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TheU.S.Departmentof Housingand UrbanDevelopmentHUD )estimatesFairMarket Rents(FMRsJor
mostgeographiareasin the United Statesto setreimbursementvaluesfor publicprogramsthat
addresghe housingneedsof low-incomefamiliesand householdsBecauseeliabledataonrentslag
behindthe datesthat FMRsare neededby, HUDmustforecastthe FMRsbasedon trendsin the
availabledata. HUD® current methodologyincludesusinga & i NB iy & tb ZoEastvaluesseveral
quartersaheadof the mostcurrentdatafrom the Bureauof LaborStatisticg BLS)Thetrend factoristhe
samefor all locations,meaningthat areaswith relativelyhigh (low) rent inflation will be assignedcFMRs
that aretoo low (high).Thisstudyexaminegwo waysthat HUDcouldadd geographiaesolutionto the
trend factorsand, perhapsreduceconcernaboutthe accuracyof FMRs.

Thefirst methodrelieson BLSlataon 22 geographia@areasand AutoregressiventegratedMoving
Averageg(ARIMA)Modelingto estimatedifferent trend factorsthat canbe comparedto | | 5 drdent
estimates.Usingstandardtime-seriesmodelingmetrics,mostof the areaspecificestimatesappearto
be more accuratethan the currenttrend factor. However the overallimpactof usingthis methodis
relativelysmall.In other words, FMR<scalculatedirom HUD® currentmethod are reasonablycloseto the
FMRghat would be calculatedfrom the 22 areas.

Thesecondmethod usescommercialdatafrom Axiometrics whichare shownto be more appropriate
thandatafrom Zillowt to estimateARIMAmodelsfor up to 254 CoreBasedStatiticalAreas(CBSAS)

The findings from this approach suggtsit FMRs irseveral areas may henderstatedby using | 5 Qa
single national trend factor

The studyalso highlightshe limitations of avdable data sourceswvhich will need to be consideret
HUDmigrates toward localization of trend factors particularstandardizedoublic dataare less
availablefor smaller metropolitan areagorcing more reliance on commercial data sources.

viii
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1.1 Understandingof the Problem

TheU.S.Departmentof Housingand UrbanDevelopmeniHUD )estimatesFairMarket Rents(FMRs¥or
more than 600 metropolitanareasandalmost2,000non-metropolitan county areas FMRsare usedto
determinereimbursementratesin severalfederalhousingprogramsand mustbe publishedat least30
daysbeforethe start of eachfiscalyear(FY) makingFMRestimatesof the grossrent (the sumof shelter
rent and necessaryitilities) for the upcomingFY.

Withinl | 5 dr@entmethodology FMRgeflectthree componentsy(1)the baserent, asestimated
with datafrom the AmericanCommunitySurvey(ACS)(2) aninflation factor that is appliedto the base
rent, and(3) atrend factor. Theinflation factor usesactualvalueson inflation to bringthe baserent to
currentvalues while the trend factor usesforecastedvaluesto bringthe currentvaluesof the baserent
to the future values whichwill be publishedasthe FMRsHUDcurrently usescomponentsof the
ConsumelPricelndex(CPI}Yo determineinflation factorsin the 22 geographi@areaswherethe
componentsare producedandto determineregionalvaluesfor the remainingareasof the country.
Therefore the inflation factorsexperiencesomed t 2 O ¢ I ohtriask, BUDcurrently usesa
national estimateof the trend factor for all geographicareas.

Thenationaltrend factoris usedto adjustlocalarearents appliedover sevenquarters.In areaswhere
rent growth variessignificantlyfrom the nationaltrend, FMRamay not accuratelyexplaincurrentlocal
marketconditionsand maynot capturemarketrent differenceacrossegions.Toaddresghis limitation,
HUDis consideringhe consequencesf implementinglocalizedrend factors.Thisconsideration
explainsvhy & (i go&lof this researchisto exploreand providea setof alternativeFMRtrend factor
methodologiesanalyzethe strengthsandweaknessesf each,andrecommenda methodologythat is
most in line with currentlocalmarketconditionsand canimproveaccuracyof trend forecastingfor FMR
calculations (MDRTTaskOrder:LocalTrendFactorResearchProject 5). Boththe currentinflation
factorandthe currenttrend facor methodologiedacesimilarconstraintsmainlythat reliable relevant
publicdatar suchasthoseproducedby the Bureauof LaborStatistic§BLS) are not availablefor all
geographiareasof interestto HUD.Thismeansthat researchon localizingthe trend factor maybe
usefulfor further localizingthe inflation factor. Forexample assumethat the studyteam findsthat
trendsfrom areadilyavailableseriesfrom Zillowcloselymatchtrendsin. [ {R&nof Primary
Residenceeriesin the geographiareaswhere both seriesexist.In that case HUDmaywishto consider
usingZillowtrendsto further localizethe inflation factor in the geographiareascoveredby Zillowbut
not BLSTherefore while the scopeof this TaskOrder(TO)is primarily confinedto the trend factor, the
researchmayspilloverto issuegelatedto the inflation factor.

1.2 1 | 5 ReaentEffortsto Improve TrendFactorCalculations

Toaddresghe limitationswith the nationaltrend factor, HUDhasexploredoptionsto improve
calculation=f the trend factor. HUDhas exploredlternativemethodologiessuch ag1) usingnational




input variablesto forecastlocalrent and utilities of primaryresidencefrom CPland (2) addingmeasures
of localsupplyanddemandinto the rent componentof the nationalmodel. Toaccountfor delayed
changesn residentialrent dueto changesn housingsupplyanddemand,variabledike localand
nationalconstructionpermits, oil and gasprices,and a utility indexare alsoincludedin the modelby
differencingthem acrossl0 yearsand addingtheir lagsby two quarters.Thetwo componentsof the
grossrent index(GRIare forecastedat the smallestgeographicareaavailablefrom CPIdata. Localrent
andutility costsare usedasdependentvariablesn the model@run to capturedifferencesin market
rentsandcurrentmarketconditionsacrossFMRs.

Thephrased 3 NRI yisiusedto describethe theoreticallycorrectvaluefor the FMR Asnoted earlier,
HUDusesa basevaluefor grossrent from ACSwhichis usuallyat least2 yearsold, andthen applies
inflation andtrend factors.Inl | 5wWbik-to-date,the trend factorswere derivedfrom the GRIwhich
wasthe weightedaverageof the Rentof PrimaryResidencéndexandthe Fuelsand Utilities Index(both
componentsof CPI)for whichthe weightsare basedon the rent and utility sharesof grossrent. Rent
and utility sharesare obtainedfrom ACSandappliedto the forecastedrent and utility estimates With
actualandforecastvaluesof the GRIHUDthen computedsomehypotheticallocaltrend factorsasthe
ratio of the forecast(next year)valuesto the actual(currentyear)values:

I | 5igitél analyseslealingwith localizinghe trend factor providethe point of departurefor this TO.
Tothoroughlyunderstandand assesshe prior work conductedby HUD the studyteamreceivedHUX &
backgroundnformationandthe datausedto conductthe estimations.Exhibit1-1 presentsa
descriptionof the receivedfiles.

Exhibit1-1| DocumentsReceivedrom HUD

# File Description
1 Approach FY19 | ' 504 NBOSyd ¢2N] 2y f20If GNB
5 PUC Forecast Docum_entatlon orvquche_r pefunit cost (PUC) forecast, from which
the national model is derived
3 Report Example Example of desired template of the final report
Subscriptions LYF2NXIFOGA2Y 2y RFEGF G2 6KAOK |
4 -7
Folder Research hassubscription
Proposaldo Summary of the main issues in estimating FMRs
5 Updatethe AVIR https://www.huduser.gov/portal/sites/default/files/pdf/Proposaig o-
Formula Updatethe-FairMarket-RentFormula.pdf
A table of all national, regional, and local parameters used in mode
6 Gross_Rent_All : . .
- - by primary sampling unit (PSU) and quarter
GrossRent .
ComponentShares A table of FY19 gross rent component weights

Crosswallof CPIPSUgeographiedso 2010Federal Information

8 Cpi_psu2 Processing Standards (FIP&Jes

9 Ilz(\)(clasl)ﬂ'rendFactor SASodedocumentingprocessesisedin calculatingocaltrend factor

Note:/ t L RSYy20GS4& &/ 2y&dzYSNIt NAOS LYRSEZé¢ Caw RSy23G6S& a&acCl AN al NJ

! Fromthe HUDbackgroundpaper,& C 2 NB (Regiofiakng Metro FMRTrendFactoté September2018.



https://www.huduser.gov/portal/sites/default/files/pdf/Proposals-To-Update-the-Fair-Market-Rent-Formula.pdf
https://www.huduser.gov/portal/sites/default/files/pdf/Proposals-To-Update-the-Fair-Market-Rent-Formula.pdf

1.3 StudyObjectives

Thepurposeof this report isto presentthe resultsandrationalefor a setof modelsthat canbe usedto
computelocallybasedFMRsMore specificallythis report presentsalternativeapproachego
augmentingocalmarketconditionsinto calculationsof FMRsstartingwith extensionf| | 5 eXidting
methodologyandfollowed by considerationof modelsthat usealternativesourcesof dataand
empiricalframeworks.Consequentlythis report presentsthe resultsof a two-phaseresearchapproach
with multiple researchquestionsin eachphase.Theobjectiveof the first phasewasto derivealocal
trend factor usinga modelsimilarto the modelHUDusedin forecastinggrossrents nationally Thestudy
teamidentified sixresearchquestionsthat addresghe objectiveof the first phasa

1. Whatisthe bestmodelform for forecastinggrossrentslocally?

2. Whatlagsare deemedappropriatefor illustratingdelayedresponsesn grossrent changeso
changesn variableinputs?

3. Howdothe errors of localforecastestimatescompareto the errors of the nationalforecast
estimate®

4. Whatisthe maximumrangeof error consideredacceptablefor alocalestimatebeforereverting
to the useof anationaltrend or regionalfactor?

5. Whatisthe bestapproachfor measuringhe accuracyof localtrend factors?

6. Whatisthe bestapproachfor calculatingestimatesfor non-metropolitanareas?

Inthe secondphase the objectivewasto identify alternativeapproachegother than forecastinggross
rents) that derivealocaltrend factor that resultin a more accurateFMRcalculation.Thereare six
researchguestionsassociatedvith the Phasdl objectiver

1. Whatvariablesbestdescribesupplyand demandfactorsthat canbe usedaspredictorsof
changinggrossrentsfor metropolitanareas?

2. Whatisthe possibilityof utilizingforecasteddataseriesfrom state or metropolitanentities?

3. Howarelocaltrend factorscalculatedusingthe variablesto be identified in question1 of Phase
1n?

4. Whatisthe bestapproachfor measuringhe accuracyof estimates?

5. Whatisthe accuacyof theselocaltrend factorscomparedwith the accuracyof trend factors
derivedfrom localand nationalgrossrent forecasting?

6. Arethere metropolitanareaswhere usinga localtrend factor consistentlyworksbetter than
usinga nationaltrend factor?

Thefindingsin this report addresshe developmentof alocaly basedtrend factor that mayenhance

I | 5r@c&ntmodelingon forecastinggrossrents with BLSCPlcomponentson rent and utilities in Phase
I. Thefindingsalsoaddresghe determinationof anidealdatasetthat is not confinedby the geographies
producedby BLSwhichmay provideopportunitiesto expandthe localizationof trend factorsand
explorealternativegeographidefinitionsin Phasdl.




1.4 Contentsof This Report

Theoutline of thisreport isasfollows: followingthis introduction, sectiontwo providesa summaryof
the datausedin the study.Sectionthree providesan overviewof the methodologiesandmodel
specificatiorusedin the study. Sectionfour presentsa setof selectedmodelsfor computingalocal
trend factor. Sectionfour alsodescribeshe rationalefor the Y 2 R S$élgctidnand comparesheir
forecastingaccuracyagainstthat of | | 5 Hy@otheticalmodel andpresentsresultsfor the selected
modelsin computinga localtrend factor for 22 geographiareas? Usingcommercialdata, an expanded
setof geographiess analyzedn sectionfive, as well ag comparisorof datafrom Axiometrcsand
Zillow. Sectionsixincludescomparisonsof the accuracyof variousmodelswith comparisonghat show
the implicationsfor FY19¥MRf the variousmodels.Finally sectionsevenoffers our conclusions

2 Theareasare definedby the availabilityof quarterlyrent indicesfrom BLS.
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Dataon supplyanddemandfactorsof grossrents are availablefrom awide variety of sourcesincluding
governmentagenciesandprivateresearchentities, asidentified by HUD . The studyteam usedthe data
obtainedfrom HUD includingthe Rentof Primay Residencéndexandthe Fuelsand Utilities Index
residentialfixed investment localpermit data, andlocaland nationalemploymentdata, amongothers.
We alsoevaluated additionallocalsupplyand demandvariableso augmentthe analysisn Phasd, as
well asto addresghe researchquestionsin Phasdl. Thissectiondescribeghe datathe studyteam
usedto test the different modelspecificatiors that we evaluatedin derivinglocaltrend factors.
Specificallyin this section,we summarizehe dataonthe responsevariableshat we usedasdependent
variables andwe summarizedataon exogenousariableshat we usedasindependentvariablesin the
modelspecificationsThissectionalsodiscusseshe considerationghat were relevantin choosing
additionalvariablegother than the variableshat were usedin the HUDmodel) to augmentthe
specifiedmodels.

2.1 DependentVariables

Thedependentvariablesin the studywere the Rentof PrimaryResidenc&€onsumeiPricelndex(CP)
andthe Fuelsand Utilities CPI Thesetwo componentsof CPIfor the time interval of Januaryl995
throughJanuary2018 were obtainedfrom HUDfor (1) the United Satesas a whole(2) four regions
(regionaldatawere usedfor areaswhere metropolitandatawere not availablein the CP) examinedat
sizeclasdevelg All Classeand Class?®), and(3) 13 metropolitanareasof the United States Giventhat
theseindicesare availablein the CPlonly on a monthly basisfor someareasandbimonthly for other
areas,HUDconvertedthem to quarterlyaveragedor regionsand metropolitanareas.Forregionsand
the three metropolitanareas(New York Chicagoand LosAngeleswhere monthly CPldataare
available HUDaveragedhe monthly datafor eachquarter. Forthe remainingl0 metropolitanareas
(Philacklphig Detroit; Washirgton, DCMiami; Atlanta; Boston Baltimore Dallas SanFranciscpand
Seattle)where CPldataare availablebimonthly, HUDusedthe PROEXPANRunctionin Statistical
Analysis SoftwareS(A$to interpolate quarterly estimatesfor these series TheRentof Primary
Residence&CPlis basedon repeatsurveyof a sampleof rental housingunits over 6-month periods,with
adjustmentsfor agingof the units andvacanciesForthis reason the Rentof PrimaryResidence&Plis
considereda stronglyreliablemeasureof changesn rents, particularlyin thoseareasfor whichthe
Bureauof LaborStatisticgBL$producedocalestimates

2.2 Exogenoud/ariables

Aspart of our efforts to improvethe forecastaccuracyof the estimatedmodek, the studyteam
evaluatedandincorporatedadditionalvariableghat were found to haverelationshipswith the
dependentvariables Exogenousrariableswere selectedbasedon a priori analysido discernthe

3 Basedbn the BLSdefinition, & ! /f ff | &rép&egentall metropolitanand non-metropolitanareasin eachregion;d / £ !l € &
representsall metropolitanareaswith populatiors of more thar2.5million.




responseand a stepwiseregressiomapproach First,variablesdentified to enhancethe rent and utility
seriesforecastmodelswere evaluatedbasedon their impacton the responseseries mathematically
termed ascorrelation Usingthet S | NEdtrgfafiancoefficient,the studyteam listedthe identified
variableghat hada significantimpacton the responseseries.Secondwe evaluatedthe correlation
betweenthe chosenindependentvariables If oneindependentvariableis excessivelgorrelatedwith
another(multicollinearity) determiningtheir separateinfluenceswould be difficult and couldresultin
regressiorcoefficientsbeingsensitiveto modelspecificationwhenboth variablesareincluded.Fora
forecastusingexogenousariables future valuesof the input variablesare estimatedusingits own past
values(suchasan AutoregressivdntegratedMoving Approachprocess. Toreducethe sensitivityof
models,individualvariablesare addedto eachmodel, andthe accuracystatisticsare calculatedbased
on the coefficientestimationsetor training and calibrationsets.If the inclusionof a variableenhances
modelaccuracythe variableis retained Inthe ensuingsectionswe havedescribal the exogenous
variablesusedfor the developmentof the multivariate models A summaryof the descriptionof these
variabless providedin exhibit2-1.

