
ResidentialMortgagePrepayments:
Issues,ModelStructureandImplementation

QuantitativeFinance,Atlanta

5 Mar 2001

Abstract

Following abrief compilationof internal,Street,andvendorideasonprepaymentmodeling,the
currentprototypesfor QF’sfixedrate,ARM, andhybridprepaymentmodelsaredescribed.Changes
areinevitable.

Part I
A Qualitati veSurveyof Modeling Issues

Part oneof this paperseeksto distill andsummarizesomeof the better(andoften anecdotal)ideas
generatedinternally andgleanedfrom publishedpapers.In particular, the contentis directedtoward
traditionalGNMA, conventionalandjumbomortgages,althoughmany of theconceptsextendnaturally
into subprime,mobilehome,andothermarkets.

Residentialmortgageprepaymentsareoftencarved into four parts:housingturnover, refinancing,
defaults,andcurtailments,with thelattertwogenerallyreceiving little attention.Thispatternwill persist
herein.

1 HousingTurnover

The turnover componentof prepaymentscapturesprimarily non-economicanddemographiceffects:
homeownersprepaymortgagesdueto job relocation,housingupgrades,divorce,death,etc.While some
of thesebehaviors arenot independentof prevailing economicconditions,e.g. housingupgradecosts
risewith interestrates,thesedriversimply abaselevel of prepaymentsprior to consideringrefinancing.

1.1 SeasonalEffects

A seasonalelementto housingturnover, generallyattributedto weather, holiday, andschoolcalendar
effects, is often modeledsuchthat a seasonalminimum occursin Januaryanda maximumoccursin
June.Suchapatternmightbeestimatedfrom homesalesdataor takenfrom publishedsources1.

1TheNationalAssociationof RealtorsandsomeWall Streetfirms havepublishedseasonalfactors.
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1.2 ExpectedTenure

This componentof a housingturnover modelis oftenaddressedwith a PSA-like seasoningramp,sug-
gestinga linear progressiontoward a stableannualturnover rate2. The relative lengthof the rampas
well asthelevel of this stableturnover rateareindicative of differencesin expectedtenureamongloan
types.Considerationsfor modelingexpectedtenureinclude:� Loantype:ARM andballoonloanstendto befavoredby “f astmovers.” FHA/VA loansaremade

to a demographicgroupwhich empiricallyexhibits lessmobility. In contrast,15 yearloansmay
befavoredby amoresophisticatedandmobilepopulationwith abettercreditrating.� Typeof property:singlefamily structuresareindicative of longertenurethancondominiums,etc.� Pointspaid: large rate buydowns do not make senseunlessthe homeowner plansstay in the
mortgagefor anextendedperiodof time. Sucha pointseffect is usuallyallowed to decayover
time.� Loanpurpose:if a loanis theproductof refinancing,theloancanbethoughtof aspreseasoned.
This impliesthat theexpectedtenurein thehomemaybeshorterthanin thecaseof a purchase.
Furthermore,notethatif thecurve wasrelatively flat at thetimeof therefinancing,”f astmovers”
thatwouldnormallyapplyfor balloonor hybridARM loansmayinsteadhavetaken30yearloans.
Sucha loan,therefore,wouldhave a fasterturnover profile thanoneoriginatedin asteepercurve
environment.� Prepaymentpenalitiesaccepted:aswith pointspaid,acceptanceof prepaymentpenaltiessuggests
a propensityto remainin the mortgagedpropertyfor the term of the penaltyprovision. It is
possiblethataspikein prepaymentswill beobservedimmediatelyfollowing theendof thepenalty
periodaspentup turnover is released.� Loansize: large loansmayimply reducedtradeuppotentialandlongertime to market, whereas
small loansmay suggestthe oppositeeffects. However, correspondingborrower demographics
(mobility, networth,etc.) make suchcontentionslessthancertain,asjumbowholeloansareon
averagethoughtto exhibit greaterturnover thanconventionals.� Geographiclocationandmobility: California is often saidto have a moremobiledemographic
profile. An alternateviewpoint attributesfasterspeedsin California to othervariables,suchas
larger loansizeandpopularityof ARM products,yet this doesnot seemto besupportedby the
internalCaliforniadata. Pre-merger BankAmericamodelsalsocapturedgeographicdifferences
betweennorthernandsouthernCalifornia.� GeographiclocationandLTV: Regional housingmarket differencesclearly have an impacton
turnover behvaior.� Geographiclocationand transactionscosts: Applicableat the turnover and refinancinglevels,
thedifferencein taxesandfeesacrossgeographicentitiesis saidto have a significantimpacton
relative prepaymentbehavior.

2A strict linearrampto aconstantlevel mayprovetoosimplistic,asempiricaldatamaysuggestthatthepost-rampturnover
rateshoulddecayover time. Self-selectioneffectsmaybepresentashomesin highergrowth areasleave thepool.



3� Limited equity: High LTV loansand loanswhich were equity take-out refinancingsaremore
likely to reachlow or negative equityconditionsin housingmarket slumps.Borrowersin such
situationsmay anticipatelongertenuresandassociatedhomeprice appreciationasa sourceof
equity.� Other:Relocationloansmayexhibit initial stability followedby anaccelerationin prepays.Low
documentationborrowersmaybeself-employedwith stronggeographicties,andpersistentaver-
sion to full documentationmay limit accessto new creditaswell asdiscouragenew homepur-
chases.Investorpropertiesmay turn over morerapidly thanowner-occupiedproperties,as in-
vestorsmaybemorelikely to take gainsresultingfrom housingmarket appreciation.

1.3 Economic(Dis)incentives

While economicincentivesarecommonlydiscussedin thecontext of refinancing-relatedprepayments,
housingturnover is clearlyaffectedby similarconsiderations.� Prevailing mortgagerates: housingturnover is dampenedin environmentswherethe purchase

of a new homewill involve a mortgagewith a higherinterestrate: this is often referredto asa
”lock-in effect.” Theeffect of this disincentive mayfadesomewhatover time,however, asmany
non-economicreasonsfor moving cannotbeindefinitelypostponed.Conversely, refinancingop-
portunitieswill likely amplify housingturnover.� Loansize:astheprevailing ratedisincentive is a linearfunctionof size,jumboloanprepayments
would beexpectedto dampenrelatively morein suchscenarios.This is a potentialexplanation
for theanecdotalclaim thatjumboloanshave prepaymentfunctionswhich aresteeperthancon-
ventionals.

1.4 Broad EconomicEffects

The stateof the economy, trendsin housingvalues,andconsumerconfidencesurelymatter, but will
likely defy attemptsat accurateforecastingor meaningfulincorporationinto a stochasticinterestrate
modelof low dimension.

As of early2000,comparisonsof publishedprepaymentprojectionsacrossmultiplemodelssuggest
substantialdifferencesin opinionover ”out-of-sample”speedsin risingratescenarios.Suchdifferences
aredrivenby varyingassumptionsof housingmarket performancein ahighmortgagerateenvironment
rarelyseenin thepastdecade.

2 Refinancing

Theportionof prepayswhichwouldseemto lenditself to asimpleandeleganteconomicinterpretation
is in reality complex andchallenging,especiallyfor ARM’s. Topicsto beconsideredwhenaddressing
refinancinginclude:� Prevailing mortgagerates:
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– ARM vs FRM: While mostsophisticatedmortgageshopswill expressa certaincomfort
level regardingfixedrateprepaymentmodels,practitionersareoften lesssanguineregard-
ing ARM models. The heterogeneousnatureof production(relative to agency fixed rate
mortgages),implicit borrower expectationsof thedirectionof interestrates,borrower risk
aversion,andrefinancingalternativesalongtheentireyieldcurve(ARM-to-ARM andARM-
to-FRMrefinancings)areamongthesourcesof prepaymentmodelingdifficulties3. Notethat
borrowerdecisionsto refinanceanARM loanwill incorporatefeaturessuchascaps,relative
marginsandteasers:theseshouldbeincorporatedinto theprepaymentmodel.

