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1 Introduction

While there is a large body of research on conflicts of interests in the residential mortgage-

backed securitization (RMBS) market prior to the financial crisis of 2007-09, there is surpris-

ingly little empirical research on the contracting frictions that these financial instruments

were able to mitigate through security design.1 We propose to fill this gap in the literature by

analyzing the design of a representative sample of RMBS deals during the pre-crisis period.

In particular, we examine the economic drivers of the tranching structure of these deals and

the role of the equity tranche in mitigating informational frictions in this market. We also

study the trade-offs that are unique to pooling and tranching and their impact on security

design. These issues have important implications for our understanding of the economic

theory underlying the securitization market as well as ongoing policy debates in this area.2

RMBS sponsors create financial securities by pooling several mortgages together and

then issuing marketable claims against the pool’s combined cash flows. The underlying

mortgages in a pool can come from one or several originators and there is wide variation

across pools themselves in the level of heterogeneity of their underlying collateral. Security

design, therefore, is at the very core of the existence of this market. At a broad level, the

optimal design of financial securities serves as a mechanism to resolve inefficiencies through

costly signaling (e.g., Leland and Pyle, 1977; DeMarzo and Duffie, 1999), allocation of cash

flow rights (e.g., Townsend, 1979; Gale and Hellwig, 1985), or allocation of control rights

(e.g., Aghion and Bolton, 1992).3 Leland and Pyle (1977), Gorton and Pennacchi (1990),

1See, for example, Keys, Mukherjee, Seru, and Vig (2010), Mian and Sufi (2009), Purnanandam (2011),
Demyanyk and Van Hemert (2011), Gorton and Metrick (2011), Acharya, Richardson, et al. (2009) for work
related to the subprime mortgage crisis. See Ashcraft and Schuermann (2008) for a detailed analysis of the
securitization process.

2For example, issues surrounding first-loss piece or equity tranche of the securitization deal form an
important part of the Dodd-Frank reform act. In discussing the effects of risk retention requirements pursuant
to the Section 946 of the Dodd-Frank Wall Street Reform and Consumer Protection Act, the treasury
secretary stresses the importance of this tool in mitigating some contracting frictions and notes that: “.. the
academic literature on risk retention with respect to asset-backed securitization is limited.”

3This is not a comprehensive list of design solutions. There are other motivations for security design such
as transaction costs and market incompleteness. For example, in an incomplete markets setting, Allen and
Gale (1988) argue that optimal security design assigns state-contingent cash flows to the agents that values
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Boot and Thakor (1993), Riddiough (1997), DeMarzo and Duffie (1999), and, in particular,

DeMarzo (2005) provide specific predictions for the RMBS market. As in any typical market

with asymmetric information, sellers (RMBS sponsors in our setting) can signal the unob-

served quality of the assets in question by retaining a larger financial interest (Leland and

Pyle, 1977). DeMarzo (2005) focuses on unique features of the securitization market and

provides testable hypotheses relating the information structure and diversification benefits

of pooling to tranching decisions. Participants in the securitization market care not only

about the true quality of each individual loan in isolation, but also about the commonality

in private information across loans and the correlation structure of their payoffs. In par-

ticular, DeMarzo shows that pools with common private information but uncorrelated risk

across loans obtain maximal benefits through securitization.

We construct a representative sample of about 200 RMBS deals from 2001-02 and 2005

to empirically examine the key drivers of security design in this market with special focus on

information based theories. Our sample combines tranche level security data, the underlying

pool characteristics at the time of issuance, and the default performance of each loan in

the pools. The deals in our sample are well-balanced along several meaningful dimensions

such as the type of sponsor (commercial banks, investment banks, and mortgage lenders),

geographical diversification of the pool, creditworthiness of the underlying borrowers, and

the rating agencies involved. There are over 3,000 tranches in these deals and they are

backed by cash flows from over half a million mortgages made to a wide cross-section of

borrowers across the country. Using this novel dataset, we empirically examine the (i) the

cross-sectional determinants of the tranching structure, (ii) the role of the equity tranche as

a signal of unobserved pool quality, and (iii) the interplay of common information and risk

diversification that is unique to asset-backed security markets. The following paragraphs

outline our main results.

We find that deals backed by relatively opaque pools, proxied by a higher proportion

it the most in that state.
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of no-documentation loans, have significantly higher level of equity tranche in them. In

such deals, investors are likely to have higher adverse selection concerns and sponsors, in

turn, are more likely to use the equity tranche as a signal of the pool’s unobserved quality

(DeMarzo and Duffie, 1999). Controlling for key observable borrower characteristics such as

FICO score and loan-to-value (LTV) ratio, we find that one standard deviation increase in

no-documentation loans increases equity tranche by 0.41 percentage points, or $2.7 million,

in the median deal. This represents a 55% increase in the size of the median deal’s equity

tranche. The division of the sold tranches between AAA and mezzanine groups, however, is

not driven by the pool opacity. This division is explained well by hard pieces of information

about the underlying pool such as the average FICO score of the borrowers, LTV ratios, and

the geographical diversification of the loans within each pool. These results paint a clear

picture: concerns about asymmetric information explain the split between sold and initially

unsold (equity) tranches, whereas observable and easier to price characteristics of the pool

explain the relative distribution between AAA and mezzanine tranches.4

Are sponsors using the equity tranche as a signal of their private information in opaque

pools as predicted by signaling models? While we do not, by definition, observe the sponsor’s

private information at the time of security sale, we do observe the default performance (i.e.,

the foreclosure status) of every loan in the pool. The ex-post default performance of a

loan can be decomposed into three components: (a) a component that is entirely driven

by observable information such as the borrower’s FICO score, LTV ratio, the geographical

location of the property, and the nature of interest rate on the loan; (b) a component that

is entirely driven by common macroeconomic shocks affecting all loans in the economy; and

(c) a residual component. The residual component, which we will refer to as the abnormal

default rate, provides us with a measure of the default rate that is in excess of what is

explained by observable characteristics and macroeconomic shocks. We use this measure as

4Consistent with this idea, we also find that the hard pieces of information explain the pricing of individual
mortgages very well, whereas the extent of no-documentation loans has no effect on pricing measures (see
also Rajan, Seru, and Vig, 2011).
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a proxy for the sponsor’s private information in our empirical tests.

We use a standard default model and then a simulation exercise to compute our two

measures of abnormal default. In our first model, we compute the expected default rate for

each loan in the pool by fitting a default prediction model that accounts for the component

of default that is driven by observable loan and property characteristics. We aggregate the

fitted loan default rates to the pool level to obtain a measure of expected default rate for

the pool. The difference between the actual default rate we observe ex post and expected

default rate of the pool is our first measure of abnormal default rate. In opaque pools, for

which asymmetric information concerns are largest, we show that deals with a higher level

of equity tranche have significantly lower abnormal default rate. In economic terms, such

pools have 24% lower foreclosure rates that cannot be explained away by observable credit

risk characteristics such as FICO scores and LTV ratio.

In our second default prediction model, we explicitly account for macroeconomic shocks

and the correlation structure of the loans within the pool. One of the key motivations behind

securitization is the benefit of diversification that can be obtained by bundling loans with

less than perfectly correlated cash flows. The correlation structure of the loans’ payoffs

within a pool, therefore, can be an important driver of the abnormal default rate at the pool

level. To explicitly account for this loan correlation structure, we use a simulation exercise

to obtain our second measure of abnormal default. For every loan in a pool, we find an

observationally similar loan from our sample of over 500,000 loans, excluding the pool to

which that loan belongs. We match on FICO score, LTV ratio, geographical location, type

of interest rate (i.e., fixed rate, adjustable rate or balloon), and the origination date. At

the end of this process, for each pool in our sample, we obtain an observationally similar

pool, which we refer to as the simulated pool. By comparing the pool with their simulated

match, we effectively difference out the effects of observable credit and macroeconomic risks.

The simulated pool, by design, removes the element of the sponsor’s private information.

The difference in the realized and simulated default rates is our second measure of abnormal
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default. We exploit the cross-sectional variation in this measure and find strong evidence

that opaque pools with higher equity tranche have significantly lower abnormal foreclosure

rate. Overall, we show that sponsors use the equity tranche as a signal of their private

information. While we are not able to comment on the optimal level of equity tranche in

these deals, our results support the key prediction of signaling model in a cross-sectional

sense.

In our final test, we examine the key prediction of DeMarzo (2005)’s model, which explic-

itly recognizes the unique tradeoffs involved in the pooling and tranching of assets that differ-

entiate this market from the sale of a single asset. While pooling provides risk-diversification

benefits, it also imposes a cost on the seller through its information destruction role. In-

formation destruction happens because when a sponsor sells claims on an entire pool of

loans, he forfeits his option to sell the optimal amount of each loan to outside investors on

a loan-by-loan basis. If the source of private information across loans is similar, then the

optimal amount of each loan that would have been sold on a individual basis is also likely to

be similar. Therefore, pooling these loans together sacrifices very little of the seller’s option

value and in such cases, the information destruction cost from pooling is minimal. A key

prediction of DeMarzo’s model is that when there is a common source of information across

loans in a pool, but the risk is specific to individual loans, the sponsor will benefit most from

securitization – he can sell a relatively larger fraction of the pool as a AAA-rated tranche.

We consider geographical diversification of loans as a proxy for loan-specific risk and

therefore the risk-diversification benefits of pooling. For the commonality in private infor-

mation, we create proxies based on the nature of loan and the originating institution. First,

we consider pools with a single originator as pools with relatively homogeneous private in-

formation across loans. Lenders are likely to differ in terms of their screening technology,

specialization, and organization structure to process information. Therefore, if all loans in

a pool come from a single originator, then, from an outside investor’s perspective, the pool

is likely to be more homogeneous on the information dimension. Our second proxy is based
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on the diversity of the type of loans in a pool. We classify loans into four groups based

on whether they are backed by single or multi-family homes and whether they are owner

occupied (as opposed to an investment property or second home). We consider pools that

are more concentrated with loans along these dimensions to have more common private in-

formation, whereas pools that have loans spread over all these four categories are considered

to have diffused private information. For example, factors such as proximity to city cen-

ters, rising house prices, and demographic changes are likely to affect these categories of

homes in different manner. Thus, valuation drivers of these different types of loans are quite

different. For this reason, GSEs and private sector market participants often use different

valuation models for these categories of properties. To empirically implement this idea, we

compute a herfindahl index to measure the concentration of loans along these dimensions

within each pool and use this as our second measure of common private information. We

find that pools that are backed by one originator (common information) and have a more

geographically diverse collection of loans (risk diversification) have a significantly larger frac-

tion of AAA-tranches in them. Similarly, pools that are backed by similar types of assets

(common information) and have higher geographical diversity have significantly larger frac-

tion of AAA-tranche. Overall, these findings are consistent with DeMarzo’s theory that

sponsors are able to sell a larger fraction of their pool as AAA-rated securities when there

is commonality in information, but the risk is more loan-specific.

