ALASKA LbbISLAIUKt LUMMIIIEE . /.- LU/ |
11024 HOUSE STATE AFFAIRS .



Homeowners
6
0

0

0
0
0

5 Placed in a market based on all other underwriting factors
3 Not given a quote
4 Attempt to order credit

Not issued a policy

Non-renewed

Cancelled

Given the best rate or placed in the best tier

Given the worst rate or placed in the worst tier

Given some intermediate rate or placed in an intermediate tier

Other (please specify

3 Givena quo e,_buz the policy will not be issued without

using credit history
4 Attempt to order credit

53. Ifaconsumer is a “no hit” (the company can find no credit information on the applicant), but

meets all other e

ligibility criteria, how is the consumer treated?

Auto

3 Not issued a policy

0 Non-renewed

0 Cancelled

3 Given the best rate or placed in the best tier

0 Given the worst rate or placed in the worst tier

9 Given some intermediate rate or placed in an intermediate tier
Other (please specify) . )
[ Assigned a mathématical weight
1 Qffered, coverage in another company .
5 Placed ina company based on all other underwriting factors
3 Assigned the worst Credit score category
3 Assigned an average credit score

Homeowners

0 Not issued a policy

0 Non-renewed

0 Cancelled

1 Given the best rate or placed in the best tier

0 Given the worst rate or placed in the worst tier

1 Given some intermediate rate or placed in an intermediate tier

54. If aconsumer is

Other (please specify) . .
4 Assigned a mathematical weight .
3 Placéd in a company based on all other underwriting factors

2 Assigned an average credit score

a ““no score” (the company is unable to calculate a credit score for the

consumer), but meets all other eligibility criteria, how is the consumer treated?

Auto
1

N
Q
A

0

9

Insurance Credit Scori

Not issued a policy

Non-renewed

Cancelled

Given the best rate or placed in the best tier

Given the worst rate or placed in the worst tier

Given some intermediate rate or placed in an intermediate tier

Other (please specify)
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ssigned a mathematical weight
ffered coverage in another company N

t*." ina company based on all' other underwriting factors
ssigned the worst Credit score category

3 Assigned an average credit score

2 Given the best raté in a standard company

fab)

Homeowners
0 Not issued a policy
0 Non-renewed
0 Cancelled
1 Given the best rate or placed in the best tier
0 Given the worst rate or placed in the worst tier
1 Given some intermediate rate or placed in an intermediate tier
Other (please specify) ] ]
4 Assigned a mathematical weight N
1 Placed in a company based on all other underwriting factors
2 Assigned an average credit score

55. When a policy is written for multiple insureds, whose credit history is considered in the ratin
or underwriting of the policy?

Auto
3 The consumer with the best credit score
The consumer with the worst credit score
1 The consumer who is the first named insured
17 The consumer who is the first named applicant
All consumers and an average credit score is developed
1 The consumer selected by the insured or applicant
The husband's
0 The wife’s
Other (please specify)
2 First two applicants _ _
3 Spouse when named insured is a no-hit or no-score
2 Person in household most likely to have complete credit history
(usually oldest male driver under 65)
Homeowners
1 The consumer with the best credit score

0 The consumer with the worst credit score
H The consumer who is the first named insured

5 The consumer who is the first named applicant

0 All consumers and an average credit score is developed
0 The consumer selected by the insured or applicant

0 The husband’s

0 The wife’s

Other (please specify)

2 First two applicants  *

3 Named insured and spouse

56. Is aconsumer’s credit score or credit information used as eligibility criteria for the type of
payment plan offered to an insured?

One ayto and one homegwners insurer use credit history to determine eligibility for the
type of payment plan offered to the insured.
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of.

58.

59.

Insurance Credit Scoring in Alaska

Is a consumer’s credit score or credit information used in the decision to deny a claim?

No insurers use credit history to deny a claim.

Is a consumer’s credit score or credit information used to settle a claim for a certain amount?
No insurers use credit history to settle a claim for a specified amount.

Describe any other uses that your company makes of credit history.
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Automobile Insurante Companies
Active companies as of September 30, 2002

Credit Information Used For Underwriting

AlU Insurance Company (AIG)
Allstate Insurance Company
Company

Allstate Indemnity Company

Company

American Home Assurance Company (AIG)

American International Insurance Company (AIG)
Country Casualty Insurance Company

Country Mutual Insurance Company

Country Preferred Insurance Company

Electric Insurance Company

First National Insurance Company of America (SAFECO)
GEICO Casualty Insurance Company

GEICO General Insurance Company

GEICO Indemnity Company

General Insurance Company of America (SAFECO)
Government Employees Insurance Company

Insurance Company of the State of Pennsylvania (AIG)
Insurance Co.

National Union Fire Insurance Company of Pittsburgh (AIG)
SAFECO Insurance Company of America

SAFECO Insurance Company of Illinois

State Farm Fire and Casualty Company

Slate Farm Mutual Auto Insurance Company

United Services Automobile Association

USAA Casualty Insurance Company

USAA General Indemnity Company

Credit Information Used for Rating

American Economy Insurance Company (insurQuest)

American States Insurance Company (insurQuest)
Country Casualty Insurance Company

General Insurance Company of America (insurQuest)
Horace Mann Property & Casualty Insurance Company

Leader Insurance Company

Progressive Casualty Insurance Company
Progressive Northwestern Insurance Company
Progressive Specialty Insurance Company
United Services Automobile Association
USAA Casually Insurance Company

USAA Genera! Indemnity Company
Worldwide Insurance Company

Insurance Credit Scoring in Alaska

Credit Information Not Used

American Bankers Insurance Company of Florida

American Family Home Insurance

American Manufacturers Mutual Insurance

American Modern Home Insurance Company
American Premier Insurance Company
American Protection Insurance Company
Arnica Mutual Insurance Company
Cincinnati Insurance Company

Federal Insurance Company

Harieysville Insurance Company

Hartford Accident & Indemnity Company
Hartford Insurance Company of the Midwest
Horace Mann Insurance Company

Liberty Mutual Fire Insurance Company
Markel Insurance Company

Metropolitan Group Propety & Casualty

Northland Casualty Company

Sentry Select Insurance Company

Teachers Insurance Compam (Horace Manm
Vigilant nsurance Company

Windsor Insurance Compare
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Homeowners Insurance Companies
Active companies as of September 30, 2002

Credit Information Used For Underwriting

Allstate Insurance Company

Allstate Indemnity Company

Armed Forces Insurance Exchange

Country Mutual Insurance Company

Electric Insurance Company

First National Insurance Company of America (SAFECO)
General Insurance Company of America (SAFECO)
Nationwide Mutual Fire Insurance Company
SAFECO Insurance Company of America
SAFECO Insurance Company of Illinois

Vesta Insurance Corporation

Credit Information Used for Rating

American International Insurance Company (AIG)

Credit Information Not Used

American Bankers Insurance Company of Florida
American Equity Insurance Company

American Manufacturers Mutual Insurance Company
American Protection Insurance Company

Cincinnati Insurance Company

Empire Fire & Marine Insurance Company

Federal Insurance Company

Hartford Insurance Company of the Midwest
Harleysville Insurance Company

Horace Mann Insurance Company

Liberty Mutual Fire Insurance Company
Metropolitan Group Property & Casualty Insurance Company
Sentry Select Insurance Company

State Farm Fire and Casualty Company

Umiaiik Insurance Company

United Services Automobile Association

USAA Casualty Insurance Company

Vigilant Insurance Company

Insurance Credit Scoring in Alaska
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I.  About Privacy

The Consumer Federation of America (CFA) and the National Credit Reporting
Association (NCRA) designed the details of this study with advice from legal counsel to
ensure the methodology would comply with the requirements of the Fair Credit Reporting
Act, Gramm Leach Bliley Act, and other consumer privacy laws. From the outset, each
organization was mindful of the ethical spirit and intent of these consumer protection and
privacy laws. In this day of rampant identification theft, we carefully evaluated each
segment of the study workflow to ensure that we analyzed data extracted from the credit
files without any trace of personal identifiers. Regarding consumer identity, all non-
public, personal information data was completely “blind” as to a source for analysis. No
names, addresses, social security numbers, dates of birth, account numbers, or any other
item that could be used in any way to trace back to a specific consumer were revealed to
or recorded by any third party outside trusted personnel ofthe consumer reporting
agencies involved in the study. In one phase of the study the recorded data segment
closest to the consumer was the postal zip code of their residence.

After CFA made a random selection of the time frame from which credit files were to be
analyzed, a generic number was assigned to keep the nameless study data from each
study fife separated from other study files. No copies or partial copies of any credit
reports, on paper or electronically, were removed from any credit reporting agency
location. Anonymous credit scores and an analysis of the credit data, as reviewed by
credit reporting agency personnel for security and industry knowledge, was supervised
and recorded by the CFA researcher for tabulation. The data elements recorded in this
study are insufficient to ever be used to track or identify any individual. Further, the
analytical data recorded, if ever obtained by unscrupulous individuals, contains no
information that could ever be used to try to defraud any of the consumers or creditors
connected to the files in the study. Total anonymity to consumer identity and creditor
accounts was, and will continue to be, strictly enforced.



I1. The Growing Importance of Credit Scores

Consumer access to credit, housing, insurance, basic utility services, and even
employment is increasingly determined by centralized records of credit history and
automated interpretations of those records.

Credit histories in one form or another have long been an important factor in decisions to
extend or deny credit to consumersl Historically, such decisions required a skilled,
human evaluation of the information in an applicant’s credit history to determine the
likelihood that the applicant would repay a future loan in a timely manner. More
recently, computer models have been developed to perform such evaluations. These
models produce numerical credit scores that function as a shorthand version ofan
applicant’s credit history to facilitate quick credit assessments.

During the second halfofthe 1990s, mortgage underwriting increasingly incorporated
credit scores and other automated evaluations of credit histories. As of 1999,
approximately 60 to 70 percent of all mortgages were underwritten using an automated
evaluation of credit, and the share was rising"".

The automated quantification of the information in credit reports has not simply been
used to decide whether or not to extend credit, but has also been used to set prices and
terms for mortgages and other consumer credit. In certain cases, even very small
differences in scores can result in substantially higher interest rates, and less favorable
loan terms on new loans. Credit scores are also used to determine the cost of private
mortgage insurance, which protects the lender, not the consumer, from loss but is
required on mortgages with down payments of less than twenty percent3. Lenders also
review credit histories and/or credit scores to evaluate existing credit accounts, and use
the information when deciding to change credit limits, interest rates, or other terms on

those accounts.

In addition to lenders, potential landlords and employers may review credit histories
and/or credit scores. Landlords may do so to determine if potential tenants are likely to
pay their rent in a timely manner. Employers may review this information during a hiring
process, especially for positions where employees are responsible for handling large sums
of money. Utility providers, heme telephone, and cell phone service providers also may
request a credit report or credit score to decide whether or not to offer service to

consumers.

Insurance companies have also begun using credit scores and similar insurance scores -
that are derived from the same credit histories - when underwriting consumer
applications for new insurance and renewals of existing policies. Credit information has

1Klein, Daniel. 2001. Credit Information Reporting. Why Free Speech is Vital to Social Aecountabilily
and Consumer Opportunity. The Independent Review. Volume V. number 3.
‘ Straka, John. 2000. A Shift in the Mortgage Landscape: the 1990s Move to Automated Credit

Evaluations. Journal o fHousing Research. Volume 11, Issue 2.
3Hamcy, Ken. August 18, 2002. "Risk-based pricing brings a big rate hike for some." Washington Post.



been used as a basis to raise premiums, deny coverage for new customers, and deny
renewals of existing customers - even in the absence of other risk factors, such as moving
violations or accidents. Some providers claim that credit scores are also used to offer
insurance coverage to consumers who have previously been denied, or to lower insurance
rates. This is a highly contested issue that is under review in dozens of state legislatures

and insurance commissions.

Thus, a consumer’s credit record and corresponding credit score can determine access
and pricing for the most fundamental financial and consumer services.



[1I. Controversial Issues Affecting Consumers

The expanded use of automated credit evaluations has brought changes to the
marketplace that have benefited consumers. However, given the tremendous impact
credit scores can have on consumers’ ability to access and afford basic necessities, the
increased application of this tool has also raised serious concerns about the potential

harm it can cause.

A. Speed

The growth in use of credit scores has dramatically increased the speed at which many
credit decisions can be made. Especially for consumers with relatively good credit,
approvals for loans can be given in a fraction of the time previously required, without any
manual review of the information. It is unlikely that underwriting the recent record
volumes of mortgage originations would have been possible without the efficiencies

provided by credit scoring.
B. Customized or Risk-Based Pricing

Credit scores, as a quantitative shorthand for credit histories, increase the potential for
customized pricing of credit based on the risk an individual poses. Some argue that
charging more to consumers defined as higher risk would remove some of the cost of risk
carried by the general consumer population, and would allow for price reductions among
consumers who pose less risk. Others argue that the savings have not been - and are
unlikely to be - passed on to consumers who pose less risk, and scoring systems simply
allow lenders to extract greater profits from consumers who do not attain target credit
scores. The potential for increased profits from consumers whose credit is scored low
also creates a disincentive to helping consumers correct errors in their credit»ecords.

The increased speed at which underwriting decisions can be made has created pressure to
complete credit applications more quickly. Some contend that the combination of this
increased pace and the increased ability to customize ,he price charged based on credit
allows lenders to approve a larger share of consumers for loans, but not necessarily at the
best rates for which they qualify. While many consumers can feel overwhelmed by large
credit based transactions, such as mortgage closings, consumers who do not have a solid
understanding of credit scores, or who do not objectively know their creditworthiness, are
even more vulnerable to high-pressure tactics to accept any offer of credit, regardless of
terms, and may unnecessarily be charged higher rates.

C. Effecton Discrimination

Some have argued that increased reliance on automated reviews of credit has the
potential to reduce discrimination in lending because the automation of decision-making
removes or reduces the influence of subjective bias. Others have argued that the factors
used to determine a credit score may not completely remove bias from approval and
pricing decisions. Furthermore, lenders are still free to offer differential levels of



assistance in dealing with errors in credit records, or with other issues related to credit
scores, such as providing rescoring services. Such discretionary assistance remains a
potential source of bias in the approval process whether a consumer is underwritten with
an automated system or with manual underwriting. Federal banking regulators do
conduct examinations to ensure against overt discrimination on prohibited bases such as
race, sex, marital status, or age in credit score design or in lenders’ application of those

scoring systems, such as through the use of overrides4.

D. Statistical Validity

Supporters of credit scoring note that credit scores have statistical validity, and are
predictive of repayment behavior for large populations. However, this does not mean
that credit data are error free, nor that credit scoring models are perfect predictors of
individual creditworthiness; it only means that they work on average. While the systems
do present naccurate risk profile of a large numbers of consumers, data users who
manage large numbers ofaccounts priced by credit risk have a greater tolerance for errors
in credit scoring systems than consumeis do. Among those consumers who are
maccurately characterized, businesses can balance errors in their favor against errors in
favor of consumers; so long as enough consumers are charged higher rates based on
inflated risk assessments to cover the losses from those who are charged lower rates
because the systems incorrectly identified them as low risk, these businesses will suffer
no material harm. Consumers on the other hand do not have a similar tolerance for errors
in transactions governed by credit reports and credit scores. Ifthey are overcharged
because of an error in the credit scoring system, there is no countervailing rebate to set
the statistical scales even. Credit scores should not function as a lottery in which some
consumers “win” by being viewed more favorably than they deserve to be, while others
“lose” by being viewed less favorably than they should be.

While debate surrounding the broad implications of credit scoring continues, its use is
already strongly established in the American financial services industry. Meanwhile,
concern over the integrity of credit scoring itselffocuses on two dimensions - the fairness
of the models that interpret the data and the accuracy of the underlying credit related data.

E. Untested Scoring Formulas

Even ifall credit data regarding consumers held at credit repositories were accurate,
complete, and current, there would be significant concerns about the fairness of
automated credit scoring programs. Converting the complex and often conflicting
information contained in credit reports into a numerical shorthand is a complex process,
and requires a significant number of interpretive decisions to be made at the design level.
From determining the relative influence of various credit-related behaviors, to the process
used to evaluate inconsistent information, there is a great potential for variance among

scoring system designs.

4 See for example Appendix B of the Office of the Comptroller of the Currency’s Comptroller's Handbook
for Compliance, Fair Lending Examination Procedures, available at
http://www.occ.treas.gov/handbook/fairlcp.pdf


http://www.occ.treas.gov/handbook/fairlcp.pdf

Despite the gatekeeper roie that these scoring systems play regarding access to credit,
housing, insurance, utilities, and employment, as well as pricing for those essentials,
exactly how the formulas perform the transformation from credit report to credit score is
a closely guarded secret. For consumers, regulators, and even industry participants who
rely on the computations in their decision-making, the scoring models largely remain a
“black box.” No scholarly reviews of this extremely powerful market force have been
permitted, and apart from reviews by federal banking regulators to protect against
discrimination no government regulator has insisted that they be examined to ensure that

they are adequate and fair.

Recently, after California passed a law requiring all consumers in the state to have access
to their credit scores, several companies, including Fair, Isaac, and Company, Equifax,
Experian, and Trans Union, Fannie Mae, and Freddie Mac have voluntarily provided
general information about the information that is used to calculate a credit score or to
evaluate a mortgage application, and how that information is generally weighted. In
addition, for a fee, consumers can access score simulators that give some approximation

of the impact of various behaviors on their credit scores.

F. Inaccurate credit reports

The most fundamental issue connected to credit scoring is the level ofaccuracy of the
information that forms the basis for the scores. Regardless of whether lending and
pricing decisions are made by a manual or automated review ofa consumer’s credit, the
potential for inaccuracies in credit reports to result in loan denials or higher borrowing
costs is a cause for concern. Several organizations have conducted studies and surveys to
quantify the pervasiveness of credit report errors, with widely ranging findings regarding
how many credit reports contain errors (from 0.2% to 70%o).

A 1993 study by the Public Interest Research Group5 found that 29% of credit reports
contained errors that could result in he denial of credit (defined as false delinquencies, or
reports listing accounts or public records that did not belong to the consumer). The study
also found that 41% of reports had incorrect demographic identifying information, and
20% were missing major credit cards, loans, or mortgages. In total, 70% of reports
contained an error of some kind. This study asked 88 consumers to review their credit
repons from each of the three major credit repositories for errors. A total of 133 reports

were reviewed.

Consumers Union has conducted two surveys of credit reports in which consumers were
asked to review their credit reports for accuracy. A 1991 survey6 found that 20% of

credit reports contained a major inaccuracy that could affect a consumer’s eligibility for
credit, and 48% contained inaccurate information of some kind. In addition, almost half
of survey respondents found that their reports omitted some of their current accounts. In

5Mistakes Do Happen. Public Interest Research Group. March, 1998.
0“Credit Reports: Getting it Half Right." Consumer Reports. July. 1991. ). 453.



this survey, 57 consumers reviewed total of 161 reports. A 2000 survey7 found that more
than 50% of credit reports contained inaccuracies with the potential to result in a denial,
or a liigher cost of credit. The errors included mistaken identities, misapplied charges,
uncorrected errors, misleading information, and variation between information reported
by the various credit repositories. These results reflect the review of 63 reports by 25

consumers.

A 1992 study conducted by Arthui Andersen8 commissioned by the Associated Credit
Bureaus (now known as the Const] ner Data Industry Association) used a different
methodology to conclude that the <rror rate was much lower. This study reviewed the
behavior of 15,703 consumers whr were denied credit based on a credit grantor’s scoring
system. From this sample, 1,223 consumers (7.8%) requested their credit report from the
issuing credit repository, and 304 consumers (1.9% of the total sample) disputed the
information on the report. Ofthese, 36 disputes (11.8% of those who disputed, or 0.2%
of the total sample) resulted in reversals of the original credit denial.

