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This article analyzes the performance of low-income and minority mortgages
(LIMMs) from a large sample of fixed-rate conventional conforming mortgages.
We find that low-income borrowers are less likely to prepay when it is optimal,
whereas black and Hispanic borrowers prepay more slowly than other borrow-
ers, regardless of the option’s value. After controlling for equity, credit history
and some other variables, LIMMs default slightly more frequently and have
about the same loss severity as other loans. Our results suggest that, for most
yield curve situations, differences in LIMM prepayment behavior have little ef-
fect on pricing.

Introduction

The purpose of this article is to analyze the performance of low-income and mi-
nority mortgage (LIMM) borrowers with respect to default and prepayment and
to analyze the implications of these differences for mortgage pricing. Berkovec
et al. (1994) and Van Order and Zorn (2000) examined the incidence of default
by minority groups. Both found that default is higher, and thus performance is
worse, among such borrowers. However, differences in prepayment speeds are
an important factor in performance, and they must be included in any complete
performance analysis. Default is a relatively rare event, occurring in approx-
imately 0.6% of our sample; in contrast, over 92% of the mortgages in our
sample prepaid during the period of observation. Slower exercise of prepay-
ment options therefore could more than compensate for a greater frequency of
default.

Our empirical analysis relies on loan-level data for over 1.2 million conven-
tional conforming mortgages.1 We find that, absent any controls for borrower or
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1 “Conventional” refers to loans that are not insured by the government. “Conforming”
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has to do with loan size (a maximum that is indexed to house prices) and credit quality.
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loan characteristics, LIMM borrowers are more likely to default and less likely
to prepay than the rest of our sample. These differences are robust to adding
simple controls for credit-related and geographic variables. We exploit our large
amount of loan-level data by analyzing the performance of “pseudopools” of
loans matched by age, date of origination, credit quality, coupon, loan amount
and loan-to-value (LTV) ratio. This approach allows us to control for com-
plex path-dependent effects such as burnout, in which mortgages that survive
repeated exposure to declines in interest rates prepay more slowly (see Hall
2000). It also allows us to control for seasoning, in which older mortgages are
observed to prepay quickly relative to newer mortgages (see Richard and Roll
1989). We find that differences in prepayment speeds are large and robust to such
controls.

In the next section we provide a brief review of the literature. In the third section
we discuss our estimation strategy. The fourth section discusses the data. The
fifth section discusses our default models, and the sixth section discusses our
prepayment models and the implications of our results for pricing LIMMs. The
seventh section concludes.

Literature Review

We extend the literature on the relationship between low-income and minority
borrowers and the mortgage markets. It has long been recognized that low-
income and minority households face multiple barriers to homeownership. Ex-
amples of such barriers include challenges to maintaining good credit and ac-
cumulating wealth, which Barakova et al. (2003) and others have identified as
keys to attaining homeownership. Lacour-Little (1999) offers a good survey of
the literature on discrimination in primary lending, which is another barrier of-
ten cited for these borrowers. Our results show that differences between LIMMs
and other mortgages survive beyond the moment of tenure and mortgage choice
and affect mortgage performance.

Archer, Ling and McGill (1996) analyze the prepayment behavior of low-
income borrowers using American Housing Survey data and a logistic regres-
sion framework. They find that low-income households are not significantly
different from others with regard to mortgage terminations. Deng and Gabriel
(2006) analyze the behavior and pricing of LIMMs with Federal Housing Ad-
ministration (FHA) loan data, controlling for both prepayment and default, and
Goldberg and Harding (2003) analyze low- and moderate-income mortgage
terminations with a sample of mortgages subsidized by a state housing finance
authority. Both found a tendency for LIMM-type loans to prepay more slowly
than other loans, and Deng and Gabriel (2006) explored some pricing impli-
cations. We extend this analysis to a sample of 30-year fixed-rate conventional
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conforming mortgages, which represents a much larger and more heterogeneous
market.2

The issue of prepayment differences between LIMMs and other mortgages,
and the implications for pricing, have been raised in Chinloy and Megbolugbe
(1994). Their argument is based on the notion that low-income and minority
borrowers are less mobile and less liquid than other borrowers, and as a result
they prepay relatively slowly. However, that does not imply that LIMMs have
a less valuable prepayment option. For example, lower mobility means that
such borrowers have a longer time period over which they may exercise these
options, which increases the options’ value for the borrower. Banks, recognizing
the borrower’s higher option value, tend to raise rates on such mortgages. The
key question is whether the options are exercised more ruthlessly, that is, when
the prepayment option is in the money in the sense of the rate on the loan being
greater than the current market rate. We find that LIMM borrowers generally
refinance more slowly both when the prepayment option is in the money and
when it is at or out of the money.3 This leads to somewhat ambiguous and small
pricing implications.4

