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Mortgage Prepayment and Default Decisions:
A Poisson Regression Approach

Eduardo S. Schwartz* and Walter N. Torous*

This paper uses an extensive und geographically dispersed sample of single-fam-
ilv fived rate mortgages to assess the prepavment and default behavior of indi-
vidual homeowners. We make use of Poisson regression to efficiently estimate
the parameters of a proportional hazards model for prepavment and default de-
cisions. Poisson regression for grouped survival data has several advantages
over partial likelihood methods. First. when dealing with time-dependent covar-
lares, it is considerably more efficient in terms of computations. Second, it is
possible to estimate full-hazard models which include. for example. functions of
time as well as multiple time scales (i.e., age of the loan and calendar time), in
a much more straightforward manner than partial likelihood methods for un-
grouped data. Third, Poisson regression can be used to estimate non-propor-
tional hazards models such as additive excess risk specifications. Taken together,
our data and estimation methodology allow us to obtain a better understanding
of the economic factors underlying prepavment and defaulr decisions.

Investigating residential mortgage prepayments and defaults is the subject
of much recent research. See, for example, Foster and Van Order (1984,
1985), Vandell and Thibodeau (1985) and Schwartz and Torous (1989,
1992). This research interest stems from the importance of prepayments
and defaults to the solvency of mortgage lending institutions and their
significance in establishing the capital requirements of secondary market
agencies such as Freddie Mac.

In addition, the valuation and hedging of mortgage securities, such as
Collateralized Mortgage Obligations (CMOs), Interest Only (IOs) and
Principal Only (POs) Stripped Mortgage-Backed Securities. critically de-
pend upon the modeling of the prepayment and default behavior of the
underlying borrowers. Even in the case of guaranteed mortgages, default
has valuation implications since it also results in the termination of the
loan, but for different economic reasons than prepayment.

*University of California, Los Angeles, California 90024
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This paper uses an extensive and geographically dispersed sample of sin-
gle-family fixed rate mortgages to assess the prepayment and default be-
havior of individual homeowners. We make use of Poisson regression to
efficiently estimate the parameters of a proportional hazards model for
prepayment and default decisions. Poisson regression for grouped sur-
vival data has several advantages over partial likelihood methods. First,
when dealing with time-dependent covariates, it is considerably more ef-
ficient in terms of computations. Second, it is possible to estimate full-
hazard models which include, for example. functions of time as well as
multiple time scales (i.e., age of the loan and calendar time), in a much
more straightforward manner than partial likelihood methods for un-
grouped data. Third, Poisson regression can be used to estimate non-
proportional hazards models such as additive excess risk specifications.
Taken together, our data and estimation methodology allow us to obtain
a better understanding of the economic factors underlying prepayment and
default decisions.

Estimation Methodology

This section deals with the estimation of prepayment and default func-
tions.' We introduce Poisson regression as a means of estimating the ef-
fects of time-varying explanatory variables on prepayment and default
rates in light of the censored nature of our data.

A prepayment function gives the probability of prepaying a mortgage dur-
ing a particular time period, conditional on the mortgage not having been
previously prepaid. By expressing this conditional probability as a func-
tion of various explanatory variables or covariates, we may assess the
statistical significance of these variables in influencing prepayment de-
cisions.

Let the continuous random variable T represent the time until prepayment.
The prepayment function 7 is defined by

CPUsT<t+AMT=1) f
7= lim ==
20 At F

' We cast this discussion in terms of prepayments. The same concepts, however.
apply to defaults.
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where F represents the survivor function
F=PT=1
while f is the probability density function of 7’

P(IST<I+AI)~ dF

= lim
! 2—0 At dt

As we discuss later, these functions may depend on various cxplanatory
variables and corresponding parameters.

There are two approaches to evaluating a prepayment function. The first
is based on the survival time characteristics of individual mortgages. In
particular, this approach utilizes ungrouped data and follows a specific
mortgage through time, determining when and under what economic cir-
cumstances it is prepaid or whether it has not been prepaid during the
sample period (censored). This is the strategy taken, for example, by
Schwartz and Torous (1989). The second approach determines for each
time period the proportion of mortgages prepaid conditional on the total
number of mortgages at risk at the period’s beginning. Poisson regres-
sion, used in this paper, implements this latter approach and takes ad-
vantage of the grouped nature of our data. For more details on Poisson
regression see, for example, Breslow et al. (1983).°

A Poisson regression treats the number of mortgages prepaid per unit of
time as a Poisson random variable with an intensity hypothesized to de-
pend on posited explanatory variables. Recall that a random variable X
is Poisson distributed if its probability function is given by

T
PX=x)=f(x) = x=0,1,2,...

where 7 denotes the intensity of the Poisson process.

