Institute of Fisher Center for
Business and Real Estate and
Economic Research Urban Economics

Iben

PROGRAM ON HOUSING
AND URBAN POLICY

DISSERTATION AND THESES SERIES

DISSERTATION No. D0O7-002

MODELING RESIDENTIAL MORTGAGE PERFORMANCE
WITH RANDOM UTILITY MODELS

By
Carolina Marquez

Spring 2007

These papers are preliminary in
nature: their purpose is to stimulate
discussion and comment. Therefore,
they are not to be cited or quoted in
any publication without the express
permission of the author.

UNIVERSITY OF CALIFORNIA, BERKELEY



Modeling Residential Mortgage Performance
with Random Utility Models

by

Carolina Marquez

BS (University of Chicago) 1997
MFE (University of California, Berkeley) 2004

A dissertation submitted in partial satisfaction of the
requirements for the degree of
Doctor of Philosophy
in
Economics

in the

GRADUATE DIVISION
of the

UNIVERSITY OF CALIFORNIA, BERKELEY

Committee in charge:

Professor Paul Ruud, Chair
Professor John Quigley
Professor Nancy Wallace

Fall 2007



The dissertation of Carolina Marquez is approved:

Chair Date

Date

Date

University of California, Berkeley

Fall 2007



Modeling Residential Mortgage Performance
with Random Utility Models

Copyright 2007
by

Carolina Marquez



Abstract

Modeling Residential Mortgage Performance
with Random Utility Models

by

Carolina Marquez

Doctor of Philosophy in Economics
University of California, Berkeley

Professor Paul Ruud, Chair

The papers in this dissertation explore a random utility framework for improving
models used to analyze the payment trends of residential mortgage borrowers.
With growth in the issuance of mortgage-backed securities, analysis of borrower
behavior is an important area of study. Accurate models of borrower behavior
are rare because of the complicated dynamics that incorporate both financial and
behavioral elements. This dissertation explores three issues that are essential
for accurately modeling the borrower’s decision process: time-varying covariates,
correlated competing risks, and correlation over time.

The first chapter focuses on the implementation of time-varying covariates
and proposes two alternatives to the popular Cox proportional hazard rate model
for predicting prepayment probabilities. Both alternatives exploit the natural
panel structure of mortgage data in order to effectively incorporate time-varying
covariates. A comparison of the three models reveals that a logit model, based

on a random utility framework, yields prepayment rates that are closer to the



observed probabilities than a Cox proportional hazard rate model or a log-logistic
proportional hazard rate model.

The second chapter introduces an ordered logit model as an appropriate tool for
analyzing crucial features of the behavior of borrowers, who often avail themselves
of options other than full prepayment and default, such as partial prepayment and
delinquency. An ordered logit model allows for a large set of correlated choices,
while circumventing the independence from irrelevant alternatives property found
in the more common multinomial logit model. In addition, the random utility
functions used in this model allow borrower behavior to be conditioned on past
decisions.

The final chapter demonstrates the importance of random coefficients for ac-
curately predicting borrower behavior. The choices made by a borrower are in-
fluenced by past events and attitudes, leading to correlation in the borrower’s
behavior over time. Random coefficients are used to account for unobserved het-
erogeneity and link the choices made by the borrower throughout the life of the
loan. The results in this chapter indicate that behavior predictions vary substan-
tially with the model specification. Random coefficients, although not previously
applied to mortgages, allow for a more accurate representation of the decision

process than fixed coefficients.

Professor Paul Ruud
Dissertation Committee Chair
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Introduction

This dissertation examines several important issues associated with modeling
the payment behavior of residential mortgage borrowers. Improvements to existing
methodologies are made through the application of random utility models, which
provide a structural link between the borrower’s decision process and economic
variables. The papers in this dissertation focus on three main issues: implementing
time-varying covariates; modeling correlated competing risks; and accounting for
unobserved heterogeneity and correlation over time. In each chapter, elements of
a random utility model are introduced to address the failings of existing models,
building up to an ordered logit model with random coefficients.

Mortgage-backed securities make up the largest proportion of bond market
debt. The fast-paced growth of this sector has heightened the role of the housing
market in the U.S. economy, and increased the demand for accurate mortgage
valuation models. An important area of research is the performance of residential
mortgages. This is a challenging field, however, because the dynamics that un-
derlie the borrower’s decision process incorporate both financial and behavioral

elements. Reduced-form models, mostly derived from models of survival analysis,



viii
have the flexibility to capture the high degree of heterogeneity observed among
residential mortgage borrowers, but they do not always account for the relevant
financial dynamics, a defining feature of structural contingent-claims models. The
random utility framework, introduced in this dissertation for modeling borrower
behavior, displays the potential for bridging the reduced-form and structural mod-
eling methodologies. The ground work for future research in this direction is laid
out in the chapters that follow.

One of the contributions of this dissertation is a loan-level analysis of the
payment trends of non-conforming, prime mortgages issued and securitized be-
tween 2000 and 2005.! This analysis is useful for several reasons. First, this is a
period that has not been frequently studied despite economic trends that have cre-
ated a rich environment for mortgage activity in both the primary and secondary
markets. Second, little emphasis has been placed on non-conforming, prime mort-
gages even though they represent the fastest growing segment of the market for
mortgage-backed securities (MBS). Third, a loan-level analysis uncovers payment
trends that are not frequently studied but are highly relevant to the valuation of
a mortgage.

The first chapter examines the implementation of time-varying covariates in
the analysis of prepayment. Two alternatives to the popular Cox proportional
hazard rate model are proposed: a log-logistic proportional hazard rate model,

and a logit random utility model. While the focus on prepayment presents a

'Non-conforming loans are those that cannot be guaranteed by Freddie Mac or Fannie Mae,
usually because the loan balance exceeds the prescribed limit. Prime mortgages are those issued
to borrowers with good credit profiles.



ix
simplified framework, it is useful because many studies of prime mortgages —
both academic and in industry — treat prepayment separately from default. In
addition, this approach facilitates a direct comparison between the three models,
and serves as a necessary introduction to mortgage modeling within a random
utility framework.

It is shown that the two alternative models presented in the first chapter
are better suited for modeling borrower behavior with time-varying covariates
than the Cox proportional hazard rate model. The advantages of the log-logistic
proportional hazard rate model and the logit random utility model are that they
use the natural panel structure of mortgage data to effectively incorporate time-
varying covariates, and they allow for the estimation of a parametric hazard rate
function that is essential for pricing algorithms. The Cox proportional hazard rate
model is found to predict behavior with respect to time-varying variables that is
counter to economic intuition, calling into question the conclusions of previous
studies that have used this model. In a comparison of forecasted probabilities,
the logit random utility model outperforms the log-logistic proportional hazard
rate model, which is constrained by the functional form of the baseline hazard
rate function. It can be concluded, from the results in the first chapter, that a
random utility model is preferable to models based on survival analysis, even for
simple applications such as the study of prepayment trends.

The second chapter extends the analysis to consider a large set of competing

risks, which includes non-termination events. Two models are compared: a multi-



nomial logit model along the lines of that used in the subprime literature, and
an ordered logit model that has not been previously used with respect to mort-
gages. An aspect of borrower behavior that is often overlooked is the degree to
which the borrower deviates from the amortization schedule. As the status of the
mortgage changes, so does the borrower’s decision process. To accurately model
mortgage borrower behavior it is necessary to employ a model that considers an
expanded set of mortgage choices and conditions the borrower’s utility on past
decisions. The models presented in the second chapter, both based on a random
utility framework, meet these requirements.

Although an ordered logit model has not previously been used with respect to
mortgages, it is well suited for this analysis since all of the mortgage events can
be defined relative to the amortization schedule and, thus, can be set on an or-
dered continuum. Through the ordering of the choice set, the ordered logit model
accounts for correlation among alternatives, in contrast to the multinomial logit
model, which assumes independence between choices through the independence
from irrelevant alternatives (IIA) property. The results in the second chapter
indicate that, although a multinomial logit model has a higher degree of parame-
terization, which allows it greater flexibility to track in-sample probabilities, the
ITA property leads to questionable predictions on borrower behavior. The or-
dered logit model generates more favorable estimates, and is likely to perform
better out-of-sample since it accounts for correlated competing risks, which is a

fundamental aspect of the borrower’s decision process.
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The third chapter presents a key innovation of this dissertation: the use of
random coefficients in mortgage analysis. The decision made by a borrower with
respect to his mortgage is influenced by past events and attitudes, as well as the
historical path of economic variables. This causes correlation in the borrower’s
behavior over time, a feature that is ignored by many models. Random coeffi-
cients, often associated with the modeling of unobserved heterogeneity, provide
an ordered logit model with a borrower-specific error component that is constant
over time and can be used to induce correlation in borrower behavior.

In the third chapter, it is shown that predicted borrower behavior varies sub-
stantially with the model specification. In the comparison of a fixed coefficients
ordered logit model and an independent random coefficients ordered logit model,
it is found that the random coefficients model has a better fit, and predicts behav-
ior that is in line with economic intuition. This is particularly true for delinquent
loans, and it is an important result because these loans have not previously been
studied in depth. There is also evidence that it is necessary to account for cor-
relation between coefficients, particularly between coefficients corresponding to
different initial states. This allows the model to take into account all of the
borrower’s past choices, and more accurately represents the borrower’s decision
process.

This dissertation shows that a random utility framework, in particular an order
logit model, is well suited to modeling the various dynamics of borrower behav-

ior. Just as it has been shown that this model has the flexibility to incorporate
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time-varying covariates, model correlated competing risks, and account for un-
observed heterogeneity and correlation over time, the straightforward structure
of an ordered logit model lends itself to many additional extensions, from en-
hancing pricing algorithms with empirical probability distributions to modeling
a dynamic choice process. There are many interesting areas of future research
along these lines. The models introduced in this dissertation show great potential

for substantially improving the accuracy of valuation models, and increasing our

understanding of borrower behavior.



Chapter 1

Focus on Time-Varying

Covariates

1.1 Introduction

With the growth in the issuance of mortgage-backed securities, the role of the
housing market in the U.S. economy has come under the spotlight, and the perfor-
mance of residential mortgages has become an object of interest. A fundamental
aspect of this analysis is the modeling of prepayment, a common practice in which
a borrower pays all of the remaining principal balance on his mortgage prior to
the scheduled term. This practice creates uncertainty in the security cash flows,
and it causes an interest shortfall that shortens the duration of the security. Ac-
curate prepayment models are fundamental for both investors in the market for
mortgage-backed securities and originators of individual mortgages.

The most common causes of prepayment are refinancing and property sale.

When interest rates fall, it is to the borrower’s advantage to lower the total mort-



gage cost by contracting a new mortgage to pay off the original higher rate mort-
gage. For most borrowers this is a relatively low-cost transaction. Prepayment
will also occur when the borrower sells his home and is required to pay off his
existing mortgage in order to transfer ownership. Both events are driven by fluc-
tuations in economic variables, namely interest rates and housing prices. Accurate
prepayment models must capture the paths of these variables and appropriately
link them to the borrower’s prepayment decision.

The development of prepayment models is an active area of research. Many
models, especially in recent studies, acknowledge the dependence on the path of
economic variables through the use of time-varying covariates. The most common
approach for incorporating time-varying covariates is through the Cox (1972) pro-
portional hazard rate model, but this is an open issue that has not been adequately
resolved. In this chapter, I propose two fully parametric alternatives that take
advantage of the natural panel structure of mortgage data. This feature allows
the researcher to effectively incorporate time-varying covariates, easily deal with
tied events, and account for censoring. The first alternative uses episode splitting
to extend the proportional hazard rate model of Schwartz and Torous (1989). The
second alternative applies a random utility model to the prepayment decision.

Early prepayment models, such as Dunn and McConnell (1981b) and Brennan
and Schwartz (1985), were based on the contingent claims model of Black and
Scholes (1973) and Merton (1973). The focus of these “structural” models is

on how the movement of interest rates affects the prepayment option embedded



in a mortgage. Stochastic processes are assumed for the key factors underlying
the mortgage, and an expression for the mortgage value is derived. The time to
prepayment is given by a set of boundary conditions that trigger the exercise of
the termination option.

Reduced-form models of prepayment were introduced by Green and Shoven
(1986) and Schwartz and Torous (1989). These models, like many that followed,
are based on the Cox (1972) proportional hazard rate model, which links the
probability distribution of a duration variable to a set of covariates. Regression
methods are employed to study the effect of observable characteristics on the
probability of prepayment. Proxy variables are often used to represent the value
of the termination option.

Reduced-form models are attractive because they allow the researcher to ac-
count for heterogeneity among borrowers, and determine how loan characteristics
and exogenous economic factors contribute to the borrower’s behavior. To par-
tially account for the path of interest rates and housing prices, the covariates of
the model are allowed to vary with time. Cox (1972) showed that a proportional
hazard rate model could easily be adapted to incorporate time-varying covariates
through episode splitting and partial likelihood estimation. The drawbacks of the
Cox proportional hazard rate model are that it requires a balanced panel, which
is often not available with loan-level mortgage data, and that the baseline hazard
rate function, which determines how prepayments vary with loan age, is factored

out of the model.



An alternative to prepayment models based on survival analysis is the use
of a random utility model. Even though discrete choice theory has been used
in the study of prepayment (Green and LaCour-Little (1999) and Clapp et. al.
(2001)), an explicit link has not been made to the random utility maximization
that underlies the prepayment decision. Since a borrower undertaking the prepay-
ment decision is attempting to minimize the cost of his mortgage, or alternatively
maximize his total portfolio holdings, a random utility model is a natural frame-
work. This approach also presents an alternative structural model, and provides
greater flexibility for introducing time-varying covariates and other elements that
are integral to an accurate representation of the borrower’s decision process.

Random utility models were first introduced by Thurstone (1927) in the con-
text of psychological stimuli. A formal link to utility maximization was made by
Marschak (1960). Dagsvik (1994) and McFadden and Train (2000) have shown
that any random utility model can be approximated by a mixed logit model. This
finding makes random utility models an attractive tool for a variety of questions
in which a choice is to be made between discrete alternatives. Random utility
models have been used widely in consumer decision making, labor economics, in-
dustrial organization, and transportation science, among many other fields that
share features present in mortgage analysis.

This chapter compares three reduced-form models for analyzing the prepay-
ment decision with time-varying covariates: the Cox proportional hazard rate

model, a log-logistic proportional hazard rate model, and a logit random utility



model. Section 1.2 presents the details of the three models. Section 1.3 discusses
the dataset, a panel of about 100,000 non-conforming, fixed-rate, prime, resi-
dential mortgages issued between 2000 and 2005. This is an interesting dataset
because it covers recently issued non-conforming mortgages, whereas most studies
look at conforming mortgages securitized by Fannie Mae, Freddie Mac, or Gin-
nie Mae. It is valuable to examine this time period because of the importance
of the housing market over this period, and the implications it holds for current
economic forecasts.

The results reported in section 1.4 indicate that both alternatives introduced
in this chapter perform better than the more commonly used Cox proportional
hazard rate model. Comparisons are made on the basis of coefficient estimates,
hazard rate elasticities, and forecasting power. There is evidence that the Cox
model does not properly capture the time dynamics of the prepayment decision,
calling into question the conclusions of previous studies in which the Cox model
is used. While the log-logistic and logit models predict the same general trends,
the logit model has greater flexibility and is better able to capture borrower het-
erogeneity and accurately forecast hazard rates. This chapter concludes that a
random utility model is a preferable framework for several reasons: it uses the
natural structure of mortgage data in order to properly capture time trends; it
allows for the estimation of a fully parametric hazard rate function with sufficient
flexibility to capture borrower heterogeneity; and it serves as an alternative struc-

tural framework by establishing an explicit relationship between the borrower’s



decision process and the economic factors of interest.

1.2 Models

1.2.1 Cox Proportional Hazard Rate Model

One of the most commonly used reduced-form models for analyzing mortgage
performance is the Cox (1972) proportional hazard rate model. The benefits of this
model include the ability to associate loan characteristics with prepayment rates,
and to easily adapt the model to include time-varying covariates. A useful measure
for mortgage valuation is the hazard rate, which is defined as the probability of
prepayment in a time period, given survival to that period. Since prepayment
leads to the termination of the mortgage, it is reasonable to use a hazard rate
model where the underlying variable is the time to mortgage termination, 7',
measured as the number of months from origination. Estimation of the hazard
rate is based on the probability distribution of this variable. The hazard rate is

defined as the probability of failure at time ¢ given survival to time t,

Pt <T<t+AT>t) f(t)  dnS(t)
=1 _ I
ht) = Bim, At S(t) dt

where the survival function, S(t), is defined as the probability of surviving to a

given time, and is equal to one minus the cumulative distribution function, F'(t).

S(t)=Pr(T >t) =1 F(t)



The probability density of a failure is given by

Pr(t <T <t+At)  dS(t)

ft) = lim, At 7

By integration we can derive the following relationships between the hazard rate,

the survival function, and the probability density function:

S(t) = exp (- / h(u)du) F(£) = h(t) exp (— / h(u)du) .

In the Cox model, the hazard rate is a function of the baseline hazard rate,

hg, and loan characteristics, v.

h(t;v) = ho(t)exp(Bv)

The baseline hazard rate function describes how termination varies over time.
Covariates serve to shift the baseline hazard rate to account for heterogeneity
among borrowers. Often proportional hazard rate models are written in log-

hazard form to facilitate the interpretation of the coefficients.
logh(t) =k + v Kk =loghy(t)

One of the features of the Cox model is that, by using a partial likelihood esti-
mation method, the baseline hazard rate is factored out of the model.! In many
applications this is beneficial because assumptions on the shape of the baseline
hazard rate function can be avoided. The partial likelihood is calculated as the
product of the individual likelihoods for all observed events. The likelihood for

each event is given by the probability that the event occurred to the corresponding

!The baseline hazard rate can be estimated non-parametrically after the estimation of the
coeflicient vector (.



individual, rather than any other individual in the dataset. In other words, it is
the hazard rate for the target individual divided by the sum of the hazard rates
for all individuals at risk at that time.?
8
PL:ﬁLi:ﬁ neﬁvi di, = 1:t, > t;
= = k§1 dige di, =0t < t;

t; and t; are termination times for individuals. 7 represents the target individual,
and k is an index that cycles through all individuals to determine the observations
that are still at risk when individual ¢ terminates. §; is a censoring index; d; = 0
for a right-censored observation so that those observations are excluded from the
partial likelihood.

Cox assumes continuous time, but with mortgage data we observe termination
at discrete intervals, leading to the problem of ties. If it is assumed that the
termination decision is undertaken at discrete intervals, rather than just recorded
at discrete intervals, an exact partial likelihood with ties can be calculated.® This
is a reasonable assumption in the case of mortgages because a termination is not
effective until the end of the billing cycle. In the previous expression the partial
likelihood is compiled by multiplying over individuals. In discrete time the partial

likelihood is calculated by multiplying over unique event times.? In the equations

below, j is an index for event time, and N; is the number of individuals with event

time 7.
J ¢ N;
PL = L. L;,= ! . i =1] 0
jl;Il J J 1/1j+1/1j+1+...+1/1j I TEI J

2This is the procedure followed by the SAS command PHREG.
3Breslow (1974) and Efron (1977) suggest approximations.
4An event time is defined as the number of months from origination to prepayment.



O,; = € where individual 7 has a termination time of j.

In many applications of survival models, the relevant factors are static over
the life of the individual. With mortgage termination, however, many of the
key factors, such as interest rates and housing prices, vary over time. The path of
these variables is often more relevant than the level. In the Cox model, the partial
likelihood is a product over all termination times. To incorporate time-varying
covariates the ratios that make up the partial likelihood are evaluated at each risk
period, rather than solely at the termination period. A risk period is a time period
in which the individual is still “alive”, in other words still at risk for termination.

In this way, each individual is observed in multiple periods.®

1L 1 - 0,0)
PL_J'I;[lLJ b V;(J) + i1 (G) + - + s ()
w](k) = ﬁOlJ(k) Oz](k> _ eﬁvik

1.2.2 Parametric Proportional Hazard Rate Model

While the Cox proportional hazard rate model is one of the most popular
methods for incorporating time-varying covariates, it has several drawbacks. First,
since the baseline hazard rate has been factored out of the model, this method
is not useful for mortgage valuation in which it is necessary to forecast an out-
of-sample hazard rate function. Second, estimation of the Cox model with time-

varying covariates requires a balanced panel. Loan-level mortgage data does not

5Guidelines for estimating a Cox model with time-varying covariates in SAS can be found in
Allison (1995).
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conform to this structure, and so the Cox model leads to loss of data. Third, when
covariates are allowed to vary with time, the model can no longer be considered
a proportional hazard rate model because the covariates for different individu-
als vary at different rates. These problems can be addressed by extending the
Schwartz and Tourous (1989) log-logistic proportional hazard rate model to in-
clude time-varying covariates.

Schwartz and Tourous (1989) proposed one of the first reduced-form models
for valuing residential mortgages. They use a parametric proportional hazard rate
model to price pools of Ginnie Mae mortgages. To capture a prior: beliefs on the
movement of the hazard rate over time, the baseline hazard rate is assumed to

follow a log-logistic function.

- )
ho(t; 7, p) = T+ ()

Under this assumption, a closed-form solution for the probability density of failure

times can be derived.

Ft) = vp(yt)P!

= o exp(fv) exp (— exp(Bv) In(1 + (1¢)7))

S(t) = exp (—exp(Fv) In(1 + (71)"))

The log-logistic baseline hazard rate function is a useful specification because
it captures the trends we observe with respect to seasoning on mortgage pools.
Prepayment rates are low at first, and then grow rapidly, eventually slowing down
as the pool ages and most of the loans that are prone to prepayment have exited.

The parameter p characterizes the shape of the hazard rate over time. When p
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is greater than one, the hazard rate first increases and then decreases. When p
is between zero and one, the hazard rate decreases over time. It is important to
note that the log-logistic proportional hazard rate model proposed in this chapter
differs from that estimated by many statistical packages.

Log-Laogistic Distribution

Unlike the Cox model, the log-logistic proportional hazard rate model is fully

parametric and can be estimated using maximum likelihood. The likelihood func-

5In many cases the log-logistic model is not characterized as a true proportional hazard
rate model. Instead the structure is a proportional odds model that is derived from a linear
log-survival time. This is the model estimated by the log-logistic option in SAS with PROC
LIFEREG.
logT = PBv + o€

To obtain a log-logistic model it is assumed that the residual has a logistic distribution.

€

e
R
The hazard rate function is derived as
Ap(At)P—1 1
) = TS p= 1 A= enl- ()]

The most convenient way to interpret this model is in terms of odds-ratios. The survival function

is given by S(t) = ﬁ and the odds-ratio is log {%} = p(Bv—logt). Under this
specification, the coefficients do not have the natural interpretation given by the Schwartz and

Torous model.
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tion must take into account three events: mortgages that prepaid prior to the
observation period (left-censored); mortgages that prepaid during the observation
period (observed events); and mortgages that have not prepaid by the end of
the observation period (right-censored). For left-censored mortgages, the relevant
probability is the cumulative probability of prepayment prior to the observation
period, F(t), where t is the time from origination to the start of the observation
period. For observed events the likelihood is given by the probability of prepaying
at time ¢, f(t), where ¢ is the time from origination to prepayment. Finally, for
right-censored observations we are concerned with the probability of not prepaying
by the end of the observation period, S(t), where t is the time from origination to
the end of the observation period. If we let n be the set of left-censored mortgages,
¢ the set of observed events, and p the set of right-censored mortgages, then we

have the following log-likelihood function.

InL(A) = > " In(1 — S(t;)) + Y In(f(t;)) + Y In(S(t))

€N i€e S
Often with the available loan-level mortgage data there are no left-censored ob-

servations so we can simplify the log-likelihood.

InL(0) = Z Inh(t;) + Z In S(t;)

i€uncensored icall

In Schwartz and Torous (1989) the covariates are static, measured at the time
of termination. While it is clear that this is a poor assumption with respect
to prepayment, it is relatively easy to extend the model to include time-varying

covariates. The key is in the definition of the hazard rate. Since the hazard rate
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is a conditional probability, it can be identically defined in a panel dataset. The
method used to extend survival analysis models to a panel dataset is known as
episode splitting. An episode is defined by a start time, an end time, an origination
state, and a destination state. Each episode is accompanied by a set of covariates.
For mortgages, an episode is normally defined as a one month payment period.
In each episode a borrower decides whether or not to prepay. The benefit of this
approach is that, owing to the monthly payment cycle, mortgage data is naturally
structured for methods that require episode splitting.

Under this framework, it is necessary to adjust the probability definitions that
enter the likelihood function. By episode splitting we divide T into ¢ pieces with
To = 0 and T, = T'. Since the hazard rate is defined as a conditional probability,
it requires no modification. The survival function can also be defined in terms of

conditional probabilities.

