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Automated Underwriting and Lending Outcomes:
The Effect of Improved M ortgage Risk Assessment on Under served Populations

Over the past Six years, automated underwriting has become increasingly
common in the nation’s mortgage markets. Automated underwriting’ s risk-ranking
systems particularly excd a assessing difficult loan cases that traditiona underwriting
can tend to dismiss out of hand astoo risky. In this paper, usng examples from Freddie
Mac's Loan Progpector system, we examine the effects of automated underwriting
systems on expanding the mortgage market for low-income and minority families.

Overview of AUS

By weighing and baancing compensating factors with automated precison, these
systems can identify borderline loan gpplications that fall within acceptable risk ranges.
Furthermore, automated underwriting offers the promise of aloan-decison-making
process that is totally impervious to racid and socioeconomic borrower differences.
Qudified loan prospects previoudy excluded or unfairly pendized by the traditiond
underwriting system will get a better shake through fact-driven andyss of only those

strengths and weaknesses that are relevant to mortgage repayment (Freddie Mac 1996).

Automated underwriting aso reduces the costs of originating a mortgage.
Lenders using Loan Prospector cite savings of up to $650 in closing costs. Automation
a0 isfogtering greater competition among lenders by giving dl mortgage lending
players better tools with which to pursue their business.  In the future, not only will

borrowers save even more on their |oan origination cogts, but they will benefit from
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lower mortgage interest rates and a greater choice of mortgage products and market niche

that more intense competition will produce.

A recent survey found that in 1999, 60 percent of mortgages were underwritten usng
some sort of automated system. Freddie Mac alone has processed more than 10 million
conventiona conforming mortgages using L.oan Prospector, the Setistically based
automated underwriting service it introduced in 1996. Today two of every three loans
Freddie Mac purchasesis assessed by Loan Prospector prior to origination, and loans that
are manualy underwritten or seasoned in portfolios are run through Loan Prospector
post-purchase to assess their level of risk. 1n 1999, Freddie Mac made an Internet verson
of Loan Prospector commercidly avalable, putting the automated system in the hands of
more than 11,000 mortgage brokers and 300 mortgage wholesaers. Other automated
underwriting systemsin use today include Fannie Mag' s Desktop Underwriter, Wells

Fargo’'s ECS service and Countrywide’ s CLUES.

Automated underwriting’ s entrée into the government mortgage market has kept pace
with broader market acceptance. In 1996 the Federal Reserve examined the use of credit
scores in the mortgage underwriting decision and concluded that they were Setigticaly
vaid predictors of default (Avery, Bostic, Cdem, and Canner 1996). The following year,
the Department of Veterans Affairs approved the use of Loan Prospector for VA loans,

followed by HUD’ s gpprovd of a custom verson for FHA loans. Usage quickly took

LA recent survey, KPMG Consulting (2000), p. V-4, found 60% of total loans underwritten by AU in 1999.
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off. By August 1999, Loan Prospector had processed nearly 1.8 million government loan

submissons.

The jumbo mortgage market aso has been transformed by the rise of automated
underwriting. Freddie Mac's Loan Prospector will assessthe risk of loans that exceed the
conforming loan limit and are thus indigible for purchase by the secondary market

company.

Industry participants have been quick to praise automated underwriting for reducing the
time, documentation requirements and processing costs of mortgage originations:
Borrowers gppear to be the ultimate beneficiaries of the increased efficiencies; the
average time from mortgage gpprova to closing has shrunk from xx to x days since 199x,
largely due to automated underwriting. [anybody got acite?] To the extent that these
process efficiencies are not passed through to borrowersin the form of lower closing
cogts, they may dlow lenders to “redirect underwriting resources from relaively low-risk

cases’ to margind loans (Bunce et. . 20007).

Automated underwriting has aso been touted for its improved accuracy over manua
underwriting. This has increased the comfort of mortgage purchasers and guarantors who
ultimately bear the brunt of poor underwriting decisions. As discussed in Straka (2001),
automated underwriting has greetly reduced the extent of principal- agent based adverse

sdection, which has long plagued manud underwriting. By “screening-out” the highest-

2 paul Peterson, “Keeping Promises,” Mortgage Banking, May 2001.
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risk tal of loans that would have “dipped in” under manua systems, automeated

underwriting has contributed to areduction in industry credit |osses.