2.2.1 RENTMODELVARIABLE

Toimprovethe forecastmodelfor rent, the studyteam exploredadditionalvariables Thesevariables
included seasonallyadjustedand unadjustedvaluesof occupancyate andemploymentdatafor metros
andU.S CensuBureau (Censusggions.To capture changes in rent with fluctuations in the labor
market, we explord employment data likeotal employment, unemployment rate, manufacturing
employment, labor force participatigmnd weekly wages. Since these variables are highly correlated to
eachother andexplain similar mechanisms in the labor market, the study teatividuallyincluded
weekly wages anthe unemployment rate to forecast rent.he employment data span 21 years (or 84
guarters), while occupancy rates spauore than40 quarters.The model specifications included
occupancy rate, unemployment rgtand weekly wages as individuaputs in the forecast modellsing

a correlation matrix, the study team basduese variablesn theirimpacton the responseseries.The
resulting model spefications were built on the principle explained below atid not contribute to
explaining theunderlyingpatterns in the response serigsence theywere not included in further
analysis.

2.2.2 UTILITYMODELVARIABLES

Residentiapricesfor electricityat the state levelwere usedto forecastutilities. Thestudyteam
seasonalladjustedthe seriesandassessedts impacton the responseseries.Sincethe datafor
electricityare only availableat the statelevel,our forecastmodelsare built for the 13 metro areasthat
couldbe mappedto states.CPlindicesfor energyservicesand commoditiesin metrosand Gensus
regionswere exploredandtheir correlationwasexamined Sincetheseindiceswere significantly
correlatedwith the dependentvariableandwere derivedfrom the dependentvariable theseindices
were droppedfrom further analysis.

4 They are consideredgnificantat 95-percentconfidencelevel.




Exhibit2-1| Exogenoud/ariablesConsideredn the Developmentof Models

Source Geograplic Unit DataFrequency DataSpan
Phasel
State;CoreBased 1997 to
TotalEmployment BLS StatisticalArea Monthly 2018
(CBSA)
Manufacturing ] 1997 to
Employment BLS State;CBSA Monthly 2008
. 1997to
UnemploymentRate BLS State;CBSA Monthly 2018
Axiometricg(from _ 2008to
Occupancyrate HUD) County;Tract Monthly 2018
U.SPostalService  State;County; 2008to
Vacancyndex (from HUD) Tract Quarterly 2018
State Metropolitan 1995t0
WeeklyWages BLS StatisticalArea Quarterly
2016
(MSA
EnergyCPI BLS State;MSA Quarterly ;gi;to
ElectricityCP| BLS State;MSA Quarterly ;g%to
Utility (Piped)Gas _ 1997to
ServiceCPl BLS State;MSA Quarterly 2018
GasolingAll Types) ] 1997to
CPI BLS State;MSA Quarterly 2018
ResidentiaHectricity Energyinformation 2001to
Prices Administration State Quarterly 2018
Phasdll
AxkingRentand Axiometricg(from , 2008to
Concessions HUD) County;Tract Monthly 2018
MedianRentalPrice : 2010to
(All Home Type Zillow MSA Monthly 2018
. . 1996to
MedianHomeValues Zillow MSA Monthly 2018
. . FederaHousing Staté™ ; MSA,; 1975to
HousingPricelndex FinanceAgency CBSA Quarterly 2018

* Nonadjusteddall employeeg  Ravaildblebackto 1939 at the statelevel.

* Metro databeginsin 1990.

™ Fornon-metropolitanareas,dataare availableby state andbetween1995and 2008.
Note: BLSlenoteséBureau of Labor Statistiés OPienotesdConsumer Price Index

2.3 Alternate RentSeriesUsingCommerciaData

Theobjectiveof Phasdl (researchguestion?) isto determinealternativeapproachedor addingmore
localizationto Fair Market RentRMR estimates.Tothis end, the studyteam focusedprimarilyon




expandinghe numberof metro areas(core-based statistical area§BSAwdy usingextantdatafrom
alternativesourcedo createquarterlyrent seriesfor severalgeographiareas.
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Asstatedpreviously the primaryobjectiveof this studyisto evaluatemethodologieghat improvetrend
forecastingfor FairMarket Rent(FMR calculationsGiventhat the trend factor componentof the FMR
usesforecastvaluesto bringthe currentvaluesof the baserent to the future values it isimportantto
usea procedurethat producesreliablelocalrent forecaststo derivethe neededimprovementsin the
trend factor. In this study, we usedthe AutoregressivéntegratedMoving Average(ARIMA modelto
estimatethe future valuesof localrent and utilities, basedon whichtrend factorsfor eachareawere
calculated ARIMAModelsapplyto stationary time seriesandassumehat atime seriesis alinear
combinationof its own pastvaluesand currentand pastvaluesof anerror term (Boxand Jenkins1976).
ConsequentlyARIMAmModelsare gererally specifiedin terms of three different parameterg(p, d, andq)
wherep isthe order of the autoregressiveerm (ARterm), d denotesthe degreeof integrationto
achievestationarity, andq isthe order of the movingaverageterm (MAterm).

The remainderof this sectionoutlinesand discusseshe types of ARIMAmModelsthat were specifiedand
the rationalefor choosingthe bestmodelusedfor forecasting Asa preludeto this discussionsection
3.1presentsthe structureof the ARIMAmModelthat HUDusedin recentefforts to improvetrend factor
calculationsWe usethe HUDmodel asa baselinewith whichwe comparedother modelsunder
consideration Bymaking thiscomparson we intendto identify the areaswherel | 5 rfiodelis
workingor not.

3.1 TheHUDModel

HUDusedan ARIMA(0,1,1)modelfor the rent seriesin all areasandan ARIMA(1,1,0)modelfor all the
utility series.Therefore, the currentrent dependson the previouserror term (shocks)not the previous
periodrent. Tobe specifican MA (1) modelis estimatedfor the rent growth ratesor the first-
differencingof rent series.Similarly,an AR(1) modelis estimatedfor the utility growth rate. HUD
estimatedthe rent modelusingtwo approachesThefirst approachwasto estimatethe modelbasedon
nationalexogenouwariables’® In the secondapproach HUDestimatedthe rent modelbasedon local
exogenouvariables® However the utility modelwasestimatedusingonly nationalexogenous
variables’ Toreflect the time delayof the responseto the identified exogenousvariables eachof these
variablesvaslaggediwo quartersbasedon theoreticalconsiderationsin this study,we focused on
extendingl | 5 r@c@ntworkto find alternativetime seriesmodelsto the currentnationalmodel.

5 Thenationalexogenousvariablesusedin| | 5 r@rdmodelare the Bureauof EconomicAnalysigBEANationalResidential
Fixedinvestmentandthe Bureauof Labor{ { | {i {B&SNatiOr@IQivilianEmploymentdata.

6 Thelocalexogenousariablesfor the rent modelcomprisedthe U.S.Census dzNB llocalReérmitdataand BL ocall
Employmentata.

7" Theexogenouwariablesusedin | | 5 iy modelare the nationalquarterlyaveragespotpricein dollarsper barrel of West
Texadntermediatecrudeoil, the quarterly nationalaverageprice in dollarsper shortton of bituminouscoal,the quarterly
averageHenryHubprice of natural gasin dollarsper million BTUsandthe Consumer Price Index for All Urban Consumers.




3.2 Model Building Strategy

Buildingon| | 5 r@c@ntwork, the studyteam estimateda setof modelsfor forecastinggrossrentsfor
all 22 geographiareas We extendedl | 5 gpexificationin two different directions first, we estimated
different ARIMAmodelsfor the grossrent of eachareain the beliefthat localrent serieshavea
different dynamic(trend) than the nationalcounterpart Secondwe alsoestimatedrent growth in the
frameworkof a multivariatetime seriesmodelby augmentingexogenouariables Theselectionof a
propermodelis extremelyimportant becauset reflectsthe underlyingstructureof the series This
fitted model, in turn, isusedfor future forecasting We followed the three-stageiterative model
buildingproceduredevelopedby Boxand Jenking1976) identification,estimation anddiagnostic
checkingTheA R S y (i Astagelnvblieatr@insformingthe data (if necessary)o improvethe normality
andthe stationarityof the time seriesandto determinethe generalform of the modelto be estimated.
Duringthe estimationstage the modelparametersare estimatedusingthe method of moments,least
squaremethods,or maximumlikelihoodmethods.Finally,diagnosticchecksof the modelare performed
to revealpossiblemodelinadequaciesandto assistin selectingthe bestmodel. Thesestagesare
discussedn more detail below.

3.2.1 MODELIDENTIFICATION

Thestudyteam beganthe modelng processby identifyingthe appropriatemodelfor the rent and utility
series aswell asthe seriesfor the exogenouwariablesfor eachgeographiareaL RSy i AdbtRel G A 2 v
generalform of an ARIMAmodelinvolvestwo steps.First,the dataseriesis analyzedor stationarityand
normality. If necessaryto achievestationarityand normality, the studyteam performsappropriate
differencingof the series.Thisstepis alsonecessaryo determinethe integrationd order of the time
series.Allvariablesusedin this studywere tested for stationarity (againstunit roots) sothat the mean,
variance andautocovariancesvere independentof time. We employedtwo formal testingtools, the
KwiatkowskiPhillipsSchmid-Shin(KPSRest andthe DickeyFullerGeneralized_eastSquare§DFGL$
test, to examinestationarity of time seriesunderstudy. TheKPS$&est is adoptedmainlyasa
confirmatorytool to the more populartestsunderthe oppositenull hypothesis TheKPS$est s
constructedunderthe null of stationarity,in contrastto the null hypothesisof unit root for the DFGLS
test. Bothtestssuggesthat the originalseriesof all the variablesunder studyare non-stationary,
regardles®of the geographiareas.Thisconclusioried usto transformthe originalseriesby takinga
first-difference that is, the growth ratesof eachseries

Wethen applythe autocorrelationfunction (ACFand partial autocorrelationfunction (PACFn the
spirit of Boxand Jenking1976)to the growth rate of eachseriesto identify their underlyingdynamics.
TheACFRandPACFHare helpfulin confirmingthe stationarity of the seriesandidentifyingwhetherthe
underlyingmodelfollowsan AR MA, or ARMA model. Oncethe seriesis differencedand the underlying
modelisidentified, we useaninformation criterion methodto determinethe appropriatelaglength of
the input seriesusedin the forecastmodel Theresultsof lagselectionfor the exogenouwariablesare
presentedin appendixA. We computethe information criteria usingvariousARMA modelorders,with
anautomatedfunction usedto determinethe rangeof the autoregressivanodelorders.Tobe specific,
we usethe SchwarBayesiannformation criterion (SBCjor the laglengthselectionin eachmodel. The
basicideaof the SBQuleisto find an optimal modelspecificatiorbasedon the trade-off between
performancein fitting availabledataand minimummodelcomplexity.Hence Jower SBGmplieseither
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fewer explanatoryvariablesbetter fit, or both. Givenanytwo estimatedmodels,the modelwith the
lowestvalueof SBGs preferred.Exhibit3-1 reportsthe resultsfrom this exercisefor the rent and utility
seriesat the nationallevel. Asshownin the exhibit, the SBQule suggestshat the AR(1) modelis best
fitting for the nationalrent growth seriesandthe MA (1) modelbestfits nationalutility growth series.
Giventhat the growth seriesare the first-differenceof the originalseries this outcomeimpliesthat the
nationalrent is bestapproximatedby an ARIMA(1,1,0)modelandthe nationalutility seriesisbest
capturedby an ARIMA(0,1,1)model.Note that the order & Rif ARIMA(p,d,q)denotesthe order of
integratiors henceARIMA(p,1,q)modelfor the originalseriesis equivalentto the ARMA(p,q) modelfor
its first-difference. Theseparameterswvere then usedat the next stageof estimation.

Exhibit3-1| Model Selectionfor the United StatedUsingMinimum ShwarzBayesian
Information Qriterion

RentModel (NIM) Utility Model (PTS
AROrder MA Order AROrder MA Order
0 1 ¢ 881.75 0 1 ¢ 486.52
0 2 ¢ 890.62 0 2 ¢ 484.10
1 0 ¢ 924.27 1 0 ¢ 486.19
1 1 ¢ 920.04 1 1 ¢ 483.55
1 2 ¢ 915.70 1 2 ¢ 479.66
2 0 ¢ 920.03 2 0 ¢ 484.70
2 1 ¢917.28 2 1 ¢ 482.36

Notess! w RSy 20848 &l dzi2NBINBaaAd$z¢ KRSYREPAG S nOddiprEING 31 ISNE R WIS FS = ¢
bLa RSy2idSa ab | fianlgvariate moddl izl natoBaReRdgenouariablesandt ¢ { RSy 20Sa dat dzZNB ¢ A
{ SN S & & unwaiReStimé& series model without exogenous variadletails ofthe variousmodel specifications are

discussed isection4.

3.2.2 PARAMETERSTIMATION

After candidatemodelshavebeendeterminedfrom the identificationstage the studyteam usedthe
parameters(p andq) of thesemodelsin the estimatestatementof PROGRIMAIN SASo obtain
estimatesusingmaximumlikelihoodestimation.

3.2.3 MODELDIAGNOSTICHECK

Havingidentified and estimatedthe parametersof the modelin the previousstagespur nextstepwas
to verify the adequacyof the fitted models.Thestudyteam performedvalidationtestson the residual
seriesto determineif anypatternsremainedunaccountedor. Amodelis saidto be adequateif the
reddualsare white noiser that is, if no significantcorrelationis observedamongthe residualsof the
fitted model Wetestedfor the adequacyof our estimatedmodelsby graphicallyinspectingthe ACFand
the PACPfthe Y 2 R Sdsidufls.Theresidualsof the ACFmore importantly provideinformation about
the independenceof the residuals ACHesidualghat are significantlydifferent from zeroindicatethat
the modeldoesnot adequatelyrepresentthe data. Theresidualcorrelationfor the first-differencedrent
andutility seriesfor the nation are shownin exhibits3-2 and 3-3. Theplots for the remaining22
geographiareasare presentedin appendixB. Theplots indicateno significantcorrelationbetween
residualsWe concludethat the rent and utility modelsselectedin the parameterestimationstagefor
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the entire nation appearto be adequateandrepresentativeof the data. Consequentlywe prgpose
using the national model, especiallydases such as BostgrChicagpand Seattle wherethere are
still significant lags

Exhibit3-2 | ResidualCorrelationDiagnosticfor FirstDifferencedNational RentSeries

Residual Correlation Diagnostics for rpr_sa(1)
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Exhibit3-3| ResidualCorrelationDiagnosticfor FirstDifferencedNational Utility Series

Residual Correlation Diagnostics for fu_sa(1)
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3.3 Testingand MeasuringModel Performance

Fromthe foregoingproceduresthe studyteam developedthree competingmodelsfor both rent and
utility seriesfor all 22 geographiareasincludingthe nation asa whole. Thefirst modelis a univariate
time seriesmodelusingits own pastvaluesanderror terms. Thesecondis a multivariatetime series
modelthat includesother nationalvariablesin additionto its own laggedterms. Thethird isa
multivariatemodelthat includesjust localexplanatoryvariablesn additionto its own laggedterms.
Priorto forecastingthe estimationresultsof univariatemodelswere comparedto thoseof the
multivariateapproachesaswellasto | | 5 riodlelto evaluateeachY 2 R Sdre@astaccuracyThe
responseseriesof eachmodelwasdividedinto two sets the sampe periodandthe validationperiod.
Thestudyteam estimatedeachspecificationover sevenoverlappingsampleperiods,where eachperiod
included15& S I WoEh®f data. Thesevensampleperiodsare: 1996to 2011,1997to 2012,1998to
2013,1999t0 2014,2000to 2015,2001to 2016,and2002to 2017.Estimationover multiple time
periodsprovidesa better basisfor comparingthe Y 2 R Sfediciivepower, asthe resultsfrom a
particulartime period are determinedby the specificeconomicconditionsin effect duringthat period,
whichmaynot representthe long-term conditions.Tocomparethe different models,we developed
statisticsreflectingeachY 2 R Sbs@sampleforecastaccuracyfor the validationperiod subsequento
the sampleperiods. Thelengthof the validationperiod varieddependingon the sampleperiodthat
allowedusto developforecaststhat couldbe comparedto the actualdatapoints. Forexample for the
estimationperiod 1996to 2011,we usedalongerperiod2012:1to 2018:1(21 quarters)asthe
validation,while for the estimationperiod 2002to 2017,the validationperiod comprisedust one
guarter. Theforecastsof the validationperiod were comparedwith the actualdatafor eachof the three
approachesandwere alsocomparedwith | | 5 f@récasts We conductedthis comparisonto reveal
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how closelythe rent and utility predictionsof the validationperiodtrackedthe correspondinchistorical
data.We usedthe RootMean SquareError(RMSE3tatisticto comparethe forecastperformanceof
eachmodel RMSEawidely usedcriterion for evaluatingforecastingperformance (Armstrongand
Collopy,1992), providesa measureof the deviationof the true from the forecastedvalues.Another
measurethat canbe usedto evaluatemodelperformanceis the Mean AbsolutePercentageerror
(MAPE)MAPBEprovidesthe differencebetweentrue andforecastvaluesdividedby the true value.We
computeMAPEand RMSEo validatethe forecastmodels.However RMSEs more suitedfor our
analysissincethe seriesare comparableg(Chaiand Draxler,2014). Hence,further analysigsrestrictedto
usingRMSEasthe measureof forecastmodel performance We computedthe errorsfor eachtime
path, from whichwe calculatedaverageRMSEacrosghe validationperiod for eachmodelandfor each
geographicabrea LowerRMSE/aluesdenote a better forecastingperformance Basedon this
information, ex-ante forecastsfrom April 2018to October2020for rentsand utilities for each
geographiareawere madefor the validation period
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Thissectionpresentsresultsof analyseselatedto researchquestionl. Theanalygswere conducted
with HUMX dasterdatafile and canbe thought of astestingmodelspecificationsagainstl | 5 iQitél
work. First,we estimated univariatetime seriesmodelsin whichthe dynamicsof a seriesare solely
drivenby its own laggedterms. Secondye estimated multivariatetime seriesmodelsby augmenting
other housingmarketfundamentalvariables Theutility componentof rent isforecastedusingas
exogenouvariableghe nationalquarterlyaveragespotpricein dollarsper barrel of WestTexas
Intermediatecrudeoil, the quarterly nationalaveragepricein dollarsper shortton of bituminouscoal,
the quarterlyaverageHenryHub price of naturalgasin dollarsper million BTUsandthe ConsumePrice
Index(CPI¥or All UrbanConsumergCPiU).