= exp —/h(u)du—I— / h(u)du | =exp | — / h(u)du

0 0 tk—1

q
Using Bayes theorem we have that for each loan S(t) = ] S(tx|txk—1) and so the

likelihood function can be defined as:

i€uncensored i€all k=1

Since the covariates are assumed to be invariant between t;_; and t;, the integral

in the conditional survival function has a closed form.
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Several assumptions are necessary for this derivation. The first, mentioned
above, is that the covariates are constant over the episode. While this is not
strictly true for continuous variables, such as interest rates, the path of these
variables can be smoothed without an adverse effect. The second assumption
is that the covariates are not dependent on the response variable. Formally, the
hazard rate function must be conditioned on the path of the covariates, in addition

to survival to time ¢.

< >
AV () = Jim Pr(t<T < t—l—AtAﬂT > 1, V(t))

This introduces the path probability of the covariates into the equation for the
survival function,

q

St;V(t) = T1 St v(te)ltr—1, V (tr-1))

k=1
_ H S (teltes, V(b)) x Pr (0(t)|tor. Vit )

where v(t) represents the contemporaneous values of the covariates and V (t) rep-
resents the full path of covariate values.

Kalbfleisch and Prentice (2002) show that in the case of time-invariant covari-
ates, V (t) = v, or path independent covariates, V' (t) = v(t), the path probability,
Pr (v(tg)|tk—1, V (tx—1)), does not play a role. In many cases, however, the variables
of interest are both time-varying and path dependent, so the path probability must
be considered. Kalbfleisch and Prentice (2002) separate time-varying covariates
into three groups: external, exogenous, and endogenous. For external covariates

— measurement can be made independent of the failure process — or exogenous
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covariates — covariate values are not influenced by the failure process — the
path probability can be factored out of the equation through episode splitting.
Problems with the derivation arise when covariates are endogenous, for which the
path probability is linked to the distribution of the termination variable, and a
closed-form solution for the survival function cannot be obtained.

Most of the covariates that are considered in mortgage analysis are external
or exogenous, so episode splitting is a viable procedure. There is, however, an
additional assumption that is implicit in most mortgage performance models, but
is not often discussed, namely, that the episodes for a given loan are independent
over time. Conditioning on survival and the path of covariates addresses some
of the correlation in behavior over time. However, many of the factors that en-
ter a borrower’s decision process are unobservable. Examples are preference for
housing, income potential, and financial savvy. Strictly speaking, the survival
function should be conditioned on the path of unobservable factors as well. If
these factors are independent, then the path probability does not play a role in
the derivation. However, many of the unobservable factors are consistent over
time and endogenous to the failure process. This presents a significant challenge
for modeling borrower behavior with time-varying covariates. A potential solution

to this problem is the subject of the third chapter.
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1.2.3 Random Utility Logit Model

Several studies have used episode splitting with regard to mortgages but in
the context of discrete choice modeling. (See Green and LaCour-Little (1999) and
Clapp et. al. (2001).) This follows Jenkins (1995), who showed that duration
models could easily be estimated as discrete choice models, and in particular that
the Cox proportional hazard rate model could be written equivalently as a logit
model.

The basis for this equivalence is that in a proportional hazard rate model the

odds ratio can be written as a linear function of covariates.

log h(t) = pv

Under this specification, the assumption is that the time to termination, 7', follows
a logistic distribution. Jenkins proposes an alternative definition where the hazard

rate is defined in terms of a logistic function

and makes the claim that the two specifications converge as the hazard rate be-
comes increasingly small.” Despite similarities, the assumptions underlying the
two specifications are quite different. Implicit in the latter definition is a random
utility model, whereas the first specification makes distributional assumptions on
the duration variable.

To apply a random utility model to the prepayment decision, we again use

"In the analysis of mortgages the hazard rate is not necessarily small since prepayment is a
relatively frequent event.
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episode splitting. In each episode, the borrower makes the decision to prepay or
to maintain his mortgage schedule based on which choice yields the highest utility.
Let the utility associated with prepaying in a given period be a linear function of

loan characteristics and economic variables.
Uit = Buy + €

Utility is a latent variable that is not observed, but we do observe the choice made
by the borrower in that period. Prepayment corresponds to a response variable,
y, with a value equal to one. If prepayment is observed, this implies that the
latent utility is positive.

yit:1:>Uit>0

Under the assumption that the residual follows an i.i.d. Gumbel, or extreme value,
distribution, the probability of prepayment is given by a logistic function.

1

Pr(yit = 1) = Pr(ﬁvit ‘I— €t > O) = PT’(EZ‘t > _ﬁvit) = HTP(ﬁU)
it

An alternative is to assume the residual follows an i.i.d normal distribution,
Pr(yit = 1) = (I)(ﬁvit)a

but in the binomial, i.e. two-choice, case there is little difference between the two
assumptions.

The coefficients of the model are estimated by maximum likelihood. The
likelihood function is calculated by aggregating the probability of the observed

choice stream for each individual.

log L(6;v) = Y In[Pr ({ynt : Yt = 1Vt = 1..T,,})]

n=1
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Because prepayment leads to termination, the observed choice stream has a special
form. All periods prior to prepayment have a response variable equal to zero. The
last element in the choice stream represents either the month of prepayment or
the last month in the observation period, leading to an unbalanced panel. If
prepayment is observed, this element is equal to one, otherwise it is set to zero
and the loan is right-censored. The structure of the choice stream implies that
the probability of a choice in any given period is equivalent to the hazard rate for
that choice.® If the error term of the utility function is assumed to be independent

over time, the log-likelihood function can be simplified.

N T,
log L(0;v :ZZ Yne log Pr(yn = 1)

1.2.4 Elasticities

While the random utility model preserves many of the important elements of
proportional hazard rate models, i.e. the dependence of prepayment on loan age
and the ability to forecast hazard rates, this chapter aims to show that there is
a clear difference between the three models presented in this section. Since the
functional forms of the models are different, hazard rate elasticities are used to
facilitate a comparison. The table below gives the relevant elasticity formulas
for each model. The elasticities corresponding to the logit random utility model
differ in that they are a function of the hazard rate. This creates a nonlinearity

that allows the random utility model to better represent observed behavior. It is

8When tracking loans in this way, a choice of prepayment can only be made if the loan has
survived to that period. The probability of observing a response variable equal to one in any
period is equivalent to the hazard rate.
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Time Other Covariates
Coz Proportional Hazard - Bv
Log-logistic Proportional Hazard | (p — 1) — th Bv
Logit Random Utility Bu(1 — h)

interesting to note that, although age enters the random utility model linearly,
the elasticity with respect to age is on the same order as that of the log-logistic
proportional hazard rate model. This point will be pursued further in the results

section.

1.3 Data

The three models discussed in the previous section are applied to a set of loans
that serve as collateral for securities issued by Wells Fargo Mortgage Backed Secu-
rities Trust. In accordance with the guidelines of the trust, all loans are residential,
first-lien, non-conforming mortgages issued by Wells Fargo Home Mortgage. The
loans in this dataset are considered “jumbo loans” because, for the most part,
the balance at origination exceeds the conforming limit. The source dataset con-
tains loans that correspond to 97 collateral pools for 157 securities series issued
since 2000, and comprise both fixed-rate and adjustable-rate mortgages. Perfor-
mance history is available starting in October 2000. The data was obtained from
Wells Fargo Corporate Trust Services, which serves as administrator and trustee
to Wells Fargo Mortgage Backed Securities Trust as well as over 200 other issuers.

The data is publicly available and released by request of the securities issuers.’

9The data was obtained from www.ctslink.com.
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1.3.1 Origination Trends

The analysis focuses on approximately 100,000 fixed-rate mortgages issued
between 2000 and 2005 on single-family, owner-occupied housing. 34 fixed-rate
mortgages issued in 2000 and 2001 were dropped because they were contracted
with a prepayment penalty; all the other loans in the dataset had no prepayment
penalty. Summary statistics are reported in Tables 1.1 and 1.2. On average, the
loans in the dataset follow the characteristics of jumbo loans. The average balance
is $454,000, 95% of the loans have a loan to value (LTV) ratio below 80%, and
42% of the loans were contracted on property in California. All of the mortgages
are conventional, but less than 2% carry Private Mortgage Insurance (PMI). Most
of the mortgages have a term of 15 or 30 years. In 2000 and 2001 over 80% of the
loans issued were 30-year mortgages but, as interest rates fell, 15-year mortgages
gained in popularity, making up nearly 60% of the mortgages issued in 2003 and
2004. Tt is striking that only 5% of the fixed-rate mortgages were issued in 2004,
in contrast with 10% to 30% for the other years.

It is important to note that, although the dataset contains a large number of
loans with substantial variation in terms and performance, the loans are selected
as members of pools to use in securitization and, therefore, may display different
trends than the mortgage market at large. Most of the borrowers have excellent
credit,'® with 65% having a FICO score above 720, and just 1% with a FICO

score below 620, which is often considered a breakpoint for poor credit. The

OFICO scores measure credit quality on a scale of 300 to 850.
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coupon rates for the loans in the dataset follow the trends observed for conven-
tional mortgages, with average rates falling below that of conventional mortgages
towards 2005. The standard deviation in each year is on average 40 basis points.
Over time the dispersion of the LTV ratio at origination increases, but in the
direction of lower LTV ratios. LTV ratios are lowest for loans issued in 2003 with
an average of 59%. The average appraisal value at origination of the properties
mortgaged is high at nearly $800,000, but ranges from $24,000 to over $16 million.
80% of the loans are in the range of $300,000 to $1.5 million.

Since all loans are issued by Wells Fargo, one could expect regional concentra-
tion to be high in states where Wells Fargo has a strong presence, and in areas
with high housing prices and hence a large proportion of jumbo loans. Nearly half
of the loans are from California, but the dataset contains loans for properties in
all 50 states and the District of Columbia. States with a strong representation
are New York, New Jersey, Maryland, Virginia, Florida, Minnesota, Illinois, and
Texas. Table 1.3 lists the region definitions, Table 1.4 reports the distribution of
loans by region and issue year, and Table 1.5 displays summary statistics strat-
ified by region. In general, loan characteristics are uniform across regions with
trends in property values at origination following the OFHEO Housing Price Index

(HPI).!!

"This index is published by the Office of Federal Housing Enterprise Oversight (OFHEO).
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1.3.2 Prepayment Trends

A standard measure for investors and originators are prepayment rates given
as a function of loan age. In proportional hazard rate models, this relationship is
represented by the baseline hazard rate function. A measure commonly used in
industry is the Public Securities Association (PSA) Standard Prepayment Model
(Figure 1.1). This model takes into account the seasoning trends that are observed
in mortgage pools by assigning an expected prepayment rate according to loan
age.'?

The PSA model is a simplified convention that does not fully represent ob-
served prepayment trends. To gain a better understanding of the relationship
between loan age and prepayment rates, it is useful to calculate the empirical
hazard rate function. Based on the relationship between the hazard rate, the

survival function, and the probability density function, Kaplan and Meier (1958)

propose an empirical survival function

50 =] [1_d(tj)1713

it <t n(t;)
where n(t)is the number of loans that survive to time ¢ and d(t)is the number of
loans that fail during the interval t+At. At is taken to be equal to the billing cycle
of the mortgage, one month. This expression takes into account right censoring

because fractions are taken with respect to the loans that are at risk at time t¢.

12The PSA benchmark model (also called “100% PSA”) assumes that the prepayment rate
starts at a 0.2% constant prepayment rate (CPR) in the first month following origination of
the mortgage loan (not the pool) and increases 0.2% per month in each succeeding month.
The prepayment rate is assumed to level off at 6% in month 30 and beyond. The CPR is the
annualized equivalent of the single monthly mortality (SMM), which measures the fraction of
the beginning-month pool balance that prepays during the month.

13These calculations can be performed in SAS using PROC LIFETEST.
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Figure 1.2 shows the empirical hazard rate function for the loans under analy-
sis. The curve is derived by applying the Ramlau-Hansen (1983) kernel smoothing
technique to the Kaplan-Meier hazard ratios calculated at each month.'* This fig-
ure illustrates the seasoning behavior we expect with residential mortgages. The
hazard rate increases with age, peaking at around 40 months, and then falls
sharply. This decline in prepayment rates for seasoned loans, which is not cap-
tured by the PSA curves, is known as “burnout”, and it is in order to capture
this effect that a log-logistic parametric hazard rate function is preferred. For this
sample, however, we also observe a dip at around 24 months, indicating that it
may be necessary to allow for greater flexibility in the relationship between pre-
payment rates and loan age. As will be shown below, this is one of the reasons to
turn to a random utility model.

Figure 1.3 shows that these trends also hold at the regional level and, in gen-
eral, there is little difference in the observed prepayment behavior between regions.
Prepayment rates are slightly lower in California, the New York metropolitan area,
and the South. The greatest deviations from the national trends are found in the
Great Lakes region and the Plains/Midwest region. Prepayment rates for the
Great Lakes region fail to peak and are more stable, almost following the PSA
convention. Prepayment rates for the Plains/Midwest region are more volatile
than for any other region. Several regional variables are included in the analysis,

but greater emphasis is placed on national factors.

14SAS code is available in Allison (1995).
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1.3.3 Explanatory Variables

The beginning of the period observed in this dataset (2000-2005) is marked by
a sharp decline in stock market prices in April 2000, propelled by the failure of
many of the internet and technology ventures that grew in the 1990s (Figure 1.4).
This was followed by an increase in the unemployment rate particularly in the
West Coast, New England, and the Mid-Atlantic where many of these ventures
were located (Figure 1.5). In order to stimulate recovery, the Federal Reserve
began easing monetary conditions in January 2001. This continued until June
2004, when the federal funds rate reached a low of 1% (Figure 1.4). Growth was
slow and recovery was not apparent in many regions until late in 2002 (Figure
1.6). The strength of the economy over this period was largely due to the growth
in housing prices. By 2000 housing prices were already strong as a result of the
expansion stimulated by the growth of the technology sector (Figure 1.7). When
stock market prices declined, housing prices did not follow. The behavior of the
loans in this dataset is consistent with an environment of low interest rates, high
housing prices, and hesitant growth.

Interest rates enter the model through the refinance incentive. As this is
a reduced-form model, this incentive is measured as the difference between the
contracted coupon rate on the mortgage and the prevailing yield on the ten-
year Treasury bond, the “coupon gap”. For a sufficiently high coupon gap, the
borrower will prepay. Lags of the coupon gap are used to account for transaction

costs, and the cube of the coupon gap is included to capture nonlinear effects. One
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of the shortfalls of using the coupon gap as a proxy for the refinance incentive is
that it does not take into account interest rate expectations. Due to transaction
costs, a borrower may delay a refinancing if he expects interest rates to fall in
the future. In a static model it is not possible to account for such expectations
directly. However, the slope of the yield curve, calculated as the difference between
the yields on the ten-year and two-year Treasury bonds, indicates the direction
in which interest rates are expected to move. This factor also controls for the
relative popularity of fixed-rate versus adjustable-rate mortgages.

In addition to refinancing, it is also necessary to account for property sales.
Unfortunately, many of the factors that influence a borrower’s decision to sell his
home, such as preferences, family structure, and personal finances, are unobserv-
able. Instead we include two factors that are correlated with the strength of the
economy and, thus, may lead to higher property turnover rates. These factors are
state productivity, measured as the annual growth rate in gross state product, and
house price appreciation, calculated from the OFHEO House Price Index (HPI)
corresponding to the property’s metropolitan statistical area (MSA). These fac-
tors also account for regional variation in prepayment rates and proxy for worker
mobility. Quarterly dummy variables are included to control for the spring and
summer months in which property sales are high.

One of the benefits of a reduced-form model is the ability to account for hetero-
geneity among borrowers. We would like to observe characteristics of the borrower

that determine available refinancing options. Although many of the relevant bor-
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rower characteristics are unobservable, certain features of the loan can proxy for
these factors. The FICO score is used to measure the borrower’s credit quality,
with higher scores implying better credit. These scores are grouped into five buck-
ets: 750-850, 720-750, 660-720, 620-660, and less than 620. The term and LTV
ratio at origination are included to control for the borrower’s financial flexibility

and preference for debt.

1.3.4 Mortgage Purpose

Previous studies (Stanton (1995), Downing, Stanton, and Wallace (2005),
Dunn and Spatt (2005)) have shown that prepayment rate forecasts from struc-
tural models can be improved by accounting for transaction costs. Dunn and Spatt
(2005), in particular, find that due to transaction costs borrowers may delay an
optimal refinancing if they expect a more profitable opportunity in the future.
The implication is that past mortgage-related choices influence the borrower’s
prepayment decision.

With loan-level data it is possible to observe the purpose for which the current
mortgage was contracted.!® Including dummy variables for standard refinancing,
home purchase, equity refinancing, and employer-sponsored relocation allows the
model to control for the effects of transaction costs, and to account for the bor-
rower’s previous mortgage decisions. It might be that, due to transaction costs, a

borrower who recently purchased his home will display different behavior than a

15Note that this does not reveal whether an observed prepayment on the current mortgage is
due to property sale or refinancing.
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borrower that has owned his home for several years but recently refinanced. It is
also useful to distinguish between a cash-out refinancing and a standard refinanc-
ing. A cash-out refinancing occurs when a homeowner borrows from the equity
in his property by increasing his loan balance. This may be an indication of an
income constraint, or may reduce the refinancing opportunities available to the
borrower in the future.

Figure 1.8 shows the empirical hazard rate functions stratified by mortgage
purpose. Visual inspection reveals that these curves are indeed different. The
Wilcoxon test of equality over strata rejects the null hypothesis that all hazard
rates are identical. There are similarities, however, between the two types of
refinancing and the two types of purchase. A more refined Wilcoxon test also
rejects the null hypothesis that the hazard rate function for home purchase is
the same as that for relocation, but it does not reject the null hypothesis that
the hazard rate function for equity refinancing is the same as that for a standard
refinancing. The results in the following section show that the differences observed
in Figure 1.8 translate into significantly different predictions in prepayment rates

for borrowers with different mortgage purposes.

1.4 Results

Each of the three models discussed above — the Cox proportional hazard
rate model, the log-logistic proportional hazard rate model, and the logit ran-

dom utility model — are estimated using the full sample of fixed-rate mortgages.
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Comparisons are made on the basis of the coefficient estimates, elasticities for con-
tinuous variables, and hazard rate forecasts. Given the theory underlying these
models, we would expect the results to be consistent across the three models, but
this is not the case. The log-logistic proportional hazard rate model and logit
random utility model make similar predictions, but the results of the Cox pro-
portional hazard rate model are quite different, and in some cases are counter
to economic intuition. In the log-logistic model, loan age and the one-month lag
of the coupon gap are the primary drivers for prepayment. In the logit model,
effects are balanced across the continuous variables, making this model a better
tool for capturing borrower heterogeneity. The results in this section lead to the
conclusion that the logit model has better forecasting power than either of the

proportional hazard rate models.

1.4.1 Covariate Effects

The coefficient estimates for each model are shown in Table 1.6. Recall that, in
estimating a Cox proportional hazard rate model, the baseline hazard rate function
is factored out of the model. No explicit form for the baseline hazard rate function
has been assumed for the Cox model. Hazard rate elasticities, reported in Table
1.7, are used to facilitate the comparison between the three models. Since the
elasticity formulas depend on the level of the covariates and, in the case of the
logit model, the forecasted hazard rate, elasticities are calculated individually for

each observation. The values in the table are the averages over all observations.
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The variable that has the strongest effect on the probability of prepayment
in all three models is the coupon gap. In the log-logistic and logit models, the
estimates are consistent with economic intuition; the coefficient on the level of the
one-month lag of the coupon gap is positive, indicating that prepayment is more
likely as the refinance incentive increases. The negative coefficient on the cube
of the one-month lag of the coupon gap implies that the effect of the refinance
incentive levels off as the coupon gap continues to increase. This combined effect
leads to an elasticity of 4.18 under the log-logistic model and 2.52 under the
logit model. This is a significant difference that would lead to deviations in the
mortgage prices derived under the two models. In both models, the effect of the
three-month lag of the coupon gap is positive, but weaker than that of the one-
month lag. This is consistent with the belief that transaction costs have fallen due
to increased competition among originators and innovations in online lending.

The Cox model also predicts a positive relationship between the coupon gap
and the probability of prepayment, but this relationship exists only for the three-
month lag of the coupon gap. The elasticity with respect to the one-month lag
is actually negative. This contradicts the hypothesis that transaction costs, mea-
sured as the time between making the prepayment decision and closing the loan,
have decreased. Contradictory effects are also estimated with respect to the slope
of the yield curve. The log-logistic and logit models predict positive elasticities
with respect to the yield curve slope. This is reasonable because an increase in

the slope of the yield curve is caused by an increase in long term rates versus short
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term rates. In other words, there is an expectation that interest rates will rise,
and borrowers will refinance to lock-in low rates. However, under the Cox model
this elasticity has the same magnitude but is negative. This implies that as the
slope of the yield curve increases prepayment rates decline, a puzzling result.

Differences between the Cox model, and the log-logistic and logit models are
also observed with respect to state productivity. The assumption is that as state
productivity increases greater economic activity leads to more frequent property
sales. This is supported by positive elasticities calculated under the log-logistic
and logit models.! Under the Cox model, however, this effect is negative, which
can also be explained by a feasible argument. When state productivity declines,
higher unemployment causes workers to move out of the state, leading to an
increase in property sales.

The Cox model also predicts effects that are contrary to those of the log-logistic
and logit models for mortgage term, seasonality, and mortgage purpose. The log-
logistic and logit models predict that prepayment rates are higher among lower
term mortgages and mortgages contracted for a standard refinancing. The Cox
model, on the other hand, predicts higher prepayment rates for 30-year mortgages
and mortgages contracted for property sale. The log-logistic and logit models
confirm the hypothesis that prepayment is higher during the spring and summer
months, while the Cox model predicts more frequent prepayment between October
and December.

Most studies that look solely at prepayment do not consider the effects of

16The elasticity under the log-logistic model is low.
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housing prices. However, this factor does play an important role in the prepay-
ment decision through housing equity and affordability. Although housing price
appreciation, as measured by the OFHEO HPI, is not a significant factor under
the Cox model and is weak under the log-logistic model, the logit model predicts
that prepayment rates rise as housing prices increase and borrowers have access
to greater home equity. All three models predict that prepayment is less frequent
among borrowers that are equity constrained through high LTV ratios at origi-
nation, a previous equity refinancing, or an employer-sponsored relocation. The
three models also agree with respect to the borrower’s FICO score which, like
home equity, can influence refinancing opportunities. For all models, the coeffi-
cients on the FICO score buckets, which are similar in magnitude across the three
models, are increasingly negative as the FICO score decreases.

It is interesting to note that the three models agree with respect to credit
quality, which does not differ greatly over the life of a prime mortgage, and differ
substantially in regards to the refinance incentive, which is highly variable over
time. This suggests that the source of the problem may be in the methods used
to incorporate time-varying covariates in a Cox model. Since the log-logistic and
logit models simply exploit the natural structure of the data, it appears that the
integrity of the Cox model is not maintained under time-varying covariates. This
conclusion is supported by observed trends which align with the results of the

log-logistic and logit models.
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1.4.2 Goodness of Fit

In order to fully evaluate the models presented in this chapter, we would like
to make comparisons based on a goodness of fit measure. One possibility is the
likelihood ratio (LR) index, which is calculated by comparing the log-likelihood
function for the fully specified model with the log-likelihood function for a model

in which all the coefficients are equal to zero.

LL
LRIndex =1 — L—Li

A low value for the likelihood ratio index implies that the fully specified model is
not an improvement over the assumption of “no model”. The likelihood ratio index
is reported for each model in the fourth row of Table 1.6. Not surprisingly, the
likelihood ratio index for the Cox model is very low. The likelihood ratio indices
for the log-logistic and logit models are similar, at 0.17 and 0.15, respectively.
While it is useful to have a concise goodness of fit measure, the likelihood ratio
index is just a statistical value, and does not yield sufficient information on the
forecasting ability of the models. A true test of predictive power is how closely the
forecasted hazard rates match the observed prepayment probabilities. Figure 1.9
plots the average forecasted hazard rates for the log-logistic and logit models, and
the empirical hazard rates calculated using the Kaplan-Meier ratio. These values
are plotted against the age of the loan to underscore the time dependence inherent
in each model. All curves are calculated by averaging over observations. The Cox

model is omitted from this comparison because hazard rate predictions are not
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readily available from the partial likelihood estimation used for this model.'”

