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Abstract

This paperquantifiestheimportanceof heterogeneityin regionalhousingmarketsfor theconduct
of monetarypolicy usinganew modelcalledaheterogeneous-agentVAR (HAVAR), whichgener-
alizesconventionalmacroVARs. TheHAVAR modelintegratesanationalmonetaryauthorityand
financialmarket with regional housingmarkets,imposingexactaggregation. Monetarypolicy is
transmittedto thenationalto regionalmarketsvia themortgagerate.AlthoughtheHAVAR model
is basedon linear regionalVARs, its aggregateimpulseresponsesexhibit two nonlinearities:(1)
time variation,stemmingfrom aggregationover heterogeneousregions;and(2) statedependence
on initial economicconditionsin regions. Thus,the effectsof monetarypolicy on the economy
dependon theextentandnatureof regionalheterogeneity, which vary over time. Using longitu-
dinal datafor a subsampleof detailedU.S. regions,we estimatetheeffectsof time variationand
statedependenceon thedynamicresponsesof theHAVAR model.Theestimatedmodelprovides
plausibleandtangibleexplanationsfor “long andvariable” lagsin monetarypolicy. To provide a
policy-relevantillustration,weshow how coastalhousingboomsinfluencetheefficacy of monetary
policy.

JELCodes:E22,E52,R21,R31
Keywords:monetarypolicy, housing,aggregation,heterogeneity, regional,VAR



1 Intr oduction

A widely heldconventionalview is thatmonetarypolicy shouldfocusonly onaggregateeconomic

conditionsbecauseit cannotcontrolor targettheconditionsof particulargeographicregions.This

paperexaminesthelargelyoverlookedflip sideof thisconventionalview. Regionaleconomiccon-

ditionscan(anddo)significantlyinfluenceaggregateresponsesto monetarypolicy actions,for two

simpleandintuitive reasons.First, economicsensitivity to monetarypolicy variesacrossregions,

asshown recentlyby CarlinoandDeFina[7], [8]. Second,economicconditionsprevailing at the

timeof monetarypolicy actionsvaryacrossregions,asweshow later. For bothreasons,aggregate

dynamicresponsesto monetarypolicy actionsarenonlinearsothemagnitudeanddurationof the

responsesvaryover time.

In otherwords,althoughmonetarypolicy cannottarget regional economicperformance,re-

gional heterogeneitymay matterfor the efficacy of monetarypolicy. For example,the extent to

whichtheeconomyslowsin responseto amonetarytighteningwill dependonissuessuchaswhich

regionsaregrowing fastest,andwhetherthemostrapidly expandingregionsarethemostinterest

sensitive. More generally, theaggregateeffectsof monetarypolicy dependon thedistribution of

regionalsensitivities to monetarypolicy andon the initial distribution of regionaleconomiccon-

ditions at the time of monetarytightening. Both distributionsvary over time, so small changes

in the configurationof heterogeneitycanproduceeconomicallysignificantchangesin aggregate

responses.

To evaluatethe importanceof this idea,we developa macroeconometricframework calleda

heterogeneous-agentvectorautoregression(HAVAR) model.1 The HAVAR model is a blendof

VAR modelsfrom two literatures.At theaggregatelevel, theHAVAR modelis analogousto the

classof monetaryVAR models,describedin Christiano,Eichenbaum,andEvans[12], which ap-

proximatethe reduced-formsof small-scalestructuralmacromodels.2 At thedisaggregatelevel,

the HAVAR model is analogousto VAR modelsof international,regional andindustrialhetero-
1This namereplacestheaggregationvectorautoregression(AVAR) terminologyusedin previousversionsof the

paper. We thankJohnKeatingfor pointingout theacronym conflict with asymmetricVAR models.
2Indeed,theHAVAR modelframework is fully applicableto structuralmodelsof monetarypolicy suchasFuhrer

andMoore [22]; Chari,Christiano,andKehoe[10]; King andWolman[34]; GoodfriendandKing [24]; Rotemberg

andWoodford[53]; McCallumandNelson[44]; Clarida,Gali, andGertler[13]; andtheNovember1995issueof the

Journalof Money, CreditandBanking, 27(4).Thesemodelscanbesolvedto obtainreduced-formsthatareessentially

restrictedVARs, thenincorporatedinto theHAVAR framework.
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geneity.3 The latter typically includeonly oneor two variables,suchasemploymentor income,

and focuson the relative importanceof aggregateversusdisaggregateshocksor the extent and

natureof heterogeneity.

OurHAVAR modelcombinesthestrengthsof bothliteratures– therelativebreadthof monetary

VARs andthe heterogeneityof disaggregateVARs. The aggregateanddisaggregatesectorsare

linkedin aneconometricallytractablemannerby exploiting theory-basedsimplifying assumptions

aboutthe economicrelationshipsamongthem. Becauseit imposesexact aggregationconditions

and focusesprimarily on aggregatebehavior, the HAVAR modelquantifiesthe macroeconomic

importanceof microeconomicheterogeneityin awaythatpreviousstudieshavenot. A recentpaper

byAbadirandTalmain[1] containsacloselyrelatedanalysisof aggregationof heterogeneousfirms

in a realbusinesscyclemodel.

HAVAR modelsalso offer a more generalframework for policy analysisthan conventional

macroVAR models.By relaxingimplicit restrictionson micro heterogeneityandaggregating,the

HAVAR modelbecomesasimpleform of nonlinearmacroVAR model– eventhoughtheunderly-

ing micro modelsarelinear. Specifically, themacroparametersvaryover time for two reasons:1)

region sizevariesover time; and2) initial economicconditionsin regionsvary over time. Conse-

quently, HAVAR modelscanquantifytheextentto which theefficacy of monetarypolicy depends

on thedistributionsof regionalconditionsandthenatureof regionalshocks.ConventionalVARs

aresimply specialcasesof HAVAR modelswith fixedmacroparametersandwithout statedepen-

dence.4

In our applicationof a HAVAR model,we quantify the importanceof regional heterogeneity

in housingmarketsfor theefficacy of monetarypolicy. Althoughhousingis not theonly potential

sourceof regional heterogeneity, it is an ideal candidate.Housingis a volatile leadingindicator

of thebusinesscycle anda critical channelof monetarytransmission.But housingis determined

in localmarketsbecausesupplyanddemanddependheavily on idiosyncraticandregionalfactors.

Othersourcesof regionalheterogeneity, suchasindustrialor demographiccomposition,stateand
3Clark andShin [15] containsa nice survey 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 particular form of nonlinearity is quite simple, the HAVAR model is a specificexampleof the

nonlineartime seriesmodeldescribedin GrangerandNewbold [27]. Thus, it is part of the literatureon nonlinear

impulseresponsefunctionsthatincludesGallant,Rossi,andTauchen[23], Potter[49], [50], and[51], Koop,Pesaran,

andPotter[35], Aoki [2], Weise[62], andBalke [3].
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local fiscalpolicies,andfinancialmarket conditions,wouldalsobeinterestingapplications.

Our housing-monetaryHAVAR modelassumesthe following decompositionof a benchmark

monetaryVAR model. At the nationallevel, inflation andinterestrates(nominalvariables)are

determinedby themonetaryauthorityandfinancialmarkets.At theregionallevel, income,housing

investment,andhousingprices(realvariables)aredeterminedby householdsandfirms. National

and regional markets are linked by the mortgagerate, which serves as the centralchannelfor

monetarytransmission.As anexample,thehousing-monetaryHAVAR modelenablescomparison

of theeffectsof monetarypolicy during the late1980scoastalhousingboomwith policy during

periodswhenregionalhousingactivity wasmorebalanced.

Using a longitudinal panelof detailedregional data,we find economicallyand statistically

significantdifferencesbetweenthe dynamicresponsesof the housing-monetaryHAVAR model

andtheconventionalVAR for up to two years.Aggregatevariablesexhibit muchlesspersistence

in the HAVAR model, with meanlags of dynamicresponsesto monetarypolicy shocksabout

oneyearshorterthanin theconventionalVAR.5 Evenlargerdifferencesarisebetweenthedynamic

responsesof theHAVAR modelto variationin regions’initial economicconditions.Peakresponses

(magnitude)canvarybymorethanonepercentagepointandmeanlags(duration)canvarybymore

thanoneyear, dependingon theconfigurationof regionalconditions.

TheHAVAR framework andempiricalresultsoffer onepracticalandtangibleinterpretationof

the “long andvariableslags” to monetarypolicy. We interpretthe lesserpersistencein HAVAR

dynamicresponsesasevidenceof aggregationbias in conventionalVAR responses,and thusa

partial explanationfor the perceived “long” lags. We interpretvariation in the magnitudeand

durationof HAVAR dynamicresponsesacrossregional initial conditionsasa partial explanation

for “variable”lags.

Overall, our findingspoint to theimportanceof addressingtherole of microeconomichetero-

geneityin assessingtheeffectsof monetarypolicy on macroeconomicconditions. Incorporating

othersourcesof heterogeneityalongwith housingmayyield evengreatereffects.Furthermore,our

methodologyhasobviousextensionsto fiscalpolicy andothertypesof shocks,andto international

settingssuchastheEuropeanUnion.
5This resultcontributesto theliteratureon aggregationandpersistence(long-memory)in time seriesmodels.See

AbadirandTalmain[1] andthereferencestherein.
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2 Context and Moti vation

2.1 Housingand Macro Models

Housinginvestmentlonghasbeenacknowledgedasanimportantfactorin macroeconomicmodels.

Onereasonis thathousingis oneof themostvolatile sectorsof theeconomy. Housinginvestment

growth is 28 timesmorevariablethanGDPgrowth, whereasnonresidentialinvestmentgrowth is

only seventimesmorevariable. However, housinginvestmentonly accountsfor about5 percent

of GDPand7 percentof thevarianceof GDPgrowth, somorethanstriking volatility is required

to justify a role for housing.

Housinginvestmentalso is closely connectedwith the businesscycle and monetarypolicy.