A 1994 study conducted by the National Association of Independent Credit Reporting
Agencies (now known as the National Credit Reporting Association) represents a third
approach to the question of credit report accuracy. Examining a total of 1,710 files, this
study reviewed a three-repository merged infile (which contains the credit reports from
all three credit repositories), and conducted a two-repository Residential Mortgage Credit
Report, or RMCR (in which all conflicting data in the two credit repository reports and
the application form is verified with each creditor, and a consumer interview is
conducted) for each file. The results showed missing, duplicated, and outdated
information in credit files. Among the three-repository merged infiles: 29% of accounts,
also known as trade lines or trades (past and cun-ent loans, lines of credit, collections,
etc.), were duplicates, 15% of inquiries were duplicates, 26% of public records were
duplicates, 19% had outdated trades, and 44% had missing information, such as balance
or payment information. Among the RMCRs: 19% had trades added based on
information from the loan application, 11% had trades added based on investigations,
16.5% had derogatory information deleted as a result of the investigation, 3% had trades
removed because they did not belong to the borrower, and 2% had errors in public
records corrected.

'"Credit Reports: How do potential lenders see you?” Consumer Reports. July 2000. P. 52-3.
‘ Described and cited in Klein, Daniel, and Jason Richner. 1992. “In Defense ofthe Credii Bureau.” Cato

Journal. Vol 12. Issue 2. pp. 393 -411.



IV. How Does the System Work?

The complex system for reporting and reviewing credit involves a large number of
participants who fall generally into one of six categories: consumers: data repositories;
data users; data furnishers; credit reporting agencies; and analytical service providers.
Approximately 190-200 million consumers have credit reports maintained by the three
major credit repositories (Experian, Equifax, and Trans Union)9. Data users include
lenders, insurers, landlords, utility companies, and employers, who review the credit
information in consumers’ credit reports to make decisions about extending and pricing
credit, offering and pricing insurance policies, and providing utility services, rental
housing, or offers of employment. Some, but not all, data users are also data furnishers,
and regularly report information about consumers’ accounts to the credit repositories,
who add the information to consumers’ credit reports. It is the understanding of the
researchers that there is currently no legal requirement that any business report
information to any credit bureau, although once a business furnishes data, there may be
certain obligations that arise in connection with consumer disputes. In 1996, Congress
recognized that errors by data furnishers contributed to credit reporting problems, so the
Fair Credit Reporting Act was amended to impose accuracy duties on data furnishers.
These duties are generally subject only to administrative enforcement under the FCRA,
with no private right of action for consumers unless the data furnisher fails to comply

with re-investigation duties.

Generally, insurers, landlords, utility companies, and employers do not provide positive
account information to repositories, nor do all lenders. Also, data enters consumers’
records from collection agencies that report on the status of accounts in collection, and

9 Credit repositories attempt to maintain the following information in their databases, but not all data is
available or provided for every account, and different repositories may collect different levels of
information, especially consumer identifying information:

Consumer identifying information (Consumer's name: social security number; date of birth: former
names or aliases; current and former addresses; employer; income; position: and employer’s address)
Public records information (source ofinformation: date recorded: amount of liability; type ofrecord (e.g.
judgment, tax lien, or bankruptcy', docket number)

Collections information (collect ons company’s name: date opened: last date verified or updated by
collections company; date closer, the amount placed for collection: balance outstanding; name of original

creditor: the method of payment (a numerical code indicating ifthe account is current, late, in collection,
etc.): any remarks)

Creditor information (creditor’s name; account number; level of responsibility for consumer to pay
account (primary account holder, joint account, authorized user, etc.); type ofloan (revolving, installment,
mortgage, line of credit, etc.) or collateral for an instalment loan; date opened: date of last activity; date
closed or paid; highest amount ever owed by consumer: the credit limit on the account; the balance due;
payment size and frequency; any amount past due: date of maximum delinquency; dollar amount of
maximum delinquency; payment pattern for last 12-24 months (indicating for every month whether the
account was paid as agreed, or late, and by how many days): the number of months reviewed; number of
times account was late by 30, 60, or 90 days; the method of payment (a numerical code indicating if the
account is current, late, in collection, etc.); any remarks)

Credit Inquiries (list of companies who have requested consumer credit information: date the inquiry was
made)

Any consumer statement, such as an explanation of a dispute



from repository searches of public records such as bankruptcies, liens, and judgments. In
addition, governments may report directly to the repositories if consumers fail to pay
child support, have unpaid parking tickets, or have been overpaid for unemployment
benefits. Credit reporting agencies assist some data users by consolidating information
from the three credit repositories, and offering services to verily and update information
in credit reports. Credit reporting agencies primarily facilitate and support the decision
making process involved with mortgage underwriting. Credit reporting agencies and
credit repositories both provide credit reports to data users, and are considered “consumer
reporting agencies” under the Fair Credit Reporting Act. As consumer reporting
agencies, these entities share certain obligations, some ofwhich are described below.
Analytic service providers also help data users interpret the information in consumers’
files, and include companies such as Fair, Isaac, and Company, which produces analytical
tools that generate credit scores, and the Government Sponsored Enterprises (GSES)
Fannie Mae and Freddie Mac, who produce tools that help lenders interpret credit
information in conjunction with mortgage applications. Some lenders and mortgage
insurance companies have also created tools that help them interpret credit information

for mortgage applications.
A. Non-Mortgage Credit

When a consumer applies for non-mortgage credit, such as a credit card, unsecured line
of credit, or installment loan (e.g. for an automobile, or furniture), the potential creditor
(data user) can request a credit report (with or without a credit score) from one, two, or
three of the credit repositories. A repository that receives such a request will send the
credit report to the potential creditor, and record an inquiry on the consumer’s credit
report. The creditor can use the information in the credit report to help decide whether to
ex.end or deny credit to the consumer, and what the interest rate and other fees will be for
this credit. Ifthe creditor accepts the application, they may then act as a data provider,
and report information on the consumer’s payment history to one, two, or three of the
credit repositories. Generally account information can be both positive and negative.
On-time payments have a positive influence while late payments have a negative
influence. However, the amount of positive influence a consumer receives from a timely
payment may vary based on the type of creditor. For example, timely payments to a
prime credit card lender may have a greater positive influence on a score than timely
payments to a lender considered less favorable, such as a furniture or consumer
electronics store. Ifthe creditor denies credit, or offers less than favorable terms, based
on the credit report or score, federal laws require them to make certain disclosures to the
consumer, including the name of the consumer reporting agency that supplied the credit
report and how to contact the agency. For non-mortgage applications the consumer
reporting agency is usually a credit repository. Once given this information, the
consumer can contact the repository to request a copy of his or her credii reportl0 Ifthe

I0However, the report the consumer receives may differ from the report that the lender reviewed. If

consumers submit more comprehensive personal identifiers in their request for a report from the credit
repository, they may not see the exact report that was used to underwrite their credit application, especially
ifthe underwriter made any errors such as misspellings in the consumer’s name or transposing digits in the
consumer’s social security number, or merely submitted an application with less information about the



consumer has suffered an adverse action based on the credit report, the copy must be
provided by the repository free of charge. Consumers who have not suffered an adverse
action can also review their credit reports at any time, but are subject to a fee of
approximately S9. Six states (Colorado, Georgia, Maryland, Massachusetts, New Jersey,
and Vermont) require repositories to provide credit reports to consumers free of charge
once a year upon request. Also, ifa consumer is receiving welfare, is unemployed, or
suspects that he or she is a victim of identity theft, the consumer may obtain a credit
report free of charge. For an additional charge, the consumer can have a credit score
computed and included with the credit report under any of these circumstances.

B. Employmentand Services Other Than Loans

When a consumer applies for employment, or for a service that reviews credit histories,
(such as insurance, an apartment rental, utilities, cell phone accounts) these data users
may also request and receive a credit report and/or scores from one or more repositories,
to be used to evaluate the consumer’s application. Job applicants 0l employees must
provide consent before a report is pulled, but other users derive a permissible purpose to
review credit from the consumer’s act of submitting an application, except in Vermont,
where oral consent is required to review a credit report for credit uses.

However, while these entities will review credit, and approve or deny the application
based on the credit report and/or score, they generally do not report positive account
information back to the credit repositories. They often, however, indirectly report
derogatory information by placing accounts for collection. Accounts that have been
placed for collection will be reported to one or more of the credit repositories.

C. Other Data Providers

The reverse is true of collection agencies, which provide information to the repositories,
but do not use credit data to evaluate consumer creditworthiness, although they may use
information in credit reports to locate debtors. Repositories also obtain information by
requesting it from public records and government entities and when certain government
entities report directly to the repositories, such as for delinquent child or family support
payments, unpaid parking tickets, or overpayments of unemployment benefits.
Information from collection agencies and public records is primarily derogatory
information, such as when an account was sent to collection, or a bankruptcy was filed,
but may also include positive information such as the satisfaction of a bankruptcy or the
repayment of a collection, and when such repayments occurred. Because government
entities do not report information about bankruptcies, liens, civil suits, or judgments to
repositories, the repositories are responsible ibr maintaining the accuracy of such public
record information in credit records, such as whether a bankruptcy has been satisfied or a
lien has been released. Any type of collection will have a negative impact on a credit
history, regardless of whether the debt was related to an account for which a credit report
was used to establish credit (e.g. for loans or utilities, as well as for child or family

consumer’s identity. While there isno legal prohibition on lenders providing consumers with the actual
credit report used in their decision-making process, there is likewise no requirement that they provide it.



support or parking tickets). Collections, either from a collection agency or other type of
account, and public records will continue to have a negative impact after they have been
paid or otherwise satisfied, although they will have a less negative impact if they are
satisfied, and will have a less negative impact as time passes.

D. Mortgage Credit

The process is more complex for a mortgage transaction. When consumers apply for a
mortgage, the mortgage lender (who may be a mortgage banker or mortgage broker) has
a number of options that are influenced by what the lender intends to do with the loan
after the closing. The lender can hold onto the loan and collect mortgage payments from
the consumer until the loan is paid off (known as holding a loan in portfolio), thereby
assuming all the risk for borrowers defaulting, or the lender can sell the loan to the
secondary market. Ifa loan is sold, the originator loses the access to future profits from
mortgage payments, but also, so long as the loan meets all the standards set forth by the
purchaser of the loan, retains no risk should the borrower default. The originator retains
the profits from the cost of the mortgage transaction and underwriting, and has a
replenished supply of capital to make other loans. The two primary purchasers of loans
in the secondary market are the government sponsored enterprises (GSEs) Fannie Mae
and Freddie Mac. Lenders may also seek a government guarantee for the loan through
the Federal Housing Administration (FHA) or Department of Veterans’ Affairs (VA)

programs.
1. Portfolio Loans

Ifa lender is not planning to sell the loan to the secondary market, that lender will usually
order a merged credit report, which incorporates information from all three credit
repositories, including the three credit scores. While a lender will generally use reports
from all three repositories to underwrite a loan, it may use a single credit report to offer a
pre-approval. Also, for second mortgages and lines of credit secured by the home,
lenders generally underwrite using one credit report. There is no legal or regulatory
requirement to use a certain number of credit reports to underwrite a mortgage.

However, if a lender wishes to sell the loan on the secondary market, or receive an FHA
or VA guarantee on the loan it may be required to follow certain protocols.

A lender planni.g to hold a loan in portfolio will order a merged credit report with scores
from a credit reporting agency, passing on information about the consumer such as name,
social security number, current and previous addresses. The credit reporting agency will
then pass on the request to a merging company, which will request credit reports from all
three credit repositories and will compile the information from each report returned to
them, according to their merging logic (a set of automated commands designed to
identify shared information and present the three reports in a summarized format). The
individual credit reports as they read prior to merging and credit scores are also returned
to credit reporting agency. The credit reporting agency will then supply this information

to the lender.



Based on the information in this report, and other information such as the applicant's
income and the loan to value ratio of the mortgage requested, a lender will decide
whether or not to originate the loan, and at what price (interest rate, points, etc.). A
number of companies, such as mortgage lenders Countrywide and GE Capital and
mortgage insurers PMI Mortgage Insurance Company and Mortgage Guarantee Insurance
Corporation, have developed automated underwriting (AU) systems that can provide
automated evaluations of a loan application based on information from the consumer’s
credit report and additional information such as income and loan to value ratio.

If the lender is hesitant to originate a loan because of derogatory information in an
applicant’s credit report, and has reason to believe that it may be incorrect, or outdated,
the lender can purchase a reinvestigation of the credit information from the credit
reporting agency. This entails contacting original creditors, collection agencies, and
government records clerks, to verify and update questionable information contained in
the merged credit file. These services can mean corroborating as few as one entry in a
credit file, or it can be a comprehensive review in which every entry with conflicting
information is corroborated. An alternative called a Residential Mortgage Credit Report
(RMCR) involves reviewing two or three credit repository reports, verifying all
conflicting data in the credit repository reports and the application form with each
creditor, updating any account with a balance over 90 days old, conducting a consumer
interview, and other verification services. Such services provide more current
information to a lender for their consideration when underwriting a mortgage, but they do
not alter information maintained by any of the credit repositories, nor do they change a
borrower’s credit score*. A credit reporting agency may have greater success obtaining
clarification of inconsistencies in an applicant’s record than the applicant would have
acting on his or her own, and the credit reporting agency’s reinvestigation is more likely
to be trusted by the lender than the word ofa consumer regarding current status of
accounts. This service adds cost to the credit underwriting process (roughly S50-100).
For consumers who have credit scores far higher than the requirements to qualify, this
would be an unnecessary service. However, for those who face loan denial, or
dramatically higher borrowing costs because oferrors in their reports, the savings over
the life of the loan, or in some cases with a single mortgage payment, could more than
compensate for the increased cost of this reinvestigation. After the reinvestigation, the
credit reporting agency will provide the updated and verified information to a lender who
can consider the information while making the final underwriting decision12

11 When a reinvcsiigation produces changes in the information contained in a repository's credit report, the

credit reporting agency isrequired to pass the information on to the repository within 30 days. However,

once this occurs, there isno requirement that the repository update the consumer’s credit file, nor a time

frame within which they must respond. It would be far better for consumers ifthe credit repositories were

under an obligation to update the consumer’s file, or at the very least to respond with the results of their

own reinvestigation within 30 days. In the mean time, the disputed information should be part of the credit

report provided to any data users who request the file as the rcinvestigation is underway.

'mLenders are not required to accept the results ofa reinvestigation, and the automated underwriting

systems of key secondary market actors Fannie Mac and Freddie Mac do not. Instead they require all

changes to be made through a process known as rescoring, described in greater detail below,



2. Loans Sold in the Secondary Market

In the current marketplace, few loans are held in portfolio, especially those loans
originated by brokers. Instead, many are sold into the secondary market to entities that
bundle large numbers of mortgages into securities that are sold to investors - a process
known as securitization. The major actors in this part o f the market are the Government
Sponsored Enterprises Fannie Mae and Freddie Mac, although a number of large national
lenders also purchase and securitize loans. If mortgage originators can sell a loan, then
they will have renewed capital to make another loan, and will still have profit derived
from the costs charged to the consumer for the transaction. Thus selling a loan into the

secondary market is an attractive option.

Government Sponsored Enterprises (GSEs) Fannie Mae and Freddie Mac have both
developed automated underwriting systems which evaluate mortgage applications based
on the information in credit reports, as well as additional information such as income and
loan to value ratio, in a very short amount of time. Lenders can submit a loan application
to these automated underwriting systems prior to approving a loan and receive an
indication from the GSE that they will purchase the loan. Each GSE has a different
protocol for submitting loan applications and for obtaining and using credit histories.

Automated underwriting (AU) systems do not approve or deny loans, but can provide an
indication of whether a GSE will purchase the loan, and thereby assume the risk of
default with respect to the loan. A lender can override an AU decision and underwrite
the loan manually, but if they do so. they must agree to buy back the loan if it defaults
and is found to have violated the purchaser’s loan standards. While a loan with an AU
approval that meets all the purchaser’s standards and complies with the warranties of sale
carries no risk for a lender or broker, a loan that has been approved by overriding AU
standards does carry significant risk. Many loans are still manually underwritten, but the
majority of applications are reviewed with an automated underwriting system, and this

share is expected to grow in coming years.

Brokers are the dominant originators of loans, but they do not have the financial reserves
of banks, thrifts, and other financial institutions. They rely on being able to sell their
loans almost immediately. This is much more difficult without an AU approval. Also,
the efficiencies of credit scoring and automated underwriting have made the loan
approval process so fast for loans with good credit that the additional effort required to
correct errors, or otherwise revisit the details of the loan file, acts as a substantial
deterrent to mortgage lenders working on these loans. In this market, where record
volumes of loans are being originated, there is a tremendous incentive to deal only with
the loans that will be approved the fastest - the loans that pass the credit score/ automated

underwriting test13

1'The economic pressure on originators to underwrite loans that will require the least amount of work

existed prior to the introduction ofautomated underwriting systems, However, the development of

automated underwriting has made the process so quick for some loans that the relative additional time

required to complete a more complicated loan is proportionally greater. Some have noted that decreasing

13



3. Credit Rescoring

If lenders wish to update or correct information in a credit report, the lender cannot use
the reinvestigation process for portfolio loans outlined above and resubmit the loan
through the automated underwriting systems of Fannie Mae and Freddie Mac. The
reinvestigation process outlined above does not change the data on record at the
repositories and only reports that contain credit scores and have been generated at the
repository level are acceptable for submission to Fannie Mae’s and Freddie Mac’s
automated underwriting systems. Lenders can choose to manually underwrite the loan
and submit it with documentation of the errors in the first credit report.

Ifa lender is unwilling to underwrite the loan manually, and a consumer can afford to
wait several weeks, the consumer can submit a dispute directly to the credit repository,
and the repository has 30 days to respond to the dispute. However, if the borrower
wishes to correct an error in an expedited time frame, lenders who submit loans through
automatic underwriting systems would have to order a service known as rescoring. In this
process, the credit reporting agency will obtain the necessary documentation regarding
the disputed account or accounts and contact the rescoring departmeni witliin the relevant
repository. This department will verily the information provided to them by the credit
reporting agency, either through spot checks, or by verification of every update, within a
few days. After this process is complete, a new credit report with new credit scores can
be requested, and the loan can be underwritten with the more current information. In
addition, the information is changed at the repository level, and will be reflected in future
credit reports for this consumer. This has recently become a very expensive service for a
lender to purchase. Since the summer, two of the three repositories have increased prices

for this service by as much as 400% u.

Regardless of how the underwriting takes place, if the loan is originated, the mortgage
lender, or the entity holding and servicing the loan if it is sold, may become a data
provider. The servicer will report information about consumer’s payment behavior
related to their mortgage to one, two, or three of the credit repositories, who will add tliis

information to the credit report.

the time required to underwrite the easiest loans potentially frees underwriters to devote more time to more
difficult loans.

14 According to reports from a number ofcredit reporting agencies, Transunion and Equifax have recently
Transunion previously charged 55.00 per account entry, or trade line, regardless of
As ofJune ofthis year, Transunion
Equifax has

changed their pricing.
whether the account to be updated was ajoint or individual account.
charges 520 per trade line to update an individual account, and 525 to update ajoint account.
recently increased the cost from approximately 55 per rcscorc to S15 per tradcline for ajoint or individual

account, or 530 for a same day request. Both repositories have clearly stated that these costs arc not to be

passed on to the consumer. It isalso ofnote that these two repositories compete with credit reporting

agencies in offering rescoring services, and charge between 58-10 per trade line to lenders who contact

them directly.



