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1 Intr oduction

In this paperwe provide empiricalevidenceon theability of severaldifferentmethodsto

improve therealÐtimeforecastaccuracy of small-scalemacroeconomicVARs in thepres-

enceof potential modelinstabilities. The18 distinct trivariateVARs thatwe considerare

eachcomprisedof oneof threemeasuresof output,oneof threemeasuresof inßation,and

oneof two measuresof short-terminterestrates. For eachof thesemodelswe construct

real time forecasts of eachvariable(with particularemphasison the outputandinßation

measures)usingrealÐtimedata. For each of the 18 variablecombinations,we consider

86 different forecastingmethodsor models,incorporatingdifferentchoicesof lag selec-

tion, observationwindows usedfor estimation,levelsor differences,interceptcorrections,

stochasticallytimeÐvarying parameters, breakdating,discountedleast squares,Bayesian

shrinkage,detrendingof inßationandinterestrates,andmodelaveraging. We compare

our resultsto thosefrom simplebaselineunivariatemodelsaswell asforecastsfrom the

Survey of ProfessionalForecastersandtheFederalReserveBoardÕsGreenbook.

We considerthis problemto be importantfor two reasons. The Þrst is simply that

small-scaleVARs arewidely usedin macroeconomics.Examplesof VARs usedto fore-

castoutput,prices,and interestratesarenumerous,including Sims(1980),Doan,et al.

(1984),Litterman(1986),Braytonet al. (1997),Jacobsonet al. (2001),Robertsonand

Tallman(2001),Del Negro andSchorfheide(2004),andFavero andMarcellino (2005).

More recentlytheseVARs have beenusedto modelexpectationsformation in theoretical

models. Examplesare increasinglycommonandincludeEvansandHonkapohja(2005)

andOrphanidesandWilliams (2005).

Thesecondreasonis thatthereis anincreasingbodyof evidencesuggestingthatthese

VARsmaybeproneto instabilities.1 ExamplesincludeWebb(1995),Boivin (1999,2006),

Kozicki andTinsley (2001b,2002),andCogley andSargent(2001,2005).Still morestud-

ieshaveexaminedinstabilitiesin smallermodels,suchasAR modelsof inßationor Phillips

curve modelsof inßation.ExamplesincludeStockandWatson(1996,1999,2003,2006),

1Admittedly, while theevidenceof instabilitiesin therelationshipsincorporatedin smallmacroeconomic
VARsseemsto begrowing, theevidenceis notnecessarilyconclusive. RudebuschandSvensson(1999)apply
stability teststo thefull setof coefÞcientsof aninßationÐoutputgapmodelandareunableto rejectstability.
Rudebusch(2005)Þndsthathistoricalshiftsin thebehavior of monetarypolicy havenÕt beenenoughto make
reducedform macroVARsunstable.EstrellaandFuhrer(2003)Þndlittle evidenceof instability in joint tests
of a Phillips curve relating inßation to the outputgap andan IS modelof output. Similarly, detailed test
resultsreportedin StockandWatson(2003)show inßationÐoutputgapmodelsto belargelystable.
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Levin and Piger (2003), Roberts(2006), and Clark and McCracken (2006b). Although

many differentstructuralforcescould leadto instabilitiesin macroeconomicVARs (e.g.,

Rogoff (2003)andothershave suggestedthat globalizationhasalteredinßation dynam-

ics),muchof theaforementionedliteraturehasfocusedon shiftspotentiallyattributableto

changesin thebehavior of monetarypolicy.

Given the widespreaduseof small-scalemacroVARs andthe evidenceof instability,

it seemsimportant to considerwhetherany statisticalmethodsfor managingstructural

changemightbegainfully usedto improve theforecastaccuracy of themodels.Of course,

while structuralchangesmightoccurduringtheforecasthorizon,in thispaperwefocuson

thepotentialfor breaksoccurringin theestimationsample. Our resultsindicatethatsome

of the methodsdo consistentlyimprove forecastaccuracy in termsof root meansquare

errors(RMSE). Not surprisingly, the bestmethodoften varieswith the variablebeing

forecast,but severalpatternsdoemerge. After aggregatingacrossall models,horizonsand

variablesbeingforecasted,it is clearthatmodelaveragingandBayesianshrinkagemethods

consistentlyperformamongthe bestmethods. At the otherextreme,the approachesof

usinga Þxedrolling window of observationsto estimatemodelparametersanddiscounted

leastsquaresestimationconsistentlyrankamongtheworst.

The remainderof the paperproceedsas follows. Section2 provides a synopsisof

the methodsusedto forecastin the presenceof potentialstructuralchanges. Section3

describesthereal-timedatausedaswell asspeciÞcson modelestimationandevaluation.

Section4 presentsourresultsonforecastaccuracy, includingrankingsof themethodsused.

Giventhelargenumberof modelsandmethodsusedweprovideonly asubsetof theresults

in tablesandusethetext to provide furtherinformation. Section5 concludes.Additional

tablescanbefoundin a longerworkingpaperversion,ClarkandMcCracken(2006a).

2 MethodsUsed

This sectiondescribesthe variousmethodswe useto constructforecastsfrom trivariate

VARsin thefaceof potentialstructuralchange.Table1 providesacomprehensivelist, with

somedetail,andthemethodacronymswe usein presentingresultsin section4. For each

modelÑ deÞnedasbeinga baselineVAR in onemeasureof output(y), onemeasureof

inßation(! ), andoneshortÐterminterestrate(i) Ñ weapplyeachof themethodsdescribed

below. Output is deÞnedaseithera growth rateof GDP (or GNP) or an outputgap (we
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deferexplanationof themeasurementof outputandpricesto section3). Unlessotherwise

noted,oncethe speciÞcsof the modelhave beenchosen,the parametersof the VAR are

estimatedusingOLS.

We begin with the perhapsna¬õve methodof ignoring structuralchange. That is, we

constructiteratedmulti-stepforecastsfrom recursively estimatedÑ thatis, estimatedwith

all of thedataavailableup to thetime of theforecastconstructionÑ VARs with Þxedlag

lengthsof 2 and4. While this approachmayseemna¬õve, it mayhave beneÞts.As shown

in Clark andMcCracken (2005b),dependingon the type andmagnitudeof the structural

change,ignoring evidenceof structuralchangecanleadto moreaccurateforecasts.This

possibility arisesfrom a simplebias-variancetrade-off. While a Þxed parametermodel

is obviously misspeciÞedif breakshave occurred,by usingall of thedatato estimatethe

modelonemightbeableto reducethevarianceof theparameterestimatesenoughto more

thanoffsettheerrorsassociatedwith ignoringthecoefÞcientshifts.

A secondapproachconstructsforecastsin muchthesameway but permitsupdatingof

the lag structureasforecastingmovesforward. This method,alsousedin suchstudiesas

StockandWatson(2003),GiacominiandWhite (2005),andOrphanidesandvanNorden

(2005),permitstimevariationin thenumberof lagsin themodel.Wedo this four separate

ways. TheÞrsttwo consistof usingeithertheAIC or BIC to selectthenumberof model

lagsin theentiresystem.In two additionalspeciÞcations,we allow thelag ordersof each

variablein eachequationto differ (as is donein someof the above studies,as well as

Keating(2000)),andusetheAIC andBIC to determinetheoptimallagcombinations.

For eachof the above methods,we repeatthe processbut with at leastsomeof the

variablesin differencesratherthanin levels. Onereasonfor takingthis approachis based

upontheobservationthat inßationandinterestratesaresometimescharacterizedasbeing

I(1), while eachof theoutput-typevariablesis generallyconsideredI(0) andhencein the

absenceof cointegration the predictive equationsare likely to be unbalanced.A second

is that, as notedin Clementsand Hendry (1996), forecastingin differencesratherthan

in levels canprovide someprotectionagainstmeanshifts in the dependentvariable. As

such,for eachmodelconsideredabove, we constructforecastsbasedupontwo separate

collectionsof thevariables:onethatkeepstheoutputvariablein levelsbut takestheÞrst

differenceof the inßationandinterestvariables(we refer to thesemodelsasDVARs) and

a secondthat takes the Þrst differenceof all variables(denotedas DVARs with output

differenced). SeeAllen andFildes(2006)for a recentdiscussionof forecastingin levels
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vs.differences.

WealsoconsiderselectBayesianforecastingmethods.SpeciÞcally, weconstructfore-

castsusingBayesianestimatesof Þxedlag VARs, basedon MinnesotaÐstylepriorsasde-

scribedin Litterman(1986).2 We considerbothBVARs in ÒlevelsÓ(in y, ! , i) andBVARs

in partialÐdifferences(in y, "! , " i), referringto thelatterasBDVARs.

For ourparticularapplications,wegenerallyuseprior meansof zerofor all coefÞcients,

with prior variancesthataretighter for longerlagsthanshorterlagsandlooserfor lagsof

thedependentvariablethanfor lagsof othervariablesin eachequation.However, in setting

prior means,in selectcaseswe usevaluesotherthanzero: in BVARs, theprior meansfor

own Þrst lagsof ! and i aresetat 1; in BVARs with an outputgap, the prior meanfor

the own Þrst lag of y is setat 0.8; andin BVARs with outputgrowth that incorporatean

informative prior varianceon the intercept,the prior meanfor the interceptof the output

equationis setto thehistoricalaveragegrowth rate.3 Usingthenotationof Robertsonand

Tallman(1999),theprior variancesaredeterminedby hyperparameters#1 (generaltight-

ness),#2 (tightnessof lagsof othervariablescomparedto lagsof thedependentvariable),

#3 (tightnessof longerlagscomparedto shorterlags),and#4 (tightnessof intercept).The

prior standarddeviation of thecoefÞcienton lag k of variable j in equationj is setto #1
k#3

.

Theprior standarddeviationof thecoefÞcientonlagk of variablemin equationj is #1#2
k#3

$ j
$m

,

where$ j and$m denotetheresidualstandarddeviationsof univariateautoregressionses-

timatedfor variablesj andm. Theprior standarddeviation of the interceptin equationj

is setto #4$ j . In ourBVARsandBDVARs,weusegenerallyconventionalhyperparameter

settingsof #1 = .2 , #2 = .5, #3 = 1, and#4 = 1000(makingtheinterceptprior ßat).

Anothercommonapproachto estimatingpredictive modelsin the presenceof struc-

tural changeconsistsof usinga rolling window of themostrecentN (N < t) observations

to estimatethe modelparameters.The logic behindthis approachis that for modelsex-

hibiting structuralchange,olderobservationsarelesslikely to be relevant for thepresent

incarnationof theDGP. In particular, usingolderobservationsimpliesatypeof modelmis-

speciÞcation(andperhapsbiasin theforecasts)thatcanbealleviatedby simply dropping

thoseobservations.We implementthismethodology, recentlyadvocatedin Giacominiand

2We estimatethe modelswith the commonmixed approachappliedon an equationÐbyÐequationbasis.
As indicatedin Geweke andWhiteman(2006),estimatingthesystemof equationswith thesameMinnesota
priorswould requireMonteCarlosimulation.

3In modelestimatesfor vintaget, usedfor forecastingin periodt andbeyond, theaverageis calculated
usingdatafrom the beginning of the availablesamplethroughperiodt " 1 Ñ datathat would have been
availableto theforecasterat thattime.
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White (2005),for eachof theabove methodsusinga constantwindow of thepastN = 60

quartersof observationsto estimatethemodelparameters.Of course,it is possiblethatus-

ing a samplewindow basedon breaktestestimatescouldyield bettermodelestimatesand

forecasts.In practice,however, difÞcultiesin identifying breaksandtheir timing mayrule

out suchimprovements(see,for example,theresultsin ClarkandMcCracken(2005b)).

While thelogic behindtherolling windowsapproachhasits appeal,it mightbeconsid-

ereda bit extremein its droppingof olderobservations.That is, while olderobservations

might belessrelevant for thepresentincarnationof theDGP, they maynot becompletely

irrelevant. A lessextremeapproachwould be to usediscountedleastsquares(DLS) to

estimatethemodelparameters.This methodusesall of thedatato estimatethemodelpa-

rametersbut weightstheobservationsby afactor#t" j , 0< # < 1, thatplacesfull weighton

themostrecentobservation( j = t) but graduallyshrinkstheweights to zerofor olderob-

servations( j < t). While thismethodologyis lesscommonin economicforecastingthanis

therolling scheme,recentwork by StockandWatson(2004)andBranchandEvans(2006)

suggestsit mightwork well for macroeconomic forecasting.With this in mindweconsider

four separatemodels estimatedby DLS. TheÞrsttwo arethebaselineVARs in y, ! , i and

DVARs in y, "! , " i with a Þxed numberof lags. The secondtwo areVARs andDVARs

with thenumberof modellagsestimatedusingtheAIC for thesystem. Our settingof the

discountfactorroughlymatchesthesuggestionsof BranchandEvans(2006): .99 for the

outputequationand.95for theinßationandinterestrateequations.

Despitethe appealof both the rolling andDLS methods,onedrawbackthey shareis

thatthey reducethe(effective) numberof observationsusedto estimateeachof themodel

parametersregardlessof whetherthey have exhibited any signiÞcantstructuralchange.

Thereareany numberof waysto avoid this problem. Onewould beto attemptto identify

structuralchangein everyvariablein eachequation.To dosoonecoulduseany numberof

approaches,includingthoseproposedin Andrews(1993),Bai andPerron(1998,2003),and

many others. However, in thecontext of VARs(for whichtherearenumerousparameters),

thesetestscanbe poorly sizedandexhibit low power, particularlyin samplesof the size

often observed whenworking with quarterlymacroeconomicdata. This is preciselythe

conclusionreachedby Boivin (1999). Instead,in light of the importanceof meanshifts

highlightedin suchstudiesasClementsandHendry(1996),Kozicki andTinsley (2001a,b),

and Levin and Piger (2003), we focus attentionon identifying structuralchangein the

interceptsof themodel.
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To capturepotentialstructuralchangein the intercepts,we considerseveral different

methodsof whatmight looselybecalledÔinterceptcorrectionsÕ.Themoststraightforward

is to usepretestingproceduresto identify shifts in the intercepts,introducedummyvari-

ablesto capturethoseshifts,estimatetheaugmentedmodelandproceedto forecasting.In

particular, we follow Yao (1988)andBai andPerron(1998,2003) in using information

criteria to identify breakdatesassociatedwith themodelintercepts. SpeciÞcally, at each

forecastorigin weÞrstchoosethenumberof lagsin thesystemusingtheAIC andthenuse

aninformationcriterionto selectup to two structuralbreaksin thesetof modelintercepts.

For computationaltractability, we usea simplesequentialapproachÑ a partialversionof

BaiÕs(1997)sequentialmethodÑ to identifyingmultiplebreaks.WeÞrstusetheinforma-

tion criterion to determineif onebreakhasoccurred.If thecriterion identiÞesonebreak,

we thensearchfor asecondbreakthatoccurredbetweenthetime of theÞrstbreakandthe

endof thesample.4 Themodelwith up to two interceptbreaksis thenestimatedby OLS

andusedto forecast.Weusetwo suchmodels,onewith breaksidentiÞedby theAIC anda

secondwith breaksidentiÞedusingtheBIC.

While thisapproachmightproveusefulfor identifyingstructuralchangein theinterior

of thesample,it is likely to belesswell behavedwhenthestructuralchangeoccursat the

very end of the sample.5 Motivatedby this observation, Clementsand Hendry (1996)

discussseveralapproachesto ÔcorrectingÕinterceptsfor structuralchangeoccurringat the

very endof the sample. The approachwe implementis directly relatedto oneof theirs.

SpeciÞcally, the interceptcorrectionconsistsof addingtheaverageof thepast4 residuals

to themodel(for eachequation)ateachstepacrosstheforecasthorizon. Equivalently, the

forecastis constructedby addinga weightedaverageof thepast4 residuals(with weights

thatdependupontheparametersof theVAR andtheforecasthorizon)to thebaselinefore-

castthat ignoresany structuralchange.6 We apply interceptcorrectionto four different

VAR systems.Two of thesystemsusea Þxedlag order, andtheothertwo usea lag order

determinedby applyingAIC to thesystem. For eachof thesetwo baselinelag orders,we

thenconstructinterceptcorrectionsoncefor theentiresystemof threeequationsandonce

makingadjustmentsto only theinßationandinterestrateequations.

Our Þnalvariantof interceptcorrectiondraws on the approachdevelopedby Kozicki

4In thebreakidentiÞcation,we imposeaminimumsegmentlengthof 16quarters.
5We leaveasa topic for futureresearchthepossibilitythatmethodsdesignedto identify breaksat theend

of asample,suchasthoseof Hendry, etal. (2004)andAndrews (2006),couldyield betterresults.
6Seeequation(40)of ClementsandHendry(1996)for details.
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andTinsley (2001a,b).In theirÔmoving endpointsÕstructure,thebaselineVAR is modeled

ashaving time varying interceptsthatallow continuousvariationin the long run expecta-

tionsof thecorrespondingvariables.Ourprecisemethod,though,is perhapsmoreclosely

relatedto Kozicki andTinsley (2002).7 In the context of a small-scalemacroVAR, the

variablesin their modelaremodeledasdeviationsfrom latenttime varying steadystates

(trends). However, whereasthey usetheKalmanÞlterto extractestimatesof thisunknown

trend,for tractabilityweusesimpleexponentialsmoothingmethodsto getestimates.Cog-

ley (2002) developsa model in which exponentialsmoothingprovides an estimateof a

timeÐvarying inßationtarget of the centralbank,a target that the public doesnÕt observe

but doeslearnaboutover time. With exponentialsmoothing,the trendestimatecanbe

easilyconstructedin real time andupdatedover themultiÐstepforecasthorizon to reßect

forecastsof inßation. As indicatedin Figure1, exponentialsmoothingyields a trendes-

timatequitesimilar to anestimateof longÐruninßationexpectationsbasedon 1981-2005

datafrom theHoey survey of Þnancialmarket participantsandtheSurvey of Professional

Forecasters(for a 10Ðyearaheadforecastof CPI inßation) and 1960-1981estimatesof

longÐruninßationexpectationsdevelopedby Kozicki andTinsley (2001a).We construct

two differentsetsof forecastsusingtheexponentialsmoothingapproach.8 Following Koz-

icki andTinsley (2001b,2002), in the Þrstwe useour exponentiallysmoothedinßation

seriesto detrendboth inßationandthe interestratemeasure. In the secondwe detrend

theinßationandinterestrateseriesseparately. In eithercasewe do not detrendtheoutput

variable.

