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ABSTRACT

This paper uses a new administrative data set of auto loans to test the predictions
of multiple models of economic discrimination. Auto loans are often subject to dis-
cretionary markup, where a dealer increases the rate paid by the borrower in order to
receive additional compensation from the lender. I first show this practice manifests
in an average disparity between Black and White customers. I then use attitudinal
measures in conjunction with administrative data containing millions of records from
multiple lenders to explicitly test the Becker model of discrimination by utilizing key
percentiles in the distribution of prejudice attitudes. I am also able to execute credi-
ble tests of simple models of statistical discrimination and search with discrimination.
Ultimately I find results that are highly consistent with the predictions of a standard
Becker model of discrimination, implying that prejudice has a large impact on racial
gap in markup. Additionally, I find that neither search nor statistical discrimination
appear to meaningfully contribute to racial disparity observed in this market.
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1. Introduction

The economics literature has been concerned with discrimination since at least 1957, but few

1

studies have empirically tested various competing models of economic discrimination.” However,

theoretical models of taste-based, statistical, and search-based discrimination each imply different

2 For example, if observed dis-

conclusions about the sources and persistence of discrimination.
parities are due to taste-based discrimination, then it is puzzling why and how they persist, and
this persistence likely implies diffuse prejudice or a lack of competition. If the disparities are due
to statistical discrimination, then the disparities themselves are potentially efficient, but raise the

question as to why there has not been investment in a technology to reduce the informational

asymmetry.

Effective antidiscrimination policy also depends on understanding the types of discrimination
affecting market outcomes; in fact, the same anti-discrimination policy could either mitigate or
exacerbate disparity, depending on that disparity’s root cause.? For example, affirmative action-
type policies may effectively combat taste-based discrimination if they impose a sufficiently high
cost on indulging prejudice. But these same policies could mute signals sent by the disfavored group,
widening the informational asymmetries at the heart of a statistical discrimination model (Coate
and Loury 1993). As such, distinguishing between these alternative theories of discrimination is an

important task for those interested in understanding and combating discrimination in markets.

'Becker (1957) is generally considered to be the seminal work on the economics of discrimination. Lang and
Lehmann (2012) provides an excellent overview of the studies that test empirical evidence of discrimination in labor
markets to assess consistency with a single model (or develop a model of discrimination that is generally consistent
with the evidence). There is a smaller literature exploring multiple potential sources of discrimination, though most
of these papers rely on data from idiosyncratric sources, like game shows (e.g. (Levitt 2004), (Antonovics et al. 2005))
or the labor markets in sports (e.g. (Lanning 2010)), to obtain the necessary data on productivity.

2See Altonji and Blank (1999), Cain (1986), Lang and Lehmann (2012) for surveys of the literature on models of

economic discrimination and their policy implications.

3See Lang and Lehmann (2012) at 8.1.
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That said, the gap that currently exists in the literature is understandable. Differentiating
between (or decomposing the relative effects of) these models requires data describing, at the very
least: i) individuals’ true productivity or skill; ii) clear and predictive signals of individuals’ pro-
ductivity or skill; iii) the distribution of prejudice across agents in the market; and iv) individuals’
search costs (which in turn depend on difficult to observe parameters, such as the share of prej-
udiced or discriminating agents in a market). To date, empirical studies of discrimination have

lacked data that simultaneously encompass all of these dimensions.

In this paper I empirically test the theoretical roots of observed racial disparities using a newly
available administrative data set of indirect auto loans. Auto loans are typically the largest loans for
non-home buyers, and most consumers will take out many more auto loans than home loans in their
lives. As such, it has been noted that “the magnitude and relative frequency of vehicle purchases
suggest that differential treatment by race in the vehicle market may have important implications for
differences in wealth and financial well-being by race” (Charles et al. 2008, p. 315). Yet there have
been surprisingly few studies of this market.* This also means that any differential experiences with
these loans can lead to substantial differences in the financial outcomes experienced by consumers.?
The market for indirect auto loans in particular is a large and complex one. Indirect auto loans are
those arranged by a dealer on a borrower’s behalf and estimates suggest they comprise more than
80% of all auto loans (Davis 2012). At its most simple, an auto transaction progresses as follows:
consumers first search for a make/model of vehicle, then search for a dealer, then bargain over a
price for that vehicle, and then (and only then) negotiate financing terms. These terms are largely
based on information such as risked-based interest rate, rate/term structure options, etc. that are

observable only by the dealer. In other words, customers are often “locked in” to a deal once the

financing stage has been reached, and are at an informational disadvantage in these interactions.

“Charles et al. (2008), Attanasio et al. (2008), Cohen (2012), and Grunewald et al. (2018) are among the limited

number of studies focusing on auto loans.

®See Blau and Graham (1990), Barsky et al. (2002), and Charles and Hurst (2002) for examples of how race-based

disparities in financial markets can impact the Black-White wealth gap.
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This gives the dealer substantial leverage in these negotiations. In this last stage of the transaction,
a dealer may “markup” an indirect loans by as much as 250 basis points (2.5 percentage points)
over the risk-based “buy rate” at which the lender is willing to extend credit. This markup is
levied solely at the discretion of the dealer, and the dealer receives additional compensation from
the lender in exchange for the increase in rate. Moreover, the buyer has no information about
whther his or her loan is marked up, let alone by how much. The discretionary nature of this
dealer markup, the relatively light competition ensured by the asymmetric information, and the
high search costs, make for a fascinating, yet underexplored market.5 These factors also make this

an ideal market for testing the classic theories of economic discrimination.