4.1 SelectingCompetingRentand Utility Models

Asstatedin the previoussection,the first stepin the specificationof eachAutoregressivéntegrated
MovingAveragg/ARIMA modelisto assesshe stationarity of eachseries.Unit root testswere
estimatedfor eachrent and utility serieswith the appropriatedegreeof differencingthen adoptedin
the estimationandthe assessmentf the bestfitting model. We run two statisticalunit root tests,the
DickeyFuller Generalized Least Squares-@IS) test and the KwiatkowskillipsSchmidiShin (KPSS)
test, to increasethe accuracyof the resultsaboutthe stationarity of the series All testswere performed
with anaddedtrend. Notably, all rent and utility seriesunderconsideratiorwere non-stationaryin their
levels.Exhibits4-1 and 4-2 showthe summaryof the DRGLSand KPS $est resultsfor first-differenced
rent seriesand utility series respectively

Exhibit4-1| Testfor Unit Rootand Stationarity for RentSeries

Geographic DFGLSTest KPSSest

Code TestStatistic TestStatistic

0000 National ¢ 2.7992 0.0000 0.2155 0.2396
0100 North ¢1.7622 0.0000 0.8162 0.0066
0200 Midwest ¢ 1.9350 0.0000 0.6275 0.0186
0300 South ¢ 2.8169 0.0000 0.1227 0.4849
0400 West ¢ 1.8456 0.0000 0.2108 0.2478
S100 North ClasA ¢ 2.0872 0.0000 0.8935 0.0040
S200 Midwest ClasA ¢ 1.7502 0.0000 0.7187 0.0113
S300 SouthClasA ¢ 2.5890 0.0000 0.1793 0.3122
S400 WestClasA ¢ 1.7448 0.0000 0.2128 0.2443
S11A Boston ¢ 1.7935 0.0000 0.7836 0.0081
S12A New York C 2.7245 0.0000 0.6746 0.0142
S12B Philadelphia ¢ 1.6747 0.0000 0.5399 0.0313
S23A Chicago ¢ 3.2610 0.0000 0.7802 0.0082
S23B Detroit ¢ 2.6555 0.0000 0.2327 0.2124
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Geographic DFGLSTest KPSTest

Code Area TestStatistic p-value TestStatistic p-value
S35A Washington DC ¢ 2.0489 0.0000 1.1058 0.0014
S35B Miami ¢2.1736 0.0000 0.2375 0.2055
S35C Atlanta ¢ 2.4856 0.0000 0.3269 0.1135
S35E Baltimore ¢ 3.5300 0.0000 0.3936 0.0747
S37A Dallas ¢ 2.4950 0.0000 0.4457 0.0547
S49A LosAngeles ¢ 1.2421 0.0000 0.3685 0.0870
S49B SanFrancisco ¢ 2.1647 0.0000 0.3396 0.1046
S49D Seattle ¢ 2.1044 0.0000 0.3621 0.0906

Notes DFD[ { RSy 2 (iFuller Gererali2dd Seast SquatemdY t { { RSy 2 U S &PhilipgSctimidtBhirE Bha 1 A
null hypothesisfor the DFGLSest isthat there isa unit root presentin the series(seriesis non-stationary).Thenull hypothesis
for the KPS$&estisthat there isno unit root presentin the series(seriesis stationary).A coefficientis statisticallysignificantif

its p-valueis lessthan or equalto 5 percent.

Exhibit4-2 | Testfor Unit Rootand Stationarity for Utility Series

Geographic  Area DFGLSTest KPSTest

Code TestStatistic TestStatistic

0000 National (¢ 4.6698 0.0000 0.1202 0.4950
0100 North ¢4.1135 0.0000 0.2152 0.2402
0200 Midwest ¢ 5.3648 0.0000 0.0672 0.7689
0300 South ¢ 4.9885 0.0000 0.0749 0.7223
0400 West ¢ 3.5299 0.0000 0.0921 0.6257
S100 North ClasA ¢ 4.0968 0.0000 0.2041 0.2601
S200 Midwest ClasA ¢ 3.9723 0.0000 0.0502 0.8753
S300 SouthClasA ¢ 4.3826 0.0000 0.0922 0.6252
S400 WestClasA ¢ 3.7105 0.0000 0.0742 0.7266
S11A Boston ¢1.7261 0.0000 0.0457 0.9023
S12A New York ¢ 3.5986 0.0000 0.1759 0.3204
S12B Philadelphia C2.8424 0.0000 0.2244 0.2251
S23A Chicago ¢ 5.5570 0.0000 0.0207 0.9961
S23B Detroit ¢4.4371 0.0000 0.2466 0.1930
S35A Washington DC ¢ 2.3577 0.0000 0.2624 0.1731
S35B Miami ¢ 4.8792 0.0000 0.0875 0.6504
S35C Atlanta C2.7632 0.0000 0.0593 0.8189
S35E Baltimore ¢ 2.3565 0.0000 0.0799 0.6929
S37A Dallas ¢ 3.0921 0.0000 0.0937 0.6175
S49A LosAngeles G 4.4497 0.0000 0.0604 0.8116
S49B SanFrancisco ¢ 4.7253 0.0000 0.0613 0.8060
S49D Seattle ¢ 2.7826 0.0000 0.1050 0.5614

Notess DFD[ { RSy 2 (iFller Gerterali2dd Seast SquatemdY t { { RSy 2 S &PhilipgSchinidBhirE Bha 1 A
null hypothesisfor the DFGLSestisthat there is a unit root presentin the series(seriesis non-stationary).Thenull hypothesis
for the KPS$&estisthat there isno unit root presentin the selies(seriesis stationary).A coefficientis statisticallysignificantif

its p-valueis lessthan or equalto 5 percent

Oncewe achievedstationarityfor the rent and utility seriesby first-order differencing the next stepwas
to determinethe generalform of the modelsto be estimated.Foreachgeographiaresa the studyteam
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formulatedinitial model specificationdy examiring the autocorrelationand partial autocorrelation
functions.Foreachmetro area,we estimatedseveralrent and utility modelswith varyingARIMAterms.
Guidedby the SchwarBayesiarnnformation aiterion (SBG)we settled on final ARIMAspecifications
Exhibits4-3 and 4-4 presentthe structurefor three different ARIMArent and utility models

respectively We edimated the different modelsby varyingthe type of ARIMAspecificatiors andthe set

of exogenouyariablesincluded.The study team developed the first model, Pure Time Series (PTS),
without exogenous variables; the second, National Input M@N#W), with national exogenous

variables (National Residential Fixed Investment and Civilian Employment Data for rent and spot price, in
dollars per barrel of West Texas intermediate crude oil, price in dollars per short ton of bituminous coal;
Henry Hub pce of natural gas, in dollars per million BTUs; anelCief utilities); and the third, Local

Input Model (LIM), based on local exogenous variables (Local Permit Data and Employment Data for
rent, and electricity for utilities).

Exhibit4-3| ARIMAModel for Rentby GeographicArea

GeographicCode Area PTS NIM LIM
0000 National 1,1,0 1,1,0 NA
0100 North 1,1,2 51,0 211
0200 Midwest 0,1,1 3,1,0 3,1,0
0300 South 1,1,0 1,1,0 1,1,0
0400 West 0,1,2 3,1,0 3,1,0
S100 North ClasA 0,1,1 3,1,0 0,1,1
S200 Midwest ClasA 1,1,2 4,1,0 4,1,0
S300 SouthClasA 1,1,0 1,1,0 1,1,0
S400 WestClasA 1,1,2 3,1,0 3,1,0
S11A Boston 0,1,1 0,1,1 0,1,1
S12A New York 0,1,1 0,1,1 1,11
S12B Philadelphia 0,1,1 0,1,1 0,1,1
S23A Chicago 0,1,1 0,11 0,11
S23B Detroit 0,1,1 0,1,2 0,1,2
S35A Washington DC 1,10 1,10 1,10
S35B Miami 1,1,0 1,1,0 1,1,0
S35C Atlanta 1,1,0 0,1,1 0,1,1
S35E Baltimore 0,1,1 0,11 0,11
S37A Dallas 1,1,0 1,1,0 1,1,0
S49A LosAngeles 1,1,0 1,1,1 3,1,0
S49B SanFrancisco 1,1,0 1,1,0 1,1,0
S49D Seattle 3,1,0 0,11 3,1,0

Note:! wLa! RSy20GS& a! dzi2 NB 3 NEB a dMdeBotelsdy] (i236pkNVodebiM IMalendlgsd/ 1HI (1 BBBWI 3 S S ¢
Input Model,¢ andPTSlenotesd t dZhde{ S NIJn&dalé
In exhibit4-3, the NIM for rent producedmore consistentandgenerallysmallerSBQesultsfor the 22

areasthan either the PTSor the LIM.Basedon the SECrule, we find that the NIM modeldominatesthe
other two competingmodelsin mostcases.
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Exhibit4-4 | ARIMAModel Utility by GeographicArea

GeographicCode Area PTS N[ UM
0000 National 0,1,1 0,1,1 NA
0100 North 211 0,11 NA
0200 Midwest 410 4,10 NA
0300 South 41,0 4,1,0 NA
0400 West 2,10 2,10 NA
S100 North ClassA 1,1,0 0,11 NA
S200 Midwest ClasA 410 3,10 NA
S300 SouthClassA 41,0 3,10 NA
S400 WestClassA 2,12 2,10 NA
S11A Boston 410 41,0 2,10
S12A New York 41,0 4,1,0 2,11
S12B Philadelphia 411 4,1,0 1,1,2
S23A Chicago 0,11 0,11 3,1,0
S23B Detroit 0,11 0,11 0,11
S35A Washington DC 410 4,1,0 4,1,0
S35B Miami 0,11 0,11 0,11
S35C Atlanta 410 4,1,0 0,11
S35E Baltimore 41,0 4,1,0 4,1,0
S37A Dallas 41,0 4,1,0 41,0
S49A LosAngeles 0,1,1 0,1,1 0,1,1
S49B SanFrancisco 0,1,2 0,1,2 0,1,2
S49D Seattle 0,1,1 0,1,1 0,12

Note:! wLa! RSy2dS5a a! dzi2 NB I NS a dMdehotesay] i23@ModelcRIMalendddsy B (1 PBWE 3 S 3 ¢
Input Model,¢ andPTSJenotesd t dZhd®{ S NIJn&dalé

In exhibit4-4, the PTSor utility producedgenerallysmallerSBGesultsfor the geographiareas

comparedto the alternativeNIM. Althoughthe NIM for utility hascomparableperformanceto the PTS

for utility in 16 casesthe overallperformanceof PTSs better than NIM. Forcasesn whichthe PTSand

NIM ARIMAmodelsdiffered, the PTSareashad slightlymore parsimoniousnodelk comparedto their

NIM counterparts Asin the rent specificationin the minority of casedor utility in whichthe SBGor a
PTSareawasnot superiorto NIM, the resultsdo not outweighthe benefitsof the most parsimonious
modelpossible(PT$acrossaress.

4.2 ForecastErrorComparison

Usingthe modelwith lowest SBGn exhibits4-3 and 4-4, the studyteam conductedatestoftheY 2 RSt Q&
forecastperformanceby splitting eachseries(datasetfor eachmetro area)into an out-of-sample

period. We comparedthe differencebetweenthe forecastestimatesandthe actualvaluesto determine

the forecastaccuracyusingthe Root Mean SjuareEror (RMSE)Forcomparisonwe duplicatedl | 5 Q a
hypotheticalmodelwith the nationalinputs (for rent and utility models)andlocalinputs (for the rent
model)and calculatedthe RMSHor the samevalidationperiod. Thelower the valueof the measureof
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accuracythe better the performanceof the forecastmodel. Theresultsare presentedin exhibits4-5
and4-6.

Exhibit4-5| AverageRoot Mean Sjuare Erors AcrossValidation Periodby ARIMA
Specificationand GeographicArea RentModel

3

. Our Model HUDa | elik2d

Geographic M
odel

Code
0000 National 1.629 1.486 NA 2.013 NA
0100 North 1.088 1.562 1.921 2.742 2.761
0200 Midwest 1.324 0.726 0.726 1.159 1.139
0300 South 2.409 2.085 2.116 1.828 1.858
0400 West 5.785 2.814 2.813 5.050 5.115
S100 North ClasA 2.957 3.027 3.177 3.716 3.747
S200 Midwest ClassA 0.832 0.607 0.598 0.751 0.734
S300 SouthClasA 4.672 4.488 4.490 4,431 4.428
S400 WestClassA 2.918 2.092 2.101 4,928 4,995
S11A Boston 1.796 1.259 2.962 1.120 1.143
S12A New York 4.684 4,726 4,733 5.633 5.671
S12B Philadelphia 3.194 3.450 3.451 3.818 3.776
S23A Chicago 0.909 1.565 1.646 1.570 1.631
S23B Detroit 1.756 1.465 1.091 1.382 1.236
S35A WashingtonDC  2.844 3.331 3.178 4.245 4131
S35B Miami 4.370 4.402 4,382 4.164 4.227
S35C Atlanta 9.426 8.9 9.013 9.642 9.607
S35E Baltimore 4.216 5.442 5.157 3.661 3.647
S37A Dallas 9.716 9.605 9.640 10.076 10.033
S49A LosAngeles 2.321 2.062 2.111 3.278 3.252
S49B SanFrancisco 2.113 1.921 1.908 6.467 6.450
S49D Seattle 6.710 11.901 7.204 11.568 11.871

Notes:! wLa! RSy2GSa& a! dzi 2 NB 3 NB & 4 iMdeBotesdy] (i236BkModele® | a RENV 2 I SACERIH B E > &
I @I A fNIMdENBtEsé b | AnpuyModelé PTSdenotesa t dinde{ S NIn&abkE | y R wa { RootR&ayf SqlicBes &
Errord thebest RMSHor eachgeographicategionis highlighted.

On comparing the RMSESs across models,Q& b L a gtliziPTISaNL BMMpEcificatidos 10 of
the 22 areasThe exogenous variables included in Ndiplain the underlying dynamics thfe response
series better tharthose inthe LIM. Of the remaining 2 areasthe PTS specificatiqrerformed better
than the LIMsn 9 areas.For these regionsye observe thathe PTS specification captwgthe trend and
seasonality embedded in thaata, without additional input variablesn exhibit4-5, with afew
exceptionstwo of the study(i S I M2 @odek, NIM and LIM, producedlower-averageRMSE across
localandregionalareas comparedto their HUDrent modelcounterparts.Comparedo HUX &
hypotheticalmodel (NIM), the study i S I Md@&l (NIM) improvedRMSEin 15 areasandfaredworse
in sevenothers Thesel5 areashadan aggregataeductionin RMSEf 17.185comparedto atotal
reductionof 2.888in the sevenareaswhere HUIX) Bypotheticalmodel performedbetter than the study
model. Forthe LIMs thetotal reductionin RMSE betweenthe study model (LM) andHUX &
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hypotheticalmodel (LM) was20.83 (in 15 aread comparedto atotal reductionof 3.819(in sixareas)
whereHUDQ & K & LJInddkl frédb@ter than the study model.