To be sure, the industry’ s rgpid adoption of automated underwriting not occurred without
“new needs, costs, issues, pitfalls and detractors.”® In the sphere of fair lending, concerns
have been raised about the “black box” nature of automated underwriting systems and the
widespread reliance on credit bureau scores® As noted by Bunce (200?), thereis the
concern that the codification of certain underwriting guiddines that are not representetive
of the mortgage behavior of al groups could result in unintentiona discrimination or
disparate trestment across groups. To avoid this outcome, the specification of the

mortgage scoring model must “correctly define objective equals with respect to risk.”

Other concerns center on the strictly quantitative nature of automated underwriting
systems. Automated underwriting's heavy reliance on objective and eectronicaly
veifiable data such as credit scores, financid reserves and loan-to-vaue (LTV) rétios
does contribute to a bias-free mortgage market. However, to the extent that wealth and
credit variables are unevenly digtributed, as well as the eectronic verification thereof,
underserved populations may remain underserved in aworld of automated underwriting.

(Fannie Mae, Airlie Conference 2001)°

3 John W. Straka, “A Shift in the Mortgage Landscape: The 1990s Move to Automated Credit
Evaluations,” Journal of Housing Research, forthcoming, p. 2.

* See, for example, Lawrence Richter Quinn, “Credit Score Scrutiny,” Mortgage Banking, September 2000,
p. 50.

°Bunce, et. d., p. X.

8 Ironically, itisasaresult of automated underwriting and the resulting availability of statistical data about
rejection rates that we know that problems still exist. Thus, it is convenient to blame automated
underwriting for observed disparitiesin the distribution of mortgage credit.
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Findly, some might argue that the objective, derile and quantitative nature of automated
underwriting has created a mortgage “meritocracy” that disadvantages underserved
populations. That is, just as gains have been made in expanding access to mortgage
markets, automated underwriting represents anew set of immutable “rules” Asnoted by
Bunce (2007?), those “margind” borrowers who have been most helped in recent years by
the rise of affordable lending programs would be disproportionately represented among
borrowers regjected under strict satistically-based underwriting systems.  Further,
athough rejected loans are “referred” to manud underwriters, this stigmatizes aloan and

reduces the likelihood that it will be approved.”

Perhaps the core of many of these concerns is the sugpicion that the increased accuracy of
automated underwriting somehow works againgt the consumer—particularly the low and
moderate-income or minority borrower. Put arkly, the concern is that the mortgage
guarantor’ s interest in increased accuracy conflicts with the consumer’sinterest in

obtaining aloan.

Contrary to this argument, we believe that while automated underwriting may represent a
change in the rules of mortgage alocation decisions, quantitatively based mortgage
decisons work to the benefit of underserved populations—not againgt. We attempt to

demondrate this first theoretically and then empiricaly based on an examination of

’ Chris De Reza, “Automated Underwriting: The Jury Is Still Out,” Real Estate Finance Today, Electronic
Edition, Mortgage Bankers Association of America, April 30, 2001.
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“accept rates’ by Freddie Mac's Loan Prospector automated writing system.

Theoretica Argument

We begin by assuming an average defalt rate for conforming fixed-rate mortgages of
about 5 percent. If automated underwriting systems could perfectly predict which loans
would default, then for every 100 loans scored, 95 loans would be approved. Just five

would be rejected—and these five would be ones actually to defaullt.

Thislevel of accuracy has yet to be achieved by existing automated underwriting

systems. Inredity, across dl underwriting systems in use today, roughly 15 out of every
100 loans are rejected.® Of the 15 rejected loans, x percent have an expected default rate
of 10 percent, while the rest have a 1 percent default rate (verify)—for an average default

rate of 5 percent.
As automated underwriting systems become increasingly accurate, the number of loans
rejected by automated underwriting should move closer and closer to five. Asshown

below, ...