Anotherapproachto managingstructuralchangein modelparametersis to integratethe

structuralchangedirectly into theVAR.9 Following Doan,et al. (1984)andmorerecent

7In somesupplementalanalysis,we have consideredmodelsof theerrorcorrectionform usedin, among
others,Brayton,et al. (1997)andKozicki andTinsley (2001b).Thesemodelsrelateyt , "! t , and" it to lags
anderrorcorrectionterms! t" 1 " ! !

t" 1 andit" 1 " ! !
t" 1, where! ! denotestrendinßation(longÐrunexpected

inßation). We estimatedthemodelswith Þxedlagsof 2 and4 andwith Bayesianmethodsusinga Þxedlag
of 4 (andßatpriorson theerrorcorrectioncoefÞcients).We alsoconsideredBayesianestimatesof our VAR
with inßationdetrending.Noneof thesemethodsprovedto consistentlybeattheforecastaccuracy of thebest
performingmethodswedescribebelow. For theapplicationscoveredin Tables2-5,all of thesesupplemental
methodsdeliveredaverageRMSEratios(correspondingto theaveragesin Table7) above1.000.

8We usea smoothingparameterof .07 for theinterestrateandcorePCEinßationseriesanda smoothing
parameterof .05 for theGDPandCPI inßationseries. Eachtrendwasinitialized usingthesamplemeanof
theÞrst20observationsavailable(since1947)from thepresentvintage.

9As notedin Doan,etal. (1984),propermulti-stepforecastingwith VARswith TVP would involvetaking
into accountthejoint distributionof theresidualsin theVAR equationsandthecoefÞcientequations.In light
of thedifÞcultyof doingso,we follow conventionalpracticeandtreatthecoefÞcientsasÞxedat theirperiod
t " 1 valuesfor forecastingin periodst andbeyond.
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work by BrainardandPerry(2000)andCogley andSargent(2001,2005),we modelthe

structuralchangein theparametersof a VAR in y, ! , i with randomwalks.10 However, in

light of thepotentiallyadverseeffectsof parameterestimationnoiseon forecastaccuracy

andthepotentiallyuniqueimportanceof time variationin intercepts(seeabove), we con-

sidertwo differentscopesof parameterchange. In theÞrstwe allow time variationin all

coefÞcientsÑ both the model interceptsandslopecoefÞcients.In the second,we allow

for stochasticvariationin only theintercepts.11

We estimateeachof theseTVP speciÞcationsusing Bayesianmethodswith a range

of prior varianceson thestandarddeviation of the interceptsanda rangeof allowed time

variationin theparameters.In somecaseswe useinformative priorson the intercepts(#4

= .5 or .1); in otherswe useßat priors (#4 = 1000). The varianceÐcovariancematrix of

theinnovationsin therandomwalk processesfollowedby thecoefÞcientsis setto # times

theprior varianceof thematrix of coefÞcients,which is governedby thehyperparameters

describedabove. Drawing on thesettingsusedin suchstudiesasStockandWatson(1996)

andCogley andSargent(2001),we consider# valuesrangingfrom .0001to .005. Note,

however, that in thoseinstancesin which the interceptprior is ßat,we follow Doan,et al.

(1984)in settingthevarianceof theinnovationin theinterceptat# timestheprior variance

of thecoefÞcienton theown Þrstlag insteadof theprior varianceof theconstant. In the

baselineTVP model,weuse#4 = .1 and# = .0005.

TheÞnalgroupof methodswe considerall consistof someform of modelaveraging.

While modelaveragingasa meansof managingstructuralchangehasits historicalprece-

dentsÑ notablyMin andZellner(1993)Ñ theapproachhasbecomeevenmoreprevalent

in the pastseveral years. Recentexamplesof studiesincorporatingmodelaveragingin-

cludeKoop andPotter(2003),StockandWatson(2003),ClementsandHendry (2004),

MaheuandGordon(2004),andPesaran,et al. (2006). We considersix distinct, simple

formsof modelaveraging,in eachcaseusingequalweights.12 TheÞrsttakesanaverage

of all theVAR forecastsdescribedabove andtheunivariateforecastdescribedbelow, for a

giventriplet of variables.MorespeciÞcally, for agivencombination of measuresof output,

10Someotherstudies,suchasCanova (2002),imposestationarityon thecoefÞcienttimevariation.
11Allowing both the inßation and interestrate equationsto have interceptswith TVP implies a nonÐ

stationaryreal interestrate. While somereadersmight preferspeciÞcationsthat imposestationarityin the
real interestrate,our speciÞcationsareconsistentwith evidencein suchstudiesasLaubachandWilliams
(2003)andClark andKozicki (2005)onnonÐstationaritiesin realinterestrates.

12In doingso,we leaveasa topic for futureresearchwhethermoresophisticatedapproachesto averaging,
suchasapproachesbasedonhistoricalaccuracy, wouldyield improvements.

8



inßation,andan interestrate(for example,for the combinationGDP growth, GDP inßa-

tion, andtheT-bill rate),we constructa total of 75 differentforecastsfrom thealternative

VAR modelsdescribedabove. We thenaveragetheseforecastswith aunivariateforecast.

We includea secondaverageforecastapproachmotivatedby the resultsof Clark and

McCracken(2005b),whoshow thatthebias-variancetrade-off canbemanagedto produce

a lower MSE by combiningforecasts from a recursively estimated VAR anda VAR es-

timatedwith a rolling sample. In the resultswe presenthere,for a given baselineÞxed

lag VAR we take anequallyweightedaverageof themodelforecastconstructedusingpa-

rametersestimatedrecursively (with all of theavailabledata)with thoseestimatedusinga

rolling window of thepast60observations.Two otheraveragesaremotivatedby theClark

andMcCracken(2005a)Þndingthatcombiningforecastsfrom nestedmodelscanimprove

forecastaccuracy. In thispaper, weconsideranaverageof theunivariateforecastdescribed

below with theÞxed lag VAR forecast,andanaverageof theunivariateforecastwith the

Þxedlag DVAR forecast.Finally, motivatedin partby generalevidenceof thebeneÞtsof

averaging,weconsidertwo otheraveragesof theunivariateforecastswith someof theother

forecaststhatproveto berelatively good.Oneis asimpleaverageof theunivariateforecast

with theforecastof theVAR with inßationdetrending.Theotheris asimpleaverageof the

univariateandÞxedlagVAR, DVAR, andbaselineBVAR with timevaryingparameters.

To evaluatethe practicalvalueof all thesemethods,we comparethe accuracy of the

above VARÐbasedforecastsagainstvariousbenchmarks.In light of commonpracticein

forecastingresearch,we useforecastsfrom univariatetime seriesmodelsas one set of

benchmarks.13 For output,widely modeledasfollowing low-orderAR processes,theuni-

variatemodelis anAR(2). In thecaseof inßation,weuseabenchmarksuggestedby Stock

andWatson(2006): an MA(1) processfor the changein inßation ("! ), estimatedwith a

rolling window of 40 observations.StockandWatsonÞndthat theIMA(1) generallyout-

performsa randomwalk or AR model forecastsof inßation. For simplicity, in light of

somegeneralsimilaritiesin the time seriespropertiesof inßation andshortÐterminterest

ratesandtheIMA(1) rationalefor inßationdescribedby StockandWatson,theunivariate

benchmarkfor theshort-terminterestrateis alsospeciÞedasanMA(1) in theÞrstdiffer-

13Of course,thechoiceof benchmarkstodayis inßuencedby theresultsof previousstudiesof forecasting
methods.Althougha forecastertodaymight beexpectedto know thatanIMA(1) is a goodunivariatemodel
for inßation,thesamemaynotbesaidof a forecasteroperatingin 1970.For example,Nelson(1972)usedas
benchmarksAR(1) processesin thechangein GNPandthechangein theGNPdeßator(bothin levelsrather
thanlogs).NelsonandSchwert(1977)ÞrstproposedanIMA(1) for inßation.
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enceof theseries(" i). As describedin section4, we usethebootstrapmethodsof White

(2000)andHansen(2005)to determinethestatisticalsigniÞcanceof any improvementsin

VAR forecastaccuracy relative to the univariatebenchmarkmodels. In light of our real

time forecastingfocus,we alsoincludeasbenchmarksforecastsof growth, inßation,and

interestratesfrom the Survey of ProfessionalForecasters(SPF)andforecastsof growth

andinßationfrom theFederalReserveBoardÕsGreenbook.

3 Data and Model details

As notedabove,weconsidertherealÐtimeforecastperformanceof VARswith threediffer-

entmeasuresof output,threemeasuresof inßation,andtwo shortÐterminterestrates.The

outputmeasuresareGDPor GNP(dependingondatavintage)growth, anoutputgapcom-

putedwith the methoddescribedin Hallman,et al. (1991),andan outputgap estimated

with the Hodrick andPrescott(1997)Þlter. The Þrstoutputgap measure(hereafter, the

HPSgap),basedon a methodthe FederalReserve Boardonceusedto estimatepotential

outputfor thenonfarmbusinesssector, is entirelyoneÐsidedbut turnsout to beveryhighly

correlatedwith an outputgap basedon the CongressionalBudgetOfÞceÕs (CBOÕs) esti-

mateof potentialoutput. TheHP Þlter of coursehastheadvantageof beingwidely used

andeasyto implement. We follow Orphanidesandvan Norden(2005) in our real time

applicationof theÞlter: for forecastingstartingin periodt, thegapis computedusingthe

conventionalÞlteranddataavailablethroughperiodt " 1. Theinßationmeasuresinclude

theGDPor GNPdeßatoror price index (dependingon datavintage),CPI, andPCEprice

index excluding food andenergy (hereafter, corePCEprice index).14 TheshortÐtermin-

terestrateis measuredaseithera 3ÐmonthTreasurybill rateor theeffective federalfunds

rate. Note,Þnally, thatgrowth andinßationratesaremeasuredasannualizedlog changes

(from t " 1 to t). Outputgapsaremeasuredin percentages(100 timesthe log of output

relative to trend).Interestratesareexpressedin annualizedpercentagepoints.

The raw quarterlydataon output, prices,and interestratesare taken from a range

of sources:the FederalReserve Bank of PhiladelphiaÕs RealÐTime DataSetfor Macroe-

conomists(RTDSM), theBoardof GovernorÕs FAME database,thewebsiteof theBureau

of LaborStatistics(BLS), theFederalReserve Bankof St.LouisÕALFRED database,and

14As theunivariateforecastresultssuggest,thesecompetingprice indiceshave somewhatdifferentchar-
acteristics.Differencesappearto persistover long periodsof time: thereis little evidenceof cointegration
amongtheseandrelatedpriceindexes(see,for example,Lebow, Roberts,andStockton(1992)).
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variousissuesof theSurvey of CurrentBusiness. RealÐtime dataon GDPor GNPandthe

GDP or GNP price seriesarefrom the RTDSM. For simplicity, hereafterwe simply use

the notationÒGDPÓandÒGDPprice indexÓto refer to the outputandprice series,even

thoughthemeasuresarebasedonGNPandaÞxedweightdeßatorfor muchof thesample.

For the corePCEprice index, we compile a real time datasetstartingwith the 1996:Q1

vintageby combininginformationfrom theFederalReserve Bankof St. LouisÕALFRED

database(which providesvintagesfrom 1999:Q3throughthe present)with prior vintage

dataobtainedfrom issuesof the Survey of Current Business, following the RTDSM dat-

ing conventions.15 Becausethe BEA only begin publishingthe corePCEserieswith the

1996:Q1vintage,it is not possibleto extendthe real time datasetfurtherbackin history

with just informationfrom theSurvey of CurrentBusiness.

In thecaseof theCPI andthe interestrates,for which real time revisionsaresmall to

essentiallynonÐexistent(see,for example,Kozicki (2004)),we simply abstractfrom real

timeaspectsof thedata.For theCPI,wefollow theadviceof Kozicki andHoffman(2004)

for avoiding choppinessin inßationratesfor the1960sand1970sdueto changesin index

bases,andusea 1967baseyearseriestakenfrom theBLS websitein late2005.16 For the

T-bill rate,weuseaseriesobtainedfrom FAME.

Thefull forecastevaluationperiodrunsfrom 1970:Q1through2005;we usereal time

datavintagesfrom 1970:Q1through2005:Q4.As describedin CroushoreandStark(2001),

thevintagesof theRTDSM aredatedto reßecttheinformationavailablearoundthemiddle

of eachquarter. Normally, in agivenvintaget, theavailableNIPA datarun throughperiod

t " 1.17 The startdatesof the raw dataavailablein eachvintagevary over time, ranging

from 1947:Q1to 1959:Q3,reßectingchangesin the samplesof the historicaldatamade

availableby theBEA. For eachforecastorigin t in 1970:Q1through2005:Q3,we usethe

real time datavintaget to estimateoutput gaps,estimatethe forecastmodels,and then

constructforecastsfor periodst andbeyond. The startingpoint of the modelestimation

sampleis themaximumof 1955:Q1andtheearliestquarterin whichall of thedataincluded

in a given modelareavailable,plus the numberof lags includedin the model (plus one

15In puttingtogethervintagesfor 1996:Q1through1999:Q2,we alsoreliedon a coupleof full time series
wehadonÞlefrom prior research,seriesthatcorrespondto thevintagesfor 1996:Q4and1999:Q2,obtained
from FAME at thetime of theresearchprojects.

16TheBLSonly providesthe1967baseyearCPIonanotseasonallyadjustedbasis.Weseasonallyadjusted
theserieswith theX-11 Þlter.

17In thecaseof the1996:Q1vintage,with which theBEA publisheda benchmarkrevision, thedatarun
through1995:Q3insteadof 1995:Q4.
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quarterfor DVARsor VARswith inßationdetrending).

We presentforecastaccuracy resultsfor forecasthorizonsof the currentquarter(h =

0Q), thenext quarter(h = 1Q), andfour quartersahead(h = 1Y). In light of thetimet " 1

informationactuallyincorporatedin theVARsusedfor forecastingat t, thecurrentquarter

(t) forecastis really a 1Ðquarteraheadforecast,while the next quarter(t + 1) forecastis

really a 2Ðstepaheadforecast.What is referredto asa 1Ðyearaheadforecastis really a

5Ðstepaheadforecast.In keepingwith conventionalpracticesandthe interestsof policy-

makers, the 1Ðyearaheadforecastsfor GDP/GNPgrowth and inßationare fourÐquarter

ratesof change(the percentchangefrom periodt + 1 throught + 4). The 1Ðyearahead

forecastsfor outputgapsandinterestratesarequarterlylevelsin periodt + 4.

As theforecasthorizonincreasesbeyonda year, forecastsareincreasinglydetermined

by the unconditionalmeansimplied by a model. As highlightedby Kozicki andTinsley

(1998,2001a,b),theseunconditionalmeansÑ or, in theKozicki andTinsley terminology,

endpointsÑ may vary over time. The accuracy of long horizonforecasts(two or three

yearsahead,for example)depend importantlyon the accuracy of the modelÕs endpoints.

As aresult,weexaminesimplemeasuresof theendpointsimpliedby realtime,1970-2005

estimatesof a selectsubsetof theforecastingmodelsdescribedabove. For simplicity, we

use10Ðyearaheadforecasts(forecastsfor periodt + 39madewith vintaget dataendingin

periodt " 1) asproxiesfor theendpoints.

We obtainedbenchmarkSPFforecastsof growth, inßation, and interestratesfrom

the websiteof the FederalReserve Bank of Philadelphia.18 The available forecastsof

GDP/GNPgrowth andinßationspanour full 1970to 2005sample.TheSPFforecastsof

CPI inßationand the3-monthTreasurybill ratebegin in 1981:Q3.Our benchmarkGreen-

book forecastsof GDP/GNPgrowth and inßationandCPI inßationare taken from data

on the FederalReserve Bank of PhiladelphiaÕs websiteanddatacompiledby PeterTulip

(someof thedataareusedin Tulip (2005)).We take1970-99vintageGreenbookforecasts

of GDP/GNPgrowth andGDP/GNPinßationfrom thePhiladelphiaFedÕsdataset.19 Fore-

castsof GDP growth andinßationfor 2000arecalculatedfrom TulipÕs dataset. Finally,

we take1979:Q4Ð2000:Q4vintageGreenbookforecastsof CPI inßationfrom TulipÕsdata

18TheSPFdataprovide GDP/GNPandtheGDP/GNPpriceindex in levels,from which we computedlog
growth rates. We derived 1Ðyearaheadforecastsof CPI inßationby compoundingthe reported quarterly
inßationforecasts.

19Wederived1Ðyearaheadforecastsof growthandinßationbycompoundingthereportedquarterlypercent
changes.

12



set.20

As discussedin suchsourcesasRomerandRomer(2000),Sims(2002),andCroushore

(2006),evaluatingtheaccuracy of real time forecastsrequiresa difÞcultdecisionon what

to take as the actualdatain calculatingforecasterrors. The GDP dataavailable today

for, say, 1970,representthe bestavailableestimatesof output in 1970. However, output

as deÞnedtoday is quite different from the deÞnitionof output in 1970. For example,

today we have available chain weightedGDP; in the 1970s,output was measuredwith

Þxed weight GNP. Forecastersin 1970 could not have foreseensuchchangesand the

potential impact on measuredoutput. Accordingly, in our baselineresults,we usethe

Þrst available estimatesof GDP/GNPand the GDP/GNPdeßatorin evaluatingforecast

accuracy. In particular, we deÞne the actualvalue to be the Þrst estimateavailable in

subsequentvintages. In the caseof hÐstepahead(for h = 0, 1, and 4) forecastsmade

for periodt + h with vintaget dataendingin periodt " 1, the Þrstavailableestimateis

normally taken from the vintaget + h+ 1 dataset. In light of our abstractionfrom real

time revisionsin CPI inßationandinterestrates,thereal time datacorrespondto theÞnal

vintagedata. In Clark andMcCracken (2006a)we provide supplementaryresultsusing

Þnal vintage(2005:Q4vintage)dataas actuals. Our qualitative resultsremain broadly

unchangedwith theuseof Þnalvintagedataasactuals.

