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The Value of Comprehensive Credit Reports. Lessonsfrom the U.S.
Experience

1. I ntroduction

Credit bureau data on consumer borrowing and payment behavior has become the cornerstone of
the underwriting decison for consumer loansin the United States. Armed with the most
comprehengve consumer payment histories on the planet, creditors apply statistical scoring models
to estimate an individud's repayment risk with remarkable accuracy. Reliance on risk scoring has
fundamentaly improved the efficiency of U.S. credit markets and has brought consumers lower
prices and more equitable trestment. Perhaps most significantly, credit bureau data has made a
wide range of credit products available to millions of households who would have been turned
down astoo risky just a generation ago.

The full benefits of comprehensgive credit reporting have yet to be redlized in most other countries.
The credit-reporting environment varies widely around the globe. Limits on consumer payment
histories may be government imposed (perhaps as aresult of concerns about consumer privacy, but
often due to lobbying for such restrictions by incumbent lenders wishing to limit competition), or
may smply occur as aresult of underdevelopment of the legal and technologica infrastructure
necessary to sustain a comprehensive credit-reporting market.

In many countries, consumer credit histories are fragmented by the type of lender originating the
loan. This has often occurred when the evolution of the credit data repository was driven by
indugtry affiligtion. For example, in some Latin American countries (Argenting, Mexico, Brazil)
banks higtoricaly participated in the exchange of information about their consumer loan experience.
This exchange led to the congtruction of comprehensive credit histories on consumers but only with
respect to loans held by commercial banks. Non-bank creditors are often barred from using the data
built on bank experience and have found it useful to collaborate with each other to build their own
credit profiles of customers. In each of these restricted-information scenarios, the data limitations
create higher transaction costs for creditors wishing to enter the market, raise the costs of delivering
credit and ultimately redtrict the number of consumers who will receive loans and the amounts they
borrow.

This paper will discuss what is known about the impact of credit reporting on the avail ability of
credit to households and will describe a series of Smulations that demongtrate how credit
avallahility is hindered when credit histories are restricted.  Section 2 reviews both the theoretica
and empirical literature on the linkage between credit reporting/information sharing and the
subsequent development of consumer loan markets and economic growth. Because credit reporting
environments differ substantialy around the globe, much can be learned via cross-border
comparisons.  The United States has the most complete credit files on the largest percentage of its
adult population of any country. Consequently, the U.S. market provides a useful benchmark to
which to compare lending markets in countries with more restrictive reporting environments.
Section 3 of this paper describes the dimensions of U.S. consumer credit markets and briefly
summarizes the privacy laws that govern the construction and digtribution of credit histories upon



which lending activity isbased. An example from the U.S. credit card industry highlights how the
availability of detailed credit histories has spurred entry and dramatic price competition in that
market.

Section 4 considers a common restricted-information scenario in which creditors report only
borrower delinquency or default.  Higtoricdly, credit reporting in most countries began with the
sharing of so-cdled “negative’” information (deinquencies, chargeoffs, bankruptcies, etc.) on
borrowers.  Only gradudly and recently has information about the successful handling of accounts
(prior and current) been contributed to the datarepository. For example, most Latin American
countries are moving in the direction of sharing more “positive’ data about consumers (i.e,
accounts currently open and active, balances, credit limits). In these countries, (e.g., Brazil,
Argentina, Chile) consumer credit files contain some postive information, athough the mgority of
informetion in credit filesis dill negative. At the other end of the spectrum of countries who have
credit reporting, Audrdia provides a gark example of a negative-only reporting environment.
Sinceits passage in 1988, Audtrdia s Commonwedlth Privacy Act has alowed only the reporting of
"negative" information about borrowers, plusinquiries from potentia creditors,

In Section 4 we examine the impact that the absence of positive credit information has on alender’s
ability to messure borrower risk. Because the Audiralian statute clearly and cleanly specifies what
information is dlowed in credit files, we have smulated the Audrdian environment using large
samples of U.S. consumer credit files. The efficiency of scoring modds built with U.S. data under
U.S. reporting rules provides the benchmark. The smulation drops out the blocks of data banned
under Augtrdian law and determines the impact on risk measurement for the same group of
consumers.  Measurement efficiency is defined in terms of errors of commission (giving loansto
consumers who will not repay) and omisson (denying loans to good customers who would have
repaid). The results of the Smulation have implications for the performance of markets for
financia services and consumer goods, smdl business credit and overal macroeconomic growth
and gability.  Although the results are derived from asmulation of the Audradian environment
they generdly gpply to any region, including Latin America, in which postive credit datais missng
from many consumer files.

Section 5 gpplies the same methodology to consider other restricted-information scenarios that are
common in Latin America.  In particular, we smulate the impact on risk assessment of having past
credit performance available only for retail accounts and, in a separate Smulation, only for bank
card accounts.  Section 6 offers some concluding discussion and implications.

2.  The Conceptual and Empirical Case for Comprehensive Reporting

A. The Problem of Adver se Selection Lending markets dmogt dways digplay some
degree of information asymmetry between borrowers and lenders.  Borrowerstypically have more
accurate information than lenders about their willingness and ability to repay aloan. Sincethe
expected gains from the loan contract are afunction of both the pricing and the probability of
repayment, lenders invest resources to try and determine a borrower’ s likelihood of repayment.  For
the same reason, borrowers may aso have incentive to Sgnd thelr true riskiness (if it islow) or



disguiseit (if itishigh). The actions of borrowers and lenders as they try to reduce the information
asymmetry has sgnificant consequences for the operation of credit markets and giveriseto a
variety of indtitutions intended to minimize the associated cods.

A large theoreticd and empiricd literature about the consequences of such information asymmetry

has developed over the past 25 years. For purposes of this paper, Stiglitz and Weiss (1981) provide
the conceptud launching point for explaining the evolution of credit bureaus. This semina paper
focuses on lending markets without information sharing and theoretically describes the adverse

s ection problem which reduces the gains to both borrowers and lenders.  Simply put, when
lenders can’t distinguish good borrowers from bad borrowers all borrowers are charged an
average interest rate that reflects their pooled experience. But, thisrateis higher than good
borrowers warrant and causes some good borrowers to drop out of the market, thereby shrinking the
customer base and further raising the average rate charged to remaining borrowers.

The adverse sdlection argument embodies the intuition about why better information makes lending
markets work more efficiently. Better information allows lenders to more accurately measure
borrower risk and set loan terms accordingly. Low risk borrowers are offered more attractive
prices, which stimulates the quantity of loans demanded, and fewer higher risk borrowers are
rationed out of the market because lenders can offer them an appropriate price to accommodate
them, rather then turn them away.

B. Why Would Lenders Share Information? The next gep in explaining the
evolution of credit bureaus was provided by Pagano and Japelli (1993). Their theoretica
development explains the factors encouraging voluntary information sharing among lenders, aswell
as those conditions that deter voluntary information sharing.  Where Stiglitz and Weiss showed
how adverse sdlection can impair markets, Pagano and Japelli show how information sharing can
reduce the problem and increase the volume of lending. Their theoreticd modd generates the
following implications. Incentives for lenders to share information about borrowers (about payment
experience, current obligations and exposure) are positively related to the mohility and
heterogeneity of borrowers, to the size of the credit market, and to advancesin information
technology. Working in the opposite direction (discouraging the sharing of information about
borrowers) is the fear of competition from additiona entrants.

Theintuition is straightforward. Mobility and heterogeneity of borrowers reduce the feasibility of
alender relying solely on its own experience to guide its portfolio management. Thus, these factors
increase the demand for information about a borrower’ s experience with other lenders.  The need
for information to supplement alender’ s own experience grows with the Sze of market. In
addition, any declinesin the cost of sharing information (perhaps through technological
improvements) boost the net gains from sharing.