It is difficult to disentangle explanations for the slower prepayment speeds that
we document. Peristiani et al. (1997) find that deterioration in credit and home
equity impedes refinancing. Green and LaCour-Little (1999) show that a large
fraction of households who fail to prepay when their option is in the money
might be constrained by declining collateral values. Another explanation is a
lower degree of mobility for such households, which would be consistent with

2 We find the magnitude of the pricing differential between LIMMs and other mortgages
is somewhat smaller than that in Deng and Gabriel’s (2006) study. Deng and Gabriel
(2006) analyzed portfolios of low credit risk and high credit risk mortgages, rather than
comparing performance on the basis of borrower income or race. They also used FHA
data where much of their sample was characterized by high LTV and debt-to-income
ratios. Also, their results are for seasoned loans (see their Table 6). The newest pools
they analyze are 3 years old. As seasoning declines, the differences in their results across
groups become smaller and get closer to ours. They do not publish results for new pools,
but interpolating their Table 6 suggests results that are within 15 basis points of ours.
3 Higher refinancing when the option is out of the money may be due to improvements
in credit or a greater need to tap into home equity through cash-out refinancing. It could
also be due to mismeasurement of the option’s value.
4 This result is different from earlier drafts on this article in which in the raw data
minority borrowers prepaid more slowly when the option was in the money but about
the same otherwise. In revising this article we have recreated and extended the sample.
We do find some difference in the direction of the results of the previous article for the
pre-2000 period, though considerably smaller in magnitude. The results that we get for
conditional estimates are very similar to our previous results.
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the results in Goldberg and Harding (2003). Finally, low-income households
may take out additional mortgages more frequently, and high LTV ratios (includ-
ing all mortgage debt) may prevent refinancing, as discussed in Lacour-Little
(2004).

Estimation Strategy

It is by now well established that prepayment and default behavior can be
viewed as exercising options.5 Both prepayment and default are “American”
options, meaning they can be exercised before maturity, but the options are
costly to exercise and are not exercised in the way that, say, corporate bond
options are exercised.6 This is clearly true for default because exercising the
default option involves significant costs to borrowers (e.g., worse credit history
and diminished access to future credit, as well as moving costs). It is also true
for prepayment; for instance, most mortgages are not assumable (the lender has
the right to demand payment if the house is sold), so they are usually prepaid
when the house is sold.

We follow other papers, such as Deng, Quigley and Van Order (2000) and Van
Order and Zorn (2000) in modeling option exercise in a proportional hazard
framework, using variables that affect the probability that an option is in the
money and other variables that capture the likelihood of trigger events that affect
the probability of exercising the option. We estimate prepayment and default
probabilities with models of the form:

h(t) = exp(Bx(t)), (1)

where h(t) is the instantaneous probability of the borrower prepaying or de-
faulting conditional on having survived (neither prepaying nor defaulting) until
time t, x is a vector of explanatory variables and B is a vector of coefficients.
The multiplicative nature of the model means if, as is the case in most of our
analysis, the x’s are categorical variables, then letting Bk be the coefficient
ofxk, exp(Bk) gives a multiplier for the effect of variable xk being in category 1,
relative to a baseline case. We use the estimated multipliers to adjust existing
pricing models or rules of thumb to estimate cost differences across groups for
both options.

Because of the jointness of the options, default and prepayment should be
modeled and estimated jointly (see Deng, Quigley and Van Order 2000 for

5 See Findley and Capozza (1977) and Dunn and McConnell (1981) for early discussions
and Hendershott and Van Order (1987) and Kau and Keenan (1995) for additional
analysis.
6 See Deng, Quigley and Van Order (2000) and Kau and Keenan (1995) for somewhat
different versions.
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a discussion). We control for the jointness of these options in two stages. We
divide our sample of observations by the extent to which prepayment is rational,
that is, the extent to which the prepayment option is in the money.7 In the first
stage we estimate default hazards separately depending on the “moneyness” of
the prepayment option and estimate loss severity rates conditional on default.
In the second stage, we estimate our prepayment models, including the fitted
probability of default from the first stage as a covariate.

We group our observations into quarters and assume that the hazard rates are
constant within quarters. Let h(T) be the continuous time hazard rate within
quarter T and H(T) be the probability of the hazard happening at some time
during T. S(T), the probability of surviving throughout the quarter conditional
on having survived until the beginning of the quarter is

S(T ) = 1 − H (T ) = exp(−h(T )�T ), (2)

where �T is the length of the period. That is, the survival rate declines exponen-
tially at a rate equal to the instantaneous hazard rate during the period. Letting
�T = 1 and taking logs twice we have the complementary log-log model:8

log(− log(1 − H (T )) = log(h(T )) = Bx(T ). (3)

This formulation has the advantage that the estimates are not affected by size of
the interval (e.g., weeks vs. quarters). We use this equation to obtain estimates
of the B’s.