4. Federal Housing Administration (FHA) and Department of Veterans’
Affairs (VA) Loans

Lenders who wish to submit loans for an FHA or VA guarantee must also follow certain
protocols regarding the submission of credit reports, but have a number of options to
choose from. For example, the FHA program accepts either a three repository merged
credit report, a Residential Mortgage Credit Report (RMCR), or applications processed
through the autoinated underwriting systems of Fannie Mae and Freddie Mac. The
RMCR option is required to be made available to consumers who dispute information
contained in their credit reportsl5 In addition to the options offered to lenders submitting
loans for FHA guarantees, the VA program accepts applications processed through the
automated underwriting systems of PMI Mortgage Insurance Company and

Countrywidels

15See FHA Lender’s Handbook number 4 155.1chapter 2, section 4 "Credit Report Requirements,” and
Mortgagee Letters 98-14 and 99-26, available at www.hudelips.org.
Sec VA Lender's Handbook. VA Pamphlet 26-7, available at http:// www.homcloans.va.gov/26-7.pdf.


http://www.hudelips.org
http://www.homcloans.va.gov/26-7.pdf

V. Study Design

A. Phase One

The first phase ofthe study consisted of a manual review of 1704 credit files, archived by

credit reporting agencies. These files had been requested by mortgage lenders on behalf

of consumers actively seekm? mortga?es. The three credit reporting agencies that

Eenerated these files are located in different regions ofthe county (West, Midwest, and
ast) and serve mortgage lenders in a total of 22 states.

Only archived credit files that had been generated by mortgage lender requests for reports
and scores from all three major credit repositories (Experian, Equifax, and Trans Union)
were included in the review. Files were included in the study by reviewing consecutive
archived files dating from June 17to June 20, 200217

Ensuring the anonymity ofall data collected and examined for this study was a
paramount concern for both CFA and NCRA. The data collection procedures were
designed with particular care to ensure that no personal identifying information from
these credit files was recorded for this study. No reports were provided in paper or
electronic form, and no names, social security numbers, account numbers, addresses, or
other consumer identifying information was recorded. All comments regarding
inconsistencies were recorded in generic form. For examﬁle, the fact that digits in a
social security number were transposed in one file would have been recorded, but the
actual number would not have been. Similarly, ifa consumer’s file showed ap(Farent
confusion between credit data recorded under a consumer's first name and credit
recorded under the consumer's middle name, this would have heen noted, but the names
would not have been recorded. While the files were being reviewed, the National Credit
Reporting Association (NCRA) and the Consumer Federation of America (CFA) took
precautions to limit the access to identifying information to the credit reporting agencies'
representatives, who worked with a representative from the Consumer Federation of
America in each office. The credit reporting agency representative retrieved the files,
and conveyed only the relevant generic information verbally to the CFA representative
for recording. As aresult, the data examined for this study contains only generic
information about variations in credit data, but does not link that data to any consumer or

consumers.

For each file, the credit scores from each ofthe three major credit repositories were
recorded. Ifarepository returned a report, but the report was not scored, or ifthe
repository could not locate a reFort_ for the applicant, this information was also recorded.
In addition, researchers noted if a file contained multiple reports from any repository, and
recorded the scores for these reports, ifthe report was scored. Residential Mortgage
Credit Reports (RMCRs), for which credit reporting agencies verify and update

I7 For agencies that serve multiple time zones, additional measures were employed to include records from
consumers in all regions. For example, every second file from one agency was reviewed rather than every

file.
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information in the credit rePort, were identified as such™ Forjoint application files, the
aBBh_cant’s and coapplicant's reports were treated as separate reports. Approximately
500 files that contained a credit score from each ofthe three repositories were recorded at

each agency.

A major focus ofthe study was for those applicants closest to the boundary between the
lower priced prime mortgage lending market and the h|ﬂher priced subprime mortgage
lending market, which, in addition to higher costs overall, exposes borrowers to greater
risks of predatory lending. A large variance between scores on a consumer’s file is a
likely indication of drastically incomplete and/or incorrect information in that consumer’s
credit reports, and a cause for concern. For those closest to the boundary between prime
and subprime, generally considered to be a credit score 0f 620, the impact of even small
variances can be severe and translate directly into a greater financial burden.

Thus, more detailed information about each file was recorded: _1? if the file had widely
vaerg scores among repositories (defined as a range of 50 points or greater between the
high and low score); 2) if the file was near the threshold between prime and subprime
classification with a substantial variance between scores édefmed as having a middle
score between 575 and 630, and a range between high and low scores greater_than 30
points); or 3) if the file was d_wectlz_at the threshold between prime and subprime
classification (defined as having a high score above 620, and a low score below 620).
For files that met these criteria, the four pnmar_}/ factors contributing to the credit score,
provided by each repository as part of the credit report, were recorded.

Finally, if the file met criterion 2 (had a middle score between 575 and 630, and a range
between high and low scores greater than 30 Pomts), or ifthe file had a variation in
scores of more than 90 points, the specifics ofthe three credit reports were reviewed in an
attempt to identify any obvious inconsistencies between the repositories. When possible,
researchers made a determination based on this review ofwhether an%/ inconsistencies
seemed likely to be artificially lowering or raising the score reported by one or more

[epositories.
B. Phase Two

The goal ofPhase Two was to test the rePresentationaI validity of the findings in Phase

One by comparing key statistics from that sample of credit files with the same statistics

for a much larger sample of credit files. Specifically, the goal was to compare the range
among credit scores, and the frequency ofexplanations provided to consumers.

This phase of the study reviewed credit scores and the explanations for those scores
Frowded by the repositories for a separate sample of 502,623 archived credit files. This
arger sample was collected electronically and did not involve a manual review ofeach
file. As with the first phase, these files had been requested by mortgage lenders on behalf
ofconsumers actively seeking mortgages, and only credit files generated by a request for

"* Conducting and RMCR docs not affect the cred't scores, and when in depth reviews o f the reports were
conducted on RMCRs, the comments referred to the status o f the report prior to updates or verification.
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the reports and scores from all three major credit repositories (Experian, Equifax, and
Trans Union) were included.

|farepository returned an unscored report, or ifthe repository could not locate a report
for the applicant, this information was recorded. In addition, the presence of multiple
reports from any repository and the scores for these reports, if scored, were recorded. For
joint application files, the applicant's and coapplicant’s reports were treated as separate

reports.

For this phase of the study, the zip code for each file was recorded, as was information
about the type ofservices requested for each file, and the version ofthe scoring model
used to calculate each score. By matchm%mp codes with states, it was possible to
determine the geography represented by these files. Phase Two analyzed files from every
state and territory in the nation, with a wide distribution offiles from-all regions. (34%
from the Northeast, 27% from the Southeast, 30% from the Midwest, 6% from the
West19 4% with no zip code information to Indicate a state, and 0.08% from U.S.

territories.)

Unlike the files in Phase One, which constitute a sna,oshot ofthe profile of consumers
seeking mortgage credit over just several days, the files reviewed in Phase Two date from

December 8, 2000 to September 20, 2002.
C. Phase Three

Phase Three explored the prevalence Qst]ecn‘m errors in a representative sample of -
credit reports, and attempted to quantify how many files contained inconsistent, missing,
or duplicated information. Researchers used a 10% sample of all files reviewed at one
site in Phase One and reviewed account data and public records data for errors of
omission (information not reported by all repositories) and errors of commission
(inconsistent information between repositories, or duplicated information on a single

repository).

This phase tabulated how many consumer files were missing accounts on at least one

repository report that appeared on other repositoay reports, treating accounts of different
type and status separately. The same criteria used to tabulate missing accounts were used
to tabulate the number ot files that contained duplicate reports of accounts on a single

repository report.

IMThe researchers were concerned that there were disproportionately fewer files from the western region,
particularly a disproportionately low number of files from California. However, subsequent analysis
showed that key statistics and distribution o f score ranges for the files from this region, and from California
specifically, were virtually identical to those for the entire sample. Therefore, the researchers are confident
that this undcr-rcpresentation is not introducing any bias into the findings. (The regions were defined as
follows Northeast: ME, NH, VT. NY. MA, CT. RI, PA, NJ, DE, DC, MD, WV, VA. Southeast: NC, SC,
GA, TN. KY, AL, MS, FL. LA, AR, TX, OK. Midwest: OH, IN, IL, MI, WI. MN, ND, SD, IA, MO, NE,
KS. West: AZ, NM, MT, WY, CO, UT. NV, CA. ID. OR. WA, AK, HI. Territories: GU, PR, VI.)
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The seven tk/pes ofaccounts identified were mo_rtqages, other installment loans, revolving
accounts, other accounts not in collection, medical collections, child support collections,
and other collections or charge offs. The researchers differentiated between the status of
each non-collection account on the repository or repositories that did report the account.
For accounts other than collections and .char(l;e offs (mortgages, other installment loans,
revolving accounts, other accounts not in collection), the researchers differentiated
between accounts that had no derogatory information, accounts that had late payments,
accounts that had conflicting information regarding late payments on two repositories,
and accounts that had inconsistent information regarding default. In addition, researchers
noted ifa mortgage had gone to foreclosure, and 1f a revolving account had been reported

lost or stolen.

Files with duplicate or missing public records were tabulated, differentiating by type and
status as well. Researchers tabulated missing and duplicate bankruptcy filings, liens,
judgments, and civil suit filings, differentiating between two categories of status, those
that had been filed, and those that had been recorded as released, satisfied, dismissed, or

paid.

In addition to determining the number of files with missing and duplicate accounts, the
researchers tabulated the number of files that contained certain inconsistencies between
the three repositories regarding account details for accounts reported bE/) all three. The
inconsistencies of interest were: the number ofﬁayments recorded as 30 days late; the
number of payments recorded as 60 da?/s |ate; the number of payments recorded as 90
days late; the halance reported on revolving accounts or accounts in collection; the credit
limit reported on revolving accounts; the past due amount; the method ofpa?/ment (a
code mdwatmg ifthe account is currently being paid as agreed, is currently fate, was late,
but is now paid, etc.); the date of last actth on defaulted accounts; and the type of
account. Finally, the researchers tabulated the number offiles that reported a defaulted
account, but did not report the date of last activity on that account,



VI. Findings

A. Phase One

L Almost One in Ten Files was Missing a Credit Score from at Least
One Repository.

Ofthe 1704 unique files reviewed, 1545 files had at least one score reported from each
major credit repository. The remaining 159 reports were excluded from the statistical
analysis because of one or more missing scores. Table 1details the status of the files

included and excluded from the analysis.

Table 1. Status of Files Reviewed in Phase One.

1390 Files wilh exactly 3 repositories scored, with no additional scores or unscored reports
114 Files with 3 repositories scored but with additional scores and unscored reports
41 Files with 3 repositories scored but with additional unscored reports
1545 Subtotal: nuniber ot files with 3 bureau scores - included in analysis

58 Files with only 2 repositories scored*

26 Files with only 1 repository scored*

62 Files with no repositories scored*

13 Duplicate files, test files or other errors that were thrown out

159 Subtotal: number of files excluded from analysis

1704 Total Files Reviewed

*Unscored files include cases where no file was returned (no hit on information input during request) as well
as cases for which a file was returned but not scored.

2. A Substantial Number ofFiles Met the Criteria for Further Review.

Ofthose 'j45 files that had valid scores from each repository, 591 files, or 38%, were
flagged for further review, based on the tliree predefined criteria outlined in the previous

section and below.
Ofthe 1545 valid files: _ _
L 453 files, or 29%, had a range of 50 points or more between the highest and

lowest scores, _
2. 175 files, or 11%, had a middle score between 575 and 630 and had a range of 30

Boint_s or more between the highest and lowest scores.
3. 250 files, or 16%, had high scores ahove 620 and low scores below 620.

These numbers do not total 591 because many files met multiﬁle criteria. Table 2
provides more detail on the number of files that met each of the criteria.
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Table 2. Number of Files that met Criteria for Further Review in Phase One

Met Criterion | 459
Met Criterion Lonly 213
Met Cntena 1and 2 onlv 29
Met Criteria 1and 3 only 19
Met all three Cntena 72
Met Cntcnon 2 175
Met Cntcnon 2 onlv 39
Met Cnlcria 1and 2 onlv 29
Mel Criteria 2 and 3 only 35
Met all three Cntena 72
Met Crilenon 3 250
Mel Cntcnon 3 only 64
Met Criteria 3 and Lonlv 79
Mel Criteria 3 and 2 only 35
Mel all three Cnteria 72
Met anv of the three Criteria 591

3. Numerous Files Contained Additional Regosit_or Reports and
Information not Relevant to the Consumer’s Credit History.

Each file examined had been generated from a request for a mergfed file that included one
report and one score from each repository. However, one in ten files (155 out of 1545)
contained at least one, but as many as three, additional repository re,oorts. These reports
were not duplicate copies of reports, nor were they residual reports from previous
applications for credit. These additional report's were returned from the same
simultaneous request that produced the other reﬁorts inthe file. For 114 ofthe files with
additional reports, at least one. but as many as three ofthese additional reports also
contained a credit score. It was unclear to researchers exactly how various systems

would interpret these additional repository reports.

In some cases, an additional repository report was clearly reporting the credit activity ofa
separate person (no accounts from the additional report appeared on the three primary
reports, and viie versa). However, it was very common for the additional report to
contain a mixture of credit information, some of which belonged to the applicar.. and
some of which clearly did not. In some cases, applicants had split files that appeared to
be the result of applying for credit under variations o ftheir name.

Common reasons for returning additional repository reports included;

Coniusion hetween generations with the same name (Jr., Sr., II, 111, etc.).
Mixed files with similar names, but different social securitr numbers.
Mixed files with matching social security numbers, but different names.
Mixed files that listed accounts recorded under the applicant’s name, but with the
social security number of the co-applicant.

Name variations that appeared to contain transposed first and middle names.
Files that appeared to be tracking credit under an applicant'snickname.
Spelling errors in the name.

Transposing digits in the social security number,

An account reporting the consumer as deceased.
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4. Scores Reported by the Three Repositories for a Given Consumer
Varied Substantially.

The review found considerable \_/ari_abilit?/ among scores returned by the three credit
repositories. Because the repositories all use the scoring model provided by Fair, Isaac,
and Company, this considerable variability among scores suggests considerable
differences in the information maintained by each repository. Fair, Isaac, and Company
attribute variations in credit scores to variations in credit dataZ). However, some have
suggested that variations in credit scores may be occurrm? because not all data users are
adopting new versions of the scoring model smultaneousg. Researchers explored this
concern using the data collected for Phase Two, and found the impact of different scoring

models to be negligible.

Only one out offive files (328, or 21%2 could be considered extremely consistent, with a
range offewer than 20 points between the highest and lowest scores. One inthree files
475, or 31%) had a range 0f50 points or greater between scores, and one in twenty files
81, or 5%) had a range of 100 points or greater between scores.

The average (meang range between highest and lowest scores was 43 points, and the
median range was 36 points. These statistics were reasonably consistent among the three

regions2L

Files with good and bad credit hoth appear susceptible to large (Point ranges, although
consumers with poor credit may be slightly more susceptible. Chart 1compares the
middle score ofall files with the range hetween the highest and the lowest score for that
file. The middle score is often the score used for loan apFrovaI. On this chart there is
slight correlation between middle score and score variability. The regression trendline,
which in this case estimates the average score range for each middle score, is relatively
flat, but is higher for files .'ith worse overall credit. This means that, on average, files
with low miadle scores ha\e slightly greater variability among their scores, relative to

files with high middle scores.

For example, for a middle score 0f550, the regression line has a value of 50, meamng _
that the average range between high and low scores for files with a middle score 0f550 is
50 points. In comparison, the average range between_hEﬂh and low scores for files with a
middle score of 700 is 40 points. Thus, files with a middle score that is 150 points lower

have an average score variability that is 10 points greater.

** Fair Isaac, and Company address the question o f differing information at the three repositories as part o f
the explanation ofhow credit scoring works on their consumer oriented website, myFICO.com, stating:

“ Your score may be different at each o f the three main credit reporting agencies: The FICO score from
each credit reporting agency considers only the data in your credit report at that agency. |f your current
scores from the three credit reporting agencies are different, it's probably because the information those
agencies have on you differs.” (Tttm'/www.mvfico.com'mvfico/CrcditCentral'ScorineWork.s.asn)

*' In the Eastern region, the mean range was 40 and the median range was 33. In the Midwestern region,
the mean range was 43 and the median range was 36. In the Western region, the mean range was 46 and

the median range was 38.
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Chart 1. Middle Scoro v. Range Between Scores
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5. Reports Contained Limited Information to Help Consumers
Understand the Principal Reasons for their Credit Scores.

|fa consumer is subject to an adverse action because of information in a credit report,
federal laws (the Fair Credit Reporting Act and the Equal Credit Opportunity Aqts) require
the lender to make certain disclosures. Adverse actions include, among other things,
denial of credit, or denial of favorable terms on credit. The required disclosures include
statements that an adverse action has occurred and that the decision was based in part or
entirely on a credit report and the specific, principal reasons for the 1dverse action
(generally four reasons are given)

Thus, each repository report contains the four principal reasons contributing to the score
returned, as identified by the automated process that calculated the score.  The three
repositories have approximately forty standard reasons that can be provided through this
process. However, a mere four reasons were provided as the primary contributing reason
on 82% ofthe reports reviewed (i.e. the reports in the 591 files that met any of the criteria
for further review outlined in the study design). The four most frequently returned
explanations for a consumer’s score, with the frequency with which they occurred, were:

" National Consumer Law Ccnlcr, Fair Credit Reporting Act, Fourth Edition. 2000.
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“Serious delinquency, and derogatory public record or collection filed" (37% of

all explanations).

7 “Serious delinquency” (20% ofall explanations).

? “Pr0|oc_>rtion ofhalances to credit limits is too high on bank revolving or other
revolving accounts” (15% ofall explanations).

7 “Derogatory public record or collection filed” (10% ofall explanations).

-~

It is important to note that three ofthe explanations (“Serious delinquency,” “Derogatory
public record or collection filed,” and “Serious delinquency, and derogatory public record
or collection filed”) convey at least partially redundant information. These three
explanations alone constituted 67% ofall primary reasons provided.

6. In Depth Reviews Revealed Significant Errors and Inconsistencies,
Some ofWhich were L|keI%/ Art|f|C|_aII){ Lowering Consumer Credit
Scores, and Some of Which were Likely Artificially Raising Consumer

Credit Scores.

In depth reviews were done of files that met the second criterion for further review (had a
middle score between 575 and 630 and a range between high and low score of more than
30 points), or ifthe file had a range between scores of more than 90 points. In each case,
researchers attempted to identify any obvious inconsistencies between the account level
data on each ofthe repository reloorts, determine whether these inconsistencies were the
result of omissions, or |fthe?/_ reflected con_fl;c_th credit data, and make a determination
ofwhether the scores were likely being artificially inflated or artificially deflated by these

Inconsistencies.

There are obvious limitations to what the researchers could conclude during in depth
reviews of credit file details without the aid of either creditors or consumers to
corrohorate or contest inconsistencies. The researchers attempted to approach these
evaluations in as conservative a manner as possible; for example when derogatory
information, such as a collection, was reported on only one reposnorg, researchers tended
to assume that the derogatory information was correct. However, when finer details were
inconsistent, such as the current payment status ofa given account, the more recent
information was usually assumed to be correct. In total, 258 files were reviewed in

depth.

