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Statistical Default Models and Incentives

By UDAY RAJAN, AMIT SERU, AND VIKRANT VIG#

The likelihood that a bank loan will default
is of interest to both regulators and investors.
Under the Basel II regulatory guidelines, a bank
must hold capital in proportion to the riskiness
of its assets. The probability of default is a pri-
mary determinant of the riskiness of a loan.
Investors, in turn, price a loan in the secondary
market based on its expected cash flow, which
again depends on the default probability.

How should market participants assess the
default probability on a pool of bank loans? It is
natural to consider historical data on loan condi-
tions and default rates, and to estimate a statisti-
cal model that can be used to predict defaults
going forward. Such statistical models have
been widely used across the financial markets,
to enhance market liquidity and impose capital
requirements on financial institutions.

The accuracy of predictions from statistical
models was especially poor in the subprime
mortgage market in the period from August
2007 onwards.! We argue that one cause for this
failure was that these models relied entirely on
hard information variables and ignored changes
in the incentives of lenders to collect soft infor-
mation about borrowers.? That is, they failed
to account for the change in the relationship
between observable borrower characteristics
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! For example, in November 2007, Standard & Poor’s
adjusted its LEVELS® default model to increase predicted
defaults on no-documentation loans by approximately 60
percent (see Standard & Poor’s 2007).

2 Risk calculators used by rating agencies estimate
default risk from hard information variables such as the
borrower’s credit score and the location of the property
(see, for example, the FitchRatings report, October 2006).
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and default likelihood caused by a fundamental
change in lender behavior. Such a failure is in
the spirit of the Lucas critique (Robert Lucas
1976): a purely statistical model ignores the idea
that a change in the incentives of agents who
generate the data may change the very nature
of the data.

What changed the behavior of lenders in the
subprime market? There was a tremendous
growth in securitization in the subprime sector
after 2000. Securitization increases the distance
between the originator of the loan and the party
that bears the default risk inherent in the loan.
As Jeremy Stein (2002) points out, soft informa-
tion is unverifiable to a third party. We argue
that the increase in distance therefore results in
lenders’ choosing to not collect soft informa-
tion (such as the likelihood of future income
shocks) about borrowers. Consequently, among
borrowers with similar hard information char-
acteristics, the set that receives loans changes in
a fundamental way as the securitization regime
changes. This leads to a breakdown in the qual-
ity of predictions from default models that use
parameters estimated using data from a period
in which a low proportion of loans are securi-
tized. Importantly, the breakdown is systematic,
and therefore predictable: it occurs in the set of
borrowers on whom, after conditioning on the
hard information, soft information is potentially
important.

In this piece, we outline a simple theoreti-
cal model that develops this argument, build-
ing on the intuition of Gary Gorton and George
Pennacchi (1995) that a bank that makes and
sells loans is subject to a moral hazard problem
with respect to screening borrowers. We then
comment on the empirical tests reported in a
companion paper (Uday Rajan, Amit Seru, and
Vikrant Vig 2009).

1. Model
There are three sets of agents in the model:

borrowers, a single lender, and investors. At
date 0, a borrower applies for a loan to be repaid
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at date 1. The loan size is homogeneous across
types and is normalized to 1. At date 0O, the
lender costlessly observes a hard information
signal x about the borrower. Based on the hard
information signal, the lender decides whether
to incur a cost ¢ to obtain a soft information sig-
nal y. Using all available information, the lender
offers the borrower an interest rate ». The bor-
rower accepts or rejects the loan offer. Finally,
a fixed proportion of loans made by the lender,
a € [0, 1], are securitized.

There is a continuum of borrowers, with
each borrower having a type 6 € {6, 0,}, where
0, > 0,. Types are independent and identically
distributed across borrowers, with p being the
probability a borrower has type 6,. A borrower
with type 0; finds herself in a good state with
respect to her personal finances at time 1 with
probability ;. In this event, she repays her loan
if the interest rate is sufficiently low (in a manner
made precise below). With probability 1 — 6;,
she is in a bad state at time 1 and defaults, in
which case the lender recovers zero. In equilib-
rium, the types will correspond to the likelihood
of repayment on the loan.

