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Abstract

Smallbscal¥ARs arewidely usedin macroeconomicfor forecastingJ.S.output,
prices,andinterestrates.However, recentwork suggestshesemodelsmay exhibit in-
stabilities. As such,a variety of estimationor forecastingmethodsmight be usedto
improve their forecastaccurag. Theseinclude usingdifferentobsenation windows
for estimation,nterceptcorrection timebwarying parametershreakdating, Bayesian
shrinkagemodelaveraging.etc. This papercompareshe effectivenesf suchmeth-
odsin real time forecasting. We useforecastsfrom univariatetime seriesmodels,
the Surwey of ProfessionaForecasterandthe FederaResere Board®Greenboolas

benchmarks.
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1 Intr oduction

In this paperwe provide empiricalevidenceon the ability of several differentmethodsto
improve the realbtimdorecastaccurag of small-scalenacroeconomi®’/ARs in the pres-
enceof potental modelinstabilities. The 18 distinct trivariateVARSs thatwe considerare
eachcomprisedf oneof threemeasuresf output,oneof threemeasuresf inf3ation,and
oneof two measure®f short-terminterestrates. For eachof thesemodelswe construct
real time forecass of eachvariable(with particularemphasin the outputandinf3ation
measuresysingrealbtimedata. For each of the 18 variablecombinationswe consider
86 differentforecastingmethodsor models,incorporatingdifferentchoicesof lag selec-
tion, obsenationwindows usedfor estimationevels or differencesinterceptcorrections,
stochasticallytimebwarying parametersbreakdating, discountedeast squaresBayesian
shrinkage detrendingof inf3ation andinterestrates,and modelaveraging. We compare
our resultsto thosefrom simple baselineunivariatemodelsaswell asforecastdrom the
Suney of ProfessionaForecasterandthe FederaResere Board®Greenbook.

We considerthis problemto be importantfor two reasons. The prstis simply that
small-scalevVARs arewidely usedin macroeconomics.Examplesof VARs usedto fore-
castoutput, prices,and interestratesare numerousjncluding Sims (1980), Doan, et al.
(1984), Litterman (1986), Braytonet al. (1997),Jacobsoret al. (2001), Robertsorand
Tallman (2001), Del Negro and Schorfheide(2004), and Favero and Marcellino (2005).
More recentlytheseVARs have beenusedto modelexpectationdormation in theoretical
models. Exampksare increasinglycommonandinclude Evansand Honkapohja(2005)
andOrphanidesandWilliams (2005).

Thesecondeasoris thatthereis anincreasingoody of evidencesuggestinghatthese
VARs maybeproneto instabilities! ExamplesncludeWebb(1995),Boivin (1999,2006),
Kozicki andTinsley (2001b,2002),andCogley andSagent(2001,2005). Still morestud-
ieshave examinednstabilitiesin smallermodels suchasAR modelsof inRationor Phillips
curve modelsof inRation. Examplesnclude StockandWatson(1996,1999,2003,2006),

LAdmittedly, while the evidenceof instabilitiesin therelationshipsncorporatedn smallmacroeconomic
VARs seemdo begrowing, theevidenceis notnecessarilgonclusve. RudeluschandSvenssor{1999)apply
stability teststo thefull setof coebcientsof aninRationDoutpugap modelandareunableto rejectstability.
Rudelusch(2005)Pndsthathistoricalshiftsin thebehaior of monetarypolicy haven®beenenoughto male
reducedorm macroVARs unstable EstrellaandFuhrer(2003)bndlittle evidenceof instability in joint tests
of a Phillips curve relating inRationto the outputgap andan IS model of output. Similarly, detailed test
resultsreportedn StockandWatson(2003)shaw inf3ationBoutpugap modelsto belargely stable.



Levin and Piger (2003), Roberts(2006), and Clark and McCraclen (2006b). Although
mary differentstructuralforcescould leadto instabilitiesin macroeconomi®/ARs (e.g.,
Rogof (2003) and othershave suggestedhat globalizationhasalteredinf3aion dynam-
ics), muchof the aforementionediteraturehasfocusedon shifts potentiallyattributableto
changesn the behaior of monetarypolicy.

Giventhe widespreadiseof small-scalenmacroVARs andthe evidenceof instability,
it seemsimportantto considerwhetherary statisticalmethodsfor managingstructural
changemightbe gainfully usedto improve theforecastaccurag of themodels.Of course,
while structuralchangesnight occurduringtheforecastorizon,in this paperwe focuson
the potentialfor breaksoccurringin the estimationsample. Our resultsindicatethatsome
of the methodsdo consistentlyimprove forecastaccurag in termsof root meansquare
errors(RMSE). Not surprisingly the bestmethodoften varieswith the variable being
forecastput severalpatternglo emege. After aggregatingacrossall modelshorizonsand
variablesdbeingforecastedit is clearthatmodelaveragingandBayesiarshrinkagemethods
consistentlyperformamongthe bestmethods. At the otherextreme,the approache®sf
usinga bxedrolling window of obsenationsto estimatenodelparameteranddiscounted
leastsquare®stimationconsistentlyrankamongthe worst.

The remainderof the paperproceedsasfollows. Section2 provides a synopsisof
the methodsusedto forecastin the presenceof potentialstructuralchanges. Section3
describeghe real-timedatausedaswell asspecibcon modelestimationandevaluation.
Sectiord present®urresultsonforecastaccuray, includingrankingsof themethodaused.
Giventhelargenumberof modelsandmethodausedwe provide only asubsebf theresults
in tablesandusethetext to provide furtherinformation. Section5 concludes. Additional
tablescanbefoundin alongerworking paperversion,ClarkandMcCraclen (2006a).

2 Methods Used

This sectiondescribeghe variousmethodswe useto constructforecastsrom trivariate
VARsin thefaceof potentialstructuralchange Tablel providesacomprehense list, with
somedetail,andthe methodacrorymswe usein presentingesultsin sectiond. For each
modelN debnedasbeinga baselineVAR in onemeasureof output(y), one measureof
inRation(! ), andoneshortbternnterestrate(i) N we applyeachof themethodslescribed
belov. Outputis dePnedaseithera growth rate of GDP (or GNP) or an outputgap (we



deferexplanationof the measuremertf outputandpricesto section 3). Unlessotherwise
noted,oncethe specibcof the modelhave beenchosenthe parameter®f the VAR are
estimatedusingOLS.

We beggin with the perhapsnaé\e methodof ignoring structuralchange. That is, we
construciteratedmulti-stepforecastdrom recursvely estimatedN thatis, estimatedvith
all of the dataavailableup to thetime of the forecastconstructionN VARs with Pxedlag
lengthsof 2 and4. While this approachmay seemnad\e, it may have benebts As shovn
in Clark andMcCraden (2005b),dependingon the type and magnitudeof the structural
changejgnoring evidence of structuralchangecanleadto moreaccurateforecasts.This
possibility arisesfrom a simple bias-\ariancetrade-of. While a bxed parametemodel
is obviously misspecibedf breakshave occurred by usingall of the datato estimatethe
modelonemight beableto reducethe varianceof the parameteestimategnoughto more
thanoffsettheerrorsassociateavith ignoringthe coefcientshifts.

A secondapproachconstuctsforecastsn muchthe sameway but permitsupdatingof
thelag structureasforecastingnovesforward. This method,alsousedin suchstudiesas
StockandWatson(2003), Giacominiand White (2005),and Orphanidesandvan Norden
(2005),permitstime variationin the numberof lagsin themodel. We do this four separate
ways. The brsttwo consistof usingeitherthe AIC or BIC to selectthe numberof model
lagsin the entiresystem.In two additionalspecibcationsye allow the lag ordersof each
variablein eachequationto differ (asis donein someof the above studies,aswell as
Keating(2000)),andusethe AIC andBIC to determineghe optimallag combinations.

For eachof the abore methods,we repeatthe processbut with at leastsomeof the
variablesin differencegatherthanin levels. Onereasorfor taking this approachs based
uponthe obsenrationthatinR3ationandinterestratesaresomeimescharacterizeésbeing
I(1), while eachof the output-typevariablesis generallyconsidered(0) andhencein the
absenceof cointegrationthe predictive equationsarelikely to be unbalanced.A second
is that, as notedin Clementsand Hendry (1996), forecastingin differencesratherthan
in levels can provide someprotectionagainstmeanshifts in the dependenvariable As
such,for eachmodel consideredabore, we constructforecastdhasedupontwo separate
collectionsof the variables:onethat keepsthe outputvariablein levels but takesthe brst
differenceof the inRationandinterestvariables(we referto thesemodelsasDVARS) and
a secondthat takes the prst differenceof all variables(denotedas DVARs with output
differenced). SeeAllen andFildes(2006)for a recentdiscussiorof foreastingin levels



vs. differences.

We alsoconsiderselectBayesiarforecastingnethods. Specibcallywe constructfore-
castsusingBayesiarestimatesof bxedlag VARs, basedon Minnesotabstyleriorsasde-
scribedin Litterman(1986)2 We considebothBVARsin Oleelsiny, ! , i) andBVARSs
in partialbdiferenceginy, ! , " i), referringto the latterasBDVARSs.

For our particularapplicationsye generallyuseprior meansof zerofor all coebcients,
with prior varianceghataretighterfor longerlagsthanshorterlagsandlooserfor lagsof
thedependentariablethanfor lagsof othervariablesn eachequation However, in setting
prior meansjn selectcasesve usevaluesotherthanzero: in BVARS, the prior meandor
own brstlagsof ! andi aresetat 1; in BVARs with an outputgap, the prior meanfor
the own Prstlag of y is setat 0.8; andin BVARSs with outputgrowth thatincorporatean
informative prior varianceon the intercept,the prior meanfor the interceptof the output
equationis setto the historicalaveragegrowth rate2 Usingthe notationof Robertsorand
Tallman (1999),the prior variancesaredeterminecdby hyperparameters; (generaltight-
ness)#, (tightnessof lagsof othervariablescomparedo lagsof the dependenvariable),
#3 (tightnes=f longerlagscomparedo shorterlags),and#, (tightnessof intercept).The

prior standarddeviation of the coefcienton lag k of variablej in equationj is setto %.
#tp 9]
K3 $m’

where$; and$,, denotethe residualstandardieviationsof univariateautorgressionses-

Theprior standardleviation of thecoebcientonlagk of variablemin equationj is

timatedfor variablesj andm. The prior standarddeviation of the interceptin equationj
is setto #4%$;. In our BVARs andBDVARs, we usegenerallycorventionalhyperparameter
settingsof #1 = .2, #2 = .5,#3 = 1, and#, = 1000(makingtheinterceptprior 3at).
Anothercommonapproachto estimatingpredictve modelsin the presenceof struc-
tural changeconsistsof usingarolling window of the mostrecentN (N < t) obsenrations
to estimatethe model parameters.The logic behindthis approachs that for modelsex-
hibiting structuralchange plder obsenationsarelesslikely to be relevantfor the present
incarnatiorof theDGP In particular usingolderobsenationsimpliesatypeof modelmis-
specibcatiorfandperhapsiasin the forecaststhatcanbe alleviatedby simply dropping
thoseobsenations.We implementthis methodologyrecentlyadvocatedn Giacominiand

2\We estimatethe modelswith the commonmixed approachappliedon an equationbbybequatibasis.
As indicatedin Geweke andWhiteman(2006),estimatingthe systemof equationswith the sameMinnesota
priorswould requireMonte Carlo simulation.

3In modelestimatedor vintaget, usedfor forecastingn periodt andbeyond, the averageis calculated
using datafrom the beginning of the available samplethroughperiodt” 1 N datathat would have been
availableto theforecasteatthattime.



White (2005),for eachof the above methodsusinga constantvindow of the pastN = 60
guartersof obsenationsto estimatehe modelparametersOf courseijt is possiblethatus-
ing asamplewindow basedon breaktestestimatesouldyield bettermodelestimatesand
forecastsIn practice however, difbcultiesin identifying breaksandtheir timing mayrule
out suchimprovementgsee for example,theresultsin Clark andMcCraclen (2005b)).

While thelogic behindtherolling windows approacthasits appealjt mightbeconsid-
ereda bit extremein its droppingof olderobsenations. Thatis, while older obsenrations
might belessrelevantfor the presenincarnationof the DGR, they may not be completely
irrelevant. A lessextremeapproachwould be to usediscountedeastsquaregDLS) to
estimatethe modelparametersThis methodusesall of the datato estimatehe modelpa-
rametersut weightsthe obsenationsby afactor#' J,0< #< 1, thatplacedull weighton
themostrecentobsenation (j = t) but graduallyshrinksthe weights to zerofor older ob-
senations(j < t). While thismethodologyis lesscommonin economidorecastinghanis
therolling schemerecentwork by StockandWatson(2004)andBranchandEvans(2006)
suggest# mightwork well for macroeconoma forecasting With thisin mind we consider
four separatenodds estimatedoy DLS. The pbrsttwo arethebaselineVARsiny, !, i and
DVARsiny, " | "i with a Pxed numberof lags. The secondwo are VARs andDVARs
with the numberof modellagsestimatedusingthe AIC for the system. Our settingof the
discountfactorroughly matcheghe suggestion®f Branchand Evans(2006): .99 for the
outputequationand.95for theinRationandinterestrateequations.

Despitethe appealof boththe rolling andDLS methodsonedravbackthey shareis
thatthey reducethe (effective) numberof observationsusedto estimateesachof the model
parametersegardlessof whetherthey have exhibited ary signibcantstructuralchange.
Thereareany numberof waysto avoid this problem. Onewould beto attemptto identify
structuralchangean every variablein eachequation. To do soonecouldusearny numberof
approachesncludingthoseproposedn Andrews (1993),BaiandPerron(1998,2003),and
mary others. However, in thecontext of VARSs (for which therearenumerougparameters),
thesetestscanbe poorly sizedandexhibit low power, particularlyin samplesf the size
often obsered whenworking with quarterlymacroeconomidata. This is preciselythe
conclusionreadied by 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.