– Refinancingalternatives: With 15 or 30 yearfixed rate loans,a currentcouponrateat a
comparablepoint alongthe yield curve is likely to capturemostof the refinancingincen-
tive. In steeperyield curve environments,however, refinancingmayacceleratemorethan
in parallelscenarios:sophisticatedfixedrateborrowersmayroll down thecurve to capture
greatersavings.With ARM loans(andlikely balloons),curvebehavior is evenmoreimpor-
tant. Modelswill needto considerrefinancinginto new ARM’s aswell asfixedrateloans.
TheARM-to-FRM refinancingcomponentis alsoa functionof theabsolutelevel of interest
rates,whereborrowersmay forego greaterARM-to-ARM savings in favor of a fixed rate
nearrecenthistoricallows.

– Lags: Whenforecastingrefinancingbehavior, it is generallyacceptedthata lag in ratesof
oneto two monthsis neededto capturethe lengthof the refinancingprocess.The lagged
interestratesshouldbesomemoving averageto captureintramonthratemovements,with
largedipsreceiving potentiallylargerweightsasprospective borrowerslock in loanrates.

– Couponratio or difference:Measurementof refinancingincentive may be consideredas
a function of the absolutedifferencebetweenthe loan rateandprevailing mortgagerates
or asa ratio of the two. The latter approachhasbeenproposedto addressthe notion that
the economicincentive to refinanceis not only a function of the rate differencebut the
level of ratesaswell4. The marginal explanatorypower of the ratio variableinsteadof a
ratedifferenceis anempiricalquestion.Notethat theratio approachimpliesanexploding
refinancingincentive asratestrendtowardempiricallows, asa 2 percentratedifferencein
a 4 percentenvironment

�
6� 4 � 1 � 50� could imply sharplyhigherprepaymentsthanin a 6

percentenvironment
�
8� 6 � 1 � 25� : while it is theoreticallyappealingto includediscounting

in the borrower’s decisionprocess,this relative incentive may be too strongin low rate
environments,particularlyat levelswhichwerenotobservedin theempiricalsample.

– ARM-to-ARM prepayments:ARM borrowers neednot refinanceto capturedownward
movementsin theshortendof thecurve, assuchresetsoccurnaturallywithin theexisting
loan.Hence,ARM-to-ARM refinancingmustbeexplainedby factorssuchasteasercapture

3Westhoff andSrinivasanclaimthattheslopeof thecurve is importantonly to marginal loanswhichareonly refinanceable
with a roll-down into ARM or balloonproducts. (BearStearns,TheNext Generation of Non-AgencyMortgage Valuation
Models,March1999.)

4This point is often tossedaboutratherloosely. In fact,a given coupondifferentialimpliesgreatereconomicsavingsat
higherratelevelsprior to discounting.Whetherdiscountingeffectswill overcomethis paymentsavingseffect dependsupon
theassumptionmaderegardingtheborrower’s decisionhorizon.
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andequity takeout.5 A pronouncedprepaymentspike is commonlyobserved aroundrate
adjustmentdatesin certainARM sectors,particularlyaroundthe initial reset. This effect
hasbeenattributedto somecombinationof teasereffects,shorttenureselectionbias,and
equitytakeoutplays.� Tiersof borrowers:

– Pointsandmargins: Borrowerswho buy down loanratesvia paymentof pointsmayhave
bettercredit characteristics,lower LTV ratios,and sufficient financial savvy to refinance
aggressively whenthe opportunityarises. While dataarenot alwaysreadily availableon
pointspaid, a commonproxy considersthe loan rateversusprevailing mortgageratesat
origination.A closelyrelatedeffect involvesborrowerswith higher-than-average marginsat
origination,astheseborrowersmaybelessresponsive to refinancingopportunities(dueto
poorercredit,higherLTV ratios,etc.)Modelswhich incorporatethiseffect generallyallow
it to decayover time.

– Loan size: as the dollar savings from refinancingis a linear function of loan size, loans
shouldexhibit relative responsivenessconsistentwith balancedifferences.Someof theob-
serveddifferencesin refinancingresponsivenessof FHA/VA, conventional,andjumboloans
will undoubtedlybe explainedby loan size differences. On a relative basis,refinancing
transactionscostsarelower for largerloans.

– Expectedtenureagain: As the benefitsof refinancinginvolve weighingthe presentvalue
of paymentreductionsagainsttransactionscosts,propertieswhich exhibit rapid housing
turnover (suchascondominiums)will realizesmallersavings from refinancingandhence
tendto respondmoreslowly to refinancingopportunities.Preseasoningmayalsobea con-
siderationif apoolhasasubstantialpercentageof loanswith a refinancingpurpose.

– Penalties:Prepaymentpenaltiesshouldbeexplicitly modeledasa costor hurdle to becon-
sideredin a refinancingdecision. It is possible,however, that borrowerswho acceptsuch
provisionswill belessresponsive in general,prepayingmoreslowly thantheeconomicsof
thepenaltyprovisionswouldsuggest.

– Equity takeout opportunities: leveragedborrowers who have experiencedhigh levels of
homeappreciationmayexhibit a tendency to respondquickly to refinancingopportunities.

– Originationchannel: bankingcenter, mortgagecompany, and correspondentoriginations
may exhibit varying degreesof borrower financial savvy as well as varying exposureto
proactive refinancingoffers.� Burnout: Prepaymentmodelsusually includea componentaimedat capturingthe tendency of

successive refinancingwavesto dampenthroughtime, asresponsive borrowers leave a pool of
loansandtheremainingborrowersarelesswilling or ableto follow. A numberof approachesare
possible:

5Downwardresetsin ratecapsarea potentialbyproductof ARM-to-ARM refinancing,but borrowersareunlikely to view
thecapsasaprimarymotivator.
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– Continuumof responsiveness:Perhapsthesimplestapproachis to assumethattheborrow-
ersin a pool of mortgageshave a refinancingresponsefunctionwhich is dampenedasthe
ratio of remainingborrowersto original borrowers(theSurvivalRatio) goesdown. For ex-
ample,after25% of the loanshave refinanced,the remaining75%may prepayat 90%of
the previous level. Whenthe survival ratio dropsto 50%, the refinancingresponsemight
dampento 75%of theoriginal level. Whenthesurvival ratio reachesextremelylow levels,
refinancingresponsesdwindleevenfurther.

– Discretetiersof responsiveness:A fairly commonapproachexplicitly modelstiersof bor-
rowers,potentiallyincludingsegmentswhich cannotresponddueto credit or LTV issues,
segmentswhich respondwith minimal incentive, andsomesegmentsin betweentheseex-
tremes. Eachsegmentmay have its own refinancingresponsefunction6. Somemodels
incorporatedynamicmovementsbetweensegments,althoughthis suggestsexcessive com-
plexity.

– Burnoutasanillusion: At leastoneWall Streetquant7 hassuggestedthatburnoutis almost
completelythe resultof loan level characteristicssuchasthoselisted above: pointspaid,
margins, size,LTV, documentationlevel, etc. Natural segmentationinto subpools,com-
binedwith a comprehensive modeladdressingthesecharacteristics,is claimedto explain
theburnouteffect.� Media effects: Someprepaymentanalystspoint to mediaeffects, suggestingthat as ratesnear

recenthistorical lows, refinancingresponsivenessis amplifiedfor a shortperiodof time. This
featuremaybe incorporatedto ”heal” burnedout loans. A ”look-back function” hasbeensug-
gested8 asanimplementationmechanism,driving refinancingbehavior asa functionof ratelevel
andtimesincethelastsimilaropportunity9.� Costsandconvenience:Certainloansaremorereadily refinanced:convertible ARM loans,for
example,mayprepaymorerapidlythansimilarnonconvertibleloansIF arefinancingopportunity
exists andthe loan is within its convertible window (usuallyyears1 through5.) Somebranch-
originatedloansincluderatemodificationprovisions: theseallow a borrower to resetthe loan
rateto market undercertainconditionsfor a fee. Mortgagebankingindustryeffectsarerelevant
aswell, aslow costrefinancingprogramsaccompaniedaggressive refinancingcampaignsin the
early1990’s.� Loanassumptions:FHA/VA loansareassumable,allowing a purchaserof a hometo assumethe
mortgageof theprevious owner. This will only occur, however, if theexisting rateis favorable
andthehomehasexperiencedminimalappreciation.

