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Many policyholders are paying lower premiums because their insurers consider credit
information. Respondents to our survey said that more than half of their policyholders are in this
category. Their estimated percentages of policyholders paying lower premiums as a result of their
good credit histories range from 50% to 90% of total auto or homeowners policyholders. If credit
information could no longer be used, then this majority of policyholders - in some cases, an
overwhelming majority - would have to pay higher premiums.

The insurers responding to our survey are only a sampling of companies. We are confident
that there are other NAB members and certainly other insurers outside of the NAIl membership that
have found credit information as a way to make insurance coverage more available at lower
premiums to more consumers. Clearly, policyholders have benefited from companies’ use of credit
information, whether it be obtaining insurance, keeping insurance, or paying lower premiums for

insurance.

There have been many anecdotes and several theories offered about how the use of credit
information may affect insurance markets. Insurance companies are not involved in anecdotes or
theories. They are real businesses that are providing protection to millions of drivers and
homeowners across the nation, in part at least, because the insurers have credit information as an

available tool for underwriting and rating.

Too often the debate over insurers’ use of credit information has focused on the notion that
insurance companies use insurance scores to reject people. But insurance companies are not in the
business of not writing business. Insurance companies are in the business of writing policies
covering cars and homes. Credit information gives insurers a tool to underwrite and fairly price

personal lines coverages.

In insurance markets today, drivers with less than perfect driving records and homeowners
whose houses may fall short of so-called “traditional” underwriting factors are being accepted and
renewed by insurance companies because they have good credit histories.

Most people have good credit histories. The use of insurance scores by personal lines
insurance companies gives people with favorable insurance scores a better chance to find insurance,
and often find it at prices that save them money. On the other hand, restricting the use of credit
information presents a real danger that consumers who are able to find fairly priced insurance
protection today will not be able to find that insurance tomorrow.

Concerns about Insurers’ Use of Credit Information

Some concerns have been raised about insurers’ use of insurance scores. These concerns
include the following:

1. There is no proven correlation between credit-based insurance scores and
the risk of loss.

2. There is no proof that a person’s credit history causes insured losses.
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3. Insurance scores discriminate against some consumers, especially low-
income consumers and minorities.

4. Insurance scores simply overlap with variables already taken into account
in an insurer’s underwriting and/or rating process.

5. Insurance scores are based on inaccurate credit data.

Correlation

The Casualty Actuarial Society awarded its 2000 Ratemaking Prize to James E. Monaghan
for his paper, “The Impact of Personal Credit History on Loss Performance in Personal Lines.” Mr.
Monaghan compiled a database of 170,000 automobile insurance policies. He then examined the
credit history of the named insured in each of the policies in order to determine whether the
insured’s credit characteristics correlated with the insured’s loss ratio relativity. Monaghan’s paper
details how variations in each of the following credit characteristics conrelates to variations in loss

ratio relativity:

- amounts past due at least thirty days

- bankruptcies, tax liens, civil judgments and foreclosures

- collection records transferred to a collection agency

- status of trade lines (trade lines include credit cards, installment loans, student
loans, etc.)

- age of oldest trade line
non-promotional credit inquiries

- leverage ratio on revolving-type accounts

revolving account limits

Monaghan's conclusion is that each of these credit characteristics showed a “systematic predictive
power' on loss ratio relativities.

Mr. Monaghan performed a similar analysis on a homeowners insurance database containing
$120 million in earned premiums. His paper states the following conclusion:

“There were striking similarities between the auto and home databases with
regard to credit impact on loss experience. The most significant difference seemed to
be that derogatory information on a credit report for a homeowners policy had a more
severe impact on loss performance. **** The similarities between the loss ratio
relativities for [the homeowners and auto] profiles lends credence to the assertion that
the impact of bill paying history on insured losses transcends line of business, and is



not a characteristic attributable only to property policies and claims associated with
them.” 13

Mr. Monaghan’s finding of a correlation between particular credit characteristics and loss
ratios is the concept on which insurance scores are based. An insurance score combines the
predictive power of a number of particular credit characteristics to produce an evaluation of risk of
loss that is more accurate and fairer than the predictive power of any one credit characteristic.

In 1996, at the request of the National Association of Insurance Commissioners (NAIC),
Fair, Isaac retained Tillinghast-Towers Perrin to perform a regression analysis of Fair, Isaac’s
insurance bureau scores and loss ratio relativities. The analysis considered data from nine
companies (three auto carriers, five homeowners carriers and one personal property insurer).

Tillinghast-Towers Perrin concluded:

“From the data and P-Values, we conclude that the indication of a relationship
between Insurance Bureau Scores and loss ratio relativities is highly statistically
significant. In a more technical sense, the conclusion is that it is very unlikely that
Insurance Bureau Scores and loss ratio relativities are not correlated based on this

data.

The data for all companies included ir this study except Company 2 indicates
at least a 99% probability that a relationship exists. The data for Company 2 indicate
a 92% probability that there is a relationship. A layman’s interpretation of this result
could be that it is very likely there is a correlation between Insurance Bureau Scores

and loss ratio relativities.” 4

In December 1999, the Virginia Bureau of Insurance issued a report to the Virginia General
Assembly on insurers’ use of credit infoimation. The Bureau examined the development and
application of Fair, Isaac's scoring system and reached the following conclusion:

“Based on the Bureau’s findings, there appears to be concrete data indicating
that a correlation exists between credit scores and losses. From this purely statistical
perspective, therefore, the Bureau is unable to make a recommendation prohibiting

the use of credit scores in the underwriting process." 15

On November 15, 2002, the Risk Classification Subcommittee of the American Academy of
Actuaries submitted a report to the NAIC.16 The report points out the strengths and weaknesses of
the Monaghan paper, the Tillinghast analysis and the Virginia Bureau of Insurance’s report. The

introductory section to the subcommittee’s report states:

1B3James E. Monaghan, “The Impact of Personal Credit History on Loss Performance in Personal Lines,”” Casualty
Actuarial Socien>Forum, Winter 2000, p. 96.

Insurance Bureau Scores vs. Loss Ratio Relativities (Tillinghast-Towers Perrin, 1996), pp. 4-5.
15 Use of Credit Reports in Underwriting (Virginia Bureau of Insurance, 1999), p. 19.
16 The Use of Credit Historyfor Personal Lines oflInsurance; Report to the National Association of Insurance
Commissioners (American Academy of Actuaries, Risk Classification Subcommittee, November 15, 2002)



“The subcommittee was not asked to evaluate the effectiveness of credit
history as a tool in the underwriting and rating of personal lines of insurance, and
therefore such an evaluation is not an element of this report. However, the
subcommittee believes that credit history can be used effectively to differentiate
between groups of policyholders and therefore it is an effective tool. This recognition
is based on review of the four papers listed above, especially the Monaghan paper,
and on the subcommittee’s members’ personal knowledge as obtained through the
development and/or review of rating models based on credit history.” I7

In March 2003, the University of Texas McCombs School of Business Bureau of
Business Research issued a study of the relationship between credit history and insurance
losses.18 The study confirmed the strong relationship between credit-based insurance scores
and the likelihood of insured losses. The study concludes:

“Using logistic and multiple regression analyses, the research team tested
whether the credit score for the named insured on a policy was significantly related to
incunred losses for that policy. It was determined that there was a significant
relationship. In general, lower credit scores were associated with larger incurred

losses.

* k% * *

A regression analysis of the relative loss ratio on creait score was highly significant
(pc.O0OQI). This indicates that there is less than a 1 in 10,000 chance that the
relationship observed between credit score and relative loss ratio could be due to

chance alone.

* k* * %

Over the entire data set, the average loss per policy was $695, but for those policies in
the lowest 10 percent of credit scores, this average loss was $918, whereas within the
highest credit score decile, the average loss per policy was $558. Thus, the average
loss per policy is higher for the lowest credit score deciles and lower for the higher

credit score deciles.” 19

The Monaghan paper, the Tillinghast analysis, the Virginia Bureau of Insurance report, the
statement of the American Academy of Actuaries Subcommittee and the University of Texas study
confirm the correlation between credit information and loss ratios. But perhaps the most convincing
evidence of the correlation is the real world experience of insurance companies. Personal lines
insurers used credit information in the past, and they are continuing to use cred't information to
underwrite and rate. Insurance companies are rational, economic entities. It w'ould make no sense
for companies to base their underwriting and rating decisions and their economic futures on
information which fails to predict the likelihood of loss. The owners of an insurance company
would not stand for the company’s continued use of information w'hich does not correlate to loss

ratios.

Ibid, p.3
A Statistical Analysis ofthe Relationship Between Credit History and Insurance Losses (University of Texas at Austin,

McCombs School of Business Bureau of Business Research, March 2003)
191bid, Executive Summary and pp. 9 and 10.



Causation

Some have argued that insurers’ use of credit information should be prohibited because no
cause-and-effect relationship can be established between credit history and insured loss. This
demand for proof of causation is curious. Causality is not a precondition for any other risk
classification. For example, driving record is a well-established risk classification for automobile
insurance, but insurers are not required to prove that past driving accidents cause future accidents.
Many states allow auto insurers to use marital status and good student status as risk classifications,
but there is no expectation that marital status or poor grades cause accidents.

In his paper, James Monaghan mentions 5action 5.2 of Actuarial Standards of Practice #12
which states the following:

“5.2  Causality - Risk classification systems provide a framework of
information which can be used to understand and project future costs. If a cause-and-
effect relationship can be established, this tends to boost confidence that such
information is useful in projecting future costs, and may produce some stability of

results.

However, in financial security systems, it is often impossible or impractical to
prove statistically any postulated cause-and-effect relationship. Causality cannot,
therefore be made a requirement for risk classification systems.

Often, the term, ‘causality’ is not used in a rigorous sense of cause and effect,
but in a general sei. ¢ implying the existence of a plausible relationship between the
characteristics of a class and the hazard for which financial security is provided. For
example, living in a river valley would not by itself cause a flood insurance claim, but
it does bear a reasonable relationship to the hazard insured against, and thus would be
a reasonable basis for classification.

Risk classification characteristics should be neither obscure nor irrelevant to
the protection provided, but they need not exhibit a cause-and-effect relationship.”

(emphasis added)

Therefore, according to established actuarial princip'as, causality cannot be made a
requirement for a risk classification, but any risk characteristic “should be neither obscure nor
irrelevant” to the likelihood of loss. There must be some reason why a characteristic relates to the

likelihood of loss.

The link between credit history and loss potential has been studied by scholars independent
of the insurance industry, in fields such as psychology, safety engineering, occupational medicine,
consumer research, and risk perception.20 The studies offer two common sense theories on why

Z)J.G. Baradell & K. Klein, “Relationship of Life Stress and Body Consciousness to Hypervigilant Decision Making,"
Journal of Personality' and Social Psychology, 64 (1993), 267-273.
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credit history relates to loss potential. First, stress related to credit problems may lead to negligent
behavior which could evidence itself in driving and home maintenance. Second, financial
irresponsibility may indicate a risk-taking personality. A person who is willing to take on the risks
of high credit card debts is likely to be the same type of person who is willing to try to beat a red
light or leave a needed repair go until next year.

Insurers use credit information because of its predictive power, not because of the reasons
that explain its predictive power. One can agree or disagree with the reasons why credit information
works, but the fact of its predictive value is clear. Nevertheless, it is significant that support for the
link between credit information and loss potential exists in the academic lite ature and is intuitively

satisfying.

Unfair Discrimination

The charge that insurance scores discriminate against low-income consumers and minorities
is easy to make, but it is a charge that is not backed up by any facts.

The fact is that insurance scores only consider a person’s credit experience. Insurance scores
do not consider any of the following information:

Income Familial Status
Address Handicap
Race Nationality
Ethnic group Age

Religion Marital Status
Gender

The 1997 NAIC white paper on the use of credit information considered charges that
insurers’ use of credit histories has a disproportionate impact on protected classes. The paper could
find no studies supporting the charge. The white paper states:

“Some regulators and consumer representatives have expressed their belief
that the use of credit history should be prohibited as a matter of public policy. Some
have also expressed concern that the use of credit history for underwriting or rating

B. Brehmer, “Psychological Aspects of Traffic SafclY,"” European Journal of Operational Research, 75 (1994), 540-

552.
L. Evans & P. Wasielewski, “Do Accident Involved Drivers Exhibit Riskier Everyday Driving Behavior?" Accident

Analysis and Prevention, 14 (Feb. 1982), 57-64.
E. Knowles & H. Cutter, “Risk Taking as A Personality Trail," Social Behavior and Personality, 1 (1973), 123-136.
S Livingstone & P. Lunt, “Predicting Personal Debt and Debt Repayment,” Journal of Economic Psychology, 13

(March 1992), 111-134.
P. Lunt & S. Livingstone, “Everyday Explanations for Personal Debt,” British Journal ofSocial Psychology, 30 (Dec.

1991), 309-323.
S. Streufert, S.C. Streufert & A. Denson, “Information Load Stress, Risk Taking and Physiological Responsivt:y In A

Visual-Motor Task,” Journal of Applied Social Psychology, 13 (1983), 145-163.
C. Walker, “Financial Management, Copine and Debt In Households Under Financial Strain,” Journal ofEconomic

Psychology, 17 (Dec. 1996), 789-807.



may be a surrogate for prohibited factors, such as race, or for factors already
considered, such as age. However, regulators know of no studies in the insurance
field that demonstrate that the use of credit history in underwriting an insurance risk
has had a disproportionate impact on protected classes although they have been
advised that there have been studies of other industries which suggest such an

impact.”2L (emphasis added)

The Virginia Bureau of Insurance’s report, mentioned above, analyzed whether the Fair,
Isaac insurance scores result in discrimination based on income or race. The Bureau could find no
support for charges of unfair discrimination. The Bureau’s report stales:

“Thus, average credit scores, medium household incomes, and ratio make-up
by zip code were analyzed to obtain a general indication of correlation. Nothing in
this analysis leads the Bureau to the conclusion that income or race alone is a reliable
predictor of credit scores thus making the use of credit scoring an ineffective tool for

redlining.

During the NAIC’s Market Conduct and Consumer Affairs (EX3) Subcommittee’s December
6, 1998 hearing on credit reports, Progressive Insurance Company presented information on its
experience in using credit information. Progressive reviewed insurance scores across different areas
of population density. The data offered to the Subcommittee showed that insurance scores in
densely populated areas were about the same as scores in sparsely populated areas. Thus, consumers
living in urban areas have about the same distribution of insurance scores as consumers living in

suburban and rural areas.

The Washington State Insurance Commissioner and the Alaska Division of Insurance have
issued reports on the impact of insurance scores on various groups of consumers. Both reports
include indications that insurance scores may impact demographic groups differently. However,
both reports cautioned that it would be premature to draw any firm conclusions from the reports’
research. The Washington report states:

“Therefore, an overall conclusion that credit scoring generally does or does
not have a particular consistent, quantifiable, unequal negatwe effect on certain
demographic groups is premature. Possible negative effects will imve 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.”23

The Alaska report stales:

21 Credit Reports and Insurance Underwriting (National Association oflnsurance Commissioners, 1997), p. 14.

2 Virginia Bureau oflnsurance, p, 16.
23 Effect o fCredit Scoring on Auto Insurance Underwriting and Pricing (Washington State University, Social &

Economics Sciences Research Center, January 2003), p. 17.

12



“Based on the limited data received and evaluated so far, insurance credit
scoring in Alaska appears to have different effects on different groups of Alaskan
insurance consumers. In the aggregate, consumers that reside in higher income/high
percentage Caucasian zip codes may be less impacted by the use of the consumer’s
credit history. It is premature to determine whether the policyholder distribution
between preferred, standard and nonstandard markets is due primarily to credit
history or to other underwriting and rating factors. However, the limited data does
suggest that unequal effects exist on consumers with varying income and ethnic

characteristics.”4

The question of whether insurers’ use of credit information unfairly discriminates against
low-income consumers and minorities continues to be studied. The American Academy of
Actuaries’ November 15, 2002 report to the NAIC concluded that none of the four papers it
reviewed “contained the necessary information for us to evaluate whether credit-related insurance
scoring results in a disproportionate impact for protected classes or for low-income policyholders.’
The report went on to provide some general guidance to the NAIC on designing a study of the
impact of credit-based insurance scores. An NAIC working group is now attempting to develop a
proposal for how the NAIC could undertake a study of the impact of insurers’ use of credit

information on various groups of consumers.

Overlapping Variables

Critics of insurers’ use of credit information have argued that insurance scores simply
duplicate other variables already being used by insurers and thus insurance scores have no
independent predictive value. It is argued that the overlap of insurance scores with other variables

results in unfairness to consumers.

In its 2001 study on insurance scoring, Conning & Company used the data in James
Monaghan’s Casualty Actuarial Society paper to analyze the relationship between insurance scores
and other automobile insurance rating variables. Conning found that insurance scores did not

overlap with other variables. The study states:

“Conning concludes that, based on its careful review of the CAS study, the
application of credit data to personal automobile insurance underwriting enables
much better loss ratio predictions. When credit data were appended to traditional
rating variables (i.e., driver age), there were significant differences in loss ratio
performance - suggesting that credit data are not likely to overlap other rating
variables significantly. Insurers conducting their own analysis of credit
characteristics and loss ratio performance must examine their data carefully to
determine if multicollinearity or spurious correlation is present.”20 (emphasis

added)

2 Insurance Credil Scoring in Alaska (Alaska Division oflnsurance, February 21, 2003), p. 15.

B American Academy of Actuaries, p.30
~bInsurance Scoring in Personal Automobile Insurance (Conning & Company, 2001, pp. 70-71.



The University of Texas study also analyzed whether credit-based insurance scores have a
predictive power that is independent from other variables. The study concluded that insurance
scores were independent predictors of loss. The Texas study states:

“[L]ogistic and multiple regression analyses examined whether the revealed
relationship between credit score and incurred losses was explainable by existing
underwriting variables, or whether the credit score added new information about
losses not contained in the existing underwriting variables. It was determined that
credit score did yield new information not contained in the existing underwriting

variables.

* Kk x k

Additionally, incorporating underwriting variables used by the companies through the
use of relative loss ratios, it was found that there was still a statistically significant
relationship between credit scores and the relative loss ratio for policies (Charts 4, 5),
so standard underwriting variables do not explain the observed statistically significant
relationship between credit scores and losses. (The correlation between credit score
and relative loss ratio is .95, which is extremely high and statistically significant.®
The lower a named insured’s crechi score, the higher the probability that the insured
will incur losses on an automobile insurance policy, and the higher the expected loss

on the policy.”27 (emphasis added)

Accuracy of Credit Data

Thousands of businesses which have nothing to do with insurance use credit information
every day. There are a few cries that these businesses should be prohibited from using credit
because the data is inaccurate. However, critics of insurance scores charge that insurers, whose use
of credit information is much more limited than many other businesses, should be barred from using

credit data because the data is erroneous.

The accuracy of credit data stands up to scrutiny. Certainly credit data is at least as accurate
as MVRs and claims reports which were discussed above. The 1996 amendments to the FCRA
imposed additional requirements on consumer reporting agencies and credit reporters to assure the
accuracy of credit information.28 The amendments also created strict time frames for investigating
and correcting information which is disputed by consumers.2

Research shows that the error rate in credit reports is low. Trans Union reviewed the
experiences of 400,000 consumers whose insurance coverage was affected by the use of credit
information. The company discovered that only 0.2% of the insurance consumers disputed the
information in their credit reports. Furthermore, only 0.07% of these consumers required corrections

to their credit reports.