The case for information sharing among lenders having been established, the next conceptud step
was to rationdize the existence of a credit bureau. Padilla and Pagano (1997) develop atheoretica
rationae for credit bureaus as an integrd third-party participant in credit markets.  The authors
explain the conditions under which lenders agree to share information about borrowers viaathird
party which can pendlize those ingtitutions who do not report accurately.  The paper is directly



relevant to credit relationships between firms and their lenders, but aso has implications for the
sharing of information in consumer lending markets.  As noted in Pagano and Japelli (1993),
information sharing has direct benefits to lenders by reducing the impact of adverse sdlection
(average rates tend to ration out low-risk borrowers leaving only the high-risk borrowers
remaining), and mord hazard (borrower has incentive to default unless there are consegquencesin
future gpplications for credit). However, information sharing stimulates competition for good
borrowers over time, which erodes the informationa rents enjoyed by incumbent lenders (who have
dready identified and service the good customers, the very ones which competitors would like to
identify and recruit).

In this paper the authors discuss an additiond problem that can arise out of the informationa
asymmetry between borrowers and lenders.  As noted above, as alender establishes relationships
with customersit becomes able to distinguish good borrowers from bad borrowers. At that point,
the lender has an incentive to either hold back information about the good borrowers or purposdly
spread fase information about them in order to discourage competitors from making overtures.
Borrowers know this, and so have lessincentive to perform well under the loan contract, because
such efforts will not be rewarded with lower interest ratesin the future (and may be exploited with
higher rates and/or spread of misinformation). This tendency to underperform isreversed if
borrowers perceive some gain to signaing they are good borrowers. Consequently, alender’s
commitment to share accurate information with other lenders, coupled with an enforcement
mechanism that ensures that accuracy, can actualy benefit dl parties. The third-party credit bureau
fillsthe role of both clearinghouse and enforcer. As a consequence, Padilla and Pagano show that if
they share information, interest rates and default rates are lower, on average, and interest rates
decrease over the course of the relationship with each client and his bank. In addition, the volume
of lending may increase asinformation sharing expands the customer base.

C. Limitson Information Sharing Is more information sharing always better?
Interestingly, the theoretical models show that this may not be the case. For example, Vercammen
(1995) setsforth a conceptud case for limiting the length of time that negetive information could
remain on an individud’ s credit history. In part it' sthe “clean da€’ argument: truly high-risk
borrowers over time reved themselves consstently as such.  The presence of their deep history
convinces lendersthey are high risk. Consequently, astheir negative credit history dogs them, such
borrowers have little incentive to perform better onloans.  The possibility of establishing aclean
date would raise the cost to the borrower of handling the new line poorly. Theflip side of this
argument isthe “one free bite” argument:  truly low-risk borrowers over time reved themsdves as
such.  The presence of their deep and good payment history convinces lenders they are good and so
reduces the incentive of such borrowersto pay as agreed on the next loan. Limiting the length of

the credit history (forced obsolescence) or perhaps diminating other pieces of information that

alow low- risk borrowers to digtinguish themsdaves would keep both types of borrowers honest by
raising the reputational stakes associated with their performance on their next loan.*

! Empirical work conducted inthe U.S. by Fair Isaac, Co. on behalf of the Associated Credit Bureaus (industry trade
association) has demonstrated that “the presence of derogatory information continues to distinguish levels of credit risk
in the studied populations even as the information ages. The implication of thisfinding is that information predictive of
credit risk would be sacrificed by the accelerated deletion of aged references.” Fair Isaac, 1990, p 3.



Padilla and Pagano (1999) provide yet another twist to the case for less-than-perfect information
sharing. Building on the idess in Vercammen, 1995, the authors develop a modd which shows that
information sharing among lenders can boost borrower incentives to perform well on loans, but only
if the information shared is less than perfect. When lenders share information about past defaullts,
borrowers do not wish to damage their credit rating because a default will sgna future lenders that
the borrower is high-risk. Thus, information sharing has a pogtive disciplinary effect on borrower
behavior. However, suppose an incumbent lender shared so much additiond information about a
borrower’ s characteristics that future lenders knew with certainty that a borrower was indeed low-
risk. Inthe modd, future lenders would compete for such borrowers and offer them better loan
terms.  Consequently, such borrowers would have no more incentive to perform well on the current
loan than if no information was shared. Thus, the authors conclude that less sharing could be better,
and that lenders will seek to fine-tune the amount of informeation disclosed to some leve below
“perfect” s0 asto maximize the disciplinary effect.

Aswe apply these theoretical concepts to actud lending markets, keep in mind the digtinction
between perfect and less-than perfect information sgnds regarding aborrower’ struerisk. Aswe
will see below, the presence of both positive and negative credit information about a borrower can
improve alender’ s assessment of repayment probability, but hardly congtitutes a perfect picture of
the borrower’ struerisk. Inredlity, postive information still does not equate to perfect information.
Thereis plenty of empirical evidence to suggest that borrowers with no negetive payment history
gill vary widely with respect to default probability and experience. So, while an interesting
theoretica point, thisis hardly a case for barring pogitive credit histories from credit reports.

D. Evidence on the Evolution of Credit Bureaus How well do the implications of these
theoretical modds explain the evolution of credit bureaus and the lending markets they support?
Japdlli and Pagano (1999) provide one of the very few attempts to test the predictions of the
theoretica modd s regarding the impact of information sharing on lending activity. The authors
compiled a unique dataset describing the nature and extent of information sharing arrangementsin
43 countries.  Congstent with the theoretical models, the authors found that the breadth and depth
of credit markets was sgnificantly related to information sharing. Specificaly, total bank lending

to the private sector islarger in countries that have a greater degree of information sharing, even
after controlling for country Sze, growth rates and variables capturing the legd environment and
protection of creditor rights.  The authors aso found that greater information sharing reduced
defaults, though the relationship was somewhat weeker than the link to additiond lending.

E. Predictive Power of Bureau-Based Risk Models The conceptual case that
information sharing leads to more efficient lending markets hinges on the assertion that data about
past payment behavior is useful for predicting future performance.  Of course, the entire credit
scoring industry stands as testimony to this premise. However, among the few published attempts
to document the gains from utilizing increasingly detailed credit history data are two papers,
Chandler and Parker (1989), and Chandler and Johnson (1992). In the earlier paper, the authors
document the ability of U.S. credit bureau data to outperform application datain predicting risk.
Their andysis was based on comparing credit bureau vs. application dataiin scoring three categories
of credit card applications. bank card, retail store card and non-revolving charge card.



In their study, gpplication information included variables such as the gpplicant’ s age, time at
current/previous resdence, time at current/previous job, housing status, occupation group, income,
number of dependents, presence of telephone at residence, banking relationship, debt ratio, and
credit references. Variable values were coded straight from the credit card application, without
independent verification.

Credit bureau variables were grouped into three categories so that the authors could examine the
impact of Smple vs. detailed amounts of credit filedata. The first category included only the
number of inquiries from other creditorsin the last Sx months (under U.S. law, these result from an
application for credit), and the worgt credit rating on the borrower’ sfile. The next category in the
progression from less to more detail included the number of inquiriesin the last Sx months plus
additiond variables such as the number of new trade lines opened in the last Sx months, number of
satisfactory credit ratings, number of 30, 60, and 90 day ratings, the number of public record items
and the age of the oldest trade. The current Augtrdian reporting environment fals somewhere
between these first and second categories.  Findly, the authors created a third category including
al variablesin the previous two categories plus more detail on the number of accounts by category
of lender (bank revolving, bank nonrevolving, consumer finance company, captive auto finance
company) and a variable capturing the percent of dl revolving lines currently utilized.