Using data from the General Social Survey (GSS) and proprietary supervisory auto data from
the Consumer Financial Protection Bureau, I perform direct tests of a Becker-style taste-based
discrimination, a standard model of statistical discrimination, and a random search model with
discrimination. Because the data provide detailed information on the entire transaction, I can
use the negotiated price of the vehicle to reject the hypothesis that differences in negotiation skill
is behind the disparity in markup. Then, following Charles and Guryan (2008) I use measures
of prejudice derived from the GSS to test the sharp prediction of the Becker model that racial
disparity in markup will be closely related to the marginal level of prejudice in a market, but
will not be substantially impacted by the average level of prejudice. I next test for statistical
discrimination by using administrative data to evaluate the relationship between the signals of
financial sophistication available to the dealer (e.g., credit scores) to see whether the predictions of
statistical discrimination models, i.e. that consumers receive lower markup with positive signals,
and Black consumers receive relatively lower returns to a positive signal, are supported by the data.
Finally, I test the prediction of a basic search model of discrimination, that the share of prejudiced

(unprejudiced) individuals in a population will be associated with worse (better) average outcomes

5To my knowledge, only Cohen (2012) and Grunewald et al. (2018) have been able to directly explore markup
previously, the former with a more limited set of data obtained for litigation purposes, and the latter with the same

data used here.
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for disfavored types. In each of these tests I am able to nest the predictions of taste-based models,
to see if the key percentiles of the distribution of prejudice remain predictive of disparities even

when signaling and search costs are accounted for.

Ultimately I find that taste-based discrimination of the form proposed by Becker is strongly
consistent with the data in every specification and across all robustness checks (for example, using
alternative measures of prejudice and including alternate percentiles of prejudice). I find no com-
pelling evidence suggesting that statistical discrimination by dealers or differential search values
contribute to the observed markup disparities; in fact, I find evidence that is highly inconsistent
with each of those models. As such, it appears that taste-based discrimination on the part of
dealers contributes substantially to the observed disparities in average markups paid by Black and

White borrowers.

The remainder of the paper progresses as follows: in Section 2 I present some background
information on the market and related literature; in Section 3 I present a simple theoretical construct
for the analysis; in Section 4 I describe the data; in Section 5 I describe the empirical approach 1
employ to test the various models of economic discrimination; in Section 6 I present the results;

and I conclude in Section 7.

2. Background

Most of the economics literature focused on discrimination falls into one of two camps: theories
of economic discrimination that may (or may not) explain persistent demographic-based disparities,
and empirical studies of disparities that can be attributed to discrimination, either by implication
or residual disparities from regressions with many controls. The most common examples of the
former are taste-based models (the seminal work being Becker (1957)) and models of statistical
discrimination (e.g. Arrow (1972), Aigner and Cain (1977)), though more recent work has focused
on search (e.g. Black (1995), Sasaki (1999), Lanning (2014)), wage posting (e.g. Lang et al. (2005)),

and other, often more technical models. Examples of empirical studies are so numerous and varied
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that any attempt to list representative works here would be folly (though summaries and examples
can be found in Cain (1986), Altonji and Blank (1999), Lang and Lehmann (2012), and other

survey articles).

Despite the large literature on economic discrimination, few studies have tried to explicitly
link empirical evidence of discrimination to specific theoretical underpinnings. Attempts have been
made to test various forms of statistical discrimination (e.g. Altonji and Blank (1999), Arcidiacono
et al. (2010), Lang and Manove (2011)) with some results consistent with various forumlations of
these models. However the results do not point to a clear and consistent story about differences in
the initial observation of productivity vs. differential rates of learning, and struggle to distinguish
between differences in productivity predictions based on information vs. prejudiced priors (which
may be related). One of the only papers to directly test predictions of a taste-based model of
discrimination is Charles and Guryan (2008).” In that article the authors exploit a key prediction
of Becker’s classical taste-based model of discrimination to evaluate whether patterns in labor
market data are consistent with the model. Their results are clear: the Black-White wage gap is
closely related to the marginal level of prejudice against Blacks in a market, but not the average
level of this prejudice. These findings are strongly consistent with the specific predictions of the

Becker model.