We estimate both unconditional and conditional models. The unconditional
models are hazard models that have race/ethnicity and income variables as the
main x’s, with controls for time in the form of baseline hazards that are fixed
effects for loan age. The conditional models add thousands of interactive fixed
effects by creating the pseudopools of mortgages.

For each calendar quarter of mortgage exposure we create fixed effects using
“pseudopools,” which are formed by dividing loans into relatively homoge-
neous groupings based on observed characteristics such as contract rate (50
basis-point buckets), LTV (four buckets), credit history measured by FICO9

score (four buckets) and loan amount (three buckets). For each origination quar-
ter this results in on the order of 200 pseudopools. Each of these pseudopools is

7 See footnote 12 for a description of the method used.
8 See Agresti (1990) and Prentice and Gloeckler (1978) for discussions of complimen-
tary log-log models.
9 This is a generic credit score developed by Fair Isaac Corporation, which is widely
used by lenders.
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then given a fixed effect for each quarter it is alive (up to 51 quarters). With 20
origination quarters this amounts to a total of over 200,000 fixed effects, which,
because our data have well over one million loans and millions of loan-quarters,
still leaves a large number of degrees of freedom.

This is a very simple but also rather complete representation. It allows us to
isolate the effects of race and income within pools, while holding effects at the
pool level constant by allowing for extremely complicated interactions among
the other explanatory variables. In particular, the procedure handles the burnout
and other age-related heterogeneity problems discussed above.

An analogy to typical panel data analysis is useful in understanding the con-
ditional models. We can divide x into characteristics that vary within a group
and those that vary only across groups. For the purposes of this study we are
interested in estimating within-group variation in behavior. To accomplish this
we partition x as follows. Let

y ≡ log(− log(1 − H (T )) = Bx . (4)

If we let yij be the value of y for the ith borrower in the jth pseudopool, we can
partition the right-hand side into two parts, so that

yij = B1xij
1 + B2xj

2, (5)

where xij
1 is a vector of the individual characteristics of the ith individual in the

jth pseudopool, such as borrower income and race/ethnicity, and xj
2 includes

characteristics common to all borrowers in the jth pseudopool, including initial
LTV ratio, date of origination, loan age and other characteristics.

We are interested in estimates of B1. Following the analogy with panel data
analysis, this can be accomplished by including group-level fixed effects to
capture the effects ofx j

2 . Alternatively, this can be accomplished through the
subtraction of group-level means. Subtracting pseudopool means from both
sides, we can rewrite (5) as

yij − y j = (
xij

1 − x j
1

)
B1 + (

x j
2 − x j

2

)
B2, (6)

where y j is the average level of y in the loan’s pseudopool in the quarter in

question and x j
1 and x j

2 are the mean levels ofxi j
1 and x j

2 in the jth pseudopool.

Because, by construction, x j
2 = x j

2 ,we have

yij − y j = (
xij

1 − x j
x
)
B1, (7)
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which we can rewrite as

yij = (
xij

1 − x j
x
)
B1 + y j . (8)

We estimate Equation (8) using maximum likelihood.10 We do not produce
estimates of B2. The creation of the pseudopools allows us to control for their
effects without estimating thousands of parameters.

We estimate the effect of differences in prepayment behavior on pricing by
using YieldBook c©, a proprietary pricing model developed by Citigroup, and
use rules of thumb to translate differences in default and severity into pricing.
Finally, to understand the net effect of LIMM status on loan performance,
we compare the pricing implications of differences in prepayment and default
performance.

Data

Our data consist of all 30-year fixed-rate mortgages that originated during 1993–
1997 and purchased by Freddie Mac for which key data are not missing or
obviously inaccurate. The full data set contains about 2.7 million loans. There
were sharp mortgage rate declines in 1993, 1995 and 1998, so our data are rich
in prepayment experience. The default modeling suffers from excessively good
times in the 1990s and relatively small levels of default. However, the California
economy performed rather poorly in the early part of the period and provides us
with some significant default data. The performance of all loans was followed
through the third quarter of 2005.

Table 1 provides descriptive statistics for the major variables. We define income
classes relative to the area median income, with low income as less than 80%
of the area median. Of particular interest is the variable “in the moneyness,”
which measures the extent to which the coupon rate on the loan is above or be-
low the current market rate.11 Table 2 presents simple cross-tabs. Part A gives
prepayment rates (percent that was ever prepaid during the sample period) by
borrower race/ethnicity and income. Blacks and Hispanics prepay at a slower
rate than whites and other minorities, and low-income borrowers prepay more

10 Pseudopools with no prepayments or defaults are excluded from the analysis because
there is no within-group variation to explain. Mathematically, this results in values of
log(0) for y j . We use a program developed by the SAS Institute (Cary, NC) for estimation
of log-log models.
11 Note that we assume that borrowers can obtain mortgages at the average contract rate.
To the extent that borrower credit or other borrower or property characteristics make the
contract rate available for refinancing a loan deviate from the average rate, we measure
the in the moneyness with error.
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Table 2 � Cumulative prepayment and default rates.