To capturepotentialstructuralchangein the interceptswe considerseveral different
methodsof whatmightlooselybe calledOintercepiorrectionsOThe moststraightforvard
is to usepretestingproceduredo identify shiftsin the intercepts,jntroducedummyvari-
ablesto capturethoseshifts, estimatehe augmenteanodelandproceedo forecasting.In
particular we follow Yao (1988) and Bai and Perron(1998, 2003)in using information
criteriato identify breakdatesassociatedvith the modelintercepts. Specibcallyat each
forecasbrigin we Prstchoosehe numberof lagsin the systenusingthe AIC andthenuse
aninformationcriterionto selectup to two structuralbreaksin the setof modelintercepts.
For computationatractability, we usea simplesequentiabpproactN a partial versionof
Bai®(1997)sequentiaimethodN to identifying multiple breaks We brstusetheinforma-
tion criterionto determinegf onebreakhasoccurred.If the criterionidentiPesonebreak,
we thensearchHor a secondoreakthatoccurredbetweerthetime of the brstbreakandthe
endof the sample! The modelwith up to two interceptbreaksis thenestimatedoy OLS
andusedto forecastWe usetwo suchmodels,onewith breaksdentipedoby the AIC anda
secondwith breaksdentipedusingtheBIC.

While this approachmight prove usefulfor identifying structuralchangen theinterior
of thesample,t is likely to be lesswell behavedwhenthe structuralchangeoccursat the
very end of the sample> Motivated by this obsenation, Clementsand Hendry (1996)
discussseveral approacheso Ocorrectingéterceptsor structuralchangeoccurringat the
very endof the sample. The approachwe implementis directly relatedto one of theirs.
Specibcallythe interceptcorrectionconsistof addingthe averageof the past4 residuals
to themodel(for eachequation)at eachstepacrosgheforecastorizon. Equivalently, the
forecastis constructedy addinga weightedaverageof the past4 residualgwith weights
thatdependuponthe parametersf the VAR andtheforecastorizon)to the baselineore-
castthatignoresary structuralchange® We apply interceptcorrectionto four different
VAR systems. Two of the systemsausea bxedlag order andthe othertwo usealag order
determinedy applyingAIC to the system. For eachof thesetwo baselindag orders,we
thenconstructinterceptcorrectionsoncefor the entiresystemof threeequationsandonce
makingadjustments$o only theinRationandinterestrateequations.

Our bnalvariantof interceptcorrectiondrans on the approachdevelopedby Kozicki

4In the breakidentibcationye imposea minimumsegmentlengthof 16 quarters.

SWe leave asatopic for futureresearchihe possibility thatmethodslesignedo identify breaksattheend
of asample suchasthoseof Hendry etal. (2004)andAndrews (2006),couldyield betterresults.

6Seeequation(40) of ClementsandHendry(1996)for details.



andTinsley (2001a,b)In their Omwing endpoints&tructure the baselineVAR is modeled
ashaving time varyinginterceptshatallow continuousvariationin thelong run expecta-
tionsof the correspondingariables. Our precisemethod,though,is perhapsnoreclosely
relatedto Kozicki and Tinsley (2002)/ In the context of a small-scalenacroVAR, the
variablesin their modelare modeledas deviationsfrom latenttime varying steadystates
(trends). However, whereaghey usethe Kalmanblterto extractestimate®f this unknovn
trend,for tractabilitywe usesimpleexponentialsmoothingmethoddo getestimatesCog-
ley (2002) developsa modelin which exponentialsmoothingprovides an estimateof a
timebwarying inRationtarget of the centralbank, a target that the public doesnCobsene
but doeslearnaboutover time. With exponentialsmoothing,the trend estimatecan be
easilyconstructedn realtime andupdatedover the multibsteforecasthorizon to refRect
forecastsof inRation. As indicatedin Figure 1, exponentialsmoothingyields a trend es-
timatequite similar to an estimateof longbrunin3ationexpectationdasedon 1981-2005
datafrom the Hoey surwey of bPnancialmarket participantsandthe Surwey of Professional
Forecastergfor a 10Dbyeamheadforecastof CPI in3ation) and 1960-1981estimatesof
longbrunin3ationexpectationsdevelopedby Kozicki and Tinsley (2001a). We construct
two differentses of forecastsisingthe exponentialsmoothingapproact. Following Koz-
icki and Tinsley (2001b,2002),in the brstwe useour exponentiallysmoothednf3ation
seriesto detrendboth inRationandthe interestrate measure. In the secondwe detrend
theinRationandinterestrateseriesseparatelyln eithercasewe do not detrendthe output
variable.

Anotherapproacto managingstructurakchangan modelparameterss to integratethe
structuralchangedirectly into the VAR.® Following Doan, et al. (1984)andmorerecent

In somesupplementainalysiswe have considerednodelsof the error correctionform usedin, among
others,Brayton, et al. (1997)andKozicki andTinsley (2001b). Thesemodelsrelatey;, "! , and" i; to lags
anderrorcorrectionterms! ¢+ 1" ! { p andig 1" 't' 1» where! ' denotedrendinRation(longBrunexpected
inRation). We estimatedhe modelswith bxedlagsof 2 and4 andwith Bayesiamrmethodsusinga bxedlag
of 4 (andRatpriorsontheerrorcorrectioncoebcients) We alsoconsideredBayesiarestimate®f our VAR
with inBationdetrending Noneof thesemethodprovedto consistentlybeattheforecastaccurag of thebest
performingmethodswve describebelow. For theapplicationsoveredin Tables2-5, all of thesesupplemental
methodgdeliveredaverageRMSE ratios(correspondingo the averagesn Table7) above 1.000.

8\We usea smoothingparametenf .07 for theinterestrateandcore PCEinRationseriesanda smoothing
parametepof .05 for the GDP andCPlinf3ationseries. Eachtrendwasinitialized usingthe samplemeanof
the Prst20 obsenrationsavailable(since1947)from the presenvintage.

9As notedin Doan,etal. (1984),propermulti-stepforecastingvith VARs with TVP wouldinvolve taking
into accounthejoint distribution of theresdualsin the VAR equationsandthe coebcientequationsin light
of thedifbculty of doingso,we follow corventionalpracticeandtreatthe coebciens asbxedat their period
t" 1 valuesfor forecastingn periodst andbeyond.



work by Brainardand Perry (2000)and Cogley and Sagent(2001,2005), we modelthe
structuralchangen the parametersf aVAR iny, !, i with randomwalks® However, in
light of the potentiallyadverseeffectsof parameteestimationnoiseon forecastaccurayg
andthe potentiallyuniqueimportanceof time variationin interceptyseeabove), we con-
sidertwo differentscopeof parametechange. In the Prstwe allow time variationin all
coebcientsN boththe modelinterceptsandslopecoebcients. In the secondwe allow
for stochastiovariationin only theintercepts-!

We estimateeachof theseTVP specibcationsisng Bayesianmethodswith a range
of prior varianceson the standarddeviation of the interceptsanda rangeof allowedtime
variationin the parametersin somecasesve useinformatie priorsonthe interceptq#4
= .5 or .1); in otherswe usefat priors (#4 = 1000). The variancebogriancematrix of
theinnovationsin therandomwalk processefollowed by the coebcientss setto # times
the prior varianceof the matrix of coebcientswhich is governedby the hyperparameters
describedabore. Drawing on the settingsusedin suchstudiesasStockandWatson(1996)
andCogley and Sagent(2001), we consider# valuesrangingfrom .0001to .005. Note,
however, thatin thoseinstancesn which the interceptprior is 3at, we follow Doan,et al.
(1984)in settingthevarianceof theinnovationin theinterceptat# timestheprior variance
of the coebcienton the own Prstlag insteadof the prior varianceof the congant. In the
baselineTVP model,we use#, = .1 and# = .0005.

The Pnalgroupof methodswve considerall consistof someform of modelaveraging.
While modelaveragingasa meansof managingstructuralchangehasits historicalprece-
dentsN notablyMin andZellner(1993)N theapproacthasbecomesvenmoreprevalent
in the pastseveral years. Recentexamplesof studiesincorporatingmodelaveragingin-
clude Koop and Potter(2003), Stock and Watson(2003), Clementsand Hendry (2004),
Maheuand Gordon(2004),and Pesaranet al. (2006). We considersix distinct, simple
forms of modelaveraging,in eachcaseusingequalweights!? The brsttakesanaverage
of all the VAR forecastslescribedabore andthe univariateforecastdescribedelow, for a
giventriplet of variables.More specibcallyfor agivencombinaton of measuresf output,

10someotherstudies suchasCanaa (2002),imposestationarityon the coePcienttime variation.

HAllowing both the inRation and interestrate equationsto have interceptswith TVP implies a nonb
stationaryreal interestrate. While somereaderamight prefer specibcationshatimposestationarityin the
real interestrate, our specibcationsre consistenwith evidencein suchstudiesas Laubachand Williams
(2003)andClark andKozicki (2005)on nonbstationaritieis realinterestrates.

2In doingso,we leave asatopic for futureresearclwhethermoresophistcatedapproacheto averaging,
suchasapproachebasecdn historicalaccurag, would yield improvements.



inRBation,andan interestrate (for example,for the combinationGDP grownth, GDP in3a-
tion, andthe T-bill rate),we constructatotal of 75 differentforecastdrom the alternatve
VAR modelsdescribedabove. We thenaveragetheseforecastswith a univariateforecast.
We include a secondaverageforecastapproachmotivatedby the resultsof Clark and
McCraclen(2005b),who shawv thatthe bias-\ariancetrade-of canbe managedo produce
a lower MSE by combiningforecasts from a recursvely estimatel VAR anda VAR es-
timatedwith arolling sample. In the resultswe presenthere,for a given baselinebxed
lag VAR we take anequallyweightedaverageof the modelforecastconstructedisingpa-
rametersestimatedecursvely (with all of the availabledata)with thoseestimatedisinga
rolling window of the past60 obsenations.Two otheraveragesaremotivatedby the Clark
andMcCraclen(2005a)pndingthatcombiningforecastdrom nestednodelscanimprove
forecastaccurag. In this paperwe consideranaverageof theunivariateforecastescribed
belov with the Pxedlag VAR forecastandan averageof the univariateforecastwith the
pxedlag DVAR forecast.Finally, motivatedin partby generalevidenceof the benebtof
averagingwe considettwo otheraverage®f theunivariateforecastsvith sone of theother
forecastghatproveto berelatively good.Oneis asimpleaverageof theunivariateforecast
with theforecasf the VAR with in3ation detrending.The otheris a simpleaverageof the
univariateandbxedlag VAR, DVAR, andbaselineBVAR with time varyingparameters.
To evaluatethe practicalvalue of all thesemethodswe conparethe accurag of the
abore VARDbasedorecastsaagainstvariousbenchmarks.n light of commonpracticein
forecastingresearchwe useforecastsfrom univariatetime seriesmodelsas one set of
benchmarks2 For output,widely modeledasfollowing low-orderAR processeshe uni-
variatemodelis anAR(2). In thecaseof inf3ation,we usea benchmarksuggestedby Stock
andWatson(2006): an MA(1) procesdor the changein inf3aton (! ), estimatedwith a
rolling window of 40 obsenations. StockandWatsonbPndthatthe IMA(1) generallyout-
performsa randomwalk or AR modelforecastsof inf3ation. For simplicity, in light of
somegeneralsimilaritiesin the time seriespropertiesof inf3ation and shortbtermnterest
ratesandthe IMA(1) rationalefor inf3ationdescribedy StockandWatson,the univariate
benchmarkor the short-terminterestrateis alsospecibpecasan MA(1) in the brstdiffer-

130f coursethe choiceof benchmarksodayis inBuencedy the resultsof previous studiesof forecasting
methods Althoughaforecastetodaymight be expectedto know thatanIMA(1) is agoodunivariatemodel
for inRation,the samemaynotbesaidof aforecastenperatingn 1970.For example,Nelson(1972)usedas
benchmark#\R(1) processe thechangen GNP andthechangen the GNP del3ator(bothin levelsrather
thanlogs). NelsonandSchwert(1977)brstproposecan IMA(1) for inRation.



enceof theseries(" i). As describedn section4, we usethe bootstrapmethodsof White
(2000)andHansen2005)to determinehe statisticalsigniPcancef ary improvementsn
VAR forecastaccurag relative to the univariatebenchmarkmodels. In light of our real
time forecastingfocus, we alsoincludeasbenchmarkgorecastsf growth, inRation,and
interestratesfrom the Surwey of ProfessionaForecaster¢SPF)andforecastsof growth
andinRationfrom the FederaResere Board®Greenbook.

3 Data and Model details

As notedabove, we considettherealbtimdorecasperformancef VARs with threediffer-
entmeasure®f output,threemeasuresf inf3ation,andtwo shortbterninterestrates.The
outputmeasuresareGDP or GNP (dependingdon datavintage)growth, anoutputgapcom-
putedwith the methoddescribedn Hallman, et al. (1991), and an outputgap estimated
with the Hodrick and Prescott(1997) blter. The brstoutputgap measurghereafterthe
HPSgap), basedon a methodthe FederalResere Board onceusedto estimatepotential
outputfor thenonfarmbusinessectoris entirelyonebsidebut turnsoutto bevery highly
correlatedwith an outputgap basedon the CongressionaBudgetOfbce®(CBO®) esti-
mateof potentialoutput. The HP Plter of coursehasthe advantageof beingwidely used
and easyto implement. We follow Orphanidesand van Norden(2005)in our real time
applicationof the pblter: for forecastingstartingin periodt, the gapis computedusingthe
cornventionalblteranddataavailablethroughperiodt” 1. Thein3ationmeasuresclude
the GDP or GNP delRatoror priceindex (dependingon datavintage),CPI, andPCEprice
index excluding food andenegy (hereaftercore PCE price index).1* The shortbternin-
terestrateis measuredseithera 3bmonthTreasurybill rateor the effective federalfunds
rate. Note, Pnally, thatgrowth andin3ationratesaremeasure@gsannualizedog changes
(fromt" 1ltot). Outputgapsare measuredn percentage$l00 timesthe log of output
relative to trend). Interestratesareexpressedn annualizegercentag@oints.

