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Abstract

Because of their higher interest rates, subprime mortgages are subject to substantial prepay-

ment risk as borrowers who succeed in improving their creditworthiness systematically prepay

leaving those with higher credit risk in the mortgage pool. Lenders anticipated this problem

and attached substantial prepayment penalties to subprime mortgages. Some state govern-

ments responded with regulations that banned prepayment penalties. This created a natural

experiment in which the effects of prepayment penalties on the supply and performance of

endorsed mortgages can be evaluated. Ho and Pennington Cross (2008) have demonstrated

that these regulations reduced the supply of mortgage credit. In this paper, the effect of pre-

payment penalty restrictions on the performance of endorsed subprime mortgages is tested.

Theory predicts that the restrictions should raise prepayment and lower default. The empirical

results strongly confirm the first prediction while the effects on default have the correct sign

but lack significance.

JEL Classifications: C41, G18, G21

Keywords: Subprime, mortgages, regulation, prepayments, defaults

∗The author thanks Kenneth Brevoort, Amy Crews-Cutts, Peter Chinloy, Gregory Elliehausen, Pavel Khomski,
Frank Nothaft, Anthony Pennington-Cross, two anonymous reviewers, and especially Anthony Yezer, as well as the
seminar participants at Miami University, Moodys Economy.com, University of Cambridge, University of Illinois at
Urbana-Champaign, the American Real Estate and Urban Economics Associations mid-term meetings, the Third
European Conference on Financial Regulation and Supervision, and the FMA Annual Conference for helpful com-
ments. Special thanks to Anthony Pennington-Cross for sharing the source code used in Ho and Pennington-Cross
(2010). Responsibility for the content of the paper is the authors’ alone and does not necessarily reflect the views of
their institutions, or member countries of the World Bank.

1



Introduction

The Dodd–Frank Wall Street Reform and Consumer Protection Act (Dodd–Frank Act) signed

into law in 2010 in response to the financial crisis of 2007 – 2010 brought a significant change

in the U.S. mortgage lending industry. The act introduced a number of restrictions that affected

loan contract terms and provisions, previously widespread in the risky segments of mortgage lend-

ing market.1 Among the most significant provisions were the restraints on prepayment penalties.

Prepayment penalties inhibit a borrower ability to prepay the loan. Lenders and investors in the

mortgage market used this clause to manage the mortgage prepayment risk by charging fees when

the mortgage is paid out before the due date in exchange for a lower contract interest rate at origi-

nation. Prepayment penalty terms were more common for subprime than for prime loans, and the

refinance lock-outs were usually in effect for two to five years (Cutts and van Order, 2005). The

Dodd–Frank Act prohibited prepayment penalties for “not qualified” mortgages and significantly

restricted application of prepayment penalties to “qualified” loans. Qualified loans are defined by

the U.S. government agencies “taking into consideration underwriting and product features that

historical loan performance data indicate result in a lower risk of default” (section 941 of the

Dodd-Frank Wall Street Reform and Consumer Protection Act, emphasis mine).2

It is well known in the economic literature that regulations imposing limits on loan terms and

lending practices (including prepayment penalties) may limit the ability of borrowers and lenders

to make economically efficient lending decisions (Barth, Cordes, and Yezer, 1979, p. 101). Ho

and Pennington-Cross (2008) and Steinbuks and Elliehausen (2014) demonstrated that state-level

predatory lending regulations reduced the supply of mortgage credit. Mayer, Piskorski, and Tchistyi

(2013) showed that prepayment penalties can be welfare improving if borrowers seek to refinance

mortgages to achieve improvements in their creditworthiness. Whether the legal restrictions on pre-

payment penalties are effective in lowering risk of mortgage default remains an important question

to be answered.

Prepayments and defaults of subprime mortgages were recently analyzed in a number of studies,

of which notable contributions are by Danis and Pennington-Cross (2008), Ho and Pennington-Cross

(2010), Pennington-Cross (2010), Demyanyk and Van Hemert (2011), Ghent and Kudlyak (2011),

Eriksen, Kau and Keenan (2013), Mayer, Piskorski, and Tchistyi (2013), Agarwal et al. (2014),

and Xu (2014). Only two latter studies have explicitly incorporated credit market regulations.

However, some inferences can be drawn from their analysis of loan contract provisions, which may

be subject to regulation. The main findings of these studies are as follows. Quercia, Stegman, and

1For a comprehensive analysis of Mortgage Related Provisions of the Dodd-Frank Wall Street Reform and Con-
sumer Protection Act see Mortgage Bankers Association (2010).

2It is worth pointing out that executive restraints on prepayment penalties at federal level came out several years
before Dodd-Frank Act was signed into law. In July 2008 the U.S. FED Board of Governors amended Regulation Z
implementing Home Ownership and Equity Protection Act (HOEPA), banning prepayment penalties on higher-priced
loans.
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Davis (2005) found that loans with prepayment penalties and balloon payment requirements have

a significantly higher mortgage foreclosure risks, controlling for other risk factors, such as borrow-

ers’ credit history, loan characteristics and purpose, housing type, and state-level macroeconomic

fundamentals. Danis and Pennington-Cross (2008) found that subprime loans with prepayment

penalties and limited documentation are associated with higher likelihood of delinquencies and de-

faults.3 Gerardi, Lehnert, Sherlund, and Willen (2008) found that risky contract provisions result

in higher default risk but the risk becomes really high when housing prices decline. On the con-

trary, Mayer, Piskorski, and Tchistyi (2010, 2013) showed that less creditworthy borrowers are the

most likely to choose prepayment penalties, and default at a lower rate than comparable borrowers

with no prepayment penalties, and suggested that “regulations banning refinancing penalties might

have the unintended consequence of raising interest rates, increasing mortgage default, and limiting

available credit for the riskiest borrowers” (Mayer, Piskorski, and Tchistyi 2010, p.1). Eriksen,

Kau and Keenan (2013) found that subprime borrowers with a second loan were more considerably

more likely to default on their primary loan holding other attributes of the primary loan constant.

Finally, Agarwal et al. (2014) and Xu (2014) conducted case studies on the impact of antipredatory

lending measures on mortgage defaults in Chicago and Cleveland metropolitan areas. Both studies

concluded that such measures resulted in a considerable decline in mortgage defaults.

Reconciling the results and policy recommendations of these studies is difficult because of the

complex way, in which subprime loan terms and regulatory measures interact. For example, Rose

(2008) found that the effect of loan contract provisions, such as prepayment penalty, a balloon

payment, or low- or no-documentation on the probability of foreclosure depends significantly on (a)

the category of the loan under consideration, and (b) the presence or absence of the other two loan

features. The relationships among the loan features and foreclosures are thus much more complex

than previous analyses portray, limiting the ability of regulators and legislators to anticipate the

effects of regulation on the cost and availability of subprime credit (Rose 2008, p.28).

This study explicitly relates prepayment regulations to termination of subprime mortgages in a

comprehensive economic and econometric framework based on a representative loan-level database

for the entire United States. Specifically, it shows how state predatory lending legislation, which

has been a model for recent changes in federal regulation, affects prepayments and defaults in

the subprime market.4 Because of their higher interest rates, subprime mortgages are subject to

substantial prepayment risk as borrowers who succeed in improving their creditworthiness system-

atically prepay leaving those with higher credit risk in the mortgage pool. Lenders anticipated

this problem and attached substantial prepayment penalties to subprime mortgages. Some state

3Based on the same data but different estimation method Ho and Pennington-Cross (2010) also found that loans
with lower documentation have a higher probability of default.

4This study is concerned with the initial effects of subprime regulation rather than its final collapse. Sorting out
the relative effect of subprime regulation as opposed to other events causing the collapse of yield spread premiums,
the secondary market and substantial numbers of both subprime lenders and secondary market investors is beyond
the scope of this analysis.
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governments responded with regulations that banned prepayment penalties. This created a natural

experiment in which the effects of prepayment penalties on the supply and performance of endorsed

mortgages can be evaluated.

The theoretical model explains the effect of state predatory lending legislation by considering

restrictions on prepayment penalties, a common feature of many laws. The model is based on the

option-pricing structural approach to mortgage valuation, suggested by Kau, Keenan, Mueller, and

Epperson (1992, 1995). Optimal mortgage termination conditions resulting from the theoretical

model are then applied to specify two empirically testable hypotheses. First, it is shown that elim-

inating prepayment penalties from mortgage contract raises the value of prepayment option, and

makes prepayment even more likely when housing prices increase and interest rates decline. There-

fore, the predatory lending laws are expected to result in higher prepayment rates in the subprime

market. Second, eliminating prepayment penalties from the mortgage contract lowers the value of

the default option, and makes default less likely to occur when housing prices decline. Therefore,

the predatory lending laws are expected to result in lower default rates in the subprime market.

These hypotheses are tested by estimating competing risks models of mortgage termination

to predict probabilities of prepayment and default on 30-year fixed-rate subprime mortgage data.

The estimation procedure is based on a novel approach extending traditional the competing risks

proportional hazards approach (Deng, Quigley, and Van Order 2000), by penalized splines smooth-

ing that allows the covariate effects to vary functionally with time. These probabilities are then

compared between states subject to restrictions on prepayment penalties and unregulated states to

evaluate the extent to which predatory lending laws affected prepayment and default decisions.

The main finding of this study is that controlling for other factors, the estimated probability

of prepayment is found to be higher in the states that have introduced laws limiting prepayment

penalties. No definite conclusions can be drawn regarding the effect of state laws on subprime de-

faults. However there is some evidence that early defaults have decreased as the scope of regulation

expanded.

1 Theoretical Model of Prepayment and Default

The purpose of this theory section is to explore what can be said, a priori, from an option

pricing perspective, about the expected effects of eliminating prepayment penalties on mortgage

prepayments and defaults in the subprime market, where they play such an important role given the

attractiveness of refinancing to those whose credit history improves. Addressing financial aspects

of prepayment penalties, such as e.g. implications of restrictions of prepayment penalties for the

pricing of mortgages by lenders is beyond the scope of this paper. The model adapts the option-

pricing structural approach to U.S. mortgage valuation and closely follows the works of Kau et al.
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(1992, 1995).5 This approach is natural, because it allows for analyzing borrower’s decisions of

prepayment and default in a complex setting, which involves stochastic housing prices and the term

structure of interest rates.6

1.1 Model Setup

Based on economic and financial literatures (Cox, Ingersoll, and Ross 1985, Titman and Torous

1989) we assume the economic environment, characterized by two stochastic state variables: model

house price H(t), which follows a log-normal diffusion process and the interest rate, r(t), represented

by the mean-reverting square root diffusion process.7 Equations (1) and (2) describe these stochastic

processes:

dH = (α− s)Hdt+ σHHdXH , (1)

and

dr = γ (θ − r) dt+ σr
√
rdXr, (2)

where α is the expected rate of house appreciation, s is the house’s rate of rental or service flow,

σH is house-price volatility, XH is the stochastic component of house price, θ is the long-term value

for the interest rate, γ is the speed of adjustment in the mean reverting process, σr is interest-rate

volatility and Xr is a stochastic element of interest rate.8 Both stochastic elements XH and Xr

follow the standardized Wiener process, and are correlated according to

dXHdXr = ρdt, (3)

5Other studies, which analyze prepayment penalties based on option-pricing approach to mortgage valuation are
Fu, LaCour-Little, and Vandell (2003), and LaCour-Little (2007).