6Largerbalanceandhighercouponloanswouldnaturallyexit first, leaving apoolof lessresponsive loans.
7StevenW. Abrahams,TheNew View in Prepayments,MorganStanley, February1997.
8Westhoff andSrinivasan,1999.
9Higher refinancingresponsesareclaimedto occurwhena longerperiodof time haspassedsincea similar opportunity.

This effect neednot occurasa functionof mediacoverageof historicaltroughs:equitytakeoutopportunitiesarelikely to be
greaterwith longerintervalsbetweenopportunities.
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3 Defaults

While defaultmodelingis animportanttopic in credit-sensitive contexts, thevalueaddedby addressing
defaultsasa separatecomponentof prepaymentsis probablylow relative to thedevelopmentof solid
turnover andrefinancingmodels.Whenembeddedinto a prepaymentmodel,default is oftenmodeled
asa simplefunctionof age,LTV, anda few othercreditvariables.It shouldbenotedthatARM loans
aregenerallyconsideredmorelikely to experiencecreditperformanceproblemsdueto thepotentialfor
paymentshocksandusageasanavenueto qualify for largerloans.

4 Curtailments

Partial prepaymentsaregenerallyassumedto be immaterial,convenientlycollapsinginto the param-
etersof the turnover portion of a prepaymentmodel. A possibleexception,however, is the caseof
extremelyseasoned30 yearloans,wherethe interestportionof a paymentis relatively small (minimal
taxadvantages)andtheborrower haslikely accumulatedpersonalwealthover thetermof theloan.

Part II

Model Structureand Implementation

5 Overview

Theapproachtakenby Quantitative Financehastraditionallyinvolvedtheconstructionof aprepayment
functionsimilar to thosecommonlyusedby tradersanddealers,with theassociatedparametersfittedto
some”StreetConsensus,” imputedfrom market prices,or drivenby assumption.

5.1 Statistical Approaches:Then and Now

In thepast,econometrictechniqueswereavoidedfor anumberof reasons:� thedataandresourcesrequiredwerenot readilyavailablewithoutsubstantialcosts;� thenatureof theFRMportfoliosoftenanalyzedwasassumedto besimilarto TBA pools,allowing
inexpensive leveragingoff of publishedforecasts;� thepreferredfunctionalformsexhibit non-linearitiesandinteractionsbetweenexplanatoryvari-
ablesthatarenon-trivial to addresswith standardeconometricmachinery, and� finally, in light of thepreviouspoints,skepticismexistedasto themarginalvalueof aneconomet-
ric modeloveranimpliedmodel.

It is clear, however, thattheuseof implied forecastsis bestlimited to homogeneous,liquid product
sectorswheremarket participanthave adequatedataandincentivesto estimateandpublishprepayment
analysis.Asasignificantportionof theBankof Americamortgageportfolio fallsoutsideof suchsectors
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of themarketandis thereforein needof specializedmodels,it seemsappropriateto attemptto integrate
theempiricalandprospective approaches.

Recentlydataissueshavebeenaddressedpost-mergerwith aconcertedeffort to collectandorganize
datafrom both the Eastandthe Westbank. As a result,datasetsfor both fixed andadjustablerate
mortgagepool historieshave beencreated. In addition, datafor fixed rate mortgagesfrom outside
sources(notably, EJV)hasbecomeavailableaswell. QuantitativeFinanceis currentlybuilding apurely
empirical model in addition to using statisticalmethodsto evaluatethe performanceof productions
models.

5.2 Lessonsfr om Derelict Models

Thepastdecadeof prepaymentresearchwouldseemto teachanumberof lessons.� First,thestructureof themortgagemarket is dynamic:caremustbetakento accountfor structural
changesover time;� Second,prepaymentsaredriven by numerousvariablesother thanthe generallevel of interest
rates: the strengthof the economy, consumerconfidenceandleverage,housingpricesandpre-
vailing LTV levels, debtconsolidationopportunities,the slopeof the mortgagecurve, etc. As
thesedriversareoften missingfrom deterministicprepaymentmodelsdueto difficulty in fore-
castingthevaluesof suchvariables,it is necessaryto make subjective judgementsasto whether
amodelshouldfit empiricalbehavior over longperiodswheresuchvariablesarechanging.� Finally, givensuchproblemsin building amodelwith econometrictechniques,theultimateprod-
uctof sucheffortsshouldbesufficiently transparentto allow carefulinspectionandtestingof the
sensitivity of theperformanceof themodelto changesin ”unmodeled”variables.

Theusualcomponentsdiscussedin prepaymentpapersareincorporatedin thecurrentmodelspecifica-
tion: seasoning(slowerprepaysearlyin thelife of a loan),seasonalvariation(higherprepaysin warmer
months,)refinancingbehavior, andburnout(refinancingresponsesdampenasopportunitiesaremissed.)
Themannerin which thesecomponentsareincorporatedwill varyasa functionof thetypeof mortgage
considered(ARM, hybrid,fixed,balloon,etc.)

6 KeyConcepts

Beforewadinginto theequations,a discussionof somenotableissuesmayprove to behelpful.

6.1 Functional Form

Themodelemployedincludesbothadditiveandmultiplicative elements.Theadditivity is aimedatseg-
mentingbehavioral effectssuchthatrefinancingopportunitiesdonot faceaseasoningrampor seasonal
variationandthatnon-refinancingprepayments10 (deaths,divorces,relocations,upgrades,etc.) do not
burn out in thesamefashionasrefinancing.Earlyprepaymentmodelsallowedtheseeffectsto blend.

10Theseprepaydriversarecollectively referredto hereinasthedemographicelementof prepayments.
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6.2 ForecastingMortgage Rates

Analysisof mortgagesis commonlyperformedin thecontext of somenon-mortgagebenchmarkrate,
suchasCMT or CMS.11 As prepaymentforecastsaregenerallydrivenvia benchmarkmortgagerates,
someassumptionmustbemadeconcerningthe dynamicsof mortgageratesasa functionof thenon-
mortgagebenchmark,e.g.,the10yearswaprate.

Ratherthanbuild a simpleregressionmodelof the mortgagespread,Quantitative Financemakes
thefollowing assumption:

St � St � 1 � γ
�
Sµ � St � 1 � ,

where

St 	 thetime t spreadbetweenthemortgagerateandanon-mortgageindex (10yearCMS).
Sµ 	 thelong-termexpectedvalueof thespread.
γ 	 thespeedatwhich thespreadreturnsto its long-termexpectedvalue.

Thus,theprospective mortgagebasisbehavior is easilyunderstoodandmaybesubjectedto exogenous
shocksvia Sµ andγ. A simpleeconometricmodelof thespreadmaybepursuedatsomepoint,with care
takento maintainmodelstabilityandtransparency.

7 Fixed RateMortgage Prepayments

Fixedrateprepaymentsareassumedto beseparableinto a turnover componentanda refinancingcom-
ponent.In eachcomponent,thecurrentrateenvironmententersinto a borrower’s decisionvia aneco-
nomicsavingscalculation:Savingst

��
 � is a functionof ratedifferential
�
G � �

Ct � St ��� , loansize,bor-
rowerevaluationhorizon,andremainingtermT.12 Notethatthisquantitymaybenegative, indicatinga
disincentiveto terminatea loanfor non-financialreasons.13 Define

G 	 grossmortgageloanrate.
T 	 weightedaveragematurityin months.
Ct 	 currentreferencerate(e.g.10YCMS)atmontht. (May includea lag.)

Savingst
��
 � 	 approximationfor thetime t economicvalueof refinancing.

7.1 Demographicor HousingTurnover Prepayments

Threemultiplicative elementsareusedto captureprepaymentbehavior in theabsenceof a refinancing
incentive. Notethatthedemographiccomponentis not independentof a rate(dis)incentive, ashousing

11It is increasinglyunusualfor Treasuryratesto be usedas benchmarksfor mortgageratesor OAS calculations. The
”decoupling”of Treasuryandspreadproductsin recentyearshasled to widespreaduseof CMS (ConstantMaturity Swap)
ratesasthepreferredbenchmark.