The raw quarterly dataon output, prices, and interestratesare taken from a range
of sources:the FederalResere Bank of Philadelphia€RealDime DataSetfor Macroe-
conomisty RTDSM), the Boardof Governor®FAME databasethe websiteof the Bureau
of Labor Statistics(BLS), the FederalResere Bank of St. LouisOALFRED databaseand

14As the univariateforecastresultssuggestthesecompetingprice indiceshave somavhatdifferentchar
acteristics.Differencesappearto persistover long periodsof time: thereis little evidenceof cointegration
amongtheseandrelatedpriceindexes(see for example,Lebav, RobertsandStockton(1992)).
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variousissuesof the Survey of CurrentBusinessRealbitne dataon GDP or GNP andthe
GDP or GNP price seriesarefrom the RTDSM. For simplicity, hereaftemwe simply use
the notationOGDP@nd OGDPprice indexOto refer to the outputand price series,even
thoughthe measuresirebasedn GNP anda bxedweightdelRatorfor muchof thesample.
For the core PCE price index, we conpile a real time datasetstartingwith the 1996:Q1
vintageby combininginformationfrom the FederalResere Bank of St. LouisOALFRED

databasdwhich providesvintagesfrom 1999:Q3throughthe presentwith prior vintage
dataobtainedfrom issuesof the Survey of Current Businessfollowing the RTDSM dat-
ing corventions!® Becauseahe BEA only begin publishingthe core PCE serieswith the
1996:Q1vintage,it is not possibleto extendthe realtime datasetfurther backin history
with justinformationfrom the Surve of CurrentBusiness

In the caseof the CPl andthe interestrates,for which realtime revisionsaresmall to
essentiallynonbgistent(see,for example,Kozicki (2004)),we simply abstractrom real
time aspect®f thedata.For the CPI, we follow theadviceof Kozicki andHoffman (2004)
for avoiding choppinessn inRationratesfor the 1960sand1970sdueto changesn index
basesandusea 1967 baseyearseriestakenfrom the BLS websitein late 200516 For the
T-bill rate,we usea seriesobtainedfrom FAME.

Thefull forecastevaluationperiodrunsfrom 1970:Q1through2005;we userealtime
datavintagedrom 1970:Q1through2005:Q4.As describedn CroushoreandStark(2001),
thevintagesof the RTDSM aredatedto rel3ecttheinformationavailablearoundthe middle
of eachquarter Normally, in agivenvintaget, theavailableNIPA datarunthroughperiod
t" 1.17 The startdatesof the raw dataavailablein eachvintagevary over time, ranging
from 1947:Q1to 1959:Q3,refRectingchangesin the samplesof the historicaldatamade
availableby the BEA. For eachforecastorigin t in 1970:Q1through2005:Q3,we usethe
real time datavintaget to estimateoutput gaps, estimatethe forecastmodels,andthen
constructforecastdor periodst andbeyond. The startingpoint of the modelestimation
sampldas themaximumof 1955:Qlandtheearliestquartenn which all of thedataincluded
in a given modelare available, plus the numberof lagsincludedin the model (plus one

151n puttingtogethervintagesfor 1996:Q1through1999:Q2 we alsorelied on a coupleof full time series
we hadon blefrom prior researchserieshatcorrespondo thevintagesfor 1996:Q4and1999:Q2 obtained
from FAME atthetime of theresearctprojects.

16TheBLS only providesthe 1967baseyearCPlonanotseasonalladjusteasis We seasonalladjusted
the serieswith the X-11 blter

In the caseof the 1996:Q1vintage,with which the BEA publisheda benchmarkeevision, the datarun
through1995:Q3insteadof 1995:0Q4.
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quarterfor DVARSs or VARs with in3ationdetrending).

We presentforecastaccurag resultsfor forecasthorizonsof the currentquarter(h =
0Q), thenext quarter(h = 1Q), andfour quartersaheadh = 1Y). In light of thetimet" 1
informationactuallyincorporatedn the VARs usedfor forecastingatt, the currentquarter
(t) forecastis really a 1bquarteaheadforecast,while the next quarter(t + 1) forecastis
really a 2Dstemaheadforecast. Whatis referredto asa 1byeamaheadforecastis really a
5bste@mheadorecast.In keepingwith corventionalpracticesandthe interestsof policy-
malkers, the 1Dyearaheadforecastsfor GDP/GNPgrowth and in3ation are fourbquarter
ratesof change(the percentchangefrom periodt + 1 throught + 4). The 1byearmhead
forecastdor outputgapsandinterestratesarequarterlylevelsin periodt + 4.

As theforecasthorizonincreasedeyonda year forecastsareincreasinglydetermined
by the unconditionalmeansimplied by a model. As highlightedby Kozicki and Tinsley
(1998,2001a,b)theseunconditionaimeansN or, in the Kozicki andTinsley terminology
endpointsN may vary over time. The accurag of long horizonforecasts(two or three
yearsaheadfor example)depend importantly on the accuray of the model®endpoints.
As aresult,we examinesimplemeasuresf theendpointamplied by realtime,1970-2005
estimateof a selectsubsebf the forecastingnmodelsdescribedabove. For simplicity, we
uselObyearnheadorecastgforecastdor periodt + 39 madewith vintaget dataendingin
periodt" 1) asproxiesfor theendpoints.

We obtainedbenchmarkSPF forecastsof growth, inf3ation, and interestratesfrom
the websiteof the FederalResere Bank of Philadelphial® The available forecastsof
GDP/GNPgrowth andinRationspanour full 1970to 2005sample.The SPFforecastof
CPlinRationand the 3-monthTreasurybill ratebeginin 1981:Q3.0ur benchmarkGreen-
book forecastsof GDP/GNPgrowth andinf3ationand CPI inf3ation are taken from data
on the FederalResere Bank of Philadelphiawebsiteand datacompiledby PeterTulip
(someof thedataareusedin Tulip (2005)). We take 1970-99vintageGreenbooKorecasts
of GDP/GNPgrowth andGDP/GNPinRationfrom the PhiladelphiaFed&dataset® Fore-
castsof GDP growth andinRationfor 2000are calculatedfrom Tulip@ dataset. Finally,
we take 1979:Q4D2000: QvintageGreenbooKorecastof CPlinRationfrom Tulip@ data

18The SPFdataprovide GDP/GNPandthe GDP/GNPpriceindex in levels, from which we computedog
growth rates. We derived 1Dyearaheadforecastsof CPI in3ation by compoundinghe reported quarterly
inRationforecasts.

Bwederived 1Dyeaaheadorecast®f grovth andinRationby compoundinghereportedquarterlypercent
changes.
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set?0

As discussedh suchsourcesassRomerandRomer(2000),Sims(2002),andCroushore
(2006),evaluatingthe accurag of realtime forecastgequiresa difpcultdecisionon what
to take asthe actualdatain calculatingforecasterrors. The GDP dataavailable today
for, say 1970, representhe bestavailable estimatef outputin 1970. However, output
as debnedtoday is quite differentfrom the debPnitionof outputin 1970. For example,
today we have available chain weightedGDP; in the 1970s,output was measuredvith
Pxed weight GNP, Forecastersn 1970 could not have foreseensuchchangesand the
potentialimpact on measuredutput. Accordingly, in our baselineresults,we usethe
prst available estimatesof GDP/GNPandthe GDP/GNPdeRRatorin evaluatingforecast
accurag. In particular we delne the actualvalue to be the prst estimateavailable in
subsequentintages. In the caseof hbstepahead(for h = 0, 1, and 4) forecastsmade
for periodt + h with vintaget dataendingin periodt" 1, the brstavailable estimateis
normally taken from the vintaget + h+ 1 dataset. In light of our abstractionfrom real
time revisionsin CPIlinRationandinterestrates,the realtime datacorrespondo the Pnal
vintagedata. In Clark and McCraclen (2006a)we provide supplementaryesultsusing
Pnal vintage (2005:Q4vintage) dataas actuals. Our qualitatve resultsreman broadly
unchangeavith theuseof Pnalvintagedataasactuals.

4 Results

In evaluatingthe performancef theforecastingnethodsiescribedibore, we follow Stock
andWatson(1996,2003,2006),amongothers,in usingsquarecerrorto evaluateaccurag
and consideringforecastperformanceover multiple samples. Specibcally we measure
accurag with rootmeansquaresrror(RMSE). Theforecassamplesregenerallyspeciped
as1970-84and1985-2005thelatter sampleis shortenedo 1985-200Gn comparisonso
GreenbooKorecastsfor which publicly available dataendin 2000)2* We split the full
samplein this way to ensureour generalpndingsare robust acrosssampleperiods,in
light of the evidencein Stock and Watson(2003) and othersof instabilitiesin forecast
performanceover time. However, becauseealtime dataon corePCEinf3ationonly begin

2Ovyeabahead Pl forecastavereobtainedby compoundinghe Greenbool€juarterlypercentchanges.
2lwith forecastsiatedby the endperiod of the forecasthorizonh = 0, 1,4, the VAR forecastsamplesare,
respectiely, 1970:Q1-+ to 1984:Q4and1985:Q1to 2005:Q3.
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in 1996,we alsopresenselectresultsfor a forecasisampleof 1996-20052

To beableto provide broad,robustresults,in total we considera very large numberof
modelsandmethodd\ fartoomary to beableto presentll detailsof theresults. Instead
we usethefull set of modelsandmethodsn providing only a highbleel summaryof the
results,primarily in the form of rankingsdescribedbelow. In addition,we limit the pre-
sentatiorof detailedresultsto thosemodelsandvariablecombinationf perhap$roadest
interestandnotein the discussiorthoseinstancesn which resultsdiffer for otherspecip-
cations.Specibcallyin presentingletailedresults,we draw the following limitations. (1)
For themostpart,accurayg reaults arepresentedor justoutputandinf3ation. (2) Outputis
measureavith eitherGDP/GNPgrowth or the HPSgap. (3) Theinterestrateis measured
with the 3-monthTreasurybill rate. We provide resultsfor modelsusingthe federalfunds
rateN resultsqualitatively similar to thosewe reportin the paperN in supplementata-
blesin ClarkandMcCraclen(2006a).(4) The setof forecastmodelsor methodss limited
to a subsetwe considerto be of the broadesinterestor representate of the others. For
example,while we considermodelsestimatedvith a bxednumberof either2 or 4 lags,we
reportRMSEsassociatednly with thosethathave 4 lags.

We proceedbelav by brstpresentindorecastaccurag resultsbasedon univariateand
VAR models.We thencompareresultsfor someof the betteBperformingnethodso the
accurayg of SPFandGreenbooKorecastsWe concludeby examiningtherealbtimelongb
run forecastgyeneratedy a subsetof the forecastmethodsthatyield relatively accurate
shortbrurforecasts.

4.1 Forecastaccuracy

Tables2 through5 reportforecastaccurag (RMSE)resultsfor four combination®f output
(GDP growth andHPS gap) andinf3ation (GDP price index and CPI) and27 models. In
eachcasewe usethe 3-monthTreasurybill asthe interestrate. In every case,the brst
row of the table providesthe RMSE associateavith the baselineunivariatemodel,while
the othersreportratios of the correspondindiRMSE to that for the benchmarkunivariate
model. Hencenumberdessthanonedenoteanimprovementover the univariatebaseline
while numbergyreaterthanonedenoteotherwise.

To determinethe statisticalsignipcanceof differencesn forecastaccurag, we usea

22gpecibcally the forecastsampleis 1996:Q1+ to to 2005:Q3(for forecastsdatedby the end of the
forecasthorizon).
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nonPparametribootstrappatternedafter White® (2000) to calculate pPwaluesfor each
RMSE ratio in Tables2-5. The individual pPwaluesrepresent pairwise comparisonof

eachVAR or averageforecasto the univariateforecastRMSE ratiosthataresignibcantly
lessthan1 at a 10 percentconbdencdevel areindicatedwith a slantedfont. To deter

mine whethera bestforecastin eachcolumn of the tablesis signibcantlybetterthanthe
benchmarkoncethe datasnoopingor searchinvolvedin selectinga bestforecastis taken
into accountwe apply Hanser€y2005) (bootstrap)SPA . testto differencesn MSEs(for

eachmodelrelative to the benchmark).Hansenshaws that, if the varianceof the forecast
lossdifferential of interestdiffers widely acrossmodels,his SFA testwill typically have

muchgreatempower thanWhite® (2000)reality checktest. For eachcolumn, if the SRA¢

testyields a pbwalue of 10 percentor less,we reportthe associateRMSE ratio in bold

font. Becausdhe SPA testis basedon tDstatistic§or equa MSE insteadof just differ-

encedn MSE (thatis, takesMSE variability into account) theforecastdentipedasbeing
signibcantlybestby SRA. maynotbetheforecastwith the lowestRMSE ratio 23

We implementthe bootstrapproceduresy samplingfrom the time seriesof forecast
errorsunderlyingtheentriesin Tables2-5. For simplicity, we usethemoving block method
of Kunsch(1989)andLiu and Singh(1992) ratherthanthe stationarybootstrapactually
usedby White (2000)andHansern(2005);White notesthatthemoving blockis alsoasymp-
totically valid. Thebootstraps appliedseparatelyor eachforecasthorizon,usinga block
sizeof 1 for theh = 0Q forecasts? for h= 1Q, and5 for h= 1Y.?* In addition,in light
of the potentialfor changesver time in forecasterror variancesthe bootstraps applied
separatelyffor eachsubperiod. Note, however, that the bootstrapsamplingpreseresthe
correlationsof forecasterrorsacrosdorecastmethods.

While therearemary nuancesn the detailedresults,someclearpatternsemege. The
RMSEsclearly showv the reducedvolatility of the economysincethe early 1980s,partic-
ularly for output. For eachhorizon, the benchmarkunivariate RMSE of GDP growth
forecastsledined by roughly2/3 acrosghe 1970-84and1985-05samplesthebenchmark
RMSEfor HPSgapforecastsleclinedby aboutl/2. Thereducedvolatility is lessextreme
for theinRBationmeasuresut still evident. For eachhorizon,the benchmarlRMSEsfell
by roughly 1/2 acros the two periods,with the exceptionthatat the h = 1Y horizonthe

23For multibstefdforecastsyve computethe varianceenteringthe tbtesusingthe Newey andWest(1987)
estimatowith alaglengthof 1.5! h, whereh denoteghe numberof forecastperiods.

24For aforecashorizonof %periods forecaserrorsfrom aproperlyspecibeanodelwill follow anMA(%
1) processAccordingly, we usea moving block sizeof %for aforecasthorizonof %
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variability in GDPinf3ationdeclinednearly2/3.

