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Executive Summary 
 

As many as 70 million adults in the United States have neither traditional credit 
scores nor robust credit histories with one of the three major credit bureaus. 
These “credit underserved” individuals represent both opportunity and risk. 
While they offer financial institutions and other businesses the opportunity to 
gain customers, they also pose a significant risk to lenders and the macro-
economy if credit is extended without sufficient analysis of their ability to repay. 
Individuals who lack credit scores are at risk, too, because access to credit is 
increasingly important in the modern economy.  
 
In recent years, several companies have designed new strategies to assess 
creditworthiness outside the confines of traditional credit tradelines. These 
innovations rely on collecting and analyzing alternative or nontraditional data, 
such as rental and bill payment history, insurance payments, debit-card use, 
and public records. In many cases, these alternative credit reporting and 
scoring products are based on aggregating large public and proprietary 
sources of data that traditional scoring methodologies don’t tap.  
 
As confirmed by previous CFSI research, there is considerable interest in 
these new credit-scoring products.1 But before widespread adoption can occur, 
an important question must be answered: what is the proof of their predictive 
and economic value? 
 
To answer this question, many vendors that have created credit scores based 
on alternative data sources have conducted real-world tests, asking lenders to 
evaluate how well alternative scoring could have improved the performance of 
their credit portfolios. Several major vendors—Fair Isaac, LexisNexis and 
L2C—shared some of these internal test results. CFSI also reviewed an 
analysis by RentBureau about the correlation between historical rental 
payment data and the likelihood of continuing payments. This paper 
summarizes those analyses.  
 
Our purpose is not to recommend any product over another, nor to compare 
their relative strengths and weaknesses. Rather, this paper reports on some of 
the existing evidence of the scores’ effectiveness and suggests areas for 
further evaluation.  
 
The tests CFSI reviewed provide strong proof of the predictive value of the 
alternative credit scores, demonstrating the promise of basing credit decisions 

                                                 
1 See Katy Jacob and Rachel Schneider, “Market Interest in Alternative Data Sources and Credit 
Scoring,” The Center for Financial Services Innovation, December 2006. 
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on a broad range of data. By using alternative data, lenders stand to reach a 
large group of potential borrowers about whom they currently have little or no 
information. For these consumers, alternative credit scores strengthen lenders’ 
ability to: 

- Reliably rank order risk; 
- Efficiently evaluate applicants for credit or design offers for credit; 

and 
- Increase approval rates while controlling for acceptable levels of 

risk. 
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Background 
 
Being “credit underserved” can have many unfortunate consequences. For example, individuals 
without credit scores have limited options to obtain a mortgage, which means homeownership—the 
primary way American households save and accumulate wealth—either costs more or isn’t available 
to them at all. Consumer credit is critical to starting a business, buying a car, weathering periods of 
financial hardship, and even making everyday purchases in the securest way—with a credit card. In 
addition, credit histories are often used to evaluate auto and home insurance, job, and rental 
applications. 
 
A person’s credit report compiles information reported by lenders on credit accounts held by the 
consumer. Typical credit report details include payment history, outstanding balances, collection 
items, public records such as tax liens and bankruptcies, and a list of entities who have obtained the 
report. A consumer’s credit history may be summarized by the credit reporting agency into a credit 
risk score that predicts the risk of lending to that borrower. For example, the FICO® score from Fair 
Isaac assigns a number ranging from 300 to 850, calculated using the data in the report, with a 
higher score representing a better credit risk. 
 
Estimates vary as to how many individuals lack traditional credit scores, ranging from 35 to 70 
million adults.2 These individuals either have no file with the three traditional credit bureaus—
Experian, Equifax and TransUnion—or have insufficient tradelines or tradelines covering too short a 
period to generate a score. It is sometimes assumed that many of those underserved by credit have 
lower or moderate incomes, but this is not always the case. In fact, they are a diverse group 
comprised of many segments, including many individuals who would be classified as prime or near-
prime in terms of creditworthiness. Those without traditional credit scores include many immigrants, 
as well as younger, older, and recently divorced individuals.  
 