27 University of Texas, Executive Summary and p. 13.
28 15 U.S.C. §168Js-2(a)
29 15 U.S.C. §1681i.
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Conclusion

During the deliberations on the NAIC white paper, several regulators cautioned against
restricting insurers’ use of credit information. The white paper observes:

“Other regulators believe that if an insurer is deciding whether it will write
in a certain geographic area, removing an underwriting tool may create a
disincentive for it to enter the market. Insurers will enter a market only when they
are comfortable they can underwrite, make a profit, and exit the market if the
results are poor. Underwriting restrictions are not conducive to expanding the
market. These regulators believe that the premise that credit reports are used not
to write in certain areas may be flawed. They believe that regulators should
consider the potential harm that mg be caused to the market they are trying to
assist, before imposing restriction.”” (emphasis added)

The wisdom of these regulators should be heeded. The use of insurance scores for
underwriting and rating has helped to make insurance coverage more available for millions of
drivers and homeowners. Restrictions on the use of insurance scores should be approached with

great caution.

PNational Association oflnsurance Commissioners, p.4.



PROGRESSIVE

Statement of Progressive Insurance to the Alaska House State Affairs

Committee in Opposition of Senate Bill SB 13
April 8, 2003

Progressive Insurance is the largest writer of private passenger auto insurance through
independent agents and the third largest auto insurer in the country. We do business in
48 states arid we are represented by more than 30,000 independent agencies throughout

the country.

In Alaska Progressive is the fifth largest writer of auto insurance. We sell insurance
through over 60 independent agents in Alaska, as well as through our call center and the
Internet. We currently have over 17,000 policyholders in Alaska; over 13,000 of these
policies were sold through our local independent agents.

In this statement, | would like to address the following issues;

«  Why we use credit scoring in insurance

« How Progressive uses credit scoring

« Answer concerns in relation to insurance credit scoring and the Alaska Division
of Insurance Credit Study

« Explain why Progressive is opposed to HB 5 and HB 47

Why we use credit scoring in insurance

It has been proven both by Progressive’s actual loss experience and by independent
actuarial analysis that credit is a powerful and independent predictor of future losses. It is
just one of many factors Progressive considers in determining rates; we also use other
information, like driving record, gender, age, marital status, vehicle model/make/year,
and garaging address.

In Alaska. Progressive filed detailed actuarial data in support of our use of credit. This
data was reviewed and approved by the Alaska Division of Insurance as part of the rate

filing process.

Using credit allows insurers to more accurately predict future losses and to set premiums
that will adequately cover these losses. Using credit as an underwriting factor has
allowed Progressive - and our agents - to offer more accurate and lower rates to more
people. Since Progressive began using credit, we have been able to offer standard and
preferred rate levels to many consumers who otherwise would have been eligible only for
nonstandard rates. We estimate that about two thirds of our policyholders have qualified
for lower rates due to the use of credit information.

There are many studies that demonstrate the predictive power of credit in insurance such
as the 2000 paper by James E. Monaghan “The Impact of Personal Credit History on



Loss Performance in Personal Lines”, the 1999 report by the Virginia Bureau of
Insurance to the Virginia General assembly, the November 2002 report by the Risk
Classification Subcommittee of the American Academy of Actuaries to the National
Association of Insurance Commissioners.

The most recent such study was just released on March 6, 2003 by the University of
Texas. The study entitled “A Statistical Analysis of the Relationship Between Credit
History and Insurance Losses” matched policyholder loss records for more than 153,000
auto insurance policies supplied by the five leading auto insurers. It demonstrated a
strong cor. elation between credit scores and the risk of loss, confirming that credit
scoring is a useful tool for predicting future loss experience.

How Progressive uses credit scoring

Progressive has been using credit information in our Alaska program for over six years.
We have consistently been on the forefront of providing transparency to our credit
scoring methodology and in improving our credit scoring practices to ensure that our
customers receive fair and equitable rates.

We have devoted significant effort and resources to our credit practices, and we have
shown a great deal of commitment to the responsible use of credit ii. insurance. We were
actively involved in the discussions around credit in the last Alaska legislature and since
then we have taken a number of measures to address the issues that were brought up last
year:

1 We have filed our current credit scoring methodology and detailed actuarial
support with the Alaska Division of Insurance. Our model is public information;
there is no “black box”.

2. Progressive does not use credit information to refuse to insure a consumer, non-
renew, or cancel an existing customer.

3. Credit information that is disputed by the consumer with the credit-reporting
agency is not considered in our insurance scoring algorithm.

4. All identified medical and business/commercial debt and liens are excluded from
all Progressive credit scoring methods.

5. An applicant or insured who experiences an adverse action as a result of the use
of credit information is advised how he or she can obtain a free copy of their

credit report.
6. We provide a list of the reasons for an adverse action due to the use of credit to

consumers upon request.

7. Progressive is committed to sharing information about how we use credit with
regulators, the media, and consumers. We want consumers to understand how
credit affects their insurance premiums and we want to help them in developing a

plan to improve their credit scores.
8. We have pioneered the use of a new Credit Assistance team for our customers and

agents in Michigan and Texas, and we are in the process of rolling that out to
more states. The Credit Assistance team can be reached through a toll-free

number and it provides:

a. Personalized reports to applicants describing how their score on each of
the variables considered in the credit-scoring algorithm compares to the
average.



b. Reasonable credit exceptions based upon prior credit history for persons
whose credit information is unduly influenced by extraordinary life events
(i.e., catastrophic injury, death of a spouse, business loss etc.).

Concerns around the use of insurance credit scoring

The use of credit information in insurance has received a lot of scrutiny by legislators,
regulators, consumers and the media. Concerns have been raised as to whether insurance

scoring might result in unfair discrimination.

Credit scores focus mainly on a person’s bill-paying behavior and use of available credit.
If a consumer has been responsible in his or her use of credit, it will reflect positively on
the score. Credit reports do not contain any information on income, race, ethnicity,
creed, nationality, gender, marital status, physical handicap or disability.

Recently the Alaska Division of Insurance undertook a study “Insurance Credit Scoring
in Alaska”, to understand how the use of credil history affects different groups of

Alaskan insurance consumers. However, since the Division was not provided with the
necessary credit data, this is not a study of credit at all. Rather, it is a study of access to

Preferred insurance markets.

1. The study found that a disproportionately smaller number of policyholders in
lower-income zip codes with higher minority populations qualified for Preferred
markets - regardless of whether or not credit was used to help determine final
market. Furthermore, when credit was used, not fewer but more of these
policyholders actually qualified for the Preferred market. The study reported,
""changes in classification of business between preferred, standard, and
nonstandard business, may be due, at least in part, to the use of credit history."

2. With regard to access to Preferred markets by age, the study found that the
proportion of policyholders in Preferred markets actually peaks for Alaskans aged
61 to 70 years old. Over half of policyholders in this age group are in Preferred
markets, well above younger aged policyholders. Conversely, the proportion of
policyholders in Non-standard markets is lowest for policyholders aged 61 to 90.
These findings are consistent with internal Progressive data - the average age of
Alaskan policyholders in Progressive's best credit tier is 43 years - older than any
other credit tier. It is the population of older Alaskan drivers, those who have
worked hard their whole lives to establish and maintain good credit, who stand to
lose the most if the use of credit for insurance underwriting is restricted or banned

by the legislature.

The following chart of over 23,000 policies quoted in Alaska during the first half
of 2002 shows that average credit score improves with age (that is, gets lower

under the Progressive scoring system).
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3. Finally, the findings of the study support industry claims that credit has enabled
them to write more business and renew more policies. 'In the aggregate ... the
number of policyholders increased by approximately 8% from 1999 to 2001."
This is consistent with Progressive's experience when credit was introduced in
Alaska and other states. In addition, Progressive also finds that more often than
not, policyholders pay less as a result of their credit history, not more.

Regrettably, these findings are overlooked in the Recommendations and Conclusions of
the Report, and are being overlooked by the media and certain legislators. To interpret
the results of this research as evidence that credit unfairly discriminates against minority
populations, the poor, and the elderly, is to simply ignore the study's own findings.

We recognize, and the Report acknowledges, that there are shortcomings in the research
methodology, (largely due to the absence of necessary credit data). For this reason, we
agree that caution should be exercised when interpreting the results of this research. The
subject of credit is t~" "uportant to both insurers and Alaskan drivers for hasty legislation

based on the results oi .his research alone.

Progressive conducted an analysis of our policyholders in Alaska comparing the credit
scores of high population density areas vs. low population density. Our review showed
that while the average credit score changed little across population density, rural areas

had slightly better average scores than urban areas.

Reasons why Progressive is opposed to SB 13

Progressive opposes SB 13 because it calls for an outright ban on the use of credit for
insurance for personal and commercial insurance in Alaska.

There are significant downsides that can result from an outright ban on credit:



1. An outright ban of credit creates an uneven playing field for local Alaska agents
and the insurance companies that write through them. Many direct and captive
companies use credit to prescreen mailing lists. If the use of credit were to be
eliminated or unreasonably restricted at the state level, the Federal Fair Credit
Reporting Act (FCRA) would still permit these companies to prescreen lists for
solicitation. This would give these companies a competitive advantage over local
Alaska agents by allowing them to specifically target - and write - more
profitable, lower priced business.

2. The FCRA preempts state laws attempting to limit the use of credit information to
make prescreened insurance offers and would also most likely prevail over state
laws precluding the use of credit information for insurance rating or underwriting.

3. An outright ban of the use of credit in insurance will result in less accurate pricing
with rate subsidization of good drivers by bad drivers. Large numbers of
consumers who currently benefit from the use of credit will see increases in their
premiums. Our estimate is that two thirds or over 11, 000 of our current
policyholders might see premiums go up as a result of the elimination of the use

of credit.

4. Although credit has been recently under review by many state legislatures in other
parts of the country, no state has passed an outright ban on the use of credit in
auto insurance over the past five years. Many states have created new laws or
administrative rules with reasonable regulations on the use of credit, but no
outright ban has been passeJ for auto insurance. Passing such a law in Alaska
will create a disadvantage for both Alaska agents and for consumers.

Progressive is committed to working with state legislators and regulators to find common
ground that results in reasonable regulation of the use of credit. Progressive supports the
Model Credit Act adopted by the National Council of Insurance Legislators as one
example of reasonable and responsible disclosure requirements and limitations on the use
of credit in insurance. We would support an approach that uses some of the elements of
this Model to address the specific concerns over the use of credit in Alaska.

The problem we face is not the use of credit information for insurance, but rather how
they are used. Progressive is ready to work with you to help craft responsible reforms
that protect our agents and consumers in the state of Alaska.

Thank you for the opportunity to provide my input to your committee.

Mark Niehaus
Agency General Manager
Progressive Companies
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March 25, 2003

Representative Bruce Weyhrauch I\/RZ?Z@

State Capitol Building
Juneau, Alaska 99801

Dear Representative Weyhrauch:

As you requested, | would like to provide infonnation on the history of complaints to the
Division of Insurance regarding the use of Credit Scoring and what the department has done to

address those complaints.

We get many calls in the Consumer Services section dealing with credit scoring. Consumers are
always advised by the CSS specialist to file a complaint. They are advised that their situation is
unique and they will be dealt with individually by the responding insurer. Relatively few
consumers follow through and actually file a formal complaint. It would be fair to estimate that
each complaint filed represents another 70-100 consumers facing the same issue but who didn't
take the time to file a complaint. This hesitancy to file a complaint could be explained by a

number of factors.

1) Consumers may not know the Division of Insurance exists.

2) They don't know about the consumer services available to them at the division.

3) They are intimidated about challenging an insurance company.

4) They feel hopeless and don't challenge their circumstances.

5) They believe the company could retaliate against them by canceling their coverage if they
complained. They hesitate to "rock the boat."

6) They don't have confidence in their ability to write their complaint.

7) They presumed their rate increase was justified by their credit score.

The following complaint files are representative of the types of issues consumers are facing with
the credit scoring issue.

COMPLAINTS _
Example 1: Premium increased from $341 to $736 semi-annually. No prior claims, no record

of citations. They felt this was discrimination and something should be done about it.
Company said state required update every two years and their credit report was the cause for
the increase. Company responded that there was a significant change in point value (credit
score) the rating market was change/: from Ultra to Standard and that a general rate increase

was also applied. No violation was identified.

“Promoting a healthy economy and strong communities"
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Example 2: A substantial increase in renewal premium. Company responded that the
Increase was due to changes found upon ordering a new Financial Responsibility (credit
score.) A significant change in point value (credit score) impacted the renewal rate, causing
the rating market to be amended from Ultra Preferred to Middle Market. In addition there
was a general rate increase that was applied to his renewal premium. The premium increased
from $311 to $782 semi-annually. No violation was identified.
Example 3: Current carrier Increased annual premium from $1500 to $4300 based on their
credit score. Complainant switched from current carrier to new company. They were told to
call Experian and check their credit rating. They did and it was very good. Company said
they had a bad score because they had too many requests for credit ratings, one outstanding
bad debt (a disputed issue) and too much activity with credit cards. They pay all credit cards
in full every month. They believe credit scoring companies only have knowledge about
liabilities net assets. They do not like being generalized and lumped into an inferior category
based upon statistics. They changed companies because they felt their company was not
interested in them as individuals, only numbers. Company responded by explaining the reason
for the increase was due to changes found upon ordering a new financial responsibility (credit
score.) No violation was identified. No violation was identified.
Example 4: Insured's premium increased from $448 to $836 for 6 months increase due to
credit score. Insured called company's 800 number and was told increase was due to across-
the-board increase and insured's credit score. Insured's credit score caused a change from
preferred to non-standard. Insured changed to another company at about $6 more a month
than previous rate. When insured called to cancel the policy, the previous carrier related that
it was an across the board increase and not due to insured’s credit score. Insured still
cancelled the policy and changed insurers. The insured doesn’t understand why high risk
drivers with accidents, etc., in non-standard category get a cheaper rate and go the preferred
category based on a good credit report, and that non-risk drivers, no accidents, safe driver,
etc., go from preferred to non-standard and get to pay more because of their credit report

for car insura.'.j in a timely fashion. No violation was identified.
Example 5: Rate increase, mid-term four months into 6-month policy. Premium went from
$189.83 to $338.75 per month. Company said insured was downgraded from an “A” category
to a “D” category because of credit score. Insured furnished us with a copy of their credit
report and it is very good. Another person told him it was due to a general rate increase. He
was told that neither his driving record nor credit report had anything to do with increase.
Company said increase was because DOI told them to reevaluate policyholders for the last
two years, so if he has a problem he needs to talk to us. He feels it is unfair discrimination.
He wants to know why he is being required to pay more than the amount quoted for the policy
period. His coverage ended 4/16/01, about one month prior to end of policy period. Company
responded to our complaint by making an exception and amending the policy market to that
of the prior policy term, reducing his premium from $1,981 to $1,114 semi-annually. He
called to say he found other coverage at less than his old premium and that his credit rating
was “B”. No violation was identified




Weyhrauch - (3/25/03)
Page 3 of 3

Although no violations were identified, the division established a task force that reviewed all
aspects of the companies handling of each complaint to ensure compliance with current laws.

We are always pleased to be of assistance to your office. Please do not hesitate to call on us if
you need additional information.

Sincerely,

Linda S. Hall
Director
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"An Act relating to using credit histoiy or credit scoring tor insurance purposes; and

providing for an effective date.”

BE TTENACTED BY THE LEGISLATURE OF THE STATE OF ALASKA:

* Section 1. AS 21.36 is amended by adding a new section to mad:
Sec. 21.36.460. Restrictions pp credit history or credit scoring applicable

to personal insurance, (a) An insurer may not use credit scoring in the underwriting

process unless the insurer Or the insurer's agent obtains oral Or written permission from

the applicant.
(b)

ft . . - . . .
consumer based in whole or in part on credit history or credit scoring shall provide
written notice to the applicant or named insured. The notice must state the significant

factors of the credit history or credit score that resulted in the adverse action and
provide information on how credit scores can be improved- The insurer shall also

inform the consumer that the consumer is entitled to a free copy of the consumer’s
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report under 15 U.S.C. 1681 (Fair Credit Reporting Act) and provide the consumer

1

2 with the opportunity to identity errors in the consumer's credit score and to request

3 reconsideration ofthe adverse action by the insurer,

4 (c) An insurer may use credit history to deny personal insurance only in

5 combination with other substantive underwriting factors. For the purposes of this

6 subsection.

7 (1) refusal to offer personal insurance coverage to a consumer

8 constitutes denial ofpersonal insurance; and

(2) an offer of placement with an affiliate insurer does not constitute

10 denial of coverage.
1 (d) Notwithstanding (c) of this section, an insurer may reject an application
12 when coverage is not bound or cancel an insurance contract within the first 60 days
13 afler the effective date oftho contract.
14 @ An insurer may not deny personal insurance coverage based in whole or in
15 part on the absence of credit history or the inability to determine the consumer's credit
16 histoiy if the insurer has received accurate and complete infonnation from the
17 consumer.
18 1 (f) If disputed credit histoiy js used to determine eligibility for personal
19 1 insurance coverage and a consumer is placed with an affiliate that charges higher
20 premiums or offers less favorable policy terms, the insurer shall reissue or rerate the
21 policy retroactive to tho effective date of the current policy term and the policy, as
22 reissued or rerated, shall provide premiums and policy terms the consumer would have
23 been eligible for if accurate credit hiatoty had been used to determine eligibility. This
24 subsection only applies If the consumer resolves the dispute under the process in 15
25 U.S.C. 1681 (Fair Credit Reporting Act) and notifies the insurer in writing that the
26 dispute has been resolved.
27 (9) In this section,
28 1) "adverse action" has the meaning given in 15 U.9.C. 1681 (Fair
29 Credit Reporting Act) and also includes
30 (A) cancellation, denial, or failure to renew personal insurencc
3l coverage;
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11 (B) charging a higher insurance premium for personal

insurance than wouJd have been offered if the credit history or credit score had

2 |
3| been more favorable, whether the charge is by
4 | (i) application ofarating rule;
5 | (i) assignment to a rating tier that does not have the
6 I lowest available rates; or
7 | (iu) placement with an affiliate company that docs not
8 f offer the lowcBt rates available to the consumer within the affiliate
9y group of credit companies; or
JO j (C) any redaction or adverse or unfavorable change in the
jir A terms of coverage or amount of personal insurance due to a consumer's credit
12 | history or credit score;
13 | (2) "affiliate" has the meaning given in AS 21,22.200;
14 | (3) "consumer” means an individual policyholder or applicant for
15 H insurance;
16 | (4) "consumer report” has the meaning given in IS U.S.C. 1681 (Fair
17 | Credit Reporting Act);
18 | (5) "credit history” means written, oral, or other communication of
19 |1 information by a consumer reporting agency bearing on a consumer’s
20 | creditworthiness, credit standing, or credit capacity that is used or expected to bo used,
21 or collected in whole or in part, for tho purpose of serving as a factor in determining

personal insurance premiums or eligibility for coverage;
(6) "credit score” means a number or rating that is derived from an

algorithm, computer application, model, or other process that is based in whole or in

part on credit history;
(7) "personal insurance™ means

(A) private passenger automobile coverage;
(B) homeowner coverage, including mobile homeowners,

manufactured homeowner’s, condominium owner's, and renter's coverage;

(C) dwelling property coverage;
(D) earthquake coverage for a residence or personal property;
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(E) personal liability and theft coverage;

(F) personal inland marine coverage;

2
3 (G) mechanical breakdown coverage for personal auto or home
4 appliances; and
5 (H) flood insurance;
6 (8) litier" means a category within a single insurer into which insureds
7 with substantially like Insuring, risk or exposure factors, and expense elements are
8 placed for purposes of determining rate or premium.
9 *sec. 2, AS 21,39 is amended by adding a new section to read:
10 Sec. 2139.035. Mating of rates; personal insurance, (a) Jfrequested by
1 the director, an insurer that uses a credit scoring model shall file with the director the
12 credit scoring model, including data that supports the validity of the model, used to
13 determine personal insurance rates, premiums, or eligibility for coverage. The credit
14 scoring model must include all attributes and factors used in the calculation of a credit
15 score.
15 (b) Information filed under (a) ofthis section
17 (1) is confidential, and the infonnation is not subject to public
18 inspection under AS 21.39.040(a);
19 (2) shall bo considered a trade secret under AS 45.50.910;
20 (3) may be made public by the director for the solo purpose of
21 enforcement actions taken by the director; and
22 (4) may be disclosed by the insurer that files th3 infonnation.
23 (c) An insurer may not use the following types of credit history to calculate a
24 credit score or determine personal insurance premiums or rates:
25 Q) the absence of credit history or the inability to determine the
26 consumer's credit history unless the insurer has filed actuarial data segmented by
27 demographic factors in a manner proscribed by the director that demonstrates
28 compliance with AS 21.39.030;
29 (2) methodology thatincorporates gender, race, nationality, orreligion;
30 (3) credit history or a credit score that results in unfair discrimination;
31 (4) the number of credit inquiries; this paragraph does not apply if the
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consumer makes more than one inquiry in a 30-day period about automobile or

mortgage financing; In this paragraph, "automobile or mortgage financing” does not

include marketing, promotional, or insurance inquiries;
(5) credit history or a credit score based on collection accounts

identified with o medical industry code;
(6) the consumer's total available line of credit; however, an insurer

may consider the total amount o f outstanding debt in relation to the total available line

ofcredit.
If a consumer is charged higher premiums due to disputed credit history,

(d)

the insurer shall reratc the policy retroactive to the effective date of the current policy
term. As rerated, the consumer shall be charged the same premiums that would have

been charged if the accurate credit history was used to calculate a credit score. This
subsection only applies if the consumer resolves the dispute under the process in 15

U.S.C. 158] (Fair Credit Reporting Act) and notifies the insurer in writing that the

dispute has been resolved.

