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Aim

Tobuildasmall-scaleeconometricmodelforperformingshort-term
forecastsoftheItalianeconomy.Themodelshouldprovideforecastof
quarterlyGDPanditscomponentsfromthedemandside.

GDPforecastisobtainedtoaggregatingpredictionsofthevarious
components.Asupply-sideGDPpredictionisalsoobtained,supple-
mentingthatfromthedemandside.

Useasetofquantitativeandqualitativeshort-runindicatorstoget
predictionsforeachvariableinaVAR(VectorAutoregression)frame-
work.

Themodelfocusesonrealdevelopmentsintheeconomy,abstracting
fromprices,¯nancialandmonetarydevelopments.Itisnotableto
performsimulationsforpolicypurposes.
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Outline

²ReviewonmainBridge-Equationsapproaches

²Modellingstrategy

²Modelstructure

²Empiricalresults(forecastevaluation,encompassingproperties,role
toNArevisions)

²Conclusions
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Bridge-equationapproaches
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Bridge-equationmodels(1)

O±cialreleasesofquarterlynationalaccountsarepublishedwithsome
delay.ItalianNSIpublishesthe¯rsto±cialestimateofrealGDPabout
8weeksaftertheendofthereferencequarter.Thisdelaystandsinquite
somecontrasttotheneedfortimelyandreliableinformationonthe
stateoftheeconomy.

Toinferthemostrecentdevelopmentsoneconomicactivity,forecasters
payattentiontoshort-runinformationfromrelatedmonthlyindicators:
hard(suchasindustrialproductionandretailtradedata),soft(business
surveys),¯nancialvariables,compositeindicators.

Incorporatingmonthlyindicatorsintoforecastingmodels(bridge)may
leadtoconsiderableimprovementsincurrent-quarterpredictions(now-
cast).SedillotandPain(2003)provideasurveyonindicatormodelsof
realGDPgrowthadoptedinselectedOECDcountries.
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Single-equationmodels(2)

SEmodelsaretypicallyderivedfromunrestrictedAutoregressiveDis-
tributedLagmodels(ARDL[p,q]).RealGDPgrowthisregressedonsur-
veydataorothermonthlyindicatorsaggregatedtoaquarterlyfrequency.
Theunrestrictedmodelhastheform:

½(L)¢yt=
X

j
±j(L)xj;t+"t

Currentlyusedtoprovideaforecastforgrowthinthecurrentquarter
(nowcast)whenindicatorsareavailablebutGDPisnot(conditional
forecast).Aconditionalforecastwouldbeexpectedtoproduceamore
accurateoutcomethanunconditionalmodels.

Drawbacks:Reducedlengthoftheforecasthorizon(upto1step
ahead).SolutionasinGrassmanandKeyreman,tosequentiallylag
availableinformationtoincreasetheforecasthorizon.
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VARmodels

Vectorautoregression(VAR)modelscombinevariableindicatorsand
GDPgrowth.Usedtocircumventthedelaysfromwaitingfornew
quarterlydataontheindicatorvariables.TheVARmodelcanbewritten
asfollows:

yt=º+A1yt¡1+A2yt¡2+:::+Apyt¡p+"t(1)

AsingleVARmodelcanbeusedtoprovidemulti-periodforecastswhen
dataforbothGDPandtheindicatorvariablesarenotavailable(uncon-
ditionalforecast)whilsttheSEbridgemodelcanberunonlyforone
quarteratatime(asdatafortheindicatorbecomeavailable).

Drawbacks:poorpredictiveaccuracysincedonotincludeallrecent
availableinformationforthepredictiononthecurrentquarter(nowcast).

Solutions:toestimateconditionalVARmodels(BVAR)canbeusedto
provideaforecastwhen(some)indicatorsareavailablebutGDPisnot
(RobertsonandTallman,1999).
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Combiningmonthlyandquarterlydata

Increasingstudiesaddressexplicitlythemeansofincorporatingnew
monthlyinformationthatbecomesavailablewithinthequarterfor
whichgrowthprojectionsarebeingmade.Thismethodologyhasbeen
adoptedtofacethelimitsofbothSEandVARapproaches.

²single-equation:Themissinghighfrequencyinformationforthe
currentquarter(and,potentially,forthefollowingquarter)isproject-
edusingmonthlyauxiliarymodels(univariatemodels,multivariate
modelswithsurveys).Thisapproachallowsustoobtainpredictions
basedonincompletemonthlyinformation.