Figure 1:  Size of Credit Underserved Market 
 

Source Market Estimate Definition 

Experian 35 million Not “credit active” 

Fair Isaac 54 million Without credit files that can be scored, either because 
of no credit history (22 million) or thin files (32 million) 

National Credit  
Reporting Association  70 million Either no credit score or a lower credit score than their 

financial history and payment potential warrant 

 

                                                 
2 For more information, see Katy Jacob and Rachel Schneider, “Market Interest in Alternative Data Sources and Credit Scoring,” 
The Center for Financial Services Innovation (CFSI), December 2006, p. 3; and Katy Jacob, “Reaching Deeper: Using Alternative 
Data Sources to Increase the Efficacy of Credit Scoring,” CFSI, March 2006, p. 3. 
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Figure 2:  Market Segments within Credit Underserved Market 
 

Source: Experian Data Reporting Prepaid Executive Roundtable April 28, 2005 
 
Description of Alternative Credit Scores 
 
Several companies have developed strategies to use data other than traditional credit tradelines to 
assess potential borrowers’ stability, ability, and willingness to pay. The three that shared data with 
CFSI for this analysis are Fair Isaac, LexisNexis and L2C. All three companies produce predictive 
scores—analogous to the credit scores currently available through the traditional credit bureaus—
that can be used to make credit decisions about credit underserved consumers. All three scores can 
be delivered to lenders real-time when a borrower applies for credit, or can be provided on a 
“batched” basis for a group of applications submitted at one time. They are based on analysis of 
recorded data about individual behavior and financial status other than traditional credit tradelines. 
As a result, they are especially predictive for potential borrowers who either have no file or a thin file 
with the traditional credit bureaus.3 
 
Fair Isaac created the FICO score, the first general-purpose credit score based on traditional credit 
bureau data and still the most widely used score in the United States. In 2004, Fair Isaac launched 
the FICO® Expansion® score, which analyzes debit data, membership data, utility data, 
bankruptcies, judgments, liens, property and asset information, and a third-party score (included as 
a score-within-a-score).  
 

                                                 
3 It is worth noting that some evidence indicates that alternative data is also useful to augment decision making about “full file” 
individuals who have a robust traditional credit score. 
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Figure 3: FICO and FICO Expansion Score Odds-to-Score for Accounts with Both Scores 
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Because the FICO Expansion score is FCRA compliant, it can be used to make credit decisions but 
not for marketing other than for “pre-approved” offers.4 Ninety percent of lenders who use the FICO 
Expansion score access it directly from Fair Isaac through a platform designed to integrate with 
existing point-of-sale solutions, while 10 percent access it through other providers. FICO Expansion 
is not currently available through the three traditional credit bureaus. 
 
Fair Isaac’s FICO Expansion score can typically provide a score on 70 to 100 percent of lenders’ 
applicants who have little or no traditional credit bureau histories. Users of the FICO Expansion 
score include top 10 credit card issuers, installment loan lenders, student lenders, private label/retail 
card issuers, auto finance companies, and mortgage lenders.  The FICO Expansion score uses the 
same score range (300-850®)5 and performance definition (bad performance is defined as 90 days 
past due or worse over 24 months) as the FICO score (see Figure 3).  While odds ratios always vary 
according to specific portfolios or products, these similarities facilitate integration of the FICO 
Expansion score into lenders’ existing operations. 
 
LexisNexis’s flagship services are its Lexis and Nexis research services, which provide web-based 
searchable access to more than 2,000 public record and proprietary data sources. The five billion 
documents that provide content for these services also provide baseline data for LexisNexis’s suite 
of risk-management products. LexisNexis introduced credit-risk scoring services based on 
nontraditional data in 2000. RiskView, introduced in 2006, is the latest generation of this product line. 
LexisNexis targets these services at four industries: wireless telecommunications, retailers, bank 
cards, and auto lenders. Six of the top 10 credit card issuers and four of the top five wireless 
companies use RiskView. 
 

                                                 
4 The Fair Credit Reporting Act (FCRA) regulates the collection, dissemination, and use of consumer credit information. Lenders 
must comply with FCRA to use consumer credit data to decline credit or take adverse action against an existing customer. This 
means they may use the data only for a permissible purpose and must notify customers who are adversely affected that the action 
was based on information provided by the particular Consumer Reporting Agency (CRA). Consumers have the right to request a 
copy of their reports from the CRA and the ability to correct any errors in the information. 
5 Fair Isaac, FICO, FICO Expansion and 300-850 are registered trademarks of Fair Isaac Corporation. 
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Alternative data analyzed by RiskView include bankruptcies, liens and judgments; criminal 
convictions; address and work history; phone records; professional licensures; and asset records. To 
generate a score, RiskView needs, at a minimum, the individual’s full name and one other indicator 
of identity. A RiskView score can be assessed for 31 million individuals who have no traditional 
credit history and 45 million whose traditional credit histories are shorter than 18 months. In working 
with lenders, LexisNexis has been able to provide a score for more than 90 percent of credit 
applicants who have either no file or a thin traditional credit history. The RiskView score is FCRA 
compliant. Approximately 20 percent of RiskView users access the score through through Equifax; 
the remainder connect through a third-party data processor or directly to LexisNexis. Half of 
RiskView users receive the score and reason codes only, while the other half receive more specific 
data about potential borrowers. 
 
