
Good afternoon, 
 
Thank you for the webinar today. Very informative and concerning. As an institution that relies greatly 
on building memberships and loans through indirect lending channels, I have major concerns on how 
data collection of race may impact members, non-members and dealer relations. Obviously there is a 
great deal of reputational risk in asking indirect applicants to supply race data when trying to secure an 
auto loan. Applicants might question: Will this impact the loan decision? What are they doing with that 
data? Why are they asking? Dealers might question: Why does this institution need the data? What 
potential impact will collecting this data have on my dealership? What is the applicant’s perspective 
when I’m gathering this data? All of these questions can lead to different outcomes. Feeling of unfair 
treatment by applicant, discrimination threats and litigation, less loans from concerned dealers, etc..  
 
When submitting CDFI stats to keep our certification we can classify by zip code. This has always been a 
good indicator to show underserved areas we assist in. What determination was made to feel this is not 
sufficient? What data supports geographic location not being good enough for tracking? ECIP needs to 
rely more on Schedule D, Place-based Lending, than focusing on collecting what some consider very 
personal information. 
 
Our environment today is very legal system happy. There is constant news about racial profiling leading 
to poor outcomes. Why do you want to open that door for FI’s opting to use ECIP? This may make us 
susceptible to unnecessary lawsuits. I can confidently say our lending decisions have nothing to do with 
race, yet we are still accused of it today. Now if we have to ask for it and would’ve made the same 
determination without that info, the applicant may feel our decision was purely on race. It’s always 
perspective, but now we may have to spend money to protect ourselves. Then it comes back to 
reputational risk. 
 
The CFPB published the attached article titled, “Racial Discrimination in the Auto Loan Market”. This is 
just over two years old. I was happy to hear a good portion of the allowable rate bumping for higher 
reserve institutions pulling back on their practices when they got a lot of attention I believe back in 
2015. However, here we are still hearing from a FI governing body about the impact of racial 
discrimination in lending. Now you want us to collect this data we haven’t needed all along to get better 
ECIP repayment terms? Has the impact on FI’s and dealerships been considered when stories like 
attached have already emanated?  
 
I see no good in collecting this sensitive info for an applicant by a dealer or credit union when there are 
other methods to support lending activities and initiatives. Like we already do today. 
 
Respectfully, 
 

Scott Knopf 
Vice President, Lending and Loss Prevention 
NMLS # 1185817 
5255 Security Park Blvd. 
Holly, MI 48442 
810-235-2322 ext. 1219 
knopfs@securitycu.org 

mailto:knopfs@securitycu.org


 
 

https://hyperlink.services.treasury.gov/agency.do?origin=http://www.securitycu.org/
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Racial Discrimination in the Auto Loan Market  
 
 

Abstract 

 

We provide evidence of discrimination in auto lending. Combining credit 
bureau records with borrower characteristics, we find that Black and 
Hispanic applicants  loan approval rates are 1.5 percentage points lower, 
even controlling for creditworthiness. In aggregate, discrimination crowds 
out 80,000 minority loans each year. Results are stronger where racial biases 
are more prevalent and banking competition is lower. Minority borrowers 
pay 70 basis point higher interest rates, but default less ceteris paribus, 
consistent with racial bias rather than statistical discrimination. A major 
anti-discrimination enforcement policy initiated in 2013, but halted in 2018, 
reduced discrimination in interest rates by nearly 60%.  
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Auto loans are the most widely used form of installment credit in the U.S. with over 

100 million people borrowing as of 2017. Yet, compared to mortgages or student loans, 

the auto loan market is relatively unstructured, unregulated, and opaque. The lack of 

transparency makes it harder to monitor whether lenders consider characteristics like race 

and ethnicity. Indeed, suspicions of discrimination in this market led the Consumer 

Financial Protection Bureau (CFPB) to issue specific guidance to auto lenders in 2013 on 

how the Equal Credit Opportunity Act applies to auto loans.  

Identifying discrimination requires information on applicant/borrower race and 

outcomes, but auto lenders are not required to report much data on either applications or 

loans.1 Therefore, past studies of auto lending practices are scarce, largely suggestive, and 

incomplete. In this paper, we build an extensive, novel, and rich dataset to test for 

discrimination in this market. 

Our empirical design links credit bureau records (a 1% nationally representative 

panel) to the Home Mortgage Disclosure Act (HMDA) data. These databases do not share 

a common identifier, but mortgages are reported in both places with sufficient granularity 

that we can uniquely match the majority of mortgages based on loan characteristics. The 

credit bureau records provide  auto loans, while the 

HMDA data provide demographics. We use our matched panel of roughly 79,000 people 

per year from 2005 to 2017 to test whether minorities face discrimination in the auto loan 

market, and find strong evidence that they do. 

 
1 We use  to refer to both race and ethnicity. We limit our samples to people who are White, Black, or 
Hispanic, and classify people who are Black and/or Hispanic as minorities. 
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It is difficult to isolate discrimination rooted in preferences (Becker (1957)) or 

biased beliefs (Bordalo et al. (2016)), from alternatives such as omitted variables and 

statistical discrimination (Phelps (1972) and Arrow (1973)).2 To do so, Becker (1957, 

1993) 

Discrimination based on preferences or biased beliefs should lead to more profitable loans 

to marginal minority borrowers, because the bar is set higher. Researchers typically use 

loan performance as a proxy for profitability, and lower default rates for minorities are 

considered strong evidence of discrimination (Ferguson and Peters (1995)). We test for 

discrimination in loan approvals, interest rates, and subsequent defaults, and find consistent 

evidence in all three tests. 

 Our first tests study loan approval rates, controlling for a broad set of borrower and 

geographic characteristics (e.g., age, sex, income, ZIP code), and importantly, direct 

measures of financial health (credit score, debt/income, delinquencies, etc.).3 Few other 

studies of discrimination have such a rich set of controls. We find that minority applicants 

have a 1.5 percentage point lower approval rate, comparable to a 26 point credit score 

reduction (32% of a standard deviation). The difference is 60% larger (2.4 percentage 

points) for minority applicants with subprime credit, where subjective preferences likely 

have greater influence. We find large racial differences even in college-educated, high 

 
2 Statistical discrimination occurs when lenders maximize profits by using race to proxy for aspects of 
creditworthiness that are unobservable. These attempts are limited by the usefulness of the proxy, particularly 
whether its use is based on accurate or inaccurate beliefs (Bohren et al. (2019)). We use  

 to refer to profit maximizing decisions based on accurate beliefs. In contrast, we use the term 
 to refer to biased lending decisions, whether they are driven by preferences, or by inaccurate 

beliefs. 
3 These approval rates reflect both lender approval and borrower take-up.  We discuss the nuances in detail 
below in Section 4.1. 



 

3 
 

income, and middle-aged applicant subsamples with substantial financial sophistication. 

Minorities fill out as many applications as White applicants, suggesting shopping effort 

does not explain the results.  Moreover, our estimates likely understate the true magnitudes 

because our strongest results are in subprime applicants, but our sample consists of 

homeowners, who typically have better than average credit. A conservative back-of-the-

envelope calculation suggests that each year more than 80,000 minorities fail to secure 

loans they would have received if they were White.  

We next test whether our results are stronger in states where racial biases are more 

prevalent. Following Stephens-Davidowitz (2014)

Google Search Volume that includes racial slurs. We find that the reduction in approval 

rates for minorities is three times larger (2.8 percentage points) in states in the top tercile 

of racial animus, compared to the remaining states (0.9 percentage points). We also test 

whether competition among lenders mitigates discrimination. Statistical discrimination 

should survive competitive pressure, whereas racial bias should be rooted out by 

competition (e.g., Becker (1957) and Berkovec et al. (1998)). Consistent with biased 

preferences or beliefs, we find stronger results in low-competition environments.4  

Perhaps overall creditworthiness that 

lenders observe, but we do not (and these differences correlate with racial biases and 

competition). If so, we might expect credit card lenders to identify this pattern. However, 

unlike auto loans, which typically involve personal interaction, most credit card decisions 

 
4 The distinction between discrimination rooted in biased preferences/beliefs and statistical discrimination 
provides insight into the economic forces at work. However, it is important to note that statistical 
discrimination is also illegal in the United States under the Equal Credit Opportunity Act. 
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are automated and provide less opportunity for discrimination (e.g., Gross and Souleles 

(2002), Moore (1996), and Tsosie (2016)). We find that the same minority applicants who 

faced reduced access to auto credit are not less successful with credit card lenders, during 

the same year. Moreover, the cross-sectional patterns consistent with discrimination in auto 

lending, are absent from credit card lending. These findings suggest that the human element 

of auto lending, rather than differences in creditworthiness, leads to the lower approval 

rates for minorities.   

