasts, even though individual

20T his resultis similartoD ieboldand R udebusch(19 9 1) conclusions andcontradicts
H amiltonandPerez-Q uiros(19 9 6) results.
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modelspredictgrowthfort+ 1; thedependentvariableyt+ 1 is notactually
availableatanytimet. W esolvethisproblem byusingreal-timecombina-
tion. M orespeci…cally, we…t(17 )within-samplepredictionsuntilt;andwe
usetheseweighstocombinetheout-of-sampleforecastsft+ 1;i=ttoobtainan
estimationofyt+ 1.

Inthecaseofforecastingrecessions, itisnotclearthatsucharulewould
implyanoutputlyingbetweenzeroandone. Instead, inthespiritofL i and
D orfman(19 9 6), weproposeanencompassingstrategybasedupondiscrete
choiceanalysis. Tocombinein-sampleprobabilitiesofrecession, considerthe
followingrelation

rt= ® pt+ et;

where ® = (® 0 ;® 1;:::;® m + 1), pt = (1;pt;1;:::;pt;m + 1);rtand m havebeen
de…nedabove, andpt;i isthein-sampleforecastedrecessionprobabilitiesfor
timetfrom A R , V A R , L V ST R , SW IT CH , P R O B IT andKER N EL models.
L etd tbetheN BER indicatorvariablepresentedinsection3.4. W econclude
that

P(d t= 1) = F(® pt);

where F is the cumulative normaldistribution function as in the probit
model. W eighs areobtainedbyapplyingmaximum likelihoodprinciples to
theobjectivefunction

L(®) =
TX

t= 1

fd tln[F(® pt)]+ (1¡d t)ln[1¡F(® pt)]g: (18)

Combiningforecasts inreal-time, we…ndthesameproblem thatinout-of-
sampleestimationfrom theprobitmodel. T hedelayonwhich d t is known
has been solved usingreal-timecombinationas before. T hus, tocombine
forecasts foranytimet+ 1, we estimatethe ® in (18) thatcombines in-
sampleforecastsuntilt¡8.21 T hen, weusesuchestimationforcombining
theout-of-sampleprobabilitiesofrecessionfort+ 1. N otethatthereal-time
combinationuseschangingweightsforeachperiodoftime.

A sa…rstapproximation, wemadeacombinationofthesix(…ve, forfore-
castinggrowth)alternativemodelsinin-sampleandout-of-sampleforecasts.
A sweexpected, theseforecastsarehighlycorrelated, whichsuggeststhatthe
combinationusesredundantinformation. SinceSW IT CH andKER N EL are

21A s inthecaseoftheout-of-sampleforecastsfromtheprobitmodel, weareassuming
thatthedelayonthereleaseoftheN B ER decisionaboutthestateoftheeconomyisof
atmosttwoyears.
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thebestmodelswithinrecessionandexpansiondata, wetryanencompassing
methodthatcombinesthesetwospeci…cations. IntermsofPR 2 andT PE,
this combinationisasgoodasthecombinationthatcontainsthewholeset
ofmodels. In-sampleandout-of-samplecombinations ofswitchingregimes
andnonparametricforecastsarecalledCO M B andRTCO M B respectively.

T he out-ofsample results presented in Tables 2 and 3 revealone the
mostimportant…ndingsofthispaper. RTCO M B presentsthelowestM SFE
and T PFE. M oreover, D M tests (Table 3) con…rm thatthis combination
signi…cantlyimprovesthelinearmodel’sresults. T hisimpliesthattheCL I is
usefulinanticipatingbothrecessionsandG D P growth, eveninreal-time.22
Figures 1 and 2 presentthe in-sample and out-of-sample probabilities of
recessionpredictedfrom SW ITCH andKER N EL . T heyalsoshowhowwell
thein-sampleandreal-timecombinationsmimictheN BER schedule.

W earenowreadytoproposea…lterthattransforms theCL I releases
intoprobabilitiesofrecessionnextquarter. T heCL I wasoriginallydesigned
as atooltopredictbusiness cycleturningpoints. H owever, everymonth
theConferenceBoardonlyreleasestherateofgrowthofsuchleadingindex.
A lternatively, weconstructa…lteringruletoextracttheCL I’sleadinginfor-
mationaboutturningpoints, bytransformingthegrowthrateofCL I into
probabilitiesofrecession. B asedonpreviousresults, weproposeareal-time
combinationoftheswitchingregimesmodelandthenonparametricspeci…-
cation.

Toseehowitworks, wepresentthefollowingempiricalexercise. Suppose
weareinthelastquarterof19 9 7 , andwewanta…lteringrulefortheCL I
release. W esimulatethepossibleoutcomesoftheCL I growthratefrom -2%
to+ 2% . andwepredictinreal-timetheprobabilityofrecessionfor19 9 8.1
(belongingtoawideexpansionaryperiod). Figure3displaysthepredicted
probabilityofrecession, associatedtoeachCL Igrowthratevalue, thatarethe
outcomes ofSW IT CH , KER N EL andRTCO M B . Furthermore, wepresent
inFigure4 theresults ofasimilaranalysis, butwepredictprobabilityof
recessionsfor19 9 0.1 (justafterarecession)usingexclusivelytheinformation
availableat19 9 7 .4.

