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Abstract

This paperquantifiestheimportanceof heterogeneityn regionalhousingmarketsfor the conduct
of monetarypolicy usinganewvw modelcalleda heterogeneous-ageviR (HAVAR), which gener
alizesconventionalmacroVARs. The HAVAR modelintegratesa nationalmonetaryauthorityand
financialmarket with regional housingmarkets,imposingexactaggreation. Monetarypolicy is
transmittedo the nationalto regionalmarketsvia the mortgagerate. Althoughthe HAVAR model
is basedon linearregional VARSs, its aggreateimpulseresponsegxhibit two nonlinearities:(1)
time variation,stemmingfrom aggreationover heterogeneousegions;and(2) statedependence
on initial economicconditionsin regions. Thus, the effects of monetarypolicy on the economy
dependon the extentandnatureof regional heterogeneitywhich vary over time. Usinglongitu-
dinal datafor a subsamplef detailedU.S. regions,we estimatethe effectsof time variationand
statedependencen the dynamicresponsesf the HAVAR model. The estimatednodelprovides
plausibleandtangibleexplanationdor “long andvariable”lagsin monetarypolicy. To provide a
policy-relevantillustration,we shav how coastahousingpoomsinfluencetheefficacy of monetary

policy.
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1 Intr oduction

A widely heldcornventionalview is thatmonetarypolicy shouldfocusonly on aggregateeconomic
conditionsbecausét cannotcontrolor targetthe conditionsof particulargeographiaegions. This

paperexamineghelargely overlookedflip sideof this corventionalview. Regionaleconomiacon-
ditionscan(anddo) significantlyinfluenceaggreyateresponseto monetarypolicy actions for two

simpleandintuitive reasonsFirst, economicsensitvity to monetarypolicy variesacrossegions,
asshown recentlyby CarlinoandDeFina[7], [8]. Secondgconomicconditionsprevailing atthe

time of monetarypolicy actionsvary acrosgegions,aswe show later. For bothreasonsaggreate
dynamicresponse$o monetarypolicy actionsarenonlinearsothe magnitudeanddurationof the

responsesary overtime.

In otherwords, althoughmonetarypolicy cannottamget regional economicperformancere-
gional heterogeneitynay matterfor the efficacy of monetarypolicy. For example,the extentto
whichtheeconomyslowsin responséo amonetarytighteningwill dependnissuesuchaswhich
regionsaregrowing fastestandwhetherthe mostrapidly expandingregionsarethe mostinterest
sensitve. More generally the aggreateeffectsof monetarypolicy dependon the distribution of
regional sensitvities to monetarypolicy andon the initial distribution of regional economiccon-
ditions at the time of monetarytightening. Both distributionsvary over time, so small changes
in the configurationof heterogeneitycan produceeconomicallysignificantchangesn aggreate
responses.

To evaluatethe importanceof this idea, we develop a macroeconometriramevork calleda
heterogeneous-agewnector autorgression(HAVAR) model! The HAVAR modelis a blend of
VAR modelsfrom two literatures.At the aggreatelevel, the HAVAR modelis analogoudo the
classof monetaryVAR models,describedn Christiano,EichenbaumandEvans[12], which ap-
proximatethe reduced-formsf small-scalestructuralmacromodels? At the disaggregatelevel,
the HAVAR modelis analogoudo VAR modelsof international regional andindustrial hetero-

1This namereplaceshe aggreyationvectorautorgressionAVAR) terminologyusedin previous versionsof the

paper We thankJohnKeatingfor pointingout theacrorym conflict with asymmetricvAR models.
2Indeed the HAVAR modelframenork is fully applicableto structuralmodelsof monetarypolicy suchasFuhrer

andMoore [22]; Chari, Christiano,andKehoeg[10]; King andWolman[34]; GoodfriendandKing [24]; Rotembeg
andWoodford[53]; McCallumandNelson[44]; Clarida,Gali, andGertler[13]; andthe November1995issueof the
Journal of Money, Creditand Banking 27(4). Thesemodelscanbe solvedto obtainreduced-formshatareessentially
restrictedVARs, thenincorporatednto the HAVAR framework.



geneity® The lattertypically includeonly oneor two variables,suchasemploymentor income,
andfocuson the relative importanceof aggrgateversusdisaggrgate shocksor the extent and
natureof heterogeneity

OurHAVAR modelcombineghestrength®f bothliteratures-therelative breadthof monetary
VARs andthe heterogeneityf disaggrgateVARs. The aggrgateand disaggrg@atesectorsare
linkedin aneconometricallyractablenannetby exploiting theory-basegimplifying assumptions
aboutthe economicrelationshipsamongthem. Becauseat imposesexact aggregationconditions
andfocusesprimarily on aggregatebehaior, the HAVAR model quantifiesthe macroeconomic
importanceof microeconomideterogeneityn awaythatpreviousstudieshave not. A recentpaper
by AbadirandTalmain[1] containsacloselyrelatedanalysisof aggreationof heterogeneougms
in arealbusinessycle model.

HAVAR modelsalso offer a more generalframework for policy analysisthan conventional
macroVAR models.By relaxingimplicit restrictionson micro heterogeneityandaggreating,the
HAVAR modelbecomes simpleform of nonlineamacroVAR model- eventhoughtheunderly-
ing micro modelsarelinear. Specifically the macroparametersary overtime for two reasons1)
region sizevariesover time; and?2) initial economicconditionsin regionsvary overtime. Conse-
guently HAVAR modelscanquantifythe extentto which the efficacy of monetarypolicy depends
on the distributionsof regional conditionsandthe natureof regional shocks.CorventionalVARSs
aresimply specialcaseof HAVAR modelswith fixed macroparametersndwithout statedepen-
dence?

In our applicationof a HAVAR model,we quantify the importanceof regional heterogeneity
in housingmarketsfor the efficacy of monetarypolicy. Althoughhousingis nottheonly potential
sourceof regional heterogeneityit is anideal candidate.Housingis a volatile leadingindicator
of the businesscycle anda critical channelof monetarytransmission But housingis determined
in local marketsbecausesupplyanddemanddepencheavily onidiosyncraticandregionalfactors.
Othersourcesf regional heterogeneitysuchasindustrialor demographicomposition stateand

3Clark and Shin[15] containsa nice sunwey of this literature. Otherrecentrelatedexamplesincludethe Carlino
andDeFinastudies BlanchardandKatz [6], Quah[52], Sill [55], Clark [14], Davis andHaltiwanger[18], Coulson
[17], andCarlino,DeFina,andSill [9].

4Although the particularform of nonlinearityis quite simple, the HAVAR modelis a specificexample of the
nonlineartime seriesmodel describedn Grangerand Newbold [27]. Thus,it is partof the literatureon nonlinear
impulseresponséunctionsthatincludesGallant,Rossi,andTaucher{23], Potter[49], [50], and[51], Koop,Pesaran,
andPotter[35], Aoki [2], Weise[62], andBalke [3].



localfiscal policies,andfinancialmarket conditions,would alsobeinterestingapplications.

Our housing-monetarfHAVAR modelassumeshe following decompositiorof a benchmark
monetaryVAR model. At the nationallevel, inflation andinterestrates(nominalvariables)are
determinedy themonetaryauthorityandfinancialmarkets. At theregionallevel,income housing
investmentandhousingprices(real variables)are determinedoy householdsndfirms. National
and regional markets are linked by the mortgagerate, which senes as the centralchannelfor
monetarytransmissionAs anexample thehousing-monetariiAVAR modelenablesomparison
of the effectsof monetarypolicy duringthe late 1980scoastalhousingboomwith policy during
periodswhenregionalhousingactivity wasmorebalanced.

Using a longitudinal panelof detailedregional data, we find economicallyand statistically
significantdifferencesbetweenthe dynamicresponse®f the housing-monetaryAAVAR model
andthe corventionalVAR for up to two years.Aggregatevariablesexhibit muchlesspersistence
in the HAVAR model, with meanlags of dynamicresponseso monetarypolicy shocksabout
oneyearshorterthanin thecorventionalVAR.®> Evenlargerdifferencesrisebetweerthedynamic
responsesftheHAVAR modelto variationin regions’initial economicconditions.Peakresponses
(magnituderanvary by morethanonepercentageointandmeanlags(duration)canvaryby more
thanoneyear dependingon the configurationof regionalconditions.

TheHAVAR framewnork andempiricalresultsoffer onepracticalandtangibleinterpretatiorof
the “long andvariableslags” to monetarypolicy. We interpretthe lesserpersistencén HAVAR
dynamicresponsess evidenceof aggr@ationbiasin cornventional VAR responsesand thusa
partial explanationfor the perceved “long” lags. We interpretvariationin the magnitudeand
durationof HAVAR dynamicresponseacrossregional initial conditionsasa partial explanation
for “variable”lags.

Overall, our findingspoint to theimportanceof addressinghe role of microeconomidetero-
geneityin assessinghe effectsof monetarypolicy on macroeconomiconditions. Incorporating
othersource®f heterogeneitpalongwith housingmayyield evengreatereffects. Furthermorepur
methodologyhasohbviousextensiongo fiscalpolicy andothertypesof shocks andto international
settingssuchasthe Europearnion.

SThis resultcontributesto the literatureon aggreyationandpersistencg¢long-memory)in time seriesmodels.See
AbadirandTalmain[1] andthereferencesherein.