Borrower Race

Borrower Income Black Hispanic Other White Total

Panel A: Cumulative Default Rate

Inc1 (0–80%) 2.80 1.35 0.75 0.83 0.94
Inc2 (81–100%) 2.06 1.60 0.81 0.62 0.71
Inc3 (101–120%) 2.01 1.63 0.93 0.52 0.62
Inc4 (>120) 1.44 1.40 0.84 0.37 0.44

Total 2.05 1.45 0.83 0.54 0.63

Panel B: Cumulative Prepayment Rate

Inc1 (0–80%) 72.87 84.45 90.00 88.94 88.05
Inc2 (81–100%) 79.81 88.13 92.82 92.04 91.56
Inc3 (101–120%) 81.04 88.66 92.86 93.11 92.63
Inc4 (>120) 84.04 89.45 93.53 94.37 93.97

Total 79.36 87.36 92.50 92.62 92.03

Note: Percent of total mortgages of each type that defaulted or prepaid during the
observation period.

slowly than high-income borrowers. Blacks and Hispanics have higher default
rates than whites. Low-income borrowers tend to default more, but the dif-
ferences are not very large, and the relationship does not hold for all groups.
For example, defaults by Hispanics and other minorities increase with income.
These are, of course, crude statistics without basic controls. To address this
concern, we now turn to estimates of various forms of hazard models.

Default Models

Panel A of Table 3 presents a basic hazard model of default. We approximate
the extent to which the default option is in the money with an estimate of current
loan-to-value (CTLV), and we control for the value of the prepayment option by
separately estimating the model according to the degree to which prepayment
is in the money.12 We estimate CLTV by using Freddie Mac’s Conventional
Mortgage Home Price Index (HPI) to control for home price appreciation at the
Metropolitan Statistical Area (MSA) level.13 Our other explanatory variables

12 Let a = 1 – current coupon rate/coupon rate on mortgage. We define prepayment
option value as follows: a < –0.035 = discount, –0.035 < a < 0.035 = current, 0.035
< a < 0.100 = Cusp, 0.100 < a < 0.25 = premium, a > 0.25 = super-premium.
13 Where a match with MSA was not possible (for less than 1% of the data), state-level
HPI values were used.
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are credit history, as measured by the FICO score at origination, the ratio of
borrower debt payments to income, loan amount, loan purpose and loan age.

The model works very much as expected. FICO score and CLTV have strong
effects on default. Coefficients do not vary much by in the moneyness. The
exception is across CTLV ratio, where the effect decreases as in the moneyness
increases. Borrowers are less likely to default on low-rate loans; the low rate
means that the market value of the mortgage is below par, so that mark-to-market
equity is higher than is given by our calculation of CLTV.

Multipliers relative to a baseline are presented in Panel B. With the exception
of the super-premium category, a loan in the lowest FICO class is about five
times as likely to default as one in the medium (680–720) class. Smaller original
loan sizes are also associated with a higher frequency of default. Multipliers are
fairly consistent for all categories of the prepayment option, with the exception
of a decline in the impact of FICO for super-premium mortgages.

In Table 4, we show the results of adding minority status and income to the
default model. Recall that absent controls, LIMM borrowers had much higher
default rates, on the order of three times as high for Hispanic and four times as
high for black. In this model, with controls for borrower and loan characteristics,
the effect of LIMM status is smaller. For instance, the multiplier for “black”
(relative to the base case, “white”) is approximately 1.6, with the exception of
the super-premium category. A similar reduction is evident for Hispanics. Most
of the minority status effect, therefore, is eliminated with controls for other
characteristics, and none of the coefficients on the other variables are affected
much by adding minority and income.

To analyze default cost we need to model loss severity rates as well. Table 5
presents ordinary least squares results from regressing log of loss severity14

divided by mortgage balance on the basic minority status and income variables.
It suggests small differences by minority but bigger differences by income.
Table 6 controls for LTV, FICO, etc. and adds census tract variables. It suggests
that the major explanatory factors are census tract median income and minority
percentage.15

14 The loss used to compute severity is based on internal Freddie Mac calculations, which
include collateral deficiency as well as lost interest, transaction costs, legal expenses and
selling expenses.
15 It is intriguing that the control variables effectively eliminate race/ethnicity effects for
the default severity model but do not do so for the default incidence model. Likely this
reflects the fact that severity is critically dependent on state laws and local house price
appreciation, both of which are reasonably well captured by our estimation specification.
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Table 5 � Loss severity by borrower race/income.