While Poisson processes have been used in a variety of applications, what
we emphasize is their applicability in modeling mortgage prepayments,
as well as defaults. To that end, we interpret 7 as the prepayment inci-

* We thank Dale Preston for clarifying for us the use of Poisson regression in
estimating proportional hazard models with time-varying covariates.
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dence rate or, in other words. the probability per unit of time that a mort-
gage will be prepaid conditional on not having been previously prepaid.

To emphasize the dependency of this prepayment rate on various ex-
planatory variables, we assume

T =mv.0)

where v = a vector of explanatory variables and & = a vector of param-
eters to be estimated.

Prepayment data is typically available on a monthly basis. If n, is the
number of mortgages outstanding at the beginning of month ¢, the ex-
pected number of prepayments during that month, g,. is then given by

W, = n(v, 0).

If ¢, mortgages actually prepay during month 7, then according to the
Poisson specification, we have

W exp (=g
¢!

[r,m(v. )] exp [—nm(v, 0)]

P(c,) =

!
Assume we have sample prepayment data {c,. . ... ¢y}. The corresponding
log-likelihood function is the logarithm of the product of the marginal
probabilities

N
In L(O\(', L Oy) = E In P(¢)
=1
N
% > e, In [na(v, 8)] — na(v, 0)).

=1

The maximum likelihood estimator is that value of 8 which maximizes
this log-likelihood function.

As noted earlicr, the same concepts developed for prepayments also apply
to defaults, though the explanatory variables may differ. Moreover. given
that Poisson regression uses the number of mortgages at risk. that is sub-
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ject to either prepayment or default. we can separately estimate prepay-
ment and default functions while cxplicitly taking into account the fact
that during this period. a mortgage can prepay or default. but not both.
In other words, in this paper we deal with the competing nature of these
risks by fitting cause-spectfic hazard models [see Kalbfleisch and Prentice
(1980). pages 163-188).

Following Green and Shoven (1986) and Schwartz and Torous (1992).
we model both the prepayment and default functions by proportional haz-
ards models of the form

v, .. B2] = w7, a;) exp [ B, v(n)]
Sl v(n). s Bs] = 07, ag) exp [ Bs v

where the bascline hazard functions 7, and 8, mcasure the probabilities
of prepayment and default. respectively, under homogeneous conditions,
v = 0, and depend explicitly upon the age of the mortgage. 7. As we
note later. we also model the log bascline hazard functions as polynomials
in 7.

Data

The data for this study were provided by Freddie Mac. We have infor-
mation on a large sample of 1-4 family. 30-year fixed rate loans over
the sample period 1975 through and including 1990.

For each loan, we were provided its origination quarter, coupon rate, loan
to value ratio (LTV) class at origination"‘ and information on which of
Freddie Mac’s five regions of the country the loan was originated in (North
Central, Northeast, Southeast. Southwest and West). For each region and
LTV class, we calculated the number of active loans, that is the number
of loans originated in a particular origination year which are active at the
quarter’s beginning. We then compared this number of active loans to
the number of loans which prepaid or defaulted during the quarter. In
total, we have data on 39,032 prepayments and 8,559 defaults.

In addition. Freddie Mac provided housing index returns and volatility
data by region of the country. For further details on this data and the

* Data on LTV ratios was provided by categorics. We converted this data into a
continuous variable by taking the midpoint of the category as the level of the
variable.
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procedures used, sec Abraham and Schauman (1991). We use this data
to obtain explanatory variables for our default and prepayment functions.
Refinancing rates for each quarter in the sample period were obtained
from the Federal Reserve Bulletin.

Empirical Results

In this section, we define the explanatory variables used in our prepay-
ment and default functions. We then detail and estimate the corresponding
proportional hazards models. This section concludes with a discussion of
the economic significance of our results.

Explanatory Variables

Our empirical analysis includes a variety of explanatory variables. These
variables capture the various financial, socioeconomic and regional fac-
tors affecting homeowners’ prepayment and default decisions.