4 Results

In evaluatingtheperformanceof theforecastingmethodsdescribedabove,wefollow Stock

andWatson(1996,2003,2006),amongothers,in usingsquarederrorto evaluateaccuracy

and consideringforecastperformanceover multiple samples. SpeciÞcally, we measure

accuracy with rootmeansquareerror(RMSE).TheforecastsamplesaregenerallyspeciÞed

as1970-84and1985-2005(thelattersampleis shortenedto 1985-2000in comparisonsto

Greenbookforecasts,for which publicly availabledataendin 2000).21 We split the full

samplein this way to ensureour generalÞndingsare robust acrosssampleperiods,in

light of the evidencein Stock and Watson(2003) and othersof instabilitiesin forecast

performanceover time. However, becauserealtime dataon corePCEinßationonly begin

20YearÐaheadCPI forecastswereobtainedby compoundingtheGreenbookÕs quarterlypercentchanges.
21With forecastsdatedby theendperiod of theforecasthorizonh = 0,1,4, theVAR forecastsamplesare,

respectively, 1970:Q1+h to 1984:Q4and1985:Q1to 2005:Q3.
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in 1996,wealsopresentselectresultsfor a forecastsampleof 1996-2005.22

To beableto provide broad,robustresults,in total we considera very largenumberof

modelsandmethodsÑ far toomany to beableto presentall detailsof theresults. Instead

we usethefull set of modelsandmethodsin providing only a highÐlevel summaryof the

results,primarily in the form of rankingsdescribedbelow. In addition,we limit the pre-

sentationof detailedresultsto thosemodelsandvariablecombinationsof perhapsbroadest

interestandnotein thediscussionthoseinstancesin which resultsdiffer for otherspeciÞ-

cations.SpeciÞcally, in presentingdetailedresults,we draw thefollowing limitations. (1)

For themostpart,accuracy resultsarepresentedfor justoutputandinßation. (2) Outputis

measuredwith eitherGDP/GNPgrowth or theHPSgap. (3) Theinterestrateis measured

with the3-monthTreasurybill rate.We provide resultsfor modelsusingthefederalfunds

rateÑ resultsqualitatively similar to thosewe reportin thepaperÑ in supplementalta-

blesin ClarkandMcCracken(2006a).(4) Thesetof forecastmodelsor methodsis limited

to a subsetwe considerto beof thebroadestinterestor representative of theothers. For

example,while weconsidermodelsestimatedwith aÞxednumberof either2 or 4 lags,we

reportRMSEsassociatedonly with thosethathave4 lags.

We proceedbelow by Þrstpresentingforecastaccuracy resultsbasedon univariateand

VAR models.We thencompareresultsfor someof thebetterÐperformingmethodsto the

accuracy of SPFandGreenbookforecasts.Weconcludeby examiningtherealÐtime,longÐ

run forecastsgeneratedby a subsetof the forecastmethodsthat yield relatively accurate

shortÐrunforecasts.

4.1 Forecastaccuracy

Tables2 through5 reportforecastaccuracy (RMSE)resultsfor four combinationsof output

(GDP growth andHPSgap) andinßation(GDP price index andCPI) and27 models. In

eachcasewe usethe 3-monthTreasurybill as the interestrate. In every case,the Þrst

row of the tableprovidestheRMSEassociatedwith thebaselineunivariatemodel,while

the othersreport ratiosof the correspondingRMSE to that for the benchmarkunivariate

model. Hencenumberslessthanonedenoteanimprovementover theunivariatebaseline

while numbersgreaterthanonedenoteotherwise.

To determinethe statisticalsigniÞcanceof differencesin forecastaccuracy, we usea

22SpeciÞcally, the forecastsampleis 1996:Q1+h to to 2005:Q3(for forecastsdatedby the end of the
forecasthorizon).
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nonÐparametricbootstrappatternedafter WhiteÕs (2000) to calculatepÐvaluesfor each

RMSE ratio in Tables2-5. The individual pÐvaluesrepresenta pairwisecomparisonof

eachVAR or averageforecastto theunivariateforecast.RMSEratiosthataresigniÞcantly

lessthan1 at a 10 percentconÞdencelevel are indicatedwith a slantedfont. To deter-

mine whethera bestforecastin eachcolumnof the tablesis signiÞcantlybetterthanthe

benchmarkoncethedatasnoopingor searchinvolved in selectinga bestforecastis taken

into account,we applyHansenÕs (2005)(bootstrap)SPAc testto differencesin MSEs(for

eachmodelrelative to thebenchmark).Hansenshows that, if thevarianceof the forecast

lossdifferentialof interestdifferswidely acrossmodels,his SPAc testwill typically have

muchgreaterpower thanWhiteÕs (2000)reality checktest. For eachcolumn,if theSPAc

testyields a pÐvalueof 10 percentor less,we report the associatedRMSE ratio in bold

font. Becausethe SPAc test is basedon tÐstatisticsfor equal MSE insteadof just differ-

encesin MSE (that is, takesMSE variability into account),theforecastidentiÞedasbeing

signiÞcantlybestby SPAc maynotbetheforecastwith thelowestRMSEratio.23

We implementthe bootstrapproceduresby samplingfrom the time seriesof forecast

errorsunderlyingtheentriesin Tables2-5. For simplicity, weusethemoving blockmethod

of Kunsch(1989)andLiu andSingh(1992)ratherthanthe stationarybootstrapactually

usedby White(2000)andHansen(2005);Whitenotesthatthemoving blockis alsoasymp-

totically valid. Thebootstrapis appliedseparatelyfor eachforecasthorizon,usinga block

sizeof 1 for theh = 0Q forecasts,2 for h = 1Q, and5 for h = 1Y.24 In addition,in light

of thepotentialfor changesover time in forecasterrorvariances,thebootstrapis applied

separatelyfor eachsubperiod.Note, however, that the bootstrapsamplingpreservesthe

correlationsof forecasterrorsacrossforecastmethods.

While therearemany nuancesin thedetailedresults,someclearpatternsemerge. The

RMSEsclearly show the reducedvolatility of theeconomysincetheearly1980s,partic-

ularly for output. For eachhorizon, the benchmarkunivariateRMSE of GDP growth

forecastsdeclinedby roughly2/3acrossthe1970-84and1985-05samples;thebenchmark

RMSEfor HPSgapforecastsdeclinedby about1/2. Thereducedvolatility is lessextreme

for the inßationmeasuresbut still evident. For eachhorizon,thebenchmarkRMSEsfell

by roughly 1/2 across the two periods,with the exceptionthat at the h = 1Y horizonthe

23For multiÐstepforecasts,we computethevarianceenteringthetÐtestusingtheNewey andWest(1987)
estimatorwith a lag lengthof 1.5! h, whereh denotesthenumberof forecastperiods.

24For aforecasthorizonof %periods,forecasterrorsfrom aproperlyspeciÞedmodelwill follow anMA(%"
1) process.Accordingly, weuseamoving blocksizeof %for a forecasthorizonof %.

15



variability in GDPinßationdeclinednearly2/3.

Consistentwith the resultsin Campbell(2006),DÕAgostino,et al. (2005),Stockand

Watson(2006),andTulip (2005),thereis alsoa cleardeclinein thepredictabilityof both

outputandinßation:it hasbecomeharderto beattheaccuracy of aunivariateforecast.For

example,for eachforecasthorizon,a numberof methodsor modelsbeatthe accuracy of

theunivariateforecastof GDPgrowth duringthe1970-84period(Tables2 and4). In fact,

many of thesedosoatalevel thatis statisticallysigniÞcant.Butoverthe1985-2005period,

only theBVAR(4)-TVP modelsaremoreaccurate,at only the1Ðyearaheadhorizon. The

reductionin predictability is almost,but not quite, as extremefor the HPS output gap

(Tables3 and5). While several modelsperformsigniÞcantlybetterthanthe benchmark

in the 1970-84period,only two classesof methods,the BDVARs andthe BVAR-TVPs,

signiÞcantlyoutperformthebenchmarkin the1985-05period.

The predictability of inßation hasalso declined, althoughlessdramaticallythan for

output. For example,in modelswith GDP growth andGDP inßation(Table2), the best

1Ðyearaheadforecastsof inßationimproveupontheunivariatebenchmarkRMSEby more

than10 percentin the 1970-84periodbut only 5 percentin 1985-05. The evidenceof a

declinein inßationpredictabilityis perhapsmoststriking for CPI forecastsat theh = 0Q

horizon. In bothTables4 and5,mostof themodelsconvincingly outperformtheunivariate

benchmarkduringthe1970-84period,with statisticallysigniÞcantmaximalgainsof 18%.

But in the following period,many fewer methodsoutperformthe benchmark,with gains

typically about4%.

Reßectingthe declinein predictability, many of the methodsthat performwell over

1970-84faremuchmorepoorlyover1985-05. Theinstabilitiesin performanceareclearly

evident in bothoutputandinßationforecasts,but moredramaticfor outputforecasts.For

example,a VAR with AIC determinedlagsandinterceptbreaks(denotedVAR(AIC), in-

terceptbreaks)forecastsboth GDP growth andthe HPSgap well in the 1970-84period,

with gainsaslarge as25% for 1Ðyearaheadforecastsof the HPSgap. However, in the

1985-05period,theVAR with interceptbreaksranksamongtheworstperformers,yielding

1Ðyearaheadoutputforecastswith RMSEs60 percenthigherthantheunivariateforecast

RMSEs. In the caseof inßationforecasts,a DVAR(4) estimatedwith Bayesianmethods

anda rolling sampleof data(denotedBDVAR(4)) beatsthe benchmark,by asmuchas

13 percent,at every horizon during the 1970-84period. But in the 1985-05period,the

BDVAR(4) is alwaysbeatenby theunivariatebenchmarkmodel,by asmuchas21%.
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Thechangein predictabilitymakesit difÞcultto identify methodsthatconsistentlyim-

prove upontheforecastaccuracy of univariatebenchmarks.As notedabove, noneof the

methodsconsistentlyimproveupontheGDPgrowth benchmarkacrossthesubperiods.For

forecastsof theHPSgap,theBVAR(4)-TVP modelsgenerallyoutperformthebenchmark

over both periods. However, the 1970-84gainsarenot statisticallysigniÞcant. In the

caseof inßationforecasts,though,a numberof the forecastssigniÞcantlyoutperformthe

univariatebenchmarkin bothsamples.Of particularnotearetheforecaststhataveragethe

benchmarkunivariateprojectionwith a VAR projectionÑ eitherthe VAR(4), DVAR(4),

or VAR(4) with inßationdetrendingÑ andtheaverageof theunivariateforecastwith (to-

gether)the VAR(4), DVAR(4), andTVP BVAR(4) projections. In the 1970-84period,

theseaveragesnearlyalwaysoutperformthebenchmark,althoughwithout necessarilybe-

ing the bestperformer. In the 1985-05period, the averagescontinueto outperformthe

benchmarkandarefrequentlyamongthebestperformers.

In Tables6 and 7 we take anotherapproachto determiningwhich methodstend to

performbetterthanthebenchmark.Acrosseachvariable,modelandhorizon,wecompute

the averagerank andRMSE ratio of the methodsincludedin Tables2-5, aswell as the

correspondingsamplestandarddeviations. For example,theÞguresin Table6 areobtained

by: (1) ranking,for eachof the48columnsof Tables2-5,the27forecastmethodsor models

considered;and(2) calculatingtheaverageandstandarddeviation of eachmethodÕs (48)

ranks.Table7 doesthesame,but usingRMSEsinsteadof RMSEranks.Theaveragesin

Tables6 and7 show that, from a broadperspective, the bestforecastsarethoseobtained

asaveragesacrossmodels.Thebestforecast,anaverageof theunivariatebenchmarkwith

the VAR(4) with inßationdetrending,hasan averageRMSE ratio of .943 in Tables2-5,

andanaveragerankof 5.1. Not surprisingly, orderingsbasedon averageRMSEratiosare

closelycorrelatedwith orderingsbasedontheaveragerankings.For instance,thetopeight

forecastsbasedon averagerankingsarethesameasthetop eightbasedon averageRMSE

ratios,with slightdifferencesin orderings.

Tables6 and7 alsoshow thatsomeVAR methodsconsistentlyperformworseÑ much

worse,in somecasesÑ thantheunivariatebenchmark.Theunivariateforecastshave the

9thbestaverageRMSEratioand11thbestaverageranking.Thus,onaverage,roughly2/3

of theVAR methodsfail to beattheunivariatebenchmark.Moreover, someof themethods

designedto overcomethedifÞcultyof forecastingin thepresenceof structuralchangecon-

sistentlyrankamongtheworstforecasts.Most notably, VAR forecastsbasedon intercept
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correctionsandDLS estimatesaregenerallyamongtheworst forecastsconsidered,yield-

ing RMSEratiosthat,on average,exceedtheunivariatebenchmarkby roughly15 percent

(weacknowledge,however, thatunderdifferentimplementations,theperformanceof these

methodscould improve Ñ we leave suchanalysisfor futureresearch).25 VARs estimated

with rolling samplesof dataalsoperformrelatively poorly: in everycase,aVAR estimated

with a rolling sampleis, on average,lessaccuratethanwhenestimated(recursively) with

the full sample.In contrast,on average,standardBayesianestimationof VARs generally

dominatesOLS estimationof thecorrespondingmodel. For example,theaverageRMSE

ratio of the BVAR(4) forecastis 1.012,comparedto the averageVAR(4) RMSE ratio of

1.030.

Tables8-11 reportRMSE resultsfor modelsincluding corePCEinßation. As noted

above, reßectingthe real time corePCEdataavailability, the forecastsampleis limited

to 1996-05. As in Tables2-5, we report results for modelswith two differentmeasures

of output, GDP growth and the HPS output gap, but a single interestrate measure,the

Treasurybill rate. For comparison,we alsoreport1996-05resultsfor modelsusingGDP

inßation insteadof core PCE inßation. As in the caseof the resultsfor 1970-84and

1985-05,we useWhite (2000)andHansen(2005)bootstrapsto determinewhetherany of

the RMSE ratiosaresigniÞcantlylessthanone,on both a pairwise(given model against

univariate)andbestÐinÐcolumnbasis. Individual RMSE ratios that aresigniÞcantlyless

than1 (10% conÞdencelevel) areindicatedwith a slantedfont. Note, though,that once

thesearchinvolved in selectinga bestforecastis taken into account,theunivariatemodel

is never beatenin the1996-05results(that is, noneof thedatasnoopingÐrobust pÐvalues

arelessthan.10).

Consistentwith the1985-05resultsin Tables2-5,theforecastresultsfor 1996-05in Ta-

bles8-11show thatunivariatebenchmarksaredifÞcult to beat.Of theinßationmeasures,

thebenchmarkis harderto beat with corePCEinßationthanwith GDPinßation.For 1996-

05, only a few forecasts(e.g.,rolling VAR(4) or DVAR(4) forecastsfor h = 0Q) beat the

univariatebenchmark,andnonestatisticallysigniÞcantly. A few moreforecastsareable

to improve (somestatisticallysigniÞcantly)on the accuracy of the univariatebenchmark

for GDP inßation. Importantly, for modelswith GDP inßation,thosemethodsthat per-

25In our results,interceptcorrectionsdonÕt seemto work with eitherGDPgrowth or outputgaps. In the
caseof gaps,however, thepersistenceandmeasurementerrorinherentin themmaywarrantotherapproaches
to interceptcorrection.
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formedrelatively well over thesamplescoveredin Tables2-5 Ñ suchastheaveragesof

thebenchmarkswith theVAR(4) or DVAR(4) modelsÑ alsoperformrelatively well over

the1996-05sample.

Tables12 and13 provide aggregateor summaryinformationon the forecastperfor-

manceof all themethodsandnearlyall of thedatacombinationsconsidered.Thesummary

informationcoversall of thevariablecombinationsandmodelsincludedin Tables2-5, as

well asvariablecombinationsthatincludetheHP measureof theoutputgapor thefederal

fundsrateasthe interestrate,modelsbasedon a Þxed lag of two insteadof four, andthe

full setof forecastingmethodsdescribedin section2 andlistedin Table1. Our summary

approachfollows therankingmethodologyof Tables6 and7. Thatis, in Tables12and13

we presentaveragerankingsfor every methodwe consideracrossevery forecasthorizon,

varioussubclassesof models,andthe1970-84and1985-05samples.Note,however, that

we excludethe1996-05sample(and,asa result,resultsfrom modelsincludingcorePCE

inßation),in partbecauseof its overlapwith thelonger1985-05period.

While expandingcoverageto all possiblemodelsandmethodsgeneratessomeaddi-

tional nuancesin results,thebroadÞndingsdescribedabove continueto hold. As shown

in Table12Õs Þrstcolumnof ranks,acrossall combinationsof variablesthe most robust

forecastingmethodsare thosethat averagethe univariatemodelwith oneor a few VAR

forecasts.For example,theaverageof theunivariateforecastwith aforecastfrom aVAR(2)

with inßationdetrendinghasthebestaverageranking,of 12.9(andthebestaverageRMSE

ratio, not reported,of 0.937). Comingin behindtheseaveragingmethods,in the broad

rankingperspective,aretheÞxedlag BVAR, BDVAR andBVAR-TVP models. Notethat

theÞrstcolumnincludesinterestrateforecastresultsÑ whichwereomittedfrom previous

tablesfor brevity. Thesameclassesof modelsthaton averageperformedbestfor theout-

putandinßationseriescontinueto performamongthebestfor interestrateforecasts(andis

anotherreasonwhy wefelt comfortableomitting thoseresults). Somewhatmoreformally,

theSpearmanrankcorrelationacrossthe resultsin theÞrstandsecondcolumnsof Table

12Ñ thesecondof whichcontainstheranksof just theoutputandinßationforecastsÑ is

a robust0.97.

Columns3 and4 of Table12delineatetheaverageimpactof thechoiceof interestrate

on forecastaccuracy for the outputandinßationmeasures. The rankingsareextremely

similar. TheÞve bestmethodsfor forecastingoutputandinßationin modelswith theT-

bill ratearealsothe Þve bestmethodsin modelswith the federalfundsrate. Moreover,
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theSpearmanrankcorrelationof the resultsconditionedon theT-bill rateandthe results

conditionedon the federalfunds rate is 0.98. We shouldemphasizethat this doesnot

imply thattherewerenÕt differencesin thenominaloutcomesacrossthesetwo interestrate

measures.Rather, in light of our goal to identify thosemethodsthat aremost robust in

forecasting,thechoicebetweentheT-bill andfederalfundsratesmakeslittle difference.

Columns1-3in Table13delineatetheaverageimpactof thechoiceof outputmeasurein

forecastsof output andinßation. Theserankingsarequitesimilaracrossoutputmeasures,

althoughnot quiteassimilar asthosecomparingthe impactof the interestratemeasures.

In eachcasethebestmethodsgenerallycontinueto beaveragesof univariatebenchmarks

with VAR forecastsandBVARs with TVP. For example,in modelswith GDP growth,

on averagethe bestforecastsof outputandinßationareobtainedwith an averageof the

univariate,VAR(4),DVAR(4),andTVPBVAR(4) forecasts.Perhapsthelargestdistinction

amongthethreesetsof rankingsis thatmoving from GDPgrowth to HPSgapto HP gap,

theconcentrationof bestmethodsshiftsfrom theaveraginggroupto theBVAR-TVP with

tight interceptpriorsgroupto theBVAR-TVP with looseinterceptpriorsgroup. Evenso,

therankcorrelationsamongthethreecolumnsareveryhigh,between0.85and0.93.