But the Charles and Guryan study is not without its weaknesses. Lang and Lehmann (2012)
notes that the Charles and Guryan approach assumes “that all firms are the same size, that black
and white workers are perfectly segregated, that there is no consumer prejudice (or at least that
the market can avoid it), that the distribution of prejudice is the same among employers as among

the population as a whole and that the labor force participation rates of black and white workers

"Some other exceptions are papers exploiting data from game shows (e.g. Levitt (2004), Antonovics et al. (2005),
Anwar (2012)), or sports (e.g. Szymanski (2000), Lanning (2010), which consider the labor market for athletes, and
List (2004) which considers the market for sports memorabilia). However, the former utilize data from non-market
transactions, and the latter explore markets that are small, and may be highly idiosyncratic. This leaves Charles and

Guryan (2008) as arguably the most comprehensive and general test of a specific model of taste-based discrimination.
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are the same,” assumptions which are “unreasonably strong” (Lang and Lehmann 2012, p.972).
Additionally, there are historical trends in labor market disparities that are difficult to reconcile
with the trends in Charles and Guryan’s prejudice index (although the latter measure might be
changing in measured value rather than underlying prejudice, if GSS respondents have become
more uncomfortable truthfully revealing racial animus over time). Still, the Charles and Guryan
study stands as the sharpest test of Becker-type discrimination in the literature, and supports that

prejudice plays a significant role in the Black-White wage gap.

Although most of the studies mentioned to this point have been focused (explicitly or im-
plicitly) on labor markets, these markets may not be ideal for understanding the disparities that
face disfavored groups in the broader economy. Labor interactions are often repeated games where
agents are able to learn, strategically signal, and reoptimize over time. Additionally, there are
myriad considerations outside the direct employer/employee interactions that may impact hiring
decisions (e.g. coworker or customer prejudice). Finally, direct signals of productivity (e.g. edu-
cation) might matter less to potential employers than non-quantifiable “soft skills” that signal the
laborer would be enjoyable to work with; such signals are problematic for quantitative analysis,
as they are observed by the employer, but not by the econometrician. Many of the assumptions
underpinning static models of discrimination (e.g. difficulty in avoiding prejudice actors, minimal
learning, no unobserved signals, etc.) may be more reasonable in a market for a single, discrete
transaction like an automobile purchase, rather than a repeated, long-term economic relationship
like a labor contract. Not coincidentally, discrimination has also been explored in product markets.
Of particular interest to this paper are the studies of discrimination in the market for automobiles,
and the financing thereof. This is actually quite a complex market. Purchasing an automobile
requires multiple stages of search. First, a buyer must decide on his/her desired vehicle model (or
models) and ideal options, then shop across dealers to optimize the price, then, in most transac-
tions, negotiate over financing, supplementary insurance, and add-ons (such as warranties, service
packages, etc.). Faltering at a late stage in this process (e.g. walking away from a deal due to inter-
est rate) can lead to the customer having to repeat the earlier stages and bear all of the associated

costs again.
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One component of this transaction that is particularly opaque to consumers is the practice
of “dealer markup” of interest rates on indirect loans. Indirect loans are those secured from a
financial institution by the dealer on behalf of the buyer. This saves the buyer the time and effort
of securing his/her own financing, and allows the dealer to serve as a “one-stop shop” for the buyer.
This is a very popular option for consumers, and estimates suggest that more than 80% of cars
financed in the U.S. have that financing arranged through a dealer (Davis 2012). In exchange for
this service, financial institutions compensate dealers in two ways: they pay a flat fee to the dealer,
and/or they allow the dealer to increase the interest rate offered to the buyer and to share in the
additional revenue this produces. Markup is typically capped at between 200 and 250 basis points
(2.0 and 2.5 percentage points), and dealers are free to impose any allowable amount of markup at
their discretion.® Note that this markup is completely hidden from the consumer; the only number
reported to the consumer by the dealer is the interest rate inclusive of any added markup. In fact,
only 21% of buyers claim they are aware that a dealer can adjust rates without consent, and it is
unclear if they are aware of how the markup process actually works (Davis 2012). Additionally,
consumers may lack information about the potential interest rates available to them. Unlike with
mortgages, there are relatively few online resources that allow borrowers to aggregate and compare
rates across many lenders. It also isn’t clear how the distribution of rate available in the market
for direct loans (where the customer contracts directly with a lender outside of the transaction
with he dealer) compares to those available in the indirect market, as dealers may be able to more
easily search across multiple lenders, benefit from volume discounts if they source many loans to
select lenders, etc. In addition, factors related to the price of a vehicle like MSRP, invoice cost,
etc., which are fixed for each vehicle can be found via numerous resources on the internet, while
consumers can only learn about the market interest rates available to him/her by going through a

formal application process. This is likely to result in consumers focusing on the pricing of a vehicle

8The specific markup caps are often dealer and/or deal-specific, though none of the lenders in the sample permit

markups in excess of 250 basis points. For transactions lenders consider more “risky,”

markup can also be capped at
lower levels (e.g. 100 or 150 basis points) to mitigate the increased risk of default that may accompany the imposition

of higher markups on less creditworthy borrowers.
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prior to negotiations, rather than the financing terms. Finally, the interest rate may not even be
the aspect of the actual loan upon which a buyer is likely to focus, as term and loan amount (a
function of price, down payment, and add-ons) are decided upon simultaneously with the rate, and
may each impact rate in ways that are not obvious to the consumer. In such a complex process,
consumers may focus on a more simple “index” measure of the deal, like monthly payment. This
lack of salience is supported by the fact that 61% of consumers report being unaware of the APR
on their auto loans (Davis and Frank 2011). As such, the dealer likely has very few impediments

to marking a loan up, even if the buyer is financially savvy.