Despite the similarities between the log-logistic model and the logit model, the
figure shows that the the logit model more accurately predicts observed trends
than the log-logistic model. There is virtually no difference between the predic-
tions of the logit model and the empirical hazard rates below 40 months, the
period over which prepayment activity is highest. In contrast, the values es-
timated by the log-logistic model are as much as eight percentage points higher
than the empirical rates. This is a surprising result because it is generally believed
that proportional hazard rate models are interchangeable with logit models. This
figure shows, however, that forecasts of borrower behavior can be improved sub-
stantially by using a random utility framework that explicitly links the borrower’s
decision process to utility maximization.

One of the reasons the log-logistic model performs poorly is the constraint
placed by the baseline hazard rate function, shown in the bottom panel of Figure
1.9.1® With a shape factor of 1.3, the peak of the baseline hazard rate is at 15
months, which captures only the first hump of the empirical hazard rate func-
tion. In order to optimize the overall fit, which includes high prepayment rates in
months 30 to 40, the forecast of the baseline hazard rate is too high overall.

After 40 months the log-logistic model is a better fit than the logit model,

because the baseline hazard rate function under the logit model is monotonic by

1"The baseline hazard rate could be estimated non-parametrically to generate comparable
hazard rate predictions, but that has not been done in this chapter.

18Note that the scale of the baseline hazard rate functions is lower than we would expect,
because intercept terms have been included in order to make the curves comparable.
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definition, and cannot capture the burnout effect observed under the log-logistic
model. This failure can be remedied by allowing age to enter the logit specification
in a piecewise manner, so that separate coefficients are estimated for each region

of the baseline hazard rate function.

1.5 Conclusion

This chapter presents two alternatives to the Cox proportional hazard rate
model for forecasting prepayment rates of residential mortgages. The focus is
on accurately estimating the effects of loan characteristics and economic variables
within the context of a model that incorporates time-varying covariates. The three
models compared in this chapter are the Cox proportional hazard rate model, a
log-logistic proportional hazard rate model with time-varying covariates, and a
panel data random utility model.

We find that the Cox model performs rather poorly, making predictions with
respect to key factors, such as the refinance incentive, that are contradictory to
those forecasted by the log-logistic and logit models. This is a surprising result
since use of the Cox model is prevalent, and theoretical arguments indicate a strong
similarity between the three models. It appears that, at least for the application
to mortgage prepayment, the Cox model does not properly capture the dynamics
of time-varying covariates, and the results of previous studies using this model
must be questioned.

While the log-logistic and logit models produce similar coefficient and elasticity
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estimates, only the logit model forecasts hazard rates that are in line with the
observed behavior. In addition, the elasticities calculated under the logit model
are balanced across the continuous variables, allowing the model to capture a
higher degree of heterogeneity among borrowers. In the log-logistic model, most
of the explanatory power is attributed to the coupon gap and the baseline hazard
rate function.

This chapter shows that the logit random utility model is a superior framework
for analyzing mortgage prepayment. By using the natural structure of mortgage
data, it is straightforward to incorporate time-varying covariates and account for
censoring. The model properly accounts for time trends and borrower hetero-
geneity, forecasting accurate prepayment rates that can easily be incorporated
into an out-of-sample valuation framework. In addition, a random utility model
presents an alternative structural framework with sufficient flexibility to address
advanced modeling issues such as competing risks and unobserved heterogeneity,
which are integral to an accurate representation of the borrower’s behavior and

will be discussed in the following chapters.
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Table 1.1: Distribution of Loans by Issue Year, Purpose, and Term
Issue Year 2000 2001 2002 2003 2004 2005 All
Percent of Total Sample (103,347 Loans)
13.0 309 177  20.5 5.1 12.8 100.0
Purpose at Origination - Percent by Issue Year
Standard Refinancing 127  39.3 50.3 689 509 219 422
Cash-Out Refinancing 7.1 204 21.0 208 23.0 333 20.7

Property Purchase 554  31.0 179 9.7 224 39.7 28.2
Employer Relocation 24.8 9.2 108 0.6 3.7 5.1 8.9
Total 100.0 100.0 100.0 100.0 100.0 100.0 100.0
Term at Origination - Percent by Issue Year
10-Year 0.07  0.06 019 0.29 029 0.02 0.14
15-Year 10.01 1292 30.74 58.70 54.61 14.84 27.45
20-Year 025 050 088 054 010 0.02 0.46
30-Year 89.27 85.76 67.59 39.81 44.32 84.96 T71.36
Other 0.40 0.76 060 0.66 068 0.16 0.59
Total 100.0 100.0 100.0 100.0 100.0 100.0 100.0

This table shows the distribution of loans by issue year, purpose at origination, and
term. Only a small percent of the fixed-rate mortgages considered in the analysis were
issued in 2004 compared to a more even distribution over the other years. Of the loans
issued in 2000 over 75% were contracted for property purchase - either through a normal
purchase or an employer-sponsored relocation. In contrast, in 2003 nearly 70% of the
loans were contract for a standard refinancing, and over 20% were contracted for a cash-
out refinancing. Prior to 2003 the majority of mortgages issued had a term of 30 years.
15-year loans gained in popularity over 2003 and 2004. Borrowers returned to 30-year
mortgages in 2005.
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Table 1.2: Summary Loan Statistics by Issue Year

Mean Std. Percentiles
Dev. 25 50 75
Coupon Rate at Origination (%)

2000 8.08 0.45 7.75 8.13 8.38
2001 7.17 0.44 6.88 7.13 7.50
2002 6.51 0.42 6.25 6.50 6.88
2003 5.43 0.45 5.00 5.50 5.75
2004 5.46 0.39 5.13 5.50 2.75
2005 5.71 0.32 0.63 5.75 5.88
All 6.47 1.03 5.63 6.5 7.25

Property Appraisal at Origination ($)
2000 520,738 267,535 379,900 452,000 999,900
2001 652,631 359,626 449,000 555,000 735,000
2002 766,351 485,666 500,000 640,000 859,000
2003 935,872 592,247 600,000 775,000 1,100,000
2004 938,365 652,196 575,000 750,000 1,100,000
2005 844,908 531,176 562,500 712,000 951,120
All 769022 504974 483,795 635,000 875,000
Loan To Value Ratio at Origination (%)

2000 75 13 70 80 80
2001 70 14 62 74 80
2002 65 16 5} 68 79
2003 99 16 48 61 72
2004 61 16 49 64 5
2005 67 15 29 71 80
All 66 16 95 69 80

Loan Balance at Origination ($)
All 450,345 165,491 350,000 410,000 510,000
FICO Score at Origination
All 729 48 697 738 769

On average, the loans in the dataset follow the characteristics of jumbo loans. The
average balance is $454,000 and 95% of the loans have a LTV ratio below 80%. Since
these loans are selected for securitization, they display different trends than the overall
mortgage market. Most of the borrowers have excellent credit with 65% having a FICO
score above 720, and just 1% with a FICO score below 620. Over time the dispersion of
the LTV ratio at origination increases, but in the direction of lower LTV ratios. LTV
ratios are lowest for loans issued in 2003. The average appraisal value at origination is
high at nearly $800,000 but ranges from $24,000 to over $16 million. 80% of the loans
are in the range of $300,000 to $1.5 million.
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Table 1.3: Region Definitions

REGION STATES

CA-HI CA, HI

NY-NJ-CT NY, NJ, CT
Midatlantic DC, MD, VA, DE

Texas X

Florida FL

South LA, MS, AL, GA, SC, NC, TN, AR, KY, WV
Lakes IL, PA, OH, WI, MN, MI
Mountain AZ, CO, ID, MT, NM, NV, UT
Northwest OR, WA, AK
Plains/Midwest ND, SD, IN, TA, NE, KS, OK, MO
New England MA, ME, NH, RI, VT

This table lists the region definitions used in the tables and figures that follow. States
have been grouped according to regional proximity and economic similarities. States
with high representation in the sample have been given their own category.

Table 1.4: Distribution of Loans by Region and Issue Year (Percent of Total
Sample)

2000 2001 2002 2003 2004 2005 | Total
CA-HI 3.43 1238 738 1049 241 5.07 | 41.16
NY-NJ-CT 212 363 232 249 055 1.36 | 1247
Midatlantic 1.26  3.02 161 141 042 1.49] 9.21
Texas 091 131 072 0.61 0.13 038| 4.06
Florida 0.44 090 047 048 0.15 0.37| 281
South 098 158 08 079 0.18 0.73] 5.12
Lakes 176 356 196 201 051 1.25]11.05
Mountain 099 194 094 093 026 082| 588
Northwest 037 081 041 046 0.17 052 274
Plains/Midwest | 0.33 0.71 038 044 0.11 0.20| 2.17
New England 0.52 1.07 070 052 013 041] 3.35
Total 13.11 3091 17.75 20.63 5.02 12.60 | 100.0

Since all loans are issued by Wells Fargo, one could expect regional concentration to be
high in states where Wells Fargo has a strong presence and in areas with high housing
prices and hence a large proportion of jumbo loans. Nearly half of the loans come from
California, but the dataset contains loans for properties in all 50 states and the District
of Columbia. States with a strong representation are New York, New Jersey, Maryland,
Virginia, Florida, Minnesota, Illinois, and Texas.
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Figure 1.1: The PSA Standard Prepayment Model
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The PSA benchmark model (also called “100% PSA”) assumes that the prepayment
rate starts at a 0.2% constant prepayment rate (CPR) in the first month following
origination of the mortgage loan (not the pool) and increases 0.2% per month in each
succeeding month. The prepayment rate is assumed to level off at 6% in month 30 and
beyond. The CPR is the annualized equivalent of the single monthly mortality (SMM),
which measures the fraction of the beginning-month pool balance that prepays during
the month.
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Figure 1.2: Empirical Prepayment Function - Kaplan-Meier Ratio by Age
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This figure shows the empirical hazard rate function observed in the data. The curve
is derived by applying the Ramlau-Hansen kernel smoothing technique to the Kaplan-
Meier hazard ratios calculated at each month. The figure illustrates the seasoning
behavior we expect with residential mortgages. The hazard rate increases with age,
peaking at around 40 months, and then falls sharply. This decline in prepayment rates
for seasoned loans, which is not capture by the PSA curves, is known as “burnout”. It
is in order to capture this effect that a log-logistic parametric hazard rate is preferred.
However, for this sample we also observe a dip at around 24 months indicating that it
may be necessary to allow for greater flexibility in the relationship between prepayment
rates and loan age. Figure 1.3 shows that the same trends are displayed at the regional
level. Prepayment rates are slightly lower in California, the New York metropolitan
area, and the South. The greatest deviations from the national trends are in the Great
Lakes region and the Plains/Midwest region. Prepayment rates for the Great Lakes
region fail to peak and are more stable, almost following the PSA convention. On the
other hand, prepayment rates for the Plains/Midwest region are more volatile than for
any other region.



Figure 1.3: Kaplan-Meier Ratio by Age and Region
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Figure 1.4: Historical Stock Market and Interest Rate Trends
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The beginning of this period is marked by a sharp decline in stock market prices in April
2000, propelled by the failure of many of the internet and technology ventures that grew
in the 1990s. This was followed by an increase in the unemployment rate particularly
in the West Coast, New England, and the Mid-Atlantic where many of these ventures
were located. In order to stimulate recovery, the Federal Reserve began easing monetary
conditions in January 2001, and this continued until June 2004, when the federal funds
rate reached a low of 1%. Growth was slow and recovery was not apparent in many
regions until late in 2002. The strength of the economy over this period was largely
due to the growth in housing prices. By 2000 housing prices were already strong as a
result of the expansion stimulated by the growth of the technology sector. When stock
market prices declined, housing prices did not follow.



Figure 1.5: Historical Unemployment Rates (%) by Region
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Figure 1.6: Annual Growth Rate (%) in Real GSP by Region
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Figure 1.7: Annual Growth Rate (%) in the OFHEO HPI by Region
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Figure 1.8: Empirical Prepayment Function - Kaplan-Meier Ratio by Purpose
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Table 1.6: Coeflicient Estimates

Cox Model Log-logistic | Logit Model
Number of Loans 103,347
Number of Observations 1,727,742
Log-likelihood -62,441 -188,519 -237,906
LR Index 0.03 0.17 0.15
5 - 0.022 **F* -
(0.001)
p ; 1.322 ok ;
(0.007)
Intercept - -4.393 K -9.174  FRX
(0.046) (0.046)
Age (Months) - - 0.048 ok
(0.001)
LTV at -0.005 -0.005 -0.006  ***
Origination (0.001) (0.000) (0.000)
Mortgage Term -0.175 ek 0.391 Hok* 0.316 ***
< 30 years (0.030) (0.010) (0.011)
Coupon Gap -0.898 ok 2.143 kE 2.287 kX
(1-month lag) (0.048) (0.020) (0.021)
Coup. Gap 0.010 *** -0.047 R -0.055  *H*
Cubed (1-month lag) (0.002) (0.001) (0.001)
Coupon Gap 1.231 0.219 Fk* 0.046 ***
(3-month lag) (0.042) (0.011) (0.013)
Slope of Yield -0.501  *Hk 0.695 ** 0.586 ***
Curve (1-month lag) (0.019) (0.008) (0.008)
HPI 0.005 0.055 F** 0.023 ***
Appreciation (0.008) (0.003) (0.003)
Baseline FICO: 850 - 750
FICO: 750 - 720 -0.045 -0.051  *H* -0.053 KX
(0.034) (0.010) (0.011)
FICO: 720 - 660 -0.159 -0.175  FE -0.185  ***
(0.031) (0.009) (0.010)
FICO: 660 - 620 -0.433 ek -0.371 -0.409 Fx*
(0.058) (0.015) (0.017)
FICO: 620 - 300 -0.615 ok -0.581 -0.660  ***
(0.095) (0.024) (0.026)

continued on next page

Standard errors are reported in parenthesis.
**% 1% Significance; ** 5% Significance; * 10% Significance



Table 1.6: Coefficients Estimates (continued)

Cox Model Log-logistic | Logit Model

Baseline: Jan - Mar

Apr - Jun -0.103  ** 0.165 H** 0.163 ***
(0.047) (0.011) (0.012)

Jul - Sep 0.076 * 0.160 *** 0.125 ***
(0.046) (0.011) (0.012)

Oct - Dec 1.002 F** -0.022  ** -0.015
(0.039) (0.011) (0.012)

State Productivity -5.385  HHE 5.965 FkF 1.140 Hk*
(0.311) (0.197) (0.220)

Baseline: Standard Refinancing

Equity Refinancing -0.122 ek -0.170  HHE -0.187 kX
(0.034) (0.011) (0.012)

Purchase 0.066  ** -0.067 X -0.077  RxX
(0.034) (0.010) (0.011)

Relocation -0.437  RRE -0.055 -0.327  HHH
(0.050) (0.013)

Standard errors are reported in parenthesis.
% 1% Significance; ** 5% Significance; * 10% Significance



Table 1.7: Average Hazard Rate Elasticities

Cox Model | Log-logistic | Logit Model
Age - 0.547 0.109
LTV at Origination -0.348 -0.358 -0.361
Coupon Gap (1-month lag) -1.436 4.180 2.524
Coupong Gap (3-month lag) 2.414 0.085 0.430
Slope of Yield Curve -0.780 0.867 1.08
HPI Appreciation 0.014 0.064 0.157
State Productivity -0.214 0.044 0.238

50

Each of the three models discussed above — the Cox proportional hazard rate model,
the log-logistic proportional hazard rate model, and the logit random utility model —
are estimated using the full sample of fixed-rate mortgages. Comparisons are made
based on the coeflicient estimates, elasticities for continuous variables, and hazard rate
forecasts. The elasticities reported in this table and the curves shown in Figure 1.9 are
calculated by taking the average over all observations in the dataset.

The log-logistic proportional hazard rate model and logit random utility models pre-
dict similar effects, but, surprisingly, the results of the Cox proportional hazard rate
model are quite different. In the log-logistic model, loan age and the one-month lag of
the coupon gap are the primary drivers for prepayment. In the logit model, the elas-
ticities are more uniform across the continuous variables. This gives the model greater
flexibility to capture borrower heterogeneity, and thus the hazard rate forecasts from
the logit model are closer to the empirical hazard rate function.

The accuracy of the hazard rate function predicted by the log-logistic model is di-
minished because of the constraint placed by the baseline hazard rate. With a shape
factor of 1.3 the peak of the baseline hazard rate is at 15 months which captures only
the first hump of the empirical hazard rate function. After 40 months the log-logistic
model is a better fit. This is because the baseline hazard rate function under the logit
model is monotonic by definition, and therefore cannot capture the burnout effect we
observe. Note that the scale of the baseline hazard rate functions do not follow our
intuition because the intercept terms have been included in order to make the curves

comparable.
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Chapter 2

Focus on Competing Risks

2.1 Introduction

Recent studies of residential mortgages (Deng, Quigley, and Van Order (2000)
and Downing, Stanton, and Wallace (2005)) have extended their analysis beyond
prepayment to include default. They have found that, although default is a rare
event among prime mortgages, it is important through its correlation with pre-
payment. This chapter shows that it is also necessary to consider non-termination
events, such as partial prepayment (curtailment) and delinquency, in order to ac-
curately predict borrower behavior and the corresponding cash flows that enter
the valuation of mortgage-backed securities.

This chapter examines loan-level payment trends for a large set of non-conforming,
prime mortgages issued and securitized between 2000 and 2005. A key feature of
this data is the degree to which borrowers deviate from their amortized payment
schedule, even prior to prepayment or default. As the status of the mortgage
changes, so does the borrower’s decision process. For example, a borrower that

has chosen to curtail his mortgage will have a different attitude towards missing a
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payment than one who is already delinquent. The choice made by the borrower is
influenced by the other alternatives available to him in that period, also known as
the competing risks, and the utility obtained from each alternative. To accurately
model mortgage borrower behavior it is necessary to employ a model that con-
siders an expanded set of mortgage choices, conditions the borrower’s utility on
past decisions, and allows for correlation among the competing risks. This chapter
considers two models that meet these requirements: a multinomial logit (MNL)
model along the lines of that used in the subprime literature, and an ordered logit
(OLG) model that has not been previously used with respect to mortgages.!

In basic hazard rate models, competing risks are estimated independently, with
alternative choices being treated as censored events. By contrast, in contingent
claims models the borrower is assumed to hold a joint termination option that
encompasses both prepayment and default. Han and Hausman (1990) propose a
hazard rate model that allows for correlated competing risks,? thereby addressing
one of the weaknesses of reduced-form models relative to structural contingent
claims models. This model takes advantage of the link between hazard rate models
and discrete choice models discussed in the previous chapter.

The Han and Hausman (1990) model is fundamentally a binomial probit
model, a type of discrete choice model. In many ways, discrete choice models

are superior to hazard rate models because they offer greater flexibility for in-

'Ordered logit models are common in the analysis of survey data and in transportation
science. See, for example, Bhat (1999), Daly and Bierlaire (2006), and Wang and Kockelman
(2005).

2An application of this model can be found in Deng, Quigley, and Van Order (2000).
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corporating elements — such as time-varying covariates, correlated competing
risks, and unobserved heterogeneity — required to accurately characterize the
borrower’s decision process. An implicit use of this type of model is common in
the literature on subprime mortgages (DeFranco (2002), Capozza and Thomson
(2005), Pennington-Cross (2006)).

In the study of subprime mortgages, it is essential to account for delinquency
in addition to prepayment and default. The Han and Hausman model is not
adequate for this type of analysis. First, several of the events under consideration
do not lead to termination of the mortgage, so a model based on the distribution
of survival times is not appropriate. Second, the probit specification is difficult to
implement with a large choice set because of the difficulties that arise in simulation
through a multivariate normal distribution. For these reasons, a multinomial logit
model is often used to study subprime mortgages. The multinomial logit model is
based on a latent process that is abstracted from time, and allows the borrower’s
choice process to be conditioned on past behavior. This is in contrast to a hazard
rate model, where the mortgage is assumed to be current at the beginning of each
time period.

While a multinomial logit model that includes non-termination events has not
previously been applied to prime mortgages, this type of analysis proves to be
useful even for borrowers with good credit. In this chapter, it is shown that bor-
rowers with prime mortgages frequently deviate from their amortization schedule

through curtailment and delinquency. Consequently, a great deal can be learned
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from a model that considers non-termination events and conditions on past behav-
ior. In addition, with a multinomial logit model it is possible to study delinquency
separately from default. This is fundamental for prime mortgages because they
rarely experience default, so it is necessary to model delinquency independently,
perhaps as an income-driven event, rather than as a step towards default.

In this chapter, an ordered logit model is introduced to address several of
the failings of the multinomial logit model. While the latter model provides a
good starting point for tracking a borrower’s behavior over time, it suffers from
two important drawbacks. First, it displays the independence from irrelevant
alternatives (ITA) property, which implies an independence between competing
risks that is not appropriate for mortgages. Second, problems arise with the small
event samples that are often observed with respect to delinquency and default.
While the multinomial logit model has greater flexibility for capturing in-sample
trends, the ITA property is shown to be a serious drawback, leading to predictions
on borrower behavior that are counter to economic intuition.

The next section presents the details of both a multinomial logit model and
an ordered logit model as applied to the analysis of mortgage borrower behavior.
The dataset of approximately 100,000 non-conforming, prime, fixed-rate mort-
gages is discussed in section 2.3 with attention given to the observed payment
trends. Section 2.4 compares the two models on the basis of estimated probability
derivatives and forecasted transition matrices. This chapter concludes that an

ordered logit model is the preferred approach because it accounts for correlation
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between mortgage events, handles small event samples, and provides an intuitive

structural framework for characterizing the borrower’s decision process.

2.2 Models

Most fixed-rate, residential mortgages are amortized by means of equal pay-
ment amounts due in each month of the contracted term. At every payment
period, the borrower must decide whether or not to make the required payment,
pay more than the scheduled amount in order to shorten the duration of the loan,
or pay all of the remaining balance for a full prepayment. If the scheduled pay-
ment is made, the loan is said to be current. If a partial prepayment is made, the
loan is considered curtailed. When a payment is missed the loan is delinquent.

Each month that a mortgage payment is missed the loan falls further into
delinquency, and the creditor can begin foreclosure proceedings when the loan has
been delinquent for more than 90 days. In practice, when a loan is in foreclosure,
the borrower can make up the past due balance or even prepay the loan. Other-
wise, the bank takes ownership of the property and issues a “real estate offering”
(REO) to sell the property. Note that a 90-day delinquency means that three
mortgage payments have been missed, not that the loan has been delinquent for
three months. For example, a borrower may miss one payment and in the next
month continue with the payment schedule, but not make up the missed payment.
The borrower would then be 30 days delinquent for several months, rather than

falling deeper into delinquency.
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The key to modeling the full range of mortgage borrower behavior is to rec-
ognize that the utility space and choice set faced by the borrower change over
time. For example, a borrower that is delinquent will have a different propensity
towards making his mortgage payment than one who is current or curtailed. As a
result, it is important to model non-termination events in addition to prepayment
and default. This is the common practice with studies of subprime mortgages, but
it is also essential among prime mortgages, where it is shown that delinquency is
not as rare as commonly believed. A random utility model presents a convenient
framework for this type of analysis. With a random utility model applied to panel
data it is possible to encompass a large set of competing risks, track sequential

choices, and condition the decision process on past behavior.

2.2.1 Multinomial Logit Model

In order to apply a random utility model to mortgage data, we employ a
procedure known as “episode splitting”. An episode is defined by a start time,
an end time, an origination state, and a destination state, and each episode is
accompanied by a set of covariates. For mortgages we normally define one episode
per month of loan life, and a borrower is assumed to make a choice concerning his
mortgage payment in each episode. Each choice is associated with a latent utility
that is assumed to be a linear function of observed and unobserved factors, which
include loan- and borrower-specific characteristics as well as economic variables.

Factors can be time-varying, such as current interest rates, or constant over time,
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such as the term of the loan.
Since the model tracks a borrower’s behavior over time, the utility function is

conditioned on the status of the mortgage at the beginning of the period.

Usijnt = BijUnt + €ijnt

In this equation, n denotes an individual, ¢+ denotes an initial state, 7 denotes the
destination state, and ¢ represents a given time period. In many discrete choice
applications, the deterministic component of the latent process contains choice-
specific factors. In this model, as is common in mortgage analysis, the factors are
assumed to be the same for all choices from a given initial state.

The borrower is assumed to select the choice in each period that is associated
with the highest utility. The observed choice is denoted by an indicator variable,
Yijnt, that is equal to one if choice j is selected by individual n in time period t,
conditional on being in state ¢ at the beginning of the period. In a static model,
like the one used here, the optimal choice is made in each period independent of
future periods.

Prepayment (j = 0), for example, is chosen when the utility obtained from

this choice is greater than the utility obtained from any other choice.