Using models built to score bankcard applicants, the authors found that the gpplication data without
the credit bureau data yielded the lowest predictive power and did not fare well when compared
with predictions based on any level of credit bureau data. The predictive power increased
subgtantidly at higher levels of credit bureau detail, with the most detailed modd exhibiting
predictive power 52% greater than the smple credit bureau treatment. In fact, amodel
incorporating the detailed credit bureau data plus application data actudly performed worse than a
model based on the detailed credit bureau datadone. Perhapsthisis not surprising given that most
application data on bankcard productsis not verified because of the cost and consequent delay in
the accept/rgect decison.  The bottom line: the more information available about a borrower’s
current ancl2 past credit profile, the greater was the ability of the scoring mode to separate goods
from bads.

In modd s built to score the retall card gpplications, the combination of application plus detailed
credit bureau information outperformed amode built just on application dataas well as a model
built just on detailed bureau data. Similar results were found for models built to score the non-
revolving charge card accounts.  The authors concluded that predictive power rises for every card
product asthe level of credit bureau detail increased. They aso noted that if the credit bureau file
was utilized by scoring only the two items in the first category the redl predictive power of the
bureau data could easily be overlooked.

20ther authors have noted that when variables that might be available to scoring models are artificially prohibited, the
resulting models deliver relatively fuzzy risk predictions. Commenting on the consequence of the U.S. Equal Credit
Opportunity Act (which prohibitslenders from using race, sex, religion, ethnic background and certain other personal
characteristics in scoring models) Boyes, Hoffman and Low (1986) note that the resulting degradation in the lender’s
ability to separate goods from bads can prompt them to reallocate | oanabl e funds away from consumer lending and
toward other classes of products (for example, commercia loans).



Sgnificantly for the smulations conducted below, the first category of bureau variables contains
information alowed in Austrdian credit bureau files but the second and third categories incorporate
“positive data’ variables not alowed under current Audtradian law and often absent in other
countries even when they are legally permitted. Because the detailed credit bureau history found in
the U.S. files provided the greatest lift in the predictive power of the scoring models, this result
suggests that lenders and consumers in restricted-reporting environments are missing sgnificant
benefits from their credit reporting system.

Section 3: Characteristicsof a “ Full Reporting” Environment: the U.S.
Experience

A. Dimensions of the U.S. Market For Consumer Credit. By most any measure, the U.S.
market for consumer and mortgage credit isvast.  Asof the end of 1998 mortgage credit owed by
consumers totaed about $4.1 trillion, including both first and second mortgages and the

increesingly popular home equity lines of credit. Non-mortgage consumer credit (including credit
cards, auto loans and other persona ingtallment loans) totaed an additiona $1.33 trillion.

Whether or not these sums are large given the size of the population, perhaps the more impressive
numbers relae to the growth in the proportion of the population using credit.  For the past 35 years,
federa policy in the U.S. has encouraged the credit industry to make credit and other financiad
sarvices available to a broader segment of the U.S. population. The result of these public policies
has been adramatic increase in credit availability to al segments of the U.S. population,

particularly to those toward the bottom of the socio-economic spectrum who need it the most. In
1956 about 55% of U.S. households had some type of mortgage or consumer installment (nor+
mortgage) debt. In contrast, by 1998 over 74% of al U.S. households held some type of debt. Put
another way, 29.7 million households used consumer or mortgage credit in 1956, compared to 75
million householdsin 19983

By loan category, the increased availability and use of consumer credit is equaly impressive. In
1956, about 20% of households (11 million) had an automobile loan. By 1998, this proportion had
increased to 31% (32 million). A smilar pattern is evident for mortgage credit. 1n 1956, 24% of
U.S. households (13 million) had mortgage debt. By 1998, 43% of households (44 million) had
home mortgage loans. In the case of both products, credit markets enable consumers to purchase
and finance durable goods which provide a vauable stream of services to their owners over time.
Over the past two generations, millions of Americans have gained access to credit to enable them to
make such investments and raise their gandard of living.

The same story has unfolded for credit card products, but even more dramaticaly given the shorter
timeframe. Figure 1 displays the percent of U.S. households which owned at least one generd
purpose credit card (e.g., Visa, MasterCard, Discover) at two pointsin time, 1983 and 1995. It
revedsthat every income grouping of households enjoyed substantially improved access to the
versdtile “bank card” product even within the relatively short span of adozen years. By 1995, over
25 million more households had access to bank credit cards than was the case in the early 1980s.

% These statistics derive from Federal Reserve Board Surveys of Consumer Finances, various years, 1956 through 1998.
For an overview of the most recent (1998) survey see Kennickell, Starr-McCluer and Surette, 2000.



B. Credit Bureau Information asa Catalyst for Growth At the heart of the lending
decison isinformation about an gpplicant's creditworthiness. Inthis regard, perhagps no industry
has been more dramaticaly affected by the enhanced power of the computer than the consumer
credit industry. In the United States, computerized credit files have made it possible to store and
indantaneoudy retrieve many years of payment history for over 200 million adult resdents. Over 2
million credit reports are sold by the three mgjor nationa credit bureaus every day. Ready access
to such persond credit data which can be used to evauate creditworthiness has fueled the exploson
in consumer credit products since the mid-1970s.

Broader access to credit products iswidely recognized as the consequence of four Smultaneous and
interdependent factors:

Legd rules which permit the collection and digtribution of persond credit datato those with
an authorized purpose for requesting the information

Dramatic reductionsin data processing costs and equally dramatic improvementsin the
Speed of dataretrieval

The development of dtatigtical scoring techniques for predicting borrower risk

The reped of legidated interest rate ceilings which had limited the ability of creditorsto
price their loan products according to risk.

The bank credit card market provides a ussful illustration of how and why these combined forces
worked to broaden access to credit card products. When bankcards (Visaand MasterCard and their
forerunners) were launched in the 1960s they typicaly were priced a only one margin, afinance
charge, that was imposed on balances that revolved from month to month. By the late 1970s, card
issuers recognized that many customers never revolved abaance. These non-revolving cardholders
were utilizing a package of vauable (and costly) services without being charged for them.

Revolvers who paid finance charges subsidized nontrevolvers.  The advent of annud fees by the
early 1980s gave issuers a method of collecting revenue from the convenience users and reduced the
pressure on finance charges to cover dl the costs of the card operation. Annud feeswere a
somewhat clumsy tool for boosting revenues, since they were applied across the board to dl
customers. Still, they helped issuersto hold down the interest rate on the card and remain
competitive in atracting and keeping cardholders who typicaly revolved. Through the 1980s, other
fees (late payment, cash advance, overlimit) were added to cardholder agreements, each fee aimed
at aclass of cusomer who imposed extra costs on the issuer by utilizing specific features of the

card. In each case the purpose of adding an extra fee was to reduce the subsidization of one group
of users by other cardholders, which occurs whenever extra costs associated with unpriced services
are packed into a higher interest rate.



During the period 1985-1991, a wave of new entrants into the bankcard market put greater
downward pressure on card interest rates and annua fees. Credit bureau data was critical to this
explosion in competition both as away to identify potentia customers and to offer them attractive
but profitable pricing. New entrants used credit bureau data to identify and target low-risk
borrowers for their low-rate cards. Existing issuers saw customer atrition escalae, particularly in
the lowest risk categories. Competition forced incumbert issuers to make achoice: dther leave the
interest rate unchanged and risk defection of their best customers to the new, low-rate entrants, or
cut interest rates and fees as a defensive measure.