For approximately halfof the files reviewed in depth (146 files, or 57%), researchers
were unable to identify clearly whether inconsistencies in the reports were resulting in an
artificially higher or artificially lower score. In many cases this was because there were
large numbers of derogatory accounts, reported in various combinations by one, two, or
three of the credit rePosnones. For those files for which a determination was made, an
even split existed between files for which one or two scores were likely artificially h|gh
?_56 files, or 22%?] and files for which one or two scores were likely artificially low (5
iles, or 22%). Thus, at leasi one in five at risk borrowers, but likely many more, are
likely being Penal|zed because ofan inaccurate credit report or credit score. Similarly, at
least one in five at risk borrowers is likely benefiting from inflated scores because of

24



incomplete credit information. However, these fi%ures are based on the assum%tion that,
in the absence of contradictory information, all information that was reported by only one
repository was accurate. The figures likely underestimate the actual number ofborrowers
who are at risk because they do not account for information that is simply incorrect, does
not belong to the borrower, or has been contested and removed from one or two

repositories, but not from all three.

While this finding suggests a certain statistical equilibrium between the harm and benefit
that obvious omissions, mistakes, and inconsistencies may be causing to consumers on
the macro level, credit scores are purported to offer consumer-specific evaluations, and
are used to generate customer-specific prices and decisions. Lenders suffer little harm so
long as there is such statistical equilibrium because the large number of consumers they
serve allows them to benefit from the countervailing impact of these errors on a given
pool of loans. Consumers, on the other hand, have one score for every purchase, and do
not benefit from such statistical averaging. Given the number of decisions regarding
access and Brlcmg ofessential services that rely on these scores, their determination
should not be a lottery in which some consumers “win” because derogatory information
is omitted while other consumers “lose” because erroneous, contradictory, outdated, or
duPhca_ted information is reported in their credit history. Rather, scores should be
determined fairly and based on complete, current, and accurate information.

B. Phase Two

The second phase of the study examined the scores and 3pr_|mary factors contributing to
the score, as identified by the repositories, from 502,623 files compiled from electronic
records. Examining this very large sample allowed for a corroboration of some ofthe
findings of Phase One among a larger ﬂopulatlon, roughly equivalent to a 0.25% sample,
or one out of every 400 consumers with credit reports. Furthermore, because no details
ofthe report were recorded beyond the credit scores and primary reasons for the scores,
zip code data could be included without fear of recording excessive personal identifying
information. This allowed for verification that the sample had broad geographical

representation.

L Scores Reported by the Three Repositories for a Given Consumer
Varied Substantially.

The ke?]/ findings from Phase Two are very similar to the findings from Phase One. Just
fewer than one out of four files (105,324 files, or 24%, compared to 2 1% in Phase One)
could be considered extremely consistent, with a range of 20 points or fewer between the
highest and lowest scores. One in three files (129,284 files, or 29%, compared to 31% in
Phase On%) had a range of 50 points or greater between scores, and one in twenty-five
files (17,626 files, or 4%, compared to 5% in Phase One) had a range of 100 points or

greater hetween scores.

The average (mean) range between high and low score was 41 (compared to 43 in Phase
One). The median range hetween high and low score was 35 (compared to 36 in Phase



One). Chart 2 is a histogram showing the share of files for which the range between
highest and lowest score fell into 10 point bands up to 150, and the number of files for

which the range exceeded 150.

Chart 2. Frequency of Ranges Between High and Low Score for Phase Two
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2. RePorts Scored With Different Versions of Scoring Software Reflected
Almost No Difference in Overall Variability of Credit Scores.

As mentioned in the findings for Phase One, some have suggested that score variability
can be explained by the fact that different versions ofthe Fair, Isaac, and Company
scoring software may be in use in the marketplace as data users transition to a new
version. The data collected in Phase Two allowed researchers to assess this and
determine that the fact that reports were scored with different versions ofthe scoring
models did not have an impact on the overall variability of credit scores in this study.

Fair, Isaac, and Company produces the software for all three repositories, but each
repository refers to the sconn%software by a different name. When Experian adopts a
new version ofthe software, they discontinue the previous version (for example when
they switched from a version Experian referred to as “Fair Isaac” to a version Experian
referred to as “Experian/Fair Isaac Risk Model”), but users of Trans Union and Equifax
software must update to the newest software version themselves, and there can be more
than one version ofthe software in use at a given time. The sample examined in Phase
Two reflected the use of two different versions of scoring software to score reports from
Trans Union and Equifax. Trans Union reports were scored by an older version titled
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“Emloirica” and a newer version titled “ New Empirica.” Equifax reports were scored by
an older version titled “Beacon” and a newer version titled “Beacon 963"

The use of different scoring models had a nearly imperceptible effect on variation among
scores. Only three combinations ofscoring models occurred in the sample. Reports
scored with the two older versions, “Empirica” and “Beacon,” had an average ran?e
between the highest and lowest credit score of 39.61 points, and a median range 0133
points. Reports scored with “Empirica” and “Beacon 96" had an average range of40.85
paints, and a median range of 34 points. Reports scored with “New Empirica” and
‘Beacon 96" had an average range 0f41.59 points, and a median range of 36 points.
Comparing these statistics to the overall statistics for Phase Two }an average range 0f41
points and median range of 35 points) shows that the influence of different scoring
models is negligible, and if anything, the newer models resulted in a slightly greater

variation among scores.

Recent commentary suggests that a new version ofthe software, “ Next Generation
FICO,” which E%mfax_ will refer to as “Pinnacle,” Trans Union will refer to as
“Precision” and Experian will refer to as “Experian/ Fair Isaac Advanced Risk Score,”
may Proqluce significantly different scores from earlier models, but has not been widely
adopted in the marketplace2l The impact ofthis new scoring tool is deserving of
attention. However, none ofthe reports in this analysis were scored with this version of

the scoring software.

3. Reports Contained Limited Information to Help Consumers
Understand the Principal Reasons for their Credit Scores.

As in Phase One, a very limited number of standardized responses represented the vast
majority ofall explanations provided to consumers about their credit scores. The same
four explanations that were predominant in Phase One were predominant in Phase Two,
but in Phase Two a fifth code was returned with significant frequency.

Three explanations (“Serious delinquency,” “Derogatory public record or collection
filed,” and “Serious delinquency, and derogatory public record or collection filed”)
represented 50% ofthe primary exPIanatlons provided (compared to 67% in Phase One).
The explanation “Proportion of balances to credit limits is too high on bank revolving or
other revolving accounts” represented 18% ofthe primary explanations provided
(compared to 15% in Phase nez: While these explanations constituted a very large
share of all the principal explanations (7 out of_lOS), a fifth explanation also constituted a
significant share. The explanation “Length oftime accounts have been established"
represented 8% ofall the primary explanations provided (compared to 5% in Phase One).

® In addition, 0.3% of files scored by Translation were scored by a version titled "Horizon,"
approximately 6% of files scored by all three repositories did not identify the version o f the software used
for scoring, and an extremely small number of files (approximately 0.03%) were scored by a non-mortgage
model, such as an auto model or a bankruptcy model.

w Harney, Ken. "Get Upgraded Credit Scoring,” Washington Post, November 23. 2002, and "Lenders Slow
to Adopt New FICO Scoring Model," Washington Post, November 30, 2002,



It is worth noting that the four principal reasons for credit scores were on everr file
included in the analysis in Phase Two, while Phase One only recorded the explanations

for those that met the criteria for further review.

C. Phase Three - Specific Types ofErrors

The dramatic ranges between credit scores uncovered in Phases One and Two seem to
indicate wide ranging inconsistencies between the information on each repository for a
given consumer. Phase Three attempted to quantify how mank/) consumer files contain
errors, and of what kind. Errors of omission (information not being reported by all
repositories) and errors of commission (inconsistent information between repositories, or
duplicated information on a smlgle repository) were both considered. Researchers
recorded how many consumer files contained at least one of each category oferrors

Identified.

Phase Three re-examined a 10% randomly selected sample ofthe files reviewed at one of
the sites from Phase One. In this sample 0f51 three-reg)_osnory merge files, errors of
omission and commission were both rampant. Table 3 lists the categories oferrors, the
number of files that contained such errors, and the percentage offiles that contained such

errors.

This examination ofthe frequency with which certain errors occur is not intended to
imply that the occurrence ofany one of these errors alone will necessarily reclassify a
consumer into a more expensive pricing class. Tne actual impact of any one ofthese
errors will deﬁend upon what other information exists in the consumer’s credit report.
Any error with the potential to lower a consumer’s credit score will generally have a
greater effect on “thinner” files, or files that have less information. Also, ifa reﬁort has
no derogatory entries, the first piece of derogatory information will very I|keI}/ avea
more severe Negative impact on a consumer's apparent creditworthiness than the same
information would have on a file with multiple derogatory entries. However, it is
possible for asingle derogatory entry to have a dramatic effect on a consumer's score,
whether or not it 1s accurate. [f that consumer is near the threshold for a less favorable
pricing class, it is very possible and probable that an error or errors in that consumer's
credit history could have a substantial material |mPact. Furthermore, most rerrts
reviewed contained more than a single error, and the cumulative effect of multiple errors
increases the likelihood of material impact on consumers.

The sample size in Phase Three is the smallest ofthe three phases, due primarily to the
time required to review files in sufficient depth to identify specific errors. The =
researchers recognize that the statistics from this phase have limitations and it is difficult
to make definitive statements about the frequencies with which specific errors occur in
the population at large based on these findings. However, this phase does document
strikingly h|%h levels of errors and provides evidence that at the very least a significant
minority in the general population are at risk for a variety oferrors of commission and

omission,
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Table 3. Types of Errors, and Number and Percentage of Files Containing Such Errors
Commission

Type of Account

Mortgage
Mortgage
Mortgage
Mortgage
Mortgage

Other Installment
Other Installment
Other Installment
Other Installment

Revolving
Revolving
Revolving
Revolving
Revolving
Other
Other
Other
Other

Collection Medical
Collection Child

Support

Other Collection or

Chargeoff

Bankruptcy
Bankruptcy

Lien
Lien

Judgement
Judgement

Civil Suit
Civil Suit

Status

No Derogatory Info

Late Payments

Inconsistent Lates btw Repositories
Inconsistent, one shows Default
Foreclosure

No Derogatory Info

Late Payments

Inconsistent Lates btw Repositories
Inconsistent, one shows Default
No Derogatory Info

Late Payments

Inconsistent Lates

Inconsistent, one shows Default
Missing Lost or Stolen

No Derogatory Info

Late Payments

Inconsistent Lates btw Repositories
Inconsistent, one shows Default
Collection/ Chargeofi

Collection/ Chargeoff

Collection/ Chargeoff

Filed
Released/Satisfied/Dismissed/Paid

Filed
Released/Satisfied/bismissed/Paid

Filed
Released/Satisfied/Dismissed/Paid

Filed

Dismissed

V30 Late

60 Late

90 Late
3alance on Revolving Accts or
Collections
Credit Limit on Revolving Accts
3ast Due Amount
Current Method of Payment
rype of Account
.ast Activity on Defaulted
do Last Activity Date on defaulted
ccounts

umb Files Missing
< Y et

Omission

‘Kod Files Missing Such

33.3°/o
So -

2.0°/6
Oo=
3.9/
3{ 66.7‘:);
59

4

/ 3.07l

2.0%

8 15.7%
0.0%
0.0%

10 105
1 2.0%
13 25.5%
- %k

56
> 3%
1 2om

11 21.6%

Number o Fles with

Such Acct. Dlinlicatprl
%d Fles with Such
Acct. DuDlicalprl

con
o oo
ANEINEIN

201

4 7.87
0.07
1 2.07
0.0%
9 17.6%
0.0%
0.0%
0.0%
0:0%
1 2.0%
0.0%
0.0%
0.0%

0.0%

0.0%

s 5%

0.0%
1 2.0%
0.0%
0.0%
0.0%
0.0%

0.07,
0.0%

Number of Fles with
Inconsistent Infn

% o files with
Inconsistent Info

22 43.17,
15 29.4%
12 23.5%

42 82.4%
49 96.1%
17.6%
31 60.8%
21.6%
50T



L Significance and Frequency ofErrors of Omission

Incomplete reporting ofinformation, or an error of omission, can make a consumer
apfpear either more credit worthy or less credit worthy, depending on the nature ofthe
information that is omitted. When a derogatory account, such as a collection.,ite
p_a?(/ment, charge off, or public record is omitted, the consumer’s record will appear less
risky, and the consumer’s credit score will likely be artificially high. However, when a
positive account, such as a mortgage, auto loan, or credit card account that has been paid
as agreed, is omitted, this r_esi)_onm le credit behavior will not be conveyed and the
consumer's credit score will likely be artificially low.

Positive account information is esgecially imE_ortant for consumers who are just
beginning to establish credit, or who are working to re-establish their credit rating after
bankruptcy. Omlttm_? positive information can have a dramatically negative impact on
such consumers. Failure to report positive accounts can deflate scores, or even make it
|r_nP_035|ble for the scoring model to produce a score. Such outcomes make it more
difficult to enter or return to the prime Iendmg marketplace, relegating affected
consumers to the higher priced subprime market.

Because ofthe limitations ofthe study, researchers were unable to determine definitively
whether many ofthese errors were errors ofomission. For example, researchers could
not be certain that accounts appearing on one report only were the result of omissions by
the other two repositories, or itthe accounts apPeared as the result of merging errors, or
compiling errors on that one repository (and actually did not belong to the consumer), or
ifthey had been contested and removed from some repositories but not removed from all
three. In the ahsence of evidence that presented a contradiction, researchers
conservatively treated information appearing only on one or two repositories as an error

of omission.

a) More Files Contained Omissions of Positive Information than
Contained Omissions of Derogatory Information, but Omissions of
All Kinds were Common.

Accounts that had never been late, and which have great significance for determining a
credit score, were omitted with extremely high frequency. Omitted revolving accounts
with no derogatory information were noted on the largest number of consumer files.
Nearly eight out often files (78.4%) were missing a revolving account in good standing.
In addition, one file out ofthree (33.3%éwas missing a_mortga%e account that had never
been late, and two files out of three (66.7%) were missing another type of installment
account that had never been paid late. Other accounts with no derogatory information,
such as non-revolving credit cards, were missing on 15.7% ofall files.

Omissions of accounts with late payments, but which had not been sent to collection
were less frequent than omissions of positive accounts. Still, one in ten files (11.8%),
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was missing a revolving account with late payments reported, and many (7.8%) were
missing revolving accounts that were belngi reported as defaulted by one ofthe two
rePosnorJes that ref)orted the account. Halfthat number (3.9%3 contained conflicting
information about [ate paY_ments on revolving accounts reported by two repositories. A
much smaller number of files were missing mortgages or installment accounts that had
been late at some time in the past, or that had conflicting information regarding late
payments, but 3.9% offiles omitted a foreclosure.

The most commonly omitted derogatory information was for various types of collections.
Child support collection omissions were rare (2% offiles), but one out of five files
(19.6%) omitted a medical collection, and one out of four files (25.5%) omitted a

collection of some other kind.

b) Medical Collections Raise Special Concerns Regarding
Appropriateness and Privacy.

Medical collections, as a subset of collections that were often not reported on all three
repositories, deserve special attention. Disputes between consumers, health insurance.
companies, and medical care providers occur frequ_entlg, and can be of extended duration.
Many medical hills are referred to collection agencies during these disputes but are
ultimately paid by insurers. Therefore, ifall the relevant facts were known these
collections could very ||kelr be errors of commission, rather than errors ofomission, as
they may not accurately reflect consumer debt repayment behavior.

Another issue noted by researchers related to medical collections was the high degree of
information that can be inferred from the information in medical collection entries listed
on a consumer's credit report. The names of many medical creditors are specific enough
to allow for identification of categories of treatment. For example, information in
collection entries identified categories o f medicine, such as pe_rmatqlogY, and neonatal
health clinics. This could have especially significant ramifications if full credit reports
are reviewed by potential and current employers, who may infer from such collections
that an applicant, or employee, has an unusually sick newbom, and may be more likely to
be called away from the office". In other cases, consumers may simply wish not to have
the fact that they have sought treatment for other very private matters (such as treatments
for fertility, mental health, or AIDS) to be readily discernible by anyone who reviews

their credit record.

Section 604 (g) ofthe Fair Credit Reporting Act states that “A consumer reporting
agency shall not furnish for employment purPoses, or in connection with a credit or
insurance transaction, a consumer report that contains medical information about a
consumer, unless the consumer consents to the fumishing of the report.” However,
consumers have complained about the difficulty of identifying the original creditors for
collection accounts that appear on their files, and best practices have been proposed by

*5 1t is the researchers’ understanding that current market practices do not permit employers to view the
same level ofdcail that is provided to potential lenders. Employer credit reports generally do not contain
the notations cn collection entries that would allow them to make such medical inferences.



the Consumer Data Industry Association that attempt to strike a balance between
protecting consumers’ medical information and providing enough information to allow
consumers to identify the original source of debts. Furthermore, it is the Researchers’
understanding that in Massachusetts, the original creditor must be listed for every

collection account.

c) Public Record Information was Frequently Omitted. Including
Both Information that Would Likely Increase Credit Scores and
Information that Would Likely Decrease Scores.

One inten files had an omitted date of fulfillment for a bankruptcr,_an omission that

almost certainly lowered the corresponding credit scores. Several files also contained
reports that omitted liens, both satisfied 83.9%) and unsatisfied (7.8%), and judgments,
both satisfied (3.9%) and unsatisfied (5.9%). One file contained a dismissed civil law

suit that was reported to one repository only.

Given the dramatic frecluenc_y ofomissions of both [posi_tive information (such as
mortgages) and derogatory information (such as collections and public records) it is clear
that errors of omission have the potential to undermine the accuracy ofconsumer credit
records and, by extension, credit scores. It should be noted that true errors ofomission
(exclu,dmc}; unrelated account information that is erroneously captured by one repository
and disputes which have not resulted in removal of information from all three
repositories) are most likely the fault ofthe creditor, not the credit repository. f a data
provider, be it a collection agency or major national bank credit card, decides not to
rePort information to all three repositories, then the repositories do not know the

information and cannot report it.
2. Errors of Commission

Also ofgreat concern to consumers is the frequency with which errors o f commission, or
inclusion of incorrect information, occur in credit reports. A credit report with incorrect
derogatory information makes a consumer appear to be a greater lending risk and will
likely artificially lower the consumer’s credit score. In addition, duplicate reporting of
accounts can have an impact on a consumer’s scores.

Again, because the researchers did not have the henefit ofknowingi the consumers' credit
histories, we were limited in the errors of commission that we could identify. Only in
cases where repositories were reporting conflicting details on an account could
researchers identify with certainty that at least one repository was incorrect. Even with
these limitations, the findings are troubling.

a) Manv Consumer Files Contained Conflicting Information
Regarding the Consumer’s Record of Late Payments.