We consider the following categorical variables: the region of the country
in which the mortgage was originated, the quarter of the year in which
the loan was terminated and the age of the mortgage in years at the time
of prepayment or default. These variables allow us to determine whether
prepayment and default activity vary by region, season of the year and
mortgage age.

The next variable considered is the mortgage’s LTV ratio at origination.
We expect that prepayments and, especially, defaults are related to the
homeowner’s initial equity in the property.

We also consider the corresponding cumulative, from origination, re-
gional housing index return. At least in the case of defaults, we expect
fewer defaults associated with higher cumulative returns. However, since
the cumulative housing index only measures the average house appreci-
ation (or depreciation) in a region, it neglects important information about
extreme price movements which may trigger default (or prepayment). To
capture this, we also include the volatility of the housing index return by
region.

Refinancing opportunities are measured by the ratio of the prevailing
mortgage rate to the loan’s coupon rate. The smaller this ratio, the greater
the financial incentive to prepay.
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To further investigate the effects of refinancing opportunities on prepay-
ments. we also consider four additional interest rate related explanatory
variables. The first is the slope of the term structure. approximated by
the difference between the current refinancing rate and the 90 day Trea-
sury Bill rate. This variable provides information about borrowers™ ex-
pectations of future interest rates which may affect prepayment and de-
fault decisions. Another variable indicating the possible future course of
interest rates is the difference between this quarter’s and last quarter’s
refinancing ratc. We also include the volatility of refinancing rates ap-
proximated by the average of the last three months’ squared changes in
refinancing rates; the more variable the refinancing rates, the more valu-
able the option to prepay. Finally. we include a “burnout™ variable to
capture heterogeneity in borrowers. Intuitively, other things equal. the
first time interest rates decrease to where it becomes financially advan-
tageous to prepay, the eager to prepay borrowers (those who are either
more informed or are subject to lower transaction costs) refinance. How-
ever, the remaining borrowers (those who are either less informed or are
subject to higher transaction costs) will have a lower propensity to prepay.
In particular, we define a burnout variable as the area measured by the
differcnce between the coupon rate on the mortgage minus a fixed refi-
nancing cost and the current refinancing rate, when this difference is pos-
itive:

1
burnout, = E max (m — k —r..0)

T=4

where m = mortgage’s coupon rate and & = refinancing cost. The larger
burnout,, all other things being equal, the slower prepayments.

Specification of Proportional Hazards Models

We estimate a prepayment model given by

7
m(1. V(1), B,) = m,(7) exp I:E ,BWV(r)} ()
i=1

where , 1s the baseline hazard function. This categorical variable mea-
sures the effects of age on prepayments: since the sample includes no
mortgages older in age than 16 years, we have 16 baseline parameters to
estimate. The next four explanatory variables are categorical variables
representing four of the five Freddie Mac regions of the country. The
next three are categorical variables for the second through fourth quarters
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of the year. followed by the LTV ratio, the cumulative regional housing
index return, the volatility of this return. the ratio of refinancing to cou-
pon rates and the four additional interest rclated variables.”

Similarly, the particular default function that we estimate is given by

/
S[r. v(t). Bs] = 0u(T) exp [E B,ﬁvl(z):|. (2)

i=1

We also estimate both prepayment and default functions using a poly-
nomial specification for the log baseline hazard function as opposed to a
categorical specification:

/
7. V(). a.. B = exp (a,,7 + @), 7 + a7 exp {2 Bix v,(!)] (3)

i—1

!
ST, V(D). a5, Bs] = exp (as7 + oy™ + 3T ) exp [2 Bis V,(l)}. (4)

=1

In these specifications, 7 represents the number of quarters since the loan’s
origination (age of the loan).

Results

Tables 1 and 2 report the Poisson regression results for the prepayment
and default models, respectively.” In Table 1, Model 1 refers to equation
(1). where the baseline probabilities are modeled as categorical variables,
while Model 2 refers to equation (3), where the log baseline hazard func-
tion is given by a cubic polynomial in age. Similarly, in Table 2,
Model 1 refers to equation (2). while Model 2 refers to equation (4).

* Note that there is one parameter associated with each mortgage age. but the
number of parameters associated with each of the regions of the country as well
as the season of the year is one less than the actual number of regions or seasons
of the year. This follows from the fact that the first categorical variable (mortgage
age) is specified to take into account the constant term in the prepayment func-
tion. implying that for the remaining categorical variables we need one parameter
less than the number of categories (since having the four regional categorical
variables and the three seasonal categorical variables all equal to zero implies
that we arc in the first region and the first quarter).