What is particularly intriguing about this practice from an economic discrimination standpoint
is that the markup is purely discretionary. Dealers may (or may not) vary the markup based on
any factors they see fit, e.g. the buyer’s perceived financial sophistication or negotiation skills,
the rents already extracted on the deal, the dealer’s personal feelings toward the buyer, etc. This
type of opaque, purely discretionary pricing in a market where it is difficult to shop is rare, and
well-positioned to reveal the underpinnings of economic discrimination that may manifest less
(or differently) in more competitive and fully informed markets. However, these features have
not piqued the interest of the economics literature nearly as much as has discrimination in the

negotiated prices of vehicles.

In general, the literature focusing on discrimination in the prices paid for vehicles focuses
relatively more on the economic models underlying disparities than do studies of labor markets.
This is perhaps due to the fact that the key prices in labor markets are a function of productivity,
which is much more difficult to estimate/observe than is the price of a vehicle. Regardless, many
of the studies of car purchases have explicit implications for the economic models driving the
disparity (though few have specific tests for those models). For example, Ayers and Siegelman
(1995) conduct a field experiment showing that auto dealers quote lower prices to White males
compared to Black males, but the resulting data do not strongly support a particular model of
discrimination. Goldberg (1996) uses the Consumer Expenditure Survey to show that, conditional

on other factors (e.g. vehicle model, dealer financing, first-time buyers, etc.), there does not
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seem to be racial disparity in auto prices. However, the author determines that there is greater
dispersion in these other factors for Black customers, implying that statistical discrimination that
might rationalize the disparities documented in Ayers and Siegelman (1995). Morton et al. (2003)
shows that minority buyers who shop for vehicles on the internet pay nearly the same prices as do
Whites, controlling for consumers’ income, education, and neighborhood characteristics. This is
consistent with either a theory of taste-based discrimination or a theory of statistical discrimination
(as dealers cannot observe a buyer’s race/ethnicity in order to manifest any distaste, nor discern
any demographic-related signals about willingness to pay). But, again, these studies focus on the
prices negotiated for particular vehicles. These prices are dependent on easier to observe factors
compared to financing, especially since buyers are almost certainly more likely to use the internet

to research these purchases now compared to the years in which these studies were conducted.

There has been comparatively less work done on exploring the financing of vehicles, and the
potential economic disparities arising in these transactions. Three notable exceptions are Attana-
sio et al. (2008), Cohen (2012), and Charles et al. (2008). Attanasio et al. (2008) uses Consumer
Expenditure Survey data to explore the effects of borrowing constraints on auto loans, but do
not explore racial disparities or the impact of markup. Cohen (2012) analyzes data from captive
auto lenders (financing companies associated with a particular manufacturer) to show that there
is a great deal of dispersion in the markup of auto loans, and that Black and Hispanic borrowers
were systematically charged higher markups compared to their non-Hispanic White counterparts.
Charles et al. (2008) use the Survey of Consumer Finances and quantile regressions to show that
most of the racial difference in interest rates in the vehicle purchase market occurs at the percentiles
above the median. However, they also show that, conditional on financing a loan through a “tra-
ditional” bank, there is no discernible disparity in the rates paid by Black borrowers compared to
White borrowers. They do, however, find differential treatment of borrowers at the types of finance
companies analyzed by Cohen (2012), and ask the question “why [do] Blacks finance their loans at
vehicle finance companies at all, given that they pay higher rates of interest there?” (Charles et
al. 2008, p. 319). The authors posit that it could be financial literacy or differential probabilities

of denial, but can perform no direct tests. Additionally, as their data contain only coarse measure
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of interest rates, they are unable to determine if disparities in markup exist between the Black and

White borrowers at either type of lending institution.

In contrast to previous studies, I am able to use broad administrative data from many financial
institutions. These data include all the objective variables used by the institutions to underwrite
and price the loan, the financial characteristics of borrower observable to the dealer (e.g. FICO, risk-
based interest, income), vehicle information (e.g. make, model, year, new/used), and negotiated
terms of the transaction (e.g. price paid, add-ons, etc.). I also separately observe buy rate and
markup for each deal. This allows for a more comprehensive and complete assessment of this under-
explored market, as well as facilitating tests for specific forms of economic discrimination that may

be driving disparity in the market.

3. Economic Theories of Markup and Discrimination

It is important to be specific about the models of economic discrimination being tested, prior to
developing and conducting tests of those models. First, I develop a simple theoretical framework for
markup. Then I offer key predictions from three representative models of economic discrimination:
taste-based discrimination, statistical discrimination, and search with discrimination. These models

of discrimination are more carefully developed in Appendix A.

3.1. A Theory of Markup

In effect, a dealer bears no direct cost when adding markup to a loan, and derives constant,
linear revenues from each additional basis point of markup added. However, most lenders pay a
relatively small flat fee to the dealer for each deal that does not include markup. As such, the
dealer has a strong incentive to markup each loan, subject only to the limits on markup imposed
by a lender, and the fear that too much markup will cause the buyer to either walk away from the
entire deal, or seek financing from outside sources (in which case the dealer loses both the markup,

and the flat fee). Notably, the rents earned from the negotiated price of the vehicle do not directly
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factor in to the dealer’s desired markup (although, for especially low rent deals the dealer may
actually prefer to lose the entire deal, rather than receiving only the flat fee or the compensation

from a small amount of markup).