Consistentwith the resultsin Campbell(2006), DOAgostinoet al. (2005), Stockand
Watson(2006),and Tulip (2005),thereis alsoa cleardeclinein the predictabilityof both
outputandinf3ation: it hasbecomeharderto beattheaccuray of aunivariateforecast. For
example,for eachforecasthorizon,a numberof methodsor modelsbeatthe accurayg of
the univariateforecastof GDP growth duringthe 1970-84period(Tables2 and4). In fact,
mary of thesedosoatalevel thatis statisticallysigniPcant.But overthe 1985-200%eriod,
only the BVAR(4)-TVP modelsaremoreaccurateat only the 1byeamaheadhorizon. The
reductionin predictabiity is almost, but not quite, as extreme for the HPS output gap
(Tables3 and5). While several modelsperformsignibcantlybetterthanthe benchmark
in the 1970-84period, only two classef methodsthe BDVARs andthe BVAR-TVPs,
signibcantlyoutperformthe benchmarkn the 1985-05period.

The predictability of inf3ation hasalso declined althoughlessdramaticallythan for
output. For example,in modelswith GDP growth and GDP inf3ation (Table 2), the best
1Pbyeanheadorecastof inf3ationimprove upontheunivariatebenchmarlkRMSEby more
than 10 percentin the 1970-84periodbut only 5 percentin 1985-05. The evidenceof a
declinein in3ation predictabilityis perhapamoststriking for CPI forecastsattheh = 0Q
horizon. In bothTables4 and5, mostof themodelscorvincingly outperformtheunivariate
benchmarlduringthe 1970-84period,with statisticallysignibcantmaximalgainsof 18%.
But in the following period, mary fewer methodsoutperformthe benchmarkwith gains
typically about4%.

RelRectingthe declinein predictability mary of the methodsthat performwell over
1970-84faremuchmorepoorly over 1985-05. Theinstabilitiesin performanceareclearly
evidentin bothoutputandinfR3ationforecastsput moredramaticfor outputforecasts.For
example,a VAR with AIC determinedagsandinterceptbreaks(denotedvAR(AIC), in-
terceptbreaks)forecastdoth GDP growth andthe HPS gap well in the 1970-84period,
with gainsaslarge as25% for 1Dbyeamheadforecastsf the HPSgap. However, in the
1985-05period,the VAR with intereeptbreaksanksamongtheworstperformersyielding
1byeamheadoutputforecatswith RMSES60 percenthigherthanthe univariateforecast
RMSEs. In the caseof in3ationforecastsa DVAR(4) estimatedwith Bayesianmethods
anda rolling sampleof data(denotedBDVAR(4)) beatsthe benchmarkpy as much as
13 percent,at every horizon during the 1970-84period. But in the 1985-05period, the
BDVAR(4) is alwaysbeaterby the univariatebenchmarkmodel,by asmuchas21%.

16



Thechangan predictabilitymalesit difbcultto identify methodghatconsistentlyim-
prove upontheforecastaccurayg of univariatebenchmarks. As notedabove, noneof the
methodsconsistentlymprove uponthe GDPgrowth benchmarlacrosshesubperiods.For
forecastof the HPSgap, the BVAR(4)-TVP modelsgenerallyoutperformthe benchmark
over both periods. However, the 1970-84gains are not statisticallysignibcant. In the
caseof inBationforecaststhough,a numberof the forecastssignibcantlyoutperformthe
univariatebenchmarkn bothsamples.Of particularnotearetheforecastghataveragethe
benchmarkunivariateprojectionwith a VAR projectionN eitherthe VAR(4), DVAR(4),
or VAR(4) with inRationdetrending\ andthe averageof the univariateforecaswith (to-
gether)the VAR(4), DVAR(4), and TVP BVAR(4) projections. In the 1970-84period,
theseaveragesearlyalwaysoutperformthe benchmarkalthoughwithout necessarilye-
ing the bestperformer In the 1985-05period, the averagescontinueto outperformthe
benchmarlandarefrequentlyamongthe bestperformers.

In Tables6 and 7 we take anotherapproachto determiningwhich methodstend to
performbetterthanthebenchmark.Acrosseachvariable,modelandhorizon,we compute
the averagerank and RMSE ratio of the methodsincludedin Tables2-5, aswell asthe
correspondingamplestandardleviations. For example thebguresn Table6 areobtained
by: (1) ranking,for eachof the48 columnsof Tables2-5,the27forecasmethodr models
consideredand(2) calculatingthe averageand standarddeviation of eachmethodéX48)
ranks. Table 7 doesthe same but usingRMSEsinsteadof RMSE ranks. The averagesn
Tables6 and7 shaw that, from a broadperspectie, the bestforecastsarethoseobtained
asaveragesacrosamodels.Thebestforecastanaverageof the univariatebenchmarkvith
the VAR(4) with inRationdetrending hasan averageRMSE ratio of .943in Tables2-5,
andanaveragerankof 5.1. Not surprisingly orderingsbasedon averageRMSE ratiosare
closelycorrelatedwvith orderingshasedntheaveragerankings.For instancethetop eight
forecastdasedon averagerankingsarethe sameasthetop eightbasedon averageRMSE
ratios,with slight differencesn orderings.

Tables6 and7 alsoshav thatsomeVAR methodsconsistentlyperformworseN much
worse,in somecasedN thanthe univariatebenchmark The univariateforecastshave the
9th bestaverageRMSE ratio and11thbestaverageranking. Thus,on averageroughly 2/3
of the VAR methoddail to beatthe univariatebenchmark.Moreover, someof themethods
designedo overcomethedifbculty of forecastingn the presencef strudural changecon-
sistentlyrankamongthe worstforecasts. Most notably VAR forecastdasedn intercept
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correctionsandDLS estimatesare generallyamongthe worst forecastonsideredyield-
ing RMSE ratiosthat,on average exceedthe univariatebenchmarkoy roughly 15 percent
(we acknavledge however, thatunderdifferentimplementationsthe performancef these
methodscouldimprove N we leave suchanalysisfor future researchf® VARs estimated
with rolling sampleof dataalsoperformrelatively poorly: in every casea VAR estimated
with arolling sampleis, on average lessaccuratehanwhenestimatedrecursvely) with
thefull sample.In contrast,on average standardBayesianestimationof VARS generally
dominatesOLS estimationof the correspondingnodel. For example,the averageRMSE
ratio of the BVAR(4) forecastis 1.012,comparedo the averageVAR(4) RMSE ratio of
1.030.

Tables8-11 report RMSE resultsfor modelsincluding core PCE in3ation. As noted
above, refRectingthe real time core PCE dataavailability, the forecastsampleis limited
to 1996-05. As in Tables2-5, we reportresuts for modelswith two differentmeasures
of output, GDP growth andthe HPS outputgap, but a single interestrate measurethe
Treasurybill rate. For comparisonwe alsoreport1996-05resultsfor modelsusingGDP
inlBation insteadof core PCE inf3ation. As in the caseof the resultsfor 1970-84and
1985-05,we useWhite (2000)andHansen2005)bootstrapgo determinewhetherary of
the RMSE ratiosare signibcantlylessthanone, on both a pairwise(given model against
univariate)and bestbinbBcolumbasis. Individual RMSE ratios that are signibcantlyless
thanl (10% conbdencdevel) areindicatedwith a slantedfont. Note, though,thatonce
the searchinvolvedin selectinga bestforecasts takeninto accountthe univariatemodel
is never beatenin the 1996-05results(thatis, noneof the datasnoopingbralst pbalues
arelessthan.10).

Consistentvith the 1985-05resultsin Tables2-5, theforecastresultsfor 1996-05n Ta-
bles8-11shaow thatunivariatebenchmarksredifbcultto beat. Of the in3ationmeasures,
thebenchmarks harderto bea with corePCEinf3ationthanwith GDPinf3ation.For 1996-
05, only afew forecastqe.g.,rolling VAR(4) or DVAR(4) forecastsfor h= 0Q) beat the
univariatebenchmarkand nonestatisticallysignibpcantly A few moreforecastsareable
to improve (somestatisticallysignibcantly)on the accurag of the univariatebenchmark
for GDP inf3ation. Importantly for modelswith GDP in3ation, thosemethodsthat per

25In our results,interceptcorrectionsdon®seemto work with either GDP growth or outputgaps. In the
caseof gaps,however, the persistencandmeasuremergrrorinherentin themmaywarrantotherapproaches
to interceptcorrection.
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formedrelatively well over the samplescoveredin Tables2-5 N suchasthe averagesf
thebenchmarksvith the VAR(4) or DVAR(4) modelsN alsoperformrelatively well over
the 1996-05sample.

Tables12 and 13 provide aggreate or summaryinformation on the forecastperfor
manceof all themethodsandnearlyall of thedatacombinationsonsideredThesummary
informationcoversall of the variablecombinationsandmodelsincludedin Tables2-5, as
well asvariablecombinationghatincludethe HP measuref the outputgap or thefederal
fundsrateasthe interestrate, modelsbasedon a bxed lag of two insteadof four, andthe
full setof forecastingnethodsdescribedn section2 andlistedin Tablel. Oursummary
approactfollows therankingmethodologyof Tables6 and7. Thatis, in Tablesl2and13
we presentaveragerankingsfor every methodwe consideracrossevery forecasthorizon,
varioussubclassesf models,andthe 1970-84and 1985-05samples.Note, however, that
we excludethe 1996-05sample(and,asa result, resultsfrom modelsincluding core PCE
infation),in partbecaus®f its overlapwith thelonger1985-05period.

While expandingcoverageto all possiblemodelsand methodsgeneratesomeaddi-
tional nuancesn results,the broadbndingsdescribecabore continueto hold. As shovn
in Table 126 brstcolumn of ranks,acrossall combinationsof variablesthe mostrobust
forecastingmethodsare thosethat averagethe univariatemodelwith oneor a few VAR
forecastsFor example theaverageof theunivariateforecastvith aforecasfrom aVAR(2)
with inRationdetrendinghasthe bestaverageranking,of 12.9(andthe bestaverageRMSE
ratio, not reported,of 0.937). Comingin behindtheseaveragingmethods,n the broad
rankingperspectie, arethe bxedlag BVAR, BDVAR andBVAR-TVP models. Notethat
the brstcolumnincludesinterestrateforecastresultsN which wereomittedfrom previous
tablesfor brevity. Thesameclasse®f modelsthaton averageperformedbestfor the out-
putandinfRationseriescontinueto performamongthe bestfor interestrateforecastgandis
anothereasonwhy we felt comfortableomitting thoseresults). Somavhatmoreformally,
the Spearmanrank correlationacrossthe resultsin the brstandsecondcolumnsof Table
12N thesecondf which containsgheranksof justthe outputandinRationforecastsN is
arobust0.97.

Columns3 and4 of Table12 delineatehe averageimpactof the choiceof interestrate
on forecastaccurag for the outputandinf3ation measures. The rankingsare extremely
similar. The bve bestmethodsfor forecastingoutputandinf3ationin modelswith the T-
bill rate arealsothe bve bestmethodsin modelswith the federalfundsrate. Moreover,
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the Spearmamank correlationof the resultsconditionedon the T-bill rateandthe results
conditionedon the federalfundsrateis 0.98. We shouldemphasizdhat this doesnot
imply thatthereweren@differencesn the nominaloutcomesacrosshesetwo interestrate
measures.Rather in light of our goal to identify thosemethodsthat are mostrobustin
forecastingthe choicebetweerthe T-bill andfederalfundsratesmakeslittle difference.

Columnsl-3in Tablel3delineateheaveragempactof thechoiceof outputmeasuren
forecastof outpu andinf3ation. Theserankingsarequite similar acrossoutputmeasures,
althoughnot quite assimilar asthosecomparingthe impactof the interestrate measures.
In eachcasethe bestmethodsgenerallycontinueto be averagesf univariatebenchmarks
with VAR forecastsand BVARs with TVP. For example,in modelswith GDP growth,
on averagethe bestforecastsof outputandinf3ation are obtainedwith an averageof the
univariate VAR(4), DVAR(4), andTVP BVAR(4) forecasts.Perhapshelargestdistinction
amongthethreesetsof rankingsis thatmoving from GDP growth to HPSgapto HP gap,
the concentratiorof bestmethodsshiftsfrom the averaginggroupto the BVAR-TVP with
tight interceptpriorsgroupto the BVAR-TVP with looseinterceptpriorsgroup. Evenso,
therankcorrelationsamongthethreecolumnsarevery high, betweer0.85and0.93.

Similarly, columns4 and5 of Table13 provide averagerankingsof forecastgor output
andinf3ationthatconditionontheinfRationmeasurezDPinfRationor CPlinf3ation.Again,
the top performingmethodsremainthe averagesof univariateforecastswith selectVAR
forecastandBVAR TVP forecastsAnd, theresultsarevery similar acrossnf3ationmea-
sures.In the averagerankings,the top seven methodsor modelsincluding GDP inf3ation
arethe sameasthetop sevenfor modelsincluding CPlinf3ation,with slight differencesn
orderings.Therankcorrelationacrossall methodss 0.94.

Thelasttwo columnsof Table12 compargheperformancef methodsacrosshe1970-
84and1985-05periods. As in theabove detailedcomparison®f asubsebdf resultsacross
the two subperioddhereare somesharpdifferencesn the performanceof mary of even
the betterperformingmethods2® Only four methodshave anaveragerankingof lessthan
20 overthe1970-84period(in orderfrom smalles to largest):the averageof all forecasts,
the averageof the univariateand VAR(4) with inRationdetrendingforecaststhe VAR(2)
with full exponentialsmoothingdetrending,and the averageof the univariate, VAR(4),

26n addition,theaverageRMSE ratios(not reported)associateavith eachof thetopBperformingnethods
reRectthe sharpreductionin predictbility in 1985-05comparedo 1970-84.The bestaverageRMSE ratio
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), and TVP BVAR(4) forecasts.For the 1985-05sample,a total of 11 methods
have averagerankingsbelow 20, but only two of themN the averageof the univariate
andVAR(4) with inRationdetrendingorecastsandthe averageof the univariate VAR(4),
DVAR(4), and TVP BVAR(4) forecass N correspondo the four methodsthat produce
averagerankingsof lessthan20 in the 1970-84sample.Someof the modelsthatperform
relatively well in 1970-84faremuchmorepoorly in the secondsample.For example,the
averagerankingof the VAR(2) with full exponentialsmoothingdetrendingplummetsfrom
17.7in 1970-84to 63.9in 1985-05. Not surprisingly the rank correlationbetweenthese
two columnsis relatively low, atjust0.58.