L2C, founded in 2000, specializes exclusively in alternative credit reporting and analytics. L2C 
began by serving telecommunications companies, relying primarily on analysis of 
telecommunications payment histories and building creative new analytical models. Today, L2C’s 
Link2CreditTM and First Score DirectTM products are used in the credit card, consumer lending, and 
telecommunications industries, across a broad spectrum of companies. Approximately 10 percent of 
L2C’s customers access the service directly through web-based connection to L2C. The other 90 
percent receive it through one of the three major credit bureaus. L2C’s integration with TransUnion 
allows lender queries and L2C results to be transmitted between the lender and TransUnion without 
systems changes, while accessing the product through Equifax requires some technology 
integration. By early 2008, L2C expects to have the same level of integration with Equifax and 
Experian that it has with TransUnion. Because L2C has both FCRA and non-FCRA products, its 
products can be used for credit decisions and to market invitations to apply as well as pre-approved 
offers. Approximately 20 percent of L2C customers are using individual data records collected by 
L2C as well as the L2C score in their credit decisions, while 80 percent use the score alone. 
 
L2C uses seven major data sources, which account for over one billion customer records across 
1,000 data attributes. Behaviors analyzed include checking-account activity, payday lending, ID 
verification, fraud data, public records, check cashing, utility payments, and retail data. L2C can 
provide a score for 95 percent of all U.S. households. Typically, L2C needs only identity verification 
and one alternative tradeline to provide a score, which means the company can score 80 to 90 
percent of customers with little or no current credit history.  
 
Figure 4: Alternative Data Products  
 
Company 
Product 

Typically Able to Score: Data 

Fair Isaac 
FICO Expansion 
Score 

70-100% of those in a 
lender’s applicant pool with 
no traditional credit score 

Debit data, membership data, utility data, bankruptcies, 
judgments, liens, property and asset information and a third 
party score used as a score-within-a-score. 

LexisNexis 
RiskView 

Over 90 % of those in a 
lender’s applicant pool with 
no traditional credit score 

Over 300 public record attributes such as employment and 
address history; property and asset ownership; 
bankruptcies, liens and judgments; criminal records; ID 
verification and professional licensure. 

L2C 
Link2Credit 
First Score Direct 

80 – 90% of those in a 
lender’s applicant pool with 
no traditional credit score 

Proprietary phone payment data; debit and checking 
account activity; multi-sourced alternative lending data 
(e.g., payday lending, rent-to-own); fraud/ID verification; 
public records; and retail data. 

 



The Predictive Value of Alternative Credit Scores
 

 

 
8 

Alternative Credit Scoring Tests 
 
As previous research by CFSI has confirmed, there is considerable interest among lenders for 
alternative approaches to credit decisions.6 However, there is a major question to answer before 
alternative credit scores are widely adopted: What is the proof of their predictive and economic 
value?  
 
Lenders and the vendors providing alternative data scoring methods have conducted hundreds of 
tests of their effectiveness. However, this information has not generally been made public. For this 
analysis, three vendors provided the results of recent internal lender tests to CFSI. All of these tests 
were retro-tests, which means that Fair Isaac, LexisNexis, and L2C each received a pool of 
applicant data from a lender’s existing portfolio of loans. Lenders analyzed the applicants, 
generating alternative credit scores for each individual as of the time of the original credit application. 
The alternative credit scores were then compared to the performance data for the credit extended to 
those applicants. Essentially, the alternative credit score was applied to approved customers 
retroactively, to determine how well the score that would have been assigned at the time of 
application correlates with actual behavior and whether it would have improved the lender’s ability to 
manage risk.7  
 
Figure 5: Types of Test Results Reviewed 

 
 
Each of the three vendors has conducted many more tests than are described below. Direct 
comparisons across the alternative scores or test results are neither relevant nor appropriate 
because the analyses they provided differ substantially, representing a variety of industries, types of 
portfolios, and methodologies applied. However, the data suggest several important conclusions: 
 

1. An alternative score has meaningful predictive and economic value to lenders extending 
credit to individuals with thin or no traditional credit histories. 