Green[28] providesevidencethathousinginvestmentGrangercausesGDP, whereasnonresiden-

tial investmentdoesnot, andthe ConferenceBoardincludeshousingpermitsamongits leading

economicindicators.Moreover, thedatashow astronginverselead-lagrelationshipbetweenmon-

etarypolicy, asmeasuredby thefederalfundsrateor thespreadbetweenmortgageandfed funds

rates,andhousingandotherrealactivity.6 Simplecross-correlationsrevealthatthemonetarypol-

icy variablesleadhousinginvestmentgrowth by onequarter, which in turn leadsnonhousingGDP

growth by onequarter. We alsofind strongcross-correlationsbetweeninflation andhousingap-

preciation(growth of real housingprices)over the businesscycle with muchlongerlags. These

correlationsarenot widely known andsuggestanadditionallink betweenhousingandmonetary

policy.7

Although thesecorrelationsaresuggestive, multivariatedynamicanalysesprovide morecon-

vincing evidenceof theindependentimportanceof housing.Consequently, weestimatedabench-

markmonetaryVAR modelthatis representativeof theliteratureexceptthatit disaggregatesoutput

andprice into housingandnonhousingcomponents.The variablesare: �	� = log of the implicit

deflatorfor nonhousingGDP; ��
 = log of theimplicit deflatorfor housinginvestment;� = log of
6SeeBernanke andBlinder [4] andFriedmanandKuttner[21] regardingthesemeasuresof monetarypolicy. The

latterusethecommercialpaper-Treasurybill spread,but mortgage-fedfundsspreadis qualitatively similar.
7Froma macroeconomicperspective,it is easyto understandwhy inflationandinterestrateshaveoccupiedcenter

stage. Contemporaneously, inflation andinterestratesaremuchmorecloselyalignedwith the businesscycle than

housingappreciation,andinflation andinterestratesvary over time by an orderof magnitudemorethanaggregate

housingappreciation.We do not claim thatmonetarypolicymakerssetpolicy basedon rulesthatincorporatehousing

appreciation,andwe areunawareof evidencethat theempiricalcorrelationis widely known, muchlessexploitedby

policymakers.
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realper-capitanonhousingGDP; 
 = log of realper-capitahousinginvestment;� = thefederal

fundsrate; and � = the nominal interestrateon conventional30-yearmortgages.Conventional

testsindicatethat all six variablesclearly belongin the system.The VAR is estimatedover the

period1966:Q1to 1998:Q2andis identifiedby orthogonalizationbasedon thecommonordering

of prices,quantities,andinterestrates:�	� , �	� , � , 
 , � , and � .

Figure1 plots impulseresponsesfrom thebenchmarkhousing-monetaryVAR with two stan-

darderror bands. The fifth columndemonstratesthe main point: monetarypolicy shockshave

significantly larger andmorerapid effectson housingthannonhousing.After a shockto � , �
declinesslowly andsteadilyfor 10quartersbeforebeginningto rise– awell-known, robustfeature

of VAR andothersmall-scalemacromodels.8 In contrast,
 declinesmuchmoresharplyand

quickly. The peakdeclineis aboutseven times that of � and it only takessix quarters,a year

lessthan � . Likewise, �	� declinesmuchmoreandmorequickly than �	� ; the so-calledprice

puzzleappearsonly for �	� . This differencebetweenhousingandnonhousingdynamicsreflects

heterogeneityamongVAR coefficientsthatmotivatesdisaggregationof thesecomponents.

Table1 shows the importanceof housingin variancedecompositions.Monetarypolicy ac-

countsfor muchlarger fractionsof variation in housingthannonhousing,especiallyin the first

yearwhere� explainsfive timesmorevariationin 
 than � . Althoughthecontributionsof both

quantityvariablesis relatively small, thecontribution of 
 is disproportionatelylarge compared

to � , consideringits smallGDPshare.Finally, �	� playsasurprisinglylargerole in explainingthe

varianceof systemvariables,especiallyfor two yearsor moreandfor pricesandinterestrates.

2.2 RegionalDisaggregation

Perhapsmorethanany othercomponentof GDP, housingwarrantsa disaggregatedapproachbe-

causeof its specialcharacteristics.Accordingto Smith,Rosen,andFallis [56], “Foremostamong

the specialcharacteristicsarethe durability, spatialfixity, andheterogeneityof housingandthe

extensive involvementof governmentsin housingandrelatedinput markets.” For thesereasons

andmore,housingsupplyanddemandaredeterminedin distinct local markets. This reasoning
8For VAR evidence,seeChristiano,Eichenbaum,andEvans[12] andLeeper, Sims,andZha [37]. The output

responseto a monetarypolicy shock,our main focus,is quite robust to variableorderings,datasources,handlingof

nonstationarity, andotherspecificationissues.Walsh[61] pointsout that this responseis typical in traditionaland

contemporarylarge-scalemacromodels.

5



Figure 1: Monetary VAR with Housing

Response of Pn to Pn

4 8 12 16
-0.4�-0.2�0.0�0.2�0.4�0.6�0.8� Response of Pn to Ph

4 8 12 16
-0.2�0.0�0.2�0.4�0.6�0.8�1.0� Response of Pn to Y

4 8 12 16
-0.4�-0.3�-0.2�-0.1

-0.0�0.1

0.2�0.3� Response of Pn to H

4 8 12 16
-0.24

-0.16

-0.08

0.00

0.08

0.16

0.24

0.32
Response of Pn to M

4 8 12 16
-1.0

-0.8

-0.6

-0.4

-0.2

-0.0

0.2

0.4
Response of Pn to R

4 8 12 16
-0.3

-0.2

-0.1

-0.0

0.1

0.2

0.3

0.4

0.5

Response of Ph to Pn

4 8 12 16
-1.0�-0.5�0.0�0.5�1.0�1.5� Response of Ph to Ph

4 8 12 16
0.00

0.25

0.50

0.75

1.00

1.25

1.50

1.75
Response of Ph to Y

4 8 12 16
-1.00

-0.75

-0.50

-0.25

0.00

0.25

0.50
Response of Ph to H

4 8 12 16
-0.50

-0.25

0.00

0.25

0.50
Response of Ph to M

4 8 12 16
-2.00

-1.75
-1.50

-1.25
-1.00

-0.75

-0.50
-0.25

0.00
0.25

Response of Ph to R

4 8 12 16
-0.2

0.0

0.2

0.4

0.6

0.8

1.0

1.2

Response of Y to Pn

4 8 12 16
-0.75

-0.50

-0.25

0.00

0.25

0.50

Response of Y to Ph

4 8 12 16
-0.5�-0.4�-0.3�-0.2�-0.1

-0.0�0.1

0.2�0.3� Response of Y to Y

4 8 12 16
-0.4�-0.2�0.0�0.2�0.4�0.6�0.8� Response of Y to H

4 8 12 16
-0.32

-0.24
-0.16

-0.08
0.00

0.08

0.16
0.24

0.32
0.40

Response of Y to M

4 8 12 16
-0.8

-0.6

-0.4

-0.2

-0.0

0.2

0.4

Response of Y to R

4 8 12 16
-0.50

-0.25

0.00

0.25

0.50

Response of H to Pn

4 8 12 16

-4.8�-3.2�-1.6�-0.0�1.6�3.2� Response of H to Ph

4 8 12 16

-3�-2�-10�1
2�3� Response of H to Y

4 8 12 16

-3.2�-2.4�-1.6�-0.8�-0.0�0.8�1.6�2.4� Response of H to H

4 8 12 16

-3�-2�-10�1
2�3� Response of H to M

4 8 12 16

-5
-4

-3

-2
-1

0

1
2

3
4

Response of H to R

4 8 12 16

-2

-1

0

1

2

3

4

Response of M to Pn

4 8 12 16
-0.50

-0.25

0.00

0.25

0.50

Response of M to Ph

4 8 12 16
-0.25

0.00

0.25

0.50

0.75

Response of M to Y

4 8 12 16
-0.50

-0.25

0.00

0.25

0.50

0.75

Response of M to H

4 8 12 16
-0.3�-0.2�-0.1

-0.0�0.1

0.2�0.3�0.4�0.5�0.6� Response of M to M

4 8 12 16
-0.8
-0.6

-0.4

-0.2

-0.0

0.2
0.4

0.6

0.8
1.0

Response of M to R

4 8 12 16
-0.6

-0.4

-0.2

-0.0

0.2

0.4

0.6

Response of R to Pn

4 8 12 16
-0.3�-0.2�-0.1

-0.0�0.1

0.2�0.3�0.4� Response of R to Ph

4 8 12 16
-0.2�-0.1

0.0�0.1

0.2�0.3�0.4�0.5�0.6� Response of R to Y

4 8 12 16
-0.27

-0.18

-0.09

-0.00

0.09

0.18

0.27
Response of R to H

4 8 12 16
-0.15
-0.10

-0.05

0.00

0.05

0.10
0.15

0.20

0.25

0.30
Response of R to M

4 8 12 16
-0.50

-0.25

0.00

0.25

0.50
Response of R to R

4 8 12 16
-0.3

-0.2

-0.1

-0.0

0.1

0.2

0.3

0.4

motivatesour regionaldisaggregation.9

Anotherfactormotivatingdisaggregationis thevolatility of regionalhousingmarketsrelative

to macroeconomicfluctuations.Thefederalfundsrateis almostthreetimesmorevariablethanag-

gregatehousingappreciation(standarddeviationsof 3.4versus1.3percent),but interestratestend

to berelatively homogeneousacrossregionswhereastimeseriesvariationin regionalappreciation
9Becausewe takea macroeconomicapproach,thepaperdiffersfrom thetraditionalfocusof thehousingliterature

in two importantways. Housingresearchcenterson supplyor demandelasticities,but reduced-formVARs do not

identify suchelasticities(althoughVAR coefficientsembedthem). Instead,our focus is on the aggregatedynamic

responsesof housinginvestmentandpricesto systemshocks.Housingresearchhasbeenconcernedpredominantly

with priceelasticities,whereasweareinterestedin interestrateelasticitiesaswell.
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Table1: VarianceDecompositionsof ForecastedVariables

Percentof varianceaccountedfor by:
Forecast After 4 quarters After 8 quarters After 16 quarters
Variable ����� �"!$#&%(' ���)���*!+#&%(' ���)���*!,#&%('��� 89 4 1 0 4 1 77 18 0 0 3 1 40 43 0 0 15 1��� 21 75 0 1 1 2 16 70 0 1 10 3 7 54 1 0 31 7! 12 4 66 5 10 3 27 3 37 3 26 4 24 6 25 3 38 4# 13 3 8 22 49 5 18 2 17 10 55 7 17 5 8 8 51 10% 3 2 19 9 63 3 4 10 18 8 55 4 4 20 10 5 51 10' 9 1 7 8 49 26 10 22 5 7 37 19 6 45 4 4 27 15

NOTE: Rowsmaynot addto 100exactlydueto rounding.

rates(standarddeviationsof 8.3 percentin the medianregion and11.2 percentin the 90th per-

centileregion)swampsthatof thefundsrate.Thus,while interestratesvarymoreat theaggregate

level, housingappreciationvariesmorein regionalmarkets.

Regionaldisaggregation,however, runsagainstconventionalwisdom.Macroeconomistswidely

agreethatmonetarypolicy cannotbeusedto influence,control,or targettheeconomicconditions

of particularregions.10 We subscribeto this view aswell, but arguethat the reverseis not true.

Regionaleconomicconditionscan,in fact,influenceaggregateoutcomes.In particular, themagni-

tudeanddurationof aggregateresponsesof income,inflation,andothermacroeconomicvariables

to monetarypolicy shocksvary over time anddependon regionaleconomicconditions.Two con-

ditionsarenecessaryto supportthishypothesis:1) regionsmustresponddifferentiallyto monetary

policy actions;and2) initial economicconditionsmustvary acrossregionswhenmonetarypolicy

actionsaretaken.