We consider several other channels that could affect the tranching structure in RMBS

market. We specifically address three channels: (i) the presence of servicing rights (i.e.,

more “skin in the game” through future payments), (ii) reputation concerns of the sponsors

(Hartman-Glaser, 2011), and (iii) potential influence of sponsors over credit rating agencies

(Je, Qian, and Strahan, 2012). While we do not attempt to discount the importance of these

effects in the market, we do use empirical proxies based on the identity of the syndicate

members and fixed effect regressions to show that these factors do not explain our key

results.
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Our study connects to several strands of literature in banking, securitization, and real

estate finance. Stanton and Wallace (2011) study subordination levels in the commercial

mortgage-backed securities (CMBS) market and document a steady decline in the subordi-

nation level over time. They conclude that the recent collapse of the CMBS market was

caused primarily by rating agencies allowing too little subordination in recent years. Griffin

and Tang (2012) study rating inflation in a large sample of CDOs from 1997 to 2007 and

conclude that rating agencies used their subjective assessment to increase the size of AAA-

rated tranche beyond the model-implied objective level. Ashcraft, Goldsmith-Pinkham, and

Vickery (2010) report a significant decline in RMBS subordination levels between 2005 and

mid-2007 and show that the ratings are correlated with ex-ante credit risk measures and

they do explain subsequent deal performance. Demiroglu and James (2012) show that the

originator’s affiliation with the sponsor or servicers results in better ex-post performance

of the securitization deals. Our findings are consistent with An, Deng, and Gabriel (2011)

who provide evidence that asymmetric information concerns play an important role in the

pricing of CMBS deals. Our work also relates to a growing and large literature regarding

the conflicts of interest in the securitization market (see Je et al., 2012; Keys et al., 2010;

Purnanandam, 2011; Downing, Jaffee, and Wallace, 2009). Unlike these studies, our paper

does not study the motivations behind and differences in securitized versus retained loans,

or the possibility of originator moral hazard that comes with securitization. Instead we high-

light the effect of informational frictions within the set of securitized deals and the RMBS

contract’s ability to mitigate some of these frictions.

Much of the current literature focuses on the informativeness of ratings, the optimal

subordination level, nature of relationship between syndicate members, and the possibility

of rating inflation during the years leading up to the crisis. Our paper provides some of the

first pieces of evidence on the role of equity tranche in this market. In addition, to the best

of our knowledge, this is the first paper that tests predictions of securitization market that

are unique to pooling and tranching structure, as against a single loan sale. The rest of the
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paper is organized as follows. Section 2 discussed the theoretical motivation and develops

the main hypotheses of the paper. Section 3 describes the data. Section 4 presents the

results and Section 5 concludes the paper.

2 Theoretical Motivation & Hypothesis Development

Residential mortgage-backed securities are created by pooling a large number of mortgages

together and then prioritizing the cash flows in the pool into different tranches. Senior

tranches obtain better credit ratings from the rating agencies due to the benefits of risk

diversification and credit enhancement provided by subordinated junior tranches. The junior-

most unrated tranche, also called the equity tranche or first loss tranche, provides a buffer

for all the senior and mezzanine tranches. What contractual frictions determine the level of

senior, mezzanine, and equity tranche in these deals? Why do sponsors pool and then issue

tranches in these markets rather than selling these loans individually? We are interested in

answering these questions in the paper.

In a frictionless world, the Modigliani-Miller irrelevance theorem holds for the design of

asset-backed securities as well: absent any market frictions, the pooling and tranching of se-

curities cannot be a value enhancing security design. Theoretical research, therefore, focuses

on frictions such as information asymmetries, transactions costs and market incompleteness

to explain a financial intermediary’s motivations behind asset-backed securitization. Theo-

ries based on market incompleteness argue that financial innovation – pooling and tranching

of securities in this case – can increase welfare by creating securities that are not spanned

by existing assets (e.g., Allen and Gale, 1988; Gaur, Seshadri, and Subrahmanyam, 2003).

Information-based theories are based on the micro-foundations of adverse selection in lending

markets. While market incompleteness and transactions costs can also be important moti-

vations behind the existence of this market, we focus on the asymmetric information-based

theories in the paper for two main reasons. First, in recent years there has been considerable
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discussion and debate among academics, practitioners, and regulators regarding the presence

of information problems in this market. Second, information-based theories provide testable

cross-sectional hypotheses that are unique to this market.

When an uninformed agent buys financial securities from an informed seller, he faces an

adverse selection problem. This, in turn, imposes a cost on the informed seller. However, by

selling a higher fraction of assets to outsiders, sponsors are able to redeploy their capital at

attractive rates. Optimizing sellers face a trade-off between the benefits from selling a larger

fraction of assets with the cost of an adverse selection, or “lemons,” discount demanded by

the buyer. In equilibrium, sellers retain a fraction of the risky assets to signal the quality of

the loan (Leland and Pyle, 1977). For expositional simplicity, we introduce some notation

in this section as we develop our hypotheses. Consider a mortgage i in pool p and denote its

payoff by a random variable Ỹip. Let Xip be a set of publicly observable loan characteristics

such as FICO score and loan-to-value ratio. We can then express the loan’s payoff conditional

on observable signals as follows:

Ỹip|Xip = Ĩip + z̃ip (1)

Iip is the private information of the sponsor and z̃ip represents a random shock to the loan’s

performance. Iip is a known quantity to the sponsor, but remains a random variable to

outside investors. Thus we can express the expected payoff conditional on the information

set (F) of sponsor or investor as follows:

Ỹip|Xip,FSponsor = Iip + z̃ip, (2)

Ỹip|Xip,FInvestor = Ĩip + z̃ip (3)

Investors know the distribution of Iip whereas the sponsor knows its true value. As the

distribution of Ĩip widens, the asymmetric information concerns increase and investors of

debt securities issued against this payoff become more concerned about the adverse selection

problem (DeMarzo and Duffie, 1999). In such pools, this friction drives outside investors
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to require the sponsor to hold higher level of equity tranche in equilibrium. Therefore,

considering two pools with observationally similar loans (i.e., similar Xip), the pool with

wider support of Ĩip is likely to have a larger equity tranche. This argument forms the basis of

our first test that more opaque pools should have larger equity tranche. The optimal quantity

(q∗(Iip)) of security sold to outside investors depends on the sponsor’s private information:

sponsors sell relatively lower fraction of security to outsiders if their private information

is good. Thus, an implication of the signaling models is that conditional on observable

characteristics, pools that are backed by higher level of equity tranche should perform better

ex post. This forms the basis of our main test that relates equity tranche to ex-post default

performance of loans. Finally, an important implication of these models is that the demand

curve for security is downward sloping: as sponsors sell higher fraction of security of outsiders,

outsiders rationally infer the sponsor’s private information to be worse and demand a liquidity

discount. While we do not test for downward sloping demand curve in the paper, we do

document negative correlation between observed pairs of quantity sold and prices obtained

for the tranches.

The securitization of a pool of assets adds additional complexity to this standard lemons

discount model. Unlike individual asset sales, sponsors first pool a number of loans together

and then issue claims against them. DeMarzo and Duffie (1999) analyze this problem in a

more general setting and show that the quantity of assets retained by the seller serves as a

costly signal of the asset’s cash flows in a similar manner as in the case of single security

sale. Further, if the seller can create riskless claims against the pool of assets, the adverse

selection discount can be eliminated for those claims. DeMarzo (2005) extends this model

to address the sponsor’s choice between selling assets individually versus selling them as a

pool and then studies the optimal tranching decisions. Continuing with our notation from

above, the payoff of a pool of two loans with equal proportion in the pool is given as follows:

Ỹp ≡
1

2
Ỹ1p +

1

2
Ỹ2p|X1p, X2p,FInvestor =

1

2
(Ĩ1p + z̃1p + Ĩ2p + z̃2p) (4)
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Thus the volatility of this payoff from the investors’ perspective can be expressed as:

ΣYp =
1

4
[σ2
I1

+ σ2
z1

+ σ2
I2

+ σ2
z2

+ 2cov(I1, I2) + 2cov(z1, z2)] (5)

Assume that the volatility of information component (σ2
Ii

) and the residual risk (σ2
zi

) is

same for both loans. Then the volatility of the pool’s payoff can be broken down into two

components:

ΣYp =
1

2
[{σ2

I + cov(I1, I2)}︸ ︷︷ ︸
Information

+ {σ2
z + cov(z1, z2)}︸ ︷︷ ︸

Risk

] (6)

The second piece, that we call the risk diversification component, in the above expression

is the well known diversification benefit of pooling: bundling of loans that are imperfectly

correlated allows the creation of low risk AAA tranche. The first piece, the information

commonality component, presents yet another tradeoff that has not been studied by prior

empirical literature. Theoretically, DeMarzo (2005) analyzes the trade-offs of these pieces

and shows that pooling of assets creates an information-destruction cost to the sponsor due

to this first component. He shows that pooling assets with diverse private information, i.e.,

assets with lower cov(I1, I2) in our model, is not advantageous to the sponsor in equilibrium.

This happens because the sponsor loses the flexibility of selling the optimal fraction of each

loan on a loan-by-loan basis. Based on loan-specific private information, the sponsor can

choose an optimal amount of sale (q∗(I1) or q∗(I2)) for each loan: combining them together

he is forced to choose an amount for the aggregate pool. This in turn reduces his ability to

exploit the information advantage fully. For example, sponsors would be worse off if they

were forced to retain 10% of a pool of two loans in the circumstance where it is optimal for

the sponsor to hold 5% of one loan and 15% of the other based on the nature of loan-specific

private information. In other words, by pooling loans together the sponsor loses the option

value of selling the optimal amount of each loan separately. The information destruction cost
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is lowest when the underlying loans have common sources of private information, i.e., when

the private information is “general” rather than asset specific. In such cases the optimal

retention amount is likely to be similar across all assets in the pool, which minimizes the

information destruction cost of pooling. Thus, unlike the second component where sponsors

benefit by pooling loans with uncorrelated residual risks (lower cov(z1, z2)), the sponsors

benefit by pooling loans with common private information (higher cov(I1, I2)). From the

demand side perspective, investors may prefer loans with similar type of private information

as well because it is easier for them to value a basket of loans that have similar informational

concerns than a basket of dissimilar loans.5

The pooling and subsequent tranching of the cash flows arise as an equilibrium security

design by the informed agent that trades off these costs and benefits. DeMarzo’s model

predicts that pooling and tranching can be most beneficial if the private information is com-

mon, but the risk is asset-specific. In such deals, the sponsor will be able to sell a relatively

larger fraction of the pool as safer, informationally insensitive securities to outside investors.

Empirically, we test this hypothesis by analyzing whether sponsors are able to sell larger

portion of their pool as highly rated AAA-securities in such deals conditional of observable

credit risk characteristics. We construct proxies for cov(z1, z2) and cov(I1, I2) based on loan

and property characteristics. In particular we focus on geographical diversification to create

measures of risk diversification and the type of property and originator to create measures of

commonality in private information across loans within a pool. These measures are discussed

in detail in the later sections of the paper.