Similarly, columns4 and5 of Table13provideaveragerankingsof forecastsfor output

andinßationthatconditionontheinßationmeasure,GDPinßationor CPI inßation.Again,

the top performingmethodsremainthe averagesof univariateforecastswith selectVAR

forecastsandBVAR TVP forecasts.And, theresultsarevery similar acrossinßationmea-

sures.In theaveragerankings,thetop sevenmethodsfor modelsincludingGDPinßation

arethesameasthetop sevenfor modelsincludingCPI inßation,with slight differencesin

orderings.Therankcorrelationacrossall methodsis 0.94.

Thelasttwo columnsof Table12comparetheperformanceof methodsacrossthe1970-

84and1985-05periods. As in theabovedetailedcomparisonsof asubsetof results,across

the two subperiodstherearesomesharpdifferencesin the performanceof many of even

thebetterperformingmethods.26 Only four methodshave anaveragerankingof lessthan

20 over the1970-84period(in orderfrom smallest to largest):theaverageof all forecasts,

theaverageof theunivariateandVAR(4) with inßationdetrendingforecasts,theVAR(2)

with full exponentialsmoothingdetrending,and the averageof the univariate,VAR(4),

26In addition,theaverageRMSEratios(not reported)associatedwith eachof thetopÐperformingmethods
reßectthesharpreductionin predictability in 1985-05comparedto 1970-84.ThebestaverageRMSEratio
for 1970-84is 0.873,from a VAR(2) with full exponentialsmoothing. The bestaverageRMSE ratio for
1985-05is 0.998,for thebaselineTVP BVAR(4).
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DVAR(4), andTVP BVAR(4) forecasts.For the 1985-05sample,a total of 11 methods

have averagerankingsbelow 20, but only two of themÑ the averageof the univariate

andVAR(4) with inßationdetrendingforecastsandtheaverageof theunivariate, VAR(4),

DVAR(4), andTVP BVAR(4) forecasts Ñ correspondto the four methodsthat produce

averagerankingsof lessthan20 in the1970-84sample.Someof themodelsthatperform

relatively well in 1970-84faremuchmorepoorly in thesecondsample.For example,the

averagerankingof theVAR(2) with full exponentialsmoothingdetrendingplummetsfrom

17.7 in 1970-84to 63.9 in 1985-05.Not surprisingly, the rank correlationbetweenthese

two columnsis relatively low, at just0.58.

In Clark andMcCracken(2006a)we provide still moredetailedinformationon which

methodswork thebestindividually for forecastingeachoutputmeasureandtheGDP and

CPI measuresof inßation. Perhapsnot surprisingly, this further disaggregation of the

resultsleadsto modestlymoreheterogeneityin rankingsof thebestmethods.This is par-

ticularly true for outputforecastrankingscomparedto inßationrankings.For example,a

DVAR with AICÐdeterminedlagshasanaveragerankingof 15.4in forecastsof GDPinßa-

tion andanaveragerankingof 48.5in forecastsof GDPgrowth. TheSpearmancorrelations

of outputrankingswith inßationrankingsrangefrom 0.46(for GDPgrowth andCPI inßa-

tion) to 0.57(for theHPSgapandCPI inßation).By comparison,thecorrelationsof output

forecastrankingsacrossmeasuresof outputaverage0.7,while thecorrelationfor GDPand

CPI inßationrankingsis 0.86.Despitethegreaterheterogeneityof thesemoredisaggregate

rankings,therearesimilaritiesamongthebestperformers.Amongtheoutputvariables,on

average,thebestforecastsaretypically theaveragesof univariateforecastswith VAR fore-

castsandtheBVAR-TVP forecasts.For thetwo inßationmeasures,theaveragingmethods

continueto performthebest,followedby BVAR-TVP andDVAR forecasts.

JustasTables12 and13 provide aggregateevidenceon the bestmethods,they also

show whatmethodsconsistentlyperformtheworsein thefull setof models,methods,and

horizons.Perhapsmostsimply, not a singlemethodon thesecondpagesof thetableshas

anaveragerank lessthan20! Consistentwith thesubset of resultssummarizedin Tables

6 and7, thelowestÐrankedmethodsinclude:DLS estimationof VARs or DVARs,DVARs

with output,in additionto inßationandtheinterestrate,differenced;andVARswith inter-

ceptcorrection.Theconsistency of therankingsfor theseworstÐperformingmethodsmay

be consideredimpressive. In addition,the averagerankingsof forecasts basedon rolling

estimationof VARs (andDVARs, BVARs, etc.) aregenerally considerablylower thanthe
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averagerankingsof the correspondingVARs estimatedwith the full sampleof data. For

example,the averagerankingof rolling DVAR(2) forecastsis 41.2, comparedto the re-

cursively estimatedDVAR(2)Õs averagerankingof 32.8. While thosemethodsgenerally

falling in themiddle ranks(betweenanaveragerankof, say, 20 and50) maynot becon-

sideredrobustapproachesto forecastingwith theVARs of interest,in particularinstances

someof thesemethodsmayperformrelatively well. For example,theDVAR with AIC lags

determinedfor eachequationhasanaveragerankingof 39.4,but yieldsrelatively accurate

forecastsof GDPinßationin 1985-05(Tables2 and4).

Table14 comparestheaccuracy of someof thebettertime seriesforecastingmethods

with the accuracy of SPFprojections. The variableswe reportarethosefor which SPF

forecastsexist: GDPgrowth, GDPinßation,andCPI inßation(in thecaseof CPI inßation,

the SPFforecastsdonÕt begin until 1981,so we only reportCPI resultsfor the 1985-05

period).Wealsoreportresultsfor forecastsof theT-bill ratefrom theSPFandtheselected

timeseriesmodels.In particular, Table14provides,for the1970-84and1985-05samples,

RMSEsfor forecastsfrom the SPFanda selectsetof the betterÐperformingtime series

forecasts:the bestforecastRMSE for eachvariablein eachperiod from thosemethods

includedin Table2 (Table4 for CPI inßationforecasts),theunivariatebenchmarkforecast,

several of the averageforecasts,andthe baselineTVP BVAR(4). To be sure,comparing

forecastsfrom a sourcesuchasSPFagainstthebestforecastfrom Table2 or 4 givesthe

time seriesmodels an unrealisticadvantage,in that, in real time, a forecasterwouldnÕt

know whichmethodis mostaccurate.However, astheresultspresentedbelow makeclear,

ourgeneralÞndingsapplyto all of theindividual forecastsincludedin thecomparison.

Perhapsnot surprisingly, the SPFforecastsgenerallydominatethe time seriesmodel

forecasts.For example,in h = 0Q forecastsof GDP growth for 1970-84,the RMSE for

theSPFis 2.571,comparedto thebesttime seriesRMSEof 3.735(in which casethebest

forecastis theall forecastaveragereportedin Table2). In h= 0Q forecastsof GDPinßation

for 1970-84,the RMSE for the SPFis 1.364,comparedto the besttime seriesRMSE of

1.727(again, from theallÐforecastaveragein Table2). At suchshorthorizons,of course,

the SPFhasa considerableinformationadvantageover simple time seriesmethods.As

describedin Croushore(1993),theSPFforecastis basedon a survey taken in thesecond

monthof eachquarter. Survey respondentsthenhave considerablymoreinformation,on

variablessuchasinterestratesandstockprices,thanis reßectedin time seriesforecasts

thatdonÕt includethesameinformation(asreßectedin thebottompanelof Table14, that
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information gives the SPFits biggestadvantagein near-term interest rates). However,

the SPFÕs advantageover time seriesmethodsgenerallydeclinesasthe forecasthorizon

rises. For instance,in h = 1Y forecastsof GDP growth for 1970-84,the SPFand best

time seriesRMSEsare,respectively, 2.891and2.775;for forecasts of GDPinßation, the

correspondingRMSEsare2.192and2.141.

Moreover, theSPFÕs advantageis muchgreaterin the1970-84samplethanthe1985-

05 sample.Campbell(2006)notesthesamefor SPFgrowth forecastscomparedto AR(1)

forecastsof GDP growth, attributing the patternto decliningpredictability (other recent

studiesdocumentingreducedpredictability includeDÕAgostino,et al. (2005),Stockand

Watson(2006),andTulip (2005)). In this laterperiod,theRMSEsof h = 0Q forecastsof

GDPgrowth from theSPFandbesttimeseriesapproachare1.384and1.609,respectively.

The RMSEsof h = 0Q forecastsof GDP inßationfrom the SPFandbesttime seriesap-

proachare0.831and0.926,respectively. Reßectingthedecliningpredictabilityof output

andinßationandthe reducedadvantageof the SPFat longerhorizons,for 1Ðyearahead

forecastsin the1985-05period,theadvantageof theSPFover timeseriesmethodsis quite

small. For instance,in 1Ðyearaheadforecastsof GDP growth, the TVP BVAR(4) using

GDPgrowth, GDPinßation,andtheT-bill ratebeatstheSPF(RMSEof 1.218vs.1.274);

in forecastsof GDP inßation, the TVP BVAR again beatsthe SPF(RMSE of 0.764vs.

0.804).

In light of themorelimited availability of Greenbook(GB) forecasts(thepublic sam-

ple endsin 2000),in lieu of comparingVAR forecastsdirectly to GB forecasts,we simply

comparethe GB forecaststo SPFforecasts. As long as the GB and SPFforecastsare

broadlycomparablein RMSEaccuracy, our Þndingsfor VARs comparedto SPFwill also

apply to VARs comparedto GB forecasts.Table15 reportsRMSEsof forecastsof GDP

growth, GDPinßation,andCPI inßation,for samplesof 1970-84and1985-2000(weomit

an interestratecomparisonbecause,for muchof the sample,GB did not includean un-

conditionalinterestrate forecast).Consistentwith evidencein suchstudiesasRomerand

Romer(2000)andSims(2002),GB forecaststendto bemoreaccurate,especiallyfor in-

ßation. For instance,the1970-84RMSEsof 1Ðyearaheadforecastsof GDPinßationare

2.192for SPFand1.653for GB. However, perhapsreßectingdeclining predictability, any

advantageof GB over SPFis generallysmallerin the secondsamplethanthe Þrst. Re-

gardless,the accuracy differencesbetweenSPFandGB forecastsaremodestenoughthat

comparingVAR forecastsagainstGB insteadof SPFwouldnÕt altertheÞndingsdescribed
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above.

4.2 LongÐrun forecasts

As notedin section3, astheforecasthorizonincreasesbeyondtheoneyearperiodconsid-

eredabove, the so-calledendpointscometo play an increasinglyimportantrole in deter-

mining theforecast.Kozicki andTinsley (1998,2001a,b),amongothers,have shown that

theseendpointscanvary signiÞcantlyover time. In this sectionwe examinewhich, if any

of theforecastmethodsconsideredabove, imply reasonableendpoints.For simplicity, we

usea 10Ðyearaheadforecast(theforecastin periodt+39, from a forecastorigin of t using

datathrought " 1) asa proxy for theendpointestimate.Kozicki andTinsley (2001b)use

asimilarmetric(Kozicki andTinsley compare10yearÐaheadforecaststo survey measures

of long-terminßationexpectations).

Of course,animmediatequestionis, what is reasonable?TrendGDPgrowth is gener-

ally thoughtto haveevolvedslowly over time,(at least)declining in the1970sandrising in

the1990s.TheavailablerealÐtimeestimatesof potentialGDPfrom theCBO, takenfrom

Kozicki (2004),show somevariationin trendgrowth. CBO estimatesof potentialoutput

growth rosefrom about2.1 percentin 1991vintagedatato 3.2 percentin 2001and2.75

percentin 2004vintagedata.27 At thesametime, the implicit inßationgoalof monetary

policymakers is thoughtto have trendedup from the 1970sthroughthe mid-1980s,and

thentrendeddown (seeFigure 1 andtheassociateddiscussionin section2). Thetrendin

inßationimpliesa comparabletrendin short-terminterestrates.Accuracy in longer-term

forecastingis likely to requireforecastendpointsthatroughlymatchupto variationin such

trendsin growth andinßation.

For simplicity, in assessingtheability of VAR forecastmethodsto generatereasonable

endpoints,we comparethe estimatedendpointproxiesto trendsin growth, inßation,and

interestratesestimatedin real time with exponentialsmoothing. As notedabove, expo-

nentialsmoothingappliedto inßationyieldsa trendquitesimilar to theshifting endpoint

(or implicit target)estimateof Kozicki andTinsley (2001a,b).Exponentialsmoothingap-

plied to GDPgrowth (with asmoothingparameterof 0.015)yieldsa trendmeasurethat,in

line with many economistsÕbeliefs,shows trendgrowth graduallyslowing over the1970s

27For eacheachvintaget, we calculatetrendgrowth astheprojectedpercentchangein potentialGDPin
yeart + 5. WeuseaÞveÐyearhorizonbecause,for someyears,theCBOdataonpotentialoutputextendonly
Þve,ratherthan10,yearsinto thefuture.
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and1980sbeforerising in the1990s.Reßectingreal time dataavailability, trendsin each

vintaget areestimatedusingdatathroughperiodt " 1.

In light of spacelimitations, we presentendpointproxy resultsfor just GDP growth

andGDPinßation,for a limited setof forecastingmethodslikely to beof themostinterest.

The reportedforecastsareobtainedfrom modelsin GDP growth, GDP inßation,andthe

T-bill rate.Qualitatively, resultsaresimilar acrossothermeasuresof output, inßation,and

theinterestrate.We omit endpointresults for theT-bill ratebecausethey arequalitatively

very similar to thosefor inßation. The forecastmethodsor modelsincludetheunivariate

benchmarks,VAR(4), DVAR(4), VAR(4) with inßationdetrending,BVAR(4), BDVAR(4),

rolling BDVAR(4), BVAR(4) with TVP, BVAR(4) with interceptTVP, theaverageof uni-

variateand VAR(4) forecasts,and the averageof the univariateand VAR(4) with inßa-

tion detrending.In light of thegeneralvalueof shrinkagein forecastingandthepotential

successof inßationdetrendingin pinningdown reasonableendpoints,we alsoincludean

approachnot consideredabove: a VAR(4) with inßationdetrendingestimatedwith BVAR

methods(BVAR(4) with inßationdetrending).28 Thissetof methodsis intendedto include

thosethatwork relatively well in shorter-termforecastingandparticularapproaches,such

asdifferencingandrolling estimation,thataresometimesusedin practiceto try to capture

nonÐstationaritiessuchasmoving endpoints.

Theresultsprovidedin Figures2 (GDPgrowth) and3 (GDPinßation)show thatsome

forecastapproachesfarevery poorly, yielding endpointproxiesthatarefar too volatile to

beconsideredreasonable(notethat, in thesecharts,thescalesdiffer betweenthosemeth-

odsthatwork reasonablywell andthosethatdonÕt). Theseexceedinglyvolatile methods

includetheVAR, BVAR, BVAR with TVP, BVAR with interceptTVP, andtheaverageof

theunivariateandVAR(4). For example,in thecaseof theVAR(4), the10Ðyearahead fore-

castof GDPgrowth plummetsto -15.2percentin (vintage)1975:Q1and-12.8percentin

1981:Q3;theforecastof inßationsoarsto 34.2percentin 1981:Q3.In (vintage)1980:Q2,

the BVAR(4) forecastsof GDP growth andinßationreachthe extremesof -9.4 and25.8

percent,respectively. In the caseof the BVAR(4) with TVP, the longÐtermprojections

of growth andinßationare-20.9percentand64.5percentin 1980:Q2.Suchextremesin

forecastsof coursesuggestexplosive rootsin theautoregressivesystems,whichareindeed

evident in the systemestimates.For example,the VAR(4) systemhasa largestroot of

28We obtaintheseestimatesusingtheBVAR prior variancesdescribedin section2 andprior meansof 0
for all coefÞcients.
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1.005in the1975:Q1estimates,1.002in the1980:Q2estimates,and1.031in the1981:Q3

estimates.TheBVAR(4) systemhasa largestroot of 1.011in the1981:Q3estimates.As

a result, for a practitionerinterestedin using thesemethodsfor forecastingin real time,

somecarein adjustingestimatesto avoid explosive rootswouldberequiredto improve the

endpointandlongÐtermforecastaccuracy of themethods.

TheotherforecastmethodsÑ univariate,DVAR, VAR with inßationdetrending,BVAR

with inßationdetrending,BDVAR, rolling BDVAR, andtheaverageof theunivariateand

VAR with inßationdetrendingÑ producemuchlessvolatileandthereforemorereasonable

endpointestimates.For example, the univariateandBDVAR(4) 10Ðyearaheadforecasts

of GDP growth correspondpretty closely(at leastin relative terms)to the exponentially

smoothedtrend.Of course,theexponentiallysmoothedmeasuremaynot bethebestesti-

mateof trend.However, any betterestimateof trendgrowth is not likely to besigniÞcantly

morevolatileover time. As a result,evenamongthis relatively bettersetof forecastmeth-

ods,a smoothlongÐtermforecastlike that from theunivariatemodelmaybepreferredto

a modestlymorevolatile one,like theforecastfrom theVAR(4) with inßationdetrending.

Amonginßationforecasts,theendpointproxiesfrom theunivariateandBVAR with inßa-

tion detrendingmodelsprovide the closestmatchto trendinßation. The endpointproxy

from theBVAR with inßationdetrendingincludeslesshigh frequency variationthandoes

theestimatefrom theunivariatemodel,but is fartherfrom trendinßationin the1970s.

Two otherresultsareworth noting. First, for both growth andinßation,rolling esti-

mationof theBDVAR impliesendpointsthataremorevolatile thantheendpointsimplied

by the recursively estimatedBDVAR. Second,comparedto OLS estimation,Bayesian

estimationof theVAR with inßationdetrendinghelpsto dampen volatility in theendpoint

proxies(althoughnot includedin theRMSE resultsabove,Bayesianestimationalsohelped

to modestlyimprove theforecastaccuracy of VARswith inßationdetrending).

5 Conclusion

In this paperwe provide empirical evidenceon the ability of several different methods

to improve the realÐtimeforecastaccuracy of small-scalemacroeconomicVARs in the

presenceof modelinstability. The 18 distinct trivariateVARs that we considerareeach

comprisedof oneof threemeasuresof output,oneof threemeasuresof inßation,andone

of two measuresof short-terminterestrates. For eachof thesemodelswe constructreal
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time forecastsof eachvariable(with particularemphasison theoutputandinßationmea-

sures).For eachof the18variablecombinations,weconsider86differentforecastmodels

or methods,incorporatingdifferentchoicesof lag selection,observationwindows usedfor

estimation,levelsor differences,interceptcorrections,stochasticallytimeÐvaryingparame-

ters,breakdating,discountedleastsquares,Bayesianshrinkage,detrendingof inßationand

interestrates,andmodelaveraging. Wecompareour resultsto thosefrom simplebaseline

univariatemodelsaswell asforecastsfrom theSurvey of ProfessionalForecastersandthe

FederalReserveBoardÕsGreenbook.