2 Context and Moti vation

2.1 Housingand Macro Models

Housinginvestmentonghasbeenacknavledgedasanimportantfactorin macroeconomimodels.
Onereasoris thathousingis oneof themostvolatile sectorsf the economy Housinginvestment
growth is 28 timesmorevariablethan GDP growth, whereasonresidentiainvestmenigrowth is
only seventimesmorevariable. However, housinginvestmeninly accountdor about5 percent
of GDPand7 percentof the varianceof GDP growth, somorethanstriking volatility is required
to justify arole for housing.

Housinginvestmentalsois closely connectedwith the businesscycle and monetarypolicy.
Green[28] providesevidencethathousinginvestmeniGrangercausessDP, whereasionresiden-
tial investmentdoesnot, andthe ConferenceBoardincludeshousingpermitsamongits leading
economiandicators.Moreover, thedatashow a stronginverselead-lagrelationshipbetweermon-
etarypolicy, asmeasuredy thefederalfundsrateor the spreadbetweermortgageandfed funds
rates,andhousingandotherreal activity.® Simplecross-correlationsevealthatthe monetarypol-
icy variabledeadhousinginvestmengrowth by onequarter whichin turnleadsnonhousingsDP
growth by onequarter We alsofind strongcross-correlationbetweeninflation and housingap-
preciation(growth of real housingprices)over the businesscycle with muchlongerlags. These
correlationsarenot widely known andsuggestin additionallink betweerhousingandmonetary
policy.”

Althoughthesecorrelationsare suggestre, multivariatedynamicanalyse$provide morecon-
vincing evidenceof theindependenimportanceof housing.Consequentlywe estimateda bench-
markmonetaryWAR modelthatis representatie of theliteratureexceptthatit disaggrgatesoutput
andprice into housingandnonhousingcomponents.The variablesare: P™ = log of theimplicit
deflatorfor nonhousingsDP; P" = log of theimplicit deflatorfor housinginvestment} = log of

6SeeBernanle andBlinder [4] and FriedmanandKuttner[21] regardingthesemeasuresf monetarypolicy. The

latterusethe commercialpaperTreasunyill spreadput mortgage-fedundsspreads qualitatively similar.
’Fromamacroeconomiperspectie, it is easyto understanavhy inflation andinterestrateshave occupiedcenter

stage. Contemporaneouslynflation and interestratesare much more closely alignedwith the businesscycle than
housingappreciationandinflation andinterestratesvary over time by an order of magnitudemorethanaggreyate
housingappreciation\We do not claim thatmonetarypolicymakerssetpolicy basedn rulesthatincorporatehousing
appreciationandwe areunavareof evidencethatthe empiricalcorrelationis widely known, muchlessexploited by
policymakers.



real percapitanonhousingGDP; H = log of real percapitahousinginvestment;M = the federal
fundsrate; and R = the nominalinterestrate on corventional30-yearmortgages.Corventional
testsindicatethatall six variablesclearly belongin the system. The VAR is estimatedover the
period1966:Q1to 1998:Q2andis identifiedby orthogonalizatiorbasedon the commonordering
of prices,quantitiesandinterestrates:P", P*, Y, H, M, andR.

Figurel plotsimpulseresponsefrom the benchmarkhousing-monetary/AR with two stan-
darderror bands. The fifth columndemonstrateghe main point: monetarypolicy shockshave
significantly larger and morerapid effects on housingthannonhousing.After a shockto M, Y
declinesslowly andsteadilyfor 10 quartersbeforebeginningto rise—awell-known, robustfeature
of VAR and othersmall-scalemacromodels® In contrast,H declinesmuch more sharplyand
quickly. The peakdeclineis aboutseventimesthatof Y andit only takessix quarters,a year
lessthan. Likewise, P* declinesmuch more and more quickly than P"; the so-calledprice
puzzleappearsonly for P". This differencebetweenrhousingand nonhousingdynamicsreflects
heterogeneitamongVAR coeficientsthatmotivatesdisaggrgationof thesecomponents.

Table 1 shows the importanceof housingin variancedecompositions.Monetarypolicy ac-
countsfor muchlarger fractionsof variationin housingthan nonhousingespeciallyin the first
yearwhereM explainsfivetimesmorevariationin H thanY . Althoughthe contributionsof both
guantityvariablesis relatively small, the contribution of H is disproportionatelyyarge compared
to Y, consideringts smallGDPshare Finally, P* playsasurprisinglylargerolein explainingthe
varianceof systemvariablesgspeciallyfor two yearsor moreandfor pricesandinterestrates.

2.2 RegionalDisaggregation

Perhapsnorethanany othercomponenbf GDP, housingwarrantsa disaggrgatedapproactbe-
causeof its specialcharacteristicsAccordingto Smith,RosenandFallis [56], “Foremostamong
the specialcharacteristicare the durability, spatialfixity, and heterogeneityof housingandthe
extensie involvementof governmentdn housingandrelatedinput markets” For thesereasons
andmore, housingsupply and demandare determinedn distinctlocal markets. This reasoning

8For VAR evidence,seeChristiano,Eichenbaumand Evans[12] andLeeper Sims,andZha[37]. The output
responséo a monetarypolicy shock,our mainfocus,is quite robustto variableorderings,datasourceshandlingof
nonstationarityand other specificationissues. Walsh [61] pointsout that this responsas typical in traditionaland
contemporaryarge-scalenacromodels.



Figure 1. Monetary VAR with Housing
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motivatesour regionaldisaggregation?®

Anotherfactormotivatingdisaggreationis the volatility of regionalhousingmarketsrelative
to macroeconomifluctuations.Thefederalfundsrateis almostthreetimesmorevariablethanag-
gregatehousingappreciatior(standardleviationsof 3.4 versusl.3 percent) put interestratestend
to berelatively homogeneouacrosgegionswhereadime seriesvariationin regionalappreciation

9Becausave take a macroeconomiapproachthe paperdiffersfrom thetraditionalfocusof the housingliterature
in two importantways. Housingresearctcenterson supply or demandelasticities,but reduced-formiVARs do not
identify suchelasticities(althoughVAR coeficientsembedthem). Instead,our focusis on the aggregatedynamic
responsesf housinginvestmentand pricesto systemshocks. Housingresearcthasbeenconcernegredominantly
with price elasticitieswhereaave areinterestedn interestrateelasticitiesaswell.



Table 1: Variance Decompositionsof Forecastedvariables

Percenbf varianceaccountedor by:

Forecast After 4 quarters After 8 quarters After 16 quarters

Variable P P 'Y H M R|P* PP Y H M R|P* PP Y H M R
pn 89 4 1 0 4 1|77 18 0 O 3 1|40 43 0 O0 15 1
p*r 22 75 0 1 1 2|16 70 O 1 10 3 7 5 1 0 31 7
Y 12 4 66 5 10 3| 27 3 37 3 26 4| 24 6 25 3 38 4
H 13 3 8 22 49 5| 18 2 17 10 55 7| 17 5 8 8 51 10
M 3 2 19 9 63 3 4 10 18 8 55 4 4 20 10 5 51 10
R 9 1 7 8 49 26| 10 22 5 7 37 19 6 45 4 4 27 15

NOTE: Rows maynotaddto 100 exactly dueto rounding.

rates(standarddeviations of 8.3 percentin the medianregion and11.2 percentin the 90th per
centileregion) swampsthatof thefundsrate. Thus,while interestratesvary moreatthe aggreate
level, housingappreciatiorvariesmorein regional markets.

Regionaldisaggregation,however, runsagainstornventionalwisdom.Macroeconomista/idely
agreethatmonetarypolicy cannotbe usedto influence,control, or targetthe economicconditions
of particularregions® We subscribeto this view aswell, but arguethat the reverseis not true.
Regionaleconomiaconditionscan,in fact,influenceaggrgateoutcomesin particular the magni-
tudeanddurationof aggreyateresponsesf income,inflation, andothermacroeconomiwgariables
to monetarypolicy shocksvary overtime anddependon regionaleconomicconditions.Two con-
ditionsarenecessaryo supporthis hypothesisil) regionsmustrespondlifferentiallyto monetary
policy actions;and?2) initial economicconditionsmustvary acrossegionswhenmonetarypolicy
actionsaretaken.

Figure 2, reproducedrom Carlino and DeFina[8], providesevidenceon heterogeneousen-
sitivity of regionsto monetarypolicy. After two years,the dynamicresponsef realincometo
a monetarypolicy shock(tightening)varieswidely acrossU.S. states. In somestates,suchas
Michigan, Indiana,andArizona, incomedeclineson averageby about2 percentwhereasn other
statessuchasTexas,Wyoming,andNew York, incomeonly declinesby about1/2 percent.Both

0This view is illustratedby a video gamein the visitors’ lobby at the FederaResere Boardcalled“Y ou Are the
Chairmart, which asksplayersto selecta monetarypolicy — tighter, looser or no change— in responséo different
scenariosMostscenariogocusontraditionalpolicy responseto macroeconomidevelopmentsn real GDR inflation,

andinterestrates. But in onescenariounemplymentbeginsto rise in severalfarm-beltstates.Playersaretold the
correctansweris no change.




estimategleviate significantlyfrom the nationalaverageof 1.2 percent.

Figure 2: Sensitvity of Regionallncometo Monetary Policy
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SOURCE: Carlino and DeFina (1999). See text for details.

Figure3 providesevidenceon heterogeneousitial conditionsin realincomegapsandhousing
price appreciatiorin the late 1980sand1990s!! Theseperiodsfollow long economicexpansions
andprecedemonetarytightening,sotheaggreateoutputgapwasrelatively highatbothtimesand
regional conditionswould be expectedto be homogenous.n fact, however, regional economic
conditionsvaried quite significantlyacrossheseperiods. In the late 1980s,incomeandhousing
appreciatiorwererelatively highalongtheeastcoastandpartsof thewestcoastwhereasgconomic
conditionswere wealer amongcentralstates. In the late 1990s,incomewas relatively high in
centralstateswhile the coastalregions were wealer, and housingappreciatiorwwas much more
uniform acrossall regions??