Discrimination also affects an intensive margin of credit provision through higher 

interest rates. Ceteris paribus, minorities pay 70 basis points more on their auto loans than 

White borrowers, which is comparable to the effect of a 37 point drop in credit score, and 

costs the average minority borrower in our sample $410 in present value terms. This result 

is particularly notable because these minority borrowers faced stricter approval rates for 

the loans. Moreover, the effect of minority status remains large in subsamples of 

sophisticated borrowers, and increases to 125 basis points in high racial bias states.  

It is unlikely that omitted variable bias is driving our results, because we use an 

extensive set of controls, and any omitted variable would have difficulty explaining the 

cross-sectional patterns in discrimination and the results of our credit card falsification test. 

Nonetheless, such a bias would lead to higher ex post default rates for minorities. Instead, 

we find lower minority default rates in the full sample. For subprime borrowers, who are 

closer to the extensive margin of credit provision, minority default rates are a statistically 

significant 2.3 percentage points lower. This finding is consistent with loans to marginal 
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minority borrowers being more profitable than loans to marginal White borrowers, a 

hallmark of discrimination.5 

Our final tests evaluate whether regulatory oversight deters discrimination. We 

exploit a sharp increase in the CFPB  scrutiny of interest rates charged by indirect auto 

lenders starting in mid-2013. Our differences-in-differences tests show that the additional 

interest paid by minorities decreased from 84 to 35 basis points in the post-event period. 

Further tests show that the reduction in discrimination occurred primarily in areas where 

indirect auto lending is most prevalent, where the  

s, CFPB oversight did not lead to a concomitant 

access, suggesting that the additional interest minorities are 

charged is discretionary, rather than necessary to make the loans economically viable. 

 Collectively, our findings are consistent with biased stereotypes or outright 

discrimination distorting outcomes for minorities who try to access the auto loan market.  

Our tests can also rule out some salient alternative explanations.  Below, we discuss 

whether racial differences in financial sophistication, creditworthiness, or recovery rates in 

the case of default could explain our findings, and conclude that they cannot.  

 Our paper is related to prior work documenting racial disparities in the market for 

mortgages (e.g., Munnell et al. (1996)), peer-to-peer loans (Pope and Sydnor (2011)), and 

small business loans (e.g., Blanchflower, Levine, and Zimmerman (2003)). However, prior 

studies rarely include default tests, which makes inferences about discrimination difficult. 

 
5 Section 4.3 provides a detailed discussion of default tests. Based on prior literature and our own tests, we 
conclude that our default tests are likely conservative (tilted against our findings of discrimination). These 
tests help isolate discrimination from omitted variables or statistical discrimination, and provide some of 
the strongest evidence of lending discrimination to date. 
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For example, evidence from the mortgage market suggests that Black borrowers default 

more (e.g., Berkovec et al. (1994)), raising questions about whether racial disparities in 

approvals and interest rates reflect actual bias on the part of lenders. A distinguishing 

feature of our study is that we provide evidence of discrimination from all three settings

credit approvals, interest rates, and default rates allowing us to better isolate 

discrimination from alternative explanations. 

The primary contribution of our paper is to provide substantial evidence of 

discrimination in the U.S. auto loan market. Most prior work in this area focuses on 

discrimination by automobile salespeople in the form of quoting minority shoppers higher 

car prices (e.g., Ayers and Siegelman (1995)). Charles, Hurst, and Stephens (2008) 

document that Black borrowers pay higher rates on auto loans, but their tests do not 

condition on credit scores. Our study provides the first estimates of the effect of race on 

auto loan approval, robust estimates of the additional interest minorities pay, and 

importantly, tests for discrimination in this market based on ex post default rates. Each test 

provides evidence consistent with discrimination. Finally, our paper provides the first 

analysis of the impact of recent anti-discrimination enforcement policies in the U.S. auto 

loan market. 

The paper proceeds as follows. Section 2 provides background information on auto 

lending. Section 3 describes our data and the process for matching credit bureau and 

HMDA records. Section 4 presents our empirical results. Section 5 discusses the 

plausibility of alternative explanations. Section 6 provides concluding remarks.  
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2. Background Information on Auto Lending 

In this section we provide some general information about the U.S. auto loan 

market.6 In 2017, 91% of U.S. Households had automobiles, and roughly 70% of auto 

purchases were used vehicles. Automobiles are a major household expenditure and the 

majority of purchases are financed (85% of new vehicles; 54% of used). Over 100 million 

U.S. consumers had auto debt as of 2017, with aggregate balances over $1.1 trillion.  

Prime borrowers (credit score greater than 660) accounted for 58% of auto loan 

originations in 2017, with roughly half of these loans financing used cars.7 Of the 

remaining 42% (subprime loans), roughly three quarters were for used cars. The average 

loan amount is around $30,000 for new and $20,000 for used cars. Average interest rates 

on auto loans range from around 4% for the most creditworthy borrowers, to around 16% 

for the least creditworthy borrowers. 

To understand the structure of the auto lending industry, it is useful to classify 

lenders into three types: banks (commercial banks, thrifts, credit unions, etc.), auto finance 

companies  While banks usually interact directly with 

consumers (direct lending), finance companies partner with car dealerships to originate 

loans and do not interact with the consumer (indirect lending).8 Auto finance companies 

are either the  financing arm of a major auto manufacturer (e.g., Ford Motor 

 
6 Unless otherwise specified, statistics in this section come from the National Household Travel Survey or 
an industry report: https://www.experian.com/assets/automotive/quarterly-webinars/2017-q4-safm.pdf. 
7 The credit score we use throughout the paper is the Vantage Score. The three major consumer credit bureaus 
developed Vantage Score to rival FICO scores, and it is the second most popular credit score. Vantage Score 
has the same score range as FICO, and is very similar, which led FICO to sue (unsuccessfully) the credit 
bureaus for producing such a similar product. 
8 Some banks also have indirect lending programs. 
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Credit Company) or an independent finance company. B lenders are 

used car dealerships that originate loans on-site, but these dealerships typically do not 

report their loans to the credit bureaus, and so are not in our analysis.  Based on 2017 

originations, the market shares are banks (53.3%), finance companies (40.3%, mostly from 

captives lenders (6.4%).  

For auto loans financed indirectly, the typical scenario begins with the consumer 

choosing a car and completing an application for credit at the dealership. The dealer then 

submits this application to an indirect lender. The lender evaluates the application, which 

does not include the applicant s race, but does include name and address.9 The lender 

decides on credit approval, and gives the dealer a minimum interest rate, not seen by the 

consumer. The dealer may then offer a loan with an interest rate at or higher than the 

minimum. The difference between these rates is called the dealer markup.  Indirect 

lenders and car dealerships have agreements specifying any limitations on the size of the 

dealer markup, and how the profits from the markup are to be shared. If the consumer 

accepts the credit offer, the dealer sells the loan to the indirect lender within a few days. 

In the case of direct lending, it is clear that 

beliefs about creditworthiness could lead to minorities paying higher interest rates, or 

having more failed credit searches due to either explicit rejections or bad loan offers. At 

first glance, indirect lending may appear less prone to discrimination, because lenders do 

not interact directly with borrowers. However, regulators have actually expressed stronger 

 
9 We note that name and address can be used to proxy for race, and that there is ample evidence that employers 
screen out job applicants with minority-sounding names (e.g., Bertrand and Mullainathan (2004) and Agan 
and Starr (2018)). But, we cannot test directly for this specific form of discrimination in auto lending. 
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concerns about discrimination in indirect lending, where dealership finance officers 

ultimately play a role similar to a loan officer. 

 First, dealership finance officers may have the opportunity to advocate for 

borrowers when engaging with indirect lenders. Selectively advocating for certain types of 

borrowers could result in discrimination. For example, we include here an excerpt from 

Rice and Schwartz (2018), a small-sample paired audit study of indirect auto lending at 

dealerships in Virginia. In this case, the white tester has a credit score of 706, and the 

finance officer discusses advocating for them to receive the rate corresponding to a credit 

score of 720. We note that it would also be easy to see this type of advocacy extending to 

getting marginal borrowers near thresholds approved for loans. 