A type 0, borrower has a reservation interest
rate r,, which reflects her (unmodeled) outside
opportunities (which could include applying
to and obtaining a loan from another lender).
A low-type borrower accepts any loan that is
offered, so her reservation interest rate may
be thought of as infinite. The lender’s cost of
funds is normalized to zero. There is a thresh-
old interest rate r, > r;, such that the low type
defaults even in the good state if » > r,. We fur-
ther assume that 6,(1 + r,) > 1 > 0,(1 + ry),
so a lender earns a positive expected profit if it
makes a loan to the high type at rate 7, but loses
money on any loan made to a low type.

On each borrower, the lender obtains a hard
information signal x € {x;, x,} at zero cost. The
hard information signal incorporates verifiable
data such as the borrower’s FICO credit score.
Let §; = Pr(x = x,|0;) be the probability that
the hard information signal is x; given that the
borrower has type 6;. Given a hard information
signal x;, let u; denote the posterior probability
the borrower has type 6,. The hard information
signal is informative: 1, > p. Hard information
signals are conditionally independent across
borrowers.

Having seen the hard information signal, the
lender may choose to incur a cost ¢ and obtain
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a soft information signal about the borrower,
y € {¥s, y¢}. Soft information here includes any
information related to the likelihood of default
that is not verifiable by a third party, such as
the likelihood that the borrower’s job may be
terminated or she will be credit-constrained in
the future. Given that the borrower’s type is 6;,
let «; = Pr(y = y,|0;) be the probability the
lender receives the soft information signal y;.
Conditional on borrower type, soft information
signals are independent across borrowers and
uncorrelated with hard information signals.
The soft information signal is also informative:
Y > 7Y, Given the signals (x;, y;), the posterior
probability a borrower has type 6, is denoted
A
]Given the signals it has observed, the lender
chooses to either offer the borrower a loan at a
specified interest rate r or not offer a loan. A
high-type borrower accepts a loan if r < r;,, and
a low-type borrower accepts all loan offers. A
profit-maximizing lender will charge an inter-
est rate r, if it chooses to offer a loan, and
the borrower will accept such an offer. Let
vi=0(1+ r,) — 1 be the net present value
of a loan to type 6; with interest rate r,. Then,
v, > 0> v,

A loan may be securitized; i.e., sold to inves-
tors. Any particular loan made by a lender is
securitized with an exogenous probability .
With probability (1 — «), the lender must retain
the loan. It is common in the residential mort-
gage market for a lender to offer a basket of
loans to investors, who randomly select loans in
every category. Thus, on any given loan, there
is a positive probability the lender will have to
retain it.

For any loan made by the lender, investors
observe the interest rate on the loan, r, and the
hard information associated with the borrower,
x. The soft information, y, is not verifiable and
therefore not contractible. Financial markets
are perfectly competitive, so the price of a loan
equals its expected payoff, and investors earn
zero profit. Let P(x) denote the price of a loan
with hard information signal x. Then, if inves-
tors believe the borrower has type 6, with prob-
ability z(x), P(x) = 1 4+ v, + z(x)[v, — v(].

Since all loans are offered at the same rate
in equilibrium, screening on soft information
can be valuable only if there is an improve-
ment in the pool of borrowers that receive
loans. The following assumption is sufficient
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to ensure that a lender retaining a loan will
acquire soft information if the hard infor-
mation signal is x, but not if it is x,: (1) Ay <
(=v)/vy = v)) < Ay and (i) ¢ < —(1—
(kevn)/Aaw))) ve — (1 = 74) (v — v,)- Note that,
for brevity, we state the assumptions directly in
terms of the lender’s posterior beliefs. Part (i)
implies that a lender retaining a loan finds it
optimal to screen out borrowers who generate
the signals (x;, y,), but not those with signals
(x4, o). Part (ii) implies that a lender retaining
a loan earns a higher profit from lending only to
borrowers with signals (x;, y,) rather than lend-
ing to all borrowers with signal x,.