The datashow that regions responddifferentially to monetarypolicy andthat regional eco-
nomic conditionsvary significantlyacrosgighteningepisodes.Theseconditions,andthe macro

state-leel real incomegapsare actualincomelesstrendincome,wherethe trendis log linear with a breakin
1973,expressedn percent.State-leel housingprice appreciationis the 2-yeargrowth in housingpriceslessthetotal

U.S.growth, expressedn percentag@oints.
12Regional conditionsin the late 1970s(not shavn) werealsoquite differentin thatthey werevery homogeneous.

For example,virtually all statesexperiencedarge positive incomegaps.



Figure 3: Regional Economic Conditions in the 1980sand 1990s
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evidenceon housing,suggesthat housingis a reasonablehoicefor introducingheterogeneity
into a macroeconometrimodelfor evaluatingmonetarypolicy. Numerousothersourcesof het-
erogeneitybesidesdhousingarerelevantaswell, andmary of thesecould provide complementary
justificationfor regionalheterogeneityanddisaggrgation®?

13 Hayo and Uhlenbrock[30] emphasizethe industry mix acrossregions, with someindustriesmore interest-
sensitve thanothers. Mankiw andWeil [42] highlight significantfluctuationsin nationaldemographicomposition,
which likely variesacrossstatesaswell. JohnesandHyclak [33] find thatvariationin local labor market conditions
andhumancapitalstocksaffect regional housingprices. Poterbg47], [48] emphasizesegionalvariationin federal,
state,andlocal tax policies. Mayer and Somerville[43] and Malpezzi[40] shav strongeffectsof local government
land regulation and public goodson housingprice and supply dynamics. Lamontand Stein[36] demonstratehat
leveragevariesacrosdJ.S. cities,andthatcitieswith relatively highloan-to-\alueratiosreactmoreto regionalincome



3 Theoretical Framework

This sectionsketchesout the economicframewvork underlyingour HAVAR model. To our knowl-

edge,no structuraldynamicgeneralequilibrium modelwith optimizing behaior exists that sat-
isfactorily represent®ur housing-monetarjramenork. The modelsof Manchestef41], Ortalo-
Magneand Rady [46], Muellbauerand Murphy [45] containmary essentiaklementsandyield

vectorsof endogenousariablessimilarto our regional VAR models but they do notincludemon-
etarypolicy or heterogeneousegional housingmarkets. Developmentof the completestructural
modelunderlyingthe housing-monetariAAVAR modelis feasiblebut ambitiousandleft for future
research?

Figure 4 providesan overview of the theoreticalframevork underlyingthe HAVAR model.
In this flow diagram,the boxesdenoteagentsand markets,andarrovs denotethe economiccon-
nectionsamongagentscharacterizingnonetarytransmission.The economycomprisegwo main
sectors At thenationallevel, themonetaryauthorityandfinancialintermediarydeterminanflation
andinterestrates.The monetaryauthorityfollows a policy rule to achieve a price or inflation goal
P, the weightedaverageof P* and P", usinga monetaryinstrumentM, the short-termfederal
fundsinterestrate’® The financialintermediarymatchessavers andinvestorsby creatingmort-
gagessecuredyy the housingstock,anddetermineghe mortgageassefrices,long-terminterest
rate R, by aterm-structureelationshipwith expecteduture M. At thelocal level, householdsind
firmstake R asexogenousaanddetermingncome,y;, housinginvestmentf;, andtherealhousing
price,q; = p"/P, for regioni. The macroeconomiwvaluesof thesevariables(Y, H, and,Q) are
simply theappropriatelyweightedaggreatesacrossall regions.

Obviously, thistheoreticaframewvork quickly becomeconometricallyntractibleasthe num-
ber of regionsincreasesso we imposethreesimplifying assumptionsFirst, we adoptthe tradi-
tional representatie agentview for macroeconomiagents.The monetaryauthorityandfinancial
intermediaryconsideronly Y, H, and(@ in their decisionmaking,andnot particularregionalval-

shocks. Finally, Fergus[19] notesthat climate and abnormalweatherconditionscontribute to regional variationin

depreciatiorandmaintenanceosts.
Throughoutthe paper the readershouldremembetthat our HAVAR framework is not basedon an explicit and

structuraltheoreticaimodel. Consequentlyonecannotplacestructuralinterpretationon the econometriaesults.
5Bernanke and Blinder [4] recommendhe fundsrate, but the literatureis repletewith alternatve monetaryin-

strumentstargets,andpolicy rulesthatcould be usedinstead. For VAR-basedexamplesthatincorportatemonetary
aggrejatespankreseres,andotheraspect®f monetaryinterventionseeCochrang16], Christiano Eichenluam,and
Evans[11]; Leeper Sims,andZha[37], andBernanle andMihov [5].
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Figure 4. The Housing-Monetary HAVAR Model Framework
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uesy;, h;, andg;. Secondpnly R influencegegionalactvity contemporaneoushRegionalagents
don't particularlycareaboutM per se only its indirecteffect on R. Regional agentsalsodon’t
careaboutP perse only its indirecteffectonrealinterestrates.Becausd” movessluggishly and
expectationof P evenmoreso, realinterestratesdefinedwith laggedP — which areembedded
in the system- are quite similar to real ratesdefinedwith currentor expectedP. Third, activity
in individual regionsdoesnot affect otherregionscontemporaneouslyhe lattertwo assumptions
only applycontemporaneouslgll variablesandall regionsinfluenceeachotherwith a one-period
lag.

This theoreticalframenork yieldsthefollowing monetarytransmissioomechanismThe mon-
etary authority setspolicy by moving the fundsrate to achieve an aggreate price target. This
policy decisiondirectly, andindirectly with a lag, affectsthe mortgagerate. Movementsin the
mortgageatethendirectly affect regionalincome,housinginvestmentandhousingappreciation,
bothcontemporaneoushndwith lags® Thismonetarjtransmissiomechanisnis abit simplistic
becausét focuseon aninterestratespreadandexcludestraditionalmoney andbankingchannels.
However, spread-basetlansmissionmechanism&ave someempiricalsupportasshavn in Stock
andWatson[58] andFriedmanandKuttner[21].

16N ote that becausehe systemincludesinflation, implicitly it is the real mortgagerate that influencesregional
activity.
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4 The Housing-Monetary HAVAR Model

4.1 General Specification

The precedingtheoreticalframevork suggestsa housing-monetaryHAVAR datavector X; =
[P, Q: Y H; M; R, whichshouldbe dividedinto two parts: X; = [X* X?|. One
partis X* = [P, M, R, adatavectorof macroeconomi¢superscripin) variablesdetermined
nationally Theotheris X = [Q; Y; H,|', adatavectorof aggrgyated(superscript) variables
determinedegionally.
Usingthis notation the structuralrepresentatioof the corventionalmonetaryVAR with hous-

ingis

L

ToXe =K+ > Xy + U . Q)

=1

The partitionedstructuralparameterandinnovationsare

rmm | pma
rem | pge
K = [Km|Ka]I:[KP KM KR|KQ KY KH]I

U = U U =00 UM Ut U uf Ul

wherethedimensiorof I'; is (6 x 6) andthedimension®f K andU; are(6 x 1). Thereduced-form
representatioof thisVAR is
L
Xy =1y + Z I X + Vi (2
=1
where

I, =T,'K =Ty Ty VI>0 V; =Ty,

By placingrestrictionson I’y andthe structuralinnovationcovariancematrix, > = E(U;U;'), one
canidentify andestimatethe structurein the usualway (seeHamilton[29], chapterll).
Thetheoreticaframeavork underlyingthe HAVAR modelmotivatesdisaggrgationof X into
regionaldatavectorsz?, = [gi: vix hit) fori = 1,... G regions,wherelowercasdettersdenote
regional variables.Following the methodologypioneeredoy Theil [59], we incorporateregional
VAR models— thefundamentaimicroeconomiaelations— into the corventionalmonetaryvVAR
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modelto obtainthe structuralHAVAR model

L
I'yZy = K + Z I'iZ 1+ Ut (3)
=1
wherenow
i selT0 Sopls oo SaaalTé
pmm | pma s14- 07T Y11 YViia - TG
l l .
Fl o am - 827t—l1—‘?,72n Yi,21 V1,22 . : VI >0
I " ] . '
| sa-illG | M o e
Zy = [ X[ | 2%, x5 ... x%)
Kt = [Km|k1 k2 k(;]l
Uy = [U"|uf, ugy ... ud] .