Figure2, reproducedfrom CarlinoandDeFina[8], providesevidenceon heterogeneoussen-

sitivity of regionsto monetarypolicy. After two years,the dynamicresponseof real incometo

a monetarypolicy shock(tightening)varieswidely acrossU.S. states. In somestates,suchas

Michigan,Indiana,andArizona,incomedeclineson averageby about2 percentwhereasin other

states,suchasTexas,Wyoming,andNew York, incomeonly declinesby about1/2 percent.Both
10This view is illustratedby a videogamein thevisitors’ lobby at theFederalReserve Boardcalled“You Are the

Chairman,” which asksplayersto selecta monetarypolicy — tighter, looser, or no change— in responseto different

scenarios.Mostscenariosfocusontraditionalpolicy responsesto macroeconomicdevelopmentsin realGDP, inflation,

andinterestrates.But in onescenario,unemploymentbegins to rise in several farm-beltstates.Playersaretold the

correctansweris no change.
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estimatesdeviatesignificantlyfrom thenationalaverageof 1.2percent.

Figure2: Sensitivity of RegionalIncometo Monetary Policy

S O U R C E :  C a r l i n o  a n d  D e F i n a  ( 1 9 9 9 ) .  S e e  t e x t  f o r  d e t a i l s .

B e l o w  - 2  % - 2  t o  - 1 . 5  %
- 1 . 5  t o  - 1 . 0  % - 1 . 0  - . 5  %
A b o v e  - . 5  %

Figure3 providesevidenceonheterogeneousinitial conditionsin realincomegapsandhousing

priceappreciationin thelate1980sand1990s.11 Theseperiodsfollow long economicexpansions

andprecedemonetarytightening,sotheaggregateoutputgapwasrelatively highatbothtimesand

regional conditionswould be expectedto be homogenous.In fact, however, regional economic

conditionsvariedquitesignificantlyacrosstheseperiods. In the late 1980s,incomeandhousing

appreciationwererelatively highalongtheeastcoastandpartsof thewestcoastwhereaseconomic

conditionswereweaker amongcentralstates. In the late 1990s,incomewas relatively high in

centralstateswhile the coastalregionswereweaker, andhousingappreciationwasmuchmore

uniformacrossall regions.12

The datashow that regions responddifferentially to monetarypolicy and that regional eco-

nomic conditionsvary significantlyacrosstighteningepisodes.Theseconditions,andthemacro
11State-level real incomegapsareactualincomelesstrendincome,wherethe trendis log linear with a breakin

1973,expressedin percent.State-level housingpriceappreciationis the2-yeargrowth in housingpriceslessthetotal

U.S.growth, expressedin percentagepoints.
12Regionalconditionsin thelate1970s(not shown) werealsoquitedifferentin that they werevery homogeneous.

For example,virtually all statesexperiencedlargepositive incomegaps.
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Figure3: RegionalEconomicConditions in the 1980sand 1990s

N
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evidenceon housing,suggestthat housingis a reasonablechoicefor introducingheterogeneity

into a macroeconometricmodelfor evaluatingmonetarypolicy. Numerousothersourcesof het-

erogeneitybesideshousingarerelevantaswell, andmany of thesecouldprovide complementary

justificationfor regionalheterogeneityanddisaggregation.13

13 Hayo and Uhlenbrock[30] emphasizethe industry mix acrossregions, with someindustriesmore interest-

sensitive thanothers.Mankiw andWeil [42] highlight significantfluctuationsin nationaldemographiccomposition,

which likely variesacrossstatesaswell. JohnesandHyclak [33] find thatvariationin local labormarket conditions

andhumancapitalstocksaffect regionalhousingprices.Poterba[47], [48] emphasizesregionalvariationin federal,

state,andlocal tax policies. MayerandSomerville[43] andMalpezzi[40] show strongeffectsof local government

land regulationandpublic goodson housingprice andsupplydynamics. LamontandStein [36] demonstratethat

leveragevariesacrossU.S.cities,andthatcitieswith relatively highloan-to-valueratiosreactmoreto regionalincome

9



3 Theoretical Framework

This sectionsketchesout theeconomicframework underlyingour HAVAR model.To our knowl-

edge,no structuraldynamicgeneralequilibrium modelwith optimizing behavior exists that sat-

isfactorily representsour housing-monetaryframework. Themodelsof Manchester[41], Ortalo-

MagneandRady[46], MuellbauerandMurphy [45] containmany essentialelementsandyield

vectorsof endogenousvariablessimilar to our regionalVAR models,but they donot includemon-

etarypolicy or heterogeneousregionalhousingmarkets. Developmentof thecompletestructural

modelunderlyingthehousing-monetaryHAVAR modelis feasiblebut ambitiousandleft for future

research.14

Figure4 providesan overview of the theoreticalframework underlyingthe HAVAR model.

In this flow diagram,theboxesdenoteagentsandmarkets,andarrows denotetheeconomiccon-

nectionsamongagentscharacterizingmonetarytransmission.Theeconomycomprisestwo main

sectors.At thenationallevel, themonetaryauthorityandfinancialintermediarydetermineinflation

andinterestrates.Themonetaryauthorityfollowsapolicy rule to achieveapriceor inflationgoal.
, the weightedaverageof

.�/
and

.	0
, usinga monetaryinstrument1 , the short-termfederal

funds interestrate.15 The financial intermediarymatchessaversandinvestorsby creatingmort-

gagessecuredby thehousingstock,anddeterminesthemortgageassetprices,long-terminterest

rate 2 , by a term-structurerelationshipwith expectedfuture 1 . At thelocal level, householdsand

firms take 2 asexogenousanddetermineincome,3 4 , housinginvestment,564 , andtherealhousing

price, 7 498;: /=< . , for region > . Themacroeconomicvaluesof thesevariables( ? , @ , and, A ) are

simply theappropriatelyweightedaggregatesacrossall regions.

Obviously, thistheoreticalframework quickly becomeseconometricallyintractibleasthenum-

ber of regionsincreases,so we imposethreesimplifying assumptions.First, we adoptthe tradi-

tional representativeagentview for macroeconomicagents.Themonetaryauthorityandfinancial

intermediaryconsideronly ? , @ , and A in their decisionmaking,andnot particularregionalval-

shocks.Finally, Fergus[19] notesthat climateandabnormalweatherconditionscontribute to regional variationin

depreciationandmaintenancecosts.
14Throughoutthe paper, the readershouldrememberthat our HAVAR framework is not basedon an explicit and

structuraltheoreticalmodel.Consequently, onecannotplacestructuralinterpretationson theeconometricresults.
15Bernanke andBlinder [4] recommendthe fundsrate,but the literatureis repletewith alternative monetaryin-

struments,targets,andpolicy rulesthatcouldbeusedinstead.For VAR-basedexamplesthat incorportatemonetary

aggregates,bankreserves,andotheraspectsof monetaryinterventionseeCochrane[16], Christiano,Eichenbuam,and

Evans[11]; Leeper, Sims,andZha[37], andBernankeandMihov [5].
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Figure4: The Housing-Monetary HAVAR Model Framework

uesB C , D6C , and E C . Second,only F influencesregionalactivity contemporaneously. Regionalagents

don’t particularlycareabout G per se, only its indirecteffect on F . Regional agentsalsodon’t

careaboutH perse, only its indirecteffectonrealinterestrates.BecauseH movessluggishly, and

expectationsof H evenmoreso, real interestratesdefinedwith laggedH – which areembedded

in thesystem– arequitesimilar to real ratesdefinedwith currentor expectedH . Third, activity

in individual regionsdoesnotaffectotherregionscontemporaneously. Thelattertwo assumptions

only applycontemporaneously;all variablesandall regionsinfluenceeachotherwith aone-period

lag.

This theoreticalframework yieldsthefollowing monetarytransmissionmechanism.Themon-

etaryauthority setspolicy by moving the funds rate to achieve an aggregateprice target. This

policy decisiondirectly, and indirectly with a lag, affects the mortgagerate. Movementsin the

mortgageratethendirectly affect regionalincome,housinginvestment,andhousingappreciation,

bothcontemporaneouslyandwith lags.16 Thismonetarytransmissionmechanismis abit simplistic

becauseit focusesonaninterestratespreadandexcludestraditionalmoney andbankingchannels.

However, spread-basedtransmissionmechanismshavesomeempiricalsupport,asshown in Stock

andWatson[58] andFriedmanandKuttner[21].
16Note that becausethe 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 precedingtheoreticalframework suggestsa housing-monetaryHAVAR datavector IKJMLN O JQPRJTSUJQVWJTXMJQYZJ [ \ , which shouldbe divided into two parts: IKJWL N IM]J I_^J [ \ . One

partis I`]J L N O J X J Y J [ \ , a datavectorof macroeconomic(superscripta ) variablesdetermined

nationally. Theotheris I_^J L N P J S J V J [ \ , a datavectorof aggregated(superscriptb ) variables

determinedregionally.

Usingthisnotation,thestructuralrepresentationof theconventionalmonetaryVAR with hous-

ing is c d IKJeLgfih jk l mon
c l IKJ p l hrqeJ�s (1)

Thepartitionedstructuralparametersandinnovationsarec l L tu c ]e]l c ]�^lc ^ ]l c ^ ^lwvxzy|{�}g~
f&L N f ]�� f ^ [ \ L N fM�ifM��fM� � fM�ifM��fM� [ \
q J L N q ]J � q ^J [ \ L N q �J q �J q �J � q �J q �J q �J [ \o�

wherethedimensionof

c l
is � �9�	��� andthedimensionsof f and q J are � �9�W�=� . Thereduced-form

representationof this VAR is I J L;� d h jk l m�n �
l I J p l hr� J (2)

where � d L c p nd f � l L c p nd c l yi{e�g~ �UJ�L c p nd qeJ
By placingrestrictionson

c d andthestructuralinnovationcovariancematrix, �;L���� qeJ qeJ \ � , one

canidentify andestimatethestructurein theusualway (seeHamilton[29], chapter11).

Thetheoreticalframework underlyingtheHAVAR modelmotivatesdisaggregationof I_^J into

regionaldatavectors�o^� J L N � � Jr� � Jg� � J [ \ for �9L|� � s s s�� regions,wherelowercaselettersdenote

regionalvariables.Following themethodologypioneeredby Theil [59], we incorporateregional

VAR models— thefundamentalmicroeconomicrelations— into theconventionalmonetaryVAR
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modelto obtainthestructuralHAVAR model�e  ¡�¢�£;¤i¥§¦¨© ªo« � © ¡e¢ ¬ © ¥r­e¢
(3)

wherenow

� © £¯®° ��±e±© �o±�²©� ² ±© ³ ©µ´¶ £
®··········°

� ±e±© ¸ « ¹ ¢ ¬ © � ±�²© ¹ «)¸ º ¹ ¢ ¬ © � ±�²© ¹ º¼» » » ¸ ½ ¹ ¢ ¬ © � ±�²© ¹ ½¸ « ¹ ¢ ¬ © � ² ±© ¹ « ³ © ¹ « « ³ © ¹ « º » » » ³ © ¹ « ½¸ º ¹ ¢ ¬ © � ² ±© ¹ º ³ © ¹ º « ³ © ¹ º º » » »
...