() In this section,
(D) “consumer" means an individual policyholder or applicant for

insurance;
(2) "credit history" has the meaning givenin AS 21.36.460;

(3) "credit score" has the meaning givenin AS 21.36.460;
(4) "personal insurance" has the meaning given in AS 21.36.460.

* See. 3. AS 2J.36.460 and AS 21.39.035 are repealed July 1,2006.
* Sec. 4. This Act takes effect January 1,2003.
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Section 1. Short Title

This Act may be called the Model Act Regarding Use of Credit Information in
Personal Insurance.

Section 2. Purpose

The purpose of this Act is to regulate the use of credit information for personal
insurance, so that consumers are afforded certain protections with respect to the use of
such information.

Section 3. Scope

This Act applies to personal insurance and not to commercial insurance. For
purposes of this Act, “personal insurance” means private passenger automobile,
homeowners, motorcycle, mobile-homeowners and non-commercial dwelling fire
insurance policies [and boat, personal watercraft, snowmobile and recreational vehicle
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polices]. Such policies must be individually underwritten for personal, family or
household use. No other type of insurance shall be included as personal insurance for the
purpose of this Act.

Section 4. Definitions
For the purposes of this Act, these defined words have the following meaning:

A. Adverse Action—A denial or cancellation of, an increase in any charge for, or a
reduction or other adverse or unfavorable change in the terms of coverage or
amount of, any insurance, existing or applied for, in connection with the
underwriting of personal insurance.

B. Affiliate—Any company that controls, is controlled by, or is under common
control with another company.

C. Applicant—An individual who has applied to be covered by a personal insurance
policy with an insurer.

D. Consumer—An insured whose credit information is used or whose insurance
score is calculated in the underwriting or rating of a personal insurance policy or
an applicant for such a policy.

E. Consumer Reporting Agency— Any person which, for monetary fees, dues, or on
a cooperative nonprofit basis, regularly engages in whole or in part in the practice
of assembling or evaluating consumer credit information or other information on
consumers for the purpose of furnishing consumer reports to third parties.

F. Credit Information—Any credit-related information derived from a credit reporL,
found on a credit report itself, or provided on an application for personal
insurance. Information that is not credit-related shall not be considered *‘credit
information,” regardless of whether it is contained in a credit report or in an
application, or is used to calculate an insurance score.

G. Credit Report—Any written, oral, or other communication of information by a
consumer reporting agency bearing on a consumer’s credit worthiness, credit
standing or credil capacity which is used or expected to be used or collected in
whole or in part for the purpose of serving as a factor to determine personal
insurance premiums, eligibility for coverage, or tier placement.

H. Insurance Score—A number or rating that is derived from an algorithm, computer
application, model, or other process that is based in whole or in part on credit
information for the purposes of predicting the future insurance loss exposure of an
individual applicant or insured.



Section 5. Use of Credit Information

An insurer authorized to do business in [insert Slate] that uses credil information
to underwrite or rate risks, shall not:

A. Use an insurance score that is calculated using income, gender, address, zip code,
ethnic group, religion, marital status, or nationality of the consumer as a factor.

B. Deny, cancel or nonrenew a policy of personal insurance solely on the basis of
credit information, without consideration of any other applicable underwriting
factor independent of credit information and not expressly prohibited by Section
5(A).

C. Base an insured’s renewal rates for personal insurance solely upon credit
information, without consideration of any other applicable factor independent of
credit information.

D. Take an adverse action against a consumer solely because he or she does not have
a credit card account, without consideration of any other applicable factor
independent of credit information.

E. Consider an absence of credil information or an inability to calculate an insurance
score in underwriting or rating personal insurance, unless the insurer does one of

the following:

1 Treat the consumer as otherwise approved by the Insurance Commissioner/
Supervisor/Director, if the insurer presents information that such an absence
or inability relates to the risk for the insurer.

2. Treat the consumer as if the applicant or insured had neutral credit
information, as defined by the insurer.

3. Exclude the use of credil information as a factor and use only other
underwriting criteria.

F. Take an adverse action against a consumer based on credit information, unless an
insurer obtains and uses a credit report issued or an insurance score calculated
within 90 days from the dale the policy is first written or renewal is issued.

G. Use credit information unless not later than every 36 months following the last
time that the insurer obtained current credit information for the insured, the
insurer recalculates the insurance score or obtains an updated credit report.
Regardless of the requirements of this subsection:
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1. At annual renewal, upon the request of a consumer or the consumer's agent,
the insurer shall re-underwrite and re-rate the policy based upon a current
credit report or insurance score. An insurer need not recalculate the
insurance score or obtain the updated credit report of a consumer more
frequently than once in a twelve-month period.

2. The insurer shall have the discretion lo obtain current credit information
upon any renewal before the 36 months, if consistent with its underwriting

guidelines.

3. No insurer need obtain current credit information for an insured, despite the
requirements of subsection (G)(1). if one of the following applies:

(a) The insurer is treating the consumer as otherwise approved by the
Commissioner.

(b) The insured is in the most favorably-priced tier of the insurer, within
a group of affiliated insurers. However, the insurer shall have the
discretion to order such report, if consistent with its underwriting

guidelines.

(c) Credit was not used for underwriting or rating such insured when the
policy was initially written. However, the insurer shall have the
discretion to use credit for underwriting or rating such insured upon
renewal, if consistent with its underwriting guidelines.

(d) The insurer re-evaluates the insured beginning no later than 36
months after inception and thereafter based upon other underwriting
or rating factors, excluding credit information.

H. Use the following as a negative factor in any insurance scoring methodology or in
reviewing credit information for the purpose of underwriting or rating a policy of
personal insurance:

1 Credit inquiries not initiated by the consumer or inquiries requested by the
consumer for his or her own credil information.

2. Inquiries relating to insurance coverage, if so identified on a consumer’s
credit report.

3. Collection accounts with a medical industry code, if so identified on the
consumer’s credil report.

4. Multiple lender inquiries, if coded by the consumer reporting agency on the
consumer’s credit report as being from the home mortgage industry and
made within 30 days of one another, unless only one inquiry is considered.



5. Multiple lender inquiries, if coded by the consumer reporting agency on the
consumer's credit report as being from the automobile lending industry and
made within 30 days of one another, unless only one inquiry is considered.

Section 6. Dispute Resolution and Error Correction

If it is determined through the dispute resolution process set forth in the federal
Fair Credit Reporting Act, 15 USC 1681i(a)(5), that the credit information of a current
insured was incorrect or incomplete and if the insurer receives notice of such
determination from either the consumer reporting agency or from the insured, the insurer
shall re-underwrite and re-rate the consumer within 30 days of receiving the notice. After
re-underwriting or re-rating the insured, the insurer shall make any adjustments
necessary, consistent with its underwriting and rating guidelines. If an insurer determines
that the insured has overpaid premium, the insurer shall refund to the insured the amount
of overpayment calculated back to the shorter of either the last 12 months of coverage or

the actual policy period.

Section 7. Initial Notification

A. If an insurer writing personal insurance uses credit information in underwriting or
rating a consumer, the insurer or its agent shall disclose, either on the insurance
application or at the time the insurance application is taken, that it may obtain
credit information in connection with such application. Such disclosure shall be
either written or provided to an applicant in the same medium as the application
for insurance. The insurer need not provide the disclosure statement required
under this section to any insured on a renewal policy, if such consumer has
previously been provided a disclosure statement.

B. Use of the following example disclosure statement constitutes compliance with
this section: *“In connection with this application for insurance, we may review
your credil report or obtain or use a credit-based insurance score based on the
information contained in that credit teport. We may use a third party in
connection with the development of your insurance score.”

Section 8. Adverse Action Notification

If an insurer takes an adverse action based upon credit information, the insurer
must meet the no'ice requirements of both (A) and (B) of this subsection. Such insurer

shall:
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A. Provide notification to the consumer that an adverse action has been taken, in
accordance with the requirements of the federal Fair Credit Reporting Act, 15

USC 16SIm(a).

B. Provide notification to the consumer explaining the reason for the adverse action.
The reasons must be provided in sufficiently clear and specific language so that a
person can identify the basis for the insurer’s decision to take an adveise action.
Such notification shall include a description of up to four factors that were the
primary influences of the adverse action. The use of generalized terms such as
“poor credit history,” “poor credit rating,” or “poor insurance score” does not
meet the explanation requirements of this subsection. Standardized credit
explanations provided by consumer reporting agencies or other third party
vendors are deemed lo comply with this section.

Section 9. Filing

A. Insurers that use insurance scores to underwrite and rate risks must file their
scoring models (or other scoring processes) with the Department of Insurance. A
third party may file scoring models on behalf of insurers. A filing that includes
insurance scoring may include loss experience justifying the use of credit

information.

B. Any filing relating to credit information is considered trade secret under [cite to
the appropriate stale law].

Section 10. Indemnification

An insurer shall indemnify, defend, and hold agents harmless from and against all
liability, fees, and costs arising out of or relating to the actions, errors, or omissions of [an
agent / a producer] who obtains or uses credit information and/or insurance scores for an
insurer, provided the [agent / producer] follows the instructions of or procedures
established by the insurer and complies with any applicable law or regulation. Nothing in
this section shall be construed to provide a consumer or other insured with a cause of
action that does not exist in the absence of this section.

Section 11. Sale of Policy Term Information by Consumer Reporting
Agency

A. No consumer reporting agency shall provide or sell data or lists that include any
information that in whole or in part was submitted in conjunction with an
insurance inquiry about a consumer’s credit information or a request for a credit
report or insurance score. Such information includes, but is not limited to, the
expiration dates of an insurance policy or any other information that may identify
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time periods during which a consumer’s insurance may expire and the terms and
conditions of the consumer’s insurance coverage.

B. The restrictions provided in subsection (A) of this section do not apply to data or
lists the consumer reporting agency supplies to the insurance [agent / producer]
from whom information was received, the insurer on who’s behalf such [agent /
producer] acted, or such insurer’s affiliates or holding companies.

C. Nothing in this section shall be construed to restrict any insurer from being able to
obtain aclaims history report or a motor vehicle report.

Section 12. Severability

If any section, paragraph, sentence, clause, phrase, or any part of this Act passed
is declared invalid due to an interpretation of or a future change in the federal Fair Credit
Reporting Act, the remaining sections, paragraphs, sentences, clauses, phrases, or parts
thereof shall be in no manner affected thereby but shall remain in full force and effect.

Section 13. Effective Date

This Act shall take effect on [insert date], applying to personal insurance policies
either written to be effective or renewed on or after 9 months from the effective date of

the bill.

© 2002 National Conference of Insurance Legislators
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A Statistical Analysis of the Relationship Between
Credit History and Insurance Losses

Executive Summary

At the request of Lt. Governor Bill Ratliff in 2002, the Bureau of Business Research (BBR)
examined the relationship between credit history and insurance losses in automobile insurance.
With the assistance of the leading automobile insurers in Texas, the BBR research team
constructed a database of automobile insurance policies from the first quarter of 1998 that
included the following 12 months’ premium and loss history. Choicepoint, a commercial firm
that provides underwriting information products for the U. S. property and casualty personal lines
insurance market, then matched the named insured on the policy with his or her credit history and
supplied a “credit score” using an insurance credit scoring methodology it markets to automobile

insurers. This credit score and its relationship with prospective losses for the policy were then

examined.

Using logistic and multiple regression analyses, the research team tested whether the credit score
for the named insured on a policy was significantly related to incurred losses for that policy. It
was determined that there was a significant relafionship. In general, lower credit scores were
associated with larger incurred losses. Next, logistic and multiple regression analyses examined
whether the revealed relationship between credit score and incurred losses was explainable by
existing underwriting variables, or whether the credit score added new information about losses
not contained in the existing underwriting variables. It was determined that credit score did yield

new information not contained in the existing underwriting variables.

What the study does not attempt to explain is why credit scoring adds significantly to the
insurer’s ability to predict insurance losses. In other words, causality was not investigated. In
addition, the research team did not examine such variables such as race, ethnicity, and income in
the study, and therefore this report does not speculate about the possible effects that credit scoring
may have in raising or lowering premiums for specific groups of people. Such an assessment

would require a different study and different data.



A Statistical Analysis of the Relationship Between
Credit Histoiy and Insurance Losses

Introduction

Over the past decade, the insurance industry has begun using credit histories to create “credit
scores” for individuals who apply for, or renew, automobile insurance policies. These scores
(“high” if a person’s credit history is good, “low” if it is not good) are then used in rate-making
decisions, presumably raising premiums for individuals with poor credit history and lowering
premiums for those with good credit history. Additionally, such scores may be used by some
insurers in underwriting procedures, including placement of policyholders within insurance

company groups, or even in denying or canceling insurance.l

There is a public policy debate over whether a statistically significant relationship exists between
credit history and insurance loss, and the debate concerns not only the existence of such a
relationship, but also the effect that the use of credit scoring might have on various subgroups of
the population. The insurance industry has conducted or sponsored a number of studies that
claim to demonstrate that, statistically, the poorer an individual’'s credit history, the higher the
expected losses that the individual will generate for the insurance company, thereby justifying a
higher premium for people with poorer credit histories and a lower premium for people with
better credit histories. Consumer groups have questioned the basis of this alleged relationship
and assert that there is no relationship between an individual’s credit history and the propensity to
file insurance claims. Additionally, others maintain that if there is a relationship, it is due to other

variables and that no underlying causal or direct link exists.

In the summer of 2002, then-Lt. Governor Ratliff asked the Bureau of Business Research (BBR),
as a nonpartisan and independent research unit, to investigate whether a statistically significant
relationship exists between credit score and insurance loss and to report the result of the
investigation to the Legislature. To effect this assessment, a random sample of automobile
insurance policies, including loss histories, premiums, and other variables, were obtained from
several of the largest companies writing automobile insurance coverage in Texas. These policies
were then matched with the credit history of the named insured on the policy to create a database
including both policy infonnation and credit information (including a summary “credit score”).
Infonnation about race, ethnicity, or income was not included in the data collected by the BBR
for the study, and consequently no conclusions will be drawn about the effect of credit scoring on

various racial, ethnic, or income sub-groups in the population.

Methodology

In order to establish whether a statistically significant relationship exists between a person’s
credit history and his or her potential to produce insurance losses, it was necessary to match a
large database of insurance policies with the corresponding credit histories of the named insured

1A company group is a collection of insurance companies sharing the same managerial control. For example, some
company groups have both a standard market subsidiary company and a county mutual (non-standard market)
subsidiary company. These two companies would be considered part o f the same company group.



in each policy. Then, controlling for other underwriting characteristics such as age, gender, prior
driving record, and vehicle type, multivariate regression analyses were used to test whether
adding credit information to a variety of other underwriting characteristics improved the accuracy

of loss prediction.

In this study, insurance companies selling in the Texas automobile market were ranked according
to the amount of their premiums written in the state. The insurers comprising the top 70 percent
of the market (in descending order, starting with the largest companies) were then asked to
provide a random sample of new or renewing automobile policies from the first quarter of 1998
(January 1, 1998 through March 31, 1998). This examination period was chosen chiefly for two
reasons. First, most of the insurers from whom data were requested were not using credit scoring
at that time in rate-making or underwriting decisions, which meant that premium data collected
were not affected by credit history. Second, loss information, including paid losses and reserves
for losses, could be obtained for a one-year period with ease. Even slow-paying claims would
then have some chance of being recorded in the database. Five insurers, including those with
both standard and non-standard subsidiaries (county mutuals), supplied data for the study, with
the number of policies produced by each insurer corresponding to its market share. (For example,
if Insurer A had a 10 percent market share of the dollar value of premiums written in Texas, it
was asked for a number of policies that would total 10 percent of the resulting sample.) Data on

the following variables were requested from the insurers:2
e Age ofinsured
e Gender of insured
e Marital status of insured
e Location where automobile(s) driven
Use of automobile(s) (i.e., business use, pleasure, to and from work)
e Priordriving record of insured drivers
s Annual mileage driven
e Make and model of automobile(s) covered
e Age of automobile(s)
e Premium3
e Incurred losses4

A total of 175,647 separate policies were submitted by the participating insurance companies and
transferred to a commercial firm (Choicepoint) that provides underwriting information products
for the U. S. property and casualty personal lines insurance market. Choicepoint obtained the
credit histoiy for the policies’ named insured by matching on name, address, or Social Security
number. (Such individual identifying characteristics were removed from the data by Choicepoint
prior to transmittal to the BBR.) Of the policies transferred to Choicepoint, 22,321 (12.7 percent)
did not have sufficient or matchable information or credit history to create a credit score.5 Thus,
the final database contained 153,326 policies with credit scores matched and 22,321 without
credit scores. For non-standard market insurance company (county mutual) data, the “no-hit” rate
was slightly higher (at 14.4 percent) than for standard insurance market company data (12.3

2 Not all companies provided all requested information.
3Premium data were for exactly one year ofcoverage from policy inception or renewal date.

41ncurred losses included actual losses and reserves for losses for a 12-month period after the inception or renewal date
in the first quarter of 1998.

5Choicepoint did not go to secondary or tertiary credit vendors to try to increase the “hit” rate. This was partially due
to time and financial constraints, but also because a consistent data record for each named insured was needed to

perform tests on the data.



percent), which may be because of the “safety valve role” that the non-standard market insurers
play in the proper functioning of the automobile insurance market in Texas.6

Choicepoint’s credil data on each named insured included a total of 445 credit variables along
with a summary “credit score” created by Choicepoint.7 Charts 1, 2, and 3 contain distributions
of credit scores in the database. The distribution of credit scores within an insurer’s clientele
(also known as an insurer’s “book of business”) will vary according to the strategic plan of the
insurer. Chart 1 shows the distribution of scores for the entire sample of policies from both
standard and non-standard insurers. Chart 2 shows the distribution of scores for policies from the
non-standard insurers participating in the study. Chart 3 shows the distribution of scores for
policies from the standard market insurers participating in the study. Credit scores for the
standard market (mean=733.0) are significantly higher than the credit scores for the non-standard
market (mean=657.7). This most likely represents the safety valve role that the non-standard
market insurers play in Texas, providing insurance for those unable to obtain insurance in the

standard market.

sFor more infonnation on the role played by non-standard market companies in Texas, sec "An Economic Overview of
the County Mutual Insurance Market in Texas,” Patrick L. Brockctt and Chris Sapstcad, Working Paper, Center for

Risk Management and Insurance, University of Texas at Austin, 1999.
7A credit score typically is a number between 200 and 1000 that reflects the strength of a person’s credit history. It is

created either by the credit vendor or the insurance company. Many insurance companies use their own algorithms to
customize credit scores based on their particular market segments. The score used in this study should not be
considered definitive, only representative ofscores created by a major vendor in the market.