Thetime-varyingweights,s; ;_;, areelement®f thesize-weightedinearaggrgatorXy = Zle SitTiy,
wheres;; is 1 for quantityvariables(X; is a sum)anda measuref region sizefor prices,growth
rates,and percapitavariables(X¢ is amean)!’ Aggregatingthe regionally determinedsariables
in equation(3) yieldswhat Theil calledthe “true” macromodel(andwe call the HAVAR model)
denotedoy *:

L
LiXe =K+ I X +U; 4)
=1
where
, rpm | T rpr | 28 syl
-1 = T | —aqa = G am G G Vi Z 0
I ‘ Y=t 2iz1 Sig—1l7 ‘ 1 2aim1 Vi Wit

a
N S e
w],t—l - S],t—l a
t—1

G
K = [K™ | K] =[K™ | 3 suki]
i=1
"Thesizevariablereflectsthe magnitude pr share of regioni relative to the aggreyateanddependson the nature
of z;;. For example,s;; is thepopulationshareof theregion for percapitavariablesandis 1/G for unweightedneans.
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G
Ui = 0" |l =00 | Y] saud]
i=1
Unlike standardanacromodelstheparametersf theHAVAR macromodel,I';_;, aretime-varying,
exceptfor the nine parametersn I'/*™ associatedvith the nationally determinedvariables. In
particular the v¢¢, matricesdependon s;;; and (z§, ;/ X ;), which both vary over time for
secularandcyclical reasonsAs aresult,thereduced-fornof the HAVAR model,

L
Xe=1; + > I X +V )

=1

where
I = (I3) 'K m, =TTy, VI>0 Vi =@y,

alsoexhibits time-varyingparameters?

By comparingthe HAVAR, equation(5), andcorventionalVAR, equation(2), onecanseethe
implicationsfor dynamicanalysis. The HAVAR modelexhibits time-varying impulseresponses
becausef time variationin theIl,_; parametersFurthermorethe distribution of regional struc-
turalinnovations uf,, affectsaggr@atedynamicresponsebecausé’; is time-varyingandhashet-
erogeneityin theelementf v,. Thus,HAVAR aggreatedynamicresponsearestatedependent.
CorventionalmacroVARs implicitly imposethe highly restrictve, andempirically inconsistent,
assumptiorthatall regionsarein equilibriumwhenshockshit the system.HAVAR modelsrelax
thatassumptionso aggr@atedynamicresponsesiependon how currentand cumulatve shocks
aredistributedacrosgegions.

Time variationmeangheHAVAR modelfallsin theclassof nonlineartime-seriesnodelscited
in theintroduction.Despitethis nonlinearity the HAVAR modeldoesnot exhibit multiple equilib-
ria because¢he micro modelsarelinearandassumedtable.However, ary givenaggregateshock
canproducea multiplicity of aggregateimpulseresponsegjependingn the exactdistribution of
micro shocks.At the sametime, ary givenaggre@ateimpulseresponses consistentvith a mul-
tiplicity of distributions of micro shocks. The technicalappendixexplainstheseissuesin more
detail.

Differencesn the dynamicresponsesf the HAVAR andcornventional VAR modelsalsoare
relatedto the issueof aggreationbiasraisedby Theil [59]. Becausehe regional modelshave

BNote thatthe constantlsois time-varying, unlike in Theil’s original analysis becauseave areworking with the
underlyingstructuralVAR.
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fixed parametersan approximationof the HAVAR modelcanbe obtainedusingtime-seriesav-
erageweights,s; andw;, to aggregatethe regional fixed parametersThe differencebetweerthe
weightedsum of regional parametersndthe corventionalparameterseflectsthe extent of bias
in the corventionalparametedueto aggreation!® In time seriesmodelslike HAVAR, a central
effect of aggreationis to biasaggreateautorgressve parametersipward, or equivalently ad-
justmentspeedsiownward. In otherwords,dynamicresponsesf aggreatemodelsexhibit more
persistenc¢hando theresponsesf micro models?°

4.2 Simplifying Assumptions

Obviously, neitherequation(4) nor (5) of the HAVAR modelcanbe estimatedik e corventional
fixed-parametemacroVAR models.A cornventionalversionof thehousing-monetaryAR hassix
variablesandthus36 L+6 reduced-fornparameterso estimatepr 180with L = 4. In comparison,
the HAVAR modelhas3G + 3 variablesandthus(3G + 3)2L + 3G + 3 reduced-fornmparameters
to estimate.With state-le@el data(G = 50 and L = 4), the HAVAR modelhas117,045reduced-
form parametersClearly; it is infeasibleto estimatesucha modelgiventhe limited availability of
disaggrgatedtime seriesdata.

Consequentlysimplifying restrictionsare requiredto make the model empirically tractable.
Fortunately thetheoreticaframenork andthe behaioral dichotomybetweernthe nationalandre-
gionalmarketssuggesthreeeconomicallysensiblerestrictionswhich we imposeon the HAVAR
model. Theserestrictions,alongwith the standardunit normalizationof the diagonalof Ty, dra-
matically reducethe numberof parameterso be estimated.

ASSUMPTIONL1: Macro Representative Agent — Themonetaryauthority andfinancialinterme-
diary ignore regional hetegeneity Thus,only theaggregatevalues(sumor mean)of theregional
variables, X ¢, matterfor the behaviorof the maco variables, X ™ 2!

9Goodman[25] examinesaggrayationbiasin a relatively simple calibrated model of housingdemandandfinds
that the effects on aggreyatebehaior are modestin the long run. The HAVAR model, however, is more sharply
influencedby aggreyationbecausét is considerablymore complicatedjncorporatesactualdata,andfocuseson the

shortrun.
2For examplesin the literature,seeGranger[26], Trivedi [60], Lippi [39], Lewbel [38], Schuh[54], and Abadir

andTalmain[1].
2Althoughthis assumptiordoesnot necessarilymply thatmonetaryandfinancialagentémposetherepresentatie

agentassumptionn formulatingtheir behaior, theimplicationsareessentiallythe same It alsodoesnot suggesthat
the monetaryauthoritydoesnot careaboutthe distribution of regional variables,or is unavareof the distribution. It
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This assumptioreliminatesheterogeneityn parametergoverningthe feedbackfrom aggre-
gatedvariables,, to macrovariables X[". Specifically

IV VA Vit

Z;a — F;na — FZZWQ FlZ\lY FZZMH v ’L,l )

e rfy TR

In otherwords, all changesn z{, have the sameeffect on X]* regardlessof the region in which
they occurandwhetherthechangesrespreadevenly acrosgegions. Thisassumptiomeduceshe
numberof parametergn thesematricesfrom 9G L to 9L.

ASSUMPTIONZ2: Monetary Transmission —Contempoaneouslymonetarypolicyis transmitted
fromthefundsrate, M;, to themortgagerate, R;, to regional variables,z,. Othermacio variables
influencezy, indirectly with a lag. Theresponse®f z§, to monetarypolicy are heteogeneous
acrossregions.

This assumptiorlimits the contempoaneousfeedbackirom macrovariables, X", to aggre-
gatedvariableszy,. It impliesthat

0 0 IEf 000
Igg=100 IR | Vi om=10 00| Vi [>0.
0 0 IfIR 000

However, all macrovariables X", eventuallyaffectall regional variablesz,, with alag through
themortgagerate?? Clearly, it would be preferableto includethe contemporaneougderalfunds
andinflation rates. The formeris usedby rational agentsto incorporategovernmentpolicy and
the latteris necessaryor realrate calculations.With slightly moretime seriesdata,it would be
feasibleto dropthis restriction. In addition,this assumptions only mamginally helpful, reducing
thenumberof parameterérom 9G L to 3G L.

ASSUMPTIONS: Limited Regional | nterdependence— Economicactivity (incomeandhous-
ing) in aregionis notdirectly affectedby activity in otherregionscontempoaneously Activity in
otherregionshaseffectswith a lag, both throughthe mortgage rate and directly throughlagged
aggregate activity. Butin all casesthe pairwise economidnteractionsamongregionsimplicitly
are homaeneous.

only meanshatit doesnot, andperhapsannot.accountfor heterogeneityn settingpolicy.
22This assumptiorfinds someempirical supportfrom Sill [55], which reportsthat it takes three monthsbefore

regionsexhibit similar responsefo acommonaggreyateshock.
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This assumptiorimits the extentandheterogeneityf interregionaleconomiaelationshipsit

impliesthat
000

Yy =100 0| Vi#jandV [.
000

Regionsareinterrelated put only indirectly throughlagsof X;*. Furthermorethe factthatonly
aggreateactvity affectsaregion meansthatall regionsaffect eachotherin the sameway. For
example,anincreasen aggreyateincomewill affectall regionsthesameaegardlesof theregion(s)
in which incomerose. This assumptiordramaticallyreduceghe impactof heterogeneityn the
system,but it alsogainsmostof the identificationpower by reducingthe numberof parameters
exponentiallyfrom 3G”L to 3G L asv}y becomesblock diagonal?

After imposingassumptiond.-3, eachl’; matrix containsup to 12G + 18 parametergo be
estimated.This is still alot — for example,with G = 50 andL = 4 thereare 2,540structural
parameterplus50innovationvariancesBut for certainempiricalapplicationsenoughtime-series
cross-sectionlataareavailableto make it feasibleto estimatea restrictedmodelof this type.

4.3 Identification and Estimation

We usea two-steptriangularfactorizationmethodof identification?* Therearetwo reasondor
usingthis approachFirst, therearetheoreticareasongor pre-estimatinggomeof the parameters
of theregionalimpactmatrices.In particular the (assumedgxogeneityof mortgageratesto re-
gionsallows identificationof the contemporaneousffectsof mortgagerateson regional actiity.
Secondmaximumlik elihoodtechnique®f estimatingstructuralVAR parametersanquickly be-
comeinfeasiblefor HAVAR modelswith large numbersof micro agents.In our applicationwith

ZWith moretime seriesdata,onecouldexplorelessrestrictve assumptionghatwould allow for nonzeroy ;; V i #
j (off-diagonalelements).Oneis to includethe complementargggregate )N(;‘; = X} — x4, of regionalvariablesin
eachregionalmodel. The off-diagonalsvould becomenonzerdbut therewould be no regionalheterogeneityAnother
possibilityis to weighttheoff-diagonaldy measuresf theeconomiaelationshipgmongregions,suchasgeographic
distanceor input-outputstructure For examplesof thelatter, seeHorvath[31] andHorvathandVerbruggg32]. These

additional9G weightscould be calibratedfrom dataratherthanestimated.
24t is importantto reemphasizéerethat: 1) our centralideason the HAVAR modelhold for ary identification

schemeand ary linear economicmodel; and 2) our main resultsare not particularly sensitve to the identification
scheme.We focus primarily on the dynamicresponsef incometo monetarytightening,andthis responses quite
robustto alternatve specificationsasshavn in Christiano EichenbaumandEvans[12].
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27 regions, it would be necessaryo estimate327 structuralparameters- 3 aggreateand27 re-
gional variancesplus 18 aggrejateand 324 regional impactmatrix parameter$® Reassuringly
this two-steporthogonolizatiorproduceHAVAR dynamicsthatarequalitatively similar to those
of asimilarly orthogonalizedorventionalVAR (asit should).