Therefore, the lender makes a loan to all
borrowers that generate the high hard informa-
tion signal, but may choose to obtain soft infor-
mation on those with the low hard information
signal. In equilibrium, the lender acquires
soft information about the borrower only if
the degree of securitization is sufficiently low.
Whenever the lender acquires soft informa-
tion, it does not lend to borrowers with signal
v,. The proof of the following proposition is in
the online Appendix.

PROPOSITION 1: There exist securitization
thresholds o, & € (0, 1), with a < @, such that
in equilibrium (i) a lender acquires soft infor-
mation only if o < « and the hard information
signal is x,, and (ii) a lender does not acquire
soft information only if a > @.

If the degree of securitization is low, the lender
collects soft information when the hard informa-
tion signal is x,, and the loan is priced accord-
ingly. However, when the degree of securitization
is high, the moral hazard problem with respect to
collecting soft information is too severe, and only
hard information is obtained by the lender.

We ignore the possibility that the lender may
choose which loans to offer for securitization.
Suppose the lender had such a choice, as in
the work of Christine Parlour and Guillaume
Plantin (2008). Then, in equilibrium, it must be
optimal for the lender to make loans to at least
some borrowers with signals (x,, y,), and to offer
these loans to investors. The intuition of our
model therefore goes through if the lender can
selectively retain loans: the average quality of
loans issued in a high securitization regime is
worse than the average quality in a low securi-
tization regime.

MAY 2010

A. Optimal Degree of Securitization

In our model, we treat the securitization prob-
ability « as exogenous. In practice, of course, the
level of securitization will depend on the costs
and benefits to a particular lender. One benefit
is that securitization frees up capital that can be
used to make additional investments. If a bank
holds a loan on its balance sheet, it is subject
to minimum capital requirements, which must
be met before it can expand lending. A lender
will thus find it attractive to securitize loans if it
wishes to release capital to invest in new projects
(see Patrick Bolton and Xavier Freixas 2001, or
Andrei Shleifer and Robert Vishny 2010), or if
it seeks to increase its market share or sales. On
the investor side, securitization increases oppor-
tunities for risk-sharing. The cost of securitiza-
tion, beyond the direct effect on loan values,
can include a loss of reputation if lower qual-
ity loans are made. For example, there may be
a reputational cost to the lender in other areas
of business.

Since lenders are heterogeneous with respect
to the costs and benefits of securitization, actual
levels of securitization will vary in the cross-
section. For a given lender, the benefits of free-
ing up capital will decline with the volume of
loans, as the lender invests in less profitable
projects. With decreasing marginal benefits (or
increasing marginal costs), each lender opti-
mally attains an interior degree of securitiza-
tion. The optimal « for a given lender will vary
across time as the costs and benefits change. In
the time-series data, increasing levels of securi-
tization over time may emerge both from indi-
vidual lenders securitizing more of their loans
over time and from high-securitization lenders
capturing a greater share of the market.

II. Empirical Results

The theoretical model above has two key
empirical predictions. First, comparing a high-
securitization regime (i.e., a regime with high
«) to a low-securitization one (with low «),
the interest rate on newly issued loans must
rely more on hard information in the high-
securitization regime. Second, in moving from
a low- to a high-securitization regime the
composition of borrowers with weak hard infor-
mation signals changes: borrowers denied credit
in the low-securitization regime obtain loans
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in the high-securitization one. Consequently, a
statistical default model estimated using data
from a low-securitization era will underesti-
mate defaults in the high-securitization era pre-
cisely for borrowers with weak hard information
signals.

These predictions are tested by Uday Rajan,
Amit Seru, and Vikrant Vig (2009; henceforth
RSV) on a dataset that includes all securitized
subprime mortgage loans in the United States
issued from 1998 to 2006. The level of securi-
tization increased dramatically over this period,
from about 30 percent of all issued loans in 1998
to over 80 percent of all issued loans by 2006.
There was a concomitant increase in the vol-
ume of loans issued in the market through this
period. Thus, over the years, the data exhibit an
increasing level of securitization.