Exhibit4-6 | AverageRoot Mean Sjuare Erors AcrossValidation Periodby ARIMA
Specificationand GeographicArea, Utility Model

. OurModel HUDX Bypothetical
Geographic
Area Model

Code

0000 National 2.567 1.008 NA 1.639 NA
0100 North 5.534 7.871 NA 4.561 NA
0200 Midwest 4175 3.831 NA 4.950 NA
0300 South 4.088 1.555 NA 3.811 NA
0400 West 3.007 6.648 NA 4.314 NA
S100 North ClassA 4.477 9.139 NA 2.427 NA
S200 Midwest ClassA 4,132 4,537 NA 4712 NA
S300 SouthClasA 5.205 2.589 NA 3.356 NA
S400 WestClasA 3.846 5.464 NA 5.888 NA
S11A Boston 36.464 28714 15.059 10.858 NA
S12A NewYork 13.489 9.284 10.283 2.113 NA
S12B Philadelphia 1.496 2.299 2.154 5.845 NA
S23A Chicago 7.713 4,201 3.125 8.201 NA
S23B Detroit 4.401 9.012 6.416 4.665 NA
S35A Washington DC 7.806 3.934 8.150 5.547 NA
S35B Miami 5.096 4.024 2.589 5.276 NA
S35C Atlanta 10.370 14.276 5.347 18.296 NA
S35E Baltimore 11.80 13.329 14.926 17.338 NA
S37A Dallas 3.562 7.992 3.092 4.118 NA
S49A LosAngeles 2.706 6.054 3.525 3.958 NA
S49B SanFrancisco 8.864 10.931 8.470 12.693 NA
S49D Seattle 4.082 6.035 3.247 5.930 NA

* Data were only available for the 13 metro areas.

Notes:! wLa! RSy 2308a a! dzi 2 NB 3INB & L MdBotelsy] (230NModediR | a RENV R TH SR X &
I @1 A tNIMbdenBtEsé b | (i AnguyModel,é PTSlenotesd t dind®{ S NIn&dalark wa { 9 REoyMearSSguare

Errord the lestRMSHor eachgeographicategionis highlighted.

Forthe utility models the PTS specificatigrerforms better than the competing NIM and LIM

specificationgor 9 of the 22 areasThe exogenougariables included in NIM and LIM do not contribute

to explairningthe underlying patterns in the response serfes utilities (exhibit4-6). Of the remaining 3

areas, theLIMspecification performed better than theIMs in7 areas. For thesmetro areaswe

observe thatthe exogenous variables included in the LIM explain the underlying dynamics of the

response series better than those in the NiBbmparedtd ! 5 Qa K& LJ2 (i KS {fdr @ilityf Y2 RSt
0 KS & dzetisty nio8el (RTSEmproveRMSEs indlareas and fared worse Bareas.

The RMS&are comparable across the three model specifications shegeare all measuiwith the
same unitsOne way to think abouthoosing a modet to compare themodelsin percentage terms.
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Suppose onenodel®@ RMSE is 3fercentless tharanothert that may be a significant difference.
However, ithe RMSEs about 5percentdifferent, the tradeoff would bemodel complexity taerror
measuresWhile there is no absolute criterion forogood valué of RMSEwhich would make one
model preferable over another, the objectioé the study tearis to choose the model with the lowest
RMSE.

4.3 CoefficientSignificanceof SelectedModel

Basedon the resultsin the previoussection the studyteam selectedthe modeldeterminedto provide
the mostaccurateestimatefor rent and utility in-sampleamongthe three competingmodels Whilewe
deemedNIMto be the bestfit for the rent serieswe selectedPTSor estimatingandforecastingutility.
Inthis section,we presentresultsof the parameéer estimateof the selectedmodels aswell astheir
statisticalsignificanceExhibit4-7 presentsthe parameterestimatesof NIM for rent and PTSor utility,
aswell asthe exogenouwariablesusedto augmentthe specifiedmodel. For eachparameter,the
exhibitshowsthe estimatedvalug standarderror, andt-valuefor the estimate.Theexhibitalso
indicatesthe lagat whichthe parameterappearsin the model. Forthe United Sates, there are four
parametersin the rent modelandtwo parametersin the utility model. Themeanterm islabeledMU.
TheautoregressivéAR)parameteris labeledAR1,1thisisthe O 2 S T (b€ite agyédvalueof the
changein rent. The movingaverage(MA) parameteris labeledMA1,1;this is the coefficientof the
previouserror term in the utility series Thep-valueprovidesa A 3y A tdsisfotite farameter
estimatesandindicates whether sometermsin the modelmight be unnecessaryWe showonly the
resultsfor the nationin exhibit4-7, and presentthe resultsfor the remaininggeographiareasin
appendixC However we summarizethe statisticalsignificanceof the parametersacrossall 22 areasin
exhibit4-8.

Exhibit4-7 | ParameterEstimatesfor the United States

Parameter Variable Estimate p-value
RentModel

MU rpr_sa 0.0076 0.0000 0

AR1,1 rpr_sa 0.8488 0.0000 1

NUM1 RES_FIXED_INV ¢ 0.0074 0.0980 2

NUM2 Civilian_Employment 0.0780 0.0203 3
Utility Model

MU fu_sa 0.0073 0.0038 0

MA1,1 fu_sa ¢ 0.4653 0.0000 1

Notes: MU denotesthe meanterm; ARdenotesthe autoregressivgparameter;MA isthe movingaverageparameter, rpr_sais
the dependentvariableon whichthe rent modelwasrun; fu_sais the dependentvariableon whichthe utility modelwasrun;
RES_FIXED_ldkd Civilian Employmentare usedasindependentvariablesin the nationalinput rent model. An estimateis
statisticallysignificantif its p-valueislessthan or equalto 5 percent
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Exhibit4-8 | Percentageof Significah Coefficients

Parameter Numberof AreasUsingCorresponding?arameters Percent
RentModel
MU 22 100
AR1,1 14 100
AR1,2 6 50
AR1,3 6 100
AR1,4 2 50
AR1,5 1 100
MA1,1 9 100
MA1,2 1 100
RES_FIXED_INV 22 6.5
Civilian Employment 22 68.2
Utility Model

MU 22 63.6
ARL,1 15 40
AR1,2 14 64.3
AR1,3 11 636
AR1,4 11 90.9
MA1,1 10 80.0
MA12 2 100

Note: MU denotesthe meanterm; ARdenotesthe autoregressiveparameters;MA is the movingaverageparameter,
RES_FIXED_ldkd Civilian_Employmerdre usedasindependentvariablesin the nationalinput rent model

4.4 ForecastingRentand Utilities

Thestudyteamusedthe modelwith the bestforecastingmeasure basedon the modelgivinglowest
RMSEto forecastrentsand utilities for all geographiareas We forecastthe two seriesfor eight
guarters aheadusingthe bestmodelsselectedin the previoussection.We estimated the modelsfor
eachseriesusingthe observationsup to 2016(Q1) andthen obtained the forecastvaluesfor the
following eight quartersuntil 2018(Q1). We then computed the forecasterrorsfor the period 2016(Q2)
through2018(Q1) by comparingthe forecastvalueswith actualobservationgor the corresponding
period. Toillustrate how closelythe observeddatafollow the predicteddata, we showin exhibits4-9
and4-10the forecastvaluesof rent and utilities respectivelyfor the United Sates. Theresultsfor the
remaininggeographicareasare presentedin appendixD.
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Exhibit4-9 | Forecastf National Quarterly Rentof PrimaryResidence

Rent Validation and Forecast for United States
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TheNIMrent forecastfor 2018(Q2)through2020(Q4)closelymimicthe nationaltrend for CP{U Rent
of PrimaryResidenceseries Thevalidationseriesshowsslightdepartures late in the forecastperiod
from both the ConsumeiPricelndex(CP) Rentseriesaround2016(Q2)andfrom the forecastat 2018

(Q2)
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Exhibit4-10| Forecastf National Quarterly HousingFuelsand Utilities

Utilities Validation and Forecast for United States
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In exhibit4-10, the PTSralidationseriesfor utility had noticeabledeviatiors betweenthe CPIU seriesin
severaltime periodswhereit exhibitslargefluctuations,indicatingthe presenceof more volatile
movementsin the underlyingCP4U. Otherthan thosetime periods,however,the validationvalueswere
more consistentwith the CPiU trend. In later quarters startingin 2016(Q1) the validationseries
trackedquite closelywith CPbecauseP T Srovideda very preciseforecastfor CPIU. Forthe forecast
period2018(Q2 through2020(Q4) the selectedmodelproducesstableforecastvaluesthat are
consistentwith the overalltrend directionof CPiU.

4.5 Estimatinga LocalTrendFactor

Oncethe forecastmodelis estimatedandvalidated the rent and utility forecastsare usedto constructa
locallybasedtrend factor for the geographiareas which couldbe usedin computingFairMarket Rents
(FMRs)Theserend factorshelpto accountfor currentmarketconditions,especiallymarketswhere
rent prices are escalatingapidly.
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Thetrend factor is usedto adjustrentsfrom 2 yearsprior to the currentfiscalyear(FY)andis calculated
usinga grossrent index(GRI) TheGRIisthe sumof two weighted independentlyforecased
componentsof the CPIU (for example Rentof PrimaryResidencend Fuelsand Utilities).

Localtrend factorsfor eachregionare calculatedusingthe changein averagequarterly GRIin the
previouscalendaryearto the averagequarterly forecastedGRIlindexof the respectiveFY. Specifically,
for 2019,the localtrend factor is aratio of the averagequarterly GRIfor 2018(Q4) through2019(Q3) to
2017(QY through2017(Q4).

Exhibit4-11 presentsestimatedtrend factorsfor eachregionusingthe aforementionedforecastsfor
rent andutility. Column3 presentsthe trend factor usingthe new modelspecificationsand canbe
comparedto the trend factorsconstructedby HUDin columns4 and 5. Thenew forecastsprovidea
highertrend factor in 17 of the 22 areas while five areasshowno change

Exhibit4-11| EstimatedTrendFactorsby ARIMASpecificationand GeographicArea

. TheStudy¢ S| Y | | 5 KypotheticalModel
GeographicCode Area Selectedviodel
0000 National 1.061 1.057 NA
0100 North 1.048 1.056 1.056
0200 Midwest 1.055 1.050 1.050
0300 South 1.064 1.059 1.059
0400 West 1.077 1.067 1.067
S100 North ClasA 1.052 1.058 1.058
S200 Midwest ClasA 1.058 1.051 1.051
S300 SouthClasA 1.069 1.062 1.062
S400 WestClasA 1.082 1.072 1.071
S11A Boston 1.084 NA* NA*
S12A New York 1.053 1.052 1.052
S12B Philadelphia 1.041 1.041 1.041
S23A Chicago 1.063 1.049 1.050
S23B Detroit 1.053 1.052 1.053
S35A Washington DC 1.058 1.056 1.055
S35B Miami 1.050 1.058 1.058
S35C Atlanta 1.061 1.042 1.042
S35E Baltimore 1.046 1.047 1.046
S37A Dallas 1.071 1.069 1.069
S49A LosAngeles 1.081 1.073 1.073
S49B SanFrancisco 1.110 1.089 1.089
S49D Seattle 1.088 1.084 1.082

Note: *Data not availablefor Bostonin| | 5Hy@otheticalmodel! wL a! RSy 2(8a a! dzZi2NBINBaarA@gsS Lyl
| @S NILIm8eRatesd [ 2 I6putModel,é NIMdenotesa b | (i inguyModeld &

HUDM KIM trend factor wasslightlybelow (0.01)the study (i S | MIEL.& hedifferencesbetweenthe
trend factorsproducedby the study(i S I ¥eeéedmodeland HUX dypotheticalmodelrangedfrom -
0.01to 0.021.Afew arearesultsfor the studymodelwere smallerthanin the HUDmodel (North, North
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ClassA, Miami, and Baltimore).Generallythe forecastbasedon HUR & K & LJZnddkl@ritigitable
smallerthan the studyteam®modelin manycitiesand areas particularlyin the West. Thestudyd S I Y Q &
method appearso underestimatethe trend only in Miami and Baltimore,althoughthe extent of
underestimationlooksmild.

In order todetermineif the use of docal trend factoliswarranted as opposedo the current
methodology of using aationalestimate of the trend factonwe comparedour localforecastestimates
with our nationalforecast estimateSpecificallyye used theforecastperiod between 2018Q2) and
2019(Q4) to examinewhetherthe errors ofestimates for eaclgeographiarea significantly differ from
the errors of the estimatdor the United State$.The results of this test revealed that &3 local
geographic arealave forecast estimatesignificantly different from the |$ estimate,implyingthat a

local trend factor could prove to be beneficiEcausdt may address the varying patterns that exist in
each geographical area. To understand the magnitude of tfiexeince and to examinehetherusing
local estimate could improve tha&ccuracy of the trend factowe compare the FMRs for each area using
the local trend factors and the national trend factorsection 6.

8 A paired ttest with equal variance for rent and unequal variance for utilities was conducted to address the
significant difference between the estimates of local and national estimates at tipe@%nt confidence interval.
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Themainconcernwith the analysign the previoussectionisthat someaccuracymaybe lost by limiting
the numberof metro areas In this section,we look at waysto introduce additionalgeographicareas
with datafrom Axiometricsand Zillow? TheAxiometricsdataare from a monthly surveyof rental
propertiesstartingin April 2008andincludevaluesfor askingrent, effectiverent, occupancyate,
numberof units, averagesizeof the units, and quality gradesof the property andlocalmarketareas.
TheAxiometricsdatafacilitate the creationof summarymeasuresat variouslevelsof geography.

Zillowoffers summarymeasuressuchastheir ZillowRentIndices(ZRI) at variouslevelsof geography.
Zillowmeasuresare createdby proprietaryalgorithms/methodsandgenerallybegan in 2010although
someindicesbasedon homevaluesare availablefor longerperiodsof time. Thus,animportant
considerationin evaluatingthe usefulnes®f thesedatais the extentto whichHUDfindsthesemethods
acceptable.

Ourgeneralapproachwasto first evaluatethesesourcesof databy comparingratesof changeto rates
of changecalculatedfrom Bureauof LaborStatisticgBL$and AmericanCommunitySurvey(AC$data.
Thesecomparisongrovided F 0 § AaRsks$rdedtsf the usabilityof the series Next, we looked at
a caseof forecastingvaluesfor 277 CoreBasedStatisticalAreas(CBSAsand compaed them to actual
valuesfrom ACS.

Exhibit5-1| Casesand GeographicCoverageof AxiometricsData

Propertiesin Survey Numberof States Numberof CBSAs
2008 22,681 47 322
2009 25,233 47 350
2010 27,244 48 344
2011 30,530 48 388
2012 33,403 50 416
2013 35,335 51 451
2014 37,358 51 446
2015 40,047 51 495
2016 46,334 51 544
2017 49,542 51 604
2018 51,279 51 610

Notes: CBSAdenotesdCoreBased Statistical Are@sJniqueproperties=51,279 The Number oStatescolumnincludes the 50
states plusVashingtonDC

9 We havelookedat the datafrom the FederaHousingFinanceAgencywho produceshousepriceindices(HPIs)startingin
1975,that are basedon transactionson the sameproperties.Indicesare producedmonthly and quarterlyfor various
geographiaegions.Thisseriesis of interestto the extentthat the relationshipbetweensinglefamily homevaluesis
reasonablystableand canbe reliablyestimated;however,Gallin (2008) is not very encouraging about finding a stable
relationship. The main advantage of the HPI serids Iemgths but the lack of comparable rent series (in terms of length)
hinders the use of the HPIs. Thitsdate we havenot identified a relationship between rents and HPI that could be used to
forecast trend factors.
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Exhibit5-2 | AnalysisVariablesCreatedfrom the AxiometricsData

Variable Description Notes

Geoid Locationof property Timeinvariant;incudedlat andlon

Submarket Submarkehame Timeinvariant;Axiometrics
definedname

YearBuilt Yearof construction Timeinvariant

Rehab Yearof lastrehabilitation Timeinvariant

Units Numberof units Timeinvariant

Areaper Unit Averagesquarefeet per unit Timeinvariant

Level Numberof stories Timeinvariant

Propertystatuscode("S"=stable,"LU"
=leasedup, andsoon)

Prop Classificatiormf the property submarket
Sibmarket_Grade by letter grade

Classificatiomf the property marketby
letter grade

Classificatiomf the submarketby letter

Status Monthly

Monthly; lots of missingvalues

Propmarket_Grade Monthly; lots of missingvalues

Submarket_Grade Monthly
grade
Grent Askingrent Monthly
Erent Askingrent minusconcessions Monthly
Erentper gft erentper squarefoot Monthly
OccRate Percentof units occupied Monthly
ConValue Dollarvalueof concessions Monthly
ConPercent Concessionasa percentof grent Monthly

5.1 AxiometricsData

TheAxiometricsdata are basedon a monthly surveyof more than 50,000properties.Some but not all,
propertieshavebeensurveyedsince2008(exhibit5-1). Themainvariablesavailablein the Axiometrics
dataare shownin exhibit5-2. TheAxiometricsdataincludethe askingrent and concessionsThe

4 ST F SIB Ydiedifs the askingrent minusthe concessionandis the mainvariableanalyzedy the
studyteam 1° Thedataalsoincludethe preciselocationof eachproperty, makingit possibleto create
summarymeasuregfor example meanor 40th percentileerent) for variousgeographiaefinitions.
Additionally,the dataincludesomecodesthat classifythe property (for exampled ! @ £ éndichte
datesof rehabs;and conveyoverallproperty and marketassessmentfor example,d & G I ¢Ftll8atad ®
detailswill be outlinedin an appendix.)