Let m; be the markup imposed by the dealer on buyer 7, M be the maximum allowed markup
by the lender, m; be the borrower’s reservation markup (i.e. the maximum markup buyer i is
willing to pay), ¢; be the value of the flat fee paid to the dealer for buyer i’s deal absent any
markup, and r; be the rents earned by dealer k from the non-financing aspects of the deal (e.g.
from the negotiated price of the vehicle). Then, based on the markup imposed and the borrower’s
reservation level of markup, the dealer receives the following levels of utility:

m; > m; = U ={0,r}
mi=0<m; = Up=rr+o

O<m; <m; — Up=r+my

That is, if a dealer imposes too high a markup, then the dealer either loses the entire deal (earning
0), or only those rents achieved from the non-financing aspects of the deal; if a dealer imposes no
markup (and the buyer is willing to pay the non-marked up rate), the dealer earns the non-financing
rents plus a flat fee; and if a dealer imposes a markup between 0 and the buyer’s reservation markup,
the dealer earns the non-financing rents plus the value of the markup. However, the dealer cannot
directly observe the buyer’s reservation level of markup. As such, the dealer dealer’s expectation
of m; will determine the optimal markup to be imposed, such that:
Elm] < ¢i = m;=0
E[m;] > M = my=M (2)
¢i < Elmij] <M = m; = E[m,.
In words: if a dealer expects the buyer’s reservation markup is below the value of the flat fee, the
dealer will impose no markup; if a dealer expects a buyer’s reservation markup is greater than
or equal to the markup allowable markup, the dealer will impose the maximum markup; and if
the dealer believes the buyer’s reservation markup is between these levels, then the dealer will set

markup equal to the buyer’s expected reservation markup.
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The question then becomes how a dealer sets its expectation of a buyer’s reservation markup.

A general theory of how a dealer forms its expectation of m; could take the form:
Elm;] = f(pi, sis &), (3)

where p; is a proxy of buyer 7’s negotiation skill as measured by the relative price paid for the vehicle,
s; is a proxy of buyer 4’s financial sophistication (o;), and ¢; is an idiosyncratic term specific to the
interaction between buyer ¢ and the dealer. Note that this allows negotiation skill and financial
sophistication to vary independently from one another, as many skilled negotiators may not realize
the extent to which they can negotiate their interest rate.” Given the dealer’s discretion to impose
markup, and the lack of transparency into the markup process, an important question remains:
what would keep the dealer from assigning the maximum markup to all customers? In this model,
only the risk of losing all rents from the transaction if the customer rejects the entire deal due to
the high interest rate (i.e. U = 0), or losing the returns from financing the deal if the customer

secures alternative financing due to the high interest rate (i.e. not realizing m; or ¢).°

9Tt is also conceivable that some individuals would have high financial sophistication—e.g. know about the practice
of dealer markup—but not be strong enough negotiators to take full advantage of that information. However, as
few consumers are aware of the existence of markup, and even those who are aware are unlikely to have substantial
negotiating leverage, this possibility seems relatively remote.

1071 practice, there may be other considerations as well. For example, dealers are often under pressure from sales
quotas, and may wish to streamline negotiations in order to complete deals with as little risk or negotiation as
possible. Additionally, it could be that compensation for F&I departments/employees is non-linear with respect to
markup (e.g. once certain aggregate levels are achieved, the incentives drop). It is also the case that some lenders
limit the available markup for particular deals, based on borrower, dealer, and/or deal characteristics. Lastly, there
are numerous potential strategic and behavioral considerations outside the scope of the model (e.g. expectations
about repeat customers, reservation rents that lead to lower markups on already profitable deals, etc.). However,
these factors are mostly idiosyncratic, and would be hard pressed to explain any persistent patterns of disparity in

the market.
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3.2. Key Predictions from Common Models of Economic Discrimination

Becker-style taste-based models of discrimination rely on one agent’s distaste or animus for
another. In the case of markup, this would arise if the dealers assigning markup were prejudiced
against Black customers. The predictions here are straightforward: prejudiced dealers require
additional rents from deals with Black customers compared to deals with White customers, in
order to compensate the dealers for their distaste. But an oft-overlooked feature of these models
is that it is the marginal level of prejudice in a market that determines the equilibrium level of
disparity. That is, neither the extreme levels of prejudice, nor the average level of prejudice, would
affect the observed (average) disparity. The intuition for this result is familiar. In effect, the more
extreme values of prejudice in the market are avoided by disfavored groups, leaving only the most
prejudiced agents with whom a transaction is closed to set the market level of disparity. This
is directly analogous to any observed equilibrium market price, which is related to the marginal
willingness to pay, rather than extreme or average values.!! This result-which will be crucial in
the empirical approach I employ—is more formally developed both by Charles and Guryan (2008),

and in Appendix A.