> The models were estimated using the program EPICURE: Risk Regression and
Data Analysis Software developed by HiroSoft International Corporation.
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From Table 1. we first observe that prepayments differ significantly® across
regions of the country. with mortgages in the West prepaying fastest.
Prepayments also vary significantly with the quarter of the year. prepay-
ments being. as expected, fastest in the spring (second quarter) and slow-
est in the winter (first quarter). We also note that loans with higher LTV
ratios at origination prepay significantly faster. indicating that more in-
debted homeowners arec more concerned about refinancing. Cumulative
housing index returns and their volatility arc significant in explaining pre-
payments. The negative coefficient on housing index volatility is consis-
tent with fewer prepayments for homeowners who expericnce significant
decreases in their property values. thereby requiring larger loans to re-
finance when prepaying.” As expected. the refinancing variable is strongly
significant with a negative sign. indicating that prepayments increase when
refinancing rates decrease.

Our additional interest rate variables also explain prepayments. The burn-
out variable is significantly negative in its effect on prepayments, indi-
cating that the more burned out the mortgage, the less likely prepayment.”
We also see that when refinancing rates arc increasing. prepayments in-
crease as borrowers attempt to lock in what they believe to be relatively
low rates. The significantly positive coetficient on the slope of the term
structure may be due to the borrowers refinancing out of fixed rate mort-
gages into ARMs when long rates exceed short rates. Finally, the vola-
tility of interest rates significantly affects prepayments, but in an opposite
direction to what would be expected. Higher interest rate volatility in-
creases the value of the prepayment option and therefore should decrease,
not increase. prepayments.

Also from Table 1, we see that all the baseline parameters are signifi-
cant. In Figure 1. we plot both baseline prepayment functions, zeroing
out all other explanatory variables.” Notice that they initially increasc

® Given the large sample of prepayments and default obscrvations. as an addi-
tional check on the statistical significance of our results, we also computed like-
lihood ratio test statistics for the explanatory variables. This alternative procedure
did not change our statistical conclusions.

7 However. we expect these last two variables to have more cconomic signifi-
cance in explaining defaults than prepayments.

® We also used retinancing costs of & = 0. 0.02 and 0.03 with no effect on our
empirical results.

? We plot scaled baseline probabilities subject to the constraint that both baseline
probability functions are the same at the end of the first year.
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Table 1 m Poisson regression results—prepayments.

Model | Model 2
Std. Std.
Explanatory Variable Coef Error Coef Error
West Region —2.096 0.008
Southwest Region —0.285 0.003 —2.379 0.008
Southeast Region =0.277 0.003 —2.372 0.008
Northcast Region —0.185 0.003 —2.282 0.008
North Central Region —0.144 0.002 —2.241 0.008
2nd Quarter 0.536 0.002 0.541 0.002
3rd Quarter 0.459 0.002 0.434 0.002
4th Quarter 0.311 0.002 0.268 0.004
LTV ratio at origination 0.103 0.004 0.108 0.004
Housing Return (x1077) 0.225 0.020 0.242 0.020
Housing Variance -0.913 0.083 —0.964 0.083
Refinancing Rate/Coupon Rate -2.917 0.005 -2.020 0.005
Slope of Term Structure 0.107 0.00t 0.122 0.001
Interest Rate Volatility 0.239 0.005 (.230 0.005
Direction of Intercst Rates 0.068 0.001 0.062 0.001
Burnout (k = 0.01) (x1077) —0.899 0.011 —0.803 0.008
Baseline Age 1 0.176 0.001
Baseline Age 2 0.265 0.002
Baseline Age 3 0.280 0.002
Bascline Age 4 0.260 0.002
Baseline Age 5 0.294 0.003
Baseline Age 6 0.428 0.004
Baseline Age 7 0.438 0.004
Baseline Age 8 0.417 0.004
Baseline Age 9 0.373 0.003
Baseline Age 10 0.364 0.004
Baseline Age 11 0.342 0.003
Baseline Age 12 0.346 0.004
Baseline Age 13 0.345 0.004
Baseline Age 14 0.344 0.004
Baseline Age 15 0.369 0.005
Baseline Age 16 0.380 0.011
Age in Quarters (X 10° Y 0.767 0.006
Age in Quarters” (X107 —-0.172 0.002
Age in Quarters® (X107 0.118 0.002

The dependent variable is the quarterly probability of prepayment. Asymptotic
standard errors in parenthescs.
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Table 2 m Poisson regression results—defaults

Bascline Age 7 (X107
Baseline Age 8 (x107°

Model 1 Model 2
Std. Std.