TheAxiometricsdata offer numerous(almosttoo many)possibilitiesfor creatingtime seriesthat are
basedon summarymeasureof the individualpropertiesby CBSAor other geographies)Asa result,
the studyteamtook an evolutionaryapproachby startingwith the mostobviousseries.Specificallyye
createda setof time seriesusingthe propertiesthat respondedo the surveyin everyperiod. The

10 Cconcessionwould likelyincrease(decreasewith decreasegincreases)n demandfor apartmentunits. Thus the effective
rent shouldprovidea more accuratemeasureof the currentrent whencomparedto the askingrent.
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advantageof this approachis that property specificfactorsthat are time-invariantwill be eliminatedby
differencingthe data. With this setof responsesthe studyteamthen createdquarterlyandannual
seriesfor primary samplingunit (PSUY (n =22) and CBSA&=277).

5.2 Methodsto Assesghe Data

Toassesshe AxiometricsR | (i Useudnesdor FairMarket Rent(FMR trend adjustmentsthe study
team comparedthe Axiometricsmeasureof effectiverent (Qi1 'Q to ¢he following;

1. Themeasureof the seasonallyunadjustedd NX®fpiimaryNB a A R(S'Q Q&oén the
ConsumerPrice Indexfor All Urban ConsumergCP4U) datafile producedby BLS
2. The estimates of mediangrossrent for all bedroomsizesrom ACSi Q¢ 6)3d'0 "Y

We detail our approachto both BLSand ACSlatabelow.

5.2.1 COMPARISONOBUREAU OEABORSTATISTICS DATA

TocompareAxiometricsdatato BLSlata, the studyteam comparedthe quarterlyandyearlypercentage
changein’Qi 'Qandy"Y'O "Cior eachof the 22 PSUsvailablein both datasets!? Thestepsto createa
guarterlyandyearlyseriesof Q1 ‘Qfer @achPSUncludedthe following:

1. Removingorojectsin the Axiometricsdatathat did not havecompletedata (in other words,any
that hadmissingvaluesof Qi ‘Ofér anymonth in anyyear)?

2. Usingthe countyFederalinformation Processing StandarddR$codeto mergethe
Axiometricsdatawith the crosswalkprovidedby HUDthat linkscountiesto PSUsndcreatinga
PSUrariablethat indicatesthe PSUsachprojectisin (anyprojectnot in aPSUvasremoved
from the data).

3. Creatingaquarterlyestimateof Qi1 ‘Qat the PSUevelby averaginghe monthly projectlevel
estimatesfor eachquarter (42in total from 2008to 2018)in eachPSU23in total).

4. Creatingayearlyestimateof Qi ‘Qat the PSUevelby averaginghe monthly project-level
estimatesfor eachyear(11in total) in eachPSU23in total).

Thestepsto createa quarterlyandyearlyseriesof “Y'O "cfor eachPSUncludedthe following:

1. Creatinga quarterlyestimateof "Y'O "Cai the PSUevelby averaginghe monthly PSUevel
estimatesfor eachquarter (the same42 quartersasthe Axiometricsdata).

2. Creatingayearlyestimateof "Y'O "Cai the PSUevelby averaginghe monthly PSUevel
estimatesfor eachyear(the samell asthe Axiometricsdata).

Thestudyteam calculatecthe percentagechangein Qi Tend"Y'O "0or eachPSU "Qin eachquarter
foryear(0 from the precedingquarteroryear(0 ) with the followingformula

1 ThisisvariableB25064 mediangrossrent.
12\We alsodid comparisongdor eachof the four GensusregionsandO+ Yy LINR A RS (KS&aS NBadZ G¢a +Fa Ly |
B8 We alsodid comparisonghat includedprojectswith incompletedata, aswell ascomparisonghat only useddatafrom 2010

or later for projectsthat had completedata. Thestudyteam found that the resultswere bestfor comparisonghat use

completedatafor all yearsof the Axiometricsdata (2008to 2018).
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Thus,the studyteam createdPSUevelpercentagechangedor Qi ‘Qana’Y'O "Cor eachquarter and
yearavailablein the data. Importantly,nine PSU®nly havedatafrom BLSor the fourth quarterof 2017
andlater; therefore, the percentagechangeestimatesfor thesePSUsepresentfewer timepoints.We
indicatewhichPSU#$avefewer datapointsin all resultsbelow and suggesfocusng on the resultsfrom
the PSUsvith completequarterlyseries

Finally the studyteam developedseveralmetricsfor eachPSUo determinethe comparabilityof the
percentagechangeestimatesof Qi ‘Qana’Y'O "Gncludingthe following:

A

4 E+ 7 E1 ¢ the numberand percentageof timepoints (quartersor years)in which

the Qi1 ‘Qmergentagechanges higherthanthe "Y'O "Qiercentagechange Onewould expect
roughlyhalfthe timepointsto haveahigherQi '‘Qgertentagechangeif Qi ‘Qand’Y'O ‘Ciave
comparablemeasureslf not, then there isevidencethat Qi1 '‘Qisconsistentlyeither higheror
lower than"Y'O "Gandthat the measuresare not very comparable.

F = k4| 3 Edthe numberandpercentageof timepointsin whichthe Q1 ‘Qperzentage
changeis within 10-percentagepoints (either aboveor below)of the "Y'O "Q@ercentagechange.
Sincerentstend to berelativelystable,one would expectvirtually all timepointsto showthe

Qi Qand’Y'O Quercentagechangesare within 10-percentagepoints of eachother if the
measuresare comparable.

s k4 3 “tHe numberandpercentageof timepointsin whichthe Q1 ‘Qperzentagechange
iswithin 5 percentagepoints (either aboveor below)of the "Y'O "Qaercentagechange This
measureis more stringentthan 0 ¢ "0O”Y' @ @Hut one would still expectmanyof the timepoints
to showthe Q1 'Qand’Y'O "‘Q@ercentagechangesare within 5-percentagepoints of eachother
if the measuresare comparable.

s k4 3 “tHe numberandpercentaye of timepointsin whichthe Qi ‘Qperzentagechange
iswithin 1 percentagepoint (either aboveor below)of the "Y'O "Qéercentagechange This
measureis very stringentandif timepointsshowthe Qi1 ‘Qand’Y'O "Qiercentagechangesare
within 1 percentagepoint of eachother, there is evidencethat the measuresare comparable.

I 74 :anindication(eithera & Gy 2hatshowswhether anestimatedrent valuethat
accountsfor the trend in' Qi ‘Qigswathin 10 percentof an estimatedrent valuethat accountsfor
the trend in "Y'O "Odhestudyteam calculatedestimatedrent valuesfor eachmeasurefor each
PSUby addingthe percentagechangefor eachmeasurefrom the earliesttimepointin the data
to the latesttimepoint to $100. Thesecalculatedvaluesarereferredto asd & A Y dzFMRSFOR
example,if the percentagechangewas3.4 percentfor Qi ‘Qandb.4 percentfor "Y'O "Qthen
the simulatedFMRswould be $103.40and$105.4Q respectivelyd ‘O rindicateswhetherthe
simulatedFMRfrom'Q1 ‘Qigwathin 10 percentof the valuefrom "Y'O "O0

We presentthe resultsfor eachof the metricsfor eachPSWelowin exhibit5-3.
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5.2.2 COMPARISONOAMERICAN COMMUNITWRBVEY DATA

TocompareAxiometricsdatato ACSlata,the studyteam comparedthe yearlypercentagechangein
Qi Qanad Q¢ 0 forded¢hof the 249 CBSAavailablein both datasets. Thestepsto createayearly
seriesof Qi1 '‘Ofer @eachCBSAncludedthe following:

1. Removingorojectsin the Axiometricsdatathat did not havecompletedata (that is, anythat had
missingvaluesof Q1 ‘Qfér anymonthin anyyear)

2. Usingthe countyFIPSodeto mergethe Axiometricsdatawith the crosswallkprovidedby HUD
that linkscountiesto CBSAand creatinga CBSAvariablethat indicatesthe CBSAachprojectis
locatedin (anyprojectnot in a CBSAvasremovedfrom the data).

3. Creatingayearlyestimateof Qi Qat the CBSAevelby averaginghe monthly project-level
estimatesfor eachyear(10in total, 2008to 2017)in eachCBSA249in total).

Thestudyteamdownloadedthe yearlyestimatesofi ‘Q & 0 foreeA¢hCBSArom AmericanFactfinder
usingtable B25064 Thestudyteamthen createdthe yearlypercentagechangen Qi ‘Qandi Q& 0 6 0 Y
andthe metricscomparingthe percentagechangeestimatesusingthe sameprocesshat we describe
earlierin section5.2.1

5.2.3 RESULTS

Exhibit5-3 showsthe resultsof eachof the metricscomparingguarterly estimatesof Qi ‘Qféor
Axiometricsand"Y'O "Ccfdom BLSTheresultsindicatea highlevel of comparabilitybetweenthe two
datasetsFormanyPSUs) U w Ghowsthat Qi ‘Qiglargerthan™Y'O "Cabout half (closeto 50 percent)
of the time. ForsomePSUsQ 1 ‘Qislargermore often (75 percentof the time) or lessoften (25 percent
of the time), but in all casegheseare PSUshat havelimited datain BLSTheNew YorkNewarkJersey
City, NYXNIPAPSUand Baltimore ColumbiaTowson MD PSUare slightlymore likelyto havelower
valuesof Qi XBan"YO'Q® 1 ‘asonly largerthan"Y'O "C8B and 36 percentof the time,
respectively).

Anotherfindingthat indicatesthe comparabilityof the measuresds that the differencein the quarterly
percentagechangein Qi ‘Qandthe percentagechangein "Y'O "Oiaswithin 5 percentfor all timepoints
in all PSUsvith the exceptionof the SeattleTacomaBellevue WAPSUwherethe differencewasstill
within 5 percentfor 93 percentof the time. In addition, the differencewaswithin 1 percentfor several
quartersacrossall PSUswhichindicatesthe measuresare highlycomparable.

Finally,in all PSUsxceptAtlanta-SandySpringsRoswell GA the artificial FMRvalue(basedon aninitial
valueof 100)usingthe trend from'Qi ‘Qwaswithin 10 percentof the estimatedvalueusing™Y'O 00
Again this showsthe two measuresare highlycomparable.

Thecomparisorof the Axiometricsdatato the ACSneasureof mediangrossrent (i Q¢ 0)@léo’Y
producedresultsthat indicatethe AxiometricsmeasureQi ‘Qigawiableoption for estimatingtrendsin
FMR.Exhibit5-4 providesa summaryof the resultscomparingyearlyseriesof the two measuredor the
254 CBSAgmepresentedin both datasets.Theaccompanyindxcelworkbookprovidesthe full resultsfor
eachCBSAEXxhibit 54 showsthat' Qi ‘Qwashigherthani Q¢ o abouthalfthe time (between4 to 6
of the 10yearsin the analysisjn 196 (79 percent)of the CBSAdMoreover,the differencein the
percentagechangein Qi ‘Qandathe changeini Q¢ 6 waswithin 10 percentfor all yearsin 156 (63
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percent)of the CBSAdg=inally,in 182 (73 percent)of the CBSAghe simulatedFMRestimateusingthe
trendin'Qi ‘Qwaswithin 10 percentof estimateusingthe trendini Q¢ 6.0 0 Y

Exhibit5-3| Number(%)of Quartersin EachPrimary Sampling Unit for the Metrics
Comparingthe AxiometricsRentMeasureto the Bureau ofLabor Satistics Measure

PSUNAME NOVERPOVER PWITHIN10 PWITHINS PWITHIN1 PER10
BostorCambridgeNewton, MA-NH 20(48% 41(100%  41(100%  21(51% Yes
New YorkNewarkJerseyCity, NY-NJPA 16 (38% 41(100%) 41(100%) 22(54% Yes
PhiladelphiaCamderWilmington,PANJDEMD 20(48% 41(100%) 41(100%) 22(54% Yes
ChicageNapervilleElgin,IL-IN-WI 19(45% 41(100%) 41(100%) 19(46% Yes
Detroit-WarrenDearborn Ml 20(48% 41(100%) 41(100%) 21(51% Yes
MinneapolisSt. PautBloomington MN-WI* 2(50% 3(100%) 3(100%) 2(67% Yes
St.Louis MO-IL* 1(25% 3(100%)  3(100%) 3(100% Yes
WashingtorArlington-Alexandria DGVAMD-WV 20(48% 41(100%) 41(100%) 26(63% Yes
Miami-Fort LauderdaléWestPalmBeach FL 23(55% 41(100%) 41(100%) 30(73% Yes
Atlanta-SandySpringsRoswellGA 22(52% 41(100%) 41(100%) 18(44% No
TampaSt.PetersburgClearwater FL* 3(75% 3(100%) 3(100%) 2(67% Yes
BaltimoreColumbiaTowsonMD 15(36%9 41(100%) 41(100%) 24(59% Yes
DallasFort Worth-Arlington, TX 20(48% 41(100%) 41(100%) 23(56%9 Yes
HoustonTheWoodlandsSugaiand, TX 19(45% 41(100%) 41(100%) 26(63% Yes
PhoenixMesaScottsdale AZ* 2(50% 3(100%) 3(100%) 3(100% Yes
DenverAuroralLakewoodCO* 2 (50% 3(100%) 3(100%) 1(33% Yes
LosAngelesLongBeachAnaheim,CA 23(55% 41(100%) 41(100%) 31(76%9 Yes
SanFrancisceODaklandHayward,CA 21(50%9 41(100%) 41(100%) 14(34% Yes
RiversideSanBernardineOntario, CA* 3(75% 3(100%) 3(100%) 3(100% Yes
SeattleTacomaBellevueWA 21(50% 41(100%) 38(93% 12 (29% Yes
SanDiegoCarlsbadCA* 3(75% 3(100%) 3(100%) 3 (100% Yes
UrbanHawaii* 3(75%9 3(100%)  3(100%)  1(33% Yes
UrbanAlaska* 2(50% 3(100%) 3(100%) 1(33% Yes

*These areas were not includé the Phase Analysigdatadue to lack of publishethonthly data used to construcjuarterly
averages ofonsumerPrice Indexdataprior to 2018.At the time of this report, pblishedmonthly dataneeded to construct
quarterly average$or theseprimary sampling unitdRSU}¥are only availablefor four quarters(the fourth quarter of 2017to
the third quarter of 2018).

Notes:t { ! RSy 2i{Sa &LINANOVERPOVERsYhkJiukbédperdeyitdgdobquartersthat percentagechangein
erentexceedghe percentagechangein SEHAPWITHINIO(5)(1)is the numberof quartersthat the absolutevalueof the
differencebetweenthe percentagechangein erentandthe percentagechangein SEHAs within 10(5)(1)percent PER1@s

& , Sfdhé simulatedFair Market Rent (FMRjplculatedfrom erentis within 10-percentagepoints of the simulatedFMR
calculatedfrom SEHA
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Exhibit5-4 | Summaryof Metrics Comparingthe AxiometricsRentMeasureto the American
Gommunity Survey Measurefor Core-BasedSatistical Areas

SummaryMetrics Number (%)of CBSAs

POVERS between 40%and 60% 201(79%)
WITHIN10s satisfiedin all timepoints 160 (63%)
PER10s satisfiedin all timepoints 186 (73%)
Met all three metricsabove 109(43%)

Notes: CBSAdenotesdCoreBased Statisticdlireasé POVERS the percentageof yearsthat percentagechangein erent
exceedghe percentagechangein rentACSPWITHIN1@s the numberof yearsthat the absolutevalueof the difference
betweenthe percentagechangein erentandthe percentagechangein rentACSswithin 10 percent. PER1Gs ¢ , Sfdhé
simulatedFair Market Rent (FMRalculatedfrom erentiswithin 10 percentagepoints of the simulatedFMRcalculatedfrom
rentACS.

5.1.3 ASSESSMENJIFAXIOMETRICBATA

Theresultsof our analysisndicatethat the rent estimatefrom the Axiometricsdatais often comparable
to the rent estimatefrom both BLSand ACSn metro areas.Therefore we recommendthat HUDfurther
examinethe potential of the Axiometricsdatain improvingpredictionsof FMRin metro areas**

5.3 Zillow Data

Thestudyteam examineddownloadsavailablefrom Zillow (https://www.zillow.com/research/data)
anddecidedthe bestseriesfor capturingchangesn rentswasZRITimeSeriesMultifamily, SFR,
Condo/Ceop (downloadedas:Metro_Zri_ AlHomesPlusMultifamilysv).Thisis a dollar valuemonthly
indexof rentsfor 661 metropolitanareas(Zillowalsoprovidesa crosswalko CBSAsyhichwe usedto
makethe datacomparable) Theonly variablein the dataisthe rent value(ZR). TheZillowmethodology
seekgo control for other factors suchaslivingareaand marketconditions.

