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Abstrat

A entral result in the theory of adverse seletion in asset markets is that informed

sellers an signal quality and obtain higher pries by delaying trade. This paper

provides some of the �rst evidene of a signaling mehanism through delay of trade

using the residential mortgage market as a laboratory. We �nd a strong relation

between mortgage performane and time-to-sale for privately-seuritized mortgages.

Additionally, deals made up of more seasoned mortgages are sold at lower yields.

These e�ets are strongest in the \Alt-A" segment of the market where buyers had

less hard information about mortgages.
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1 Introdution

One of the most widely studied market settings in eonomis is that of a seller with private

information about the quality of an asset faing less informed buyers. In the presene of suh

an adverse seletion problem, sellers an take ations to reveal their private information as in

the lassi signaling model of Spene (1973). This notion of signaling has been suessfully

applied in theoretial models of �nanial markets to explain a variety of phenomena from the

optimality of debt (DeMarzo and DuÆe (1999)) to the fragility of over-the-ounter markets

(Daley and Green (2012)). There is, however, remarkably little empirial evidene that

agents atually engage in ostly signaling to overome informational asymmetries. This

paper begins to �ll this gap in the literature, by presenting empirial evidene that is

onsistent with the existene of ostly signaling in the U.S. mortgage mortgage.

We present a simple model of mortgage sales to motivate our empirial tests. In the

model, sellers of high quality mortgages fae a lower ost of waiting beause their mortgages

have a lower probability of default. The seller privately observes mortgage quality and we

assume that default is publily observable and extinguishes the possibility of sale. A sepa-

rating equilibrium emerges in whih time-to-sale perfetly reveals the seller's information,

a relation often referred to as the skimming property.

1

The idea that sellers delay trade to

signal higher asset quality and obtain higher pries is a entral and general predition of

dynami signaling models.

This paper uses data on the U.S. mortgage market to test these preditions. The mort-

gage market serves as a unique laboratory for testing the skimming property for two reasons.

First, mortgages are durable assets haraterized by an objetive measure of quality based

on the probability of default. There is detailed miro data available to investors, origina-

tors, and the eonometriian on the observable harateristis of borrowers and mortgage

1

The skimming property is one of the properties derived from the Coase (1972) analysis of priing by a

durable-goods monopolist (Coasian dynamis). Many reent studies have found that the skimming property

an emerge in dynami adverse seletion models of �nanial markets, see for example Daley and Green

(2012), Fuhs and Skrzypaz (2013), Fuhs et al. (2015).
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ontrats, whih together serve as a good proxy for observable mortgage quality at the time

of the sale. At the same time, while outomes are not known at the time of sale, they are

known to the eonometriian ex post. This provides a soure of unobserved heterogeneity

in asset quality that is (i) known privately by the seller, as shown in previous studies of the

mortgage market,

2

(ii) unknown to potential buyers, and (iii) known to the eonometriian.

The distintion between observable and unobservable asset harateristis is entral to our

tests, and one of the main reasons dynami adverse seletion models are partiularly hard to

test empirially.

3

In fat, most models predit that assets that are observably better should

trade faster, not slower.

Seond, during the middle of the last deade there was an ative seondary market

for mortgages where investors in mortgage-baked seurities (the buyers) purhased laims

on large portfolios of mortgages. While there is a hain of intermediaries between the

originators of mortgages and the buyers of the seurities (as shown in Stanton et al. (2014)

and Stanton and Wallae (2015)), we are able to measure time-to-sale from the reation

of the asset (when the mortgage is originated) to the sale of the seurities that ultimately

reeive ash ows on those mortgages. The fat that there may be more than one transfer

of a mortgage along this hain biases our tests against apturing the role of signaling in

transmitting information.

We onentrate the majority of our empirial analysis on the relation between delay of

trade and mortgage quality. We also present evidene on how the priing of mortgage-baked

deals varies with average mortgage time-to-sale. As we disuss in the model setion, the

loan-level default results allow us to distinguish signaling from other alternative hypotheses

more sharply than the deal-level priing results, whih is why the former are the main fous

of the paper.

Using data on mortgages seuritized in the non-ageny, private-label seuritization (PLS)

2

See, for example, Demiroglu and James (2012a), Jiang et al. (2014b), GriÆn and Maturana (2016), and

Piskorski et al. (2015).

3

Fuhs et al. (2015) �nd evidene onsistent with the skimming property in the IPO market.
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market, we �nd a lear negative relationship between time-to-sale and the omponent of

mortgage performane that is not explained by observable mortgage harateristis. In our

baseline spei�ations we �nd that, after onditioning on all underwriting harateristis,

PLS loans sold �ve months or more after origination are approximately 5 perentage points

less likely to default relative to loans sold immediately after origination. This is an eonom-

ially meaningful di�erene, as it is approximately 30 perent of the average default rate in

our sample (16 perent).

The results on ex post default are in ontrast to those using ex ante measures of redit

risk. Spei�ally, we onstrut predited probabilities of default using only information

available to mortgage investors at the time that mortgages are sold into PLS deals. We then

ask whether ex-ante observable redit risk is related to time-to-sale. We �nd no relation

between ex-ante observable risk and time-to-sale despite the fat that this measure is highly

orrelated with ex post performane. Put di�erently, while unobserved quality is related to

delay of trade, observable risk measures are not.

4

In addition, we show that in ontrast to the �ndings in the PLS segment of the market,

we �nd no evidene of a negative relationship between time-to-sale and mortgage default in

a large sample of loans sold to the Government Sponsored Enterprises (GSEs), Fannie Mae

and Freddie Ma. We argue that this is onsistent with the institutional features of the GSE

market, where automated underwriting and the redit guarantee provided by the agenies

likely mitigates the role for asymmetri information about mortgage redit quality (though

not neessarily about prepayment risk) between investors in GSE seurities and originators.

We then turn to a seondary soure of detailed loan-level data (CoreLogi) to implement

a series of ross-setional tests. Using this dataset we �nd that the results are strongest in

4

The lak of relation between observable risk and time-to-sale speaks to the interpretation of our results in

the ase that the buyers of mortgages (the issuers) have more information than we do as the eonometriian.

In fat, the validity of our tests does not rely on observing all information that is ommon to buyers and

sellers in the market. Our tests require a weaker assumption, namely that redit quality as we measure it be

an unbiased estimate of quality measured by issuers using their full information set. If this is the ase, the

results using our observable risk measure provide a good approximation of the unobserved relation between

redit risk (as measured by issuers) and time-to-sale.
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the \Alternative-A" (or \Alt-A") segment of the market, whih is omprised of a majority

of low doumentation loans or loans with risk harateristis that prevent them from being

seuritized in the onforming market. While the subprime segment of the market is riskier

than the Alt-A segment, subprime mortgages are more homogeneous in their (potentially

unobserved) risk harateristis. The previous literature has found private information to

be espeially important among low doumentation mortgages, whih lends further redene

to an adverse seletion, signaling interpretation.

5

An additional virtue of the CoreLogi dataset is that it ontains information on the

identities of originators for a large subset of loans. This allows us to inlude originator

�xed e�ets in our regressions, whih helps address the onern that funding soures (in

partiular very short term warehouse loans and repo agreements) might prevent a signaling

mehanism from taking plae. By estimating within-originator regressions, any variation

that omes from systemati di�erenes aross originators in funding di�erenes is absorbed

by the �xed e�ets. To the extent that ertain types of originators (in partiular independent

mortgage ompanies, as pointed out in Stanton et al. (2014) and Ganduri (2015)) relied

almost exlusively on these types of funding soures, that variation is aounted for in these

spei�ations. We �nd similar results to the baseline spei�ations that do not ontrol for

the originator.

As a �nal test on the quality dimension, we separately estimate the orrelation be-

tween time-to-sale and default for issuers and originators that are aÆliated entities (as in

Demiroglu and James (2012a) and Fur�ne (2014)). This helps distinguish signaling behav-

ior from \unilateral" onerns about warehousing loans on the part of the seller. If our

results simply reeted originator relutane to hold on to bad loans without an intention

to signal unobserved quality to buyers, we would expet no di�erenes aross aÆliated and

unaÆliated entities. Instead, we �nd a signi�antly weaker negative orrelation between

time-to-sale and default risk for the sample of mortgages in whih the issuer and originator

5

See for example, Jiang et al. (2014a), Jiang et al. (2014b), Begley and Purnanandam (2014), and

Saenghote (2013)
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are aÆliated with eah other.

We then turn to the priing dimension to determine whether pries rise with time-to-sale

as predited by the signaling model. Data on pries paid for individual mortgages does not

exist (to our knowledge), so we ondut an analysis of mortgage-baked seurity (MBS)

pries. Sine MBS derive their ash ows from pools of individual mortgages, if signaling

plays an important role in the market, then we should expet to see a positive relationship

between average time-to-sale at the pool level and MBS pries. Using data on oating-rate,

triple-A, PLS yield spreads at origination, we �nd that seurities made up of loans that take

longer to sell (more seasoned loans) are sold at lower yields.

6

Consistent with the evidene

on mortgage performane, the priing results are non-linear in seasoning and are strongest

in the Alt-A segment of the market.

This paper relates to the literature on adverse seletion and signaling. The seminal work

of Akerlof (1970) �rst identi�ed that markets an break down when some partiipants have

valuable, private information. In related work, Spene (1973) shows informed agents an

take ations to redibly reveal their private information that lead to a separating equilib-

rium. This insight was �rst applied to �nanial markets by Leland and Pyle (1977) who

showed the issuers of IPO's an signal information by retaining an equity stake in the IPO.

DeMarzo and DuÆe (1999) use the equilibrium relationship between retention and asset

quality to show that debt minimizes the osts assoiated with the separating equilibrium

and is hene an optimal seurity design. DeMarzo (2005) builds on this idea to show that

it is optimal to �rst pool assets to minimize adverse seletion and then reate tranhes to

minimize signaling osts.

While retention is a ommon signaling devie pointed out in the above literature on ad-

verse seletion, delay of trade serves the same funtion in a dynami setting. Janssen and Roy

(2002) show that, in a durable goods market in whih sellers have private information, a

6

We do not observe seurity pries at origination, so we use yield spreads as our measure of priing

(onsistent with, among others, ?, ?, and ?). The assumption is that oating rate seurities were almost

always issued at par.
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market mehanism emerges in whih pries and the quality of goods inreases over time.

This property of market equilibrium is the so-alled skimming property. This property has

been shown to be a general feature of equilibrium in dynami models of adverse seletion.

For example, Daley and Green (2012) onsider a model in whih an informed party sells

an asset to a market of uninformed agents. When news about asset quality arrives over

time, sellers with high value assets wait to trade allowing market partiipants to infer that

delayed trade is assoiated with higher value assets.

This paper also ontributes to the empirial literature on the e�ets of asymmetri in-

formation. The seminal work of ? �nds weak evidene of adverse seletion in the used

ar market. Another important paper in this literature is Garmaise and Moskowitz (2004)

who use ommerial real estate transations to test a number of theories of asymmetri

information, inluding the predition that seurities issuers retain a stake to signal their

information. In ontrast to our paper, they �nd no evidene that informed sellers of om-

merial real estate signal their information through retention. Downing et al. (2009) also

look at retention and �nd that mortgages sold to speial purpose vehiles (SPVs) tend to be

of lower quality than mortgages not sold to SPVs. Agarwal et al. (2012) �nd no systemati

di�erene between subprime mortgages sold in the seondary market and those retained on

banks balane sheets. Closest to our setting, ? �nd that higher levels of equity tranhes in

PLS deals (a measure of retention) are assoiated with lower delinqueny rates and higher

pries.

2 A Model of Signaling Through Delayed Trade

To motivate our empirial tests, we present a simple model of adverse seletion and delayed

trade in the seondary market for mortgages. Time is in�nite, ontinuous, and indexed

by t. The model onsists of a mortgage originator and a ompetitive market of mortgage

investors. All agents are risk neutral. At time t = 0, the seller originates a mortgage for

6



potential sale to the market. This mortgage produes a ash ow of  dollars per unit

of time until it defaults at some a random time � . The default time � is an exponential

random variable with parameter � distributed on the ompat interval [�

`

; �

h

℄ aording to

the ontinuous density f(�). While f(�) is ommon knowledge, the seller privately observes

� at the origination of the mortgage. As is ommon in suh settings, we refer to � as the

seller's type.

While both the seller and potential investors are risk neutral, there are gains from trade

generated by a di�erene in disount rates used by the two lasses of agents. Spei�ally, the

seller disounts ash ows at a rate , while the investors disount ash ows at rate r < .

This di�erene in disount rates proxies for a di�erene in the investment opportunity set

between the seller and the investors. Indeed, the seller has the tehnology to originate

mortgages, while investors an only purhase mortgages in a ompetitive market one they

have already been originated. We note that modeling these gains from trade as a di�erene

in disount rates is onvenient for the analysis that follows, but not neessary. As long as

there are gains from trade between the seller and investors that are monotoni in the seller's

type, �, the preditions of the model will be qualitatively unhanged.

We assume that default is publily observable, so that if a mortgage defaults before the

seller has sold it to the investors, no sale will our. In hoosing when to sell the mortgage,

the seller will take some market prie funtion P (t) as given. Note that the lowest possible

value of a mortgage to investors is

p

h

= E

�

Z

1

t

e

�r(s�t)

1(s � �)dsj�

h

�

=



r + �

h

;

while the highest possible value is

p

`

= E

�

Z

1

t

e

�r(s�t)

1(s � �)dsj�

`

�

=



r + �

`

;

so that P (t) 2 [p

h

; p

`

℄.
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An outome of this game is a triple (�; t; p) 2 [�

`

; �

h

℄ � [0;1) � [p

h

; p

`

℄, where � is a

realization of the seller's type and t and p orrespond to the time and prie at whih trade

takes plae if the mortgage has not defaulted by time t. The value for the seller of an

outome of the game is then given by

U(�; t; p) = E

�

Z

t

0

e

�s

1(s � �)ds+ e

�t

1(t � �)p

�

�

�

�

=



 + �

�

1� e

�(+�)t

�

+ e

�(+�)t

p:

An important feature of the seller's payo� funtion is the so-alled single-rossing property;

�xing a prie p, delaying trade is less ostly for better (lower default risk) type sellers.

Intuitively, the lower the default risk, the greater the private value of the ash ows that

arue to the seller from the mortgage prior to the sale, and the greater the probability that

the mortgage will remain urrent so that it an be sold at some future date. This feature

of the model gives rise to the ommon skimming property, whih is present in muh of the

literature on dynami trading and adverse seletion,

7

and is more broadly related to the

literature on ostly signaling with adverse seletion.

8

In our model, the skimming property

an be expressed as follows: For a given prie funtion P (t), better sellers will wait (weakly)

longer to trade, and thus a delay in trade an at as a signal of quality.

A perfet Bayesian equilibrium of the game is a pair of funtions (T; P ) where T (�) is

the time at whih a seller of type � trades and P (t) is the prie for a mortgage sold at time

t suh that the following onditions hold:

1. Seller optimality:

T (

~

�) 2 argmax

t

U(

~

�; t; P (t); )

7

See, for example, the early literature on sequential bargaining models with one-sided inomplete in-

formation (Fudenberg and Tirole (1983), Sobel and Takahashi (1983), Cramton (1984), Fudenberg et al.

(1985), Gul et al. (1986), Gul and Sonnenshein (1988), Ausubel and Denekere (1989)), Evans (1989) and

Vinent (1989). It is also present in dynami aution models with private information (Vinent (1990)) and

ompetitive markets models of durable goods with private information (Janssen and Roy (2002)).

8

For example, Spene (1973) and Leland and Pyle (1977)
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2. Zero pro�t for the investors:

P (T (

~

�)) = E

�



r +

~

�

�

�

T (

~

�)

�

:

We all an equilibrium separating if P (T (

~

�)) =

~

�.