Explanatory Variable Cocet Error Coct Error
West Region —12.84 0.087
Southwest Region 0.678 0.023 —12.16 0.090
Southeast Region —0.690 0.023 —13.52 0.088
Northeast Region —1.002 0.033 —13.83 0.091
North Central Region —0.107 0.018 —12.94 0.088
2nd Quarter 0.277 0.019 0.259 0.019
3rd Quarter 0.289 0.017 0.257 0.017
4th Quarter 0.293 0.018 0.242 0.017
LTV Ratio at Origination 6.762 0.079 6.747 0.079
Housing Return (X 10 7) —0.130 0.013 —. 118 0.001
Housing Variance 3.790 0.766 3.651 0.769
Refinancing Rate/Coupon Rate —2.160 0.034 —-2.179 0.033
Slope of Term Structure 0.171 0.005 0.166 0.005
Intercst Rate Volatility 0.162 0.036 0.169 0.036
Direction of Interest Rates 0.105 0.010 0.11h1 0.010
Burnout (k = 0.01) (x107") 0.120 0.004 0.113 0.004
Baseline Age 1 (x1077%) 0.519 0.042

Baseline Age 2 (X10 7) 0.856  0.068

Baseline Age 3 (X107 1.184  0.094

Baseline Age 4 (X1077) 1.275 0.104

Bascline Age 5 (x107° 1.244  0.106

Baselinc Age 6 (X107 1150 0.102

)
) 0.989  0.090
) 0.901  0.084

Baseline Age 9 (X107 0.857 0.082
Baseline Age 10 (x1077) 0.762 0.075
Baseline Age 11 (X107 0.672  0.069
Baseline Age 12 (X107 0.573  0.064
Baseline Age 13 (<10 ) 0.400  0.052
Baseline Age 14 (X107 0.454  0.071
Baseline Age 15 (X107 0.419  0.095
Baseline Age 16 (x107%) 0.253 0.149
Age in Quarters (X 107" 1.824 0.060
Age in Quarters” (X 1077) -.603  0.022
Age in Quarters® (X1077) 0.541 0.025

The dependent variable is the quarterly probability of default. Asymptotic stan-
dard errors in parentheses.
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Figure 1 m Categorical and Polynomial Baseline Prepayment Functions
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This figure shows the relationship between the baseline hazard functions and the

age of the mortgage measured in quarters. The functions are scaled to be cqual
in the fourth quarter.

with increasing age, peaking at approximately 30 quarters, and then de-

(8]
crease.

The default results are reported in Table 2. Defaults also differ signifi-
cantly across regions of the country, with mortgages in the Southwest
having the highest probability of default during the sample period. The
parameters corresponding to the seasonal variables are also significant.
though the differences between defaults in different quarters of the year
are not as pronounced as in the case of prepayments. As expected, the
mortgage’s LTV ratio at origination is highly significant in explaining

' The figure is terminated at 64 quarters since our data contains loans with a

maximum age of 64 quarters.
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Figure 2 m Categorical and Polynomial Baseline Detault Functions
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This figure shows the relationship between the bascline hazard functions and the
age of the mortgage measured in quarters. The functions are scaled to be equal
in the fourth quarter.

defaults. with higher LTV ratios implying higher probabilities of default.
Also as predicted, cumulative housing index returns and their volatility
significantly affect defaults, the first variable negatively (since lower
property values imply higher probability of default) and the second vari-
able positively (since it is primarily the lower end of this distribution
which is subject to default). As in the case of prepayments, the refi-
nancing variable is strongly significant with a negative sign. although in
the case of defaults, the explanation is not so clear unless periods of low
refinancing rates are associated with recessions and high unemployment.
The additional interest rate variables are also significant, though the eco-
nomic reasons why are also not clear.