[picture showing default curve becoming more concave]

8 Cite Freddie and/or Mercer?
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Thereisadso acog dimension to predicting mortgage defaults. The mortgage default

function is very asymmetric; athough default is arare occurrence, it is cogtly. Roughly
speaking, to cover the costs on every one loan that defaults, 99 performing loans are
needed.® Given thisdim margin, it is not surprising that underwriting is, by nature,
consarvaive. However, in sudioudy avoiding Type | error, lenders accept large
amounts of Type Il error. In the example above, 10 performing loans are * needlesdy”

regected in order to “capture” the five that will go on to defaullt.

Improving the surgica skill of automated systems to distinguish between ever-finer
gradations of risk not only reduces Type | error, it dso reduces Typell error. The
determination of an acceptable credit risk is afunction of both the expected mean default
rate and the variance. For credit risk managers, this means determining the expected
leve of risk presented by apool of loans and ascribing a certain level of confidence to the
esimate. All things equd, the higher the confidence in the estimate, the lower the risk

premium for “modd error” and the more overdl risk can be taken on.

Manua underwriting and early forms of automated underwriting have been characterized
by ahigh degree of uncertainty. This arises, in part, from the greater amount of
subjectivity involved in the credit alocation decison and the ingbility to quantify risk
factors and their offsets. The high variance has necessitated tighter underwriting

standards, and, subsequently, higher rgjection rates, in order to keep overdl risk within

® Verify and document.
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bounds.

Over the padt five years, automated underwriting systems have become increasingly
accurate in thelr assessment of default risk. This has both improved the estimation of the
mean and reduced the variance. The increased confidence in our ability to assess default

risk has resulted in an ability to take on more risk on the margin.

As shown below, there are two primary effects of improved risk assessments. Firdt, there
iswhat can be indlegantly called the “swap out.” Improved risk assessments will identify
ahandful of loansthat would have “ dipped through” less accurate measurement
systems—but which actualy have a high probability of default. Rejection of these few
loans reduces costly Typel error. At the same time that afew low-qudity loans are
“swapped out,” a greater number of acceptable quality loans are being “swapped in.”

This is because the increased accuracy of automated systemsis able to identify more
borrowers with default probabilities that may be higher than average, but neverthdess are

acceptable. Thisreduces Typell error.

[insert picture showing two effects]

On net, highly accurate automated systems produce far more winners than losers. For

every one loan swapped out, x loans are swapped in, and the overdl increaseinrisk is

margina. Improved accuracy means that underwriting standards can be broadened,
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which has the effect of expanding homeownership opportunities, particularly for

underserved populations.*°

Empirical Analysis

An examination of Loan Prospector “accept rates’ supports our view that increased
accuracy expands homeownership opportunities. Automated underwriting is shown to be
highly accurate for dl borrower groups. Further, automated underwriting approves more
borrowers than manual underwriting.

Freddie Mac's Loan Prospector predicts a mortgage applicant’s likelihood of default
based on the three “Cs’ of manuad underwriting: the creditworthiness of the borrower,
the borrower’ sfinancid capacity to repay the loan, and the underlying vaue of the
collaterd. That's where the smilarities with manua underwritingend.  Loan

Prospector includes a statistical model that predicts mortgage default based on the actua
performance of millions of mortgages purchased by Freddie Mac over many years. By
using Loan Prospector, individual mortgage originators effectively incorporate the
experience of thousands of |oan originators and millions of borrowersinto their own

lending decisons.

Loans that receive an ‘accept’ or ‘accept plus designation by Loan Prospector are
immediately gpproved for sale to Freddie Mac. The remaining loans receive a ' caution’

designation as well as specific feedback about why the loan is consdered higher risk.

10 A recent study by the Research Institute for Housing Americafound that borrowing constraints, such as
embodied in underwriting guidelines, restrict access to homeownership disproportionately across racial and
ethnic groups. In the case of whites and Hispanics, borrowing constraints serve to delay home purchase,
while primarily excluding African Americans. The study estimates that the removal of borrowing
constraints would increase the level of homeownership rate by 4 percentage points, ceteris paribus Stuart
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Caution loans are not barred from Freddie Mac purchase, however. Lenders may sl

them to Freddie Mac if they believe there are factors that offset the risks identified by

L oan Prospector.

An examination of Freddie Mac Loan Prospector “accept rates’ supports our view that
increased accuracy expands homeownership opportunities. Loan Prospector has been
shown to be highly accurate for al borrower groups. Further, automated underwriting
approves more borrowers than manua underwriting. Underserved populations have been

the chief beneficiaries of thisincreased accuracy.