In 43.1% of the files, ref)orts regarding the same accounts conflicted regardin% how often
the consumer had been late by 30 days. In nearly one out of three cases (29.4%), there



was conflicting information about how many times the consumer had been 60 days late,
and conflicting information regarding the number oftimes an account had gone to 90
days late in one out of four consumer files (23.5%). Late payments, especially on recent
accounts, can be very detrimental to a consumer’s credit score. Delinquencies are
identified as major contributing reasons foi a consumer's score on the majority ofreports,

In some cases, but by no means in all, different numbers of late payments may be the
result ofthe timing ofrecord updating procedures by the repositories. For example, one
repository may have information on an account that is current as ofJune, whereas another
repository may only have received or loaded information current as of May. However,
this phenomenon would only explain variations for accounts that are current_lg past due,
and not for the significant number of files that were currently rerorted as paid on time,
but had discrepancies in the historical count of late payments. Furthermore, regardless of
a re?osnory’s particular timing, a consumer will be evaluated on the information

available at the time ofapplication.
b) Reporting of Account Balances was Inconsistent

Inconsistencies regardmg the balance on revolving accounts or collections appeared on
82,4% offiles, and inconsistencies regarding an account’s credit limit apJ[Jeared on 96.1%
offiles. These particular numbers are presented with one qualification. The software
used to review reports presents information in a field titled “credit limit/high credit.”
Researchers acknowledge that the raw data may contain separate information [e?_ardm
the high credit (the highest amount ever charged on this account) and the credit Timit (the
amount o f credit made available by the credﬂoQ and the observations regarding
inaccuracies in these fields may not reflect the data used to derive credit scores.
However, even with this qualification, there are reasons to be concerned about incorrect
reporting of balances or credit limits. Credit card lenders have an incentive to obscure
the real credit limit from credit reports, as a means of retaining exls_th borrowers. Ifa
credit card lender reports a credit limit as lower than the actual limit (for example by
reporting the high credit as the credit limit) the borrower will appear to be closer to
“maxing-out” their credit, and will appear less attractive to competing credit card lenders.
Thus, the consumer will be less likely to receive competing offers. Such mlsre?ortlng
also poses a S|Fn|_f|cant risk to consumers' overall credit rating. The practice o
deliberately refusing to report complete and accurate account information in order
ohscure consumers” credit has drawn repeated condemnation from John Hawke, the
Comptroller ofthe Currency2. There is good reason to be concerned, given that one of

N In aMay 5, 1999 speech before Neighborhood Housing Services of New York, Hawke stated, “ Subprimc
loans can’t become a vehicle for upward mobility if creditors in the broader credit market lack access to
consumer credit history. Yet, agrowing number of subprime lenders have adopted a policy o f refusing to
report credit line and loan payment information to the credit bureaus - without letting borrowers know
about it. Some make no bones about their motives: good customers that pay subprime rates arc too
valuable to lose to their competitors. So they try to keep the identity and history o f these customers a
closely guarded secret” (http://www.occ.trcas.gov/ftp/releasc/99-4l a.doc). He reiterated these concerns in
aJune 9, 1999 speech before the Consumer Bankers Association, condemning the objectionable practice of
non-reporting and noting that, “failure to report may not be explicitly illegal. But it can readily be
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the most frequently provided explanations for a consumer's credit score is that the
“proportion of balances to credit limits is too hlgh on bank revolving or other revolving
accounts.” This is the primary explanation listed on approximately one out of six reports.

¢) Contradictory or Missing Dates Occurred Frequently and Have
the Potential to Distort a Consumer's Record.

Because more recent credit activity is more influential in determining a credit score, it is
important that the relevant dates on accounts be accurate. This is primarily true for
accounts that have gone into default. Creditors track the date oflast activity on consumer
accounts, but, because most creditors report to repositories in Iar?e batches of data on
many accounts, credit repositories also track a second date - the last date the information
was reForted by the data provider. Ifa data provider fails to report any information in the
date oflast activity data field, the scoring software will assume that the date last reported
Is the date of last activity. Thus, ifa consumer has an account that defaulted several
years ago, but otherwise has good credit, under normal circumstances the relative impact
ofthis account will diminish over time. However, ifthere is no date of last actmtk/
reported, this default will seem perpetually as recent as the last submission ofa batch of
data from that provider. One in five consumer files (21.6%) contained a defaulted
account that did not report a date of last actth. One in four files (25.5%) contained
contradictory information regarding the date of last activity.

d) Duplicate Re ortin? of Accounts did not Appear to be as
Widespread as Manv ofthe Other Errors Noted in this

Investigation.

When accounts were reported multiple times by a singﬂe credit repository, they tended to

be accounts that had no derogatory information, which may provide an artificial boost to

a consumer’s credit scores by giving the impression that the consumer has successfully
managed more credit than lie or she actually has, but may also lower a consumer’s credit
score by increasing their apparent overall deht load. Also, on 5.9% offiles a collection

was reported more than once on a smgile credit report, likely artificially lowering the
score. This  wasusually the result ot a collection being reported by the original creditor
as well as acollection agency that had taken over the account.

Further contradictions existed regarding the method of paY_ment (whether an account was
current, late, charged off, in collection, etc.) on 60.8% of files, the type of account
(revolving, instaliment, mortgage) on 21.6% of files, and the past due amount on 17.6%

of files.
3. Merging and Compilation Errors

Credit data are complex, and accurate interﬁretation_ of it can sometimes take @
considerable amount oftime and effort. When credit reporting agencies and credit users

characterized as unfair: it may well be deceptive, and - in any context - it's abusive"
(http://www.occ.treas.gov/ftp/rclease/99-5la.doc).
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review merged reports, they employ software to help organize and simplify the
information, so the user can quickly assess the unigue information contained in each
repository without having to sift through the same information reported by another
repository. The design ofa tool to do such work involves making certain choices, which
can lead to significantly different results. For example, some merging software is
designed to present the details for a given account from one ofthe three repositories to a
credit user, and “hide” the other two repositories reﬁorts. Other software utilizes a
mer?mg |O%IC that takes some information from each repository report to create an
amalgam ofthe information in each credit reﬁort. This one example of a design decision
can result in a very different presentation ofthe same raw data to a credit reporting

agency or credit user.

The discussion of duplicate and mixed files in Phase One already illustrated that a large
number of errors enter the credit reporting system when the automated software used by
the credit repositories compiles information about credit users. Use of nicknames,
misspellings, transposed social security numbers, and mixed files that report information
under one person’s name, but match that name to a spouse’s social security number, are
all examples of variations that can result from an automated interpretation of complex
and sometimes contradictory personal identifying data. Software demgners must make
explicit choices about how to interpret this data, and what form the output will take. For
one inten files, the result was an additional repository report and/or an additional credit

SCOre.

A similar potential for error exists when automated systems interpret multiple reports,
merging the three credit reports into a single representative report. This process attempts
to reconcile the voluminous inconsistencies between repositories for account level
information. Given the difficulties that are apparent from the attempts to reconcile
individual consumer information, the importance of ensuring a fair and rigorous merging
logic for any compilation software is clear.

These concerns raise many questions. How exactly does a software proglram that collects
information from multiple credit repositories interpret conflicting or duplicated
information? How much variation can a given software package consider before an
account entry is treated as a separate account? How many creditors are trying to game.
the marketplace by not reporting complete or accurate information about consumers - in
effect making consumers appear less creditworthy than they actually are to other potential
creditors, ina bid to protect their customer base?

We do not raise these problems to advocate an end to use of multiple reFosit_ory reports.
In fact, use of multiple credit scores serves as a control against errors of omission.  (All
ofthe errors of omission identified in this study were identified because ofthe use of
multiple repository reports.) On the contrary, we identify these E)roblems to illustrate that
there are difficult choices that must be made when developing all ofthe components of
the interconnected system that evaluates credit. Given the lack of oversight of this
dimension ofthe market, there is a very real potential for developers to make choices that



result in a system that is unfair to consumers in general or to a certain segment of
consumers., such as those nearest the threshold between prime and subprime.
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VIl.  Conclusions and Implications of the Findings for Consumers

A. Credit scores and the information in credit reports vary significantly among
repositories.

The scores based on data from the three repositories can vary dramatically for all
consumers reFardIess 0f whether they have generally good or bad credit histories.
Approximately one out of every three files % 1%) had a range of 50 points or greater, and
one out of twenty reports had a range of 100 points or greater (5%). The average range
between high and low scores was 43 points (median range was 36).

The wide range in credit scores reflects a similarly broad variation in the data contained
ineach repositoiy report for a given consumer. Significant accounts, such as mortgages,
credit cards, collections, and public records, were regularly omitted from one or more
credit repository reports. In addition, for most consumers, the details ofaccounts that are
reported by all three repositories are unllk_elr to be completely consistent. Information
about late payments, the balance and credit limit on revolving accounts, and the current
status ofaccounts are among errors that occur frequently.

B. Many consumers are unharmed by these variations, and some probably
benefitfrom them.

Consumers with very good credit histories, whose credit scores place them firmly above
the cutoff for the most the favorable product terms, are as likely as any other consumer to
have variation between credit scores. However, as long as that variation does not result
hi scores that are lower than the qualifying score for the best terms for credit, insurance,
or any other product or service underwritten by their credit score, there will be no
material harm. The number of consumers in this cate_?o_ry is somewhat unclear and
depends upon the products being sought and the qualifying scores for those products.

Furthermore, those near the houndary hetween pricing ranges, such as the division
between the prime and subprime mortgage markets, who have errors that artificially raise
their scores may be artificially classified as lower risk. As aresult, such consumers have

the potential to reap some benefit from the inconsistencies.

C. However, tens ofmillions o fconsumers are at risk ofbeing penalized for
Incorrect information in their crediit report, in theform ofincreased costs or
decreased access to credit and vital sen'ices.

We estimate that tens of millions of consumers are at risk of being penalized by
inaccurate credit report information and incorrect credit scores. Between 190 and 200
million Americans, or nearly every adult consumer, has a credit report that can be scored
to produce a credit score. Businesses from mortgage lenders to utility providers
increasingly have established pricing structures in which the charge for the loan or
service corresponds to a credit score range. Errors in credit reports that lower a
consumer’s credit score can place that consumer into a more expensive pricing range than



he or she deserves to be in. Credit scores below a certain cutoffpoint can even disqualify
consumers outright.

Looking at the mortgage market as an example, the two most significant ranges are
denned 6a credit score 01620. Whether a consurper's credit score is above 620 or
below 620 determines ifthe consumer qualifies for™ the lower priced prime market, or if
the consumer will be limited to subprime market, which imposes higher borrowing costs,
often requires larger down payments, and exposes consumers to abusive predatory
lending practices. In addition to this primary division in the prime and subprime
mortgage markets, there are secondary pricing ranges. According to the consumer
focused website of Fair, Isaac, and Company (www.myfico.com), consumers with a score
between 720 and 850 will qualify for the lowest interest rates, but there are at least four
different pncmg ranges in the prime market and at least two in the subprime market.
Consumers with a score between 700 and 719 will be charged higher borrowing costs
than those inthe highest score range. Prices similarly increase for scores between 675
and 699, and hetween 620 and 674. Within the subprime market, the two pricing ranges
identified by Fair, Isaac, and Company are from 560 to 619 and from 500 to 559.

This study focused on consumers at risk for misclassification into the subprime market
due to inaccurate information in their credit report and found that one in five consumers
(20.5%) is at risk. We have defined at risk consumers as either having a middle credit
score between 575 and 630 with a score variance of greater than 30 points, or as having a
high score above 620 and a low score below 620. Among these at risk consumers, based
on our analysis offiles, we estimate that at least one in five (22%) is likely being
ﬁenahzed with lower scores than deserved hecause of errors or inconsistencies in his or

er credit report that are clear enou%h to be noticed by an outside observer unfamiliar
with that consumer's deht payment history. (We also estimate that at least one in five
(22%) has scores that are likely too high due to a lack of reporting by creditors to all
repositories.) The remaining sixty percent of at risk consumers have credit reports
without errors clear enough to allow an outside observer to determine whether their credit
scores are artificially low or artificially high. We strong,ly suspect that a significant share
ofthese at risk consumers also have artificially low credit scores due to errors in their
reports that they would be able to identify if given the opportunity.

While the findinﬂs suggest that there may be some statistical equilibrium between those
consumers who have artificially high scores and those who have artificially low scores,
such statistical averaging is irrelevant to the individual consumer who is penalized based
on errors in his or her credit report. Credit scores are purported to offer consumer
specific evaluations ofcredit and do result in consumers specific decisions regarding
pricing and availability for the essentials of daily life and economic activity.

Consumers may be harmed by both errors of commission and errors of omission. Errors
of commission can lower a consumer’s score in situations such as when incorrect

*7Because of the aggressive sales tactics o f subprime and predatory lenders, many consumers who have
credit scores above 620 have subprimc loans, although they could have qualified for less expensive prime
loans. This is an important but separate issue.
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information or mixed files add the credit history of others to a consumer's.rePort. Errors
ofomission can lower a consumer’s score when the record does not contain full and

accurate information regarding existing accounts paid as agreed.

Those consumers on the threshold of subprime status face Particul_arly dire consequences
from this lack of precision. Falling below the cutoff score for a prime rate mortgage can
add a tremendous financial burden to these threshold consumers and make it more
difficult to meet this and other financial obligations. Interest rates on loans with an “A-"
desggonau_on, the designation for subprime loans just below prime cutoff, can be more than
3.25% higher than prime loans. Thus, over the life ofa 30 year, $150,000 mortgageza a
borrower who is incorrectly placed into a 9.84% “A-" loan would pay $317,516.53 in
interest, compared to $193,450.30 in interest payments if that borrower obtained a 6.56%
prime loan - a difference 0f$124,066.23 in interest payments2)

We conservatively estimate that 40 million consumers (twenty gergent ofthe 200 million
with credit reports) are at risk of being misclassified into the subprime mortgage market,
and at least 8 million (Itwenty percent ofthese at risk consumers) would be misclassified
as subprime upon application, but the actual numbers are likely much higher. These
numbers do not even attempt to quantify the number of consumers who are being.
overcharged because errors pushed them into a higher pricing range within the prime or
sub,qn_me markets. Furthermore, consumers with errors in their credit reports and
artificially low credit scores are penalized in a number of markets in addition to the
mort_?age market. These figures do not address the consumers penalized with higher
credit card interest rates, more expensive insurance, or those denied insurance, housing,
utility service, or employment (an application of credit scoring we expect to increase in
frequency) on the basis of erroneous credit scores.

D. Almost one in ten consumers runs the risk ofbeing excludedfrom the credit
markg];pilace altogether because ofincomplete records, duplicate reports, and
mixedfiles.

|fa consumer has verk/ little credit historg or is rebuilding credit after a bankruptcy,
every positive account that they can esta lish s vital forcreath arecord that has
sufficient information to be scored. If a lender requests scores for a consumer, hut a
repository is unable to return a score (as was the case for approximately one out of ten
files reviewed in this study), that lender m_aﬁ choose to set aside the customer's
application and focus on an a_pi)llcanon with enough credit to be scored and priced with
minimal work. This is especially likely during periods of heavy volume, such as the
Prolonged refinancing boom currently occurring. Even ifa lender later returns to the file
that was set aside once volumes have subsided (perhaps because of seasonal fluctuations
in home bugmg activity, or because interest rates have nsen?, the consumer will have
suffered substantial harm by being excluded even temporarily from the marketplace.

The Federal Housing Finance Board’s Monthly Interest Rate Survey reports that the national average loan
amount for conventional home purchase loans closed during June 0f2001 was 5151,000.
Interest rates as reported by Inside B & C Lending for 30 year Fixed Rate Mortgages for “A-" Credit (par

pricing), and “A” Credit respectively, as of July 14.



Consumers may not understand the implications of incomﬁle_te reporting or non-reporting
by their creditors, and would have little leverage to force their creditors to report up to

date information anyway.

Similarly, consumers generaIIY have no control over the inclusion in their credit files of
duplicate reports, or mixed information not belonging to them. The only person in a
position to tell ifa credit repository’s compilation system incorrectly groups unconnected
Information with a consumer, or to assess why their credit record was not scored, is the
lender. But there is no requirement that the lender share the report or score with the
consumer. Furthermore, ifthe lender incorrectly enters the identifying information,
during a credit review, either leaving out information such as social security number,
r[)eneratlon Ir., Sr., etc), or mmtypmg the apfhcant’s name or other information, the
ender may be contributing to the problem. 1ta consumer later requests a copy of his or
her credit file after denial, he or she will often be required to provide more
comprehensive information than the original data user. This means that the report
eventually provided to the consumer may have a lower propensity of errors than the
version used to evaluate his or her application. This is especially true for non-mortgage
credit, or mort?age credit underwritten with files ordered directly from one or more credit

repositories. 17a mortgaqe lender ordered a merged credit report from a credit reporting
agency that merged the files into a new reﬁort, and after being denied the borrower
at agency, the agency has an obligation to give

requests a cop}r/]ofthe credit report from t

the consumer the merged credit report.

The treatment of unscored files is a very serious question. How do automated credit
reviews treat files that contain extra scores, or extra reports that are unscored? One inten
requests fails to return a score from each repository. As many requests return cne score
from each repository, but also return additional files that may or may not be scored. |f
automated credit reviews reject additional files, as many as two in ten consumers could
be excluded from the credit market outright because ofthese problems.

E. The use ofinformationfrom all three repositories in mortgfége lending
protects consumers and creditorsfrom being negatively affected by errors of
omission, but it may increase the negative impact on consumers oferrors of

commussion.

The use of information from all three repositories on mortgage underwriting offers
consumers and creditors protection against errors of omission by introducing the
maximum available information to the scoring and underwriting process. However,
errors of commission actually occur on more files than do errors of omission, and there
are a number of different apﬁroaches to using information from three repositories for
underwriting purposes, Without a chance for borrowers to review their reports for errors
of commission at the time of underwriting, and without oversight o f how the information
is merged and presented, the use of multiple repository sources of data can produce a
result that is harmful to consumers.



F. Consumersarenotgiven useful and timely information about their credit.

1 Standardized, generic explanations do not provide sufficient
information for consumers to address inconsistencies and contradictions,

let alone outright errors,

Approximately 7 in 10 credit reports indicated that the primary factor contributing to the
score was “senous_delm(ﬁuency, derogatory public record, or collection filed,” or some
subset or combination of these factors, without providing any information about which
specific accounts were resgqnsmle for the low scores. In many cases, it is not even clear
whether a deImquencY, public record, or collection was responsible for the score. In
addition approximately one in six reports indicated that the primary reason for the score
was that the proportion of revolving balances to revolving credit limits was too high.
These two relatively generic exglanaﬂons were reported as the primary reason for a
derogatory score on more than 8 out of 10 reports reviewed.

The vague information provided by these explanations is too general to be helpful. Nearly
all consumers near the subprime horder have had some activity in their past that may fall
under the broad terminology “serious delinquency, derogatory public record, or collection
filed,” almost by definition,” if their credit records were more favorable, they would not
be 50 close to the subprime threshold. Such borrowers may accept this generic
ustification for a low score more readily than consumers with generally good credit.

hus, the consumers who are most likely to be penalized by errors are the least likely to
challenge these imprecise explanations. Because threshold consumers are not provided
the specific account information that is lowering their scores, they are not given the tools
to identify and correct possible errors. The situation would likely be different if
consumers had access to the full credit reports and scores used to underwrite their loan
applications, with an indication ofwhich accounts had the largest negative effect on their
scores. |fthis were the case, consumers would have a much more legitimate opportunity

to identify and challenge any errors.

The credit report is a rare type of consumer product. Consumers pay for it during

mortgage underwriting, and are rewarded or penalized on the basis ofit, but are not even

allowed to look at it, much less keep a copy for their records. Furthermore, consumers

Baﬂ understandably view the report as “theirs” because it is purportedly a record o ftheir
ehavior.