 
2. Alternative scores can be generated for most individuals who lack traditional credit scores, 

about whom lenders would otherwise have very little information on which to base their credit 
decisions. 

 
3. Alternative scores provide a reasonable method of ordering risk among potential borrowers, 

or ranking individuals according to level of risk. 

                                                 
6 Jacob and Schneider, “Market Interest in Alternative Data Sources and Credit Scoring.” 
7 Because this type of retro-test addresses only approved customers, there is an issue with “reject inferencing.” However, this type 
of test provides a strong enough indication of the effectiveness of the alternative score that it is a standard approach for lenders to 
decide whether or not to rely on a particular alternative credit score. 

Fair Isaac       LexisNexis    L2C 

Odds Chart for 
Pooled Industry 

Samples 

Odds Charts for 
Various Lenders 

K-S Lift and Expected 
Change in Lending Using 

Custom Model 
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4. Individuals with thin or non-existent traditional credit histories may be prime borrowers as 

well as those with higher credit risk than the general population. 
 

5. Most lenders test an alternative score’s application to the specific loan portfolio with which 
they will use it. Before it can be applied effectively, it is critical to know (and lenders are 
demanding to know) how the alternative scoring method stacks up against a specific pool of 
their borrowers and product types.  

 
CFSI reviewed the following test results: 
 
- Fair Isaac: Fair Isaac has analyzed the FICO Expansion Score using data samples from more 

than 75 leading lenders in consumer credit, mortgage lending, auto financing, student lending, 
and telecommunications. Fair Isaac provided the aggregate results from tests with three large 
pools of data from multiple lenders, for the credit card, auto financing, and mortgage industries. 

 
- LexisNexis: LexisNexis provided the results from four individual tests of RiskView with different 

products: credit card, wireless telecommunications, auto finance, and retail credit card. These 
tests are representative of more than 100 similar tests LexisNexis has completed. 

 
- L2C: L2C also shared the results from a series of tests across multiple products, including auto 

lending, credit card, mortgage, and education loans, although all of the product tests were 
conducted with the same top 10 bank. L2C has tested Link2Credit or First Score Direct with 
more than 50 lenders. 

 
The tests looked at the first 12 to 24 months of customer performance data and sought to correlate 
“bad rates” and “good:bad odds” ratios with the alternative credit score. The bad rate is the percent 
of borrowers who have had bad performance within the period analyzed; for almost all of the tests 
below, bad performance was defined as delinquency of 90 days or worse. The odds ratio is the ratio 
of “good performing” borrowers to “bad performing” borrowers. So, for example, a 10 percent bad 
rate means that one out of every 10 borrowers was 90 days delinquent or worse during the 
performance period. Nine of the 10 borrowers were “good performers,” so good:bad odds are 9:1. 
 
Fair Isaac FICO Expansion Score 
 
Fair Isaac's FICO Expansion score has the same range of possible scores, from 300 to 850, as the 
traditional FICO score.  In the company’s experience, lenders who use the FICO Expansion score for 
credit origination risk decisions typically find that 30 to 50 percent of applications receive scores of 
640 or higher. Before using FICO Expansion, most of these consumers were rejected for lack of a 
traditional credit score. Therefore, FICO Expansion enables lenders to approve and book at least 30 
percent more credit applicants with little or no traditional credit data. The following graph shows the 
distribution of consumers across the FICO Expansion score range for a week.   
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Figure 6: FICO Expansion Score Distribution 
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The validation studies provided by Fair Isaac represent pooled validations containing between 10 
and 20 national lenders and approximately 600,000 customers. The studies focused on credit 
applicants for both prime and subprime credit card, auto financing, and mortgage products. Fair 
Isaac analyzed credit applicants from 2004 with payment performance for 24 months. The lenders 
who participated include, but are not limited to:  

- Bank-card issuers: American Express and HSBC; 
- Auto finance lenders: DaimlerChrysler, DriveTime, and Ford Motor Credit; and 
- Mortgage lenders: Credit Suisse, First Franklin, Freddie Mac, HSBC Mortgage, and Option 

One. 
 