Ourresultsindicatethatsomeof themethodsdoconsistentlyimproveforecastaccuracy

in termsof rootmeansquareerrors(RMSE). Not surprisingly, thebestmethodoftenvaries

with thevariablebeingforecasted,but severalpatternsdoemerge. After aggregatingacross

all models,horizonsandvariablesbeingforecasted,it is clear that modelaveragingand

Bayesianshrinkagemethods consistentlyperformamongthebestmethods. At theother

extreme,theapproachesof usingaÞxedrolling window of observationsto estimatemodel

parametersanddiscountedleastsquaresestimationconsistentlyrankamongtheworst. Of

course,estimationmethodsthat are unsuccessfulin forecastingmay nonethelessprove

usefulfor otherpurposes.Perhapsnot surprisingly, outÐofÐsampleforecastaccuracy does

notseemto bestronglyrelatedto inÐsampleÞt. For modelsin GDPgrowth, GDPinßation,

andtheT-bill rate,Figure4 comparesrealtime forecastRMSEsto inÐsampleÞt estimates

(for eachforecastingmodel, inÐsampleÞt is measuredasthe standarderror of estimate,

averagedover the forecastingsample). Exceptfor someoutlier observations,inÐsample

Þt haslittle relationship(andsometimesa negative relationship)with forecastaccuracy, at

leastin theVAR modelsandmethodsweconsider.
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Figure 1:  Alternative estimates of CPI inflation trends

exponential smoothing Kozicki-Tinsley/SPF
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Figure 2: 10-year ahead forecasts of GDP growth

(VAR in GDP growth, GDP inflation, and T-bill rate)

solid lines: forecasts       dotted lines: exponentially smoothed trends
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Figure 3: 10-year ahead forecasts of GDP inflation

(VAR in GDP growth, GDP inflation, and T-bill rate)

solid lines: forecasts       dotted lines: exponentially smoothed trends
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Figure 4.  In-sample fit vs. forecast RMSE
(VAR in GDP growth, GDP inflation, and T-bill rate)

average in-sample st. error of estimate
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Notes: 
 
1.  The figures compare forecast RMSEs for the indicated variable and sample to 
corresponding measures of in-sample fit.   
2.  All results are based on models in GDP growth, GDP inflation, and the T-bill rate.  
The forecast methods are listed in Table 1.  The figures exclude results for the intercept 
correction methods of Clements and Hendry (1996), because it is not clear how best to 
measure in-sample fit for the associated forecasts. 
3.  The forecast RMSEs are based on the h = 0Q horizon.  Starting with t = 1970:Q1, the 
in-sample fit of each model used to forecast is estimated as the conventional standard 
error of estimate (with the conventional degrees of freedom adjustment).  For each 
model, the time series of in-sample fit estimates is averaged over the 1970-84 and 1985-
05 forecast samples.  The charts use these average estimates of in-sample fit. 
4.  In the case of forecasts based on rolling sample model estimates, we fit the same 
model to the sample of data preceding the rolling sample (assuming, in effect, a break in 
the modelÕs coefficients at the time of the rolling sample start).  We then estimate in-
sample fit as the (square root of the) sum of squared residuals over the whole period 
divided by the total sample size less the total number of parameters. 



Table1: Forecastingmethods
method details
VAR(4) VAR in y, ! , i with Þxedlagorderof 4
VAR(2) sameasabovewith Þxedlagorderof 2
VAR(AIC) VAR with systemlagdeterminedby AIC
VAR(BIC) VAR with systemlagdeterminedby BIC
VAR(AIC, by eq.&var.) VAR in y, ! , i allowing different,AIC-det. lagsfor

eachvar. in eacheq.
VAR(BIC, by eq.&var.) sameasabove,with BIC-determinedlags
DVAR(4) VAR in y, "! , " i with Þxedlagorderof 4
DVAR(2) sameasabovewith Þxedlagorderof 2
DVAR(AIC) VAR in y, "! , " i with systemlagsetby AIC
DVAR(BIC) VAR in y, "! , " i with systemlagsetby BIC
DVAR(AIC, by eq.&var.) VAR in y, "! , " i allowing different,AIC-det. lags

for eachvar. in eacheq.
DVAR(BIC, by eq.&var.) sameasabove,with BIC-determinedlags
DVAR(4), outputdiff. VAR in " y, "! , " i with Þxedlagorderof 4
DVAR(2), outputdiff. sameasabovewith Þxedlagorderof 2
DVAR(AIC), outputdiff. VAR in " y, "! , " i with systemlagsetby AIC
DVAR(BIC), outputdiff. VAR in " y, "! , " i with systemlagsetby BIC
BVAR(4) VAR(4) in y, ! , i est.with Minnesotapriors,

using#1 = .2, #2 = .5, #3 = 1, #4 = 1000
BVAR(2) sameasabovewith Þxedlagorderof 2
BDVAR(4) VAR(4) in y, "! , " i est.with Minnesotapriors,

using#1 = .2, #2 = .5, #3 = 1, #4 = 1000
BDVAR(2) sameasabovewith Þxedlagorderof 2
VAR(4), rolling VAR in y, ! , i with Þxedlagorderof 4, est.

with a rolling window of 60observations
VAR(2), rolling sameasabovewith Þxedlagorderof 2
VAR(AIC), rolling sameasabovewith AICÐdeterminedlag
VAR(BIC), rolling sameasabovewith BICÐdeterminedlag
VAR(AIC, by eq.&var.), rolling VAR in y, ! , i allowing different,AIC-det. lagsfor

eachvar. in eacheq.,est.with a rolling sample
of 60obs.

VAR(BIC, by eq.&var.), rolling sameasabovewith BIC-determinedlags
DVAR(4), rolling VAR in y, "! , " i with Þxedlagorderof 4, est.

with a rolling sampleof 60observations
DVAR(2), rolling sameasabovewith Þxedlagorderof 2
DVAR(AIC), rolling sameasabovewith AICÐdeterminedlag
DVAR(BIC), rolling sameasabovewith BICÐdeterminedlag

39



Table1, continued: Forecastingmethods
method details
DVAR(AIC, by eq.&var.), rolling VAR in y, "! , " i allowing different,AIC-det. lagsfor

eachvar. in eacheq.,est.with a rolling sample
of 60obs.

DVAR(BIC, by eq.&var.), rolling sameasabovewith BIC-determinedlags
DVAR(4), outputdiff., rolling VAR in " y, "! , " i with Þxedlagorderof 4,

est.with a rolling sampleof 60observations
DVAR(2), outputdiff., rolling sameasabovewith Þxedlagorderof 2
DVAR(AIC), outputdiff., rolling sameasabovewith AICÐdeterminedlag
DVAR(BIC), outputdiff., rolling sameasabovewith BICÐdeterminedlag
BVAR(4), rolling BVAR(4) in y, ! , i with #1 = .2, #2 = .5, #3 = 1,

#4 = 1000,est.with a rolling sampleof 60obs.
BVAR(2), rolling sameasabovewith Þxedlagorderof 2
BDVAR(4), rolling BVAR(4) in y, "! , " i with #1 = .2, #2 = .5, #3 = 1,

#4 = 1000,est.with a rolling sampleof 60obs.
BDVAR(2), rolling sameasabovewith Þxedlagorderof 2
DLS, VAR(4) VAR(4) in y, ! , i, est.with discountedleastsquares

(DLS), usingdis. ratesof .99for y eq.
.95 for ! andi eq.

DLS, VAR(2) sameasabovewith Þxedlagof 2
DLS, VAR(AIC) sameasabovewith lagorderdet. from AIC appliedto

OLSestimatesof system
DLS, DVAR(4) VAR(4) in y, "! , " i, est.with DLS,

usingdis. ratesof .99for y eq.,.95 for "! and" i eq.
DLS, DVAR(2) sameasabovewith Þxedlagof 2
DLS, DVAR(AIC) sameasabovewith lagordersetby AIC appliedto

OLSestimatesof system
VAR(AIC), AIC interceptbreaks VAR in y, ! , i with AIC-det. lags,allowing up to two

breaksin thesetof intercepts,with thenumberand
datesthatminimizetheAIC

VAR(AIC), BIC interceptbreaks sameasabove,usingtheBIC to determinethebreaks
VAR(4), interceptcorrection VAR(4) forecastsadjustedby theaverageof the

last4 residuals(ClementsandHendry(1996),eq.40)
VAR(2), interceptcorrection sameasabovewith Þxedlagorderof 2
VAR(AIC), interceptcorrection VAR(AIC lag) forecastsadjustedby theaverage

of thelast4 residuals(Clements
andHendry(1996),eq.40)

VAR(4), partial int. corr. VAR(4) forecastsof ! andi adjustedby theaverage
of thelast4 residuals(y residualstreatedas0)

VAR(2), partial int. corr. sameasabovewith Þxedlagorderof 2
VAR(AIC), partial int. corr. VAR(AIC lag) forecastsof ! andi adjustedby the

averageof thelast4 residuals
(y residualstreatedas0)
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Table1, continued: Forecastingmethods
method details
VAR(4), inßationdetrending VAR(4) in y, ! ! ! "

! 1, andi ! ! "
! 1, where

! " = ! "
! 1 + $(! ! ! "

! 1), $ = .05for GDPand
CPI inßation,.07for corePCEinßation

VAR(2), inßationdetrending sameasabovewith Þxedlagof 2
VAR(AIC), inßationdetrending sameasabovewith AICÐdet.lag for they,

! ! ! "
! 1, andi ! ! "

! 1 system
VAR(BIC), inßationdetrending sameasabovewith BICÐdet.lag for they,

! ! ! "
! 1, andi ! ! "

! 1 system
VAR(4), full ESdetrending VAR(4) in y, ! ! ! "

! 1, andi ! i"! 1, where
! " = ! "

! 1 + $(! ! ! "
! 1) ($ = .05or .07,

dependingon ! measure),
i" = i"! 1 + .07(i ! i"! 1)

VAR(2), full ESdetrending sameasabovewith Þxedlagof 2
VAR(AIC), full ESdetrending sameasabovewith AICÐdet.lag for they,

! ! ! "
! 1, andi ! i"! 1 system

VAR(BIC), full ESdetrending sameasabovewith BICÐdet.lag for they,
! ! ! "

! 1, andi ! i"! 1 system
TVP BVAR(4) TVP BVAR(4) in y, ! , i with #1 = .2, #2 = .5,

#3 = 1, #4 = .1, # = .0005
TVP BVAR(2) sameasabovewith Þxedlagof 2
TVP BVAR(4), #4 = .5,# = .0025 TVP BVAR(4) in y, ! , i with #1 = .2, #2 = .5,

#3 = 1, #4 = .5, # = .0025
TVP BVAR(2), #4 = .5,# = .0025 sameasabovewith Þxedlagof 2
TVP BVAR(4), #4 = 1000,# = .005 TVP BVAR(4) in y, ! , i with #1 = .2, #2 = .5,

#3 = 1, #4 = 1000,# = .005
TVP BVAR(2), #4 = 1000,# = .005 sameasabovewith Þxedlagof 2
TVP BVAR(4), #4 = 1000,# = .0001 TVP BVAR(4) in y, ! , i with #1 = .2, #2 = .5,

#3 = 1, #4 = 1000,# = .0001
TVP BVAR(2), #4 = 1000,# = .0001 sameasabovewith Þxedlagof 2
InterceptTVP BVAR(4) BVAR(4) in y, ! , i, TVP in only intercepts,

#1 = .2, #2 = .5, #3 = 1, #4 = .1,
# = .0005

InterceptTVP BVAR(2) sameasabovewith Þxedlagof 2
InterceptTVP BVAR(4), #4 = .5,# = .0025 BVAR(4) in y, ! , i, TVP in only intercepts,

#1 = .2, #2 = .5, #3 = 1, #4 = .5,
# = .0025

InterceptTVP BVAR(2), #4 = .5,# = .0025 sameasabovewith Þxedlagof 2
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Table1, continued: Forecastingmethods
method details
averageof all forecasts simpleaverageof all of theabove forecasts
avg. of VAR(4), rolling VAR(4) averageof forecastsfrom recursiveandrolling

estimatesof VAR(4) in y, ! , andi
avg. of VAR(2), rolling VAR(2) sameasaboveusingVARswith Þxedlagof 2
avg. of univariate,VAR(4) averageof forecastsfrom univariatemodeland

VAR(4) in y, ! , andi
avg. of univariate,VAR(2) sameasaboveusingVAR with Þxedlagof 2
avg. of univariate,DVAR(4) averageof forecastsfrom univariatemodeland

VAR(4) in " y, "! , andi
avg. of univariate,DVAR(2) sameasaboveusingVAR with Þxedlagof 2
avg. of univ., IDTR VAR(4) averageof forecastsfrom univariatemodel

andVAR(4) with inßationdetrending
avg. of univ., IDTR VAR(2) sameasaboveusingVAR with Þxedlagof 2
avg. of univ., VAR(4), DVAR(4), simpleaverageof univariate,VAR(4), DVAR(4),

TVP BVAR(4) andTVP BVAR(4) (#4 = .1,# = .0005)
forecasts

avg. of univ., VAR(2), DVAR(2), sameasaboveusingVARswith Þxedlagof 2
TVP BVAR(2)

univariate AR(2) for y, rolling MA(1) for "! ,
rolling MA(1) for " i

Notes:
1. The variablesy, ! , andi refer to, respectively, output(GDP growth, the HPSgap, or the HP
gap),inßation(GDPinßation,CPI inßation,or corePCEinßation),andtheinterestrate(T-bill or
federalfunds).
2. Unlessotherwisenoted,all modelsareestimatedrecursively, usingall data(startingin 1955or
later)availableup to theforecastingdate.
3. Therolling estimatesof theunivariatemodelsfor "! and" i use40observations.
4. TheAIC andBIC lagordersrangefrom 0 (theminimumallowed)to 4 (themaximumallowed).
5. Section2 detailsthehyperparameterization(and# notationabove) usedin BVAR estimation.
In BVAR estimation,prior meansfor all coefÞcientsare generallyset at 0, with the following
exceptions: (a) prior meansfor own Þrst lags of ! and i are set at 1 in modelswith levels of
inßationandinterestrates;(b) prior meansfor own Þrstlagsof y aresetat 0.8 in modelswith an
outputgap;and(c) prior meansfor theinterceptof GDPgrowth equationsaresetto thehistorical
averageof growth in BVAR estimatesthatimposeinformativepriors(#4 = .1 or .5) ontheconstant
term.
6. Thetime variationin thecoefÞcientsof theTVP BVARs takesa randomwalk form. In timeÐ
varyingBVARswith ßatpriorson theintercepts(#4 = 1000),thevariationof theinnovationin the
interceptis setat # timesthe prior varianceof the coefÞcienton the own Þrst lag insteadof the
prior varianceof theconstant.
7. Theexponentialsmoothingusedin themodelswith detrendingis initialized with theaverage
valueof inßationover theÞrstÞveyearsof eachsample.
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Table2: Real-timeRMSE resultsfor GDP growth and GDP inßation
(RMSEsin Þrst row, RMSEratiosin all others)

GDP growth forecasts
1970-84 1985-2005

forecastmethod h = 0Q h = 1Q h = 1Y h = 0Q h = 1Q h = 1Y
univariate 4.183 4.761 3.652 1.609 1.668 1.293
VAR(4) 1.022 .912 .936 1.184 1.200 1.110
VAR(4), interceptcorrection 1.038 .944 1.047 1.177 1.209 1.325
VAR(AIC) 1.024 .921 .969 1.169 1.188 1.105
DVAR(4) 1.039 .932 .760 1.260 1.298 1.152
DVAR(AIC) .974 .847 .798 1.208 1.240 1.108
VAR(AIC, by eq.&var.) .948 .902 .989 1.113 1.122 .998
DVAR(AIC, by eq.&var.) 1.019 .943 .783 1.204 1.260 1.155
BVAR(4) .919 .875 .949 1.077 1.090 1.005
BDVAR(4) .988 .956 .956 1.045 1.045 1.013
VAR(4), inßationdetrending .956 .837 .797 1.247 1.283 1.162
VAR(AIC), interceptbreaks .994 .894 .891 1.378 1.478 1.562
VAR(4), rolling 1.175 1.062 1.091 1.222 1.306 1.385
DVAR(4), rolling 1.077 1.003 .773 1.115 1.221 1.143
VAR(AIC, by eq.&var.), rolling 1.014 .943 1.019 1.296 1.301 1.321
BVAR(4), rolling .945 .880 1.004 1.196 1.220 1.193
BDVAR(4), rolling 1.008 .993 1.003 1.024 1.040 1.066
TVP BVAR(4) .927 .896 .955 1.025 1.024 .941
InterceptTVP BVAR(4) .922 .891 .940 1.019 1.013 .914
DLS, VAR(4) 1.081 1.005 1.068 1.154 1.183 1.143
DLS, DVAR(4) 1.078 1.028 .949 1.167 1.208 1.159
averageof all forecasts .893 .815 .816 1.078 1.093 1.015
avg. of VAR(4), rolling VAR(4) 1.070 .957 .953 1.158 1.212 1.210
avg. of univariate,VAR(4) .958 .901 .900 1.057 1.056 .988
avg. of univariate,DVAR(4) .945 .882 .796 1.086 1.096 1.027
avg. of univ., IDTR VAR(4) .931 .871 .849 1.060 1.061 .952
avg. of univ., VAR(4), .922 .850 .804 1.078 1.084 .995

DVAR(4), TVP BVAR(4)
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Table2, continued: RMSE resultsfor GDP growth and GDP inßation
(RMSEsin Þrst row, RMSEratiosin all others)