Models of statistical discrimination are myriad and varied, but each rely on an information
asymmetry to explain disparities. These are typically straightforward signalling models where one
decision maker a prior about some important characteristic of an agent, and updates that prior
based on some signal of that agent’s true value for the characteristic. Disparities arise when the

priors vary for different types (e.g. favored and disfavored types), and/or the perceived quality of

"Note that in both cases, the avoidance of extreme values need not be strategic or costless. That is, Black
customers would not need to know the identities of the most prejudiced actor and specifically avoid them, any more
so than a supplier of milk would need to know the identities of buyers with the lowest willingness to pay. In each
case, were a “bad match” to result, there would be no transaction, and the parties would either exit the market or
move on to the next available agent with whom to transact. In a market without frictions, this would converge to
the described equilibrium instantaneously. One specific and important friction that may affect this prediction, search

costs, will be discussed shortly.



,15,

the signal is different between these types.!? Often (though not always) this results in a prediction
that a positive signal for a member of the “low prior” type will have a larger return compared to
that same signal for a “high prior” type. However, a net disparity typically manifests despite the

higher return, as the “low prior” type is still penalized for their group’s perceived characteristics.

In the case of markup, statistical discrimination could most easily arise if dealers have different
priors about the financial sophistication of its Black and White customers. This could be reasonable
if a dealer believes that Black and White customers have systematically different levels of experi-
ence with the financial system, informed by lower average credit characteristics, credit scores, etc.
It seems unlikely dealers would differentially perceive the signals of financial sophistication they
observe—specifically FICO and credit characteristics—as these signals come from a common source
and and consistent in their calculation.!® In this case, dealers may perceive a higher value of F [172:]
for their Black customers, and seek systematically higher markups accordingly. However, a signal
of a high FICO should have a larger effect on the markup for Black customers, as it would force an
update to the prior for those customers that is larger in magnitude than that same signal would

require for White customers. This result is also formalized in Appendix A.

The final model considered here is a search model with discrimination. One way to conceptu-

alize search models with discrimination is that they formalize the frictions referenced in the Becker

12Note that the priors need not be accurate, ex ante. Coate and Loury (1993) show that a self-fulfilling prophecy
can result if noisy or inaccurate perceptions about the distribution of skills result in under-investment in those skills,
which would validate the inaccurate priors in the general equilibrium. Although this is just one potential equilibrium,
it highlights that the priors need not be accurate for the model to converge to a “patronizing equilibrium.”

13Note that this does not imply that credit scores are unbiased, or that their signal value is necessarily consistent
across types. It is possible that the information from the “traditional” financial upon which FICO scores are based
would differentially measure Black and White customers’ creditworthiness. However, as navigating the traditional
financial system is often harder for racial and ethnic minorities (due to their over-representation in under-banked
communities, racial disparities in access to credit, etc.), the obvious ways in which a credit score could carry different
weight for these groups would seem to imply that a high credit score for a Black customer could, if anything, be a

stronger signal of financial sophistication.
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model. If a “bad match” occurs, the simplest form of the Becker model suggests the parties would
simply move on to the next option without cost or consequence. In a search model, the existence
of potential “bad matches” changes the reservation markups and equilibrium markup offers for
searchers facing discrimination. The intuition is straightforward: Black customers face some por-
tion of the market that will not offer them viable levels of markup due to high levels of prejudice.™
As such, their expected returns to searching a random dealer are lower relative to White customers,
meaning they would be willing to accept a higher level of markup in order to avoid having to search
again. Dealers willing to lend to Black customers are aware of these search costs, and in equilibrium
offer higher average markup to Black customers compared to those that are White. The testable
implications of this model are twofold. First, higher levels of “extreme” prejudice should result in
higher markup differentials, as the expected benefits of searching a highly prejudiced market are
lower for Black customers. Note that this contrasts the Beck prediction in that it focuses on the
prevalence of extreme prejudice, rather than the marginal level of prejudice. However, these are
not mutually exclusive, as it could be that a significant portion of the market is highly prejudiced,
but the marginal level of prejudice is low. The second testable implication is that the proportion
of a population that is Black should lead to lower differentials, as the cost to dealers of indulging
in such extreme prejudice in a market with more Black customers would be higher (thereby forcing
a less discriminatory market through competition). I present a search model with discrimination

that more formally develops these implications in Appendix A.

It is an important, though often overlooked, feature of models of economic discrimination
that they need not exist separately from one another. That is, it could be that multiple sources of
discrimination are present in any given market transaction. For example, a statistical discriminator

may weight both the customer’s signals of financial sophistication and his/her outside options

YPrejudice is just one source of the disparity in offers. Search models of discrimination often do not delineate a
specific source of the disparity in offer probabilities, and this disparity could arise for extreme information asymmetry,
hysteresis, or any other motivation for not lending (at reasonable prices) to a particular group of potential borrowers.

However, prejudice is a natural, and commonly assumed, source for this disparity.



,17,

(derived from a search model) when assigning markup. Alternatively, a taste-based discriminator
may indulge his/her preferences differently conditional on the perceived risk that a customer would
walk away from the deal, a perception that could be informed by a signal of financial sophistication
or outside options. In other words, these models may well work in concert to result in the observed
disparities. Given the unique data I am able to utilize, I am able to test many of theses models’

implications not simply in isolation, but in conjunction with one another.