...
...

...
. . .

...¸ ½ ¹ ¢ ¬ © � ² ±© ¹ ½ ³ © ¹ ½ « » » »¾» » » ³ © ¹ ½U½
´ ¿¿¿¿¿¿¿¿¿¿¶ ÀiÁeÂ;Ã

¡�¢�£ÅÄ Æ ±¢|Ç È ² « ¢ÉÈ ²º ¢ » » » È ²½ ¢ Ê Ë
¤ ¢ £ÅÄ ¤ ± Ç�Ì « Ì º » » » Ì ½ Ê Ë
­e¢�£ÅÄ ­ ±¢�Ç Í ² « ¢ÉÍ ²º ¢ » » » Í ²½ ¢ Ê Ë »

Thetime-varyingweights,̧

Î ¹ ¢ ¬ ©
, areelementsof thesize-weightedlinearaggregator

ÆM²¢ £�Ï ½Î ªo«�¸ Î ¢ È ²Î ¢
,

where

¸ Î ¢
is 1 for quantityvariables(

Æ ²¢
is a sum)anda measureof region sizefor prices,growth

rates,andper-capitavariables(
Æ ²¢

is a mean).17 Aggregatingtheregionally determinedvariables

in equation(3) yieldswhatTheil calledthe“true” macromodel(andwe call theHAVAR model)

denotedby *: ��Ð¢ ÆK¢�£;¤MÐ¢ ¥ ¦¨ © ª�« �eÐ¢ ¬ © ÆW¢ ¬ © ¥r­RÐ¢
(4)

where � Ð¢ ¬ © £ ®° � ±e±© � ±�²¢ ¬ ©� ² ±¢ ¬ © ³ ² ²¢ ¬ © ´¶ £ ®° � ±e±© Ï ½Î ªo«�¸ Î ¹ ¢ ¬ © � ±�²© ¹ ÎÏ ½Î ªo«�¸ Î ¹ ¢ ¬ © � ² ±© ¹ Î Ï ½Ñ ªo« Ï ½Î ªo«6³ © ¹ Î Ñ Ò Ñ ¹ ¢ ¬ © ´¶ ÀiÁeÂ;Ã
Ò Ñ ¹ ¢ ¬ © £ ¸ Ñ ¹ ¢ ¬ ©oÓ È ²Ñ ¹ ¢ ¬ ©Æ ²¢ ¬ © Ô
¤ Ð¢ £ÕÄ ¤ ± Ç Ì ² Ê Ë £ÖÄ ¤ ± Ç ½¨Î ªo« ¸ Î ¢ Ì ²Î Ê Ë

17Thesizevariablereflectsthemagnitude,or share,of region × relative to theaggregateanddependson thenature

of Ø�Ù Ú . For example,Û Ù Ú is thepopulationshareof theregionfor per-capitavariablesandis Ü Ý Þ for unweightedmeans.
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ßRàáãâÕä ßZåáçæ è�éá ê ëUâÖä ßZåáçæQìíî ïoðUñ î á è�éî á ê ëoò
Unlikestandardmacromodels,theparametersof theHAVAR macromodel,ó àá ô6õ , aretime-varying,

except for the nine parametersin ó åeåõ associatedwith the nationally determinedvariables. In

particular, the ö é éá ôUõ matricesdependon ñ ÷ ø á ô6õ and ù ú éî ø á ôUõ û ü éá ô6õ ý , which both vary over time for

secularandcyclical reasons.As a result,thereduced-formof theHAVAR model,

ü á â;þ àá ÿ��í õ ï�ð þ àá ôUõ ü á ôUõ ÿ�� àá (5)

where

þ àáZâ ù ó àá ý ô ð � à þ àá ô6õ�â ù ó àá ý ô ð ó àá ôUõ����
	�� � àá_â ù ó àá ý ô ð ß àá�

alsoexhibits time-varyingparameters.18

By comparingtheHAVAR, equation(5), andconventionalVAR, equation(2), onecanseethe

implicationsfor dynamicanalysis.The HAVAR modelexhibits time-varying impulseresponses

becauseof time variationin the þ á ô6õ parameters.Furthermore,thedistribution of regionalstruc-

tural innovations,è éî á , affectsaggregatedynamicresponsesbecauseó àá is time-varyingandhashet-

erogeneityin theelementsof ö�� . Thus,HAVAR aggregatedynamicresponsesarestatedependent.

ConventionalmacroVARs implicitly imposethe highly restrictive, andempirically inconsistent,

assumptionthatall regionsarein equilibriumwhenshockshit thesystem.HAVAR modelsrelax

that assumption,so aggregatedynamicresponsesdependon how currentandcumulative shocks

aredistributedacrossregions.

TimevariationmeanstheHAVAR modelfalls in theclassof nonlineartime-seriesmodelscited

in theintroduction.Despitethisnonlinearity, theHAVAR modeldoesnotexhibit multipleequilib-

ria becausethemicro modelsarelinearandassumedstable.However, any givenaggregateshock

canproducea multiplicity of aggregateimpulseresponses,dependingon theexactdistribution of

micro shocks.At thesametime, any givenaggregateimpulseresponseis consistentwith a mul-

tiplicity of distributionsof micro shocks. The technicalappendixexplainstheseissuesin more

detail.

Dif ferencesin the dynamicresponsesof the HAVAR andconventionalVAR modelsalsoare

relatedto the issueof aggregationbiasraisedby Theil [59]. Becausethe regional modelshave
18Note that theconstantalsois time-varying,unlike in Theil’s original analysis,becausewe areworking with the

underlyingstructuralVAR.
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fixed parameters,an approximationof the HAVAR modelcanbe obtainedusingtime-seriesav-

erageweights, � � and ��� , to aggregatetheregionalfixedparameters.Thedifferencebetweenthe

weightedsumof regional parametersandthe conventionalparametersreflectsthe extent of bias

in theconventionalparameterdueto aggregation.19 In time seriesmodelslike HAVAR, a central

effect of aggregationis to biasaggregateautoregressive parametersupward, or equivalently ad-

justmentspeedsdownward. In otherwords,dynamicresponsesof aggregatemodelsexhibit more

persistencethando theresponsesof micro models.20

4.2 Simplifying Assumptions

Obviously, neitherequation(4) nor (5) of theHAVAR modelcanbeestimatedlike conventional

fixed-parametermacroVAR models.A conventionalversionof thehousing-monetaryVAR hassix

variablesandthus��������� reduced-formparametersto estimate,or 180with ��� � . In comparison,

theHAVAR modelhas��!��"� variablesandthus # ��!��"��$ % �&�"��!��"� reduced-formparameters

to estimate.With state-level data( !'�)( * and � �+� ), theHAVAR modelhas117,045reduced-

form parameters.Clearly, it is infeasibleto estimatesucha modelgiventhelimited availability of

disaggregatedtimeseriesdata.

Consequently, simplifying restrictionsarerequiredto make the modelempirically tractable.

Fortunately, thetheoreticalframework andthebehavioral dichotomybetweenthenationalandre-

gionalmarketssuggestthreeeconomicallysensiblerestrictions,which we imposeon theHAVAR

model. Theserestrictions,alongwith thestandardunit normalizationof thediagonalof ,
- , dra-

maticallyreducethenumberof parametersto beestimated.

ASSUMPTION1: Macro Representative Agent – Themonetaryauthorityandfinancial interme-

diary ignoreregionalheterogeneity. Thus,only theaggregatevalues(sumor mean)of theregional

variables,.0/1 , matterfor thebehaviorof themacro variables,.&21 .21

19Goodman[25] examinesaggregationbiasin a relatively simplecalibratedmodelof housingdemandandfinds

that the effectson aggregatebehavior are modestin the long run. The HAVAR model, however, is more sharply

influencedby aggregationbecauseit is considerablymorecomplicated,incorporatesactualdata,andfocuseson the

shortrun.
20For examplesin the literature,seeGranger[26], Trivedi [60], Lippi [39], Lewbel [38], Schuh[54], andAbadir

andTalmain[1].
21Althoughthisassumptiondoesnotnecessarilyimply thatmonetaryandfinancialagentsimposetherepresentative

agentassumptionin formulatingtheirbehavior, theimplicationsareessentiallythesame.It alsodoesnot suggestthat

themonetaryauthoritydoesnot careaboutthedistribution of regionalvariables,or is unawareof thedistribution. It
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This assumptioneliminatesheterogeneityin parametersgoverningthe feedbackfrom aggre-

gatedvariables,3546 7 , to macrovariables,8&97 . Specifically,

: 9;4< = 6"> : 9;4<?>
@AAAB
:
CED< : CEF< : CEG<:
H D< : H F< : H G<:JIED< : IEF< : IEG<

K LLLMON�P Q R
S
In otherwords,all changesin 3546 7 have the sameeffect on 8T97 regardlessof the region in which

they occurandwhetherthechangesarespreadevenlyacrossregions.Thisassumptionreducesthe

numberof parametersin thesematricesfrom U�V�W to U�W .

ASSUMPTION2: Monetary Transmission —Contemporaneously, monetarypolicyis transmitted

fromthefundsrate, X 7 , to themortgagerate, Y 7 , to regionalvariables,3Z46 7 . Othermacro variables

influence3546 7 indirectly with a lag. The responsesof 3546 7 to monetarypolicy are heterogeneous

acrossregions.

This assumptionlimits the contemporaneousfeedbackfrom macrovariables,8&97 , to aggre-

gatedvariables,3546 7 . It impliesthat

: 4 9[ = 6�>
@AAAB
\�\ :
DZI< = 6\�\ : FZI< = 6\�\ : G
I< = 6

K LLLM N�P : 4 9< = 6">
@AAAB
\�\�\\�\�\\�\�\

K LLLM N�P Q"R;] \ S
However, all macrovariables,8&97 , eventuallyaffect all regionalvariables,3Z46 7 , with a lag through

themortgagerate.22 Clearly, it would bepreferableto includethecontemporaneousfederalfunds

andinflation rates. The former is usedby rationalagentsto incorporategovernmentpolicy and

the latter is necessaryfor real ratecalculations.With slightly moretime seriesdata,it would be

feasibleto dropthis restriction. In addition,this assumptionis only marginally helpful, reducing

thenumberof parametersfrom U�V�W to ^�V�W .