In late 1991, American Express became the first mgjor issuer to unveil atiered pricing Sructure to
dow customer defections. For cardholders with at least $1,000 in charge volume during the
previous 12 months and no delinquency the interest rate was lowered to 12.5% on revolving
balances. Cardholders with smaler charge volume and no delinquency paid 14.5%. All other
cardholders paid a higher rate. The new rate structure was intended to prevent defection of low-
risk, active cardholders to competitors without compromising the higher finance charges imposed

on dow-payers. A short time later, Citibank announced a similar pricing structure for its
cardholders who had been paying a 19.8% interest rate. Citibank officials estimated that by the end
of 1992, nearly ten million Citibank cardholders had benefited from the new tiered rate structure*

The highly publicized tiered-rate programs for these two mgjor issuers ignited an unprecedented
wave of price competition for the bank card product that continues today. Figure 2 illugtrates the
rapid decline in bank card rates between 1990 and 1992. The proportion of revolving balances
being charged an interest rate greater than 18.0% plummeted from 70% to 44 percent in just 12
months.

Today, issuer portfolios are commonly divided into multiple categories, with different rates and
features according to the payment history of the customer. Risk-based pricing, spurred by
aggressive entry of new competitors, has eiminated the industry practice of packing the cogts of
handling delinquent accounts for a small number of customersinto higher interest rates for all
customers. Consequently, tiered pricing reduces the amount by which low-risk customers subsidize
the cogts of serving high-risk customers. For the card issuer, the economic success of this strategy
hingeson two key factors: 1) the low-cost avallahility of acomprehengve credit history for
cardholders, and 2) the legd ability to charge interest rates commensurate with borrower risk. The
occurrence of both in the U.S. triggered the dramatic improvement in access to bank credit cards
displayed in Figure 2.

In the U.S. the combination of technologica advances and flexible public policy toward data
collection have fostered an explosion in consumer credit availability. It isno coincidence thet the
expansion of credit during the past two decades corresponded to the advent of credit scoring, and its

4 For discussion of rate cuts by these and other major issuers see Sullivan, Credit Card Management, October, 1990;
Hilder and Pae, The Wall Street Journal, May 3, 1991, Spiro, Business Week, December 16, 1991; Pag, The Wall Street
Journal, February 4, 1992; “Citibank Leads an Exodus from Higher Rates,” Credit Card News, May 1, 1992.



eventual widespread use by credit card issuers (late 1980s), automobile lenders in launching risk-
based pricing (led by companies such as GMAC in 1989-1990) and mortgage lendersin the early to
mid-1990s. By 1998, credit scoring models were being developed and applied to guide small
business lending. Persona loans, credit cards and debit card products are available to the vast
mgjority of the adult population. Moreover the time between application for credit and the decison
to make the loan has fdlen precipitoudy: gpprova for many auto loansis available in less than 30
minutes. Some retallers advertise "ingtant credit” available at the point of sale, and can deliver
gpprova for anew account in less than 2 minutes.

At the sametime, across dl categories of loans, the dramatic increases in the proportion of the
population using credit have come without equaly dramatic increases in defaults. The percent of
accounts which are ddlinquent at any point in time varies between 2 and 5 percent nationwide,
depending upon the product.® Looking at the market from the standpoint of the borrower revedsa
smilar sory: the percent of borrowers nationwide who were delinquent 30 days or more on any
account as of September, 1999 was 2.8% for mortgage holders, 6.9% for installment borrowers, and
4.9% of credit card borrowers.® The credit reporting environment in the U.S. is the foundation for
this remarkable combination of widespread availability and low default rates.

C. The Balance Between Privacy Rightsand Creditors Need For Payment History

Although quite sengtive to the threet of invasion of privacy, U.S. palicy toward the collection of
persond information aso recognizes that consumers necessarily must reveal some information
about past behavior in order to obtain credit. When a consumer applies for credit, he/she
voluntarily trades awvay some privacy in exchange for goods or services. Loss of some privecy is
the price of participating and enjoying the benefits of an informationintensive economy.

In the context of a sngle loan transaction, a consumer faces a traightforward task of weighing the
gainsvs. the costs of reveding some persond information. Presumably, for some types of
transactions, the potentia benefits aren't worth reveding persond financid information and the
customer refuses to continue. For other transactions, such as applying for aloan, the customer gives
up much information but places even gresater vaue on obtaining the loan, and so willingly sacrifices
some privacy. However, since persona information about consumers can be stored and
subsequently transferred, the consumer |oses some control over its use subsequent to the

transaction. Thus, akey dement of U.S. regulatory policy regarding the use of credit bureau datais
to preserve the consumer’ s right to authorize release of the information.

To baance the consumer's vaue of privacy againgt business's need for informetion and its
inevitable storage for re-use, the U.S. Fair Credit Reporting Act (FCRA) stipulates the following:

®Source: American Bankers Association, Consumer Credit Delinquency Bulletin, Third quarter, 1999.

®Source: Monthly Statements, amonthly newsletter on consumer borrowing and payment trends, edited by Gregory
Elliehausen, Credit Research Center, Georgetown University, and published by Trans Union, LLC, December, 1999.



1 Consumer reporting agencies (credit bureaus) may assemble credit reports but must limit
their content to factual information pertaining to past credit experience (no subjective,
investigative reports). Under the FCRA, credit bureaus in the U.S. maintain four categories of
persond datain credit files:

Persond identification information (e.g., name, address, socid security number)

Open trade lines (credit card accounts, auto loans and leases, first and second mortgage
accounts, persond loans, etc.) with data such as outstanding balance, credit limit, date
account opened, date of last activity, and payment history

"Public record" items related to the use of credit, including bankruptcies, accounts referred
to collection agencies, legd collection judgments and liens

Inquiries on the credit file, including date and identity of inquirer, for at least the previous
two years.

2. Consumer reporting agencies may release credit files only for permissible purposes.
Permissible purposes for release of credit files were defined in the Act to be those in conjunction
with avariety of voluntary, consumer initisted transactions. These include credit transactions,
insurance and employment applications. Since the consumer must initiate the transaction, nobody is
in apogtion to learn the consumer’ s detailed credit profile unlessit is relevant to atransaction the
consumer istrying to arrange.

To asss the enforcement of the permissible purposes clause, the FCRA requires credit bureaus to
keep alog of dl requests for a consumer's credit report (inquiries) for at least 2 years, and to
disclose the names and addresses of recipients of reports upon request from the consumer.
Disclosure to the consumer dso aids in ensuring that the information included in thefileis correct.

Derogatory information (e.g., ddinquencies and chargeoffs) can be kept on the file amaximum of 7
years, with the exception of persona bankruptcy records which can stay on the file up to ten years.
With these provisions, the FCRA alows but limits the centralized storage and use of data about an
individud's creditworthiness. Limiting the release of Stored data ensuresthat persond data will
only be reveded to those with whom the consumer intends to make a transaction, so that the
consumer's sacrifice of some privacy reflects conscious consent to the tradeoff.

Recdl that Section 2 reviewed the theoretica arguments and empirica evidence that, by reducing

the adverse sdlection problem, information sharing via credit bureaus promotes the growth of

consumer lending and lowers the cost of providing credit.  Section 3 has focused on the linkage
between the availability of comprehensive credit files and dramatic growth in access to consumer

credit productsin the United States.  Next we turn to the question of how access to consumer credit
products would be impaired if some information about a consumer’s past payment history was
unavalable. The following section smulates risk scoring under Augtrdian vs. U.S. reporting rules

to demonstrate that more information is better in terms of a scoring model’ s ability to distinguish
goods from bads, and consequently accept more loans for any target default rate. Specificdly,
we compare the performance of arisk-scoring mode built under the “ negative-only” Audtrdian

credit reporting rules with the performance of amodel built using the greeter detail availablein U.S.
credit reports. The smulation will highlight the cost of artificid restrictions on credit bureau

information collection.
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Section 4. The Impact of Restricting Credit Filesto Include Only Negative
Information: The U.S. vs. Australian Environments

Borrowersin Audrdia have acredit file only if they have sought credit in the last five years.
Information older than five years must be deleted. Credit files contain data on the borrower’ s name,
address (current and previous), date of birth, driver’s license number, employer, applications for
credit during the past five years showing date the credit was sought, type of credit sought, credit
provider to whom application was made, an indication of whether it was ajoint or individua
application, and whether any account was past due. Creditors can’t report date of account
openings, highest baance, current balance, credit limit or smilar pieces of “pogtive’ information.
The law dlows creditors to report the existence of an account with a given borrower, but Austraian
industry officidsindicate that this option is seldom used because the law aso requires creditors to
remove such aligting within 45 days of the account being repaid or closed. In any case, no
information about account activity can be reported, except for delinquency status.