Chart 1
Credit Score Distribution for the Total Market Data Set
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Chart 2
Credit Score Distribution for the Non-Standard Market Data Set
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Chart 3
Credit Score Distribution for the Standard Market Data Set
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Mean: 733.0
Standard Deviation: 104.6
Range: 295-997

Sample Size: 124,240

Loss Ratio

For every dollar in premiums that automobile insurance companies receive, they plan on spending
a certain amount of money to pay claims and loss adjustment expenses. The remaining amoimt is
available for administration costs, taxes, profit, and commissions. The ratio of incurred losses
plus loss adjustment expenses to earned premiums is called the loss ratio and is a frequently used
measure of performance for a group of automobile insurance policies.8 For the companies
writing policies in Texas that were examined in this study, the average individual insurance
company loss ratio varied from 58 percent to 74 percent, with an average of 61 percent across all
companies in the database. Because different insurers have different underwriting guidelines and
different risk profiles for their businesses, the “target” loss ratio will differ from insurer to insurer
depending on the strategic positioning and the returns needed to accomplish strategic objectives
(i.e., insurers writing higher risk business may strategically require higher rates of return or profit,

Formally, the loss ratio for a policy is defined as the sum of actual paid losses, loss expenses, and loss reserves divided
by the canted premium. This ratio takes into account the “best expectation” of the ultimate claim cost for a claim that
has not yet fully settled and been paid and the actual premium that has been “earned” in the sense that the coverage was

actually provided for the time interval.



resulting in a lower target loss ratio). In a simplified fashion, the insurer sets premiums (using
underwriting criteria such as age, type of automobile, coverage, deductible, territory where
driven, age and gender of driver, etc.) in such a manner as to accommodate the underwriting
characteristics while targeting the insurer’s anticipated loss ratio. If the underwriting
characteristics for a group of policies indicate that an expected loss will exceed that supported by
the premium, then the premium is raised for this group of policies. If the underwriting
characteristics indicate that an expected loss will be less than that supported by the premium, then
the premium can be lowered until the expected loss ratio is, on the average for the group being

priced, equal to the target loss ratio.

Within a given insurer, policies are grouped together according to the underwriting characteristics
of the policy with the intent of making policies within a group as homogeneous as possible. For
any such group of policies, a loss ratio exactly equal to the insurer’s target loss ratio means that
the insurance company has correctly priced its premiums for this group to account for the
expected losses in that group and the strategic goals of the insurer. A loss ratio for an
underwriting group that is greater than the insurer’s target loss ratio means that the losses for the
group exceed the amount that the premiums can support within the strategic positioning of the
insurer. Similarly, a ratio for an underwriting group that is less than the insurer’s target loss ratio
indicates that premiums were set too high relative to the losses and expenses (including profit)

and the insurer’s strategic goals (as demonstrated by the loss ratio).

Because of the random nature of individual accidents, it makes sense to only measure the average
loss ratio for large groups of policies and not for individual policyholders. (About 80 percent of
policies show no claim during a given year and hence have a loss ratio of zero, but the average for
a group of policies will be non-zero.) However, some groups of drivers may exhibit higher
accident frequencies than other groups and submit claims at a higher rate. For instance, younger
drivers tend to have more accidents as a group than older drivers. |f premiums were not adjusted
upward for younger drivers, the loss ratio for the group would be higher than the target ratio.
Theoretically, however, when premiums are raised for younger drivers, the loss ratio for younger
drivers as a group adjusts downward. This adjustment process continues until the target loss ratio
for an insurance company is achieved. When this occurs, the loss ratio for younger drivers should
approximate the loss ratio for older drivers, since increased losses are already compensated for by
increased premiums. |f done correctly, this adjustment process makes the loss ratio for the
insurer constant across all groups of drivers, with no group of drivers being charged premiums

disproportionate to its anticipated losses.

In a world with perfect infonnation, the premiums charged by the insurer would be adjusted
upward or downward by actuaries to account for increased or decreased loss expectancy for the
group of drivers being priced, so that each group has a loss ratio equal to the insurer’s target loss
ratio. Thus, the expected loss ratio for policies within a class of policies defined by their
underwriting characteristics has already, to the best ability of the insurer’s actuaries in a cost-
effective manner, accounted for underwriting variables such as age, gender, territory driven,
deductible, make, model and year of car, number of cars and drivers, and so forth, such that the
expected loss ratio of this class will approximate the insurer’s target loss ratio. Indeed, if there
were systematic deviations from the target loss ratio for a given underwriting class, the premiums
for this class would be adjusted to remove this systematic bias. Any variation in loss ratio within
the class should be due strictly to random or non-systematic error. Conversely, if an analysis of a
particular potential underwriting variable shows that it is significantly related to the loss ratio for
the insurer, then this variable’s influence on losses has not been accounted for by previous
adjustments in premiums, and the inclusion of this variable as another underwriting variable adds

value when determining the appropriate premium.



Thus, for a particular insurer, the usefulness of adding an additional underwriting variable beyond
those that have already been priced and included can be assessed by ascertaining whether the
variable is significantly related to the loss ratio. For example, consider proposed underwriting
variable A. The current loss ratio has already incorporated the existing underwriting variables
such as age, gender, make, model and year of car, and usage of the automobile, and insurance
selections such as coverage amounts and deductibles through adjustments of the premiums. The
statistical relationship between proposed underwriting variable A and the loss ratio will reveal
whether including variable A into a new underwriting classification scheme is actuarially justified
or whether the information underwriting variable A contains is already incorporated into the
premium. If the infonnation about losses due to underwriting variable A is already incorporated
into the premium, there will be no statistical relationship between the loss ratio and variable A.

Relative Loss Ratio

As mentioned earlier, different insurers have different target markets and different risk profiles,
and consequently different target loss ratios. The above discussion implies that for any one
particular insurer, the loss ratio incorporates the multitude of underwriting variables and is an
appropriate variable for assessing the statistical usefulness of a new potential underwriting
variable such as credit score. However, one must be careful when aggregating across insurers. |If
one insurer or group of insurers had both a lower average credit score for its clientele and a higher
average loss ratio than the automobile insurance industry as a whole, then an examination of
credit scores versus loss ratios might indicate a relationship due to an insurer effect rather than
due to an intrinsic relationship between credit score and loss ratio. The way to avoid this problem
is to use a relative loss ratio for each policy, where relative loss ratio is defined as the loss ratio
for the policy divided by the average loss ratio for the insurer issuing the policy. In this manner,
each policy is adjusted to reflect the individual issuing insurer’s characteristics. Doing so avoids
potentially spurious findings due solely to insurer differences. If there were no insurer
differences in target loss ratios, this adjustment would not have any effect on the outcome of the
statistical analysis. But if there were differences, using relative loss ratios rather than (absolute)
loss ratios for assessing the statistical impact of using credit scoring eliminates this source of bias.

In the analysis that follows, the assessment of the relationship between credit scoring and
insurance losses, after accounting for other underwriting variables, will be accomplished by
relating the relative loss ratio to the credit score. This will be done for groups of policies. If a
group of policies has been priced to reflect the expected losses for the group, then the average
relative loss ratio will be 1.0 (i.e.,, the average loss ratio for members of the group will be the

same as the target loss ratio for the issuing insurer).

Deleted Files

The database contained a small number of policies that were clearly anomalous and consequently
were deleted before undertaking any data analysis. A total of 157 policies and credit histories
with the following characteristics were deleted from the database: earned premium equal to or
less than zero; incurred loss less than and not equal to zero; or no automobiles or a negative
number of automobiles covered during the policy period. In addition, 57 other policies with loss
ratios equal to or greater than 100 were deleted. For example, some policies that were deleted in
this category were reported to have loss ratios in the hundreds of trillions of dollars. These
deletions represent a statistically insignificant percentage (.0012 percent) of all policy records in
the database, but an analysis without deleting these anomalous policies affected averages in an
unwarranted fashion. The net sample on which tests were conducted was 175,433 policies, of
which 22,284 were policies for which there was too little credit information available to generate
a credit score (the “no hit group™) and 153,149 policies with credit scores matched.



Research Findings

Chart 4 graphically illustrates the main finding of the study. The database of policies was sorted
by credit score into ten groups of equal size. (Hereafter, the ten groups are referred to as
“deciles.”) All but one of the deciles contained 15,315 policies (one decile contained 15,314
policies).9 The average relative loss ratio is given in Chart 4 for each of ten credit score deciles
and (he group of policies with no associated credit score.10 The chart reveals that the three deciles
containing policies with the lowest credit scores have average relative loss ratios greater than 1.0.
The seven deciles containing policies with the highest credit scores have average relative loss
ratios less than 1.0. For the named insureds in the lowest 10 percent of the credit scores, the
relative loss ratio for their policies averaged 53 percent higher than expected, whereas for the
named insureds within the highest 10 percent of the credit scores, the relative loss ratio averaged
25 percent lower than expected. (Recall that a relative loss ratio of 1.0 is the average or expected
relative loss ratio obtained when ignoring credit scoring altogether.) The group of policies with
no credit history available has an average loss ratio of 1.07, or 7 percent higher than the average

relative loss ratio for the dataset.

Chart 4

Average Relative Loss Ratios By
Credit Scores for Total Market Data Set
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Statistical analyses confirmed the visual relationship apparent in Chart 4. A regression analysis
of the relative loss ratio on credit score was highly significant (p<.0001). This indicates that there
is less than a 1 in 10,000 chance that the relationship observed between credit score and relative
loss ratio could be due to chance alone. Breaking the loss into frequency of loss and severity of
loss, two additional analyses were performed. A logistic regression analysis was conducted to
determine whether the existence of a positive claim (incurred loss greater than zero) was
significantly related to credit score. Each policy was classified as to whether a positive loss or no

9Thc 22,284 policies with no credit score available were placed in their own group and analyzed along with the other

ten groups.
I0The standard deviations of the relative loss ratios for each of the deciles, including the “no credit score available"
category, from left to right, arc: 6.1, 6.9, 6.3, 5.7,5.1, 5.3, 5.8, 5.0,4.9, 4.4,4.9. Not only docs the average relative loss

ratio tend to decrease with increasing credit score, but the uncertainty in predicting the relative loss ratio (standard

deviation) also tends to decrease with increasing credit score.



loss was experienced. This classification variable was then related to credit score using logistic
regression. It was found that there was a statistically significant relationship between credit score
and the likelihood of a positive claim being filed (p<.0001). Another analysis was performed to
ascertain if the size of the claim was related to credit score. For this analysis, a regression of the
relative loss ratio on credit score was performed using only those policies having a positive
relative loss ratio. Again for this regression the credit score was significant (p<.0001), indicating
that the size of the loss is also significantly related to credit score. Finally, using the data grouped
by credit score deciles exhibited in Chart 4, the correlation between credit score and relative loss
ratio was calculated. The correlation (r) was .95, which is statistically and substantively
significant. Thus, the analyses show that both the likelihood of a positive claim, and the size of
the claim should it occur, are significantly related to credit score, even accounting for other
underwriting variables and differences in individual insurance company target loss ratios.

Chart 5 shows the average relative loss ratio distribution for each credit score decile among
policies in the sample taken from standard market insurers. The distribution is similar to that
shown in Chart 4, with policies in the three lowest credit score deciles showing an average
relative loss ratio significantly higher than the seven highest deciles. Again, for the grouped data
in Chart 5, the correlation between credit score and relative loss ratio, .95, was highly significant.

Charts
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Chart 6 shows the average incurred dollar loss for each policy in each decile. Over the entire data
set, the average loss per policy was S695, but for those policies in the lowest 10 percent of credit
scores, this average loss was $918, whereas within the highest credit score decile, the average loss
per policy was $558. Thus, the average loss per policy is higher for the lowest credit score
deciles and lower for the higher credit score deciles. 1l

N The dollar losses shown for each dccilc arc incurred losses for lhe policies and do not consider premiums. The extent
to which each decile group is profitable or not for the insurance company depends upon the company being able to
charge premiums that exceed these losses plus other expenses. Also, while Chart 6 shows the average incurred loss for
named insureds whose credit scores fall into the decile listed, it does not address the issue of whether existing
underwriting characteristics account for this variability. This was accounted for in Chart 5.
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Chart 6

Average Incurred Losses Within Each Decile
for Policies Grouped by Credit Score Dccilc
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Another way of showing that policies belonging t named insureds with lower credit scores have
a higher probability of incurring losses is to look at the distribution of relative loss ratios in each
credit score decile in the sample. Chart 7 shows the percentage of policies within each credit
score decile with a relative loss ratio greater than 1.0. As can be seen, named insureds in the
lowest two credit deciles are about 33 percent more likely to have a relative loss ratio greater than
1.0 than are those with credit scores in the top two deciles (12/09=1.33). A relative loss ratio of
1.0, as described in the Methodology section (above), is the target toward which individual
insurers aim for specific classes of insured drivers.

Chart 7
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Limitations of the Study

While this study found that poor credit history strongly relates to insurance losses in the
automobile insurance industry, it was not designed to, nor does it, answer a number of important
public policy questions. Certain critics argue that credit information collected by the three main
credit bureaus (TransUnion, Experian, and Equifax) can contain inaccurate information on
consumers and their credit histories, which would then compromise any subsequent credit score
created by third-party commercial firms Eke Choicepoint for use in the insurance industry, not to
mention credit scores created by insurance companies themselves. In the present study, if the
credit information provided to Choicepoint for the random sample of policies contains
inaccuracies, then the credit scores generated for the named insureds will be inaccurate, as well.
It was heyond the scope of this study to examine the accuracy of the credit report supplied, but
this certainly is important if wide-scale adoption of credit history in underwriting is undertaken.

An imp'-.iant proviso regarding inferences that can be drawn from this study concerns the credit
score itself. The analysis in the study used the credit score created by Choicepoint. Individual
insurance companies can (and do) use individual credit histories and variables contained therein
to create their own credit score models and credit score values for use in underwriting. To the
extent that individual insurance companies create a “better" (more predictive) credit score, the
relationship found in this study may be weaker than that observed by such insurance companies.
Conversely, to the extent that insurance companies use credit histories and less predictive credit
scoring models than that furnished by Choicepoint, the relationship found in this study may be
stronger than that observed by such insurers. To the extent that individual insurers use different
formulas, results presented here should be viewed as illustrative of the relationship that can be
determined between credit scoring and losses. Without access to individual insurance companies’
proprietary credit scoring models, the findings presented here can only suggest the potential for a
correlation between credit score and losses. This analysis is based on the Choicepoint model and
cannot predict the relationship that would be exhibited by individual insurers’ credit scoring

models.

Another factor that should be pointed out relates to the use of credit scoring in policies having
multiple drivers. As is the general practice in the insurance industry, the credit score generated
by Choicepoint, which was used in the analysis presented, was based on a credit match with the
identifying characteristics of the named insured (e.g., the social security number of the named
insured). For multiple driver policies, each driver might have a different credit score and
different incurred losses, and yet their individual losses are aggregated and associated solely with
the credit score of the named insured. Consequently, it is possible for a named insured (a father,
for example) to have a very good credit history, while the young son driving on the policy has a
bad driving record with many incurred losses. In such a case, a “good” credit score would be
associated with a policy having high incurred losses. In this regard, the current study should be
interpreted as showing a significant relationship between the credit score of the named insured
and losses for everyone on the policy and not as showing a relationship between the credit score
of an individual driver and the losses of that particular driver. The fact that there was a
significant relationship found in this study even using “noisy data” indicates that perhaps an even
stronger relationship would occur if every driver's credit and record were examined separately.

This was not possible in this study, nor is it insurance industry practice.

A common criticism of credit scoring and its use in underwriting decisions is that it may

discriminate against low-income and/or minority applicants, and that its use, in effect, amounts to
“red lining.” Some within the insurance industry have maintained that their underwriting and

rate-making practices are blind with regard to ethnicity and income. The database used in this



study did not contain infonnation on named insured income, ethnicity, or physical address (other
than rather gross delineation of rating territory for some but not all insurers), so the results of this

study cannot and do not address this issue.

Conclusion

This study analyzed a large random and representative sample of automobile insurance policies
from the Texas market to determine if: 1) credit history and losses were statistically related and 2)
whether such a relationship, if it exists, is explained by standard underwriting variables. The
analysis found that incurred losses on individual policies are statistically significantly related to
the credit score of policy’s named insured (see Chart 6). Additionally, incorporating
underwriting variables used by the companies through the use of relative loss ratios, it was found
that there was still a statistically significant relationship between credit score and the relative loss
ratio for policies (Charts 4, 5), so standard underwriting variables do not explain the observed
statistically significant relationship between credit scores and losses. (The correlation between
credit score and relative loss ratio is .95, which is extremely high and statistically significant.)
The lower a named insured's credit score, the higher the probability that the insured will incur
losses on an automobile insurance policy, and the higher the expected loss on the policy.
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Introduction

Atihe time o fthis writing, a process o f both education and debate is occurring with regard to ihe

use o fpersonal credil history in the underwriting or rating o fpersonal lines insurance policies. The
insurance industry, the NAIC, and other interested third panics are all involved in educating both
themselves and each otheron such issues as correlation, multivariate correlation, causality and the social or
actuarial appropriateness o fusing this tool in eitherunderwriting or rating. Although Ihe scope of
regulators is more finely focused on rating, the recenttrend towards tier rating and the utilization o f
multiple rating companies by members o fthe insurance industry has blurred the distinction considerably
between the two. The use ofpersonal credil history in personal lines insurance has therefore, through its
manifestation in underwriting, gone largely unnoticed until recentyears. The rapid increase in its use has

brought credit history to the forefront o fdebate in manyjurisdictions, in addition to its use In quasi-rating
schema.

The development and use o fthird-party scoring algorithms forcredil evaluation, and the
proprietary nature o fsuch models, has made it difficult for regulators, companies, agents and customers to

gela firm grasp orthe underpinnings o fautomated risk evaluation based on credil history. Apparently, it is
The key

nc«only actuaries who occasionally take the position that"ifl can't touch it, Is it actually real?”
issues under debate are the existence (or non-existence) o fa correlation between pastcredit history and
expected loss levels (and which variables arc responsible forthat correlation) and the establishment of
causal links forsuch correlation. Both w ill be addressed here, although only the former can be statistically
analyzed. Causality will be addressed on an infomulional (and necessarily subjective) basis. The key

questions that will be addressed in this paper are:

Is there a correlation between credil histoiy and expected personal lines loss

1)
performance?

2) Ifso, which specific criteria within acredit file ire indicative ofabnormal loss
performance (favorable orunfavorable)?

3) I fthis correlation exists, is it merely a proxy, i.e, is the correlation actuallydue to other
characteristics (which may already be underwritten for or against, or rated for)?

4) As acorollary to 3), are (here dependencies between the impact ofciedii history on loss
performance and other policyholder characteristics or rating variables?

5) W hat are the ramifications o futilizing such data forunderwriting and/or raiemakfng?

Research Database Construction

The data utilized in researching the relationships between credit history and private passenger
automobile loss experience was assembled from severalsources. Allpolicies originally written during
Earned premiums for lhe calendar/aceidentyears 1993 through

calendaryear 1993 were first identified.
1995 were then appended forall coverages. The longest exposure period forany given policy Is therefore
1993 and remained inforce through

36 months, in the case where the policy was written on January ",
December31", 1995. All policies were included in the database, regardless o fwhetherornotthey

remained inforce through the end ofthe experience period, making the shortest possible exposure period for
any given policy one day. Hence policies are not homogenoujin eitherlength ofexposure orin coverages
afforded. Also ofnote is the fact that lIhe company did not utilize creditinformation in underwriting or

rating o fpolicies during this time period.