5In a recent paper, Hartman-Glaser, Piskorski, and Tchistyi (2011) analyze optimal contracts in this
market in a setting where the underwriters undertake costly unobservable effort and the contract depends
on the realization of mortgage defaults in the pool. In this setup, investors learn about the true effort of
underwriters as mortgages default over time. An interesting feature of their contractual setting is that pooling
dominates single mortgage sale through its information enhancement effect. The information enhancement
effect happens due to the ability of investors to learn quickly about the true quality of entire pool as a single
mortgage in the pool defaults.
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3 Data

We construct a novel dataset of RMBS pools and tranches using hand-collected data from

relevant SEC filings and CoreLogic, a private data vendor. The key advantage of our dataset

is the precise matching between securities and their underlying pool and loan-level charac-

teristics along with ex post loan performance. This construction allows us to provide several

interesting descriptive statistics for this market and analyze previously untested hypotheses

in the literature.

3.1 Sample Construction and Data Collection

We use a stratified random sampling method to select private label (i.e., non-agency backed)

RMBS deals for inclusion in our study. We choose two time periods for our sample selection:

an “early period” that covers deals from 2001-02 and a “late period” that covers deals from

2005. This stratification strategy allows us to separate out time-specific effects from our main

cross-sectional results. It also allows us to investigate the time variation in the functioning

of this market. Ashcraft and Schuermann (2008) report that the issuance of non-agency

mortgage-backed securities increased eight-fold from $99 billion in 2001 to $797 billion in

2005 in the sub-prime and Alt-A segment. Thus our sample covers both an early/nascent

period and a relatively matured period of RMBS market. We also stratify the sample along

the prime-subprime dimension, slightly over-sampling the subprime pools to make sure that

that portion of the sample is large enough to make statistically meaningful inference. Since

there is no clear delineation between prime and subprime deals, we use the weighted average

FICO score of 660 as the cutoff between the two types of deals. Our random sample begins

with 196 deals. Due to variation in the data items included in the filings, our main regression

specifications include 163 deals that have full data on all variables of interest.

We collect data on mortgage pools and their tranches from Form 424(b)(5) filings which

are submitted to the SEC pursuant to SEC Rule 424(b)(5). While the detail of the infor-

13



mation provided varies slightly from deal to deal, the form typically contains data on all

the major participants in the deal (e.g., sponsor, originators), pool level characteristics and

tranche/security level data. Among other items, these data specifically include the loan

originators and the share of the deal they originated, weighted average loan-to-value (LTV)

ratio, weighted average FICO score, and a breakdown of loan types, geography and loan

documentation levels within the pool. A complete list of the variables we use and their

definition is presented in the Appendix.

Form 424(b)(5) also provides a listing of each tranche in the pool along with its principal

amount and credit rating. For our analysis, we aggregate the tranches into three bins: AAA-

rated tranches, mezzanine tranches and equity tranches. We define the equity tranche as

the piece that is not offered to the public and is not rated by the credit rating agencies.

The AAA tranche is self explanatory and the mezzanine tranche is simply the subordinated

tranche that lies between the AAA and equity tranches. The publicly offered tranches

(AAA and mezzanine) include ratings from at least two major credit rating agencies. While

disagreements in ratings among the ratings agencies are not common and rare for the senior

tranches, we use the lower of the ratings when conflicts occur.

We match these deals with detailed loan-level data obtained from CoreLogic. Pools in our

sample cover over half a million individual mortgages. We obtain key information for each

loan in a given pool from CoreLogic. These data include the loan amount, FICO score, LTV

ratio, and loan type along with location of the property and various other characteristics.

Finally, we obtain the ex-post performance of these loans from CoreLogic as well. We obtain

information on the incidence of foreclosure anytime from the origination of the deal till

December 2011. This information allows us to conduct our test relating tranche structure to

ex post loan performance. Our sample size drops slightly to 151 deals for which we are able

to match our pool level data with CoreLogic database. These deals cover 501,131 underlying

loans in total.
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3.2 Summary Statistics

Table 1 presents summary statistics of our sample. We winsorize all variables at 1% from

both tails to remove any outlier effects. Average pool has $776 million in principal amount

and is backed by about 3,150 loans. The pool size grows significantly from $548 million

backed by 2,277 loans in the early period to $986 million backed by 3,955 loans in the late

period (unreported in the Table). While there is significant growth in the pool size within

the prime pools moving from $566 million to $916 million from the early to late period, the

subprime deals experience an even greater increase in pool size moving from $534 million to

$1,096 million. These numbers show the large economic magnitude of deals in this market.

Combined, our sample represents about 12% of the total dollar volume of securities issued

in the market during the sample period.

Pool Characteristics

One of the key variables in the study is the extent of pool opacity that creates a wedge

between the information set of sponsors and buyers of the RMBS. We use the percentage of

(NoDoc) loans in a pool as a proxy for this information gap or pool opacity. Whether no-

documentation loans are on average better, worse, or of the same credit quality is privately

known by sponsor, but uncertain to potential buyers. While the sponsor will always hold an

informational advantage over the buyer, the advantage is likely to be higher for pools with

larger portions of loans without proper documentation. NoDoc loans make up about 19%

of all loans in the average pool. Moreover, there is significant variation in this measure as

it ranges from about 3% of the pool in the 25th percentile to 35% of the pool in the 75th

percentile.

In our empirical tests, we want to separate the effect of information asymmetry from

observable credit risk measures of the pool. We collect information on the weighted average

FICO score and the weighted average Loan-to-Value ratio (LTV) of the loan pool – two of
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the most important drivers of default risk in this market (Demyanyk and Van Hemert, 2011).

Additionally, we collect information on the percentage of adjustable rate mortgages (ARM )

in the pool to address both the possibility of credit risk of the borrower, as well as interest

rate and prepayment risk faced by buyers of the securities. The weighted average FICO score

of the average pool is 685 and the corresponding LTV ratio is 75%. There is considerable

variation along both these dimensions in our sample as shown in the Table. About 60% of

loans in a typical deal are ARM.6

The key measure of future performance of these loans is their foreclosure status. Overall,

16% of the loans in the sample enter foreclosure anytime from the deal origination until

December 2011. The dollar-weighted pool level foreclosure rate has a mean of 12% which

varies from 3% for the 25th percentile pool to 18% for the 75th percentile. As discussed

earlier, an important motivation behind pooling is the diversification benefit of the pool.

We measure geographical diversification as the complement of one-state concentration of the

loan. We first compute the percentage of loans in a pool that comes from a given state

and then identify the state with maximum share of loans in the pool. Our measure of

geographical diversification, called GeoDiverse, is simply one minus this share. We perform

several robustness tests using alternative measures of geographical diversification such as

Herfindahl index across states and concentration in top-three states. Our key results remain

similar. The average pool in our sample has GeoDiverse score of 59, representing one-state

concentration of 41%.

The sample also contains a wide variety of institutional players. The full sample contains

22 unique sponsors and 32 unique top originators. Bank of America leads sponsors by playing

that role in 28 deals. Wells Fargo leads the sample with 24 deals where they were the top

originator. We present the list of institutions that are most frequently involved in the deals in

our sample in the Appendix. Data on loan origination plays a prominent role in our analysis

6These numbers are pool-level statistics which are computed as dollar-weighted averages of the underlying
loan-level characteristics. Because of this averaging, the pool-level and loan-level statistics in Table 1 for a
given attribute (e.g., FICO score) are slightly different.
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relating the information destruction effect of pooling. Using data on loan origination, we

construct an indicator variable (OneOrig) that equals one for pools where all loans were

originated by a single originator. This is our first proxy for common private information.

Loans originated by same lender have likely gone through the same screening technology and

thus are likely to have a larger common information component than loans across different

originators. About 47% of pools in our sample were originated by a single lender.

Our second measure of commonality in private information is based on the concentration

of different types of loans in the pool. To classify loans based on this commonality, we exploit

variation along two important dimensions. First, we separate loans into two bins based on

whether they are for a single family residence or a multi-family dwelling. Second, we separate

them into two groups based on whether they are owner occupied or not. We use this two-by-

two classification and compute the percentage of loans that fall in each group. A pool with a

higher portion of single family owner occupied homes is a more homogenous group of loans

as compared to a pool that is more equally spread across all four bins. Thus we argue that

the information component across loans is more common in the former pool as compared to

the latter. For example, a deal with 100% of the loans as a single family residence that are

95% owner occupied is likely to have more commonality in information than a pool that is

60% single family residence/40% condominiums and 80% owner occupied/20% investment

property. Based on this idea, we compute a herfindahl index of the distribution of loans

across these four groups and take it as an additional measure of common private information

and define an indicator variable, HiHerf that equals one for deals where this index is greater

than the median deal, and zero otherwise.

Tranche Characteristics

Table 2 provides descriptive statistics on tranche structure. Overall, 90.36% of the average

deal is tranched into AAA-rated security, while only 1.20% is the equity tranche. Consistent

with intuition, higher credit quality pools (prime as opposed to subprime pools) have a larger
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AAA piece and a smaller equity piece. In the late period, the fraction of AAA-rated tranche

experiences a 4 percentage point drop whereas the fraction of equity tranche more than

doubles. This change is more pronounced among the low credit quality deals. This could

suggest that the market was able to better understand the riskiness of these deals in the late

period (see also Demyanyk and Van Hemert, 2011). To give these numbers some perspective,

Benmelech and Dlugosz (2009) find that about 71% of CLO pools are rated AAA and 11%

are unrated while Stanton and Wallace (2011) find about 84-87% of CMBS pools are rated

AAA and 3-4% are unrated equity tranche. Not surprisingly, RMBS tranching structure is

closer to the numbers reported by Stanton and Wallace (2011) as compared to the summary

statistics of Benmelech and Dlugosz (2009), which is made up of several other types of assets

in the pool.

We use the level of equity tranche at the time of security sale as the measure of the

sponsor’s retained interest in the pool. This raises a concern that if sponsors offload a bulk

of this risk in the secondary market, then the signal will be of no value. Ideally, we want

the extent of securities retained by the sponsors for a long time after the security sale as the

measure of retained interest. Unfortunately, this information is not available due to limited

disclosure requirements. In the absence of this proxy, the unsold equity tranche at the time

of security sale provides the most natural alternative measure. While we may have some

measurement error in this variable, there are several economic reasons to support the use

of equity tranche for our empirical exercise. First, anecdotal evidence suggests that banks

often retained part of this exposure on their balance sheet. For example, the Financial

Crisis Inquiry Commission’s Report presents a case study of an MBS deal issued by Citi

Bank in 2006 called CMLTI 2006-NC2. They provide details on the identity of the holders

of different tranches of this deal (see page 116 of the report). The AAA-tranches (78% of

the deal) were bought by foreign banks and funds in China, Italy, France, and Germany, the

Federal Home Loan Bank of Chicago, the Kentucky Retirement Systems and a few other

parties. The Mezzanine tranches comprising 21% of the deal were mostly bought by the
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sponsors of CDOs. More relevant to our work, Citi Bank did retain a part of the equity

tranche in the deal sharing the rest with Capmark Financial Group, a real-estate investment

firm.