Studieswhichdealwiththee±cienttreatmentofnewmonthlyinfor-
mationthatbecomesavailablewithinthequarterareinRathjensand
Robins(1993),IngenitoandTrehan(1996),Stark(2000).Zheng
andRossiter(2006)forCanada.RÄunstlerandS¶edillot(2003)was
the¯rstresearchfortheeurozone.
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²VARframework:SalazarandWeale(1999)presentatechniquefor
estimatingaVARonmonthlydata,makinguseofinterpolatedesti-
matesofGDPandcorrectingfortheimpactofmeasurementerror.
Testwhetherthemodelestimatedfromtheinterpolatedmonthly
datacontainsinformationabsentfromthequarterlyVAR.

ReynaudandSherrer(2002)employVARmodelintheblockrecur-
siveform.Thisrepresentationallowstoperform,foragivenperiod,
multipleforecasts(upto5foreachquarter)basedonadditionalinfor-
mation(innovations).Tocomparethosesequentialforecastprovides
ameasureofthenewadditionalshort-terminformation.

Camba-Mendezetalii(2001)proposeanAutomaticLeadingIn-
dicator(ALI)model:VARaugmentedwithfactorsextractedfrom
adynamicfactormodeltosummarisetheinformationcontentofa
poolingofvariables.Resultsshowthattheforecastingperformance
ofALImodelissigni¯cantlybetterthanthatoftraditionalmodel
selectioncriteriawithVARs.Thisstudyiscarriedoutusingquaterly
dataforFrance,Germany,ItalyandtheUnitedKingdom.



ModelsforGDPandComponents

Empiricalstudiesconcerningtheshort-termforecastingofGDPandits
components:Trevor,Thorp(1988;Australia);Ba±gietal.(2004)for
theeurozone;ParigiandSchlitzer(1995),Bovietal.(2000;BEEF)
forItaly;IracandS¶edillot(2002;OPTIM)forFrance.

²ThemajorityofthesemodelsarebasedonSEincludingsoftand
¯nancialindicators,otherthanthequantitativeones.Alsoinclude
factorsfromapoolingofvariables(OPTIM).

²Reducedforecasthorizonbecausebasedonquarterlyaggregates
ofmonthlyindicators.

²Togetmulti-stepforecast,theyrequireindicatorsforecasting.
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Thismodel
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VARApproach

Basicideaistogetshort-runforecastsofquarterlyGDPanditscom-
ponentsbymeansofasetofshort-runindicatorsinaVARcontext.

TheapproachreliesonunconditionalVARmodels.Thisallowustoface
thedrawbackofthelimitedforecastinghorizonperformingmulti-step
forecasts(upto4stepsahead).

Donotinclude¯nancialvariablesforpredictionnorfactorsfromdy-
namicfactormodels(asinCamba-Mendezetal.andinIracandSµedillot
inOPTIMmodelforFrance.)

(Oneof)themainlimit(s)isthepoorpredictiveaccuracyforthe
currentquarter,sincethenowcastisobtaineddonotusingthe(even
partial)availableinformation.
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Toaccountforthisdrawbackandevaluatethelackofpredictivepowerof
thenowcast,wede¯neasetofconditionalsingleequationmodelsfor
thecurrentquarter,sotogetconditionalforecasts.Thebridgemodels
arespeci¯edforthemainNAvariablesofinterest.

WeevaluatethepredictiveaccuracyofVARmodelsversusSEand
univariatebenchmarkmodelsintermsofbothex-postin-sampleforecast
evaluationandencompassing.



Unconditionalversusconditional

AspredictionsforeachNAvariableareobtainedthroughsmall-scale
VARs,thisimpliesanadditionalimplicationinbothestimationand
forecasting:thestrongexogeneitycondition.

Forin-samplestatisticalinference,onlyweakexogeneityisrequiredto
supporttheconditioningonthenot-modeledvariables.Formulti-step
forecasting,strongexogeneityisessential(Engle,HendryandRichard,
1993).

OneaspectofstrongexogeneityisGrangernot-causality.Itisanec-
essarythoughnotsu±cientconditionforstrongexogeneity,suchthat
rejectionwouldrejectthevalidityoftheconditioningforforecasting.