WHITE TESTER: Is there any way I can like get an idea of -- when in the process 
will I know what my interest rate is? 
 

to be at 2.99%. I just got to call them and do a little bit of begging. 
 
WHITE TESTER: Begging? 
 

to depend on what credit unions I go through. 
 

Second, even if we assume minorities receive equal treatment initially, there is a 

clear opportunity for discrimination when the finance officer sets the dealer markup. At 

this point, they have an incentive to charge a high markup because indirect lenders share 

the profits from markups with dealerships. This profit sharing typically incorporates loan 

performance, and hence, incentives are similar to a loan officer , with some 

additional incentive to consummate the transaction. With dealership finance officers acting 
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as quasi-loan officers and exerting discretion, it is clear that biased preferences or beliefs 

about creditworthiness could lead to discrimination in indirect auto lending. 

The anecdotal evidence from Rice and Schwartz (2018) is consistent with 

dealership finance officers exhibiting biases. Despite being more qualified on average, their 

minority testers were (1) less likely to be taken seriously as buyers and be given financing 

information, (2) offered more expensive loans, (3) less likely to have policies bent on their 

behalf, and (4) more likely to be treated disrespectfully. However, audit studies conducted 

at a few dealerships have clear limitations, and broader empirical studies like ours are 

necessary to test for market-wide discrimination (Heckman (1998)).  

In March of 2013, the CFPB issued a Bulletin signaling its intent to hold indirect 

auto lenders accountable for discrimination in interest rates. The Bulletin made it clear that 

indirect lenders are subject to the Equal Credit Opportunity Act even if it is the dealership 

representative setting the final  In December 2013, the 

CFPB issued its first major enforcement action against a large indirect auto lender for 

discriminatory interest rates. The CFPB ordered Ally Financial (formerly General Motors 

Acceptance Corporation) to pay over $90 Million in damages and penalties. The CFPB 

followed with additional enforcement actions.10  In Section 4.4 we test the effect of the 

 increased scrutiny of auto lenders on our measures of discrimination.  

 
10 For a list of CFPB enforcement actions, see: https://www.consumerfinance.gov/policy-
compliance/enforcement/actions/. An important issue in auto lending discrimination cases is that lenders do 
not keep records of  race, making it difficult for regulators conducting investigations to arrive at 
definitive conclusions. For example, in the analysis supporting its enforcement actions, the CFPB relies on 
borrower names and geographic locations to assign race through Bayesian Improved Surname Geocoding. 
Moreover, data availability typically constrains regulators to examining only the interest rates on originated 
loans at lenders under investigation. Our empirical design allows us to test for market-wide interest rate 
discrimination using linked administrative data on borrower race, and to examine credit access and defaults. 
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3. Data and Methodology 

We merge two data sources to connect credit histories to their 

demographics. Mortgage lenders report applicants  race and ethnicity as well as other 

personal characteristics and loan application information to the Home Mortgage Disclosure 

Act (HMDA) database. The credit bureau data do not contain much demographic 

information, but they offer a lens through which to observe a broad set of borrower 

financial outcomes, and they track borrowers over time. Our approach is to match credit 

bureau records to HMDA through originated mortgages, which offer a sufficient set of 

identifying features in both datasets. Section 3.3 describes our matching process in detail. 

The match leads to the creation of a panel dataset with both demographics and financial 

outcomes, which we refer to as the Credit Bureau/HMDA Matched Panel.  

Our analyses require several data sources in addition to the credit bureau and 

HMDA data (which we describe in detail below). First, we collect information on racial 

biases in U.S. states based on the Google Search Volume for racial slurs following the 

approach of Stephens-Davidowitz (2014). These data are collected from the Google Trends 

website. Second, we use information on bank branch locations and deposits from the 

Federal Deposit Insurance Corpor

competition. Third, we use the county-level share of non-bank auto lending from 

Benmelech, Meisenzahl, and Ramcharan (2017). These data sort each county into quartiles 

based on non-bank auto lending shares as of 2008Q1 using proprietary underlying data. 

Finally, we use characteristics of the ZIP codes as control variables, and these 

data come from the Census  American Community Survey. 
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3.1 Credit Bureau Data 

 To construct the Credit Bureau/HMDA Matched Panel, we start with a panel dataset 

of credit bureau records, which is a 1% representative anonymized sample of all U.S. 

residents with a credit history and Social Security number. The sample is constructed using 

Social Security numbers ending in an arbitrarily chosen final two-digits. This produces a 

random sample because the Social Security Administration assigns the last 4 digits of 

Social Security numbers sequentially, regardless of location. The panel tracks individuals 

over time, and allows people to enter and exit the sample at the same rate as the target 

population, ensuring that the sample remains representative over time. This sampling 

method closely follows that of the Federal Reserve Bank of New York Consumer Credit 

Panel (see Lee and Van Der Klaauw (2010) for a detailed description of the sampling 

design and credit bureau data). The full data include annual observations for roughly 2.5 

million people per year from 2004-2017, although our final sample of matched 

observations includes far fewer. 

 The credit bureau data provide a complete credit history for each individual, 

including the s credit score, total debt, debt by category (mortgage, auto, credit card, 

etc.), past-due debt, new sources of credit opened, and hard  credit inquiries. These credit 

inquiries occur when a borrower applies for credit, and the lender checks their credit report. 

The data also provide the s age, ZIP code, and starting in 2010, their census tract.  

3.2 HMDA Mortgage Application Data 

The Home Mortgage Disclosure Act requires nearly all mortgage lenders to report 

detailed information on the applications they receive, and whether they originate the loan. 



 

13 
 

Only very small or exclusively rural lenders are exempt from HMDA reporting. Any 

depository institution must report to the HMDA database if it has at least one branch or 

office in a metropolitan statistical area (MSA), has at least $44 million in assets (2016 

threshold), and originated at least one mortgage in the previous year. Non-depository 

institutions with assets over $10 million must report if their mortgage originations total at 

least $25 million (or represent 10% of their loans), and they receive at least five mortgage 

applications in MSAs. These requirements result in 95% of all first-lien mortgages being 

reported to the HMDA database (Avery et al. (2017)), and the coverage rate is likely higher 

for properties in MSAs. 

The HMDA data include requested loan size, income, race, and ethnicity as well as 

the purpose of the loan (purchase, refinancing, improvement), any co-applicants, and the 

 (first or second lien). The census tract location of the property is also 

reported. If a loan is made, any loan sale is reported along with an indicator for sale to any 

quasi-government entity. 

3.3 The Credit Bureau/HMDA Matched Panel 

 This section describes how we match the databases, analyzes the success rate of the 

match, and presents summary statistics on the borrowers in the resulting Credit 

Bureau/HMDA Matched Panel. The credit bureau data and the HMDA data are both 

anonymized, and there is no unique identifier to link the two datasets. However, the 

information on originated mortgages is reported at such a granular level in both datasets 

that the majority of mortgages can be uniquely identified based on a set of their 

characteristics. 
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 We match mortgages in the credit bureau data to the HMDA data based on the 

following six characteristics: origination year, census tract location, loan amount, whether 

the loan is for purchase or refinancing, whether the mortgage is conventional or through 

the Federal Housing Administration (FHA) or Veterans Administration (VA), and if/to 

which quasi-government entity the loan is sold. We focus on mortgages originated from 

2010-2016, because several matching variables are not available in the credit bureau data 

prior to 2010. We drop observations that are not uniquely identified. Because the HMDA 

data contain more than 95% of all originated mortgages, requiring the HMDA mortgage to 

be unique ensures that any matching mortgage in the credit bureau data identifies the same 

borrower with near-certainty. Fortunately, 89% of all originated mortgages in the HMDA 

data are uniquely identified based on the six matching variables. 

 After identifying unique loans in the HMDA data, we make several additional 

requirements to improve the quality of the match. We focus on home purchase and 

refinancing loans (home improvement loans are excluded because they are less well 

defined in both datasets). We require mortgages to be on owner-occupied homes, so that 

the property location will match the borrower s location in the credit bureau data. We also 

require the mortgage to be a first lien, and the property must be located within an MSA 

(where the HMDA data are most comprehensive). Finally, we require the mortgage to have 

only one applicant/borrower, so that the demographic data apply directly to the matched 

person in the credit bureau data. 