Second, even though the sponsors can subsequently offload this risk in the secondary

market in the medium to long run, in the immediate aftermath of the deal the risk remains

with the sponsor. Indeed there have been numerous commentaries on the role of warehousing

risk in this market during the sub-prime mortgage crisis. Thus the extent of equity tranche

at the time of security sale provides a clean proxy for risk exposure during the initial period.

Finally, we check the annual reports of major sponsors in our sample and find significant

equity tranche retention on their balance sheets. For example, Lehman Brothers had approx-

imately $2 billion of non-investment grade retained interests in residential mortgaged-backed

securitization as of November 30, 2006. While this method does not allow us to get pool

level retention amount, it does show that in aggregate the sponsors were holding significant

amount of unrated tranches on their balance sheet.

Figure 1 depicts the level of equity tranche across pools with relatively high and low levels

of NoDoc loans. For this figure, we classify a pool into opaque category if the number of no-

documentation loans exceed 75th percentile (i.e., 34.68%) and classify it into low category

if the number is below 25th percentile (i.e., 2.94%). As seen in the figure, the level of

equity tranche is considerably higher in opaque pools. Are these patterns simply driven by

observable credit risk differences across these pools or are they driven by concerns about

adverse selection? Do sponsors use equity tranche as a signal of positive private information

in opaque pools? These are the questions we address in the rest of the paper.
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4 Empirical Results

4.1 Coupon Rate and Equity Tranche

We first document the relationship between the size of the equity tranche and pricing of sold

tranches before turning to our main analysis. An important prediction of signaling models

is the presence of a downward sloping demand curve: as sponsors sell more of their assets,

investors demand lower prices (e.g., see DeMarzo and Duffie, 1999). Sponsors trade off the

resulting liquidity discount from selling more of their assets with the cost of retaining higher

equity tranche. While the precise identification of demand curve is beyond the scope of this

paper, we document the correlation between tranche prices and quantity sold based on the

observed data as a consistency check.

We divide all tranches into broad credit rating classes: AAA, AA, A, and BBB.7 For

deals with multiple tranches within one rating class, we compute a dollar-weighted average

coupon rate and consolidate them into one observation. This aggregation leads to 549 sold

tranches in our sample. Since they are more easily comparable, we focus on the 384 tranches

that have a floating coupon rate. We break all pools into two category based on whether

they have above or below the median equity tranche. Table 3 presents the cross-tabulation

of the average coupon rate of sold tranches across high and low equity tranche groups for

every credit rating category. There is a clear pattern in the data: within each credit rating

class, coupon rate is lower for pools with higher equity tranche. As sponsors sell more

of their pool’s cash flows to outside investors, the price decreases (coupon rate increases).

Without the knowledge of supply curve, we cannot take this evidence as a causal proof for

the existence of downward sloping demand curve. However, the negative correlation between

the coupon rate and equity tranche is consistent with the basic premise of signaling models

that informed sponsors face a liquidity discount due to information asymmetry. We now

7There are a very small number of sold tranches below the BBB rating. We include them in the BBB
category.
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turn to our main analysis that explores the determinants of tranche structure and the role

of equity tranche as a signal of sponsor information.

4.2 Cross Sectional Determinants of Tranche Structure

We estimate the key determinants of equity tranche using the following regression model:

EquityTranchep = α + β(Opacityp) + θ(Latep) + γ(Creditp) + δ(GeoDiversep) + εp (7)

One of the key predictions of information-based models is that the fraction of equity tranche

should increase with the opacity of the underlying pool. In such deals, debt security buyers

are more likely to demand higher equity tranche to mitigate their concerns about adverse

selection. We use the percentage of NoDoc loans in the pool as the proxy for the extent of

asymmetric information (Opacityp) faced by the investors.

It is important to separate out the effect of observable risk factors for proper identifi-

cation of the opacity effect. We do so by including several pool-specific measures of credit

risk, Creditp, as explanatory variables in the regression model. These variables include the

weighted average FICO score, the weighted average LTV ratio, and the fraction of adjustable

rate mortgages (ARM) in the pool. The first two variables directly measure the credit risk

and leverage of the deal, and hence are predictors of future default by the borrower. We

include percentage of ARM in the pool as an additional control variable for both credit

and interest rate risks of the pool. We control for the time effect by including an indicator

variable Late that equals one for deals from 2005, and zero for the earlier period. Inclusion

of this variable in the regression model allows us to separate the effect of aggregate macroe-

conomic shocks such as the level of interest rate and the demand of such securities from

the outside investors. We include a measure of geographical diversification (GeoDiversep) of

the pool as an additional variable to capture the effect of correlations of loans within the

pool. GeoDiversep is measured as 100 minus the percent of largest one state origination
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concentration in the mortgage pool.

Columns (1) and (2) of Table 4 present the results. In column (1), that only includes Late

as a control variable, we find a positive and significant (at 1%) coefficient on the %NoDoc

variable. In economic terms, one standard deviation increase in no-documentation loans

(17.8%) is associated with an increase of about 0.45 percentage points, or a 60%, increase in

the equity tranche level for the median deal. Further, the coefficient estimate on Late shows

that the extent of equity tranche increased in later periods. In column (2), we include all

the control variables and find that the estimate on %NoDoc remains practically unaffected.

Overall, these estimates show that the opacity of the loan pool is a key driver of the size of

the equity tranche. Observable credit risk characteristics of the pool such as FICO score and

LTV ratio do not explain significant variation in equity tranche across deals. These results

are consistent with our first prediction that as the wedge between sponsor’s and buyer’s

information increases, the level of equity tranche goes up.

We next turn to the division of sold tranches (i.e., the complement of the equity tranche)

into AAA and mezzanine categories. The dependent variable measures the ratio of mezzanine

tranche to the sum of AAA-rated and mezzanine tranche in the deal. The Mezzanine-to-Sold

ratio is 8.57% for the average deal in our sample with significant cross-sectional variation.

Using the same modeling approach as above, we regress explanatory variables capturing

credit risk and private information on this dependent variable. Columns (5) and (6) in Table

4 present the results.

A consistent pattern emerges from the regression results reported in the Table: %NoDoc

has no effect on the division of sold tranches across Mezzanine and AAA category after

controlling for observable measures of credit risk. Instead, this division is explained well

by observable credit risk factors such as FICO score and LTV ratio. As expected, pools

with lower FICO score and higher LTV ratio have relatively higher Mezzanine (lower AAA)

tranche within the sold portion. Pools backed by loans from diverse geographical areas have

relatively higher AAA-rated tranche. These results show that pools with lower observable

22



credit risk and higher risk diversification have relatively higher AAA rated tranche.

Taken together with the earlier results, we find that concerns about private information

drive the cross-sectional dispersion in the level of the equity tranche, whereas hard pieces

of information such as FICO score, LTV ratio, and geographical diversification drive the

division of the sold tranche into AAA and mezzanine categories. In addition to the slope

coefficients, the R2 of the models provides an interesting insight as well. For the equity

tranche regression, inclusion of observable credit risk variables improves the model’s R2

from 26.8% to a marginally higher 31.8% (columns 1 and 2), whereas the corresponding R2

improves from 33.4% to 85.7% for the sold tranche regression (columns 5 and 6). Hard pieces

of information are easier to price and therefore can be incorporated in the security pricing

relatively easily. In contrast concerns about information asymmetry are harder to price and

the level of the equity tranche emerges as an additional contracting tool in such settings.

Our results provide evidence in support of these arguments.

A potential concern with our analysis is the omission of some observable credit risk metrics

that correlates both with our measure of loan opacity and the extent of equity tranche. In

column (3) of Table 4, we include the weighted average interest rate on mortgages in the pool

as an additional explanatory variable in the regression. Interest rates are likely to capture

all the publicly available information about the credit risk and the priced component of the

originator’s private information. Thus the inclusion of interest rate in the model provides a

reasonable control for the measures of credit risk that may be known to the investors, but

not to us as econometricians. The estimate shows that the coefficient on %NoDoc remains

unaffected. We repeat the same exercise for the division between AAA and mezzanine

tranche in column (7) and show that our results remain unchanged for that model as well.

Finally, we include sponsor fixed effects in the model as a control for the sponsor-specific

reputation capital or other time invariant sponsor attributes that can influence tranche

structure and present the results in column (4). Our results remain robust, but we do find a

drop in both economic and statistical significance in this model as compared to the base case.
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Given the small number of pools in our sample, we have limited within-sponsor variation

in the data. Despite this limitation our results remain robust. Column (8) shows that the

division between AAA and mezzanine tranche is largely unaffected by these effects.

4.3 Ex Post Performance of Pools

We have shown that more opaque pools have a relatively larger equity tranche. While con-

sistent with the broad idea behind adverse selection models, this analysis has not specifically

addressed the role of signaling through the equity tranche in achieving a separating equilib-

rium outcome. We need to answer the following question to do so: among the deals backed

by opaque pools, did sponsors with more favorable private information create a relatively

larger equity tranche to signal this information and separate themselves from opaque pools

with less favorable private information? We exploit the cross-sectional variation in equity

tranche within the opaque pools along with data on ex post performance of mortgages to

answer this question.

It is an extremely challenging task to tease out the unobserved private information of

sponsors solely based on publicly available information at the time of security sale. However,

we do observe the ex-post default performance of every loan in the pools. By combining

publicly available information at the time of issuance and ex post loan performance, we are

able to create proxies of the private information of the sponsors at the time of security sale.

If sponsors with favorable private information about the underlying pool create a larger

equity tranche as a signal of good private information, then we expect relatively better ex-

post default performance by such pools after conditioning on observable pool characteristics.

In other words, we expect abnormal default performance of high equity tranche pools to

be better, where abnormal default performance measures the actual default rate of the

pool against a benchmark default rate based on ex ante observable information. We use a

standard default model and then a simulation exercise to create two benchmark expected

default rates to test these predictions. We first describe the empirical design and then discuss
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the construction of abnormal default performance measures in greater detail.