Distortionarye®ectsofinvalidconditioningonmulti-stepforecastper-
formance(Clemens,Hendry,1999).Onewayroundthedi±cultiesen-
tailedbyconditioningistorequirethatallthevariablesareendogenized
inanyforecastingexerciseusingVARmodels.
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Modellingstrategy
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Indicators

Availabilityofindicatorvariablesislimitedbythenecessityofhaving
timelyinformationcloselyrelatedtothephenomenatopredict.Some
ofthemarefairlystandardandincludesocalledharddata.

SoftindicatorsaremainlyderivedbytheISAEsurveysonmanufactur-
ing,constructionandhouseholdssectors.Indicatorsrecordeconom-
icagentsassessmentonboththecurrentdevelopmentofeconomic
variablesandtheirshort-termexpectations.

Donotuse¯nancialvariablesandfactorindicatorsfromdynamicfactor
models.Inourstatisticalapproachesdonotcombinequarterlyand
monthlyfrequencydata(asinSalazarandWeale,1999).

Selectioncrteria:Variablesareselectedtosatisfyhighcorrelation
andconventionaldiagnostictestsinquarterlymodels.Theleading
propertiesplaysanimportantroleinthesingle-equationframework.
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StatisticalTreatment

Beforebeingusedinthemodel,allthepredictorsaretreatedsotobe
consistentwithNAaggregates(chain-linked,seasonallyandworking
dayadjusted).

First,potentialoutliersaredetectedinrawdatabyusingtheTramo-
Seatsprocedure(G¶omezandMaravall,1997).Secondly,WDadjust-
mentonlyappliestohardindicatorsavailableatmonthlyfrequency.Fi-
nally,seasonaladjustmentappliestoquarterlyaveragesof(eventually
wdadjusted)monthlyseries.

Thisprocedurealsoappliestosurveyindicators(exceptwdadjust-
ment).Awideliteraturestressedthefactthatseasonalityinbusiness
surveydatashouldbeconsideredasspurious.Andalsoinvestigatethe
potentiallystationarynatureoftheseasonalcomponentofqualitative
variables(Franses,1996,Proietti,2000).

Followingaconsolidatedpractice,quantitativevariablesareexpressedin
logs.Allvariablesaredi®erencedtogetstationarity.
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FunctionalForms(1)

VARmodelsarespeci¯edusingdi®erenced(stationary)timeseriesand
areoftheform:

¢yt=®+¯1¢yt¡1+¯2¢yt¡2+:::+¯q¢yt¡q+Ádett+½ICt+"t(2)

where¢ytisavectorofvariables,¢=(1¡L)(DVAR),dettisan
additionaldeterministiccomponent(additivedummies)andICtisthe
interceptcorrectionterm.

Modelsdonotincludethelong-runterm.ClementsandHendry
(1995)showthat,ingeneral,thistermdoesnotsigni¯cantlyimprove
themulti-stepsforecastsofthechangesinthevariables.

Thereductionprocessisbasedontestingsequentialjointrestrictions
ontheparametersoftheVARequationsuntilthenullisrejectedand,
testingforcorrectspeci¯cation.
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Di®erencingandinterceptcorrectionshelptoo®setsomeformsof
forecastfailure,yethavenocausalbasis,butessentiallyduetonot-
modeledshiftsindeterministicfactors.

Interceptcorrections(ICs)aredata-basedshiftfactorsthatchangethe
meanofamodelovertheforecastperiodrelativetoitsin-samplevalue.

SinceICscaneliminaterecentdeterministicshifts,theyareapotential
remedyforbreaksthathaveoccurred;aconditioninwhichthestat-
icone-step-aheadforecastssystematicallyoverestimate(underestimate)
therealizedvalues.

Formulti-stepforecasting,we¯ndappropriatetoincludeanadjust-
mentre°ectingtheaveragestaticpredictionerroroftherecentpast
(Busetti,2001).



Functionalforms(2)

Single-equationsspeci¯cationarederivedfromanunrestrictedAutore-
gressiveDistributedLag(ARDL[p,q])model.NAvariablesareregressed
ontheirpast,oncurrentandpastvaluesofrelatedindicatorsaggregated
toaquarterlyfrequency:

¢yt=®+
pX

i=0
°i¢yt¡i+

qX

j=1
¯j¢xt¡j+±dt+"t

where¢=(1¡L)isthe¯lteringappliedtothelogofdependentvari-
ableandtotheexogenousvariablesspeci¯ctoeachmodel,dtarethe
deterministiccomponents,"ttheidiosyncraticerrorterm.