 We apply a similar set of filters to the mortgages from the credit bureau data. We 

require the mortgage to be the borrower s only first lien mortgage at the time. This filter 
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ensures that the borrower s location in the credit bureau data will match the property 

location in the HMDA data. We also require that the person live in an MSA directly 

following the loan origination, and that they were the only applicant on the loan. After 

combining the filters imposed on the HMDA and credit bureau data, the target population 

for the matched sample is borrowers taking out a home purchase or refinance loan on their 

own (no co-applicant), for their primary residence, which is located within an MSA, from 

2010-2016.11   

There are two potential sources of error in our matching. First, a data error in one 

of the matching variables could create a mismatch, but we expect such errors to be rare 

because institutions systematically report these data to both the HMDA database and the 

credit bureaus.  A second type of error could occur if a HMDA-reporting lender, and a non-

reporting lender, originate identical mortgages that are otherwise unique. The reporting 

tched to the credit bureau record of either of the two borrowers. 

This type of mismatch should be rare because HMDA covers nearly the universe of 

mortgages. Moreover, which credit bureau record the HMDA loan matches is random, 

because it will depend on which record is in the 1% random sample of credit bureau data. 

Therefore, this type of mismatch should not create any bias in our estimates outside of pure 

noise. 

 Table 1 presents summary statistics on the match. Panel A presents the match rate, 

which shows that we find a matching HMDA mortgage for 69% of the mortgages in the 

 
11 We have also run our tests including borrowers matched based on joint mortgages, and the results are 
similar. We focus on single applicants because we know the HMDA information applies directly to the 
borrower (as opposed to a co-applicant).  
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credit bureau data. Because HMDA includes 95% of mortgages and 89% are unique, the 

best we can do is roughly 84.5%. In other words, our algorithm found matches in roughly 

81.7% (0.69/0.845) of the cases it could have. We view this as a reasonably good matched 

sample. We require exact matching (rather than nearest matches or propensity scores) in 

order to keep our matched dataset as accurate as possible. 

  The summary statistics in Panels B and C of Table 1 examine whether our matched 

sample is representative of the original population. Panel B shows that the sample of 

successfully matched home purchase mortgages is broadly representative of the starting 

population of credit bureau mortgages. One exception is that the matched sample has fewer 

borrowers with a prior mortgage.  The statistics in Panel C show that the matched sample 

of refinance loans accurately represents the starting sample from the credit bureau data.  

[Insert Table 1] 

Next, we test whether race influences the match. None of the matching 

characteristics directly involve race. However, because we study the role of race in 

financial outcomes, it is important to test whether minorities are underrepresented in the 

data, and especially if a certain type of minority borrower (e.g., high/low income) is 

underrepresented. The regressions in Table 2 examine the likelihood that originated 

mortgages from the HMDA database are matched to our 1% sample of credit bureau 

records. The results show that borrower race is unrelated to the probability that we are able 

to match a loan. Furthermore, the interaction terms Black X Log(Income) and Hispanic X 

Log(Income) are insignificant, indicating no evidence of selection bias either directly or 

through the combination of race and income. In these tests, we can only focus on variables 
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in HMDA like race and income. In our auto lending tests below, we can control for 

variables form both databases, which should mitigate any remaining concerns about 

selection bias. 

[Insert Table 2] 

We gather all the data for successfully matched White, Black, and Hispanic 

borrowers and refer to these data as the Credit Bureau/HMDA Matched Panel. Table 3 

Panel A summarizes this dataset, which contains approximately 79,000 people per year, by 

providing a snapshot of the matched borrowers  characteristics in 2010, and comparing it 

to a 2010 snapshot of the full credit bureau dataset. Comparing Columns 1 and 2 of Panel 

A shows that the people in the matched dataset have higher credit scores, are younger, and 

are more likely to have a mortgage than the average U.S. resident with a credit history. 

These patterns are not surprising, because people have to either get a new mortgage, or 

refinance one between 2010 and 2016 to be in the matched panel. Columns 3-5 show that 

the White borrowers in the matched panel have higher credit scores and incomes than 

minority borrowers. 

[Insert Table 3] 

4. Empirical Results 

4.1 Applicant Race and Access to Auto Credit 

In this section, we test whether race affects access to auto credit. We start by 

selecting all person-years in the Credit Bureau/HMDA Matched Panel in which someone 

applies for an auto loan inquiry that appears on their credit file 

when a lender checks their credit score. We then 
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the indicator variable Credit Approval (Auto), which equals one when the person 

successfully opens a new auto loan during the year. Several recent papers that use credit 

bureau data construct and validate similar measures of credit access (e.g., Bhutta and Keys 

(2016), Akey et al. (2018), Akey, Heimer, and Lewellen (2018), Brown, Cookson, and 

Heimer (2019), and Mayer (2021)). We note that only those who apply for an auto loan 

will be in our sample. If minorities anticipate lending discrimination, they may be less 

willing to apply for a loan. If such selection impacts marginally qualified candidates more 

than better credit quality candidates, then our results may be understated. 

The main limitation of this measure of credit access is that we do not observe 

individual applications being approved/rejected. Instead, we observe 

credit shopping attempt was successful. This issue is unavoidable given that auto lenders 

, and do not report applications to a regulatory 

authority (ours is the first study to work around this issue by using credit bureau data and 

information on race). Potential concerns with this measure could arise if, rather than being 

denied credit, minorities have more failed credit shopping attempts because they have 

weaker demand for loans (leading them to turn down more offers), or they exert less effort 

shopping. Fortunately, 

applications across all lenders, so we can observe the total number of auto loan applications 

for a given person-year. If minorities in fact had weaker demand for auto loans, or exerted 

less effort shopping, we would expect their failed credit searches to include fewer 

applications. We find the opposite; Table A.1 

include slightly more applications than White borro   
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Importantly, our measure of credit access is conservative in that if one lender 

discriminates against a minority applicant, but another lender steps in and makes the loan, 

we count the episode as a successful credit shopping attempt. This approach puts our 

empirical tests in a position to test for market discrimination (e.g., Heckman (1998)), rather 

than discrimination at individual lenders. This is an important distinction, and one that 

many prior lending discrimination studies ignore (e.g., studies using HMDA applications 

which are not linked at the person level). Moreover, the approach allows us to estimate the 

total number of minorities who fail to secure loans each year due to discrimination.  

Panel B of Table 3 summarizes the characteristics of the auto loan applicants from 

2005-2017. Although borrowers are matched to HMDA based on mortgages originated 

from 2010-2016, we can observe their auto loan applications in prior years as well. The 

sample starts in 2005 because we need one prior year to construct lagged controls. Column 

1 describes all auto loan applicants in the credit bureau data. Column 2 describes applicants 

in the matched panel. The applicants in the matched panel have higher credit approval rates 

and credit scores than the average applicant. Columns 3-5 show that White applicants have 

higher credit approval rates, credit scores, and incomes than minority applicants. 

We test whether race affects access to auto credit by regressing Credit Approval 

(Auto) on Minority, an indicator for the person being Black or Hispanic. We control for 

individual and ZIP code characteristics, as well as state-by-year fixed effects, and 

indicators for the timing relative to the  credit bureau/HMDA match. Table 4 

presents these regression results. We find that minority applicants are 1.5 percentage points 

less likely to obtain credit than White applicants (Column 2). This unexplained difference 
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in approval rates is roughly the same size as we would see from a 26 point (32% of a 

standard deviation) reduction in applicant credit score, and a back-of-the-envelope 

calibration suggests that each year it results in more than 80,000 minority applicants failing 

to secure loans they would have received if they were White (see Appendix B for the details 

of the calculation). 

Although these estimates are economically large, the difference between Columns 

1 and 2 shows the importance of including accurate measures of credit quality. Point 

estimates on the Minority coefficient are three times larger (4.5 percentage points) without 

these controls. This finding is pertinent for the broader literature on lending discrimination 

because studies often lack detailed measures of borrower credit quality. For example, the 

HMDA data do not include credit scores, and attempts to supplement these data have led 

to small samples, and controversial results (e.g., Munnell et al. (1996) and Day and 

Liebowitz (1998)). 