6An alternative modeling approach is to solve for mortgage default as household’s decision in dynamic stochastic
general equilibrium model (see e.g. Chambers, Garriga, and Schlagenhauf 2009, Chatterjee and Eyigungor 2009,
and Corbae and Quintin 2015). While this modelling approach is more rigorous, and incorporates more realistic
assumptions regarding household’s decisions to default (e.g. the discount factor of borrowers is not the same as the
short rate), it is also more complex, and less suited to guiding empirical specifications. As the dynamic optimization
approach yields similar predictions to the option-pricing approach under broad set of conditions (Dixit and Pindyck
1994) it should be seen as complementary to ours.

7To avoid computational difficulties with solving multi-dimensional partial differential equation with free bound-
aries this economic environment does not include stochastic realization of borrowers’ income, which affects their
abilities to repay or refinance the mortgage (Archer, Ling and McGill, 1996). As the effect of uncertainty in bor-
rowers’ income is quantitatively similar to that of uncertainty in housing prices (Mayer, Piskorski and Tchistyi 2010,
section 6.1), the key model predictions are unlikely to be significantly altered.

8The interest rate volatility σr in the subprime market is higher than corresponding volatility in the prime
market, σr,prime. This is because the stochastic component of the interest rate includes subprime borrowers’ id-
iosyncratic distribution of credit risk. Formally, Xr = Xr,prime + Xr,hist, where Xr,prime captures the change in
the macroeconomic fundamentals, which affect the prime interest rate and Xr,hist captures unexpected changes in a
subprime borrower’s credit history. Assuming that Xr,prime and Xr,hist are uncorrelated, the interest rate volatility

σr =
√
σ2
r,prime + σ2

r,hist > σr,prime.
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where ρ is the instantaneous correlation coefficient between the two Wiener processes. Following

Kau et al. (1995) we assume the Local Expectations Hypothesis (LEH)9:

E [dP (t, T )]

P (t, T )
= r(t), (4)

where P (t, T ) is the value of a pure discount bond at time t paying one dollar at time T. The

LEH essentially serves to prevent there being any risk premia in the term structure, and ensures

transition from physical measure to risk neutral measure of the interest rates. That is, under the

risk-neutral measure the term structure of interest rates and the physical return of housing price

can be represented by a single state variable. For a complete discussion of LEH, see Cox, Ingersoll,

and Ross (1981). Under this framework, with the stochastic processes specified by (1) and (2), it

can be shown based on standard arguments in finance (see, for instance Cox, Ingersoll and Ross,

1985; Titman and Torous 1989; Kau et al. 1992, 1995) that the partial differential equation (PDE)

for valuation of assets is solely a function of the house price and interest rate, and takes the form:

1

2
H2σ2

H

∂2X

∂H2
+ ρH

√
rσHσr

∂2X

∂H∂r
+

1

2
r2σ2

r

∂2X

∂r2
+ (5)

γ (θ − r) ∂X
∂r

+ (r − s)H∂X

∂H
+
∂X

∂t
− rX = 0,

where X is the value of the relevant asset. The solution of equation (5) must include the value

of the remaining payments to the lender, and the borrower’s option to terminate the contract prior

to maturity by either prepayment or default. These components of the mortgage - amortization

schedule, and the financial determination of both prepayment and default, interact in a complex

way, the value of one cannot be determined without consideration of the other.

The mortgage contract provisions are given as follows. For a fixed-rate mortgage the loan is

repaid by a series of equal monthly payments on predetermined, equally spaced dates. The mortgage

payment M and the unpaid principal after ith month U(i) are calculated as

M =

[
L ∗ (c/12) (1 + c/12)

n

(1 + c/12)n − 1

]
, and (6)

U(i) =

[
L ∗ (1 + c/12)

n − (1 + c/12)
i

(1 + c/12)n − 1

]
, (7)

where L is the loan amount, c is the fixed yearly contract rate, and n is the term of the loan

9 In the derivatives pricing community LEH is more commonly known as the expectation under risk-neutral

measure.
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in months. If the decision to prepay the mortgage is made, the borrower is liable to prepay the

lender an amount equal to the unpaid principal plus accrued interest between payment dates, and

the penalty for early termination of contract (prepayment penalty). This amount is calculated as

F (t) = (1 + ct+ ψ) ∗ U (i) , (8)

where t is the time that has elapsed between payment dates i and i+1, and ψ is the prepayment

penalty.

The value of the mortgage contract V (H, r, τ(i)) at period τ(i) = i/12, which is the calendar

time of the ith month, is modeled as the difference between the value of remaining future payments

promised to the lender A (r, τ(i)), and the value of the borrower’s options to prepay C (H, r, τ(i)) ,

eliminating debt early, and the option to default D (H, r, τ(i)), turning over the value of collateral

to the lender.10 Formally, the value of the mortgage is given as

V (H, r, τ(i)) = A (r, τ(i))− C (H, r, τ(i))−D (H, r, τ(i)) (9)

At each payment date between origination and termination of the mortgage, the borrower holds

a position

H (τ(i))− V (τ(i), i) ,where (10)

A (τ(i), i) = A (τ(i), i+ 1) +M, (11)

V (τ(i), i) = min [V τ(i+ 1) +M,H (τ (i))] , (12)

C (τ(i), i) =

{
C (τ(i), i+ 1) if V (τ(i), i) = V (τ(i), i+ 1) +M

0 if V (τ(i), i) = H (τ (i))
, and (13)

D (τ(i), i) =

{
D (τ(i), i+ 1) if V (τ(i), i) = V (τ(i), i+ 1) +M

A (τ(i), i)−H (τ (i)) if V (τ(i), i) = H (τ (i))
. (14)

Valuation of the stream of promised future payments A (r, τ(i)) is relatively straightforward,

and involves only the term structure of interest rates. Valuation of prepayment and default options

C (H, r, τ(i)) and D (H, r, τ(i)) is more difficult. Default occurs when the value of the house is less

than the sum of monthly payment plus the value of the mortgage immediately after the payment

is made. Default is a purely financially motivated, and is rational only when payments are imme-

diately due, because borrowers can extract utility from housing service flows before the payment is

10Some option-theoretic models of mortgage valuation also consider the values of mortgage insurance and co-
insurance. These assets are not considered here, because subprime loans are rarely insured.
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contractually required. Unlike default, prepayment may occur any time, because both interest rates

and housing prices are changing continuously. The prepayment option is “in the money” when the

market value of the mortgage is greater than the sum of unpaid principal, accrued interest between

payment dates, and prepayment penalty:

V (H, r, τ(i)) > F (t). (15)

If equation (15) holds true, prepayment is “in the money”, and it is financially optimal for the

borrower to prepay the debt. Note that it follows from equation (13) that the value of prepayment

option is zero when the value of the house is less than the sum of monthly payments plus the value

of the mortgage immediately after the payment is made. This happens because prepayment and

default options are mutually exclusive, e.g. if default occurs, prepayment cannot happen.

Finally, at the origination of contract it is assumed that neither the borrower nor the lender

would enter into an agreement unless both parties agreed and the mortgage terms were determined

based on current market conditions. That is the value of the contract at the time of origination

(including any up-front points charged) be the same to the lender as the value of the loan to the

borrower. Formally,

V (H (0) , r (0) , c) = (1− δ)L, (16)

where δL is the value of the up-front points.

The mortgage is treated as a compound option, where the payoff to an option expiring at

month’s end is a further set of options covering the next month. Because the current value of the

mortgage is affected by potential future states, the problem should be solved backward in time,

with the value of later options feeding into the earlier ones through the terminal conditions at the

end of each month, which are given by equations (11)-(14).11 This “full” problem does not have

analytical closed-form solution. The model solution method to value the mortgage in this paper is

based on the singular perturbation approach suggested by Sharp, Newton, and Duck (2008), and

described in Appendix 1.

We can use a state-space diagram to illustrate the effect of credit market regulations on termi-

nation of subprime mortgages. Specifically, it is assumed that credit market regulations take form

of restrictions on prepayment penalties, which is a common feature of the many state predatory

lending laws. Prepayment penalties are far more common in the subprime market than in the in

the prime market12. Because of risk-based pricing, subprime borrowers who improve their credit

11To solve the fundamental PDE (5) using recursive equations (11) - (14), one needs to know the equations
describing the borrower’s position at the time of maturity, and appropriate boundary conditions. These equation
can be found in Kau, Keenan, Mueller, and Epperson (1995), pp.10-11, Appendix A, and Appendix B.

12Subprime loans are more than three times as likely as prime loans to have prepayment penalty terms in their
mortgage contract, and the refinance lock-outs are usually in effect for two to five years. Prepayment penalties are
usually binding for borrowers that have them (Cutts and van Order 2005).
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score have the ability to refinance at a lower rate even if the yield curve remains constant. This

causes higher rates of prepayment for subprime mortgages. Subprime lenders recognize that the

best risks are most likely to refinance and the resulting adverse selection is a significant cost to

them. Prepayment penalties are thus a reaction to the high level of prepayment risk associated

with subprime mortgages.

Figure 1: State Space Dynamics of Unregulated and Regulated Mortgages on Monthly Payment
Date.

This theoretical model is capable of illustrating the effects of restrictions on prepayment penalties

on prepayment and default in subprime lending. Figure 1 does this by showing the dynamics

of unregulated and regulated mortgages at the time τ(n) after origination, when the mortgage

payment is due.13 The left-hand side of the Figure 1 describes the dynamics of a loan, not subject

13This is the most interesting case scenario, because it considers both prepayment and default options. At the time
of mortgage origination, default is not optimal, because the borrower can always wait until the mortgage payment
is due, and extract the flow of housing services. At the final payment date, prepayment never occurs, because the
mortgage is paid in full.
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to prepayment regulations. Depending on the value of the interest rates and house prices the loan

can be located in one of three regions. The shaded area, which encompasses high housing prices

and low interest rate, is the prepayment region. This region is bound above by the value of interest

rate at which A [r, τ(n− 1)] is equal to F [τ(n− 1)], because at higher interest rates prepayment

ceases to be of positive value. As interest rates fall below this critical value, prepayment is “in

the money” (Kau, Keenan, Mueller and Epperson 1995, p. 14), but it does not necessarily occur,

because of the opportunity cost of lost future prepayment or default. The prepayment region is

bounded to the left by the line H = F (t), where prepayment is as attractive as default (in financial

terms).

The dashed area, which comprises low housing prices and low interest rates is the default region.

This region must be to the left of the line H = F (t), because there immediate default can have

positive value. The interior boundary between the default region and the continuation region

(depicted by the white area) is negatively sloping, because higher interest rates lower the cost of

continuing the loan, and thus make default financially worthwhile only at low house values. The

default option is “in money” when the present value of future mortgage payments, A [r, τ(n− 1)] is

greater than the value of the house H. As with prepayment, being “in the money” is a necessary,

and not a sufficient condition for default to occur.

The right-hand side of the Figure 1 describes the dynamics of a loan, which is subject to

prepayment regulations. Specifically, it is assumed that prepayment penalties are prohibited in

the loan’s contract. The analysis of such prepayment regulation is complicated by the fact that

prepayment penalties enter the loan contract and affect the equilibrium rate at origination, which, in

turn determines the values of future mortgage payments, prepayment, and default (Dunn and Spatt

1985; Elliehausen, Staten, and Steinbuks 2008; Mayer, Piskorski, and Tchistyi 2013). In order to

facilitate exposition of the pure effect of banning prepayment penalties on borrowers’ behavior, we

assume that lenders respond to the regulation by offering a loan contract with prepayment penalty

ψ replaced by higher points δ at origination. The economic literature suggests that points and

prepayment penalties are close substitutes as they serve the same purpose of sorting out between

borrowers with different likelihoods of prepayment and default risks (Chari and Jagannathan 1989;

Brueckner 1994, LeRoy 1996; Bian and Yavas 2013; Steinbuks and Elliehausen 2014).14 Rising

interest rates alone cannot sort out this adverse selection problem and result in a market failure.