GDP inßation forecasts
1970-84 1985-2005

forecastmethod h = 0Q h = 1Q h = 1Y h = 0Q h = 1Q h = 1Y
univariate 1.825 2.153 2.389 .951 1.016 .760
VAR(4) 1.022 1.033 1.061 1.001 .948 .959
VAR(4), interceptcorrection 1.020 1.054 1.142 1.133 1.134 1.439
VAR(AIC) 1.037 1.066 1.057 1.024 .977 .982
DVAR(4) 1.007 .946 .896 .989 .946 1.006
DVAR(AIC) .964 .955 .912 .994 .950 .985
VAR(AIC, by eq.&var.) 1.028 1.085 1.120 1.014 .965 .992
DVAR(AIC, by eq.&var.) 1.027 1.033 .998 1.003 .965 1.031
BVAR(4) .971 1.047 1.093 1.023 1.039 1.161
BDVAR(4) .969 .985 .936 1.030 1.034 1.069
VAR(4), inßationdetrending 1.024 1.013 1.006 1.011 .979 1.081
VAR(AIC), interceptbreaks 1.032 1.013 .996 1.085 1.098 1.438
VAR(4), rolling 1.016 1.083 1.080 1.156 1.128 1.407
DVAR(4), rolling 1.026 1.000 .900 1.066 .990 1.151
VAR(AIC, by eq.&var.), rolling 1.016 1.165 1.212 1.159 1.152 1.504
BVAR(4), rolling .950 1.022 1.050 1.090 1.174 1.482
BDVAR(4), rolling .965 .991 .939 1.075 1.101 1.191
TVP BVAR(4) .975 1.053 1.108 .992 .977 1.006
InterceptTVP BVAR(4) .975 1.047 1.081 1.007 1.004 1.079
DLS, VAR(4) 1.129 1.334 1.290 1.173 1.132 1.243
DLS, DVAR(4) 1.300 1.251 1.070 1.170 1.109 1.161
averageof all forecasts .946 .989 .970 1.025 1.015 1.057
avg. of VAR(4), rolling VAR(4) 1.009 1.052 1.063 1.055 1.014 1.131
avg. of univariate,VAR(4) .967 .985 .996 .980 .958 .942
avg. of univariate,DVAR(4) .967 .952 .931 .974 .954 .967
avg. of univ., IDTR VAR(4) .971 .979 .974 .985 .969 .980
avg. of univ., VAR(4), .959 .978 .980 .977 .951 .953

DVAR(4), TVP BVAR(4)

Notes:
1. Thevariablesin eachmultivariatemodelareGDPgrowth, GDPinßation,andtheT-bill rate.
2. Theentriesin theÞrstrow areRMSEs,for variablesdeÞnedin annualizedpercentagepoints.
All other entriesare RMSE ratios, for the indicatedspeciÞcationrelative to the corresponding
univariatespeciÞcation.
3. Individual RMSE ratios that are signiÞcantlybelow 1 accordingto bootstrappÐvaluesare
indicatedby a slantedfont. In eachcolumn,if a forecastis signiÞcantlybetter(in MSE) thanthe
benchmarkaccordingto datasnoopingÐrobust pÐvalues(bootstrappedasin Hansen(2005)),the
associatedRMSEratioappearsin abold font.
4. The forecasterrorsarecalculatedusingtheÞrstÐavailable(realÐtime)estimatesof outputand
inßationastheactualdataonoutputandinßation.
5. In eachquartert from 1970:Q1through2005:Q4,vintaget dataareusedto form forecastsfor
periodst (h = 0Q), t + 1 (h = 1Q), andt + 4 (h = 1Y). Theforecastsof GDPgrowth andinßation
for theh= 1Y horizoncorrespondto annualpercentchanges:averagegrowth andaverageinßation
from t + 1 throught + 4.
6. SeeTable1 for detailoneachforecastmethod.
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Table3: Real-timeRMSE resultsfor the HPSoutput gapand GDP inßation
(RMSEsin Þrst row, RMSEratiosin all others)

HPSoutput gap forecasts
1970-84 1985-2005

forecastmethod h = 0Q h = 1Q h = 1Y h = 0Q h = 1Q h = 1Y
univariate 1.039 1.988 3.891 .702 1.028 2.044
VAR(4) 1.051 .960 .944 1.110 1.159 1.204
VAR(4), interceptcorrection 1.079 1.010 1.110 1.066 1.048 1.060
VAR(AIC) 1.016 .966 .991 1.108 1.155 1.207
DVAR(4) 1.068 .942 .743 1.102 1.127 1.084
DVAR(AIC) 1.039 .947 .866 1.099 1.105 1.059
VAR(AIC, by eq.&var.) .985 .946 .995 1.077 1.133 1.176
DVAR(AIC, by eq.&var.) 1.088 1.005 .880 1.071 1.110 1.085
BVAR(4) 1.012 .931 .922 1.077 1.151 1.176
BDVAR(4) 1.064 1.002 .994 1.002 .997 .991
VAR(4), inßationdetrending 1.030 .920 .892 1.060 1.077 1.012
VAR(AIC), interceptbreaks 1.008 .929 .754 1.189 1.320 1.267
VAR(4), rolling 1.190 1.110 1.032 1.116 1.237 1.305
DVAR(4), rolling 1.103 .993 .802 1.029 1.074 1.008
VAR(AIC, by eq.&var.), rolling 1.170 1.129 1.064 1.099 1.181 1.211
BVAR(4), rolling 1.060 .968 .986 1.087 1.172 1.186
BDVAR(4), rolling 1.093 1.047 1.059 .993 1.005 .995
TVP BVAR(4) 1.020 .957 .947 .982 .970 .921
InterceptTVP BVAR(4) 1.015 .944 .923 .977 .957 .908
DLS, VAR(4) 1.100 1.041 .935 1.053 1.067 1.108
DLS, DVAR(4) 1.106 1.020 .919 1.061 1.066 1.056
averageof all forecasts .948 .872 .824 1.025 1.036 1.000
avg. of VAR(4), rolling VAR(4) 1.091 1.005 .931 1.089 1.162 1.218
avg. of univariate,VAR(4) .974 .912 .876 1.034 1.041 1.028
avg. of univariate,DVAR(4) .973 .904 .804 1.038 1.045 1.024
avg. of univ., IDTR VAR(4) .954 .878 .841 1.011 1.003 .950
avg. of univ., VAR(4), .966 .888 .809 1.028 1.027 .992

DVAR(4), TVP BVAR(4)
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Table3, continued: RMSE resultsfor the HPSoutput gapand GDP inßation
(RMSEsin Þrst row, RMSEratiosin all others)

GDP inßation forecasts
1970-84 1985-2005

forecastmethod h = 0Q h = 1Q h = 1Y h = 0Q h = 1Q h = 1Y
univariate 1.825 2.153 2.389 .951 1.016 .760
VAR(4) 1.020 1.037 1.075 .973 .923 .933
VAR(4), interceptcorrection 1.017 1.043 1.116 1.109 1.108 1.436
VAR(AIC) 1.020 1.046 1.050 .992 .968 .975
DVAR(4) 1.003 .942 .904 .990 .960 1.132
DVAR(AIC) .941 .931 .879 .992 .967 1.130
VAR(AIC, by eq.&var.) 1.054 1.112 1.130 .989 .934 1.007
DVAR(AIC, by eq.&var.) 1.008 .993 .906 .992 .972 1.202
BVAR(4) .967 1.026 1.048 .993 .986 1.042
BDVAR(4) .960 .954 .879 1.031 1.047 1.209
VAR(4), inßationdetrending .982 .978 .942 .970 .910 .897
VAR(AIC), interceptbreaks .975 .973 .930 1.022 1.014 1.101
VAR(4), rolling 1.024 1.108 1.139 1.136 1.134 1.437
DVAR(4), rolling 1.013 1.017 .942 1.059 .971 1.123
VAR(AIC, by eq.&var.), rolling 1.017 1.166 1.167 1.145 1.152 1.579
BVAR(4), rolling .958 1.010 1.022 1.088 1.190 1.525
BDVAR(4), rolling .966 .978 .917 1.076 1.107 1.261
TVP BVAR(4) .959 1.010 1.043 .996 1.001 1.169
InterceptTVP BVAR(4) .958 1.004 1.018 .998 1.000 1.153
DLS, VAR(4) 1.139 1.311 1.322 1.208 1.176 1.368
DLS, DVAR(4) 1.350 1.257 1.236 1.166 1.100 1.251
averageof all forecasts .935 .957 .907 1.005 .991 1.035
avg. of VAR(4), rolling VAR(4) 1.014 1.065 1.098 1.023 .986 1.081
avg. of univariate,VAR(4) .968 .982 .990 .967 .944 .930
avg. of univariate,DVAR(4) .963 .947 .926 .966 .946 .982
avg. of univ., IDTR VAR(4) .954 .957 .924 .963 .934 .894
avg. of univ., VAR(4), .951 .960 .954 .966 .942 .983

DVAR(4), TVP BVAR(4)

Notes:
1. Thevariablesin eachmultivariatemodelaretheHPSoutputgap,GDPinßation,andtheT-bill
rate.
2. Seethenotesto Table2.
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Table4: Real-timeRMSE resultsfor GDP growth and CPI inßation
(RMSEsin Þrst row, RMSEratiosin all others)

GDP growth forecasts
1970-84 1985-2005

forecastmethod h = 0Q h = 1Q h = 1Y h = 0Q h = 1Q h = 1Y
univariate 4.183 4.761 3.652 1.609 1.668 1.293
VAR(4) 1.039 .945 .926 1.155 1.172 1.103
VAR(4), interceptcorrection 1.054 .952 1.004 1.156 1.197 1.367
VAR(AIC) .981 .948 1.031 1.142 1.157 1.084
DVAR(4) 1.093 .959 .767 1.236 1.264 1.159
DVAR(AIC) 1.058 .983 .947 1.236 1.264 1.159
VAR(AIC, by eq.&var.) .937 .873 .926 1.113 1.121 .974
DVAR(AIC, by eq.&var.) 1.043 .944 .773 1.200 1.254 1.151
BVAR(4) .919 .871 .917 1.061 1.071 .982
BDVAR(4) .987 .958 .958 1.035 1.041 1.014
VAR(4), inßationdetrending .977 .863 .793 1.324 1.380 1.341
VAR(AIC), interceptbreaks .935 .925 .963 1.413 1.504 1.498
VAR(4), rolling 1.135 1.061 1.049 1.363 1.348 1.333
DVAR(4), rolling 1.114 1.019 .813 1.179 1.190 1.178
VAR(AIC, by eq.&var.), rolling 1.011 .976 1.078 1.343 1.297 1.311
BVAR(4), rolling .935 .872 .971 1.224 1.236 1.211
BDVAR(4), rolling 1.009 .991 1.004 1.036 1.045 1.066
TVP BVAR(4) .925 .893 .929 1.009 1.015 .952
InterceptTVP BVAR(4) .921 .888 .916 1.007 1.007 .919
DLS, VAR(4) 1.071 1.077 1.017 1.170 1.170 1.129
DLS, DVAR(4) 1.104 1.041 .909 1.191 1.182 1.186
averageof all forecasts .904 .843 .826 1.090 1.100 1.037
avg. of VAR(4), rolling VAR(4) 1.067 .982 .952 1.210 1.225 1.192
avg. of univariate,VAR(4) .969 .914 .879 1.044 1.042 .985
avg. of univariate,DVAR(4) .976 .909 .807 1.075 1.080 1.031
avg. of univ., IDTR VAR(4) .937 .873 .807 1.083 1.091 1.019
avg. of univ., VAR(4), .944 .872 .800 1.063 1.070 1.003

DVAR(4), TVP BVAR(4)
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Table4, continued: RMSE resultsfor GDP growth and CPI inßation
(RMSEsin Þrst row, RMSEratiosin all others)

CPI inßation forecasts
1970-84 1985-2005

forecastmethod h = 0Q h = 1Q h = 1Y h = 0Q h = 1Q h = 1Y
univariate 2.117 2.733 2.970 1.347 1.475 1.247
VAR(4) .866 .957 1.016 .975 1.028 1.078
VAR(4), interceptcorrection .885 1.046 1.152 1.188 1.393 1.963
VAR(AIC) .895 1.001 1.045 .975 1.022 1.064
DVAR(4) .847 .888 .854 .952 1.006 1.095
DVAR(AIC) .868 .917 .889 .952 1.006 1.095
VAR(AIC, by eq.&var.) .907 .993 1.045 .970 1.022 1.095
DVAR(AIC, by eq.&var.) .851 .894 .869 .952 .982 1.066
BVAR(4) .926 1.037 1.120 .986 .985 .999
BDVAR(4) .848 .912 .933 .977 1.009 1.065
VAR(4), inßationdetrending .824 .889 .822 .985 1.054 1.191
VAR(AIC), interceptbreaks .895 1.024 1.063 1.025 1.081 1.208
VAR(4), rolling .880 1.020 1.094 1.127 1.242 1.430
DVAR(4), rolling .847 .939 .916 1.025 1.093 1.255
VAR(AIC, by eq.&var.), rolling .950 1.099 1.181 1.113 1.173 1.383
BVAR(4), rolling .928 1.026 1.066 1.028 1.056 1.170
BDVAR(4), rolling .869 .933 .955 1.005 1.042 1.114
TVP BVAR(4) .914 1.014 1.090 .979 .970 .936
InterceptTVP BVAR(4) .914 1.001 1.043 .986 .981 .979
DLS, VAR(4) 1.007 1.357 1.603 1.262 1.264 1.407
DLS, DVAR(4) 1.031 1.153 1.082 1.194 1.216 1.451
averageof all forecasts .831 .931 .962 .989 1.025 1.099
avg. of VAR(4), rolling VAR(4) .863 .983 1.047 1.011 1.075 1.138
avg. of univariate,VAR(4) .868 .920 .935 .959 .989 .997
avg. of univariate,DVAR(4) .862 .898 .894 .944 .980 1.013
avg. of univ., IDTR VAR(4) .857 .895 .863 .962 .993 1.021
avg. of univ., VAR(4), .851 .915 .933 .950 .978 .990

DVAR(4), TVP BVAR(4)

Notes:
1. Thevariablesin eachmultivariatemodelareGDPgrowth, CPI inßation,andtheT-bill rate.
2. Seethenotesto Table2.
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Table5: Real-timeRMSE resultsfor the HPSoutput gapand CPI inßation
(RMSEsin Þrst row, RMSEratiosin all others)

HPSoutput gap forecasts
1970-84 1985-2005

forecastmethod h = 0Q h = 1Q h = 1Y h = 0Q h = 1Q h = 1Y
univariate 1.039 1.988 3.891 .702 1.028 2.044
VAR(4) 1.066 .980 .943 1.097 1.142 1.162
VAR(4), interceptcorrection 1.096 1.030 1.092 1.054 1.038 1.063
VAR(AIC) .991 .979 1.017 1.086 1.135 1.155
DVAR(4) 1.146 1.014 .790 1.088 1.123 1.091
DVAR(AIC) 1.036 .992 .998 1.077 1.097 1.043
VAR(AIC, by eq.&var.) 1.011 1.007 1.003 1.074 1.124 1.136
DVAR(AIC, by eq.&var.) 1.064 .945 .760 1.069 1.109 1.085
BVAR(4) 1.022 .941 .906 1.060 1.123 1.127
BDVAR(4) 1.065 1.005 .997 .995 .996 .992
VAR(4), inßationdetrending 1.037 .916 .839 1.070 1.111 1.089
VAR(AIC), interceptbreaks .990 .961 .778 1.132 1.233 1.186
VAR(4), rolling 1.206 1.170 1.163 1.143 1.228 1.274
DVAR(4), rolling 1.163 1.062 .909 1.076 1.098 1.056
VAR(AIC, by eq.&var.), rolling 1.170 1.097 1.133 1.119 1.190 1.190
BVAR(4), rolling 1.068 .983 .998 1.093 1.173 1.189
BDVAR(4), rolling 1.093 1.049 1.063 .999 1.008 .995
TVP BVAR(4) 1.031 .971 .953 .972 .961 .916
InterceptTVP BVAR(4) 1.025 .957 .926 .972 .959 .913
DLS, VAR(4) 1.089 1.085 .973 1.055 1.059 1.084
DLS, DVAR(4) 1.156 1.094 .961 1.076 1.084 1.055
averageof all forecasts .967 .909 .864 1.026 1.036 1.003
avg. of VAR(4), rolling VAR(4) 1.108 1.051 1.022 1.100 1.157 1.190
avg. of univariate,VAR(4) .992 .937 .892 1.029 1.035 1.015
avg. of univariate,DVAR(4) 1.012 .944 .828 1.032 1.043 1.028
avg. of univ., IDTR VAR(4) .964 .885 .817 1.012 1.013 .985
avg. of univ., VAR(4), .998 .927 .838 1.020 1.021 .988

DVAR(4), TVP BVAR(4)
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Table5, continued: RMSE resultsfor the HPSoutput gapand CPI inßation
(RMSEsin Þrst row, RMSEratiosin all others)

CPI inßation forecasts
1970-84 1985-2005

forecastmethod h = 0Q h = 1Q h = 1Y h = 0Q h = 1Q h = 1Y
univariate 2.117 2.733 2.970 1.347 1.475 1.247
VAR(4) .906 1.012 1.108 .967 1.012 1.016
VAR(4), interceptcorrection .910 1.077 1.187 1.180 1.372 1.856
VAR(AIC) .874 .937 1.027 .960 .987 .960
DVAR(4) .902 .959 .946 .964 1.005 1.055
DVAR(AIC) .821 .896 .934 .974 1.007 1.063
VAR(AIC, by eq.&var.) .943 1.002 1.087 .962 1.021 1.052
DVAR(AIC, by eq.&var.) .880 .921 .938 .955 1.006 1.075
BVAR(4) .925 1.021 1.089 .981 .976 .949
BDVAR(4) .847 .901 .928 .983 1.030 1.123
VAR(4), inßationdetrending .860 .932 .900 .944 .964 .865
VAR(AIC), interceptbreaks .889 .943 .963 1.021 1.101 1.176
VAR(4), rolling .912 1.105 1.250 1.141 1.237 1.331
DVAR(4), rolling .912 1.046 1.072 1.018 1.052 1.116
VAR(AIC, by eq.&var.), rolling .946 1.064 1.135 1.067 1.113 1.200
BVAR(4), rolling .940 1.029 1.062 1.019 1.041 1.127
BDVAR(4), rolling .883 .946 .992 1.007 1.050 1.143
TVP BVAR(4) .916 1.010 1.102 .996 1.019 1.069
InterceptTVP BVAR(4) .915 .998 1.060 .997 1.016 1.058
DLS, VAR(4) 1.062 1.375 1.623 1.287 1.331 1.523
DLS, DVAR(4) 1.132 1.216 1.258 1.178 1.202 1.399
averageof all forecasts .834 .920 .939 .984 1.011 1.038
avg. of VAR(4), rolling VAR(4) .897 1.052 1.167 1.017 1.065 1.050
avg. of univariate,VAR(4) .882 .945 .968 .957 .985 .981
avg. of univariate,DVAR(4) .886 .932 .931 .944 .972 .976
avg. of univ., IDTR VAR(4) .861 .894 .828 .941 .950 .877
avg. of univ., VAR(4), .873 .948 .981 .951 .977 .972