12Seetheappendixfor additionaldiscussion.
13Theprepaymentliteratureoftendubsthis the”lock-in effect.”
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Figure1: SeasoningandSeasonalComponents

turnover is undoubtedlyaffectedby thelevel of mortgagerates.

SMMD
t 	 demographicportionof SMM at time t.

Aget 	 monthssinceorigination.
MTS 	 monthsuntil fully seasoned.

Seasonal
�
t � 	 seasonalSMM multiplier asa functionof calendarmonth.
 D � Savingst
��
 ��� 	 demographicSMM asa functionof refi (dis)incentive .

Thedemographiccomponentis givenas:

SMMD
t � SeasoningD

�
t ��� Seasonal

�
t ��� 
 D � Savingst

��
 �����
A PSA-like seasoningramp14, rising linearly from month0 to monthMTS, is givenby

SeasoningD
�
t ��� min

�
Aget

MTS � 1 � 0������ 0 � 1���
To captureasimpleseasonalpattern,a look-upfunctionmaybeusedsuchthattheSMMD

t is scaled,

Seasonal
���

month
�
t ������� 0 � 70� 0 � 77� 1 � 05� 1 � 09 � 1 � 14� 1 � 23� 1 � 11� 1 � 16� 0 � 99 � 1 � 02 � 0 � 91� 0 � 83 �

wheremonth
�
t �!�"� 1 � 12� indexesa look-uptablesuchasthesetabove.

Consideran”at-the-money” poolof mortgageswhereCt � St � G � 15 Assumethat

 D � 0 � 0��� 0 � 50�

The demographicprepaymentfunction

 D ��
 � suggests,therefore,that in theabsenceof an economic

rate(dis)incentive, SMMD
t will be 0.50 for a seasoned

�
Aget # MTS� pool prior to seasonalconsid-

erations.If Aget $ MTS, then

 D � 0 � 0� will bescaleddownward by Aget

MTS. SinceSeasonal
�
t � implies

variationasa functionof thecurrentmonthof theyear,

 D � 0 � 0� will bescaleddownwardby asmuch

as0 � 70 in Januaryandupwardby asmuchas1 � 23 in June.

14This shapeassumesa constantaftertheramp:somedecaycouldbeadded.A multi-tieredshapemaybeusedto capture
the”slow mover” selectionbiasin prepaymentpenaltypools.

15For illustrativepurposes,replace% D & Savingst &(' )*) with a functionof pureratedifferentialG + & Ct , St
) .
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Figure2: DemographicPrepaymentResponse

 D � G � � Ct � St ���
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Figure4: RefinancingSMM Responseprior to Burnout

 R � Savingst

��
 � � hurdle�
7.2 Refinancing-Driven Prepayments

Define:

SMMR
t 	 refinancingportionof SMM at time t.

hurdle 	 refinancingcosthurdle.
 R � Savingst
��
 � � hurdle� 	 refinancing-drivenprepayfunction.

Survivalt 	 surviving loanproportionatmontht, Survivalt �-� 0 � 1� .
Survivalµt 	 ”expected”survival (afterdemographicrunoff) at montht, Survivalµt �-� 0 � 1� .
 B � Survivalt

Survivalµt
� 	 refinancingburnoutfunction ��.� 0 � 1� .

Therefinancinghurdle is usedto introducetransactionscostsandis a likely componentof modelen-
hancementsaimedat analyzingpoolswhich faceprepaymentpenalties. The hurdle implementation
assumesafixedcostportionandavariableportionasa functionof loansize.

Therefinancingcomponentis givenas:

SMMR
t � 
 B

�
Survivalt
Survivalµt

� � SeasoningR
�
t �/� 
 R � Savingst

��
 � � hurdle���
 R � Savingst
��
 � � hurdle� returnsarefinancing-drivenSMM level for apoolof mortgageswhichhasseen

no previousrefinancingopportunities.Oncerefinancingopportunitiesareexperienced,this component
will besubjectto burnoutvia


 B ��
 � . A separateseasoningmechanismSeasoningR
�
t � is includedto add

flexibility to therefinancingresponsefunctionalspecification.16

The burnoutfunction dampens

 R � Savingst

��
 � � hurdle� asa function of observed refinancingbe-
havior.17 Survivalµt is assignedthe”expected”percentageof surviving loansat time t by assumingthe

16For now assumeSeasoningR & t )10 1 2 0 2
17Recentprepaymentliteraturehasemphasizedtheassessmentof prepaysat the loan level asopposedto pool level: loan

characteristicswhich lead to a distribution of refinancingresponsivenessare modeleddirectly. Loanswith sophisticated
borrowers,largebalances,low LTV/high equity takeoutpotential,andwholesalepedigreesareexpectedto respondquickly,
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Figure5: RefinancingBurnoutFunction

 B � Survivalt

Survivalµt
�

poolhasexperiencedSMMD
t (asdefinedin theprevioussection)from originationto time t. To simplify

theSMMD
t calculation,it is assumedthatCi � Si � G �(3 � i $ t ��� Thus,

Survivalµt � t

∏
i 4 1 5 1 � SeasoningD

�
i ��� Seasonal

�
i ��� 
 D � 0 � 0�768�

Theactualpercentageof surviving loans,Survivalt , is dividedbySurvivalµt to createavariableto explain
burnoutbehavior. 18

7.3 Demographicand Refinancing-Driven Prepayments

Combiningthetwo components,

SMMt � scalet � � SMMD
t � SMMR

t � �
wherescalet is anexogenousshockfacility and

SMMD
t � SeasoningD

�
t ��� Seasonal

�
t ��� 
 D � Savingst

��
 ���
SMMR

t � 
 B

�
Survivalt
Survivalµt

�9� SeasoningR
�
t �/� 
 R � Savingst

��
 � � hurdle�
Theadditivity accomplishestheaforementionedgoalof modelingcomplex interactionscorrectly: refi-
nancingopportunitiesareneverseasonally-adjusted or dampenedby a turnover-relatedseasoningramp,
andrefinancingburnoutdoesnoteffect theturnover behavior.

whereasloanswith low balances,high LTV, credit impairment,documentationdisincentives,or shortborrower tenurewould
respondmoreslowly. The ”traditional” burnoutapproachdescribedin this paperis a proxy for suchdirect modelsof the
distribution of loan characteristics.While the loan level approachhassomeappeal,the designand executionof suchan
approachcomesat considerableexpensein termsof dataandcomputationalrequirements.

18Note that if burnout is treatedpurely as a function of Survivalt , omitting division by Survivalµt , then an older, low-
couponpool of loanswhich hasnever seena refinancingopportunitycouldexperiencea burnouteffect baseduponempirical
demographicprepaymentbehavior. Thispossibilityis precludedin themodelvia thesurvival ratio.
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8 Adjustable RateMortgage Prepayments

ARM prepaymentsrequirenumerousextensionsto theprecedingfixedratemodel,but areaddressedin
a similar fashion.While thedemographicfunctionalform is thesameaswith fixedratemortgages,the
parametersreflectthatARM’sgenerallyseasonmorequickly andhaveahigherandflatterdemographic
prepaymentresponsefunction


 D ��
 � . For simplicity, the ratedependenceof demographicprepaysis
addressedvia aFRM referenceratedifferential.

8.1 Refinancing-Driven Prepayments

Define:

Gt 	 grossARMcurrentcoupon.
C0 	 originalFRM referenceinterestrate,e.g.,10YCMS.
Ct 	 currentFRM referenceinterestrate.
S0 	 originalFRM referencespread.
St 	 currentFRM referencespread.
I0 	 originalARM floatingrateindex.
It 	 currentARM floatingrateindex.
E 	 Borrower evaluationhorizonin months.

The refinancingterm hasseveral components:an ARM-to-FRM component,a curve-steepening
multiplier, andan”up-and-flatten”component.19

In falling rate environments,assumethat ARM borrowers measurerefinancingopportunitiesby
comparinganoriginal referencefixedmortgagerate

�
C0 � S0 � to thecurrentmarket fixedrate

�
Ct � St � .