Asindicated in Section 2, the U.S. and Augtrdian reporting environments differ sharply in that U.S.
credit files contain balance and payment status information on al of a borrower’ s accounts, not just
those which have fdlen ddinquent. This section describes smulations that compare the two
reporting environments to determine how a credit scoring modd may be impaired by having access
to only negative (derogatory) information, but not postive information about the successtul

handling of accounts. Certainly, a negative-only environment gives creditors a profile of applicants
that is less complete than if acomplete inventory of account and baance information were
avalable. Whether or not this makes a difference in predicting future payment behavior isan
empirica question which the smulations are designed to resolve.

A. M ethodology

The smulations in the remainder of this paper each examine the effectiveness of generic bureau
scoring models for assessing borrower risk under various assumptions about how much information
isavailable in credit bureau files. The scoring models are generic because they are not specificto a
particular creditor’ s portfolio (and customer characteristics). Instead, they are built on the
consumer’ s experience across dl creditors who report to the bureau. The model s are bureaur based
in the sense that they utilize only the information available in consumer credit reports (no

gpplication information or customer demographics).

Generic scoring models have been utilized commercidly by creditorsin the U.S. since 1987 to
predict bankruptcies, chargeoffs and serious delinquencies. Their gpplication has assisted thousands
of creditorsin virtudly every dimension of the credit granting decision, including new-applicant
evauation, target product solicitations, the setting of credit limits, purchase authorization, credit

card re-issue and renewdss, and gppropriate collections activity.

Each of the following smulations builds arisk scoring mode utilizing the full complement of both
positive and negative information present in U.S. credit files.  Then, variables which were available



for the congtruction of the full model but would not be present in the smulated environments were
dropped from the set of potentid variables and the model was re-built on the remaining variables.
This method alowed for the congtruction of the best possible model from among the available
vaiablesin each environment. After goplying the respective models to arandom sample of
borrowers we compared the predictive power.

The risk scoring models were built using U.S. credit report data provided by Experian, one of the
three mgor U.S. credit bureaus and alarge multinationa provider of credit report dataand
andyticad servicesfor risk management.  All credit files are anonymous, i.e., have been stripped of
unique persond identifying information.  The smulations were conducted with samples dravn

from a database containing arandom sample of 10 million individua credit files.  For the
“poditive-plus-negdive’ vs. “negative-only” amulation described in this section, we examined
consumers who opened new accounts from any source in May, 1997 and observed their
performance on those new accounts over the next two years. Specifically, the modes were built to
estimate the probability that a new account opened in May, 1997 would become 90 or more days
delinquent within 24 months, i.e, by the end of April, 1999.

B. Data and Variable Construction

The precise composition of commercialy available scorecards is proprietary and consequently not
available for use in an academic smulation. Given accessto al variables contained in the credit

file and sufficient time and resources for modeling, academic researchers could eventudly construct
ascoring mode that would closdly approximate the performance of commercid models. However,
since the resource requirements to replicate commercia models are typicaly beyond the scope of
academic projects, we accept that our smulation models will not be as powerful as commercia
models and adopt the following approach.

According to the website of alarge U.S.-based provider of commercid credit scoring models (Fair
Isaac, Co. based in San Rafad, Cdifornia), the key determinants of a credit bureau ddinquency
model can be divided into the following four generd categories. Our Smulation models include
credit bureau variablesin each of these categories. For the smulations we have available thefull
st of bureau variables (500+) that were being marketed commercidly by Experianin 1999. The
models were built using subsets of variables, but include variables from each of the following
categories. Incluson of variablesin our modd building was guided to some degree by the Fair,
Isaac website which hints at key variables used in commercia models and the direction of their
influence on risk scores.

1) Outstanding Debt and Types of Credit in Use: Fair, |saac advises consumers who seek to

improve their credit score to keep balances low, including credit card balances. People who are

heavily extended tend to be higher risks than those who use credit consarvatively. They dso
advise individuals to apply for and open new credit accounts only as needed, as the amount of
unused credit is an important factor in calculating credit scores. Table 1 ligts the variables that
have been introduced in the smulations to capture the extent and type of outstanding debt, with
particular focus on revolving and bankcard debt as a proportion of total debt and relative to
credit limits.
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2)

3)

4)

Length Of Credit History: Fair, Isaac advises that the longer someone has had credit

established, the better is his or her credit score. For example, a borrower who has had credit for

less than two years represents ardlaively higher risk than someone who has had credit for five
yearsor more. Table 1 lists the variables that have been introduced to capture the extent of
experience in the credit markets.

New Applications For Credit (Inquiries): Fair, Isaac advises individuas to apply for new
credit sparingly if they seek a better credit score. In particular, they suggest that one minimize
the number of times creditors are given permission to check oné's credit record. Such credit
checks are cdled "inquiries" Table 1 ligs the varigbles that have been introduced to capture
the extent of inquiries

Late Payments, Delinquencies, Bankruptcies: Fair, Isaac advises individuals who seek to
improve their credit score to dways pay their accounts before the due date. Simply put, the
fewer late payments, the better the score. Further, Fair, Isaac indicates that if there are late
payments, those that are most recent are more indicative of future default than those thet
occurred in the past. Naturaly, having no late paymentsis best. Table 1 lists the variables that
have been introduced to capture the extent and timing of detrimenta eventsin the payment
hitory of an individud.
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Tablel

Variables Used in the Different Credit Scoring Models

Type of Variable: Outstanding Debt
and Types of Credit

Variable
Used in
Full Model

Variable
Used in
Negative-
only
M odel

Variable
Existsfor
Bankcar d-

only
M odel

Variable
Exists
for
Retail-
only
M odel

Total number of open, paid, or closed trades

v

v

No open, paid, or closed trades

Number of trades open with a balance greater than or equal to zero

No trades open with a balance greater than or equal to zero

Number of trades opened in last 6 months

No trades opened in last 6 months

Number of trades opened in last 12 months

No trades opened in last 12 months

Proportion of open trades that is revolving

Proportion of open trades that is finance installment

Proportion of open trades that is real estate/property

Zero balance on open trades

Average balance across al open trades

Average balance across open revolving trades

Proportion of debt that is revolving

Proportion of debt that is finance installment

Proportion of debt that is real estate/property

Bankcard balance/limit ratio on al open trades reported
in last 6 months

Bankcard balance/limit ratio on all open trades opened
in last 12 months
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Variable Variable | Variable | Variable
Typeof Variable: Length of Credit History Used in Full | Usedin | Existsfor | Existsfor
M odel Negative- | Bankcard | Retail-
only -only only
M odel M odel M odel
Age, in months, oldest trade v v v
Age, in months, of most recently opened trade v v v
Age, in months, of most recently opened trade = 9999 v v v
Average age, in months, of all trades v v
Ratio of number of open trades reported, last 12 months v
to age of oldest trade
Variable Variable | Variable | Variable
Type of Variable: New ApplicationsFor Credit Used in Full | Usedin | Existsfor | Existsfor
(Inquiries) M odel Negative- | Bankcard | Retail-
only -only only
M odel M odel M odel