In & 1996 report entitled Automated Underwriting: Making Mortgage Lending Smpler
and Fairer for America’s Families, Freddie Mac showed that L oan Prospector accurately
predicted defaults on its 1994 book of business. That is, loans determined to present a

low level of risk by Loan Prospector actudly did perform much better than loans rated
caution. We recently updated that andys's using the same set of loans, which have now
reached their peak default years. The updated analysis shows a smilar pattern of

defaults. As shown in Exhibit 1, loans rated caution experienced default at 3.8 times the
averagerate of dl loans. In contrast, accept plus loans experienced default at just one-

tenth of the average defauilt rate.

S. Rosenthal, “Eliminating Credit Barriersto Increase Homeownership; How Far Can We Go?’ Research
Institute for Housing America, Working Paper No. 01-01.
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Exhibit 1: Loan Prospector Accurately Predicts
Default

Default rates of Freddie Mac’s purchases of 1994 loans
(Risk grade default rate relative to overall average default rate)

6 -
Qe
©
T 4] 3.8
>
g8
)
a)
o 2 |
2 1.2
«
Q
a4 0.1
0 T T .
A+ Loans Accept Loans Caution Loans

Loan Prospector’s high degree of predictive power is evident for al borrower groups.
Exhibit 2 shows the rdative default rates of loans purchased in 1994 for minority
borrowers. Caution loans experienced default at more than double the rate of loans rated
accept. Loansrated accept plus performed exceptionally well; minority borrowers
experienced acombined default rate of just one-tenth of the average default rate for dl

loans.
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Exhibit 2: Loan Prospector Accurately Predicts
Default For Minority Borrowers

Default rates of Freddie Mac’s purchases of 1994 minority loans
(Risk grade default rate relative to overall average default rate)

6 -

4.2

Relative Default Rate

0.1
0 T T
A+ Loans Accept Loans Caution Loans

Higher Approva Rates

As Loan Prospector has been enhanced over the years, Freddie Mac's confidence in the
system’s prediictive power hasincreased. Accurate risk assessments have enabled usto
focus on the few factors that have been found to be highly predictive of default—while
minimizing the importance of less Sgnificant factors. In addition, Freddie Mac isable to
determine how various risk factors compound—or offset each other. The ability to
account for the ways in which risk factors influence each other is one of the mgor

advantages of automated underwriting over manua underwriting.

Loan Prospector’ s improved accuracy shows up in higher borrower accept rates. Freddie
Mac recently anadyzed the performance of nearly 1,000 loans originated in 1993 and

1994 and purchased by Freddie Mac as part of an affordable housing initiative. Using
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Freddie Mac's Gold Measure Workshest, the |oans were manualy re-underwritten after
Freddie Mac's purchase and categorized smilarly to Loan Prospector’ s accept/caution
designations. The Gold Measure Worksheet is adatigticaly based manua mortgage
scoring worksheet for noncredit and credit risk factors (with a FICO bureau score, or
MDS bankruptcy score, or detailed credit dternative), desgned to assst underwritersin
evauaing risk layering, especidly on affordable |oans that were stretching the limits of
traditional underwriting (Avery, et a. 1996). Next, the loans were underwritten using the
Loan Prospector system and today’ s underwriting standards.

Exhibit 3 comparesthe origind risk assessments produced by the manua re-
underwriting to the reassessments produced using Loan Prospector. Manua underwriters
rated 52 percent of the loans as accept, compared to the 85 percent rated accept by Loan
Prospector. Borrowers are far more likely to obtain a mortgage under automated

underwriting than under traditional methods.

Exhibit 3: Loan Prospector Scores Far More
Affordable Loans as Accepts

Risk assessments of affordable loans by manual underwriters and LP
(Shown for about 1,000 affordable loans originated in 1993-94 and purchased by Freddie Mac)

Accept Loans |:| Caution Loans
14.8%

48.4%
51.7%

85.2%
Manual Underwriting Loan Prospector
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Stronger predictive power is having a pronounced effect on minority gpprovd rates. In
1994, manual underwriters rated 51 percent of minority borrowersin this sample as
accept. Today’s Loan Prospector, however, would rate 79 percent of these minority

borrowers as accept, as shown in Exhibit 4.