4. Data

The data come from two sources, a proprietary data set composed of administrative data from
a number of indirect auto lenders compiled from the Consumer Financial Protection Bureau’s su-
pervisory examinations, and the General Social Survey (GSS). The administrative data provide
detailed, transaction-level information on borrowers, vehicles, financing, and markup. The latter
provides information on social attitudes which allows me to construct measures of prejudice. To-
gether, these data are comprehensive enough to enable tests of the specific predictions of economics
models of discrimination in a more comprehensive and complete way than has been previously

attempted.

The data describing indirect auto loans comes from the Consumer Financial Protection Bureau
(Bureau). These are administrative data collected in the course of the Bureau’s efforts to evaluate
lenders’ compliance with federal consumer financial laws, including the Equal Credit Opportunity
Act (ECOA).'> The data comprise millions indirect auto loans booked between 2008 and 2013, and
contain all the information used by the institutions for underwriting and assigning the risk-based

buy rates (interest rates absent markup) to the loans.!® These data contain all the income, credit,

15The lenders in this sample include both traditional banks and finance companies that specialize in auto loans
(captives and non-captives). The specific count, identities, and types of lenders must remain masked for privacy
purposes; however the data set encompasses a sizable share of the market for indirect auto loans (the included

lenders that typically comprise more than 20% of the indirect market in any given year).

16Note that I exclude subvented loans (those subsidized and advertised by specific, often captive, lenders), as these
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and similar information that is likely to be available to the dealer.

To calculate the discretionary dealer markup amounts, the buy rates (the minimum interest
rates at which the lenders will initiate the loans) are subtracted from the contract rates (the interest
rates that are ultimately paid by the borrowers). In addition to the contract and buy rates, these
data include measures of the characteristics upon which a lender would underwrite and price a loan
(e.g. credit history, down payment, vehicle characteristics, etc.). These characteristics are useful
for understanding if there is some correlation between the factors affecting buy rate, and the dealer
imposed markup levied on top of that buy rate. Summary statistics for some of the key measures

in the auto loan data are presented in Table 1.

Noticeably absent from these data are a borrower’s race, ethnicity, and gender. In fact, collect-
ing this information for an auto loan applicant is prohibited by law. However, the data available
to the CFPB do contain a borrower’s name and address, enabling construction of race/ethnicity
and gender proxies. In order to estimate each borrower’s race, I employ the Bayesian Improved
Surname Geocoding proxy (BISG) first developed by Elliott et al. (2008). This approach and its

relative performance in the context of indirect auto lending are described in detail by CFPB (2014).

As a summary, I employ the BISG approach by using the 2010 Census list of frequently oc-
curring surnames to establish six mutually exclusive baseline probabilities that a borrower would
self-identify as Hispanic, White, Black, Asian and Pacific Islander (API), American Indian/Alaska
Native (ATIAN), and Multiracial.!” These probabilities, s(r|j), are simply the proportion of indi-
viduals with surname j who self-report being in race/ethnicity group r. I then update these prior
probabilities with geocoded race/ethnicity data from the 2010 Census SF1 file. Here I employ a

hierarchical matching technique, attempting to match a borrower’s address to the smallest Census

typically disallow markup. I also exclude loans with markup caps below 200 basis points to ensure consistent markup
potential. Finally, I exclude loans with FICO scores below 620, as the subprime auto loan market differs substantially
in its structure from the prime/near-prime markets. Including these data does not have a substantial effect on the

results reported later.

1"The Census surname data are available via https://www.census.gov/genealogy /www /data/2010surnames/.
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geographic entity for which a usable match is achieved. For the majority of borrowers this results
in a match to a Census block group; for the remaining borrowers matches are achieved to a Census
tract or a zip code. For each geographic entity k I then calculate g(k|r), the proportion of all people
who self report being race r who reside in the geographic entity. This is simply the probability of

a selected geographic entity of residence given an individual’s race/ethnicity group.

To construct the proxy I make the standard (and necessary) assumption that, given an indi-
vidual’s race, the probability of residing in the matched geographic entity is independent of his or
her surname. This allows for the application of Bayes’ Rule to yield a posterior distribution given

by

e(r, g, k)
W hite, j, k) + c¢(Black, j, k) + c¢(Hisp., j, k) + c(API, j, k) + c(AI AN, j, k) + c¢(Multi., j, k)’
(4)

p(rlj k) = i

where ¢(r,j, k) = p(r|j) * g(k|r). Table 2 displays some key descriptive statistics for these
proxies. It is important to note that each individual has a set of proxied race/ethnicity probabilities,
and is not assigned to a particular group by the BISG process. As discussed in Elliott et al. (2008)
and CFPB (2014), these estimated probabilities act as relatively efficient and accurate proxies of a
borrower’s race and ethnicity. However, in some instances it might be useful or important to assign
the borrower to a particular race/ethnicity, e.g. for analyses typically constrained to only members
of certain groups. In these instances I employ two alternative strategies: a maximum a posteriori
(MAP) approach that categorizes borrowers into the group for which they have the largest proxy
value, and a repeated imputation approach where a race is randomly assigned to each observation
based on the proxy probabilities, and the process is repeated to generate a distribution of results.!®

Summary statistics by assigned race for borrowers assigned to the Black and White categories are

18 As a robustness check, I also used an alternative “threshold” approach where borrowers were assigned to a single
race/ethnicity group if their proxy values exceeded .5 and .8 for a particular category. However this type of assignment
leaves a number of borrowers uncategorized and making this a less preferred approach. That said, all results from

this alternative classification were qualitatively similar to the preferred specifications.
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presented in Table 7.