The odds ratios found in the validation study (shown below) demonstrate that the FICO Expansion 
score ranks risk across applicants in each industry. In other words, the odds of positive repayment 
are substantially higher for higher-scoring records than for lower-scoring records. Individual issuer 
odds spreads were even wider for prime portfolios and tighter for subprime portfolios, as would be 
expected. 
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Figure 7: Expansion Score Good:Bad Ratios for Pools of Lenders by Sector Good:Bad Odds 
 

Expansion Score Credit Card Auto Financing Mortgage 
520-539 1:4 1:7 2:2 

540-559 2:0 1:8 2:7 

560-579 2:6 2:6 3:6 

580-599 6:0 3:3 4:5 

600-619 7:2 4:1 6:8 

620-639 11:6 5:5 10:0 

640-659 15:7 6:3 12:3 

660-679 22:8 9:2 18:6 

680-699 28:5 11:6 23:1 
700-719 33.9 16:1 27:7 

Note:  The full score range for FICO Expansion scores is 300-850; this table presents the score ranges where most of the 
application volume is found.   
 
Fair Isaac also provided the following statistics to describe the predictive value seen on these 
portfolios. K-S measures the maximum difference between the cumulative percentage of two groups, 
in this case, good files and bad files. A higher value indicates that the model produced a bigger 
separation of goods and bads. For example, in the test results for auto-financing loans, the K-S 
range was 10–41. Because of the more homogenous nature of subprime borrowers, in Fair Isaac’s 
experience, these portfolios tend to produce K-S values at the lower end of the range. The GINI 
coefficient indicates how the model’s predictive performance compares to random behavior by 
measuring the ratio of the area between a trade-off curve (which plots the accumulation of bads in 
the population) and a diagonal line (which represents no predictive power) and 0.5. Higher values 
indicate more predictive score performance, with a maximum value equal to 1. The credit card 
results show a range of GINI values from 0.194 to 0.440. 
 
Figure 8: Expansion Score K-S and GINI Coefficient for Pools of Lenders by Sector 
 

 Credit Card Auto Financing Mortgage 
K-S 17 – 35 10 – 41 17 – 35 
GINI 0.194 – 0.440 0.134 – 0.546 0.230 – 0.472 

 
LexisNexis RiskView 
 
LexisNexis’s RiskView score ranges from 500 to 900 and is calibrated so that the ratio of goods to 
bads doubles approximately every 40 points. The goal was to have wide dispersement of the 
individuals scored across the range of scores to give lenders greater detail about potential 
performance. The following chart shows the rank ordering of risk apparent from the four test results 
that LexisNexis supplied, one each for companies in the bank card, retail, auto finance, and wireless 
telecommunications industries. While there are some jumps in the progression, for the most part, 
individuals are distributed across the risk spectrum, with higher bad rates for those with lower 
scores. 
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LexisNexis also provided data demonstrating a wireless company’s increased ability to segment its 
consumers using RiskView. According to LexisNexis, using RiskView allows lenders to realize a 20 
to 40 percent increase in the ability to segment its borrowers because they can score applicants with 
no credit history and apply alternative scoring methodologies to assess those with traditional credit 
scores. 
 
In this sample of over 70,000 applicants (with an overall bad rate of 14.1 percent, which is typical of 
wireless carriers), 7,700 customers without traditional credit scores could be scored using RiskView, 
representing almost 11 percent of the portfolio. Importantly, this subset of the portfolio was not all 
subprime: the top 10 percent of this 7,700 had a default risk (based on their combined bad rate) of 
under 10 percent. Before applying alternative credit analysis, the wireless carrier would have turned 
away most of these applicants or experienced high default rates on those it accepted. 
 
It is also worth pointing out that while the traditional credit scores and the RiskView scores move 
generally in the same direction (i.e., most individuals with high traditional credit scores also have 
high RiskView scores), at the edges the scores diverge in interesting ways. Thus, the application of 
the alternative score deepens the analysis the wireless carrier can apply even for a “scored” 
population. For example, in this sample, the lender experienced a bad rate of 11.7 percent for 
individuals in the traditional credit score band of 581–640. Applying a RiskView score to individuals 
within that score band allows the lender to segment further, identifying higher-risk consumers with 
RiskView scores of 501 to 560 and bad rates of 43 percent, as well as lower-risk consumers with 
RiskView scores of 681 and higher and bad rates under 5 percent.  This effect can be seen in every 
score band of the traditional credit score, showing how a combination of the two approaches can 
better estimate loss rates.   
 