Sinceweprovedthatthebest…lteris thereal-timecombination, letus
concentrate in theanalysis ofRTCO M B results. A s wecan see from the
pictures, thesameCL I growthratecontainsverydi¤erentinformationabout
theprobabilityofan imminentrecessiondependingontheperiodthatwe
consider. Speci…cally, in19 9 0.4, aCL I growthrateof0% wouldbeassociated
toaprobabilityofrecessionnextquarterofalmost1. H owever, in 19 9 7 .4,

22D M tests tocomparetheaccuracyofSW IT CH andRTCO M B are1.7 forM SE and
1.2 forT PE.T his impliesthatthereexistssomeevidenceinfavorofRT CO M B .
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thesameCL I growthratewouldhaveimpliedarecessionprobabilitynext
periodcloseto0. T heintuitionisclear. Inordertopredictthatarecession
is coming, weneed strongerevidence intheCL I behaviorafter9 years of
expansionsthatjustafterarecessiontobelievethatarecessionisimminent.
O ur…ltere¢cientlyusestheinformationaboutthestateoftheeconomyto
interprettherateofgrowthoftheCL I ineachperiodoftime.

6 Conclusions
ConferenceBoard’s CL I is releasedtoanticipateturningpoints. H owever,
theability ofa predictordepends upon ourmodel’s accuracy atextract-
ingits leadinginformation aboutfutureevents. T hus, wehaveevaluated
howwellthemoststandard speci…cations predictrecessions. W epropose
amethodologytocombinedi¤erentforecastedprobabilities. W econclude
thatacombinationofaswitchingVA R modelandanonparametricsystem
isthebestapproachtoanticipaterecessions. T hiskindofapproachusesthe
CL I toreproducetheU S businesscycledatafairlywell, comparedwiththe
ex-postN BER schedule. H ence, we…ndthattheCL I is statisticallyuseful
atanticipatingrecessions, eveninreal-timeanalysis.

W econcludethatCL I isalsousefulinforecastingU S G D P growth, even
inout-of-sampleexercise. A gain, acombinationisthebestapproachinreal-
time, con…rmingthepowerofthecombinationofforecastsatextractingthe
leadinginformationfromtheCL I.

T hus, weproposea…lteringruletoextracttheCL I’sleadinginformation
aboutturningpoints. O urpropositiontransformstherateofgrowthofthe
CL I in accordancewiththestateoftheeconomy in theperiodoftime in
whichitisreleased.
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Table1. M aximum likelihoodestimatesofparameters

M odelestimation VA RCO V
A R byt= 0:76

(0:0 9)
+ 0:2 8
(0:07)

(yt¡1¡0:76)
(0:0 9)

b¾ 11 = 0:78
(0:0 9)

VA R
byt= 0:78

(0:07)
+ 0:61
(0:0 6)

(xt¡1¡0:2 4
(0:07)

)

bxt= 0:2 4
(0:07)

+ 0:4 3
(0:0 5)

(xt¡1¡0:2 4
(0:07)

)

b¾ 11 = 0:60
(0:0 2 )

b¾ 2 2 = 0:52
(0:0 2 )

b¾ 12 = 0:0 9
(0:03)

L V ST R

byt= 0:91
(0:12 )

bFx + 0:60
(0:0 5)

xt¡1

bxt= 0:4 2
(0:18)

+ ¡0:31
(0:13)

bFy + 0:4 3
(0:0 5)

xt¡1

bFy =
·
1 + exp

µ
¡1:85
(0:2 6)

(yt¡2 ¡0:13
(0:0 1)

)
¶ ¡̧1

bFx =
·
1 + exp

µ
¡87:57
(15:66)

(yt¡2 + 0:33
(0:4 7)

)
¶ ¡̧1

b¾ 11 = 0:55
(0:0 2 )

b¾ 2 2 = 0:51
(0:0 2 )

b¾ 12 = 0:11
(0:03)

SW IT CH

byt= b¹ st+ 0:4 3(0:0 1)

¡
xt¡1¡b¹st¡1

¢

bxt= b́st+ 0:35(0:0 1)

¡
xt¡1¡b́st¡1

¢

b¹1 = 1:0 0
(0:0 1)

; b¹ 2 = ¡0:2 3
(0:0 8)

b́1 = 0:4 2
(0:0 1)

; b́2 = ¡0:57
(0:0 8)

p11 = 0:95
(0:0 2 )

; p 2 2 = 0:79
(0:10 )

b¾ 11 = 0:53
(0:0 1)

b¾ 2 2 = 0:4 4
(0:0 1)

b¾ 12 = 0:0 7
(0:0 1)

P R O B IT brt= ¡0:97
(0:2 0 )

¡1:19
(0:2 2 )

f1g

N ote. T his estimationuses thesample19 60.2-19 9 7 .4. Variables xtand
ytaregrowthofG D P andCL I respectively. Variable rt determines how
probableitis thatarecessionwilloccurattimet:Parameters ¾11 and ¾ 2 2
arevariancesofG D P andCL I errors, whereasparameter¾ 12 isthecovariance
betweenthem. Standarderrorsareinparentheses. N otethejointuncertainty
intheestimationofsmootherparameterandthresholdwhentheformeris
large. FollowingEstrellaandM ishkin, theprobitmodel’sstandarderrorsare
estimatedbyusingtheN adaraya-W atsonestimator.
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Table2. M SEandT PEin-sampleandout-of-sample.