We relate the cross-sectional variation in equity tranche to the abnormal default perfor-

mance of opaque pools, as proxied by the proportion of no documentation loans in the pool,

using the following empirical model:

AbDefaultp = β0 +β1(Opaquep)+β2(HighEqp)+β3(Opaquep×HighEqp)+
∑

γXp+εp (8)

AbDefaultp is the abnormal default rate of pool p. Our regression model uses a two-by-two

block design to estimate the effect of equity tranche across opaque and transparent pools

and across pools with high and low equity tranche. For easier economic interpretation, we

use indicator variables for opaque and transparent pools as well as high and low equity

tranche pools in the regression. Opaque equals one for pools that have an above median

percentage of no documentation loans, and zero otherwise. HighEq equals one for pools that

have higher than median level of equity tranche, and zero otherwise. Xp measures some pool

level control variables such as the pool’s weighted average FICO scores and the LTV ratio

and time period. The regression coefficients in this model estimate the abnormal default

rate across different pools as shown below:

Transparent Pool Opaque Pool

Low Equity Tranche β0 β0 + β1

High Equity Tranche β0 + β2 β0 + β1 + β2 + β3

Difference β2 β2 + β3

Our interest lies in both β̂3, the difference-in-difference estimator, and the sum of coeffi-

cients β̂2+β̂3. The sum of these coefficients provides an estimate of the difference in abnormal

default rates across high and low equity tranche deals for opaque pools. If sponsors used

equity tranche as a tool to signal their favorable private information, then we expect the

sum of these coefficients to be negative. β̂3 provides an estimate of the differential effect of

equity tranche on default rate for opaque pools as compared to the corresponding difference
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for the transparent pools. In other words, β̂3 differences out the effect of equity tranche on

abnormal default rate that we observe within the relatively transparent pool. We expect

this difference-in-difference estimate to be negative as well. If equity tranche correlates with

abnormal default rates of pools for reasons unrelated to information asymmetry at the time

of issuance, then this estimator provides a useful way to separate out those effects. For

example, factors such as economy wide abundance of capital or investment opportunity set

of the sponsors can potentially affect both the level of equity tranche and the ex-post default

rates for all the pools. Our difference-in-difference estimator is able to remove all such effects

as long as they effect opaque and transparent pools in similar manner.

Default Models

Our goal is to parse out the effect of observable loan and property characteristics from the

default performance (i.e., foreclosure rate) of the loans. We do this in two steps: first we

create a benchmark model of loan level foreclosure probability based on publicly available

information at the time of issuance. Then we aggregate this at the pool level to compute

the expected default rate of the pool. We then take the ratio of actual foreclosure rate we

observe ex post to the expected foreclosure rate as the measure of abnormal default.

We estimate a benchmark model of foreclosure probability for every loan based on the

following logistic regression model:

Pr(foreclosurei = 1) =
1

1 + e−βXi
(9)

foreclosurei equals one for loans that enter foreclosure any time during the sample pe-

riod. X is a set of observable loan and property characteristics that are likely to predict

the loan’s default rate. They include the borrower’s FICO score, LTV ratio, state of the

property’s location, the purpose of the loan (refinancing versus purchase loans), the year of

loan origination, and the type of the loan product (i.e., ARM, balloon or fixed rate loans).
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We choose these variables based on economic intuition and previous research in the area

(e.g., see Demyanyk and Van Hemert (2012)). The estimated default model uses roughly

500,000 loans originated primarily during the years of 2002 to 2005. Of these loans, about

16% enter foreclosure during our sample period.

Since the estimates of logistics regression are consistent with the findings in the literature,

we do not tabulate them for brevity. Borrowers with higher FICO scores and lower LTV

ratios are significantly less likely to get into foreclosure. Loans used for home purchase

are significantly less likely to get into foreclosure as compared to refinancing and cash-out

loans. All other categorical variables (state, year of origination, and the product type) have

significant predictive power in explaining the foreclosure rate as well.

After estimating the model, we use the fitted values from the model to obtain the pre-

dicted default likelihood of each loan i in pool p ( ̂foreclosureip). The predicted foreclosure

rate provides us with an in-sample benchmark for the expected default rate of the loan con-

ditional on key observable characteristics. We aggregate this measure at the pool level to

compute a predicted foreclosure rate of the pool. The abnormal default rate for the pool

(AbDefaultp) with Np loans in it is then calculated as follows:

AbDefaultp =

∑Np

i=1wi(foreclosureip)∑Np

i=1wi(
̂foreclosureip)

(10)

Our measure computes the dollar-weighted (weights wi with
∑Np

i=1 wi = 1) ratio of number of

loans in a pool that actually defaulted to the number of loans that were expected to default

based on observable characteristics at the time of issuance.8 We plot the kernel density of

AbDefault measure in Figure 2a. As expected, the average number is centered around one

with significant cross-sectional variation. The 75th percentile pool has abnormal default

ratio of 1.18, indicating that the pool’s actual default rate is 18% higher than the expected

default rate based on observable characteristics. In contrast, the 25th percentile pool has a

8Alternatively, we compute our default benchmark measures of abnormal default based on the number of
loans that enter foreclosure (i.e., equal weighting) and find similar results for our tests.
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ratio of 0.47 indicating 53% lower default rate than its benchmark.

We estimate regression equation (8) based on this measure of abnormal default and report

the results in columns (1)-(2) of Table 5. Since signaling should be most useful when there is

more uncertainty about the asset, the key variable of interest is the interaction of the strength

of the signal, HighEq, and pool opacity, Opaque (β̂3 from the earlier discussion). Column (1)

reports an estimate of -0.244 for β̂3. Opaque pools with a higher level of equity tranche had

significantly lower abnormal default rates than those with lower equity tranche, as compared

to the corresponding difference for the transparent pools. The diff-in-diff coefficient translates

into a lower default rate of 24.4% for higher equity tranche pool. The second quantity of

interest is the difference in abnormal default between deals with higher and lower levels of

equity tranche within opaque pools (β3+β2 coefficient from the earlier discussion). To get this

estimate, we slightly rearrange the interaction terms and report results in column (2). The

summed coefficient on HighEq * Opaque is -0.134, which is significant at 6%. Thus, pools

with higher level of equity tranche have 13% lower abnormal default rate within opaque

pools. Overall these results show that equity tranche predicts better future performance

conditional of ex-ante loan characteristics.

Simulation Based Default Benchmark

One of the basic rationales behind the creation of mortgage-backed securities is the benefit

of diversification that can be achieved by pooling several loans together. Indeed, a key input

to the MBS pricing models is the underlying correlation matrix of the loans in a pool. Our

default risk model in the previous section ignores the within pool correlation of default risk

of loans. We now account for this effect through a simulation exercise which we describe

below. Further, through our simulation exercise we are able to difference out the effect of

aggregate macroeconomic shocks on the foreclosure rates as well.

For every loan in a given pool, we find a matching loan with similar observable charac-

teristics from the universe of all loans in our sample excluding the loans in the loan’s own
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pool. The matched loan is similar on key dimensions of default and interest rate risk such

as FICO score, LTV ratio, loan amount, year of origination, type of interest rate on the loan

(e.g., ARM, balloon or fixed rate) and geographical location. We outline the precise match-

ing algorithm in the Appendix. The key idea is to match the actual pool created by the

informed sponsor to a hypothetical pool that is from a, by construction, uninformed sponsor.

Our random selection of loans into the pool gets rid of the sponsor’s pool-specific private

information, while retaining the observable similarity of the actual and hypothetical pool.

Loans in the hypothetical pool are likely to have similar correlation structure as the actual

pool, especially since we match these loans based on the geographical location as well. We

compute the foreclosure rate of the hypothetical pool as a benchmark for the actual pool’s

default rate. In essence, we are creating an uninformed benchmark for the actual pool that

is created by the informed intermediary. Since the hypothetical pool is observationally sim-

ilar and the loans in the pool are subjected to similar macroeconomic shocks as the actual

pool, the foreclosure rate on hypothetical pool provides us with a benchmark that account

for ex-ante loan characteristics, macroeconomic shocks and the correlation structure of the

loans in a non-parametric way. As before, we take the ratio of the actual pool’s default rate

to its matched hypothetical pool’s default rate as the measure of abnormal default.

A kernel density of the abnormal default rate based on this measure is provided in Figure

2b. Like our first measure, the average performance is centered around 1 with a large cross-

sectional variation. The ratio ranges from 0.67 to 1.21 as we move from the 25th to the 75th

percentile of the distribution.

We estimate regression equation (8) based on this measure of abnormal default and

report the results in columns (3)-(4) of Table 5. The estimates on our variables of interest

largely mirror our findings from our first measure of abnormal default. Column (3) reports

an estimate of -0.221 on β̂3, which indicates that opaque pools with higher equity tranche

have 22.1% lower default rate in as compared to the corresponding difference for relatively

transparent pools. Column (4) provides the estimated difference in abnormal default rate
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between high and low equity tranche pools within opaque pools without differencing out the

corresponding effect among transparent pools. The estimated coefficient is -18.8%. These

findings indicate that equity tranche created at the time of security sale forecasts better than

expected foreclosure outcomes for loans in the underlying pool. Overall, these findings are

consistent with equity tranche being a signal of favorable private information of the sponsor.

4.4 Information-destruction and risk-diversification

We now turn to the determinants of AAA-rated tranche in RMBS deals. As discussed in

Section 2, the pooling of loans with diffused private information has a value destroying

effect on the sponsors. The risk diversification effect, in contrast, creates an advantage to

pooling. Therefore, pools that contain loans with common sources of private information and

uncorrelated sources of risks are likely to be the most attractive pools in the securitization

market. A key prediction of DeMarzo’s (2005) model is that the sponsor will benefit most

from securitization in such deals by selling highly rated AAA tranche at attractive price.

We test this prediction by analyzing the effect of these pool characteristics on the fraction

of AAA-rated tranche sold by the sponsor.

We need reasonable measures of commonality in private information and risk diversifica-

tion to test this prediction. We propose state level geographical diversification of the pool

as a natural measure of the risk diversification benefits. Local economic conditions play a

large role in the price movement in the housing market. Thus pools that are backed by loans

from different states are more likely to provide risk-diversification benefits as compared to

loans that come from one or few states. The pools in our sample span a wide spectrum of

geographical diversification, ranging from pools with all loans originated in a single state

to pools containing loans from over 40 states. For the average pool, the state that is most

well represented comprises about 40% of the pool (which would translate into our measure

of geographical diversity, GeoDiverse, as 100-40=60). In our empirical tests, we use an indi-

cator variable HiGeoDiverse that equals one for pools that have above median geographical
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diversification and zero otherwise. Our results are robust to other measures of geographi-

cal diversification including a Herfindahl index or the continuous variable GeoDiverse. We

present results based on the dummy variable measure for ease of interpretation.

As discussed in Section 3.2, we create measures of information commonality based on the

originator concentration and the concentrations of specific types of loans within the pools.

First, we take pools that have a single loan originator (OneOrig) as a proxy for commonality

in private information. As discussed earlier, all loans in these pools are likely to come from

similar screening technology and are therefore likely to share common components of private

information. For example, the nature of private information is likely to be more homogeneous

for pools where all loans come from either Option One Mortgage or Bank of America, as

compared to pools where each originator has 50% share in the pool. As a second measure,

we use HiHerf, which equals one for deals with a herfindahl index, which is maximized when

there is a high concentration of single family residences that are owner occupied, is greater

than the median deal, and zero otherwise. In line with DeMarzo’s theoretical model, our key

economic construct is commonality, or positive correlation, in the private information across

loans, not necessarily the level of private information.