The results in Column 2 also show slightly higher approval rates for women, but 

we caution against interpreting these findings as evidence that women receive preferential 

treatment in auto lending. We suspect this result is due to a sample selection bias, in which 

women who take out mortgages without a co-applicant (and therefore make it into our 

sample) are particularly creditworthy. Consistent with this explanation, we find that credit 

card lenders also extend slightly more credit to the women in our sample. Furthermore, 

after controlling for the interest rates that auto lenders set to price credit risk, we find 

similar default rates for men and women suggesting no differences in loan profitability. 
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Columns 3-5 of Table 4 show that the reduction in credit approval is insignificantly 

different for Black versus Hispanic applicants, and that minorities face a larger reduction 

in approval rates when they are subprime borrowers. This second result is noteworthy 

because approval for subprime borrowers typically involves more loan officer discretion, 

lowering the marginal cost of discriminatory decision making. In subsample tests reported 

in Table A.2, we find large reductions in credit approval for minorities in samples of 

college-educated, high income, and middle-aged applicants. The fact that we find these 

results even in subsamples of more sophisticated and experienced borrowers suggests that 

our results are not driven by racial differences in financial sophistication. 

[Insert Table 4] 

We conduct two more robustness checks. First, we run tests to mitigate any 

potential concerns that our credit approval results may be affected by the shortfall in 

funding experienced by non-bank lenders during the 2008 financial crisis. We repeat the 

tests from Table 4 on a post-crisis sample (2011-2017) and find similar results (see Table 

A.3). We also check that our results are robust to using alternate approaches to control for 

geographic effects. Table A.4 repeats the tests from Table 4 using ZIP code fixed effects 

and finds similar results.12      

In our next set of tests, we use the cross-sectional variation in our data to identify 

where lending discrimination is most prevalent. First, we test whether discrimination is 

stronger in high racial bias states (similar to studies of labor markets like Charles and 

 
12 There are over 30,000 ZIP codes in the U.S., and tests employing ZIP code fixed effects only exploit 
variation within ZIP codes with multiple observations. 
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Guryan (2008) and work by Dougal et al. (2019) on higher education bond markets). To 

quantify racial biases, we replicate the approach of Stephens-Davidowitz (2014) and use 

Google Search Volume for racial slurs. We tabulate our calculation of this state-level 

measure of racial animus (Racial Slur GSV), updated to reflect our 2005-2017 sample 

period, in Table A.5.13 In Column 2 of Table 5, we find that the effect of minority status 

on credit approval is over three times larger (2.8 percentage points) in states in the top 

tercile of racial animus, compared to the remaining states (0.9 percentage points). We find 

similar cross-sectional patterns using a continuous version of Racial Slur GSV, or using the 

racial bias index from Levine, Levkov, and Rubinstein (2014) based on interracial marriage 

rates (see Table A.6). 

[Insert Table 5] 

We also estimate the reduction in approval rates minorities face in each state. The 

state level estimates come from a regression similar to those in Table 4 and Table 5, except 

that the Minority indicator is interacted with indicators for each state. In order to consider 

the Statei X Minority coefficient a valid estimate of lending discrimination in the state, we 

require that our sample contains at least 25 minority applications in the state (excludes 6 

states with small minority populations). Figure 1 graphically presents the relation between 

Racial Slur GSV and our state-specific estimates of the reduction in loan approval rates for 

minorities (also tabulated in Table A.5). The size of the circle plotted for each state is 

proportional to the number of minority applications in the state, and each state is weighted 

 
13 See Stephens-Davidowitz (2014) for the search criteria used to construct this measure of racial animus. 
Google computes search volumes based on a fraction of all Google searches. We collect 50 draws of the data 
and assign each state its average search volume (we find very little variation across draws). 
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by the number of minority applications when computing the best fit line in the plot and the 

correlation between the Statei X Minority coefficient and the Racial Slur GSV, which 

is -0.49 (p-value = 0.001). The map in Figure 2 categorizes states based on whether we find 

a statistically significant reduction in approval rates for minorities, and shows that the 

strongest evidence of discrimination is in the Deep South, the Ohio River Valley, and parts 

of the Southwest.  

[Insert Figure 1 and Figure 2] 

In our second cross-sectional analysis, we test whether the effect of race is stronger 

for applicants living in counties with low levels of banking competition (top tercile of local 

bank deposits HHI). We find that minorities face a larger reduction in approval rates in low 

competition environments (Table 5, Column 3). This result is consistent with the gap in 

approval rates stemming from costly racial biases in preferences/beliefs, which 

competition should root out (e.g., Becker (1957), Berkovec et al. (1998), and Buchak and 

Jørring (2017)), as opposed to profitable statistical discrimination. 

Our third cross-sectional test is based on the prevalence of non-bank auto lending 

in the county where the applicant lives. We use data from Benmelech, Meisenzahl, and 

Ramcharan (2017) who sort counties into quartiles based on the share of non-bank auto 

lending in 2008 using proprietary data. Nearly 45% of the applicants in our sample live in 

counties in the top quartile of non-bank auto lending share, because these counties tend to 

be urban. In Column 4 of Table 5, we find that the effect of race on credit approval is 

insignificantly different for applicants in counties in the top quartile of non-bank auto 

lending share, compared to the remaining counties. This finding suggests that the racial 
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disparities in credit approval that we document are not driven by a particular type of lending 

institution. 

In our last cross-sectional test, we consider whether differences in population 

density contribute to the cross-sectional relationships we document. For example, rural 

areas may be associated with racial bias and/or low banking competition. However, in 

Column 5 of Table 5, we find no evidence that the effect of race differs in the less densely 

populated parts of our sample (bottom tercile based on ZIP code population density). 

At this point, we use credit card lending data from the credit bureau to conduct a 

falsification test. Credit card lenders generally use quantitative algorithms to decide 

whether to extend credit and how much. This automation reduces the opportunity for 

discrimination based on biased preferences or beliefs. We examine credit card 

willingness to lend to the auto loan applicants in our sample, during the same borrower-

years. If the lower minority approval rates on auto loans are justified by information 

available to lenders, but not to us as econometricians, then credit card lenders should also 

be less willing to lend to these minority applicants.14 On the other hand, if there is no racial 

difference in credit card lending, it would suggest that the disparities in auto lending stem 

from the human component of the lending process. 

Table 6 presents our falsification tests. We select the subset of auto loan applicants 

who applied for credit cards or credit card limit increases that same year.15 We regress the 

 
14 If credit card lenders engage in redlining we might expect lower credit card approval rates for minorities, 
making our falsification test more conservative.  See also Cohen-Cole (2011) and Brevoort (2011). 
15 We focus on credit card lending for our falsification tests for three reasons. First, borrowers frequently 
request this type of credit, generating overlap with our auto loan application sample. Second, we know that 
these requests are handled remotely by quantitative algorithms. Finally, our credit bureau data include a 
 



 

25 
 

dollar incre average increase is 

$3,090) on race, interaction terms, and controls, similar to the tests in Table 5. The results 

in Column 1 show that credit card lenders extend just as much new credit to minorities as 

to Whites. Columns 2 and 3 show that the cross-sectional patterns that we observe in auto 

lending that suggest discrimination are absent from credit card lending. Although these two 

credit products are different, these credit card results are inconsistent with the idea that the 

racial disparities in auto lending and their cross-sectional patterns are driven by racial 

 Put differently, any hypothetical 

omitted variable that might spuriously create the appearance of discrimination in our auto 

lending tests must not concern credit card lenders, and yet must generate the cross-sectional 

patterns we observe.  

 In sum, we find that minority applicants have significantly lower approval rates 

when they search for auto loans, even conditional on a rich set of covariates. This result 

holds in numerous subsamples, and is stronger in areas that exhibit more racial animus, 

and where the banking market is less competitive. These cross-sectional patterns support 

Moreover, when minorities

lending algorithms, these patterns disappear. This set of findings offers strong evidence of 

discrimination in auto lending.  

4.2 Borrower Race and Auto Loan Interest Rates 

 
distinct category for credit card inquiries (as they do for mortgages and auto loans). In contrast, inquiries for 
other types of credit, such as personal installment loans, are aggregated up into broader categories which 
likely mix in-person and remote lending, and still remain sparse compared to credit card inquiries. 
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In this section we test whether auto lenders charge minorities higher interest rates 

than comparable White borrowers. We construct an auto loan level dataset from the Credit 

Bureau/HMDA Matched Panel. This dataset contains an observation for each new auto 

loan to borrowers in the matched panel. We require the loan to be the borrower s only auto 

loan at origination. We also require information on the borrower s scheduled monthly auto 

payment and assume a fixed rate loan in order to compute the interest rate. This information 

is not available from the credit bureau until 2011, and it is missing for 29% of the loans 

from 2011 going forward. In un-tabulated results, we find no evidence that the loans with 

missing data are different in terms of loan or borrower characteristics. Our final sample has 

25,697 auto loans originated between 2011 and 2017, with 4,874 of these made to minority 

borrowers. 