We will fous on haraterizing a separating equilibrium. Although other equilibria, for

example pooling equilibria, may exist, they are eliminated by standard re�nement riteria,

suh as the D1 re�nement of Cho and Kreps (1987). The following proposition haraterizes

the unique separating equilibrium of the game:

Proposition 1. The unique separating equilibrium of the game is given by

T

�

(�) =

log(r + �

h

)� log(r + �)

 � r

P

�

(t) = p

h

e

(�r)t

: (1)

The method to derive the equilibrium of Proposition 1 is as follows. First, �x some

andidate prie funtion P (t) and take a �rst order ondition for the seller's problem

� ( +

~

�)P

�

(t) +

d

dt

P

�

(t) = 0: (2)

Next, use the fat that for any separating equilibrium

P

�

(T (

~

�)) =



r +

~

�

and substitute into equation (2) to get the following ordinary di�erential equation for P

�

(t)

d

dt

P

�

(t) = ( � r)P

�

(t): (3)

Finally, beause the highest default risk type does not bene�t from delaying trade in a

separating equilibrium, we must have T

�

(�

h

) = 0 and hene P

�

(0) = p

h

. The funtions

given Proposition 1 solve equations (2) and (3) with this initial ondition.
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To onnet the equilibrium given in Proposition 1 to our empirial analysis, it is useful

to onsider how the type of seller hanges with time-to-sale. We let �

�

(t) denote the seller

type that hooses to sell at time t. Applying Proposition 1 we have:

�

�

(t) = (r + �

h

)e

�(�r)t

� r: (4)

Our empirial results relate to the following key properties of the funtions �

�

(t) and T

�

(�).

1. The default risk of the mortgage dereases with time-to-sale, that is

d

dt

�

�

(t) < 0:

This means that adverse seletion reates a negative relationship between time-to-sale

and default risk.

2. The prie of the mortgage inreases with time-to-sale

d

dt

P

�

(t) > 0:

This means that adverse seletion reates a positive relationship between prie and

time-to-sale.

3. The maximimum time to sale for a mortgage is inreasing in the di�erene in default

risk between the safest and riskiest mortgage

d

d(�

h

� �

`

)

T

�

(�

`

) > 0:

This means that a more severe adverse seletion problem, i.e. when the unertainty

about mortgage default risk is greater, leads to longer delays in trade.

Although the separating equilibrium we detail above is the unique equilibrium seleted

by D1, a disussion of other possible equilibria is in order. In partiular, there an exist many

10



pooling equilibria in whih all seller types sell at the same time. For example, if investors

believe that any mortgage sold after time t = 0 is the riskiest type, then all seller types will

�nd it optimal to sell their mortgages at t = 0, sine delaying the sale only leads to forgone

gains from trade and does not inrease the sale prie. However, imposing D1 re�nement

will eliminate this equilibrium. If investors observe an o� equilibrium path ation, i.e., if a

seller delays trade when investors expet immediate sale, then D1 requires that they only

plae positive weight on those seller types who would gain from deviating given largest

set of pries. This set will always be largest for sellers of the least risky mortgages, sine

delaying trade is less ostly for them than any other seller type. As suh, D1 requires that

investors must believe that the seller is the least risky type if she delays trade even a very

small amount. These beliefs then imply that sellers of the least risky type have a pro�table

deviation, eliminating the simple pooling equilibrium. Thus, we fous our empirial analysis

on the separating equilibrium we detail above.

2.1 Random Delay, Default, and Pries

To provide further disipline on our empirial analysis, we now onsider a plausible variation

to our model in whih a orrelation between delayed trade and ex-post performane need not

be the signature of dynami signaling or adverse seletion. Intuitively, if trade is randomly

delayed, then some higher risk mortgages may default before they an be sold. As a result,

mortgages that take longer to sell will be positively seleted (i.e., they are of higher quality

than those that ould not be sold). This seletion mehanism would then lead to a posi-

tive orrelation between time-to-sale and ex-post performane (negative orrelation between

time-to-sale and default rates). In addition, this implies that investors who understand this

seletion issue, will believe that mortgages that sell after a longer period of seasoning are

higher quality and thus, pries will inrease with seasoning. Importantly, this e�et does

not arise from signaling, as mortgages are sold randomly into pools by assumption, but

rather through a learning proess. As suh, a simple model of randomly delayed trade and

11



the assoiated seletion mehanism may appear observationally equivalent to our signaling

model of delayed trade. This is a key diÆulty in bringing models of asymmetri informa-

tion to the data{they often have similar preditions to models with symmetri information.

We an overome that diÆulty in our setting by observing that the seletion mehanism

an be undone by onditioning the analysis on mortgages that do not subsequently (after

sale) default up to a pre-spei�ed period.

To make this intuition preise, suppose that the mortgage seller detailed above has the

same information as potential investors. Spei�ally, she knows that the mortgage she

wants to sell has an exponential default time with an intensity

~

� uniformly distributed on

[�

l

; �

h

℄. When she hooses to sell the mortgage, there is a delay from the point at whih she

lists the mortgage for sale and the moment at whih the transation is reorded, whih is

exponentially distributed with parameter �. If the mortgage defaults before the transation

an be reorded, no sale will take plae. Thus, observing that the mortgage transats at

time t reveals that the mortgage did not default prior to t. Thus, the expeted quality of a

mortgage that transats at time t is given by the following expression:

E

h

~

�jsold at time t

i

= E

h

~

�j� > t

i

= �

h

+

1

t

�

�

h

� �

l

1� e

�t(�

h

��

l

)

;

whih is inreasing in the sale time t. Thus, randomly delayed trade will be assoiated with

a negative orrelation between time to sale and ex-post default outomes as well as ex-ante

pries. These preditions are essentially the same as properties 1 and 2 of the signaling

model that we desribed above, whih means that in order to test the preditions of the

signaling model in the data, we need to �nd a way to overome this seletion e�et.

One simple way of aounting for this seletion e�et is to ondition the analysis on

loans that do not default until some exogenously spei�ed time s, where s needs to be after

the period of sale, t . To see this, note that for loans that do not default before s, the event

12



that the mortgage was sold at time t < s does not ontain any additional information about

the default risk of the mortgage. Indeed, the expeted quality of a mortgage that has not

defaulted by time s and is sold at time t < s is given by the following expression:

E

h

~

�jsold at time t < s and � > s

i

= E

h

~

�j� > s

i

= �

h

+

1

s

�

�

h

� �

l

1� e

�s(�

h

��

l

)

;

whih is independent of the time of sale t. Thus, in a model with random delay and no

signaling mehanism, there will be no orrelation between time-to-sale and ex-post default

outomes if we ondition on a sample of mortgages that do not default before s, where

s > t. This is in stark ontrast to our model of signaling through delayed trade in whih

time-to-sale always reveals information about ex-post default risk. We will explore whether

suh a model an explain our results in our empirial tests below.

3 Bakground on U.S. Mortgage Market

Our primary fous in this paper is on loans that were sold and then seuritized by private

�nanial institutions (or issuers). This segment of the market, often referred to as the PLS

(private-label seuritization) market, was the soure of the initial mortgage forelosure risis

in 2007, whih led to the broader �nanial risis and Great Reession. The PLS market grew

rapidly during the housing boom of the mid-2000s, reahing a peak share of approximately

56% of the seuritization market in 2006, before ompletely shutting down in the summer

of 2007 when subprime mortgage defaults dramatially inreased.

The PLS market is split into three broad segments, aording to the degree of redit

risk. The three segments are referred to as \subprime", \alternative-a" (or \Alt-A"), and

\prime jumbo." The ollateral in prime jumbo PLS is made up of large loans to borrowers

with typially very good redit sores that exeeded the onforming loan limits and were

13



thus not eligible to be seuritized by the GSEs in the ageny market.

9

The \Alt-A" PLS

segment, also ommonly referred to as \near prime," is typially haraterized by loans to

borrowers with slightly lower average redit sores than prime jumbo (but omparable to

average redit sores in ageny pools), and in whih borrower inome and/or assets are

less than fully doumented (i.e. low doumentation mortgages). These loans were also

more likely to �nane investor or vaation home properties. Alt-A PLS inluded a mix

of loans above and below the onforming loan limit. Finally, the ollateral underlying

subprime private-label seurities is made up by loans usually below the onforming loan

limit given to borrowers with low redit sores, and inludes a large fration of ash-out

re�nane mortgages. The majority of subprime PLS loans did not meet the underwriting

standards in the ageny market, and were broadly viewed as low quality mortgages by

market partiipants. Our primary dataset (from Lender Proessing Servies, desribed in

more detail below) inludes loans from all three segments of the PLS market, while our

seondary soure of data (CoreLogi's LoanPerformane database, also desribed below)

inludes loans from the subprime and Alt-A segments of the market.

There is signi�ant variation in the funding and operational models of mortgage orig-

inators in the PLS spae, inluding independent mortgage ompanies, aÆliated mortgage

ompanies and others. We refer the reader to Stanton et al. (2014) and Ganduri (2015)

for detailed desriptions of the struture of the market. Stanton et al. (2014) show that

repurhase agreements and warehouse lines of redit with very short maturities were a large

funding soure in the PLS market. This limits the ability of originators to delay the sale of

mortgages. For the purposes of our tests, we require that either originators of mortgages or

issuers of PLS (or both) have the ability to hold on to mortgages and delay trade, even if

some were limited by ontratual features due to their funding soures.

10

9

In order to be seuritized by the GSEs, a mortgage must have a prinipal balane below the onforming

loan limit, a loan-to-value ratio at or below 80%, or else have equivalent redit enhanements (e.g., private

mortgage insurane).

10

Even though we �nd that the majority of loans in the PLS market were seuritized within the �rst

two months after origination, onsistent with the evidene provided in Stanton et al. (2014) that warehouse

loans and repurhase agreements had 30 to 45 days maturity, the variation that is most relevant for our

14



We fous on loans sold into the PLS market for two reasons. First, there are many reent

papers in the literature that have doumented a signi�ant amount of private information in

these markets, espeially in the population of low doumentation mortgages, and that origi-

nators were at least partially aware of unobserved quality.

11

In ontrast, private information

about redit quality plays a muh less important role in the ageny seuritization market,

where the GSEs provide spei� parameters regarding the underwriting riteria that they

will aept, and agree to purhase (usually through an automated proess) all loans that

satisfy those riteria.

Seond, our PLS data are very similar in sope to the data used by many partiipants

in the institutional PLS market to produe valuations and to monitor performane after

issuane. In fat, some of the data we use originates from the trustees' reports provided

to PLS investors in the market. Thus, our data losely mathes the set of underwriting

harateristis that PLS issuers and investors used to make real-time purhasing deisions.

This is entral to the implementation of our empirial tests desribed below.

4 Testing for Dynami Adverse Seletion Using Mort-

gage Data

We implement empirial tests of preditions 1 and 2 of the signaling model developed in

setion 2. Predition 1 says that there should be a positive orrelation between time-

to-sale and mortgage quality, and hene a negative orrelation between time-to-sale and

ex-post default rates, while predition 2 tells us that there should be a positive orrelation

between time-to-sale and mortgage pries. In setion 2.1 we showed how it is diÆult to

empirially distinguish between models of asymmetri information with signaling and models

with symmetri information. We showed that it is not possible to do so with only data on

pries, but that it is possible with data on ex-post default rates as long as one onditions

tests are sales past this time period (up to 9 months after origination).

11

For example, see Demiroglu and James (2012a) and Jiang et al. (2014b).
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on loans that do not default before an exogenous time s where s should be greater than

the maximum time-to-sale t.

12

For this reason, the bulk of our empirial analysis fouses

on the relationship between time-to-sale and ex-post default rates. We also provide some

evidene on the relationship between time-to-sale and priing after our performane results,

but interpret them with aution due to the inability to distinguish between signaling and

random delay with learning with priing data as well as a lak of suh data at the individual

mortgage level.

4.1 Time-to-Sale and Mortgage Default

A key issue in implementing an empirial test of the skimming property is distinguishing

between observable and unobservable asset quality. Signaling models in general, and the

skimming property in partiular, refer spei�ally to quality that only the seller is informed

about but is unobservable to the buyer.

We implement a strategy similar to Adelino et al. (2014) that uses onditional measures

of loan performane to isolate aspets of loan quality that are unobservable to investors at

the time of purhase, but are orrelated with the originators' (and possibly the issuers') infor-

mation set (and, by virtue of the passage of time, beome observable to the eonometriian).

Spei�ally, we ondition performane on a large set of loan and borrower harateristis

used in mortgage underwriting models that were readily available to issuers and institutional

investors in the MBS market. Our empirial spei�ations take the following general form:

Default

ijt

= � + �

1

�Months-to-Sale

ij

+ �

2

�X

ijt

+ �

ijt

(5)

where i indexes the individual mortgage, j indexes the the geographi area in whih eah

mortgage is originated, and t indexes the horizon over whih we alulate default rates. X

ijt

is a vetor of mortgage-level ontrol variables that inludes relevant observable borrower,

loan, and geographi harateristis, inluding detailed �xed e�ets. Months � to� Sale

ij

12

In other words, one must use variation in default rates ourring after time-to-sale, but not before.
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is a variable that measures the time between when a mortgage is originated and when it is

sold into the seondary market and seuritized.

The existene of private information and signaling in the mortgage market predits that

�

1

< 0. This is a joint test of two hypotheses, namely that (i) the seller's private information,

I

seller

, is orrelated with loan quality after aounting for underwriting harateristis, i.e.

Corr[(E(Default

i

jX

i

; I

seller

)� E(Default

i

jX

i

)); Default

i

)℄ 6= 0 (6)

and (ii) that sellers signal asset quality by delaying trade.

It is important to note that our tests do not require that we observe the full information

set of the buyers. Instead, the tests require a weaker ondition, namely that our measure of

ex ante default risk be an unbiased estimate of \true redit risk. Additionally, we assume

that X

i

� I

buyer

� I

seller

, i.e. both buyers and sellers information sets inlude the mortgage

harateristis we observe, and sellers have some private information about the loans that is

orrelated with default. In suh a setting, we an measure the relation between time-to-sale

and redit risk using our measure of risk (whih is assumed to be unbiased). To the extent

that redit risk is the only variable that is systematially related with time-to-sale, the

additional information in I

buyer

is simply providing more preision for measuring redit risk,

but should not hange the diretion of that relation. Put di�erently, if we �nd no relation

between observable risk and time-to-sale for our (very omprehensive) measure that buyers

and sellers also have available, our assumption is that this relation would not hange if

the publi signal beame more preise. This is a weaker ondition than requiring that the

buyers' information set I

buyer

only inludes the publily available mortgage underwriting

data we use in the regressions.
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4.1.1 Default Measurement and Controls

We onsider two di�erent default horizons, 36, and 60 months, in our primary spei�a-

tions, measured relative to the month of loan origination.

13

. We also onsider a mortgage

to be in default if the borrower is either two payments behind (60+ days delinquent) or

three payments behind (90+ days delinquent) at any point between origination and eah

default horizon. We use 60-day and 90-day delinqueny uto�s rather than the initiation of

forelosure proeedings so that our default de�nition reets borrower behavior that is not

onfounded by the deisions of mortgage serviers.

X

ijt

in equation 5 above aounts for a large subset of the information held by the buyers

of mortgages at the time of the sale. Aording to Stearns (2006), all issuers and most PLS

investors had aess to detailed information at the loan-level inluding data �elds suh

as FICO sore, ombined LTV ratio, doumentation type, oupany type, loan purpose

(re�nane or purhase), property type, loan size, amortization shedule, interest rate type

(ARM vs. FRM), and information on the geographi loation of the property.

14

We hoose

our vetor of ontrol variables to inlude these variables, as well as some variables that

measure ex-post onditions in the loal housing market, whih likely inuene ex-post loan

performane.

Spei�ally, our ovariate set inludes the ombined loan-to-value (LTV) ratio, the origi-

nal loan balane, the original interest rate, the borrower's redit sore, the original maturity

of the loan; and indiator variables for low doumentation loans, interest-only loans, bal-

loon loans, negative amortization loans, residene status (owner-oupied, investor/vaation

home), loan purpose (ash-out re�nane, other re�nane, purhase), property type (ondo-

minium, multi-family, single-family), and the existene of a prepayment penalty.

15

We also

13

We have also tried a shorter horizon of 24 months, whih did not make a material di�erene.

14

This ontrasts with the ageny market, as the GSEs, in part due to the fat that they absorb all redit

risk, do not dislose as muh detailed information about the mortgages that bak their seurities. Aording

to Stearns (2006), \Non-ageny investors have aess to a wealth of data{all at the loan level{ that ageny

investors an only dream of."

15

We estimate a fairly saturated model by inluding many ategorial variables for the ontinuous variables

in our ovariate set like redit sores and LTV ratios. The appendix ontains a list of the exat variables
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inlude the ounty-level unemployment rate and the level of the house prie index at the

time of origination (normalized by setting the index value for January 2000 to 100 for eah

ounty), as well as the hanges in these series from the time of issuane through the end of

the default horizon. In addition we inlude a full set of state-level �xed e�ets, and �xed

e�ets orresponding to the year-quarter of origination as well as the year-quarter of loan

sale.