Variable Coefficient SE

Black 0.0201 0.0053
Hispanic 0.0127 0.0052
Other −0.0199 0.0071
Inc1 0.0873 0.0038
Inc2 0.0426 0.0043
Inc3 0.0208 0.0044

Number of observations 22,038
R2 0.0279

Table 6 � Loss severity by race/income/tract variables.

Variable Coefficient SE

Black −0.0024 0.0054
Hispanic 0.0018 0.0053
Other −0.0236 0.0070
Inc1 0.0218 0.0042
Inc2 0.0026 0.0043
Inc3 −0.0032 0.0042
Tract%Min1 (<10%) −0.0298 0.0068
Tract%Min 2 (11–30%) −0.0357 0.0068
Tract%Min 3 (31–50%) −0.0442 0.0080
Tract Med Inc1 (0–80%) 0.0584 0.0057
Tract Med Inc2 (80–100%) 0.0012 0.0044
Tract MedInc3 (101–120%) −0.0240 0.0045

Number of observations 22,038
R2 0.1763

Note: Includes controls for LTV, Orig Amt, # Units, FICO, State.
ordinary least squares regressions: Loss severity is defined as (unpaid principal recovery
+ administrative and transaction costs)/original principal balance.

Pricing

We do not have a well-developed pricing model for credit risk. However, from
Freddie Mac history we can approximate a baseline level of default to which we
can apply our estimated multipliers. In this sample the median loan has an LTV
just under 80%. Freddie Mac history suggests that loans like these have about
a 1–2% chance of ever defaulting; this was higher in the early 1990s during the
recession and was smaller later, during the housing boom. Average loss severity
rates on these mortgages have been about 30%. This suggests average losses
of about 0.3–0.6% of loan balance, which, discounted to the present, implies
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an expected present value of about 0.25–0.5% of loan balance. This decline in
value can be converted into an equivalent required increase in coupon rate on
the mortgage.

In the next section we make use of YieldBook c© for pricing mortgages with
prepayment risk. It has the property, which is also approximately true in the
market for mortgage-backed securities, that a 1-basis-point increase in coupon
rate will lead to a 5-basis-point increase in mortgage value and vice versa.
Hence, we can divide the value decline by five to get an estimate of the required
increase in coupon rate to compensate for the higher default cost. This implies
an average annual charge of 5–10 basis points.

For loans to blacks and Hispanics the overall unconditional multiplier estimate
(including severity rates) is around three, suggesting a range of cost of 15–30
basis points and a difference from the baseline of 10–20 basis points. The multi-
pliers from the model that incorporates FICO and loan characteristics are much
smaller for both groups, on the order of 1.5, consistent with a difference from
the baseline of 2.5–5 basis points. For low-income borrowers the unconditional
multiplier, including severity rate differences, is about two, which suggests a
range of default costs of 10–20 basis points with a differential of 5–10 basis
points.16 Inclusion of other borrower and loan characteristics reduces both the
multiplier and effect on price by one-quarter, consistent with a differential of
3–8 basis points.

Prepayment Models

The Unconditional Model

Panel B of Table 2 presents cross-tabs for prepayment by income and minority
status. It suggests that minority status is negatively associated with prepay-
ment, with a similar effect associated with income. Table 7 presents results
for estimates of complementary log-log models, controlling only for loan age.
Results in the first column tell the same story as in Table 2: Black, Hispanic
and low-income borrowers tend to prepay at a slower rate.

The right-hand column adds two neighborhood characteristics, the median in-
come of households in the loan’s census tract relative to the area median as well
as the minority (black, Hispanic and other minority) share of households in the
census tract. Including these variables affects the race/ethnicity coefficients,

16 A factor not included is capital costs. Riskier loans require more capital, which will
increase costs.
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Table 7 � Basic prepayment results.

Without Census With Census Tract
Tract Characteristics Characteristics

Variable Coefficient SE Coefficient SE

Black −0.5301 0.0059 −0.4510 0.0062
Hispanic −0.2539 0.0058 −0.1814 0.0060
Other −0.0120 0.0048 0.0343 0.0049
Inc1 (0–80%) −0.2681 0.0025 −0.2445 0.0025
Inc2 (81–100%) −0.1179 0.0028 −0.1047 0.0028
Inc3 (101–120%) −0.0617 0.0028 −0.0539 0.0028
Tract%Min1 (01–10) 0.1491 0.0051
Tract%Min2 (11–30) 0.1067 0.0052
Tract%Min3 (31–50) 0.0867 0.0060
Tract Med Inc1 (0–80%) −0.1001 0.0039
Tract Med Inc2 (81–100%) −0.0787 0.0026
Tract Med Inc3 (101–120%) −0.0319 0.0023

Number of observations 23,268,202 23,268,202
Log likelihood −4,200,761.21 −4,199,191.26

lowering them a bit. For instance, the coefficient for black with current mort-
gages increases from –0.53 to –0.45, and the coefficient for low minority con-
centration (Min1 (0–10)) is 0.15, relative to high concentration (greater than
50%). Hence, the result that minorities tend to prepay less is partly explained
by the racial composition of the neighborhood as well as the race of the bor-
rower. Adding neighborhood characteristics creates virtually no change in the
coefficient for individual income, but there is a small effect of neighborhood
income on prepayment.