ASSUMPTION3: Limited Regional Interdependence – Economicactivity (incomeandhous-

ing) in a region is not directlyaffectedby activity in otherregionscontemporaneously. Activity in

other regionshaseffectswith a lag, both throughthemortgage rateanddirectly throughlagged

aggregateactivity. But in all casesthe pairwiseeconomicinteractionsamongregionsimplicitly

arehomogeneous.

only meansthatit doesnot,andperhapscannot,accountfor heterogeneityin settingpolicy.
22This assumptionfinds someempirical supportfrom Sill [55], which reportsthat it takes threemonthsbefore

regionsexhibit similar responsesto a commonaggregateshock.
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Thisassumptionlimits theextentandheterogeneityof interregionaleconomicrelationships.It

impliesthat

_E` a b ced fgggh
iji�iiji�iiji�i

k lllmOn�o�pd�q and n�r;s
Regionsareinterrelated,but only indirectly throughlagsof t&uv . Furthermore,the fact thatonly

aggregateactivity affectsa region meansthat all regionsaffect eachotherin the sameway. For

example,anincreasein aggregateincomewill affectall regionsthesameregardlessof theregion(s)

in which incomerose. This assumptiondramaticallyreducesthe impactof heterogeneityin the

system,but it alsogainsmostof the identificationpower by reducingthe numberof parameters

exponentiallyfrom w�x�y z to w�x{z as _5| |` a v becomesblockdiagonal.23

After imposingassumptions1-3, each } ` matrix containsup to ~ ��x+�+~ � parametersto be

estimated.This is still a lot — for example,with x d�� i and z d'� thereare2,540structural

parametersplus50innovationvariances.But for certainempiricalapplications,enoughtime-series

cross-sectiondataareavailableto make it feasibleto estimatea restrictedmodelof this type.

4.3 Identification and Estimation

We usea two-steptriangularfactorizationmethodof identification.24 Therearetwo reasonsfor

usingthis approach.First, therearetheoreticalreasonsfor pre-estimatingsomeof theparameters

of the regional impactmatrices.In particular, the (assumed)exogeneityof mortgageratesto re-

gionsallows identificationof thecontemporaneouseffectsof mortgagerateson regionalactivity.

Second,maximumlikelihoodtechniquesof estimatingstructuralVAR parameterscanquickly be-

comeinfeasiblefor HAVAR modelswith largenumbersof micro agents.In our applicationwith
23With moretimeseriesdata,onecouldexplorelessrestrictiveassumptionsthatwouldallow for nonzero� � � � �5���J���

(off-diagonalelements).Oneis to includethecomplementaryaggregate, ����� � � �������� �� � , of regionalvariablesin

eachregionalmodel.Theoff-diagonalswouldbecomenonzerobut therewouldbenoregionalheterogeneity. Another

possibilityis to weighttheoff-diagonalsby measuresof theeconomicrelationshipsamongregions,suchasgeographic

distanceor input-outputstructure.For examplesof thelatter, seeHorvath[31] andHorvathandVerbrugge[32]. These

additional� � weightscouldbecalibratedfrom dataratherthanestimated.
24It is importantto reemphasizeherethat: 1) our centralideason the HAVAR modelhold for any identification

schemeandany linear economicmodel; and2) our main resultsarenot particularlysensitive to the identification

scheme.We focusprimarily on the dynamicresponseof incometo monetarytightening,andthis responseis quite

robustto alternativespecifications,asshown in Christiano,Eichenbaum,andEvans[12].
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27 regions,it would benecessaryto estimate327structuralparameters– 3 aggregateand27 re-

gional variances,plus 18 aggregateand324 regional impactmatrix parameters.25 Reassuringly,

this two-steporthogonolizationproducesHAVAR dynamicsthatarequalitatively similar to those

of asimilarly orthogonalizedconventionalVAR (asit should).

Thegoalis to obtainanestimateof thesimplifiedHAVAR contemporaneousimpactmatrix,

�
������ �5�
�� �J�; ��
  �� ¡    � ¢£¥¤
usingtheestimatedreduced-formcovariancematrix, ¦§ � ¨ª© ¦«E¬ ¦«{­¬�® . Thereduced-formcovariance

matrix canbedecomposedas
§ � ¯{°e¯ ­

. Triangularfactorizationyieldsthestructuralinnovation

covariancematrix,
°�� ¨ª© ± ¬ ± ­¬ ®

, andthelowertriangularmatrix
¯

is anestimateof
�
²Z³�

. Because

someelementsof
� �

areidentifiedfrom thesimplifying restrictionsandeconometricassumptions,

weusē alongwith therestrictionsandassumptionsto solvefor theremainingcomponentsof
� �

.

Beforeturningto theactualestimationandidentificationsteps,notethat thevariableordering

in the HAVAR model is now ´ µ ¬�¶E¬�·�¬)¸{¬'¹&¬�º�¬ » . This orderingdiffers slightly from the

orderingin section2.1 in thattherealhousingpricenow follows incomeandhousinginvestment.

The reasonis that
¸ ¬

is not a price like µ ¬ , the aggregateprice of goodsandservices,which is

likely to movesluggishly. Rather,
¸{¬

is anassetpricethatis likely to movemuchmore,andmore

frequently, thangoodsprices.This reorderingalterstheprecedingmodelnotationsomewhatbut is

notasubstantivechange.

Thetwo-stepidentificationprocedureinvolvesfirstestimatingeachof theregionalVAR models

separatelyto obtainthe12 parametersin
�J  �� ¼ ½

and
¡ � ¼ ½ ½

for eachof the ¾ regions.Then,takingthe

regionalparametersasgiven,theremaining18aggregateparametersin
�5�
��

and
�J�; �

areestimated

in thesecondstep.

Two factorsmotivateseparateestimationof theregionalmodelsin stepone.First,conventional

triangularfactorizationappliedto theHAVAR modelwill notwork properlybecauseit wouldforce

anorderingamongregionsandthereis nodefensibletheoreticaljustificationfor suchanordering.

Instead,we only want to orderthe ¿  ½ ¬ variableswithin regions,not acrossregions. Second,the

mortgagerateis assumedto beexogenousto eachregion. Consequently, the
�
  �� ¼ ½

canbeobtained

from OLS estimatesof regional“near” VARsbasedon thevector ´ º�¬ À ¿  ½ ¬ » ­ , whereonly thecurrent
25Ultimately, thebestsolutionto theidentificationproblemis to move to a structuralmodelof theregionalagents,

which wouldeliminatemany of thenecessaryparameters.We planto pursuethisstrategy in futureresearch.
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valueof Á�Â entersthemodel.Assumptions2 and3 justify theindependentestimationof regional

models.

Estimatesof the Ã�Ä Å Æ Æ canbeobtainedfromthereduced-formcovariancematricesof theregional

models. However, becausethe lags of all ÇTÈÂ variablesinfluencethe reduced-formequations

for eachregion throughthe nationalVAR, estimatesof É�ÈÂ mustbe incorporatedin the regional

covariancematrices.Assumption1 justifiesindependentOLSestimationof thethreereduced-form

VAR of macrovariableequations,Ç&ÈÂ , usingonly aggregatedata,which yieldstheresidualsÊÉ{ËÂ ,ÊÉ{ÌÂ , and ÊÉ{ÍÂ . Then the regional reduced-formcovariancematricesare ÊÎ Æ�ÏÑÐªÒ ÊÉEÆ Â ÊÉ{ÓÆ Â Ô , whereÊÉ Æ Â{ÏÖÕ ÊÉ{ËÂ Ê×�ØÆ Â Ê×�ÙÆ Â Ê×�ÚÆ Â ÊÉ�ÈÂ ÊÉ{ÍÂ�Û Ó . Triangularfactorizationof the
Î Æ yields model-consistent

estimatesof Ã Ä Å Æ Æ .
In the secondstep,we constructthe HAVAR macroreduced-formcovariancematrix, ÊÎ�Ü ÏÐªÒ ÊÉ ÜÂ ÊÉ Ü ÓÂÝÔ , usingtheweightedsumsof theregional Ê×�ÞÆ Â residuals.Triangularfactorizationof this

covariancematrixgivesanestimateof ß ÜÂ , but thisestimateis not fully consistentwith thetheoret-

ical restrictionimposedearlier. However, usingthis estimate,alongwith theweightedsumsof theÊß Þ ÈÄ Å Æ and ÊÃEÄ Å Æ Æ estimates,onecansolve for theunidentifiedmacroelementsof ß ÜÂ .
5 EconometricSpecification

Dataavailability constrainsour applicationof the HAVAR model to housingactivity. Although

housingis conceptuallyideal,housingdataareonly availablefor a relatively smallsubsetof U.S.

regions.Thus,we view our applicationasillustrativeof thepotentialscopeandmagnitudeof the

effectsof heterogeneityonaggregatebehavior. Theaggregatedatafrom thissubsampleof regions

properlyreflecttheseeffectsfor thatsubsamplesoourconclusionsaboutheterogeneityandaggre-

gationarevalid for the subsample.However, the resultsmay not representactualU.S. behavior

accuratelybecausethedataarenon-representative. For this reason,we cannot(anddo not) draw

firm conclusionsabouttheactualor optimal conductof U.S.monetarypolicy. Nevertheless,our

resultsfirmly suggestthattheeffectsof heterogeneitymaybeimportantin actualmonetarypolicy

models.26

We contructeda balancedlongitudinal panelof quarterlydata for a subsampleof 27 U.S.

metropolitanstatisticalareas(MSAs) duringtheperiod1986to 1996;seetheDataAppendixfor
26In particular, with morecompleteandrepresentativedatait wouldbeappropriateto useHAVAR modelsfor policy

analysis.Toward thatend,we areinvestigatingtheavailability of morecompletehousingdataaswell asalternative

applicationsof themodelusingmorereadilyavailableemploymentdata.
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details. The panelincludesMSA-level dataon housinginvestment(measuredasthe quantityof

housingstarts)andhousingprices,plus state-level dataon personalincomescaledby the MSA

populationshare.27 The MSAs wereselectedbasedon the sampleperiodof their data,which is

primarily determinedby housingstarts;only MSAswith longtimeserieswereincludedin orderto

obtainasufficientsamplefor VAR estimation.Asidefrom recentpapersby MayerandSomerville

[43] andFollain andHarter[20], theMSA-levelhousingdatahavenotbeenexploredmuch.Unlike

thesepaneldatastudies,however, we estimateindividual time-seriesmodelsfor eachMSA at the

quarterlyfrequency.

The dataare transformedas follows. Income à á â and housinginvestmentã�á â , are in levels

becausethey likely sharea long-runcommontrend.28 Both interestrates, ä&â and å�â , are also

in levels. Both æ â and ç á â�èêé ëEìá â í æ â î , arein growth rates:i.e., aggregateprice inflation andreal

houseprice appreciation.29 Standardlag length testsrecommendtwo quarters( ï è�ð ) for the

HAVAR modelvariables.Althoughtwo lagsmayseemshortcomparedwith othermacromodels,

disaggregateddatatendto bemuchlesspersistentthanaggregatedata,andtheaggregatedatain

our panelarea relatively smallfractionof theU.S.total.