2. Consumers outside of California have no affirmative right to know
their credit scores.

Credit scoring is a shorthand that allows lenders to more quickly assess the complex
information in a consumer credit report. However, with the exception of California
residents, consumers are not guaranteed access to their credit scores, although they arc
permnted to purchase copies ofthe underlying data. Thus, consumers are placed at a
d|sadvantaPe relative to lenders when it comes to evaluating their own credit-worthiness.
When Calitornians gained access to their scores, many lenders across the country did
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begin making the scores available. As with the specific credit report used to evaluate an
application, consumers are charged for the additional cost ofobtaining a credit score for
underwriting, but have no guarantee that they will be able to view the specific score used
to underwrite their loan. Currently, all three repositories allow consumers to purchase
scores in conjunction with credit reports, but prior to the passage ofthe California law
requiring this, the repositories resisted providing scores to consumers.

G. Private companies without significant oversight are setting, or at the very
least heavily influencing, the rules ofthe marketplacefor essential consumer

services that base decisions on credit scores.

Companies, such as Fair, Isaac, and Company, have produced credit scoring software that
Is increasingly used in the marketplace to determine access and pricing for the essentials
ofda|I3/ life and economic activity. Consumers have no choice regarding how lenders or
other data users evaluate their credit, and widespread and increasing use of credit scoring
systems that evaluate aPpllcatlons for credit, mortgages, insurance, tenancy and even
employment is a fact ot the marketplace. Scoring systems incorporate many complex
decisions regarding the interpretation and treatment of information that can he
contradictory, incomplete, duplicative, or erroneous. There is great potential for these
systems to incorporate inappropriate decisions that result in consumer harm, especially as
models originally designed to evaluate credit applications are adapted to evaluate
applications for services completely unrelated to credit behavior.

Despite the tremendous and growing influence of automated credit evaluations, no
government entity has recognized and acted on the clear need for ongoing, timely review
ofthese software systems to determine their accuracy, faimess and appropriate
application. Many decision-makers who use scoring systems to evaluate consumer
applications do not even understand the systems themselves and cannot explain them to
consumers. Thus, while decisicn-makers are increasingly _re!rmg on programs that they
do not understand, no J)Ubhc entity is guaranteeing the validity and faimess ofsuch
programs. Without independent review and oversight ofthis market force, consumers
are, literally, left to the devices of the system developers.

H. Certain information in credit reports has the potential to cause breaches of
consumers' medical privacy.

Many credit report entries regarding medical collections contained enough information to
infer'medical details about consumers, such as the type of treatment they had received.
The ability to discern from a credit report that a consumer may have received treatment
from a neonatal clinic, a fertl_llt;{ clinic, a mental health provider, or an AIDS clinic has
serious implications for medical privacy, and could potentially facilitate discriminatory
treatment.  While section 604 ﬁg) ofthe Fair Credit Reporting” Act prohibits furnishing of
medical data in connection with employment, credit, or insurance transactions,
consumers also complain that reporting collection accounts without identifying the
orlgmal creditor makes it difficult for consumers to decipher their own reports. It is the
understanding of researchers that current market practices limit the level of detail in



repons provided to employers, aggregating information in such a way that individual
creditors are not identified, and an employer would be unllkeIY to be able to make
specific inferences about an applicant’s or employee’s medical condition. Nonetheless,
the presence ofthis information among the data held at the repository level is troubling

and deserving of farther attention.



VIIl. How to Improve the System

A. Require creditors to immediately provide to any consumer who experiences an
adverse action as a result oftheir credit rePorts or’creditscores a copy ofthe
credit reports and scores used to arrive at that decisionfree ofcharge andpermit
disputes to be immediately resubmittedfor reconsiceration.

All consumers who experience an adverse action based on one or more credit r.eﬂorts of
scores (such as having a loan or insurance application denied, being charged higher than
Bnme rates, or receiving less favorable te_rmsEshouId immediately be given a copy of
oth the full report or reports used to derive that score and the related credit scores
without h_avmﬁ to pay any additional fee. These reports should identify any entries that
are lowering the consumer's score and indicate the impact (either the point value
deducted for that e_ntr;gor the proportional impact of that entrEv) relative to other
derogatory entries in the report). The consumer should then be allowed to identify any
errors or out of date information, provide documentation, and be reevaluated for prime

rates.

The additional cost to lenders and businesses ofproviding these reports immediately
would be minimal. Since they already posses the report in paper or electronic form, they
would merely have to copy or print this report.

Simply providing consumers with the name and contact information o f the consumer
reporting agency or agencies that provided the information used to arrive at the decision
is insufficient because it creates an unnecessary obstacle and, especially for non-
mort?age applications, the report a consumer will receive after submﬂth a request may
veg ikely differ from the report the creditor reviewed. Errors from duplicate scores
and/or mixed repons that may result from incomplete or incorrect keying of information
during the file request will not be apparent ifthe consumer correctly requests his or her
file. One inten consumer applications results in an additional report being returned by

the repository.

B. Require decisions hased on a single repositorr' 'scredit report or credit score
that result in an%thln less than the mostfavorable pricing to immediately trigger
a re-evaluation hased on all three repositories at no additional cost.

Lenders and other credit data users have a desire to keep their underwriting costs low.
This is a legitimate desire so long as consumers are not harmed in the process. Some
reduce costs by underwriting certain decisions with only one credit report. For example,
a lender may ofler pre-approval letters based on only one report, or underwrite home
equity lines'of credit or second mortgages with a single report. Given the wide range
between scores for a typical consumer and the frequency with which major accounts are
omitted from credit reports, such practices have serious negative implications for
consumers.



Measures should be put in place to Xro.tect consumers from any negative impact resulting
from such underwriting practices. A simple solution would be to require all decisions
based on credit to use information from all three repositories. However, this could result
in hl?her costs and reduced availability of products such as pre-approva1 |etters that are

beneficial to consumers.

Alternatively, lenders and other credit data users could be permitted to continue
underwriting based on one report, so long as any adverse impact based on information
from a single repository immediately triggers a re-evaluation with information from all
three repositories at no additional cost to the consumer. In this manner, businesses could
continue to save on underwriting costs for consumers with very good credit, but
consumers with less than perfect credit would not be forced to continue to pay a high
price for inaccuracies, inconsistencies, or incompleteness on any one credit report.

C. Strengthen requirementsfor complete and accurate reporting ofaccount
information to credit repositories, and maintenance ofconsumer data by the
repositories, with adequate oversight andpenaltiesfor non-compliance.

Many errors in credit reports can be attributed to the practices of creditors and other
credit data users rather than to reﬁosnones. For example, some data furnishers may not
report to eveiy credit bureau. Others may consciously misreport or omit information
regarding an account in order to prevent other lenders from approaching a valuable
customer with competing offers (such as credit card lenders not reportm% the true
available credit amount so that the borrower appears to have a much higher debt-to-
available credit ratio and appears to pose greater risk when other lenders review the credit
report?. Appropriate government entities such as the Federal Trade Commission and
federal banking regulators should require accurate and complete reporting of credit
information to the repositories by any entity that uses credit data to make evaluations and
conduct regular examinations for compliance. In addition to scrutinizing reportm_?
entities, a government entity (such as the Federal Trade Commission) shou.d audit the
repositories’ records on a reﬁular basis to |dent|f?]/ data furnishers who report incomplete
or incorrect information to the repositories. Such activity should be subject to fmes or
other penalties for non-compliance. These audits should also assess the overall accuracy
ofdata maintained by the credit repositories, with appropriate fines or other penalties for

inaccuracy.

Some may perceive tension hetween consumers’ interest in keeping their information
private and their interest in having evaluations of their creditworthiness be based on an
accurate record oftheir past behavior. However, consumers generally objectto
information sharmg for secondary' purposes, not in the regulated Fair Credit Reporting
Act context, provided it is subject to Fair Information Practices. The cost of incorrect
information is high, and it is possible to simultaneously serve both consumer interests

reasonably well.

Not all providers ofconsumer services use credit records or credit scores to determine
consumer eligibility, or pricing. However, those that do should be required to complete
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the cycle of information and report complete and accurate information back to the credit
repositories. Information about any account that was underwritten with a report from one
or more credit repositories should be reported to those repositories as frequently as the
consumer is obligated to make payments. Collection agencies should be required to
report on the status of collections at least once every six months.

D. Establish meaningful oversight ofthe development ofcredit scoring systems.

Despite the fact that consumer access to, and pricing for, vital services such as
mortgages, general consumer credit, insurance, rental housing, and utilities is
increasingly dictated by the automated evaluation of credit, there is no government
oversight ofthe design ofthese systems. The calculations behind credit scores, a fact of

life for the American consumer, femain shrouded in secrecy.

The design of credit scoring systems involves a number of deliberate choices that can
have a dramatic impact on consumers and can result in systems that are flawed or unfair.
These choices can range from determining the relative impact ofvarious consumer
actions to establishing the system defaults for cases where information such as date of
last activity is not reported, to de3|gfn|ng the logic for interpreting public records or
contradictory information reported for an account,

A wide variety ofentities have developed scoring models3) including Fair Isaac and
Company, large mortgage lenders (such as Countrywide and GE Capital), the Federal
Housing Administration and Department of Veterans Affairs loan guarantee programs,
the Government Sponsored Enterprises &GSES Fannie Mae and Freddie Mac, private
mortgage insurance companies (such as PMI Mortgage Insurance Company and
Mort?a e Guarantee Insurance Corporation), and Insurance comBames_. However, the
only federal review ofthe faimess ofany such models was a HUD review ofthe GSE
systems conducted in 2000, the findings of which are expected to be released soon3l
hile the delayed release will limit the relevance ofthis review because the GSES have
made significant changes to their automated underwriting systems since the review was
conducted, we recommend other agencies follow this example and conduct full reviews

ofall scoring systems in the marketplace.

We recommend that appropriate government agencies, such as HUD, the Federal Trade
Commission, and state Insurance departments conduct regular, comprehensive
evaluations o fthe vaI|d|(tjy and fairness of all credit scoring systems, including any
automated mortgage underwriting systems, insurance underwriting systems, tenant and
employee scr_eean systems, or any other systems or software that uses credit data as part
ofits evaluation of consumers, and report to Congress with its fmdm%s. These
evaluations should be conducted and released in a timely fashion so that developers can
react to anr recommendations and so the reviews do nof become outdated as new
versions ofscoring software are developed and distributed. Strong oversight ofscoring

3 Straka, John. 2000. A Shift in the Mortgage Landscape: the 1990s Move to Automated Credit

Evaluations. Journal ofHousing Research. Volume 11, Issue 2.
3l Felsenthal, Mark. "HUD Secretary - mortgage software bias study out soon." Reuters. October 22, 2002.



systems that identifies and protects consumers from any abuses will foster consumer
confidence in these powerful and increasingly utilized evaluation tools,

E. Address important questions and conductfurther research.

In the course ofconducting this study, several questions arose which are not
comprehensively addressed in this report, but are deserving offurther attention and
research. This report primarily addresses the impact of wide variations in credit scores
and credit data on consumers who are seeking credit - particularly mortgaqes. Future
studies should explore the impact ofthese variations on insurance availability and
affordability, given the recent, dramatic increase in the use ofcredit scores as an
insurance underwriting tool. In addition, further research should address the impact of
data and credit score variations on consumers as a result of other applications, such as
tenant screening and employee screening. Additional research could assess the value to

consumers of fee-hased credit monitoring services.

Other topics raised in this report, but not exhaustively addressed, include determining the
value to consumers of credit re-scorlnq relative to other means of credit data validation,
the impact ofanh-_comaetltwe market forces surrounding credit re-scoring, the privacy
concerns surrounding the appearance of medical related information in credit reports, and
wazs to protect consumers from abusive applications ofsuch medical information. The
FTC should promptly develop and require a mechanism to obscure medical debtor names

in credit reports.

The Fair Credit Reporting Act prohibits states from enacting any laws that frowde
protections beyond those guaranteed by federal statute. On'January 1 2004 this
Provmon will expire, although the federal law will otherwise remain in place. Contrary
0 some characterizations, the entire act will not “sunset” on this date. This prohibition
on su_E)pIemen_taI state protections should not be extended, and ifany changes to the Fair
Credit Reporting Act are to be made at the federal level, they should result in greater
consumer protections and address the problems raised in this and other research.
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IX. Recommendations for Consumers

Many of the concerns raised by this study address structural issues regarding the system
of reportm?_land evaluating credit, which are beyond the scope of most consumers to
influence. However, there are some steps consumers can take to reduce the likelihood of
errors occurring, or to address them when they arise.

7 Maintain consistency in credit applications: use your full legal name when applying
for credit. Ifyou have a generational title (Sr., Ir., I1) always specify this.

? Review your credit record regularly %purchagmg_ a credit report and score from each
major credit repository once a year. The repositories can be contacted at the following
Ehone_ numbers and website addresses: Equifax (800)[ 685-1111 or Www.egmfax.com;
xperian (888) EXPERIAN or www.experian.com: Trans Union (800) 888-4213 or
Www.{ransunion.com.

? Prior to applying for a mortgage, consider obtaining a current copy of your credit
report and score from each major repository, and review it for errors.

?  Dispute any errors that appear on your credit report by contacting the credit
repository. However, avoid “credit repair” businesses that claim to be able to erase

valid items in consumers’ credit histories.

7 Don't underrate your credit. Ask for specifics ifa lender tells you that you have bad
credit and don’t qualify. Currently lenders do not have to tell you the specifics, or
show you the credit report that they review, but they are permitted to. [fa lender
Irefléses to talk to you about the specifics of your credit report, consider a different
ender.

7 Ifyou have complaints ahout ¥our credit report and are unable to have them quickly
resolv?ld, contact the Federal Trade Commission at 1-877-FTC-HELP or
www.flc.uov.
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EXECUTIVE SUMMARY

In 2002 the Washington State Legislature passed ESHB 2544, restricting the use of credit scoring in
personal lines of insurance underwriting. ESHB 2544 also directed the Insurance Commissioner to produce
two studies, on the effects of credit scoring before and after ESHB 2544. Toconduct the firststudy
mandated by ESHB 2544, the Office ofthe Insurance Commissioner hired independentresearch and
consulting services - PRR, Inc, and Washington State University’s the Social and Economic Sciences
Research Center, affiliated with Washington State University.

Three insurance companies each provided data on several thousand randomly chosen consumers. The

insurance company data included
©oage,
m (ender,
m residential zip code,
m (late policies started, and
m credit scores and/or rate classifications.

About 1,000 of each firm’'s consumers were contacted by phone. The phone survey gathered information

about

0 ethnicity,
m marital status,

m income level, and

*for 212 people whose policies had been cancelled because of low credit scores,
information about how cancellation affected them, and how difficult it was to
find replacement insurance.

Each of the three insurance companies used a different credit-scoring model. Only one insurance company
had cancelled policies solely because of credit scores, and that practice had already been discontinued when

the study began.

The purpose of the study was to find out whether credit scoring has unequal impacts on specific
demographic groups - not to determine whether low credit scores correlate with higher loss ratios, or
whether the use of credit scoring is inherently fair or unfair to individual consumers, or how accurate credit

history information is.

This study has very specific limitations:

m Because practices vary widely from one insurance company to another, findings
abolutOI credit soring in one firm may not apply to others. Principal variations
include:

The credit scoring model used:
The population to which it is applied, and
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TheI role of credit scoring in setting rates and assigning consumers to risk
pools.

“ Insurance companies vary in the way they set rates for people who do not have
enough credit h|sto_r?/ to compute a credit score. Some companies view this as a
negative factor, while others consider it a neutral factor.

m Certain ethnic groups in Washington have relatively few older people, making
it difficult to compare them with other ethnic groups in the same age range.

« Washington has a low overall percentage of people of color, which limits the
accuracy of the data for specific ethnic groups such as Native Americans.

m The study was based on records ofinsurance company customers, so it does not
provide information about people who were refused insurance based on credit

Scores,
m This study does not examine whether the credit information used to set rates is
accurate.

Findingsofthe study

The demographic patterns discerned by the study are:

1 Age is the most significant factor. In almost every analysis, older drivers have, on average, higher credit
scores, lower credit-based rate assignments, and less likelihood oflacking a valid credit score.

2. Income is also a significant factor. Credit scores and premium costs improve as income rises. People in
the lowest income categories - less than S20.000 per year and between S20.000 and S35.000 per year -
often experienced higher premiums and lower credit scores. More people in lower income categories also

lacked sufficient credit history to have a credit score.

3. Ethnicity was found to he significant in some cases, but because of diffc rences among the three firms
studied and the small number of ethnic minorities in the samples, the data arc not broadly conclusive. In
general, Asian/Pacific Islanders had credit scores more similar to whites than to other minorities. When
other minority groups had significant differences from whites, the differences were in the direction of
higher premiums. In the sample of cases where insurance was cancelled based on credit score, minorities
who were not Asian/Pacific Islanders had greater difficulty finding replacement insurance, and were more
likely to experience a lapse in insurance while they searched for a new policy.

4 The analysis also 'monsidcred gender, marital status and location, but for these factors, significant
unequal effects were far less frequent.
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Recommendations

This study indicates that there is a need for examination of more companies and larger samples of
consumers. Unequal effects are too common to be random events, but too varied across different insurers'
situations for a clear pattern to emerge. Results vary too much from firm to firm to support a clear estimate
ofthe overall size or pattern of unequal impacts on people of color, but the limited data studied do suggest
that such impacts may exist. Data also indicate that low income people are more likely than higher income
people to have their premiums raised as aresult of credit scores.

Other aspects o f credit scoring outside the scope of the data in this study - such as insurer refusals based on
credit scores, and inaccuracy in credit scons- should also be investigated.
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BACKGROUND

Since the mid-1990s, many insurance companies have been using consumer credit history as one ofthe
factors they consider when they make decisions about how much to charge for auto, homeowners' and
renters’ insurance, and when to cancel or non-renew insurance policies.

Because credit scoring increases premiums for some people and reduces premiums for others, this practice
has generated vigorous debate. Questions have been raised about the validity o f credit history as a predictor
ofrisk, its fundamental fairness, and the impact of credit scoring on people of color and the poor.

Insurance companies contend that there is a correlation between lower credit scoresland higher loss ratios.
Therefore, insurers argue, using credit history is fair, and benefits consumers whose good credit scores
indicate lower risks. Insurance companies also argue that using consumer credit history is non-
discriminatory because it is “color blind,” and because there is no consistent correlation between level of

income and credit score.

Consumer groups contend, however, that while credit scoring may not be intentionally discriminatory

against people of color and the poor, it may nonetheless produce disparate impacts that unjustly harm these
groups. Consumer groups also note that the data in credit reports are often inaccurate, and that the process
for correcting inaccuracies is cumbersome and time-consuming, especially for those whose time is already

stretched by work and family obligations.

Moreover, credit scoring models and how they are used vary from one insurance company to another.
Therefore, it can be very difficult for consumers to know how they are affected when credit scores are used
as one element in acomplex formula for determining rates or assigning consumers to risk pools.

Since 1996. insurers’ use of credit scoring has increased, and so has the intensity of the debate about this
practice, in 2002,26 state legislatures considered bills to regulate or restrict this practice, and The
Washington State Legislature adopted ESHB 2544. (Described in more detail below.)

In 2001, the National Association of Insurance Commissioners (NAIC) formed a work group to study this
issue, to develop regulatory options, to provide consumer information, and to consult with the Federal
Trade Commission (FTC) and the American Academy of Actuaries. Washington Insurance Commissioner

Mike Kreidler co-chairs this work group.
The NAIC workgroup has already achieved two specific changes:

The FTC has reiterated, in a strong public statement, that insurers must provide notice to consumers
when an action, which is based on credit score, adversely affects them. Prior to this statement, insurers

maintained that certain actions, such as not offering the lowest price, were not necessarily adverse

actions.