DVAR(4), TVP BVAR(4)

Notes:
1. Thevariablesin eachmultivariatemodelaretheHPSoutputgap,CPI inßation,andtheT-bill
rate.
2. Seethenotesto Table2.
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Table6: Averageforecastaccuracyrankings,
acrossapplicationsand methodsin Tables2-5

(sortedlow to high)
method average st.dev.
avg. of univ., IDTR VAR(4) 5.1 2.8
avg. of univ., VAR(4), DVAR(4), TVP BVAR(4) 5.7 2.6
avg. of univariateandDVAR(4) 6.8 3.1
avg. of univariateandVAR(4) 7.7 2.9
averageof all forecasts 8.0 4.9
InterceptTVP BVAR(4) 9.8 6.4
BDVAR(4) 10.7 6.4
TVP BVAR(4) 10.8 6.9
VAR(4), inßationdetrending 10.8 7.5
DVAR(AIC) 11.2 6.6
univariate 12.1 6.7
DVAR(4) 12.2 7.9
DVAR(AIC, by eq.&var.) 12.5 6.2
BVAR(4) 12.6 6.3
BDVAR(4), rolling 14.2 7.1
VAR(AIC, by eq.&var.) 14.4 6.2
VAR(4) 14.8 5.6
VAR(AIC) 15.0 5.8
DVAR(4), rolling 15.9 6.3
VAR(AIC), AIC interceptbreaks 17.3 7.9
BVAR(4), rolling 18.5 5.9
avg. of VAR(4) androlling VAR(4) 19.1 3.7
VAR(4), interceptcorrection 21.0 4.6
DLS, DVAR(4) 21.4 5.2
DLS, VAR(4) 22.3 5.4
VAR(AIC, by eq.&var.), rolling 23.9 2.6
VAR(4), rolling 24.4 2.8

Notes:
1. The Þguresin the tableareobtainedby: (1) ranking, for eachof the 48 columnsof Tables
2-5, the 27 forecastmethodsor modelsconsidered;and(2) calculatingtheaverageandstandard
deviationof eachmethodÕs (48) ranks.
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Table7: AverageRMSEs,acrossapplications
and methodsin Tables2-5

(sortedlow to high)
method average st.dev.
avg. of univ., IDTR VAR(4) .943 .070
avg. of univ., VAR(4), DVAR(4), TVP BVAR(4) .955 .068
avg. of univariateandDVAR(4) .960 .072
averageof all forecasts .967 .082
avg. of univariateandVAR(4) .968 .050
InterceptTVP BVAR(4) .981 .056
TVP BVAR(4) .987 .058
BDVAR(4) .995 .064
univariate 1.000 .000
VAR(4), inßationdetrending 1.001 .143
DVAR(AIC) 1.004 .109
DVAR(4) 1.009 .130
DVAR(AIC, by eq.&var.) 1.011 .117
BVAR(4) 1.012 .076
BDVAR(4), rolling 1.025 .072
VAR(AIC, by eq.&var.) 1.025 .074
VAR(4) 1.030 .087
VAR(AIC) 1.031 .078
DVAR(4), rolling 1.036 .107
avg. of VAR(4) androlling VAR(4) 1.068 .088
BVAR(4), rolling 1.081 .132
VAR(AIC), AIC interceptbreaks 1.088 .196
DLS, DVAR(4) 1.141 .113
VAR(4), interceptcorrection 1.149 .204
VAR(AIC, by eq.&var.), rolling 1.157 .132
VAR(4), rolling 1.173 .128
DLS, VAR(4) 1.184 .156

Notes:
1. TheÞguresin thetablearesimpleaveragesandstandarddeviations,acrossthe48 columnsof
Tables2-5, of eachforecastmethodÕs RMSE ratios. Note that the RMSE ratio of the univariate
forecastis always1.
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Table8: Real-time1996-2005RMSE resultsfor GDP growth and GDP inßation
(RMSEsin Þrst row, RMSEratiosin all others)

GDP growth forecasts GDP inßation forecasts
forecastmethod h = 0Q h = 1Q h = 1Y h = 0Q h = 1Q h = 1Y
univariate 1.624 1.691 1.283 .762 .841 .717
VAR(4) 1.228 1.223 1.104 .964 .965 .973
VAR(4), interceptcorrection 1.249 1.260 1.295 1.105 1.156 1.476
VAR(AIC) 1.228 1.223 1.104 .964 .965 .973
DVAR(4) 1.254 1.231 1.065 1.013 1.032 1.084
DVAR(AIC) 1.245 1.230 1.065 1.011 1.028 1.085
VAR(AIC, by eq.&var.) 1.176 1.193 1.052 .970 .976 .970
DVAR(AIC, by eq.&var.) 1.184 1.193 1.049 1.015 1.023 1.077
BVAR(4) 1.102 1.132 1.065 1.015 1.038 1.110
BDVAR(4) 1.053 1.032 .981 1.017 1.040 1.097
VAR(4), inßationdetrending 1.222 1.228 1.057 .974 .968 .953
VAR(AIC), interceptbreaks 1.263 1.314 1.204 .977 .980 .995
VAR(4), rolling 1.000 1.044 1.051 1.117 1.115 1.184
DVAR(4), rolling 1.058 1.099 1.176 1.069 1.022 1.047
VAR(AIC, by eq.&var.), rolling 1.125 1.131 1.039 1.105 1.081 1.201
BVAR(4), rolling 1.033 1.052 .986 1.042 1.094 1.255
BDVAR(4), rolling 1.036 1.037 1.080 1.030 1.064 1.156
TVP BVAR(4) 1.065 1.083 1.012 .998 1.001 1.016
InterceptTVP BVAR(4) 1.058 1.072 .987 1.008 1.019 1.051
DLS, VAR(4) 1.178 1.183 1.091 1.200 1.129 1.173
DLS, DVAR(4) 1.180 1.179 1.089 1.215 1.176 1.160
averageof all forecasts 1.082 1.084 .991 1.000 1.004 1.046
avg. of VAR(4), rolling VAR(4) 1.073 1.101 1.049 1.018 1.021 1.058
avg. of univariate,VAR(4) 1.084 1.069 .975 .949 .949 .933
avg. of univariate,DVAR(4) 1.100 1.080 .989 .967 .975 .979
avg. of univ., IDTR VAR(4) 1.070 1.057 .925 .952 .951 .923
avg. of univ., VAR(4), 1.108 1.098 .991 .963 .968 .970

DVAR(4), TVP BVAR(4)

Notes:
1. Thevariablesin eachmultivariatemodelareGDPgrowth, GDPinßation,andtheT-bill rate.
2. Seethenotesto Table2.
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Table9: Real-time1996-2005RMSE resultsfor GDP growth and
corePCE inßation

(RMSEsin Þrst row, RMSEratiosin all others)
GDP growth forecasts corePCE forecasts

forecastmethod h = 0Q h = 1Q h = 1Y h = 0Q h = 1Q h = 1Y
univariate 1.624 1.691 1.283 .646 .602 .460
VAR(4) 1.223 1.174 1.077 1.233 1.339 1.630
VAR(4), interceptcorrection 1.238 1.237 1.180 1.316 1.599 2.301
VAR(AIC) 1.223 1.174 1.077 1.233 1.339 1.630
DVAR(4) 1.171 1.134 .976 1.200 1.297 1.322
DVAR(AIC) 1.171 1.134 .976 1.200 1.297 1.322
VAR(AIC, by eq.&var.) 1.251 1.239 1.151 1.253 1.455 1.949
DVAR(AIC, by eq.&var.) 1.204 1.173 1.019 1.186 1.252 1.264
BVAR(4) 1.175 1.165 1.130 1.224 1.376 1.819
BDVAR(4) 1.049 1.007 .958 1.167 1.234 1.243
VAR(4), inßationdetrending 1.231 1.195 1.061 1.212 1.284 1.394
VAR(AIC), interceptbreaks 1.425 1.536 1.604 1.222 1.384 1.578
VAR(4), rolling 1.014 1.034 1.076 .981 1.166 1.580
DVAR(4), rolling .982 1.002 1.137 .938 1.077 1.060
VAR(AIC, by eq.&var.), rolling 1.157 1.115 1.174 1.024 1.261 1.670
BVAR(4), rolling 1.067 1.071 1.053 1.176 1.314 1.764
BDVAR(4), rolling 1.024 1.034 1.079 1.105 1.159 1.162
TVP BVAR(4) 1.090 1.081 1.028 1.161 1.257 1.459
InterceptTVP BVAR(4) 1.089 1.073 1.001 1.198 1.319 1.624
DLS, VAR(4) 1.168 1.146 1.051 1.122 1.458 1.551
DLS, DVAR(4) 1.150 1.108 1.072 1.123 1.505 1.387
averageof all forecasts 1.093 1.068 .988 1.117 1.199 1.326
avg. of VAR(4), rolling VAR(4) 1.081 1.072 1.052 1.052 1.172 1.489
avg. of univariate,VAR(4) 1.074 1.042 .947 1.089 1.137 1.260
avg. of univariate,DVAR(4) 1.064 1.038 .955 1.076 1.120 1.108
avg. of univ., IDTR VAR(4) 1.069 1.038 .921 1.081 1.117 1.156
avg. of univ., VAR(4), 1.091 1.061 .960 1.123 1.187 1.275

DVAR(4), TVP BVAR(4)

Notes:
1. The variablesin eachmultivariatemodelareGDP growth, corePCEinßation,andthe T-bill
rate.
2. Seethenotesto Table2.
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Table10: Real-time1996-2005RMSE resultsfor the HPSoutput gapand
GDP inßation

(RMSEsin Þrst row, RMSEratiosin all others)
HPSgap forecasts GDP inßation forecasts

forecastmethod h = 0Q h = 1Q h = 1Y h = 0Q h = 1Q h = 1Y
univariate .714 1.036 2.075 .762 .841 .717
VAR(4) 1.121 1.131 1.155 .981 .990 1.073
VAR(4), interceptcorrection 1.091 1.052 1.114 1.098 1.163 1.527
VAR(AIC) 1.118 1.130 1.158 .976 .985 1.067
DVAR(4) 1.119 1.086 1.084 1.029 1.056 1.226
DVAR(AIC) 1.130 1.088 1.089 1.025 1.062 1.246
VAR(AIC, by eq.&var.) 1.075 1.117 1.137 .980 .995 1.085
DVAR(AIC, by eq.&var.) 1.077 1.075 1.098 1.003 1.053 1.287
BVAR(4) 1.057 1.116 1.147 1.013 1.040 1.166
BDVAR(4) 1.007 .985 .983 1.031 1.075 1.274
VAR(4), inßationdetrending 1.088 1.097 1.073 .976 .959 1.005
VAR(AIC), interceptbreaks 1.066 1.041 .959 1.047 1.073 1.217
VAR(4), rolling 1.040 1.147 1.234 1.116 1.179 1.335
DVAR(4), rolling 1.010 1.024 1.060 1.081 1.046 1.161
VAR(AIC, by eq.&var.), rolling 1.037 1.071 1.160 1.116 1.171 1.322
BVAR(4), rolling 1.043 1.128 1.246 1.052 1.124 1.324
BDVAR(4), rolling .991 1.000 1.063 1.043 1.091 1.259
TVP BVAR(4) .994 1.004 .997 1.032 1.078 1.276
InterceptTVP BVAR(4) .989 .991 .971 1.030 1.071 1.266
DLS, VAR(4) 1.062 1.047 1.060 1.270 1.309 1.483
DLS, DVAR(4) 1.067 1.022 1.050 1.282 1.245 1.402
averageof all forecasts 1.028 1.029 1.049 1.004 1.022 1.123
avg. of VAR(4), rolling VAR(4) 1.052 1.091 1.134 1.025 1.059 1.178
avg. of univariate,VAR(4) 1.047 1.038 1.026 .956 .961 .982
avg. of univariate,DVAR(4) 1.051 1.032 1.031 .971 .979 1.028
avg. of univ., IDTR VAR(4) 1.033 1.028 1.003 .948 .937 .926
avg. of univ., VAR(4), 1.044 1.030 1.019 .978 .995 1.082

DVAR(4), TVP BVAR(4)

Notes:
1. Thevariablesin eachmultivariatemodelaretheHPSoutputgap,GDPinßation,andtheT-bill
rate.
2. Seethenotesto Table2.
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Table11: Real-time1996-2005RMSE resultsfor the HPSoutput gapand
corePCE inßation

(RMSEsin Þrst row, RMSEratiosin all others)
HPSgap forecasts corePCE forecasts

forecastmethod h = 0Q h = 1Q h = 1Y h = 0Q h = 1Q h = 1Y
univariate .714 1.036 2.075 .646 .602 .460
VAR(4) 1.053 1.078 1.165 1.162 1.216 1.384
VAR(4), interceptcorrection 1.020 1.006 1.088 1.267 1.472 2.071
VAR(AIC) 1.071 1.110 1.190 1.129 1.200 1.429
DVAR(4) 1.033 1.021 1.041 1.161 1.289 1.409
DVAR(AIC) 1.050 1.025 1.027 1.153 1.242 1.362
VAR(AIC, by eq.&var.) 1.083 1.128 1.206 1.198 1.315 1.703
DVAR(AIC, by eq.&var.) 1.071 1.055 1.078 1.147 1.230 1.232
BVAR(4) 1.071 1.145 1.219 1.172 1.275 1.553
BDVAR(4) .985 .974 .987 1.153 1.248 1.358
VAR(4), inßationdetrending 1.061 1.084 1.102 1.117 1.161 1.093
VAR(AIC), interceptbreaks 1.055 1.112 1.161 1.252 1.423 1.905
VAR(4), rolling .999 1.104 1.312 1.006 1.155 1.622
DVAR(4), rolling .938 .954 1.023 .925 1.081 1.087
VAR(AIC, by eq.&var.), rolling 1.075 1.138 1.312 1.018 1.165 1.529
BVAR(4), rolling 1.054 1.138 1.307 1.196 1.355 1.894
BDVAR(4), rolling .975 .996 1.061 1.110 1.175 1.210
TVP BVAR(4) .985 .997 1.009 1.151 1.260 1.515
InterceptTVP BVAR(4) .981 .986 .989 1.160 1.265 1.499
DLS, VAR(4) .997 1.005 1.046 1.165 1.504 1.689
DLS, DVAR(4) .994 .987 1.040 1.115 1.572 1.505
averageof all forecasts 1.007 1.019 1.070 1.093 1.174 1.290
avg. of VAR(4), rolling VAR(4) .999 1.048 1.187 1.044 1.141 1.452
avg. of univariate,VAR(4) 1.010 1.011 1.028 1.057 1.074 1.114
avg. of univariate,DVAR(4) 1.008 .999 1.012 1.048 1.086 1.032
avg. of univ., IDTR VAR(4) 1.014 1.015 1.015 1.032 1.042 .937
avg. of univ., VAR(4), 1.003 .998 1.011 1.089 1.139 1.182

DVAR(4), TVP BVAR(4)

Notes:
1. Thevariablesin eachmultivariatemodelaretheHPSoutputgap,corePCEinßation,andthe
T-bill rate.
2. Seethenotesto Table2.
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Table12: Averagerankings of all methodsin 1970-84and 1985-2005forecasts,
acrossall modelsand data

all y, p all y, p all y, p all y, p
all all using using 70-84 85-05

y, p Tbill FFR
avg. of univ., IDTR VAR(2) 12.9 16.7 15.5 18.0 21.1 12.4
avg. of univ., IDTR VAR(4) 13.2 13.4 12.7 14.1 15.1 11.6
avg. of univ., VAR(2), DVAR(2), TVP BVAR(2) 15.7 19.0 18.8 19.1 22.2 15.7
avg. of univ., VAR(4), DVAR(4), TVP BVAR(4) 17.6 16.2 16.6 15.7 17.9 14.4
avg. of univariate,VAR(2) 18.8 23.7 22.3 25.1 31.3 16.0
averageof all forecasts 19.7 18.8 19.1 18.5 11.5 26.1
avg. of univariate,VAR(4) 20.3 20.6 20.9 20.3 26.2 15.0
avg. of univariate,DVAR(4) 21.3 19.9 19.8 20.1 21.3 18.6
avg. of univariate,DVAR(2) 22.9 24.1 23.9 24.2 27.1 21.0
InterceptTVP BVAR(4) 25.1 28.1 27.4 28.9 38.4 17.9
VAR(2), inßationdetrending 25.2 29.0 27.0 31.0 21.8 36.1
InterceptTVP BVAR(4), #4 = .5,# = .0025 26.4 27.4 27.4 27.3 27.1 27.7
BDVAR(4) 27.0 28.7 27.2 30.1 30.8 26.5
TVP BVAR(4), #4 = .5,# = .0025 28.2 23.8 23.5 24.0 30.4 17.1
TVP BVAR(4), #4 = 1000,# = .005 29.1 23.4 22.9 23.9 30.0 16.8
TVP BVAR(4), #4 = 1000,# = .0001 29.4 31.2 31.0 31.3 36.2 26.1
TVP BVAR(4) 29.7 29.3 28.7 29.9 42.8 15.8
BVAR(4) 30.1 32.9 33.0 32.8 37.3 28.4
InterceptTVP BVAR(2), #4 = .5,# = .0025 30.6 36.4 35.3 37.5 35.1 37.7
InterceptTVP BVAR(2) 31.1 38.5 36.9 40.1 50.3 26.7
TVP BVAR(2), #4 = .5,# = .0025 31.8 31.6 31.0 32.2 36.4 26.9
BDVAR(2) 32.0 34.4 33.2 35.6 36.9 31.9
TVP BVAR(2), #4 = 1000,# = .005 32.2 30.2 29.2 31.1 36.3 24.0
VAR(4), inßationdetrending 32.6 31.6 31.2 32.0 25.8 37.4
DVAR(2) 32.8 31.3 31.1 31.5 25.0 37.6
avg. of VAR(2), rolling VAR(2) 33.3 40.0 38.9 41.0 38.3 41.6
TVP BVAR(2), #4 = 1000,# = .0001 33.3 40.0 38.9 41.0 45.7 34.2
univariate 33.6 36.5 34.0 38.9 52.2 20.8
BVAR(2) 34.2 41.6 40.5 42.8 46.9 36.3
TVP BVAR(2) 34.7 38.6 37.1 40.2 53.5 23.7
DVAR(AIC) 34.8 33.1 32.5 33.7 29.1 37.1
VAR(AIC), inßationdetrending 34.9 32.8 32.9 32.7 25.7 39.9
VAR(BIC), inßationdetrending 35.0 40.0 38.7 41.2 36.3 43.6
BDVAR(4), rolling 35.2 38.4 36.9 39.9 40.3 36.5
VAR(2) 35.5 41.0 37.7 44.3 48.7 33.3
DVAR(BIC, by eq.&var.) 37.6 33.5 33.6 33.4 36.6 30.4
VAR(AIC, by eq.&var.) 38.8 37.2 38.6 35.8 44.8 29.6
DVAR(BIC) 38.9 37.2 37.6 36.8 34.7 39.7
DVAR(AIC, by eq.&var.) 39.4 34.4 35.3 33.5 33.1 35.7
DVAR(4) 39.4 35.2 35.9 34.6 31.0 39.5
BDVAR(2), rolling 39.6 44.3 42.9 45.7 45.5 43.1
VAR(4) 40.8 41.0 41.9 40.1 45.6 36.4
DVAR(2), outputdiff. 41.0 42.8 44.2 41.3 39.9 45.6
DVAR(2), rolling 41.2 39.2 39.8 38.7 32.9 45.6
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Table12,continued: Averagerankings acrossall results
all y, p all y, p all y, p all y, p