Table 6 presents the tests of this hypothesis. The dependent variable for these specifi-

cations is the percent of the deal with a AAA rating. As expected, and consistent with our

earlier results, pools backed by loans with lower observable credit risk have a higher level of

AAA tranche. The coefficients on FICO scores and LTV ratio are both economically and

statistically significant. The coefficient of interest in these tests is the interaction of common

information (OneOrig and HiHerf ) and risk diversification (HiGeoDiverse). Using both

proxies commonality of information, we find that the pools with common information and

diffused risk have economically and statistically higher level of AAA-rated tranche. Condi-

tional on credit risk, the estimates of the key interaction term in columns (2) and (4) indicate

that these deals get a AAA-rated tranche that is about two percentage points larger.9 In

9The sample size drops from 163 deals in columns (1)-(2) to 147 deals in columns (3)-(4) because the
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columns (5)-(6), we use the combination of our two measures of common information and

then interact this with HiGeoDiverse. There are 31 of these “most desirable deals” in our

sample based on both measures. The coefficient of 2.73 on HiGeoDiverse ∗HiHerf ∗OneOrig

in column (6) shows that these deals get an economically and statistically larger portion

of AAA-rated tranche. In untabulated results, we drop the independent effects and only

include the interaction, i.e., HiGeoDiverse ∗HiHerf ∗OneOrig, and find that average level of

the AAA-rated tranche in this group of 31 deals is 2.87 percentage points (p < 0.01) higher

than rest of the sample.

Overall, the results in Table 6 provide evidence that corroborates the key prediction of

DeMarzo (2005) – deals backed by pools with common private information and diversified

residual risk have higher AAA-rated tranche. While we are unable to comment on whether

the level of AAA or other tranches were optimal, our evidence shows that the cross sectional

relationship between the pool characteristics and level of these tranches are consistent with

the theoretical predictions.

4.5 Alternative Channels

Throughout this section, we have argued that the information concerns and risk diversifi-

cation effects influence the level of AAA-tranche in a deal. It has been recognized in the

literature that in addition to tranche structure, concerns such as sponsor’s reputation, ser-

vicing rights, and influence over credit rating agencies can play important roles in the way

market participants contract in this market. Often these considerations interact with the

retention of equity tranche, creation of AAA-tranche and other related features of the RMBS

design. We do not explore these interactions in detail in this paper. Our limited goal is to

establish the robustness of our results even in the presence of these competing influences.

latter model requires loan level data that comes from CoreLogic dataset.
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Servicing Rights

We first consider the possibility that our results are driven by deals where sponsors and

originators have more “skin in the game” by holding servicing contracts. In addition to

earning fees from the origination of loans, lenders sometimes retain servicing rights on loans

that provide them with an addition stream of income for the life of the loan. This income

averages about 37 basis points per year. If the sponsors hold these servicing rights on the

loans, this implicit equity stake may provide stronger incentives for them to ensure that the

pool is populated with higher quality loans. If deals where there is more servicing “skin in

the game” coincide with those with low information destruction and high risk diversification,

then our results on AAA-tranche structure may be spurious. In particular, if the sponsor in

common information deals is more likely to have servicing rights, then our results may be

an artifact of “skin in the game” effect.

To empirically investigate this alternative channel, we collect data on the identity of

primary servicer for the loans in the pool. We create a dummy variable that indicates if

the sponsor is also the servicer (SellAndService) and a dummy that indicates if the top

originator for the pool is also the servicer (TopOrigAndService).10 We re-estimate earlier

regression models relating the fraction of AAA-rated tranche in the deal to information

destruction effect along with these new variables. In Table 7, we provide results relating to

the fraction of AAA rated tranche. As a benchmark, we present the base case regression

result in column (1). Columns (2) and (3) provide the regression results including the

“skin in the game” variables. The coefficient on SellAndService is positive, but statistically

insignificant, while TopOrigAndService is neither statistically or economically relevant. More

importantly, the estimated coefficient on OneOrig x HiGeoDiverse, our main proxy for testing

the information-destruction and risk-diversification effect, remains both statistically and

economically significant. We obtain similar results for commonality in information proxies

10We perform the same tests using a dummy that indicates if the servicer is any of the top four originators
and get qualitatively identical results.
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based on the distribution of property type. We do not tabulate them for brevity.

Reputational Concerns & Influence

Another mechanism that can potentially explain our results is the reputational concerns of

the members of the syndicate. If the originator is also the sponsor, who often has its name in

the title of the securities, then poorly performing loans and thus poorly performing securities

may damage its reputation. Thus we hypothesize that deals backed by the same entity

as the top originator and the sponsor should have relatively higher reputational concerns.

Recognizing this effect, the rating agencies may give AAA rating to a larger portion of the

pool. To empirically investigate this effect, we create a dummy variable that indicates if

the sponsor is also the top originator (SellAndTopOrig) in the pool. Results are provided

in columns (4) of Table 7. To the extent that our empirical proxy captures heterogeneity

in reputational concerns, the results provide evidence that the information destruction and

risk diversification effect is not driven by this channel.

Additionally, we consider the heterogeneity in the sponsor-type to control for the reputa-

tional concerns. For example, one might expect that long-lived and established commercial

banks (e.g., JP Morgan) may have different concerns about protecting their franchise values

than specialized mortgage originating institutions such as Ameriquest. Also, large commer-

cial and investment banks may be able to exert more influence over the credit rating agencies

to receive inflated ratings relative to smaller purely mortgage lenders (Je et al., 2012). To

address these issues, we include institution-type fixed effects in our specification. We clas-

sify each sponsor as a commercial bank, investment bank, savings and loan institution, or

mortgage lender and then include dummy variables for these categories in the specification.

Results are provided in column (5) of Table 7. Again the economic and statistical significance

of our key variable OneOrig x HiGeoDiverse remains as strong as the base case specification.

To summarize, deals that combine both low information destruction and high risk diver-

sification have a larger AAA rated tranche. This result is robust to controlling for observable
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credit risk factors as well as proxies for the level of implicit equity stake through servicing

rights, reputational concerns and influence over credit rating agencies.

Alternative Channels and Equity Tranche

To separate out the effect of these alternative channels from our main results on equity

tranche, we repeat the above regressions for equity tranche regressions as well. Results are

provided in Table 8. The coefficient on %NoDoc remains positive and significant for all these

alternative models.

5 Discussions and Conclusion

This paper empirically analyzes the design of residential mortgage-backed securities during

the period before the sub-prime mortgage crisis. These securities are created by pooling

multiple loans in one basket and then issuing collateralized securities against the pooled

cash flows. In addition to the general problem of adverse selection faced by uninformed

buyers, pooling and tranching present unique trade-offs that are unexplored by the prior

empirical literature.

We document that RMBS sponsors use equity tranche as a signal of their private in-

formation in opaque pools. In such pools with higher levels of equity tranche, the future

foreclosure rates are significantly lower as compared to benchmark models that account for

ex-ante loan characteristics, macroeconomic shocks and the correlation structure of loans in

the pool. This evidence is consistent with basic signaling models such as Leland and Pyle

(1977) and DeMarzo and Duffie (1999).

We extend our analysis to test predictions of models that are specific to the pooling and

tranching of information sensitive assets. Consistent with DeMarzo (2005), we find that

the sponsors are able to sell a significantly higher proportion of deals as AAA-rated security

when the underlying information asymmetry about the loans is common but the loan-specific
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risk is relatively uncorrelated. This combination allows the sponsors to sell a larger portion

of their pools as relatively attractive AAA-rated tranche.

Overall, our findings show that market participants understood informational frictions in

the RMBS market to some extent and incorporated them in the design of these securities.

In other words, the design of mortgage-backed securities was able to mitigate some of the

contracting frictions as predicted by extant theoretical models in the literature. Our study

is focused on understanding the drivers of the cross-sectional variation in the construction

of securities in the RMBS securitization market. Therefore, we are only able to comment on

the ability of these models in explaining outcomes in a relative sense. It may, for example,

be true that the level of equity tranche supporting these deals was too low even though the

relative distribution across the deals is explained well by concerns about adverse selection.

Indeed, Stanton and Wallace (2011) show that in the period leading up to the crisis, the

rating agencies allowed subordination levels in CMBS markets to fall to suboptimal levels.

The key contribution of our paper is to show that cross-sectional pattern in securitization

design does follow the predictions of adverse selection signaling models as well models more

specific to the RMBS market that incorporate the trade off of information-destruction and

risk-diversification. This finding has important implications for the development of future

theoretical models in this area as well as for policy debates surrounding this market.
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Appendix

Simulated Pool Construction

We construct a hypothetical pool of loans that look observationally similar to loans in

actual pools. As described in Section 4.3, our goal is to create a random pool of loans that is

likely to have similar foreclosure performance as the actual pool in terms of observable loan

and property characteristics, macroeconomic shocks, and correlation structure of loans with

the pool. For every loan i in pool p, we start with all other loans in our sample, excluding

the pool where loan i resides, and follow the following matching algorithm:

1. Drop potential matches that were not originated in the same (early or late) as loan i.

2. Drop potential matches that are not sufficiently close to loan i in terms of two most

important observable characteristics of this market: FICO scores and LTV ratio. We

ensure that potential control loans are within one-tenth of the standard deviation of

FICO and LTV of the loan being matched. This criteria ensures that LTV ratio of

matched firms fall within 1.4 percentage points and FICO score within 11.2 points of

loan i.

3. Drop potential matches that are not located in the same state as loan i.

4. We break all loans into three groups based on the nature of interest rate: fixed rate

loans, ARM, and Balloons. Drop potential matches that do not have the same interest

rate type as loan i.

5. Drop potential matches that are not within 25% of the principal loan amount of loan

i.

6. Drop potential matches that whose origination date is not within ±90 days of loan i.

7. From the remaining set of potential matches, assign the loan with LTV ratio closest

to loan i as the matched loan.
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We repeat this exercise for all loans in a pool. We are able to obtain matches for 401,228

loans based on this criteria. This leaves us with approximately 100,000 loans that remains

unmatched after the first iteration. For loans without a match, we continue as follows:

8. Return to Step (2) above, but drop the requirement that the matched loan be within

1.4 percentage points of loan i in terms of LTV ratio.

This iteration yields another 101,963 matches and almost completes the matching. For a

very small number of loans (19,079) that remain unmatched, we continue as follows:

9. Return to Step (2), dropping the LTV caliper requirement as in Step (8), and widen

the range of FICO scores to be within one-fifth of the standard deviation and allow

the loan origination date to be within ±180 days of that of loan i.

With less than 4% of loans matched based on the looser criteria of Step (9), our results do not

change if we drop these loans altogether from the sample. Based on this matching procedure,

we are able to create a hypothetical pool that has loans with extremely similar characteristics

on observable dimensions (with exact matches for state, loan type, and early/late period).

In Figure 3, we plot the kernel density of FICO and LTV ratios across actual and simulated

pools to illustrate how similar the matched pools are on these dimension.
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Variable Definitions
This table presents definitions of variables collected and constructed from CoreLogic and SEC Form 424(b)(5)
filings.