In Clark andMcCraclen (2006a)we provide still moredetailedinformationon which
methodswork the bestindividually for forecastingeachoutputmeasureandthe GDP and
CPI measure®f inRation. Perhapsot surprisingly, this further disaggregation of the
resultsleadsto modestlymoreheterogeneityn rankingsof the bestmethods. Thisis par
ticularly true for outputforecastrankingscomparedo inf3ationrankings. For example,a
DVAR with AlICBbdeterminethgshasanaveragerankingof 15.4in forecastof GDPinl3a-
tion andanaveragerankingof 48.5in forecastof GDPgrowth. TheSpearmaorrelations
of outputrankingswith in3ationrankingsrangefrom 0.46 (for GDP growth andCPlinR3a-
tion) to 0.57(for theHPSgapandCPlinRation).By comparisonthe correlationf output
forecastankingsacrossmeasuresf outputaverage0.7,while thecorrelationfor GDPand
CPlinRRationrankingsis 0.86. Despitethegreateheterogeneityf thesemoredisaggregate
rankingstherearesimilaritiesamongthebestperformers. Amongtheoutputvariablespn
averagethebestforecastaretypically theaveragef univariateforecastswith VAR fore-
castsandthe BVAR-TVP forecasts.For thetwo inf3ationmeasuregheaveragingmethods
continueto performthebest,followedby BVAR-TVP andDVAR forecasts.

Justas Tables 12 and 13 provide aggrejate evidenceon the bestmethods,they also
shav whatmethodsconsistentlyperformtheworsein thefull setof modelsmethodsand
horizons.Perhapsnostsimply, not a singlemethodon the secondpagesof thetableshas
anaverageranklessthan20! Consistentith the subse of resultssummarizedn Tables
6 and7, thelowestbran&d methodsnclude: DLS estimationof VARs or DVARs, DVARSs
with output,in additionto inRationandtheinterestrate,differencedandVARs with inter-
ceptcorrection.The consisteng of therankingsfor theseworstbperformingnethodsmay
be consideredmpressve. In addition,the averagerankingsof forecass basedon rolling
estimationof VARs (andDVARs, BVARS, etc.) aregeneraly considerablyower thanthe
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averagerankingsof the corresponding/ARs estimatedwith the full sampleof data. For
example,the averageranking of rolling DVAR(2) forecastss 41.2, comparedo the re-
cursively estimatedDVAR(2)® averagerankingof 32.8. While thosemethodsgenerally
falling in the middle ranks(betweenan averagerank of, say 20 and50) may not be con-
sideredrobustapproacheso forecastingwith the VARSs of interest,in particularinstances
someof thesemethodsmayperformrelatively well. For example the DVAR with AIC lags
determinedor eachequatiorhasanaverageranking of 39.4,but yieldsrelatively accurate
forecastof GDPinRationin 1985-05(Tables2 and4).

Table14 compareghe accurag of someof the bettertime seriesforecastingmethods
with the accurag of SPFprojections. The variableswe reportarethosefor which SPF
forecastexist: GDP growth, GDPinRRation,andCPIlin3ation(in the caseof CPIinRation,
the SPFforecastsdon®begin until 1981, so we only report CPI resultsfor the 1985-05
period).We alsoreportresultsfor forecastof the T-bill ratefrom the SPFandtheselected
time seriesmodels.In particular Table14 provides,for the 1970-84and1985-05samples,
RMSEsfor forecastdrom the SPFanda selectsetof the betteBperformingime series
forecasts:the bestforecastRMSE for eachvariablein eachperiod from thosemethods
includedin Table2 (Table4 for CPlinRationforecasts)theunivariatebenchmarkorecast,
several of the averageforecastsandthe baselineTVP BVAR(4). To be sure,comparing
forecastdrom a sourcesuchas SPFagainstthe bestforecastfrom Table2 or 4 givesthe
time seriesmodeb an unrealisticadwvantage,in that, in real time, a forecastewouldn®
know which methodis mostaccurate However, astheresultspresentedbelov make clear
our generalPndingsapplyto all of theindividual forecastsncludedin the comparison.

Perhapsot surprisingly the SPFforecastggenerallydominatethe time seriesmodel
forecasts.For example,in h = 0Q forecastsof GDP growth for 1970-84,the RMSE for
the SPFis 2.571,comparedo the besttime seriesRMSE of 3.735(in which casethe best
forecasistheall forecastveragaeportedn Table2). In h= 0Q forecast®f GDPinf3ation
for 1970-84,the RMSE for the SPFis 1.364,comparedo the besttime seriesRMSE of
1.727(again, from the allbforecaséiveragein Table2). At suchshorthorizons,of course,
the SPFhasa considerablenformation advantageover simple time seriesmethods. As
describedn Croushorg1993),the SPFforecastis basedon a surwy takenin the second
monthof eachquarter Survey respondentshenhave considerablymoreinformation,on
variablessuchasinterestratesand stock prices,thanis rel3ectedn time seriesforecasts
that don®includethe sameinformation (asreRectedn the bottompanelof Table14, that
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information gives the SPFits biggestadwantagein nearterm interestrates). However,
the SPF&adwantageover time seriesmethodsgenerallydeclinesas the forecasthorizon
rises. For instance,in h = 1Y forecastsof GDP growth for 1970-84,the SPFand best
time seriesRMSEsare,respectiely, 2.891and2.775;for forecass of GDP in3ation, the
correspondinfRMSEsare2.192and2.141.

Moreover, the SPF®adwantageis muchgreaterin the 1970-84samplethanthe 1985-
05 sample.Campbell(2006) notesthe samefor SPFgrowth forecastcomparedo AR(1)
forecastsof GDP growth, attributing the patternto declining predictability (otherrecent
studiesdocumentingreducedpredictability include DOAgostinoet al. (2005), Stock and
Watson(2006),and Tulip (2005)). In this later period,the RMSEsof h = 0Q forecastsf
GDPgrowth from the SPFandbesttime seriesapproactarel.384and1.609,respectiely.
The RMSEsof h = 0Q forecastof GDP inRationfrom the SPFandbesttime seriesap-
proachare0.831and0.926,respectrely. Rel3ectinghe decliningpredictabilityof output
andinfRationandthe reducedadwantageof the SPFat longerhorizons,for 1byearahead
forecastsn the 1985-05period,theadwantageof the SPFover time seriesmethodsgs quite
small. For instance,n 1byeamheadforecastsof GDP growth, the TVP BVAR(4) using
GDP growth, GDPin3ation,andthe T-bill ratebeatsthe SPF(RMSE of 1.218vs.1.274);
in forecastsof GDP inf3ation, the TVP BVAR again beatsthe SPF(RMSE of 0.764vs.
0.804).

In light of the morelimited availability of Greenboo GB) forecastgthe public sam-
ple endsin 2000),in lieu of comparingVAR forecastdirectly to GB forecastsye simply
comparethe GB forecaststo SPFforecasts. As long asthe GB and SPFforecastsare
broadlycomparablen RMSE accurag, our bndingsfor VARs comparedo SPFwill also
applyto VARs comparedo GB forecasts.Table 15 reportsRMSEsof forecastsof GDP
growth, GDPinRRation,andCPlinRation,for samplesof 1970-84and1985-200Q'we omit
an interestrate comparisorbecausefor much of the sample,GB did not includean un-
conditionalinterestrate forecast).Consistenwith evidencein suchstudiesasRomerand
Romer(2000)and Sims(2002),GB forecastdendto be moreaccurategspeciallyfor in-
Ration. For instancethe 1970-84RMSEsof 1byeamlaheadorecastof GDP inf3ationare
2.192for SPFand1.653for GB. However, perhapgsel3ectingdeclining predictability any
adwantageof GB over SPFis generallysmallerin the secondsamplethanthe brst. Re-
gardlessthe accurag differencedetweenSPFand GB forecastsaaremodestenoughthat
comparingVAR forecastsagainstGB insteadof SPFwouldn®alterthe Pndingsdescribed
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abore.

4.2 Longbrunforecasts

As notedin section3, astheforecasthorizonincreasedeyondthe oneyearperiodconsid-
eredabove, the so-calledendpointscometo play anincreasinglyimportantrole in deter
mining the forecast.Kozicki and Tinsley (1998,2001a,b) amongothers,have shavn that
theseendpointscanvary signibcantlyover time. In this sectionwe examinewhich, if any
of theforecastmethodsconsideredbove, imply reasonablendpoints.For simplicity, we
usea 10byearnheadorecast(theforecastn periodt+39, from aforecastorigin of t using
datathrought" 1) asa proxy for the endpointestimate.Kozicki andTinsley (2001b)use
asimilarmetric(Kozicki andTinsley comparel0yeabaheadorecastdo surey measures
of long-terminf3ationexpectations).

Of courseanimmediatequestionis, whatis reasonableTrend GDP growth is gener
ally thoughtto have evolvedslowly overtime, (atleast)decliningin the1970sandrisingin
the 1990s.The availablerealbtimesstimatef potential GDP from the CBO, takenfrom
Kozicki (2004),shav somevariationin trendgrowth. CBO estimatef potentialoutput
growth rosefrom about2.1 percentin 1991vintagedatato 3.2 percentin 2001and2.75
percentin 2004 vintagedata?’ At the sametime, the implicit inRationgoal of monetary
policymakersis thoughtto have trendedup from the 1970sthroughthe mid-1980s,and
thentrendeddown (seeFigure 1 andthe associatedliscussionn section2). Thetrendin
inBationimplies a comparabldrendin short-terminterestrates. Accurag in longerterm
forecastings likely to requireforecasendpointghatroughlymatchupto variationin such
trendsin growth andinf3ation.

For simplicity, in assessinghe ability of VAR forecasimethodgo generategeasonable
endpointswe comparethe estimatedendpointproxiesto trendsin growth, in3ation,and
interestratesestimatedn real time with exponentialsmoothing. As notedabove, expo-
nentialsmoothingappliedto inf3ationyields a trend quite similar to the shifting endpoint
(or implicit target) estimateof Kozicki andTinsley (2001a,b).Exponentialsmoothingap-
pliedto GDP growth (with a smoothingparameteof 0.015)yieldsatrendmeasurehat,in
line with mary economists@eliefs,shovs trendgrowth graduallyslowing over the 1970s

27For eacheachvintaget, we calculatetrendgrowth asthe projectedpercentchangein potentialGDPin
yeart + 5. We usea bvebyeahorizonbecausefor someyears the CBO dataon potentialoutputextend only
bve, ratherthan10, yearsinto thefuture.
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and1980sbeforerising in the 1990s.RelRectingreal time dataavailability, trendsin each
vintaget areestimatedisingdatathroughperiodt ™ 1.

In light of spacelimitations, we presentendpointproxy resultsfor just GDP growth
andGDPinfation,for alimited setof forecastingnethoddik ely to beof themostinterest.
The reportedforecastsare obtainedfrom modelsin GDP growth, GDP in3ation,andthe
T-bill rate. Qualitatively, resultsaresimilar acrossothermeasuresf output, inf3ation,and
theinterestrate. We omit endpointresuts for the T-bill ratebecausehey arequalitatvely
very similar to thosefor inRation. The forecastmethodsor modelsincludethe univariate
benchmarksyAR(4), DVAR(4), VAR(4) with inBationdetrendingBVAR(4), BDVAR(4),
rolling BDVAR(4), BVAR(4) with TVP, BVAR(4) with interceptTVP, the averageof uni-
variateand VAR(4) forecasts,and the averageof the univariateand VAR(4) with in3a-
tion detrending.In light of the generalvalue of shrinkagein forecastingandthe potential
succes®f inRationdetrendingn pinning down reasonabl@ndpointswe alsoincludean
approachot consideredbove: a VAR(4) with inRationdetrendingestimatedvith BVAR
methodgBVAR(4) with inRationdetrending¥® This setof methodss intendedo include
thosethatwork relatively well in shatertermforecastingandparticularapproachessuch
asdifferencingandrolling estimationthataresometimesisedin practiceto try to capture
nonbstationaritiesuchasmoving endpoints.

Theresultsprovidedin Figures2 (GDP growth) and3 (GDP inf3ation)shav thatsome
forecastapproaches$arevery poorly, yielding endpointproxiesthatarefar too volatile to
be consideredeasonablénotethat,in thesecharts,the scalediffer betweerthosemeth-
odsthatwork reasonablyvell andthosethatdon€). Theseexceedinglyvolatile methods
includethe VAR, BVAR, BVAR with TVP, BVAR with interceptTVP, andthe averageof
theunivariateandVAR(4). For example,in thecaseof theVAR(4), the 10DByeaaheal fore-
castof GDP growth plummetsto -15.2 percentin (vintage)1975:Qland-12.8 percentin
1981:Q3;the forecastof inf3ationsoarsto 34.2percentin 1981:Q3.In (vintage)1980:Q2,
the BVAR(4) forecastsof GDP growth andinf3ationreachthe extremesof -9.4 and 25.8
percent,respedtvely. In the caseof the BVAR(4) with TVP, the longbtermprojections
of growth andinf3ationare-20.9 percentand64.5percentin 1980:Q2. Suchextremesin
forecastof coursesuggesexplosive rootsin theautorgressve systemswhich areindeed
evidentin the systemestimates. For example,the VAR(4) systemhasa largestroot of

28\\e obtaintheseestimatesusingthe BVAR prior variancesdescribedin section2 and prior meansof 0
for all coebcients.
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1.005in the 1975:Q1estimates].002in the 1980:Q2estimatesand1.031in the 1981:Q3
estimates.The BVAR(4) systemhasa largestroot of 1.011in the 1981:Q3estimatesAs
a result,for a practitionerinterestedn usingthesemethodsfor forecastingin real time,
somecarein adjustingestimatego avoid explosive rootswould berequiredto improve the
endpointandlongbternforecasiaccurayg of the methods.

Theotherforecasmethods\ univariate DVAR, VAR with inRationdetrendingBVAR
with inRationdetrending BDVAR, rolling BDVAR, andthe averageof the univariateand
VAR with inRationdetrending\  producemuchlessvolatile andthereforenorereasonable
endpointestimates.For example, the univariate and BDVAR(4) 10byeaiaheadforecasts
of GDP growth correspondretty closely (at leastin relative terms)to the exponentially
smoothedrend. Of course the exponentiallysmoothedneasurenay not be the bestesti-
mateof trend.However, ary betterestimateof trendgrowth is notlik ely to be signibcantly
morevolatile overtime. As aresult,evenamongthis relatively bettersetof forecastmeth-
ods,a smoothlongbternforecastlik e thatfrom the univariatemodelmay be preferredto
amodestlymorevolatile one,like the forecastfrom the VAR(4) with in3ationdetrending.
AmonginRRationforecaststhe endpointproxiesfrom the univariateandBVAR with inf3a-
tion detrendingmodelsprovide the closestmatchto trendinf3ation. The endpointproxy
from the BVAR with in3ationdetrendingncludeslesshigh frequeng variationthandoes
the estimaterom the univariatemodel,but is fartherfrom trendin3ationin the 1970s.