16

Additional indiator variables are inluded whenever there are missing observations

for any of the ontrols.

4.2 Time-to-Sale and Mortgage Spreads

Unfortunately, we do not have aess to data on individual mortgage pries.

17

As a result we

are fored to ondut our priing analysis at the seurity level. While we also lak expliit

data on seurity transation pries at the time of issuane, we are able to onstrut a good

proxy using yield spreads. Spei�ally, we fous on the average spread (quoted as a spread

over the one-month LIBOR rate) of oating rate triple-A mortgage-baked seurities in the

PLS market. We alulate a weighted average spread at the deal-level, where we weight by

the fae value of the triple A seurities.

18

Sine we do not have information on the atual

pries paid for the seurities, restriting the analysis to oating rate seurities virtually

eliminates the possibility that seurities were not issued at par. In addition, these oating

rate seurities have very short duration, so we an ignore interest rate risk and the negative

onvexity problem that arises with �xed-rate mortgage-baked seurities.

Our empirial analysis looks at the relationship between average yield spreads and mort-

gage seasoning. The seasoning variable, alulated as the average months-to-sale in the pool,

that we inlude in our ovariate set.

16

We have also experimented with a spei�ation that inludes zip ode level �xed e�ets to absorb

any e�ets of unobserved geographi shoks at a very �ne geographi level, and found that the results

were largely una�eted. Sine inluding suh a large number of �xed e�ets beomes very omputationally

demanding, we use state �xed e�ets in all of the tests in the paper.

17

To our knowledge, suh data simply do not exist.

18

Whenever a given PLS deal is made up of more than one pool of mortgages, and triple-A seurities have

laims to ash ows from only one of the pools, the average spread and all ontrols are alulated at the

pool level (rather than at the deal level). This follows the approah in Adelino et al. (2014), who ompare

outomes aross pools sold to di�erent investors.
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and all ontrols are onstruted from loan-level data and aggregated to the pool level. Our

spei�ations take the following form:

Spread

i

= � + �

1

� Seasoning

i

+ �

2

�X

i

+ �

i

(7)

Where i represents a pool, and X

i

inludes pool averages of all relevant loan and borrower

harateristis used in the loan-level tests and desribed in detail below, as well as quarter of

issuane �xed e�ets. Our model of adverse seletion and signaling predits that we should

�nd a negative relationship between average seasoning and mortgage spreads, i.e. �

1

< 0.

4.3 Data

In this setion we desribe the two loan-level datasets used in this paper as well as our

data on yield spreads. While both loan-level datasets are similarly strutured panels that

ontain detailed information about ontrat harateristis and monthly loan performane,

there are important di�erenes in the sope of their overage and in some of the underlying

variables that produe advantages and disadvantages in the ontext of our analysis.

The priing data at the individual seurity level was obtained from Bloomberg. The

data �elds inlude seurity identi�ers (inluding CUSIP and tiker), issuer name, issuane

date, the identi�ation of the loan pool that the seurity has laims on, the spread over one-

month Libor at origination, and the weighted average life as advertised in the prospetus.

The dataset we obtain from Bloomberg overs over 90 perent of all subprime PLS issued

in the U.S. between 2002 and 2007. We are able to ombine the CoreLogi and Bloomberg

datasets by merging on individual seurity CUSIPs.

4.3.1 Lender Proessing Servies Data

Our primary dataset omes from Lender Proessing Servies (LPS). The LPS dataset overs

between 60 and 80 perent of the U.S. mortgage market, and ontains detailed information

on the harateristis and performane of both purhase-money mortgages and re�nane

20



mortgages. It inludes mortgages from all segments of the U.S. mortgage market: PLS or

non-ageny seuritized loans; loans purhased and seuritized by the GSEs; and loans held

in lenders' portfolios. The LPS dataset is onstruted using information from mortgage

serviers, �nanial institutions that are responsible for olleting mortgage payments from

borrowers. Eah loan is traked at a monthly frequeny from the month of origination until

it is either paid o� voluntarily or involuntarily via the forelosure proess. We fous on

loans originated during the housing boom, from January 2002 through Deember 2007.

Importantly for the purposes of this study, the dataset inludes a time-varying variable,

\investor type," whih identi�es whether a mortgage is held in a bank's portfolio, is privately

seuritized, or is seuritized by the GSEs. This variable makes it possible to expliitly

identify if and when a loan is sold to a PLS issuer or to a GSE to be seuritized. Sine

the purpose of this paper is to test for whether there is a positive orrelation between the

quality of an asset (observable only to the seller) and the time that it takes to sell the asset,

we fous only on loans that are sold. Thus, we fous on loans that we identify as being

transferred from a banks' portfolio to a PLS issuer or to one of the GSEs. Many loans in

our LPS sample of sold mortgages begin in the portfolio of the mortgage originator and

then are sold to a PLS issuer or GSE at some point after origination. In ontrast, many

loans in our sample are ategorized by the \investor type" variable as being in a PLS or

GSE seurity in the month of origination, in whih ase we assume they were immediately

sold.

We adopt a few sample restritions in our analysis of the LPS data. We onsider only

�rst lien mortgages originated in the 2002 { 2007 period that were sold to PLS issuers or

to the GSEs.

19

We only keep loans originated in the 50 U.S. states, and restrit the sample

to loans that enter the dataset in either the same month of origination or in the month

following origination.

20

In addition to these sample restritions, we also address outliers

19

Thus, we eliminate loans kept in the portfolios of the mortgage originators and never sold. In addition,

there were a small number of loans in the dataset that were sold to the Federal Home Loan Banks (FHLBs),

whih we also eliminate from the sample.

20

That is, we throw out loans that is absent from the data more than the �rst month after origination.
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in the data by winsorizing the distributions of redit sores, original loan balanes, LTV

ratios at origination, and interest rates at origination at the 1st and 99th perentiles of eah

respetive distribution.

21

The primary advantages of using LPS data to test the skimming property are the ability

to preisely identify the month of sale, and the ability to look at sales to both PLS and

the GSEs. However, there are also a few important drawbaks. The biggest problem with

the LPS data in our ontext is the lak of information on the exat identity of the �nanial

institution that originates the mortgage. Ideally, we would want to ontrol expliitly for the

identity of the originator, as this would eliminate potential heterogeneity in underwriting

praties that is known to the PLS and GSE issuers, but not to us. In addition, there is

some onern that the LPS dataset may under-represent the PLS market during our sample

period. For these reasons, we also use data from Corelogi's LoanPerformane database

disussed below.

4.3.2 CoreLogi Data

Our seond soure of mortgage data omes from CoreLogi's LoanPerformane (CL) PLS

database, whih overs virtually the entire subprime and Alt-A segments of the PLS market.

Like the LPS dataset, CL ontains detailed information on underwriting harateristis and

monthly loan performane, but unlike LPS, CL does not have information on portfolio-held

loans or loans seuritized by the GSEs. One of the main advantages, however, of using CL

data is its representativeness of the PLS market.

22

The CL database inludes virtually the same mortgage and borrower harateristis (at

We do this for two reasons. First, for these we are unable to determine the exat month in whih they

were sold. Seond, sine we do not observe the payment history of seasoned loans before they enter the

dataset, we are unable to determine their default status in the months before they enter the dataset. The

vast majority of LPS loans meet this riterion.

21

We also tried trimming instead of winsorizing the data, and found that this hange had little e�et on

the results.

22

Aording to CoreLogi's website, the dataset ontains information on mortgages that make up over 97

perent of outstanding non-ageny PLS pool balanes (http://www.orelogi.om/solutions/data-resoures-

for-apital-markets.aspx#rmbs).

22



the time of loan origination) as the LPS database, but, importantly, for a sample of CL

loans (about 50% of the entire database) identity of the originating institution is provided,

whih allows us to examine the relationship between time-to-sale and ex-post performane

using loans originated by the same lender. In addition to the identity of the originator, CL

also provides information on the identity of the mortgage servier, as well as information

on seurity identi�ers (CUSIPs) and deal identi�ers, whih allows us to obtain information

on the identity of the seuritizer (issuer) for most loans in the sample.

Unlike LPS, in CL we an distinguish between the subprime and Alt-A markets.

23

We

display the distribution of months-to-sale (Table 3) and the summary statistis (Table 4) for

the subprime and Alt-A loans separately. The tables show that the sample of Alt-A loans

in CL looks more similar to the LPS sample. The Alt-A distribution of months-to-sale

more losely resembles the LPS distribution, as a higher fration of Alt-A loans are sold

immediately ompared to subprime loans. In addition, the average loan size, interest rate,

and FICO sore in the Alt-A are loser to the LPS sample than the subprime loans.

The timing for when a loan enters eah dataset is also di�erent aross the LPS and CL

datasets. In LPS we observe most loans from the month of origination, and an diretly

observe the month in whih they are sold out of banks' portfolios to PLS issuers or the

GSEs. In CL we ompute time-to-sale as the di�erene between the date of issuane of

the mortgage-baked seurity in whih the loan is inluded and the reported month of

origination of the mortgage.

24

In most ases, loans are transferred from the warehouse into

the speial purpose vehile at the time of issuane, and so the date of issuane is a good

proxy for when the mortgage redit risk is transferred from the originator to the issuers.

23

There is a servier-provided �eld in LPS that distinguishes Grade \A" loans and Grade \B" and \C"

loans, with the grades supposedly orresponding to di�erent levels of redit risk. We inlude the variable

in our ovariate set in the analysis. However, loans agged as \B" and \C" in LPS do not appear to be

similar to subprime loans in CL in terms of observable underwriting harateristis.

24

Loans enter the CL dataset on the issue date, so we do not see the performane history of loans before

they are seuritized.
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4.4 Summary Statistis

Table 1 displays the distribution of the number of months between origination and sale for

our sample of PLS and GSE seuritized mortgages in the LPS data. It is lear from the

table that the majority of both PLS and GSE seuritized mortgages are sold very quikly {

either immediately or only one month after origination. However, there are some important

di�erenes between the PLS and GSE distributions. For example, very few GSE loans

(about 7%) are sold more than two months after origination, but a non-trivial fration

of PLS loans are sold later in their lives (about 20% are sold more than 2 months after

origination). While there are some sales that our several months after origination, the

number of sales drops o� very quikly with time for both loan types. In implementing our

tests, we would like to restrit our analysis to loans that are originated with the intent of

being sold, and are onerned that the loans sold long after they were originated may not

have been made with the intent of being sold (or are fundamentally di�erent on some other

dimension that is unobservable to us). Furthermore, the ombination of the small number of

loan sales in later months and the large number of ontrol variables in the empirial models

results in low statistial power. For these reasons, we impose one last sample restrition,

whih is a maximum threshold for the number of months between origination and sale. We

base this threshold on the PLS sample, sine that is our main fous in the analysis, and

hoose a threshold value of 9 months, based on the simple observation that approximately

97% of loan sales happen within 9 months in that market.

25

This leaves us with a sample

of over 5 million loans sold to PLS issuers and over 11 million loans sold to the GSEs.

In Table 2 we display summary statistis for many of the ontrol variables in the empirial

models. The table displays statistis for both the sample of loans sold to PLS issuers and

the sample of loans sold to the GSEs. In general, PLS loans are haraterized by riskier

attributes ompared to GSE loans. For example, there were more interest-only loans, more

adjustable-rate loans, more low doumentation loans, more subprime loans, and more loans

25

We have experimented with higher thresholds suh as 12 months, with little a�et on the estimation

results.
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that arried prepayment penalties in the PLS sample.

We apply the same sample restritions to the Corelogi data that we applied to the LPS

data. Table 3 displays the distribution of months-to-sale in the CL dataset, while Table 4

provides some basi summary statistis. The �rst notable observation is that there are many

more PLS loans in CL ompared to LPS.

26

The seond thing to note is that the distribution

of months-to-sale in CL is similar to LPS, although there are a few subtle di�erenes. In

both datasets over 90% of loans that end up in PLS are sold within 5 months of origination,

but a lower fration of loans are sold within the �rst 2 months in the CL database (45%)

ompared to the LPS database (56%). There are more dramati di�erenes in the summary

statistis between the two datasets. The CL sample is haraterized by signi�antly lower

redit sores (FICOs), higher interest rates, and lower loan amounts. There is a muh higher

fration of adjustable-rate mortgages and low doumentation loans in CL. There also appears

to be a large di�erene in the average LTV ratios, but this is likely due to the fat that the

LTV ratio in CL inorporates seond mortgages (i.e. piggybaks) while LPS only provides

the LTV ratio based on the �rst lien. In addition, the average (unonditional) default

rates are signi�antly higher in the CL sample. Overall, based on average underwriting

harateristis, the sample of PLS loans in CL appears to be signi�antly riskier than the

LPS sample.

Table 5 shows the summary statistis of all pool-level harateristis used in the priing

analysis. The average spread of triple-A seurities in the data is 28 basis points, with a

standard deviation of 23 basis points. This spread is omputed as the pool-level average

of all triple-A seurities drawing ash ows from a given pool, and the sample is limited

to pools with only oating rate triple-A seurities. The average pool-level seasoning in the

data is 3.3 months, and it is trunated at 9 months following the approah for the default

analysis. About 97.5% of pools have an average seasoning below 9 months (Figure 5 shows

26

The LPS sample size of 5.3 million loans listed in the tables understates the total number of PLS loans

as there are some seasoned mortgages that we eliminate from the sample due to our sample restrition of

only inluding loans for whih we see a full history of performane. There are atually more than 7 million

PLS loans originated between 2002 and 2007 (inlusive) in the LPS database.
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the histogram and umulative distribution of the pool-level seasoning variable). Pools are

made up of 2,355 loans on average (the median is 1,911), with an average FICO sore of

640 and ombined loan-to-value ratio of 84%.

27

The Table lists means and other statistis

for all other ontrols inluded in the priing regression.

5 Results

In this setion we present results on the empirial relationship between time-to-sale and loan

quality as well as the relationship between time-to-sale and pries. We begin by presenting

results based on onditional, ex-post default rates of both PLS loans and GSE loans in the

LPS dataset. We then show results on the relationship between ex-ante, predited default

probabilities and time-to-sale using only information that mortgage investors had aess to

in real-time. Next, we present results using the CoreLogi data where we an aount for

time-invariant heterogeneity in originator praties and look at di�erent segments of the

PLS market. Following our analysis of default rates, we present results on the relation-

ship between average PLS seurity spreads (our proxy for pries) and pool-level seasoning.

Finally, we onsider an alternative measure of mortgage quality based on prepayment risk

rather than redit risk.

Beause time-to-sale is the key variable of interest, we �rst implement tests using simple

linear spei�ations (onsistent with the predition in the model), so that Months-to-Sale

ij

(for the loan-level default analysis) and Average Seasoning

i

(the pool-level average used in

the priing regressions) take values from 0 to 9 and enter linearly. We then add quadrati

terms, Months-to-Sale

2

ij

or Average Seasoning

2

i

, in order to determine if there is a non-linear

relationship between the outome variables and time-to-sale. Finally, for the loan-level

27

Instead of simply inluding the pool-level averages of FICO and CLTV as ovariates in our priing

analysis, we adopt a more exible spei�ation that allows for potential non-linear e�ets in those variables.

Spei�ally we inlude variables that apture the average fration of loans in the pool that fall into various

FICO and CLTV ategories. The ategories are displayed in Table 5. In addition we inlude a variable

orresponding to the fration of loans in a pool that have an LTV ratio that is exatly equal to 80 perent

in order to apture the potential importane of piggybak loans, whih we do not diretly observe.
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tests of default we inlude separate indiator variables for eah value of the months-to-sale

variable.

28

5.1 Default and Time-To-Sale

In this and the subsequent setions we turn to an analysis of mortgage quality (measured

by default) as a funtion of time-to-sale. Panel A of Table 15 displays results for the

linear and quadrati regression spei�ations estimated on our sample of loans in the LPS

dataset. The panel displays estimation results for our variables of interest for two di�erent

default de�nitions (60+ DQ and 90+ DQ) and two di�erent default horizons (36 months

and 60 months relative from the month of origination).

29

The results show a negative,

statistially signi�ant relationship between default risk and time-to-sale. The magnitude

of the oeÆient in the linear spei�ation is approximately �0:01, whih implies that a

one month inrease in time-to-sale is assoiated with a 1 perentage point derease in the

average default rate. The results appear to be very onsistent over the di�erent horizons

and default de�nitions.