Reducedmodelstaketheformofconditionalbridgeequationmodels.
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Modelreduction:i)eachgeneralunrestrictedmodelincludesupto
the4thlagoftheindependentanddependentvariables;ii)theGeneral
toSpeci¯capproachformodelreductionisperformedrunningPc¡Gets
(KrolzigandHendry,2001).

Wedonotmakepredictionofindicatorstocompensateforthelack
ofmonthlyinformationinthecurrentperiod.

SEmodelscanbee®ectivelyusedattheendofthecurrentquar-
ter,whentheinformationonindicatorsisfullyavailablebutnotonNA
variables.

Weusethesemodelsand,theunivariateones,essentiallytoimprove
theevaluationof1-step-aheadforecast(nowcast)comingfromVARs.



Threemaincriteria

Stationarity.TheparametersintheVARmustbesuchthatthesystem
isstationaryandnotexplosive.Thisamountstocheckthattheeigen-
valuesoftheautocorrelationmatrixinaVAR(1)representationofthe
systemareallsmallerthanone.

Speci¯cationtests.Theerrortermofin-sampleestimatesmustsatisfy
theusualproperties(normality,noserialcorrelation,parameterstability,
functionalform).

Grangercausality.IndicatorsincludedintheVARmustnotbeexoge-
nouswithrespecttothevariabletopredict.Otherwise,VARmayreduce
toaSEmodel(asinBa±gietal.(2005)).

Ifthenullofno-Grangercausalitycannotberejected,weconcludethat
indicatorsdonothavepowertoexplainthegrowthofthereference
variable.
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ModelStructure
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ModelStructure(1)

Thegoalistopredict(upto4-steps-ahead)thedevelopment(q-on-q)
ofthemainNAaggregates,chain-linked(2000=100),seasonallyand
working-dayadjusted.

Toaccountforthelackofadditivity,wefollowatwostepsprocedure.
First,theforecastofeachcomponentisperformedusingVARmodels.
Secondly,thepredictionofthemainaggregateisobtainedtroughan
auxiliaryregression(single-equation)includingthe¯rststepforecastsas
regressors.

Changesinstocksarenomoreprovided(atleastforItaly).Butits
forecastplaysanimportanttogetamoreaccurateGDPpredictions.The
di®erencebetweentheo±cialGDPestimatesandthesummingupits
componentsconsistsoftwomainaggregates:thestatisticaldiscrepancy
and,thetrueseriesofchangesinstocks.
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Wemodelthisdi®erence.Asingle-equationwithindicators(related
tothechangesinstocks)andMAerrorsisestimated.Weassumethat
theMAcomponentcapturesthestatisticaldiscrepancy.Anestimatesof
changesinstocksisobtainedasthestructural¯toftheequation(net
oftheMAspeci¯cation).

ThemodelprovidestwoGDPforecasts.Fromthedemandside,itis
obtainedastheresultofthepredictionofitsmaincomponents(indirect
forecast).Fromthesupplyside,GDPispredicteddirectlyusing
sectoralindicators.

Overall,themodelconsitsof12VARs,8single-equationmodelswith
indicators,1univariateequation(GovernmentConsumption).
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ModelStructure

AggregatesVARSEARIMA
Consumption431

Investment31

Exports21

Imports21

Stocks1

GDP11
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Consumption

AggregatesModelsLagsIndicators
C1Not-DurablesVAR2Con¯denceclimate

C2DurablesVAR1Vehiclesreg.,conf.climate,orders(BS),

IPcons.goods

C3Semi-DurablesVAR3con¯denceclimate

C4ServicesVAR2Vehiclesreg.,IPconstructionsector

CFTERNationalSEC1,C2,C3,C4

CFAMPrivateSECFTER

CCONSGovernmetARIMA

CFINFinalSECFAM,CCONS
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Investments

AggregatesModelsLagsIndicators
I1MachineryandEquipmentVAR1Ordersinv.goods(BS),IPinv.goods,

businessclimate,US$/euroexch.rate

I2TransportVAR2IP,autoandcomm.vehiclesreg.

I3ConstructionVAR2IPconstructionsect.

INVFLGrossFixedSEI1,I2,I3
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ExportsandImports

AggregatesModelsLagsIndicators
Exports

X1GoodsVAR1Nominalexch.rate,exports(vol.)