Two otherresultsareworth noting. First, for both growth andinf3ation, rolling esti-
mationof the BDVAR impliesendpointghataremorevolatile thanthe endpointamplied
by the recursvely estimatedBDVAR. Second,comparedio OLS estimation,Bayesian
estimationof the VAR with in3ationdetrendinghelpsto dampe volatility in the endpoint
proxies(althoughnotincludedin the RMSE resultsabove, Bayesiaresimationalsohelped

to modestlyimprove theforecastaccurag of VARs with in3ationdetrending).

5 Conclusion

In this paperwe provide empirical evidenceon the ability of several different methods
to improve the realbtimeforecastaccurag of small-scalemacroeconomid/ARs in the
presenceof modelinstability The 18 distincttrivariate VARS thatwe considerare each
comprisedof oneof threemeasuref output,oneof threemeasuresf inf3ation,andone
of two measure®f short-terminterestrates. For eachof thesemodelswe constructreal
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time forecastof eachvariable(with particularemphasisn the outputandin3ationmea-
sures). For eachof the 18 variablecombinationsye consider86 differentforecasimodels
or methodsjncorporatingdifferentchoicesof lag selection obsenationwindows usedfor
estimation)evelsor differencesinterceptcorrectionsstochasticallfimebaryingparame-
ters,breakdating,discountedeastsquaresBayesiarshrinkagedetrendingof inRationand
interestrates,andmodelaveraging. We compareour resultsto thosefrom simplebaseline
univariatemodelsaswell asforecastdrom the Surwey of ProfessionaForecastersndthe
FederaResere Board®Greenbook.

Ourresultsindicatethatsomeof themethodslo consistentlymprove forecastaccurag
in termsof rootmeansquareerrors(tRMSE). Not surprisingly the bestmethodoftenvaries
with thevariablebeingforecastedbhut severalpatterngloemenge. After aggreatingacross
all models,horizonsandvariablesbeingforecastedit is clearthat modelaveragingand
Bayesiarnshrinkagemethod consistentlyperformamongthe bestmethods. At the other
extreme,theapproachesf usinga bxedrolling window of obsenationsto estimaé model
parameteranddiscountedeastsquareestimationconsistentlyrankamongthe worst. Of
course,estimationmethodsthat are unsuccessfuin forecastingmay nonehelessprove
usefulfor otherpurposesPerhapsiot surprisingly outbofbsampl®recastaccuray does
notseemo bestronglyrelatedto inBsamplét. For modelsin GDPgrowth, GDPinf3ation,
andthe T-bill rate,Figure4 comparesealtime forecasRMSEsto inBsamplddrt estimates
(for eachforecastingmodel, inBsamplddt is measuredsthe standarderror of estimate,
averagedover the forecastingsample). Exceptfor someoutlier obsenations,inBsample
bt haslittle relationship(andsometimes negative relationship)with forecastaccurag, at
leastin the VAR modelsandmethodswve consider
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Figure 1. Alternative estimates of CPI inflation trends
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Figure 2: 10-year ahead forecasts of GDP growth

(VAR in GDP growth, GDP inflation, and T-bill rate)
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Figure 3: 10-year ahead forecasts of GDP inflation

(VAR in GDP growth, GDP inflation, and T-bill rate)
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Figured. In-samplefit vs. forecast RM SE
(VAR in GDP growth, GDP inflation, and T-bill rate)
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Notes:

1. Thefigures compare forecast RM SEs for the indicated variable and sample to
corresponding measures of in-samplefit.

2. All results are based on modds in GDP growth, GDP inflation, and the T-bill rate.
Theforecast methodsarelisted in Table 1. Thefigures excluderesults for theintercept
correction methodsof Clements and Hendry (199), because it is not clear how best to
measure in-sample fit for the assod ated forecasts.

3. Theforecast RMSEs are based ontheh = 0Q horizon. Startingwitht =1970Q1, the
in-sample fit of each modd used to forecast is estimated as the conventiond standad
error of estimate (with theconventiond degrees of freedom adjugment). For each
modd, thetime series of in-sample fit estimates is averaged over the 197084 and 1985
05 forecast samples. Thecharts use these average estimates of in-sample fit.

4. Inthecase of forecasts based onrolling sample modd estimates, we fit the same
modd to thesample of daa preceding therolling sample (assuming, in effect, abreak in
themodd® codficients at thetime of therolling sample start). We then estimate in-
sample fit as the (squae root of the) sum of squaed resduds over thewhole period
divided by thetotal sample size lessthetotal number of paameters.



Table 1: Forecastingmethods

method details

VAR(4) VAR iny, !, i with bxedlag orderof 4
VAR(2) sameasabove with bxedlag orderof 2
VAR(AIC) VAR with systemlag determinedy AIC
VAR(BIC) VAR with systemlag determinedy BIC

VAR(AIC, by eg.&var.)

VAR(BIC, by eq.&var.)
DVAR(4)

DVAR(2)

DVAR(AIC)

DVAR(BIC)

DVAR(AIC, by eq.&var.)

DVAR(BIC, by eq.&var.)
DVAR(4), outputdiff.
DVAR(2), outputdiff.
DVAR(AIC), outputdiff.
DVAR(BIC), outputdiff.
BVAR(4)

BVAR(2)
BDVAR(4)

BDVAR(2)
VAR(4), rolling

VAR(2), rolling

VAR(AIC), rolling

VAR(BIC), rolling

VAR(AIC, by eq.&var.), rolling

VAR(BIC, by eq.&var.), rolling
DVAR(4), rolling

DVAR(2), rolling
DVAR(AIC), rolling
DVAR(BIC), rolling

VAR iny, !, i allowing different,AIC-det. lagsfor
eachvar. in eacheq.
sameasabove, with BIC-determinedags

VAR iny,"! ,"iwith bxedlagorderof 4
sameasabove with bPxedlag orderof 2

VAR iny, " ,"i with systemlag setby AIC

VAR iny, "l | "i with systemlag setby BIC

VAR iny,"! | "i allowing different,AlC-det.lags

for eachvar. in eacheq.
sameasabove, with BIC-determinedags

VAR in"y, "l ,"iwith bxedlag orderof 4
sameasabove with Pxedlag orderof 2

VAR Iin "y, "l "iwith systemlag setby AIC
VAR in"y, "l ;" i with systemlag setby BIC

VAR(4)iny, !, i est.with Minnesotapriors,
using#l = .2,#= .5#3=1,#4= 1000

sameasabove with Pxedlag orderof 2

VAR(4)iny,"! ,"i est.with Minnesotapriors,
using#1 = .2,#>= .5,#3= 1,#4,= 1000

sameasabove with bxedlag orderof 2

VAR iny, !, i with Pxedlagorderof 4, est.
with arolling window of 60 obsenations

sameasabove with bxedlag orderof 2

sameasabove with AICBdeterminedag

sameasabove with BICDdeterminethg

VAR iny, !, i allowing different,AlC-det. lagsfor
eachvar. in eacheq.,est.with arolling sample
of 60 obs.

sameasabove with BIC-determinedags

VAR iny, " ,"iwith bxedlagorderof 4, est.
with arolling sampleof 60 obsenations

sameasabove with bPxedlag orderof 2

sameasabove with AICDdeterminedag

sameasabove with BICBdeterminethg
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Table 1, continued: Forecastingmethods

method

details

DVAR(AIC, by eq.&var.), rolling
DVAR(BIC, by eq.&var.), rolling
DVAR(4), outputdiff., rolling
DVAR(2), outputdiff., rolling
DVAR(AIC), outputdiff., rolling
DVAR(BIC), outputdiff., rolling
BVAR(4), rolling

BVAR(2), rolling
BDVAR(4), rolling

BDVAR(2), rolling
DLS, VAR(4)
DLS, VAR(2)
DLS, VAR(AIC)

DLS, DVAR(4)

DLS, DVAR(2)
DLS, DVAR(AIC)

VAR(AIC), AIC interceptbreaks
VAR(AIC), BIC interceptbreaks
VAR(4), interceptcorrection
VAR(2), interceptcorrection
VAR(AIC), interceptcorrection
VAR(4), partialint. corr.

VAR(2), partialint. corr.
VAR(AIC), partialint. corr.

VAR iny,"! | "i allowing different,AlC-det. lagsfor
eachvar. in eacheq.,est.with arolling sample

of 60 obs.
sameasabove with BIC-determinedags
VAR in"y, "l ,"iwith bxedlag orderof 4,

est.with arolling sampleof 60 obsenrations
sameasabove with bxedlag orderof 2
sameasabove with AICDdeterminedag
sameasabove with BICDdeterminethg
BVAR@4)iny, !, iwith# = .2,#,= .5 #3=1,

#4 = 1000,est.with arolling sampleof 60 obs.
sameasabove with bxedlag orderof 2
BVAR@4)iny, " ,"iwith# = .2,#,= .5 #3=1,

#4 = 1000,est.with arolling sampleof 60 obs.
sameasabove with bPxedlag orderof 2
VAR(4)iny,!,i, est.with discountedeastsquares

(DLS), usingdis. ratesof .99for y eq.

.95for ! andi eq.
sameasabove with bPxedlag of 2
sameasabove with lag orderdet. from AIC appliedto

OLS estimate®f system
VAR(4)iny, "l , "I, est.with DLS,

usingdis. ratesof .99for y eq.,.95for " and" i eq.
sameasabove with bPxedlag of 2
sameasabove with lag ordersetby AIC appliedto

OLS estimate®f system
VAR iny, !, i with AlC-det.lags,allowing up to two

breaksn thesetof interceptswith the numberand

dateshatminimizethe AIC
sameasabove, usingthe BIC to determinghebreaks
VAR(4) forecastsaadjustedoy the averageof the

last4 residualgClementsandHendry(1996),eq.40)
sameasabove with bxedlag orderof 2
VAR(AIC lag) forecastadjustedby theaverage

of thelast4 residualgClements

andHendry(1996),eq.40)

VAR(4) forecastof ! andi adjustecby theaverage
of thelast4 residualqy residualdreatedasO)

sameasabove with bxedlag orderof 2

VAR(AIC lag)forecast®f ! andi adjustedby the
averageof thelast4 residuals

(y residualgreatedasO)
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Table 1, continued:

Forecastingmethods

method

details

VAR(4), inRationdetrending
VAR(2), inRationdetrending
VAR(AIC), inBationdetrending
VAR(BIC), inRationdetrending

VAR(4), full ESdetrending

VAR(2), full ESdetrending
VAR(AIC), full ESdetrending

VAR(BIC), full ESdetrending
TVP BVAR(4)

TVP BVAR(2)
TVP BVAR(4), #4 = .5,#= .0025

TVP BVAR(2), #4 = .5,#= .0025
TVP BVAR(4), #4 = 1000# = .005

TVP BVAR(2), #4 = 1000 # = .005
TVP BVAR(4), #4 = 100Q# = .0001

TVP BVAR(2), #4 = 100Q# = .0001
InterceptTVP BVAR(4)

InterceptTVP BVAR(2)
InterceptTVP BVAR(4), #4 = .5,#= .0025

InterceptTVP BVAR(2), #4 = .5,# = .0025

VAR@)iny,!'! 1y ,andi! !, ;, where
"=, +$( ! ! ,),$=.05for GDPand
CPIlinRation,.07 for corePCEinf3ation

sameasabove with Pxedlag of 2

sameasabove with AICBdetlagfor they,

111, g, andi! 1) system
sameasabove with BICDdetlagfor they,

111y ,andi! !, system
VAR(4)iny,!'! 1, ,andi! i, ;, where

=1 +$( ! 1) ($=.050r.07,
dependingn! measure),
i =1, +.07(! i, )
sameasabove with bPxedlag of 2
sameasabove with AICDdet.lag for they,

L1 1y g, andi! iy ; system
sameasabove with BICDdetlagfor they,
111y, andi! i, ; system

TVPBVAR(4)iny,!,iwith#; = .2,#,= .5,
#3=1,#4=.1,#= .0005

sameasabove with bxedlag of 2

TVPBVAR(4)iny, !, iwith#; = .2,#,= .5,
#3 = l, #4 = .5, #=.0025

sameasabove with bPxedlag of 2

TVPBVAR(4)iny,!,iwith#; = .2,#,= .5,
#3= 1,#4= 1000,# =.005

sameasabove with bPxedlag of 2

TVPBVAR(4)iny, !, iwith#; = .2,#,= .5,
#3=1,#4= 1000,# =.0001

sameasabove with bxedlag of 2

BVAR(4)iny,!,i, TVPin only intercepts,
#1 = .2,#2 = .5,#3 = 1,#4 = .1,
#=.0005

sameasabove with Pxedlag of 2

BVAR(4)iny,!,i, TVP in only intercepts,
#1= 2,#,= 5,#3=1,#4,= .5,
#=.0025

sameasabove with Pxedlag of 2
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Table 1, continued: Forecastingmethods

method details

averageof all forecasts simpleaverageof all of theabove forecasts

avg. of VAR(4), rolling VAR(4) | averageof forecastdrom recursve androlling
estimate®f VAR(4) iny, !, andi

avg. of VAR(2), rolling VAR(2) | sameasabove usingVARs with Pxedlag of 2

avg. of univariate,VAR(4) averageof forecastdrom univariatemodeland
VAR(4)iny, !, andi

avg. of univariate VAR(2) sameasabove usingVAR with bxedlag of 2

avg. of univariate, DVAR(4) averageof forecastdrom univariatemodeland
VAR(4)in"y," ,andi

avg. of univariate, DVAR(2) sameasabove usingVAR with Pxedlag of 2

avg. of univ., IDTR VAR(4) averageof forecastgrom univariatemodel
andVAR(4) with inRationdetrending

avg. of univ., IDTR VAR(2) sameasabove usingVAR with bPxedlag of 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), | sameasabove usingVARs with bxedlag of 2

TVP BVAR(2)

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

rolling MA(1) for " i

Notes

1. Thevariablesy, !, andi referto, respectrely, output(GDP growth, the HPS gap, or the HP

gap),inRation(GDPinf3ation,CPl inRation,or corePCEinf3ation),andthe interestrate(T-bill or

federalfunds).