Economicsavings from refinancingarecalculatedasin thefixedratemodeldescribedpreviously. An
SMM is returnedvia a function
 R: � Savingst

��
 � � hurdle���
To capturethepotentialfor ARM-to-ARM refinancing,assumethatthis level-drivenrefinancingbehav-
ior is modifiedby aslopemultiplier


 S � Ct � It � C0 � I0 � .
The”up-and-flatten”componentis only relevantwhenthelevel of ratesis suchthat It ; I0 � ARM-

to-ARM refinancingis assumedto benon-optimal,but the ARM-to-FRM questionremains: is it the
casethattheaverageARM couponḠt

�
t � t � E � anticipatedover timehorizonE is highrelative to afixed

ratealternative?

Ḡt
�
t � t � E � incorporatesall relevantcontractualfeaturesof theARM suchasmargin, periodiccaps

andfloors,life capsandfloors,etc. ThecurrentevaluationhorizonE for anticipatedARM ratesis five
years,with forward index resets

�
Ii � i ; t � � assumedconstantat thespotlevel It . Refinancingbehavior

is drivenby thedifferencebetweentheanticipatedaverageARM rateandthemarket fixedalternative:
 R< � Savingst
�
Ḡt
�
t � t � E � � � Ct � St � � 
 � � hurdle���

19Notethatthelattertwo componentswill notbefully exploitedif usedwith single-factorvaluationmodels.
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8.2 Combining Demographicand RefinancingComponents

Combiningall components,

SMMt � scalet � � SMMD
t � SMMR

t � �
wherescalet is anexogenousshockfacility and

SMMD
t � SeasoningD

�
t ��� Seasonal

�
t ��� 
 D � Savingst

��
 ���
SMMR

t � 
 B

�
Survivalt
Survivalµt

�9� SeasoningR
�
t ���>= 
 S � Ct � It �/� 
 R: ��
 � � 
 R< ��
 ���@?

A separateseasoningcomponenthasbeenaddedto therefinancingtermasamechanismfor potential
decayin refinancingbehavior. In practice,theburnoutcomponentis viewedasmuchlessimportantfor
shortARM productsthanfixedrateproducts,andtherefinancingseasoningcomponentmaybeusedin
lieu of thecomplex burnoutfunction.20

9 Hybrid Mortgage Prepayments

Hybrid ARMs offer the challengeof ”merging” fixed rateandadjustableratemodelsin a consistent
manner. Considerthecommonspectrumof hybrids: 3/1, 5/1, 7/1, and10/1 loans. It is probablysafe
to assumethat the3/1 borrower is anARM borrower, having similar sensitivity to the level andslope
of the mortgagecurve anda relatively shortexpectedtenurein the home.21 On the otherendof the
spectrum,the10/1borrower probablydifferslittle from a 30 yearfixedrateborrower. Betweenthe3/1
and10/1behaviors arelikely thoseborrowerswho might have selectedballoonsin yearspast,but now
find the 5/1 and7/1 productsmoreattractive. Theseborrowersare likely (on average)to have short
initial expectedtenures,but mayextendtheir evaluationhorizon22 astheresetdraws nearer.

To model5/1, 7/1, and10/1hybrid prepayments,theARM specificationfrom theprevioussection
is (hopefully)toocomplex. Instead,returnto thefixedratemodelwith somenotableextensions.Define

Ct 	 currenthybrid referenceinterestrate,e.g.5YCMS.
St 	 currenthybrid referencespread.
Et 	 Borrower evaluationhorizonat time t.

Ḡt
�
t � t � Et � 	 averagecontractualloanrateoverEt .

A hybridborrower is assumedto focuson a refinancingalternative which is on theshortendof the
curve: afterall, this is wheretheborrower haspositionedtheexisting loan. This alternative instrument
hastherateCt � St asdescribedfor theFRM model,but thereferencepoint on thecurve aswell asthe
spreadwould reflectahybridor balloonloaninsteadof anFRM.23

20In otherwords,assumeaconstant% B &(' )10 1 2 0.
21For now, 3/1ARM’s areaddressedusingtheARM specificationfrom theprevioussection.
22This is thetime periodover which theeconomic(dis)incentive for refinancingis considered.For theseborrowers,reset

risk mustbeincorporatedin somefashion.Seetheappendixfor additionaldiscussion.
23In otherwords,thereferenceratefor a7/1 is not the10YCMSratebut is ashortertenorsuchas5YCMS.
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As with ARM’s, therateto becomparedwith themarket alternative is not a staticquantity: some
assumptionmustbemaderegardingtheborrower’s expectationsregardingloanratereset(s).For sim-
plicity, it is assumedthat the borrower averagesthe monthly ratepaid over the evaluationhorizonEt

andusesthis compositerate Ḡt
�
t � t � Et � to calculatesavings from refinancing. The loan rateresets

arecalculated,utilizing all relevantcap,floor andmargin features,assumingtheunderlyingrateindex
remainsat its currentspotlevel over theentirehorizon.

10 Balloon Mortgage Prepayments

Balloonproductsareaddressedin thesamefashionashybrids,for theballoonborrowereffectively faces
a”market reset”at theballoondate.Mostballoonloansincludeanoptionto extendthetermof theloan
at a new, slightly above-market rate,andborrowersarecertainlyableto seeka new loanfrom another
lender.

Perhapsthe primary economicdifferencebetweenthe balloonandhybrid loan at the resetis the
uncappednatureof the balloonrelative to thehybrid. This maycausea ”panic effect” astheballoon
borrower approachestheballoondate,wheretheborrower rushesto lock in a new rateratherthanbear
theresetrisk.

Specifically, balloonsaremodeledashybridswith a notableexception: Ḡt
�
t � t � Et � is calculated

assuminga resetinto anew fixedrateballoonloanat theballoondate.

11 Handling PrepaymentPenalties

Prepaymentpenaltyfeaturescanbe addedto any of the aforementionedproductsvia the useof two
commonmodelcomponents:thedemographic/turnover seasoningfunctionandtherefinancinghurdle.

In particular, one would expect a selectionbias in a pool of borrowers that acceptedthreeyear
prepaymentpenalties:theexpectedtenurein thehomeis greaterthanthreeyears.Thus,theusualPSA-
like seasoningrampdiscussedearlierwould needto be replacedwith a multi-tiered function which
allows for a muchlower turnover rateduringthepenaltywindow, but shiftsto a ”normal” turnover rate
thereafter.

Shouldratesfall significantly, however, the potentialsavings from refinancingcould exceedthe
amountof the penalty. To allow for rationalborrower behavior in this instance,the refinancingcost
hurdleis modifiedto includetheamountof thepenaltyduringthepenaltywindow. As theendof the
penaltywindow drawsnear, it is possiblethatadampeningin suchrefinancingswouldoccurin orderto
avoid thepenalty, with pent-updemandbeingreleasedasaspike at theendof thepenaltyperiod.

12 Idiosyncratic Spikes

In a numberof contexts, prepaymentspikes are observed that may not fit cleanly into this (or any)
prepaymentspecification. Many ARM pools show spikes immediatelyfollowing resets: the unsus-
tainednatureof thesurgesmakesthemdifficult to explain economically. Is thebehavior a functionof
teaser/equitytakeoutplays,paymentshock,or shorttenureselectionbias?SinceARM productsexplic-
itly includearesetto market,excludingteaserandcapeffects,it seemscounterintuitive thatsuchspikes
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couldbepervasive.
Thisspike effect,aswell asthe”balloonpanic”and”post-penaltysurges”of theprevioussections,

canbeaddressedusingthedemographicandrefinancingseasoningcomponentsof themodels.Prior to
incorporatingsuchbehaviors, however, someadditionalempiricalwork shouldbedoneto attemptan
explanationof themagnitudeandpersistenceof theseeffects.

13 Calibration and Parameter Estimation

13.1 Implied Estimates

In theabsenceof historicaldata,QF hascalibratedmodelsto provide reasonableandtheoreticallyap-
pealingprojectionsthatfit marketobservationsof pricesor speedswhereverpossible.Resultsfrom such
calibrationshave beensubjectedto a batteryof testswhichstressthemodelperformanceundernormal
andextremescenarios.Model performanceis alsoexaminedwith the goal of reconcilingbehavioral
differencesamongproductsfrom differentmarkets.