Exhibit 4. Loan Prospector Scores Far More
Minority Borrower Affordable Loans as Accepts

Risk assessments of affordable loans by manual underwriters and LP
(Shown for 350 affordable loans to minority borrowers originated in 1993-94 and purchased by Freddie Mac)

Accept Loans |:| Caution Loans

19.7%

0
50.9% 49.1%

79.2%

Manual Underwriting Loan Prospector

Representing avast improvement over manua underwriting, Loan Progpector itsalf
undergoes continud refinement. By andyzing the actud performance of millions of
mortgage loans over time, Freddie Mac is able to enhance and fine-tune the datistica
engine behind Loan Prospector. In 1998, Freddie Mac released its Outlook version of
Loan Prospector, which incorporated new loan products and enhanced the risk
assessments dill further. The net result of the changes was to broaden the definition of

an accept loan, as shown in Exhibit 5. Underwriting Freddie Mac’s 1995 purchases using
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both versions of Loan Prospector shows far higher accept rates using the 1999 version,

particularly for minority borrowers. The 1995 version gpproved 48 percent of African
American borrowers, compared to 73 percent under the 1999 version—an increase of 52

percent. The accept rate for Higpanic and nor-minority applicants grew by 32 and 5

percent, respectively.

Exhibit 5: Loan Prospector Enhancements Help
Close the Gap for Minority Borrowers

Accept rates of Loan Prospector's 1995 and 1999 scorecards
(Applied to all of Freddie Mac’s 1995 loan purchases)

|:| 1995 LP Scorecard . 1999 LP scorecard
100 -

= 2 s 79.3 go.3 847

S 75 :

© 60.3

© 48.2

o 50 4

§

o 25

(8]

<

0 T T
African-American Hispanic Non-Minority

Borrowers Borrowers Borrowers

Steady expansion of the share of loans rated accept attests to L.oan Prospector’ s positive
influence on homeownership. From 1995 to 1999, the share of dl loan gpplications rated
accept or better by Loan Prospector rose 66 percent. The trend is even more pronounced
for minority borrowers. Exhibit 6 shows that the accept rate for African-American and

Higpanic gpplicants more than tripled in just four years, risng from 22 to 74 percent.
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Exhibit 6: The LP Accept Rate for Minority
Applicants Has More Than Tripled Since 1995

Percent of minority applicants rated accept by Loan Prospector
(1995 through 1999 LP loan applications)

100 ~

80 A 73.6
S
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©
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40
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1995 1996 1997 1998 1999

Concluson and Challenges

Improved risk assessments reduce the variance of the default equation, which alowsrisk
managers to accept an overdl higher leve of risk. Examination of Freddie Mac's Loan
Prospector “accept” rates demonstrates that improved accuracy is good for both mortgage
investors and mortgage borrowers. Underserved populations, in particular, have

benefited from Loan Prospector’ s increased ability to distinguish between awide range of
credit risks. Increased confidence has led to aliberdization of mortgage underwriting

criteria, which has helped diminate barriers to homeownership.**

11 According to the Joint Center for Housing Studies, the number of new homeowners grew by 4 million
between 1994 and 1997. Unlike previous surges in homebuyer growth, however, an influx of low-income
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Increased accuracy has led to the development of new mortgage products that would have
been deemed too risky even just afew years ago. Freddie Mac now uses Loan Prospector
to approve higher-risk mortgages, such as zero-money-down loans, Alt A loans, which
tend to have nontraditional documentation, and A-minusloans, which pose asgnificantly
higher risk of default. Accurate risk measurement isworking in borrowers' favor—not
agans.? Inits 1998 State of the Nation’s Housing report, Harvard' s Joint Center for
Housing Studies concluded that the advent of new loan products, such aslow down
payment loans and ARMSs, have enabled “more income-constrained and cash strapped

borrowers at the margin to qualify for mortgage loans”*

Despite these impressive gains, however, minority borrowers are still lesslikely to be

approved for aloan.’* The differentid between minority and non-minority accept rates

and minority households into the housing market was the driving force behind the recent increase. Joint
Center for Housing Studies of Harvard University, State of the Nation’s Housing 1998, p. 13.