2. Unlessotherwisenoted,all modelsareestimatedecursvely, usingall data(startingin 19550r

later) availableup to theforecastingdate.

3. Therolling estimate®f the univariatemodelsfor "' and" i use40 obsenations.

4. The AIC andBIC lag ordersrangefrom O (theminimumallowed)to 4 (the maximumallowed).

5. Section2 detailsthe hyperparameterizatiofand# notationabove) usedin BVAR estimation.
In BVAR estimation,prior meansfor all coebcientsare generallysetat 0, with the following

exceptions: (a) prior meansfor own brstlagsof ! andi aresetat 1 in modelswith levels of

inBationandinterestrates;(b) prior meandor own Prstlagsof y aresetat 0.8 in modelswith an

outputgap; and(c) prior meandor theinterceptof GDP growth equationsaresetto the historical
averageof growth in BVAR estimateshatimposeinformatie priors(#4 = .1 or .5) onthe constant
term.

6. Thetime variationin the coebcientsof the TVP BVARSs takesa randomwalk form. In timeb
varying BVARs with Ratpriorsontheinterceptg#, = 1000),thevariationof theinnovationin the

interceptis setat # timesthe prior varianceof the coefcienton the own brstlag insteadof the

prior varianceof the constant.

7. The exponentialsmoothingusedin the modelswith detrendings initialized with the average
valueof inRationover the Prstbve yearsof eachsample.
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Table 2: Real-time RMSE resultsfor GDP growth and GDP inf3ation
(RMSEdn brstrow, RMSEratiosin all others)

GDP growth forecasts

1970-84 1985-2005
forecastmethod h=0Q | h=1Q | h=1Y |h=0Q | h=1Q | h= 1Y
univariate 4183 | 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), inRationdetrending .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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Table 2, continued: RMSE resultsfor GDP growth and GDP inf3ation
(RMSEsdn brstrow, RMSEratiosin all others)

GDP inRation 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), in3ationdetrending 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. Thevariablesn eachmultivariatemodelare GDP growth, GDPinf3ation,andthe T-bill rate.

2. The entriesin the brstrow are RMSEs,for variablesdePnedn annualizedpercentaggoints.
All otherentriesare RMSE ratios, for the indicatedspecibcatiorrelative to the corresponding
univariatespecibcation.

3. Individual RMSE ratios that are signibpcantlybelon 1 accordingto bootstrappb\aluesare
indicatedby a slantedfont. In eachcolumn,if aforecasts signipcantlybetter(in MSE) thanthe
benchmarkaccordingto datasnoopingbralst pPalues(bootstrappedsin Hansen(2005)),the
associatedRMSE ratio appearsn abold font.

4. Theforecasterrorsare calculatedusingthe brstbaailable (realbtime)kestimatef outputand
inRationasthe actualdataon outputandinf3ation.

5. In eachquartert from 1970:Q1through2005:Q4 vintaget dataareusedto form forecastdor
periodst (h= 0Q),t+ 1 (h= 1Q), andt + 4 (h= 1Y). Theforecastof GDP growth andinf3ation
for theh= 1Y horizoncorrespadto annualpercenthangesaveragegronth andaveraganf3ation
fromt+ 1throught + 4.

6. SeeTablel for detailon eachforecasimethod.
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Table 3: Real-time RMSE resultsfor the HPS output gap and GDP inf3ation
(RMSEdn brstrow, RMSEratiosin all others)

HPS output 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), inRationdetrending 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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Table 3, continued: RMSE resultsfor the HPS output gap and GDP inf3ation
(RMSEdn brstrow, RMSEratiosin all others)

GDP inf3ation 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), inRationdetrending .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 eachmultivariatemodelarethe HPSoutputgap, GDPinf3ation,andthe T-bill
rate.
2. Seethenotesto Table2.
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Table 4. Real-time RMSE resultsfor GDP growth and CPI inf3ation
(RMSEdn brstrow, RMSEratiosin all others)

GDP growth forecasts

1970-84 1985-2005
forecastmethod h=0Q | h=1Q | h=1Y |h=0Q | h=1Q | h= 1Y
univariate 4183 | 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 J73 | 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), inRationdetrending 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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Table 4, continued: RMSE resultsfor GDP growth and CPI inf3ation
(RMSEsdn brstrow, RMSEratiosin all others)

CPI in3ation forecasts
1970-84 1985-2005
forecastmethod h=0Q | h=1Q | h=1Y |h=0Q | h=1Q | h= 1Y
univariate 2117 | 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), inRationdetrending .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. Thevariablesn eachmultivariatemodelareGDP growth, CPlinRation,andthe T-bill rate.
2. Seethenotesto Table2.
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Table 5: Real-time RMSE resultsfor the HPS output gap and CPI inf3ation
(RMSEdn brstrow, RMSEratiosin all others)

HPS output 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), inRationdetrending 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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Table 5, continued: RMSE resultsfor the HPS output gap and CPI inRation
(RMSEsdn brstrow, RMSEratiosin all others)

CPI in3ation forecasts
1970-84 1985-2005
forecastmethod h=0Q | h=1Q | h=1Y |h=0Q | h=1Q | h= 1Y
univariate 2117 | 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), inRationdetrending .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 eachmultivariatemodelarethe HPS outputgap, CPI in3ation,andthe T-bill
rate.
2. Seethenotesto Table2.
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Table 6: Averageforecastaccuracyrankings,
acrossapplications and 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), inRBationdetrending 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 59
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 bguresin the table are obtainedby: (1) ranking, for eachof the 48 columnsof Tables
2-5, the 27 forecastmethodsor modelsconsideredand(2) calculatingthe averageand standard
deviation of eachmethod€X48) ranks.
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Table 7: AverageRMSESs, 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), inRationdetrending 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 eqg.&var.), rolling 1.157 | .132
VAR(4), rolling 1.173 | .128
DLS, VAR(4) 1.184 | .156

Notes

1. Thebguredn thetablearesimpleaveragesandstandardieviations,acrosshe 48 columnsof
Tables2-5, of eachforecastmethod©RMSE ratios. Note thatthe RMSE ratio of the univariate
forecasts always1.
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Table 8: Real-time 1996-2009RMSE resultsfor GDP growth and GDP inf3ation
(RMSEsdn brstrow, RMSEratiosin all others)

GDP growth forecasts | GDP inf3ation forecasts

forecastmethod h=0Q | h=1Q |h=1Y | h=0Q | h=1Q | h= 1Y
univariate 1.624 | 1.691 | 1.283 | .762 .841 17
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), inRationdetrending 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. Thevariablesn eachmultivariatemodelareGDP growth, GDPinf3ation,andthe T-bill rate.
2. Seethenotesto Table2.
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Table 9: Real-time 1996-2009RMSE resultsfor GDP growth and
core PCE in3ation
(RMSESgn brstrow, RMSEratiosin all others)

GDP growth forecasts core PCE 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) 1171 | 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), in3ationdetrending 1.231 | 1.195 | 1.061 | 1.212 | 1.284 | 1.394
VAR(AIC), interceptbreaks 1425 | 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. Thevariablesin eachmultivariatemodelare GDP growth, core PCEinf3ation,andthe T-bill
rate.
2. Seethenotesto Table2.
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Table 10: Real-time 1996-200RMSE resultsfor the HPS output gap and

GDP inf3ation
(RMSESgn brstrow, RMSEratiosin all others)

HPS gapforecasts GDP in3ation forecasts
forecastmethod h=0Q | h=1Q | h=1Y |h=0Q | h=1Q | h= 1Y
univariate 714 | 1.036 | 2.075 | .762 .841 17
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), in3ationdetrending 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 eachmultivariatemodelarethe HPSoutputgap, GDPinf3ation,andthe T-bill
rate.
2. Seethenotesto Table2.
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Table 11: Real-time 1996-200RMSE resultsfor the HPS output gap and
core PCE in3ation
(RMSESgn brstrow, RMSEratiosin all others)

HPS gapforecasts core PCE 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), in3ationdetrending 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 eachmultivariatemodelarethe HPS outputgap, core PCEinf3ation,andthe
T-bill rate.
2. Seethenotesto Table2.
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Table 12: Averagerankings of all methodsin 1970-84and 1985-2005orecasts,
acrossall modelsand data

aly,p|alyp|alyp|alyp
all | all | using | using | 70-84 | 85-05
y,p | Thill FFR

avg. of univ., IDTR VAR(2) 12.9|16.7| 155 | 18.0 | 21.1 | 124
avg. of univ., IDTR VAR(4) 132|134 12.7 | 141 | 151 | 116
avg. of univ., VAR(2), DVAR(2), TVP BVAR(2) | 15.7| 19.0| 18.8 | 19.1 | 22.2 | 157
avg. of univ.,, VAR(4), DVAR(4), TVP BVAR(4) | 17.6| 16.2| 16.6 | 15.7 | 179 | 144
avg. of univariate,VAR(2) 18.8|23.7| 223 | 251 | 313 | 16.0
averageof all forecasts 19.7]118.8] 19.1 | 185 | 115 | 26.1
avg. of univariate,VAR(4) 20.3|120.6| 209 | 20.3 | 26.2 | 15.0
avg. of univariate, DVAR(4) 21.3/19.9| 198 | 20.1 | 21.3 | 186
avg. of univariate, DVAR(2) 229|241 239 | 242 | 271 | 21.0
InterceptTVP BVAR(4) 25.1(28.1| 274 | 289 | 384 | 179
VAR(2), inRationdetrending 25.2129.0| 27.0 | 31.0 | 21.8 | 36.1
InterceptTVP BVAR(4), #4 = .5,#= .0025 26.4|274| 274 | 273 | 271 | 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| 235 | 240 | 304 | 171
TVP BVAR(4), #4 = 100Q# = .005 29.1(234| 229 | 239 | 30.0 | 16.8
TVP BVAR(4), #4 = 1000# = .0001 29.4(31.2| 310 | 31.3 | 36.2 | 26.1
TVP BVAR(4) 29.7129.3| 28.7 | 299 | 428 | 15.8
BVAR(4) 30.1/329| 330 | 328 | 37.3 | 284
InterceptTVP BVAR(2), #4 = .5,#= .0025 30.6|36.4| 353 | 375 | 351 | 37.7
InterceptTVP BVAR(2) 31.1|38.5| 36.9 | 40.1 | 50.3 | 26.7
TVP BVAR(2),#4 = .5,#= .0025 318/ 31.6| 31.0 | 322 | 36.4 | 26.9
BDVAR(2) 320|344 332 | 356 | 36.9 | 31.9
TVP BVAR(2), #4 = 1000 # = .005 32.2130.2| 29.2 | 311 | 36.3 | 24.0
VAR(4), inRationdetrending 326316 31.2 | 320 | 258 | 374
DVAR(2) 328|31.3| 311 | 315 | 25.0 | 37.6
avg. of VAR(2), rolling VAR(2) 33.3/40.0] 389 | 41.0 | 383 | 416
TVP BVAR(2), #4 = 1000# = .0001 33.3/40.0| 389 | 41.0 | 457 | 34.2
univariate 33.6|36.5| 34.0 | 389 | 52.2 | 20.8
BVAR(2) 3421416 405 | 428 | 469 | 36.3
TVP BVAR(2) 34.7|138.6| 37.1 | 40.2 | 535 | 23.7
DVAR(AIC) 348|33.1| 325 | 337 | 29.1 | 371
VAR(AIC), inBationdetrending 349|328 329 | 32.7 | 257 | 39.9
VAR(BIC), inRationdetrending 35.0/40.0| 38.7 | 41.2 | 36.3 | 43.6
BDVAR(4), rolling 35.21384| 36.9 | 39.9 | 40.3 | 36.5
VAR(2) 35.5|41.0| 37.7 | 443 | 48.7 | 33.3
DVAR(BIC, by eq.&var.) 37.6|335| 336 | 334 | 36.6 | 304
VAR(AIC, by eq.&var.) 38.8|37.2| 386 | 358 | 448 | 29.6
DVAR(BIC) 38.9|37.2| 376 | 36.8 | 34.7 | 39.7
DVAR(AIC, by eq.&var.) 394|344 353 | 335 | 331 | 357
DVAR(4) 39.4|352| 359 | 346 | 31.0 | 395
BDVAR(2), rolling 39.6|44.3| 429 | 457 | 455 | 43.1
VAR(4) 40.8{41.0, 419 | 40.1 | 456 | 36.4
DVAR(2), outputdiff. 41.0(42.8| 442 | 413 | 399 | 456
DVAR(2), rolling 41.2|39.2| 39.8 | 38.7 | 329 | 456
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Table 12, continued: Averagerankings acrossall results

VAR(AIC)

VAR(2), full ESdetrending
VAR(BIC, by eqg.&var.)
DVAR(AIC), outputdiff.
DVAR(4), outputdiff.
VAR(BIC), full ESdetrending
VAR(BIC)

DVAR(AIC), rolling

VAR(AIC), full ESdetrending
VAR(4), full ESdetrending
BVAR(4), rolling

BVAR(2), rolling

DVAR(BIC), rolling
DVAR(BIC), outputdiff.
DVAR(AIC, by eq.&var), rolling
DVAR(2), outputdiff., rolling
DVAR(BIC, by eqg.&var.), rolling
VAR(AIC), BIC interceptbreaks
avg. of VAR(4), rolling VAR(4)
VAR(AIC), AIC interceptbreaks
DVAR(4), rolling

DLS, VAR(2)

VAR(2), interceptcorrection
DVAR(BIC), outputdiff., rolling
DVAR(AIC), outputdiff., rolling
DLS, DVAR(2)

VAR(2), rolling

DVAR(4), outputdiff., rolling
DLS, DVAR(AIC)

VAR(AIC), interceptcorrection
VAR(4), interceptcorrection
DLS, VAR(AIC)

VAR(BIC), rolling

DLS, DVAR(4)

VAR(BIC, by eq.&var.), rolling
VAR(AIC, by eq.&var.), rolling
VAR(AIC), rolling

DLS, VAR(4)

VAR(2), partialint. corr.
VAR(4), rolling

VAR(AIC), partialint. corr.
VAR(4), partialint. corr.