Incurred losses were chen added, where incurred loss was defined as the sum o f paid losses, case
reserves, supplemental reserves on case (which ore established to c*veradverse development on known

losses), loss expenses and salvage and subrogation recoveries. These losses were evaluated as ofJune 30*
1996 for the exposure period January I", 1993 through December3 1", 1995. Incurred losses during

accidentyear 1993 therefore had 42 months ofdevelopment, those during accident year 1994 were
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developed 30 months, and those during accidentyear 1995 were developed 18 month]. All earned premium

and incurred loss were detenni.ted atthe policy level, i.e., accumulated for all vehicles insured on (he policy

atany lime during the experience period and for all coverages afforded on those vehicles.

Data was then apoended lo each policy record that defined the underwriting and rating
characteristics o fthe policy atthe lime o finitial writing. This datasetcontained such information as number
ofdrivers, numbero fvehicles, priorincidentand violation activity, state o fresidence, residence type and
Some o fthese variables certainly would have changed

stability and prior Insurance carrier Information.
Inorderlo provide predictive value, information was

value during the experience period for many risks.
compiled which related to the conditions in effect at Ilhe lime o fwriting.

The datasetwas sentto a national credit vendorto append archived credil histories for each match
thatcould be found. These credit histories were retrieved from credil files archived at the lim e each policy
was written (or atthe nearestthree-month interval). Each record was then stripped o fany identifying
information (i.e. policy number, name, address) in order to ensure compliance with the Fair Credit
Reporting Act. This action permitted analysis o fthe data without knowledge oflhe identity ofany
individual risk. Again, in orderto provide predictive value, information gathered was pertinentto the
conditions in effectat (he lime each policy was originally written. The creditinformation added to the

dataset contained ailo fthe information in the insured’s credit file.
Matches were obtained on approximately 170,000 o fthose.

The original listing ofpolicies contained
approximately 270,000 records. This "hit
rate” is rather low; recall, however, that many o fthe policies were no longeractively insured by the

company and address and otherinformation could have been outdated.

Queries were then constructed and run againstthis database, accumulating earned premium and
incurred loss during the experience period for various combinations o fpolicy characteristics. In fact,
thousands o fsuch queries were tun. evaluating the loss ratio and loss ratio relativity o fgiven subsets o fdata
These subsets each contained one or more variables from the two

relative to others and lo the whole.
The database had a grand total o f

groups underwriting/rating characteristics and credit characteristics.
1394 million in earned premiums forall records combined. The rcsulu o fthese queries, and the

conclusions that could be drawn irom them, shed light on the startling foundations o fthe creditscoring
models: the individual credit characteristics. A data dictionary containing the description o fall fields
utilized in the results contained herein can he found in the Appendix.

Lim itations and D ifficulties

The construction o fthe database caused some inherent difficulties in interpretation and also
rendered most traditional ratemaking methodologies unusable. The dataset was not compiled with the intent
ofapplying ratemaking methods and principles. Since the process o frisk selection occurs on a policy basis,
the data was compiled to be utilized in that setting; lojs ratio relativity is the only meaningful measure o f

performance expected to arise from these data.

The credit file utilized was associated with one individual, although many policies have more than
one covereddriver. This individual was the named insured. The named insured may or may not have been
the individual involved in prioraccidentor violation events, and may or may not have been Involved In
subsequent losses during the experience period. This difficulty arises from the use orpolicy level data. The
gquestion remains unanswered as to what kind o floss experience one can expect Irom, forexample, a
married couple with significantly differenl credil histories (as can be expected with policies written on

recently married persons).

Another difficulty encountered was determining the appropriate method o f binning the data,
particularly where the independent variable was o f the continuous type (dollars, for example). Any data
grouping ofa continuous variable will have greater stability when larger bins are employed. Many different
bin groupings were used in such cases, although only one will be showi. here foreach example.



Results of Data Queries

The database contained a large number o fvariables relating to underwriting characteristics, rating
Space limitations preclude presenting information about most o fthe
A sampling o fthis data will be reviewed and discussed. The
Allearned premium and

characteristics and credit information.
queries that were run and results obtained.
first section w ill contain information about individual creditcharacteristics.
incurred loss dollars will be shown in millions unless otherwise specified. The aggregate loss ratio for the
entire database is 76.3% ; this number is higher than average for the private passengerauto industry but
recall this ispremium and loss experience during ihe first (atmost) 36 months o fexperience from a block o
New business in general produces higher loss ratios than longer-tenured business.

f

newly written policies.

/. Amounts Pari Due (APD)

APD is defined asdelinquentamounts thatare uncollected as o fthe report date. This amount is
the sum ofall delinquent amounts on die credit file, regardless o fhow many accounts are delinquent. A
scheduled payment must be at least30 days late before it appears on lhe credit file as delinquent. Note that

there is a significant amounto fpremium voluriie in the categories below $10. This is due to a logistical
difficulty with the data: some records contained the value SO, others were blank. In order to run queries, the

data must be un formly formatted, yet there could have been statistically significant differences in results for

"blank" versus SO. Therefore, all records with blanks were assigned avalueofSI|. The premium and loss

dollars in the categories below S6-20 should be considered included with SO.

Earned Incurred Loss Relative Fitted
APD Premium Loss Ratio Loss Ratio Relative |
SO S 257.7 S 180.9 70.2% 0.92
1-2 45.8 31.8 69.3% 0.91 1.03
3-5 6.5 4.9 75.9% 1.00 1.07
6-20 4.7 4.4 94.0% 1.23 1.1
21-50 5.5 4.8 87.5% 1.15 1.16
51-99 5.8 5.8 99.7% 1.31 1.19
100-199 7.7 7.3 95.9% 1.26 1.22
200-499 12.0 1.1 92.7% 1.22 1.25
500-999 10.2 10.9 107.2% 1.41 128
IK-2K 10.1 9.9 97.2% 1.27 1.31
2K-5K 12.5 12.6 100.5% 1.32 1.35
5K-10K 7.8 8.3 106.1% 1.39 1.38
10K + 7.7 7.6 99.8% 131 1.41
S 300.4 76.3% 1.00

Total 5 394.0

A linear regression performed on loss ratio relativity vs. logarithm o fAP D generated a coefficient o0 f0.83,
The t-statistic for 99.5% significance level with 10 degreesorfreedom is 3.17; the t-stat for this dataset is
5.65. Thus the null hypothesis that slope o fthe regression is 0 is rejected with 99.5% certainty. A less
statistical observation would be that loss ratio Increases asthe APD increases, but the change is very small
compared to the large jum p In loss ratio from around 70% for 50 to the mid-nineties at almost any value
greaterthan SO. Tltls is somewhat counter-intuitive, as one might speculate that small delinquencies should
Recall, however, that what is being measured is impact on loss

not have the same impact as large ones.
Since the causal links are not established,

ratio, not credit worthiness or any other characteristic.
preconceived notions should be considered with skepticism.

2. Derogatory Public Records (DPR)

DPRs include such items as bankruptcies, federal, slate or municipal tax liens, civiljudgments and
foreclosures. The presenceofs DPR on acredit file also has significant impact on future loss performance.
This should come as no surprise, as this variable is lhe one that has been utilized in the personal lines

industry for the longest lime and is the mostwidely accepted.
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Eomeri Incurred Loss Relative Filled

DPR Premium Loss Ratio Loss Ratio Relative LR
None S 358.fi S 264.7 73.8% 0.97 1.04
1 22.4 21.6 96.5% 1.27 1.18
2 7.1 7.4 104.2% 1.37 1.33
3ormore 5.9 6.7 114.1% 1.50 1.54

Linearregression on numbero f DPR vs. relative loss ratio generated an R1value 0f0.95. The loss ratio for
all DPR that had an outstanding liability on the file ofgreater than JO is 102.2%, (relativity - 1.34) and

premium volume of $31.1. Although many will not be surprised that there is acorrelation with this

variable, the size o fthe difference in loss ratio may confirm the underlying reason for its historic use.

J. Collection Records
A collection record is generated when responsibility forcollecting a delinquent account (or trade

line as they ere generally referred) is transferred to a collection agency In general, (his occurs when a
delinquency is more than 120 days past due. Collection records can, however, occur fordelinquencies thai

are not associated with a trade line, i.e., in the case o fa utility bill.

Earned incurred Loss Relative Fitted
Collections Premium Loss Ratio Loss Ratio Relative LR
0 S 364.6 J 270.1 74.1% 0.97 1.05
1 19.0 18.5 97.5% 1.28 1.21
2 5.5 6.0 108.4% 1.42 137
3 ormore 5.0 5.9 118.6% 1.56 1.61

The loss ratio for any

R: value forthe regression ofnumbero fcollections vs. rclotive loss ratio is 0.96.
The

collections with outstanding liability greater than SO is 107.6% with a premium volume 0fS22J.

results for this variable are very similar to those for DPR. Although there is increasing loss ratio for

increasing number o fcollections, the largestjum p in loss ratio occurs between 0 and |I.

4 Status o f Trade Lines

Each trade line is given a rating based on its current status.
Is available, while a rating o f | indicates that the most recent payment made was as agreed, or no more than
Status codes 2-3 are used to indicated trade lines where lhe most recent

A rating o f0 indicates no inform ation

30 days past the payment due date.
payment inode was 30-59.60-89, 90-119, orover 120 days past due, respectively. Codes 7-9 ore used to

denote such situations as accounts which are being paid undera wage earnerplan, are in repossession, have

been written o ffas bad debt, and others.

Earned Incurred Loss Relative
Condition Premium Loss Ratio Loss Ratio
All trade lines not rated 2-5 i 314.8 S227.3 72.2% 0.95
At least 1trade line rated 2-5 79.2 73.1 92.3% 1.21

Earned Incurred Loss Relative
Condition Premium Loss Ratio Loss Ratio
Al trade lines not rated 7. P.or 9 S 334.1 S 240.8 72.1% 0.95
lormore trade line rated 7.8, or 9 59.8 59.6 99.6% 1.31



Htrese two typesof ratirgs are viened eclusively, the folloving resulisore dotained:

All trade lines rated 1 J 286.7 S 198.8 69.3% 0.91
lormore rated 2-S, none 7-9 47.5 42.1 88.6% 1.16
lormore rated 7-9, none 2-J 28.1 28.5 101.5% 1.33

31.7 31.0 97.8% 1.28

lormore o feach type

When combining both types o f trade line sutius, Note the difference between this variable and APD: APD
refers lo amounts that are currently delinquent, whereas status refers lo the account evaluation based on the

mostrecent payment made.

S. Age o fOldest Trade Line

This variable measures the lime between the reportdare and the oldestdate that any trade line was

opened. Trade lines include more thanjustrevolving-type accounts; home improvement loans, installment
loans, earloans and mortgages are also considered trade lines. The years listed in the following table reflect

the factthat the database involved policies written in 1993.

YearofOpening/ Earned Incurred Loss Relitive Fitted Loss
Age ofOldest Line Premium Loss, R atio Loss Ratio__ Ratio Relativity
1963& Prior(30+ yra) $ 9.6 S 6.4 66.4% 0.87 0.79
1964-1968 (25-29 yra) 24.4 14.7 60.2% 0.79 0.85
1969-1973 (20-24 yra) 41.0 29.4 71.8% 0.94 0.91
1974-1978 (15 -19y «) 68.3 48.9 71.5% 0.94 0.97
1979-1983 (10-l14yra) 82.9 60.5 73.0% 0.96 1.03
1984 (9 years) 26.5 20.2 76.2% 1.00 1.07
1985 (8 years) 26.4 20.6 78.2% 1.03 1.08
1986 (7 years) 23.2 19.3 82.9% 1.09 1.09
1987 (6 years) 21.2 19.8 93.3% 1.22 1.10
1988 (5 years) 18.9 15.9 84.2% 1.10 111
1989 (4 years) 16.5 12.8 77.6% 1.02 1.13
1990 (3 years) 14.0 12.2 87.2% 1.14 1.14
1991 (2 years) 10.4 9.6 92.5% 1.21 1.15

10.7 10.2 95.0% 1.25 1.16

1992 (1 year)

The t-staiisiic for the dataset is (5.86); thet-stat forihe 99.5% significance level for 12 degrees o f freedom
is (3.06), thus lhe null hypothesis thatthe slope o fthe regression is zero is rejected atthe 99.3% confidence
level. The linear regression on years since opening and relative lossratio generated an R* value of0.56.
Here is a correlation that hss drawn skepticism: are these results arising merely from the age o fthe insured,
rather than the age o fthe oldest trade line? This question will be answered In the m dtivariaie section using
driver age data, but one can nevertheless deduce thatifyounger drivers are responsible for die poorer loss
results in the lower section o fthis table, then the same results should be found in the class experience for

those ages. This isnot true for policies in this dataset, nor is it true for the insurance industry as a whole.

6. Non-Promotlonal Inquiry Count
A strong relationship was also found between loss ratio and non-promotional inquiry count. An
inquiry is posted to an individual's credit history file any time that file is reviewed. Many such inquiries are

made fordirect mail marketing campaigns, which are net requested by the insured. These inquiries are
excluded from consideration, and only those that arise from the activities and requests o f the insured are

Included. Federal law prohibits the maintenance ofinquiry records for longer than 24 months, at which

point they are purged by the credit bureaus.



Fined Loss

Numberof Earned Incurred Loss Relative

Inquiries Premium Loss Ratio Loss Ratio Ratio Relativity

0 S 130.9 S 92.9 71.0% 0.93 0.92

1 82.7 58.4 70.6% 0.93 0.96

2 55.1 40.9 74.2% 0.97 0.99

3 37.4 28.8 77.0% 1.01 1.03

4 24.9 20.8 83.4% 1.09 1.07

5 17.5 15.2 87.0% 1.14 1. 1f

6 12.0 9.7 80.6% f.06 1.15

7 8.7 7.9 90.8% 1.19 1.18

8 6.0 JJ 87.7% 1.15 1.22

9 4.4 4.8 110.0% 1.44 1.26

10 3.2 3.2 100.1% 1.31 130

11-15 7.6 8.2 108.6% 1.42 1.41

16 ormore 3.7 4.4 117.5% 1.54 1.60

The (-statistic is 9.51; the I-stttistic for Il degrees o ffreedom forthe 99.5% significance levelis 3.11. The
correlation coefficient for the regression Is 0.94. Once again, a single characteristic from an individual's

financial management history has a surprisingly large and consistentimpact on loss ratio, even in the

smallerpremium volume cells.

7. Leverage Ratio on Revolving-Type Accounts

This variable |j calculated as the ratio of(he sum o fall revolving debtto the sum o fall revolving
Trade lines such os mortgages and installment loans are excluded due to the dilTerence In

account limits.
the nature o fsuch accounts. Since leverage ratio is a continuous-type variable, k was difficult to determine

how lo define data bins.

When the data was Initially reviewed, it was found that the loss ratio relativity for leverage ratio m
0% was 1.04, while the relativities Torleverage ratios below 10% were in the 0.75-0.90 range, and
subsequently rose as leverage ratio increased. This anomaly occurred due to the fact that records with limits

of 10 caused a zero divide, and wera given a default leverage value of 0% . Therefore, the table displays n

more detailed breakdown o frecords with 0% leverage, due to the marked difference that was evident in loss

ratio impactwhere limits were low or zero.

Leverage Revoi Ing Sirred Incurred Loss Relative Fitted Loss
Ratio Lim its Premium Loss Ratio Loss Rotio Ratio Relativity
0% o) J 203 S 20.0 98.4% 1.29
0% S1-499 8.6 8.0 93.0% 1.22
(Hi S500 or more 35.8 23.2 64.9% 0.85 0.84
1-10% 91.6 51.9 64.3% 0.84 0.85
11-39% 91.6 65.0 70.9% 0.93 0.92
40%60% 41.8 31.5 75.2% 0.99 (.01
61-80% 30.5 24.8 81.7% 1.07 1.08
81-100% 24.6 21.7 88.1% 1.16 1.14
49.0 47.3 96.6% 1.27 1.26

101% or more

T-statistic for this dataset (excluding the low-lim ft, 0% leverage group) is 26.3, using weighted means o fthe
leverage ratio ranges. The 99.5% confidence t-stat1s4.03. The R1lvalue is 0.996. The practice ofsomc

insurance companies o futilizing the characteristic ‘possession ofa major credil card’ as an underwriting
criteria for company placement seemsjustifiable when (he top segmento f this table is considered. This

depends o fcourse on the average rate level o fthe writing company.



8. Revc/Iving Account Limits

This variable is (he denominator in the calculation c f leverage ratio discussed previously. Itis the

sum o fcredit limits for all revolving-type trade lines on the report fora given individual.

Revolving Earned Incurred Loss Relat
Lim its Premium Loss Ratio Loss
$0 S 415 S 39.4 95% 1.25
S1-5500 = 9.8 8.6 88 1.15
501-1000 13.0 12.5 96 1.26
1001-1500 12.0 10J 86 1.13
1501-2000 11.2 10.8 96 1.26
2001-2500 10.0 8.1 81 1.06
2501-3500 18.8 153 81 1.07
3501-5000 26.0 20.6 79 1.04
5001-7500 36.2 282 78 1.02
7501-10K 31.4 24.5 78 1.02
10 - 15 K 50.8 34.8 69 0.90
15-20 K 37.7 24.0 64 0.83
20 - 25 K 27.6 19.0 69 0.91
25-30 K 18.7 12.9 69 0.91
30-40 K 22.0 13.5 61 0.80
40 —50 K 10.9 7.3 67 0.88
50K + 16.4 10.7 65 0 85

Correlation coefficient for this regression is (0.78), using midpoints o fthe lim it ranges. The first

conclusion that could be drawn it that this conelalion only duplicates the one already discussed in the
Anotherconclusion that has been

leverage ratio section. This will be addressed in the multivariate section.
drawn is that this variable is directly correlated to personal Income, and use o frevolving limits in any

underwriting or rating program is discriminatory towards lower income individuals (disparate impact) Tin's
It would be erroneous however, to

mayor maynot be ttue; the data does not contain income information.
Many people choose not to use

assume that all people with low revolving limits are also low-income.
credit; others may have substantialincome but low revolving limits due to the fact bat they cannot obtain

such credit lines based on their past bill payment performance.

Some exhibited correlation to

Many other individual variables were reviewed from the credit file.
Those displayed thuj far, however,

loss ratio at various significance levels, others had no such correlation.
show a systematic predictive powerthat requires explanation and understanding.

Causality
Explanation o fthese correlations, for the mostpart, cannot be found in the data assembled for ibis

research. Iwould be remiss, however, if | did not at least attempt to jet down those arguments which could
be made suggesting reasonable causal links between an individual's bill paying history and expected loss

experience for insured losses under a private passengerauto insurance policy.

Oefore listing such arguments, it is first appropriate to review the Actuarial Standards o f Practice
<112, entitled “Concerning Risk Classification". The relevantsection is 5.2, which stares the following:

5.2 Causality - Risk classification systems provide a framework of inform ation which can be
If acause-and-effect relationship can be

used to understand and project future costs.



established. Ibis tends id boost confidence that such information is usefulin projecting fnturc

eons, and may produce some stability ofresults.

However, in financialsecurity systems. It Isoften impossible or impractical to prove
statistically any postulated cause-and-effrcl relationship. Causality cannot, therefore, be

made a requirement for risk classification systems.

O ften, the term “causality” is not used in a rigorous sense o fcause ond effect, hut in a

general sense, implying the existence ofa plausible relationship between the characteristics

ofaclass and the hazard for which financial security Is provided. Forexamplc. living In a

river valley would not by Itselfcause a flood insurance claim, but it does bear a reasonable
relationship lo the hazard insured against,and thus would he a reasonable basis fur

classification.