Thegoalis to obtainan estimateof the simplified HAVAR contemporaneoumpactmatrix,

g™ |

usingthe estimatededuced-forncovariancematrix, O = E(V;V}/). Thereduced-forntovariance
matrix canbe decomposeds(2? = AY A’. Triangularfactorizationyieldsthe structuralinnovation
covariancematrix,¥ = E(U,U!), andthelowertriangularmatrix A is anestimateof I'; '. Because
someelementf Iy areidentifiedfrom the simplifying restrictionsandeconometri@assumptions,
we useA alongwith therestrictionsandassumption$o solve for theremainingcomponentsf ['.

Beforeturningto the actualestimationandidentificationsteps notethatthe variableordering
in theHAVAR modelisnow [P, Y; H:; Q: M; R,]. Thisorderingdiffersslightly from the
orderingin section2.1in thattherealhousingprice now follows incomeandhousinginvestment.
The reasonis that ), is not a price like P, the aggreateprice of goodsandserviceswhich is
likely to move sluggishly Rather @), is anassepricethatis likely to move muchmore,andmore
frequently thangoodsprices.This reorderingaltersthe precedingnodelnotationsomevhatbut is
nota substantre change.

Thetwo-stepidentificationprocedurenvolvesfirst estimatingeachof theregional VAR models
separatelyo obtainthe 12 parametersn IT'g and+, ;; for eachof the G regions. Then,takingthe
regionalparameterasgiven,theremainingl8 aggr@ateparameters '] andl'j** areestimated
in the secondstep.

Two factorsmotivateseparatestimatiorof theregionalmodelsin stepone. First,corventional
triangularfactorizationappliedto theHAVAR modelwill notwork properlybecausé wouldforce
anorderingamongregionsandthereis no defensibleheoreticajustificationfor suchanordering.
Instead,we only wantto orderthe z¢, variableswithin regions, not acrossregions. Secondthe
mortgagerateis assumedo be exogenougo eachregion. Consequentlythe I'g7* canbe obtained
from OLS estimate®f regional“near” VARs basedon thevector[R;|z%]’, whereonly the current

25Ultimately, the bestsolutionto theidentificationproblemis to move to a structuralmodelof the regional agents,
whichwould eliminatemary of the necessarparametersWe planto pursuethis strateyy in futureresearch.
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valueof R; entersthe model. Assumption2 and3 justify the independenéstimationof regional
models.

Estimate®f they, ;; canbeobtainedrom thereduced-forntovariancematricesof theregional
models. However, becausehe lags of all X]* variablesinfluencethe reduced-formequations
for eachregion throughthe national VAR, estimatef V;™ mustbeincorporatedn the regional
covariancematrices Assumptionl justifiesindependen®LS estimatiorof thethreereduced-form
VAR of macrovariableequations.X;", usingonly aggr@atedata,which yieldstheresidualsffp ,
VM, andV;R. Thenthe regional reduced-formcovariancematricesare Q; = E(V;,V},), where
Vi = [VF 9% ot @% V™ VR). Triangularfactorizationof the €; yields model-consistent
estimatef vy ;.

In the secondstep,we constructthe HAVAR macroreduced-formcovariancematrix, Qr =
E(VxV*"), usingthe weightedsumsof the regional 3% residuals.Triangularfactorizationof this
covariancematrix givesanestimateof I';, but this estimatds notfully consistentvith thetheoret-
ical restrictionimposedearlier However, usingthis estimatealongwith the weightedsumsof the
fgfg and#y ; estimatespnecansolve for theunidentifiedmacroelementsf I';.

5 Econometric Specification

Dataavailability constrainsour applicationof the HAVAR modelto housingactvity. Although
housingis conceptuallyideal, housingdataareonly availablefor arelatvely smallsubsebf U.S.
regions. Thus,we view our applicationasillustrative of the potentialscopeandmagnitudeof the
effectsof heterogeneitpn aggrgatebehaior. Theaggreatedatafrom this subsampl®f regions
properlyreflecttheseeffectsfor that subsampleoour conclusionsaboutheterogeneitgndaggre-
gationarevalid for the subsample However, the resultsmay not representactualU.S. behaior
accuratelybecausehe dataare non-representate. For this reasonwe cannot(anddo not) draw
firm conclusionsaboutthe actualor optimal conductof U.S. monetarypolicy. Neverthelesspur
resultsfirmly suggesthatthe effectsof heterogeneitynaybeimportantin actualmonetarypolicy
models?®

We contructeda balancedongitudinal panelof quarterlydatafor a subsampleof 27 U.S.
metropolitanstatisticalareagyMSAs) duringthe period1986to 1996; seethe DataAppendixfor

26|n particular with morecompleteandrepresentatie datait would beappropriateo useHAVAR modelsfor policy
analysis.Toward thatend,we areinvestigatingthe availability of morecompletehousingdataaswell asalternatve
applicationsof the modelusingmorereadily availableemploymentdata.

19



details. The panelincludesMSA-level dataon housinginvestmentimeasuredsthe quantity of
housingstarts)and housingprices,plus state-leel dataon personaincomescaledby the MSA
populationshare?” The MSAs were selectedbasedon the sampleperiod of their data,which is
primarily determinedy housingstarts;,only MSAs with long time serieswvereincludedin orderto
obtaina sufficientsamplefor VAR estimation. Asidefrom recentpapersy MayerandSomerville
[43] andFollain andHarter[20], theMSA-level housingdatahave notbeenexploredmuch.Unlike
thesepaneldatastudies however, we estimatendividual time-seriesnodelsfor eachMSA atthe
quarterlyfrequeng.

The dataare transformedas follows. Incomey;, and housinginvestmenth;;, arein levels
becausehey likely sharea long-runcommontrend?® Both interestrates, M, and R;, are also
in levels. Both P, andg;; = (ply/P,), arein growth rates:i.e., aggr@ateprice inflation andreal
houseprice appreciatiort? Standardag lengthtestsrecommendwo quarters(Z = 2) for the
HAVAR modelvariables.Althoughtwo lagsmay seemshortcomparedvith othermacromodels,
disaggrgateddatatendto be muchlesspersistenthanaggregatedata,andthe aggregjatedatain
our panelarearelatively smallfractionof theU.S.total.

All VARsareunrestrictechndestimatedvith OLS. Thestandargolicy simulationis monetary
tightening,a transitory100-basis-poinshockto the federalfundsrate. It is importantto notethat
thedynamicpropertiesof monetaryWVARs estimatecdbver shorter morerecentsampleperiodsare
quite differentfrom thoseestimatedover longer sampleperiodsregardlessof the level of data
aggregation (e.g., total U.S. versusstate-le@el). The incomeresponsdo a funds rate shockis
considerablysmaller slower, andlesssignificantin modelsestimatedvith short-samplelata.

2"In additionto starts,nationalincomeaccountmeasure®f housinginvestmentinclude the quantity associated
with quality improvements However, the quality componentloesnot changenuchat the high frequenciegor which
monetarypolicy is concerned. The businesscycle correlationcoeficient betweendetrendedstartsand detrended

residentiainvestmenfrom the nationalincomeaccountss 0.9.
28Thelong-runrelationshipbetweerregionalincomeandhousinginvestments somevhattenuousecauséousing

is definedasthequantityof housingstartsratherthanthe quantityof realinvestmentasin the nationalaccountsStarts
donotincorporatdrendincrease# housesizeandquality. In fact,housingstartsactuallydeclinedon averageduring
the period1986to 1996,whereasncomeandhousinginvestmenincreasedNeverthelessye foundthatthe general
gualitatve and quantitatve resultson the heterogeneityof the HAVAR aggreyatedynamicresponsesre robust to

alternatve treatment®f nonstationaritysuchasfirst differencingthe entiresystem.
2°Thereis alsoa practicalreasorfor specifyingappreciatiomatherthantherealpricelevel. Theunderlyinghousing

price dataareindexes,sotheratio of priceindexesdoesnot provide a meaningfulmeasuref the actualrelative price
level. In fact, real pricesarethe samefor all regionsin the baseyear However, the differencebetweenthe growth
ratesof the two pricesis anaccurateneasuref therateof changen therelative pricelevel.
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6 Estimation Resultsand AggregationBias

6.1 RegionalModels

Figure5 plotsthe impulseresponsesf regionalincome,investmentandappreciatiorn(y, h, and
q) to a monetarytightening. In eachpanel,the plottedresponsegrethosefrom the region with
the 10th, 50th, or 90th percentilepeak,or absolutemaximum,responsdor that variable;thus,
the region associatedvith eachpercentilemay differ acrosspanels. For the readers reference,
Appendix Table 2 lists the peakresponseand meanlag of eachvariablefor all 27 regions. The
gray shadedegion in thefigureis the bandof two standarcerrorsaroundthe medianresponsé®
Becauseheshockis amonetarytightening thepeakresponsés theminimumvalueof theimpulse
responseaftertheshock.