Table 8 presents estimates of a hazard model for the probability of prepay-
ment as a function of how far into the money the option is. In-the-moneyness
categories are as described in Table 1: discount, current, cusp, premium and
super-premium, in which the latter is the furthest into the money and the first the
furthest out of the money.17 There are also controls for loan age and origination
year, which are not shown. Premium loans prepay about three times as often
as current loans. Current loans have historically had annual prepayment speeds
on the order of 10%; so a premium loan will tend to have a speed in excess of
30%.

The effect of prepayment speeds on pricing depends on when prepay-
ment speeds differ. If a group prepays relatively slowly when the option is

17 Note that the multiplier for super-premium is set to 1, and the prepayment speed of
all other in-the-moneyness categories are measured relative to it.
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Table 8 � Simple prepayment model.

Variable Coefficient SE Multiplier

Discount −1.4255 0.0058 0.24
Current −1.0742 0.0052 0.34
Cusp −0.5947 0.0045 0.55
Premium 0.0138 0.0037 1.01

Number of observations 23,749,189
Log likelihood −4,188,724.60

Note: Hazard models for prepayment speeds. Controls for loan origination year and
age are not shown. Let a = 1 – current coupon rate/coupon rate on mortgage. We
define prepayment option value as follows: a < −0.035 = discount, −0.035 < a <
0.035 = current, 0.035 < a < 0.100 = cusp, 0.100 < a < 0.25 = premium, a >
0.25 = super-premium. Multipliers are the base of the natural logarithm raised to
relevant coefficient.

in the money, the investment value of the mortgage increases, whereas slower
prepayment when the option is out of the money decreases its value to in-
vestors. Given the importance of the value of the option, we perform the rest of
the estimation separately by the option value category.

Table 9 repeats the analysis of the first column of Table 7, with the estimation
performed separately by option value category. The results differ for race and
income. In Table 9 we see virtually the same difference for black prepayment
rates (and a small decline for Hispanic and other minority) whether the option is
in or out of the money. The coefficient for “black” implies that for premium loans
blacks are approximately exp(-0.4805) or about 0.6 times as likely to prepay as
whites, regardless of option value. For the lowest income group, results depend
on the option value. There is virtually no difference in prepayment speeds when
the option is out of the money, whereas they are about 0.7 times as likely to
prepay as those with incomes more than 120% of median (about half the loans
in the sample) when the option is in the money. Table 10 shows the results of
adding census tract variables. The relationship between prepayment speeds and
minority or low-income status is slightly smaller, but otherwise the results are
similar.

We next control for LTV, credit history (FICO), loan amount (given our controls
for LTV, this is equivalent to controlling for property value) and other variables
by forming pseudopools as described above. Tables 11 and 12 report estimates
of B1 in Equation (7). As before, we show coefficients for race, ethnicity and
income groups separately for different categories of option value. However
in this table the coefficients measure effects that are conditional on the loan
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characteristics that define the pseudopools. Table 11 corresponds to Table 9.
The magnitude is slightly larger for the minority controls. The control for low
income is similar regardless of the value of the prepayment option. Table 12
repeats Table 10. Here, the additional controls have relatively little effect.18

Stability Over Time

Mortgage markets changed rapidly in the 1990s, particularly with respect to
prepayments. It has become increasingly easy to refinance, and it may well be
the case that it has become increasingly easy for LIMM borrowers to get loans.
Hence, it may be that the coefficients estimated above have changed over time.
Because of the large size of our data set we can test this by re-estimating the
models for different exposure (i.e., calendar rather than origination) years.

The first panel of Table 13 presents results from the unconditional model, re-
estimated for each exposure year. It presents only the coefficients for black
and Hispanic and the lowest income groups. There does appear to have been
a decline in the magnitude of the effects, particularly in the last 2 years of the
sample. The magnitude of all coefficients dips during 1999 and 2000, years
of relatively slow refinance activity. Panel B of Table 13 depicts the condi-
tional results. Adding pseudopools does not substantially affect the coefficients
on black and Hispanic borrowers, but coefficients on low-income borrowers
become smaller in magnitude during the later period of the time series.