Impliedcalibrationof themodelcanbeperformedin anumberof ways.

13.1.1 Mark et Prices

QF’sfirst passat impliedcalibrationusedmarket pricesfor TBA’s, IO’sandPO’s for aparticularmort-
gagetype (e.g. FNCL) andattemptedto establishparametersthat performedwell acrossinterestrate
scenariosandcoupons.This techniqueis expensive computationally, andQFabandonedtheapproacha
numberof yearsagoafterobservingthatsimilaranswerswereproducedfrom thelesscostlyapproaches
thatfollow.

13.1.2 Third Party Models

Examinationof modelsfrom certainthird partyvendorsfrom which we obtainedlicensesor mayob-
serve via the Bloomberg, notably Andrew Davidson and Espiel, provides a rangeof opinionsupon
which to benchmarkQFresults.As QFhassomeexperiencewith thesevendors,useof theprojections
is notwithoutcaution,for suchmodelshave limitationsandbiasesthatQFseeksto avoid.

13.1.3 Bloomberg DealerProjections

For genericTBA’s,Bloomberg makesavailablePSAprojectionsfrom many dealersfor fixedratemort-
gagesof acrosscouponsandvintages.UsingsuchdataenablesQFto produceamatrixof targetspeeds
by producttype for specificcouponsand interestrate scenarios.Sincethe mortgageissuesare not
completelygenericin termsof WAC andWAM andthe reportingdatevaries,somereconciliationof
differencesbetweendealersis required.

QF examinesthe performanceof internalmodelsrelative to the dealerprojectionson a monthly
basis. Re-calibrationoccurswhenthe QF modelsbegin to appearextremerelative to the universeof
dealeropinions: QF typically positionsits model relative to other modelssuchthat MSR or IO is
conservatively valued.
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13.1.4 PrepayTuner

A recentadditionto theQF toolbox,thePrepayTuner is a programthatwill measuretheperformance
of any QF modelversusactualprepayhistory for a specificpool. Developedto addressbacktesting
andstatisticalfit issues,theoutputof this programwill trackactualbalanceandSMMs againstmodel
forecastedbalanceandSMMs on a periodby periodbasis.In addition,it is possibleto outputat each
periodthe full stateof the prepaymodel(i.e. the valueof all variableswhich contribute to the final
forecastedSMM). Resultshingeon theamountof actualdatafor eachpool,specificallythenumberof
loansper pool, andthe numberof actualvintages(couponandvintagecombinations)for a particular
modeltype. This outputgivesthe ability to examineexactly how eachindividual pieceof the model
performsacrossvintagesandcoupons,yieldingmeasuresof fit andpotentialcalibrationaids.

13.2 Statistical Estimation of Fixed RateMortgage PrepaymentModels

The following is an introductionto thecurrentQuantitative Financestatisticalmodelingefforts. Cur-
rently the resultsof statisticalwork areusedto provide insightsleadingto adjustmentsto the implied
model.Over time, it is expectedthatthiswork will form asignificantportionof themodellingeffort.

13.2.1 PrepaymentModel Structure

CPRD � t �8� Baseline � Lockin
�
Savings�/� seasoning

�
t ��� seasonality

�
month�

CPRR � t �8� Ref iI ncentive
�
Savings�A� Burnout

�
t �

CPR
�
t �8� CPRD � t � � CPRR � t �

13.2.2 Overview

In generalQF assumestwo mainreasonsfor prepaymentson mortgages,HousingTurnover (CPRD � t � )
and Refinancings(CPRR � t � ). Eachof thesesub-modelsis madeup of interactionsbetweenvarious
sub-components,whereeachsub-componentis anonlinearfunctionof its underlyingvariable.

Theturnover relatedsub-model
�
CPRD � t ��� is producedoutof theinteractionbetweenfour separate

nonlinearsub-components:Baseline(baseturnover relatedprepaymentspeedfor seasonedpools),sea-
soning(slower prepaymentspeedsearly in thelife of thepool), Seasonality(fasterprepaymentspeeds
in warmermonths),andLockin (slower prepaymentspeedsin rising rateenvironments).

TheRefinancingsub-model
�
CPRR � t ��� isproducedoutof theinteractionbetweentwosub-components:

RefiIncentive(fasterprepaymentsin falling rateenvironments),andBurnout(slowerprepaymentspeeds
duringperiodsof refi-incentive dueto changesin pool composition).

Themodeldescribedherediffersagoodbit from typicalstatisticalmodelsin its functionalform and
in theway it is estimated;it alsohasa fair numberof ”parts.” As a result,implementingamodelof this
typerequiressolutionsto numeroussmallproblems,many of which arenot standardin statisticalliter-
ature.Becauseof theserestrictions,theestimationapproachwe useis non-parametricin nature.This
approachprovidestheflexibility to fit thenonlinearrelationshipsseenin themodelandallowsmodelling
of thecomplex interactionsseenbetweeneconomicrefinancingandturnover-relatedrefinancing.
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13.2.3 The Essenceof the Modeling Approach

As canbeseenfrom themodel,many interactionsexist betweenvariablesthatmustbeestimatedin a
consistentmanner, which both isolatestheeffect of theseinteractionsandmodelsthemcorrectly. For
examplethe seasoningeffect takes the form of fasterprepaysin warmermonthsbut slower prepays
for youngerpools. If thesetwo effectsweremodeledwithout carefulconsiderationto this interaction,
a blendingof thesetwo effectswould occur in our estimationsandbiaseswould undoubtedlyshow
up in themodel. Becauseof the complicatednatureof the modelthesetypesof interactionsareseen
often and form the mostdifficult part of the modelingprocess.To make thingseven moredifficult
theseinteractionsarenon-linearin nature,which makesthemdifficult to modelusingstandardlinear
regression.

To addressthesedifficulties QF hasdevelopeda modellingapproachthat addressestheseinterac-
tionsin aconsistentandaccuratemanner. Themodelingapproachconsistsof threestepsthatappliesto
eachsub-componentof eachsub-model.Thesethreestepsareasfollows:

1. Isolateasubsetof thedataonwhichto fit eachsub-componentof eachsub-model.Subsetsshould
bechosento isolatetheeffect of thatonepredictor.

2. Use nonparametricregressionto model this relation. We initially useloessto do this for its
flexibility androbustnesswith respectto outliers

3. Subtractout (or divideout) thepredicted(CPR)effectsof thispredictorfrom therestof thedata.

To illustratethis process,consideragainthe problemof estimatingthe seasoningprocess.If one
were to assumethe seasoningprocessconsistedof only the interactionbetweenthe seasoningramp
(slower prepaysfor youngpools)andseasonality(fasterprepaysin warmermonths),onewould first
isolatethe seasonalityeffect by estimatingit on the subsetof datawere the seasoningramphasno
effect, i.e. fully seasonedpools. Onecould thenremove theseasonalityeffect from theentiredataset
by dividing out its predictedCPR.With the seasonalityeffect removed it is possibleto estimatethe
entireseasoningrampwithoutconcernfor thepossibleconfoundingeffectsof theseasonalityvariable.

As canbe seenfrom the exampleabove, the orderin which sub-componentsareestimatedis im-
portant.For instance,adecisionto estimatetheseasoningrampbeforetheseasonalitymultiplier would
requirefindinga portionof thedatain which theseasonalitymultiplier wasconstant.This is obviously
muchmoredifficult to do (if not impossible)thanestimatingin thereversedirection.

13.2.4 Modeling Specifics

At thecoarsestlevel, observationsaredividedinto two types:demographic(datawithoutrefi incentives)
andrefi (datawith refi incentives). This division is basedon the valuesof thesavings variablefound
in themodel.This variableis a functionof ratedifferential,loansize,borrower evaluationhorizonand
assumedtransactioncosts,and is usedthroughoutthe modelasa measureof economicincentive or
disincentive to prepay.

Thedemographicsub-modelis fitted first, usingonly demographicobservations, for it is possible
to find datain which to isolatedemographicprepayments,i.e., loanswhich prepaywhenthey have no
rate incentive to do so. It would not be possibleto isolategroupsof loansknown to be solely refi-
prepayments.A predicteddemographicbaselineprepaymentrateis thensubtractedout from the refi
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observations,so what remainsin the refi observationsis just prepaymentsdue to refi. The refi sub-
modelis thenestimated.