M SE
in

T PE
in

M SFE
out

T PFE
out

A R
0.7 8
1.7 3
0.57

0.10
0.57
0.005

0.7 9
2.19
0.49

0.11
0.62
0.008

V A R
0.60
1.09
0.49

0.11
0.62
0.006

0.7 5
1.82
0.53

0.09
0.47
0.011

L V ST R
0.55
0.88
0.48

0.16
0.30
0.133

0.7 0
1.46
0.54

0.17
0.55
0.09 1

SW IT CH
0.48
0.7 2
0.42

0.05
0.22
0.011

0.68
1.56
0.50

0.09
0.27
0.060

P R O B IT ...
0.10
0.40
0.035

...
0.09
0.35
0.038

KER N EL
0.60
1.18
0.47

0.11
0.61
0.002

0.7 3
1.80
0.48

0.10
0.57
0.006

CO M B
0.55
0.9 0
0.47

0.03
0.10
0.009

... ...

RT CO M B ... ...
0.60
1.44
0.48

0.05
0.24
0.007

N ote. ”In” refers to19 60.2-19 9 7 .4. ”O ut” refers to19 7 2.2-19 9 8.1. Foreach
model, …rstentryhavebeencalculatedfrom theentireforecastingsample. Sec-
ond and third entries only refers torecessionary and expansionary data, using
the N BER schedule. M SE and T PE arede…ned in (14) and (15). CO M B and
RT CO M B arethecombinationofKER N EL andSW IT CH asSection5 describes.
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Table3. D ieboldandM arianotests.

A R CO M B RT CO M B
M SE T PE M SE T PE M SE T PE

SW ITCH
IN

O U T
3.7 9 3.12
1.30 0.54

2.45 0.83
1.80 2.03

... ...
1.7 1 1.19

V A R
IN

O U T
2.47 1.02
0.42 1.83

2.15 2.9 4
... ...

... ...
2.50 1.89

CO M B
IN

O U T
2.7 9 2.82
... ... ... ...

RT CO M B
IN

O U T
... ...
1.9 8 2.48 ... ...

N ote. ”In” refers to19 60.2-19 9 7 .4. ”O ut” refers to19 7 2.2-19 9 8.1. M SE and
T PE arede…ned in (14) and (15). CO M B and RT CO M B arethecombination
ofKER N EL and SW IT CH as Section 5 describes. A lltheentries refers tothe
absolutevalueoftheD M statisticwhich is calculatedforin-rowand in-column
modelsas(16)describes. Forexample, 3.7 9 (3.12) istheabsolutevalueoftheD M
statisticsunderthehypothesisofnodi¤erenceintheaccuracyofmodelsSW IT CH
andA R atanticipatingin-samplegrowth(recessions).
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Graph 1. SWITCH model
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Graph 2. KERNEL model
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Note: Graph 1 and Graph 2 represent in-sample probabilities of recession from the switching regimes and the nonparametric specifications respectively. 
Graph 3 shows in-sample probabilities of recession using a combination of the first two models as Section 5 describes. "In-sample" refers to the period 
1960.2-1997.4. Shaded areas correspond to the NBER recessions.

Figure 1: In-sample probabilities of recession

Graph 3. COMB model
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Graph 2. KERNEL model
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Graph 3. RTCOMB model
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Figure 2: Out-of-sample probabilities of recession
Graph 1. SWITCH model
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Note: Graph 1 and Graph 2 represent out-of-sample probabilities o f recession from the switching regimes and the nonparametric specifications 
respectively. Graph 3 shows out-of-sample probabilities of recession using a real-time combination of the first two models as Section 5 describes. 
"Out-of-sample" refers to the period 1972.2-1998.1. Shaded areas correspond to the NBER recessions.
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Figure 3: Simulation for 1998.1
Graph 1. SWITCH simulation
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Graph 3. RTCOMB simulation
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Note: Horizontal axes represent simulated CLI quarterly growth values for 1997.4. Vertical axes show the real-time forecasts of the probability of 
recession in 1998.1 from the switching regimes model (Graph 1), the nonparametric specification (Graph 2), and the real-time combination of them 
(Graph 3) as Section 5 describes.  

Figure 4: Simulation for 1991.1
Graph 1. SWITCH simulation
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Graph 2. KERNEL simulation
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Graph 3. RTCOMB simulation
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Note: Horizontal axes represent simulated CLI quarterly growth values for 1990.4. Vertical axes show the real-time forecasts of the probability of 
recession in 1991.1 from the switching regimes model (Graph 1), the nonparametric specification (Graph 2), and the real-time combination of them 
(Graph 3) as section 5 describes.  
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