The results for the quadrati spei�ations suggest that the relationship between time-to-

sale and default rates is non-linear. The positive oeÆient on the quadrati terms implies

that for small values of time-to-sale the relationship is negative, but that for higher values

of time-to-sale the relationship beomes signi�antly less negative and even turns positive.

30

We explore this non-linearity in greater detail in Table 7, where the results from the non-

parametri spei�ation are displayed. Columns 1-2 and 5-6 display the non-parametri

results for the di�erent ombinations of the default de�nitions and horizons. The results

suggest that average default rates are dereasing in time-to-sale until Months-to-Sale

ij

= 5,

28

Sine we annot distinguish between loans with values of 0 and 1 for months-to-sale, the omitted

ategory for the regressions estimated on LPS data inludes both.

29

In the Appendix we display a set of regression results that inludes the oeÆient estimates for most

of the variables in our ovariate set. Most of the estimates are onsistent with the previous literature on

mortgage default.

30

The quadrati term begins to dominate the linear term when time-to-sale reahes 10 months, whih is

beyond the highest value for time-to-sale in our sample (9 months).
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at whih point average default rates begin to moderately rise. Mortgages sold in the 5th

month after origination have default rates that are approximately 6 perentage points lower

than loans sold in either the month of origination or the month after origination, while

mortgages sold in the 9th month after origination have default rates that are lower by 3 - 4

perentage points on average. Again, the estimation results are quite onsistent aross the

alternative default de�nitions and horizons.

5.2 Aounting for \Mehanial" E�ets from Random Delay

One potential onern in the default analysis above is the role of early payment defaults in

generating a mehanial relationship between time-to-sale and ex-post default risk due to

institutional features of the PLS market. We disuss this possibility in Setion 2.1. Spei�-

ally, loans that are in delinqueny are harder to sell into a seuritized pool of loans. This

ould reate a negative relationship between time-to-sale and default that is independent

from a mehanism involving private information and signaling. Random delay would mean

that loans sold quikly would be representative of the population of eligible loans in terms

of default risk, whereas loans that take a longer time to sell would be of higher average

quality than the population of eligible loans.

In order to address this issue, we implement a sample seletion for loans that are sold

early that mimis the seletion they would su�er if they had taken longer to sell. Put

di�erently, in this analysis we only inlude loans that are urrent by month 9. We refer to

this sample that exludes all loans that beame delinquent within 9 months of origination

as the \restrited sample". This fores the sample of sold loans to be homogeneous in terms

of early payment defaults aross the time-to-sale distribution, and the results annot be

explained by the mehanial problem desribed above.

While this orretion diretly addresses the mehanial issue disussed above, there are a

few drawbaks. First, loans that default early may still be sold, in whih ase the mehanial

e�et is not severe, and the orretion would simply be throwing away information. Seond,
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and more importantly, it may be that signaling that goes on in the market is preisely about

the likelihood of early-payment default. That is, if most of the private information on loan

quality onerns the likelihood of default within the �rst few months of origination, this

\orretion" to the sample e�etively eliminates the variation we are most interested in.

For this reason, we hoose to display the orretion as a robustness hek rather than adopt

it as our baseline spei�ation.

Panel B of Table 15 and olumns 3-4 and 7-8 in Table 7 display the same set of results for

our restrited sample, where we throw out all loans that default within 9 months (inlusive)

in order to address the potential sample seletion bias that we disussed above. There is

virtually no di�erene in the results for the linear spei�ation of the Months-to-Sale

ij

vari-

able, but there are a few subtle di�erenes for the non-linear spei�ations. From the results

of the non-parametri spei�ation we see that this sample restrition slightly mitigates the

negative relationship between time-to-sale and default for loans sold within 4 months. How-

ever, the sample restrition appears to have the opposite e�et for loans sold later as the

oeÆient estimates assoiated with loans sold between 7 and 9 months after origination

beome slightly more negative. This pattern is on�rmed in the quadrati spei�ations in

Table 15 as the oeÆients on the linear terms beome less negative while the oeÆients

on the quadrati terms beome less positive. Overall, the sample orretion appears to

have a very minor e�et on the results, whih suggests that sample seletion bias is not an

important issue.

In the top left panel of Figure 1 we plot the estimated relationship between time-to-sale

and ex-post PLS default risk from the non-parametri spei�ation in olumn (3) of Table 7

(60+ DQ, 36-month horizon, restrited sample). The plot inludes 95% on�dene intervals

to show the preision of the estimates. There is a lear negative trend until month 6 at

whih point the oeÆient estimates atten out. The estimates assoiated with the �rst 4

months are muh more preise ompared to the last 5 months due to the muh larger sample

size of loans sold early in their lives. Overall, the results in Tables 15 and 7 provide evidene
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of a negative relationship between time-to-sale and (onditional) ex-post default risk, whih

supports the existene of a signaling motive in the PLS market. Furthermore the results

are robust to potential sample seletion bias generated by early payment defaults.

5.3 Default and Time-To-Sale { Ageny Loans

Tables 8 displays results for our sample of loans sold to the GSEs. The table displays

results for the linear and quadrati spei�ations and is strutured in the same manner as

Table 15, whih displayed the PLS results.

31

There is very little evidene of any relationship

between time-to-sale and ex-post default risk in the GSE segment of the market. We plot the

estimated relationship from the non-parametri spei�ation in the top right panel in Figure

1 (the same spei�ation as the one used to onstrut the PLS graph in the top left panel).

The �rst thing to note from the plot is the stark di�erene in the pattern relative to the one

displayed in the PLS graph. While there is a lear downward trend in the PLS estimates

that attens out toward the end of the time-to-sale distribution, the GSE oeÆients are

basially zero until the very end of the distribution when they begin to fall. In addition,

the GSE estimates are muh more preise, on average, ompared to the PLS results due

to the muh larger sample size. However, the PLS estimates are fairly preise for the low

values of time-to-sale where the downward trend is the most pronouned, while the GSE

estimates beome muh more impreise toward the end of the time-to-sale distribution when

the sample size beomes signi�antly redued. In general, the GSE results are onsistent

with our hypothesis that private information is muh less of an issue in the ageny market

ompared to the PLS market.

31

For the sake of brevity we do not inlude a separate table ontaining estimation results for the non-

parametri GSE spei�ations.
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5.4 Ex-Ante Analysis

In this setion we attempt to estimate the empirial relationship between time-to-sale and ex-

ante redit risk in order to ompare and ontrast it with our results above on the relationship

between time-to-sale and ex-post redit risk that onditioned out the set of observable

underwriting harateristis. To do this, we onstrut ex-ante default probabilities for eah

loan using all of the data available in LPS in a manner that is similar in spirit to the

method used in Ashraft et al. (2010). The idea is to foreast mortgage default using only

performane information available at the time of origination (i.e., from the past performane

of previously originated loans).

We hoose a 36-month horizon to foreast defaults in order to maintain onsisteny with

our results above. We begin by taking eah loan in our LPS sample, and determining the

quarter in whih it was originated. We then take all loans that were originated between 48

months and 36 months before that quarter, and trak those mortgages over the subsequent

36 months, reating indiator variables that take values of one if the mortgage ever beomes

60 days delinquent at any point during the 36 month period. We then estimate a disrete

hoie model (linear probability and logit) using variables that are available in LPS to

predit the default variable. The regressions are estimated eah quarter over the period

2002{2007 and inlude virtually the same set of ovariates that were inluded in the ex-post

default risk regressions desribed above. We take the estimated oeÆients from these loan-

level redit risk models and apply them to the harateristis of the loans originated in the

urrent quarter to reate 36-month, loan-level, default probabilities. This leaves us with a

set of ex-ante default probabilities reated using only information available at the time in

whih the loans were originated.

We then take those ex-ante default probabilities and substitute them into equation 5

in order to estimate the relationship between time-to-sale and observable default risk. We

display the estimation results in the lower two panels in Figure 1. The lower left panel

displays the relationship between time-to-sale and ex-ante, default risk for PLS loans, while
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the lower right panel displays the relationship for GSE loans. The PLS results suggest that

loans sold later are slightly more risky based on observable underwriting harateristis.

Loans sold in the 2nd, 3rd, and 4th months after origination have expeted default proba-

bilities that are approximately 2 - 3 perentage points higher than loans sold in the month

of origination or the month immediately following origination. This di�erene moderates

at the end of the time-to-sale distribution, with loans sold between 6 and 9 months having

only slightly (about 1 perentage point) higher expeted default probabilities, on average.

This pattern is in stark ontrast to the estimated relationship between ex-post default rates

and time-to-sale in the PLS market (top left panel in Figure 1), and provides some reas-

surane that our ex-post onditional default measures are doing an adequate job in purging

preditable default risk. The horizontal line displayed in the lower right panel in the �gure

implies that there is no relationship between preditable default risk and time-to-sale in the

GSE market.

5.5 Default and Time-To-Sale Using Corelogi Sample

Table 10 displays the ore set of results on the relationship between ex-post default risk

and time-to-sale using the sample of PLS loans in CoreLogi. One of the main reasons for

using CL data is the availability of the identity of the mortgage originator, whih allows us

to aount for any variation generated by heterogeneity aross originators. In Table 10 we

present results orresponding to our parametri spei�ations of equation 5 and fous on a

default horizon of 36 months and a default de�nition based on 60+ days delinquent. In Panel

A we display results from a spei�ation that does not ontrol for originator heterogeneity,

and thus, these are results are diretly omparable to the LPS results displayed in Table

15. In Panel B, we inlude, for eah spei�ation, a full set of originator �xed e�ets.

Information on the originator is available for slightly more than half of the loans in the CL

dataset, so we fous our analysis on this subsample.

32
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We do this even for the spei�ations that do not inlude originator �xed e�ets in order to isolate the

impat of originator heterogeneity from the impat of hanging the size and sope of the sample.
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The estimation results reported in Table 10 show a statistially signi�ant, but slight,

negative relationship between ex-post default risk and time-to-sale, whih is not very sen-

sitive to the inlusion of lender �xed e�ets. Aording to the linear spei�ation results

(olumn 1) an inrease in time-to-sale by one month is assoiated with 0.28 { 0.36 perentage

point inrease in average default rates. While the magnitudes are signi�antly smaller than

the LPS results disussed above, the pattern is quite similar as evidened by the estimates

from the non-parametri spei�ation, whih are displayed in the top panel of Figure 2.

Average ex-post default rates deline over the �rst half of the time-to-sale distribution and

then atten out over the seond half of the distribution in a similar manner to the LPS

results plotted in the upper left panel of Figure 1.

5.5.1 Alt-A PLS vs. Subprime PLS

In addition to the information on the identities of originators, an advantage of using CL

data is the ability to analyze di�erent segments of the PLS market. A priori, we may expet

to see a larger role for signaling unobservable mortgage quality in the Alt-A segment of the

PLS market, sine this was largely omprised of low doumentation mortgages. Table 4

shows that over 70 perent of Alt-A mortgages were less than fully doumented ompared

to 35 perent of subprime loans.

Table 10 displays the parametri spei�ation results from separately estimating regres-

sions for the subprime and Alt-A segments of the PLS market (olumns 3-6), and the bottom

panels of Figure 2 plots the results for the non-parametri spei�ations. The di�erenes

between the subprime and Alt-A results are fairly striking, and help to explain where the

di�erenes between the LPS and CL results are likely oming from. There is essentially

no relationship between ex-post default risk and time-to-sale among subprime PLS loans

(Panel C), while there is a fairly signi�ant, negative relationship among Alt-A loans (Panel

B). The estimates from the Alt-A regression are monotonially dereasing in time-to-sale.

A loan sold to an issuer of Alt-A PLS 9 months after origination is, on average, about 6
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perentage points less likely to default ompared to a loan sold immediately upon origina-

tion, whih is very similar to the estimated magnitudes obtained in the LPS sample. As

we disussed above, when we ompare the summary statistis between LPS and CL (Tables

2 and 4) it appears as though the LPS sample of PLS loans is more similar to the Alt-A

mortgage sample than the subprime sample in CL. This ould rationalize the di�erenes

in the quantitative magnitudes of the estimates oming from eah sample as the CL Alt-A

magnitudes are quite similar to those obtained from LPS.

5.5.2 Doumentation Results

We further explore the role of doumentation standards by stratifying our PLS sample into

loans with full doumentation of inome and assets and loans with less than full doumen-

tation (\low do"). We stratify by doumentation type for the full sample of PLS loans as

well as for our subprime and Alt-A samples separately. The results are displayed in Table

11, with Panel A ontaining results for the parametri spei�ations and Panel B ontaining

results for non-parametri spei�ations. Figure 3 plots the non-parametri results with 95

perent on�dene intervals to provide a sense of the statistial signi�ane between the low

doumentation and full doumentation estimation results.

The results are mixed. In the sample of all PLS loans (subprime and Alt-A ombined),

there does appear to be a stronger negative relationship between time-to-sale and default for

low doumentation loans ompared to full doumentation loans. This negative relationship

is approximately twie as large (in absolute value) in the sample of low doumentation PLS

loans (olumns 1-2). However, Figure 3 shows that the di�erene in this relationship between

the two types of loans is not statistially signi�ant at onventional levels. Furthermore,

based on the results displayed in Table 11 (olumns 3-6) and Figure 3 (Panels B and C)

there are essentially no di�erenes between full doumentation and low doumentation loans

within the subprime and Alt-A subsamples.
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5.5.3 AÆliation Results

In this setion we test whether an aÆliation between the originator (seller) and issuer

(buyer) plays a role in the relationship between time-to-sale and default risk. There are

diret relationships between many issuers and originators in the PLS market. In some ases

the originator and issuer are the same institution, while in others they are part of the same

vertially integrated orporation (in whih ase the originator is typially a subsidiary of

the issuer). A priori, we might expet that the sope for private information between an

originator and issuer who are aÆliated is less than in the ase of an originator and issuer

who are independent entities.

33

Thus, if signaling is driving our results, we would expet a

weaker negative relationship between time-to-sale and default risk for the sample of loans

in whih the issuer and originator are aÆliated with eah other.

We obtained information on the identity of the issuer from Bloomberg, and supplemented

the Bloomberg data with hand-olleted data from the pooling and servie agreements

(PSA) assoiated with the PLS deals.

34

. We fous on only loans that are in deals in whih

either all loans were made by aÆliated originators or all loans were made by unaÆliated

originators.
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Table 12 and Figure 4 displays the results. As in our analysis of doumentation

status above, we stratify by aÆliation status in our sample of all PLS loans as well as in

our Alt-A and subprime samples separately. While the results are di�erent for the three

samples, overall, the negative orrelation between time-to-sale and default risk does appear

to be weaker when the originator and issuer are aÆliated entities. In the full sample, the

orrelation is more than twie as large for unaÆliated ompared to aÆliated issuers and

originators (olumns 1 - 2 in Table 12). Panel A in Figure 4 shows that this di�erene is

statistially signi�ant for loans sold within the 4 months of origination.

33

This is also an argument made by Demiroglu and James (2012b) and Fur�ne (2014)

34

We pulled the PSAs from the SEC's EDGAR website: http://www.se.gov/edgar/searhedgar/ompanysearh.html

35

We deided to drop the \mixed" deals that inluded loans made by both aÆliated and unaÆliated

originators due to our lak of on�dene in the identity of the originator and/or our ability to identify

a relationship between the issuer and originator (the raw data on originator identities in the CoreLogi

database is somewhat messy, so we were fored to expend signi�ant e�ort in leaning and standardizing

the names in order to integrate the information into our empirial analysis).
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The di�erene in the relationship between time-to-sale and ex-post default risk for unaf-

�liated ompared to aÆliated issuers and originators is espeially stark in the Alt-A segment

of the market. Loans sold 6 months after origination by aÆliated originators are approx-

imately 3 perentage points less likely to default ompared to loans sold in the month of

origination (olumn 3 of Panel B in Table 12), while this e�et inreases to almost 9 perent-

age points for loans originated by unaÆliated originators. Panel B in Figure 4 shows that

this di�erene is highly statistially signi�ant over the entire distribution of time-to-sale.

Finally, we �nd no di�erenes between aÆliated and unaÆliated originators in the subprime

segment of the PLS market.