Risk classification characteristics should be neitherobscure nor irrelevant to the protection

provided, but they need notexhibit a cnusc-and-c.Tccf relationship.

Clearly, the operative word in this Standard o f Practice is irrelevant, osthe historical dam in question is not

obscure. Therefore, arguments must be put forth which, despite being speculative, arc reasonable

statements that a reasonable person would find relevant.

Why would an individual who has current or pastdifficulties with meeting financial obligations be
expected to have above-average costs to an auto insurer? Since there is an adm Inisita'ivc expense
associated with the processing o f Insurance premiums and related transactions. it can be atgucd that
subsequent lapses in the individual's payment history is a direct cost to the insurer. This cost would fall

unJerthe category o fexpenses, however. The focus here is loss costs.

Miiliuaiance
The argument has already been made, and often, that auio insurers' underwriting practices are
created forrisk selection, and one characteristic that is viewed as favorable for selection is described in

various quancrs as "stability” or "responsibility". Few, however, could give an objective definition o f how-

one could measure such a characteristic, but historically many customer characteristics have been utilized as
an assumed proxy for this nebulous attribute, such ashome ownership, marital status, number or vehicles,
It is entirely possible that aperson's current and historical management

coverage and limits selected, etc.
Ifa person manages their financial

ofdebt is another indicator that could be utilized to identify this quality.
Oflairs responsibly such thatdebts arc paid on time, they may also lake (lie same approach to the

maintenance o fother aspects o ftheir lives, including their automobile. A vehicle keptin good working

order and condition is less likely to be involved in an accidentthan one that is not, all other things being

equal. Such an individual may also lake greater care in operating that vehicle.

Mur/ilc Hazard

flic CI'CU textbook "Personal Insurance” defines morale hazard in the following way:
M orale hazard is a condition thatexists when a person is less careful because ofthe

existence ofinsurance. Morale hazard does notinvolve on Intent to cause or exaggerate «

Instead, the insured becomes carelessaboul potential losses because insurance is
Leaving lhe keys In an unlocked caror allowing fire hazards to remain
Morale hazard results in additional losses that

loss.
available.
uncorrcctcd are eiamples ofmorale hazard.
drive up the costofinsurance because ofInjuries and damage that could have been

prevented."

The previous discussion o fresponsibility could lead to the argument that individuals who are careless in the

management o f finances also present a morale hazard In the area o fautomobile insurance.

87



China Corsaoeess

An insurer's loss experience measures dollars o floss which are paid on claims that are filed. The
numberofclaims filed is less lhan the number o faccidents that actually occur. Consider two risks that are

identical in all ways (from an insurer's perspective) except for the fact that one manages their financial
The risk who has atroubled financial history and condition is much

aflairs much betterthan the other does.
more likely to be in debtand ton largerdegree: the need forcapital lo satisfy financial obligations has a
bearing on decisions made in many areas o fhis/her life. Suppose forexample, that these two risks are both
involved in an auto accident, involving no injuries, but causing property damage to theirown vehicles
which is some nominal amount (say, S100) more lhan the deductible. The risk whose financial condition is
It may impact his/her rates at the next renewal; the time and

more sound has a disincentive to file the claim.
The risk with the poorerrecord of

effort involved may not be even worth the compensation obtained.
financialmanagement has a greater Incentive to file Ihe claim and obtain the compensation, as it has greater

value to that individual.

Fraud: Increased Severities
Continuing with these same two risks, consider now ihe situation in which the damage to property
was much greater lhan the deductible: the vehicles each sustained damage measuring in the thousands o f
dollars. Ifan auto repairtechnician suggested a relatively easyway ofrecouping ihe deductible for .lie
insured, or the benefits ofpadding (he repair costs, the individual under the greater financial pressure would
be more susceptible acquiesce. This does not, however, imply that risks with poor bill-paying histories
have any less integrity lhan otherrisks. Some people would nevercommit fraud on any level; others would
do so with no need for provocalion or encouragement; still others could be convinced to do so only under

the properconditions. This argument only implies that any individual who could be Induced lo participate
in this level o f fraud would be more likely lo do so if lhey were under financial pressure from other sources.

Fraud. Increased Frequencies
The presence o fsevere financial pressure could also produce claims that would nol have existed

There issome segment o fthe population (hat eitherdoes or could view the insurance mechanism

Fraudulentclaims in ihe fomt o fstaged accidents, phantom claimants, phantom
Once again,

otherwise.
as a financial opportunity.
vehicles or arson are a way dtar an individual con extract funds from lhe insurance mechanism.
this argument does not im ply anything nboul the integrity ofa risk with poorbill-paying history. What it

does assert is that an individual with severe financial pressure could look 10 al possible sources o f funds to
alleviate that pressure. Therefore, any individual who was capable o fcom mitting this type o f fraud is more

likely to do so given the existence o fthat financial pressure compared to the absence o fit.

Stress

The assumption is made here (hat Individual] who are under financial pressure from debt exist
under agreater level o f siress ilian average. This stress could exist from ihe associated worries over future
impacto ffinancial condition, ‘.viwiduals under such siress may be less focused on proper operation ofa
motor vehicle and make them more susceptible lo accidents resulting from chance occurrences or
distraction. It would be usefulif' -ere were some othercondition which could produce this same levelo f
siress, for which loss data was available, to strengthen the argument. A few currently coded customer
characteristics could be considered candidates. One such variable is numbero fchildren under the age o f
16. One must first make the assumption that risks with three or mote children underthe age of 16 have a
higher level o fstress than average. Whetheror notone agrees with that probably depends on whetheror
In any case, the loss ratio Torsuch risks reviewed in a 1993 research study was over

not they arc a parent!
The

20 points higher than average.
added responsibilities and worries o fasmall business owner could im ply thattheir level o fsiress is higher

From that same 1993 study, self-employed risks had a loss ralio which was roughly 15%

Another possible variable candidate could be self-employed risks.

than average.
higher than average.

It is important lo make note that this list is not suggested as a menu from which to select the one
It is likely that the Impacton losses o ffinancial managemenihistory is a cumulaiive impact

correct answer.
ofsome orall ofthese situations, as well as others not listed here.
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Multivariate Analysis; Underwriting Characteristics

There Have been many assenions made, in the absence o fdata, about this relationship between loss

experience and credit histoty. Tlie following comes from the NAIC's “Credit Reports and Insurance

Underwriting”, dated December 14 ,1996:

“There still Is Insufficient data to prove to all regulators' satisfaction whether credil
Independent multivariate analysis, a statistical

history ... are or arc not valid Indicators...
(p. 15) “Some

method some regulators view as necessary, has not been performed.”
regulators saggestthat on unbiased and reasonably precise multivariate analysis Is necessary
lo determine lhe actual rating factor.... They ask whether a person's credit history Is truly

correlated with future loss experience or whelhcr Itls a spurious correlation?” (p. 17)

Il is beyond the scope o fthis paperto determine whelhcror notthe loss ratio method Is appropriate to
analyze this panlcular database. This method n questioned In the oforemcntioncd N AIC report; the

assertion is made thatsmall errors in pricing foe a numbero frating factors could add up to a fairly

significantoverall pricing error, making loss ralios a biased measure. Forpurposes here, Il is assumed that

differences in relative loss ratio arc due to differences in expected average loss costs aficr adjustments for

individual premiums, and that this method is a reasonable way ofmeasuring such differences when

reviewing more than one variable simultaneously.

The utilization o fthe factors discussed earlierwhen performing mu lllw iate queries tended to
produce premium volumes in the individual cells which were smaller lhan desired for credible results.

Strictcredibility adjustments could notbe performed, due to the factthat a) claim counts were notcontained

in the data and b) the premium and loss on eachrecord arose from nil coverages combined. In order lo

generate larger premium volumes, the credit variables were combined into fourmutually exclusive profiles.
These profiles were designed to achieve significani loss ratio differences and significanl premium volumes
described by each. Croup A Isdefined by those characteristics producing the highest loss ratio, i.e.,
derogatory public records, collection records and targe amounts past due. Group D is defined by those
characteristics producing ihe lowest loss ratio, i.e. low leverage ratio, high age o foldest trade line, good

The precise definitions o fthe fourgroups ire contained in the appendix. These

accountratings, etc.
Each individual

profiles will be used In this multivariate section for the sake o fsimplicity and brevity.
credit characteristic was reviewed in conjunction with the underwriting and rating variables described

herein. The variables discussed here are a sampling orall those reviewed; they were selected based on

assumed relevance. The overall performance o fthese fourprofiles is as follows:

Earned Incurred Loss Loss Ratio

Ratio R clativiiy

Group Premium Loss

5 74279 7533 100L4% 13
15892 785% 108
69.1% gl

57.4% 07

o0wX>
38
8

Prior Driving Record
The loss performance o fvarious priordriving record combinations is influenced by (wo significant

factors: the underwriting practices ofagiven company and the experience modification system utilized in
Earned premium and incurred loss wete aggregated forrisks based on their prioraccident and

rating.
violation activity (in the three year period before they were originally wrinen) and based on credil category

(A-D);



Prior Driving Group A Group O Group C Group D All Groups

Record Prem LR Prem LR Prem LR Prem LR Prem LR

No incidents 23.4 93% 66.0 71% 30.7 64% 45.8 53% 170.9 68.6%
iminor’ 8.0 94% 17.3 68% 7.5 68% 8.4 50% 41.2 69.4%
lat-faullaccident 3.7 101% 7.7 74% 4.1 68% 5.9 65% 21.4 755%
1non-fault aec. 6.6 109% 14.8 81% 73 70% 95 7054 38.7 80.7%
2 minors’ 2.5 86% 6.0 59% 1.9 41% 2.4 43% 12.8 58.7%
2 incidents (any) 6.5 108%  13.5 96% 6.6 82% 7.9 64% 34.4 88.2%
All other (more 18.6 114% 33.7 95% 10.8 83% 115 66% 74.6 93.1%

Than 2 incidents) minorreferstoa minormoving violation

The favorable overall performance o f Ihe category ‘2 minor moving violations' can be attributed to both
underwriting practice and experience modification surcharge system o fthe company from which this data

O rnote here is The marked consistency o fthe loss ratio relationships across credit groups,

was obtained.
Loss ratio relativities, calculated relative to each driving record sub-

regardless o fprior driving record.

group, display this consistency:

Group___ A -] B Q P All Groups
No incidents 1.36 1.04 0.93 0.77 1.00
iminor moving violation 1.36 0.98 0.98 0.72 1.00
lat-faullaccident 1.35 0.99 0.90 0.87 1.00
1non-fault accident 1.35 1.00 0.87 0.86 1.00
2minormoving violations 1.47 1.01 0.69 0.74 1.00
2 incidents o fany kind 1.23 1.08 0.93 0.73 1.00
All otherf> 2 incidents) 1,22 1,91 9,89 0.70 1.00

1.33 1.03 0.91 0.75

Total

O fparticular note in this table is the wide difference in performance between clean driving record/poor

credil history risks (93% ) vs. poordriving record/good credit history risks (66%).

Ageo fDriver
It could be argued that the loss experience forpoorercredit histoiy risks is influenced by driver

Ifadisproportionate percentage ofyoung drivers are contained in Group A. then credit

age distribution.
However, as staled earlier, this would only be true if loss experience

history isi crcly substituting for age.
foryoungerdrivers was adverse, which is notthe case. There is a distributional difference in the four

groups by age, but the loss experience relationships across credil groups is again robust:

Age of A B C D Total
Driver 1 Prem LR Prem LR Prem LR Prem LR Prem LR
<25 5 3.8 121% 523.6 75% 5 14 51% 519 53% 530.8 78%
25-34 21.1 103% 55.8 79% 22.6 66% 89 63% 108.4 80%
35-39 13.0 100% 218  81% 12.9 65% 13.0  54% 60.7 76%
40-44 12.4 109% 18.5 82% 10.4 76% 15.6 52% 57.0 79%
45-49 9.8 93% 14.6 83% 8.2 +76% 14.8 58% 47.4 76%
50-59 9.2 97% 144 78% 7.9 68% 165 53% 48.0 71%
60+ 3.8 110% 8.3 75% 4.9 81% 20.0 67% 37.1 75%

Some o fthe individual cells in this table have significantly lower premium volumes thm prior tables: they
are shown nonetheless for completeness. Clearly, age o fdriver is not the cause o fthe poor loss experience

in Group A.



Age ofdriver was also reviewed In conjunction with many o fihe individual credit variables. For
example, the following is ihe cross-hatching o frelative loss ratios for age ofdriver and non-promotional

inquiry count:

Age of Drlver 1 =>

Inquiry

Count Under 30 30-39 40-49 50-59 60+ Tola
0-3 1.01 0.95 0.95 0.87 0.92 0.95

4-7 1.09 1.07 1.18 1.06 13s 1.12
8-15 1.22 1.34 1.32 1.43 1.69 1.33
16+ 1.08 1.88 1.25 1.56

(values are nut shown forcells with premium volume lesslhan J 0.5 M)

The variable age o foldest trade line, reviewed earlier, could hove a relationship to losses that is

dependent upon age o foperator. When these two varioblej were combined, the impact exhibited

independence:

Age ofOldest Age of Driver 1 =0

Trade Line 26-30 31-35 36*10 41-45 46-50 51-55 56-60 60+ Tota

< 7 years 1.15 1.23 1.19 1.43 1.25 1.19 1.44 1.15 1.15

7-9 years 102 1.03 1.01 1.20 0.96 1.07 0.87 0.92 1.05
0.90  0.93 0.94 0.95 094 087 089  0.98 0.93

10+years

Classical Underwriting Profile
Hislorically. ihe underwriting function has identified and selected for various combinations o f

The risk groups exhibited lower than average frequency o f loss, which in Ihe absence o f

characteristics.
One such profile is the married, ntullicor,

premium adjustments, produced more profitable results.
homeownerrisk with clean driving record. In an effort to produce a favorable lossratio within Croup A,
this characteristic was evaluated:

Married multicar homeowner Allrisks NOT married mullicar homeowner

Croup Clean Driving Record AllolherClean Driving Record All other
A S 10.2 97, 10.6 102% 527.8 92% S 25.6 113%
B 22.3 77*]. 20.2 85% 62.9 69% 53.4 88%
c 14.3 76% 13.5 76% 24.4 58% 16.7 74%
D 202 57% 16.0 58% 34.4 50% 21.2 70%
Total 67.3 T74% 60.3 79% 1495  67% 116.9 88%

Again, it is important lo keep in mind that these results are heavily influenced by underwriting practice ar
the time o fwriting by a given company: this can Influence column totals. The underwriting function,
however, had no knowledge o fthe information that defines credit groups A-D, and the relationships across

these groups are again consistent.

Haling Territory

A keyconcern voiced by regulators in at least a handful o fstates Is the potentially disparate impact
that the utilization o fcredit history in underwriting or rating could have on lower income urban risks. This
paper will not address whetheror not income levels in urban areas are in fact lowrr than suburban or rural

areas. The issue o frating territory, however, was analyzed. Although rating territory was not a variable in

the original database, subsequent state profiles were developed for inforce policies in order to determine
distribution ofrisks by credit characteristics (again using the Groups A through D) in a sampling o fstates.
The exposure distribution shown below exhibited no clear-cut disparate impact on urban territories when

compared lo non-urban territories:
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Exposure Distribution Croup

s las A----b----Q----n

Conneclicut Urban 14% 32% 12% 42%
All Other 13 13 45
TotalCT 13 30 12 45

New York New York Cily 10 26 8 55
Otherurban 14 23 nl 52
All other 13 23 13 49
TotalNY 13 25 12 50

O hio Urban 14 20 12 54
All other 10 19 16 54
Total OH 11 20 15 54

Data is also available for many other underwriting characteristics, including number or vehicles,

numberoi'drivers. residence type, residence stability,job stability, prior Insurance type, gender, marital
These characteristics were also queried against the individual credit variables, in

status and r. any others.
There were no

addition lo queries run against the four groups utilized above. The results were very similar.

variables that produced even roughly uniform results across the credit characteristics.

Multivariate Analysis: Credit Characteristics
Anothergroup o fvariables that was analyzed Is credit characteristics in combination with other

This is necessary lo ensure Hut no dependencies or cross-correlations exist within

credit characteristics.
As with the other analyses, this group contains many cross combinations thatwere

these characteristics.
reviewed; only asampling will be discussed here,

Leverage and Revolving LImils

It was noted in single variable section that leverage ratio could be duplicating (he impactof
revolving account limits. When reviewing the numeratoro fleverage, revolving balances, it was round that
there was virtually no relationship between that variable and loss ratio (R* value 0 f0.04). The array o floss

ratio relativities (forall cells with premium greater lhan J O.J M) for leverage ratio versus revolving lim its

shows the independence o ftheir Impacts:

Leverage R atios =>

Revolv. Selected 0% 0-50% 50-75% 75-100 100% + Corral.
0.875 1.20 All Coefficient

Limits Midpoint 0.00 0.25 0.625

so 0 1.27 1.25 1.18 1.25
1-999 500 1.02 1.01 1.35 1.38 134 1.21 0.87
IK-3K 2000 0.96 111 1.15 1.23 1.33 1.16 0.97
3K-5K 4000 0.78 0.99 1.04 1.19 1.34 1.05 0.98
5K-10K 7500 0.77 0.95 I 1.13 1.25 1.01 0.97
10K-25K 17500 0.78 0.83 1.09 1.07 1.07 0.88 0.88
25K + 35000 0.65 0.85 0.87 0.95 0.98 0.86 0.92
Total All 1.08 0.89 1.07 1.16 1.24 1.00 0.74

-0.72 ®W0.74  -0.80  -0.90  +0.86 -0.87

Corral Coefficient

Note lhe consistency o fthe coefficients in both directions. This would not exist if one variable simply
In more general terms, risks with high leverage ratios have poorer loss performance

proxied for the other.
Ilhan those with lower leverage ratios, regardless o flimits: risks with low revolving lim its have poorer loss

performance lhan those with higher limits, regardless oflevetage ratio.
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DerogataryPublic RecordsandCelledions

Given the similarity o fthe distribution and losjresults o f these two characteristics, h might be
expected that there is overlap between the two, i.e., individuals that exhibit one type o frecord commonly

exhibitthe other. This did not turnout lo be the case;

Earned Loss Loss Ratio
DPR Collections Premim Ratio Relmiviry

0 0 J 339.2 2% 0.95
0 1 17.2 94% 1.23
1 0 13.7 96% 1.25
Total lanv 30.9 95% 1.24
0 2 4.8 93% 1.22
1 3.1 88% 1.15
2 0 3.4 107% 141
Total 2 nnv 11.2 96% 1.26
12.6 117% 1.53

Total 3 ormore
Each variable produced poor loss results regardless o fwhetheror not the other variable was present. Both

variables also had significantdistributional volume.

Leverage Ratio and Inqguiry Couni

| f the basis for the relationship between credil history and loss performance can be attributed lo a

more general characteristic, one mightreferto thatcharacteristic as financial stress, distress or duress.