X2ServicesVAR2Nominalexch.rate,IPGermanyandUS

XBSExportsSEX1,X2

Imports

M1GoodsVAR2Domesticdemand

M2ServicesVAR2Nominalexch.rate,importsofgoods

MBSImportsSEM1,M2
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Changesinstocks

AggregatesModelsLagsIndicators
SStocksSEDomesticdemand,Importsofgoods,

IPt¡2(investmentgoods),MA(4)
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GDP

AggregatesModelsLagsIndicators
Demandside

GDPdDemandSECFIN,INVFL,XBS,MBS,S

Supplyside

GDPsSupplyVAR2IP,IPconstructionsect,employment

servicessect.
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Out-of-SampleForecasting
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EmpiricalResults

²Forecastevaluation

²Encompassingtests

²Pseudoreal-timeevaluation(roleofNArevisions)
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ForecastEvaluation

Ex-postin-sampleforecastevaluation.Wechoosebetweenanumber
offorecastingschemes.Estimatedcoe±cientsare¯xedattheirin-
samplevaluesforthewholeex-postforecasthorizon;updatedrecur-
sivelyastheperiodunfolds.Inordertosimulatethee®ectofsuccessive
estimations,wewillalsolookattheresultsofrollingestimates.

Theforecastevaluationexerciseiscarriedoutintheperiod[2005:q2-
2007:q1].Foreachmodel,afullsetof8predictionsatseveralsteps
ahead(h=1,...,4)isobtained.

TheanalysisofforecastaccuracyiscarriedoutintermsofRMSFEand,
usingboththerecursiveandrollingschemes.Theaimistoassestowhat
extentthesmallerRMSFEcouldbeattributedtosamplingvariability.
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GDP(RMSFE)

(recursive)currentquarter1-stepahead2-stepsahead3-stepsahead

GDPd0.0040.0010.0020.003

GDPd;stocks0.0050.0010.0010.001

GDPs0.0050.0040.0040.004

ARIMA0.0050.0050.0040.004

SE0.003

SEstocks0.005

(rolling)

GDPd0.0040.0010.0020.003

GDPd;stocks0.0060.0010.0010.002

GDPs0.0050.0040.0030.004

ARIMA0.0060.0050.0030.004

SE0.003

SEstocks0.004
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MainResults

At1-step-ahead,conditionalSEmodelsoutperformmodelforecasts
(bothfromthedemandandsupplyside).

Astheforecasthorizonincreases(multi-stepcontext),GDPmodel
fromthedemandside(includinginventories)performssigni¯cantlybetter
thanrivalspeci¯cations.

ThesameappliesinbothrecursiveandrollingschemeforthemainGDP
components(exceptConsumption).

WithregardtotheGDPcomponentsandforh>1,theperformanceof
forecastingmodelsforConsumptionandImportsdonotsigni¯cantlydif-
ferfromtheunivariatebenchmark.ModelsforInvestmentsandExports
outperformtheARIMAbenchmark(alsoat1-step-ahead).
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Consumption(RMSFE)

Consumption(recursive)currentquarter1-stepahead2-stepsahead3-stepsahead

VAR0.0020.0020.0020.002

ARIMA0.0020.0020.0020.002

SE0.002

Consumption(rolling)

VAR0.0020.0020.0010.002

ARIMA0.0020.0020.0020.002

SE0.002
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Investments(RMSFE)

Investment(recursive)currentquarter1-stepahead2-stepsahead3-stepsahead

VAR0.0150.0080.0120.013

ARIMA0.0140.0140.0130.014

SE0.008

Investment(rolling)

VAR0.0150.0090.0120.013

ARIMA0.0150.0140.0140.012

SE0.008
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Exports(RMSFE)

Exports(recursive)currentquarter1-stepahead2-stepsahead3-stepsahead

VAR0.0180.0130.0090.011

ARIMA0.0200.0190.0190.019

SE0.021

Exports(rolling)

VAR0.0190.0170.0040.010

ARIMA0.0210.0200.0210.019

SE0.021
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Imports(RMSFE)

Imports(recursive)currentquarter1-stepahead2-stepsahead3-stepsahead

VAR0.0140.0100.0110.0010

ARIMA0.0110.0100.0090.011

SE0.012

Imports(rolling)

VAR0.0150.0100.0100.011

ARIMA0.0120.0110.0110.011

SE0.013
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Encompassingtests

Basicquestion:testwhethertheforecasterrorsofmodelMAisex-
plainedbytheforecastsfrommodelMB.Underthenull,theforecast
errorsareinnovations,henceunpredictablebythecompetingmodelMB,
whichisencompassedbymodelMA.