12 Asnoted in Bunce (200x), “ Fannie Mae and Freddie Mac, for example, seem to be more confident and
willing to purchase low-income loans in they are processed through their mortgage-scoring models. Both
government-sponsored enterprises have recently introduced new 3- percent down payment programs, based
on their confidence in their automated underwriting systems.”

13 Joint Center for Housing Studies of Harvard University, State of the Nation’s Housing 1998, p. 4.
Automated underwriting’ strack record in expanding the availability of mortgage credit parallelsthe
experience of credit scoring in other markets. Padhi et. al. (1999) found that credit scoring has had a
positive effect on small business lending in low-income communities. According to the authors, “[W]e
find that credit scoring has a significantly positive effect on the amount of small business credit extended in
low-income communities and a mixed effect in moderate-income communities. Our findings do not

support an argument that automated procedures in the small business lending process restricts the amount
of credit extended to small businesses located in low- and moderate-income communities.” Padhi,

Woosley & Srinivasan, “Credit Scoring and Small Business Lending in Low- and Moderate-Income
Communities,” [get rest of cite from Frank] Paper presented at the Federal Reserve’ s Business Access to
Capital and Credit Conference of March 1999.

14 Minority borrowers remain relatively underrepresented among homeowners, accounting for 17 percent of
homeowners compared to 24 percent of households. Joint Center for Housing Studies of Harvard
University, State of the Nation’s Housing 1998, p. 8.
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mirrors broader societd inequitiesin financia capacity and credit, which are key

varigbles in any underwriting equation—whether manual or automated.

In the future, developers of automated underwriting models will have to continue to work
on making the models more predictive while reducing disparate impact on low-income

and minority borrowers.

The mortgage industry faces two additiona chalengesin expanding homeownership
opportunities for low-income and minority families. Thefirst is posed by the so-cdled
“digita divide’, and the second is posed by the growing complexity of financid services
inthe U.S. The growing use of the Internet presents an unparalleled opportunity to
expand markets—as well as alooming chdlenge In one example, in an initiative with
the National Association of Hispanic Red Edtate Professondss, Freddie Mac will make
Loan Prospector on the Internet available on NAHREP s bilingud Internet website,
Red EgtateEspanol.com. Theinitiative seeks to expand homeownership rates among
Hispanic families by smplifying the mortgage process; 80 percent of Hispanic borrowers
are firg-time homebuyers. Increasingly, homebuyers use the internet to gather
information about homes for sde, to obtain credit and homeownership counsdling, to
shop for as well as to gpply for mortgages, and to communicate with agents and lenders.
However, there are substantid differences in internet access and usage across income,
racid and ethnic groups. This disparity in internet usage is referred to asthe “ digital
divide’, and could potentidly result in informational disadvantages for lower-income and

less educated consumers. While about 46 percent of the U.S. Caucasian population has
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the Internet at home, only 23 percent of Hispanics and African Americans have home

access.

A Vanderbilt University study reports that Caucasians use the Web more than African
Americans and are Sgnificantly more likely to do so because they have acomputer at
home®. Even moreimportant, says the Department of Commerce, 73 percent of
Caucas an students own a home computer, while only 33 percent of
Africant American sudents own one. A recent study by the Children’s Partnership found
that much of the information on the Internet is not useful for low-income people and
people with limited reading skills. Clearly, this vehicle cannot be relied upon soldy asa

digtribution channd for mortgage credit.

A second issue relates to lack of financid literacy inthe U.S. Dueto increasing
consumer debt burdens, the prevaence of credit problems, and predatory lending
concerns, government regulators, policy makers, and consumer advocates worry that
many consumer's lack the knowledge necessary to successfully navigate the complex
finanda marketplace. The mortgage industry, according to Alan Greenspan: “...should
work to educate consumers on evauating the broad array of products offered by financia
service providers and to empower them to make the choices that contribute to their

overal economic well-being.”*®

15 Bridging the digital divide

Journal of Housing and Community Development; Washington; Mar/Apr 2001; Ben Hecht;
16 Remarks by Chairman Alan Greenspan

The importance of education in today’ s economy

At the Community Affairs Research Conference of the Federal Reserve System,

W ashington, D.C., April 6, 2001.
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