PrincipalPoolAmount Total principal outstanding balance of the mortgage pool (in
millions of dollars).

NumLoans Total number of loans in the mortgage pool.

LTV Weighted average loan-to-value ratio for the pool.

FICO Weighted average FICO credit score for the pool.

% ARM Percent of the mortgage pool composed by adjustable rate
mortgages.

Single Family Residence Dummy equal to one if the loan is for a single family
residence (as opposed to multiple family residence, condo-
minium, etc).

Owner Occupied Dummy equal to one if the loan is for a residence that is to
be the primary residence of the borrower (as opposed to a
second home or investment property).

Foreclosure Weighted average foreclosure rate for the pool.

%NoDoc Percent of the mortgage pool with no documentation.

GeoDiverse 100 - percent of the largest one state origination concentra-
tion of the mortgage pool.

Late Dummy equal to one if the deal is issued in 2005 (0 if issued
in 2001-02).

Subprime Dummy equal to one if the weighted average credit score is
less than 660.

%AAA Tranche Percent of the tranches (by dollar amount) within a pool
that rated AAA.

%Mezzanine Tranche Percent of the tranches (by dollar amount) within a pool that
are subordinate to the senior tranches and publicly offered.

%Equity Tranche Percent of the tranches (by dollar amount) within a pool
listed as not publicly offered.

Mezzanine-to-Sold The ratio of principal dollar amount of the mezzanine
tranche to the total principal dollars amount publicly offered
(mezzanine plus AAA).
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Institutions and their Various Roles
This table presents the most common institutions in the sample and the frequency in which they participated
in various roles.

Institution sponsor Top Originator Type

Ace 5 0 Mortgage Lender
Ameriquest 14 15 Mortgage Lender
Bear Stearns 17 0 Investment Bank
Bank of America 28 23 Commercial Bank
Citi 8 4 Commercial Bank
Credit Suisse 16 10 Investment Bank
Countrywide 6 10 Savings and Loan
Deustsche Bank 5 0 Commercial Bank
Goldman Sachs 16 0 Investment Bank
HSBC 3 0 Commercial Bank
IndyMac 10 11 Savings and Loan
JP Morgan 9 5 Commercial Bank
Lehman Brothers 6 4 Investment Bank
Merrill Lynch 8 1 Investment Bank
Option One 8 13 Mortgage Lender
Stanwich 3 0 Mortgage Lender
UBS 6 0 Commercial Bank
Washington Mutual 11 14 Savings and Loan
Wells Fargo 12 24 Commercial Bank
Other 5 62
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Example Deal: Fremont Home Loan Trust Series 2002-1

This figure provides an example deal from our sample to illustrate the construction of a typical deal and the
sources of our data. Loan specific characteristics such as FICO score, loan amount, loan type, LTV, etc. are
from CoreLogic. Aggregate deal statistics, including the tranche structuring of the deal, were hand collected
from the Form 424(b)(5) filings to the SEC.

Individual Loans
CoreLogic

Loan Pool
CoreLogic/SEC Filings

Tranche Structure
SEC Filings

Loan Amount: $400,000,
FICO: 663, LTV: 69%,
ARM: Yes, State: WA
Originator: Fremont
. . .

AAA: 81.50%

...

Loan Amount: $346,000,
FICO: 640, LTV: 100%,
ARM: Yes, State: CA
Originator: Fremont
. . .

sponsor: Fremont Loan
Principal: $217,100,160
Loans: 1,346
WtAveFICO: 611
WtAveLTV 80%
ARM: 84%
. . .

Mezzanine: 17.60%

Loan Amount: $486,000,
FICO: 544, LTV: 90%,
ARM: Yes, State: CA
Originator: Fremont
. . .

Equity: 0.90%
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Tables

Table 1: Full Sample Summary Statistics
This table presents raw summary statistics of various loan level, pool level, and tranching structure char-
acteristics. Note that many of the pool level characteristics are dollar-weighted averages of the underlying
loan level characteristics. All variables are winsorized at 1% prior to regression analysis. The variables are
defined in the appendix.

Mean Std Dev Min 25% 50% 75% Max N

Loan Level:
Loan Amount 259781.43 206639.42 3150.00 110000.00 196000.00 365000.00 4350000.00 501131
FICO 656.26 76.92 496.00 599.00 657.00 716.00 799.00 501131
LTV 77.27 13.59 31.25 71.93 80.00 85.00 100.00 501131
ARM 0.66 0.47 0.00 0.00 1.00 1.00 1.00 501126
Single Family Residence 0.76 0.42 0.00 1.00 1.00 1.00 1.00 501131
Owner Occupied 0.89 0.30 0.00 1.00 1.00 1.00 1.00 501131
Foreclosure 0.16 0.37 0.00 0.00 0.00 0.00 100.00 501131

Pool Level:
PrincipalPoolAmount (mil) 775.85 507.28 151.84 422.34 664.12 1000.08 3267.41 196
NumLoans 3150.46 2535.52 340.00 1343.50 2269.00 4409.75 12202.00 196
FICO 685.09 51.91 569.00 629.84 709.50 731.00 757.00 192
LTV 74.79 6.20 58.26 70.03 75.64 79.21 96.05 192
% NoDoc 18.77 17.84 0.00 2.94 14.34 34.68 79.13 172
ARM 59.94 42.23 0.00 0.00 79.40 100.00 100.00 191
Single Family Residence 74.01 10.90 53.76 66.12 73.52 81.60 97.00 196
Owner Occupied 90.70 9.77 40.05 90.27 93.36 95.38 100.00 194
GeoDiverse 59.47 17.26 0.00 49.48 61.31 74.15 87.54 196
OneOrig 0.47 0.50 0.00 0.00 0.00 1.00 1.00 196
Late 0.52 0.50 0.00 0.00 1.00 1.00 1.00 196
Subprime 0.36 0.48 0.00 0.00 0.00 1.00 1.00 194
Foreclosure 0.12 0.10 0.00 0.03 0.10 0.18 0.41 152

Tranche Structure:
% AAA Tranche 90.40 7.17 72.40 82.80 93.52 96.51 98.75 196
% Mezzanine Tranche 8.40 6.70 0.00 2.77 5.48 15.67 27.60 196
% EquityTranche 1.20 1.27 0.00 0.50 0.75 1.70 7.43 196
Mezzanine-to-Sold 8.57 6.83 0 2.80 5.49 15.86 21.99 196
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Table 2: Dividing the Pool into AAA, Mezzanine and Equity Tranches
This table presents the average size of the AAA, mezzanine, and equity tranches as a percentage of the size
of the loan pool over time and across credit risk categories. Early and Late represent deals from 2001-02 and
2005, respectively. We divide Prime and Subprime by the deal’s weighted average FICO score in relation to
a cutoff of 660.

Sample Piece All Prime Subprime

Full AAA 90.36 94.53 82.54
Mezzanine 8.44 4.58 15.67
Equity 1.20 0.88 1.79

Early AAA 92.59 95.81 85.22
Mezzanine 6.69 3.59 13.77
Equity 0.72 0.60 1.00

Late AAA 88.32 93.24 80.59
Mezzanine 10.05 5.59 17.05
Equity 1.63 1.18 2.36
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Table 3: Equity Tranche and Coupon Rates
This table presents the mean coupon rate spread over LIBOR for variable rate tranches in the sample
according to the size of the equity tranche as a percentage of total pool size and the tranche’s rating class.
There is a unit of observation for each deal-rating class combination. For deals with multiple tranches within
a rating class, the observation is the dollar-weighted average of the coupons. High Equity indicates that the
pool under consideration has %Equity Tranche greater than that of the median deal.

Tranche Rating

Equity Tranche Size AAA AA A ≤ BBB

Low Equity 0.44 1.27 1.50 2.43
(0.06) (0.30) (0.25) (0.22)

High Equity 0.34 0.77 1.25 2.24
(0.03) (0.10) (0.11) (0.12)

Standard errors in parentheses
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Table 4: Cross Sectional Determinants of Deal Structure
This table presents OLS estimates from regressions of %Equity Tranche (models (1)-(4)) and Mezzanine-
to-Sold (models (5)-(8)) on loan pool characteristics. %Equity Tranche is the percent of the principal pool
amount that is not publicly offered, Mezzanine-to-Sold is a computed as the ratio of principal dollar amount
of the mezzanine tranche to the total principal dollars amount publicly offered (mezzanine plus AAA),
Late is a dummy variable equal to 1 for deals from 2005, % NoDoc is the percent of the loan pool with
no documentation loans, FICO is pool’s the weighted average FICO score, LTV is pool’s the weighted
average loan-to-value ratio, % ARM is the percent of the loan pool with adjustable rate mortgage loans,
and GeoDiverse measures the geographic diversity and is 100 - (percent of largest one state origination
concentration) in the mortgage pool. All standard errors are clustered by sponsor.

%Equity Mezzanine-to-Sold

(1) (2) (3) (4) (5) (6) (7) (8)

Late 0.886∗∗∗ 0.943∗∗∗ 0.645 0.649∗∗ 2.751∗∗ 3.181∗∗∗ 3.757∗∗∗ 3.021∗∗

(0.00) (0.00) (0.12) (0.03) (0.02) (0.00) (0.00) (0.02)

% NoDoc 0.025∗∗∗ 0.023∗∗ 0.024∗∗ 0.011∗ 0.200∗∗∗ -0.007 -0.012 -0.021
(0.00) (0.04) (0.03) (0.10) (0.00) (0.67) (0.50) (0.39)

FICO -0.004 -0.006∗ 0.003 -0.101∗∗∗ -0.097∗∗∗ -0.101∗∗∗

(0.23) (0.07) (0.46) (0.00) (0.00) (0.00)

LTV -0.025 -0.011 0.023 0.301∗∗∗ 0.281∗∗∗ 0.284∗∗∗

(0.32) (0.71) (0.38) (0.00) (0.00) (0.01)

% ARM 0.005 0.003 0.006∗∗ -0.015∗∗∗ -0.012∗∗ -0.012∗

(0.14) (0.34) (0.03) (0.01) (0.03) (0.06)

GeoDiverse -0.008 -0.005 -0.000 -0.054∗∗∗ -0.060∗∗∗ -0.058∗∗∗

(0.42) (0.58) (1.00) (0.00) (0.00) (0.01)

Mortgage Rate -0.212 0.367
(0.32) (0.39)

Constant 0.295∗∗ 5.268 7.293∗∗ -4.509 3.847∗∗∗ 58.015∗∗∗ 54.463∗∗∗ 62.180∗∗∗

(0.04) (0.11) (0.02) (0.26) (0.00) (0.00) (0.00) (0.00)

sponsor effects No No No Yes No No No Yes

Observations 163 163 160 163 163 163 160 163
R2 0.268 0.318 0.322 0.653 0.334 0.857 0.859 0.875

p-values in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 5: Ex Post Outcomes: Abnormal Default
This table presents OLS estimates from regressions of AbDefault on loan pool characteristics. In models (1)
and (2), AbDefault is the ratio of the actual ex post pool default rate to a predicted default rate based on
a default model calibrated using the full sample. In models (3) and (4), Abnormal Default is the ratio of
the actual ex post pool default rate to the default rate on a pool of loans that are matched, loan by loan,
to the actual pool based on observable characteristics. Opaque is a dummy variable equal to 1 for deals
with %NoDoc greater than that of the median deal, HighEq is a dummy variable equal to 1 for deals with
%Equity Tranche greater than that of the median deal, Late is a dummy variable equal to 1 for deals from
2005, FICO is pool’s the weighted average FICO score, and LTV is pool’s the weighted average loan-to-value
ratio.