RSV consider a borrower’s FICO credit score
and the loan-to-value (LTV) ratio on a loan to
be the key hard information variables. A higher
FICO score and a lower LTV ratio plausibly cor-
respond to stronger hard information signals.
RSV test the first prediction on reliance on hard
information variables in two ways. First, in our
loan sample, the R* of a regression of interest
rates on just two variables, the FICO score and
LTV ratio, increases from three percent in 1997
to almost 50 percent in 2006. This evidence is
consistent with an increased reliance on hard
information in setting the interest rate as the
level of securitization increases.

Second, conditioning on the FICO score, the
variance of interest rates on newly issued loans
shrinks over time. The latter effect occurs espe-
cially for borrowers with low FICO scores, on
whom soft information is more important. The
shrinkage occurs even after controlling for stan-
dardization of mortgage loan features over time.
The increased level of securitization over time
is therefore potentially accompanied by a loss of
soft information about borrowers.?

To test the second prediction, RSV estimate
a statistical default model from loans issued
in a period with a low degree of securitization
(1997-2000), using hard information variables
about borrowers. A loan is considered to be in

3 This test is also useful in ruling out an alternative
hypothesis that securitization results in a lower cost of capi-
tal for banks, leading to an increase in the riskiness of the
marginal borrower, and hence increase in the dispersion of
interest rates over time.
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default if it is delinquent for more than 90 days
at any time up to two years after issuance. We
then predict default rates on loans issued in the
period 2001-2006, keeping the coefficients of
the statistical default model the same as in the
low-securitization era. For each loan, define
the prediction error as the actual default minus
the predicted default. We find that the forecast
errors are positive on average and greater than
zero at a large majority of FICO scores in each
year. More important, the degree of under-pre-
diction progressively worsens as the securitiza-
tion increases, suggesting that at the same hard
information characteristics, the set of borrowers
receiving loans has worsened over time.? Finally,
we find a systematic variation in the prediction
errors: they increase as the borrower’s FICO
score falls and the LTV ratio increases. This
finding is consistent with the composition of the
borrower pool being most affected for borrow-
ers on whom soft information is valuable, with
lenders no longer collecting soft information
about borrowers in the high-securitization era.

Since house price movements may impact
defaults and in turn the prediction errors, RSV
employ several strategies to examine whether
the results could be explained by house price
movements. In particular, we argue that the
results appear even in periods when house
prices were increasing (i.e., before 2006), sur-
vive when the baseline model is estimated on
a rolling window (rather than 1997-2000), and
remain qualitatively similar when we forecast
defaults using perfect foresight about state-level
changes in house prices for two years after a
loan has been issued. Overall, the data are con-
sistent with the predictions of the theoretical
model outlined here.

II1. Discussion

Our work provides a Lucas critique on statis-
tical models that naively calibrate on historical
data without modeling the agent behavior that
produces these data. We argue that one could
observe systematic deviations from the predic-
tions of these models if incentives of agents that
produce the data change in a predictable manner

4 As a placebo test, RSV estimate a default model on
loans issued over a subset of the low securitization era
(1997 and 1998) and show that the model performs well in
another low-securitization era (1999 and 2000).
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over time. This implies that regulations based
on the blind use of such models may be under-
mined by the actions of market participants. For
instance, as specified in the Basel Committee
on Banking Supervision (2006) document, the
Basel II guidelines suggest that a regulator may
rely on a third party such as a rating agency
to estimate the probability of default on bank
loans. Our analysis employs a statistical model
that is similar in spirit to the Standard and Poor’s
LEVELS® 6.1 Model. As we demonstrate, this
model could produce systematic errors if it does
not account for the change in the data generating
process.

Going forward, incorporating the effect of
incentives into models that assess the riski-
ness of a pool of loans remains a fruitful area
of research. There are at least two possible ave-
nues that seem promising for regulators. One
approach would be a structural model of default,
which incorporates a selection equation that
describes how the pool of borrowers changes
due to different economic forces that drive the
behavior of agents. A second approach would
rely on including market signals in the statisti-
cal model to improve default predictions. To the
extent market participants price the risk appro-
priately, much like the investors in our model,
including these market signals (such as the mar-
ket price of loans in our model) in the statistical
model would automatically account for the sys-
tematic biases that arise from a naive approach.
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