Total number of inquiries made for credit purposes

v

v

No inquires made for credit purposes

Total number of bankcard inquiries made for credit purposes

No bankcard inquires made for credit purposes

Months since most recent inquiry for credit purposes was made

Months since most recent bankcard inquiry for credit purposes was
made

Total number of inquiries for credit purposes made, last 6 months

Proportion of inquires to open trades, last 6 months

Total number of inquiries for credit purposes made, last 12 months

Proportion of inquires to open trades, last 12 months
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Variable | Variable | Variable | Variable
Typeof Variable: Late Payments, Delinquencies, and Usedin | Usedin | Existsfor | Exists
Bankruptcies Full Negative | Bankcard for
M odel -only -only Retail-
M odel M odel only
M odel
Proportion of al trades never delinquent/ derogatory v v v
Proportion of all trades that have never been delinquent, v
last 12 months
Positive number of trades ever 60+ days delinquent or derogatory v v v v
Number of trades ever 60+ days delinquent or derogatory v v v v
Proportion of trades ever 60+ days delinquent or derogatory v v v
Positive number of trades ever derogatory, including v v v v
collection, charge-off, etc.
Number of trades ever derogatory v v v v
Proportion of trades ever derogatory v v v
Positive number of bankruptcy tradelines ever v v v v
Tota number of bankruptcy tradelines ever (only available for all) v v
Proportion of trades ever bankruptcy tradelines v
Months since most recent tradeline bankruptcy v v v v
Worst status ever (including current) on atrade v v v
Worst ever status on trades reported, last 12 months v v v
Worst present status on an open trade v v v
Worst status ever (including current) on a bankcard trade v v v
Worst ever status on bankcard trades reported, last 12 months v v v
v v v

Worst present status on an open bankcard trade

Months since most recent 30-180 day delinquency on any trade

Not ever delinquent or derogatory on any trade

Months since most recent 90+ delinquency or derogatory, any trade

Not ever 90+ days delinquency or derogatory item on any trade
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C. The Value of Postive I nformation

In Audraia, only derogatory information and inquiry information can be used in determining a

credit score. No variables are permitted on the number of open lines, age of lines, balances or credit
limits” We use this definition of “negative-only” to Smulate the effect of adopting such a system.
The“full-modd” usesdl the varigbleslisted in Table 1 above. The * negative-only” mode uses

only those varigblesin Table 1 that are indicated in the “negative-only” column. The dependent
variable is congructed as equd to one if anew account becomes 90 or more days delinquent within
two years, and equal to zero otherwise. In each case a probit mode was used to estimate the
probability of delinquency for arandom sample of 312,484 new accounts opened at the sart of the
observation period.

There are avariety of waysto evauate the effect of usng only negative information and to present
the results once we have caculated individua credit scores for the full-model and for the restricted
model. For each modd, we firg rank individuas according to their "credit score’.  We can then
pick a specific "approva rate”, say 60%, and compare the default rates for the full modd to that of
the restricted model.  For purposes of our smulations, the term “ defalit” refers to the borrower
becoming 90 days or more past due on the new account. Alternatively, for agiven target default
rate we can determine the reduction in the number of individuals who would be offered credit if
only the restricted model was available. Tables 2 and 3 present the results of such comparisons for
both the random sample that was used to estimate the credit scoring models and for a“hold-out”
sample of equd size.

At atargeted gpproval rate of 60%, the negative-only mode produces a 3.35% default rate among
accepted gpplicants, as compared to a 1.9% default rate for the full modd. Put another way, Table
2 revedsthat a the given 60% approval rate, the default rate using the negetive only modd is

76.3% higher than if the full modd were used. Next, consider the implications of the two models
for extending credit to deserving borrowers. Suppose the economics of alender’ s operation dictate
an optimal default rate of 4%. Table 3 revedls that the full modd gpproves 83.2% of consumers for
aloan, while the negative-only moded approves only 73.7% of consumers, an 11.4% reduction in
loans made. In other words, a a default rate of 4%, for every 100,000 applicants, use of the
negative-only mode would result in 11,000 fewer consumer loans.

Note that the results reported in Tables 2 and 3 suggest that an environment which redtricts lenders
to usng the negative-only modd produces nonttrivid changes in dther the likelihood aloan is
repaid (and thus, the cost of aloan) or the availability of credit. These results highlight the distinct
tradeoff between 1) limiting the collection and use of persond credit histories and 2) making credit
available to consumers at reasonable prices.

"Note that this does not imply that Australian creditors do not utilize such information. They can always request this
information from the borrower on the credit application but must incur the costs and delays associated with verifying
theinformation. Thus, while the information available to the underwriting decision could, in principle, be as detailed
asinthe U.S. model, in practice the costs of ferreting out the complete borrower profile independently of the credit
bureau are likely prohibitive.



Table?2

Effects on Default Rates of Adopting Negative-only Credit Scoring M odel
for Various Approval Rates

Default Rates Default Rate
Estimating Sample Hold-out Sample
Target [Full Model| Negative- | Percent Increasein | Full Model | Negative- | Percent Increasein
Approval only Model | Default Rate on Loan only Model | Default Rate on Loan
Rate with Negative-only with Negative-only
Model Model
40% 1.08% 2.92% 170.4% 1.15% 2.91% 153.0%
60% 1.90% 3.35% 76.3% 1.95% 3.36% 72.3%
75% 3.04% 4.07% 33.9% 3.09% 4.10% 32.7%
100% 9.31% 9.31% 0.0% 9.38% 9.38% 0.0%
Table3
Effects on Credit Availability of Adopting a Negative-only Credit Scoring Mode for Various
Default Rates
Percent of Consumers Who Obtain a Loan Percent of Consumers Who Obtain a Loan
Estimating Sample Hold-out Sample
Target |Full Model| Negative- | Percent Decreasein | Full Model | Negative- | Percent Decreasein
Default only Model {Consumers Who Obtain only Model | Consumers Who Obtain
Rate a Loan with Negative- a Loan with Negative-
only Model only Model
3% 74.8% 39.8% 46.8% 74.3% 39.0% 47.5%
1% 83.2% 73.7% 11.4% 82.9% 73.7% 11.1%
5% 88.9% 84.6% 4.8% 88.9% 84.2% 5.3%
6% 93.1% 90.8% 2.5% 92.8% 90.6% 2.4%
7% 95.5% 95.0% 0.5% 95.6% 94.6% 1.0%
Mean 100.0% 100.0% 0.0% 100.0% 100.0% 0.0%
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Table 4 digplays yet another method for ng the effectiveness of the two models.  Suppose we
define a Type 1 error as rgecting a borrower who would actualy repay. Alternatively, define a
Type 2 error as accepting a borrower who will become serioudy ddlinquent. Table 4 displaysthe
percentage increase in Type 1 and Type 2 errors for both the full and restricted models assuming
various target loan approvd rates.  Both types of errorsincrease in the restricted, negative-only
environment.® °

® These results were confirmed in separate simulations conducted by an Experian analytical team using methods typical
of commercial scorecard development. There are two primary differences between the methods we employed and those
underlying commercially available generic bureau scorecards. For avariety of reasons, commercial scorecards are
typically constrained to the 15-20 most predictive variables, rather than the longer list we employed in devel oping our
full-information model. Also, generic bureau scorecards marketed to date have generally been customer-based rather
than loan-based models. That is, the observation unit for the generic bureau scorecard is a customer, not aloan, and the
dependent variable describes whether a customer who opens one or more new accounts at the beginning of the
observation period becomes seriously delinquent (90+ day) by the end of the period in at least one of the new accounts.
Despite the differences in procedures, the Experian estimates were quite close to our own.