Yiomt = 1 = Usont > Uit it A Usone > Usg g -+ -

More generally, the probability of a transition from state ¢ to state j is derived
from the joint distribution of the error terms in the latent utility functions. In

this specification, the errors are independent over individuals and over time. If
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we assume, also, that the errors follow an extreme value distribution and are
independent over alternatives, the probability of each choice follows a logit model.

eBijvnt

J
3 ePikvnt
k=0

Pij,nt - PTOb(yij,nt - 1) =

Since the mortgage events faced by a borrower in any given time period are
mutually exclusive, it is important to examine the substitution patterns implied
by the model. As indicated above, the multinomial logit model displays the ITA
property, which implies that the ratio of any two event probabilities does not

depend on any other alternative.

Pijvnt
J
Bitvnt
3 e o
Pij,nt _1=0 o eﬁ” "
Pz‘k,nt Jeﬁik”m eBikvnt

Z eBilvnt

1=0

As an example, imagine that curtailment had not been previously permitted
and is suddenly introduced as a potential choice. Borrowers who would like to
shorten the duration on their mortgage will begin to make larger mortgage pay-
ments, and move away from maintaining their amortization schedule. Under the
ITA property, the same proportion of borrowers is expected to move away from
30-day delinquency towards curtailment in order to maintain a constant proba-
bility ratio between staying current and entering 30-day delinquency. This is not,
however, a reasonable conclusion because it is unlikely that borrowers who were
previously unable to make their mortgage payments would, suddenly, find the
excess income to curtail their mortgage. This demonstrates that a multinomial

logit model may not be an appropriate framework for mortgage analysis because
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there is a strong correlation between alternatives that is not captured owing to

the ITA property.

2.2.2 Ordered Logit Model

An alternative to the multinomial logit model is an ordered logit model. An
ordered logit model is particularly well suited to the analysis of a borrower’s
behavior because all of the relevant mortgage events can be defined relative to
the amortization schedule: prepayment is caused by making a payment equal to
the remaining balance; curtailment is the result of a payment in excess of that
dictated by the amortization schedule; maintaining the schedule requires a fixed
payment in each period; entering delinquency is the result of missing a scheduled
payment; and so on. As a result, the relevant mortgage events, or states, can be

set on a continuum.3

The states are ordered either by the payment required or
by a natural time dependence.

Figure 2.1 illustrates this continuum. The events on either end — prepay-
ment and liquidation — are termination events. To the right of prepayment, the
events range from curtailment to delinquency. 60-day delinquency follows 30-day
delinquency, and 90-day delinquency follows 60-day delinquency. Any loan that
is more than 90 days delinquent, but not yet in foreclosure, is considered to be

in 120-day delinquency. To the right of delinquency are the events as they are

dictated by regulation: foreclosure, REO, and liquidation.

3This term is used throughout to convey fluidity in a borrower’s choice stream. It is not used
in the literal sense of a continuous scale since the choice set is discrete.
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The goal is to model the behavior of the borrower as he moves along the
continuum. A decision is made in every payment period, and each period is
assigned an initial state and a termination state. The borrower can choose to stay
in the same state, for example continue to make the scheduled payments, or he can
choose to move to an alternative state. The borrower is not constrained to move
to an adjacent state, but not all states are available from every initial state. When
the ends of the continuum are reached, the mortgage terminates. From a curtailed
or current state the borrower can choose to move to any point between prepayment
and 30-day delinquency. It is not possible to reach 60-day delinquency during that
payment period. Since the borrower can recover or even prepay from any interior
state, the choice set expands as the borrower falls further into delinquency. From
an initial state of 30-day delinquency the choice set expands to include 60-day
delinquency, at 60-day delinquency the choice set includes 90-day delinquency,
and at 90-day delinquency the choice set includes foreclosure. The full continuum
is available to a borrower that begins the period in a foreclosed state.*

Given an initial state, ¢, all events available over that period are linked by
a single latent utility process, U, ,;, which can be thought of as a propensity
for mortgage payment. The researcher observes a response variable, ¥; ,:, that
indicates which state on the continuum is chosen over that period. A choice
towards the left of the continuum corresponds to a higher value of the latent

process. For J possible choices, the latent process is divided into J contiguous

4In the empirical application, foreclosure is permitted from 60-day delinquency, as well, since
foreclosure regulations vary across jurisdictions.
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segments separated by J — 1 unobserved thresholds. The threshold values are

estimated along with the coefficients.
Vit =7 if ki <Uime <kij, j=0.J—1, kjp=o00kiy=—00

As in the multinomial logit model, the latent utility is assumed to be a linear

function of observed and unobserved factors.
Ui,nt = 6ivnt + Eint

The key difference with the multinomial logit model is that in an ordered logit
model there is a single set of coefficients that links all of the choices available from
a given initial state. It is this dependence on a single utility process that induces
the correlation among choices.

The unobserved component of the latent process is assumed to follow an inde-
pendent extreme value distribution. In a single payment period, the probability

of moving from state ¢ to an interior state j is given by:

Pijnt = Prob(kijy1 < Ui < kij)

= Prob(kij41 — Bivnt < €imt < kij — Bivnt)

_ _Xp (kij — Bivnt) __&Xp (Kijr1 — Bivn)
L+exp (ki — Bivne) 14 exp (kijy1 — Bivpe)

The probability of prepayment is equal to the probability in the right tail.

P = Prob(k; < Ui,nt)

= Prob(kiz — Bivnt < €int)
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_ &Xp (k?iz - ﬁivnt)
1+ exp (kia — Bivne)

Similarly, the probability of the most delinquent event available from state i is

given by the probability in the left tail.
PiJ,nt = Pr0b<Ui,nt < kl])

= Prob(g;nt < kiy — Bivnt)

_exp (ki — Bivm)
1+ exp (kiy — Bivne)

2.2.3 Estimation

Both models are estimated using maximum likelihood. The likelihood function
is derived by aggregating over each borrower the probability of his observed choice
stream. Because this is a static model, the probability of the choice stream is
simply the product of the probabilities of the event observed in each period. By

definition, the initial state in a given period is the choice selected in the previous

period (i; = ji_1).

=
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Since both models are based on a logit model, the likelihood function has a closed-

form solution, and can be estimated using pre-programmed methods available in
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most statistical packages. The differences in the two models enter through the
functional forms of the probabilities. As a consequence, the models are non-nested
and the parameter set is larger under the multinomial logit model, which serves

as an advantage for that model.

2.3 Data

The data used in this chapter is the same as that discussed in the first chapter.
The dataset is made up of loans that serve as collateral for securities issued by
Wells Fargo Mortgage Backed Securities Trust. In accordance with the guidelines
of the trust, all loans are residential, first-lien, non-conforming mortgages issued
by Wells Fargo Home Mortgage. The loans in this dataset are considered “jumbo
loans” because, for the most part, the balance at origination exceeds the con-
forming limit. The source dataset contains loans that correspond to 97 collateral
pools for 157 securities series issued since 2000, and comprise both fixed-rate and
adjustable-rate mortgages. Performance history is available starting in October
2000. The data was obtained from Wells Fargo Corporate Trust Services, which
serves as administrator and trustee to Wells Fargo Mortgage Backed Securities
Trust as well as over 200 other issuers. The data is publicly available and released
by request of the securities issuers.’

The analysis focuses on approximately 100,000 fixed-rate, single-family, owner-

occupied mortgages issued between 2000 and 2005. Summary statistics are re-

5The data was obtained from www.ctslink.com.
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ported in Tables 1.1 and 1.2 (Chapter 1). On average, the loans in the dataset
follow the characteristics of jumbo loans. The average balance is $454,000, 95%
of the loans have a loan to value (LTV) ratio below 80%, 65% have a FICO score
above 720,5 and 42% of the loans were contracted on property in California. Most
of the mortgages have a term of 15 or 30 years. It is important to note that, al-
though the dataset contains a large number of loans with substantial variation in
terms and performance, the loans are selected as members of pools to use in secu-
ritization and, therefore, may display different trends than the mortgage market

at large.

2.3.1 Explanatory Variables

Two of the most important factors for explaining mortgage payment trends
are interest rates and housing prices. Interest rates enter the model through the
refinance incentive. This incentive is measured as the “coupon gap”, which is
defined as the difference between the contracted coupon rate on the mortgage
and the prevailing yield on the ten-year Treasury bond. Lags of the coupon gap
are used to account for transaction costs, and the cube of the coupon gap is
included to capture nonlinear effects. The slope of the yield curve, calculated as
the difference between the yields on the ten-year and two-year Treasury bonds,
indicates the direction in which interest rates are expected to move. Loan age is
included to account for seasoning.

We are also interested in factors that influence delinquency and default. When

SFICO scores measure credit quality on a scale of 300 to 850.
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the value of the property falls below the value of the mortgage, the borrower has
an incentive to stop payment on the mortgage. This incentive is measured by the
current LTV ratio, calculated as the ratio of the current balance to the estimated
current value of the property. The current value of the property is estimated by
applying growth rates calculated from the housing price index that corresponds
to the metropolitan statistical area of the property.”

While delinquency is required for default, delinquency is not necessarily tied
to the value of the property. When a borrower fails to make a mortgage payment,
it is normally due to an income constraint, rather than a conscious decision to
enter into default. Unfortunately, the income and employment expectations of the
borrower are unobserved. State productivity is included to proxy for the strength
of the local economy and control for relative income effects.

To accurately measure a borrower’s refinance incentive, it is necessary to ac-
count for variation in refinancing opportunities. Although many of the relevant
borrower characteristics are unobservable, certain loan characteristics can serve as
proxy variables. These factors are also correlated with a borrower’s propensity for
delinquency, which is one of the key elements originators consider in constructing
menus of mortgage terms. FICO scores are used to measure the borrower’s credit
quality, with a higher score implying better credit. The term and LTV ratio at
origination are included to control for the borrower’s financial flexibility and pref-

erence for debt. With loan-level data it is also possible to observe the purpose

"This index is published by the Office of Federal Housing Enterprise Oversight (OFHEO).
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for which the current mortgage was contracted.® Including dummy variables for
standard refinancing, home purchase, equity refinancing, and employer-sponsored
relocation allows the model to control for the effects of transaction costs, and

account for the borrower’s previous mortgage decisions.

2.3.2 Payment Trends

The state of a loan is defined by comparing the actual balance to the scheduled
balance at the end of the period. This is taken to be the initial state for the
following period’s decision process. If the actual balance is equal to the scheduled
balance, then the loan is current. If the actual balance is less than the scheduled
balance, then the loan is curtailed. Note that a payment in excess of the scheduled
amount is not necessary in every period for the loan to remain curtailed. A
sufficiently large payment in one period may keep the actual balance above the
scheduled balance for several months regardless of the size of the payments that
follow. When the actual balance falls to zero, the loan is prepaid and no further
activity is observed on the loan.

The delinquency status is not determined by how many months the loan has
been delinquent, but by how many months the balance is past due. If the current
balance is greater than the scheduled balance from the previous period, the loan
is at least 30 days delinquent. If the current balance is greater than the scheduled

balance from two months prior, the loan is at least 60 days delinquent, and so on

8Note that this does not reveal whether an observed prepayment on the current mortgage is
due to property sale or refinancing.
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for 90 and 120 days delinquent. Any delinquency above 120 days is labeled as a
120-day delinquency. Under this definition, a borrower that misses one payment
and then resumes making his scheduled payments without making up the missed
payment will remain at 30-day delinquency for several periods.’ Bankruptcy,
foreclosure, REO, and liquidation are assigned by a code available in the raw
data. The code changes over time tracking the progression to default.

Bankruptcy is not usually studied with respect to mortgages, but it is rele-
vant to the mortgage decision because homestead protection can be used by the
borrower to delay a foreclosure on his home. Since the dataset contains informa-
tion on whether a loan is in bankruptcy, the ordered choice model can be used to
determine the effect of bankruptcy on the mortgage decision. On the continuum
of choices this event is placed between 120-day delinquency and a foreclosure. A
bankruptcy is an extreme event so a borrower would most likely be delinquent
for several months before making the decision to enter bankruptcy. On the other
hand, bankruptcy delays a foreclosure so we can assume that, for the borrower,
bankruptcy is preferred to foreclosure.

Table 2.1 shows the percentage of the 103,347 loans that enter a non-current
state for at least one period. Two-thirds of the loans prepay prior to the end of
the five-year observation period, and only 0.3% default. A default is defined as a

liquidation, or a prepayment from a state that is to the right of 60-day delinquency

9Tt is assumed that a borrower must pass through 30-day delinquency before entering 60-
day delinquency, that a borrower must pass through 60-day delinquency before entering 90-day
delinquency, and so forth. In this way, accumulated interest cannot cause a borrower to jump
from 30-day to 90-day delinquency or from 60-day to 120-day delinquency.
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on the continuum. Nearly all the loans issued prior to 2003 have been prepaid.
This is in contrast to only 30% prepayment among the loans issued in 2003, the
year interest rates fell to their lowest point. Perhaps surprisingly, loans issued
in 2003 have the highest frequency of curtailment at 53% in contrast to the 42%
experienced by the loans overall.

While 35% percent of the loans enter 30-day delinquency, only 4% progress
to 60-day delinquency. The proportion of loans entering 90-day and 120-day
delinquency is even lower at 1.7% and 0.4%, respectively. Delinquency appears to
be more common among loans issued in 2000 and 2005, possibly indicating poor
economic conditions for housing investment during those years. Small numbers
of loans experience bankruptcy (146), foreclosure (250), or REO (55). While
these are small subsamples compared to the total sample of 103,347 loans, this is
consistent with the expected frequency of default events, which are not common
because of high transaction costs. In addition, the incentive to default is expected
to be low during a period of rapid growth in housing prices. By using an ordered
logit model it is possible to account for small event samples better than with
a hazard rate model or a multinomial logit model because the sample used in
estimation is determined by the initial state, not the termination state.

One of the features of the observed payment trends is a high degree of persis-
tence in the same state. As an example, the histograms in Figure 2.2 show profiles
of the spell length among borrowers that experience curtailment or 30-day delin-

quency.’? Spells of curtailment are generally long: over 75% of the borrowers that

10Percentages are taken with respect to all loans that have a spell in the target state of at
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curtail are in this state for four months or more. By contrast, about 60% of the
borrowers that enter 30-day delinquency remain in this state for three months or
less, although a good number experience longer spells. The loans in this dataset
also exhibit incidences of recurrence. Delinquent loans that recover after a few
periods may fall into delinquency again, and curtailed loans may become current
but revert to curtailment at a later date.

Table 2.2 provides information on such patterns of persistence and recurrence.
It shows the average and maximum spell lengths for each event, as well as the
average and maximum number of spells over the life of a loan. The average spell of
curtailment is long at 11 months, and on average loans that curtail experience more
than one spell of curtailment. The average length of a spell of 30-day delinquency
is three months, while the average frequency of spells is two, greater than for any
other event. The average spell length for 60-day and 90-day delinquency is short,
only one month, largely because recovery from these events is quite high. Loans
may spend several months in REO as the sale proceedings are concluded, while
the long spells observed for 120-day delinquency reflect the practice of keeping
loans in this category until foreclosure is declared.

A loan is defined to be in “recovery” if it reverts to a current, curtailed, or
30-day delinquency status at some point after the first instance of a delinquency

event. Recovery rates are reported in the last column of Table 2.2.!1' Nearly

least one month.

UPrepayment from a delinquent state is not considered a recovery. Recovery from 30-day
delinquency is defined as a move to a current or curtailed state only. The recovery rates reported
do not take into account a potential relapse into delinquency after recovery.
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70% of the loans that enter 30-day delinquency recover from the first spell of this
event. Recovery is also high for loans that enter 60-day delinquency, 43%. Even
recovery from more severe delinquency is relatively frequent with rates of 24%
for 90-day delinquency, 33% for 120-day delinquency, and 36% for foreclosure.
This indicates that severe delinquency, even foreclosure, may not lead to the
loss of principal in the case of prime mortgage loans, a clear departure from the

delinquency experience of subprime mortgages.

2.4 Results

The estimation results from both the multinomial logit model and the ordered
logit model provide evidence to support the claim that it is important to model
non-termination events, and to condition the choice set and the utility space
on the state of the mortgage at the beginning of the payment period. Tables
with parameter estimates can be found in the Appendix. In a multinomial logit
model, there is a separate utility function for each transition. As a result, the
coefficients of the model are specific to the destination state as well as the initial
state. In an ordered logit model, by contrast, a single set of coefficients links
all of the destination states available from a given initial state, and threshold
parameters are used to determine the utility associated with the optimal choice.
This distinction is a key element to the comparison of the two models. A higher
degree of parameterization gives the multinomial logit model greater flexibility to

capture heterogeneity among borrowers, but the utility specification in the ordered
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logit model encompasses correlation between competing risks that is essential to
accurately model the borrower’s decision process.

Under both models the coefficients are different across initial states, indicating
that the utility space varies with the choices made by the borrower in previous pe-
riods. A likelihood ratio statistic is used to test whether the coefficients are jointly
equal to zero. For all initial states the null hypothesis is rejected, confirming the
overall significance of the specification. The significance of individual coefficients
differs markedly over the initial states. For the states most likely to be represented
in hazard rate models for prepayment (curtailed, current, and 30 days delinquent),
most of the factors are significant. As the states enter further into delinquency,
however, fewer and fewer of the explanatory variables remain significant. This
outcome could simply be a matter of sample size, a greater number of observa-
tions fall into the non-delinquent states leading to smaller standard errors, or it
could be an indication that delinquent borrowers are mostly influenced by factors
that cannot be observed, such as income expectations and wealth flexibility.!?

Tables 2.3 through 2.12 show the average estimated derivatives for each transi-
tion event, with respect to the covariates. These derivatives are used to facilitate

comparison between the two models. The formulas for the derivatives are given

12The low significance among the delinquent states is not because borrowers in those states
tend to move towards more severe forms of delinquency rather than towards prepayment, where
the factors considered may be more relevant. Indeed, empirical probabilities show that a bor-
rower in 90-day delinquency is just as likely to prepay as a borrower who is current. It is true,
however, that the factors influencing a prepayment will be different for those two borrowers.
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Since these formulas depend on the covariate values and are, therefore, observation
specific, the tables show the average over all the observations that fall into a
given initial state. Since the events in the choice set are mutually exclusive, the
transition probabilities must add up to unity and the derivatives with respect to a
single variable must add to zero. The results below focus on the tradeoff between
transition probabilities. If a given factor has a positive effect on the probability
of prepayment, i.e. a positive probability derivative, the probability of another
event must decrease. The tradeoff between event probabilities is determined by the
definition of the event continuum in the ordered logit model. In the multinomial

logit model, the this tradeoff is driven by the ITA property.

2.4.1 Transition From a Current Status

Transition from a current state is the most common event, and is the fo-
cus of the majority of studies that look at prime mortgages. Table 2.3 reports

the probability derivatives estimated for loans that begin the period in a current

13The expression given for the ordered logit model corresponds to an interior event. Similar
equations can be derived for the events on the end of the continuum.
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state. Under both models the LTV ratio at origination has a positive effect on
prepayment and curtailment, and has a negative effect on remaining current and
entering 30-day delinquency. Borrowers with higher LTV ratios at origination
carry a higher loan burden and gain the most from refinancing. This is also the
cause of the positive correlation between the mortgage term, and the probability
of prepayment and curtailment. On the other end of the spectrum, borrowers with
lower LTV ratios tend to have greater financial stability and are, thus, less likely
to fall into delinquency. The contemporaneous LTV ratio, on the other hand, has
a negative correlation with prepayment and curtailment, and a positive correla-
tion with staying current and entering 30-day delinquency. This indicates that,
controlling for the LTV ratio at origination, borrowers with higher contempora-
neous LTV ratios are less likely to prepay and more likely to fall into delinquency;,
perhaps because of a slower rate of property appreciation or previous episodes of
delinquency.

The pairing of prepayment with curtailment versus staying current and enter-
ing 30-day delinquency is a natural result of the ordered logit model. When a
borrower is current, prepayment and curtailment require a payment that is larger
than the scheduled amount. Staying current or entering 30-day delinquency re-
quire making a payment that is equal to or less than the scheduled amount. When
there is a shift in a covariate that increases the utility associated with making a
mortgage payment, the borrower will move towards prepayment or curtailment

and away from delinquency and staying current. Although this tradeoff struc-
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ture is not inherent to a multinomial logit model, the pairing of the effects for
prepayment and curtailment versus the effects for staying current and entering
30-day delinquency are observed under the multinomial logit model for the LTV
ratio at origination, the contemporaneous LTV ratio, and the mortgage term.
However, for several key factors the probability derivatives are different for the
two models, leading to a different tradeoff structure under the multinomial logit
model than under the ordered logit model, and implying different predictions in
borrower behavior.

The factor that has the largest effect on the probability of prepayment is
the one-month lag of the coupon gap. As interest rates fall the coupon gap
widens and borrowers can minimize their mortgage costs by refinancing. Under
the multinomial logit model, an increase in the coupon gap also leads to an increase
in the probability of entering 30-day delinquency, which raises questions as to the
adequacy of the multinomial logit model. These increases are offset by a decrease
in the probability of remaining current, which is the reference category. There is
no effect on the probability of curtailment under the multinomial logit model.

Under the ordered logit model, an increase in the coupon gap leads to in-
creases in the probabilities of prepayment and curtailment, which are offset by a
decrease in the probabilities of staying current and entering 30-day delinquency.
The predictions made under the ordered logit model indicate that the other fac-
tors associated with interest rates, namely, the three-month lag of the coupon gap

and the slope of the yield curve, have similar effects to the one-month lag of the
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coupon gap, but with smaller magnitudes. Under the multinomial logit model,
these factors have a positive impact on both the probability of prepayment and
curtailment while having little effect on the probability of entering 30-day delin-
quency.

An interesting factor to examine is the purpose for which the current mortgage
was contracted. This is not an indicator of why a prepayment may be triggered,
but rather a way to condition on past behavior. In particular, this factor allows
the model to control for the circumstances of the borrower’s last prepayment.
Under both models the probability of prepayment is lower, and the probability of
30-day delinquency is higher for borrowers whose current mortgage was contracted
for an equity refinancing rather than a standard refinancing. This may be because
a reduction in home equity will limit future refinancing opportunities, or point to
an income constraint that could contribute to an increase in the probability of
becoming delinquent. Under the ordered logit model, a borrower who recently
purchased his home is more likely to prepay than a borrower who recently refi-
nanced. This is consistent with previous studies (Dunn and Spatt (2005)) that find
that transaction costs delay multiple refinancing. Under the multinomial model,
however, home purchase is associated with a lower probability of prepayment than
a previous refinancing.

Transition to 30-day delinquency is driven primarily by poor credit quality.
Under both models the probability of 30-day delinquency increases as a borrower’s

FICO score decreases. Borrowers with poor credit, a FICO score below 660, are
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less likely to prepay, curtail, or stay current, indicating a strong propensity to-
wards delinquency. Low FICO scores are also associated with a reduction in the
probability of prepayment because borrowers will face fewer refinancing opportu-
nities. Under the ordered logit model, borrowers with lower FICO scores are also
less likely to curtail their mortgage. This is a reasonable result because a lower
FICO score suggests a disinclination towards timely payment of liabilities and a
preference for debt. The multinomial logit model, however, predicts no relation-
ship between a decrease in FICO scores and the probability of curtailment.

While some of the differences between the multinomial logit model and the or-
dered logit model are inconsequential, other differences are quite puzzling. For ex-
ample, we would expect credit quality to have some relationship with the propen-
sity for curtailment as is predicted by the ordered logit model. Another difference
between the two models is found with respect to property appraisal. Under the
ordered logit model, higher property appraisal implies a higher probability of
curtailment, which is reasonable if we believe that this factor proxies for higher
income. The multinomial logit model, by contrast, predicts a lower probability of
curtailment to be associated with higher property appraisal.

These differences are a consequence of the substitution patterns underlying the
models. In the multinomial logit model, due to the ITA property, the probability
ratios of two alternatives are independent of any other choice. A change in a
factor that contributes to one or two events (e.g. property appreciation, which

has a positive effect on the probability of prepayment and a negative effect on
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the probability of 30-day delinquency under both models) will be predicted to
affect a third event (in the example, curtailment) in such a way as to preserve
the independence between alternatives, rather than with any regard to the true
economic effect of that factor. In the order logit model, by contrast, there is an
explicit correlation between alternatives. Similar choices, such as prepayment and

curtailment, will be predicted to exhibit similar effects.

2.4.2 Transition From a Curtailed Status

For loans that are curtailed at the beginning of a period, the probability trade-
off structure for the ordered logit model is centered around curtailment itself. A
borrower that is in curtailment at the beginning of the period can remain in
curtailment by simply making the scheduled payment; falling back to a current
or 30-day delinquent status requires making a payment less than the scheduled
amount. Only prepayment requires a payment larger than the scheduled amount.
Under the ordered logit model, the factors that increase the refinance incentive,
such as the coupon gap and the slope of the yield curve, only have a positive
effect on the probability of prepayment. The probabilities of maintaining a cur-
tailed status, returning to a current status, and entering 30-day delinquency move
together and opposite to the probability of prepayment.