This assumption is tested in the empirical section below, and is supported by the data. While this

change affects the equilibrium number of originations as some borrowers will not accept the contract

(Steinbuks and Elliehausen 2014), the equilibrium contract rate at origination remains the same, and

14Chari and Jagannathan (1989) suggest that prepayment penalty and mortgage points are perfect substitutes.
Brueckner (1994) and Steinbuks and Elliehausen (2014) qualify the argument of Chari and Jagannathan (1989) by
pointing out the differential welfare effects of prepayment penalty versus mortgage points. Bian and Yavas (2013)
argue that low prepayment risk borrowers will prefer prepayment penalties over mortgage points if they are more
likely to default on the mortgage.
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the arbitrage condition (16) is satisfied. The empirical studies support this assumption by showing

that regulation of subprime results in a decline in subprime originations (Ho and Pennington-Cross

2006), while having at most modest increase in a cost of subprime credit (Ho and Pennington-Cross

2008).

The effect of restricting prepayment penalties (e.g. setting ψ = 0) thus raises the value of the

prepayment option and hence makes default more expensive because default destroys the value of

the option to prepay. In Figure 1 this effect is illustrated by the leftward shift in the H = F (t)

line (as indicated by the dashed arrow on the right-hand side of Figure 1), the upward shift in

the A [r, τ(n− 1)] = F [τ(n− 1)] line, and the expansion of the prepayment boundary (15). As

a result of the prepayment penalty restrictions, the penalty is more valuable, the prepayment

region expands. This makes prepayment more likely and contracts the default region so that the

probability of default declines. Figure 2 illustrates the simulated results of a change in the value

of the prepayment option at origination if a prepayment penalty of 1 percent is replaced by points,

and the arbitrage condition is satisfied.15

Figure 2: Simulated Effects of Prepayment Regulations on the Value of Prepayment Option.

Based on the theoretical results above we can formulate and subsequently test the following two

hypotheses about the effects of credit market regulations on termination of subprime mortgages.

First, eliminating prepayment penalties from mortgage contracts reduces the amount the borrower

is liable to pay the lender if the prepayment option is exercised, raising the value of prepayment

option, and making prepayment more likely at smaller increase in housing prices or decline in

interest rates. Therefore, the first hypothesis can be formulated as

Hypothesis 1: Predatory lending laws lead to higher prepayment rates in the subprime market.

15The model’s solution is based on the following values of economic environment and mortgage contract variables:
r(0) = 10%, H(0) = 100, 000, c(0) = 10%, θ = 10%, γ = 25%, s = 8.5%, σH = σr = ρ = 0, n = 60, ψ = 1%, and
δ = 1 point.
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Second, eliminating prepayment penalties from the mortgage contract reduces the value of

borrower’s total debt to be paid if decision to refinance is made. This, in turn, lowers the value

of default option, and makes default less attractive when housing prices decline. Therefore, the

second hypothesis can be formulated as

Hypothesis 2: Predatory lending laws lead to lower default rates in the subprime market.

2 Empirical Specification

There is an extensive literature providing empirical estimates of mortgage default and pre-

payment, which encompasses several approaches. The first approach applies the Cox proportional

hazards model with competing risks and group duration data (Deng, Quigley and Van Order, 2000).

The second approach relies on multinomial logit models with restructured event history (Clapp et

al. 2001, Clapp, Deng, and An 2006). The third approach uses reduced-form mortgage valuation

models to estimate default and prepayment processes (Kau, Keenan, and Smurov 2006).

This study takes the first approach to analyzing subprime prepayments and defaults with three

econometric models estimated. The first model is a competing risk model with frailties and pe-

nalized splines smoothing based on a novel approach proposed by Kauermann and Khomski (2006,

2009). This approach is based on the classical Cox model (Cox and Oakes 1984) to modeling and

estimating the hazard functions. The major advantage of this model (further referred in the text

as model 1), however, is that instead of assuming proportional hazards, it allows covariate effects

to vary functionally with time. The baseline hazard is estimated explicitly, thus allowing all effects,

including the baseline, to vary smoothly with time. A penalty is imposed on the spline coefficients

to achieve a smooth fit.

The model investigates multiple duration times of the form (tij , dij , xij) , j = 1, ..., ni for loan

i = 1, ..., n, where xij is a set of covariates, tij is the duration of the loan and dij is the event

marking termination of the loan. There are 2 competing risks (prepayment and default), so that

dij = (dPij , d
D
ij) is an indicator vector with {0, 1} elements and dPij + dDij ≤ 1. If dPij = 0 and dDij = 0

the observation is treated as censored.

The hazard function has the additive structure:

λi (tij , dij , xij) = λP (tij , xij)wiP + λD(tij , xij)wiD (17)

where λl(·) is the hazard due to event of type l with l ={P,D}, and wil are (positive) frailty effects

drawn from a multivariate distribution built from a mixture of independent gamma distribution

components and having mean value one for identifiable reasons. The likelihood function for this

problem is
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L =

n∏
i=1

ni∏
j=1

2∏
l=1

{λl (tij , xij)wil}dijl exp

−
tijˆ

0

λl (u, xij) du · wil


 (18)

where the term under the exponent is a conditional survival function. The hazard components

λl(t, x) are modeled as

λl (tij , xij) = exp {αlo (t) + x1αl1p (t) + ...+ xpαlp (t)} (19)

where x = (x1, ..., xp)is a set of covariates, αlr (t) are time dynamic covariate effects, r = 1, . .

. , p, and αlo (t) provides the baseline for the l-th risk. Both αlr (t) and αlo (t) are approximated

by penalized splines:

αlr,lo (t) = γl0 + γl1t+ Γ(t)′glr, (20)

where coefficients γl0 and γl1 capture, respectively, intercept and slope of time varying hazard,

Γ(t) is a high dimensional spline basis and glr is the vector of penalized coefficients needed to

achieve a smoothed fit. The likelihood function (18) is maximized via penalized likelihood method

employing an EM algorithm. The size of the frailty effects in the model is determined by the penalty

parameter, estimated by the grid search based on the Akaike information criterion. For more details

about model estimation the reader is referred to Kauermann and Khomski (2006, 2009).

Two other models impose restrictions of the Kauermann and Khomski (2006) competing risk

model, and are more frequently used in applied mortgage termination research. One restriction

assumes that baseline hazard components and frailty effects are additively separable, and the co-

variate effects are proportional to the baseline hazard. This introduces a proportional hazard model

formulation (PHM) that allows correlated competing risks, and accounts for the unobserved hetero-

geneity. Though this restriction greatly reduces flexibility of the model it allows for computing the

standard errors and evaluating statistical significance of the estimated coefficients.16 The model

(further referred in the text as model 2) then becomes Deng, Quigley and Van Order’s (2000)

econometric framework of mortgage termination by prepayment and default. The baseline hazard

λl(t, x) components are modeled as

λl (tij , xij)wil = exp {αl (t) + βlixi (t) + wil} (21)

and the baseline αl (t)is parameterized as a quadratic function of the loan age:

αl (t) = αl0t+ αl1t
2 (22)

16In model 1 covariates are the functions of time, therefore standard errors in a scalar form do not exist. The
average standard errors can be computed from the point-wise confidence intervals.
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The likelihood function (18) is then maximized using the HHSM approach (Deng, Quigley and

van Order 2000, pp. 281-283) for the proportional hazard model with grouped duration data.

Another restriction assumes either independent competing risks or the absence of significant

unobserved heterogeneity. Then, for any joint survival function with arbitrary dependence between

the competing risks, one can find a different survival function with independent survival times that

has exactly the same cause-specific hazards (Tsiatis, 1975). This implies that, the data would not be

able to distinguish a model with dependent competing risks from one with independent competing

risks. Therefore, the model can be consistently estimated by fitting each of the competing risks

separately, treating other risks as censored observations (Kalbfleisch and Prentice, 1980). Thus, this

restriction brings significant computational gains. Retaining a critical proportionality assumption

in the absence of ties the partial likelihood function (18) becomes

L =

n∏
i=1

2∏
l=1

 expβlixi (t)∑
j∈R(ti)

expβlixi (t)


dijl

(23)

The model (further referred in the text as model 3) defined by the equation (18) is consistently

estimated for the grouped survival data. The model yields biased and inconsistent estimates in

presence of unobserved heterogeneity or correlated risks. This model is estimated by maximum

likelihood according to the method of Fine and Gray (1999).

Table 1 summarizes main distinctive features of estimated models.

Table 1: Properties of Estimated Models

Model Baseline Hazard Unobserved Estimation

Hazard Approximation Heterogeneity Difficulty

1 Time Varying Penalized Splines Yes High
2 Proportional Quadratic Polynomial Yes Medium
3 Proportional Nonparametric No Low

3 Data

The data for this study are from the Financial Service Research Program’s (FSRP)17 subprime

mortgage database, which the Federal Reserve estimated to account for nearly a quarter of origi-

nations of higher priced home purchase and refinance mortgages on owner-occupied homes in 2004

(Avery, Canner, and Cook 2005). A detailed description of the database can be found in Elliehausen

and Staten (2001). This study uses a subset of the database, which contains loan-level data for all

17Financial Services Research Program was formerly named Credit Research Center. The center changed its name
when it moved to George Washington University in August 2006.
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originations of subprime subsidiaries of eight large American Financial Services Association member

institutions18 between first quarter of 2001 and third quarter of 2003.19

A unique feature of the database for analyzing delinquencies is that it is the only panel dataset

that provides information on the annual percentage rate and the amount of points and fees for

each loan - the information that the state laws use to define high-cost loans covered by the laws.

The dataset also includes information on loan status (prepaid, paid, delinquent, or foreclosed), the

status of delinquency (30 or more days due, 60 or more days due, etc.), and various consumer and

loan characteristics.

The data are right-censored because not all loans in the sample terminated as of third quarter,

2003. To minimize the left-censoring problem, the data were split into four cohorts. Each of the

cohorts comprises loans falling into a six month window since origination of the first loan in cohort.

Thus, the loans in the first cohort originated in the period from January, 2001 to June, 2001, the

loans in the second cohort originated in the period from July, 2001 to December, 2001, and so on.

Analysis of cohorts endorsed in a narrow time period also reduces unobserved heterogeneity that

enters as the time over which the loans were endorsed (e.g. changes in underwriting criteria based

on prepayment and default experience).

Previous studies (Coulibaly and Li 2007, Rose 2008, Elliehausen and Hwang 2010) demonstrated

that characteristics of subprime borrowers differ significantly across loan types, and the effects of

regulation differ across various segments of subprime market. The analysis in this study is limited

to fixed-rate subprime mortgages. While the effect of regulations on termination of adjustable-rate

mortgages is important, it is beyond the scope of this paper. To avoid heterogeneities associated

with term structure, the analysis in this study is limited to the loans with 30-year term to maturity.

These loans account for about 30 percent of originations in FSRP database.

Following Wallace (2007), this study considers a loan to be a default termination if it is reported

foreclosed, in “Real Estate Owned (REO)” property, or deed-in-lieu regardless whether it was paid

in full or not. The loan is not considered a default if foreclosure proceedings are initiated but not

completed, because it can still be refinanced out of foreclosure.20 A loan is considered prepaid if it

is reported paid-in-full prior to original due date, and not foreclosed or deed-in-lieu. Tabulations of

loans by their status are reported in Table A.1 (online appendix). Table A.1 shows that the share

18At the time that various states were enacting state predatory lending laws, the OTS and the OCC (the national
regulators for a majority of the national banks) asserted federal preemption – declaring that their regulated insti-
tutions were immune from state and local lending laws (McLean and Nocera, 2010). All of these lenders covered in
this study were not federally chartered, and therefore fell under the scope of state laws.