All VARsareunrestrictedandestimatedwith OLS.Thestandardpolicy simulationis monetary

tightening,a transitory100-basis-pointshockto thefederalfundsrate. It is importantto notethat

thedynamicpropertiesof monetaryVARs estimatedovershorter, morerecentsampleperiodsare

quite different from thoseestimatedover longer sampleperiodsregardlessof the level of data

aggregation (e.g., total U.S. versusstate-level). The incomeresponseto a funds rate shockis

considerablysmaller, slower, andlesssignificantin modelsestimatedwith short-sampledata.
27In addition to starts,nationalincomeaccountmeasuresof housinginvestmentinclude the quantityassociated

with quality improvements.However, thequality componentdoesnot changemuchat thehigh frequenciesfor which

monetarypolicy is concerned.The businesscycle correlationcoefficient betweendetrendedstartsand detrended

residentialinvestmentfrom thenationalincomeaccountsis 0.9.
28Thelong-runrelationshipbetweenregionalincomeandhousinginvestmentis somewhattenuousbecausehousing

is definedasthequantityof housingstartsratherthanthequantityof realinvestment,asin thenationalaccounts.Starts

donot incorporatetrendincreasesin housesizeandquality. In fact,housingstartsactuallydeclinedonaverageduring

theperiod1986to 1996,whereasincomeandhousinginvestmentincreased.Nevertheless,we foundthat thegeneral

qualitative andquantitative resultson the heterogeneityof the HAVAR aggregatedynamicresponsesare robust to

alternative treatmentsof nonstationarity, suchasfirst differencingtheentiresystem.
29Thereis alsoapracticalreasonfor specifyingappreciationratherthantherealpricelevel. Theunderlyinghousing

pricedataareindexes,sotheratioof priceindexesdoesnot providea meaningfulmeasureof theactualrelativeprice

level. In fact, real pricesarethe samefor all regionsin the baseyear. However, the differencebetweenthe growth

ratesof thetwo pricesis anaccuratemeasureof therateof changein therelativepricelevel.
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6 Estimation Resultsand AggregationBias

6.1 RegionalModels

Figure5 plots the impulseresponsesof regional income,investment,andappreciation( ñ , ò , andó ) to a monetarytightening. In eachpanel,the plottedresponsesarethosefrom the region with

the 10th, 50th, or 90th percentilepeak,or absolutemaximum,responsefor that variable; thus,

the region associatedwith eachpercentilemay differ acrosspanels. For the reader’s reference,

AppendixTable2 lists the peakresponseandmeanlag of eachvariablefor all 27 regions. The

grayshadedregion in thefigure is thebandof two standarderrorsaroundthemedianresponse.30

Becausetheshockis amonetarytightening,thepeakresponseis theminimumvalueof theimpulse

responseaftertheshock.

The magnitudeand durationof the regional responsesvary widely. In the medianregion,

incomedeclinesabout1/4 percentin abouttwo years. This medianresponseis essentiallythe

sameasthe oneproducedby aggregateU.S. dataover this sampleperiod; thus it is the sample

period,not thesubsampleof regionaldata,that is responsiblefor theshallow incomeresponse.31

However, incomein the 10th percentileregion incomedeclinesnearly1 percentin aboutthree

years,a responseaboutfour timeslarger in absolutevalueandabout50 percentslower. Variation

acrossregional responsesof housinginvestmentandappreciationresponsesis even larger. The

10thand90thpercentileresponsesaresignificantlydifferentfrom themedianresponsesfor up to

10 quarters.

Althoughincomeandinvestmentactuallydeclinein mostregions,they increasemodestlyin a

few. On thesurface,this seeminglycounterintuitive resultcontrastswith thestandardincomede-

cline reportedthroughoutthemonetaryVAR literature.However, theregionalVARs alsoinclude

housingappreciation,which themortgagerateinfluencesthemost. Mortgagerateincreaseslead

to immediate,sharpdeclinesin appreciation— muchfasterresponsesthanin quantities.Depend-

ing on the underlyingsupplyanddemandelasticitiesin a region, then, it is plausiblethat such

appreciationmovementscouldyield positivequantitymovements,at leastin theshortrun.

The extent andnatureof regional heterogeneitygenerallyis consistentwith Carlino andDe-
30Theerrorbandsshow theextent to which regionalheterogeneitydiffers from samplingerror. The fact thatsub-

stantial fractionsof the responsedistributions lie outsidethe error bandsfor many quarterssuggeststhat regional

heterogeneityis not merelysamplingerroraroundhomogeneousparameters.
31The weakresponseof income(or GDP) to a fundsrateshockin small monetary-macromodelsestimatedwith

databeginningaftertheearly1980sis widely known amongappliedpractictionersbut hasnotbeenwidely publicized.
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Figure5: RegionalImpulse Responses

Fina[7], which reportstheresponsesof incomein nineCensusregions(groupsof U.S.states)to

monetarytightening.However, becauseour regions(MSAs) aremoredisaggregatedandbecause

we model incomeandhousingjointly, we find considerablygreaterheterogeneity— including

modestsigndifferences— in theimpulseresponses.

Regional heterogeneitycould arisefor many differentreasons.Footnote13 offers numerous

economicexplanationsfrom the literature,but therearetwo mainpotentialsources:1) heteroge-

neoussensitivity of regionalhousingandincometo interestrates;and2) heterogeneityin housing

markets,suchassupplyanddemandelasticities. Investigatingthesesourcesclearly is a fruitful

areafor future reseachbut will requirebuilding a structuralmodelandconsiderablymoredata.

AppendixTable2 reportssomeinformative correlationsamongthe peaksandmeanlagsof the
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individual regions’ impulseresponses.32

6.2 AggregateModels

Comparingthe impulseresponsesof the conventionalVAR (equation2), estimatedwith aggre-

gatedata,andtheHAVAR (equation5), estimatedwith disaggregateddata,revealstheeffectsof

aggregationon the dynamicpropertiesof the model. An importantissuethat arisesin HAVAR

simulations,but not in conventionalVAR simulations,is the settingof initial startingvaluesfor

eachregion. The aggregateeconomycould be in equilibrium (steadystate)becauseall regions

are in equilibrium, or becausethe regional initial conditions(shocks)all “averageout.” In this

section,we setall regions’ initial conditionsto their equilibrium values,andthusthe aggregate

economyis alsoin equilibrium, whenthe fundsrateshockhits. Empirically, this assumptionis

highly restrictiveandcounterfactual,sowe relaxit in section7.

Regardingthecomparisonof conventionalVAR andHAVAR responses,recallthattheprimary

differencebetweenthe modelsis that the conventionalVAR hasfixed parameterswhereasthe

HAVAR hastime-varyingparametersdueto microheterogeneityin parametersandsize.Thus,the

conventionalVAR is a specialcaseof theHAVAR wherethis heterogeneityis assumedaway (by

settingall micro parametersthesame).Therelevanteconometricissueis whetheronecanreject

this restrictionimposedimplicitly by theconventionalVAR.

Figure6 plots the impulseresponsesof aggregateincome,investment,andappreciation( ô ,õ
, and ö ) to a monetarytightening.EachpanelincludestheconventionalVAR responseandthe

HAVAR response.Thegrayshadedareais thebandof two standarderrorsaroundtheconventional

response.Thekey resultis thattheconventionalVAR responsesdiffer from theHAVAR responses,

andin somecasesthe differencesarequite economicallyandstatisticallysignificant. Two main

differencesarisebetweentheresponses:magnitudeandduration.

Magnitudedifferencesare more importantfor housingvariablesthan income. For income,

both responsesare small and, for the conventionalVAR, mostly insignificantly different from
32Thesecorrelationsreveal several regularitiesamongregional impulseresponses.First, regionswith relatively

large negative reponsestendto have relatively low meanlags; in otherwords,regionshit hardby monetaryshocks

tendto recoverquickly. Second,regionstendto exhibit relatively largenegativeresponsesin all variablesor in none;

in otherwords, the interestsensitivity of region tendsto be the samein housingandnonhousing.Third, the mean

lagsof incomeandhousinginvestmentarevery highly correlated,but themeanlagsof housingpricesessentiallyare

unrelatedto themeanlagsof incomeandhousinginvestment;in otherwords,regionsarequiteheterogeneousin their

priceadjustmentandmarketclearingdynamics.
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Figure 6: Macro Impulse Reponses

zero.33 The HAVAR responselies nearthe boundaryof the error bandfor the first yearor so,

but theeconomicdifferencebetweentheresponsesis negligible over thefull horizon.For housing

investmentandappreciation,however, thetwo modelresponsesdiffer greatly. TheHAVAR invest-

mentresponseis anorderof magnitudelarger in absolutevalueat its peakthantheconventional

response.For thefirst two quarters,theHAVAR appreciationresponseis quitedifferentfrom the

conventionalresponse,which increasessharplyin theshortrun. Theappreciationresponsesdiffer

lessthereafter, but thedifferenceis oftenabout1 percentagepoint — aneconomicallysignificant

gap.To summarize,aggregationsubstantiallyaltersthemagnitudesof someconventionalimpulse
33It is critical to keepin mind herethat a conventionalmonetaryVAR estimatedwith aggregateU.S. dataover

our 1986-96sampleproducesessentiallythesameweakandsluggishincomeresponse.Apparently, thewell-known

responsesof VARs to monetaryshocksarelargelyshapedby dataprior to theearly1980s.
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responsesrelative to theHAVAR responses.

The durationof the conventionaland HAVAR aggregateresponsesdiffer markedly for the

two housingvariables.TheHAVAR responsesof investmentandappreciationpeak(i.e., reacha

minimum)ayearor morebeforetheconventionalresponse.Dif ferencesin durationarenotevident

for incomebecausebothincomeresponsearequiteflat.

The longerdurationof the conventionalresponsesis a manifestationof the effectsof aggre-

gationon adjustmentspeeds.Aggregatedatatendto bemuchmorepersistentthandisaggregated

data,soaggregationtendsto biasdownwardestimatesof adjustmentspeeds,asnotedearlier. Thus,

theresultsin Figure6 indicatethattheeffectsof monetarypolicy ontheeconomyareactuallymuch

swifter thanpreviously thoughtbasedon conventionalmacroVAR simulations.

Althoughthisresultcontrastswith theconventionalwisdom,it is moreconsistentwith thedata.

ConventionalVARsindicatethatit typically requires10to 12quartersor morefor incometo reach

its peak(minimum)responseafter themonetaryshock.But in a typical post-war U.S. recession,

thepeakincomedeclinetypically occurslessthaneightquartersafterthefundsratebeginsto rise

andonly aboutayearafterthefund ratereachesits peak(maximum).

Dif ferencesbetweenthe conventionalVAR andHAVAR responsesmay seemimplausibleto

macroeconomistswho view the conventionalincomeresponseasa fundamentalempirical fact.

However, recall thattheHAVAR is thecorrectbenchmarkbecauseit neststheconventionalVAR.