Table 2.4 reports the probability derivatives estimated for loans in a curtailed
state. For the ordered logit model, the effects on the probability of prepayment

are similar to those predicted for loans in a current state. The LTV ratio at orig-
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ination, the property appraisal at origination, the coupon gap, the slope of the
yield curve, and the mortgage term all have a positive effect on the probability of
prepayment. The contemporaneous LTV ratio, the FICO score, and the first quar-
ter dummy variable all have a negative effect on the probability of prepayment.
The magnitude of the derivatives on the probability of prepayment are larger for
loans in a curtailed state than in a current state. This suggest that by curtailing
the borrower may have compensated for transaction costs that had prevented a
prepayment from a current state. This result indicates that curtailment may be
a strong signal for prepayment.

An interesting difference between the results from a current and curtailed
status is that from a curtailed status age has a significant effect, increasing the
probability of prepayment. From a current status age was not a significant factor.
Another difference is that all mortgage purposes — equity refinancing, purchase,
and relocation — have a lower probability of prepayment than a standard refi-
nancing. This is consistent with the results observed under the multinomial logit
model.

For loans that begin the period in a curtailed state, as with current loans,
the substitution patterns under the multinomial logit model do not match those
observed under the ordered logit model. For many of the key variables — age,
property appraisal, the coupon gap, slope of the yield curve, and mortgage term
— an increase in the probability of prepayment is offset primarily by a decrease

in the probability of maintaining a curtailed status. For the LTV ratio at origina-
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tion and the contemporaneous LTV ratio, the probability derivatives match those
observed for loans in a current status. A higher LTV ratio at origination implies
higher probabilities of both prepayment and curtailment, and lower probabilities
of staying current and entering 30-day delinquency, while a higher contemporane-
ous LTV ratio leads to a lower probability of prepayment and curtailment.

A puzzling result, which may be linked to the influence of the ITA property, is
that under the multinomial logit model the borrower’s FICO score has no effect on
the probability of prepayment from a curtailed state. This result raises questions
because it is commonly believed that FICO scores are one of the key factors that
originators consider when determining mortgage terms and rates. As a result, we
would expect lower FICO scores to reduce the refinancing opportunities available
to the borrower even though he has curtailed his loan. It is possible that the
increase in home equity caused by the curtailment compensates for lower credit
quality, but it is not likely that an originator of a prime mortgage would overlook

a truly bad FICO score.

2.4.3 Transition From 30-Day Delinquency

While 35% of the loans enter 30-day delinquency, only 4% go on to 60-day
delinquency. The dominant propensity is for a borrower to miss a payment in one
month, and then resume his payment schedule in the following month. Over a one-
month period nearly 60% of the borrowers in 30-day delinquency will continue in

that state, and this probability increases with age. One of the hypotheses behind
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this trend is that, when borrowers find themselves in delinquency, they may choose
prepayment as a way of resolving a liability they can no longer handle. However,
the results reported in Table 2.7 show that for the ordered logit model an increase
in the coupon gap leads to a decrease in the probability of prepayment from 30-day
delinquency. This suggests that prepayments observed from 30-day delinquency
may not be the result of refinancing but rather property sale.

Evidence supporting the hypothesis that borrowers in 30-day delinquency may
turn to prepayment in order to resolve a liability they cannot handle is given by
the effect of the borrower’s FICO score. Under the ordered logit model, borrowers
with good (750-660) credit are more likely to prepay or curtail their mortgage
than borrowers with excellent (850-750) credit. Borrowers with good credit are
also less likely to remain in delinquency than borrowers with excellent credit. For
borrowers with poor credit (below 660) the expected results hold, i.e poor credit
leads to an increase in the probability of delinquency. For current and curtailed
loans, by contrast, any reduction in credit rating leads to a lower probability of
prepayment and a higher probability of delinquency. A possibility is that bor-
rowers with excellent credit, who find themselves in delinquency, have greater
financial flexibility for generating the funds to make up missed payments and do
not need to sell their property to recover. It could also be that borrowers with
good, but not excellent credit, are delinquent in other liabilities in addition to
their mortgage. They may have a greater need to sell their property or otherwise

adjust the terms on their mortgage.
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It is not unreasonable to suppose that a borrower in 30-day delinquency, which
is not a severe credit event, can refinance to a mortgage with terms that are more
manageable. This is particularly true in an environment of high housing prices,
when such borrowers may face mobility constraints, and during periods of low
interest rates, when increased competition among mortgage originators might ex-
pand the refinancing opportunities available to a delinquent borrower. Table 2.5
shows that, under the multinomial logit model, there is a positive relationship
between the coupon gap and the probability of prepayment for loans in 30-day
delinquency. This result suggests that refinancing opportunities may, in fact, be
available for borrowers in delinquency. In addition, both the ordered logit model
and the multinomial logit model predict that an increase in the slope of the yield
curve will lead to an increase in the probability of prepayment, curtailment, and
staying current, and a decrease in the probability of falling further into delin-
quency. For loans that are in delinquency, the slope of the yield curve may be a
better proxy for the refinance incentive than the coupon gap.'*

As was seen with respect to current and curtailed mortgages, for loans that
begin the period in 30-day delinquency, the multinomial logit model and the
ordered logit model agree on the effects of both the LTV ratio at origination and
the contemporaneous LTV ratio. Controlling for the LTV ratio at origination, a

loan with a higher contemporaneous LTV ratio will be more likely to remain in

14We could also consider this to be a delinquency effect. An inverted yield curve is a signal
for a recession, and so the slope of the yield curve may be correlated with income uncertainty.
Since state productivity has little effect under either model, it is possible that the slope of the
yield curve is a better indicator of economic conditions.
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delinquency under both models. This could represent a higher loan burden, or
the effects of housing depreciation. However, over this period such an effect is
more likely to represent a long spell in a delinquent state, since housing prices are
consistently appreciating.

For loans in 30-day delinquency, the negative consequences of the ITA property
are particularly strong. A decrease in the FICO score leads to an increase in
the probability of entering 60-day delinquency and an increase in the probability
of curtailing the loan. These positive effects are offset with a decrease in the
probability of recovering to a current status; there is little effect on the probability
of remaining at 30-day delinquency. It seems doubtful that a borrower with poor
credit would be equally likely to miss an additional payment as to receive sufficient
extra income to, not only recover, but actually curtail their mortgage. Another
puzzling result is that an increase in the coupon gap leads to a very large increase
in the probability of staying in 30-day delinquency, offset almost entirely by a
decrease in the probability of recovering or entering 60-day delinquency, two very
different events. This is further evidence that the substitution patterns implied by
the multinomial logit model may not be appropriate for the analysis of mortgage

payment trends.

2.4.4 Transition From Severe Delinquency

Since it is observed that most loans recover from 30-day delinquency, it is not

accurate to consider these results to be representative of delinquent loans. Loans
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that are in 30-day delinquency do share certain characteristics with delinquent
loans, but mortgages in 60-day delinquency are more relevant for understanding
the trends that lead to severe delinquency and ultimately default. A borrower
that is 60 days delinquent faces the critical choice of whether to pay off the past
due amount or enter 90-day delinquency and be threatened with foreclosure.

Table 2.6 shows that, under the multinomial logit model, for loans that are in
60-day delinquency, only age, the coupon gap, the mortgage term, the quarterly
dummy variables, and the indicator for relocation are relevant to the probability
of prepayment. Comparing with Table 2.8, the only factor that has the same effect
on the probability of prepayment under the two models is the coupon gap. This
indicates that borrowers who are 60 days delinquent are quite interest-rate sensi-
tive. The models do agree, however, on the factors that influence a borrower to
enter 90-day delinquency. The one-month lag of the coupon gap, the slope of the
yield curve, and the mortgage term all have large negative effects on the probabil-
ity of entering 90-day delinquency. Borrowers with good, but not excellent credit,
and borrowers whose current mortgage was contracted for relocation, have lower
probabilities of entering 90-day delinquency and staying in 60-day delinquency.
The only factors that contribute to an increase in the probability of entering 90-
day delinquency are an increase in the three-month lag of the coupon gap and the
fourth quarter dummy variable. There is little agreement between the two models
as to what may cause a borrower to recover from 60-day delinquency.

Tables 2.6 and 2.8 also show the derivatives for the probability of foreclosure
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from 60-day delinquency. However, the significant results that are observed appear
to be a result of the model’s substitution pattern, rather than true effects. An
event that has not been discussed up to this point is bankruptcy. It is assumed
that bankruptcy can be entered from any initial state. However, since it is not
truly a mortgage event, we find that few of the factors considered in the analysis
have any effect on the probability of entering bankruptcy.

A serious drawback of the multinomial logit model is that it cannot handle
small event samples. In this analysis, the multinomial logit model was not able to
estimate coefficients for any state below 60-day delinquency, because of a quasi-
complete separation of data points. A quasi-complete separation means that there
is a linear combination of the covariates that separates the response variables into

unique regions:!°

Y < ¢y =1

o=y =cr iy =1

Y =eyiyy=1

In such cases, the parameter estimates approach infinity, and the log-likelihood
function diminishes to a non-zero constant. This is problematic because in the
study of mortgages it is very important to use a model that can handle small event
samples. Delinquency and default are not frequent events, but it is advantageous
to accurately forecast the likelihood of these events since their occurrence has

serious consequences for the borrower, originator, and investor.'

15 A complete separation is defined by a strict inequality.
16This has played out to dire results in the subprime market. Between 2000 and 2005 there
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One of the advantages of an ordered logit model is its ability to handle small
event samples. This benefit is realized because the limiting constraint on the
sample size is determined by the number of observations in the initial state, not
the termination state.!” Tables 2.9 through 2.12 report the probability derivatives
for transition from a state below 60-day delinquency under the ordered logit model.
For loans that are in 90-day delinquency, the relevant factors are the one-month lag
of the coupon gap, the slope of the yield curve, the contemporaneous LTV ratio,
and the term of the mortgage. At 120-day delinquency the transition probabilities
are influenced by loan age, the property appraisal at origination, and the one-
month lag of the coupon gap. While age has a positive effect on the probability of
recovery, versus falling deeper into delinquency, property appraisal at origination
has a negative effect. Loans in bankruptcy are more likely to prepay as the coupon
gap falls and the slope of the yield curve rises. For loans in foreclosure, the
only significant factors are the slope of the yield curve and the contemporaneous
LTV ratio. It is important to note that, since most of the factors that affect
delinquency and default are unobserved, these significant factors are likely to

proxy for economic shocks that are not directly accounted for.

were few defaults, even among subprime mortgages, due to rising housing prices. A model that
was unable to handle small event samples would be unable to predict the dramatic increase in
foreclosures that occurred when housing prices began to fall.

17Tn a multinomial logit model, since a separate utility function is estimated for each transition,
the limiting constraint is determined by the number of observations that transition to the state
in question. For an ordered logit model, only a single utility function is estimated from a given
initial state; the estimation procedure is affected only by the number of loans in that initial
state, not by how many loans transition to each event.
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2.4.5 Forecasted Transition Probabilities

A feature of models that consider non-termination events is the ability to
forecast transition matrices. A transition matrix is made up of the probabilities
of all potential transition pairs at a given point in time. Under the Markov
property the transition matrices for an individual can be multiplied together to
generate the probability of a borrower’s choice stream. This is useful in predicting
the payment path of an individual over time, and is essential for accurate pricing
algorithms.

Figures 2.3 through 2.8 graph the average forecasted transition matrices strat-
ified by loan age. Despite the differences observed in the derivative estimates
between the multinomial logit model and the ordered logit model, the forecasted
transition probabilities are quite similar. While both models track the empirical
probabilities relatively well, the multinomial logit model generates predicted tran-
sition probabilities that are closer to the observed values. This may be a result
of a higher degree of parameterization in the multinomial logit model, which pro-
vides this model with greater flexibility for matching in-sample trends. However,
this feature must be weighed against the negative effects of the ITA property.

Although the ordered logit model has fewer parameters, it has a distinct para-
metric feature that is not available in a multinomial logit model: the threshold
parameters. These parameters define the favorable substitution patterns observed
under the ordered logit model, and impose the correlation between competing

risks that is necessary for accurately modeling the borrower’s decision process.
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While the multinomial logit model may be more accurate with respect to in-
sample probabilities, the discussion in this section suggests that the multinomial
logit model is fundamentally misspecified, and that an ordered logit model may
perform better out-of-sample, where economic conditions will differ from those

observed in-sample.

2.5 Conclusion

This chapter compares a multinomial logit model with an ordered logit model.
Both models, based on a random utility framework, have the capability to model
the full range of borrower behavior, including non-termination events, and to con-
dition the borrower’s utility space on past choices. The results in this chapter show
that the borrower’s response varies significantly with the status of the mortgage,
and confirm the importance of tracking a borrower’s behavior over time.

Under the multinomial logit model, a separate utility function is defined for
each transition, granting the multinomial logit model the flexibility to capture the
variation observed in in-sample probabilities. Although the ordered logit model
has a more constrained parametrization, it has the distinct advantage of account-
ing for correlation between the mortgage events. This chapter finds that this is
a fundamental aspect of properly modeling the borrower’s decision process, and
that, as a result, the ITA property is a severe drawback of the multinomial logit
model.

An interesting result of this chapter is that it is valuable to study delinquency
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separately from default. Although delinquency is closely tied to default, delin-
quency is really an income-driven event. This chapter shows that delinquency
does not necessarily lead to default, and that delinquent behavior has as much
bearing on the probability of prepayment as it does on the probability of default.
This result highlights an additional failing of the multinomial logit model, prob-
lems with small event samples. Although severe delinquencies are infrequent, it
is necessary to consider them in an analysis of borrower behavior. An ordered
logit model is better able to handle small event samples, and the straightforward
structure of an ordered logit model makes it attractive for dealing with other

complexities of borrower behavior.
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Table 2.1: Number of Loans that Enter a Non-Current State

91

Issue Year 2000 2001 2002 2003 2004 2005 All
Prepayment 13,293 31,721 16,766 6,265 740 219 69,004
99.3% 99.2% 91.5% 29.6% 14.1% 1.7% 66.8%

Curtailment 4947 13,294 7,990 10,987 2472 3,352 43,042
37.0% 41.6% 43.6% 51.8% 47.1% 254% 41.7%

30-Day Delinquency 6,496 12,498 5213 5,908 1,243 4,442 35,800
48.5% 39.1% 28.4% 27.9% 23.7% 33.6% 34.6%

60-Day Delinquency 733 935 274 229 40 2,171 4,382
5.5% 2.9% 1.5% 1.1% 0.8% 16.4% 4.2%

90-Day Delinquency 178 251 78 65 3 1,126 1,701
1.3% 0.8% 0.4% 0.3% 01% 85% 1.7%

120-Day Delinquency 100 152 51 34 3 104 444
0.8% 0.5% 0.3% 02% 01% 0.8% 0.4%

Bankruptcy 31 60 24 21 6 4 146
0.2% 0.2% 0.1% 0.1% 0.1% 0.03% 0.1%

Foreclosure 69 125 36 24 2 256
0.5% 0.4% 0.2% 0.1% 0.02% 0.3%

REO 19 29 5 2 55
0.1% 0.1% 0.03% 0.01% 0.1%

Default * 97 140 38 7 1 283
0.7% 0.4% 0.2% 0.03% 0.02% 0.3%

* Default is defined as a loan that is liquidated or prepays when the status is 90-
day delinquency or below.

This table shows the number of loans that enter the listed event for at least one period.

Percentages are based on the total number of loans issued in the year displayed at
the top. 67% of all loans prepay prior to the end of the five-year observation period.
This percentage is above 90% for loans issued prior to 2003. While this suggests very

short mortgage lives, it is not surprising since the lowest point for interest rates was

in 2003. There is also substantial curtailment and delinquency activity. Curtailment is

most common for loans issued in 2003 and 2004 the years with the lowest delinquency

behavior. 35% of the loans enter 30-day delinquency at some point over the observation

period. However, this event is not linked to further delinquent behavior as only 4% of

the loans enter 60-day delinquency, and only 0.3% terminate in a delinquent state.
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Table 2.2: Average Spell Length and Count
Spell Length (Months) Spell Count % Recover

Avg. Max. Avg. Max
Curtailment 11 47 1.3 12 -
30-Day Delinquency 3 38 2 14 69
60-Day Delinquency 1 25 1.3 11 43
90-Day Delinquency 1 23 1.2 7 24
120-Day Delinquency 5) 35 1.2 7 33
Bankruptcy 6 30 1.1 3 -
Foreclosure 3 18 1.2 6 36
REO 5 17 1 1 0

This table shows the average and maximum length of spells experienced by the borrow-
ers. It also shows the average and maximum number of spells. Spells for curtailment
and 30-day delinquency are longer than one month, on average. For all events, other
than REO, the average count is greater than one. This indicates that borrowers regu-
larly move in and out of a current state. Recovery is defined as a loan that achieves a
current, curtailed, or 30-day delinquency status at some point after the first instance of
a serious delinquency event. A prepayment from a delinquent state is not considered
a recovery. For 30-day delinquency, only a transition to a current or curtailed state
is counted as a recovery rate. These calculations do not take into account a potential
relapse into delinquency after the recovery event. Recovery from the first instance of a
delinquent event is high, even for foreclosure. In contrast with subprime mortgages, it
appears that borrowers of jumbo mortgages have the facility to avoid default.
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Figure 2.2: Total Number of Months Loans are Curtailed or in 30-Day Delinquency
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These histograms graph the total number of months a loan spends in a curtailed state
or in 30-day delinquency. Only loans with spells of at least one month are considered.
Spells of curtailment are naturally long. A curtailed state is intended to be a permanent
state since returning to the amortization schedule after a spell of delinquency eliminates
the benefit obtained in previous periods. On the other hand 30-day delinquency is an
event with shorter spells. The borrower will want to return to a current status as soon
as he is able to make up the missed payments.
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Figure 2.3: Transition Probabilities by Age(months) - From Current
The probability of maintaining a current status is approximately 90%
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One of the benefits of considering non-termination events is the ability to forecast transition
matrices. Under the Markov property the transition matrices for an individual can be multiplied
together to generate the probability of a borrower’s choice stream. The curves in Figures 2.3-2.8

are averages over individuals for a given loan age.
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Figure 2.4: Transition Probabilities by Age(months) - From Curtailed
The probability of maintaining a curtailed status is approximately 90%
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Although multinomial logit models tend to match in-sample empirical probabilities very closely,
the evidence given by the probability derivatives suggests that the ordered logit model will be
more stable out-of-sample. While the multinomial logit model may capture the substitution

patterns that are present in this dataset, the decision process is inherently misspecified.
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Appendix - Coefficient Estimates

Coefficient estimates are reported in this appendix because the parameter set is
quite large, and because interpretation of the coefficients is not intuitive. Instead,
the focus in the text is on the probability derivatives that are calculated from
these coefficient estimates. The estimation results from both the multinomial logit
model and the ordered logit model provide evidence to support the claim that it
is important to model non-termination events, and to condition the choice set and
the utility space on the state of the mortgage at the beginning of the payment
period. The significance and magnitude of individual coefficients differs markedly
over the initial states. The factors considered in the analysis are similar to those
found in most hazard rate models for prepayment. For the states most likely
to be represented in those studies (curtailed, current, and 30 days delinquent),
most of the factors are significant. As the states enter further into delinquency,
however, fewer and fewer of the explanatory variables remain significant. The key
difference between the multinomial logit model and the ordered logit model is that
for the multinomial logit model the coefficients are specific to an initial state and
a destination state. For the ordered logit model, all of the choices available from
a given initial state are linked by a single set of coefficients.



Table 2.13: Coefficient Estimates I - OLG Model

Curtail
Observations 451915
Log-likelihood -167813
LR Statistic 14737.5
Age (Months) -0.025
(0.001)
LTV at -0.014
Origination (0.001)
Property -4.87E-08
Appraisal (1.4E-08)
Coupon Gap -0.552
(1-month lag) (0.020)
Coup. Gap 0.001
Cubed (1-month lag) (0.001)
Coupon Gap -0.063
(3-month lag) (0.017)
Slope of Yield -0.337
Curve (1-month lag) (0.009)
Current LTV 0.019
(0.001)
State Productivity -1.40E-04
(6.0E-05)
Mortgage Term -0.131
< 30 years (0.014)
Baseline FICO: 850 - 750
FICO: 750 - 720 0.098
(0.014)
FICO: 720 - 660 0.285
(0.013)
FICO: 660 - 620 0.560
(0.023)
FICO: 620 - 300 0.968
(0.038)
Baseline: January - March
April - -0.175
June (0.016)
July - -0.143
September (0.016)
October - -0.122
December (0.015)
Baseline: Standard Refinancing
Equity Refinancing 0.177
(0.014)
Purchase 0.121
(0.015)
Relocation 0.288

(0.020)

Fokok

Fokk

*okk

kokok

*okok

kokk

koksk

Fokok

Fokk

kokok

Fokok

Fokk

*okk

kokok

Fokok

koksk

kokok

Fokok

Fokk

ok ok

Current
708733
-352133
12921.1

0.000
(0.001)
-0.013
(0.001)

-9.66E-08

(9.2E-09)
-0.229
(0.014)
-0.006
(0.001)
-0.097
(0.012)
-0.212
(0.006)

0.015
(0.001)

-6.00E-05

(7.0E-05)
-0.190
(0.010)

0.142
(0.010)
0.381
(0.009)
0.757
(0.016)
1.140
(0.027)

-0.192
(0.011)
-0.186
(0.011)
-0.044
(0.011)

0.140
(0.010)
-0.025
(0.010)
-0.016
(0.013)

koK

ok sk

ok >k

K3k >k

koK

Kok

koK

Kk

ook sk

koK

Kk

ok sk

koK

30-Day
144174
-163051
9964.6

0.008
(0.001)
-0.034
(0.001)

-1.69E-07

(1.7E-08)

0.179
(0.021)
-0.004
(0.001)

0.099
(0.016)
-0.378
(0.008)

0.046
(0.001)

-3.00E-04

(4.2E-05)
-0.128
(0.015)

-0.043
(0.016)
-0.027
(0.013)
0.052
(0.018)
0.184
(0.025)

-0.184
(0.015)
-0.115
(0.015)
-0.055
(0.015)

0.089
(0.014)
0.243
(0.014)
-0.380
(0.022)

Kok

Kok sk

ok sk

*3k >k

K%k

koK

K3k

k%

Kk

kokk

Kok

koK

ok sk

*3kok

koK

*okk

60-Day
5457
-7631
1866.5

0.004
(0.005)
-0.007
(0.006)

1.12E-07

(9.7E-08)
-1.307
(0.100)

0.022
(0.003)
0.655
(0.081)
-0.843
(0.047)
0.025
(0.006)
2.30E-04

(2.0E-04)
-0.708
(0.090)

-0.342
(0.099)
-0.247
(0.082)
-0.135
(0.092)
0.027
(0.100)

-0.301
(0.079)
0.075
(0.080)
0.539
(0.076)

0.109
(0.078)
-0.047
(0.067)
-0.281
(0.107)

koK

kok sk

kk sk

k3K

koK

koK

koK

kok sk

*okk
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Table 2.14: Coefficient Estimates II - OLG Model

Observations
Log-likelihood
LR Statistic

Age (Months)

LTV at

Origination
Property

Appraisal

Coupon Gap
(1-month lag)

Coup. Gap

Cubed (1-month lag)
Coupon Gap
(3-month lag)

Slope of Yield
Curve (1-month lag)
Current LTV

State Productivity

Mortgage Term
< 30 years

90-Day
1066
-1885
98.7

-0.003
(0.009)
-0.013
(0.012)

6.52E-08

(2.6E-07)
-0.920
(0.232)

0.026
(0.006)
0.170
(0.165)
-0.281
(0.099)
0.022
(0.012)
4.74E-04

(1.2E-03)
-0.516
(0.198)

Baseline FICO: 850 - 750

FICO: 750 - 720

FICO: 720 - 660

FICO: 660 - 620

FICO: 620 - 300

0.151
(0.277)
-0.139
(0.224)
-0.063
(0.239)
-0.083
(0.241)

Baseline: January - March

April -
June

July -
September
October -
December

-0.324
(0.166)
-0.090
(0.171)
0.003
(0.163)

Baseline: Standard Refinancing

Equity Refinancing
Purchase

Relocation

0.059
(0.165)
-0.113
(0.146)
-0.092
(0.231)

Fokok

*kookk

ok >k

K3k >k

skokok

ko

120-Day
543
771
44.5

-0.030
(0.014)
0.022
(0.016)
1.65E-06
(4.5E-07)
-0.840
(0.403)
0.014
(0.009)
0.384
(0.246)
0.215
(0.174)
0.014
(0.016)
-5.64E-03
(4.0E-03)
-0.070
(0.343)