Table 7 presents summary statistics describing our sample of auto loans. Columns 

1-5 show the variable means and standard deviations (in brackets) for all borrowers, White 

borrowers, minority borrowers, subprime borrowers, and prime borrowers, respectively. 

White borrowers have higher credit scores and incomes, and pay lower interest rates than 

minority borrowers on average. 

[Insert Table 7 Here] 

We test whether minority auto borrowers pay higher interest rates by regressing 

each auto loan s annual rate on Minority, controlling for personal, loan, and ZIP code 

characteristics, as well as state-by-year fixed effects, and indicators for the timing relative 

. 

The results in Column 2 of Table 8 show that minority borrowers pay interest rates 70 basis 
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points higher than can be explained by observable characteristics. This magnitude is 

comparable to what we would expect from a 37 point decrease in borrower credit score, 

and is larger than studies have typically found in other consumer credit markets e.g., 

Bartlett et al. (2019) find that minorities pay rates 8 basis points higher in the mortgage 

market.  

Several other studies also examine racial disparities in auto loan pricing. Cohen 

(2012) reports statistics demonstrating that a higher percentage of Black borrower

included dealer markups (and their markups were larger) at several indirect auto lenders 

targeted in class action lawsuits in the late 1990s and early 2000s.16 Lanning (2021) finds 

similar evidence of discriminatory markups using data collected from several indirect 

lenders during CFPB investigations.17 Closer to our work on interest rates in the broader 

market, Charles, Hurst, and Stephens (2008) use data on auto loans to 2,725 White 

borrowers and 320 Black borrowers from the 1992-2001 waves of the Survey of Consumer 

Finances (SCF). The authors estimate quantile regressions, and find that race matters 

primarily at the 75th percentile of the interest rate distribution, where Black borrowers pay 

134 basis point higher rates. The authors control for several self-reported measures of a 

ory, but the SCF data do not contain credit scores. In our data, we 

estimate the additional interest paid by Black borrowers at the 75th percentile of rates to 

be 100 basis points using our full set of controls, and 139 basis points if we exclude only 

Credit Score (see Table A.7). These findings suggest that even analyses that control for a 

 
16 These confidential data were accessed as a  expert and cannot be used for research purposes. 
17 These data do not contain direct information on borrower race/ethnicity, but the CFPB uses names and 
geographic locations to assign race through Bayesian Improved Surname Geocoding. 
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set of credit history variables, but not credit scores, likely significantly overstate the effect 

of race.18 Omitting credit history variables altogether (even controlling for age, sex, 

income, loan characteristics, etc.) leads to estimates that overstate the effect of race by a 

factor of 2 or more compare Columns 1 and 2 of Table 8 or see Table A.7. 

Next, we take advantage of the rich cross-sectional variation in our data, and test 

where race has the largest impact on interest rates. The results in Column 3 of Table 8 show 

that the effect of race is much larger in high racial bias states (top tercile of Racial Slur 

GSV). In these states, minorities pay interest rates 125 basis points (26% of a standard 

deviation) higher than can be explained by observable characteristics. Perhaps this pattern 

could partially reflect statistical discrimination, if local racial biases are correlated with 

unobservable racial differences in creditworthiness. However, we can test this alternative 

explanation fairly directly by examining ex post default rates, and we find no evidence 

supporting this alternative. Specifically, we find that while local racial biases predict higher 

interest rates for minorities, they do not predict higher default rates, suggesting bias rather 

than statistical discrimination (see Table A.8).  

In additional cross-sectional tests, race also appears to have a larger effect on 

interest rates in areas with low banking competition, although this point estimate is 

statistically insignificant (Table 8, Column 4). The results in Column 5 show no significant 

difference in the effect of race on interest rates based on the share of non-bank lending 

 
18 Direct comparisons of our results to those in Charles, Hurst, and Stephens (2008) should be made with 
caution in light of the different time periods and imperfect overlap in controls although we do find similar 
estimates to theirs when we omit Credit Score from the controls. The change in our own estimates when we 
include/exclude Credit Score provides more robust (albeit similar) evidence of its importance. We note that 
numerous other lending discrimination studies argue that the various (often self-reported) credit history 
indicators they use should proxy well for the credit scores that lenders actually use.  
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where the borrower lives, however, the analysis in Section 4.4 will shed light on the 

 this matter. The test in Column 6 suggests that population density does not 

play a role in the cross-sectional patterns we find.  

 [Insert Table 8] 

At this point, we consider whether the type of car being purchased (e.g., new versus 

used), and hence the representative institutions involved in the sale and financing of that 

type of car, affect the levels of discrimination we find. This analysis is motivated by the 

fact that automobile dealerships range from large new car dealerships affiliated with 

manufacturers, to small independent used car dealers. Moreover, in indirect auto lending, 

employees at car dealerships often help set the interest rate via dealer markup. Admittedly, 

we cannot directly observe the type of car being purchased, or the institutions involved. 

However, we do observe the loan size, which (especially in the extremes) is likely a good 

indicator for whether the car is new versus used. We find the most discrimination for the 

smallest auto loans (likely used cars). This pattern holds for both prime and subprime 

borrowers. However, even minorities with prime credit scores buying expensive cars that 

are almost certainly new, pay rates 18 basis points higher than comparable White borrowers 

(see Table A.9 for these results).  

Additional subsample tests in Table A.10 show that racial differences in financial 

sophistication are not driving our results the effect of minority status on interest rates is 

just as large in the college-educated subsample as the full sample, and also remains large 

in high income and middle-aged subsamples. In sum, the results in this section show that 
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minorities face discrimination not only at the extensive margin of credit provision (loan 

approval), but also at an intensive margin (loan pricing). 

4.3 Race and Auto Loan Default Rates 

4.3.1 Conceptual Framework for Default Tests: Infra-marginality 

 Becker (1957, 1993) argues  In the 

lending context, this means testing whether loans to marginal minority borrowers are more 

profitable than those to marginal White borrowers. This test evaluates whether lenders or 

loan officers set the bar higher when screening minority applicants, due to racial biases

neither omitted variables nor statistical discrimination generate racial differences in 

marginal loan profitability. 

Empirical implementations of the outcome test face at least two challenges. First, 

researchers do not observe loan profitability directly, but rather, evaluate default rates 

conditional on loan/borrower characteristics, with fewer defaults for minorities signaling 

higher profitability (discrimination). Focusing on defaults biases analyses against finding 

discrimination, because it understates the relative profitability of minority loans by 

ignoring prepayment risk, which is higher for White borrowers (e.g., Deng and Gabriel 

(2006)). The second challenge is that researchers do not observe the literal marginal 

borrower, but rather, examine average default rates conditional on covariates. This is the 

infra-marginality problem  (Ayres (2002)).  

The infra-marginality problem affects virtually all prior studies of lending 

discrimination that use default tests (and most research using outcome tests to study 
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discrimination in other contexts).19 Our default tests condition on a rich set of covariates 

and focus on the subsample of borrowers nearest the extensive margin of credit provision, 

allowing us to compare racial differences in average default rates near the margin, but not 

explicitly at the margin. Therefore, we need to consider how the infra-marginality problem 

is likely to affect our results. 

 Prior studies point out that the infra-marginality problem biases default tests 

against finding discrimination (e.g., Galster (1993), Brueckner (1996), Ross (1996a), Ross 

(1996b), Yinger (1996), and Ross and Yinger (1999)). Systemic racial differences in 

economic outcomes can remain even within the pool of borrowers who make it past an 

unbiased screening process. The pool of approved minorities may still be less creditworthy 

than the pool of approved whites. Therefore, even if lenders discriminate by setting a higher 

threshold for minorities, we still may not find lower average default rates for minorities 

because the entire distribution of creditworthiness is lower.20  

 Focusing on subsamples near the margin and conditioning on covariates may 

improve the ability of default tests to detect discrimination. Yet, if minorities are less 

creditworthy on an unobservable dimension, which could bias credit approval and interest 

rate tests towards finding discrimination, then we should expect default tests to remain 

biased towards finding minorities default more, and thus against finding discrimination. 