5.3.1 METHODSTOASSESSHEDATA

Toassesshe ZillowR | {iuseudnesgor FMRtrend adjustments the studyteam comparedthe metro
regionZillowrent index(& Y) 1 the following:

1. Themeasureof the "Y'O "Cftom the CP4U datafile producedby BLS
2. Theestimateof mediangrossrent fromthe ACSi Q¢ 0)0 0 Y

We detail our approachto both the BLSand ACSlatabelow.

14 SeveralCBSAbkavefewer than 30 properties(or projects)with rent valuesin everyperiodt alimitation of the Axiometrics
data(seecolumnéNOBSintabd , S IAXIM®@! / {indéhe accompanyindxcelworkbook). Thestudyteam found that by
limiting the analysigo the 69 CBSAwith more than 30 Axiometricsprojects the metricsimprovedsubstantially Compared
with exhibit5-4, the percentagesare 72,88, 86, and 62, respectively Therefore,in section6, the analysids confinedto these
69 CBSAs.
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5.3.2 COMPARISONOBUREAU OEABORSTATISTICS DATA

TocompareZillowdatato BLS]ata, the studyteam comparedthe quarterlyandyearlypercentage
changein @ "Y&Dd"Y'O "Cor eachof the 22 PSUsvailablein both datasets. Thestepsto createa
quarterlyandyearlyseriesof & 'Y f@ eachPSUncludedthe following:

1. Usingacrosswallkprovidedby Zillowto matchthe metro regionIDsin the Zillowdatato CBSAs
andcreatinga variablethat indicatesthe CBSAf eachZillowmetro region

2. Usingacrosswallprovidedby HUDto matchthe CBSA#m the Zillowdatato PSUsandcreatinga
variablethat indicatesthe PSUWbf eachmetro region(anymetro regionnot in aPSUvas
removedfrom the data).

3. Creatinga quarterly estimateof & Y &the PSUevel by averaginghe monthly estimatesfor
eachquarter (33in total from 2010to 2018)in eachPSU23in total).

4. Creatingayearlyestimateof @ 'Y &bthe PSUevelby averaginghe monthly project-level
estimatesfor eachyear(ninein total) in eachPSU23in total).

Thestepsto createa quarterlyandyearlyseriesof “Y'O "cfor eachPSUncludedthe following:

1. Creatinga quarterlyestimateof "Y'O "Cai the PSUevelby averaginghe monthly PSUlevel
estimatesfor eachquarter (the same33 quartersasthe Zillowdata).

2. Creatingayearlyestimateof "Y'O "Cai the PSUevelby averaginghe monthly PSUevel
estimatesfor eachyear (the samenine asthe Zillowdata).

Thestudyteam calculatedthe percentagechangein @ Y &0d"Y'O "Cfor eachPSUGN eachquarter or
yearofrom the precedingquarteror year(0 ) with the followingformula

N o
owe RQ —— p nat
o

Thus,the studyteam createdPSUevel percentagechangedor & 'Y &d"Y'O "Oor eachquarterand
yearavailablein the data. Asabove nine PSU®nly havedatafrom BLSor the fourth quarter of 2017
andlater; therefore, the percentagechangeestimatesfor thesePSUsepresentfewer timepoints.In
addition, Zillowdata doesnot haveanydatafor timepointsearlierthan November2011for the New
YorkNewarkJerse\City, NY-NIPAPSUWe indicatewhichPSUsavefewer datapointsin all results

below.

Finally the studyteam usedthe samemetricsasabovefor eachPSUo determinethe comparabilityof
the percentagechangeestimatesof & 'Y &0d"Y'O "@Borreference thesemetricsare the followingt

A 4 E+ 7 E1 rthe numberandpercentageof imepoints (quartersor years)for which
the & Y flercentagechangeis higherthan the "Y'O "Qaercentagechange Onewould expect
roughlyhalf the timepointsto havea higher® 'Y ffercentagechangeif & 'Y &nd"Y'O "Care
comparablemeasureslf not, then there is evidencethat & Y i€xonsistentlyeither higheror
lower than"Y'O "Candthat the measuresare not very comparable.

A |F5 k4| 5 Edthe numberandpercentageof timepointsfor whichthe ¢ 'Y fl@rcentagechange
iswithin 10-percentagepoints (either aboveor below) of the "Y'O "Quercentagechange Since
rentstend to be relativelystable,one would expect virtually all timepointsto showthe & 'Y &ad
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"Y'O "Qeercentagechangesare within 10-percentagepointsof eachother if the measuresare
comparable.

A |F5 k4l 5 the numberandpercentageof timepointsfor whichthe ¢ Y frcentagechangeis
within 5 percentagepoints (either aboveor below) of the "Y'O "Qiercentagechange This
measureis more stringentthan 0 ¢ "0O"Y'@ @but one would still expectmanyof the timepoints
to showthe @ Y &0d"Y'O "Qiercentagechangesare within 5 percentagepoints of eachother if
the measuresare comparable.

A |F 4 5 kthe numberandpercentageof timepointsfor whichthe Qi ‘Qperentagechange
iswithin 1 percentagepoint (either aboveor below)of the "Y'O "Q@ercentagechange This
measureis very stringentandif timepointsshowthe & Y &d"Y'O "Q@ercentagechangesare
within 1 percentagepoint of eachother, there is evidencethat the measuresare comparable.

A || Fq :anindication(eitherd & SaGéy Arat’showswhetheran estimatedrent valuethat
accountsfor the trend in @ 'Y i€within 10 percentof an estimatedrent valuethat accountsfor
the trend in "Y'O "Odhestudyteam calculatedestimatedrent valuesfor eachmeasurefor each
PSUby addingthe percentagechangefor eachmeasurefrom the earliesttimepointin the data
to the latesttimepoint to $100. Thesecalculatedvaluesarereferredto asd & A Y dzFMRSEOR €
example,if the percentagechangewas3.4 percentfor & Y &0d 5.4 percentfor SEHAthen the
simulatedFMRswould be $103.40and$105.40 respectivelyD ‘OpY rindicateswhetherthe
simulatedFMRfrom @ 'Y i€within 10 percentof the valuefrom "Y'O "00

We presentthe resultsfor eachof the metricsfor eachPSUbelow.

5.3.3 COMPARISONOAMERICANCOMMUNITYSURVEY DATA

TocompareZillowdatato ACSlata, the studyteam comparedthe yearlypercentagechangein & 'Y &nd
i Q¢ o fored¢hof the 422 CBSAavailablein both datasets Thestepsto createa yearlyseriesof &Y O
for eachCBSAncludedthe following:

1. Usingacrosswallkprovidedby Zillowto matchthe metro regionIDsin the Zillowdatato CBSAs
andcreatinga variablethat indicatesthe CBSAf eachZillowmetro region

2. Creatingayearlyestimateof & 'Y &the CBSAevelby averaginghe monthly project-level
estimatesfor eachyear(eightin total, 2010to 2017)in eachCBSA420in total).

Thestudyteam downloadedthe yearlyestimatesofi ‘Q & 0 foreeA¢hCBSArom AmericanFactfinder
usingtable B25064 Thestudyteamthen createdthe yearlypercentagechangen Qi Qandi Q¢ 0 6 0 Y
andthe metricscomparingthe percentagechangeestimatesusingthe sameprocesshat we describe
abovein 5.2.2 Importantly, ACSlatadid not containdatafor all yearsfor two CBSAsand Zillowdata

did not containdatafor all yearsfor 77 CBSAdNe providea list of these CBSAandthe yearsfor which

both ACSndZillowhavedatafor these CBSAB the accompanyindxcelspreadsheet.

5.3.4 RESULTS

Exhibit5-5 showsthe resultsof eachof the metricscomparingguarterly estimatesof & Y fom Zillow
and"Y'O "Gtom BLSUnlikethe resultsfor the rent measurefrom the Axiometricsdata, the evidencefor
the comparabilityof & 'Y t@®@"Y'O "8 more mixed. Thedifferencein the percentagechangein & 'Y &ad
the percentagechangein "Y'O "Ogiaswithin 5 percentfor all quarters andit waswithin 1 percentfor
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manyof the quarters,whichindicatesa highlevelof comparabilitybetweenthe two measuresOnthe
other hand,the 0 0 ¢ On¥étric showsthat & "Y@soften lower than "Y'O "Qi manyof the PSUSs,

@ "Yv@shigherthan "Y'O "Aéssthan 40 percentof the time. Moreover, in 6 of the 23 PSUsthe
simulatedFMRusingthe trend in & "YV@snot within 10 percentof the simulatedFMRusingthe trend
in"Y'O"00

Exhibit5-6 showsa summaryof the resultsof the metricscomparingyearlyestimatesof & 'Y t®the
estimateof mediangrossrent,i ‘Q ¢ 0 ,dr@m¥he ACSlata. Thefull resultsarein the Excel
spreadsheetTheseresultsalsoshowthat the Zillowmeasureis lesscomparablethan the Axiometrics
measure TheZillowrent estimateZRwashigherthan the ACSneasurerentACSbout half of the time

in 65 percentof CBSA(amajority), but this percentages smallerthan what the studyteam found when
comparingthe Axiometricsdata (76 percent).Moreover,the differencein the percentagechangein @'Y "O
andthe changeni Q¢ o waswithin 10 percentfor all yearsin only 50 percentof CBSA&ompared
with 64 percentin the comparisorof usingQi ‘Qftor the Axiometricsdata).

Exhibit5-6 alsoshowsthat simulatedFMRestimateusingthe rent in @ Y @swithin 10 percentof the
estimateusingthe trendini ‘Q & 0 i onlyalittle morethan half of the CBSAES8 percent).Finally the
percentof CBSAthat met all three of the summarymetricswasonly 25 percent.
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Exhibit5-5| Number(%)of Quartersin EachPrimary Sampling Unit for the Metrics
Comparingthe Zillow RentMeasureto the Bureau ofLabor Satistics Measure

PSUINAME NOVERPOVER PWITHINO PWITHI$ PWITHIN PERO
BostorrCambridgeNewton, MA-NH 17 (52%) 32(100%)  32(100%) 16(50%) Yes
New YorkNewarkJerseyCity, NY-NJPA* 16 (55%) 28 (10%) 28(106)  15(54%) Yes
PhiladelphiaCamdenWilmington,PANJDEMD 12 (36%) 32(100%)  32(100%) 23(72%) Yes
ChicageNapervilleElgin,IL-IN-WI 12 (36%) 32(100%)  32(100%) 19(59%) No
Detroit-Warren-Dearborn,MI 12 (36%) 32(100%)  32(100%) 12(38%) No
MinneapolisSt. PauiBloomington MN-WI* 1(20%) 4 (100%) 4 (100%) 4 (100%) Yes
St.Louis MO-IL* 0 (0%) 4 (100%) 4(100%)  2(50%) Yes
WashingtorArlingtontAlexandriaDGVAMD-WV 12 (36%) 32(100%)  32(100%) 22(69%) Yes
Miami-Fort LauderdaleWestPalmBeach FL 12 (36%) 32(100%)  32(100%) 24(75%) Yes
Atlanta-SandySpringsRoswell GA 11(33%) 32(100%)  32(100%) 22(69%) No
TampaSt. PetersburgClearwater FL* 1(20%) 4 (100%) 4 (100%) 4 (100%) Yes
BaltimoreColumbiaTowsonMD 9(27%) 32(100%)  32(100%) 17(53%) No
DallasFort Worth-Arlington, TX 10(30%) 32(100%)  32(100%) 19(59%) No
HoustorTheWoodlandsSugaland, TX 7 (21%) 32(100%)  32(100%) 21(66%) No
PhoenixMesaScottsdaleAZ* 1(20%) 4 (100%) 4 (100%) 2 (50%) Yes
DenverAuroraLakewoodCO* 1(20%) 4 (100%) 4 (100%) 3 (75%) Yes
LosAngelesLongBeachAnaheim,CA 11 (33%) 32(100%) 32(100%) 26(81%) Yes
SanFrancisceDaklandHayward,CA 18(55%) 32(100%)  32(100%) 18(56%) Yes
RiversideSanBernardineOntario, CA* 3(60%) 4 (100%) 4(100%)  4(100%)  Yes
SeattleTacomaBellevug WA 12 (36%) 32(100%) 32(100%) 14(44%) Yes
SanDiegoCarlsbhadCA* 1(20%) 4 (100%) 4 (100%) 2 (50%) Yes
UrbanHawaii* 1(20%) 4 (100%) 4(100%)  2(50%) Yes
UrbanAlaska* 2 (40%) 4(100%) 4(100%)  3(75%) Yes

*These areas were not included in the Phase | analysis data due to lack of published monthly datacossttuot quarterly
averages of @sumerPrice Indexdata prior to 2018. At the time of this report, published monthly data needed to construct
quarterly averages for thegwimary sampling unitdRSU}are only available for four quarters (the fourth quarter of 2017 to
the third quarter of 2018).

*PSUdata are only availablefor 29 quarters(the fourth quarter of 2011andlater).

All other PSU$avedataavailablefor 33 quarters.

Notesit { ! RSy 2i8a &LINANOVERPOVERsYhediukbéd@perdeytagépbguartersthat percentagechangein
ZRlexceedshe percentagechangein SEHAPWITHINO(5)(1)is the numberof quartersthat the absolutevalueof the
differencebetweenthe percentagechangein ZRlandthe percentagechangein SEHAs within 10(5)(1)percent.PEROisa , S & ¢
if the simulatedFair Market Rent (FMR)calculatedirom ZRliswithin 10 percentagepoints of the simulatedFMRcalculated

from SEHA.
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Exhibit5-6 | Summaryof Metrics Comparingthe Zillow RentMeasureto the American
GCommunity urvey Measurefor Core-BasedSatistical Areas

SummaryMetrics Number (%)of CBSAs

POVERS between 40%and 60% 274 (65%)
WITHINLOis satisfiedin all timepoints 210(50%)
PEROis satisfiedin all timepoints 243 (58%)
Met all three metricsabove 106 (25%)

Notes: CBSAdenotesdCoreBased Statistic#ireasé POVERs the percentageof yearsthat percentagechangein ZRlexceeds
the percentagechangein rentACSPWITHINIO is the numberof yearsthat the absolutevalueof the differencebetweenthe
percentagechangein ZRlandthe percentagechangein rentACSs within 10 percent.PEROQisd , Sfdhé simulatedrair
Market Rent (FMRYalculatedfrom ZRlis within 10 percentagepoints of the simulatedFMRcalculatedfrom rentACS

5.3.5 ASSESSMENJFZILLOWDATA

Theresultsof our analysisndicatethat rent estimatefrom the Zillowdatais lesscomparablethan the
Axiometricsestimateto the rent estimatesfrom both BLSand ACSn metro areas.Therefore we
recommendthat HUDexcludeZillowdatafrom efforts to improvepredictionsof the FMRin metro
areas.

5.4 AxiometricsForecasts

Asatest of the potential usabilityof the Axiometricsdata, the studyteam usedthe quarterly CBSAevel
series(throughQ4of 2016)to createan AutoregressivéntegratedMoving AveragelARIMAMmodelfor
eachof the 254 CBSAandthen forecastthe four quartersof 2017in eachCBSA® Then,we compared
the forecaststo the actualvaluesin ACSn the followingway:

1. Computethe annualAxiometricserentin 2016asthe averageof the four quartersin 2016and
computethe annualerentin 2017asthe averageof the four forecastedvalues.

2. Computethe annualpercentagechangein erentin 2017for eachCBSAysingthe valuesfrom
stepl.

3. Computethe annualpercentagechangein rentACSn 2017for eachCBSAysingthe ACSralues
for 2016and2017.

4. Comparehe percentagechangesxpectedfrom the Axiometricsdatato the percentage
changesn ACS.

We emphasizehat we did not necessarilyexpectto find similarlevelsof rents. However,we do expect
(assuminghe Axiometricsdataare forecastable}o find similarpercentagechangesn the rents.

15 Forecastsvere madefrom modelsestimatedwith PROG12in SASusingan automaticmodelselectionwith seasonalityand
aseconddifferenceto stationarizethe growth rate of the series.Thestatementusedto invokethe automaticmodelselection
is basedon dtime seriesregressiorwith ARIMAnoise,missingvalues,and2 dzii f mefhdtbyéGomezandMaravall(19973a
1998. Thisalgorithmautomaticallyselectsthe order of the autoregressiveand movingaverageparameters.Thenonseasonal
autoregressiveAR andmoving averageMA) ordersare givenby p, g, while the seasonaARand MA ordersare givenby p
andq respectively Themodelselectedusingthis methodis of the form (p,d,q)and (P,D,Q)Thenumberof differencesand
seasonaltlifferencesare givenby d and D. Theestimatedparametersare presentedin the accompanyind=xceworkbook.
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Moreover,to applythe Axiometricsdatato the trend factor simplyrequiresaccuratepercentage
changes.