-0.253
(0.473)
-0.020
(0.344)
-0.236
(0.353)
-0.115
(0.347)

-0.191
(0.245)
0.463
(0.247)
0.039
(0.243)

0.043
(0.290)
0.123
(0.230)
-0.020
(0.336)

Bankruptcy

753
-488
61.9

*3k >k k3K >k

(0.017)
0.000
(0.019)
5.48E-07
(5.3E-07)

ok -0.427

(0.425)
0.028
(0.011)
0.235
(0.292)
-0.853
(0.217)
0.022
(0.014)

-5.00E-03 *

(2.9E-03)
0.061
(0.408)

*kokk

*ok sk

*3kk

0.878
(0.603)
0.474
(0.520)
0.328
(0.550)
0.308
(0.630)

-0.261
(0.342)
* -0.538
(0.328)
-1.209
(0.317)

ok sk

-0.099
(0.308)
-0.114
(0.281)
-0.187
(0.396)

Foreclosure
886
-1098
62.2 kokok

0.011

(0.014)

0.001

(0.016)
5.98E-07
(4.0E-07)

0.161

(0.330)

-0.008

(0.008)

0.239

(0.218)

-0.374 *k

(0.175)

0.047

(0.014)
-2.01E-03
(2.8E-03)

-0.274

(0.272)

koK

-0.080
(0.391)
0.200
(0.320)
-0.108
(0.314)
-0.429
(0.331)

-0.410  **
(0.205)
0.091
(0.224)
-0.313
(0.206)

-0.034
(0.230)
-0.335
(0.208)
-0.104
(0.310)
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Table 2.15: Coefficient Estimates (Transition From Curtailed) - MNL Model

Prepay Curtail Current 30-Day Bankruptcy
Observations 451915
Log-likelihood -159185
LR Statistic 31993.58 ok
Intercept -5.086 HoHk 3.442 HoHk - -1.645 o -8.846 Hokk
(0.133) (0.109) (0.148) (2.504)
Age (Months) 0.070 Hokx 0.041 Hkx - 0.062 Hkok 0.097 Hokx
(0.003) (0.002) (0.003) (0.030)
LTV at 0.055 oAk 0.049 oAk - 0.023 HoAK 0.088 HAK
Origination (0.003) (0.003) (0.003) (0.037)
Property -7.23E-08  **¥ -2.88E-07  *¥* - -2.98E-07  *F*  _342E-06 « ***
Appraisal (3.1E-08) (2.5E-08) (4.0E-08) (1.3E-06)
Coupon Gap 1.992 HoAk -0.081 * - -0.074 -0.640
(1-month lag) (0.059) (0.048) (0.062) (0.737)
Coup. Gap -0.047 ok 0.003 - 0.002 -0.001
Cubed (1-month lag) (0.003) (0.002) (0.003) (0.024)
Coupon Gap 0.104 *x 0.082 *x - 0.084 * 0.449
(3-month lag) (0.043) (0.038) (0.049) (0.518)
Slope of Yield 0.704 HoHk 0.163 HoHk - 0.169 o 0.163
Curve (1-month lag) (0.022) (0.017) (0.024) (0.305)
Current LTV -0.065 HoHk -0.057 HoAk - -0.019 HHE -0.055 *
(0.003) (0.003) (0.003) (0.031)
State Productivity 1.04E-03  ***  _8.64E-06 - -1.30E-04 4.90E-04
(3.4E-04) (2.0E-04) (2.1E-04) (3.1E-03)
Mortgage Term -0.077 Hok 0.125 o - -0.025 -2.233 Hok
< 30 years (0.033) (0.038) (0.043) (0.830)
Baseline FICO: 850 - 750
FICO: 750 - 720 0.024 0.057 * - 0.594 o 0.142
(0.036) (0.031) (0.044) (0.916)
FICO: 720 - 660 0.008 0.126 Hkx - 1.125 Hkok 1.712 Hokx
(0.034) (0.029) (0.039) (0.645)
FICO: 660 - 620 0.015 0.293 oAk - 1.643 HAK 2.394 HoAK
(0.065) (0.059) (0.068) (0.717)
FICO: 620 - 300 -0.084 0.349 Ak - 1.989 HAK 2.529 HAK
(0.112) (0.103) (0.113) (0.856)
Baseline: January - March
April - 0.292 HoRk 0.170 HoAk - -0.061 -0.538
June (0.039) (0.033) (0.044) (0.736)
July - 0.220 o 0.086 o - -0.051 0.765
September (0.039) (0.033) (0.044) (0.541)
October - 0.270 oAk 0.207 oAk - 0.176 HAK 0.548
December (0.039) (0.034) (0.044) (0.577)
Baseline: Standard Refinancing
Equity Refinancing -0.344 ok -0.236 ok - 0.082 ok 0.554
(0.039) (0.034) (0.042) (0.499)
Purchase -0.550 ok -0.488 oAk - -0.456 HoAK -0.253
(0.039) (0.034) (0.045) (0.499)
Relocation -0.986 oAk -0.700 oAk - -0.859 HAK -10.053

(0.048) (0.041) (0.057) (40.869)
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Table 2.16: Coefficient Estimates (Transition From Current) - MNL Model

Prepay Curtail Current 30-Day Bankruptcy
Observations 708733
Log-likelihood -334536
LR Statistic 48116.43 HoHk
Intercept -8.975 HoHk -3.049 HoHk - -3.551 o -13.680 ok
(0.070) (0.076) (0.056) (2.366)
Age (Months) 0.022 Hkx -0.060 Hkx - 0.006 o 0.076 Hokx
(0.001) (0.002) (0.001) (0.028)
LTV at 0.021 Hkx 0.030 o - -0.004 Hkok -0.006
Origination (0.002) (0.002) (0.001) (0.041)
Property 2.17E-07 kX _1.28E-07  *FE - -1.03E-07  ***  _1.90E-06 *
Appraisal (1.5E-08) (2.1E-08) (1.6E-08) (1.1E-06)
Coupon Gap 2.216 HoAk -0.015 - 0.222 Hokk -0.618
(1-month lag) (0.031) (0.031) (0.022) (0.663)
Coup. Gap -0.051 HoAk 0.000 - 0.001 0.007
Cubed (1-month lag) (0.001) (0.002) (0.001) (0.022)
Coupon Gap 0.087 HoHk 0.166 HoAk - 0.026 0.736
(3-month lag) (0.018) (0.023) (0.018) (0.501)
Slope of Yield 0.557 HoHk 0.068 HoHk - -0.013 -0.104
Curve (1-month lag)  (0.012) (0.012) (0.008) (0.275)
Current LTV -0.024 HoAk -0.038 HoAk - 0.004 HAK 0.049
(0.002) (0.002) (0.001) (0.038)
State Productivity 2.40E-03  ***  1.16E-04 - 3.09E-04  ** 4.99E-03
(2.4E-04) (1.9E-04) (1.5E-04) (6.4E-03)
Mortgage Term 0.309 o 0.189 o - -0.025 * -0.711
< 30 years (0.016) (0.021) (0.015) (0.628)
Baseline FICO: 850 - 750
FICO: 750 - 720 -0.048 HoHk 0.038 * - 0.395 Hokk 0.322
(0.016) (0.020) (0.016) (0.765)
FICO: 720 - 660 -0.152 Hkx 0.024 - 0.756 Hok 1.757 Hokx
(0.015) (0.019) (0.014) (0.556)
FICO: 660 - 620 -0.285 Hkx -0.005 - 1.126 o 2.016 Hokx
(0.025) (0.034) (0.019) (0.641)
FICO: 620 - 300 -0.463 o 0.070 - 1.360 o 1.026
(0.043) (0.060) (0.029) (1.132)
Baseline: January - March
April - 0.156 oAk 0.048 *ok - -0.248 HoAk 0.782
June (0.017) (0.022) (0.016) (0.541)
July - 0.182 o 0.047 Hok - -0.206 Hok 0.598
September (0.018) (0.022) (0.016) (0.565)
October - 0.023 0.018 - -0.007 0.314
December (0.017) (0.022) (0.015) (0.600)
Baseline: Standard Refinancing
Equity Refinancing -0.207 ok -0.004 - 0.159 K -0.325
(0.017) (0.021) (0.014) (0.498)
Purchase -0.133 oAk 0.237 oAk - -0.024 -0.602
(0.016) (0.021) (0.016) (0.454)
Relocation -0.454 oAk 0.099 HAK - -0.391 HoAK -1.419 oK

(0.020) (0.027) (0.020) (0.617)
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Table 2.17: Coefficient Estimates I (From 30-Day Delinquency) - MNL Model

Prepay Curtail Current 30-Day
Observations 144174
Log-likelihood -151400
LR Statistics 33265.05 Kk
Intercept -8.210 o -1.429 Hokk - -1.539 HoHk
(0.162) (0.106) (0.074)
Age (Months) 0.044 HRE 0.016 rork - 0.028 oK
(0.002) (0.002) (0.001)
LTV at 0.004 0.016 Hok - -0.022 o
Origination (0.003) (0.002) (0.002)
Property 5.97E-08 -1.99E-07  *** - -4.05E-07  ***
Appraisal (4.1E-08) (3.2E-08) (2.4E-08)
Coupon Gap 2.566 o 0.060 - 1.148 *oHk
(1-month lag) (0.065) (0.040) (0.028)
Coup. Gap -0.055 o 0.000 - -0.020 HoAk
Cubed (1-month lag) (0.002) (0.002) (0.001)
Coupon Gap -0.006 -0.076 ok - -0.106 HoHk
(3-month lag) (0.037) (0.032) (0.021)
Slope of Yield 0.161 o 0.077 HokE - -0.196 oAk
Curve (1-month lag) (0.024) (0.017) (0.011)
Current LTV 0.005 -0.017 roxx - 0.035 oK
(0.003) (0.003) (0.002)
State Productivity 1.73E-03  ***  _1.70E-04 - -3.T0E-04  ***
(4.0E-04) (1.1E-04) (8.0E-05)
Mortgage Term 0.257 Hdok 0.233 Hok - 0.176 Hkx
< 30 years (0.036) (0.028) (0.019)
Baseline FICO: 850 - 750
FICO: 750 - 720 0.017 0.093 HoAE - 0.006
(0.036) (0.032) (0.020)
FICO: 720 - 660 -0.188 Hkok 0.181 Hokx - -0.024
(0.031) (0.027) (0.018)
FICO: 660 - 620 -0.426 Hdok 0.161 Hkok - -0.063 o
(0.043) (0.037) (0.024)
FICO: 620 - 300 -0.607 Hdok 0.270 o - -0.050
(0.061) (0.052) (0.034)
Baseline: January - March
April - -0.042 -0.054 * - -0.166 Hkx
June (0.036) (0.031) (0.020)
July - -0.036 -0.051 - -0.174 o
September (0.036) (0.031) (0.020)
October - -0.106 Hdok -0.111 oo - -0.379 o
December (0.035) (0.031) (0.020)
Baseline: Standard Refinancing
Equity Refinancing -0.159 HHE -0.062 *oK - -0.020
(0.035) (0.027) (0.018)
Purchase 0.096 HoAK -0.004 - 0.244 HAK
(0.032) (0.030) (0.019)
Relocation -0.927 -0.309 - -0.786

(0.053) (0.042) (0.027)
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Table 2.18: Coefficient Estimates II (From 30-Day Delinquency) - MNL Model

60-Day Bankruptcy
Observations 144174
Log-likelihood -151400
LR Statistics 33265.05  FH*
Intercept -1.703 roxk -16.881
(0.181) (33.620)
Age (Months) 0.019 kK 0.118 Hokk
(0.003) (0.034)
LTV at -0.073 ok -0.057
Origination (0.005) (0.058)
Property 6.14E-08 -3.58E-06 *
Appraisal (5.3E-08) (1.9E-06)
Coupon Gap -1.793 Hokx -0.804
(1-month lag) (0.062) (0.990)
Coup. Gap 0.042 HoAx 0.021
Cubed (1-month lag) (0.002) (0.029)
Coupon Gap 1.002 oAk -0.230
(3-month lag) (0.056) (0.713)
Slope of Yield -0.886 roA* 0.619
Curve (1-month lag) (0.023) (0.473)
Current LTV 0.103 roxk 0.101 *
(0.005) (0.053)
State Productivity -4.10E-04 ***  8.65E-03
(1.1E-04) (1.1E-02)
Mortgage Term -1.159 roxx -1.743
< 30 years (0.063) (1.172)
Baseline FICO: 850 - 750
FICO: 750 - 720 -0.066 7.289
(0.053) (33.470)
FICO: 720 - 660 0.155 HoHk 8.294
(0.044) (33.457)
FICO: 660 - 620 0.620 ok 9.598
(0.056) (33.457)
FICO: 620 - 300 1.150 Hokx 8.740
(0.067) (33.463)
Baseline: January - March
April - -0.700 roAk -1.135
June (0.059) (0.910)
July - -0.178 HoHk -0.536
September (0.056) (0.770)
October - 0.715 roxx 0.668
December (0.048) (0.619)
Baseline: Standard Refinancing
Equity Refinancing 0.371 roxk -0.515
(0.047) (0.836)
Purchase 0.553 roxok -0.170
(0.045) (0.649)
Relocation -0.576 roxx -0.175

(0.076) (0.676)
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Table 2.19: Coefficient Estimates I (From 60-Day Delinquency) - MNL Model

Prepay Curtail Current 30-Day
Observations 5456
Log-likelihood -7109
LR Statistic 2892.07 HoHE
Intercept -5.022 o -1.703 * - -0.191
(1.078) (0.898) (0.674)
Age (Months) 0.147 K 0.065 HAE - 0.086 oK
(0.017) (0.018) (0.014)
LTV at 0.022 0.052 Hok - 0.018
Origination (0.021) (0.022) (0.017)
Property -2.57E-07 3.22E-07 - -5.36E-07  **
Appraisal (3.4E-07) (2.5E-07) (2.1E-07)
Coupon Gap 1.146 oAk -0.414 - 0.249
(1-month lag) (0.390) (0.309) (0.238)
Coup. Gap -0.049 HoHK -0.005 - -0.023 HoRk
Cubed (1-month lag) (0.011) (0.009) (0.007)
Coupon Gap 0.280 0.344 - 0.490 *x
(3-month lag) (0.260) (0.257) (0.196)
Slope of Yield -0.053 -0.137 - -0.507 ok
Curve (1-month lag)  (0.180) (0.150) (0.113)
Current LTV -0.019 -0.040 * - -0.014
(0.021) (0.023) (0.018)
State Productivity -4.00E-05 -1.99E-03 - -3.49E-03  **
(2.9E-03) (2.4E-03) (1.8E-03)
Mortgage Term -0.954 HAok 0.145 - -0.207
< 30 years (0.317) (0.240) (0.186)
Baseline FICO: 850 - 750
FICO: 750 - 720 -0.173 -0.009 - -0.288
(0.328) (0.316) (0.240)
FICO: 720 - 660 -0.469 * -0.036 - -0.167
(0.281) (0.271) (0.203)
FICO: 660 - 620 -0.347 -0.055 - 0.115
(0.308) (0.309) (0.228)
FICO: 620 - 300 -0.477 -0.170 - -0.225
(0.325) (0.332) (0.244)
Baseline: January - March
April - -0.688 Hkok -0.338 - -0.253
June (0.256) (0.233) (0.176)
July - -0.571 Hok -0.368 - -0.358 Hx
September (0.251) (0.242) (0.182)
October - 0.674 HoAK -0.044 - 0.237
December (0.240) (0.253) (0.189)
Baseline: Standard Refinancing
Equity Refinancing 0.073 -0.333 - -0.191
(0.249) (0.237) (0.175)
Purchase -0.011 -0.278 - -0.014
(0.224) (0.221) (0.165)
Relocation -1.003 HAK -0.659 Hok - -1.050 oAk

(0.332) (0.311) (0.234)




118

Table 2.20: Coefficient Estimates II (From 60-Day Delinquency) - MNL Model

Observations
Log-likelihood
LR Statistic

Intercept
Age (Months)

LTV at

Origination
Property

Appraisal

Coupon Gap
(1-month lag)

Coup. Gap

Cubed (1-month lag)
Coupon Gap
(3-month lag)

Slope of Yield
Curve (1-month lag)
Current LTV

State Productivity

Mortgage Term
< 30 years

60-Day
5456
-7109
2892.07

-2.004
(0.695)
0.102
(0.014)
0.033
(0.017)
-4.02E-07
(2.2E-07)
0.545
(0.241)
-0.033
(0.007)
0.392
(0.195)
-0.501
(0.114)
-0.010
(0.018)
-1.27E-03
(1.8E-03)
-0.316
(0.190)

Baseline FICO: 850 - 750

FICO: 750 - 720

FICO: 720 - 660

FICO: 660 - 620

FICO: 620 - 300

-0.456
(0.241)
-0.341
(0.203)
-0.047
(0.227)
-0.275
(0.242)

Baseline: January - March

April -
June

July -
September
October -
December

-0.429
(0.178)
-0.288
(0.182)
0.341
(0.189)

Baseline: Standard Refinancing

Equity Refinancing
Purchase

Relocation

-0.043
(0.176)
-0.143
(0.166)
-0.808
(0.226)

kokok

kokk

kokk

koksk

kk

kokk

*

k%

kokk

90-Day

1.121
(0.694)
0.078
(0.015)
0.003
(0.018)
9.66E-08
(2.1E-07)
-1.628
(0.244)
0.011
(0.007)
1.270
(0.209)
-1.280
(0.115)
0.025
(0.018)
-2.95E-03
(1.8E-03)
-1.033
(0.215)

-0.533
(0.245)
-0.359
(0.207)
0.037
(0.237)
0.138
(0.251)

-0.706
(0.198)
-0.202
(0.198)
1.011
(0.198)

0.015
(0.185)
-0.074
(0.174)
-1.041
(0.249)

kokk

Fokok

kokk

koksk

*kk

koksk

kokk

Bankruptcy Foreclosure

-28.020 -11.009 oK
(195.500) (4.141)

0.131 ok 0.137 HAK
(0.061) (0.047)

0.056 -0.014
(0.079) (0.063)

2.82E-06 **  2.37E-07
(1.2E-06) (9.6E-07)

0.306 0.683
(1.600) (1.468)

-0.006 -0.044
(0.042) (0.035)

-0.122 1.594 *x
(1.244) (0.737)

0.372 -0.104
(0.861) (0.740)

0.082 0.048
(0.073) (0.063)

-4.03E-03  * 7.03E-03
(2.3E-03) (1.3E-02)

1.309 0.167
(1.125) (0.852)
-0.990 -0.060

(327.200) (1.264)
9.867 -0.211
(195.400) (1.121)
11.547 -0.345
(195.400) (1.189)
9.901 -0.525
(195.400) (1.234)

-1.232 -12.811
(1.192) (160.000)
-1.434 -1.466 Hox
(1.273) (0.698)

0.300 -0.772
(0.897) (0.697)

0.525 -0.686
(0.855) (0.707)
-11.999 -1.356 Hox

(119.000) (0.631)

-1.540 -12.616

(1.297) (213.700)
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Chapter 3

Focus on Unobserved
Heterogeneity and Correlation
Over Time

3.1 Introduction

A thorough understanding of mortgage borrower behavior is essential for in-
vestors and originators of residential mortgages, as well as policy makers looking
to enact market regulations. Accurate models of borrower behavior are rare, how-
ever, because of the complicated dynamics that incorporate both financial and
behavioral elements. Reduced-form mortgage valuation models, in particular,
commonly make the assumption that borrower behavior is independent in each
payment period. This assumption is made to facilitate computation, but it is not
an accurate representation of the borrower’s decision process. In this chapter, it
is shown that the use of random coefficients improves the performance of an or-
dered logit model for predicting borrower behavior, by accounting for unobserved
heterogeneity and correlation in behavior over time.

The previous chapters argue that a random utility model is a useful frame-
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work for analyzing borrower behavior. A discrete choice panel data model is a
straightforward method for incorporating time-varying covariates and correlated
competing risks, and the latent utility process establishes a structural relationship
between the borrower’s decision and key factors. A random utility model also ac-
counts for past behavior by conditioning the choice set and the utility space on
the state of the mortgage at the beginning of the payment period. An ordered
logit model is particularly well suited for modeling borrower behavior. Since this
model is based on a single utility function, an ordered logit model is able to cir-
cumvent the independence from irrelevant alternatives (IIA) property, a weakness
of the multinomial logit models commonly used with respect to subprime mort-
gages, without increasing the dimensionality of the model. This becomes a crucial
advantage when random coefficients are used.!

The decision made by a borrower with respect to his mortgage is influenced
by past events and attitudes, as well as the historical path of key factors, such
as interest rates. This causes correlation in the borrower’s behavior over time,
a feature that is ignored by many models. Much of the relevant correlation is
due to unobserved factors — preferences, family structure, financial savvy — that
account for a high degree of heterogeneity in borrower behavior. Random coeffi-
cients can be used to model unobserved heterogeneity by specifying a component

of the error term in the utility function that is randomly distributed over individ-

'Since there are several mortgage events and a substantial number of covariates, the simula-
tion methods required to estimate a model with random coefficients can be quite complicated
for other models that circumvent the ITA property, such as a multinomial probit model, where
the decision process relies on a multivariate distribution.
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uals. Since this distribution is constant over time, the coefficients also serve to
induce correlation over a borrower’s choice stream.

The use of a random intercept is prevalent in the literature on modeling un-
observed heterogeneity in discrete choice models, and has been used in several
studies with respect to mortgage borrower behavior. Han and Hausman (1990)
add a heterogeneity term, w, to the log-hazard rate specification in their propor-

tional hazard rate competing risks model.
t
0y = log/ X(T)dT =pv+¢e+w
0

This term is assumed to follow a discrete mass point distribution to represent
different “types” of agents. Deng, Quigley, and Van Order (2000) apply this
model to analyze the prepayment and default behavior of Ginnie Mae mortgage
borrowers. They find that a model that accounts for unobserved heterogeneity
yields more accurate probability estimates than simpler proportional hazard rate
models lacking this feature.

Unobserved heterogeneity can also be modeled through transaction costs, both
monetary and intangible. Intangible costs, such as the time spent searching for a
new home or access to refinancing opportunities, are believed to account for much
of the heterogeneity among borrowers. Downing, Stanton, and Wallace (2005),
for example, model unobserved heterogeneity through transaction costs that are
proportional to the remaining balance on the mortgage. In their specification,
unobserved heterogeneity does not enter as a random intercept, but instead is as-

sociated with one of the covariates of the model. Transaction costs could also vary
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with variables other than the remaining balance, such as the contract rate on the
mortgage or credit quality. While heterogeneity that enters through transaction
costs is unobserved, it may influence the latent process through observed factors.
Therefore, it is natural to extend the prevailing methods for modeling unobserved
heterogeneity by including random coefficients, as well as a random intercept.
Random coefficients logit models, also known as mixed logit models, are com-
mon in studies of demand estimation and transportation science because of the
important role that agents’ tastes and preferences play in these areas. The im-
plementation of these models has been facilitated by improvements in computer
power and advances in simulation-based estimators. Early random coefficients
models, such as Ben-Akiva and Bolduc (1996), used random coefficients in cross-
sectional studies to allow for variation in the effects of a few key factors. Revelt
and Train (1998) and Bhat (1999, 2000) explore random coefficients models with
repeated choice-making by the individuals under analysis.?2 The use of random
coefficients in samples with repeated choices allows the researcher to capture het-
erogeneity that arises from behavioral factors such as variation in preferences.
Most studies that use random coefficients to account for unobserved hetero-
geneity and taste variation find that controlling for these unobserved effects is es-
sential to accurately predict agents’ behavior. While a random coefficients model
has not been previously used with respect to mortgages, the behavior of mortgage
borrowers shares many of the fundamental aspects of areas in which random coef-

ficients have been applied successfully. Previous studies have found that variation

2Bhat (1999) proposes an ordered logit model with random coefficients.
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in mortgage borrower behavior cannot be explained entirely by financial dynam-
ics. Since mortgage payment is a repeated event that is made at regular intervals,
the borrower’s decision is likely to be influenced to a large degree by unobserved
factors.

In this chapter, a comparison is made between an ordered logit model with
fixed coefficients and an ordered logit model with random coefficients. Two ver-
sions of the random coefficients model are estimated: one with the standard spec-
ification of independent coefficients, and one where the coefficients are correlated
to account for the full path of borrower behavior, including changes in the status
of the mortgage. Section 3.2 outlines the details of the models. To illustrate the
features of each model a subsample is used. Section 3.3 shows that while the
subsample represents only a small portion of the total sample, the origination and
payment trends are consistent with those discussed in the previous chapters. The
results in section 3.4 indicate that random coefficients are necessary for accurately
modeling borrower behavior, and that correlation between coefficients needs to be

considered.