At the request of the NAIC, the American Academy of Actuaries has evaluated four studies on
insurance credit scoring. They concluded that these studies do not directly address the issue of whether
this practice has a disparate impact on people of color and/or the poor. This is significant because
insurance companies have cited these studies as evidence that insurance credit scoring does Not have a

disparate impact.

1Credit scores used in insurance are not the same as determinations of "credit worthiness" for mortgages,
credit cards, or other loans. Credit scores arc based on the same raw credit information used for those
purposes. However, the various components of credit history arc considered or “weighted” differently for
insurance purposes than they are for credit worthiness. Which particular components of credii activity are
considered, and the relative weighting o f each component, depend upon which of many different statistical

scoring models are used.
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According to the Washington State Office ofthe Insurance Commissioner (OIC), consumers have
submitted 374 written complaints involving credit issues between 1989 and 2003, and 82% of these
complaints were received between 1997 and 2002. The OIC also reports 1,164 consumer phone calls about
the use of credii scoring. In addition, the OIC has received numerous calls from concerned insurance
agents about their inability to find insurance for people they believe to be good risks, but who have less

than perfect credit scores.

The following accounts indicate why some Washington residents are concerned about the use of credit
scoring in insurance.
m A Lacey couple was denied the best credit score because they pay all their
credit cards in full each month.

m A Seattle man suffered injuries from an accident involving a drunk driver.
After twelve surgeries and steep medical bills, he and his wife missed some
ﬁayments on their bills. The wife is frustrated because she feels she shouldn't

ave to pay as much for their insurance as the person with the DUI.

“ A Seattle area divorced mother sought bankruptcy protection when her ex-
husband defaulted on his business debts and she was in danger of losing her
home. Now, because of her ex-husband's actions, her credit score has
plummeted and she is required to pay much more for her insurance.

m An American citizen established good credit in Canada, where he lived for 21
years. He recently moved to Washington and is having trouble finding
reasonably priced auto insurance because insurers claim he has no credit

history.

m A 50-year-old woman who has never had a traffic accident or a ticket was laid
off from an Air Force installation where she had worked for 23 years. Her

credit suffered because of her unemployment.

m A firefighter had to file bankruptcy during a dispute over his parents’ estate
because his brother was embezzling assets. Subsequently, he was not renewed
by his insurance company because of his credit score.

ESHB 2544

In 2002, Insurance Commissioner Mike Krcidler, Attorney General Christine Gregoirc, and Governor Gary
Locke requested legislation restricting the use of credit scoring in personal lines of underwriting and rate-
making.* In response to this icqucst, the 2002 Washington State Legislature enacted ESHB 2544, now

codified in RCW 48.18.545 (effective January 1, 2003) and 48.19.035 (effective June 30, 2003).
ESHB 2544 restricts the use of credit scoring in several ways:

1 Insurance companies may not cancel or non-rcnew a person's insurance solely because of his or her

credit history;

2. Credit history may not be the principal basis for denial of insurance;

3. The calculation o fcredit scores may not include

* Personal lines of insurance include home, auto, and renter’s insurance.
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the number of credit inquiries;

m medical bills;
" the initial purchase or financing ofa vehicle or home;

m the type of credit, debit, or charge card;

m total available credit;
o disputed credit items (once resolved in the consumer’s favor); and,

m [ack of credit history, unless actuarial data show that the resulting rates are not
excessive or discriminatory.

In September, 2002, the Insurance Commissioner issued rules to implement the new law. The rules define
and further clarify the notices that must be provided to consumers when an adverse action is taken against
them based on credit history. The rules also specifically d irect insurers to file their credit scoring models
with the Insurance Commissioner. Under the terms o f ESHB 2544, these credit-scoring models are
considered proprietary information that will be kept confidential unless the Insurance Commissioner

undertakes an enforcement action.

ESHB 2544 also directs the Insurance Commissioner to produce two studies - the first due in January,
2003, and the second due ayear later. The first study is areview and analysis of insurance credit scoring

that includes:

1 The types of consumers who benefit from or arc harmed by the use of credit history as a basis for
insurance rating and underwriting;

2. The extent to which the use of credit scoring affects rates charged;

3. Whether insurance credit scoring results in discrimination against the poor or people of color.

This study focuses solely on auto insurance, and is designed primarily to address the third of these topics:
effects upon the poor and people of color. In addition, it provides some information about the first topic -

the general pattern of positive and negative effects from credit scoring.

The second report, due in January, 2004, will analyze how the implementation of ESHB 2544 has affected
consumers.

Effect of Credit Scoring on Auto Insurance Underwriting and Pricing 6



METHODOLOGY

Credit reporting agencies, which are regulated by the Federal Fair Credit Reporting Act, sell credit-scoring
services to insurance companies. These credit scores are used by insurers to decide whom to insure and
how much premium to charge. A credit-scoring model takes personal credit history, and converts that data

to a “credit score” using a complicatea statistical formula.

These models are hased on past patterns of credit behavior that have been correlated with
insurance claims. Although credit-scoring models use the same raw data on which credit
worthiness is determined for mortgages, credit cards, and other loans, they use it
somewhat differently. The various components of credit history are considered or
“weighted” differently for insurance purposes than they are for credit worthiness. The
particular components of credit activity considered, and the relative weighting of each
component, depend upon which of many different statistical scoring models is used.

This study collected empirical evidence on the demographics of credit scoring, and evaluated the incidence
of credit scoring effects on certain demographic groups.

The data used in this study were based on records of policyholders who were insured by three insurance
companies. Because of this reliance on customer records, this study cannot assess the impact of
underwriting actions where individuals were denied coverage, nor of situations where an individual was
qguoted such a high price for coverage that they chose not to buy it from that insurer.

The statistical models used for computing credit scores are very complicated, and are considered
proprietary assets by credii reporting agencies. Many variations of credit scoring models exist, and insurers
often request that models be customized to fit their customer base, service area, and underwriting practices.
Thus, there is no single credit-scoring model about which definitive conclusions can be reached. For
examples of the factors used in credit scoring models see Appendix A. Different insurers use these factors

in different ways in underwriting and pricing.

The primary focus ofthe analyses in this report was the relationship of negative effects to ethnicity or
income characteristics. In both cases, analyses were done on an age-adjusted basis. Multivariate models
also evaluated the possibility of effects by gender, marital status, and location.3

The results of this study begin to describe the range of possible results from credit scoring, but arc directly
applicable only to the three firms whose customer data was used.

None of these analyses could determine whether the shifts in costs (lower costs for people with higher
credit scores: higher costs for those with lower or no credit scores) for a specific demographic group were
correlated with higher risks or claims for that group. This study examines the question of whether the cost

shifting affected all demographic groups equally.

Data

Three insurance companies each provided data on several thousand randomly chosen consumers. Each of
the three insurance companies used a different credit scoring model. Only one insurance company had
cancelled policies solely because of credit scores, and that practice had already been discontinued when the

study began.

3Two location distinctions were tested: Eastern Washington versus Western Washington, and inside a
federal Metropolitan Statistical Area versus outside such areas. Federal Metropolitan Statistical Areas
include counties with either major urban centers or significant suburban populations related to major urban

centers.
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The insurance company data included
m age,
m (ender,
m residential zip code,
m (late policies started, and
m credit scores and/or rate classifications.

About 1,000 of each firm’s consumers were contacted by phone. The phone survey gathered information
about

* ethnicity,
m marital status,

m income level, and

m for 212 people whose policies had been cancelled because of low credit scores,
information about how cancellation affected them, and how difficult it was to

find replacement insurance.

Statistical Methods

The primary statistical methods used were linear and logistic multivariate regressions. Linear regressions
calculate the best statistical “fit" among factors when they have arithmetic relationships; for example, when
one factor tends to rise whenever another falls. Linear regressions were used to estimate the relationship
between demographic characteristics and numerical outcomes or measures, such as credit scores or
discounts. Logistic regressions calculate the best statistical “ fit" among factors that influence a probability.
For example, the models estimate how much an increase in a particular factor changes the probability ofan
outcome event. Logistical regressions were used to estimate relationships when the outcome under study
was a categorical yes/no. such as being placed with a higher cost pool, having no usable credit file, or

having a policy cancelled.4

Multivariate regressions are used to simultaneously estimate the strength of multiple relationships among
factors. For example, success in some sports may be a function of an athlete’s physical characteristics,
such as height and speed. Because longer legs cover more ground, the two often go together - but not
always. Separately comparing performance by height and by speed will overestimate the effect ofeach. A
multivariate approach produces a pair of simultaneous estimates for the separate contribution of each factor
without “double counting" the same performance for someone who is both tall and fast.

Multivariate procedures are essential to this study because o f the inter-relationship of age with income and
ethnicity, income generally rises with age, up until retirement age. In Washington State’s population, many
ethnic minorities have arrived in substantial numbers over the last few decades. As aresult, there are
relatively few older minority members in the population. If data arc considered only by ethnicity, any

* In many cases, stepwise regression procedures were used. With stepwise regression, factors are added
sequentially to the model. At each step, all of the statistically significant factors not yet included are tested
for inclusion in the model equation. The factor which most improves the fit of the model is then added.

This process is repeated and continues until all not-yet-included factors would not be statistically
significant ifadded to the model. The standard probability value of.05 was used as the statistical

significance criterion.
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practice where older individuals have better results than yrunger ones can be misinterpreted as having a
negative effect on minorities.

Because there is a substantial history in law and practice supporting higher risks and therefore higher
premiums for younger drivers, age effects that favored older drivers were treated differently in this study
from other demographic patterns. Analyses to detect other patterns were done on an "age-adjusted" basis
so that age-related patterns were not mistakenly classified as unequal effects on groups based on income,

race, gender, marital status or location.

Sample Size and Frequency o fResponse

The sampling frames for telephone surveying were developed from contact information for random
samples o fcustomers from each ofthe three firms. The first step was to use the services of Experian to
check and update the telephone numbers for those in the lists. This step resulted in approximately 10% of

the telephone numbers being updated.

The goal was to obtain aresponse rate of approximately 50%. Names were initially selected from the
sample lists, and then five attempts to reach those telephone numbers were conducted on various days of
the week and at various times o fthe day to control for sampling bias. Additional potential respondents were
randomly selected from the sample lists only after five attempts without a successful interview, or when a

disconnected or wrong number was determined to be non-traceable.

Non-Response to Specific Questions

Some of the survey respondents declined to answer specific demographic questions.
respondent was not the policyholder and did not know some of the requested information. The following
table indicates the “decline” and “don’t know” percentages for the income question. Refusal and “don’t
know” rates on all the other items were substantially lower. These results are consistent with typical refusal
rates for such demographic questions. In fact, the refusal rate for the income question was about halfof

what is normally experienced.

In come cases, the

Figure 1
Percentage Who Answered Refused or Don't Know

Firm 1 Firm 2 Firm 3

Cancelled/High

General Sample
Score

Income 10.70% 7.5%% 8.80% 8.90%

Developing and Selecting Regression Models

Although the questions posed for this study appear clear and direct, answering them is
complicated. Each insurer had different practices and provided different data. Company
policies changed in important ways during period under stu_d?/. The relationship between
credit scores and factors such as income can take several different forms,5which expands
analysis beyond a single test ofa single variable. The results presented in this report

5Credit score might double when income doubles. Or, credit score might rise whenever income rises, but
not at a constant rate. As an example, doubling alow income might be associated with a credit score
increase of50%, while doubling a middle income might be associated with a much smaller credit score
increase, like 20%. Or very low-income individuals might have lower credit scores than middle and upper
income individuals, among whom income makes no difference at all.
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were selected after investigation of many alternatives as providing the most accurate and
representative picture of the relationship between credit scoring and demographic

characteristics in these samples.

Strength ofthe Results

The multivariate regression models only explain a fraction o f the variance in score or discount found in the
sample population. The strength of the relationship estimated in multivariate, models are measured using a
statistic called R-squared. |fthere is no correlation, the R-squared would be 0. |f the model combined
several factors to produce an exact prediction of each policyholder’s score or discount, the R-squared
would be 1.0. R- squares for the regressions for this report range roughly from 0.04 to a 0.3, with most
between .05 and 0.15. (See Appendices C through E) This indicates that while there are statistically
detectable patterns in the demographics of credit scoring, most o fthe variation among individual scores is
due to random chance or other factors not in this data.

Some o fthe correlations with specific factors are strong and consistent. In particular, there is a strong
positive correlation with age: older individuals tend to have more positive credit scores and score-
influenced insurance effects. Other correlations are not as strong, as noted in the discussion of individual

analyses.
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THE ANALYSIS

Firm |

Questions

The first review involved three questions:
Are credit scores independent o f demographics?
What were the effects of credit-based policy cancellations?
What is the pattern of credit scores among this insurer’s policyholders?

Structure

Policyholder information was provided which covered three periods, during which the company had three

different policies on the use of credit scores.

Period One: For atime, the i ompany was terminating coverage of some policyholders based on

1-
negative credit score information. A sample of policyholders cancelled during this period was

provided.

Period Two: The company discontinued credit-based cancellations, but continued to acquire credit
scores on all policyholders and applicants, using this information for risk and rate assignment. A
random sample of all policyholders was provided for this period. In addition, a sample of very
high credit score policyholders was provided for this period. This sample was used for comparison

with the cancelled policyholders.

Period Three:The company shifted to using credit scores selectively, acquiring this information
only on a fraction of new applicants. How these individuals were selected or how the information
was used is not known. A small random sample of policyholders who were first covered during

this period was included.

Cancelled and High Score Samples

The samples surveyed included cancelled policy holders (n = 212), as well as those with the highest credit
scores (N=217), providing a margin of error of approximately of +/- 5% for ayes/no question.” The
response rates for those cancelled and for those with high scores were 66% and 71% (respectively), of

those whom the interviewers tried to contact.

General Sample

The survey ofthe general sample of policyholders resulted in 996 responses.
ofthose whom the interviewers tried to contact. This sample sizes provided a margin of error of

approximately +/- 3 percent for a yes/no question.

Data Provided
In addition to age, gender, and zip code, the insurer also included credit scores and policy start dates.7

Three separate samples were provided:
1- Policyholders previously cancelled because oflow credit scores

2-  Current policyholders with very high credit scores, and

The response rate was 61%

6 This means that we can be 95% confident that the survey results for a typical yes/no question are within
+/-5% of the results we would get if we surveyed the entire population. A confidence level of 95% means
that only once in 20 times would we be wrong in making this assumption.

" As well as some driving record information that did not play a major role in this analysis.
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3- A random sample of current policyholders.

Period 1

Demographics of Cancellation

To determine whether credit scores were independent of demographic characteristics, the sample of
cancelled policyholders was compared with a sample of policyholders from the extreme high end of the
credit score spectrum. Credit scores ranged over a scale of about 560 points. The threshold for policy
cancellation included the bottom 0-150 points on that scale.8 The sample of very highest credit scores were

all within 20 points of the maximum, ranging from 540 to 560.

The dominating statistical difference was age. There was almost no overlap in the ages o f the two groups.
Ninety percent of the cancelled policyholders were under 55; in contrast, 93% o f the highest scoring
policyholders were over 65. Given this near-total separation ofthe two groups, there was very little
potential to determine what other differences existed between the groups. P

These two samples were so different that we can conclude that credit scoring is definitely not totally
independent o f demographic characteristics. However, age differences so dominate this comparison that no
definitive conclusions could be reached about possible demographic differences other than by age.

Survey Data on Cancellations in Period One

The phone survey asked cancelled policyholders additional questions about the
consequences of cancellations. The key results were;

m Five percent ofthose cancelled could not obtain replacement coverage.

m Over a quarter experienced a period ofno coverage between the expiration of
the cancelled policy and obtaining a replacement policy. This hada Fartmular
(statistically significant) impact on minorities. Minority cancelled policyholders
more often reported a period of lapse in insurance coverage hetween
cancellation and obtaining new coverage. A substantial 54.3% among
minorities reported a lapse in insurance coverage, compared to 24.2% of

whites.

m Qver 40% reported that obtaining replacement insurance was “very difficult."
Higher premiums and applications to multiple insurers often resulted.

m Less than half reported that the letters they received from insurers adequately
explained the reasons for cancellation.

m Over one quarter of those cancelled for low credit scores had no “incidents” in
the insurer's records, though some had been with the insurer for more than ten
years. S_eventteen prrcent of apparently accident-free cancelled policyholders
Wwere minorities.

gSome additional cases with higher credit scores were also coded as having been cancelled for credit score
reasons, although their recorded credit score was above the cancellation cutoffindicated by the firm.

"To the very limited extent that the two samples overlapped, the cancelled policyholders included more

minorities, more single/divorccd/scparated individuals, and more very low-incomc individuals. However,
the dissimilarity of the samples makes these findings inconclusive.
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Period Two

Period Two had the largest sample of any of the three policy periods covered in the data.

Credit Score
In Period Two, non-zero credit scores varied over arange ofabout 535 points.10 Age was the dominant

demographic factor associated with credit scores.110n an age-adjusted basis, there was no statistically
significant relationship between credit scores and ethnicity or income.

Score of Zero

Inadequate credit files resulted in scores ofzero, which presumably had a negative effect on rate
classification. The only statistically significant association was that very low-income policyholders were
much more likely to have insufficient credit history. Overall, only about one in 25 policyholders had a zero
score, but for those in the lowest income group (less than 525,000 annual income), those probabilities shift

to one in five.

Period Three

Credit scoring was only performed selectively, and the sample was too small to determine either the
demographics ofthose selected for credit scoring or the patterns o f their scores.

Firm 2

Questions

Based on the findings from the first review, the principal questions were to determine the demographic
pattern ofboth credit scores and the economic effects ofthose scores. Effects on policyholders with scores
of“zero" due to inadequate credit history were identified as requiring separate analysis.

Structure

Firm 2's application of credit scoring was the simplest to analyze. Results for this firm have the fewest
technical complications. This firm used credit scores to determine discount percentages from rates
otherwise determined by tradiiional underwriting criteria, so the effect of credit scores is clearly
represented by the distributior. of discounts. The firm did not implement other major changes in rate
setting at the time they implemented credit scoring. As aresult, there is a subsiantial population of

policyholders carried forward from the pre-credit scoring period.

This firm also had a significant number of policyholders with insufficient credit files. After discussion with
the Office of the Insurance Commissioner when they filed their rating plan, the firm chose to rate such
individuals at approximately the average discount given to all other customers. So, although we have
separately analyzed the demographics associated with their “zero score” policyholders, it is not clear that

having a"zero score” has a negative impact on those insured by this particular firm.

Sample

The survey resulted in 1,000 responses. Among those contacted, 72.6% agreed to participate. This
constituted 43.3% o fthose whom the interviewers tried to contact. This sample sizes provided a margin of

error of approximately +/- 3 percent for a yes/no question.

Data Provided

In addition to age, gender, and 2ip code, the insurer provided data on credit score, rate category, discount,

InThis credit score scale did not start at 1 but at an arbitrary higher number.
Il On average, every ten years of age was associated with an increase in credit scores ofapproximately 37

points (out o f535).
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score order dale, unusable thin or nonexistent credit record, and policy start date.i:
Analyses

Premium13
Rate adjustments based on credit scores ranged from 17 % below average to 33% above average. Age was
the more strongly correlated with credit-based rate adjustments than any other demographic factor
considered.

Ethnicity
There were statistically significant differences, on an age-adjusted basis, for two ethnic groups, when

compared with the majority ethnic group, Caucasians:

Credit scoring affected rates for two ethnic groups:4

m Rates for Asian/Pacific Island policyholders were reduced by about 5.5% ofthe
average rate, relative to whites of similar age.

m Rates for Native Americans were higher by about 15.8% of the average rate,
relative to whites of similar age.