There is some unertainty about whether the originator �eld in the CoreLogi database

atually orresponds to the lender of reord (i.e. the institution that underwrote and orig-

inated the loan) or to what is sometimes referred to as the \aggregator" or \seller", whih

is the institution that is in harge of purhasing loans from various lenders to �ll the PLS

mortgage pools, and then selling those loans to the issuer (Stanton et al. (2014)). This is a

potentially important distintion beause it may be more likely that private information is

obtained by the lender of reord sine it has more interation with the mortgage borrower.

To verify that the originator �eld in CoreLogi indeed orresponds to the lender of

reord, we math our CoreLogi mortgage data to a database of publi mortgage �lings

that ontains the identity of the lender of reord. This database ontains the universe

of all residential mortgages in the state of Massahusetts during our sample period, and

omes from ounty deed registries that reord information on property transations. We

ompare the lender of reord with the originator listed in the CoreLogi database for the

sample of mathed Massahusetts mortgages. In unreported tables, we �nd that for 83%

of the mathed sample, the lender of reord mathed the CoreLogi originator �eld. The

remaining 17% are either ases in whih CoreLogi is reporting an entity other than the

lender of reord (most likely the aggregator) or are bad mathes (there is the potential for

signi�ant mathing error beause we are not able to perform a preise math using loan
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aount numbers or soial seurity numbers). Thus, we view the 17% �gure as an upper

bound on the severity of the potential issue of misidentifying the true originator in the

CoreLogi data.

5.6 Seurity Spreads and Time-To-Sale

We now present evidene on the empirial relationship between time-to-sale and seurity

pries. The unit of observation for this analysis is a pool, i.e. a group of loans from whih

di�erent triple-A seurities in eah PLS deal derive ash ows. Junior seurities (those

below triple-A) generally derive ash ows from all pools. If deals have only one pool of

mortgages, the average spread orresponds to the weighted average spread of the triple-A

seurities in the deal.

Table 13 displays the results from regressing average pool-level spreads on average pool-

level seasoning. Panel A shows results when we inlude only a linear term for average

seasoning while panel B inludes a quadrati term. The results on ex-post default rates

disussed above were signi�antly di�erent in the sample of mortgages that ollateralized

Alt-A seurities ompared to the sample of loans that baked subprime seurities. Thus, in

both panels we show results for the full sample of oating-rate, triple A seurities(olumns 1-

3) as well as results for Alt-A (olumns 4-6) and subprime (olumns 7-9) seurities separately,

in order to see if similar patterns emerge on the priing dimension.

In Table 13 we display results for three di�erent regression spei�ations. The �rst

spei�ation inludes only quarter of issuane �xed e�ets, but no other ontrol variables.

The seond spei�ation inludes the list of pool-level ontrols displayed in Table 5 along

with quarter of issuane �xed e�ets. The third spei�ation, in addition to pool-level

ontrols and month of issuane �xed e�ets, inludes a full set of issuer �xed e�ets.

Column (1) in panel A shows that one additional month of average mortgage seasoning is

assoiated with a 1.5 basis points lower yield spread, whih is about 5 perent of the average

spread in the sample (28 basis points). When pool-level ontrols and both issuer and month

37



of issuane �xed e�ets are inluded (olumn (3)), the oeÆient estimate delines slightly,

but remains statistially signi�ant. Similar to our �ndings in the default analysis above,

we see in olumns (4)-(9) that this e�et is onentrated in the Alt-A sample. For Alt-A

seurities, one additional month of average mortgage seasoning is assoiated with a 2.4 basis

points lower yield spread.

For the non-linear spei�ation results reported in panel B, both the linear and the

quadrati terms are signi�ant in the full sample and the Alt-A sample. The linear terms are

negative and the quadrati terms are positive, whih implies a similar non-linear relationship

between time-to-sale and seurity spreads as the relationship that we doumented above

between time-to-sale and mortgage default. Figure 6 displays the predited seurity spreads

as a funtion of average pool-level seasoning alulated using the estimation results from the

spei�ation reported in olumn (6) in panel B. The �gure inludes 95 perent on�dene

intervals alulated using the delta method. There are a few notable takeaways from the

plot. First, the minimum spread as a funtion of average seasoning is ahieved between 4

and 5 months. Seond, after 5 months, the spread begins to inrease in seasoning, however

the on�dene bands show that we begin to lose preision for seasoning greater than 5

months sine there are so few seurities in the dataset with high values of average seasoning

(Figure 5).

5.7 Early Prepayment Analysis

Until this point we have used default as a proxy for loan quality. We believe that this is a

reasonable strategy sine default is an unequivoally negative outome from the perspetive

of an MBS investor. However, there are other types of negative outomes that may be

relevant in our ontext, and in this setion we will onsider one of these alternatives, namely

early prepayment risk. In addition to default, residential mortgages ontain a prepayment

option that allows borrowers to fully repay the outstanding prinipal balane of their loans

before the loan reahes full maturity. Sine the exerise of the prepayment option redues
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the expeted future ash ow of a mortgage, it also redues the value of a mortgage seurity,

and thus, an be onsidered a negative outome from the perspetive of the average MBS

investor. Early prepayment risk was an important onsideration for investors in the period

before the housing bust and �nanial risis, espeially given the low levels of default rates

that prevailed during that time period.

It is well known in the mortgage literature that interest rate movements largely drive

the prepayment behavior of borrowers with �xed-rate mortgages. In ontrast, prepayments

of adjustable-rate mortgages are typially driven by life events that are unrelated to interest

rate movements, suh as new housing purhases driven by employment hanges or hanges

in household size due to the birth of a hild or death of a family member. In the PLS market

however, in addition to responses to life events, prepayments of adjustable-rate mortgages

were often driven by spei� ontratual features. In partiular, the prepayment behavior of

2/28 and 3/27 hybrid ARMS, the most ommon types of PLS ARMs, was highly orrelated

with the duration of the period in whih the interest rate was frozen: two years for the

2/28s and 3 years for the 3/27s. The 2/28 and 3/27 hybrid ARMs were haraterized by

this initial period in whih the interest rate was �xed, after whih the interest rate would

reset to a new level and begin to utuate, traking a market interest rate (suh as the

6-month LIBOR or the 10 year Treasury rate). Sine the interest rate typially reset to a

higher level, many borrowers prepaid either right at or shortly after the reset period. In

addition, many ARMs in the PLS market ontained prepayment penalties that expired at

the same time of the interest rate reset, whih provided further inentive for borrowers to

wait until the reset date to exerise their prepayment option.

36

For these reasons, the expetations of market partiipants were that many 2/28 and

3/27 ARM prepayments would our on or immediately after the reset date. Therefore,

prepayments that ourred signi�antly before the reset date an be viewed as partiularly

36

For an exellent referene on the PLS market in general, and espeially for empirial analyses on the

prepayment and default behavior of various types of PLS loans, we refer the reader to Kramer and Sinha

(2006).
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negative outomes. We fous on the sample of 2/28 and 3/27 ARMs that did not default, and

de�ne a negative outome to be an ARM that prepaid several months before the interest rate

reset month.

37

The 2/28 and 3/27 ARM produts were by far the most popular adjustable-

rate produt in the PLS market, aounting for approximately 75% of all subprime and

Alt-A PLS ARMs ombined.

38

We onsider two uto�s of 6 months and 9 months before

the reset date in de�ning our early prepayment indiator variables. The reason for these

threshold hoies is that the most ommon type of prepayment penalty assoiated with

these mortgages was 6 months of interest on 80% of the prinipal amount prepaid. Thus,

even an ARM that arried this prepayment penalty that prepaid more than 6 months before

the reset date would generate lower ash ow levels ompared to a loan that prepaid at the

reset date, and thus an be onsidered as a negative outome for a PLS investor.

Table 14 ontains the results of the early prepayment analysis. Panel A displays esti-

mation results that orrespond to the parametri (quadrati) spei�ations while Panel B

displays results for the non-parametri spei�ations. We show results for various orre-

tions for the potential sample seletion issue that we disussed above in the ontext of the

LPS default analysis. Reall that our orretion was to throw out all defaults that ourred

within our sale period (up to 9 months after origination). We found that suh a orretion

had a minimal impat on the results, however, the issue may be more problemati in the

ontext of prepayment, sine, by de�nition, a loan that is prepaid annot possibly be sold.

At the same time however, the bulk of our sample is omprised of 2/28 hybrid ARMs, whih

means that the early prepayment period that we are onsidering is often within 15 months

and 18 months of origination, respetively. Therefore, throwing out all loans that prepaid in

the �rst 9 months eliminates a signi�ant amount of the early prepayment variation in our

37

We eliminate defaults from our analysis in order to isolate voluntary prepayment risk. From our analysis

above we already know that there is a negative orrelation between time-to-sale and (onditional) default

risk. By throwing out defaults, we ensure that the results are not driven by involuntary prepayments.

38

These produts were mostly found in the subprime segment of the market, although there were a non-

trivial number originated in the Alt-A segment. Many (about one-third) of Alt-A ARMs had a one month

\teaser" rate that reset to a higher adjustable rate in the seond month, and thus did not have prepayment

pro�les driven by reset onerns. See Sengupta (2010) for a detailed disussion of the omposition of loans

in the Alt-A and subprime PLS markets.
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sample, and to the extent that investors are espeially onerned with prepayments within

the �rst year or so of origination, suh a restrition ould serve to attenuate the true signal-

ing e�et rather than simply orreting sample seletion bias. For this reason, we display

results for both a 6 and 9 month early prepayment uto� for various sample restritions:

no restrition in olumns (1) and (2), a 3-month restrition (i.e. throwing out all loans that

prepay within 3 months) in olumns (3) and (4), a 6-month restrition in olumns (5) and

(6), and �nally the full 9-month restrition in olumns (7) and (8). Table 14 learly shows

a negative relationship between time-to-sale and early prepayment risk. As months-to-sale

inreases, the likelihood of early prepayment dereases in a relatively monotoni manner.

Fousing on the �rst two olumns in the table (no orretion), PLS loans sold 6 months

after origination are approximately 6-7% less likely to prepay early ompared to loans sold

immediately, while loans sold 9 months after origination are about 10-11% less likely to

prepay early. The extent of the sample restrition does have a signi�ant impat on the

results. The negative relationship remains pronouned in the ases where we apply partial

orretions and throw out all prepayments that our within 3 months and 6 months of

origination, respetively (olumns (3) - (6)), but the most severe restrition (throwing out

all prepayments that our within 9 months of origination) signi�antly attens the slope

of the negative relationship between months-to-sale and early prepayment.

In general, we believe these results on the orrelation between time-to-sale and early

prepayment of hybrid ARMs in the PLS market are onsistent with our default analysis

above, and support the existene of a motive to delay the sale of loans in order to signal

their higher quality to PLS issuers and investors. While PLS investors were likely onerned

about signi�ant redit risk in the ase of a large downturn (whih of ourse ourred),

prepayment risk is present in both good and bad states of the world, and thus was an

important onsideration for mortgage investors.
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6 Conlusion

A general feature of dynami models of adverse seletion is that the pries and (unobserved)

quality of goods inreases over time. This paper provides the �rst empirial evidene of this

predition in the ontext of the residential mortgage market. Using detailed, loan-level

data on privately-seuritized mortgages, we �nd a statistially signi�ant and eonomially

meaningful positive orrelation between onditional, ex-post mortgage performane and

time-to-sale. This �nding is robust to di�erent ways of measuring performane, and impor-

tantly, is not generated by the omponent of mortgage performane that is prediable by

buyers using ex-ante, observable information on underwriting harateristis. Furthermore,

the positive relationship between time-to-sale and mortgage performane is not present in

the ageny seuritization market where adverse seletion between originators and issuers

is not as serious of a onern. This estimated orrelation appears to be strongest in the

\Alt-A" segment of the PLS market, where most loans were underwritten with less than full

doumentation of inome and/or assets, and thus, is onsistent with previous studies that

have found an important role of private information among low doumentation mortgages.

Taken together, we believe that the results both on�rm the importane of private

information in the non-ageny seuritization market, and provide evidene onsistent with

a signaling mehanism by whih lenders in the market are able to reveal the quality of their

loans by delaying trade.
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Table 1: Distribution of Months-to-Sale in LPS Sample

PLS Loans GSE Loans

Months-to-Sale # Loans Cumulative % # Loans Cumulative %

0 1,607,434 29.28 1,630,348 14.14

1 1,496,668 56.55 5,369,181 60.73

2 1,261,872 79.54 3,700,677 92.83

3 518,156 88.98 471,520 96.92

4 191,413 92.47 128,404 98.04

5 84,131 94 58,619 98.55

6 56,610 95.03 29,598 98.8

7 41,849 95.79 18,733 98.96

8 30,881 96.36 16,243 99.11

9 24,969 96.81 14,203 99.23

10 20,283 97.18 11,916 99.33

11 18,535 97.52 10,353 99.42

12 16,356 97.82 8,881 99.5

13 13,858 98.07 7,086 99.56

14 9,098 98.24 5,823 99.61

15 5,132 98.33 3,732 99.64

16 3,961 98.4 2,898 99.67

17 2,847 98.45 2,464 99.69

18 2,366 98.5 2,506 99.71

19 1,690 98.53 2,456 99.73

20 1,468 98.55 2,028 99.75

21 1,479 98.58 1,948 99.77

22 1,883 98.62 1,577 99.78

23 1,655 98.65 1,736 99.8

24 1,463 98.67 1,549 99.81

Notes: This table displays the distribution of the # of months between the time of origination and the

time of sale (\Months-to-Sale") for both privately-seuritized mortgages (PLS) and mortgages aquired

by the housing GSEs (Fannie Mae and Freddie Ma) in the LPS dataset. The LPS sample inludes only

�rst-lien mortgages originated between January 2002 and Deember 2007. The sample is further restrited

to only mortgages seasoned less than two months (i.e. loans that entered the dataset in either the month

of origination or the month following origination).
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Table 2: Summary Statistis: LPS Sample

PLS GSE

Mean SD Mean SD

Loan/Borrower Charateristis

Term 354 49 333 63

Original Rate 5.96 1.97 6.17 0.77

Original Amount 299,218 204,952 176,680 90,235

LTV Ratio 73.1 15.0 74.0 18.3

FICO 700 68 713 63

Purhase (d) 0.440 . 0.432 .

Cash Out Re�nane (d) 0.208 . 0.140 .

Arm (d) 0.519 . 0.127 .

Balloon (d) 0.008 . 0.003 .

Interest Only (d) 0.234 . 0.064 .

\B" or \C" Grade (d) 0.178 . 0.012 .

Jumbo (d) 0.296 . 0.005 .

Low Do (d) 0.146 . 0.131 .

Prepay Penalty (d) 0.279 . 0.012 .

Primary Residene (d) 0.868 . 0.876 .

Single Family (d) 0.822 . 0.847 .

Geographi Charateristis

Unemployment rate (ounty-level) 4.8 1.4 4.9 1.5

36 month unemployment growth (

Prie Index (ounty-level) 188 53 163 46

36 month HPA (%) 43.9 26.5 31.4 23.1

Default Rates

60+ DQ, 36-month horizon 0.160 . 0.090 .

60+ DQ, 60-month horizon 0.225 . 0.133 .

90+ DQ, 36-month horizon 0.136 . 0.071 .

90+ DQ, 60-month horizon 0.204 . 0.111 .