Within thedemographicsub-model,abaselinecomponentisfittedfirst, theseasonalitysub-component
second,thentherate-sensitive component(Lockin), andfinally theseasoningcomponent:

Seasonalityis estimatedin oneof two ways: (1) pre-specifiedby NationalAssociationof Realtors
ratios; (2) estimatedfrom the data. In the event it is estimatedfrom the data,it shouldbe estimated
ONLY on thesubsetof thedemographicdatathatis fully seasoned(andthosewhicharenot too far out
of themoney), to avoid theconfoundingeffectsof theotherpredictors.In otherwords,for loansthat
arefully seasoned,CPRdoesnot vary muchwith Seasoning,andfor loansthataredemographicdata
but not deepout of themoney, CPRdoesnot vary muchwith Savings,soQF hasisolateda subsetof
datafor whichSeasonalityis thedriving forcebehindCPRfor themodelspecification.Call this subset
”Seasonalitydata.”

OnceCPRasa functionof Seasonalityis fitted, its effectsareremovedfrom boththedemographic
dataset and the Seasonalitydataset, so remainingvariability is due to other predictors. CPR as a
functionof Savings(Lockin) is thenestimatedon theresidualsof thedemographicdata,andits effects
areremoved,soremainingvariability in CPRin thedemographicdatasetis dueto Seasoning.Finally,
CPRasa functionof age(Seasoning)is estimatedon theresidualsof thedemographicdatasetfrom the
previousstepto completethedemographicsub-modelestimation.

Next, thepredictedCPRis determinedon theRefi datasetusingthedemographicsub-model.This
Demographic-predictedCPRis subtractedfrom theactualCPR;usethenameCPRrefito describethe
residualCPRthatremains.Becausetheeffectsof thedemographicsub-modelhavebeensubtractedout,
thatremainingCPRis assumeddueto economicrefinancing.

Within the Refinancingsub-model,effectsdueto Savings areestimatedfirst, andthenthe effects
due to Burnout. This processbegins with isolation of a subsetof the datawhich is hasseenonly
moderateamountsof economicrelatedrefinancingopportunities.Call this therefi-savings datasetor
theunburneddataset.CPRis estimatedasafunctionof savings(refi) onthisdataset.PredictedCPRis
thenestimatedasa functionof savingson theentireRefidataset,andits effectsareremoved.

TheBurnoutmultiplier is thenestimatedon residualsattainedfrom thepreviousstepon theentire
Refidatasetto completetheestimationprocess.

Resultsof all nonparametricregressionfits areconvertedto a lookuptablebetweendependentand
independentvariables.A finely spacedgrid of valuesfor eachindependentvariableis usedto createthe
lookuptable,sointermediatevaluescanbedeterminedvia linearinterpolation.

13.2.5 Detailson Burnout

Burnoutis definedasthe decreasein interestratesensitivity of a pool asmoreandmorerefinancing
opportunitiesareexperienced.QF measurestheburnoutof a pool by comparingthepredictedprepay-
mentsdueto refinancingswith thepredictedprepaymentsdueto turnover. This measureis internally
consistentandits rangeis alwayscontainedin [0,1]. Themeasuretakestheform:

Burnout � survivalD B R
t

survivalDt
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Where

survivalD B R � ∏
t
� 1 � � SMMD

t � SMMR
t �C�

survivalD � ∏
t
� 1 � SMMD

t �
This measureof Burnoutis an improvementover theoften-usedpool factormeasure.The reasonfor
this is within thepool factorframework it is difficult to designatebetweenburnoutmeasuresof older
low-couponpoolsthat have never seenrefinancingopportunitiesbut have a small pool factordueto
turnover relatedprepaymentsalone,andyoungerpools that have experiencedsubstantialrefinancing
opportunities.Thisnew Burnoutmeasureeliminatesthepossibleconfusion.

13.2.6 A Brief Primer on Local Regression(loess)

Regularregression,alsoknown asordinaryleastsquares(OLS) regression,determinesthebest-fitting
straightline betweena dependentvariabley andanindependentor predictorvariablex by minimizing
thesumof squarederrorsbetweenthepredictedvaluesof y andtheactualvaluesof y. This resultsin
thefollowing estimates:�

y � ȳ��� β
�
x � x̄� � ε

whereβ is the estimatedregressioncoefficient. Anotherfundementalmeasureof the realtionshipbe-
tweentwo variablesx andy is thecoefficientof correlationr. Thismeasuretakestheform:

r � ∑
�
xi � x̄� � yi � ȳ��

nsxsy �
wheresX andsy arethesamplestandarddeviationsof x andy.

Givenmean-centeredx andy, theconnectionbetweencorrelationandregressionis

β � �
sy

sx
� r (1)

Soonecanthink of thecorrelationasastandardizedslope(regressionbeta),or onecanthink of thebeta
asa scaledcorrelation.

Changingfrom samplestatisticsto populationparameters,thepreviousrelationcanbeexpressedas

ρ � βσx

σy

or

ρ2 � β2σ2
x

σ2
y

.

And because

y � βx � ε �
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it follows that

ρ2 � β2σ2
x

β2σ2
x � σ2

ε

Local correlationis simplya generalizationof this relationin thatbetasandcorrelationsareallowedto
vary asa functionof independentvariablex, insteadof beingconstantfor all x (notethatonecanalso
generalizethevariancetermsto benon-constantaswell):

ρ2 � β2 � x� σ2
x �

β2
�
x� σ2

x � σ2
ε

For anintuitiveoverview of thistopic,seeBlythe(1994;moretechnicalreferencesarealsogiventhere).

ThenameLoessstandsfor Local regression.Essentially, local regressionor loessmodelsareused
whenthe slopeor correlationbetweentwo variablesis not constantacrossthevaluesof the predictor
(or theirvariancesarenotconstant).Onecanthink of loessasmany differentregressionsoverdifferent
locally weighted”windows” in thedataset.

Cleveland(VisualizingData,pp.91-101,110-119,122-127)providesthetechnicaldetailsof loess,
including:

1. How loessis madeto berobustwith respectto outliers,

2. Quadraticversionsof loess(i.e.,a localversionof quadraticregression)and

3. Choiceof smoothingparametersin loess.
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A Appendix: EconomicValueof RefinancingFixed RateMortgages

A.1 Equations

Define

G 	 contractualmortgagecouponrate.
M 	 market mortgagecouponrate.
T 	 maturityof existingandprospective loansin months.
E 	 borrowersevaluationhorizonin months.
U 	 currentloanbalance.

Thestandardfixedratepaymentcalculationis

P
�
U � M � T �D� U �FEG M

12

1 � 1H
1B M

12 I T JK �
Define

α
�
M � T �8� 1

1 � 1H
1B M

12 I T �
Thus,

P
�
U � M � T �D� U � � M

12
� � α

�
M � T ���

Assumeaborrower evaluatesthedecisionto refinanceoversomehorizonE $ T. Thus,prior to consid-
eringcosts,

Savings 	 U � E

∑
i 4 1 L � α � G � T � G

12 � α
�
M � T � M

12 ��
1 � M

12 � i M (2)� U
12

�>�α � G � T � G � α
�
M � T � M �N� E

∑
i 4 1 O 1�

1 � M
12 � i P (3)� U

12
�>�α � G � T � G � α

�
M � T � M �N� O α

�
M � E � � 1

M
12

P (4)� U �RQ α
�
G � T �

α
�
M � E � G

M � α
�
M � T �

α
�
M � E �TS � (5)

A.2 CouponRatio versusDifferential

Earlyprepaymentmodelsusedacoupondifferential
�
G � M � asthevariablewhichexplainsrefinancing.

An examinationof equation(4) pointedsubsequentmodelerstowarda couponratio G
M instead,aslevel
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effectsareclearly present.24 From a purely mathematicalperspective, neitherproxy is perfect: for a
givencoupondifferential

�
G � M � , thesavings from refinancinggiven in (4) changessmoothlyasthe

level of rates(M) approacheszero.The
�
G � M � differentialis static,whereastheratio G

M explodesas
ratesgetextremelylow.25 Furthermore,the G

M approximationworsensasmaturityT getssmalleror as
thehorizonE is assumedto besignificantlyshorterthanT.