3.2 Models

An ordered logit model is well suited for the analysis of mortgage borrower
behavior because the choices faced by a borrower can be set on a continuum

defined relative to the amortization schedule.® All mortgages events, including

3This term is used throughout to convey fluidity in a borrower’s choice stream. It is not used
in the literal sense of a continuous scale since the choice set is discrete.
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non-termination events such as curtailment and delinquency, are ordered either
by the payment required to achieve that state or by a natural time dependence.
This ordering is shown in Figure 2.1 (Chapter 2). The goal is to model the
behavior of the borrower as he moves along the continuum. When the ends of the
continuum are reached, the mortgage terminates, through either prepayment or
default.

It is assumed that in each payment period the borrower makes a choice related
to his mortgage. Each choice, or transition, is defined by an initial state and a
destination state. Given an initial state, 7, a transition to an event available to the
borrower over that period is driven by a single latent utility process, U;,;. This
process can be thought of as a propensity for mortgage payment. The researcher
observes a response variable, y; ¢, that indicates which state on the continuum is
chosen in that period. A choice towards the left of the continuum corresponds to
a higher value of the latent process. For J possible choices, the latent process is

divided into J contiguous segments separated by J — 1 unobserved thresholds.

Yiot =7 of ki1 <Uie <kiy, j=0.J—1, kyp=o00kiy=—00

Utility is specified as a linear function of observed and unobserved characteristics.

Ui,nt = ﬁivnt + Eint

For a logit model, the error term is assumed to follow an independent extreme
value distribution. Under the assumption of fixed coefficients, the probability of

moving from state ¢ to an interior state j in a single payment period is given by
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the difference of two logistic functions. Similar formulas can be derived for the

tail events.

Pijnt = Prob(kijy1 < Ui < kij)

= PTOb(kij—l—l — Bivnt < Eipp < Kyj — BiUnt)

€Xp (kij - @‘Um:) exXp (k?ij+1 - ﬁivnt)

1 + exp (k?z‘j - ﬁz‘vnt) 1 +exp (k?z‘j+1 - @‘Ume)

3.2.1 Independent Random Coefficients

The assumption underlying a fixed coefficients model is that all previous be-
havior is captured by the choice in the preceding period, and correlation over time
is induced only through time-invariant covariates. Random coefficients are used to
capture correlation in behavior that is a result of unobserved heterogeneity, taste
variation, and path dependence. In a random coefficients model, the coefficients
that enter the utility function are borrower-specific random variables drawn from

a multivariate normal distribution.

Ui,nt = Qp; + ﬁnivnt + Eint

{anhﬁni} ~ N(M? Q)

i is a vector representing the mean of the coefficients (and intercepts) correspond-
ing to all initial states. For K explanatory variables and [ initial states, p has
length I(K +1). Qisa I(K + 1) x I(K + 1) matrix of covariances. In an or-

dered logit model, the threshold parameters encompass the random intercept that
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represents unobserved heterogeneity.

To understand the role of random coefficients, it is useful to separate the coef-
ficients into their deterministic and stochastic components. Since the coefficients
are drawn from a multivariate normal distribution, the vector of coefficients cor-

responding to a given individual, n, can be written as:*

—

where z,, is a vector of independent draws from a standard normal distribution.
The length of z;,, and thus the size of II, can be varied to induce the required
correlation pattern between coefficients. In many applications, the standard as-
sumption is to assume that the coefficients are random but independent. In that
case, z, is a (K +1) vector, €2 is a diagonal matrix, and II is the Cholesky factor
(“square root”) of €.

Even in models with fixed coefficients, there is a dependence on past behavior,
albeit limited. The benefit of a random coefficients model is that the stochastic
component of a coefficient is specific to an individual but constant over time, so
that there is correlation throughout the life of the loan. Under the assumption
of independent random coefficients, however, since coefficients are specific to an
initial state, the borrower’s behavior is correlated only while he remains in the
same state. Once the borrower transits to a new state it is as if he were a different
individual. Despite this restriction, independent random coefficients are an im-

provement over a fixed parameters model since, for example, a distinction will be

4The coefficients for all initial states are drawn by a borrower at time t = 0.
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drawn between a borrower that has been in 30-day delinquency for several months

and one that has just entered that state.

3.2.2 Correlated Random Coefficients

Despite the clear benefits of a random coefficients model with independent
coefficients, it is possible to induce correlation over the full sequence of a borrower’s
choices by allowing the coefficients to be correlated. The most general method for
specifying correlation between coefficients is to let the covariance matrix, €2, be
non-diagonal. The drawback of this approach is that it drastically increases the
number of parameters in the model.

An alternative is to treat z,, as a common shock that affects all the coefficients.
In the simplest case, z, is a random scalar and II is a vector of length I(K +
1). The covariance matrix can be calculated by taking the outer square product
of II. The implication of this specification is that all coefficients are perfectly
correlated. While this is clearly too restrictive, by allowing for just two random
shocks, i.e. z, is a 2 x 1 vector, it is possible to obtain pair-specific correlations.
The model approaches the most general case as the number of independent random
shocks increases. In the following section two correlated models will be compared

against a model with independent random coefficients: one with two random

shocks (Model I), and one with three random shocks (Model II).
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3.2.3 Estimation

The probability of the choice stream conditional on the coefficients is given as

in a fixed coefficients model.

PTOb(?/nlﬁ) ml]lpnjlj2"'Pan—1jT

To derive the likelihood function the unconditional probability is calculated by

integrating over the coefficients.

L(Blv) = H Prob(y,,)

n=1

= I [ Prob(@.|9)o(8)ds

Since this integral does not have a closed-form solution, maximum simulated like-
lihood is used for estimation.® For a given borrower repeated draws are made from
the parameter distribution, and the probability of his choice stream is calculated
for each set of draws. The average over all draws is the simulated probability that
enters into the likelihood function.

N 1 R
ﬁ|v = H Z Privjrr Prjijar-Prjr_1jrr
n=1 r:l

3.3 Data

Since the parameter space in a random coefficients model is quite large, esti-

mation can be computationally intensive. To illustrate the features of this model

®See Gourieroux and Monfort (1993) and Hajivassiliou and Ruud (1994).
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a subset of the dataset discussed in the previous chapters is used. The full sam-
ple is made up of approximately 100,000 fixed-rate, residential, first-lien, non-
conforming mortgages that serve as collateral for securities issued by Wells Fargo
Mortgage Backed Securities Trust.® The loans were issued between 2000 and
2005. On average, the loans in the dataset follow the characteristics of jumbo
loans. The average balance is $454,000, 95% of the loans have a loan to value
(LTV) ratio below 80%, 65% have a FICO score above 720,” and 42% of the loans
were contracted on property in California. Most of the mortgages have a term of
15 or 30 years. The subsample consists of 2,500 loans selected at random. There
is no stratification in the sampling. Although this represents a small proportion
of the total sample, the origination statistics, loan characteristics, and perfor-
mance trends are comparable to those reported in the previous chapters for the
full sample.

Table 3.1 reports origination trends for the full sample and the subsample.
In both samples the number of loans issued in 2001 makes up the largest share
of the sample, at 30%, while loans issued in 2004 represents the smallest share,
at approximately 5%. All other years have loan issuance between 10% and 20%.
Both samples also have similar frequencies for mortgage purpose and region of
the property. 40% of the loans were contracted for a standard refinancing, 30%
for property purchase, 20% for a cash-out refinancing, and 10% for an employer-

sponsored relocation. The states with the highest representation are California

6The data was obtained from www.ctslink.com.
TFICO scores measure credit quality on a scale of 300 to 850.
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(40%), the New York metropolitan area (12%), and the Great Lakes region (11%).

We would expect a representative subsample to have the same distribution for
loan characteristics as the full sample. In Table 3.2 it is shown that the mean
and standard deviation for key loan characteristics at origination — coupon rate,
property appraisal, LTV ratio, and FICO score — are nearly the same for the
subsample and the full sample. The average coupon rate reaches its lowest point
in 2003, and then rises to 5.7% in 2005. Property appraisal rises steadily from
2000 to 2004, with a dip in 2005. LTV ratios are consistently below 80%. Average
FICO scores are high, at above 720, in all years for both samples.

In addition to similar origination trends and loan characteristics, the two sam-
ples also display similar performance trends. Table 3.3 shows that in both samples
67% of the loans have prepaid before the end of the observation period, with over
90% of the loans issued prior to 2003 experiencing prepayment. 40% of the loans
exhibit at least one month of curtailment, and 35% experience at least one month
of 30-day delinquency. For both samples, the incidence of 60% day delinquency is
low, at 4%. While the percent of the sample that experiences more severe delin-
quency is the same between the two samples, estimation of events below 60-day
delinquency is difficult with the subsample since the number of observed events
is very low. As a result, the continuum is condensed so that 90-day delinquency
is the event furthest to the right.® Only observations with an initial state to the

left of 90-day delinquency on the continuum are considered.

8The assumption underlying this simplification is that 90-day delinquency invariably leads
to default, which is consistent with the definition of default employed by many previous studies.
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3.4 Results

The estimation of a random coefficients model comprises both the mean and
variance of the distribution for each coefficient, or more generally the mean and
covariance matrix for the joint distribution of all coefficients in the model. A
fixed coefficients model can be written as a special case of the random coefficients
model, where the covariance matrix is assumed to be a zero matrix and the fixed
coefficients estimates make up the mean vector of the “distribution”. In the
first subsection, a comparison is made between a fixed coefficients model and an
independent random coefficients model. In the second subsection, the independent
random coefficients model is compared to two models with correlated random

coefficients.

3.4.1 Fixed vs. Independent Random Coefficients

Tables 3.4, 3.6, 3.8, and 3.10 report the parameter estimates for ordered logit
models with the assumptions of fixed coefficients and independent random coef-
ficients. The parameters of the model are estimated separately for each initial
state since the coefficients are independent in both models. As mentioned in the
previous section only observations with an initial state of curtailed, current, 30
days delinquent, or 60 days delinquent are considered.

A key concern for investors and originators of residential mortgages is how
changes in economic conditions affect expected mortgage payments. The time-

varying factors of interest are the age of the loan, the coupon gap, measured as
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the difference between the contract rate and the prevailing yield on the ten-year
Treasury bond, the slope of the yield curve, calculated as the difference between
the yields on the ten-year and two-year Treasury bonds, the contemporaneous
LTV ratio, which measures the home equity the borrower has accumulated, and
the borrower’s FICO score. A seasonal dummy variable is included to control for
differences in the housing market during the spring and summer months versus the
fall and winter months. The LTV ratio at origination and the purpose for which
the mortgage was contracted (refinancing vs. property purchase) are included to
proxy for characteristics of the borrower at origination.

The tables show that for all initial states, the random coefficients model has
a better fit than the fixed coefficients model. Since the random coefficients model
has a larger parameter space than the fixed coefficients model, the adjusted log-
likelihood ratio index of Ben-Akiva and Lerman (1985),° which includes a penalty
for the number of parameters, is used to measure goodness of fit. This result is
also confirmed by examination of the Akaike Information Criterion (AIC),! which

is lower for the random coefficients model in all initial states.

Examination of Standard Deviation Estimates

The threshold parameters are a distinguishing feature of an ordered logit

model. In order for each mortgage event to be well defined, the thresholds must

—K

where where K is the number of parameters, LL is the log—hkehhood value of the full model
and LLg is the log-likelihood value for a model with only an intercept.

10The formula for the AIC is 2K — 2LL, where K is the number of parameters and LL is the
log-likelihood value.
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maintain the ordering established in a fixed coefficients model. In the random
coefficients model, the first intercept, representing the threshold for prepayment,
is assumed to follow a normal distribution, like the coefficients on the covariates.
The differences between each subsequent threshold are assumed to follow a squared
normal distribution to ensure that the distances remain positive. Taken together,
the thresholds make up the intercept of the utility function. The non-zero stan-
dard deviations estimated under the random coefficients model for the thresholds,
which is observed in all initial states, indicates the presence of unobserved het-
erogeneity, and confirms the importance of modeling a borrower’s behavior with
a heterogeneity term.

Tables 3.4, 3.6, and 3.8 show that non-zero standard deviations are estimated
for several of the coefficients, as well. For loans in a curtailed state, Table 3.4
shows that the coefficient on the slope of the yield curve is estimated to have a
standard deviation that is significantly different from zero. This suggests that
borrowers that have curtailed their mortgage exhibit heterogeneous responses to
changes in interest rate expectations. For borrowers in a current state, on the other
hand, Table 3.6 shows that the standard deviation on the coefficient of the slope
of the yield curve is not statistically different from zero. Instead, heterogeneity
in borrower behavior is captured through non-zero standard deviations for the
coefficients on the cube of the coupon gap and the lowest FICO score bucket
(620-300).

In Table 3.6 the estimated standard deviation for the lowest FICO score bucket
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has nearly the same magnitude as the estimated mean, indicating a wide distri-
bution of behavior for current borrowers with poor credit. Under the fixed coef-
ficients model, the coefficient on the cube of the coupon gap is a small positive
number, while under the random coefficients model, the estimated mean for this
coefficient is not statistically different from zero but the estimated standard de-
viation is. Thus, while on average the effect of the coupon gap may be neutral,
for current loans there is a distribution of behavior, with some borrowers hav-
ing a positive response and others a negative response. These results signal a
potentially serious misspecification under the assumption of fixed coefficients.

To fully understand the impact of the assumption of random coefficients ver-
sus fixed coefficients, it is useful to calculate the estimated derivatives of each
transition probability with respect to the covariates. These derivatives measure
how much the probability of a given transition event is expected to change with a
one unit change in a covariate.!! The numerical derivative is calculated for each
observation under both models. For the random coefficients model, the derivative
is calculated with respect to the simulated probability. The values reported in
Tables 3.5, 3.7, and 3.9 are averages over all observations.

The differences in the parameter estimates between the fixed and random co-
efficients models translate to these derivatives. For example, even though Table
3.6 shows that for current mortgages the estimated standard deviation of the level

of the coupon gap is not significantly different from zero, Table 3.7 reports larger

1 This value is similar to the elasticities that are commonly calculated in regression analysis.
Since the focus in this analysis is on transition probabilities, the derivative is a sufficient measure.
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derivatives (in absolute value) for the coupon gap under the random coefficients
model, due to the distribution in the cube of coupon gap. Heterogeneity in be-
havior among current borrowers with respect to their FICO score leads to a lower
probability of entering 30-day delinquency under the random coefficients model,
offset by a higher probability of remaining current. It is interesting to note that
even though a non-zero standard deviation is estimated for the coefficient on the
slope of the yield curve in Table 3.4 for curtailed loans, in Table 3.5 there is not a
significant difference between the derivatives with respect to this factor calculated
under the fixed and random coefficients models.

The impact of a random coefficients model is most notable with respect to
mortgages in 30-day delinquency. Table 3.8 shows that for these loans the co-
efficients on the lowest FICO score bucket and the mortgage purpose have an
estimated standard deviation that is significantly different from zero. Table 3.9
shows that, under both the fixed and random coefficients models, borrowers in 30-
day delinquency with good credit (FICO scores between 620 and 720) are more
likely to prepay, curtail, or recover to current than delinquent borrowers with
excellent credit (FICO scores above 720). Distinct differences between the two
models, however, are observed with respect to borrowers with poor credit (FICO
scores below 620). Under the fixed coefficients model, these borrowers are more
likely to remain in 30-day delinquency or enter 60-day delinquency than borrow-
ers with higher FICO scores. Under the random coefficients model, borrowers in

30-day delinquency with poor FICO scores are also more likely to prepay than
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other borrowers. The random coefficients model also predicts a smaller deriva-
tive for staying in 30-day delinquency and a higher derivative for entering 60-day
delinquency. These results suggest that borrowers in distress are equally likely to
resolve their liability through prepayment as through default, an important result
that has not been previously reported in the literature on delinquent loans.
There are also differences between the fixed and random coefficients models
with respect to mortgage purpose. Under the assumption of fixed coefficients,
loans contracted for property purchase are more likely to prepay, curtail, or recover
to current than loans contracted for a refinancing. Under the random coefficients
model, even though the mean of the distribution for the coefficient on property
purchase is not significantly different from zero, the estimated derivatives imply
a lower probability of prepayment, curtailing, or recovering to current for these
loans. This effect is also observed in Tables 3.5 and 3.7 with respect to current

and curtailed mortgages.

Examination of Mean Estimates

While the focus up to this point has been on the factors with a significant non-
degenerate distribution under the random coefficients models, the more flexible
specification of the random coefficients model also leads to differences between
the coefficient estimated under a fixed coefficients model and the mean of the
distribution estimated under a random coefficients model. The differences in these
parameters have important economic implications, even though the coefficients

may not have a significant non-degenerate distribution. The most notable example
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is the effect of the coupon gap on loans in 30-day delinquency.

Normally, the probability of prepayment increases with the coupon gap. A
higher coupon gap is associated with prevailing mortgage rates that are lower
than the rate contracted at the time of origination, indicating a higher benefit
from refinancing. However, Table 3.9 shows that for loans in 30-day delinquency,
under the fixed coefficients model an increase in the coupon gap is associated
with a lower probability of prepayment. This is puzzling because prepayment is
just as common from 30-day delinquency as it is for current or curtailed loans. A
possible explanation is that prepayment of delinquent loans is due to property sale
rather than refinancing, i.e. the borrower prevents default by selling the property.
This is not a satisfactory explanation, however, because 30-day delinquency is
not a severe enough credit event to substantially restrict a borrower’s refinancing
opportunities.

The random coefficients model predicts an entirely different result, and sug-
gests that estimates obtained under the assumption of fixed coefficients may be
incorrect. The derivatives with respect to the coupon gap reported in Table 3.9
for the random coefficients model have the opposite sign of those calculated for
the fixed coefficients model. These results conform to the expectation that an
increase in the coupon gap will even facilitate the prepayment of loans in 30-day
delinquency. This has been observed anecdotally over the last five years, as the
availability of adjustable-rate and negative-amortization mortgages expanded the

refinancing opportunities available to borrowers with credit constraints.
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Differences between the fixed coefficient and the mean estimate of the coeffi-
cient distribution also play a role among current and curtailed loans. For curtailed
mortgages, the results of the fixed coefficients model imply that an increase in the
coupon gap only has a positive effect on the probability of prepayment. Under the
random coefficients model, an increase in the coupon gap also leads to a higher
probability of remaining in a curtailed state. In this way, under the assumption of
random coefficients, curtailed loans behave similarly to current loans with respect
to the coupon gap. Other differences are larger derivatives with respect to the
slope of the yield curve for current loans, and a stronger spring and summer effect

for all initial states under the random coeflicients model.

Examination of Estimates from 60-Day Delinquency

The results for mortgages in 60-day delinquency illustrate a problem that is of-
ten encountered in the estimation of random coefficients models. In the subsample
there are very few observations in 60-day delinquency. This does not hinder esti-
mation of an ordered logit model with fixed coefficients, as it would a multinomial
logit model.!? Table 3.10 shows that under the fixed coefficients model an increase
in the slope of the yield curve, property purchase as the mortgage purpose, and
the spring and summer factor all contribute to an increase in the probability of
prepayment, and a corresponding decrease in the probability of falling further into
delinquency, i.e. default. Age and an increase in the contemporaneous LTV ratio

lead to a higher probability of default.

12Gee the previous chapter for a more detailed discussion.
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At first glance it appears that, in contrast, the random coefficients model
suggests that only the threshold parameters are significant factors for loans in 60-
day delinquency. Closer examination, however, reveals that both the parameter
estimates and their standard errors are much larger than those estimated under
the fixed coefficients model. As the number of simulations used for the maximum
simulated likelihood estimator increases, the parameter estimates explode and,
ultimately, the model fails. This is a problem that has been frequently observed
in the estimation of random coefficient models, and appears to be exacerbated by
the low number of observations in 60-day delinquency. A detailed examination as
to the cause of this outcome, and strategies for potential solutions is an area of

current research.!?

3.4.2 Independent vs. Correlated Random Coefficients

The results in the previous subsection indicate that random coefficients are
necessary for accurately modeling a borrower’s behavior. A random coefficients
model is able to capture unobserved heterogeneity and correlation in behavior over
time that is not available in a fixed coefficients model. To allow the borrower’s
behavior to be correlated through the full life of the loan, including changes in
the status of the mortgage, it is necessary for all of the coefficients in the model
to be correlated.

The correlated random coefficients model, presented in the previous section,

13Ben-Akiva, Bolduc, and Walker (2001) discuss identification issues in mixed logit models,
and address several special cases including random coefficients.
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provides a general framework for estimating correlated coefficients. The correla-
tion between coefficients is driven by the number of independent random shocks
specified, i.e. the size of z,,. The drawback is that in order to maintain a manage-
able number of parameters, i.e. a small number of independent random shocks,
restrictions are implicitly imposed on the correlation structure of the coefficients.
In particular, a lower number of independent shocks implies a higher degree of
correlation between coefficients. Therefore, to successfully estimate a model with
correlated coefficients the researcher must have a thorough understanding of the
model dynamics.

To illustrate the differences between independent and correlated random co-
efficients, a streamlined specification is used in this subsection. Only loans that
are current, curtailed, or 30 days delinquent are considered. 60-day delinquency
is the event furthest to the right on the continuum. The analysis is focused on
the effect of age, the LTV ratio at origination, and the level of the coupon gap.'*

Table 3.11 reports the parameter estimates of the independent random co-
efficients model reestimated under the streamlined specification. There are 19
independent random shocks, one for each coefficient, so that II is restricted to be
a 19 x 19 diagonal matrix. Since the covariance matrix of the joint distribution is
obtained by calculating the outer square product of II, the diagonal of II, which is

reported in the table, contains the standard deviation for each coefficient. Table

14Geveral important factors are missing from this streamlined analysis, namely the slope of
the yield curve, the contemporaneous LTV ratio, and the borrower’s FICO scores. Not only
will this misspecification bias the estimation results, but it will overemphasize the importance
of unobserved heterogeneity.
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3.12 shows the results of a correlated model with two independent random shocks
(Model I), including all of the elements of II. The results of a correlated model
with three independent random shocks (Model II) are in Table 3.13.

The first question to ask when comparing these three models is: does the
correlation between coefficients matter? Table 3.14 shows the covariance matrix
estimated under correlated model II. For age and the LTV ratio at origination,
both the variance and covariance terms are quite small, consistent with the results
in the previous subsection. For the threshold parameters and the coupon gap,
the variance and covariance terms are significant, indicating correlation between
coefficients that should not be ignored. This result is confirmed by the adjusted
likelihood ratio indices calculated for each model, which are slightly higher for the
correlated models.

Since II takes on a different form in each model, direct comparison of the
parameter estimates is difficult. To understand the effect of modeling borrower
behavior with correlated random coefficients, Table 3.15 reports the average es-
timated derivatives for the independent random coefficients model and the two
correlated random coefficients models. In general, the derivatives calculated un-
der correlated model I and correlated model II are very similar. The exception
is the derivatives with respect to the coupon gap calculated for loans in 30-day
delinquency. For loans in 30-day delinquency, correlated model II predicts that a
change in the coupon gap has a larger effect (in absolute value) on the probability

of prepayment and entering 60-day delinquency than correlated model I. Under
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correlated model II, an increase in the coupon gap is also associated with a lower
probability of recovering to current, while in the independent model and corre-
lated model I the probability of recovering to current is not affected by changes
in the coupon gap.

There are clear differences between the independent random coefficients model
and the correlated random coefficients models, which suggests that it is impor-
tant to take into account correlation between a borrower’s responses in different
mortgage states. For example, for loans in a curtailed state, under the correlated
models an increase in the coupon gap is associated with a lower probability of
remaining in a curtailed state, while under the independent model an increase in
the coupon gap implies a higher probability of remaining in a curtailed state. Also
with respect to the coupon gap, for loans in a current state the correlated models
predict a larger positive derivative on the probability of prepayment, offset by a
larger negative derivative on the probability of remaining in a current state. A
change in the coupon gap is also associated with a neutral effect on the probability
of falling into 30-day delinquency under the correlated models, while the indepen-
dent model predicts a strong negative effect. For loans in 30-day delinquency,
the derivatives calculated under the correlated models are, in general, smaller in

magnitude than those calculated under the independent model.
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3.5 Conclusion

In this chapter, it has been shown that random coefficients are essential for
accurately modeling the payment behavior of residential mortgage borrowers. The
decision made by the borrower with respect to his mortgage is correlated in each
payment period due to unobserved factors and consistency in preferences. Ran-
dom coefficients are used to capture the effects of unobserved heterogeneity and
correlation over time by specifying a factor of the error component that is specific
to a borrower but constant over time.