19The third quarter of 2003 is the last period for which reliable data on loan-level prepayments and defaults was
available. This part of the FSRP dataset was not updated since then. Notwithstanding this limitation, the dataset
set is a valuable source of information. This is because subprime mortgages terminate very fast (see the results
section below). Also, the quality of subprime originations deteriorated drastically as of mid-2004 (Gerardi, Lehnert,
Sherlund, and Willen, 2008), which complicates the analysis incorporating later time periods.

20Cutts and Merrill (2008) demonstrate that non-trivial percentage of mortgage delinquencies eventually become
current again.
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Table 2: Variable Definitions

Variable Description Time
Name Varying?

status Status (active, prepaid, default) Yes
call Value of call option (refinance “in the money”) Yes
put Value of put option (probability that homeowner’s equity is negative) Yes
fico Fair Isaac credit score at origination No
ownocc1 Owner occupied property (1=yes) No
prepen1 Loan with prepayment penalty (1=yes) No
prepen call prepen1 x call Yes
prepen put prepen1 x put Yes
broker Broker originated loan (1=yes) No
pti Borrower’s payment to income ratio Yes
urate Current unemployment rate (by county) Yes
unins Current share of uninsured population (by county) Yes
p1 Loan purpose: home purchase (1=yes) No
p3 Loan purpose: cashout refinance, debt consolidation (1=yes) No
p4 Loan purpose: cashout refinance, other purposes (1=yes) No
p5 Loan purpose: refinance, no cashout (1=yes) No
regloan Loan originated in “regulated state” (1=yes) No
hc High cost loan (1=yes) No
baseline Estimated baseline hazard (models 1 and 2) Yes
baselinesq Estimated quadratic baseline hazard (model 2) Yes

of defaults within cohorts is between 1.18 and 5.88 percent. The estimated rate of default is highest

in the second cohort (5.88%), which is consistent with the poor performance of the U.S. economy

in 2001-2002.

To estimate the monthly default and prepay probabilities specified in equations (18) and (21),

this study considers various mortgage and market characteristics as covariates. The variables are

described in Table 2. Table A.2 (online appendix) provides key summary statistics for the estimation

cohorts.

Following Ho and Pennington-Cross (2010) the call option is calculated as the percentage re-

duction in the present value of future payments for the refinanced mortgage (PVjr) relative to that

for the current mortgage (PVjc):

CALL =
PVjc − PVjr

PVjc
, (24)

where PVjc =
∑TM

m=0

(
ij ×O ×

(1 + ij)
TM

(1 + ij)
TM − 1

)
/(1 + dj)

m
(25)

and PVjr =
∑TM

m=0

(
rj × U ×

(1 + rj)
TM

(1 + rj)
TM − 1

)
/(1 + dj)

m
(26)
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In equations (25) and (26), O is the original balance, U is the unpaid balance on the loan, TM

is the remaining term on the mortgage, and ij is the contract interest rate, dj is the discount rate

based on the 10-year Treasury bill rate, and rj is the market rate as defined by the Freddie Mac

PMMS for that month, adjusted up by the fraction that the borrower’s contract rate was above

the prime rate at origination to reflect credit impairment.21 Thus one can anticipate prepayment

probability for fixed-rate loans to increase when the value of the prepayment option is large.22

A borrower may also put a mortgage when outstanding credit is greater than the value of the

property after accounting for costs such as transaction fees. These are often referred to as “ruthless”

defaults. Following common approach in applied mortgage literature (see e.g. Quigley, Deng, and

Van Order, 2000) this study calculates the put option as a probability that homeowner’s equity is

negative:23

PUT = Φ

(
logPVjc − logMjc√

ω2

)
(27)

In equation (27) PVjc is the present value of future payments for the current mortgage, Mjc is

property value at origination indexed by regional property price changes (measured by the Federal

Housing Finance Agency (FHFA) metropolitan area house price index), and
√
ω2is the standard

error of the FHFA house price index.

Based on the previous empirical literature the estimates include other factors that have been

found to affect prepayments and defaults.24 Borrower characteristics include the payment to income

ratio and the Fair Isaac score (FICO). The FICO score predicts the likelihood of serious delinquency,

bankruptcy, or other serious credit effect occurring in the first two years. Therefore, borrowers with

higher credit scores are expected to default less often. Evidence from prime market data suggests

that poor credit history (Bennett, Peach and Peristiani, 2001) and high payment-to-income ratio

(Archer, Ling and McGill, 1996) significantly reduces the probability of refinancing. Similarly, a

borrower whose income or financial position deteriorates may be unable to refinance due to payment-

to-income or credit quality constraints. The inclusion of these borrowers’ characteristics helps

21As we do not observe the duration and the size of prepayment penalties for most of the loans in the sample
we cannot not include them in equation (24). Instead, as explained below, we include a dummy variable indicating
whether a loan is subject to a prepayment penalty. The value of the call option as defined by equation (24) thus
differs from the value of prepayment option in theoretical section as defined by equations (13) and (15).

22The period from Q1 2001 to Q3 2003 covered in the dataset was characterized by appreciating home prices
and the declining mortgage rates, making prepayment option more attractive and the default option less attractive
to the borrowers. In further research it would be interesting to test whether the effect of regulation on mortgage
prepayments and defaults was quantitatively different if housing fundamentals were reversed.

23We also attempted to measure put option using current loan-to-value ratio, which was highly correlated with
results obtained using formula (27). The estimated coefficients on current loan-to-value ratio were similar to those
obtained using put option calculated using formula (27).

24Because of numerical complexity associated with estimating competing risk models with unobserved heterogene-
ity, several variables previously found to be important in explaining prepayments and defaults (e.g. state tax policy
and foreclosure laws) were dropped from the final specification. The results based on models 2 and 3 indicate that
exclusion of these variables does not affect the results of this study.
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accounting for endogeneity from borrowers’ selection, as the riskiness of potential borrowers changes

depending on whether or not prepayment penalties are allowed (Dunn and Spatt 1985; Elliehausen,

Staten and Steinbuks 2008; Mayer, Piskorski and Tchistyi 2013). Of course, we cannot account

for all differences across borrowers, e.g., unobservable ability to repay the mortgage, risk and time

preference, and financial literacy, all of which affect prepayment and default probabilities. These

differences are accounted through unobserved heterogeneity terms entering empirical specifications

(17) and (21).

Loan characteristics include the dummy variables for loan purpose, prepayment penalty25, and

whether the home collateralizing the loan is owner-occupied. The costs of exercising the put option

are higher for owner occupied loans, therefore loans made to investors as opposed to owner occupants

are more likely to end in a default. By their definition prepayment penalties are intended to delay

prepayment, thus one should expect lower prepayment rates for these types of loans. As discussed

in the introduction section of this paper, there is a mixed empirical evidence about the effect of

prepayment penalties on defaults of subprime mortgages. As shown in the theory section of of

this paper, prepayment penalties do become binding with greater values of the call option (for

prepayment) and put option (for default). To test these hypotheses the empirical specification adds

interaction terms between prepayment penalty dummy variable and calculated values of call and

put options.

Table 3: Trade-off between Points and Prepayment Penalties

Average Points Charged Cohort 1 Cohort 2 Cohort 3 Cohort 4

Loans without Prepayment Penalties 4.1% 4.5% 4.1% 3.3%
Loans with Prepayment Penalties 1.9% 1.9% 1.8% 1.4%
Difference between Contracts 2.3% 2.6% 2.4% 1.9%

The information on the amount of points and fees for each loan is used to test the assumption in

the theoretical model that points and prepayment penalties are the substitutes. Table 3 shows that

on average the loans with prepayment penalties pay 2 to 2.5 percent less in points and fees. Table

A.14 (online appendix) presents the results of a regression of points and fees on the dummy variable

for loans with prepayment penalty, the dummy variable for states regulating prepayment penalties,

the interaction of these two terms, and the time fixed effects. Consistent with the results from Table

3, the estimated coefficient for prepayment penalty dummy variable is negative and significant. The

25Unfortunately, we do not observe the duration and the size of prepayment penalty for most of the loans in the
sample. We consider it a binding (though not prohibitive) constraint on the borrower’s refinancing. Center for
Responsible Lending (2004) estimates one common penalty to be in effect for the first five years of the loan and cost
six months’ interest on the loan (roughly 4-5% of the original loan amount). This is a large period given very rapid
prepayment rate in the subprime market.
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estimated coefficient for the dummy variable for states regulating prepayment penalties is positive

and significant, indicating that points were higher on otherwise similar loans in the states regulating

prepayment penalties.26 The estimated coefficient for the interaction of the two terms is negative

and significant, but about four times lower than the coefficient for the prepayment penalty dummy

variable. This result indicates that lenders still charged fewer points and fees on the loans with

prepayment penalties in regulated states, but the trade-off was considerably smaller because of the

restrictions on prepayment penalties. These findings support the assumption from the theoretical

model that in response to regulation, lenders will substitute prepayment penalties for higher points

and fees.

Distribution channel is captured by the broker origination dummy variable. The effect of this

variable on prepayments and defaults is unclear. On one hand, mortgage brokers reduce informa-

tional costs and the interest rate gains from broker originated loans diminish the value of the call

option, which deters prepayments. Lower interest rates also make it easier to make regular mort-

gage payments and may decrease defaults. On the other hand, agency issues involving different

incentives of mortgage brokers, lenders and borrowers may cause broker-originated loans to prepay

and default faster (LaCour-Little and Chun 1999, Alexander, Grimshaw, McQueen and Slade 2002).

Characteristics of the area housing and labor market are measured by the regional unemployment

rates and regional shares of population without health insurance. Both variables are the proxies

for trigger events and macroeconomic conditions27, which were found to increase defaults (Deng,

Quigley and Van Order, 1996) and depress prepayments (Caplin, Freeman and Tracy 1997).

The most challenging task is to measure the prepayment regulations. In sample period between

2001 and 2002 a number of states have passed predatory lending legislation regulating prepayment

penalties. At the time of origination of the first cohort, only two states (North Carolina and

Massachusetts) have passed predatory lending legislation. The number of regulated states then

expanded to include Connecticut (the second cohort), Ohio and Pennsylvania (the third cohort),

and California, Florida, Georgia and Maryland (the fourth cohort). Table A.2 (online appendix)

shows that share of loans covered by state predatory lending laws increased dramatically from 3

percent in the beginning in of 2001 to 30 percent in the end of 2002. These predatory lending

laws differed significantly in terms of their scope and restrictiveness (Ho and Pennington-Cross

2006).28 Unfortunately, because of relatively small share of regulated states in earlier cohorts we

cannot differentiate in the scope and the restrictiveness of prepayment provisions of state predatory

26This coefficient can in fact be even stronger because some predatory lending laws also restrict high points and
closing costs.

27These variables are not linked to financial value of the options, and would not make sense in the frictionless
mortgage market. The question on whether the mortgage market is frictionless and the transaction costs to default
are non-trivial remains unresolved. Therefore, “many researchers estimate modified option models, which predict
that exercise is a function of both “trigger events” like default or divorce, and also the extent to which the option is
in the money.” (Deng, Quigley, and van Order 2000).

28Among the states considered in this paper, North Carolina, Massachusetts, California, and Georgia have passed
relatively more restrictive laws.
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lending laws. The effect of prepayment regulations is captured by a dummy variable indicating

whether the state in which loan was originated has adopted predatory lending legislation. Though

restricting heterogeneity in state regulations does not affect consistency of econometric estimates,

the results of the regression analysis are not efficient, and standard errors may be elevated.