Thecomparisongare presentedin the accompanyindexcebpreadsheetExhibit5-7 givesa summaryof
the findings.Thefirst metric measureswhetherthe percentageadifferencesin the trendsare within 10
percent,while the secondmeasureghe differencesin the trend that are lessthan 0.1.

Thefindingsfrom this test suggesthat the Axiometricsforecastsare generallywithin acceptable

limits.16

Exhibit5-7| Comparisonf AxiometricsDataForecastdo AmericanCommunity Survey
Values

SummaryMetrics Number (%)of CBSAs

e’ ‘m>m  Pmt <= FHP = <= F b 238 (94%)
>m <= riPmr <=1

Sm”m" ‘m’m' ¢« *m" <=ffprm" «<=rf 38 235 (93%)

Met both metricsabove 235 (93%)

Notes:! / { RSy230S8a a! YSNRAOLIY / 2YYdey RiINSa $ BzNPER & aranfoidduartérly M5 REFL (i S &
averagerent calculatedfrom the Axiometricsdata. rentACSs the annualmediangrossrent from the 1-YearACSAd K latiofe
avariabledenotesa forecastedvalue anda subscriptdenotesthe yearof the respectivevalue

16 Axiometrics produces quarterly forecasts of rents at the project level. The study team comparete@8SAmmaries of
l'EA2YSGNROAQ FT2NBOlFaida (2 2dzNJ F2NB O &G &, akhdughiANidimetRes d@id notli 2 NB @ 9 :
produce forecasts for as many areas.
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Thestudyli S I eRdifactors for fiscalyear 2019(FY19)basedon datafrom the Bureauof Labor
StatisticgBLS, illustrate the potential variabilityin trend factorsamongthe primary samplingunits
(PSU) examinedin section4 (exhibit6-1). Comparedvith HUX) éonstantvalue(1.0572) the
differencesrangefrom a highof +5.3to -1.6 percentagepoints. However the empiricalimplicationsof
this heterogeneityare small. Thelargestdifferencesin FairMarket Rents(FMR3$ arein SanFrancisco
($138)andBoston($48).Similarly02 Y LI NER (2 Itrgndl factorsdbk RY 9% asedibik S
Axiometrics datais different by a maximum of 3pgkercentage pointand a minimum o00.2 percentage
points. The largest difference in FMR3Sn New Yok ($40) and thesmallest in Philadelphia ($2).

Exhibit6-1| Comparison of Estimate#fair Market Rents for SelectPrimary Sampling Units,
FY19

Recent  Annual

Mover 2016 to

Adi. 2017 Trend Factor for FY19 FY19 Bedroom FMR
Factor CPIAd;.
2M 2M
HUD BLS | Axiometrics | HUD BLS Axiometrics
(Phase )| (Phase 2) (Phase 1) | (Phase 2)

11A Boston 1,376  1.260 1.0378 1.084 1.044 1,902 | 1,950 1,878
12A  NewYork 1,324 1.273 1.0272 1.053 1.034 1,831 | 1,823 1,790
12B  Philadelphia 1,031  1.081 1.0179 1.041 1.055 1,200 | 1,181 1,197
23A Chicago 980 1.136  1.0297 1.053 1.042 1,212 | 1,207 1,194
23B  Detroit 832 1.065 1.0319 1.053 1.076 967 963 984

35A \[’)V(?Sh'”gto“‘ 1423 1078 1.0266 1058 | 019 | 1665 1666 @ 1O0°
35B Miami 1,114 1.176 1.0495| 1.0572| 1.050 1.063 1,454 | 1,444 1,462
35C Atlanta 901 1.103 1.0527 1.061 1.091 1,106 | 1,110 1,141
35E Baltimore 1,131 1.093 1.0269 1.046 1.034 1,342 | 1,328 1,313
37A Dallas 934 1.143 1.0634 1.071 1.055 1,201 | 1,216 1,198
49A  LosAngeles 1,301 1.242 1.0483 1.081 1.062 1,791 | 1,831 1,79
49B San . 1,769 1.415 1.0546 1.110 1.065 2,792 | 2,930 2,811

Francisco
49D  Seattle NA NA NA 1.088 1.078 1,899 NA NA
Note:! / { RSy23GSa a! YSNAOILY [/ 2YYdzyAaide {dNBSez¢ .[{ RSyz2iSa a
LYRSEZ:¢ E£TARSYR (i&&lI NEé Caw RSy2iSa a4CHANI al N} Si wSyidzé b!

& YLX A yEhe BYy9\Biediodd FMRor Boston and San Francisco do not refiectt suveys.
*Source:HscalYear 2019 Fair Market Rents Documentation System, HUD
https://www.huduser.gov/portal/datasets/fmr.html#2019 query

Toassesshe accuracyof trend factorsestimated in Phase | witthbse estimated in Phase the study
team comparedforecastedtrend factorsretrospectivelyby assuminga standardfor accuracywasthe
mediangrossrent from the AmericanCommunitySurvey(AC$in 2017 (exhibit6-2). Usually the study

G S I whés&l modelsoutperformthe Phasell models asthe Phasell modelsare better than Phase in
onlythree PSU¢New York,Baltimore,and Seattle exhibit6-2). In New York, for example, the difference
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in the Phase | estimate (compared to the ACS value) Wa4 Owhile the Phase Il difference is just 0.006
andwassimilar for Baltimore and Setig.

Exhibit6-2 | Comparisorof Changan Rentfrom 2016to 2017

Axiometrics BLS
S heluls (Phase II) &S (Phase )
Rentand
Rent Utilities
11A Boston 1.022 1.035 1.031 1.036
12A NewYork 1.031 1.025 1.035 1.036
12B Philadelphia 1.027 1.008 1.020 1.019
23A Chicago 1.018 1.027 1.029 1.031
23B Detroit 1.054 1.014 1.023 1.024
35A Washington DC 1.015 1.038 1.026 1.028
35B Miami 1.022 1.064 1.062 1.062
35C Atlanta 1.053 1.044 1.039 1.035
35E Baltimore 1.008 1.012 1.024 1.021
37A Dallas 1.051 1.061 1.052 1.047
49A LosAngeles 1.069 1.052 1.052 1.050
49B SanFrancisco 0.987 1.054 1.062 1.062
49D Seattle 1.091 1.089 1.048 1.047
Notes:! / { RSy230S8Sa a! YSNROFY /2YYdzyAie {dNBSezé¢ .[{ RSyz2i(Sa

al YLX Ay Eheldmairand forsACSlenotesaratio of 2017actualsto 2016actuals.The yeartrend is calculatedasa
ratio of 2017forecastvaluesto 2016actualsvaluesfor Axiometricsand BLSlata.

Usingthe Axiometricsquarterly seriesthroughthe third quarter of 2018,the studyteam usedthe X12
softwareto build forecastingmodelsfor eachof the 69 CoreBasedStatisticalAreas(CBSAswith more
than 30 projectswith a full setof monthly rent data. Themodelswere then usedto forecastfour
guarters startingwith the fourth quarter of 2018throughthe third quarter of 2019.Theratio of the
averageof the forecastedvaluesto the averageof the actual Axiometricsvaluesfrom the four quarters
of 2017providesan alternativeset of trend factorswith additionalspatialresolutionwhencomparedto
the PSlestimates(exhibit 6-3) 1’ Thesevaluesprovidesomedataon the consequencesf usinga single
trend factor for all U.SCensusBureau (Censusggions.Forexample the aggregatedifferencein the
SouthRegionis 11 percent,while the Westis 50 percent!® Onaveragethe Axiometricsseriessuggesta
trend factor of approximately3-percentagepoints higherthan 1.0572in the West

17 Resultgor other areasareavailableat| | 5 r@guiest. Thedifferencevaluesarefrom| | 5 t&a trend factors:positive
(negative)differenceswould be greater(less)if anadjustmentreflectingutilities were made.
18 Thesefiguresare unweighted;hence CoosBaycompletelyoffsetsAlbuquerquein the aggregate.
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Exhibit6-3| FY19Core-BasedSatistical Area EstimatedTrendFactorsby Region

. DifferenceFrom
Region CBSA TrendFactor 10572
BostorCambridgeNewton, MA-NH 1.044 ¢ 0.013
HartfordWestHartford-EastHartford, CT 1.036 ¢0.022
Northeast New YorkNewarkJerseyCity, NY-NJPA 1.034 ¢ 0.023
PhiladelphiaCamderWilmington, PANIDEMD 1.055 ¢ 0.002
Pittsburgh,PA 1.039 ¢0.018
ProvidenceWarwick,REMA 1.082 0.025
BostonrCambridgeNewton, MA-NH 1.044 ¢0.013
Atlanta-SandySpringsRoswell GA 1.091 0.034
AustinrRoundRock, TX 1.076 0.019
BaltimoreColumbiaTowsonMD 1.034 ¢ 0.023
BirminghamHoover, AL 1.050 ¢ 0.007
CharlestoaNorth CharlestonSC 1.050 ¢ 0.007
CharlotteConcordGastoniaNGSC 1.039 ¢0.018
ChattanoogaTN-GA 1.055 ¢ 0.002
ColumbiaSC 1.041 ¢ 0.016
DallasFort Worth-Arlington, TX 1.055 ¢ 0.002
DurhamChapeHill, NC 1.042 ¢ 0.015
ElPaso,TX 1.075 0.017
GreensboreHighPoint,NC 1.082 0.025
GreenvilleAndersonMauldin, SC 1.084 0.027
GulfportBiloxiPascagoulaylS 1.027 ¢ 0.030
HoustonTheWoodlandsSugaiand,TX 1.053 ¢ 0.004
JacksonMS 1.029 ¢0.028
South Jacl.<sonvillel,:L 1.122 0.065
LexingtonFayette KY 1.030 ¢ 0.027
Little RockNorth Little RockConway AR 1.020 ¢ 0.037
Louisville/JeffersoCounty,K¥IN 1.044 ¢0.013
Memphis, TNMSAR 1.087 0.030
Miami-Fort LauderdaleWestPalmBeach FL 1.063 0.006
NashvilleDavidsorMurfreesboraFranklin, TN 1.042 ¢ 0.015
OklahomaCity, OK 1.031 ¢ 0.027
OrlandoKissimmeeSanford FL 1.129 0.071
PalmBayMelbourne Titusville,FL 1.188 0.131
RaleighNC 1.059 0.001
RichmondyVA 1.079 0.022
SanAntonio-New Braunfels,TX 1.034 ¢0.023
TampaSt. PetersburgClearwater FL 1.103 0.046
Tulsa,OK 1.012 ¢ 0.046
VirginiaBeachNorfolk-NewportNews,VANC 1.046 ¢0.011
WashingtorArlington-AlexandriaDGVAMD-WV 1.019 ¢ 0.038
Wilmington,NC 1.043 ¢0.014
WinstonSalemNC 1.095 0.038
Albuquerque NM 1.055 ¢ 0.002
West ColoradoSpringsCO 1.059 0.002
CoosBay,ORMicro Area 1.055 ¢ 0.002
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DifferenceFom

TrendFactor 10572
DenverAuroralLakewoodCO 1.064 0.007
LasVegasHendersonParadiseNV 1.174 0.117
LosAngelesLongBeachAnaheim,CA 1.062 0.005
OxnardThousanddaksVentura,CA 1.098 0.041
PhoenixMesaScottsdaleAZ 1.147 0.090
PortlandVancouvetHillsboro, ORWA 1.055 ¢ 0.002
RiversideSanBernardineOntario,CA 1.085 0.028
SacramenteRosevilleArden-Arcade,CA 1.061 0.004
SaltLakeCity,UT 1.101 0.044
SanDiegeCarlsbadCA 1.105 0.048
SanFrancisceOaklandHayward CA 1.065 0.008
SanJoseSunnyvaleSantaClara,CA 1.109 0.052
SeattleTacomaBellevue WA 1.078 0.021
TucsonAZ 1.118 0.061
ChicageNapervilleElgin,IL-IN-WI 1.042 ¢ 0.016
CincinnatiOHKY¥IN 1.061 0.004
ClevelaneElyria,OH 1.033 ¢ 0.025
ColumbusOH 1.085 0.027
Dayton,OH 1.048 ¢ 0.009
Midwest Detroit-WarrenDearborn Ml 1.076 0.019
IndianapolisCarmelAnderson|N 1.084 0.026
Kansa<ity,MO-KS 1.064 0.007
MinneapolisSt. PautBloomington MN-WI 1.084 0.027
OmahaCounciBluffs,NEIA 1.046 ¢0.011
St.Louis MO-IL 1.023 ¢0.034

Note:/ . {! RSy2 (0SSR /{20NBIA&GAOLFE | NBI ¢

Locationshighlighted inexhibit 6-3 indicateareaswith trend factors more than percentage points
greater thanl | 5d@mdenttrend factor. Inthese areas, | 5 Qa S a i Amay be ®&RIowC a w &
However, the potential gains from usitaalized trend factors require considerationao€oupleof
AYLE SYSYy Gl GA2y AadadzSao Aiflaes ACS vdlupssianiore CuisdiNBIyesi Y S (1 K 2
usingelements of the CRIt a likely reliable source afformation. For most CBSAs, this source of
information is not availablemeaning that theommercial data Wl need to be used insteadlso,
although thefindings insection 5indicate that this approacts reasonableijt is a significant departure
from currentpolicy. SecondHUD will need an expanded pull from the ACS to get baseline values for
gross rents and thehares of rent and utilities fdhe additional areasThird, numerous geographic
areaswill not be covered by commercial datBhese areas iWneed FMR¥ased on other methods

most likely somerersion of the current method~inally, the additional complexity ticalization may
require updating forecasting models on a regular basis, especially in light of the relativeliesigtntof
the commercial seriesadding costs to implementirigcalization
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This research project investigatedrious avenueto whichHUD could add geographic resolution to the

trend factors and, perhaps, reduce concern about the accuracgiofMarket Rents (FMRs)Specifically,

the project has investigated alternative approaches to augmenting local market conditions into

caled  GA2ya 2F CawaX &0GFNIAyYy3d 6A0GK SEGSyaArzya 2F 1!
consideration of models that use alternative sources of data and empirical framewtdistudy team

approached this project in two phases

In Phase [, the study teamalied on the Bureau ofLabor Satistic¥{BLSylata on 22distinctgeographic
areas to estimate different trend factarhisapproachis different from HUR & OdzNNBy i, YS{i K2 R2
whichuses anational estimate of the trend factor for all geographic are®#e used the Autoregressive
Integrated Moving Average (ARIMA) modeling technique to estimatéotteeasts of local rent and
utilities, based on which trend factors for each area were calcul&ted.sudy team began the
modeling process by identifying theest model fornfor forecastingrent and utilityfor each geographic
areg as well asleterminingan appropriatelag lengthfor the exogenous variablegn selectinghe best
model form we haveusedthe information criterion methodt specifically Schwarz Bayesiaformation
criterion (SBQ) to selectfrom a group ofestablishedautoregressivg AR)and movingaverage(MA)
orders We again used SB@determine the appropriate lag length ehich exogenous variahla order
to illustrate thedelayedrent and utilityresponsedo changes irthese input variablesVe have
computed SBQising variou®ARand MA model orders, with an automated function useal determine
the range of ordersOur approach produced threeompetingARIMA models a univariate time series
modelwithout exogenous variablg®ure Time Serig® TS}, a multivariate model witmational
exogenous variablg®National Input ModellIM]), anda multivariate model withocalexogenous
variablegLocal Input ModeJLIM])t based on whiclthe identified orders of the AR and MA terms were
estimatedandforecastedrent andutility.