Theseconclusionsimply that the choiceof ratio versusdifferentialmight vary by producttype,
borrower demographics,andseasoning.Suchcomplexity suggeststhat theuseof (4) directly, with its
naturalinclusionof loansizeandlevel effects,makesmoresensethaneitherproxy.

A.3 Modeling the Borrower Evaluation Horizon

It seemsunlikely that the majority of borrowers truly intendto remainin a homefor the durationof
theassociatedloans.Furthermore,for theproductsfavoredby ”f astmovers,” a pool of borrowerswill
likely haveanaverageevaluationhorizonwhichchangesovertime. In orderto incorporatetheseeffects,
considerthefollowing framework:

L 	 borrowersanticipateddwelling timeatoriginationin months.
Et 	 borrowersevaluationhorizonin months,Et U L � .

MaxE 	 maximumevaluationhorizonin months.
MinE 	 minimumevaluationhorizonin months.

MaxAt 	 timewhereMaxE is reachedin months.

Considera 7-1 borrower: assumethe initial anticipateddwelling time L � 60 months. As the
borrower may seesomeuncertaintyin the forecastof L, set E0 � 48 months. AssumeMinE � 12
months,MaxE � 60 months,andMaxAt � 84 months,the time of the first couponreset.Now let Et

evolve asfollows:

Et � E0 3 t �9� 0 � L � E0 � (6)

Et � L � t 3 t �9� L � E0 � L � MinE � (7)

Et � MinE � MaxE� MinE
MaxAt B MinE � L � � t � MinE � L � 3 t �9� L � MinE � MaxAt � (8)

Et � MaxE 3 t # MaxAt (9)

In thecaseof the7-1 borrower, whatdo theseequationsimply? Initially, theborrower expectsto live
in thehomefor 5 years(L), but will considerrefinancingif thecostsareexceededin 4 years

�
E0 � . For

the first yearof the loan (L � E0 � 12,) theborrower continuesto usea four yearevaluationhorizon.
After this first year, however, theevaluationhorizonbeginsto fall, for theborrower beginsto approach
the original dwelling forecastL; the expecteddwelling time remainingin the homeis falling, so the
timeperiodfor refinancingcostrecovery fallsalso.Equation6 assumesthis reductionis linearuntil the
minimumevaluationhorizonMinE is reached.At this point, theevaluationhorizonbegins increasing
again,reflectingthepossibilitythattheoriginalL wasunderestimated,andtheborrower mayremainin

24Notethatfor agivencouponreduction(say1 percent),theborrowerseesgreaterabsolutepaymentsavings(undiscounted)
at higher rate levels. Equation(4) suggeststhe oppositeeffect, that savings will be higherat lower rate levels due to the
reductionin discounting.However, thiscrossover only occursif theborrowers’horizonE is longenough.

25Stochasticinterestratemodelsinevitably producesuchscenarios.
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thehomebeyondfiveyears.Thehorizoncontinuesto expanduntil theinitial resetdate,whereit reaches
amaximum:theborrower is now facingamarket resetoriginally unanticipated,andthemodelassumes
thattheborrower will seekafixedratealternative usinganevaluationhorizonof materiallength.

The framework is fairly complex whenusedto addresshybrid ARM’s andballoons,wherethere
areelementsof fixedratebehaviors which transitionto ARM behaviors. For purefixedrateandARM
products,the implementationis drasticallysimplified suchthat Et � Ē � Note that in the context of a
pool of mortgages,somedispersionin the horizonacrossborrowerswill be naturallyincorporatedin
theburnoutcomponent.

A.4 Points Effects: AboveMark et Originations

Considerthe loanrateat origination,G0. Usinglag structurebuilt into themodelalready, observe the
market referencerate,M0.

X � G0 � M0 � (10)

theamountby which theloanis ”above market.”
To addressthis: RecordX. Create

X V1� min
�
X � Upperbound� � if X # Lowerbound (11)

X V � 0 if X $ Lowerbound (12)

X V is thereforeconstrainedto a rangecontrolledby themodeler. Assume,for example,

Lowerbound� 25bp

Upperbound� 100bp

Normally, refinancingis drivenasa functionof G0 vs. Mt . Now adjustthis:

M Vt � Mt � X V 
 α � t � � (13)

whereα
�
t � might look like thefollowing:

α
�
0�D� 1

δ1 � 0 � 02

δ2 � 0 � 10

α
�
t ��� α

�
t � 1� 
W� 1 � δ1 � 3 t U 12

α
�
t ��� α

�
t � 1� 
W� 1 � δ2 � 3 t ; 12

α
�
t ��� 0 3 t ; 60

Thustheabovemarketeffectwoulddiminishslightly overyear1, rapidlyoveryears2-3,andis virtually
0 thereafter.
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A.5 Implementation Issues

Includedbelow aredetailson thecurrentproductionimplementationof themodel.� RefinancingVehicleAssumptions:Theassumptionthataborroweralwaysrefinancesinto amort-
gageof matchingmaturitysimplifiestheproblemconsiderably, assignificantmismatchesin cur-
rentmaturityandnew loanmaturitywould introducematerialdifferencesin principalamortiza-
tion. Note that underthe simplifying assumption,seasonedpoolswould needa referencerefi-
nancingvehiclewhich is shorterthantheoriginalWAM of thepool.� Lags: For historicalreferencerates(i.e. datesprior to thepricing date),themodellooksback
a periodof d daysto observe a rate. That rateis the averagereferencerateover a periodof m
previousmonths.Both d andm arespecifiedwith theprepaymodelparametersandhave values
of 15and1, respectively.� Spreads:Theuseof spreadsis aimedatcreatingmortgageratesfrom swaprateswithin theMonte
Carlomodel.Whereapplicablethemodelcomparestheproductcouponto a referencerate(such
as10Y CMS)andcomputesaspreadbetweenthetwo. Themeanof thatspreadis calculatedover
a specificnumberof months,typically 24. Thespreadatpricingdateis alsocomputed:currently
a5 dayaverageis usedto reducenoise.Thespeedof reversionγ for thespreadmeanis 0.33333.

In the caseof jumbo productsor otherswherethe relevant referenceratemight be the rateon
a similar conformingproductplus a spread,that additionalspreadis includedwith the prepay
modelparameters.� Horizons:As notedabove,savingsfor thedemographicandrefi incentive componentsarecalcu-
latedbasedon horizonsspecifiedwith themodelparameters.Thecurrentimplementationof the
modeldoesnotmake full useof theseparatehorizonfeatures:horizonsaresetat60months.� Costs:Themodelincorporatesbothfixedandvariablecosthurdlesof $1,000and25basispoints
of loanbalance,respectively.� LoanSize:Beyondthenaturalimpactof loansizeonSavingscalculations,thereis noadjustment
of themodelfor loansizeexceptin thereferencerate,e.g.,jumbosmaygeta positive spreadto
conformingproduction.� PointsEffects:Currentlyall parametersaresetto zero.� PrepayPenalties:Prepaymentpenaltiesareenteredasa percentof the loanbalance.Thevalue
andthenumberof monthsfrom originationover which thepenaltyis applicableareenteredboth
in theprepaymodelparametersheadingsectionandin themortgagesecurityfile. Suchmortgages
aremodeledasaspecialsecuritytype.

In orderto fit themodelbehavior, mostdemographicseasoningrampsareadjustedto seasonfully
after theprepaymentpenaltyperiodterminates.Prior to that, they might typically seasonup to
somelower level (e.g.50%)by theendof whatwouldbeanormalseasoningperiodfor asimilar
mortgagewithoutpenalties.



28 � PrepayModelStateInformation: Optionsareavailablethroughtwo piecesof code,ppm tuner
andppm0 state, which 3 t �X� origination� maturity� will outputthevaluesof eachcontributing
variablein the prepaymodel. ppm tuner works with historical data,and ppm0 state works
prospectively.