Another important concern is that some high-cost non-home-purchase loans in the sample were

subject to federal regulations on prepayment penalties (Regulation Z implementing HOEPA, 12

CFR Part 226, 1995). These regulations permitted penalties only for the first five years following

loan origination, and prohibited prepayment penalties for non cash-out refinancing with the same

creditor and for highly indebted consumers (i.e., whose total monthly debts exceed 50 percent of

their monthly gross income). If these restrictions were binding state predatory lending laws would

be irrelevant. We believe that these federal regulations affected only a very small share of loans in

the sample. First, almost all prepayment penalties in the sample for which the data was available

were for three years or less following loan origination. Second, only a small share of the borrowers

in the sample had their monthly debts exceed 50 percent of their monthly gross income (Table A.2,

online appendix). Finally, although we do not observe the lenders for non-cash out refinances, most

of those were into lower cost (prime) mortgages (Courchane, Surette and Zorn 2004, Cutts and Van

Order 2005).

As most predatory lending laws imposed special requirements on loans defined as high-cost

loans, we include a dummy variable for loans meeting the high-cost thresholds. High-cost loans

originated in states, which did not pass predatory lending legislation are defined according to

HOEPA provisions.

4 Empirical Results

4.1 Effects of Financial Environment and Borrowers’ Characteristics

Tables A.3 - A.9 and Figures A.5 - A.8 (online appendix) report estimated coefficients and

dynamic covariate effects for prepayment and default equations for models 1 - 3 across all four

cohorts. Estimates of model 1 suggest that the value of the call option is a better predictor for

relatively late prepayments, and the value of the put option has a strong positive effect on earlier

defaults, which decreases with loan duration. Estimated coefficients for the call option in the

prepayment equation are positive and significant in models 2 and 3, whereas estimated coefficients

for the put option in the prepayment equation are negative and significant. Estimated coefficients

for the call option in the default equation are negative and significant in models 2 and 3, whereas

estimated coefficients for the put option in the default equation tend to be positive and significant

in model 3, and are not statistically significant in model 2 specifications. These results are broadly
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consistent with the predictions of options theory.

The results for other control variables are generally consistent with the results from previous

studies. Estimated coefficients for FICO score are positive and significant in prepayment equation

and negative and significant in the default equation across almost all cohorts in models 2 and 3.

The results from the model 1 show that the effect of past credit history on defaults decreases as

loan’s duration increases.

Estimated coefficients for the borrower’s payment-to-income ratio are varying in terms of sign

across models and cohorts. Model 1 suggests rapid increase in prepayments for borrowers with high

payment to income ratio in first three cohorts. Estimated coefficients in the prepayment equation

also tend to be positive and significant across cohorts in models 2 and 3. This evidence contradicts

findings from prime market data, discussed in the previous section, and illustrates an important

difference between prime and subprime markets. In the prime market, an income shock impedes

refinancing because it makes more difficult for a borrower to qualify for a lower interest rate. On

the subprime market the burden of most expensive loans is usually too large to be sustainable,

so subprime borrowers with high payment to income ratios would choose to refinance should their

credit history improve, and default otherwise. As expected, model 1 suggests that high payment to

income ratio is a strong predictor of default. Estimated coefficients on payment to income ratio in

default equation also tend to be positive and significant in models 2 and 3.

Consistent with earlier studies, owner-occupied loans and home-purchased loans are associated

with negative and significant coefficients in the default equation across all models and cohorts.

Model 1 suggests this impact becomes less pronounced as duration of the loan increases. The

coefficients in the prepayment equation for owner occupied loans also tend to be negative. The

coefficients for home-purchased loans in prepayment equation tend to be positive and significant in

models 2 and 3. The probability of prepayment is lower for cash-out refinanced loans, especially

those taken for debt consolidation.

Loans subject to prepayment penalties are associated with negative coefficient in prepayment

and default equations in model 1. Model 1 also suggests that loans subject to prepayment penalties

are less likely to prepay and more likely to default as duration of the loan increases. The estimated

coefficients on prepayment penalty dummy tend to be positive and significant in prepayment equa-

tion and negative and significant in default equation in models 2 and 3. These results could also

reflect the selection at origination bias, as part of the borrowers with prepayment penalties repre-

sent different segment of the subprime market and have lower loan-to-value and payment to income

ratios. Estimated coefficients for interaction term between prepayment penalty and the value of the

call option are negative and significant in prepayment equation and tend to be positive and signif-

icant in default equation in models 2 and 3. This results confirm the prediction of the theoretical

model that prepayment penalties are more binding when the prepayment option is “in the money”.

Estimated coefficients for interaction term between prepayment penalty and the value of the put
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option are positive and significant in prepayment equation and tend to be positive (but not always

statistically significant) in default equation. These results could indicate that prepayment penalties

were smaller, in financial value, than the benefits of the refinance out of default in a rapidly growing

housing market, i.e. the value of the penalty was less than the equity value of the interest rate

premium on the original loan.

Broker originated loans are associated with negative and significant coefficients in both pre-

payment and default equations in models 2 and 3. This result may indicate that informational

efficiency gains from mortgage brokers outweigh agency costs associated with different incentives

of mortgage brokers, lenders, and borrowers.29

Consistently with earlier findings on the effect of trigger events on prepayments and defaults,

higher regional shares of uninsured population are associated with positive and significant coeffi-

cients in default equations and negative and significant coefficient in prepayment equations across

most cohorts in models 2 and 3. Model 1 suggests that default and prepayment risks due to a large

fraction of uninsured population decrease over time. Estimated coefficients for regional unemploy-

ment rates in both prepayment and default equations vary across cohorts in both models 2 and

3, whereas model 1 indicates complex and non-linear patterns in prepayment and default hazards

associated with regional unemployment rates.

4.2 Effects of Prepayment Restrictions

The results largely meet expectations in terms of statistical significance and coefficient signs.

Figures A.1 - A.4 (online appendix) describe the results of non-parametric Kaplan-Meier analysis.

Specifically, for each cohort the Kaplan-Meier survival function, and the cumulative default and

prepay functions are reported. Each figure compares duration of regulated loans and unregulated

loans per cohort. Figures show that subprime loans terminate fast - in first thirty months about

50 percent of the loans are terminated, and in first twenty months about 30 percent of all loans

are terminated. Subprime mortgages within the fourth cohort terminate at the fastest rate - about

40 percent in first 15 months.30 The absolute majority of mortgage terminations are prepayments.

These results are consistent with the findings of the Ho and Pennington-Cross (2010) study on

termination of subprime mortgages. High rate of prepayment is also consistent with the interest

rate dynamics in the neighborhood of the origination cohorts. According to Freddie Mac’s Primary

Mortgage Market Survey, the mortgage interest rates reached a 10 year low in 2003, so high val-

ues of the call option gave subprime borrowers strong incentives to refinance.31 Figures A.1 - A.4

also show that, across all cohorts, prepayment rates are higher for regulated loans (e.g. high-cost

29Evidence from FSRP subprime database indicates that broker originated loans are associated with lower loan
prices (measured by APR adjusted for brokerage fees).

30Because Kaplan-Meier survival functions are non-parametric, one cannot say whether the differences in termi-
nation rates across cohorts are statistically significant.

31Subprime borrowers with very poor credit histories might not qualify for refinance at lower interest rates.
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loans originated in the regulated states). This result is consistent with options theory - regulation

increases the value of call option, and increases the likelihood of subprime refinancing. As regards

defaults, figures suggest that the early foreclosures are higher and late foreclosures are lower for reg-

ulated loans, which might indicate persistence in implementation of some provisions (e.g. disclosure

requirements) of state predatory lending laws. Finally, Figures A.1 - A.4 show that default rates

increase rapidly around the tenth month after origination, indicating presence of administrative

and time costs associated with loans going into foreclosure.

Figures A.5 - A.8 (online appendix) shows the estimated dynamic covariate effects for model 1

(e.g. αlr (t) , equation 19) across cohorts for the dummy variable indicating whether the state in

which loan was originated passed predatory lending legislation. These figures show that, in cohorts

1 and 3 regulation increases the prepayment rate, and its effect becomes stronger with the duration

of the loan. On the contrary, in cohorts 2 and 4 the prepayments are initially lower in regulated

states, and increase non-linearly with the duration of the loan. Figures A.5 - A.8 also show that,

in cohorts 1 and 2, regulation results in an increase in early defaults, which decline relative to

unregulated states with the duration of the loan. This pattern is reversed in cohorts 3 and 4.

These results indicate that early defaults, which are more likely associated with fraudulent loans,32

decrease as regulation coverage increases. These findings are consistent with the results of the

study of Ho and Pennington-Cross (2010), which indicate that the volume of subprime originations

from riskiest segments of subprime market declined in the states that passed restrictive predatory

lending laws.

Table 4: Standardized Elasticities for Change in State Laws

Model Prepayments Defaults

Cohorts Cohorts
1 2 3 4 1 2 3 4

1 (starting period) 21% -19% 36% -7% 93% 44% -85% -155%
1 (end period) 61% 3% 75% 43% -180% -137% 66% 84%
2 60% 55% 39% 11% 18% -10% 9% -16%
3 60% 58% 39% 20% -24% -49% 4% -4%

Note. For model definitions and distinctive features see Table 1.
Elasticities are calculated as changes in predicted probabilities in response
to a one-standard-deviation (0-to-1) change in the continuous (dummy) variables.
All other variables are evaluated at means. Numbers in bold show estimated
elasticities found to be statistically significant (at 5% level).

32According to the research done by BasePoint Analytics (2008), as much as 70 percent of recent early payment
defaults had fraudulent misrepresentations on their original loan applications.
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Table 4 shows estimated conditional elasticities for the dummy variable indicating whether

the state in which loan was originated adopted predatory lending legislation.33 In model 1 these

elasticities vary across time, therefore only estimates for starting and end periods are presented.

For models 2 and 3 these elasticities correspond to average relative marginal effects of prepayment

regulations. The results for all models indicate that state regulations are associated with higher

prepayment rates. Controlling for other factors, the conditional probability of prepayment increased

in the range of 10 to 60 percent in the states that passed predatory lending legislation. Model 1

demonstrates that the conditional probability of prepayment increased in the states that passed

predatory lending legislation by about forty percent between starting and end periods. The results

for the effect of prepayment regulations on default rates are less clear. Models 2 and 3 show that

the conditional probability of default in regulated states declined in cohorts 2 and 4, and increased

in cohort 3. Estimated elasticities are not statistically significant in any of cohorts. Model 1

partially explains these differences by showing a significant variation in the size and the magnitude

of regulation effects on early and late defaults. Another explanation for these results is that the

default behavior of the subprime loan borrowers is more difficult to capture as it is driven not only

by the general economic conjuncture, but also by unobservable individual borrower’s characteristics.

As shown below borrowers’ unobserved heterogeneity is significant, and cannot be disregarded.

The results of models 2 and 3 (Tables A.6 - A.9) indicate that high-cost loans prepay at a lower

rate, while no definite conclusions can be made on defaults. This result is in line with previous

findings that prepayments of low cost loans were more sensitive to interest rate reductions between

2001 and 2003 (Cutts and Van Order 2005, pp. 173-174). The results of model 1 (Figures A.5 -

A.8) show that the probability of high-cost loan prepayments and defaults diminishes over time,

demonstrating the effect of tightened regulation of the high-cost segment of subprime market.

4.3 Effects of Unobserved Heterogeneity (Frailty)

The effects of unobserved heterogeneity (frailty) in models 1 and 2 are reported in the tables

A.5, A.8, and A.9 (online appendix). Table A.5 shows estimated penalty parameters for model

1. Lower values of estimated penalty parameter indicate higher frailty effects. Frailty effects are

found to be large for the borrower’s call option (for both prepayment and default equations); put

option, non cash-out refinanced loans, and payment to income ratio (prepayment equation only);

and owner-occupied loans, cash-out refinanced loans, and the baseline hazard (selected cohorts).