Alternatively,ifMBisinformative,errorsfrommodelMAarepredictable.
ToexclusivelyrelyonMAgetsalossofinformation.

Weusethemodi¯edDiebold-Marianotestofequalpredictiveaccuracy
(Harvey,Leybourne,Newbold,1998):iftheforecastfromMAencom-
passestheforecastfrommodelMB,thenthecovariancebetweeneAand
(eA¡eB)is·0.Ifthecovarianceis>0,thenullofencompassingis
rejected.
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Theteststatisticsisthefollowing:

HLN=
¹d

q
var(¹d))

whered=eA;t(eA;t¡eB;t)and¹d=n¡1
Pn

t=1d.Underthenull,HLN
statisticshasanasymptoticstandardnormaldistribution.



GDP-nowcast

Recursive
nowcast

DEMSUPSESEsupARIMA

DEM0:394
(0:693)

4:201
(0:000)

8:653
(0:007)

¡1:038
(0:299)

SUP3:353
(0:001)

3:801
(0:000)

6:584
(0:000)

1:872
(0:061)

SE¡0:954
(0:340)

1:278
(0:201)

4:384
(0:000)

1:573
(0:116)

SEsup1:460
(0:144)

0:628
(0:529)

1:855
(0:063)

0:784
(0:433)

ARIMA3:382
(0:001)

3:239
(0:001)

3:960
(0:000)

5:639
(0:000)

(p-valuesinbrackets)
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GDP-3-steps-ahead

RecursiveDEMSUPARIMA

DEM0:307
(0:759)

0:059
(0:953)

SUP3:444
(0:001)

0:791
(0:429)

ARIMA3:678
(0:000)

3:678
(0:000)

(p-valuesinbrackets)
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MainResults

Forthecurrentquarter,theinformativecontentofthepredictions
fromthedemandsideencompassesthatfromthesupplyside;though
GDPforecastsfromboththedemandandsupplysideshowsimilar
RMSFE.ConditionalSEmodelsencompassalltheothersand,SEsupply
encompassesSE.

VARsshowalackofpredictivepowerforthenowcast.Opportunityto
selectseveralpredictionsforthecurrentquartertogetamostaccurate
(e±cient)GDPforecast.

AdvantageofmodelcombinationseemsalsotoemergeforGDPcom-
ponents(conditionalSEmodelsmarginallyencompassesalltheothers).
ExceptExports,forwhichModelforecastsencompassesalltheothers.
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Whenh>1,GDPforecastfromthedemandsideencompassesthose
basedonsupplyindicatorsandtheARIMAbenchmark.

ThisconclusiondoesnotappliestoGDPcomponents.Theencompass-
ingtestsarenotconclusivetoindicatethesuperiorinformativecontent
ofModelforecasts.Itemergestheopportunityofforecastcombiningup
to1stepahead.ModelforecastencompassestheARIMAbenchmark
onlyoverlongerforecastinghorizons.



Consumption

Recursive
nowcast

ModelSEARIMA

Model2:552
(0:011)

2:320
(0:020)

SE1:653
(0:098)

1:992
(0:046)

ARIMA4:008
(0:000)

2:953
(0:003)

(p-valuesinbrackets)

stepsahead123

Modelvs.ARIMA2:013
(0:044)

6:102
(0:211)

0:788
(0:431)

ARIMAvs.Model3:611
(0:000)

2:346
(0:019)

4:161
(0:000)

(p-valuesinbrackets)
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Investments

Recursive
nowcast

ModelSEARIMA

Model4:342
(0:000)

2:857
(0:004)

SE¡0:546
(0:585)

3:787
(0:000)

ARIMA2:951
(0:003)

4:368
(0:000)

(p-valuesinbrackets)

stepsahead123

Modelvs.ARIMA¡3:047
(0:002)

3:035
(0:412)

0:305
(0:761)

ARIMAvs.Model3:035
(0:002)

2:368
(0:018)

3:478
(0:001)

(p-valuesinbrackets)
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Exports

Recursive
nowcast

ModelSEARIMA

Model0:881
(0:378)

0:582
(0:561)