The magnitudeand duration of the regional responsewary widely. In the medianregion,
incomedeclinesabout1/4 percentin abouttwo years. This medianresponsas essentiallythe
sameasthe one producedby aggregjateU.S. dataover this sampleperiod; thusit is the sample
period,not the subsamplef regional data,thatis responsiblgor the shallov incomeresponsét
However, incomein the 10th percentileregion incomedeclinesnearly 1 percentin aboutthree
years,aresponsaboutfour timeslargerin absolutevalueandabout50 percentslower. Variation
acrossregional response®f housinginvestmentand appreciatiorresponsess even larger The
10thand90th percentileresponsearesignificantlydifferentfrom the medianresponse$or up to
10 quarters.

Althoughincomeandinvestmentactuallydeclinein mostregions,they increasanodestlyin a
few. Onthe surface,this seeminglycounterintuitve resultcontrastswith the standardncomede-
cline reportedthroughoutthe monetaryWAR literature. However, the regional VARs alsoinclude
housingappreciationwhich the mortgagerateinfluenceshe most. Mortgagerateincreasesead
to immediate sharpdeclinesn appreciationr— muchfasterresponsethanin quantities.Depend-
ing on the underlyingsupply and demandelasticitiesin a region, then, it is plausiblethat such
appreciatiormovementscouldyield positve quantitymovementsat leastin the shortrun.

The extentand natureof regional heterogeneityenerallyis consistenwith CarlinoandDe-

30The errorbandsshawv the extentto which regional heterogeneityliffers from samplingerror. The factthatsub-
stantialfractionsof the responsdistributions lie outsidethe error bandsfor mary quarterssuggestghat regional

heterogeneitys not merelysamplingerroraroundhomogeneouparameters.
31The weakresponsef income(or GDP) to a fundsrate shockin small monetary-macrenodelsestimatedwith

databeginningaftertheearly1980sis widely known amongappliedpractictionersut hasnotbeenwidely publicized.
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Figure5: Regionallmpulse Responses

Income

Percent

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16
Housing Investment

1 2 3 4 5 6 7 8 9 10 M 12 13 14 15 16

_6\\\\\\\\\\\\\\\\
1 2 3 4 5 6 7 8 9 10 1 12 13 14 15 16

Quarters

— 10th Percentile 50th Percentile 90th Percentile

Fina[7], which reportsthe responsesf incomein nine Censugegions(groupsof U.S. states)}o
monetarytightening. However, becaus®ur regions(MSAs) aremoredisaggrgatedandbecause
we modelincomeand housingjointly, we find considerablygreaterheterogeneity— including

modestsigndifferences— in theimpulseresponses.

Regional heterogeneityould arisefor mary differentreasons.Footnotel3 offers numerous
economicexplanationdrom theliterature,but therearetwo main potentialsources:1) heteroge-
neoussensitvity of regionalhousingandincometo interestrates;and2) heterogeneityn housing
markets, suchas supply and demandelasticities. Investigatingthesesourcesclearly is a fruitful
areafor future reseachbut will requirebuilding a structuralmodeland considerablymore data.
Appendix Table 2 reportssomeinformative correlationsamongthe peaksand meanlags of the

22



individual regions’ impulseresponse$?

6.2 AggregateModels

Comparingthe impulseresponse®f the corventional VAR (equation2), estimatedwith aggre-
gatedata,andthe HAVAR (equation5), estimatedvith disaggrgateddata,revealsthe effects of
aggregationon the dynamicpropertiesof the model. An importantissuethat arisesin HAVAR
simulations,but not in conventional VAR simulations,is the settingof initial startingvaluesfor
eachregion. The aggregateeconomycould be in equilibrium (steadystate)becauseall regions
arein equilibrium, or becausehe regional initial conditions(shocks)all “averageout’ In this
section,we setall regions’ initial conditionsto their equilibrium values,and thusthe aggregate
economyis alsoin equilibrium, whenthe fundsrate shockhits. Empirically, this assumptions
highly restrictve andcounterfctual,sowe relaxit in section?.

Regardingthecomparisorof corventionalVAR andHAVAR responseggcallthatthe primary
differencebetweenthe modelsis that the corventional VAR hasfixed parametersvhereasthe
HAVAR hastime-varyingparameterslueto micro heterogeneityn parameterandsize.Thus,the
conventionalVAR is a specialcaseof the HAVAR wherethis heterogeneitys assumeaway (by
settingall micro parametershe same).Therelevanteconometridssueis whetheronecanreject
this restrictionimposedmplicitly by the corventionalVAR.

Figure 6 plots the impulseresponse®f aggrgateincome,investmentandappreciationY’,
H, andQ) to a monetarytightening. Eachpanelincludesthe corventionalVAR responsendthe
HAVAR responseThegrayshadedareais thebandof two standarderrorsaroundthe corventional
responseThekey resultis thatthecornventionalVAR responsediffer from theHAVAR responses,
andin somecaseghe differencesare quite economicallyand statisticallysignificant. Two main
differencesarisebetweertheresponsesmagnitudeandduration.

Magnitudedifferencesare more importantfor housingvariablesthanincome. For income,
both responsesre small and, for the corventional VAR, mostly insignificantly different from

32Thesecorrelationsreveal several regularitiesamongregional impulseresponses First, regions with relatively
large negative reponsesendto have relatively low meanlags;in otherwords,regionshit hardby monetaryshocks
tendto recover quickly. Secondyegionstendto exhibit relatively large negative response all variablesor in none;
in otherwords, the interestsensitvity of region tendsto be the samein housingand nonhousing.Third, the mean
lagsof incomeandhousinginvestmentrevery highly correlated put the meanlagsof housingpricesessentiallyare
unrelatedo the meanlagsof incomeandhousinginvestmentjn otherwords,regionsarequite heterogeneous their
priceadjustmenandmarket clearingdynamics.
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Figure 6: Macro Impulse Reponses
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zero®® The HAVAR responsdies nearthe boundaryof the error bandfor the first yearor so,
but the economidifferencebetweertheresponses negligible overthefull horizon.For housing
investmentindappreciationhowever, thetwo modelresponsediffer greatly TheHAVAR invest-
mentresponses anorderof magnitudeargerin absolutevalueat its peakthanthe corventional
responseFor thefirst two quartersthe HAVAR appreciatiorresponses quite differentfrom the
cornventionalresponsewhichincreasesharplyin the shortrun. Theappreciatiorresponsediffer
lessthereafterbut the differences oftenaboutl percentag@oint— aneconomicallysignificant
gap.To summarizeaggreationsubstantiallyaltersthe magnitude®f somecorventionalimpulse

33t is critical to keepin mind herethat a corventionalmonetaryVAR estimatedwith aggreyateU.S. dataover
our 1986-96sampleproducesessentiallythe sameweakandsluggishincomeresponse Apparently the well-known
responsesf VARs to monetaryshocksarelargely shapedy dataprior to theearly 1980s.
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responseselative to the HAVAR responses.

The durationof the corventionaland HAVAR aggr@ate responsedliffer markedly for the
two housingvariables. The HAVAR responsesf investmeni@andappreciatiorpeak(i.e., reacha
minimum)ayearor morebeforethecornventionalresponseDifferencesn durationarenotevident
for incomebecausdothincomeresponsarequiteflat.

The longerdurationof the corventionalresponsess a manifestatiorof the effects of aggre-
gationon adjustmenspeeds Aggregatedatatendto be muchmorepersistenthandisaggrgated
data,soaggrgationtendsto biasdovnwardestimate®f adjustmenspeedsasnotedearlier Thus,
theresultsin Figure6 indicatethattheeffectsof monetarypolicy ontheeconomyareactuallymuch
swifter thanpreviously thoughtbasedon corventionalmacroVAR simulations.

Althoughthisresultcontrastaith the corventionalwisdom,it is moreconsistentvith thedata.
ConventionalVARsindicatethatit typically requireslOto 12 quartersor morefor incometo reach
its peak(minimum) responseafterthe monetaryshock. But in atypical post-war U.S. recession,
the peakincomedeclinetypically occurslessthaneightquartersafterthefundsratebeginsto rise
andonly abouta yearafterthe fund ratereachests peak(maximum).

Differencesbetweenthe corventional VAR andHAVAR responsesnay seemimplausibleto
macroeconomista/ho view the corventionalincomeresponseas a fundamentalempirical fact.
However, recallthatthe HAVAR is the correctbenchmarkbecausét neststhe corventionalVAR.
Thus,thedifferencedvetweertheHAVAR andcornventionalVAR modelresponsesdicatethatthe
restrictionsof the corventionalmodelyield dynamicbehaior thatis inconsistentvith the HAVAR
model. Moreover, thesedifferencesare amplified greatly oncewe admit heterogeneityn initial
conditions,asdemonstrate¢h the next section.