Tables A.8 and A.9 show the estimated coefficients for the unobserved heterogeneity parameters

presented in model 2. Estimated parameters for unobserved heterogeneity in both prepayment and

default equations are large and statistically significant across all cohorts in the prepayment equation,

33Estimated elasticities for other explanatory variables are shown in Tables A.10 - A.13 (online appendix).
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and across most cohorts in the default equation. These results infer that unobserved heterogeneity

cannot be disregarded, and the results from model 3 should be interpreted with greater caution,

especially for the parameters with large frailty effects.

5 Conclusions

This study analyzes the effects of prepayment regulations on termination of subprime mortgages.

It formulates two hypotheses based on the theoretical option-pricing model of mortgage valuation.

The first hypothesis proposes that state predatory lending laws would result in increase of prepay-

ments in the subprime market. The second hypothesis suggests that state predatory lending laws

would result in decrease of defaults in the subprime market.

These hypotheses are tested employing competing risks models of mortgage termination to es-

timate probabilities of prepayment and default using 30-year fixed-rate subprime mortgage data.

The results from estimated empirical models are generally consistent with the predictions of op-

tions theory and the findings from previous studies. Controlling for other factors, the estimated

probabilities of prepayment are found to be higher in the states that have introduced predatory

lending laws. Though no definite conclusions could be drawn regarding the effect of state laws on

subprime defaults, there is some evidence that early defaults decreased as the extent of regulatory

scope expanded.

These results indicate that restrictions on prepayment penalties lowered early default rates and

raised prepayment rates because they affected the structure of the mortgage contract optimal to

lenders and borrowers. This resulted in an increase of the value of borrower’s prepayment option

and decline in the value of borrower’s default option, making prepayments more likely, and defaults

less likely to happen.
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Online Appendix

Model Solution Based on Singular Perturbation Approach

The key assumption for the application of singular perturbation approach approach is that

housing price and interest rate volatilities σH and σr are small numerically34, as they multiply

higher order derivatives in equation (5). Thus, setting these parameters to zero will not result in a

significant bias in solution to equation (5)35, which becomes

γ (θ − r) ∂X
∂r

+ (r − s)H∂X

∂H
+
∂X

∂t
− rX = 0. (A.1)

Equation (A.1) is first-order, three dimensional PDE, which has closed-form solution, given by

X (H, r, τm (i)) = X0(i) (H0, r0) exp

(
1

γ
(θ − r)

(
1− e−γτm(i)

)
− θτm(i)

)
,where (A.2)

X (H, r, τm (i) = 0) = X0(i) (H0, r0) (A.3)

is the general initial condition for month i, τm(i) = τ(i)− t is the time until the payment date

in month m, and H0 and r0 are the starting values of housing price and interest rate,

H = H0 exp

(
− (θ − s) τm(i)− 1

γ
(θ − r)

(
e−γτm(i) − 1

))
, and (A.4)

r = r0e
γτm(i) + θ

(
1− eγτm(i)

)
. (A.5)

The model can now be solved by using equation (A.2) to find a general solution for assets

A, V,C,and D in the final month of the problem, and iterating back by recursive substitution using

equations (11)-(14) until the first month of contract is reached.

34Kau, Keenan, Mueller, and Epperson (1992, 1995) for example, set them equal to around 0.05 (per (annum)
1
2 ).

35Sharp, Newton, and Duck (2008) prove this by comparing the results from “full” problem defined by the equation
(5) and the results from “restricted” problem, and finding very little difference.
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Figure A.1: Termination of Fixed Loans, Cohort 1 (January, 2001 – June, 2001)
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Figure A.2: Termination of Fixed Loans, Cohort 2 (June, 2001 – December, 2001)

0.
60

0.
70

0.
80

0.
90

1.
00

P
r

0 10 20 30

Months

Unregulated Loans Regulated Loans

Kaplan − Meier Survival Functions

0.
00

0.
10

0.
20

0.
30

P
r

0 10 20 30

Months

Unregulated Loans Regulated Loans

Cumulative Incidence − Prepayment

0.
00

0.
03

0.
06

0.
09

0.
12

P
r

0 10 20 30

Months

Unregulated Loans Regulated Loans

Cumulative Incidence − Default

31



Figure A.3: Termination of Fixed Loans, Cohort 3 (January, 2002 – June, 2002)
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Figure A.4: Termination of Fixed Loans, Cohort 4 (June, 2002 – December, 2002)
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Table A.1: Loans’ Status (October, 2003)

Status Cohorts

1 2 3 4
Obs Freq Obs Freq Obs Freq Obs Freq

Active 6,105 60.96 9,083 77.85 14,744 84.29 11,528 56.54
Prepaid 3,434 34.29 1,899 16.28 2,041 11.67 8,621 42.28
Default 475 4.74 686 5.88 706 4.04 241 1.18

Table A.2: Descriptive Statistics

Variable Cohorts

1 2 3 4
Mean Std. Dev. Mean Std. Dev. Mean Std. Dev. Mean Std. Dev.

call 0.38 0.07 0.27 0.10 0.25 0.11 0.19 0.12
put 0.69 0.16 0.65 0.18 0.62 0.19 0.58 0.18
fico 595 60 599 57 599 59 598 58
ownocc1 0.93 0.26 0.89 0.32 0.88 0.32 0.85 0.36
prepen1 0.44 0.50 0.38 0.48 0.48 0.50 0.56 0.50
prepen call 0.29 0.34 0.22 0.31 0.26 0.30 0.22 0.31
prepen put 0.16 0.19 0.11 0.16 0.11 0.14 0.11 0.16
broker 0.16 0.36 0.28 0.45 0.35 0.48 0.44 0.50
pti 0.27 0.15 0.24 0.12 0.24 0.12 0.23 0.12
urate 6.03 1.46 5.55 1.41 6.16 1.37 6.31 1.47
unins 14.31 4.54 14.12 4.56 14.60 4.44 15.29 4.53
p1 0.06 0.23 0.06 0.23 0.05 0.23 0.06 0.24
p4 0.32 0.47 0.24 0.43 0.20 0.40 0.18 0.39
p5 0.08 0.28 0.21 0.41 0.28 0.45 0.40 0.49
regloan 0.03 0.16 0.03 0.17 0.07 0.26 0.30 0.46
hc 0.71 0.45 0.82 0.39 0.78 0.41 0.79 0.41

33



Table A.3: Estimated Coefficients for Model 1 (Time Varying Hazard, Unobserved Heterogeneity)
- prepayments

Variable Cohorts

1 2 3 4
intercept slope intercept slope intercept slope intercept slope

call -14.04 1.65 -13.99 2.55 -7.35 4.49 -6.84 -1.39
put 2.29 -0.72 -1.41 -0.29 -0.83 -0.76 -0.04 0.17
fico -0.002 0.001 -0.01 0.001 -0.001 0.001 -0.002 -0.002
ownocc1 0.89 -0.06 1.99 -0.30 0.82 -0.19 0.33 0.20
prepen1 -1.09 0.01 -0.73 -0.13 0.15 -0.11 -0.25 -0.11
prepen call 0.39 -0.001 -3.58 0.31 -3.63 0.16 -0.08 -1.01
prepen put 1.13 0.06 3.62 -0.02 2.21 0.13 1.40 0.51
broker n.a. n.a. n.a. n.a. n.a. n.a. n.a. n.a.
pti -0.75 1.44 -0.71 3.38 20.16 0.49 -19.91 -1.29
urate -0.23 -0.13 -0.28 -0.11 0.69 -0.14 0.04 0.002
unins 0.02 -0.01 0.09 -0.02 -0.04 -0.002 0.03 0.004
p1 2.70 -0.57 n.a. n.a. n.a. n.a. n.a. n.a.
p4 0.77 -0.07 -0.92 0.21 0.03 0.02 -0.09 0.02
p5 3.92 -0.58 n.a. n.a. n.a. n.a. n.a. n.a.
regloan 0.14 0.09 -0.35 0.18 0.41 0.05 -0.11 0.04
hc 0.45 -0.10 1.00 -0.26 -0.38 -0.05 0.53 -0.10
baseline -1.24 0.67 3.78 -0.37 -7.54 -0.14 -0.94 -0.94
N 10014 11668 17491 20390
LL -20890.3 -14327.7 -15871 -32062
AIC 20891.5 14330.2 15875.1 32064.5

Notes. N indicates the number of loans per cohort. LL indicates the value of the
penalized likelihood function. AIC indicates the value of Akaike information criterion.
Terms “intercept” and “slope” refer to coefficients γl0 and γl1 in equation (20).
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Table A.4: Estimated Coefficients for Model 1 (Time Varying Hazard, Unobserved Heterogeneity)
- defaults

Variable Cohorts

1 2 3 4
intercept slope intercept slope intercept slope intercept slope

call -8.42 -0.33 -13.71 0.26 -15.87 2.31 -51.51 6.75
put -2.08 0.10 4.13 -0.19 4.25 -0.25 3.99 -0.43
fico -0.01 0.0001 -0.04 0.002 -0.01 0.001 -0.04 0.003
ownocc1 0.44 -0.11 -4.45 0.06 -10.10 0.48 -13.86 1.25
prepen1 -10.03 0.34 -16.31 0.53 -35.09 2.00 -16.82 0.85
prepen call 14.66 -0.48 -8.37 2.61 48.67 -2.04 8.14 -0.23
prepen put 8.00 -0.28 12.55 -0.43 5.23 -0.16 8.13 -0.22
broker n.a. n.a. n.a. n.a. n.a. n.a. n.a. n.a.
pti 15.01 -0.18 -6.62 1.03 16.03 0.22 46.18 -2.31
urate -2.11 0.14 -1.00 -0.03 0.65 -0.10 -0.66 0.11
unins -0.003 0.003 0.03 -0.001 -0.09 0.004 0.07 -0.01
p1 -2.58 0.07 n.a. n.a. n.a. n.a. n.a. n.a.
p4 -0.52 0.08 -2.25 0.13 -10.36 0.83 0.18 0.03
p5 -13.66 0.43 n.a. n.a. n.a. n.a. n.a. n.a.
regloan 2.73 -0.12 0.64 -0.06 -0.70 0.08 -1.14 0.20
hc -0.55 -0.01 1.06 -0.08 3.24 -0.21 2.10 -0.26
baseline 4.22 0.40 23.51 -0.43 -0.69 0.11 21.55 -1.50
N 10014 11668 17491 20390
LL -20890.3 -14327.7 -15871 -32062
AIC 20891.5 14330.2 15875.1 32064.5

Notes. N indicates the number of loans per cohort. LL indicates the value of the
penalized likelihood function. AIC indicates the value of Akaike information criterion.
Terms “intercept” and “slope” refer to coefficients γl0 and γl1 in equation (20).
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Table A.5: Estimated Penalty Parameters for Model 1 (Time Varying Hazard, Unobserved Hetero-
geneity)

Variable Prepayments Defaults

Cohorts Cohorts
1 2 3 4 1 2 3 4

call 0.28 0.20 0.15 0.02 0.91 0.23 0.09 0.14
put 7 10 3.5 0.15 283565 150079 44788 13116
fico 8.7x106 1.57x106 1.51x106 118486 4.38x106 23.6x109 383375 8.17x109

ownocc1 3.38x106 12 137 3.9 94 23 242220 3.9
prepen1 1.85x106 1576 396465 153169 2.23x106 45158 2.5 86738
prepen call 313344 47780 46216 0.73 390834 0.21 3093 6673
prepen put 721010 157544 167767 5.3 1.21x106 1.2 12177 40034
broker n.a. n.a. n.a. n.a. n.a. n.a. n.a. n.a.
pti 2.9 0.34 879 0.01 4603 1182 456 165
urate 34 54 48 179 97 12 184 4.8
unins 16688 6138 26.5x106 4890 30243 0.12x109 0.03x109 7.7x106

p1 12 n.a. n.a. n.a. 405158 n.a. n.a. n.a.
p4 2488 167 620261 1.43x106 357 39 6.3 84700
p5 1.4 n.a. n.a. n.a. 295345 n.a. n.a. n.a.
regloan 849 99 215518 1.17x106 97762 129575 90291 106510
hc 1073 123 728887 37 2.73x106 1.43x106 303529 106910
baseline 1.3 93977 4.7 0.2 3.4 0.4 8064 17355