Finally. all the default baseline parameters are significant in Table 2.
Figure 2 plots these scaled baseline default functions. They increase steeply
to attain a maximum at approximately 16 quarters and then decrease
thereafter. Interestingly, the polynomial specification indicates that de-
faults eventually increase with increasing age, while the categorical spec-
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Figure 3 @ Prepayment Probability as a Function of the Refinancing Variable
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This figure shows the relationship between the scaled quarterly probability of
prepayment and the refinancing variable for both the Southwest and West re-
gions.

ification implies, more reasonably, that the probability of default contin-
ues to decrease with increasing age.

Discussion

This subsection examines the economic significance of the most impor-
tant variables explaining prepayments and defaults. For comparison pur-
poses, we zeroed out all other explanatory variables apart from the par-
ticular variable under investigation.

Figure 3 illustrates the effects of the refinancing variable on prepayments
for loans in the quickest (West) and slowest (Southwest) prepaying re-
gions of the country, holding all other variables constant. Notice that
prepayments accelerate when the refinancing rate is iower than the loan’s
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Figure 4 m Prepayment Probability as a Function of the Burnout Variable
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This figure shows the relationship between the scaled quarterly probability of
prepayment and the burnout variable for both the Southwest and West regions.

coupon rate. Also, the regional differences in prepayment rates appear to
be economically significant.

The effects of burnout for the quickest and slowest prepaying regions of
the country are shown in Figure 4. From this figure, we see that burnout
is an important variable explaining prepayment in both regions of the
country, though this regional difference does not appear to vary with the
level of burnout.

To investigate the significance of the LTV ratio at origination on defaults,
Figure 5 presents default probabilities for the highest (Southwest) and the
lowest (Northeast) defaulting regions of the country as a function of LTV,
holding all other variables constant. Especially for the Southwest, in-
creasing the LTV ratio at origination dramatically increases the proba-
bility of default. These regional differences suggest underlying socioeco-
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Figure 5 m Default Probability as a Function of the LTV at Origination
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This figure shows the relationship between the scaled quarterly probability of
default and the LTV at origination for both the Southwest and Northeast regions.

nomic variables, not included in our analysis. affect homeowners’ default
decisions.

Finally, Figure 6 shows default probabilities for these extreme regions,
now as a function of cumulative housing volatility. As expected, higher
volatilities result in a higher probability of default, especially in the
Southwest region of the country.

Conclusions

This paper applies Poisson regression to estimate prepayment and default
functions for fixed rate residential mortgage loans. This estimation meth-
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Figure 6 m Defuult Probability as a Function of the Cumulative Housing
Volatility
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This figure shows the relationship between the scaled quarterly probability of
default and the cumulative housing volatility for both the Southwest and North-
east regions.

odology has a number of advantages. including its ability to accommodate
both the censored nature of our data as well as the time-dependent nature
of the explanatory variables.

We make use of an extensive prepayment and default data set provided
by Freddie Mac. These data allow us to categorize the region of the coun-
try where the loan was originated. the loan’s LTV ratio at origination and
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other variables measured at the time when the loan was prepaid or de-
faulted. These latter variables include the mortgage’s age. scason of the
year, the prevailing refinancing rate relative to the initial coupon rate,
corresponding housing index returns and their volatility. as well as vari-
ables capturing the behavior of refinancing rates, including burnout.

Our empirical results indicate significant regional differences both in pre-
payment and default behavior. Refinancing opportunitics play a signifi-
cant role in explaining prepayments, while LTV ratios at origination and
housing volatility significantly affect defaults. It is the volatility of hous-
ing index returns, as opposed to the index returns per se, which has the
larger effect on defaults since index returns capture the average increase
in house prices, while default depends on the lower tail of this distri-
bution. Furthermore, the age of the mortgage plays a significant role in
explaining both prepayments and defaults.

The next step in this research is to incorporate these empirically deter-
mined prepayment and default functions into a mortgage security val-
uation framework [see, for example, Schwartz and Torous (1992)]. This
framework would not only recognize the importance of both prepayment
and default to the valuation of these securities but also that different vari-
ables underlie homeowners’ prepayment and default decisions.

Without implicating them. we thank Freddie Mac for providing the data for this
study and for financial support in its initial stages. In particular, we thank Bob
Van Order for his helpful comments. We also thank Dick Kazarian for his com-
ments at the January 1993 AREUEA meetings in Anaheim, Dale Preston for his
help in the use and understanding of the EPICURE software package used 1o fit
our hazard functions and rwo anonvimous referees as well as the editor, Kerry
Vandell, for their comments and suggestions.
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