7 HAVAR Model Simulations

7.1 Motivation

The precedinganalysisquantifiesoneimportantway in which regional heterogeneityandaggre-
gationcaninfluencethe dynamicpropertiesof a monetaryVAR model. A secondmportantway
regionalheterogeneitganinfluenceaggrgatedynamicbehaior is throughdependenceninitial
regionalconditions(statedependenceBy incorporatingegional VARs andimposingaggreation
conditions the HAVAR modelprovidesa naturalframework for evaluatingthisissue.
Impulseresponsesf corventionalVARs areindependentf initial regionalconditionsbecause
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the modelequationsarelinear and,implicitly, regionsare homogeneousln the HAVAR model,
theregionalmodelsarelinearbut theaggreatemodelis nonlinearbecausé exhibitstime-varying
parametershatdependon regional characteristicsConsequentlythe aggregateresponselepends
ontheinitial valueof income,investmentandappreciatiorin eachregion3* In otherwords, het-
erogeneityin initial regional conditionsinteractswith heterogeneityn regional sizeandregional
parameterso producean additionalsourceof variationin the dynamicresponsesf the HAVAR
modelto monetarypolicy. Theimpulserespons@analysisof section6.2implicitly assumedhatall
regionswerein equilibriumatthetime of the monetarytightening,in sharpcontrasto the results
presentedhn section2.2.

Sensitvity of dynamicpropertiedo initial regionalconditionsseemsbviousbut hasnotbeen
examinedmuchin the literature. Clearly, monetarypolicy makers could benefitfrom knowing
whetherfundsrate changesaffect the economydifferently in recessionshanexpansionsfor ex-
ample. CorventionalmonetaryVARS yield the samedynamicresponseso monetarypolicy for
every empiricalepisode®® In contrastthe HAVAR modelaccountgor underlyingheterogeneity
andprovidesestimate®f thedynamicresponseto monetarypolicy thatvary overtime.

7.2 Methodology

We simulatemonetarytighteningwith the HAVAR modelin situationswherethe aggreateecon-
omy beginsin equilibrium (analogougo the corventional VAR) but the regional economiesdo
not. Becauseaggre@ateequilibriumis consistenwith mary configurationof initial regional dis-
equilibrium, it is necessaryo performnumeroussimulationsby randomlydraving multiple sets
of initial conditions. By conductingenoughsimulationswe cantraceout the rangesof dynamic
responsetdo monetarytighteningunderalternatve initial conditionsfor regionaldisequilibriumin
incomeandappreciation.

Furtherdescriptionmay help clarify this point. Supposeherearetwo regionswith different
sizesanddifferentincomeresponseto amonetaryshock.Oneregionis runningapositveincome

34Statedependencalsoarisesn nonlinearVARs, suchasin Weise[62] wheremoney supplyshockshave stronger
output effects and wealer price effects when output growth is initially low. Suchnonlinearmodelsmay describe
economicbehaior betterthanlinear models,but our goalis to demonstratédow nonlinearityarisesinherentlyfrom
aggrejationof heterogeneouagentsthat behae linearly. Incorporationof nonlinearmicroeconomianodelswithin

anHAVAR typeof modelwould addto the nonlinearityandcomplexity of the system.
35Actually, this point is true for every linear corventionalmacromodel usedfor policy analysis,including the

FederalResere Boards new FRB/USmodel.
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gap andthe othera negative gap, but the weightedaverageof incomegapsis suchthatthereis
no aggreateincomegap. Thenthe aggrgyateresponsef the economyto a monetaryshockwill
dependnwhichregionrecevedwhichinitial incomeshock.For example theaggreateresponses
whenthelargeregion recevesa largeincomeshockwill differ from the responsavhenthelarge
region recevesa small incomeshock. Moreover, this differencecan be amplified or mutedby
variationin theregions’ sensitvities to monetaryshocks.The aggregjateresponsavhenthelarge
region is very sensitve to monetaryshockswill differ from the responsevhenthelargeregionis
veryinsensitveto theseshocks.Many combination®f regionsize,sensitvity to monetaryshocks,
andinitial incomegapsexist so extensve simulationsareneededo identify the rangeof possible
aggregateoutcomes.

Therandomdraws areobtainedfrom data-consistergstimatef the distributionsof regional
structuralshocksidentified by the HAVAR model. We cannotreject the hypothesisthat these
innovationsare distributediid normalwith meanzeroacrosstime andregions. Randomshocks
arechosersothatregionalvariableshave heterogeneousitial conditionsbut aggreyatevariables
begin in equilibrium. To ensurethatthe aggregateinnovationto the HAVAR modelremainszero,
we weightthedraws by region size.Evenwith 27 regions(draws), the aggregateinnovationis not
alwaysexactly zero. Thus,whennecessarywe adjustthe dravs suchthat thereis no aggregate
effect beforesimulating.

For eachsimulation,we drav a setof randominitial conditionsfor incomeor appreciatiorin
eachregion andshockthe HAVAR modelin thefirst period. Oneperiodlater, we shockthe funds
rate equationby 100 basispointsfor onequarter We do 1,000simulationsfor eachexperiment.
As in Figure 6, we plot the response®f income,investment,and appreciationassociatedvith
the simulationsthat producedthe 10th percentileand 90th percentilepeakresponses We then
comparetheseextremeresponsesvith thoseof the HAVAR modelwith no dispersionin initial
regional conditionsthatis, the HAVAR responses section6.2. We alsoreportthe distributions
of themeanlagsof theimpulseresponseasa measurenf variationin duration,anddistributions
of the peakresponseasa measuref variationin magnitude.

7.3 Regionallncome Dispersion

Figure7 shaws the resultswheninitial incomeconditionsvary acrossregionsbut initial housing
investmentand appreciationconditionsdo not. The magnitudeand durationof the HAVAR re-
sponse®f differ from their no-dispersiorbaselines.For income,variationin the magnitudeof
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theresponsess modest.Variationin durationis substantialalthoughthis may not be particulary
meaningfulgiventheir flathnessandthe small differencedetweernheresponsesPerhapsnorein-
terestings thatthetwo extremeresponseareasymmetriaroundthe no dispersiorresponseThe
10th percentileresponsealeclinesabouttwice asmuchasthe 90th percentileresponsencreases,
andthis differencebecomesnoremeaningfulatlongerlags.

Figure 7: HAVAR Simulations for Regionallncome Dispersion
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Theincomeresponsedemonstrat¢hatthe effectsof monetarypolicy are“long andvariable”
Aboutthree-fifthsof theresponsebave a meanlag of up to five years mostof which arebetween
1-1/2yearsto 2-1/2years.Oneyearis considerabl@ariationin responseluration but asubstantial
fraction of responsebave meanlagsevenshorteror longer®® Most of the peakincomeresponses
aremodestput incomedeclinesby 1/2 percentor morein oneout of everyfour cases.

36The othertwo-fifths of responseareextremelypersistent|ik e the 10th and 90th percentileswith meanlagsof
morethanfive years(in somecasesmuchmore). Theseresponsemay be associatedvith initial conditionsin which
themonetaryauthoritywould be unlikely to tightenpolicy, or they mayreflectsomenonstationarityproblems.
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Thepeakresponsesf housinginvestmenin the 10thand90th percentilegliffer by morethan
4 percentaggointsin a rangebetween—1 and —6 percent. Interestingly mostpeakresponses
occurin thelower endof thisrange.More thanhalf of theinvestmenmeanlagsarebetweer and
3-1/2years but mary meanlagsareasshortas2-1/2yearsandaslong as4 years.

For appreciationthe peaksof theextremeresponsediffer by almostl percentag@oint. Inter-
estingly theno-dispersiomesponsés quite similarto the 10thpercentileresponsdor muchof the
horizonratherthanbeingin betweenthe extremeresponsesThis asymmetryis a goodexample
of thekind of nonlineareffectsthatcanarisein the aggrgatedynamicsof modelsthataccountor
heterogeneityandaggreation. The peakresponsesf appreciatiorvary considerablythoughnot
asmuchasthoseof investmentHowever, the durationof the appreciatiorresponsesariesmore,
with the meanlagsaboutuniformly distributedbetweerl-1/2 yearsand5 years.

7.4 Regional Appreciation Dispersion

Figure 8 shaws the resultswheninitial appreciatiorconditionsvary acrossregionsbut initial in-
comeconditionsdo not. The HAVAR simulationresultsare qualitatvely similar to thosewith
dispersionn regionalincome,sowe do notdiscusghemin detail. Thesimulationgevealsubstan-
tial heterogeneityn the magnitudeanddurationof the dynamicresponsesHowever, the overall
messagef Figure 8 is that the effects of dispersionin regional appreciationare somavhat less
thanthe effectsof dispersionn income,particularlyfor theincomeresponses.

We alsosimulatedhe HAVAR modelunderascenariovherethe coastaregionsareexperienc-
ing housingboomscharacterizedy unusuallyhigh housingappreciation Specifically the coastal
regions (eastandwest) are subjectto appreciatiorshocksequalto the 75th percentileof thein-
novation distribution and noncoastalegions are subjectto shocksequalto the 25th percentile.
Conceptuallythis experimentis designedo approximatesituationssuchasU.S. housingmarkets
duringthelate 1980s.

Figure 9 shaws that monetarytighteningis moderatelyless effective when the economyis
experiencingcoastahousingbooms.Housingappreciatiorbeginsaboutl percentag@ointhigher
in this simulation. Giventhe underlyingsupplyanddemancelasticitiesmbeddedn the regional
VARSs, this higherappreciatiorieadsto significantly higherhousinginvestmenin the shortrun;
incomeis highertoo, but only modestly Thegenerapatternof thedynamicresponsearesimilar
to theno-dispersiormodel,but it takesmorethanayearfor differencedetweerthehousingpoint
estimatedo disappear This simulationsuggestshat the monetaryauthoritywould have to raise
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Figure 8: HAVAR Simulations for Regional Appreciation Dispersion
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the federalfundsratemorewith coastalhousingboomsto achiese the sameaggreateresponses
aswhenregionalappreciatiorratesarehomogeneous.