Since leverage ratio and high inquiry count can be expected to occurunder such situations, it is reasonable
As with the other multivariate

to assume that there may be some overlap between these two variables also.
combinations that ore reviewed, it is important to Keep in mind the distinction between distributional

imbalance and loss ratio Imbalance. In the driver age vs. creditgroup (A-D) table, there is a clear
distributional Imbalance, with older drivers being disproportionately represented in the best performing

The loss ratio impact, however, remains consistent across creditgroups and Is not offse’ y

creditgroup.

the inclusion o fage. This is also true lo a lesserdegree in the table o floss ratio relativities below: risks
with higherleverage ratios are disproportionately represented in the higher Inquiry count groupings, but the
two-way impact on loss ratio remains:

Leverage Ratio

Limits; <500 >500
Inauiries 0% 0%  i-50%  50-75%  75-100% 100% *- Total
0 1.25 0.74 0.86 0.94 1.01 1.04 0.93
1-3 1.27 0.87 0.86 1.03 1.05 1.26 0.96
4-6 1.23 1.12 0.95 121 157 1.30 1.10
7-10 1.24 1.20 1.36 1.22 1.35 1.25
e 1.18 1.28 154 -1.99 1.46
To.al 1.26 0.85 0.89 1.07 1.16 1.24 1.00

Trade Line Counts and Status

In addition to searching for variables that duplicated loss ratio impact within the credit

characteristics, bivariote tables were reviewed to determine if tome variables partially mitigated those
One could argue that the impactof

impacts. For example, trade line status showed a strong impact earlier.
any trade line notrated | would diminish asthe total numbero ftrade lines increases. That is, ifjust one
trade line it not in good standing, should that not have less significance for arisk with many trade lines,
compared to one with only a few? The following table reveals that this appears not to be true generally:



Total Roted ixamcd Loss Loss R.’a.tio
o premium Ratio Relativity
Trade lines_____ o e . s on
' >0 33 _ 116% — 1.52
9.7 88% 1.15
’ . 6.2 103% 1-34
" 72% 0.94
9.0
¢ ° 5.1 93% _ 1.22
13.2 68%
) >>g 5.1 90% 1*18
0 13.8 69%
) 2.3 101% 1.32
' 3.0 104% 1.37
14.3 72% 0.94
° ; 2.3 94% 1.23
! 3.1 117% 1.54
31.4 67% 0.88
e ; 96% 1.26
) o 136
2 2.4 103%
t nr TTinre 4.3 105% 1.38
31.4 66%
o ° 4.6 101% 133
2.13 3.7 95% 1.25
2.5 88% 1.16
e 0.5 134% 176
67.7 66% 0.86
e ) 9.9 76% 0.99
7.2 91% 1.19
5.2 88% 1.15
) 2.3 106% 1.32
75.6 69% 0.91
weormere ; 135 89% 1.16
: 1.07
2-3 5.5 82%
4-6 5.5 99% 1.29
Vnrmorr 6.3 _ 97% 127

Derogatory Public Recordsand Collections: Ago and Amount

Anotherarea o lconcern Torboth regulator! and lhe insurance industry is the severity o fa given
event and its age. Il is common practice- for other variables, such os prior claims, lo be evaluated difTcrenlly
based on iheirseverity oramount paid. Thresholds are established to determine whetheror not experience
modification surcharges should apply in such cases. The age o fa claim is also an important consideration
in making underwriting decisions for private passengerauto applications. This conceptis being applied to
credil characteristics as well, as insurance companies apply differentcriteria lo both age and amount when it
comes to such items as DPRs and collections. The most commonly used vendor scoring algorithm also
applies lesserweights to olderevents. This research database unfortunately was not large enough to have
sufficient premium volumes in all the sub-groups, but those that have substantial weight indicate that

severity and age may notbhe nearly as relevant factors as lhe existancc o fthe record itself:



Eccm -Drrof;.Public Record Loss

Emi>i”“Collccilon Loss
flge o f Event Premium Ratio Premium Ratio
W iihin 13 months S 5.8 110% 5 7.6 103%
13-3-1 months 7.3 108% 7.5 93%
3-1-36 months 5.7 102% 6.1 107%
36-18 months 3.7 100% 4.7 106%
48-60 months 2.9 90% 3.6 111%
60-84 months 3.8 99% 5.9 92%
No collection records 364.7 74% No DPR 358.9 74%
Even/mCollection Loss EvciumDcrog.Public Record Loss
Amounts Premium Ratio Premium Ratio
SO S371.7 74% 1362.9 74%
S1-S19 5.6 98% 6.9 95%
S50-S99 3.7 102% 0.2
S100-S499 9.6 106% 4.4 99%
5.4 120% 19.6 106%

SJOOormorc

Again, (here were hundreds o fother combinations of variables reviewed and analyzed; these have

been provided as a sample. W liai has arisen is a signiflcan: number o rvariables within the credit history o f
an individual each o fwhich has independent influence on private passenger auto loss experience. Such an
environment lends itselfmost readily to a scoring-type mechanism, as the variables can be assigned
independent weights that can be accumulated for an overall impact estimate for a given potential applicant.
Out the social and regulatory acceptability (or lack thereof) o fthese relationships has made it such that

univariate scoring models are not viewed as the most favorable way o f (rearing this paniculnr set o fdata.

Other Impacts: Retention
One o fthe variables that was Included in the research database was an indicator which designated
whetheror not apolicy was still inforcc al ihe end o fthe experience period, December 31". 1955 (anywhere

from 3-4 to 56 months since policy inception). The length o ftime thatan auto policy remains inforcc has a
direct relationship to overall profitability, both from aloss and an expense standpoint. Characteristics thst

indicate better policy retention therefore indicate beliefexpected experience over the lifetime o fthe policy.

The credil characteristics reviewed showed that in general, risks with belter bill paymem histories
were retained at a higher rate than those with poorer bill paying histories. The reason fornon-renewal was

not available, therefore policies could have been no longer active due to a variety o f reasons such as price
shopping, underwriting cancellation, non-payment o fpremium, or any otherreason for which a policy can

nonnally cease lo be inforcc The following table shows percentages o fpolicies still inforcc ol lhe end o f

die experience period for various categories:

All policies 48% Numbero finquiries * 0 51%
1-3 inquiries 48%
Policies with no collection records 49% 4-6 inquiries 44%
One collection record 36% 7-10 Inquiries 41%
2 ormote collections 30% 11 or more inquiries 33%

Ho derogatory public records 49%
One DPR 38% Leverage " 0 (JO limits) 33%
Two or more DPR 33% =0(S1-J500 limits) y.%
* 0 (limits > 1500) 51%

Amounts Past Due m SO 52%
SI1-S20 52% 0% - 50% 53%
521 -$100 40% 50% -75% 47%
S0l -S499 36% 75% -100% 44%
33% 100% or more 38%

S500 or more



Il could appear as though ihe increase in losses and the deterioration ofretention are two effects o fthe same
cause. This is not the case, however, as the loss ratio variation by. for example, numbero fcollections still

exists within both subsets ofpolicies: those that remained inforce at the end o fthe experience period and

The lossratios for policies still inforcc are 72%, 10!% and 114% forriskt with none,

those that did not.
one, ortwo or more collections, respectively. The same values for policies thatdid notremain im'orce

throughout the experience period are 80%, 93% and 113% forrisks with none. one. ortwo or more
collections. This pattern is true forother variables aswell. This is asecond way in which credil history can

impact lossexpericnce.

Homeowners Line of Business

A database was constructed to analyze the impact o fcredil history on toss experience for the

homeowners line ofbusiness. The procedure was nearly identical to that described above for the auto line
o fbusiness, wilh the exception that the policies included were ihose originally written in policy years 199J
and 1994. In addition to obtaining the credil data atthe time the policy was written, similar data was =

obtained on those same policies at later dales. This was done in an effort to determine what percentage of
risks experience significantchanges in their bill-paying profiles overlime. Policies were notincluded in the

study from other miscellaneous property lines such asrenter, condominium, dwelling fire and landlord

policies.

This homeowners database contains {120 million

There are some differences in the two datasets.
The loss ratio is

in earned premium and has an overall loss ratio o f£4.1%, excluding catastrophe losses.
79.2% with those catastrophe losses included. The experience period was extended to December3 1, 1996
for the policies originally written in 1994, making the experience period 36 months for both policy years.
Forthe majority ofthe writing period, 1/1/93 through 12/31/94, the company that wrote the policies did not
use credil as an underwriting or rating tool. Approximately 10% o fthe policies were written afer such a
program wis implemented in the underwriting area. During the experience period, all policies Inforce were

re-underwritten using creditscore. W hile no acllon was token directly due lo the score, some policies
received condition and maintenance reviews and had inspccilon reports ordered, if such reports were noi

ordered upon fim issuance o fthe policy. Also, rating territory was included in this database from the

outset.

There were striking similarities between the auto and home databases with regard to credit impact

The most significant difference seemed lo be that derogatory information on a credit

on loss experience.
I f

report forahomeowners policy had a more severe impacton loss performance (Group A below).
premium and loss are aggregated according to the same Groups A through D aswas done with the auto line
ofbusincss. the results are as follows, with the auto experience displayed again Torcomparison (premiums

are in millions and toss ratios exclude catastrophes for homeowners):

Homeowners Auto
Earned Loss Loss Ratio Earned Loss Loss Rj
Group Premium Ratio Relativity Premium Ratio Relativi
A S 17.6 111.7% 1.74 $ 743 101.4% 1.33
B 41.4 66.3% 1.04 138.9 78,5% 1.03
C 11.9 34.3% 0.83 69.0 69.1% 0.91
D 49.1 47.4% 0.74 91.7 37.4% 0.73
Total 120.0 64.1% 394.0 76.3%

The similarities between the loss ratio relativities for these profiles lends credence to the assertion thatthe

impact o fbill paying history oit insured losses transcends line o fbusiness, and is nut a characteristic
attributable only to property policies and claims associated with them. Note that them is a much larger



premium distribution in group D forhomeoumcn, the bestperforming group. This could arise due to a
variety o freasons. The same derogatory characteristics that make up Group A are considered in a loan or
mortgage application, so a homeowners policy applicant has already (at some point) undergone ascreening
process based on credit history. The company’sunderwriting program during the experience period likely
decreased the volume ofgroup A policies in the cohort, increasing the proportional amounto fGroup D.

IndividualCredit Variables

Thereview o findividual variables will not be discussed in depth here, as many o f lhe results were
parallel with those obtained from the auto study. A handful o fexamples w ill be displayed. Compare these

with the tables forauto on pages 3 through 5.

Amounts Past Due
Earned Loss Relative
APD Premium Ratio Loss Ratio
SO S 106.7 58.9% 0.92
S1-%$20 0.9 67.8% 1.06
$21-8100 2.1 69.2% 1.08
S101-SssO0 3.5 100.0% 1.56
$501 + 6.8 124.9% 1.95
Collection Records
Numbero f Earned Loss Relative
Collections Premium Bale Loss Ratio
0 s 112.0 59.7% 0.93
1 5.2 125.3% 1.95
2+ 2.9 124.9% 1.97
Derogatory Public Records
Numberof Earned Loss Relalive
DPRs Premium Ratio Loss Ratio
0 $ 105.4 57.7% 0.90
8.0 99.3% 1.55
3.0 122.5% 1.91
3+ 3.6 125.1% 1.95
Age o fOldest Trade Line
Age in Earned Loss Relalive
Years Premium Balia Loss. Ratio
<1 S 23 115.8% 1.81
2.3 3.0 68.7% 1.07
4 -5 5.1 70.9% 1.11
6 -7 8.3 77.6% 1.21
8-10 19.6 73.8% 1.15
11-15 26.6 60.5% 0.94
16-20 23.6 65.3% 1.02
21+ 30.2 48.9% 0.76
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Son-Promotional Inquiry Count

Numberof Earned Loss Relative
Inouiries Premium Ratio Loss Ratio
0 S 82.2 60.4% 0.94
1 19.5 59.5% 0.93
2 8.1 65.9% 1.03
3 4.1 84.2% 1J1
4-6 4.3 96.8% 1.51
7-10 1.3 106.7% 1.66
11+ 0.5 261.2% 4.07

Innearly all characteristics reviewed, it was found that lhe range o fthe variable,that was correlated wiih
poorer loss experience produced more severe values forihe homeowners line lhan foraulo. The linear
correlation coefficients for the above tables for loss ratio relativity were 0.95 for APD (0.78 for logarithm
ofAPD versus loss ratio relativity), 0.81 forcollection records, -0.74 for age o foldest trade line and 0.93

fornon-promotional inquiry count.

Multivariate: Underwriting and Credit Combinations

As with the oulo line o f business, queries were run to produce premium and loss data for various

combinations o frisl: characteristic and credit characteristic. For purposes o fcredibility, the credil

characteristics were grouped into the same profiles shown above. Groups A through D. A sampling o fthose

results are shown here.

Prior Loss History

At the time Ofapplicalion, an effort is made to determine inhere were prior losses filed on the

This inform ation arose either from aproperty CLUE (Comprehensive Loss Underwriting
Note that Ihe loss ratio across credit levels is
This is

residence.
Exchange)reportor from the interview with the applicant.
notthat much different for risks with prior losses compared lo those risks with no such prior losses.

due lo a) underwriting practice o f lhe company writing the business and b) relatively less complete
information in property CLUE lhan is present in the aulo CLUE system and the state motor vehicle record

histories combined.

Resvithroprior s Resvithd et | priarkss

Credil Earned Loss Relative Earned Loss Relative
Group Premium Ratio Loss Ratio Premium Ratio Loss Ratio
A S 15.6 111.2% 1.73 S 19 115.5% 1.80
B 37.7 66.7% 1.04 3.8 64.4% 1.00
3 11.0 56.2% 0.88 1.0 35.3% 0.55
D 43.6 45.7% 0.71 5.5 61.0% 0.95

63.6% 0.99 S 12.2 68.6% 1.07

Total S 107.9



Town Class or Prolection Class

Loss experience in (he form ofloss ratio relativities forcredilgroups A through D are evaluaicd
within ihe various protection class designations and Isshown below. Values are no! shown for cells that

possess a premium volume below 5500,000.

Profile Group

Protection Credit
Class A 0 C D Total
1 1.30 0.68 0.65 0.77
2 1.63 1.06 0.84 0.66 1.00
3 2.15 1.20 0.92 0.77 1.14
4 1.61 1.03 0.93 0.71 0.97
5 1.95 0.92 0.72 0.83 1.00
6 1.48 0.88 0.55 0.79 0.90
7 0.63 0.42 0.42 0.79
s 0.67 1.26 1.31
1.72 0.48 0.97
10
Total 1.74 1.04 0.85 0.74 1.00

There is much more fluctuation for individualcells for this dataset compared lo the aulo line due to both the
overall smallerpremium volume and the greater volatility ofhomeowners losses. The consistency across

the profile groups is still quite evident for various protection classes, and the relativities decrease
monotonically wherever there is significant premium volume in the cells.
During the two-year period o fpolicy writing, the company mote an approximately equal

proportion o fS100.000 and SJOO.00O liability limits on homeowners policies. A much smaller volume o f
premium was written with other limits o f liability. The base premium was set based on the former limit, and

the latter was offered as additional optional coverage.

Liability Limit-S 100,000 Liability Lim it-5300.000

Credit Profile Homed Loss Relative Earned Loss Relative
Grout) Premium Ratio Loss Ratio Premium Ratio Loss Ratio
A S 9.7 115.5% 1.80 S 6.4 100.3% 1.56
o) 20.4 63.3% 0.99 175 70.4% 1.10
C 5.7 59.4% 0.93 5.2 48.4% 0.75
D 21.1 50.9% 0.79 23.2 43.7% 0.68

Total 5 56.9 67.2% 1.05 5327 60.1% 0.94

Note the steady shift in distribution o fpremium between Ihe two limits by group. The premium distribution
o fihe $100.000 lim it for the four groups (A through D) is 60%, 54%, 52% and 48%, respectively. Risks
with poorerbill paying histories are more likely to choose the lower liability limit, even though the costof

this additional coverage was less than S10 in most cases.



Dill Mode

The two most common forms ofpaymentofhomcowners insurance premiums are direct bill, in

which ihe policyholder pays the premium directly, or mortgagee bill, where the financial insiiiurlon which
holds the note on Ihe property pays the premium.

Mortgagee Bill

Direct Bill

Credil Profile Earned Loss Relative Earned LOSS Relative
Groun Premium Rntio Loss Ratio Premium Ratio Loss Ratio

A s 7.7 117.2% 1.83 5 7.8 103.9% 1.62

8 19.9 69.5% 1.01 17.4 62.6% 0.98

C 5.3 54.7% 0.88 5.5 54.3% 0.85

D 27.7 46.8% 0.73 15.2 48.2% 0.75
Total S 60.6 64.0% 1.00 S 46.0 639% 1.00

Ruling Territory

As with the auto line, premiums and losses were aggregated by rating territory by assigning
characteristic definitions to each rating territory, designating each teiritory os urban, suburban or rural
designation was done by eye, without any objective definition o furban (such aspopulation density); major

This

urban areas were designated as such, satellite territories around urban areas and smaller population centers
were referred to assuburban, and the remaining regions were callrf rural. Although there was little

credibility when this data was reviewed at the state level, there was suflicientvolume when premiums were
accumulated by territory type across stares. The credit-defined groups showed consistent Impact on louses
within each group, and there were only slight distributional differences. Only the largest 12 states went

included In this qucty; these slates made up roughly two-thirds o fthe premium volume o fihe entire sample.

Urban Suburban Rural
Credit Profile Earned Relative Earned Relative Earned Relativ
Group Premium Loss Ratio Premium Loss Ratio Premium Loss Ra
A $ 2.8 1.23 s 7.3 1.99 $ 23 131
B 7.0 1.07 18.6 1.02 5.1 1.14
C 1.6 0.96 5.7 0.91 1.3 0.57
u 5.5 0.64 23.4 0.80 6.8 0.66
Total | 16.9 0.95 S54.9 1.04 S 155 0.91
Motility

In orderlo understand the migration o frisks from one credil profile to anotheroverlime,
additional data was added to the homeowners database. Credit files from future dates were included, which
were taken from archived records approximately 12 months afteroriginal writing date, and again at 48
months after the original wiling dale. For this discussion. lhe same four credil profiles will he used as in

the above exhibits.
Group A.the poorestperforming profile, was populaled wiih 10,737 policies wrinen In 1993. O f

these, 84% still had Group A characteristics 12 months lalcr, and 66% o fthose risks were still categorized

asGroup A 48 months laler. 0% had migrated to Group B.and the remaining 14% io C and D. Thisisnoi
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surprising, given that 2 o fthe 3 criteria for Group A are maintained for manyyean on the credil file

(derogatory public records and collections).

Group B was not as stable over lime, significant portions ofthe population migrated in both
O flhe original Group B in 1993, <57% were still in ihe group 12 months later, end 36% 48

directions.
At thattime.31% had moved to D, 12% to group C, and 21% lo A.

months later.
Sinee this group is defined by belterthin average characteristics, it

Group C was the least stable.
is notsurprising that as those characteristics continue to improve, much o fthe distribution migrates lo

Only 50% ofthegroupstill had the Group C characteristics 12 months later, and only 11% ai4 8

Group D.

months. 65% o fthe entire group migrated to Group D in fouryears. This is notsurprising due to the fact

that one o fthe differences between C and D isageofoldcsi trade line; for those risks that did not qualify as
(Again,

D, lime can be the only factornecessary to cause a migration over the subsequent 3 year period.

referto the Appendix for exact Group definitions.)

Group D, the bestperforming group, showed the most stability. Risks with the best credit profiles
are more likely to maintain those profiles over lime. O fthe 23,243 policies in this group, 87% still met the
criteria for D 12 months later, and 71% met those criteria 48 months later.

This data was notcollected on the original auto cohort, so the above data is for homeowners only.

It does provide some indication aboutthe necessity ofupdating the review o fcredil profile for the purpose

o frating and/or underwriting.

Implications and Other Related Issues

The impactofcredil history on expected loss performance is a major factor influencing whetheror

not this variable should be utilized in the rating o fpersonal lines insurance premiums. There are, however,

many otherrelevant issues that mustbe considered.