Thus,thedifferencesbetweentheHAVAR andconventionalVAR modelresponsesindicatethatthe

restrictionsof theconventionalmodelyield dynamicbehavior thatis inconsistentwith theHAVAR

model. Moreover, thesedifferencesareamplifiedgreatlyoncewe admit heterogeneityin initial

conditions,asdemonstratedin thenext section.

7 HAVAR Model Simulations

7.1 Moti vation

Theprecedinganalysisquantifiesoneimportantway in which regionalheterogeneityandaggre-

gationcaninfluencethedynamicpropertiesof a monetaryVAR model. A secondimportantway

regionalheterogeneitycaninfluenceaggregatedynamicbehavior is throughdependenceon initial

regionalconditions(statedependence).By incorporatingregionalVARsandimposingaggregation

conditions,theHAVAR modelprovidesanaturalframework for evaluatingthis issue.

Impulseresponsesof conventionalVARsareindependentof initial regionalconditionsbecause

25



the modelequationsarelinear and,implicitly, regionsarehomogeneous.In the HAVAR model,

theregionalmodelsarelinearbut theaggregatemodelis nonlinearbecauseit exhibitstime-varying

parametersthatdependonregionalcharacteristics.Consequently, theaggregateresponsedepends

on theinitial valueof income,investment,andappreciationin eachregion.34 In otherwords,het-

erogeneityin initial regionalconditionsinteractswith heterogeneityin regionalsizeandregional

parametersto produceanadditionalsourceof variationin thedynamicresponsesof theHAVAR

modelto monetarypolicy. Theimpulseresponseanalysisof section6.2implicitly assumedthatall

regionswerein equilibriumat thetime of themonetarytightening,in sharpcontrastto theresults

presentedin section2.2.

Sensitivity of dynamicpropertiesto initial regionalconditionsseemsobviousbut hasnotbeen

examinedmuch in the literature. Clearly, monetarypolicy makerscould benefitfrom knowing

whetherfundsratechangesaffect theeconomydifferently in recessionsthanexpansions,for ex-

ample. ConventionalmonetaryVARs yield the samedynamicresponsesto monetarypolicy for

every empiricalepisode.35 In contrast,theHAVAR modelaccountsfor underlyingheterogeneity

andprovidesestimatesof thedynamicresponsesto monetarypolicy thatvaryover time.

7.2 Methodology

We simulatemonetarytighteningwith theHAVAR modelin situationswheretheaggregateecon-

omy begins in equilibrium (analogousto the conventionalVAR) but the regional economiesdo

not. Becauseaggregateequilibriumis consistentwith many configurationsof initial regionaldis-

equilibrium, it is necessaryto performnumeroussimulationsby randomlydrawing multiple sets

of initial conditions.By conductingenoughsimulationswe cantraceout the rangesof dynamic

responsesto monetarytighteningunderalternative initial conditionsfor regionaldisequilibriumin

incomeandappreciation.

Furtherdescriptionmay helpclarify this point. Supposetherearetwo regionswith different

sizesanddifferentincomeresponsesto amonetaryshock.Oneregion is runningapositiveincome
34Statedependencealsoarisesin nonlinearVARs,suchasin Weise[62] wheremoney supplyshockshavestronger

output effectsandweaker price effectswhenoutput growth is initially low. Suchnonlinearmodelsmay describe

economicbehavior betterthanlinearmodels,but our goal is to demonstratehow nonlinearityarisesinherentlyfrom

aggregationof heterogeneousagentsthatbehave linearly. Incorporationof nonlinearmicroeconomicmodelswithin

anHAVAR typeof modelwouldaddto thenonlinearityandcomplexity of thesystem.
35Actually, this point is true for every linear conventionalmacromodel usedfor policy analysis,including the

FederalReserveBoard’snew FRB/USmodel.
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gapandthe othera negative gap,but the weightedaverageof incomegapsis suchthat thereis

no aggregateincomegap. Thentheaggregateresponseof theeconomyto a monetaryshockwill

dependonwhichregionreceivedwhichinitial incomeshock.Forexample,theaggregateresponses

whenthe largeregion receivesa large incomeshockwill differ from theresponsewhenthe large

region receivesa small incomeshock. Moreover, this differencecanbe amplifiedor mutedby

variationin theregions’ sensitivities to monetaryshocks.Theaggregateresponsewhenthe large

region is very sensitive to monetaryshockswill differ from theresponsewhenthe largeregion is

veryinsensitiveto theseshocks.Many combinationsof regionsize,sensitivity to monetaryshocks,

andinitial incomegapsexist soextensivesimulationsareneededto identify therangeof possible

aggregateoutcomes.

Therandomdraws areobtainedfrom data-consistentestimatesof thedistributionsof regional

structuralshocksidentified by the HAVAR model. We cannotreject the hypothesisthat these

innovationsaredistributed iid normalwith meanzeroacrosstime andregions. Randomshocks

arechosensothatregionalvariableshave heterogeneousinitial conditionsbut aggregatevariables

begin in equilibrium. To ensurethat theaggregateinnovationto theHAVAR modelremainszero,

weweightthedrawsby regionsize.Evenwith 27 regions(draws), theaggregateinnovationis not

alwaysexactly zero. Thus,whennecessary, we adjustthe draws suchthat thereis no aggregate

effectbeforesimulating.

For eachsimulation,we draw a setof randominitial conditionsfor incomeor appreciationin

eachregion andshocktheHAVAR modelin thefirst period.Oneperiodlater, we shockthefunds

rateequationby 100basispointsfor onequarter. We do 1,000simulationsfor eachexperiment.

As in Figure6, we plot the responsesof income,investment,andappreciationassociatedwith

the simulationsthat producedthe 10th percentileand90th percentilepeakresponses.We then

comparetheseextremeresponseswith thoseof the HAVAR modelwith no dispersionin initial

regionalconditions,that is, theHAVAR responsesin section6.2. We alsoreportthedistributions

of themeanlagsof the impulseresponsesasa measureof variationin duration,anddistributions

of thepeakresponsesasameasureof variationin magnitude.

7.3 RegionalIncomeDispersion

Figure7 shows theresultswheninitial incomeconditionsvary acrossregionsbut initial housing

investmentandappreciationconditionsdo not. The magnitudeanddurationof the HAVAR re-

sponsesof differ from their no-dispersionbaselines.For income,variation in the magnitudeof
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theresponsesis modest.Variationin durationis substantial,althoughthis maynot beparticulary

meaningfulgiventheir flatnessandthesmalldifferencesbetweentheresponses.Perhapsmorein-

terestingis thatthetwo extremeresponsesareasymmetricaroundthenodispersionresponse.The

10th percentileresponsedeclinesabouttwice asmuchasthe90th percentileresponseincreases,

andthis differencebecomesmoremeaningfulat longerlags.

Figure 7: HAVAR Simulations for RegionalIncome Dispersion

Theincomeresponsesdemonstratethattheeffectsof monetarypolicy are“long andvariable.”

About three-fifthsof theresponseshaveameanlagof up to fiveyears,mostof whicharebetween

1-1/2yearsto 2-1/2years.Oneyearis considerablevariationin responseduration,but asubstantial

fractionof responseshavemeanlagsevenshorteror longer.36 Most of thepeakincomeresponses

aremodest,but incomedeclinesby 1/2percentor morein oneoutof every four cases.
36Theothertwo-fifths of responsesareextremelypersistent,like the10thand90thpercentiles,with meanlagsof

morethanfiveyears(in somecases,muchmore).Theseresponsesmaybeassociatedwith initial conditionsin which

themonetaryauthoritywould beunlikely to tightenpolicy, or they mayreflectsomenonstationarityproblems.
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Thepeakresponsesof housinginvestmentin the10thand90thpercentilesdiffer by morethan

4 percentagepoints in a rangebetween÷{ø and ÷�ù percent. Interestingly, mostpeakresponses

occurin thelowerendof thisrange.Morethanhalf of theinvestmentmeanlagsarebetween3 and

3-1/2years,but many meanlagsareasshortas2-1/2yearsandaslongas4 years.

For appreciation,thepeaksof theextremeresponsesdiffer by almost1 percentagepoint. Inter-

estingly, theno-dispersionresponseis quitesimilar to the10thpercentileresponsefor muchof the

horizonratherthanbeingin betweentheextremeresponses.This asymmetryis a goodexample

of thekind of nonlineareffectsthatcanarisein theaggregatedynamicsof modelsthataccountfor

heterogeneityandaggregation.Thepeakresponsesof appreciationvary considerably, thoughnot

asmuchasthoseof investment.However, thedurationof theappreciationresponsesvariesmore,

with themeanlagsaboutuniformly distributedbetween1-1/2yearsand5 years.

7.4 RegionalAppreciation Dispersion

Figure8 shows the resultswheninitial appreciationconditionsvary acrossregionsbut initial in-

comeconditionsdo not. The HAVAR simulationresultsare qualitatively similar to thosewith

dispersionin regionalincome,sowedonotdiscussthemin detail.Thesimulationsrevealsubstan-

tial heterogeneityin themagnitudeanddurationof thedynamicresponses.However, theoverall

messageof Figure8 is that the effectsof dispersionin regional appreciationaresomewhat less

thantheeffectsof dispersionin income,particularlyfor theincomeresponses.

WealsosimulatedtheHAVAR modelunderascenariowherethecoastalregionsareexperienc-

ing housingboomscharacterizedby unusuallyhighhousingappreciation.Specifically, thecoastal

regions(eastandwest)aresubjectto appreciationshocksequalto the 75th percentileof the in-

novation distribution andnoncoastalregionsare subjectto shocksequalto the 25th percentile.

Conceptually, this experimentis designedto approximatesituationssuchasU.S.housingmarkets

duringthelate1980s.

Figure 9 shows that monetarytighteningis moderatelylesseffective when the economyis

experiencingcoastalhousingbooms.Housingappreciationbeginsabout1 percentagepointhigher

in this simulation.Giventheunderlyingsupplyanddemandelasticitiesimbeddedin theregional

VARs, this higherappreciationleadsto significantlyhigherhousinginvestmentin the shortrun;

incomeis highertoo,but only modestly. Thegeneralpatternsof thedynamicresponsesaresimilar

to theno-dispersionmodel,but it takesmorethanayearfor differencesbetweenthehousingpoint

estimatesto disappear. This simulationsuggeststhat themonetaryauthoritywould have to raise
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Figure8: HAVAR Simulations for RegionalAppreciationDispersion

the federalfundsratemorewith coastalhousingboomsto achieve thesameaggregateresponses

aswhenregionalappreciationratesarehomogeneous.

8 Summary and Conclusions

This paperintroducesa new heterogeneous-agentVAR model for monetarypolicy analysisthat

incorporatesregional heterogeneityin housingmarkets. Although the underlyingregional VAR

modelsarelinear, theHAVAR modelyieldsa tractablenonlinearaggregatemodelwhosedynamic

propertiesdependon thedistribution of initial economicconditionsacrossregions.For a panelof

regionaldata,theHAVAR modelexhibitseconomicallysignificantvariationin themagnitudeand

durationof dynamicresponsesto monetaryshocks.Weinterpretthemodelandobservedempirical

variationasconcreteexamplesof how the effectsof monetarypolicy on the economyare“long
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Figure9: HAVAR Simulation of CoastalHousingBooms

andvariable.”