Note. Term “penalty parameter” refer to coefficient vector glr in equation (20).
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Table A.6: Estimated Coefficients for Model 2 (Proportional Hazard, Unobserved Heterogeneity) -
prepayments

Variable Cohorts

1 2 3 4
coeff. (s.e.) coeff. (s.e.) coeff. (s.e.) coeff. (s.e.)

call 0.48∗∗∗ (0.03) 0.78∗∗∗ (0.05) 0.84∗∗∗ (0.05) -0.09∗∗∗ (0.03)
put -0.35∗∗∗ (0.03) -0.43∗∗∗ (0.04) -0.72∗∗∗ (0.04) -0.20∗∗∗ (0.02)
fico 0.11∗∗∗ (0.02) 0.04 (0.02) 0.11∗∗∗ (0.02) -0.02 (0.01)
ownocc1 -0.25∗∗ (0.10) -0.61∗∗∗ (0.10) -0.28∗∗∗ (0.09) 0.23∗∗∗ (0.04)
prepen1 0.53∗∗ (0.23) 0.42∗ (0.24) 0.92∗∗∗ (0.22) -0.34∗∗∗ (0.08)
prepen call -2.08∗∗∗ (0.52) -2.94∗∗∗ (0.56) -4.17∗∗∗ (0.51) -0.63∗∗ (0.26)
prepen put 1.42∗∗∗ (0.22) 1.83∗∗∗ (0.31) 2.22∗∗∗ (0.26) 1.19∗∗∗ (0.16)
broker -2.04∗∗∗ (0.13) -1.49∗∗∗ (0.11) -4.25∗∗∗ (0.36) 0.36∗∗∗ (0.03)
pti 0.11∗∗∗ (0.01) 0.12∗∗∗ (0.02) 0.12∗∗∗ (0.01) 0.01 (0.01)
urate 0.003 (0.02) 0.03 (0.02) 0.04∗∗ (0.02) -0.004 (0.01)
unins -0.14∗∗∗ (0.02) -0.09∗∗∗ (0.03) -0.08∗∗∗ (0.03) 0.03∗∗ (0.01)
p1 0.34∗∗∗ (0.13) 0.29∗∗ (0.14) -0.10 (0.18) 1.24∗∗∗ (0.06)
p4 0.27∗∗∗ (0.04) 0.36∗∗∗ (0.06) 0.11∗∗ (0.05) 1.00∗∗∗ (0.04)
p5 -0.27∗ (0.16) -0.54∗∗∗ (0.13) -1.42∗∗∗ (0.13) 1.29∗∗∗ (0.04)
regloan 0.90∗∗∗ (0.10) 0.79∗∗∗ (0.13) 0.49∗∗∗ (0.08) 0.12∗∗∗ (0.03)
hc -0.62∗∗∗ (0.04) -0.96∗∗∗ (0.06) -0.33∗∗∗ (0.05) 0.05 (0.03)
baseline 0.02 (0.02) 0.05 (0.04) 0.37∗∗∗ (0.03) -0.85∗∗∗ (0.01)
baselinesq -0.47∗∗∗ (0.03) -0.51∗∗∗ (0.04) -0.29∗∗∗ (0.03) 0.33∗∗∗ (0.02)
hetp 2.78∗∗∗ (0.22) 3.28∗∗∗ (0.22) 5.82∗∗∗ (0.38) 3.19∗∗∗ (0.00004)
hetd -3.76∗∗∗ (0.11) -3.87∗∗∗ (0.12) -4.75∗∗∗ (0.10) -5.31∗∗∗ (0.05)
N 10014 11668 17491 20390
LL -19608 -13575.4 -13946.5 -29413.4

Notes. Estimated parameters hetp and hetd indicate the effect of unobserved heterogeneity
in prepayment and default equations respectively. N indicates the number of loans per
cohort. LL indicates the value of the likelihood function. Standard errors (s.e.) in parentheses.
∗∗∗ p<0.01, ∗∗ p<0.05, ∗ p<0.1.
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Table A.7: Estimated Coefficients for Model 2 (Proportional Hazard, Unobserved Heterogeneity) -
defaults

Variable Cohorts

1 2 3 4
coeff. (s.e.) coeff. (s.e.) coeff. (s.e.) coeff. (s.e.)

call 0.13∗ (0.08) -0.68∗∗∗ (0.05) -0.45∗∗∗ (0.05) -0.70∗∗∗ (0.11)
put -0.05 (0.07) -0.18∗∗∗ (0.06) 0.02 (0.05) -0.05 (0.08)
fico -0.49∗∗∗ (0.05) -0.49∗∗∗ (0.06) -0.34∗∗∗ (0.06) -0.53∗∗∗ (0.14)
ownocc1 -0.83∗∗∗ (0.21) -2.60∗∗∗ (0.10) -3.23∗∗∗ (0.11) -2.82∗∗∗ (0.25)
prepen1 -0.80 (0.67) -5.00∗∗∗ (0.61) -5.30∗∗∗ (0.65) -2.78∗∗ (1.20)
prepen call 1.00 (1.37) 9.91∗∗∗ (1.30) 11.12∗∗∗ (1.45) 2.51 (2.91)
prepen put 0.91 (0.66) 2.77∗∗∗ (0.83) 1.58∗ (0.86) 1.59 (1.75)
broker -2.50∗∗∗ (0.35) -1.71∗∗∗ (0.26) -3.65∗∗∗ (0.72) -17.5 (1612.9)
pti 0.08∗∗∗ (0.03) -0.06 (0.05) 0.04 (0.04) 0.16∗∗ (0.07)
urate -0.33∗∗∗ (0.05) -0.04 (0.04) -0.16∗∗∗ (0.04) -0.09 (0.08)
unins 0.13∗∗∗ (0.05) 0.13∗∗∗ (0.04) 0.03 (0.04) -0.02 (0.08)
p1 -0.72∗∗ (0.33) -2.20∗∗∗ (0.20) -3.06∗∗∗ (0.58) -18.0 (3007.6)
p4 0.29∗∗∗ (0.11) -0.45∗∗∗ (0.13) -0.22 (0.14) 0.79∗∗ (0.33)
p5 -1.22∗∗∗ (0.42) -1.96∗∗∗ (0.26) -3.37∗∗∗ (0.58) -2.51∗∗ (1.01)
regloan 0.19 (0.36) -0.10 (0.25) 0.10 (0.13) -0.15 (0.14)
hc -0.54∗∗∗ (0.12) -0.20∗ (0.11) 0.38∗∗∗ (0.13) 0.12 (0.26)
baseline 1.64∗∗∗ (0.13) 1.78∗∗∗ (0.09) 0.68∗∗∗ (0.04) 0.45∗∗ (0.09)
baselinesq -0.15∗∗ (0.07) -0.34∗∗∗ (0.06) 0.01 (0.04) -0.10 (0.08)
hetp -9.50 (136.4) -7.11 (101.1) -3.90 (119.7) 0.07∗∗ (0.0000002)
hetd -6.07∗∗∗ (0.25) -3.89∗∗∗ (0.14) -3.72∗∗∗ (0.15) -4.88∗∗ (0.28)
N 10014 11668 17491 20390
LL -19608 -13575.4 -13946.5 -29413.4

Notes. Estimated parameters hetp and hetd indicate the effect of unobserved heterogeneity
in prepayment and default equations respectively. N indicates the number of loans per
cohort. LL indicates the value of the likelihood function. Standard errors (s.e.) in parentheses.
∗∗∗ p<0.01, ∗∗ p<0.05, ∗ p<0.1.
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Table A.8: Estimated Coefficients for Model 3 (Proportional Hazard) - prepayments

Variable Cohorts

1 2 3 4
coeff. (s.e.) coeff. (s.e.) coeff. (s.e.) coeff. (s.e.)

call -0.13∗∗∗ (0.03) 0.24∗∗∗ (0.04) 0.64∗∗∗ (0.05) 0.61∗∗∗ (0.05)
put -0.06∗∗∗ (0.01) -0.06∗∗∗ (0.02) -0.25∗∗∗ (0.02) 0.03 (0.03)
fico 0.001∗∗∗ (0.0003) -0.0004 (0.0004) 0.002∗∗∗ (0.0004) 0.002∗∗∗ (0.0002)
ownocc1 0.14 (0.11) -0.12 (0.09) -0.13 (0.09) 0.25∗∗∗ (0.03)
prepen1 0.32∗∗∗ (0.07) 0.65∗∗∗ (0.09) 0.77∗∗∗ (0.10) 0.21∗∗∗ (0.03)
prepen call -0.10∗∗∗ (0.03) -0.22∗∗∗ (0.05) -0.34∗∗∗ (0.05) -0.06 (0.06)
prepen put 0.10∗∗∗ (0.01) 0.11∗∗∗ (0.02) 0.21∗∗∗ (0.03) 0.05∗ (0.03)
broker -1.67∗∗∗ (0.09) -0.99∗∗∗ (0.08) -2.31∗∗∗ (0.13) 0.70∗∗∗ (0.03)
pti 0.56∗∗∗ (0.08) 1.14∗∗∗ (0.15) 1.01∗∗∗ (0.12) 1.45∗∗∗ (0.17)
urate -0.01∗∗∗ (0.001) -0.01∗∗∗ (0.002) 0.01∗∗∗ (0.002) -0.01∗∗∗ (0.002)
unins -0.001∗∗∗ (0.0003) -0.002∗∗∗ (0.0005) -0.003∗∗∗ (0.0005) -0.003∗∗∗ (0.0006)
p1 0.33∗∗∗ (0.13) 0.71∗∗∗ (0.12) -0.09 (0.18) 1.39∗∗∗ (0.05)
p4 0.33∗∗∗ (0.04) 0.59∗∗∗ (0.06) 0.14∗∗ (0.06) 1.09∗∗ (0.04)
p5 0.46∗∗∗ (0.10) 0.55∗∗∗ (0.09) -1.06∗∗∗ (0.11) 1.57∗∗∗ (0.04)
regloan 0.93∗∗∗ (0.10) 0.86∗∗∗ (0.11) 0.50∗∗∗ (0.08) 0.22∗∗∗ (0.02)
hc -0.43∗∗∗ (0.04) -0.78∗∗∗ (0.06) -0.36∗∗∗ (0.06) -0.001 (0.03)
N 10014 11668 17491 20390
LL -29863.6 -16851.0 -18223.6 -80897.7

Notes. N indicates the number of observations. LL indicates the value of the likelihood function.