The credil histoiy contains a large amountofdata. The impacton loss performance has been
measured in this study as if arising from a single variable, which is one particularaccumulation o fthe credit

data. There is o fcourse an enormously large numbero fways in which the data can becombined for this

purpose o fmeasurement. When the variables are inspected, individually, one finds that there are some that
are historic, and cannotchange untilthey are purged from the record (i.e., dcrogatoiy public records,
collection records, inquiries and delinquent payments). Others contain information aboutcurrent

conditions, such os account status, current balances and limits, and overdue amounts. The method of

combinaiion o fthese variables will determine where ihe model falls in the rcsponsivenesj versus stability
How they are

spectrum. This study has shown that both types have strong influences on loss performance.
combined is currently an open field for individual insurers' discretion. This study utilized a mutually
exclusive profiling technique; scoring models can and do utilize a large number o f variables, giving numeric

weights to each individual characteristic which are then added to obtain a total. Either method can be

accomplished using a wide range o f variable counts.

An Importantgap in this study is the Impactofcredithistory on lossperformance for customers
who have been insured with the same company foranumbero fyears. Recall that the data was assembled
fiom new policies written in a give policy year, and the subsequentllircc-ycar loss experience. This data

cannot show if long-term customers who have similar credit characteristics are expected to have the same

differences in loss performance. The creation ofa rating factor based on credit history can alfect renewal
customers zs well asnew customers, yet there is currently no data publicly available to my knowledge that
shows such relationships. W ithouisuch data, it would be speculative at bestto assume that the relationships
Studies have shown that long-tenured customers produce far belter loss

hold true regardless o ftenure.
Opinions vary as to whether this isdue more or lessto two (or more)

experience than new customers.
dominant factors which can cause such improvement: |) ihe factthat longerterm customers have more

experience in operating a motor vehicle or maintaining a home, and 2) that the underwriting function ofa



given company will selectively non-rencw poorperforming risks, which could not be identified accurately
in the underwriting process when the policies were originally written. The research done with this data has
This is one

shown thatlonger-tenured customers tend >0 have belter credit profiles lhan newer customers.
variable, policy tenure, that could be both dislribulionally and loss performance-linked lo credit history.

The question as to how oflen the credil history needs to be reevaluated is also o fconcern.

Although the m otility information above indicates that there is a fairamount ofstability overtime for credit
Each revaluation will

conditions, there is still significant change that occurs within such distributions.
Although such inquirir' should not be utilized

cause the creation o fan additional inquiry record on the file.
forevaluation, there is no guarantee that all financial institutions and other users o fcredit data will ignore
their existence. When such arevaluation occurs, (her is also the question as to which risks should

experience premium adjustment. Isthere reasonablejustification for an individual risk lo experience on
increase in premium solely due to a change in a variable within the credit file? A different type o fdatabase

construction techniqgue would be required lo answersuch a question.

From on actuarial standpoint, questions arise concerning the nature o fihe variable. The literature

is replete with admonitions concerning the use o f variables that are, or can be, under the control o f the
insured. Although Ihe historic variables are not under Ihe control o fthe insured, certainly those that

Worth considering, however, is the argument that such controlis not nearly

measure current conditions are.
os relevant as otherrating factors that are not utilized for this reason. An individual who has a poor histoiy

oftimely bill payment, and is undera considerable debt load is already experiencing detrimental effects
Such conditions are causing economic penalties in the form o fmonthly inleres;

from these conditions.
payment, ordebt service, and can also result in higher Interest rales charged for credit lines, installment

loans and mortgage loans. There already exists @ financial disincentive to maintain financial management
habits that produce these conditions. W ill a difference In auto or homeowners insurance premiums cause a
change in such habits, where these other economic disincentives have not? Il is likely, in my opinion, that

the magnitude o fthe premium difference would not be as large os the sum o fall other financial
This may mitigate the concern over die control the risk

consequences o fsuch a credit profile in most cases.
appears to have over the data contained in the credit file.

Reports as lo lhe

Anotherarea o fconcern rhat is related to variable control is data accuracy.
Credit bureau sources quote data

accuracy ofcredit history data vary widely depending upon the source.
Some consumergroups have quoted this numberto be as low

accuracy values in the 99% lo 100% range.
as 30% to 40% . This discrepancy is due lo the way in which errors are measured. One could obtain the

first result if errors were considered to exist only in cases where a) an adverse decision was made for a
financial transacilon, b) the customer inquired os ro the credil data, c) discovered an error, d) contacted the
creditor to correct the error, and e) the financial institution reversed the decision based on that correction.
Dividing the number o fsuch events by the entire credit warehouse would produce a very high level of
accuracy. To produce the second, much lower values, one could simply countevery possible error within
the file, including seemingly irrelevant errors such as street name misspellings, and divide this count by lhe

For all panics concerned to get

Neitheris avery good measure o fdata accuracy.

total number o frecords.
In any case, the

a true understanding o faccuracy, a good method o fmeasurement must be established.
utilization ofcredil history for rating requires the insurance industry lo assist hs customer; by infonning

them o fthe method forresolving true inaccuracies on record, and taking those corrections into account

through rcevaluation.

An outstanding issue that will likely remain outstanding is causality. Although arguments were put
forward earlierin this paperwhich attempted to link financial management responsibility and future
expected loss levels, such arguments are unsupported, even ifreasonable, speculation. The arguments o f

causality are generalized; in fact the difference between one rate leveland another charged to agiven
That individual may

individual could be differentdue to only one particular variable within the credit file.
ask foran argument o fcausality pertaining only to the one characteristic that separates him or her front the
Such questions may never be answered with statistical causality, even if the entire credit

next lower rate.
file (however that is aggregated) can be demonstrated to be causal In away thatgoes beyond the

mathematical correlations.
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The issue oracceptance o fcredit histoiy data in per anal lines insurance has more obstacles than
mere causality. The social and regulatory acceptance ofsuch data in the rating o fpersonal lines insurance
may be restricted for other reasons. Arguments have already been made that indicate that some groups

consider its use invasive, and thatcredit-based rating is a breach o fprivacy, regardless o fits strength as a

toollo reduce rale subsidies between risks. T )r auto line o fbusiness hasconsidered pastdriving record to

be a key factorin underwriting and rating. One key characteristic ofprior accidents is negligence, i.e.,
whether the accident was the fault o fthe insured or not. It is natural forsome people 10 immediately apply

this concept lo credil histoty as well. Credil flies contain information about derogatory events that an

individual may feelarc perfectly explainable.
finincing, where an event is not considered iftherr is asuitable explanation for its existence in some cases.

Such explanations are commonplace in the area o f mortgage

The key difference, however, isiha; lhe use oflhls data for rating or underwriting is not done for the

purpose o fcredit worthiness. It is notdone for lhe purposes o fjudging character, lifestyle, integrity or
financial soundness. The purpose is lo segregate risks by different levels o fexpected losses only, a point

which may be difficult to communicate.

It may be easierlo obtain regulatory acceptance comparted to social acceptance with regard to lhe
use o fcredil history as a rating tool. The NAIC W hite Paperon the use o fcredit in underwriting, referred

to earlier, makes several specific statements which indicate their deference to rating, rather than
The use o fcredit in rating requires the filing o farating plan with suppotting documentation.

underwriting.
Such filing gives aregulatory body the

It permits inspection o fcontentby both regulators and consumers.
evidence required lo give valid statistical response to constituents who may call to inquire orregister a

complaint.

The data reviewed in this study produced clearevidence ofastrong correlation between credil
history and future loss performance. The understanding o f this relationship, and its acceptance, have grown
rapidly overthe last few years. This understanding has come prim arily in the form o fscoring model results
Hopefijlly, this paperwill scrv: as astarting point in an effort to place more detailed information (him
credil histoiy, otherlhan scoring models, and the relationship such data has lo personal lines losses, in a
public forum. This effort is neccsssty in order 10 promote greaier undersianding o fthe driving forces

behind this relationship, and can only serve lo improve the quality o fdiscussion during future debates on

the ways in which it will be utilized.
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APPENDIX

Data Fields
Policy Vaiaesinduoedandreviensdt
Stale transfer indicator
Policy Tier
Original policy written month, day and year
Acive status Indicator
Months o fcoverage
W riting company
Original producer code
Risk state
Vehicle type
Non-standard indicator
Numbero fvehicles
Numberofoperators
Numberofpoiential operators
Payment plan
Residence stability
Residence code
Residence type
Numberofyenrs employed
Prior insurance code
Numbero fvehicles financed
Foreach driver:
Age
Ccnder
M arital status
Occupation code
Number ofyears licensed
Driving record: fault losses, non-fault losses, moving violations
Comprehensive losses
Earned premium

Incurred losses

Variables includedfrom NationalCreditFile:
Subscriber code, dale opened, high credil, date verified, date reported, date

Trade Record:
closed, date paid out, associated code, payment pattern, current balance, amount pastdue,
account type, current mannero fpayment (status), credit limit, terms, maximum delinquency

date, maximum delinquency amount, numbero fmonths 30-59 days past due, 60-89 days past

due, 90+ days pastdue, loan type, dispute code, collateral field, duplicate indicator, account

numfcer, short subscriber name.
Inquiry Record: Subscribercode, inquiry date, type, loan type, loan amount.
Public Record: Date reported, amount, public record type, date paid, assets, liabilities, attorney,
plaintiff, doekcl number.

Collection Record: Date reported, subscriberrode, amountowed, status, date paid, creditor
name.

Summary Record: Numbero finquiries, trades, collections, public records, mannero fpayment

totals for each slams code.



Definitios of Oredit Profilles Used inBxhibits
Derogatory public record with liability amount >S0.

Group A: Existence ofany o fthe following:
collection record, or amount past due o f1J 00 or more.

Group B: Docs not meetany othergroup criteria.

No DPR orcollection records, no APD; no trade lines with status codes otherthan 0 or

Group C:
I, leverage ratio on revolving accounts less than SO*4, age o foldest trade line at least 7 years.

Group D: Same asgroup C, plus nonpromoiional inquiry count less than 4 and age o foldest trade

line at least 10 years.
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Purpose

The American Academy of Actuaries is the public policy organization for actuaries practicing in
all specialties within the United States. A major purpose of the Academy is to act as the public
information organization for the profession. The Academy is non-partisan and assists the public
policy process through the presentation of clear and objective actuarial analysis. The Academy
regularly prepares testimony for Congress, provides information to federal elected officials,
comments on proposed federal regulations, and works closely with state officials on issues
related to insurance. The Academy also develops and upholds actuarial standards of conduct,
qualification and practice, and the Code of Professional Conduct for all actuaries practicing in

the United States.

The Risk Classification Subcommittee of the Academy is charged with assisting legislators,
regulators, and other interested parties in evaluating actuarial practices related to the affordability

and availability of insurance in urban areas and risk classification issues in general.

The Credit Scoring Working Group of the Market Regulation & Consumer Affairs (D)
Committee of the National Association of Insurance Commissioners (NAIC) requested that the
Risk Classification Subcommittee provide assistance to the Credit Scoring Working Group.
Specifically, the Risk Classification Subcommittee was asked to provide the following support.

1 Review and critique four papers that have been published in regard to the use of credit

history for rating and underwriting personal lines of insurance. These four papers are:
m The Impact of Personal Insurance Credit History on Loss Performance in Personal Lines

by James E. Monaghan (2000);
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Insurance Scoring in Personal Automobile Insurance - Breaking the Silence by Conning
& Company (2001);

Predictiveness of Credit History for Insurance Loss Ratio Relativities by Fair, Isaac
(1999); and

Use of Credit Reports in Underwriting by the Commonwealth of Virginia, State

Corporation Commission, Bureau oflnsurance (1999).

Provide guidelines/parameters on how the NAIC could conduct a study of credit scoring,
including suggestions on how the NAIC could determine (by study) causality (the
relationship between credit histoiy and risk of loss) and whether insurance scoring
disproportionately affects protected classes and whether it disproportionately affects low-

income groups.

Provide "best practices" that states could use in reviewing rating plans that use credit history
in combination with other rating factors, for states that have prior approval rating laws.

This report provides our findings regarding items 1and 3, and provides our initial advice and

guidance in regard io item 2.

The subcommittee was not asked to evaluate the effectiveness of credit history as a tool in the
underwriting and rating o f[ ersonal lines of insurance, and therefore such an evaluation is not an
element of this report. However, the subcommittee believes that credit histoiy can be used
effectively to differentiate between groups of policyholders and therefore it is an effective tool.
This recognition is based on review of the four papers listed above, especially the Monaghan

paper, and on the subcommittee’s members’ personal knowledge as obtained through the

development and/or review of rating models based on credit histoiy.
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Review of Four Papers

Each of the four papers is reviewed. We first identify the major points and conclusions that are

made in each paper, then review and discuss these major points and conclusions, and then

provide an overall summary of the study.

Summarizing these papers very briefly:

m The Monaghan paper, written by an insurance company actuary, provides an analysis of the

effectiveness of using credit characteristics to predict future loss ratios for private passenger

automobile and homeowners insurance.

m The Conning & Company paper provides a disinterested overview of the use of credit history
by personal lines insurers, based on review of the available literature and discussion with
various parties.

' The Fair, Isaac paper, by a prominent provider of insurance scoring models, is a
comprehensive response to issues that have been raised by insurance regulators and others in

regard to the use of credit history.
The Virginia Bureau of Insurance paper is a regulator’s survey and discussion of the use of

credit history in one state.
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The Impact of Personal Credit History on Loss

Performance in Personal Lines

James E. Monaghan; 2000

Study’s Major Points and Conclusions

1 Eight credit information variables are identified which show strong power to predict loss
ratios. This demonstrates correlation between certain credit information at the time a policy

is written as new business, and future loss ratios.

The eight credit information variables are:

*  Amounts past due
Derogatory public records (bankruptcies, tax liens, civil judgments, and so forth)

Collection records (generated when an account is referredto a collection agency)

Status of trade lines (a “trade line” is a credit account or loan account)

Age of oldest trade line
Non-promotional inquiry count (number of credit inquiries arising from activity or

*

request of the consumer)
m | everage ratio on revolving type accounts (the leverage ratio is the ratio of debt to

account limits)

m Revolving account limits

2. The statistical models do not demonstrate causality.
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Although the cause-and-effect relationships are speculative, there are reasonable causal links

between credit characteristics and insurance risk.

Actuarial Standard of Practice No. 12 states that causality cannot be made a requirement for risk

classification systems. It is sometimes impossible or impractical to prove cause-and-effect

relationships. Risk classes should be neither obscure nor irrelevant, but they need not exhibit a

cause-and-effect relationship.

The following list includes some examples of possible causal links between certain credit

infonnation and insurance less experience:

m Maintenance: How responsibly one manages financial credit might also correspond to

how they maintain and operate a car.
Moral Hazard: How responsibly one manages financial credit might also correspond to

how they maintain and operate a car.
" Claims Consciousness: Persons in certain financial situations might be more inclined to

file claims.
m Fraud: Similarly, persons in certain financial situations might be more likely to be

induced into fraud.
" Stress: persons in certain financial situation >might be more stressed.

It is likely that all of these and other factors create a cumulative effect.

3. Multivariate analysis was performed and presented which demonstrates that different credit

profiles predict different loss ratios, even when other factors (such as driving record, age of

driver, and so forth) are held constant.
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Credit characteristics were compared by type of rating territory (urban versus other) in
several states. This demonstrated that the distribution of credit characteristics by type of

territory is relatively uniform. In other words, urban territories had approximately the same
percentage of risks with poor credit characteristics as did other territories. Similar results
were found for other underwriting criteria, including: number of vehicles, number of drivers,

residence type, residence stability, job stability, prior insurance, gender, and marital status.

Multivariate analysis also was performed to demonstrate that there are many credit variables

that have independent relationships with loss ratios

The study is extended to include an analysis of credit histoiy versus homeowners insurance

loss ratios, with similar results.

Whether or not credit information should be used. There are issues to consider other than

loss performance.

Questions remain about whether credit information should be applied to renewals, and if so,

how often should it be re-checked? Should premium be changed solely due to credit

information? Each evaluation creates an inquiry in the credit file.

m There is concern with using a classification variable that is “under the control of the insured.”
In this case, however, it is doubtful that insureds would manipulate the class plan because

they already are affected by their credit histories in other ways.

m There is the need for a good measure of the accuracy of credit information. Insurers should

inform customers of how to resolve inaccuracies, and then take into account any corrections.
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m Privacy concerns need to be addressed when considering the use of credit history in personal
lines of insurance. Unlike the use of accident histoiy, for which the negligence of the insured

can usually be determined, a poor credit histoiy is not necessarily due to negligence on the

part of the insured.

Review and Discussion of Major Points and Conclusions

The study is based on data and infonnation for new auto policies written by one insurance
company in 1993 and the earned premium and loss information, for these policies from accident
years 1993 through 1995, Credit information at new business time was matched with the
experience data. Credit information was matched with premium and loss experience for 170,000
policies Total premium volume was $394 million. Credit infonnation had not been used during

this historical period for rating or underwriting.

Only new business was studied, so this study does not directly address renewal strategies,
although there is no particular reason to think that the results would not generalize to renewal
business. Credit infonnation was collected only on the named insured, one person. As a result,

the credit relationships might not be appropriate for recently married couples if each partner had

different credit characteristics.

The author describes that drivers with past accidents and violations who are in the “best” group,
as regards credit characteristics, have a lower overall loss ratio than do those good drivers who
are in the “worst” group, as regards credit characteristics. In other words, he explains that for the
purpose of forecasting future loss ratios, credit history is more important than past driving
experience. However, the loss ratios of these two groups are probably not comparable because

of the premium surcharges that would have applied to the drivers with past accidents and

violations who are in the “best” credit group.
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The author provides a comparison of urban and non-urban territories that shows no clear-cut
difference in distribution of credit information by type of territory. This point may be valid.
From an actuarial point of view, however, there is no need to have similar distributions of credit
characteristics by type of territory. The value of the use of credit history is that it enables the

insurance company to more equitably rate drivers within any given territory.

The section of the paper that discusses the multivariate analysis is important because it
demonstrates that the credit characteristics are adding predictive power above and beyond the
existing variables. It also demonstrates that a large number of credit characteristics are adding

predictive power, independent of one another.

Summary Review of Paper

The Monaghan study has the following strengths and weaknesses.

Strengths
m The study uses loss ratio and multivariate analysis to demonstrate that the credit
characteristics are adding predictive pov/er, above and beyond the existing variables.

The study provides a good discussion of causality and how it relates to actuarial standards.

The study addresses public policy issues that are important to the acceptance of the use of

credit history, beyond causality.

Weaknesses
*  The database does not allow for the anc.lysis of renewal business.
m The database is confined to the experience of one insurance company from 1993 through

1995,
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m The study was intended for a wide audiences, and therefore does not provide in-depth
analytical detail. The multivariate analysis presented in the study is bivariate (two variables)
and does not evaluate the importance of credit characteristics versus a combination of other
rating variables.

Many of the study conclusions are stated without providing the results of the underlying
analysis. For example, tables are provided to demonstrate that credit characteristics do not
appear to have a disparate impact by age of driver or by type of rating territory and then the
statement is made that this also holds true for many other underwriting characteristics.
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Insurance Scoring in Persona! Automobile
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Study’s Major Points and Conclusions

In their underwriting and pricing process insurers seek to charge rates that are equitable,

adequate and not unfairly discriminatory. These objectives are sometimes difficult to

achieve because of regulatory constraints and insurers’ own desires not to discriminate

unfairly or act in a manner that is inconsistent with socially acceptable standards.

From the company perspective, pricing equity and accurate cost projections are crucial. Credit
data can be used to create scores that in fact provide additional predictive information about
However, using credit history is often perceived to be in conflict with what

future losses.
society considers as fair, particularly if the individual’s score is affected by catastrophic events

such as divorce, medical problems or loss ofajob.

The use of credit data in decision-making, along with having more easily accessible and
reliable data, has led to the rapid growth in automated underwriting systems that minimize
subjective judgment by relying on more objective, rigorous, data-driven decision processes.

Automated systems are more predictive, reliable and can improve the integrity of risk

classification systems.
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