SE2:875
(0:004)

3:342
(0:001)

ARIMA2:050
(0:040)

2:850
(0:004)

(p-valuesinbrackets)

stepsahead123

Modelvs.ARIMA1:227
(0:220)

¡0:281
(0:779)

0:519
(0:604)

ARIMAvs.Model4:687
(0:000)

6:848
(0:000)

4:612
(0:000)

(p-valuesinbrackets)
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Imports

Recursive
nowcast

ModelSEARIMA

Model6:216
(0:000)

6:570
(0:000)

SE1:679
(0:093)

3:591
(0:000)

ARIMA¡0:202
(0:840)

0:305
(0:760)

(p-valuesinbrackets)

stepsahead123

Modelvs.ARIMA3:374
(0:001)

3:933
(0:803)

2:159
(0:314)

ARIMAvs.Model4:687
(0:000)

0:249
(0:000)

3:139
(0:002)

(p-valuesinbrackets)
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Short-runforecastandreal-timedata

NSIsoftenreviseGDPdata(andrelatedcomponents)becauseofsta-
tisticalandde¯nitionalchanges.Statisticalchangesstemfromthe
availabilityofadditionalinformationandgenerallyonlyconcernthemost
recentquarters.De¯nitionalchanges(baseyear,methodologicalre-
formssuchaschangesinclassi¯cation)aremorepervasive,occurat
discretetimes,involvesaretrospectivechangeofthewholehistorical
sample.

OuraimistoinfertheimpactofNAdatarevisionsontheforecasting
abilityofourmodels.Tothisaim,weneed:areal-timedatasetrepre-
sentingthedataavailabilityatanygivendateinthepast;anumberof
competingmodels.

Wideliterature:Robertson,Tallman(1998),Evans(2005),Diron
(2006),Busetti(2001),Golinelli,Parigi(2006),Giannone,Riechlin,Small
(2006).Webuildthereal-timedatasetasinGolinelli-Parigi(2006).
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Wede¯neeachGDPseriesofthereal-timedatasetasy
r;v
twherer=1,

2,...,T+fisthereleaseindex;v=1,2,...,fisthevintageindex(flabels
thelatestavailablevintage);t=1,2,...,T+fistheperiodindex.

Inthedatamatrixrowsareperiods,columnsarevintages(i.e.yvisthe
GDPtimeseriesovertheperiod1toT+vpublishedbythestatistical
agencyinitsissuev),anddiagonalsarereleases(oroutturnsasin
Golinelli-Parigi,2006).

Thesequenceofobservationsy
1;1
T+1,y

1;2
T+2,y

1;3
T+3,...,y

1;f
T+fisthe¯rst

releaseofGDPdatathathaveneverbeenrevised;thetimeseriesof
thesecondreleasey2;vcontainsdatathathaveallbeenrevisedonce,
andsoon.



Thereal-timedataset

vintages,v

period,t123...f

1y
T+1;1
1y

T+2;2
1y

T+3;3
1...y

T+f;f
1

2y
T;1
2y

T+1;2
2y

T+2;3
2...y

T+f¡1;f
2

3y
T¡1;1
3y

T;2
3y

T+1;3
3...y

T+f¡2;f
3

..................

T-1y
3;1
T¡1y

4;2
T¡1y

5;3
T¡1...y

f+2;f
T¡1

Ty
2;1
Ty

3;2
Ty

4;3
T...y

f+1;f
T

(2005:4)T+1y
1;1
T+1y

2;2
T+1y

3;3
T+1...y

f;f
T+1

(2006:1)T+2.NAy
1;2
T+2y

2;3
T+2...y

f¡1;f
T+2

(2006:2)T+3.NA.NAy
1;3
T+2...y

f¡2;f
T+2

.....................

(2007:1)T+f.NA.NA.NA...y
1;f
T+f



Webuildthismatrixintermsofgrowthratesinsteadoflevels.The¯rst
releaseforeachNAvariable(GDPandcomponents)isthesequenceof
thegrowthratescomputedonthepreliminaryseriespublishedbythe
statisticalagency.

AsinGolinelli-Parigi(2005),theindicatorsdatasetisnotorganizedby
vintages:someofthemarenotusuallyrevised(businesssurveys);hard
indicatorsareheld¯xedatthelatestavailablevintageatthetimethis
exercisehasbeenperformed.