all all using using 70-84 85-05
y, p Tbill FFR

VAR(AIC) 41.3 40.0 40.8 39.3 45.1 35.0
VAR(2), full ESdetrending 41.3 40.8 41.4 40.2 17.7 63.9
VAR(BIC, by eq.&var.) 43.8 44.8 43.7 45.9 55.7 33.8
DVAR(AIC), outputdiff. 44.2 45.1 45.6 44.6 43.4 46.9
DVAR(4), outputdiff. 45.9 45.1 45.5 44.6 43.5 46.6
VAR(BIC), full ESdetrending 46.1 46.4 46.9 45.9 29.0 63.8
VAR(BIC) 46.2 52.2 50.1 54.3 61.5 42.9
DVAR(AIC), rolling 46.5 40.2 39.1 41.3 37.2 43.2
VAR(AIC), full ESdetrending 47.6 42.3 45.2 39.4 24.6 60.1
VAR(4), full ESdetrending 48.8 45.6 49.6 41.7 27.9 63.4
BVAR(4), rolling 49.3 51.9 52.8 51.0 41.5 62.4
BVAR(2), rolling 49.6 54.8 54.9 54.7 43.5 66.1
DVAR(BIC), rolling 49.6 49.1 50.0 48.2 45.0 53.2
DVAR(BIC), outputdiff. 49.9 52.2 54.6 49.9 55.2 49.3
DVAR(AIC, by eq.&var.), rolling 50.3 41.1 44.2 38.1 39.6 42.7
DVAR(2), outputdiff., rolling 51.3 54.4 56.9 51.9 51.5 57.3
DVAR(BIC, by eq.&var.), rolling 51.8 46.9 48.7 45.0 48.3 45.5
VAR(AIC), BIC interceptbreaks 52.7 47.5 47.7 47.3 30.7 64.4
avg. of VAR(4), rolling VAR(4) 53.6 52.0 52.7 51.3 53.8 50.1
VAR(AIC), AIC interceptbreaks 55.4 49.0 47.7 50.3 32.9 65.1
DVAR(4), rolling 55.9 47.9 47.3 48.6 44.7 51.2
DLS, VAR(2) 56.1 56.8 54.8 58.7 65.2 48.3
VAR(2), interceptcorrection 56.9 60.0 59.5 60.6 61.2 58.8
DVAR(BIC), outputdiff., rolling 57.8 64.9 66.9 63.0 63.8 66.1
DVAR(AIC), outputdiff., rolling 59.0 57.3 57.7 56.8 55.2 59.3
DLS, DVAR(2) 59.4 55.7 56.7 54.8 57.2 54.3
VAR(2), rolling 62.5 65.3 65.3 65.3 56.4 74.2
DVAR(4), outputdiff., rolling 63.5 60.5 59.4 61.6 56.3 64.7
DLS, DVAR(AIC) 63.9 59.3 59.3 59.3 63.7 54.9
VAR(AIC), interceptcorrection 64.0 63.6 62.7 64.5 61.1 66.2
VAR(4), interceptcorrection 64.9 64.4 64.3 64.5 63.8 65.1
DLS, VAR(AIC) 65.5 63.4 64.0 62.7 73.2 53.6
VAR(BIC), rolling 65.7 69.9 71.8 68.0 66.0 73.8
DLS, DVAR(4) 68.7 63.6 64.5 62.6 67.9 59.3
VAR(BIC, by eq.&var.), rolling 68.8 69.3 69.7 68.9 65.5 73.1
VAR(AIC, by eq.&var.), rolling 69.2 69.2 71.4 67.1 64.7 73.8
VAR(AIC), rolling 69.7 69.7 70.2 69.2 66.5 72.8
DLS, VAR(4) 69.8 66.7 68.5 64.9 75.8 57.5
VAR(2), partial int. corr. 72.1 67.4 67.1 67.7 72.2 62.6
VAR(4), rolling 72.4 71.8 71.8 71.9 68.1 75.5
VAR(AIC), partial int. corr. 76.4 72.9 72.8 73.0 74.8 71.0
VAR(4), partial int. corr. 76.5 73.1 73.9 72.2 74.9 71.3
# of ranking observations 216 144 72 72 72 72
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Notes:
1. Thetablereportsaveragerankingsof thefull setof forecastmethodsor modelslistedin Table
1. The averagerankingsin the Þrstcolumnof Þguresarecalculated,for eachforecastmethod,
acrossa total of 216(= 3# 2# 2# 3# 2# 3) forecastsof output(3: GDPgrowth, HPSgap,HP
gap), inßation (2: GDP inßation,CPI inßation),and interestrates(2: T-bill rate, federalfunds
rate)at horizons(3) of h = 0Q, h = 1Q, andh = 1Y andsampleperiods(2) of 1970-84and1985-
05. Theaveragerankingsin remainingcolumnsarebasedon forecastswith modelsthat include
particularvariablesor forecastsof a particularvariable,etc. For example,theaveragerankingsin
thesecondcolumnarebasedon144forecastsof justoutputandinßation,with forecastsof interest
ratesomittedfrom theaveragerankingcalculation.
2. Seethenotesto Table2.
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Table13: Averagerankings in 1970-84and 1985-2005forecasts,
conditionedon output and inßation measures

using using using using using
" ln HPS HP GDP CPI
GDP gap gap ! !

avg. of univ., IDTR VAR(2) 21.1 12.7 16.3 16.7 16.7
avg. of univ., IDTR VAR(4) 16.8 8.9 14.4 13.0 13.8
avg. of univ., VAR(2), DVAR(2), TVP BVAR(2) 16.9 19.0 20.9 18.8 19.2
avg. of univ., VAR(4), DVAR(4), TVP BVAR(4) 13.3 15.6 19.6 14.1 18.2
avg. of univariate,VAR(2) 23.6 24.6 22.9 24.1 23.2
averageof all forecasts 19.9 17.7 18.8 16.0 21.6
avg. of univariate,VAR(4) 18.5 20.6 22.7 19.7 21.5
avg. of univariate,DVAR(4) 17.9 18.4 23.6 18.0 21.9
avg. of univariate,DVAR(2) 23.4 22.6 26.2 23.7 24.5
InterceptTVP BVAR(4) 24.7 30.3 29.4 27.1 29.1
VAR(2), inßationdetrending 37.4 20.2 29.3 33.5 24.5
InterceptTVP BVAR(4), #4 = .5,# = .0025 30.1 29.6 22.5 27.1 27.6
BDVAR(4) 28.2 32.3 25.6 29.8 27.6
TVP BVAR(4), #4 = .5,# = .0025 28.2 22.8 20.3 22.0 25.5
TVP BVAR(4), #4 = 1000,# = .005 28.3 20.7 21.3 21.2 25.7
TVP BVAR(4), #4 = 1000,# = .0001 30.5 39.1 23.9 31.5 30.8
TVP BVAR(4) 25.4 34.1 28.5 27.8 30.8
BVAR(4) 31.5 41.7 25.4 33.3 32.4
InterceptTVP BVAR(2), #4 = .5,# = .0025 35.2 40.6 33.4 36.7 36.1
InterceptTVP BVAR(2) 32.9 41.7 40.9 38.3 38.7
TVP BVAR(2), #4 = .5,# = .0025 31.5 33.7 29.7 29.8 33.4
BDVAR(2) 29.2 40.8 33.2 34.7 34.1
TVP BVAR(2), #4 = 1000,# = .005 30.6 30.1 29.8 27.0 33.4
VAR(4), inßationdetrending 36.0 25.8 33.1 31.9 31.3
DVAR(2) 28.8 31.9 33.1 33.0 29.6
avg. of VAR(2), rolling VAR(2) 36.2 46.6 37.1 43.8 36.1
TVP BVAR(2), #4 = 1000,# = .0001 36.0 49.5 34.4 41.5 38.4
univariate 35.8 37.0 36.6 34.3 38.6
BVAR(2) 36.9 52.0 36.0 43.2 40.0
TVP BVAR(2) 32.2 43.9 39.8 37.9 39.4
DVAR(AIC) 31.9 32.4 34.9 30.6 35.5
VAR(AIC), inßationdetrending 40.5 25.7 32.3 36.6 29.1
VAR(BIC), inßationdetrending 47.7 33.5 38.7 43.9 36.0
BDVAR(4), rolling 38.2 42.9 34.1 38.6 38.2
VAR(2) 37.2 47.2 38.5 47.3 34.7
DVAR(BIC, by eq.&var.) 40.8 37.0 22.8 34.8 32.2
VAR(AIC, by eq.&var.) 31.6 44.2 35.9 39.0 35.5
DVAR(BIC) 41.0 34.9 35.7 38.6 35.8
DVAR(AIC, by eq.&var.) 35.9 35.1 32.2 37.4 31.4
DVAR(4) 34.1 35.3 36.3 33.4 37.1
BDVAR(2), rolling 40.3 51.7 41.0 43.7 45.0
VAR(4) 37.5 45.4 40.0 40.0 41.9
DVAR(2), outputdiff. 43.6 37.2 47.4 44.5 41.0
DVAR(2), rolling 39.2 40.4 38.1 40.0 38.5
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Table13,continued: averagerankings,
conditionedon output and inßation measures

using using using using using
" ln HPS HP GDP CPI
GDP gap gap ! !

VAR(AIC) 40.1 44.1 36.0 45.4 34.7
VAR(2), full ESdetrending 43.2 32.6 46.6 41.6 40.0
VAR(BIC, by eq.&var.) 45.5 53.2 35.7 47.1 42.5
DVAR(AIC), outputdiff. 47.9 38.4 49.1 38.5 51.7
DVAR(4), outputdiff. 56.4 35.9 42.9 42.5 47.7
VAR(BIC), full ESdetrending 47.7 42.3 49.2 44.5 48.2
VAR(BIC) 47.1 63.8 45.7 57.3 47.0
DVAR(AIC), rolling 41.2 38.4 41.2 33.9 46.6
VAR(AIC), full ESdetrending 42.0 35.8 49.2 43.3 41.4
VAR(4), full ESdetrending 41.4 42.0 53.5 44.5 46.8
BVAR(4), rolling 48.8 57.0 49.9 50.8 53.0
BVAR(2), rolling 47.5 60.1 56.7 53.5 56.1
DVAR(BIC), rolling 50.4 49.8 47.0 49.7 48.4
DVAR(BIC), outputdiff. 50.3 47.7 58.7 55.1 49.4
DVAR(AIC, by eq.&var.), rolling 42.9 39.8 40.7 42.0 40.2
DVAR(2), outputdiff., rolling 55.1 47.2 60.9 54.3 54.4
DVAR(BIC, by eq.&var.), rolling 50.0 49.2 41.5 49.2 44.5
VAR(AIC), BIC interceptbreaks 51.8 44.4 46.4 53.1 41.9
avg. of VAR(4), rolling VAR(4) 50.4 57.2 48.3 49.6 54.3
VAR(AIC), AIC interceptbreaks 56.2 45.7 45.1 51.5 46.5
DVAR(4), rolling 45.3 46.9 51.7 45.9 50.0
DLS, VAR(2) 56.5 57.5 56.3 56.5 57.0
VAR(2), interceptcorrection 59.1 51.0 70.0 59.0 61.0
DVAR(BIC), outputdiff., rolling 64.9 62.2 67.8 65.5 64.4
DVAR(AIC), outputdiff., rolling 61.5 47.8 62.5 48.8 65.7
DLS, DVAR(2) 55.4 57.7 54.1 54.4 57.0
VAR(2), rolling 61.6 67.7 66.6 65.3 65.3
DVAR(4), outputdiff., rolling 67.6 49.7 64.2 58.5 62.5
DLS, DVAR(AIC) 62.3 60.3 55.3 56.2 62.4
VAR(AIC), interceptcorrection 63.6 59.0 68.3 64.7 62.5
VAR(4), interceptcorrection 64.3 60.0 68.9 62.9 65.9
DLS, VAR(AIC) 66.8 62.5 60.9 62.6 64.2
VAR(BIC), rolling 64.4 72.8 72.6 72.0 67.8
DLS, DVAR(4) 64.8 62.9 63.0 61.7 65.4
VAR(BIC, by eq.&var.), rolling 64.3 74.8 68.8 69.8 68.8
VAR(AIC, by eq.&var.), rolling 66.6 72.6 68.5 71.0 67.5
VAR(AIC), rolling 70.5 72.9 65.5 69.0 70.3
DLS, VAR(4) 68.8 64.5 66.8 65.5 67.8
VAR(2), partial int. corr. 66.8 57.8 77.5 68.0 66.8
VAR(4), rolling 70.7 75.0 69.7 70.5 73.1
VAR(AIC), partial int. corr. 70.7 67.4 80.5 74.2 71.6
VAR(4), partial int. corr. 72.1 66.1 81.2 73.7 72.5
# of ranking observations 48 48 48 72 72
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Notes:
1. The resultsin this tablearebasedon just forecastsof outputandinßation(excluding forecast
resultsfor interestrates).
2. Seethenotesto Tables2 and12.
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Table14: Accuracy of selectVAR forecastscompared to SPFforecasts
(RMSEsin all cases)

GDP growth forecasts
1970-84 1985-2005

h = 0Q h = 1Q h = 1Y h = 0Q h = 1Q h = 1Y
SPF 2.571 3.699 2.891 1.384 1.635 1.274
bestforecastfrom Table2 3.735 3.878 2.775 1.609 1.668 1.182
univariateforecast 4.183 4.761 3.652 1.609 1.668 1.293
TVP BVAR(4) 3.876 4.267 3.487 1.650 1.708 1.218
avg. of all Table2 forecasts 3.735 3.878 2.978 1.734 1.824 1.312
avg. of univ., DVAR(4) 3.953 4.199 2.906 1.747 1.828 1.328
avg. of univ., IDTR VAR(4) 3.893 4.145 3.101 1.705 1.770 1.232

GDP inßation forecasts
1970-84 1985-2005

h = 0Q h = 1Q h = 1Y h = 0Q h = 1Q h = 1Y
SPF 1.364 1.917 2.192 .831 .922 .804
bestforecastfrom Table2 1.727 2.036 2.141 .926 .961 .716
univariateforecast 1.825 2.153 2.389 .951 1.016 .760
TVP BVAR(4) 1.779 2.267 2.646 .944 .993 .764
avg. of all Table2 forecasts 1.727 2.129 2.318 .974 1.032 .803
avg. of univ., DVAR(4) 1.764 2.051 2.224 .926 .970 .735
avg. of univ., IDTR VAR(4) 1.772 2.108 2.328 .937 .985 .744

CPI inßation forecasts
1970-84 1985-2005

h = 0Q h = 1Q h = 1Y h = 0Q h = 1Q h = 1Y
SPF .823 1.278 .969
bestforecastfrom Table4 1.744 2.427 2.441 1.272 1.431 1.167
univariateforecast 2.117 2.733 2.970 1.347 1.475 1.247
TVP BVAR(4) 1.935 2.772 3.238 1.319 1.431 1.167
avg. of all Table4 forecasts 1.758 2.544 2.856 1.333 1.511 1.370
avg. of univ., DVAR(4) 1.825 2.456 2.656 1.272 1.446 1.262
avg. of univ., IDTR VAR(4) 1.815 2.447 2.564 1.296 1.465 1.273

T-bill rate forecasts
1970-84 1985-2005

h = 0Q h = 1Q h = 1Y h = 0Q h = 1Q h = 1Y
SPF .310 1.436 2.589 .104 .460 1.543
bestforecastfrom Table2 1.173 1.879 2.669 .371 .742 1.418
univariateforecast 1.305 2.098 2.821 .379 .777 1.633
TVP BVAR(4) 1.239 1.959 2.981 .407 .781 1.529
avg. of all Table2 forecasts 1.182 1.920 2.834 .386 .764 1.555
avg. of univ., DVAR(4) 1.215 1.908 2.725 .389 .805 1.680
avg. of univ., IDTR VAR(4) 1.206 1.910 2.719 .371 .742 1.473

Notes:
1. The forecasterrorsarecalculatedusingtheÞrstÐavailable(realÐtime)estimatesof outputand
inßationastheactualdataonoutputandinßation.
2. RMSEsfor SPFforecastsof CPI inßationarenot reportedfor the1970-84samplebecausethe
SPFdatadonÕt begin until 1981.
3. Seethenotesto Table2.
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Table15: Accuracy of SPFforecastscompared to Greenbookforecasts,
in real time data

(RMSEsin all cases)
GDP growth forecasts

1970-84 1985-2000
h = 0Q h = 1Q h = 1Y h = 0Q h = 1Q h = 1Y

SPF 2.571 3.699 2.891 1.334 1.543 1.352
Greenbook 2.434 3.783 2.832 1.309 1.650 1.485

GDP inßation forecasts
1970-84 1985-2000

h = 0Q h = 1Q h = 1Y h = 0Q h = 1Q h = 1Y
SPF 1.364 1.917 2.192 .849 .932 .834
Greenbook 1.330 1.626 1.653 .691 .852 .670

CPI inßation forecasts
1970-84 1985-2000

h = 0Q h = 1Q h = 1Y h = 0Q h = 1Q h = 1Y
SPF .700 1.206 .984
Greenbook .603 1.160 .949

Notes:
1. The forecasterrorsarecalculatedusingtheÞrstÐavailable(realÐtime)estimatesof outputand
inßationastheactualdataonoutputandinßation.
2. RMSEsfor forecastsof CPI inßationarenot reportedfor the1970-84samplebecausetheSPF
andGreenbookdatadonÕt begin until circa1980.
3. Seethenotesto Table2.
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