Income

Credit scoring raised the average costs for poor Bolicyholders. relative to affluent
Pohcyholders. Across the entire income range, better-off policyholders had more
avorable rate adjustments on average.

The poorest policyholders (under-520,000 annual income) averaged rate increases of
about 4% relative to the rates charged the 550,000 to 575,000 income group.
Policyholders in the top cate%org, 1 50,000 and up annually, averaged rate declines of
about 4% relative to the 550,000 to 575,000 income group. These differences are

adjusted to compare individuals of similar age.

Combination ofEthnicity and Income

Because ethnicity is associated with lower incomes among this Firm’s customers, the two effects cannot
simply be added together to calculate, for example, the total average effect for policyholders who are both
Native American and poor. The effects are slightly overlapping. So, on average, credit scoring raises the
rates o f poor Native Americans more than the rates of other low-incomc policyholders, but by less than the

sum of4 % and 15.5%.15

Zero Score

Ethnicity
After adjusting for the differences in the age composition of ethnic groups, there were no statistically

As well as some driving record information not used in this analysis.
1 1T'his analysis for effects on premium adjustments considered only those with non-zero credii scores.
14 Two different age adjustments were fitted, with nearly identical results.
15The overlap reduces the effect to about 1.3 percentage points less than the sum of the separate effects.
Low income Native American averaged about a 14.4% increase, relative to the low-incomc white
population. The income effect declines slightly in the combined regression estimating both ethnicity and
income. Credit scoring is estimated to have raised average rates for very low income Native Americans by
about 18.2% relative to mid-income (S5Q-S75.000) white policyholders ofsimilar age.

14
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significant differences in the proportions o f different ethnic groups who had azero credit score.

Income

Credit scores of zero were more common among policyholders in the two lowest income categories. The
overall probability of having a zero score was 28%. If a person had that average probability (28%) at
middle and upper income levels, at low-income levels the same person would have a higher likelihood ofa

Zero score:

48% if the group had annual incomes between S20,C30 and S35.000, and
76% if the group had annual incomes between S20.000 and 535,000.

Firm 3

Sample

The survey resulted in 978 responses. Among those contacted, 87.0% agreed to participate. This
constituted 63.0% o f those whom the interviewers tried to contact. This sample provided a margin of error
of approximately+.3 percent fora yes/no question.

Questions

Based on the findings from the first review, the principal questions were to determine the demographic
pattern of both credit scores and the economic effects ofthose scores. Effects on policyholders with scores
of“zero" due to inadequate credit history were identified as requiring separate analysis.

Structure

This firm uses credit scoring in two ways.
First, in combination with other traditional underwriting factors, credit scores are used to assign
applicants to either the standard risk pool or a higher-cost pool. O fthe sample reached by phone
interviewers, 362 had been placed in the non-standard higher rate pool, and 616 with the standard

rate pool.
Second, within each pool, a credit-based score is assigned, and this score is used as a starting point

for determining a premium rate.

Data Provided

In addition to age, gender, zip code, and policy binder date, the insurer provided data on the insurance pool
customers were placed in, and which of five “bands" or tiers their credit score placed them in.16 There was
no identification of individuals with insufficient credit files to generate a score. However, the insurer
places such policyholders in the next-to-lowest band, with premiums '-ughcr than average, but lower than
their maximum. Therefore, the analysis of premiums shifts for this firm examines two effects of credit
scoring in combination. It analyses the combined effect of both the direct influence through credit scores
and the indirect influence through classification of those with score ofzero due to inadequate credit history.

Analyses
Assignment to Risk Pool

The first step, assignment to regular or high-cost pools, was evaluated for demographic patterns. However,
this step involves not only credit information, but also other driving-related data. Therefore, we cannot
conclude that any identified unequal impacts were caused by credit scoring. These impacts might result,
partly or entirely, from the driving and insurance histories of the firm's customers, and not from their credit

scores.

16 Also included was information on type of insurance and fin?’ -emium classification, which was not used

in this analysis.
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The effects of this combined credit and driving evaluation are quite marked demographically. People were
more likely to have credit scores of zero if they were young, poorer, African American and/or Hispanic.l'
However, because this is not a purely credit-based determination, it cannot be concluded that this unequal
impact results from credit scoring.

Premium Levels

The firm’s premium rating process, which relies solely on credit scoring, was evaluated separately for each
ofthe two insurance pools.

Lower Cost Pool- Ethnicity
Credit score information raised Hispanic policyholders' rates by an average of4% of average premiums,
relative to white policyholders of similar age.1

Lower Cost Pool- Income
There was no statistically significant connection between income and rate adjustments based on credii

information, with or without adjustment for differences in age distribution.

High Cost Pool- Ethnicity
Credit score rating raised rates for two ethnic groups:
For Blacks, by 5.6% of average premium, relative to whites ofsimilar age,
For Native Americans, by 8.6% of average premium, relative to whites of similar age.

ILiph Cost Pool Income

There was no general correlation between income and credit score rate adjustments across all income
levels. However, for those with incomes below S20,000, analyses consistently indicated rates about 2%
above other income groups, even with adjustments for age and ethnicity. While this difference was
consistent, it was not always statistically significant, depending on the technical specifics o f the model.

High Cost Pool Overlap o fEthnicity and Income
In acombined analysis including ethnicity, age and income, the effects do not cancel each other out. So the
results can be thought of as additive.19

See Appendix Efor coefficients and regression details.

1 The proportion of individuals placed in the higher cost pool was 37%, or overall odds of about 3-to-5. If
awhite person ofa particular age had this average probability (37%) of having a zero score, an otherwise
similar black person had a 60% probability, and a Hispanic person, a 69% probability. If a person with a
S65.003 annual income had the average probability ofa zero score (37%), the average person of the same
age with an income of S30,000 would have a 50% probability of a zero score.

Ih Smal | numbers ofethnic minorities, and the refusal of some of those few to provide income information,
made it impossible to measure the possible interaction of ethnicity and income with any certainty.

In fact, the estimated difference for African-Americans and Native Americans gets slightly larger in the
combined analysis. The combined effect for poor African-Americans is 8.5%, and the combined effect for
poor Native Americans is 11.3%. Paradoxically, while the factor for Native Americans both gets larger it
also exceeds the statistical significance limit of .05, rising to .066. One of the consequences of the
relatively low numbers of minority groups in the samples is that small changes in data or analytic models
can change the results of statistical significance tesB.
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CONCLUSIONS

Based on these analyses, it is probable that credit-scoring impacts are not equally distributed across
demographic groups. In almost every multivariate analysis, some groups were significantly associated with
differential effects that have economic consequences. Although there were considerable differences among

the models, it did not appear to be mere random variation.

The demographic effects varied significantly among the three insurers studied. Assuming that these three
insurers arc representative of insurers in general, substantial variation among insurers should be generally
expected. Based on the variations found in these three firms, and on a limited literature review, variation in

effects is likely due to differences in:

a.  The credit scoring model used,
b. The population to which it is applied, and
c. The role credit scoring has in the insurer's underwriting and ratemaking processes.

Therefore, an overall conclusion that credit scoring generally does or does not have a particular consistent,
quantifiable, unequal negative effect on certain demographic groups is premature. Possible negative effects
will have to be directly evaluated using data on the outcomes for each insurer’s practices and clientele, at
least until there is more understanding of when and why particular unequal impacts result.

Classification based on credit score is not identical to classifying people based purely on demographic
groupings. Rather, dcmographically unequal impacts appear to be significant side effects of credit scoring.
No large demographic group has uniformly low credit scores. However, low credit scores may be much

more common in some groups than others.

There are other potential negative consequences of credit scoring that are beyond this study’s scope.
Possible demographic inequality in decision about whom to insure is one such possibility. Erroneously
identifying individuals for higher risks and premiums based on information unrelated to risks is another.
Another pos-oility is inaccurate credit scores due to inaccurate information in fnc credit history systems.

Specific Demographic Patterns

Age is Most Significant

In most analyses, older drivers had, on average, higher credii scores and lower probability of a zero credit
score.2) Because this pattern favors older drivers, and using youth as a risk factor for auto insurance has
well-established legitimacy, age was considered mostly as an adjustment factor when analyzing the
correlations of other characteristics with credit scores. Analyses for patterns in other demographic
characteristics were done on an age-adjusted basis, except where testing demonstrated that age was not a

significant factor.

Other Key Characteristics

Possible negative effects on ethnic minorities and low-incomc individuals were of particular concern in this
study. The relationship ofincome and ethnicity to credit scores was much less consistent than the
relationship between age and credit scores. It is possible that one implemcntatioi A credit scoring has
significant effects in these areas, while another implementation docs not. Larger samples and studies of

additional insurers might clarify the patterns among these factors.

There is some evidence that the age effect flattens at the lower end, and that those under 30 do not have
worse credit associated scores and impacts than those aged 30-40, but this is complicated by age-related
differences in the percentages not having a usable credit score.
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1. Income

Income was the second most frequent factor o f statistical significance, whether as a general tendency for
credit scores to get better with rising income, or as a tendency for those in the lowest one or two income
categories to have negative effects. In some cases, lower income was also associated with higher
probability of receiving azero credit score due to lack of credit history.

2. Ethnicity

Ethnicity was also found to be a statistically significant factor in several cases. However, the relatively
small numbers of ethnic minorities, arid the number of refusals and unclassiftable survey responses made
this very difficult to pin down. In general, the Asian/Pacific Islandtr individuals had credit effects more
similar to whites than to other people o f color. For non-Asian/Pacific Islander minorities, in those cases in
which ethnicity differences were found to be significant, the differences were in the direction ofhigher

costs for ethnic minorities.2

Other Factors Insignificant

Statistically significant results for gender, marital status and location were sufficiently infrequent that, if
these three firms are a representative sample, less attention needs to be paid to possible patterns of negative
effects for these groups. However, other reports indicate that some other insurers include credit
information on additional drivers beyond the named policyholder in their credit scoring processes. It would
be important to fully evaluate possible gender and marital status factors in studying insurers employing

such practices,

21 The lowest categories were “less than S20.000 per year" and “S20.000 to S35.000 per year."

** The consistency with which estimated effects for most minorities were in the direction of higher costs is
one of the reasons this report recommends serious study and further investigation with larger samples.
While estimated ethnicity effects often failed to pass tests for statistical significance, they were almost
always in the direction of higher costs for minorities, except for Asian/Pacific Islanders.

Effect o fCredit Scoring on Auto Insurance Underwriting and Pricing 18



APPENDIX A

TransUnionReason Codesfor Negative Or Derogatory Credit
Reports

Excessive or unknown amount owed on accounts
Recent delinquency

Absence of revolving credit accounts

Too many accounts with baknces

Too many finance company accounts
Too many recent credit checks

Too many new accounts
Proportion ofrevolving balances to revolving credit limits is too high or there are no revolving credit

accounts
Excessive amount owed on revolving accounts

Insufficient length ofrevolving credit history

Delinquency date too recent (or date unknown)

Insufficient length of credit history

Delinquency

Recent derogatory public record or collection

Past due balances

Delinquency, derogatory public record or collection

Presence of collection accounts

Too many revolving accounts with balances

Date of last credit check too recent or unknown

Insufficient time since most recent account established
Unfavorable number of installment loan accounts

Too many installment loan accounts with outstanding balances
Insufficient time since most recent installment loan established
Too many accounts with high credit amounts

Proportion of loan balances to installment loan amounts is too high
Unfavorable number of real estate accounts

Too many new or existing finance company accounts

Prior installment loan delinquency or no installment loans present
Unfavorable percentage or open revolving accounts to all other accounts
Presence ofdelinquency, public record or collection

Delinquency on open revolving accounts

Finance company account opened recently

Unfavorable number o f accounts

Unfavorable length of time since most recent retail account opened
Too many recently active finance company accounts

Unfavorable number of recently active accounts

Unfavorable number ofrevolving or open accounts

Unfavorable number of adverse public records
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APPENDIX B

RangeofDemographicsin threeinsurers clientele®

Race

Low High
Black 0.3% 3.3%
Hispanic 157, 7.4%
Caucasian 77.3% 94.3%
Asian/Pacific Islander 2.6% 9.1%
Native American 0.8% 1.5%
Multi-Racial 04% 11%
Other 0.4% 0.7%
M arital Status
Single. Divorced, Separated 22.5% 44.9%
Married/Widowed 55.1% 77.5%
Gender
Male 46.6% 66.0%
Female 34.0% 53.4%
Geography
In Eastern Washington 1309 16.2%
In Metropolitan Statistical Area 76.0% 85.2%
Age Distribution
Under 30 6.4% 30.1%
Between 30 & 40 11.4% 26.7%
Between 40 & 50 21.1% 28.3%
Between 50 & 60 13.7% 22.5%
Between 60 & 70 5.5%. 17.2%
70 & Up 3.9% 17.2%
Annual Income
Under S20.000 13.0% 23.9%
$20,000-535,000 19.2% 27.1%
S$35.000-S50.000 20.8% 23.1%
S$50.000-S75.000 16.7% 21.3%
S75.C30-S 100.000 5.4% 11.5%
$100.000-S 150.000 2.9% 7.6%
Over S150.000 2.3% 4.2%

' Estimated from Telephone Survey Samples
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APPENDIX C

Firm 1Regressions for effect on credit score
Notes:

The dependent variable is credit score

Credit scores varied by 535 points, from lowest to highest

Ethnicity and Income
Notes:

Both Ethnicity and Income were not found to have statistically significant correlations with credit scores in

this case.

Correlation with Age and other factors is shown in the regression described below.

Linear Regression

Sample N 889
R Square 0.303
Adjusted R Square 0.300
Unstandardized SEt:‘rT)(:%? Standardized T- Range Of

Coefficients Coefficients Statistic Values

Coefficient

Age at Rating 3.696 0.199 0.529 18.620 22-98
Married Female 15.79C 5865 0076 2692 0'1
-17.820 1.747 -0.065 -2.300 01

Eastern Washington

Constant 518528 11064 46864

*Bolded entries in the first and last columns indicate statistically significant variables.

Effect ofCredit Scoring on Auto Insurance Underwriting and Pricing

Sig.

0.000
0.007
0.022
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Calculation of Change in score
Notes:

The Coefficients for Married Females and Eastern Washington residents are directly interpretable as:

m  Plus 16 points or. average for married women, after adjusting for age and proportion living in
Eastern Washington

' Minus 18 points on average for Eastern Washington residents, after adjusting for age & proportion
of married females

The results for married females appiy to those cases in which they are the lead policyholder or "named

insured".
Example Used In Footnote
Coefficient
oetficien Shift Measured .
(Change per . Credit Score
one unit of the Ygars of Age Points
Factor) difference
Age at Rating 3.69£ 10 37.C

Firm 1Regression for havingacreditscore of zero due to

INADEQUATE CREDIT HISTORY

Ethnicity

Evidence That Correlations With Ethnicity Are Not Statistically Significant At This
Sample Size

Note:  The dependent variable is the categorical outcome of having a credit score of zero. Coding 1=
having a score of zero.

Logistic Regression

Sample N 917
Cox & Snell R Square 0.015
Napelkcrkc R Square 0.053
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Raw Standard Wald Range Of _. . . Exponentiated
Significance

Coefficient Error Statistic Values Coefficient
Age -0.163 0.061 7.117 22-98 0.008 0.850
Age Squared 0.002 0.001 8.949 484-9604 0.003 1.002
African American -4.597 34.87S 0.017 0-1 0.895 0.010
Hispanic -4.997 16.591 0.091 0-1 0.763 0.007
Asian/Pacific Islander 0.917 0.775 1.400 0-1 0.237 2.502
Native American -4.83C 30.055 0.026 0-1 0.872 0.008
Multi-Ethnic -4.692 21.321 0.048 0-1 0.826 0.009
Constant 0.471 1.643 0.082 1.00C 0.775 1.601

‘Bolded entries in the first and last columns indicate statistically significant variables.

Income

Note:  The dependent variable is the categorical outcome ofhaving a credit scote of zero. Coding 1=
having ascore ofzero.

Logistic Regression

Sample N 847
Cox & Snell R Square 0.026
Nagelkcrke R Square 0.094

Raw Standard Wald Ra&?e Sianifi Exponentiated

Coefficient Error Statistic IgNINCance ¢ oefficient
Values

Income less than $20,000 1.865 0.367 2590C 0-1 0.000 6.458
Constant -3.69C 0.239 239.195 0.000 0.025

‘Bolded entries in the first and last columns indicate statistically significant variables.

Calculation Of Odds And Probability Shifts For Example In Text

Probability Odds Ratio New Odds
. Expressed . With Ratio
Typical Exponentiated -
Probability As O(_jds Coefficient Characte_rlstlc Expressed
Ratio (Relative As
Relative To 1 To 1) Probability
Income less than $20,000 0.04 0.042 6.458 0.269 21.2%
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APPENDIX D

Firm 2Regressions for Premium Shift

Ethnicity

Notes:

The dependent variable is percentage reduction in premium down from maximum rates.

Credit based rate adjustments ranged to 32 % below maximum, which translates as from 17% below

average premium to 33% above average premium.

Linear

Regression
Sample N 767
R Square 0.05E
Adjusted R Square 0.05E

Standard

Unstandardized Standardized T-
L. Error of . .
Coefficients . Coefficients statistic
Coefficient
African American -3.755 3.127 -0.043 -1.201
Hispanic -2.686| 1.999 -0.047 -1.345
Asian/Pacific Islander 4,110 1.914 0.075 2.147
Native American -11.827 3.133 -0.131 -3.775
Age at Rating 0.250 0.039 0.273 6.367
Age less than 30 2.967 1414 0.090 2.098
Constant 14.598 1.890 7722

Range of
Values

0-1
0-1
0-1
0-1
16-91
0-1

Sig.

0.230
0.179
0.032
0.000
0.000
0.036

0.000

*Bolded entries in the first and last columns indicate statistically significant variables.

Calculation of Change in Rates

Note:  Each percentage point below maximum translates to 1.333 percentage points relative to the

average rate, which is 75% ofthe maximum.

Conversion
Change In
Factor From ;
Percent Of Premium
Coefficient . Expressed As
Maximum To
Percent Of
Percent Of
Average
Average
Asian/Pacific Islander 4.11C 1.333 -5.5%
Native American -11.827 1.333 15.8%

Income

Effect o fCredit Scoring on Auto Insurance Underwriting and Pricing
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First Version of Age Adjustment

Linear Regression

Sample N
R Square
Adjusted R Square

Unstandardized
Coefficients

Income 0.966
Age at Rating 0.263
Age less than 30 3.710
Constant 10.923

Standard
Error Of
Coefficient

Standardized R

Coefficients | -otatistic
0.283 0.121 3.419
0.039 0.288 6.679
1.438 0.113 2581
2.106 5.187

ange Of Si
Values 9.
1-7 0.001
16-91 0.000
0-1 0.010
0.000

‘Bolded entries in the firrt and last columns indicate statistically significant variables.

Calculation of Change in Rates

Each percentage point below maximum translates to 1.333 percentage points relative to the

Note:
average rate, which is 75% o fthe maximum.
Coefficient Shift As
(Change Per Measured In
One Unit Of Number Of
The Factor) Income Groups
Income 3.000 2.898

Second Version of Age Adjustment

Linear Regression

Sample N
R Square
Adjusted R Square

767

0.076
0.072
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Conversion

Change In
Factor From g
Premium
Percent Of
. Expressed As
Maximum To
Percent Of
Percent Of
Average
Average
1.33c -3.9%
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