® We should note here that the choice of “bad” definition for the model, though widely usedin the credit industry,
nevertheless limits the model’ s capacity to make even finer distinctions with respect to borrower risk. For example, a
borrower who opens a new account, goes to 90 days delinquent after one year, and then brings the account current for
the successive monthsin the observation period is defined as“bad”. Y et, from a profitability standpoint, this borrower
may be amore valuable customer than one who is seriously delinquent at the end of the observation period. The
argument that two borrowers who experience serious delinquency could differ with respect to profitability is essentially
the same argument that supports the addition of positive information to a scorecard that formerly contained only
negative payment history. Two borrowerswho lack blemishes on the credit histories are not necessarily equally
desirable customers from acreditor’s viewpoint. Admittedly, these are fine distinctions, when applied to borrowers
with serious delinquencies on their files. However, scorecard builders seeking to fine tune their models and orient them
more toward profitability have begun utilizing more complex definitions of the dependent variable.
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Table4

Effectson Typel, and Typell Errorsof Adopting Negative-only Credit Scoring
Model for Various Approval Rates

Percent of Good Credit Risks Who Do Not

Typel Percent of Good Credit Risks Who Do Not
Errors Receive a Loan Receive a Loan
Estimating Sample Hold-out Sample
Target |Full Model| Negative- | Percent Increasein | Full Model | Negative- | Percent Increasein
Approval only Model| Type | Error on Loan only Model | Type | Error on Loan
Rate with Negative-only with Negative-only
Model Model

40% 56.1% 57.0% 1.6% 56.1% 56.9% 1.4%

60% 34.8% 35.8% 2.9% 34.7% 35.8% 3.2%

5% 19.5% 20.5% 5.1% 19.5% 20.4% 4.6%

100% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0%
Typell Percent of Bad Risks Who Receive a Loan Percent of Bad Risks Who Receive a Loan
Errors

Estimating Sample Hold-out Sample
Target |Full Model| Negative- | Percent Increasein | Full Model | Negative- | Percent Increasein
Approval only Model | Type Il Error on Loan only Model |Type Il Error on Loan
Rate with Negative-only with Negative-only
Model Model

40% 4.7% 12.6% 168.1% 4.9% 12.5% 155.1%

60% 12.3% 21.7% 76.4% 12.5% 21.6% 72.8%

75% 24.6% 32.9% 33.7% 24.8% 32.9% 32.7%

100% 100.0% 100.0% 0.0% 100.0% 100.0% 0.0%
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Section 5: Bureau Data Restricted by Type of Lender

Credit reporting in Latin American countries has historically been driven by commercid banking
consortiums. Positive datais more likely to appear for accounts reported and shared within the
bank consortium, but istypicaly not available to indtitutions outside the consortium.  Information

on loans not held by consortium members has tended to be negative, when it gppears a dl. In some
countries (e.g., Mexico) retailers and finance companies have attempted to form their own reporting
consortiums to improve the quality and scope of data available on consumers to whom they would
liketolend. Asthe consumer finance industry grows, an increasing portion of consumer credit
oustandings will likely be held outside the domestic commercia banking syslem. For example, in
the U.S. at the end of December, 1999, approximately 40-45% of nor-mortgage credit outstanding
($560- $640 hillion) was originated by non-banking finencid indtitutions including finance
companies, credit unions and retallers. A reporting system that provides a credit profileon a
consumer’ s credit experience with either the bank or the non-bank sector, but not both, leaves a
subgtantia gep in the overdl profile for a given borrower.

In the absence of efforts to expand the scope of credit reporting, the size of the lender’ sblind spot in
Latin America gppears poised to increase as foreign financid inditutions recognize the lucrative
business opportunitiesin lending to Latin American consumers.  Growth in retall lending iswell
underway. Until very recently, bank credit cards were held by ardatively smdl portion of well-to-
do Latin American consumers, but Latin American charge card volume reported by Visaand
MasterCard reached $106.2 billion in 1997, an 81% jump. U.S. companies, especialy FleetBoston,
Citigroup, and Wells Fargo are moving aggressively to expand their consumer finance operationsin
Brazil, Chile and Argentina. U.S. finance companies including Associates First Capitd, GE

Capita, GMAC and Ford Motor Credit have aso been actively courting consumers. Anaysts have
attributed much of the foreign interest in lending to Latin American consumers to advancesin the
credit re{)orti ng systems in these countries which has, in turn, supported the gpplication of credit
sooring.™© Mexico is aso experiencing arapid influx of U.S. capital since its economy has grown in
excess of 3% each of the last four years while the domestic banking sector has scaled back lending
to the private sector since 1995.1

We should emphasize again that, unlike Austrdia, there is some positive informetion reported about
Latin American consumers. However, it tends to be sector-specific, i.e. bank-1oan experience or
retail loan experience.  In the following Smulations, we examine the impact on risk scoring models
of having information about a consumer’s credit history available only on certain types of loans.

Thefirg restricted-sector Smulation approaches the issue from aretail creditor’s viewpoint as
though the retailer could access credit histories only from aretailer consortium.  Thus, in making a
loan decison aretailer would be able to draw on its own experience with a customer (if any) aswell
as the experience of other retalersin the consortium with the same cusomer.  Rédlative to the full-
information model described in Section 4, we examine how well a scoring moded built only on retall

10 «FleetBoston, Citi Plan Push in Latin Consumer Banking,” American Banker, March 20, 2000, p 4.
1« Credit Programs from GM, Others Help Fuel Growth in Mexican Economy,” The Wall Street Journal, December
13, 1999.



loan experience parforms.  That is, we Smulate the Situation in which aretailer has access to both
positive and negative information about a consumer, but only on existing and prior retall loans,

Specificdly, the smulation used a probit mode to estimate the probability of serious delinquency
(90+ days) within two years among arandom sample of 67,130 new retail accounts opened in
May, 1997. The full-information modd employed dl the varigblesin the “full modd” column of
Tablel. The restricted, retail-information-only mode used only those varigblesindicated in the
“retall-only” column of Table1l. Notethat dl of the variables contained in the retaill modd were
recal culated to apply only to the retail experience. For example, “total number of open trades’
would indicate only the number of open retail trades. Some variables are lost dtogether in the
restricted model because they involve calculations of the proportion of overal debt or delinquency
represented by a given type of account. Such avariable would not be avallable if aretaler could
draw only on retail experience but not the experience of other financid inditutions.

Tables 5 and 6 display the results of the retail-only smulations. Asin the previous discusson of the
negative-only smulation, suppose we use the estimated models (full and restricted) to estimate
credit scores for each individua in the sample and rank them according to their scores. Table 5
revedsthat a atarget approval rate of 60%, the default rate in the full model would be 1.18% while
the default rate using the restricted model would jump to 1.9%, a 61% increase. Alternatively, for a
given target default rate of 3%, Table 6 revedls that the full modd gpproves 83.4% of customers
while the restricted model approves only 75.4% of customers, a decline of 9.6%. Put another way,
among the pool of borrowers that could be served within the creditor’ starget default rate, for every
100,000 gpplicants, 9,600 deserving borrowers would not receive loans if only the restricted, retail-
only mode were available. Tables5 and 6 show these results are vaidated with a hold-out sample
of equd size.

We conducted another restricted- sector smulation assuming only bank credit card experience was
available to abankcard issuer. Specifically, the smulation used a probit mode to estimate the
probability of serious delinquency (90+ days) within two years among arandom sample of 110,633
new bank credit card accounts opened in May, 1997. The full-information modd employed dl the
varigblesin the “full modd” column of Table1. The restricted, bankcard-only modd used only
those variables indicated in the “bankcard only” column of Table 1. Notethat al of the varigbles
contained in the restricted bankcard modd were recalculated to reflect only bankcard experience.
For example, “total number of open trades’ would indicate only the number of open bankcard
trades.