Ferguson and Peters (1995) formalize this point by showing that concurrent findings of 

 
19 A notable exception is Dobbie et al. (2019), who study discrimination at a high-cost lender in the U.K. The 
authors use quasi-random variation in the assignment of loan officers to applicants, combined with loan 

 overall strictness, to instrument for loan origination and estimate outcomes at the margin.  
20 For illustrations of this point, see e.g., Ferguson and Peters (1995) and Ross and Yinger (1999). We also 
show that the entire minority creditworthiness distribution is shifted to the left in our sample (see Figure A.1).    
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lower average approval rates and equal or lower average default rates for minorities 

constitute evidence of discrimination.21  

We expect our loan default tests to be conservative in that any finding of lower 

default rates for minorities should be interpreted as strong evidence of discrimination. 

Evidence of racial differences in default rates in other markets is mixed. At a high-cost 

lender in the United Kingdom, Dobbie et al. (2019) find weak evidence of discrimination 

in default tests, but strong evidence using loan profitability tests. Default rate tests do not 

provide evidence of discrimination in the mortgage market (e.g., Berkovec et al. (1994, 

1998)), even though there is strong evidence of discrimination based on mortgage 

approvals, interest rates, and audit studies (e.g., Munnell et al. (1996), Bayer, Ferreira, and 

Ross (2018), Ross et al. (2008), and Hanson et al. (2016)). Hence, finding strong results 

across all dimensions, including ex post default rates, would seem to provide some of the 

most compelling evidence in the literature.  

4.3.2 Default Test Results 

In this section, we implement a version of the outcome test for discrimination 

(Becker (1957, 1993)), by testing for racial differences in loan performance conditional on 

loan and borrower characteristics. For these default tests, we need to make two additional 

requirements to include auto loans in the sample. First, we end the sample with loans 

originated in 2015, so that we can track the performance of loans for at least two years. 

Specifi  December 31 in the year of origination and 

 
21 Shaffer (1996) extends Ferguson and Peters (1995) to show that an exception can occur if there are 
significant racial differences in recovery rates conditional upon default. We consider the possibility of 
differences in recovery rates in Section 5 below.           
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the following two calendar years.22 We mark the loan as a default if the borrower is 90 or 

more days delinquent at any of these three points, or if the automobile has been repossessed 

during this time. Second, we require auto loans to be originated after their 

match to HMDA, i.e., after their mortgage or refinance loan, so that our sample of auto 

loans is not affected by any forward-looking bias. Without this filter, a forward-looking 

bias could arise b

application, and thus their chances of making it into our matched sample. Requiring auto 

loans to be originated after the match to HMDA eliminates this concern.  

In the tests presented in Table 9, we regress our indicator for default on Minority, 

and controls for personal, loan, and ZIP code characteristics, as well as state-by-year fixed 

effects, and indicators for the number of years since 

match and for the calendar month of origination. The results in Column 1 show that in the 

full sample, minority status has a negative effect on the probability of default, but the point 

estimate is statistically insignificant. However, a default rate test on the full sample 

includes many borrowers who are far from the extensive margin of credit provision, 

weakening the  run the test 

on the sample of subprime borrowers, who are close to the margin, and are a more 

appropriate sample for the outcome test.  

In the subprime sample (Column 2), minority status has a negative and statistically 

significant effect (2.3 percentage points) on the probability of default. This magnitude is 

 
22 The credit bureau data only allow us to see detailed information on delinquency status as of December 31 
each year in our sample. However, we include indicators for calendar month of origination, in order to control 
for any differences in default rates based on where these December 31 points fall in the life of the loan. 
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comparable to the effect of a 39 . Column 3 

shows that the effect of minority status is insignificant in the sample of prime borrowers. 

These default rate tests show that loans to minorities near the margin are more profitable 

than loans to White borrowers near the margin, providing strong evidence that minorities 

face discrimination in the auto loan market. 

[Insert Table 9] 

4.4 CFPB Oversight and Auto Lending Discrimination 

In this section we test whether more intense regulatory oversight reduces 

discrimination in the auto loan market. In March 2013 the CFPB conspicuously identified 

in a Bulletin that it intended to hold indirect auto lenders accountable for discrimination. 

The CFPB solidified its stance in December 2013, when it issued its first major 

enforcement action against a large indirect auto lender for discriminatory lending practices, 

ordering Ally Financial to pay $98 million in damages and penalties. 

In our first set of tests, we use a differences-in-differences approach to assess 

whether the increase in regulatory scrutiny caused a reduction in discrimination. 

Specifically, we test whether racial disparities in interest rates and credit approval changed 

after 2013. We use the same samples as our prior tests, and treat 2011-2013 as the pre-

intervention period, and 2014-2017 as the post-intervention period.  

The differences-in-differences tests for interest rates and credit approval are shown 

in Columns 1 and 4 of Table 10, respectively. The results in Column 1 show that the 

additional interest paid by minorities decreased from 84 basis points in the pre period to 35 

basis points in the post period a 58% decrease. This large decline is statistically 
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significant at the 1% level. The results in Column 4 show that the reduction in credit 

approval that minorities faced declined from 1.8 percentage points to 1.2 percentage points, 

although this change was statistically insignificant. It may not be surprising that the 

pressure from the CFPB had less of an impact on approval rates, given that the Bulletin 

and the Consent Order against Ally Financial focus primarily on interest rates. Yet, 

importantly, these credit approval results show that pressure to avoid charging minorities 

disproportionately high dealer markups/rates did not reduce  access to credit, as 

it would have if the higher rates were necessary to make the loans economically viable.23 

Overall, these tests suggest that the additional interest minorities are charged is largely 

discretionary, and that the CFPB  mitigate discrimination.  

[Insert Table 10] 

Next, we exploit the fact that the CFPB scrutiny fell on indirect auto lenders, e.g., 

non-  We use a triple differences approach 

to test whether the change in discrimination was larger where non-bank auto lending is 

most prevalent. Column 2 of Table 10 presents our results. Interest rate discrimination 

dropped significantly more in counties with the most non-bank lending, where lenders 

faced more scrutiny. In fact, the reduction in discrimination in these areas appears to be 

driving the overall effect in our differences-in-differences test, as the reduction in the 

remaining areas is statistically insignificant.  The actions taken by the CFPB appear to have 

reduced discrimination, as opposed to a downward trend in discrimination over time. 

 
23 We note that it is unlikely that lenders would originate value-destroying loans to minorities in order to 
avoid CFPB scrutiny, because the CFPB cannot monitor  approval decisions based on race, due to 
data constraints. 
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In Column 5 of Table 10, we conduct a similar triple differences test using credit 

approval as the outcome variable. The results show no significant difference between the 

trends in discrimination in high versus low non-bank financing areas. This result is not 

surprising considering 

and 6 of Table 10, we test whether discrimination is decreasing at a different rate in high 

versus low racial bias states, and find no such evidence. 

Figure 3 shows estimates of the additional interest paid by minorities on auto loans 

each year from 2011-2017. The point estimates come from a regression of interest rates on 

the full set of controls, where the Minority indicator is interacted with indicators for each 

year. Panel A shows these estimates for the full sample, and the results show that there is 

no major time trend in the additional interest paid by minorities in the period preceding the 

tions. However, there is a large drop in the additional interest paid by minorities 

from 2013 to 2014  Panels B and C show the 

estimates for minorities living in areas with a high versus low share of non-bank auto 

lending, respectively. The results show a large drop in the additional interest paid by 

minorities in the high non-bank lending areas that were most 

actions, and almost no drop in the less-affected areas. These results provide strong evidence 

duction in discrimination by non-bank auto lenders.  

[Insert Figure 3]   

In addition to supporting our previous findings of discrimination, the results in this 

section are important from a policy perspective. Our paper is the first to analyze the impact 

 Our results 
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show that the increase in regulatory scrutiny reduced interest rate discrimination without 

restricting         

5. Discussion 

In this section, we provide a framework for evaluating whether a given economic 

force could explain our findings. We begin by outlining the established empirical results. 

Then, we demonstrate our framework by considering whether three salient alternatives

racial differences in financial sophistication, creditworthiness, or recovery rates 

conditional upon default could explain the patterns we find in the data. 

5.1 Empirical Findings 

Here, we state five key empirical findings of our study. First, we find that minorities 

face lower approval rates and higher interest rates on auto loans, even after controlling for 

credit score, income, loan characteristics, and a broad set of additional covariates (Tables 

4 and 8). Additional tests confirm that these results hold in college-educated, high-income, 

and middle-age subsamples with substantial financial sophistication, as well as for loans 

of various sizes (Tables A.2, A.9, A.10). We also establish that minorities who tried and 

failed to obtain credit shopped just as hard as their White counterparts (Table A.1).   