 

Figure 9: RiskView Good:Bad Ratios and Bad Rates for Four Product Portfolios 
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Figure 10: Wireless Sample of Traditional Credit Score and RiskView Overlay 
 

Wireless Industry Data Sample: Bad Rate/# of Applicant Files 

TRADITIONAL CREDIT SCORE 
No-Score 500 - 580 581 - 640 641 – 700 701+ Total RISK-

VIEW 
SCORE % # % # % # % # % # % # 
501-560 66%    1,224  66%       584  43%       862  24%       411  16%       443  49%     3,524 
561-620 40%    2,013  36%     3,762 25%     5,072 9%       993  5%     1,151  27%   12,991 
621-680 23%    2,823  24%     5,337 12%     9,499 6%     4,810 2%     3,922  13%   26,391 
681-740 10%    1,389  21%     2,562 4%   10,384 2%     3,591 1%     3,435  6%   21,361 
741-800 9%      238  20%       203  3%     1,685 2%     1,694 1%     2,933  3%     6,753 
801+ 7%        59  11%         75  1%       201  0%       243  0%       455  1%     1,033 

Total 32%    7,746  29%   12,523 12%   27,703 5%   11,742 2%   12,339  14%   72,053 
 
L2C Link2CreditTM and First Score DirectTM 

 
L2C segments the individuals its score is designed to evaluate into three categories:  
- Thin file: individuals with a traditional credit score based on three or fewer tradelines; 
- Unscoreable: individuals with too few tradelines tracked by the traditional credit bureaus to 

calculate a score; and  
- No hits: individuals with no tradeline information at the traditional credit bureaus. 
 
Applying L2C’s scoring methodology to individuals with thin or no traditional files shows that a large 
percentage represent near prime or prime credit risk: almost 19 million “thin file,” 10 million 
“unscoreable” and 9 million “no hit” individuals have L2C scores of 600 or higher, on a scale from 
300 to 800. (Note that L2C has calibrated its score to be approximately 20 points below the 
traditional credit score range.) L2C reports that companies using its analytical models typically 
increase applicant approvals by 10 to 20 percent while maintaining existing default rates. In some 
cases, companies using L2C have lowered default rates by as much as 25 percent while increasing 
their approvals by almost 10 percent.  
 
Figure 11: L2C Estimate of Credit Risk Distribution 
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L2C shared data with CFSI from one test with a top 10 bank across multiple product lines, consisting 
of near-prime auto finance, subprime auto finance, credit cards, education, prime mortgage, and 
subprime mortgage. For each product, L2C analyzed the performance of its score for credit 
decisions according to the three segments identified above. For each segment, L2C reported its 
ability to calculate a score, the percent of bad-performing borrowers within the bottom decile of the 
score range, and the K-S within the segment.  
 
K-S is a statistical tool that helps to measure a score’s effectiveness at spreading out the population 
under analysis across the risk spectrum. K-S calculates the cumulative percentage of good accounts 
less the cumulative percent of bad accounts at a specific score range. The absolute K-S score will 
vary according to application and the characteristics of the set of borrowers being analyzed. For 
example, a product marketed narrowly at subprime borrowers with a high expected default rate is 
likely to produce a portfolio with a low K-S because many of the borrowers will have similar 
characteristics. For that reason, for one product, a satisfactory K-S might be 35 while for another it 
might be 15. But in both cases, higher relative K-S scores translate to improved risk assessment. 
 
For L2C’s analysis, the lender gave L2C the K-S it had calculated for a set of borrowers before 
applying the L2C score, as well as the percent of bad files in the bottom decile of this applicant pool. 
L2C was then able to compare these measures with the K-S and the percent of bad files in the 
bottom decile that resulted from the application of its alternative scoring methodology. As a result, for 
these specific product lines, we can see the improvement or lift in K-S from applying L2C’s analytics.  
 
The tables below show L2C’s results for the subprime auto loan and credit card tests. For the 
subprime auto test, bad files were defined as accounts delinquent 60 days or more during the 12-
month period analyzed. The lift in the K-S for no-hit customers of 7.7 represents a 69 percent 
improvement, while for thin-file applicants it was 4.9, or 26 percent. Of course, the key issue for the 
lender is how these results can be used to increase the number of customers receiving credit without 
increasing expected default rates. By using alternative credit data analysis such as L2C’s, this lender 
expects to increase its approval rate for applicants with no traditional credit files by 35 percent and 
its approval rate for applicants with thin files by 43 percent, while maintaining its current default rate. 
This would result in an additional 4,000 customers each quarter. 
 