TheHAVAR modelandresultsin thispaperareafirst steptowardunderstandinghow monetary

policy mayaffect theeconomydifferentiallyover time. Themethodologycouldbe improvedon

severaldimensions.A modelbasedon dynamicoptimizingbehavior with deepstructuralparame-

terswouldbepreferable,andtheHAVAR methodologyis consistentwith suchastructuralmodel,

providedit canberepresentedin restricted-VAR form. Evenwithin theclassof VAR models,more

structureandalternative identifying restrictionscouldbeentertained.Macroeconomistsprobably

would like a broaderfocusthanhousing,andothersmayprefera moredetailedtreatmentof the

housingmarket. Empirically, efforts areneededto expandboth the time-seriesandcross-section

dimensionsof thedatabase.
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Nevertheless,even this relatively simplemodeloffersa stepforward for policymakers. Con-

ventionalmacroeconomicmodelsdo not accountfor heterogeneity, andlinear aggregatemodels

predictthesameeffect of monetarypolicy actionsat eachpoint in time. Our HAVAR modelover-

comesbothof theselimitations,providing a relatively easyway to answerthekindsof “what if ”

questionsmonetarypolicymakersaskwith regardto changingeconomicconditionsover time.

A Data Appendix

Theaggregatedatasourcesareasfollows. Theaggregatepriceis theU.S.CPI-Ufor all itemsfrom

theBureauof LaborStatistics.Thenominalmortgagerateis thecontractrateoncommitmentsfor

fixed-ratefirst mortgagesfrom FederalReserve StatisticalReleaseG.13Themonetaryinstrument

is thenominaleffective federalfundsrate,alsofrom ReleaseG.13.

The regional datasourcesare as follows. Housinginvestmentis the MSA-level numberof

housingstartsfrom theCensusBureau(regionalhousingstockdataarenot available).37 Housing

priceis thenominalMSA-level index from theFannieMaeRepeatTransactionsDatabase.Income

is state-level personalincomefrom the CensusBureau. Startsandincomeareconvertedto per-

capitausing Censusdataon MSA-level population,and incomeis further scaledby the share

of MSA populationin total statepopulation. Incomeandhousingpricesaredeflatedusing the

aggregateprice,U.S.-level CPI-U, becauseMSA-level CPI dataarenot availablefor all regions,

all quarters,andfor housingandnonhousingsubaggregates.

Thedatabaseyieldsa balancedpanelfor estimationandaggregationanalysisthat includes27

regionsover 40 quartersfrom 1986:Q3to 1996:Q2.AppendixTable2 lists the regions. A panel

with a longersampleperiodwould includemany fewer regions,anda panelwith moreregions

would cover a muchshortersampleperiod. We selectedthis combinationof regionsandyearsto

obtainsufficientheterogeneityandtimeseriesobservations.

Aggregatehousingmarketdataaretheappropriatelyweightedsumsof theregionaldata,using

abalancedpanelto ensureexactaggregation.Aggregatedatafrom the1986-96panelrepresent37

percentof totalU.S.personalincomeand7.5percentof totalU.S.housingstarts.38 Thetimeseries
37Theoretically, housingstartsis theappropriatedatameasurebut theconsensusview in theliteratureis thatstarts

containmeasurementerrorsthatmake themlesssuitablethanhousingpermits.However, Somerville[57] challenges

this view, andwefind no differencein theempiricalresultsbetweenstartsandpermits.
38Thedisparitybetweenthesharesof incomeandhousingis likely dueto the fact thathousestendto be“larger”

andof betterquality whereincomeis greater. Thus,theshareof thehousingstockin theseregionsis probablymuch
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correlationbetweenthepanelaggregateandtotal U.S.detrendeddatais 0.83for incomeand0.73

for starts.BecausetheCensushousingdataarenot obtainedfrom a probability sample,it is not

possibleto quantifysampleselectionproblems.

B TechnicalAppendix

To seethe connectionto nonlineartime seriesmodels,considerthe following simple example

motivatedby GrangerandNewbold [27] (pp. 303-305).DefiningúªûJü+ý þÿû � þÿû ��� � � � � � þÿû ��� � � û � � û ��� � � � � � � û ��� 	 �
thena generalizednonlinearAR(1) isþ�û
ü�
 ý úªû ��� 	 þÿû ���
� � û �
wherethenonlinearparameter


eý úÿû ��� 	 mustbe“constrained”somehow to bemadepractical. Ifþ�û
ü�� � û � ��� û and
��� û
ü�
�� ��� � û ���
� � � û for � ü������ ��� , thenwecandefineú��û ü¥ý � � û � � � � û ��� � � � � � � � � û ��� � ��� û � ��� � û ��� � � � � � ��� � û ��� � � � û � � � � û ��� � � � � � � � � û ��� � � � û � � � � û ��� � � � � � � � � û ��� 	

so that the macroparameterbecomes

 ý ú �û ��� 	 . In this simpletwo-agentAR(1) case,the macro

parameteris
 ý ú�� �û ��� � 
 � � 
�� 	 ü! 
 � � � � û ���"� 
�� ��� � û ���� � � û ���"� ��� � û ���$# ü! 
 �&% � � � û ���þ�û ���(' � 
�� % � � � û ���þÿû ���(')#
where

ú � �û ��� ü�ý � � � û � � � � � � û � � � � � � û ��� � � � � û ��� � 	 because
� � � û ��� ü*
 � � � � û � � � � � � û ��� . Time variationin
 ý ú � �û ��� � 
 � � 
�� 	 arisesfrom timevariationin themicrodatashares

ý ��� � û ��� + þ�û ��� 	 provided

 �-,ü�
��

(heterogeneousbehavior) or
� � � û ����,ü.� � � û ��� (heterogeneousshocks),or both.39 Thus,

þ�û
depends

dynamicallyon the laggedmicro shocks,
� � � û ��� , which representdeviationsfrom themicro steady

states,
� � /

.40

An interestingimplicationof thisdependenceis thatamultiplicity of dynamicresponsesof
þÿû

emergesfrom any givenaggregateshock,
� û ��� ü�� � � û ����� � � � û ��� ; or, conversely, any givenaggregate

responseis consistentwith amultiplicity of microshocks.For example,amean-preservingspread

higher.
39A conventionalmacroVAR implicitly assumesaway theeffectsof bothtypesof heterogeneity.
40We thankSimonGilchrist for helpingusdiscover this importantinsight.
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of micro shockswill alter the aggregatedynamicresponseof the HAVAR model, as would a

moment-preservingredistribution of themicro shocks(it matterswheretheshocksoccurbecause

themicro parametersvary). More generally, HAVAR aggregatedynamicresponsesdependon the

joint distribution of micro shocksandmicro parameters.Note, however, that unlike many other

nonlinearmacromodels,therearenot multiple equilibria.41 Becausethemicro modelsarelinear

andassumedstable,boththemicro andHAVAR modelsalwaysconvergeto thesamesteadystate

in thelong run.
41SeeAoki [2] for anexamplewith heterogeneousagents.
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Table2: RegionalImpulse Responses

Housing
Income Investment Appreciation

Region (MSA) Peak Lag Peak Lag Peak Lag
Atlanta,GA 0)1 2 3 26.8 0"4 5 1 4 6 10.9 0(7 1 4 8 10.2
Baltimore,MD 0)1 7 7 15.1 0
7 1 9 4 10.3 0)1 2 4 10.6
Charlotte,NC 0)1 5 9 6.9 0)1 : 5 5.9 0)1 2 ; 8.9
Chicago,IL 0)1 8 9 7.4 0(8�1 4 7 7.2 0)4 1 ; 11.8
ColoradoSprings,CO 0)1 8 ; 9.0 0
5 1 5 4 9.2 0�8�1 9 : 5.2
Washington,DC .00 29.1 0)4 6 1 6 10.8 0)1 5 ; 10.0
Dallas,TX 0)1 6 7 76.5 0)4 5 1 2 14.3 0�8�1 6 7 7.4
Denver, CO 0)1 9 6 14.2 0
3 1 ; 9 12.5 0�8�1 8 3 10.1
Fort Lauderdale,FL 0)4 1 7 7 15.1 0
: 1 3 5 26.1 0(9 1 8 2 10.3
Houston,TX 0)1 6 7 239.4 0)1 7 4 74.7 0"4 1 2 3 9.2
KansasCity, MO 0)1 9 6 115.4 0
5 1 4 : 14.1 0"4 1 ; 8 15.9
LosAngeles,CA 0)1 6 4 13.6 0
5 1 6 9 19.2 0)1 3 7 16.2
LasVegas,NV 0)1 6 5 10.8 0)1 7 2 19.1 .00 2.8
Miami, FL 0)1 6 ; 7.5 0)1 2 6 7.4 0(7 1 8 7 6.8
Minneapolis,MN 0)1 : 9 9.7 0
3 1 : 5 7.4 0(7 1 6 7 7.9
New Orleans,LA 0)1 7 8 5.7 0)4 1 7 4 10.1 0(5 1 3 : 6.5
New York, NY 0)1 5 7 6.7 0"4 4 1 9 6 7.4 0(5 1 : 7 9.3
Phoenix,AZ 0)4 1 8 : 14.7 0)4 3 1 8 9.7 0(5 1 4 8 9.6
Riverdale,CA 0)1 6 7 7.1 0
5 1 7 5 14.8 0)1 2 4 11.2
Sacramento,CA 0)1 6 5 11.6 0
7 1 7 9 13.8 0)1 3 6 16.7
SaltLakeCity, UT 0)1 9 6 12.7 0
: 1 7 4 7.1 0(: 1 9 9 11.1
SanDiego,CA .00 17.2 0)1 9 6 9.6 0)1 8 8 9.9
SanFrancisco,CA 0)1 6 5 118.0 0)4 1 6 3 58.9 0(: 1 8 ; 6.6
Seattle,WA 0)1 6 5 10.9 0)1 2 : 14.6 0)1 8 ; 14.4
St. Louis,MO 0)1 8 ; 15.6 0)4 1 2 6 10.0 0(7 1 : : 12.0
Tampa,FL 0)1 4 3 22.0 0
5 1 2 6 16.0 0"4 1 ; 2 8.9
WestPalmBeach,FL 0)1 ; 7 9.2 0
5 1 4 ; 32.6 0�8�1 7 4 10.1

CorrelationMatrix
IncomePeak 1
IncomeLag .20 1
InvestmentPeak .51 .12 1
InvestmentLag .15 .82 .28 1
AppreciationPeak .52 0)1 6 9 .26 0)1 4 ; 1
AppreciationLag 0)1 6 5<0)1 6 4 .04 0)1 4 4 .27 1
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