The results in this chapter show that predicted borrower behavior varies sub-
stantially with the model specification. In the comparison of a fixed coefficients
ordered logit model and an independent random coefficients ordered logit model,
it is found that the random coefficients model has a better fit, and predicts behav-
ior that is in line with economic intuition. This is particularly true for delinquent
loans, and it is an important result because these loans have not previously been
studied in depth.

To fully capture the correlation in a borrower’s behavior over time it is neces-
sary for the coefficients corresponding to different initial states to be correlated.
This chapter presents a generalized framework for modeling correlated coefficients
while maintaining a manageable number of parameters. For the covariates most
affected by random coefficients, such as the threshold parameters and the coupon
gap, there is a significant difference in the response predicted under an indepen-

dent random coefficients model and a correlated random coefficients model. The
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model estimates also indicate that there is correlation between coefficients that
should be taken into account.

Random coefficients have not previously been used with respect to mortgage
borrower behavior. However, this is a natural application because a borrower’s
decision is highly influenced by behavioral factors that cannot be captured in a
model driven solely by financial dynamics. The results in this chapter suggest
that, since predicted behavior is highly dependent on the model specification,
models that do not consider random coefficients will lead to mispricing of mortgage
instruments. A random coefficients model provides a further benefit with respect
to pricing. Since a distribution of behavior is estimated, simulation through this
distribution can be used to calculate empirical distributions for probabilities and
prices. This enhances the information available to investors and originators, and

allows them to make statistical inference with respect to mortgage investments.
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Table 3.1: Comparison of Origination Trends

Subsample Full Sample
No. of Loans 2,500 103,347
Percent of Sample

Year of Origination

2000 13.9 13.0
2001 29.8 30.9
2002 17.9 17.7
2003 19.6 20.5
2004 5.6 5.1
2005 13.3 12.8
Mortgage Term
15-Year 27.2 27.4
30-Year 71.4 71.3
Other 1.4 1.3
Mortgage Purpose
Standard Refinancing 40.8 42.2
Cash-Out Refinancing 19.9 20.7
Property Purchase 30.2 28.2
Employer Relocation 9.2 8.9
CA-HI 42.3 41.2
NY-NJ-CT 12.2 12.5
Midatlantic 8.4 9.2
Texas 3.5 4.1
Florida 3.1 2.8
South 5.2 5.1
Lakes 10.8 11.1
Mountain 5.7 5.9
Northwest 2.6 2.7
Plains/Midwest 2.6 2.2
New England 3.4 3.4

Since estimation of a random coefficients model requires the use of a simulated likelihood func-

tion, a subsample of the data is used in this chapter to simplify computation. Although only a

small proportion of the total sample is used, the subsample is representative of the origination

trends present in the full sample.
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Table 3.2: Comparison of Loan Characteristics by Issue Year

Subsample Full Sample
No. of Loans 2,500 103,347
Mean  Std. Dev.  Mean  Std. Dev.

Coupon Rate at Origination

2000 8.11 0.41 8.08 0.45
2001 7.21 0.47 717 0.44
2002 6.57 0.41 6.51 0.42
2003 5.48 0.43 5.43 0.45
2004 5.44 0.38 5.46 0.39
2005 5.78 0.27 5.71 0.32
All 6.60 1.01 6.47 1.03
Property Appraisal at Origination
2000 525,000 240,000 521,000 268,000
2001 650,000 326,000 653,000 360,000
2002 814,000 607,000 766,000 486,000
2003 955,000 604,000 936,000 592,000
2004 968,000 881,000 938,000 652,000
2005 818,000 481,000 845,000 531,000
All 762,000 522,000 769,000 505,000
Loan To Value Ratio at Origination
2000 75 13 75 13
2001 71 14 70 14
2002 65 15 65 16
2003 59 16 59 16
2004 60 17 61 16
2005 68 13 67 15
All 67 15 66 16
FICO Score at Origination
2000 725 47 724 49
2001 728 48 726 49
2002 736 48 732 50
2003 736 45 737 44
2004 735 49 736 43
2005 741 45 743 43
All 733 47 732 48

This table reports the mean and standard deviation of key loan characteristics by issue year.
For the coupon rate, the LTV ratio, and the FICO score both the mean and standard deviation
are similar across the subsample and the full sample. For the property appraisal at origination,
the standard deviation of the subsample is slightly larger, but in general the subsample displays

the same distribution of loan characteristics as the full sample.
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Table 3.4: Parameter Estimates Corresponding to a Curtailed State

Fixed Random
Observations 11,227 11,227
Log-likelihood -4266 =377
Adj. LL Ratio Index 0.05 0.16
AIC 8558 7606
Coefficient Mean Std. Dev.
Interceptl 4.81 Fk* 6.66 FF* 0.14
(0.173) (0.337) (0.145)
VIntl — Int2 2.55 HHE 2.96 K 0.71 HF*
(0.012) (0.045) (0.042)
VInt2 — Int3 0.74 *F* 0.82 *** 1.30  Fk*
(0.019) (0.079) (0.097)
Age 0.034 *** 0.042 HF** 0.001
(months) (0.005) (0.007) (0.007)
LTV at 0.006 0.005 0.001
Origination (0.004) (0.007) (0.002)
Coupon Gap 0.566  *** 1.420 0.019
(1I-month lag) (0.072) (0.154) (0.067)
Coupon Gap 0.003 -0.024  *** 0.007
Cubed (1-month lag) (0.003) (0.008) (0.005)
Slope of Yield 0.392 Fk* 0.412 F** 0.132  **
Curve (1-month lag) (0.049) (0.071) (0.068)
Current LTV -0.019 *** _0.017 F** 0.001
(0.004) (0.007) (0.002)
Baseline FICO: 850 - 720
FICO: 720 - 620 -0.25 Rk -0.13 0.02
(0.054) (0.108) (0.273)
FICO: 620 - 300 -1.41 ek -1.36 0.88
(0.104) (0.455) (0.717)
Baseline: Oct - Mar
Apr - Sep 0.15  ** 0.23 HFk* 0.14
(0.069) (0.073) (0.161)
Baseline: Refinancing
Purchase / -0.05 0.06 0.17
Relocation (0.060) (0.107) (0.195)

Standard errors are reported in parenthesis:
*** 1% Significance; ** 5% Significance; * 10% Significance
The adjusted log-likelihood ratio index follows Ben-Akiva and Lerman (1985).
AIC is the Akaike Information Criterion.
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The distribution for the intercepts, or threshold parameters, estimated under the random coef-

ficients model indicates that unobserved heterogeneity is a factor for loans in a curtailed state.

This table shows that there is also heterogeneity in the response of borrowers to changes in the

slope of the yield curve.
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Table 3.6: Parameter Estimates Corresponding to a Current State

Fixed Random
Observations 17,397
Log-likelihood -8747 -8038
Adj. LL Ratio Index 0.02 0.09
AIC 17520 16128
Coefficient Mean Std. Dev.
Interceptl 3.49 okE 4.91 Fkx 0.12
(0.125) (0.250) (0.092)
vIntl — Int2 0.72 *** 0.52 *¥* 0.64 ***
(0.016) (0.048) (0.039)
vInt2 — Int3 2.36  FxE 2,71  HH* 0.57 *H*
(0.007) (0.027) (0.028)
Age -0.015  Hok* 0.002 3.0E-04
(months) (0.003) (0.007) (0.007)
LTV at 0.019 F** 0.017  ** 0.002
Origination (0.004) (0.008) (0.001)
Coupon Gap 0.251  HF** 0.739 *** 0.042
(1I-month lag) (0.051) (0.114) (0.044)
Coupon Gap 0.010 *** 0.005 0.016 ***
Cubed (1-month lag) (0.002) (0.006) (0.003)
Slope of Yield 0.188  *** 0.326 *** 0.045
Curve (1-month lag) (0.034) (0.051) (0.053)
Current LTV -0.028 *¥FF _0.028 F** 0.001
(0.004) (0.008) (0.002)
Baseline FICO: 850 - 720
FICO: 720 - 620 -0.32 Rk -0.22 Rk 0.06
(0.037) (0.078) (0.157)
FICO: 620 - 300 -1.70 Rk -1.40 ek 1.07  **
(0.097) (0.398) (0.469)
Baseline: Oct - Mar
Apr - Sep 0.18 *** 0.31 Hk* 0.02
(0.051) (0.054) (0.140)
Baseline: Refinancing
Purchase / 0.03 -0.04 0.13
Relocation (0.042) (0.086) (0.165)

Standard errors are reported in parenthesis:

*** 1% Significance; ** 5% Significance; * 10% Significance

The adjusted log-likelihood ratio index follows Ben-Akiva and Lerman (1985).
AIC is the Akaike Information Criterion.

For loans that are current, significant heterogeneity in behavior is observed with respect to the
coupon gap and the lowest FICO score bucket. It is important to model the heterogeneity among
borrowers with poor credit because the magnitude of the standard deviation estimate is close to
that of the mean estimate. This suggests a serious misspecification under the fixed coefficients

model.
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Table 3.8: Parameter Estimates Corresponding to 30-Day Delinquency

Fixed Random
Observations 3,540
Log-likelihood -4107 -3433
Adj. LL Ratio Index 0.03 0.18
AIC 8242 6922
Coefficient Mean Std. Dev.
Interceptl 1.99 F** 4.48  FH* 0.11
(0.194) (0.495) (0.127)
vIntl — Int2 1.01  Fx* 0.75 HH* 0.80 H¥*
(0.023) (0.057) (0.058)
vV Int2 — Int3 1.16  *** 1.16  *** 1.15  Hkx*
(0.012) (0.046) (0.065)
vInt3 — Intd 1.95 kX 2.47 HRE 0.88 H**
(0.018) (0.088) (0.101)
Age 0.012 *F** 0.020 F** 0.002
(months) (0.003) (0.008) (0.009)
LTV at 0.016  *** 0.026  ** 0.003
Origination (0.004) (0.012) (0.002)
Coupon Gap -0.399 0477  ** 0.044
(1I-month lag) (0.072) (0.201) (0.048)
Coupon Gap 0.005  *  -0.001 0.003
Cubed (1-month lag) (0.003) (0.008) (0.003)
Slope of Yield 0.440 ***  0.407 0.072
Curve (1-month lag) (0.040) (0.074) (0.071)
Current LTV -0.032  *FF_0.038 *F* 4.0E-04
(0.004) (0.011) (0.002)
Baseline FICO: 850 - 720
FICO: 720 - 620 0.12 *** 0.14 0.06
(0.044) (0.137) (0.143)
FICO: 620 - 300 -0.36  *HE -0.64 2.01 Fxk
(0.075) (0.452) (0.480)
Baseline: Oct - Mar
Apr - Sep 0.08 0.40 HH* 0.23
(0.072) (0.096) (0.161)
Baseline: Refinancing
Purchase / 0.06 -0.12 0.36  **
Relocation (0.047) (0.145) (0.176)

Standard errors are reported in parenthesis:

**% 1% Significance; ** 5% Significance; * 10% Significance

The adjusted log-likelihood ratio index follows Ben-Akiva and Lerman (1985).
AIC is the Akaike Information Criterion.

For loans in 30-day delinquency, the coefficients on the lowest FICO score bucket and the
mortgage purpose have an estimated standard deviation that is significantly different from zero.
Since these are both dummy variables, the coefficients will ultimately affect the intercept of the

utility function.
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Table 3.9: Average Simulated Derivatives From 30-Day Delinquency

Transition to: Prepay Curtail Current 30-Day 60-Day
Fixed Coefficients

Age (months) 0.07  0.08 0.11  -0.22 -0.04
Org. LTV 0.09 0.11 0.15 -0.30  -0.06
Coupon Gap -1.80  -2.03 -2.74 5.57 1.00
Yield Curve Slope  2.59 3.00 4.31 -8.28  -1.61
Current LTV -0.19  -0.22 -0.31 0.60 0.12
Baseline FICO: 850 - 720
FICO: 720-620 0.73 0.85 1.21 -2.34  -0.45
FICO: 620-300 -1.87  -2.29  -3.75 6.38 1.53
Baseline: Oct - Mar
Apr-Sept 0.44 0.51 0.74 -1.42  -0.28
Baseline: Refinancing
Purchase / 0.33  0.38 0.54  -1.05 -0.21
Relocationf

Random Coefficients
Age (months) 0.13  0.10 0.01  -0.17 -0.06
Org. LTV 0.17 0.13 0.01 -0.22  -0.08
Coupon Gap 3.08 2.30 0.13 -3.99 -1.52
Yield Curve Slope 2.71 2.03 0.11 -3.53  -1.32
Current LTV -0.25  -0.19  -0.01 0.33 0.12
Baseline FICO: 850 - 720
FICO: 720-620¢ 0.90 0.67 0.03 -1.16  -0.44
FICO: 620-300 3.53 -3.72 -5.20 1.12 4.27
Baseline: Oct - Mar
Apr-Sep 2.75 1.98 0.05 -3.51  -1.27
Baseline: Refinancing
Purchase / -0.47  -0.63 -0.25 092 043
Relocation

T Coefficient is not statistically significant.

Under the random coefficients model, borrowers in 30-day delinquency with poor FICO scores
are more likely to prepay than other borrowers. This suggests that borrowers in distress are
equally likely to resolve their liability through prepayment as through default. Normally, the
probability of prepayment increases with the coupon gap. However, under the fixed coefficients
model an increase in the coupon gap is associated with a lower probability of prepayment.
The random coefficients model predicts an entirely different result, and suggests that the fixed

coeflicient estimates may be incorrect.



Table 3.10: Parameter Estimates Corresponding to 60-

Day Delinquency

Fixed Random
Observations 133
Log-likelihood -175 -150
Adj. LL Ratio Index 0.06 0.11
AlIC 380 360
Coefficient Mean Std. Dev.

Interceptl 6.11 FF* 52.24 0.46

(1.540) (40.175) (2.491)
viIntl — Int2 1.06 *** 1.90  ** 1.54  **

(0.187) (0.831) (0.846)
VInt2 — Int3 0.68 *** 1.64 K 0.99

(0.140) (0.634) (1.586)
vInt3 — Intd 1.41  Fxk 3.75 RHE 1.26

(0.096) (1.306) (0.783)
v Intd — Intb 1.01 ek 2,12 HFkx 0.32

(0.098) (0.789) (0.810)
Age -0.071 k¥ -0.672 0.216
(months) (0.037) (0.718) (0.254)
LTV at 0.078  ** 0.812 0.051
Origination (0.040) (0.981) (0.079)
Coupon Gap 0.636 14.616 1.109
(1-month lag) (0.517) (11.536) (2.129)
Coupon Gap -0.010 -0.163 0.228
Cubed (1-month lag) (0.018) (0.315) (0.168)
Slope of Yield 1.174  *HE 8.139 5.729
Curve (1-month lag) (0.307) (6.810) (3.481)
Current LTV -0.092 k¥ -0.978 0.041

(0.040) (1.017) (0.053)

Standard errors are reported in parenthesis:
*** 1% Significance; ** 5% Significance; * 10% Significance

The adjusted log-likelihood ratio index follows Ben-Akiva and Lerman (1985).

AIC is the Akaike Information Criterion.

continued on next page
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Table 3.10: Parameter Estimates Corresponding to 60-
Day Delinquency (continued)

Coeflicient Mean Std. Dev.
Baseline FICO: 850 - 720
FICO: 720 - 620 -0.29 -7.74 13.96
(0.443) (6.163) (9.229)
FICO: 620 - 300 0.30 -0.57 18.37
(0.605) (9.30) (21.40)
Baseline: Oct - Mar
Apr - Sep 0.73  ** 10.17 5.64
(0.358) (8.471) (5.284)
Baseline: Refinancing
Purchase / 0.83 * -1.19 1.94
Relocation (0.437) (6.457) (4.741)

Standard errors are reported in parenthesis:
*** 1% Significance; ** 5% Significance; * 10% Significance

At first glance it appears that the random coefficients model suggests that

only the threshold parameters are significant for loans in 60-day delinquency.
Closer examination reveals that both the parameter estimates and their standard
errors are much larger than those estimated under the fixed coefficients model.

As the number of simulations used for the maximum simulated likelihood estimator

increases, the parameter estimates explode and, the model fails.



Table 3.11: Parameter Estimates - Independent Random

Coeflicients Model

Observations 32,273

Log-likelihood -15893

Adj. LL Ratio Index 0.10

AIC 31862

Mean (u) Diagonal of II
Parameters Corresponding to a Curtailed State

Interceptl 4.790 Fkx 0.006
(0.191) (0.044)

ViIntl — Int2 2.652 ek 0.498 ok
(0.021) (0.018)

VInt2 — Int3 0.746 *F* 0.657 ***
(0.028) (0.031)

Age 0.022 F** -0.005 *

(months) (0.005) (0.003)

LTV at -0.007 ek 0.001

Origination (0.003) (0.001)

Coupon Gap 0.871 Hk* 0.094 H**

(1I-month lag) (0.041) (0.018)

Parameters Corresponding to a Current State

Interceptl 3.936 *H* -0.061
(0.134) (0.040)

ViIntl — Int2 0.635 *** 0.307 ***
(0.019) (0.016)

VInt2 — Int3 2.479 RRX -0.456  F*
(0.015) (0.014)

Age 0.006 * -0.008 ok

(months) (0.004) (0.002)

LTV at -0.008 ok 0.000

Origination (0.002) (0.001)

Coupon Gap 0.619 *** -0.019

(I-month lag) (0.034) (0.016)

Standard errors are reported in parenthesis:
*** 1% Significance; ** 5% Significance; * 10% Significance
The adjusted log-likelihood ratio index follows Ben-Akiva
and Lerman (1985). AIC is the Akaike Information Criterion.

continued on next page
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Table 3.11: Parameter Estimates - Independent Random

Coeflicients Model (continued)

Mean (p)

‘ Diagonal of II

Parameters Corresponding to 30-Day Delinquency

Interceptl

VIntl — Int2
vV Int2 — Int3
VInt3 — Intd

Age

(months)
LTV at
Origination
Coupon Gap
(1I-month lag)

2.575
(0.225)
0.931
(0.028)
1.293
(0.020)
2.509
(0.054)
0.041
(0.006)
-0.013
(0.002)
0.103
(0.043)

KKk

XKk

XKk

*Kokok

Kokosk

KKk

ok

-0.139
(0.046)
0.536
(0.023)
0.614
(0.019)
0.889
(0.079)
-0.031
(0.003)
0.003
(0.001)
0.095
(0.017)

XKk

XKk

XKk

*okk

kokok

XKk

okok

Standard errors are reported in parenthesis:

*** 1% Significance; ** 5% Significance; * 10% Significance
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Table 3.12: Parameter Estimates - Correlated Random

Coeflicients Model I

Observations 32,273

Log-likelihood -15455

Adj. LL Ratio Index 0.12

AIC 31024

Mean (u) I
Parameters Corresponding to a Curtailed State

Interceptl 5.190 ok 0.288 -1.152 R
(0.262) (0.299) (0.295)

ViIntl — Int2 2.919 ko 0.137 *F*  _0.629 H**
(0.032) (0.030) (0.031)

VInt2 — Int3 1.886  *** 0.979 *F*  _(0.82] k¥
(0.123) (0.045) (0.087)

Age 0.020 *** 0.000 -0.003

(months) (0.006) (0.007) (0.007)

LTV at -0.006 * 0.001 0.000

Origination (0.003) (0.004) (0.004)

Coupon Gap 1.008 *H 0.165 ** -0.347 X

(I-month lag) (0.064) (0.066) (0.068)

Parameters Corresponding to a Current State

Interceptl 4.108 HFFk* -0.551 ¥k 1550 HH*
(0.152) (0.200) (0.201)

ViIntl — Int2 0.634 F* 0.011 0.393 ***
(0.023) (0.029) (0.040)

VInt2 — Int3 2.566 FF* -0.375 R _(0.429 RE
(0.018) (0.018) (0.020)

Age 0.019 *k* -0.015 ***  -0.007

(months) (0.004) (0.005) (0.006)

LTV at -0.011 e 0.008 ***  .0.004 *

Origination (0.002) (0.003) (0.002)

Coupon Gap 0.687 *** -0.436  **F 0.504 HF*

(I-month lag) (0.042) (0.049) (0.048)

Standard errors are reported in parenthesis:

*** 1% Significance; ** 5% Significance; * 10% Significance

The adjusted log-likelihood ratio index follows Ben-Akiva and Lerman (1985).
AIC is the Akaike Information Criterion.

continued on next page
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Table 3.12: Parameter Estimates - Correlated Random
Coeflicients Model I (continued)

Interceptl

VIntl — Int2
vV Int2 — Int3
VInt3 — Intd

Age

(months)
LTV at
Origination
Coupon Gap
(1I-month lag)

Mean () | I
Parameters Corresponding to 30-Day Delinquency
2.286  *H* -0.522 * 0.221
(0.240) (0.295) (0.273)
0.474 FF* -0.503  *H* 0.657
(0.054) (0.031) (0.037)
1.039 *** 0.751 ***  _0.091
(0.031) (0.024) (0.033)
2.207 Fkx 0.135 ** -0.483
(0.042) (0.056) (0.052)
0.023 F** -0.003 0.030
(0.006) (0.007) (0.007)
-0.012  *H* -0.006 * -0.006
(0.003) (0.004) (0.003)
0.038 -0.078 0.111
(0.049) (0.060) (0.056)

kkx

kkx

kokok

KKk

k%

Kk

Standard errors are reported in parenthesis:

*** 1% Significance; ** 5% Significance; * 10% Significance
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Table 3.13: Parameter Estimates - Correlated Random

Coeflicients Model 11

160

Observations 32,273
Log-likelihood -15314
Adj. LL Ratio Index 0.13
AIC 30780
Mean (u) I
Parameters Corresponding to a Curtailed State
Interceptl 5.181 Hok* 0.631 * -0.385 -0.838  *Hk
(0.259) (0.312) (0.409) (0.314)
ViIntl — Int2 2.033 ek 0.301 *F* 0301 *F* -0.645 FH*
(0.038) (0.033) (0.037) (0.034)
VInt2 — Int3 2.191 okE 1.327 **€ _0.785 F** _1.036 F**
(0.132) (0.062) (0.055) (0.075)
Age 0.016 *** -0.011 -0.012 -0.009
(months) (0.006) (0.007) (0.009) (0.008)
LTV at -0.008 ** 0.009 ** -0.001 0.010 **
Origination (0.004) (0.004) (0.004) (0.004)
Coupon Gap 1.079 HHE 0.103 0.017 -0.450 kX
(I-month lag) (0.064) (0.069) (0.071) (0.078)
Parameters Corresponding to a Current State
Interceptl 4.143 FF* -0.651 kK 0.578 FFE 1,667 K
(0.159) (0.188) (0.225) (0.212)
ViIntl — Int2 0.650 *** -0.078 FFE - _0.078 KK 0.314 H**
(0.021) (0.028) (0.035) (0.034)
VInt2 — Int3 2.611 F** -0.309 KRR _0.114 K 0457 X
(0.022) (0.018) (0.022) (0.020)
Age 0.016 *** -0.004 -0.004 -0.003
(months) (0.005) (0.005) (0.006) (0.005)
LTV at -0.009 Hk* -0.001 0.009 ***  .0.004 **
Origination (0.002) (0.002) (0.003) (0.002)
Coupon Gap 0.662 *** -0.235 K 0.014 -0.571  *HE
(I-month lag) (0.041) (0.043) (0.052) (0.051)

Standard errors are reported in parenthe

Sis:

*** 1% Significance; ** 5% Significance; * 10% Significance

The adjusted log-likelihood ratio index follows Ben-Akiva and Lerman (1985).

AIC is the Akaike Information Criterion.

continued on next page



Table 3.13: Parameter Estimates - Correlated Random

Coeflicients Model II (continued)

161

Interceptl

VIntl — Int2
vV Int2 — Int3
VInt3 — Int4

Age

(months)
LTV at
Origination
Coupon Gap
(1-month lag)

Mean () | I
Parameters Corresponding to 30-Day Delinquency
2.579 ek -0.723  ** 1.045
(0.278) (0.313) (0.352)
0.814 Hk* -0.630 ek 0.310
(0.049) (0.031) (0.035)
0.943 Hk* 0.615 *F* 0.362
(0.037) (0.029) (0.030)
2.090 F** 0.516 ***  -0.311
(0.037) (0.057) (0.049)
0.036 *** -0.016  ** 0.012
(0.007) (0.007) (0.007)
-0.011  Hok* -0.004 0.022
(0.004) (0.004) (0.005)
0.045 -0.172 R _0.362
(0.060) (0.062) (0.072)

XKk

XKk

Xkk

*okk

Xkk

*okk

-0.309
(0.294)
0.227
(0.034)
-0.044
(0.028)
-0.239
(0.040)
-0.006
(0.007)
-0.014
(0.004)
0.407
(0.062)

kkx

Kk

kkx

KKk

Standard errors are reported in parenthesis:

*** 1% Significance; ** 5% Significance; * 10% Significance
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