Numberofcompetingmodels.Foreachvintageandreferencevari-
ables,weconsider:theVARmodels,theSEbridgemodels,theunivari-
ateARIMAspeci¯cations.Theirspeci¯cationsareheld¯xedoverthe
vintagesandthesampleperiods.

Tomeasurethee®ectofNArevisionsonmodel'spredictiveaccuracy,
wecarryouttwopseudo-real-timeexercises.



Firstofall,wetakeeachmodelvaryingfromonevintagetotheoth-
er:1-quarter-aheadforecastsforeachvintageareobtainedfroma
recursiveprocedure.

Firstexercise:theone-quarteraheadgrowthratepredictionsarecom-
paredwiththe¯rstrelease.Onthebasisoftheone-quarterahead
forecasterrors,wecomputeanumberofalternativemeasuresofforecast
evaluationforallmodels(ME,MAE,RMSFE).

Secondexercise:theone-quarteraheadforecastsarecomparedwith
themostrecentavailablevintage(actualseriesbeforeabenchmark
revision).Thisexerciseallowstosimulatewhathappenintheforecasting
practices,whenpredictionsarecomparedwiththemostrecentdata.

Additionally,wealsoconsiderthepredictivecontentofthe¯rstre-
lease(neverrevised)vs.thelatestavailablevintage.Thedi®erencebe-
tweenactualandthe¯rstreleaseistheforecasterrorofthe¯rstrelease.



Giventhemethodologicalhomogeneityacrossseveralvintages,theerror
embodiesonlystatisticalchangesduetonewinformationavailability.

WetakepreliminarygrowthratesaspredictionsoftheactualGDP
data,andassesstheirforecastingabilitywithrespecttoanumberof
alternativemodels.

We¯ndthatthepredictionoftheactualavailabledatacouldbesigni¯-
cantlyimprovedbycombiningthepreliminaryreleasesand1-step-ahead
forecastsfromtheModel.



Forecastingabilitycomparisonwithrespecttothe1strelease

RMSFEMAEMAPEME

GDPdModel0.0040.0031.129-0.003

ARIMA0.0040.0046.732-0.001

ConsModel0.0040.0031.4900.000

ARIMA0.0030.0021.1220.000

InvModel0.0090.0080.5600.000

ARIMA0.0130.0120.7860.001

ExpModel0.0190.0140.634-0.008

ARIMA0.0210.0171.149-0.007

ImpModel0.0110.0120.894-0.004

ARIMA0.0100.0080.695-0.002



Forecastingabilitycomparisonwithrespecttothelatestavailablevintage

RMSFEMAEMAPEME

GDPdModel0.0040.0040.876-0.003

ARIMA0.0050.0052.005-0.001

FirstRelease0.0010.0010.2620.000

ConsModel0.0030.0041.4510.000

ARIMA0.0030.0020.8670.001

FirstRelease0.0010.0010.2750.000

InvModel0.0060.0050.5960.000

ARIMA0.0130.0121.1220.000

FirstRelease0.0050.0030.713-0.001

ExpModel0.0190.0150.732-0.008

ARIMA0.0210.0181.195-0.007

FirstRelease0.0040.0030.1870.000

ImpModel0.0120.0131.421-0.003

ARIMA0.0100.0080.919-0.001

FirstRelease0.0050.0040.6830.001



Conclusions
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Forecastevaluation:At1-step-ahead,conditionalSEmodelsoutper-
formModelforecasts(bothfromthedemandandsupplyside).VARs
outperformtheothersforlongerforecasthorizons(h>2).

Forecastencompassing:At1-step-ahead,conditionalSEmodelsen-
compassalltheothers.Opportunitytoselectcurrentpredictionsfor
combiningandgetthemostaccurate(e±cient)GDPforecast.Advan-
tageofmodelcombinationseemsalsotoemergeforGDPcomponents.

Whenh>1,GDPmodelfromthedemandsideencompassesthosebased
onsupplyindicatorsandtheARIMAbenchmark.ForGDPcompo-
nents,theencompassingtestsarenotconclusive:opportunityoffore-
castcombiningupto2stepsahead.Modelforecastencompassesthe
ARIMAbenchmarkonlyforh>2.

RoleofNArevisions:We¯ndthatthepredictionoftheactualavail-
abledatacouldbesigni¯cantlyimprovedbycombiningthepreliminary
releasesand1-step-aheadforecastsfromtheModel.
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