Standard errors (s.e.) in parentheses. ∗∗∗ p<0.01, ∗∗ p<0.05, ∗ p<0.1.
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Table A.9: Estimated Coefficients for Model 3 (Proportional Hazard) - defaults

Variable Cohorts

1 2 3 4
coeff. (s.e.) coeff. (s.e.) coeff. (s.e.) coeff. (s.e.)

call 0.18∗∗∗ (0.04) -0.37∗∗∗ (0.03) -0.34∗∗∗ (0.05) -0.49∗∗∗ (0.15)
put 0.05∗∗∗ (0.02) 0.02 (0.02) 0.07∗∗∗ (0.02) -0.02 (0.05)
fico -0.008∗∗∗ (0.0008) -0.008∗∗∗ (0.001) -0.005∗∗∗ (0.0009) -0.004∗ (0.002)
ownocc1 -0.94∗∗∗ (0.22) -2.58∗∗∗ (0.08) -3.30∗∗∗ (0.09) -3.13∗∗∗ (0.17)
prepen1 1.12∗∗∗ (0.35) -2.35∗∗∗ (0.37) -4.09∗∗∗ (0.34) -4.73∗∗∗ (0.37)
prepen call -0.02 (0.04) 0.33∗∗∗ (0.06) 0.62∗∗∗ (0.10) 0.54 (0.38)
prepen put -0.05∗∗ (0.02) 0.003 (0.04) 0.04 (0.05) 0.32∗∗ (0.16)
broker -1.95∗∗∗ (0.33) -1.60∗∗∗ (0.25) -3.53∗∗∗ (0.70) -17.04∗∗∗ (0.30)
pti 0.16∗∗∗ (0.09) -0.06 (0.20) 0.41 (0.31) 1.52∗∗∗ (0.41)
urate -0.004∗∗∗ (0.001) -0.01∗∗∗ (0.002) -0.002 (0.003) -0.01∗∗ (0.006)
unins 0.001∗∗∗ (0.0004) 0.002∗∗∗ (0.0005) -0.0003 (0.001) -0.003 (0.003)
p1 -0.60∗ (0.35) -2.16∗∗∗ (0.22) -3.11∗∗∗ (0.59) -18.76∗∗∗ (0.15)
p4 0.14 (0.11) -0.40∗∗∗ (0.14) -0.27∗ (0.16) 0.59∗ (0.32)
p5 -1.11∗∗∗ (0.40) -1.86∗∗∗ (0.23) -3.38∗∗∗ (0.56) -2.85∗∗∗ (1.01)
regloan -0.21 (0.37) -0.40 (0.31) 0.04 (0.12) -0.04 (0.14)
hc -0.56∗∗∗ (0.11) -0.06 (0.12) 0.26∗∗ (0.13) 0.05 (0.24)
N 10014 11668 17491 20390
LL -4045.0 -5269.7 -5293.7 -1807.8

Notes. N indicates the number of observations. LL indicates the value of the likelihood function.

Standard errors (s.e.) in parentheses. ∗∗∗ p<0.01, ∗∗ p<0.05, ∗ p<0.1.
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Table A.10: Standardized Elasticities for Model 1 (Time Varying Hazard, Unobserved Heterogene-
ity), starting period

Variable Prepayments Defaults

Cohorts Cohorts
1 2 3 4 1 2 3 4

call -1.41 -2.28 -0.36 -1.77 -0.86 -3.04 -3.30 -255.7
put 0.23 -0.36 -0.35 0.02 -0.38 0.51 0.53 0.48
fico -0.11 -0.53 -0.01 -0.23 -1.01 -9.74 -1.25 -9.46
ownocc1 0.56 0.81 0.46 0.42 n.a. n.a. n.a. n.a.
prepen1 -1.95 -1.36 0.04 -0.44 n.a. n.a. n.a. n.a.
prepen call 0.13 -1.72 -1.85 -0.40 0.99 -4.84 1.00 0.91
prepen put 0.77 0.43 0.28 0.26 0.20 0.85 0.51 0.71
broker n.a. n.a. n.a. n.a. n.a. n.a. n.a. n.a.
pti 0.10 0.28 0.92 -12.12 0.89 -0.98 0.87 1.00
urate -0.68 -0.75 0.53 0.05 -16.89 -3.31 0.53 -1.24
unins 0.03 0.28 -0.23 0.15 0.00 0.11 -0.49 0.23
p1 0.88 n.a. n.a. n.a. -11.26 n.a. n.a. n.a.
p4 0.50 -1.03 0.05 -0.07 -0.59 -7.30 n.a. 0.19
p5 0.96 n.a. n.a. n.a. n.a. n.a. n.a. n.a.
regloan 0.21 -0.19 0.36 -0.07 0.93 0.44 -0.85 -1.55
hc 0.29 0.52 -0.53 0.35 -0.76 0.63 0.95 0.84

Note. Elasticities are calculated as changes in predicted probabilities in
response to a one-standard-deviation (0-to-1) change in the continuous
(dummy) variables. All other variables are evaluated at means.
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Table A.11: Standardized Elasticities for Model 1 (Time Varying Hazard, Unobserved Heterogene-
ity), end period

Variable Prepayments Defaults

Cohorts Cohorts
1 2 3 4 1 2 3 4

call 0.36 0.38 0.69 0.45 0.59 0.66 0.48 0.10
put -0.88 -0.43 -1.66 -0.21 0.20 -0.17 -0.18 -0.55
fico 0.30 0.22 0.15 0.20 -0.09 -0.05 -0.62 0.08
ownocc1 -2.37 -2.85 -0.25 -0.89 0.37 0.83 -0.12 -7.14
prepen1 -1.43 -19.94 -7.45 -5.67 0.66 -6.88 -55.96 -54.23
prepen call 0.12 0.77 -0.10 0.22 -0.53 -26.65 0.82 0.76
prepen put 0.46 0.38 0.50 0.43 -0.27 0.71 0.22 0.53
broker n.a. n.a. n.a. n.a. n.a. n.a. n.a. n.a.
pti 0.72 0.28 0.98 0.89 0.62 0.92 0.92 0.75
urate 0.09 0.00 -0.11 0.17 -0.5 -0.01 -0.425 -0.19
unins -0.33 0.02 -0.47 -0.05 -0.24 -0.06 -0.021 -0.42
p1 -1.22 n.a. n.a. n.a. -0.34 n.a. n.a. n.a.
p4 -0.28 0.19 0.39 0.22 -0.88 -0.18 0.05 0.45
p5 n.a. n.a. n.a. n.a. n.a. n.a. n.a. n.a.
regloan 0.61 0.03 0.75 0.43 -1.80 -1.37 0.66 0.84
hc -1.56 -1.63 -2.84 -1.414 -1.76 -1.78 -2.06 -4.83

Note. Elasticities are calculated as changes in predicted probabilities in
response to a one-standard-deviation (0-to-1) change in the continuous
(dummy) variables. All other variables are evaluated at means.
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Table A.12: Standardized Elasticities for Model 2 (Proportional Hazard, Unobserved Heterogeneity)

Variable Prepayments Defaults

Cohorts Cohorts
1 2 3 4 1 2 3 4

call 0.32 0.38 0.38 -0.03 0.10 -0.53 -0.29 -0.27
put -0.30 -0.36 -0.65 -0.15 -0.04 -0.13 0.02 -0.035
fico 0.09 0.04 0.10 -0.02 -0.55 -0.55 -0.36 -0.61
ownocc1 -0.28 -0.85 -0.32 0.20 -1.29 -12.48 -24.18 -15.79
prepen1 0.41 0.34 0.60 -0.41 -1.23 -147.31 -198.49 -15.16
prepen call -0.50 -2.07 -0.84 -0.27 0.18 0.98 0.80 0.62
prepen put 0.22 0.53 0.40 0.39 0.15 0.69 0.30 0.49
broker -6.70 -3.42 -69.30 0.30 -11.16 -4.54 -37.47 n.a.
pti 0.05 0.06 0.06 0.003 0.04 -0.03 0.02 0.07
urate 0.002 0.02 0.034 -0.003 -0.29 -0.03 -0.14 -0.07
unins -0.10 -0.06 -0.06 0.02 0.09 0.08 0.02 -0.01
p1 0.29 0.25 -0.11 0.71 -1.06 -8.01 -20.25 n.a.
p4 0.23 0.31 0.11 0.63 0.25 -0.56 -0.25 0.55
p5 -0.31 -0.72 -3.12 0.72 -2.40 -6.10 -28.21 -11.34
regloan 0.60 0.55 0.39 0.11 0.18 -0.10 0.09 -0.16
hc -0.85 -1.60 -0.39 0.05 -0.72 -0.22 0.32 0.12

Note. Elasticities are calculated as changes in predicted probabilities in
response to a one-standard-deviation (0-to-1) change in the continuous
(dummy) variables. All other variables are evaluated at means.
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Table A.13: Standardized Elasticities for Model 3 (Proportional Hazard)

Variable Prepayments Defaults

Cohorts Cohorts
1 2 3 4 1 2 3 4

call -0.01 0.02 0.07 0.07 0.01 -0.04 -0.04 -0.06
put -0.01 -0.01 -0.05 0.01 0.01 0.004 0.01 -0.004
fico 0.06 -0.02 0.1 0.11 -0.63 -0.6 -0.35 -0.26
ownocc1 0.13 -0.12 -0.14 0.22 -1.56 -12.26 -26.01 -21.98
prepen1 0.27 0.48 0.54 0.19 0.67 -9.44 -58.86 -111.86
prepen call 0.03 -0.07 -0.11 -0.02 -0.01 0.1 0.17 0.15
prepen put -0.37 0.02 0.03 0.01 -0.01 0.001 0.01 0.05
broker -0.11 -1.68 -9.05 0.5 -6.03 -3.97 -33.17 n.a.
pti 0.08 0.13 0.12 0.16 0.02 -0.01 0.05 0.17
urate -0.01 -0.02 0.02 -0.02 -0.006 -0.01 -0.003 -0.02
unins -0.01 -0.01 -0.01 -0.01 0.01 0.01 -0.001 -0.01
p1 0.28 0.51 -0.09 0.75 -0.82 -7.68 -21.38 n.a.
p4 0.28 0.44 0.13 0.66 0.13 -0.49 -0.31 0.44
p5 0.37 0.42 -1.9 0.79 -2.04 -5.4 -28.4 -16.22
regloan 0.6 0.58 0.39 0.2 -0.24 -0.49 0.04 -0.04
hc -0.53 -1.17 -0.43 -0.001 -0.76 -0.06 0.23 0.05

Note. Elasticities are calculated as changes in predicted probabilities in
response to a one-standard-deviation (0-to-1) change in the continuous
(dummy) variables. All other variables are evaluated at means.

Table A.14: Estimated Trade-off between Points and Prepayment Penalties (Dependent Variable:
Points Charged at Origination)

Variable Coeff. P-Value

Loan with Prepayment Penalty -0.023 0.00
State Regulating Prepayment Penalties 0.008 0.00
Loan with Prepayment Penalty X State Regulating Prepayment Penalties -0.006 0.00
Number of Observations 41665
R2 0.23
F-statistic 474.67 0.00

Note. Time fixed effects are not reported.
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Figure A.5: Time Varying Coefficients, Model 1 (Time Varying Hazard, Unobserved Hetero-
geneity), Cohort 1
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Figure A.5 (continued): Time Varying Coefficients, Model 1 (Time Varying Hazard, Unobserved
Heterogeneity), Cohort 1
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Figure A.6: Time Varying Coefficients, Model 1 (Time Varying Hazard, Unobserved Hetero-
geneity), Cohort 2
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Figure A.6 (continued): Time Varying Coefficients, Model 1 (Time Varying Hazard, Unobserved
Heterogeneity), Cohort 2
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Figure A.7: Time Varying Coefficients, Model 1 (Time Varying Hazard, Unobserved Hetero-
geneity), Cohort 3
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Figure A.7 (continued): Time Varying Coefficients, Model 1 (Time Varying Hazard, Unobserved
Heterogeneity), Cohort 3
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Figure A.8: Time Varying Coefficients, Model 1 (Time Varying Hazard, Unobserved Hetero-
geneity), Cohort 4
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Figure A.8 (continued): Time Varying Coefficients, Model 1 (Time Varying Hazard, Unobserved
Heterogeneity), Cohort 4
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