# Loans 5,313,983 11,437,525

Notes: This table displays summary statistis for both privately-seuritized mortgages (PLS) and mortgages

aquired by the housing GSEs (Fannie Mae and Freddie Ma) in the LPS dataset. The LPS sample inludes

only �rst-lien mortgages originated between January 2002 and Deember 2007. The sample is further

restrited to only mortgages seasoned less than two months (i.e. loans that entered the dataset in either the

month of origination or the month following origination). In addition, the sample only inludes loans that

were sold to either PLS issuers or the GSEs within 9 months of origination (inlusive). All of the variables

in the table are inluded in the set of model ovariates. For a full list of ovariates, see the Online Appendix.
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Table 3: Distribution of Months-to-Sale in CoreLogi Sample

All PLS Subprime PLS Alt-A PLS

Months-to-Sale # Loans Cumulative % of Sample # Loans Cumulative % of Sample # Loans Cumulative % of Sample

0 2,446,106 17.9 1,079,646 12.4 1,366,460 27.7

1 3,675,646 44.8 2,296,307 38.7 1,379,339 55.6

2 2,952,576 66.4 2,026,277 62.0 926,299 74.3

3 2,064,585 81.6 1,521,350 79.4 543,235 85.3

4 1,149,410 90.0 861,916 89.3 287,494 91.1

5 571,103 94.2 415,989 94.1 155,114 94.3

6 286,959 96.3 201,827 96.4 85,132 96.0

7 140,231 97.3 86,683 97.4 53,548 97.1

8 87,131 97.9 51,849 98.0 35,282 97.8

9 56,839 98.3 32,197 98.4 24,642 98.3

10 38,190 98.6 20,454 98.6 17,736 98.6

11 30,233 98.8 16,464 98.8 13,769 98.9

12 24,564 99.0 14,094 98.9 10,470 99.1

13 19,247 99.2 11,051 99.1 8,196 99.3

14 15,630 99.3 9,301 99.2 6,329 99.4

15 14,481 99.4 9,445 99.3 5,036 99.5

16 11,835 99.5 7,744 99.4 4,091 99.6

17 13,645 99.6 9,997 99.5 3,648 99.7

18 11,432 99.6 8,364 99.6 3,068 99.7

19 10,814 99.7 7,889 99.7 2,925 99.8

20 8,602 99.8 6,245 99.7 2,357 99.9

21 7,910 99.8 6,062 99.8 1,848 99.9

22 7,574 99.9 5,790 99.9 1,784 99.9

23 7,511 100.0 5,702 100.0 1,809 100.0

24 764 100.0 3,710 100.0 1,576 100.0

Notes: This table displays the distribution of the # of months between the time of origination and the time of sale (\Months-to-Sale") for privately-

seuritized mortgages in the CoreLogi dataset. The CoreLogi sample inludes only �rst-lien mortgages baking subprime and Alt-A PLS that were

originated between January 2002 and Deember 2007. The time of sale orresponds to the month in whih the PLS seurity was issued.
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Table 4: Summary Statistis: CoreLogi Sample

All PLS Subprime PLS Alt-A PLS

Mean SD Mean SD Mean SD

Loan/Borrower Charateristis

Term 356 37 355 34 357 42

Original Rate 7.28 1.62 7.86 1.32 6.27 1.60

Original Amount ($ 1000) 223 157 187 123 285 188

LTV Ratio 82.8 14.7 83.8 14.0 80.9 15.7

FICO 650 72 617 60 709 50

Purhase (d) 0.416 . 0.367701 . 0.501 .

Cash Out Re�nane (d) 0.472 . 0.549 . 0.335 .

Arm (d) 0.684 . 0.748031 . 0.571 .

Balloon (d) 0.055 . 0.081966 . 0.009 .

Interest Only (d) 0.213 . 0.120 . 0.376 .

Jumbo (d) 0.142 . 0.083789 . 0.246 .

Low Do (d) 0.475 . 0.345177 . 0.704 .

Prepay Penalty (d) 0.621 . 0.740 . 0.400 .

Primary Residene (d) 0.855 . 0.917567 . 0.744 .

Single Family (d) 0.727 . 0.782 . 0.630 .

Geographi Charateristis

Unemployment rate (ounty-level) 5.18 1.57 5.32 1.59 4.93 1.50

36 month unemployment growth (%) 4.7% 39.6% 9.0% 40.6% -2.9% 36.6%

Prie Index (ounty-level) 177 52 170 50 189 53

36 month HPA (%) 42.5% 26.5% 40.2% 26.3% 46.3% 26.4%

Default Rates

60+ DQ, 36-month horizon 0.215 . 0.245 . 0.154 .

60+ DQ, 60-month horizon 0.269 . 0.294 . 0.227 .

90+ DQ, 36-month horizon 0.178 . 0.204 . 0.131 .

90+ DQ, 60-month horizon 0.238 . 0.255 . 0.207 .

# Loans 13,430,586 8,574,041 4,856,545

Notes: This table displays summary statistis for loans baking subprime and Alt-A PLS in the CoreLogi dataset. The CoreLogi sample inludes

only �rst-lien mortgages originated between January 2002 and Deember 2007. In addition, the sample only inludes loans that were sold to PLS

issuers within 9 months of origination (inlusive). All of the variables in the table are inluded in the set of model ovariates. For a full list of

ovariates, see the Online Appendix.

4
9



Table 5: Priing Analysis Summary Statistis

Mean Standard Dev. Minimum 25th Per. Median 75th Per. Maximum

Yield Spread 0.28 0.23 0.04 0.16 0.23 0.32 2.09

Months-to-Sale 3.3 1.4 0.3 2.2 3.1 4.2 9.0

# Loans 2,355 1,833 55 1,108 1,911 3,078 18,190

Log Loan Balane 12.2 0.4 11.0 11.9 12.1 12.4 14.9

FICO 640 43 413 609 624 682 764

FICO < 580 0.20 0.15 0.00 0.01 0.22 0.31 0.87

580 � FICO < 620 0.19 0.12 0 0.05 0.22 0.27 0.67

620 � FICO < 660 0.23 0.08 0 0.19 0.24 0.28 0.68

660 � FICO < 700 0.18 0.09 0.01 0.11 0.15 0.25 0.72

FICO � 700 0.20 0.21 0 0.06 0.10 0.35 0.92

CLTV 84 6 39 80 84 88 102

70 � CLTV < 80 0.15 0.07 0 0.10 0.14 0.19 0.49

80 � CLTV < 90 0.28 0.13 0 0.20 0.27 0.36 0.92

90 � CLTV < 100 0.24 0.10 0 0.18 0.23 0.29 0.97

CLTV � 100 0.20 0.20 0 0.02 0.16 0.32 0.96

LTV = 80 0.16 0.12 0 0.08 0.12 0.20 0.91

Term 359 15 120 356 359 360 480

Purhase Loan 0.42 0.20 0 0.27 0.40 0.57 1

Cashout Re�nane 0.48 0.19 0 0.33 0.50 0.62 1

Primary Residene 0.87 0.13 0 0.85 0.91 0.95 1

Single-Family Property 0.73 0.11 0 0.68 0.75 0.80 0.99

Condominium 0.08 0.04 0 0.05 0.07 0.09 0.36

ARM 0.83 0.18 0 0.76 0.85 1 1

Interest-Only 0.21 0.28 0 0 0.10 0.26 1

Negative Amortization 0.10 0.30 0 0 0 0 1

Low Doumentation 0.47 0.23 0 0.31 0.41 0.61 1

Balloon 0.08 0.15 0 0 0 0.05 1

Jumbo 0.19 0.24 0 0 0.10 0.27 1

Prepayment Penalty 0.69 0.21 0 0.65 0.74 0.81 1

Fration in CA 0.26 0.17 0 0.13 0.23 0.34 1

Unemployment Rate 5.14 0.61 1.73 4.66 5.06 5.63 6.83

Predited WAL 2.59 0.61 0 2.23 2.52 2.90 6.61

Subordination 1.00 3.10 0 0.81 0.85 0.91 103.35

# Seurities 3,532

Notes: This table displays summary statistis for the variables inluded in the priing analysis presented

in setion 5.6. All mortgage harateristis orrespond to averages that are alulated at the pool-level in

the sample of CoreLogi loans, whih inludes mortgages baking Subprime and Alt-A triple-A, oating

rate seurities issued between January 2002 and Deember 2007. Yield Spread is the weighted average

spread over 1-month LIBOR of all triple-A seurities with laims on ash ows for a given mortgage pool.

Seasoning is the average age (# months) of all mortgages in a pool at the time of issuane. Predited WAL

is a model-based alulation of expeted weighted average life. Subordination is alulated as the ratio of

the total fae value of all triple-A seurities assoiated with a pool to the sum of the remaining prinipal

balanes of all loans in the pool in the month of issuane.
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Table 6: PLS Results from Parametri Spei�ation: LPS Sample

Panel A: Full Sample

Default Horizon: 36 Months 60 Months

Default De�nition: 60+ DQ 90+ DQ 60+ DQ 90+ DQ

(1) (2) (3) (4) (5) (6) (7) (8)

Months-to-Sale -0.0107 -0.0246 -0.0110 -0.0246 -0.0112 -0.0266 -0.0122 -0.0272

(5.79) (8.10) (5.88) (8.19) (6.75) (8.59) (7.23) (9.75)

Months-to-Sale

2

0.0027 0.0026 0.0029 0.0029

(7.37) (7.13) (7.74) (8.61)

# Loans 5,313,951 5,313,951 5,313,951 5,313,951 5,313,951 5,313,951 5,313,951 5,313,951

Adjusted R

2

0.23 0.23 0.22 0.22 0.25 0.25 0.25 0.25

Orig Qtr FEs? Y Y Y Y Y Y Y Y

State FEs? Y Y Y Y Y Y Y Y

Sale Qtr FEs? Y Y Y Y Y Y Y Y

Lender FEs? N N N N N N N N

Other Controls? Y Y Y Y Y Y Y Y

Panel B: Restrited Sample (Only Defaults Ourring After 9 Months)

Default Horizon: 36 Months 60 Months

Default De�nition: 60+ DQ 90+ DQ 60+ DQ 90+ DQ

(1) (2) (3) (4) (5) (6) (7) (8)

Months-to-Sale -0.0105 -0.0173 -0.0101 -0.0167 -0.0112 -0.0203 -0.0115 -0.0206

(5.90) (6.51) (5.99) (6.46) (6.39) (6.91) (6.83) (7.68)

Months-to-Sale

2

0.0013 0.0013 0.0018 0.0018

(4.57) (4.27) (5.39) (5.98)

# Loans 5,143,409 5,143,409 5,143,409 5,143,409 5,143,409 5,143,409 5,143,409 5,143,409

Adjusted R

2

0.20 0.20 0.19 0.19 0.23 0.23 0.22 0.22

Orig Qtr FEs? Y Y Y Y Y Y Y Y

State FEs? Y Y Y Y Y Y Y Y

Sale Qtr FEs? Y Y Y Y Y Y Y Y

Lender FEs? N N N N N N N N

Other Controls? Y Y Y Y Y Y Y Y

This table displays results from the estimation of equation 5 on PLS loans in the LPS dataset originated

in the 2002 - 2007 period. The dependent variable is an indiator variable for loans that default over a

36-month horizon (olumns 1-4) and over a 60-month horizon (olumns 5-8). Default is de�ned as a loan

that is 60+ days delinquent(olumns 1-2 and 5-6) and 90+ days delinquent (olumns 3-4 and 7-8). Months-

to-Sale is de�ned as the number of months that elapse between origination and sale to a PLS issuer. All

regressions inlude origination year-quarter �xed e�ets, state �xed e�ets, year-quarter of sale �xed e�ets,

and the detailed list of ovariates desribed in the text. The �rst row for eah variable shows the regression

oeÆient, the seond row shows t-statistis.Standard errors are heteroskedastiity-robust and are lustered

by year-quarter of origination.
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Table 7: PLS Results from Non-Parametri Spei�ation: LPS Sample

Full Sample Restrited Sample Full Sample Restrited Sample

Default Horizon: 36 Months 60 Months

Default De�nition: 60+ DQ 90+ DQ 60+ DQ 90+ DQ 60+ DQ 90+ DQ 60+ DQ 90+ DQ

(1) (2) (3) (4) (5) (6) (7) (8)

Months-to-Sale = 2 -0.019 -0.019 -0.012 -0.012 -0.020 -0.020 -0.014 -0.014

(5.12) (5.01) (3.82) (3.82) (4.60) (4.88) (3.07) (3.34)

Months-to-Sale = 3 -0.038 -0.038 -0.026 -0.026 -0.040 -0.041 -0.030 -0.031

(6.37) (6.57) (5.24) (5.24) (6.28) (6.89) (5.22) (5.78)

Months-to-Sale = 4 -0.057 -0.058 -0.046 -0.046 -0.062 -0.066 -0.055 -0.055

(7.91) (7.93) (6.74) (6.74) (8.75) (9.52) (7.53) (7.88)

Months-to-Sale = 5 -0.058 -0.059 -0.052 -0.052 -0.062 -0.066 -0.059 -0.061

(4.71) (4.81) (4.86) (4.86) (5.98) (6.22) (6.07) (6.14)

Months-to-Sale = 6 -0.054 -0.054 -0.054 -0.054 -0.059 -0.064 -0.063 -0.065

(3.56) (3.61) (4.49) (4.49) (4.32) (4.54) (5.31) (5.32)

Months-to-Sale = 7 -0.044 -0.046 -0.049 -0.049 -0.047 -0.053 -0.054 -0.056

(3.51) (3.76) (5.28) (5.28) (4.33) (4.94) (5.39) (5.77)

Months-to-Sale = 8 -0.031 -0.034 -0.045 -0.045 -0.028 -0.036 -0.044 -0.047

(2.03) (2.38) (3.48) (3.48) (2.04) (2.49) (3.09) (3.29)

Months-to-Sale = 9 -0.036 -0.040 -0.049 -0.049 -0.031 -0.037 -0.045 -0.046

(2.11) (2.39) (3.42) (3.42) (1.81) (2.29) (2.91) (3.12)

# Loans 5,313,951 5,313,951 5,143,409 5,143,409 5,313,951 5,313,951 5,143,409 5,143,409

Adjusted R

2

0.23 0.22 0.19 0.19 0.25 0.25 0.23 0.23

Orig Qtr FEs? Y Y Y Y Y Y Y Y

State FEs? Y Y Y Y Y Y Y Y

Sale Qtr FEs? Y Y Y Y Y Y Y Y

Lender FEs? N N N N N N N N

Other Controls? Y Y Y Y Y Y Y Y

This table displays results from the estimation of equation 5 on PLS loans in the LPS dataset originated in the 2002 - 2007 period. The dependent

variable is an indiator variable for loans that default over a 36-month horizon (olumns 1-4) and over a 60-month horizon (olumns 5-8). Default is

de�ned as a loan that is 60+ days delinquent(olumns 1-2 and 5-6) and 90+ days delinquent (olumns 3-4 and 7-8). Months-to-Sale is de�ned as the

number of months that elapse between origination and sale to a PLS issuer. All regressions inlude origination year-quarter �xed e�ets, state �xed

e�ets, year-quarter of sale �xed e�ets, and the detailed list of ovariates desribed in the text. The �rst row for eah variable shows the regression

oeÆient, the seond row shows t-statistis.Standard errors are heteroskedastiity-robust and are lustered by year-quarter of origination.
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Table 8: GSE Results from Parametri Spei�ation: LPS Sample

Panel A: Full Sample

Default Horizon: 36 Months 60 Months

Default De�nition: 60+ DQ 90+ DQ 60+ DQ 90+ DQ

(1) (2) (3) (4) (5) (6) (7) (8)

Months to Sale -0.0001 -0.0005 -0.0010 -0.0014 -0.0002 -0.0020 -0.0012 -0.0030

(0.11) (0.35) (1.60) (1.07) (0.19) (1.14) (1.72) (1.94)

Months to Sale

2

0.0001 0.0001 0.0005 0.0005

(0.41) (0.39) (1.58) (1.65)

# Loans 11,437,522 11,437,522 11,437,522 11,437,522 11,437,522 11,437,522 11,437,522 11,437,522

Adjusted R

2

0.14 0.14 0.14 0.14 0.16 0.16 0.16 0.16

Orig Qtr FEs? Y Y Y Y Y Y Y Y

State FEs? Y Y Y Y Y Y Y Y

Sale Qtr FEs? Y Y Y Y Y Y Y Y

Lender FEs? N N N N N N N N

Other Controls? Y Y Y Y Y Y Y Y

Panel B: Restrited Sample (Only Defaults Ourring After 9 Months)

Default Horizon: 36 Months 60 Months

Default De�nition: 60+ DQ 90+ DQ 60+ DQ 90+ DQ

Months to Sale -0.0014 -0.0014 -0.0015 -0.0014 -0.0015 -0.0029 -0.0017 -0.0031

(2.42) (1.20) (2.97) (1.35) (2.15) (1.95) (2.89) (2.31)

Months to Sale

2

0.0000 0.0000 0.0004 0.0004

(0.00) (0.07) (1.42) (1.47)

# Loans 11,267,367 11,267,367 11,267,367 11,267,367 11,267,367 11,267,367 11,267,367 11,267,367

Adjusted R

2

0.13 0.12 0.12 0.15 0.15 0.15 0.15

Orig Qtr FEs? Y Y Y Y Y Y Y Y

State FEs? Y Y Y Y Y Y Y Y

Sale Qtr FEs? Y Y Y Y Y Y Y Y

Lender FEs? N N N N N N N N

Other Controls? Y Y Y Y Y Y Y Y

This table displays results from the estimation of equation 5 on GSE loans in the LPS dataset originated

in the 2002 - 2007 period. The dependent variable is an indiator variable for loans that default over

a 36-month horizon (olumns 1-4) and over a 60-month horizon (olumns 5-8). Default is de�ned as a

loan that is 60+ days delinquent(olumns 1-2 and 5-6) and 90+ days delinquent (olumns 3-4 and 7-8).