Pricing

Our estimates suggest that there are significant differences in prepayment speeds
across groups. In addition, the exercise of prepayment options appears to be
somewhat less ruthless among low-income groups. During recent refinance
booms, prepayment speeds have often been in the range of 40% annual rates,
so small relative differences in prepayment speeds can have large effects on the
value to investors.

To evaluate the effect on value we applied YieldBook c© (see Hayre and
Rajan 1995 for a description of the prepayment model incorporated in this
software). This model is widely available, but proprietary. It uses Monte Carlo
techniques combined with empirical prepayment models to compute the value

18 FICO score has an important effect on prepayment. Low-FICO borrowers have a
multiplier less than 1 when the option is in the money, but a multiplier greater than
1 when it is out of the money. This makes low-FICO borrowers relatively desirable
prepayment-wise. This is consistent with results in Deng and Gabriel (2006), who find
a relatively small impact of this on pricing for new loans, but a big effect if the loans are
seasoned.
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Table 13 � Stability over time.

All Mortgages Premium Mortgages

Inc1 Inc2 Inc1 Inc2
Year Black Hispanic (0–80%) (81–100%) Black Hispanic (0–80%) (81–100%)

Panel A: Unconditional Model∗

1995 −0.5335 −0.5097 −0.2922 −0.1646 −0.7783 −0.6872 −0.6686 −0.3156
1996 −0.4755 −0.4586 −0.1253 −0.0786 0.7019 −0.6380 −0.3867 0.1689
1997 −0.4431 −0.3319 −0.1135 −0.0988 −0.7265 −0.4599 −0.3696 −0.1858
1998 −0.5242 −0.3660 −0.2904 −0.1134 −0.6783 −0.4859 −0.4138 −0.1620
1999 −0.2921 −0.1335 −0.1357 −0.0595 −0.4219 −0.2181 −0.2915 −0.1130
2000 −0.2900 −0.1614 0.0792 −0.0042 −0.4233 −0.1801 −0.0867 −0.0642
2001 −0.4940 −0.1452 −0.1506 −0.0653 −0.6243 −0.2372 −0.2607 −0.1139
2002 −0.5269 −0.1849 −0.3139 −0.1363 −0.6331 −0.2863 −0.4139 −0.1820
2003 −0.5487 −0.2220 −0.3573 −0.1531 −0.5057 −0.2360 −0.3805 −0.1676
2004 −0.2326 −0.0175 −0.2086 −0.1025 −0.2355 −0.0060 −0.1895 −0.1048
2005 −0.0652 0.1223 −0.1483 −0.0877 −0.0466 0.0304 −0.1317 −0.1123

Panel B: Model with Pseudopools†

1994 −0.7204 −0.7194 −0.3530 −0.2633
1995 −0.7762 −0.6826 −0.2339 −0.1167 −0.7550 −0.7374 −0.2244 −0.0469
1996 −0.8306 −0.7552 −0.1942 −0.1085 −0.6760 −0.7983 −0.1034 0.0114
1997 −0.7816 −0.5884 −0.1236 −0.1060 −0.7638 −0.5736 −0.1147 −0.1009
1998 −0.6733 −0.5730 −0.1010 −0.0125 −0.5796 −0.5205 −0.0711 0.0160
1999 −0.5377 −0.3700 −0.0823 −0.0424 −0.4324 −0.2986 −0.0306 0.0268
2000 −0.5739 −0.3979 −0.0373 −0.0820 −0.4694 −0.3495 −0.0050 −0.0165
2001 −0.6626 −0.3151 −0.0566 −0.0309 −0.6109 −0.2798 −0.0421 −0.0101
2002 −0.5050 −0.2373 −0.0783 −0.0103 −0.5214 −0.2661 −0.0920 −0.0180
2003 −0.4220 −0.2420 −0.0775 0.0013 −0.4316 −0.2740 −0.0900 −0.0099
2004 −0.2683 −0.0568 −0.0387 −0.0291 −0.3278 −0.1148 −0.0302 −0.0323
2005 −0.1282 0.1079 0.0000 −0.0765 −0.2467 −0.0400 −0.0422 −0.1048

Note: ∗Coefficients from hazard models were estimated separately for each year of the sample. Let
a = 1 – current coupon rate/coupon rate on mortgage. We define premium as 0.100 < a < 0.25.
†Coefficients from hazard models estimated separately for each year. Let a = 1 – current coupon
rate/coupon rate on mortgage. We define premium as 0.100 < a < 0.25. Coefficients in 1994
for premium mortgages omitted due to insufficient number of observations. Psuedopools are
formed by grouping loans according to loan-to-value ratio, borrower credit, contract rate, date of
origination and loan amount.

of a mortgage as the expected present value of mortgage cash flows. A dis-
advantage of using a proprietary model is that we do not know the details of
the model, and our ability to modify the model is limited. However, the Yield-
Book c© model has been widely used, and we have the ability to change some
of its parameters by multiples of the sort we estimate. This allows us to com-
pare changes in value due to changes in the propensity to exercise prepayment
options.