Second, we find that the racial disparities in approvals and interest rates correlate 

positively with local racial biases and negatively with lending competition (Tables 5 and 

8). Tests also show that the additional interest minorities pay in high versus low racial bias 

areas is not grounded in differing minority default risk across these areas, further isolating 

bias as the mechanism generating rate disparities (Table A.8). 
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Third, we find that credit card lenders evaluating these same borrowers with 

algorithms (during the same years that they applied for auto credit) do not deem minorities 

to be less creditworthy, and the cross-sectional patterns with respect to local racial biases 

and lending competition are absent (Table 6). 

Fourth, we find that, ceteris paribus, minorities are less likely to default on auto 

loans, consistent with minority loans being more profitable. This result is strongest among 

subprime borrowers near the extensive margin of credit provision, consistent with racial 

differences in marginal loan profitability, a hallmark of discrimination (Table 9). 

Fifth, we find that an increase in CFPB scrutiny of interest rates led to a 60% 

reduction in the additional interest that minorities were charged, but did not affect their 

access to credit, suggesting that the additional interest minorities are charged is 

discretionary, rather than a result of competitive loan pricing necessary to make the loans 

viable (Table 10). 

5.2 Framework for Interpretation 

First, we note that racial discrimination based on biased beliefs, stereotypes, or 

prejudices held by loan officers and dealership finance officers would explain all five of 

the findings above. No alternative hypothesis we have identified can explain these five 

findings jointly. The breadth of our tests is an important strength relative to other lending 

discrimination studies, and it underscores the likelihood that discrimination is an important 

factor in these results. Yet, we need to consider alternative explanations. We propose that 

alternatives should (a) explain a significant portion of the five key findings, and (b) not be 
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strongly contradicted by any of these findings. We apply this framework to three salient 

alternative explanations below. 

5.3 Evaluating Alternative Explanations 

5.3.1 Racial Differences in Financial Sophistication 

Perhaps minority borrowers are on average less financially sophisticated than their 

White counterparts, and thus exert less effort shopping for credit.  Profit maximizing 

lenders, in turn, might attempt to extract rents from all naïve borrowers (minority and 

White), resulting in minorities paying higher interest rates and having more failed credit 

shopping attempts.  

Important aspects of our first three findings are inconsistent with this explanation. 

First, our study is based on a sample of homeowners, and we control for age, income, and 

credit quality, all of which should reduce any differences in financial sophistication. 

Second, even in subsamples of the most sophisticated borrowers people with college 

educations, high incomes, or experience (middle-aged borrowers) we find that minorities 

face reductions in credit access and pay higher interest rates than comparable White 

borrowers. Third, to explain our results, unobserved racial differences in financial 

sophistication would have to not only vary systematically with both local racial bias and 

banking competition, but also 

but not credit cards. Finally, when we examine failed auto credit shopping attempts, we 

find that minorities have more applications on average, inconsistent with minorities 

shopping less. Therefore, we conclude that racial differences in financial sophistication are 

not a viable explanation for our findings. 
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5.3.2 Racial Differences in Creditworthiness 

Perhaps minority status is correlated with factors that lower creditworthiness, but 

are difficult for econometricians to observe, such as low job security. If lenders somehow 

observe these variables directly 

we may attribute to racial bias what is in fact omitted variable bias or statistical 

discrimination.  

Important aspects of our findings run contrary to this explanation. First, the racial 

differences in creditworthiness would have to exist despite our extensive controls from 

borrowers  credit histories and within high education and high income subsamples, and 

would also have to vary systematically with both local racial biases and local banking 

competition. This high bar for an omitted variable is raised further by the fact that the 

omitted creditworthiness variable must be pertinent for (secured) auto lending but not for 

(unsecured) credit card lending. Second, although local racial bias predicts higher interest 

rates for minorities, it does not predict higher minority default risk (which we would expect 

it to if rate disparities resulted from omitted variable bias or statistical discrimination). 

Third, the documented effects of increased CFPB oversight suggest that the additional 

interest minorities are charged is discretionary, rather than grounded in difficult-to-observe 

fundamentals. Finally, and most importantly, minorities default less in our tests, contrary 

to the notion that unobserved factors make minorities worse credit risks. 

5.3.3 Racial Differences in Recovery Rates Conditional upon Default 

conditional on default are lower for minority 

borrowers than for White borrowers. Recovery rates could be lower if minorities have 
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higher loan-to-value ratios, purchase cars that depreciate faster, or use their car more 

heavily (lowering resale value). A higher cost of minority defaults might justify fewer 

approvals and higher interest rates ex ante. 

Three aspects of our findings cast doubt on this explanation. First, our tests control 

for borrower income, credit quality, loan amount, and state of residence, which should 

capture much of the variation in recovery rates. Second, it seems unlikely that racial 

differences in recovery rates could explain the cross-sectional geographic variation in our 

results. Third, if the additional interest paid by minorities were necessary to compensate 

dditional 

interest should have led to lower approval rates for minorities (they did not). 

Any remaining concerns about racial differences in recovery rates are difficult to 

rule out directly because loan-level recovery rate data are not available. However, we can 

calibrate the potential magnitude of these concerns. Average recovery rates in the case of 

default are roughly 50% for auto loans (around 58% for prime borrowers and 42% for 

subprime borrowers).24 In back-of-the-envelope calculations, we find that even if we make 

the extreme assumption that the difference in average recovery rates for White and minority 

borrowers conditional on our controls is as large as the raw difference between prime 

and subprime borrowers (58% versus 42%), lenders could recoup these losses by charging 

minorities an additional 12 basis points in interest (compared to the additional 70 basis 

points they actually charge minorities). In fact, even if all 

 
24 Several industry sources report similar statistics, see e.g., U.S. Auto Loan ABS Tracker: July 2019 from 
S&P Global. 
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58% recovery rate, and all had a 0% recovery rate, it could 

not explain the magnitude of our results.25  

5.4 Perspective 

Although we argue that our default tests are conservative, even the best studies of 

lending discrimination are unlikely to Therefore, studies 

must rely on the offsetting strengths and weaknesses of their various tests in order to isolate 

discrimination. The breadth of the tests in our study is a strong point, and we encourage 

those evaluating alternative explanations to check their compatibility with each of the five 

findings outlined above. 

6. Conclusion 

Automobiles are an important asset for U.S. households, and most purchases are 

financed, which makes auto loans the most widely used form of installment credit with 

, it is relatively 

unregulated and opaque. This environment, combined with anecdotal evidence of 

discrimination, has led regulators like the CFPB to express concerns about discrimination 

in auto lending. However, data limitations have prevented financial economists from 

conducting market-wide tests for discrimination. 

 
25 For these back-of-the envelope calculations, we start with a loan amortization schedule based on average 
minority loan characteristics. We then create White/minority and default/non-default cases, and solve for the 
interest rate premium lenders would need to charge minorities to equate expected profits across races, given 
various assumptions about recovery rates. The results are not overly sensitive to other assumptions we make, 
including that defaults occur at 24 months, and that White and minority borrowers each default at the minority 
average rate of 3.5%. This assumption is conservative because minorities actually default slightly less than 
White borrowers, controlling for the same borrower and loan characteristics used in our interest rate tests 
(even if we exclude the interest rate from the controls in our default tests). 
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Our study implements a novel merge between two administrative datasets to 

overcome the data limitations, and our empirical tests provide strong evidence of 

discrimination in the U.S. auto loan market. Our estimates suggest that racial 

discrimination crowds out approximately 80,000 minority loans each year, and costs the 

average minority borrower roughly $410 in present value terms due to higher interest rates. 

Minorities living in areas where racial biases are more prevalent and lending competition 

is less intense bear the greatest costs of discrimination. These cross-sectional patterns, a 

falsification test based on credit cards, and an outcome test (Becker (1957, 1993)) based 

on auto loan defaults, all point towards racial biases as the primary driver of our findings. 

Our study also provides the first analysis of the  anti-

discrimination enforcement efforts that started in 2013.  

led to a 60% decrease in the additional interest that minorities pay on auto loans, with no 

concomitant decrease in minority credit approval rates. However, CFPB oversight is an 

area of active debate, and in 2018, Congress passed a joint resolution nullifying the 2013 

Bulletin that the CFPB used to spearhead its initiative. Further exploration of the 

determinants of discrimination in this market, and of the viability of future policy 

interventions, are promising areas for future research. 
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