For the credit card test, a bad file was defined as 90 days delinquent or more during the 12-month 
period analyzed. L2C provided a significant lift over the client’s custom modeling system. It found a 
K-S of 35.9 on files where the client had no score and increased the K-S of thin-file customers by 30 
percent. An additional 55 percent of no-score accounts and 29 percent of thin-file accounts were 
approved using L2C’s methodology. This represents approval of more than 50,000 additional 
applicants each quarter. 
 
 
 
 
 
 
 
 
 
 
 



The Predictive Value of Alternative Credit Scores
 

 

 
15 

Figure 12: L2C Lift in KS and % Bads for Subprime Auto Portfolio 
 

 Common Sample 
Total Sample Client Model Alone L2C Model Alone Lift Using Both Client 

and L2C Models 

 
Segment 

 
Files/ 

Segment 

 
Hit 

Rate 

 
KS 

 
% of Bads in 

Bottom 
Decile 

 
KS 

 
% of Bads in 

Bottom Decile 

 
KS Lift 
(% lift) 

% of Bads in 
Bottom Decile 

(% lift) 

No Hit  3% 94.4% 11.1 9.6% 18.2 19.8% 7.7 
(69.4%) 

10.3% 
(107.3%) 

Unscoreable 
& Thin File 

13% 95.8% 18.9 15.6% 18.6 17.8% 4.9 
(25.9%) 

3.2% 
(20.5%) 

Credit 
Scored 

84% 96.8% 19.6 17.1% 16.9 17.7% 3.8 
(19.4%) 

2.8% 
(16.4%) 

All 100% 96.6% 19.2 16.8% 17.2 18.0% 4.1 
(21.45%) 

2.9% 
(17.3%) 

Note:  Sample equals approximately 400,000 files. 
 
Figure 13: L2C Lift in KS and % Bads for Card Services Portfolio 
 

Total Sample Client Model Alone L2C Model Alone Lift Using Both Client and 
L2C Models 

 
 
File 
Thickness 

 
# of 
Files 

 
Hit 

Rate 

 
KS 

 

 
% of Bads in 

Bottom 
Decile 

 
KS 

 

 
% of Bads in 

Bottom Decile

 
KS 

(% lift) 

 
% of Bads in 

Bottom Decile 
(% lift) 

No Client 
Model 
Score 

 
18.3% 

 
86.9% 

 
--- 

 
--- 

 
35.9 

 
36.1% 

 
--- 

 
--- 

Very Thin  3.0% 94.5% 32.6 29.5% 36.4 30.6% 9.9 
(30.4%) 

6.1% 
(20.7%) 

Thin File 5.9% 88.2% 38.7 34.3% 34.1 30.4% 6.3 
(16.3%) 

8.1% 
(23.6%) 

Scored 72.8% 86.9% 49.7 48.5% 38.5 35.3% 3.5 
(7%) 

4.1% 
(8.5%) 

All 100% 87.2% 50.0 48.2% 39.2 36.7% 3.4 
(6.8%) 

5.1% 
(10.6%) 

Note:  Sample size approximately 3 million files. 
 
Figure 14:  Projected Customer Increases by Using L2C Score 
 
 SubPrime Auto Card Services 
No Hit Approval Increase 35% 55% 
Thin File Approval Increase 43% 29% 
Client New Applicants/Quarter 4,000/qtr 56,000+/qtr 
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RentBureau 
 

RentBureau collects rental payment histories and incorporates them into its National Rental Data 
Exchange™. It then provides this information to apartment companies to use in screening 
applicants. In its first 15 months of operation, RentBureau collected over three million resident 
records. 
 
RentBureau analyzed a 
representative sample of almost 
45,000 lease records to determine 
how past payment behavior relates 
to write-off events within a current 
lease. Write-offs are defined as 
any situation in which there is an 
outstanding balance after the close 
of a lease, whether because of 
damage to the apartment, 
outstanding rent, or departure of a 
tenant. In the lease data analyzed, 
the write-offs were observed within 
24 months after the lease was 
signed. Within this population, 55 
percent were “ideal renters,” with 
fully paid rent every month. Among 
the non-ideal renters, higher 
numbers of late payments or 
insufficient funds strongly 
correlated with higher write-off 
rates, indicating that past rental payment behavior is highly predictive of future behavior. For 
renters with no late payments, the write-off rate was 18 percent, versus 65 percent for renters 
with eight late payments. A large proportion of write-off behavior is still unexplained by this 
analysis: 47 percent of the total write-offs were not preceded by any late payments. However, as 
RentBureau gathers more data (especially multi-lease data from individual renters), this may 
change; and analyzing past rental data still represents a substantial improvement over the real 
estate industry’s current tools to predict write-off risk. 
 