¢2 SPlfdzk S SI OK Y2 Révkedmdpardgdhdiycaasts NNR QB dzEFO& X Sg §2 RS
estimaesusingthe Root Mean Square Error (RMSIEeresults of thiscomparison showed thahe

NIM performs betterfor the rent models, while th®TS performbetter than the competing NIM and
LIM specificationor the uility models The study team has selected model specifications based on
lower RMSESs in more than 50 percent of the geographical aféaite there is no absolute criterion for
acdgood valué of RMSEhat would make one model preferable over anothiiis possible to compare
the RMSESs in percentage terfias eachgeographiarea Suppose the RMSE of one modelisr 10
percent lower than anotherone could choose the model with the lower RMSE. However, theistsa
tradeoff between model complexity aretror measureThestudyteam needs to consider the
complexity of a model before choosing one solely based on the error mea8a®ssd on our prefrred
model, we have used paired ttestto examinewhetherthe errors ofour localestimatessignificantly
differ from the errorsof the nationalestimate The results of this test showed thdte local geographic
areas have forecast estimates signifittamlifferent from thenational estimateFollowing the forecasts
for each geographical area, the study team was unable to develop forecasts fonetoopolitan

regions in Phase | due to the limited availability of data.
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In Phase Jithe study teanfirst assesed the usability of monthly rent series from Axiometrics and
Zillow.The Axiometrics data eve found to be more comparable to data from BLS #mel American
Community SurveyNC$than with the Zillow dataThestudyteam did not findreliable and consistent
data onexogenouwariableshat maydrive rental markets at th€oreBased Statistical Are€BSH
level. Similarly there does not appear to be eonsistent sourcef forecastsalready produced bgtates
and/or localmetropolitangovernmental agencieSubsequentlythe Axiometrics data were used to
forecast quarterly and annual trends in rents in 254 GB&#ingPT3nodels andhe X12 software
packageto comparethe forecastdo actual data from ACS and BR&as with more than 30 sampled
properties in the Axiometrics data were used to demonstrate the differences betestmated trend
factorsfrom the Axiometrics models to the existitignd factor forfiscal yea?2019 (FY19)The Phase Il
analysis suggesthat localization of trend factoris feasible andin certain areasmay lead to more
accurate trend factors

Thefindingsin this report provide someevidencethat localizinghe estimatesof trend factorswill
improvethe accuracyf FMRsCarefullyconstructedtime seriesmodelsfor 22 geographicareas
generallyreduceforecasterror, whencomparedwith a singlevaluefor all areas.Modelsof additional
geographi@areas,constructedwith automatedalgorithms,alsoseemto offer more accuratetrend
factorsin mostareas;however,a perfectstandardfor determiningaccuracyis not available Therefore
onegeneralconclusioris that if accuracyis a primaryconcern,migratingawayfrom a singletrend factor
to trend factorsfor severalareaswould be soundpolicy. Theoverallempiricalimpactof movingin this
directionis relativelysmall,however.In other words, the empiricalpayoffto localizationmaynot be
obviouswhenfirst encountered.

Onthe other hand,there are clearlygeographiareaswhere localizationhasrelativelylargeempirical
conseqguencesThissuggests hybrid approachto migratingtoward localizationby using the results

from both phases of this research. This would involve using forecasts the wellperformingmodels
based on BLS data and those based on Axiometricddaistimate trend factors for numerous CBSAs.
Areas without welperforming forecasting modelsill be assignedrend factorsfrom either nationalor
regionalmodels.Thisprocesss not unlikewhat HUDnow doesin applyinginflation factors.

Theseobservationsshouldbe temperedby someenumerationof the limitations of the study.In Phasd
of the researchthe studyteamfound a dearth of localdatathat mayhelp forecastthe relativelyvolatile
utility series.Residential price for electricity was the only input variable used to forecast the utility
series but since the data ere available only at thetate level, it failed to capture the varying patterns
in the response serieadditionally,exogenouwariablesrelatedto the rent series suchaslaborforce
participation,weeklywages andemployment in the manufacturing sectavere not availablefor the
North, South, Midwestand West regiondn Phasdl, the analysisvasconfinedprimarilyto datafrom
Axiometricsoncethe studyteam eliminatedZillowsourcedrom further consideration Additionally the
studyteamdid not find a stablerelationshipbetweenrentsandthe Federal Housing Finance Agency
HousePricelndex,eliminatinganothersourceof data. TheAxiometricsdata, while appealingare based
on alimited numberof apartmentsitesandthe monthly seriesis relativelyshort. In Phase laccuracy
assessmentghe studyteam usedeadily availablestimates of median gross rent froACSA better
standardfor comparison woulde estimates of 4€h percentilerents paid by recent movers.
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ExhibitA-1| Lag Selection for Civilian Employment Using Minimum Schwarz Bayesian
Information Criterion (Panel A)

Lags

PSU Area 1 5 3 4 5 6

0000 National ¢11.313 ¢11.290 ¢11.332 ¢11.312 ¢11.275 ¢11.231
0100 North ¢11.267 ¢11.245 ¢11.286 ¢11.264 ¢11.226 ¢11.181
0200 Midwest ¢11.267 ¢11.245 ¢11.286 ¢11.264 ¢11.226 ¢11.181
0300 South ¢11.267 ¢11.245 ¢11.286 ¢11.264 ¢11.226 ¢11.181
0400 West ¢11.267 ¢11.245 11.286 ¢11.264 ¢11.226 ¢11.181
S100 North ClasA ¢11.267 ¢11.245 ¢11.286 ¢l1l1.264 ¢11.226 ¢11.181
S11A Boston ¢11.313 ¢11.290 ¢11.332 ¢11.312 ¢11.275 ¢11.231
S12A New York ¢11.313 ¢11.290 ¢11.332 ¢11.312 ¢11.275 ¢11.231
S12B Philadelphia ¢11.313 ¢11.290 ¢11.332 ¢11.312 ¢11.275 ¢11.231
S200 Midwest ClassA ¢11.267 ¢11.245 ¢11.286 ¢l1l1.264 ¢11.226 ¢11.181
S23A Chicago ¢11.313 ¢11.290 ¢11.332 ¢11.312 ¢11.275 ¢11.231
S23B Detroit ¢11.313 ¢11.290 ¢11.332 ¢11.312 ¢11.275 ¢11.231
S300 SouthClassA ¢11.267 ¢11.245 ¢11.286 ¢l1l1.264 ¢11.226 ¢11.181
S35A Washington DC ¢11.516 ¢11.563 ¢11.567 ¢11.617 ¢11.584 ¢11.574
S35B Miami ¢11.313 ¢11.290 ¢11.332 ¢11.312 ¢11.275 ¢11.231
S35C Atlanta ¢11.511 ¢11.515 (¢11.555 ¢11.595 11596 ¢11.592
S35E Baltimore ¢11.516 ¢11.563 (¢11.567 ¢11.617 ¢11.584 ¢11.574
S37A Dallas ¢11.313 ¢11.290 ¢11.332 ¢11.312 ¢11.275 ¢11.231
S400 WestClasA ¢11.267 ¢11.245 ¢11.286 ¢11.264 ¢11.226 ¢11.181
S49A LosAngeles ¢11.313 ¢11.290 ¢11.332 ¢11.312 ¢11.275 ¢11.231
S49B SanFrancisco ¢11.313 ¢11.290 ¢11.332 ¢11.312 ¢11.275 ¢11.231
S49D Seattle ¢11.511 ¢11.515 ¢11.555 ¢11.595 11596 ¢11.592

Exhibit Al reports the SBC for the optimal lag length of the independent variable (civilian employment) used in
estimating the national input rent model.

ExhibitA-2 | LagSelectionfor CivilianEmploymentUsingMinimum SchwarzZBayesian
Information Criterion (PanelB)

Lags
FSU Area 7 8 9 10 11 12
0000 National ¢11.187 ¢11.147 ¢11.104 ¢11.061 ¢11.065 ¢11.021
0100 North ¢11.137 ¢11.096 ¢11.053 ¢11.011 ¢11.008 ¢10.964
0200 Midwest ¢11.137 ¢11.096 ¢11.053 ¢11.011 ¢11.008 ¢10.964
0300 South ¢11.137 ¢11.096 ¢11.053 ¢11.011 ¢11.008 ¢10.964
0400 West ¢11.137 ¢11.096 ¢11.053 ¢11.011 ¢11.008 ¢10.964
S100 North ClassA ¢11.137 ¢11.096 ¢11.053 ¢11.011 ¢11.008 ¢10.964
S11A Boston ¢11.187 ¢11.147 ¢11.104 ¢11.061 ¢11.065 ¢11.021
S12A New York ¢11.187 ¢11.147 ¢11.104 ¢11.061 ¢11.065 ¢11.021
S12B Philadelphia ¢11.187 ¢11.147 ¢11.104 ¢11.061 ¢11.065 ¢11.021




Lags

FSU Ared 7 8 9 10 11 12
S200 Midwest ClasA ¢11.137 ¢11.096 ¢11.053 ¢11.011 ¢11.008 ¢10.964
S23A Chicago ¢11.187 ¢11.147 ¢11.104 ¢11.061 ¢11.065 ¢11.021
S23B Detroit ¢11.187 ¢11.147 ¢11.104 ¢11.061 ¢11.065 ¢11.021
S300 SouthClassA ¢11.137 ¢11.096 ¢11.053 ¢11.011 ¢11.008 ¢10.964
S35A Washington DC ¢11.527 ¢11.540 ¢11.608 ¢11.562 11530 ¢11.495
S35B Miami ¢11.187 ¢11.147 ¢11.104 ¢11.061 ¢11.065 ¢11.021
S35C Atlanta ¢11.553 ¢11.567 ¢11.559 ¢11.512 ¢11.510 ¢11.532
S35E Baltimore ¢11.527 ¢11.540 ¢11.608 ¢11.562 11530 ¢11.495
S37A Dallas ¢11.187 ¢11.147 ¢11.104 ¢11.061 ¢11.065 ¢11.021
S400 WestClasA ¢11.137 ¢11.096 ¢11.053 ¢11.011 ¢11.008 ¢10.964
S49A LosAngeles ¢11.187 ¢11.147 ¢11.104 ¢11.061 ¢11.065 ¢11.021
S49B SanFrancisco ¢11.187 ¢11.147 ¢11.104 ¢11.061 ¢11.065 ¢11.021
S49D Seattle ¢11.553 ¢11.567 ¢11.559 ¢1l1.512 ¢11.510 ¢11.532

ExhibitA-1 reportsthe SBQor the optimal laglength of the independentvariable(civilianemployment)usedin
estimatingthe nationalinput rent model.

ExhibitA-3| LagSelectionfor ResidentialFixedinvestmentUsingMinimum SchwarZBayesian
Information Criterion (PanelA)

Lags
PSU Area 1 > 3 4 5 6
0000 National ¢7.226 ¢7.284 ¢ 7.258 ¢7.214 ¢7.221 ¢7.197
0100 North ¢7.216 ¢7.269 C7.242 ¢7.197 ¢ 7.205 ¢7.182
0200 Midwest ¢7.216 ¢7.269 C7.242 ¢7.197 ¢ 7.205 ¢7.182
0300 South ¢7.216 ¢7.269 C7.242 ¢7.197 ¢ 7.205 ¢7.182
0400 West ¢7.216 ¢7.269 C7.242 ¢7.197 ¢ 7.205 ¢7.182
S100 North ClassA ¢7.216 ¢7.269 C7.242 ¢7.197 ¢ 7.205 ¢7.182
S11A Boston C7.226 ¢7.284 ¢ 7.258 ¢7.214 ¢7.221 ¢7.197
S12A NewYork C7.226 ¢7.284 ¢ 7.258 ¢7.214 ¢7.221 ¢7.197
S12B Philadelphia C7.226 ¢7.284 ¢ 7.258 ¢7.214 ¢7.221 ¢7.197
S200 Midwest ClassA ¢7.216 ¢7.269 C7.242 ¢7.197 ¢ 7.205 ¢7.182
S23A Chicago C7.226 ¢7.284 ¢ 7.258 ¢7.214 ¢7.221 ¢7.197
S23B Detroit ¢7.226 ¢7.284 ¢ 7.258 ¢7.214 ¢7.221 ¢7.197
S300 SouthClassA ¢7.216 ¢ 7.269 ¢7.242 ¢ 7.197 ¢ 7.205 ¢7.182
S35A Washington DC ¢7.115 ¢7.176 ¢7.146 ¢ 7.100 ¢ 7.099 ¢7.070
S35B Miami ¢7.226 ¢7.284 ¢ 7.258 ¢7.214 ¢7.221 ¢7.197
S35C Atlanta ¢7.156 ¢7.213 ¢7.185 ¢7.138 ¢7.136 ¢7.115
S35E Baltimore ¢7.115 ¢7.176 ¢7.146 ¢ 7.100 ¢ 7.099 ¢7.070
S37A Dallas C7.226 ¢7.284 ¢ 7.258 ¢7.214 ¢7.221 ¢7.197
S400 WestClassA ¢7.216 ¢ 7.269 ¢7.242 ¢7.197 ¢ 7.205 ¢7.182
S49A LosAngeles ¢7.226 ¢7.284 ¢ 7.258 ¢7.214 ¢7.221 ¢7.197
S49B SanFrancisco ¢7.226 ¢7.284 ¢ 7.258 ¢7.214 ¢7.221 ¢7.197
S49D Seattle ¢7.156 ¢7.213 ¢7.185 ¢7.138 ¢7.136 ¢7.115




ExhibitA-4| LagSelectionfor ResidentialFixedinvestmentUsingMinimum SchwarZBayesian
Information Criterion (PanelB)

Lags
FSU Area 7 8 9 10 11 12
0000 National ¢7.155 ¢7.170 ¢7.128 ¢ 7.087 ¢ 7.059 ¢ 7.062
0100 North ¢7.141 ¢7.150 ¢7.107 ¢ 7.066 ¢ 7.043 ¢7.041
0200 Midwest ¢7.141 ¢7.150 ¢7.107 ¢ 7.066 ¢ 7.043 ¢7.041
0300 South ¢7.141 ¢7.150 ¢7.107 ¢ 7.066 ¢ 7.043 ¢7.041
0400 West ¢7.141 ¢7.150 ¢ 7.107 ¢ 7.066 ¢ 7.043 ¢7.041
S100 North ClassA ¢7.141 ¢7.150 ¢7.107 ¢ 7.066 ¢ 7.043 ¢7.041
S11A Boston ¢7.155 ¢7.170 ¢7.128 ¢ 7.087 ¢ 7.059 ¢ 7.062
S12A NewYork ¢ 7.155 ¢7.170 ¢7.128 ¢ 7.087 ¢ 7.059 ¢ 7.062
S12B Philadelphia ¢ 7.155 ¢7.170 ¢7.128 ¢ 7.087 ¢ 7.059 ¢ 7.062
S200 Midwest ClassA ¢7.141 ¢7.150 ¢7.107 ¢ 7.066 ¢ 7.043 ¢7.041
S23A Chicago ¢ 7.155 ¢7.170 ¢7.128 ¢ 7.087 ¢ 7.059 ¢ 7.062
S23B Detroit ¢ 7.155 ¢7.170 ¢7.128 ¢ 7.087 ¢ 7.059 ¢ 7.062
S300 SouthClassA ¢7.141 ¢ 7.150 ¢7.107 ¢ 7.066 ¢ 7.043 ¢7.041
S35A Washington DC ¢ 7.028 ¢ 7.043 ¢ 7.000 ¢ 6.961 ¢ 6.939 ¢ 6.958
S35B Miami ¢ 7.155 ¢7.170 ¢7.128 ¢ 7.087 ¢ 7.059 ¢ 7.062
S35C Atlanta ¢7.071 ¢ 7.079 ¢ 7.040 ¢ 6.996 (6.971 ¢ 6.986
S35E Baltimore ¢ 7.028 ¢ 7.043 ¢ 7.000 ¢ 6.961 ¢ 6.939 ¢ 6.958
S37A Dallas ¢ 7.155 ¢7.170 ¢7.128 ¢ 7.087 ¢ 7.059 ¢ 7.062
S400 WestClasA ¢7.141 ¢ 7.150 ¢7.107 ¢ 7.066 ¢ 7.043 ¢ 7.041
S49A LosAngeles ¢7.155 ¢7.170 ¢7.128 ¢ 7.087 ¢ 7.059 ¢ 7.062
S49B SanFrancisco ¢7.155 ¢7.170 ¢7.128 ¢ 7.087 ¢ 7.059 ¢ 7.062
S49D Seattle ¢7.071 ¢ 7.079 ¢ 7.040 ¢ 6.996 ¢6.971 ¢ 6.986

ExhibitA-2 reportsthe SBGor the optimallaglength of the independentvariable(residentialfixed investment)
usedin estimatingthe nationalinput rent model.
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ExhibitB-1| ResidualCorrelationDiagnosticfor FirstDifferencedRentand Ultility Series Northeast All Classes
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ExhibitB-2 | ResidualCorrelationDiagnosticfor FirstDifferencedRentand Utility Series Midwestt All Classes
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ExhibitB-3| ResidualCorrelationDiagnosticfor FirstDifferencedRentand Utility Series Southt All Classes
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ExhibitB-4 | ResidualCorrelationDiagnosticfor FirstDifferencedRentand Utility Series Westt All Classes

ACF

IACF

0.5 -

0.0

05

0.5

0.0

-0.5

Residual Cerrelation Diagnestics for rpr_sa(1)

10
05-
3]
00|
g L L L LR
05
10-
r T . T T T
10 15 0 5 10 15 20
Lag Lag
S 001
N
3
2 =
=z
@
£ 05
=
10
r T . T T T
10 15 0 5 10 15 20
Lag Lag

ACF

IACF

0.5

0.0~

-05

0.5

0.0 -

-05

Residual Correlation Diagnostics for fu_sa(1)

1.0
0.5
3
0.0
g
-0.5
10
T T T .
10 15 20 0 5 10 15 20
Lag Lag
E 2001
T
2
S
=
m
2 05
=
1.0
T T T : T T T
10 15 20 1] k) 10 15 20
Lag Lag

ExhibitB-5| ResidualCorrelationDiagnosticfor FirstDifferencedRentand Utility Series Northeastt ClassA
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