8 Summary and Conclusions

This paperintroducesa newv heterogeneous-ageMAR modelfor monetarypolicy analysisthat
incorporategegional heterogeneityn housingmarkets. Although the underlyingregional VAR
modelsarelinear, the HAVAR modelyieldsatractablenonlinearaggregatemodelwhosedynamic
propertiesdependon thedistribution of initial economicconditionsacrosgegions. For a panelof
regionaldata,the HAVAR modelexhibits economicallysignificantvariationin the magnitudeand
durationof dynamicresponse monetaryshocks We interpretthemodelandobsenedempirical
variationas concreteexamplesof how the effects of monetarypolicy on the economyare “long
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Figure9: HAVAR Simulation of CoastalHousing Booms
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TheHAVAR modelandresultsin this paperareafirst steptowardunderstandinggow monetary
policy may affect the economydifferentially over time. The methodologycould be improvedon
severaldimensionsA modelbasedon dynamicoptimizing behaior with deepstructuralparame-
terswould be preferableandthe HAVAR methodologyis consistentvith sucha structuraimodel,
providedit canberepresentedh restricted-VAR form. Evenwithin theclassof VAR models,more
structureandalternatve identifying restrictionscould be entertained Macroeconomistgrobably
would like a broaderfocusthanhousing,and othersmay prefera more detailedtreatmentof the
housingmarket. Empirically, efforts areneededo expandboththe time-seriesandcross-section
dimensionof thedatabase.
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Neverthelesseventhis relatively simple modeloffers a stepforward for policymalkers. Con-
ventionalmacroeconomienodelsdo not accountfor heterogeneityand linear aggrgatemodels
predictthe sameeffect of monetarypolicy actionsat eachpointin time. Our HAVAR modelover-
comesboth of theselimitations, providing a relatively easyway to answerthe kinds of “what if ”
guestionsnonetarypolicymakersaskwith regardto changingeconomicconditionsovertime.

A Data Appendix

Theaggregyatedatasourcesreasfollows. Theaggreatepriceis theU.S.CPI-Ufor all itemsfrom
the Bureauof Labor Statistics.Thenominalmortgagerateis the contractrateon commitmentgor
fixed-ratefirst mortgagegrom FederaResere StatisticalReleasé5.13 The monetaryinstrument
is thenominaleffective federalfundsrate,alsofrom Releases.13.

The regional datasourcesare asfollows. Housinginvestmentis the MSA-level numberof
housingstartsfrom the CensusBureau(regional housingstockdataarenot available)3’ Housing
priceis thenominalMSA-level index from the FannieMae Repeaflransaction®atabaselncome
is state-leel personaincomefrom the CensusBureau. Startsandincomeare corvertedto per
capitausing Censusdataon MSA-level population,and incomeis further scaledby the share
of MSA populationin total statepopulation. Incomeand housingpricesare deflatedusing the
aggregateprice, U.S.-level CPI-U, becauseMSA-level CPI dataarenot availablefor all regions,
all quartersandfor housingandnonhousingubaggrgates.

The databasgields a balancedanelfor estimationandaggreationanalysisthatincludes27
regionsover 40 quartersrom 1986:Q3to 1996:Q2. AppendixTable2 lists the regions. A panel
with a longer sampleperiod would include mary fewer regions, and a panelwith moreregions
would cover a muchshortersampleperiod. We selectedhis combinationof regionsandyearsto
obtainsufficient heterogeneityandtime seriesobsenations.

Aggregatehousingmarket dataarethe appropriatelyweightedsumsof theregionaldata,using
abalanceganelto ensureexactaggreation. Aggregatedatafrom the 1986-96panelrepresen87
percenbf totalU.S. personalncomeand7.5 percenbf total U.S. housingstarts®® Thetime series

$"Theoretically housingstartsis the appropriatedatameasuréout the consensusiew in the literatureis thatstarts
containmeasuremergrrorsthat make themlesssuitablethanhousingpermits. However, Somerville[57] challenges

this view, andwe find no differencein the empiricalresultsbetweerstartsandpermits.
38The disparity betweernthe sharesof incomeandhousingis likely dueto the factthat housegendto be “larger”

andof betterquality whereincomeis greater Thus,the shareof the housingstockin theseregionsis probablymuch
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correlationbetweerthe panelaggrgateandtotal U.S. detrendedliatais 0.83for incomeand0.73
for starts. Becausdhe Censushousingdataare not obtainedfrom a probability sample,it is not
possibleto quantify sampleselectionproblems.

B Technical Appendix

To seethe connectionto nonlineartime seriesmodels,considerthe following simple example
motivatedby GrangerandNewbold [27] (pp. 303-305).Defining

Xt = (Xt7 Xt—17 P 7Xt—L7 €ty €t—1,- - - ,Gt_L) y
thenageneralizedhonlinearAR(1) is
Xy =B(Xe—1)Xem1 + €

wherethe nonlinearparamete3(X;_,) mustbe “constrained’someha to be madepractical. If
Xt = 1t + x9 @ndzyy = Biwiy—1 + € for i = {1, 2}, thenwe candefine

sk
Xt = (IE1t, Tig—1y0 s X1t—Ly X2y X215+« L2t—Ly €14, €16—1y- -5 €14—L; €2, €281, - - ,62,t—L)

sothatthe macroparametebecomes3(X;_;). In this simpletwo-agentAR(1) case the macro
parameters

B(XE : B, fa) = BiT1—1 +/32$2,t—1] _ [,61 <$1,t—1> + B, <$1,t—1>]

Ti-1 + Loz X1 X1

whereX}*, = (212, Zot—2,€1,4-1, €241, ) bDECAUSE; 1 = Biz;s—o + €;4—1. Timevariationin
B(X3*,; B, B2) arisedrom time variationin themicrodatasharesz; ;1 / X;_1) provided gy # S,
(heterogeneousehaior) or e ;1 # €241 (heterogeneoushocks)or both3° Thus, X; depends
dynamicallyon thelagged micro shocksg; ;—1, which representieviationsfrom the micro steady
statesgz;q.°

An interestingmplicationof this dependencis thata multiplicity of dynamicresponsesf X,
emepgesfrom ary givenaggr@ateshock.e;_; = €; ;1 +€2;_1; Or, conversely ary givenaggrgate
responsés consistentvith amultiplicity of micro shocks.For example,amean-preservingpread

higher
39A corventionalmacroVAR implicitly assumesway the effectsof bothtypesof heterogeneity
4OWe thankSimonGilchristfor helpingusdiscover thisimportantinsight.
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of micro shockswill alter the aggrgyate dynamicresponseof the HAVAR model, as would a
moment-preservingedistritution of the micro shocks(it matterswherethe shocksoccurbecause
themicro parametersary). More generally HAVAR aggregatedynamicresponsegependnthe
joint distribution of micro shocksand micro parametersNote, however, that unlike mary other
nonlinearmacromodels therearenot multiple equilibria.** Becausehe micro modelsarelinear

andassumedtable boththe microandHAVAR modelsalwayscorvergeto the samesteadystate
in thelongrun.

41SeeAoki [2] for anexamplewith heterogeneousgents.
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Table 2: RegionalImpulse Responses

Housing

Income Investment Appreciation
Region (MSA) Peak Lag Peak Lag Peak Lag
Atlanta, GA —-.78 26.8 -13.10 10.9 -2.14 10.2
Baltimore,MD —-22 151 —-261 10.3 —-71 10.6
Charlotte NC —.36 6.9 —.53 5.9 -.79 8.9
Chicago,IL —.46 7.4 —4.12 7.2 -19 118
ColoradoSprings,CO —.49 9.0 -3.31 9.2 —4.65 5.2
WashingtonDC .00 291 -10.0 10.8 -39 10.0
Dallas, TX —-02 765 —13.7 143 —4.02 7.4
Derver, CO —60 142 —-896 125 —4.48 10.1
Fort LauderdaleFL -122 151 -5.83 26.1 —6.47 10.3
Houston,TX —.02 2394 -21 747 -1.78 9.2
KansaCity, MO —.60 1154 -3.15 14.1 -194 159
LosAngeles,CA -.01 13.6 -3.06 19.2 -82 16.2
LasVegas,NV —-.03 108 —-.27 19.1 .00 2.8
Miami, FL -.09 7.5 -.70 7.4 —2.42 6.8
Minneapolis,MN —.56 9.7 —8.53 7.4 -2.02 7.9
New Orleans] A —-.24 5.7 -121 101 —3.85 6.5
New York, NY -.32 6.7 —11.60 7.4 —3.52 9.3
Phoenix,AZ —-145 147 —184 9.7 -3.14 9.6
Riverdale,CA —.02 7.1 -3.23 148 -71 112
SacramentoCA -.03 116 —2.26 13.8 -80 16.7
SaltLake City, UT —-60 127 -5.21 7.1 -5.66 11.1
SanDiego, CA .00 17.2 —.60 9.6 —.44 9.9
SanFranciscoCA —.03 118.0 —1.08 58.9 —5.49 6.6
Seattle WA —-.03 109 -7 146 —-49 144
St. Louis,MO —-49 156 -1.70 10.0 —-2.55 12.0
TampaFL -18 22.0 -3.70 16.0 -1.97 8.9
WestPalm Beach FL —-.92 9.2 -3.19 326 -4.21 10.1

CorrelationMatrix

IncomePeak 1
Incomelag .20 1
InvestmenPeak .51 A2 1
Investmentag 15 .82 .28 1
AppreciationPeak 52 —-.06 26 —-.19 1
AppreciationLag -03 -.01 04 -11 27 1
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