Rental payment data is widely perceived as a potentially rich source of information about 
individuals who do not have robust traditional credit scores. Within RentBureau’s database, 
approximately 57 percent of the leases are below the Fair Market Rent,8 indicating a strong 
likelihood of overlap between this population and the traditionally unscored. 
 
Furthermore, it seems likely that rental write-off risk correlates with credit risk, especially for 
mortgage lending. Further analysis needs to be completed, however, to determine whether rental 
payment behavior can predict future payment of specific types of credit.9 

 
                                                 
8 The U.S. Department of Housing and Urban Development establishes Fair Market Rent guidelines annually to determine payment 
amounts for various housing assistance programs. Fair Market Rent in 2007 was defined as the dollar amount below which 40 
percent of the standard-quality rental housing units in the metropolitan area are rented. http://www.huduser.org/datasets/fmr.html 
9 CFSI is a partner in a study being conducted by the Political & Economic Research Council to evaluate this issue.  
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Discussion 
 
Although the tests CFSI reviewed provide strong evidence of the predictive value of alternative credit 
scores, many outstanding questions remain about these products. Many lenders believe that testing 
the effectiveness of alternative data analysis and credit scoring for a particular product or loan 
portfolio is necessary before adopting or using the alternative effectively, which means there is still a 
significant hurdle in the sales process. Some lenders have suggested that an apples-to-apples 
comparison of the various alternative credit scores would advance the field toward greater market 
adoption by enabling lenders to compare the solutions available today. It is likely that the alternative-
scoring industry will continue working to provide lenders and other potential users of alternative data 
with a fuller economic case for their products.  
 
Accessing and building new data sources that might provide strong predictive data (such as rent and 
utility payments) would help make current alternative data products more robust, and these data 
sources need to achieve broad coverage of the population. In addition, alternative data providers 
must continue to make it easier for financial institutions to integrate alternative data products into 
their marketing and decision making. Enlisting the major credit bureaus as resellers, for example, 
reduces the legal and compliance challenges facing businesses that want to use alternative data. 
However, relying on them as exclusive distributors raises other operational challenges. Different 
lenders may each incorporate alternative data into their decision-making processes in different ways.  
 
It seems likely that alternative data will be mined further for additional insights about the market 
segments, behavior, and attitudes of underbanked consumers. This is a large, untapped market that 
is likely to include distinct consumer segments with varying demand for different types of financial 
services. Based on CFSI’s research regarding the underbanked in other contexts, it appears that 
individuals use credit off and on, and that information about alternative tradelines may be a robust 
source of knowledge about this consumer group. This information may be useful not only for lending 
but also for other purposes, such as insurance underwriting, rental and job applications, client 
account management, and marketing. 
 
Conclusion 
 
Even in this early stage of development for alternative credit scoring methodologies, the use of 
alternative data offers the promise of reaching many individuals about whom lenders previously had 
little or no data. Evidence shows that the new scoring methods clearly strengthen lenders’ ability to: 
 

- Reliably rank order risk; 
- Efficiently evaluate applicants for credit or design offers for credit; and 
- Increase approval rates while controlling for acceptable levels of risk. 

 
Contrary to common perception, these tests indicate that many underserved consumers represent 
prime or near-prime credit risk to lenders.  Most importantly, unlike traditional credit scores, 
alternative credit scores can be generated for most adults in the United States, which means that 
widespread use of alternative data could dramatically broaden the reach of mainstream financial 
services companies. 
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About CFSI: 
The Center for Financial Services Innovation (CFSI), a non-profit affiliate of 
ShoreBank Corporation, facilitates financial services industry efforts to serve 
underbanked consumers across the economic, geographic, and cultural spectrum. It 
provides funding and resources, enables partnerships, and identifies, develops and 
distributes authoritative information on how to respond to the needs of the 
underbanked profitably and responsibly. CFSI works with banks, credit unions, 
technology vendors, alternative service providers, consumer advocates, and policy 
makers to forge pioneering relationships, products, and strategies that will transform 
industry practice and the lives of underbanked consumers. For more on CFSI, go to 
www.cfsinnovation.com. 

 

ShoreBank is America’s first and leading community development and environmental 
banking corporation. For more on ShoreBank, go to www.shorebankcorp.com. 
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