Months-to-sale is de�ned as the number of months that elapse between origination and sale to a GSE. All

regressions inlude origination year-quarter �xed e�ets, state �xed e�ets, year-quarter of sale �xed e�ets,

and the detailed list of ovariates desribed in the text. The �rst row for eah variable shows the regression

oeÆient, the seond row shows t-statistis.Standard errors are heteroskedastiity-robust and are lustered

by year-quarter of origination.
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Table 9: Ex-Ante Default Risk Results: LPS Sample

Panel A: PLS Loans

Default Horizon: 36 Months 60 Months

Default De�nition: 60+ DQ 90+ DQ 60+ DQ 90+ DQ

(1) (2) (3) (4) (5) (6) (7) (8)

Months-to-Sale 0.0058 0.0197 0.0045 0.0150 0.0057 0.0186 0.0040 0.0112

(5.20) (7.24) (5.20) (7.01) (4.40) (8.65) (3.45) (6.61)

Months-to-Sale

2

-0.0028 -0.0021 -0.0026 -0.0015

(8.51) (8.15) (10.03) (9.58)

# Loans 3,672,426 3,672,426 3,672,426 3,672,426 3,672,426 3,672,426 3,672,426 3,672,426

Adjusted R

2

0.26 0.27 0.24 0.25 0.30 0.31 0.36 0.37

Orig Qtr FEs? Y Y Y Y Y Y Y Y

Sale Qtr FEs? Y Y Y Y Y Y Y Y

Panel B: GSE Loans

Default Horizon: 36 Months 60 Months

Default De�nition: 60+ DQ 90+ DQ 60+ DQ 90+ DQ

(1) (2) (3) (4) (5) (6) (7) (8)

Months-to-Sale 0.0004 0.0014 0.0002 0.0004 0.0021 0.0011 0.0013 0.0008

(1.17) (1.78) (0.93) (0.96) (3.20) (0.68) (3.50) (0.78)

Months-to-Sale

2

-0.0002 -0.0001 0.0002 0.0001

(1.57) (0.71) (0.64) (0.58)

# Loans 7,378,891 7,378,891 7,378,891 7,378,891 7,378,891 7,378,891 7,378,891 7,378,891

Adjusted R

2

0.29 0.29 0.30 0.30 0.52 0.52 0.56 0.56

Orig Qtr FEs? Y Y Y Y Y Y Y Y

Sale Qtr FEs? Y Y Y Y Y Y Y Y

This table shows loan-level, OLS regressions where the dependent variables are the 36-month, and 60-month

ex-ante default rates at the time the loan is originated, where the ex-ante default rates are alulated using

the extensive information in the data on loan and borrower harateristis at the time of origination for the

previous three years for the 36-month ex-ante rates and �ve years for the 60-month ex-ante rates. Default

is de�ned as a loan being 60 days and 90 days delinquent or more at any point sine origination. The

independent variable of interest is \Months-to-Sale" whih is de�ned as the number of months that elapse

between origination and sale to a PLS issuer or GSE. All regressions inlude origination year-quarter �xed

e�ets, and year-quarter of sale �xed e�ets. Standard errors are heteroskedastiity-robust and lustered

at the quarter of issuane level. The �rst row for eah variable shows the regression oeÆient, the seond

row shows t-statistis.

54



Table 10: Baseline Parametri Results for Sample of CoreLogi PLS Loans

Panel A: No Lender Fixed E�ets

Default De�nition: 60+ DQ over 36 Months

All PLS Alt-A Subprime

(1) (2) (3) (4) (5) (6)

Months-to-Sale -0.0036 -0.0046 -0.0072 -0.0100 -0.0020 -0.0019

(4.28) (3.38) (6.87) (5.78) (2.46) (1.19)

Months-to-Sale

2

0.0002 0.0004 0.0000

(0.93) (1.85) (0.05)

# Loans 7,860,499 7,860,499 1,895,618 1,895,618 5,964,881 5,964,881

Adjusted R

2

0.21 0.21 0.25 0.25 0.19 0.19

Orig Qtr FEs? Y Y Y Y Y Y

State FEs? Y Y Y Y Y Y

Sale Qtr FEs? Y Y Y Y Y Y

Lender FEs? N N N N N N

Other Controls? Y Y Y Y Y Y

Panel B: Lender Fixed E�ets

Default De�nition: 60+ DQ over 36 Months

All PLS Alt-A Subprime

(1) (2) (3) (4) (5) (6)

Months-to-Sale -0.0028 -0.0043 -0.0063 -0.01 -0.0015 -0.0005

(3.80) (3.96) (5.61) (6.73) (2.08) (0.48)

Months-to-Sale

2

0.0002 0.0006 -0.0002

(1.93) (4.09) (1.10)

# Loans 7,860,499 7,860,499 1,895,618 1,895,618 5,964,881 5,964,881

Adjusted R

2

0.21 0.21 0.26 0.26 0.19 0.19

Orig Qtr FEs? Y Y Y Y Y Y

State FEs? Y Y Y Y Y Y

Sale Qtr FEs? Y Y Y Y Y Y

Lender FEs? Y Y Y Y Y Y

Other Controls? Y Y Y Y Y Y

Notes: This table displays results from the estimation of equation 5 on PLS loans in the CoreLogi dataset

originated in the 2002 - 2007 period. The dependent variable is an indiator variable for loans that default

over a 36-month horizon. Default is de�ned as a loan that is 60+ days delinquent. Months-to-Sale is de�ned

as the number of months that elapse between origination and sale to a PLS issuer. All regressions inlude

origination year-quarter �xed e�ets, state �xed e�ets, year-quarter of sale �xed e�ets, and the detailed

list of ovariates desribed in the text. Spei�ations in Panel B inlude a full set of originator �xed e�ets.

The �rst row for eah variable shows the regression oeÆient, the seond row shows t-statistis. Standard

errors are heteroskedastiity-robust and are lustered by year-quarter of origination.
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Table 11: Doumentation Results for Sample of CoreLogi PLS Loans

Panel A: Parametri Results

Default De�nition: 60+ DQ over 36 Months

All PLS Alt-A Subprime

Full Do Low Do Full Do Low Do Full Do Low Do

(1) (2) (3) (4) (5) (6)

Months-to-Sale -0.0027 -0.0063 -0.0103 -0.0091 -0.0011 0.0006

(2.43) (4.03) (5.08) (5.76) (0.99) (0.37)

Months-to-Sale

2

0.0001 0.0003 0.0006 0.0006 0.0000 -0.0004

(0.94) (2.36) (2.49) (3.60) (0.29) (2.37)

# Loans 3,261,827 2,605,838 378,607 1,035,183 3,842,498 2,092,603

Adjusted R

2

0.18 0.25 0.16 0.27 0.17 0.24

Orig Qtr FEs? Y Y Y Y Y Y

State FEs? Y Y Y Y Y Y

Sale Qtr FEs? Y Y Y Y Y Y

Lender FEs? Y Y Y Y Y Y

Other Controls? Y Y Y Y Y Y

Panel B: Non-Parametri Results

Default De�nition: 60+ DQ over 36 Months

All PLS Alt-A Subprime

Full Do Low Do Full Do Low Do Full Do Low Do

(1) (2) (3) (4) (5) (6)

Months to Sale = 1 -0.0023 -0.0103 -0.0113 -0.0166 0.0001 0.0028

(0.74) (2.66) (3.80) (5.34) (0.04) (0.79)

Months to Sale = 2 -0.0015 -0.0138 -0.0177 -0.0219 0.0025 0.0049

(0.54) (4.05) (4.39) (7.97) (1.12) (1.78)

Months to Sale = 3 -0.0057 -0.0175 -0.0285 -0.0274 -0.0014 0.0005

(1.91) (4.05) (5.31) (7.49) (0.51) (0.13)

Months to Sale = 4 -0.0095 -0.0203 -0.0348 -0.0308 -0.005 -0.0016

(2.75) (3.80) (6.88) (6.17) (1.46) (0.39)

Months to Sale = 5 -0.0111 -0.0272 -0.0362 -0.0293 -0.0079 -0.0118

(2.16) (4.61) (5.12) (5.22) (1.68) (1.99)

Months to Sale = 6 -0.0109 -0.0292 -0.0364 -0.0347 -0.0076 -0.0116

(1.84) (3.90) (5.29) (5.54) (1.35) (1.28)

Months to Sale = 7 -0.0134 -0.0326 -0.048 -0.0388 -0.0087 -0.0147

(1.81) (3.69) (4.41) (4.86) (1.27) (1.67)

Months to Sale = 8 -0.0078 -0.0318 -0.0489 -0.0518 -0.0007 -0.0043

(1.02) (3.18) (4.80) (5.20) (0.09) (0.48)

Months to Sale = 9 -0.0004 -0.0339 -0.0528 -0.0583 0.0082 -0.0057

(0.03) (3.61) (4.35) (7.91) (0.61) (0.47)

# Loans 3,261,827 2,605,838 378,607 1,035,183 3,842,498 2,092,603

Adjusted R

2

0.18 0.25 0.16 0.27 0.17 0.24

Orig Qtr FEs? Y Y Y Y Y Y

State FEs? Y Y Y Y Y Y

Sale Qtr FEs? Y Y Y Y Y Y

Lender FEs? Y Y Y Y Y Y

Other Controls? Y Y Y Y Y Y

Notes: This table displays results from the estimation of equation 5 on PLS loans in the CoreLogi dataset

originated in the 2002 - 2007 period. The dependent variable is an indiator variable for loans that default

over a 36-month horizon. Default is de�ned as a loan that is 60+ days delinquent. Months-to-Sale is

de�ned as the number of months that elapse between origination and sale to a PLS issuer. All regressions

inlude origination year-quarter �xed e�ets, state �xed e�ets, year-quarter of sale �xed e�ets, originator

�xed e�ets, and the detailed list of ovariates desribed in the text. \Full Do" loans orrespond to those

in whih the borrower's inome and assets were not fully doumented at the time of origination, while

\Low Do" loans orrespond to those in whih either the borrower's inome or assets (or both) were not

fully doumented. The �rst row for eah variable shows the regression oeÆient, the seond row shows

t-statistis. Standard errors are heteroskedastiity-robust and are lustered by year-quarter of origination.
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Table 12: AÆliation Results for Sample of CoreLogi PLS Loans

Panel A: Parametri Results

Default De�nition: 60+ DQ over 36 Months

All PLS Alt-A Subprime

AÆliation No AÆliation AÆliation No AÆliation AÆliation No AÆliation

(1) (2) (3) (4) (5) (6)

Months-to-Sale -0.0049 -0.0121 -0.0080 -0.0194 -0.0028 -0.0073

(3.42) (5.57) (3.92) (8.36) (2.27) (2.97)

Months-to-Sale

2

0.0001 0.0010 0.0004 0.0011 0.0000 0.0006

(0.61) (4.49) (1.83) (6.08) (0.12) (2.28)

# Loans 2,384,156 2,606,571 453,075 551,994 1,931,081 2,054,577

Adjusted R

2

0.20 0.21 0.24 0.26 0.19 0.20

Orig Qtr FEs? Y Y Y Y Y Y

State FEs? Y Y Y Y Y Y

Sale Qtr FEs? Y Y Y Y Y Y

Lender FEs? Y Y Y Y Y Y

Other Controls? Y Y Y Y Y Y

Panel B: Non-Parametri Results

Default De�nition: 60+ DQ over 36 Months

All PLS Alt-A Subprime

AÆliation No AÆliation AÆliation No AÆliation AÆliation No AÆliation

(1) (2) (3) (4) (5) (6)

Months-to-Sale = 1 -0.0042 -0.0310 -0.0073 -0.0443 -0.0029 0.0039

(1.32) (3.80) (3.43) (7.54) (1.07) (0.82)

Months-to-Sale = 2 -0.0068 -0.0377 -0.0138 -0.0518 -0.0038 -0.0019

(2.45) (5.19) (3.29) (10.29) (1.52) (0.37)

Months-to-Sale = 3 -0.0140 -0.0422 -0.0253 -0.0645 -0.0086 -0.0064

(4.40) (5.50) (3.29) (10.75) (2.92) (1.05)

Months-to-Sale = 4 -0.0183 -0.0456 -0.0279 -0.0745 -0.0120 -0.0095

(4.66) (4.80) (4.64) (9.12) (3.21) (1.28)

Months-to-Sale = 5 -0.0250 -0.0490 -0.0250 -0.0770 -0.0187 -0.0132

(4.55) (4.76) (4.16) (9.70) (3.37) (1.68)

Months-to-Sale = 6 -0.0204 -0.0513 -0.0271 -0.0870 -0.0150 -0.0122

(3.07) (4.54) (3.13) (8.04) (2.00) (1.36)

Months-to-Sale = 7 -0.0297 -0.0535 -0.0308 -0.0957 -0.0294 -0.0105

(3.66) (4.71) (3.46) (7.56) (3.00) (1.08)

Months-to-Sale = 8 -0.0267 -0.0537 -0.0552 -0.1089 -0.0167 -0.0059

(2.20) (4.80) (5.32) (8.40) (1.27) (0.50)

Months-to-Sale = 9 -0.0157 -0.0482 -0.0527 -0.1185 -0.0020 0.0083

(1.70) (3.44) (3.83) (9.36) (0.16) (0.63)

# Loans 2,384,156 2,606,571 453,075 551,994 1,931,081 2,054,577

Adjusted R

2

0.2 0.21 0.24 0.26 0.19 0.2

Orig Qtr FEs? Y Y Y Y Y Y

State FEs? Y Y Y Y Y Y

Sale Qtr FEs? Y Y Y Y Y Y

Lender FEs? Y Y Y Y Y Y

Other Controls? Y Y Y Y Y Y

Notes: This table displays results from the estimation of equation 5 on PLS loans in the CoreLogi dataset

originated in the 2002 - 2007 period. The dependent variable is an indiator variable for loans that default

over a 36-month horizon. Default is de�ned as a loan that is 60+ days delinquent. Months-to-Sale is de�ned

as the number of months that elapse between origination and sale to a PLS issuer. All regressions inlude

origination year-quarter �xed e�ets, state �xed e�ets, year-quarter of sale �xed e�ets, originator �xed

e�ets, and the detailed list of ovariates desribed in the text. \AÆliated" PLS deals orrespond to those in

whih the originator of all mortgages in the deal is aÆliated with the issuer (either the same ompany or part

of the same vertial orporation). The �rst row for eah variable shows the regression oeÆient, the seond

row shows t-statistis. Standard errors are heteroskedastiity-robust and are lustered by year-quarter of

origination.
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Table 13: Priing Analysis Results

Panel A: Linear Spei�ation

Dependent Variable: Pool-level Average Yield Spread (Triple-A Seurities Only)

All Seurities Alt-A Seurities Subprime Seurities

(1) (2) (3) (4) (5) (6) (7) (8) (9)

Seasoning -0.015*** -0.003 -0.010*** -0.022* -0.024* -0.024* 0.002 0.002 0.002

(0.004) (0.003) (0.003) (0.013) (0.014) (0.014) (0.002) (0.002) (0.002)

Pool Covariates? N Y Y N Y Y N Y Y

Issue Qtr FE? Y Y Y Y Y Y Y Y Y

Issuer FE? N N Y N N Y N N Y

Observations 3,532 3,532 3,513 909 909 909 2,623 2,615 2,615

Adjusted R

2

0.17 0.33 0.45 0.09 0.16 0.16 0.67 0.71 0.71

Panel B: Non-Linear Spei�ation

Dependent Variable: Pool-level Average Yield Spread (Triple-A Seurities Only)

All Seurities Alt-A Seurities Subprime Seurities

(1) (2) (3) (4) (5) (6) (7) (8) (9)

Seasoning -0.095*** -0.051*** -0.035** -0.177*** -0.169*** -0.169*** -0.003 -0.008 -0.009

(0.019) (0.018) (0.014) (0.047) (0.052) (0.052) (0.006) (0.007) (0.008)

Seasoning

2

0.010*** 0.006*** 0.003** 0.020*** 0.019*** 0.019*** 0.001 0.001 0.001

(0.002) (0.002) (0.002) (0.007) (0.007) (0.007) (0.001) (0.001) (0.001)