# of ranking obsewations

aly,plalyp|alyp|alyp

all | all | using | using | 70-84 | 85-05
y,p | Thill FFR

41.3]40.0| 40.8 | 39.3 | 451 | 35.0
41.3]40.8| 414 | 40.2 | 17.7 | 63.9
43.8|44.8| 43.7 | 459 | 55.7 | 33.8
442|451 456 | 446 | 434 | 46.9
459|451 455 | 446 | 435 | 46.6
46.1| 46.4| 469 | 459 | 29.0 | 63.8
46.2]1 52.2| 50.1 | 54.3 | 615 | 429
46.5| 40.2| 39.1 | 41.3 | 37.2 | 43.2
47.6| 42.3| 452 | 394 | 246 | 60.1
48.8| 45.6| 49.6 | 41.7 | 279 | 634
49.3| 51.9| 528 | 51.0 | 415 | 624
49.6|54.8| 549 | 54.7 | 43,5 | 66.1
49.6|49.1| 50.0 | 48.2 | 45.0 | 53.2
49.9|52.2| 546 | 499 | 55.2 | 493
50.3|41.1| 442 | 38.1 | 39.6 | 42.7
51.3/544| 569 | 51.9 | 515 | 57.3
51.8|46.9| 48.7 | 45.0 | 483 | 455
52.7|475| 47.7 | 47.3 | 30.7 | 64.4
53.6|52.0| 52.7 | 51.3 | 53.8 | 50.1
55.4|49.0| 47.7 | 50.3 | 329 | 65.1
55.9|479| 473 | 486 | 44.7 | 51.2
56.1/56.8| 54.8 | 58.7 | 65.2 | 48.3
56.9/60.0| 59.5 | 60.6 | 61.2 | 58.8
57.8/64.9| 66.9 | 63.0 | 63.8 | 66.1
59.0(57.3| 57.7 | 56.8 | 55.2 | 59.3
59.4| 55.7| 56.7 | 54.8 | 57.2 | 54.3
62.5(65.3| 653 | 653 | 564 | 74.2
63.5/60.5| 594 | 61.6 | 56.3 | 64.7
63.9(59.3| 59.3 | 59.3 | 63.7 | 54.9
64.0| 63.6| 62.7 | 645 | 61.1 | 66.2
649644 643 | 645 | 63.8 | 651
65.5|63.4| 64.0 | 62.7 | 73.2 | 53.6
65.7/69.9| 71.8 | 68.0 | 66.0 | 73.8
68.7| 63.6| 645 | 62.6 | 67.9 | 59.3
68.8(69.3| 69.7 | 68.9 | 655 | 73.1
69.2169.2| 714 | 67.1 | 64.7 | 73.8
69.7| 69.7| 70.2 | 69.2 | 66.5 | 72.8
69.8|/ 66.7| 685 | 649 | 75.8 | 575
72.1|67.4| 671 | 67.7 | 722 | 62.6
7241718 71.8 | 719 | 68.1 | 755
76.4|729| 728 | 73.0 | 748 | 71.0
76.5|73.1| 739 | 722 | 749 | 713
216 | 144 | 72 72 72 72
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Notes

1. Thetablereportsaveragerankingsof the full setof forecastmethodsor modelslistedin Table
1. The averagerankingsin the pPrstcolumnof bguresare calculated for eachforecastmethod,
acrossatotal of 216 (= 3# 2# 2# 3# 2# 3) forecastof output(3: GDP growth, HPSgap, HP

gap), inRation (2: GDP in3ation, CPI in3ation), andinterestrates(2: T-bill rate,federalfunds
rate)at horizons(3) of h= 0Q, h= 1Q, andh = 1Y andsampleperiods(2) of 1970-84and1985-
05. The averagerankingsin remainingcolumnsare basedon forecastswith modelsthatinclude
particularvariablesor forecastof a particularvariable,etc. For example,the averagerankingsin

thesecondcolumnarebaseddn 144forecastof justoutputandinf3ation,with forecastof interest
ratesomittedfrom the averagerankingcalculation.

2. Seethenotesto Table2.

59



Table 13: Averagerankings in 1970-84and 1985-2005orecasts,
conditioned on output and inf3ation measures

avg. of univ., IDTR VAR(2)
avg. of univ., IDTR VAR(4)

avg. of univ., VAR(2), DVAR(2), TVP BVAR(2)
avg. of univ., VAR(4), DVAR(4), TVP BVAR(4)

avg. of univariate,VAR(2)

averageof all forecasts

avg. of univariate,VAR(4)

avg. of univariate, DVAR(4)

avg. of univariate, DVAR(2)
InterceptTVP BVAR(4)

VAR(2), inRationdetrending
InterceptTVP BVAR(4), #4 = .5,#= .0025
BDVAR(4)

TVP BVAR(4),#4= .5,#= .0025
TVP BVAR(4), #4 = 100Q# = .005
TVP BVAR(4), #4 = 1000# = .0001

TVP BVAR(4)

BVAR(4)

InterceptTVP BVAR(2), #4 = .5,# = .0025
InterceptTVP BVAR(2)

TVP BVAR(2),#4 = .5,#= .0025
BDVAR(2)

TVP BVAR(2), #4 = 100Q# = .005
VAR(4), inRationdetrending
DVAR(2)

avg. of VAR(2), rolling VAR(2)
TVP BVAR(2), #4 = 1000# = .0001
univariate

BVAR(2)

TVP BVAR(2)

DVAR(AIC)

VAR(AIC), inRationdetrending
VAR(BIC), inRationdetrending
BDVAR(4), rolling

VAR(2)

DVAR(BIC, by eq.&var.)
VAR(AIC, by eg.&var.)
DVAR(BIC)

DVAR(AIC, by eq.&var.)
DVAR(4)

BDVAR(2), rolling

VAR(4)

DVAR(2), outputdiff.

DVAR(2), rolling

using | using | using | using | using
“"In | HPS | HP | GDP | CPI
GDP | gap | gap ! !

21.1 | 12.7 | 16.3 | 16.7 | 16.7
16.8 | 89 | 144 | 13.0| 138
16.9 | 19.0 | 20.9 | 188 | 19.2
13.3 | 156 | 196 | 14.1 | 182
23.6 | 246 | 229 | 24.1 | 23.2
199 | 17.7 | 188 | 16.0 | 21.6
185 | 20.6 | 22.7 | 19.7 | 215
179 | 184 | 236 | 180 | 21.9
23.4 | 22.6 | 26.2 | 23.7 | 245
24.7 | 30.3 | 29.4 | 27.1 | 29.1
374 | 20.2 | 293 | 335 | 245
30.1 | 296 | 225 | 27.1 | 27.6
28.2 | 32.3 | 25.6 | 29.8 | 27.6
28.2 | 22.8 | 20.3 | 22.0 | 255
28.3 | 20.7 | 21.3 | 21.2 | 25.7
305 | 39.1| 239 | 315 | 30.8
254 | 34.1 | 285 | 27.8 | 30.8
315 | 417 | 254 | 33.3 | 324
35.2 | 406 | 334 | 36.7 | 36.1
329 | 41.7 | 409 | 38.3 | 38.7
315 | 33.7 | 29.7 | 29.8 | 334
29.2 | 40.8 | 33.2 | 34.7 | 34.1
306 | 30.1 | 29.8 | 27.0 | 334
360 | 258 | 33.1 | 319 | 313
28.8 | 319 | 33.1 | 33.0 | 29.6
36.2 | 46.6 | 37.1 | 43.8 | 36.1
360 | 495 | 344 | 415 | 384
358 | 37.0 | 36.6 | 34.3 | 38.6
369 | 52.0 | 36.0 | 43.2 | 40.0
322 | 439 | 39.8 | 379 | 394
319 | 324 | 349 | 30.6 | 355
405 | 25.7 | 323 | 36.6 | 29.1
47.7 | 33.5 | 38.7 | 439 | 36.0
38.2 | 429 | 34.1 | 38.6 | 38.2
372 | 472 | 385 | 47.3 | 34.7
40.8 | 37.0 | 228 | 34.8 | 32.2
316 | 442 | 359 | 39.0 | 355
410 | 349 | 35.7 | 38.6 | 35.8
359 | 351 | 322 | 374 | 314
341 | 353 | 36.3 | 334 | 37.1
40.3 | 51.7 | 41.0 | 43.7 | 45.0
375 | 454 | 40.0 | 40.0 | 419
43.6 | 37.2 | 474 | 445 | 41.0
39.2 | 404 | 38.1 | 40.0 | 385
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Table 13, continued: averagerankings,
conditioned on output and inf3ation measures

VAR(AIC)

VAR(2), full ESdetrending
VAR(BIC, by eq.&var.)
DVAR(AIC), outputdiff.
DVAR(4), outputdiff.
VAR(BIC), full ESdetrending
VAR(BIC)

DVAR(AIC), rolling

VAR(AIC), full ESdetrending
VAR(4), full ESdetrending
BVAR(4), rolling

BVAR(2), rolling

DVAR(BIC), rolling
DVAR(BIC), outputdiff.
DVAR(AIC, by eq.&var.), rolling
DVAR(2), outputdiff., rolling
DVAR(BIC, by eq.&var.), rolling
VAR(AIC), BIC interceptbreaks
avg. of VAR(4), rolling VAR(4)
VAR(AIC), AIC interceptbreaks
DVAR(4), rolling

DLS, VAR(2)

VAR(2), interceptcorrection
DVAR(BIC), outputdiff., rolling
DVAR(AIC), outputdiff., rolling
DLS, DVAR(2)

VAR(2), rolling

DVAR(4), outputdiff., rolling
DLS, DVAR(AIC)

VAR(AIC), interceptcorrection
VAR(4), interceptcorrection
DLS, VAR(AIC)

VAR(BIC), rolling

DLS, DVAR(4)

VAR(BIC, by eq.&var), rolling
VAR(AIC, by eq.&var.), rolling
VAR(AIC), rolling

DLS, VAR(4)

VAR(2), partialint. corr.
VAR(4), rolling

VAR(AIC), partialint. corr.
VAR(4), partialint. corr.

# of ranking obsewations

using
"In
GDP

using
HPS
gap

using
HP
gap

using
GDP
[

using
CPI

40.1
43.2
45.5
47.9
56.4
a47.7
47.1
41.2
42.0
41.4
48.8
47.5
50.4
50.3
42.9
55.1
50.0
51.8
50.4
56.2
45.3
56.5
59.1
64.9
61.5
55.4
61.6
67.6
62.3
63.6
64.3
66.8
64.4
64.8
64.3
66.6
70.5
68.8
66.8
70.7
70.7
72.1
48

441
32.6
53.2
38.4
35.9
42.3
63.8
38.4
35.8
42.0
57.0
60.1
49.8
47.7
39.8
47.2
49.2
44.4
57.2
45.7
46.9
57.5
51.0
62.2
47.8
57.7
67.7
49.7
60.3
59.0
60.0
62.5
72.8
62.9
74.8
72.6
72.9
64.5
57.8
75.0
67.4
66.1
48

36.0
46.6
35.7
49.1
42.9
49.2
45.7
41.2
49.2
53.5
49.9
56.7
47.0
58.7
40.7
60.9
41.5
46.4
48.3
45.1
51.7
56.3
70.0
67.8
62.5
54.1
66.6
64.2
55.3
68.3
68.9
60.9
72.6
63.0
68.8
68.5
65.5
66.8
77.5
69.7
80.5
81.2
48

45.4
41.6
47.1
38.5
42.5
44.5
57.3
33.9
43.3
44.5
50.8
53.5
49.7
55.1
42.0
54.3
49.2
53.1
49.6
51.5
45.9
56.5
59.0
65.5
48.8
54.4
65.3
58.5
56.2
64.7
62.9
62.6
72.0
61.7
69.8
71.0
69.0
65.5
68.0
70.5
74.2
73.7
72

34.7
40.0
42.5
51.7
47.7
48.2
47.0
46.6
41.4
46.8
53.0
56.1
48.4
49.4
40.2
54.4
445
41.9
54.3
46.5
50.0
57.0
61.0
64.4
65.7
57.0
65.3
62.5
62.4
62.5
65.9
64.2
67.8
65.4
68.8
67.5
70.3
67.8
66.8
73.1
71.6
72.5
72
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Notes
1. Theresultsin this tablearebasedon just forecastf outputandinf3ation (excluding forecast

resultsfor interestrates).
2. Seethenotesto Tables2 and12.
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Table 14: Accuracy of selectVAR forecastscomparedto SPFforecasts
(RMSEdn all cases)

GDP growth forecasts

1970-84 1985-2005

h=0Q | h=1Q | h=1Y |h=0Q | h=1Q | h= 1Y
SPF 2571 | 3.699 | 2.891 | 1.384 | 1.635 | 1.274
bestforecastrom 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 | 4199 | 2906 | 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 inRation 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
bestforecasfrom 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 inRation forecasts

1970-84 1985-2005

h=0Q | h=1Q | h=1Y |h=0Q | h=1Q | h= 1Y
SPF .823 | 1.278 .969
bestforecasfrom Table4 1.744 | 2427 | 2441 | 1.272 | 1.431 | 1.167
univariateforecast 2117 | 2.733 | 2970 | 1.347 | 1.475 | 1.247
TVP BVAR(4) 1935 | 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 | 2564 | 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
bestforecasfrom Table2 1.173 | 1.879 | 2.669 371 742 | 1.418
univariateforecast 1.305 | 2.098 | 2.821 379 77 | 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. Theforecasterrorsare calculatedusingthe prstbaailable (realbtime)estimatef outputand
inRationasthe actualdataon outputandinf3ation.

2. RMSEsfor SPFforecastof CPlinRationarenot reportedfor the 1970-84samplebecausehe
SPFdatadon®begin until 1981.

3. Seethenotesto Table?2.
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Table 15: Accuracy of SPFforecastscomparedto Greenbookforecasts,

in realtime data
(RMSEsdn all cases)

GDP growth forecasts

1970-84 1985-2000
h=0Q | h=1Q | h=1Y | h=0Q | h=1Q h= 1Y
SPF 2571 | 3.699 | 2.891 | 1.334 | 1.543 1.352
Greenbook 2.434 | 3.783 | 2.832 | 1.309 | 1.650 1.485
GDP infRation 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 inRation 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

inRationasthe actualdataon outputandinf3ation.

2. RMSEsfor forecastf CPlinRationarenot reportedfor the 1970-84samplebecausehe SPF

andGreenbooldatadon®begin until circa1980.
3. Seethenotesto Table?2.
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