Tables 7 and 8 digplay the smulation results.  The most notable difference from the previous
samulaionsisthat the degradation in mode performance is smdler when abankcard issuer is
congrained to use only bankcard data. Thisis an interesting result that suggests, among other
things, that much of the predictive power in the full mode derives from how customers acquire and
handle their bank credit cards.  Given the deep penetration of the bankcard product in the U.S.
market, relative to the rest of the world, this result may be unique to the U.S.
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Table5

Effects on Retail Loan Default Rates of a Retail-only Credit Scoring M odel for
Various Retail Loan Approval Rates

Default Rates Default Rate
Estimating Sample Hold-out Sample
Target | Full Model | Retail-only | Percent Increasein| Full Model | Retail-only | Percent Increasein
Approval Model |Default RateonLoan Model Default Rate on Loan
Rate with Retail-only with Retail-only
Model Model
40% 0.53% 1.10% 107.5% 0.55% 1.10% 100.0%
60% 1.18% 1.90% 61.0% 1.10% 1.66% 50.9%
5% 2.13% 2.97% 39.4% 2.01% 2.72% 35.3%
100% 6.03% 6.03% 0.0% 5.87% 5.87% 0.0%
Table6

Effectson Credit Availability of a Retail-only Credit Scoring Model for Various
Retail Loan Default Rates

Percent of Consumers Who Obtain a Loan

Estimating Sample

Percent of Consumers Who Obtain a Loan
Hold-out Sample

Target | Full Model | Retail-only [Percent Decreasein|{ Full Model | Retail-only [Percent Decreasein
Default Model Consumers Who Model Consumers Who
Rate Obtain a Loan with Obtain a Loan with
Retail-only Model Retail-only Model
3% 83.4% 75.4% 9.6% 84.6% 78.1% 7.7%
4% 90.6% 80.6% 11.0% 92.1% 90.7% 1.5%
5% 96.3% 94.1% 2.3% 97.3% 95.8% 1.5%
Mean 100.0% 100.0% 0.0% 100.0% 100.0% 0.0%
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Table7

Effects on Bankcard L oan Default Rates of a Bankcard-only Credit Scoring
Model for Various Bankcard Approval Rates

Default Rates Default Rates
Estimating Sample Hold-out Sample
Target | Full Model | Bankcard- | Percent Increasein| Full Model | Bankcard- | Percent Increasein
Approval only Model [Default Rate on Loan only Model | Default Rate on Loan
Rate with Bankcard-only with Bankcard-only
Model Model
40% 0.61% 0.82% 34.4% 0.61% 0.74% 21.3%
60% 1.07% 1.27% 18.7% 111% 1.24% 11.7%
75% 1.69% 1.95% 15.4% 1.81% 2.01% 11.0%
100% 5.34% 5.34% 0.0% 5.48% 5.48% 0.0%
Table 8

Effects on Credit Availability of a Bankcard-only Credit Scoring Model for
Various Bankcard Loan Default Rates

Percent of Consumers Who Obtain a Loan

Percent of Consumers Who Obtain a Loan

Estimating Sample Hold-out Sample
Target | Full Model | Bankcard- |Percent Decreasein| Full Model | Bankcard- | Percent Decreasein
Default only Model | Consumers WWho only Model |ConsumersWho Obtain
Rate Obtain a Loan with a Loan with Bankcard-
Bankcard-only only Model
Model
2% 79.6% 75.6% 5.0% 77.8% 74.6% 4.1%
3% 89.3% 85.6% 4.1% 88.3% 85.3% 3.4%
4% 95.8% 93.4% 2.5% 95.0% 93.4% 1.7%
Mean 100.0% 100.0% 0.0% 100.0% 100.0% 0.0%
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Section 6: Discussion and I mplications

Based on the results of a burgeoning literature on the impact of information sharing, and aso on the
results of our smulations which compared the efficiency of scoring modds built under
comprehensive vs. restricted reporting environments, the following implications emerge:

1 Given the prevailing laws governing the reporting of persona credit histories, consumer
credit will beless available in countries (e.g., Audtralia) where credit reporting is
confined primarily to negative (delinquent) information, relaive to the United States. It
will dso beless available in countries dominated by sector-specific reporting bureaus
that exclude consumer borrowing experience with certain types of indtitutions and/or
prohibit access of other inditutions to the full bureau files. The effect will be especidly
noticesble for those consumers who are financially more vulnerable (higher risk
categories) such as consumers who are young, have short time on thejob or &t their
residence, and lower incomes.

2. Asthe amount of credit made available per capitaincreasesin countries that lack
comprehensve credit reporting, the pricing gradient will be steeper as compared to the
United States. Consumer credit in restricted- reporting countries likely will be more
codly in terms of finance charge as well as other features of the loan offer function,
including down payment, convenience of access, credit limits and fees.

3. L ess accessible consumer credit will likely impair the growth of consumer spending and
growth in consumer durable industries in countries that lack comprehensive reporting.

4. Redtrictions on the storage of past credit history will increase the va ue to developing
other, aternative measures of the likelihood of repayment. Countries that have balked
a more comprehensive credit reporting because of concerns over persond privacy
should bear in mind that some of these dternative measures may be more invasive and
less objective than the payment history itsdlf.

5. The effects of more restrictive rules for reporting credit histories may be moderated by
regulatory regimens that provide for harsher collection remedies or limits on accessto
persona bankruptcy, so asto minimize the reduction in credit availability that would
otherwise take place. These, too, may be less desirable from a socid standpoint than
facilitating the reporting of more complete credit histories.

A quarter century of experience within acomprehensive reporting environment in the United States
has produced an impressive list of benefits.  Detailed information about a borrower’ s past payment
history, including accounts handled responsibly, as well as a current profile of the borrower’s
obligations and available credit lines have proved to be an important tool for ngrik. The
resulting benefits include:

Dramatic penetration of lending into lower socio-economic groups, making avariety of

consumer |oans available across the income spectrum.
Reduction in loan losses that would have accompanied such market penetration in the past.
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Ongoing account monitoring and use of behaviord scoring by creditorsto adjust credit lines
and take early preventive action if aconsumer is showing signds of overextenson.
Preventive measures include contacting customers to offer budgetary counsdling or
concessions on terms to prevent bankruptcy or chargeoff.

Encouraged entry of new competitors, including non+bank financid indtitutions, which has
dimulated vigorous price competition and more convenient products

Made feasible the securitization of consumer |oan receivables (e.g., mortgages, auto loans,
credit cards) which has lowered the cost of providing credit and brought hundreds of billions
of additiona dollarsinto consumer lending markets.

Lowered the prices for other financid products as customers have been freed from their
binding relationships with banks and other depository inditutions. In the past the
customer’s own bank was frequently the lowest cost source for aloan because other
creditors lacked the information needed to measure risk. Consequently, banks have been
forced to become more competitive for cussomers at dl margins.

Made consumers (and workers) more mobile by reducing the cost of severing established
rel ationships and seeking better opportunities.

Thislast point may well be the most significant in the long run. Much has been made of the so-
caled New Economy inthe U.S,, the remarkable growth in U.S. productivity that’s brought the
unlikely coincidence of the tightest |abor market in 30 years, strong growth in persond incomes
(5% at the end of 1999, after 8.5 years of expanson), and extraordinarily low inflation.

Economists are increasingly conceding that data sharing (especially about consumers) and free-
flowing information has been akey to U.S. economic flexibility and consequent resliency. It
contributes to our mobility as a society, so that structura shifts within the economy cause temporary
disruptions but without crippling long-term effects. As suggested in a recent speech by New Y ork
Federd Reserve Bank President William McDonough, the portability of information makes us more
opento change. Thereislessrisk associated with severing old relationships and starting new ones,
because objective information is available that helps us to establish and build trust more quickly. At
the same time, access to persond credit information is protected under U.S. disclosure rules so that
the consumer retains some control over therelease. It is this commitment to making persona credit
information available but only with the consumer’ s permission that has been the engine behind the
sunning growth in U.S. financia services markets in recent years.
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