Default Model Simulation

(1) (2) (3) (4)

Late 0.321∗∗∗ 0.321∗∗∗ -0.006 -0.006
(0.00) (0.00) (0.95) (0.95)

FICO 0.001 0.001 0.002∗∗ 0.002∗∗

(0.38) (0.38) (0.05) (0.05)

LTV 0.052∗∗∗ 0.052∗∗∗ 0.069∗∗∗ 0.069∗∗∗

(0.00) (0.00) (0.00) (0.00)

Opaque 0.163∗ 0.163∗ 0.099 0.099
(0.06) (0.06) (0.49) (0.49)

HighEq 0.110 0.033
(0.13) (0.72)

HighEq * Opaque -0.244∗∗ -0.134∗ -0.221∗ -0.188∗∗

(0.01) (0.06) (0.07) (0.02)

HighEq * Not Opaque 0.110 0.033
(0.13) (0.72)

Constant -3.783∗∗∗ -3.783∗∗∗ -5.588∗∗∗ -5.588∗∗∗

(0.00) (0.00) (0.00) (0.00)

Observations 151 151 151 151
R2 0.650 0.650 0.440 0.440

p-values in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

48



Table 6: Information Destruction and Risk Diversification
This table presents OLS estimates from regressions of PercentAAA on loan pool characteristics. Late is a
dummy variable equal to 1 for deals from 2005, FICO is pool’s the weighted average FICO score, LTV is
pool’s the weighted average loan-to-value ratio, % ARM is the percent of the loan pool with adjustable
rate mortgage loans, HiGeoDiverse is a dummy variable equal to 1 for deals with geographic diversity
greater than that of the median deal, HiHerf is a dummy variable equal to 1 for deals where the product
of %SingleFamilyResidence and %OwnerOccupied is higher than that of the median deal, and OneOrig is a
dummy variable equal to 1 for deals where all loans are from a common originator.

(1) (2) (3) (4) (5) (6)

Late -3.88∗∗∗ -3.80∗∗∗ -3.73∗∗∗ -3.59∗∗∗ -3.80∗∗∗ -3.67∗∗∗

(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)

WtAveLTV -0.28∗∗∗ -0.26∗∗∗ -0.30∗∗∗ -0.28∗∗∗ -0.30∗∗∗ -0.25∗∗∗

(0.00) (0.01) (0.00) (0.00) (0.00) (0.00)

WtAveFICO 0.10∗∗∗ 0.10∗∗∗ 0.10∗∗∗ 0.10∗∗∗ 0.10∗∗∗ 0.12∗∗∗

(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)

% NoDoc -0.01 -0.00 -0.00 0.00 0.00 0.01
(0.75) (0.99) (0.97) (0.86) (0.95) (0.69)

% ARM 0.01 0.00 0.01 0.01 0.01 0.00
(0.20) (0.50) (0.20) (0.44) (0.22) (0.44)

HiGeoDiverse 1.40∗∗ 0.38 1.08∗∗ -0.06 1.11∗∗ 0.20
(0.04) (0.59) (0.05) (0.93) (0.04) (0.70)

OneOrig 0.18 -0.64
(0.72) (0.16)

HiGeoDiverse * OneOrig 2.01∗∗

(0.04)

HiHerf (Common Info) 0.50 -0.42
(0.40) (0.51)

HiGeoDiverse * HiHerf 2.10∗∗

(0.03)

HiHerf * OneOrig 1.01 0.00
(0.13) (1.00)

HiGeoDiverse * HiHerf * OneOrig 2.73∗∗

(0.02)

Constant 44.00∗∗∗ 40.47∗∗∗ 44.36∗∗∗ 40.63∗∗∗ 41.00∗∗∗ 30.58∗∗

(0.00) (0.01) (0.00) (0.00) (0.00) (0.02)

Observations 163 163 147 147 147 147
r2 0.83 0.84 0.82 0.83 0.82 0.83

p-values in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 7: Information Destruction and Risk Diversification - Robustness
This table presents OLS estimates from regressions of PercentAAA on loan pool characteristics. PercentAAA
is the percent of the principal pool amount that is rated AAA. Late is a dummy variable equal to 1 for deals
from 2005. FICO is pool’s the weighted average FICO score, LTV is pool’s the weighted average loan-
to-value ratio, % ARM is the percent of the loan pool with adjustable rate mortgage loans, OneOrig is a
dummy variable equal to 1 for deals where all loans are from a common originator. HiGeoDiverse is a dummy
variable equal to 1 for deals with geographic diversity greater than that of the median deal. SellAndService
is a dummy variable equal to 1 for deals where the sponsor is also the primary servicer. TopOrigAndService
is a dummy variable equal to 1 for deals where the top originator in the pool is also the primary servicer.
SellAndTopOrig is a dummy variable equal to 1 for deals where the sponsor is also the top originator in the
pool. Institution-Type effects refers to the inclusion of a set of dummy variables that identify sponsors as
a commercial bank, investment bank, savings and loan or strictly mortgage lender. All standard errors are
clustered by sponsor.

(1) (2) (3) (4) (5)

Late -3.80∗∗∗ -3.80∗∗∗ -3.80∗∗∗ -3.81∗∗∗ -3.73∗∗∗

(0.00) (0.00) (0.00) (0.00) (0.00)

LTV -0.26∗∗∗ -0.25∗∗ -0.26∗∗ -0.25∗∗ -0.29∗∗

(0.01) (0.01) (0.02) (0.01) (0.01)

FICO 0.10∗∗∗ 0.10∗∗∗ 0.10∗∗∗ 0.10∗∗∗ 0.10∗∗∗

(0.00) (0.00) (0.00) (0.00) (0.00)

% ARM 0.00 0.00 0.00 0.00 0.00
(0.51) (0.50) (0.51) (0.51) (0.62)

OneOrig -0.64 -0.66 -0.64 -0.73 -0.70
(0.19) (0.17) (0.15) (0.12) (0.17)

HiGeoDiverse 0.38 0.39 0.38 0.34 0.47
(0.60) (0.59) (0.60) (0.63) (0.51)

OneOrig x HiGeoDiverse 2.01∗∗ 1.91∗ 2.01∗ 1.89∗ 2.18∗∗

(0.04) (0.06) (0.05) (0.06) (0.04)

SellAndService 0.47
(0.36)

TopOrigAndService -0.00
(1.00)

SellAndTopOrig 0.55
(0.28)

Constant 40.48∗∗∗ 38.88∗∗ 40.49∗∗ 39.80∗∗∗ 45.67∗∗

(0.01) (0.01) (0.02) (0.01) (0.01)

Institution-Type effects No No No No Yes

Observations 163 163 163 163 163
R2 0.84 0.84 0.84 0.84 0.84

p-values in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 8: Cross Sectional Determinants of Equity Tranche - Robustness
This table presents OLS estimates from regressions of %Equity Tranche on loan pool characteristics. %Equity
Tranche is the percent of the principal pool amount that is not publicly offered, Late is a dummy variable
equal to 1 for deals from 2005, FICO is pool’s the weighted average FICO score, LTV is pool’s the weighted
average loan-to-value ratio, % ARM is the percent of the loan pool with adjustable rate mortgage loans,
OneOrig is a dummy variable equal to 1 for deals where all loans are from a common originator. HiGeoDiverse
is a dummy variable equal to 1 for deals with geographic diversity greater than that of the median deal.
SellAndService is a dummy variable equal to 1 for deals where the sponsor is also the primary servicer.
TopOrigAndService is a dummy variable equal to 1 for deals where the top originator in the pool is also the
primary servicer. SellAndTopOrig is a dummy variable equal to 1 for deals where the sponsor is also the
top originator in the pool. Institution-Type effects refers to the inclusion of a set of dummy variables that
identify sponsors as a commercial bank, investment bank, savings and loan or strictly mortgage lender. All
standard errors are clustered by sponsor.

(1) (2) (3) (4) (5)

Late 0.943∗∗∗ 0.942∗∗∗ 0.950∗∗∗ 0.944∗∗∗ 0.865∗∗∗

(0.00) (0.00) (0.00) (0.00) (0.00)

% NoDoc 0.023∗∗ 0.024∗∗ 0.024∗∗ 0.022∗∗ 0.023∗∗

(0.04) (0.04) (0.03) (0.03) (0.02)

FICO -0.004 -0.004 -0.004 -0.004 0.004
(0.23) (0.31) (0.32) (0.21) (0.39)

LTV -0.025 -0.023 -0.020 -0.028 0.017
(0.32) (0.37) (0.51) (0.29) (0.52)

% ARM 0.005 0.005 0.005 0.005 0.006∗

(0.14) (0.14) (0.15) (0.13) (0.07)

GeoDiverse -0.008 -0.008 -0.008 -0.007 -0.011
(0.42) (0.41) (0.41) (0.45) (0.19)

SellAndService 0.079
(0.78)

TopOrigAndService 0.112
(0.73)

SellAndTopOrig -0.144
(0.55)

Constant 5.268 4.926 4.461 5.666∗ -3.149
(0.11) (0.21) (0.26) (0.10) (0.45)

InstitutionType effects No No No No Yes

Observations 163 163 163 163 163
R2 0.318 0.319 0.320 0.321 0.462

p-values in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Figures

Figure 1: Equity Tranche across Subsamples

This figure presents the size of the equity tranche across various subsamples. Early/Late divides the sample
by deals from 2001-02 compared to 2005. Prime/Subprime divides the sample by deals with above/below
660 FICO score. LowNoDoc/HighNoDoc compares pools that lie below the 25th percentile and above the
75th percentile in no documentation loans.
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Figure 2: Measures of Abnormal Default

This figure presents kernel densities of our measures of abnormal default. Panel 2a presents a kernel density
of our first measure of abnormal default which we calculate as the ratio of the actual ex post pool default rate
to a predicted default rate based on a default model calibrated using the full sample. Panel 2b presents our
second measure of abnormal default which we calculate as the ratio of the actual ex post pool default rate
to the default rate on a pool of loans that are matched, loan by loan, to the actual pool based on observable
characteristics.

(a) Default Model (b) Simulation
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Figure 3: Actual Pools and their Match

This figure presents kernel densities of the weighted average FICO scores and loan-to-value (LTV) ratios of
pools in the sample along with the kernel densities of matched pools to illustrate the comparability of the
two for these two observable primary drivers of credit risk.

54