In particular, the model can be broken down into an option-exercising part and
a part that takes account of other factors. To the extent that we can identify
these components with our in-the-money and out-of-the money coefficients,
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Table 14 � Effect of prepayment speeds on required yield spread.

In Basis Points

Yield Curve Slope

Borrower Type Flat Up Down

Black 2 −2 −15
Hispanic 1 0 −6
<80% Area median income 1 −4 −9

Note: The table shows the premium (positive numbers) or discount (negative numbers)
in basis points of coupon adjustment required for an LIMM of the appropriate type to
sell at par. Values were calculated by using the information about prepayment speeds
from our hazard models, adjusting the prepayment model in YieldBook(c) to reflect
these differences in prepayment speed.

we can use the model to predict pricing and mortgage rate differences given
the multipliers we estimate. This is, of course, imprecise as our prepayment
model does not have the same functional form as the Citigroup model and it
was estimated with an entirely different data set.

Black and Hispanic borrowers have slower prepayment speeds regardless of
whether the option is in or out of the money. Consequently, we adjusted both the
“turnover multiplier” and the “refinancing multiplier.” The turnover multiplier
corresponds to prepayment in states of the world where refinancing motives
other than rational prepayment, such as home sales, are the primary reason for
prepayments, whereas the refinancing multiplier relates to states where it is
financially beneficial to prepay. The effect of differences in the frequency of
this kind of prepayment on prices is ambiguous, as prepayment when the option
is in the money decreases the price that the investor is willing to pay, whereas
prepayment when the option is out of the money should increase the price. A
model is required to determine which effect dominates.

We analyze a current coupon 30-year fixed-rate mortgage. The model requires
inputting the yield curve and a measure of interest rate volatility. We do not
adjust the model’s volatility numbers, but we do explore prices for different
yield curves. Our base case uses the current (Q1, 2007) flat yield curve. We
asked the model to give us the difference between a base case price for the
mortgage and the one adjusted for the new prepayment model. We then asked
the model for the difference in mortgage coupon rate between the base case and
the adjusted case assuming both are priced at par. We then chose scenarios with
a sudden change to a downward-sloping and the more typical upward-sloping
yield curves and considered the effects on yield spreads.
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Our results are in Table 14. For the most common scenario, an upward-sloping
term structure, the required yield on mortgages held by black borrowers should
be discounted by 2 basis points, whereas that for low-income borrowers should
be discounted by 4 basis points. The effect on yields for mortgages with His-
panic borrowers is less than a basis point. For a downward-sloping yield curve,
in which the anticipated financial benefits for the borrower are substantial,
the effects are larger: a 6-basis-point discount for Hispanic borrowers, a for
low-income borrowers and 15 for black borrowers. In the current regime of
a relatively flat yield curve, the net result is a required addition to yield of 1
basis point for low-income and Hispanic borrowers, and 2 basis points for black
borrowers. Results are not much affected by whether or not we use conditional
or unconditional results.

Conclusions

Our main result is that there is a tendency for the prepayment behavior of low-
income borrowers to be less ruthless than that of high-income borrowers; Black
and Hispanic borrowers prepay more slowly than whites regardless of the value
of their prepayment option. This result is relatively stable over time, although
it shows signs of decline in the last 2 years of our data (2004 and 2005). The
pricing implications of LIMM prepayment performance is relatively small for
upward-sloping and flat yield curves, but for downward-sloping yield curves it
is almost large enough to offset the effect of higher expected default.

Although our data set is both larger and more representative than other studies
that have exclusively analyzed subsidized loans, it is still limited to the conven-
tional conforming 30-year fixed-rate mortgages. As selection across mortgage
types is surely not a random decision, LIMM borrower performance may differ
for jumbo mortgages and other kinds of products, such as adjustable rate mort-
gages. Many mortgage products outside the scope of this article are designed
to enhance affordability, making their relationship to historically underserved
populations of particular interest. Within the range of conventional conforming
loans, a very large part of the market, it appears to be the case that differ-
ences in prepayment behavior by LIMM borrowers are significant, but not very
important in terms of cost and pricing.

We have received valuable help from Abdigani Hirad and Adama Kah and
comments from Michael Bradley, Darryl Getter, Stuart Gabriel and Nancy
Wallace and seminar participants at Berkeley, the Philadelphia Fed and the
University of Pennsylvania. The views expressed in this article are our own and
do not necessarily reflect the views of Freddie Mac or its Board of Directors.
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