Pool Covariates? N Y Y N Y Y N Y Y

Issue Qtr FE? Y Y Y Y Y Y Y Y Y

Issuer FE? N N Y N N Y N N Y

Observations 3,532 3,532 3,513 909 909 909 2,623 2,615 2,615

Adjusted R

2

0.17 0.33 0.45 0.09 0.16 0.16 0.67 0.71 0.71

This table displays results from the estimation of equation 7. The sample inludes triple-A, oating rate

Subprime and Alt-A seurities issued between January 2002 and Deember 2007. The dependent variable

is the weighted average spread over 1-month LIBOR of all triple-A seurities with laims on ash ows for

a given mortgage pool. Seasoning is the average age (# months) of all mortgages in a pool at the time of

issuane. All regressions inlude month-of-issue �xed e�ets. The set of pool-level ovariates orresponds

to the variables inluded in Table 5, whih are all pool-level averages. The �rst row for eah variable shows

the regression oeÆient, the seond row shows t-statistis. Standard errors are heteroskedastiity-robust

and are lustered at the deal-level. Statistial signi�ane is denoted by stars, with the following mapping:

*** p<0.01, ** p<0.05, * p<0.1
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Table 14: Early Prepayment Results

Panel A: Parametri Spei�ation

Corretion: None � 3 months � 6 months � 9 months

Reset Month - Prepay Month � 6 Months � 9 Months � 6 Months � 9 Months � 6 Months � 9 Months � 6 Months � 9 Months

(1) (2) (3) (4) (5) (6) (7) (8)

Months-to-Sale -0.0129 -0.0152 -0.0089 -0.0105 -0.0111 -0.0131 -0.0144 -0.0169

(6.20) (6.28) (4.11) (4.15) (4.76) (4.75) (5.66) (5.57)

Months-to-Sale

2

0.0007 0.0009 0.0004 0.0005 0.0012 0.0015 0.0019 0.0023

(2.56) (2.83) (1.36) (1.58) (3.75) (4.03) (5.07) (5.36)

# Loans 4,024,361 4,024,361 3,968,227 3,968,227 3,701,607 3,701,607 3,302,260 3,302,260

Adjusted R

2

0.13 0.13 0.13 0.13 0.12 0.11 0.10 0.08

Orig Qtr FEs? Y Y Y Y Y Y Y Y

State FEs? Y Y Y Y Y Y Y Y

Sale Qtr FEs? Y Y Y Y Y Y Y Y

Lender FEs? Y Y Y Y Y Y Y Y

Other Controls? Y Y Y Y Y Y Y Y

Panel B: Non-parametri Spei�ation

Corretion: None � 3 months � 6 months � 9 months

Reset Month - Prepay Month � 6 Months � 9 Months � 6 Months � 9 Months � 6 Months � 9 Months � 6 Months � 9 Months

(1) (2) (3) (4) (5) (6) (7) (8)

Months-to-Sale = 1 -0.024 -0.027 -0.023 -0.025 -0.024 -0.027 -0.025 -0.028

(4.90) (4.87) (4.41) (4.34) (4.51) (4.39) (4.07) (3.87)

Months-to-Sale = 2 -0.033 -0.038 -0.028 -0.032 -0.030 -0.034 -0.031 -0.035

(6.90) (6.88) (5.70) (5.63) (5.81) (5.69) (5.17) (4.98)

Months-to-Sale = 3 -0.039 -0.045 -0.030 -0.035 -0.032 -0.037 -0.034 -0.039

(7.09) (7.07) (5.19) (5.13) (5.36) (5.25) (5.13) (4.89)

Months-to-Sale = 4 -0.043 -0.049 -0.034 -0.038 -0.029 -0.033 -0.030 -0.033

(7.24) (7.48) (5.36) (5.47) (4.51) (4.53) (4.50) (4.38)

Months-to-Sale = 5 -0.049 -0.056 -0.040 -0.045 -0.026 -0.028 -0.028 -0.030

(9.32) (9.35) (7.06) (7.02) (4.43) (4.21) (4.69) (4.26)

Months-to-Sale = 6 -0.059 -0.066 -0.049 -0.055 -0.024 -0.024 -0.027 -0.027

(8.59) (8.93) (6.93) (7.15) (3.03) (2.88) (3.24) (3.02)

Months-to-Sale = 7 -0.064 -0.072 -0.054 -0.060 -0.027 -0.028 -0.014 -0.012

(7.97) (7.83) (6.65) (6.54) (3.22) (3.01) (1.50) (1.14)

Months-to-Sale = 8 -0.082 -0.090 -0.073 -0.078 -0.046 -0.047 -0.017 -0.011

(10.65) (11.38) (8.99) (9.56) (5.57) (5.63) (1.91) (1.22)

Months-to-Sale = 9 -0.096 -0.108 -0.085 -0.097 -0.059 -0.065 -0.011 -0.008

(9.67) (9.07) (8.58) (8.00) (5.84) (5.44) (1.01) (0.58)

# Loans 4,024,361 4,024,361 3,968,227 3,968,227 3,701,607 3,701,607 3,302,260 3,302,260

Adjusted R

2

0.13 0.13 0.13 0.13 0.12 0.11 0.10 0.08

Orig Qtr FEs? Y Y Y Y Y Y Y Y

State FEs? Y Y Y Y Y Y Y Y

Sale Qtr FEs? Y Y Y Y Y Y Y Y

Lender FEs? Y Y Y Y Y Y Y Y

Other Controls? Y Y Y Y Y Y Y Y

Notes: This table displays results from the estimation of equation 5 on adjustable-rate PLS loans in the

CoreLogi dataset originated in the 2002 - 2007 period. The dependent variable is an indiator variable for

loans that prepay more than 3 months or 6 months before the month in whih the interest rate resets from

a �xed rate to an adjustable rate. All loans that prepaid within 3 months of origination are eliminated from

the sample. Months-to-Sale is de�ned as the number of months that elapse between origination and sale to

a PLS issuer. All regressions inlude origination year-quarter �xed e�ets, state �xed e�ets, year-quarter

of sale �xed e�ets, originator �xed e�ets, and the detailed list of ovariates desribed in the text. The �rst

row for eah variable shows the regression oeÆient, the seond row shows t-statistis. Standard errors are

heteroskedastiity-robust and are lustered by year-quarter of origination.
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Figure 1: Ex-Ante vs. Ex-Post LPS Results

Panel A: PLS Ex-Post Panel B: GSE Ex-Post
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Notes: This �gure displays results from the estimation of the non-parametri version of equation 5 for both PLS and GSE loans in the LPS dataset

originated in the 2002 - 2007 period. Panels A and B orrespond to ex-post default rates, while panels C and D orrespond to ex-ante predited default

rates. Default is de�ned as a loan that beomes 60 days delinquent over a 36-month horizon measured from origination. Months-to-Sale is de�ned as

the number of months that elapse between origination and sale to a PLS issuer. Dotted lines orrespond to 90 perent on�dene intervals.
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Figure 2: CoreLogi PLS Results

Panel A: All PLS
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Panel B: Alt-A PLS Panel C: Subprime PLS

-0.08

-0.06

-0.04

-0.02

0.00

0.02

0.04

0.06

0.08

1 2 3 4 5 6 7 8 9

E
x
-P

o
st

 D
e

fa
u

lt
 R

a
te

 (
6

0
+

 D
a

y
s 

D
e

li
n

q
u

e
n

t 
)

Months-to-Sale

-0.08

-0.06

-0.04

-0.02

0.00

0.02

0.04

0.06

0.08

1 2 3 4 5 6 7 8 9

E
x
-P

o
st

 D
e

fa
u

lt
 R

a
te

 (
6

0
+

 D
a

y
s 

D
e

li
n

q
u

e
n

t 
)

Months-to-Sale

Notes: This �gure displays results from the estimation of the non-parametri version of equation 5 for PLS loans in the CoreLogi dataset originated

in the 2002 - 2007 period. Panel A orresponds to all PLS loans, while panels B and C orrespond to Alt-A and Subprime loans, respetively. Default

is de�ned as a loan that beomes 60 days delinquent over a 36-month horizon measured from origination. Months-to-Sale is de�ned as the number of

months that elapse between origination and sale to a PLS issuer. Dotted lines orrespond to 90 perent on�dene intervals.
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Figure 3: CoreLogi PLS Doumentation Results

Panel A: All PLS
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Notes: This �gure displays results from the estimation of the non-parametri version of equation 5 for PLS loans in the CoreLogi dataset originated

in the 2002 - 2007 period. Panel A orresponds to all PLS loans, while panels B and C orrespond to Alt-A and Subprime loans, respetively. Default

is de�ned as a loan that beomes 60 days delinquent over a 36-month horizon measured from origination. Months-to-Sale is de�ned as the number of

months that elapse between origination and sale to a PLS issuer. Dotted lines orrespond to 90 perent on�dene intervals.
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Figure 4: CoreLogi PLS AÆliation Results

Panel A: All PLS
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Panel B: Alt-A PLS Panel C: Subprime PLS
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Notes: This �gure displays results from the estimation of the non-parametri version of equation 5 for PLS loans in the CoreLogi dataset originated

in the 2002 - 2007 period. Panel A orresponds to all PLS loans, while panels B and C orrespond to Alt-A and Subprime loans, respetively. Default

is de�ned as a loan that beomes 60 days delinquent over a 36-month horizon measured from origination. Months-to-Sale is de�ned as the number of

months that elapse between origination and sale to a PLS issuer. Dotted lines orrespond to 90 perent on�dene intervals.
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Figure 5: Distribution of Pool-Level Seasoning
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Notes: This �gure displays the density and umulative distribution of average months of seasoning in the

sample of oating-rate, triple-A, Subprime and Alt-A seurities issued between January 2002 and Deember

2007 used in the priing analysis in setion 5.6.

Figure 6: Predited Yield Spread as Funtion of Seasoning
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Notes: This �gure displays predited seurity spreads (over the 1-month LIBOR) as a funtion of average

pool-level seasoning alulated using the estimation results from the spei�ation reported in olumn (6) in

panel B of Table 13. The shaded area orresponds to 95 perent on�dene intervals alulated using the

delta method.
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Appendix

Variable De�nitions

ARM: An indiator variable that takes a value of 1 if the mortgage has an adjustable rate

and 0 if it has a �xed rate.

Balane : The natural logarithm of the prinipal balane of the loan at origination.

Balloon: An indiator variable that takes a value of 1 if the mortgage is haraterized by

a balloon payment at the end of its term and 0 if it is fully amortizing mortgage.

Condo: An indiator variable that takes a value of 1 if the property is a ondominium or

a townhouse and 0 otherwise.

FICO: The redit sore of the borrower at origination. All models inlude both the ontin-

uous FICO variable as well as a set of indiator variables orresponding to 5 FICO intervals:

FICO < 580, 580�FICO<620, 620�FICO<660, 660�FICO<700, FICO�700.

House Pries: County-level house prie indies from CoreLogi. We inlude both the level

of pries in the ounty in the month of origination as well as the umulative growth in pries

from the month of mortgage origination, alulated over the default horizon.

Interest-Only: An indiator variable that takes a value of 1 if the loan requires payments

of only interest for a spei�ed period of time and 0 otherwise.

Jumbo: An indiator variable that takes a value of 1 if the loan amount at origination

exeeds the onforming loan limit set by statute that limits the size of mortgages eligible

to be insured by the GSEs (during the vast majority of our sample period the limit was

$417,000 for mortgages on single-family properties) and 0 otherwise.

Loan-to-Value (umulative): The loan-to-value ratio at origination omputed using infor-

mation on the �rst lien and the seond lien. All models inlude both the ontinuous LTV

variable as well as a set of indiator variables orresponding to 5 LTV intervals: LTV < 70,

70�LTV<80, 80<LTV<90, 90�LTV<100, LTV�100. An indiator variable for LTV ratios

exatly equal to 80 is also inluded as a proxy for unreported seond liens.

Low Doumentation: An indiator variable that takes a value of 1 if the borrower's in-

ome and assets are not fully doumented in the underwriting proess and 0 if they are fully

doumented.

Month-to-Sale: The number of months after the date of origination in whih a loan is

sold to a PLS issuer or aquired by one of the GSEs. In the LPS dataset the variable is

based on a �eld that is updated monthly and shows the urrent holder of the loan. In the

CoreLogi LoanPerformane database, the variable is based on the length of time between
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the month of origination and the month in whih the orresponding PLS seurity is issued.

Multi-family: An indiator variable that takes a value of 1 if the property is a 2-4 family

house and 0 otherwise.

Negative Amortization: An indiator variable that takes a value of 1 if the loan requires

payments of less than interest and prinipal for a spei�ed period of time and 0 otherwise.

Prepayment Penalty: An indiator variable that takes a value of 1 if the mortgage on-

tains a prepayment penalty and 0 otherwise.

Primary Residene: An indiator variable that takes a value of 1 if the property is the

primary residene of the borrower and a value of 0 if the property is either an investment

or a seond home.

Purhase Loan: An indiator variable that takes a value of 1 if the loan is used to purhase

the property and 0 otherwise.

Re�nane (traditional): An indiator variable that takes a value of 1 if the loan is used

to re�nane previous mortgage debt without onverting any equity into ash and 0 otherwise.

Re�nane (ashout): An indiator variable that takes a value of 1 if the loan is used to

re�nane previous mortgage debt with a portion of equity onverted to ash and 0 otherwise.

Single Family: An indiator variable that takes a value of 1 if the property is a detahed

single-family home and 0 otherwise.

Term: The maturity length of the mortgage in months.

Unemployment: County-level unemployment rates from the Bureau of Labor Servies

(BLS). We inlude both the level of rates in the ounty in the month of origination as well

as the umulative growth in the unemployment rate from the month of mortgage origina-

tion, alulated over the default horizon.
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Table 15: Model CoeÆient Estimates

Dependent Variable: Indiator for 60+ DQ within 36 months of origination

Months-to-Sale -0.0107

(5.79)

Primary Residene (d) -0.0012

(0.49)

Prepayment Penalty (d) 0.0687

(7.70)

ARM (d) 0.0281

(2.24)

Balloon Payment (d) 0.0890

(4.74)

Low Doumentation (d) 0.0515

(9.74)

Missing Doumentation (d) 0.0119

(1.80)

B or C Grade Mortgage (d) 0.1091

(9.38)

Single Family Property (d) -0.0010

(0.69)

Missing Property Type (d) 0.0302

(7.12)

Interest-Only (d) 0.0130

(1.44)

Purhase Loan (d) 0.0015

(0.22)

Re�nane (ash-out) (d) 0.0141

(3.04)

Missing Loan Type (d) 0.0141

(3.04)

Term 0.0001

(2.81)

LTV 0.0010

(3.96)

Missing LTV (d) 0.1632

(4.23)

70 � LTV < 80 (d) 0.0352

(4.19)

LTV = 80 (d) 0.0257

(7.33)

80 < LTV < 90 (d) 0.0443

(4.75)

900 � LTV < 100 (d) 0.0608

(5.72)
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LTV � 100 (d) 0.0459

(4.04)

FICO -0.0011

(8.59)

Missing FICO (d) -0.8955

(8.54)

FICO < 580 (d) -0.0614

(3.22)

580 � FICO < 620 (d) -0.0482

(4.53)

620 � FICO < 660 (d) -0.0149

(5.86)

660 � FICO < 700 (d) -0.0128

(2.72)

Interest Rate (at origination) 0.0110

(6.53)

Jumbo (d) 0.0217

(2.55)

Unemployment Rate (at origination) 0.0041

(7.63)

Cumulative Change in Unemployment Rate (36 months) 0.0244

(5.75)

House Prie Level (at origination) 0.0016

(12.36)

Cumulative Change in House Pries (36 months) -0.1583

(7.65)

# Loans 5,313,951

Adjusted R

2

0.23

Orig Qtr FEs? Y

State FEs? Y

Sale Qtr FEs? Y

Lender FEs? N

Notes: This table displays the full set of results for the spei�ation in Table 3, olumn (1). The dependent

variable is an indiator variable for loans that default over a 36-month horizon. Default is de�ned as a

loan that is 60+ days delinquent. Months-to-Sale is de�ned as the number of months that elapse between

origination and sale to a PLS issuer. All regressions inlude origination year-quarter �xed e�ets, state �xed

e�ets, year-quarter of sale �xed e�ets. The �rst row for eah variable shows the regression oeÆient,

the seond row shows t-statistis. Standard errors are heteroskedastiity-robust and are lustered by year-

quarter of origination.
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