It should be noted that there have been criticisms of the use of the BISG proxy to estimate
race/ethnicity in consumer fiance. In an odd quirk of consumer finance law, lenders are required
to attempt to collect and report race/ethnicity information for home mortgages that they origi-
nate, but forbidden from collecting this information for other loans. This means that borrowers’
demographic characteristics are known for most mortgages, allowing for an evaluation of the perfor-
mance of the BISG proxy in predicting the race/ethnicity of mortgage borrowers. Employing this
strategy, studies have shown that the BISG over-predicts the count of minorities when applied to
home mortgage data (e.g. CFPB (2014) and Voicu (2016)). This result is unsurprising. By using
the Census the BISG proxy is, in effect, calibrated to the demographics of the overall population.
To the extent that home buyers are not a representative sample of households, the BISG should not
accurately predict the races/ethnicities of this group. More specifically, if racial/ethnic minorities
are relatively underrepresented in the population of home buyers, the BISG would overstate their

numbers.

On the other hand, if the population of auto loan borrowers more closely tracks the overall
population, then the concerns about potential bias in the BISG estimates would be at least some-
what allayed. Table 4 presents summaries from GSS questions related to home and auto purchases.
Responses indicate that non-White respondents are much less likely to have ever purchased a home
compared to the overall population (and especially in the last five years). This is true in both the
measures of counts, and the measures of propensity. However, the share of auto purchases from
dealers in the last five years (the most relevant group for this paper) looks much more represen-
tative of the overall population. Specifically the share of auto buyers who are Black is less than
1.6 percentage points lower than the overall population, and the share of White only differs by 0.2
percentage points. As such, the concerns surrounding bias in the proxy due to a non-representative

population of borrowers seem minimal here.'”

191t should also be noted that the MAP assignment process will likely lead to an under-counting of minorities. For

example, individuals in relatively integrated communities with surnames assigned at similar rates by minority and
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The General Social Survey also provides the information that allows me to proxy for the
levels of prejudice preenst in a market. The GSS is a (typically) biennial survey consisting of
myriad and varied questions, including many related to demographics and attitudes. Many of
these attitudinal questions relate to issues of race, and allow for a comparison of racial sentiment
across geography and time. These data form the basis from which indices of racial prejudice are
constructed. Following the general approach of Charles and Guryan (2008) I create a “summary
indices” of racial prejudice based on the GSS questions that relate to racial attitudes but do not
contain strong policy implications.Excluding questions with a strong policy implication is meant
to avoid the possibility that an individual may have strong feelings toward government programs,
but that those feelings may not indicate any strong feelings regarding race.?’ These indices are the
mean of the (normalized) standard deviations away from a baseline average, where the baseline is
the average in the year the question first appeared. As such, a one unit increase in the index value
can be interpreted as being an average of one standard deviation above the baseline level of racial

prejudice across all questions included in that respondent’s index.

As in Charles and Guryan (2008) I create two indices. The “full index” encompasses all of
the questions that relate to racial prejudice (but do not have direct implications for government
policy).2! The “core index” is constructed using only four key questions used to a create measure
of the marginal discriminator’s prejudice, percentile measure of prejudice, and the within-regional

variation of prejudice over time. For reasons Charles and Guryan (2008) describe in detail, the

majority populations will be systematically assigned to the majority category. Put differently, all individuals with
proxy values indicating a 25% of being Black, and a 75% chance of being White will be assigned to White, even though
a quarter of these individuals are expected to be Black. Consistent with this notion is that Pr(Black|W hite/Black)
is approximately 12.6% using the direct probabilities, while it is approximately 8.5% using the MAP assignment.
20For example, a response indicating agreement with statement “We are spending too much money improving the
condition of blacks” may indicate opposition the funding of programs to improve the conditions of Blacks, as opposed

to disagreement with the mission of such programs.

2INote that one of these 21 variables is a composite of the response to three related questions regarding the level

of integration desired in a school which a child will attend.
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results from the analyses using the core index are strongly preferred.?? These “core” questions are:

e racpres: “If your party nominated a Black person for President, would you vote for him if he

were qualified for the job?” [yes/no] 23

e racfew/rachalf/racmost: “Would you yourself have any objection to sending your children to

a school where [a few of /half/more than half] the children are [Whites/Blacks|? [yes/no]?*

e racmar : “Do you think there should be laws against marriages between Blacks and Whites?”

[yes/no]

e racseg : “White people have a right to keep Blacks out of their neighborhoods if they want
to, and Blacks should respect that right” [SD/D/N/A/SA].

Of particular importance to this analysis are the “marginal” and average levels of prejudice in
a market. As in Charles and Guryan (2008) I define the “marginal” level of prejudice as the b™*
percentile of the prejudice index, where b is the percent of that area’s population that is Black. The
“average” level is simply the mean of the prejudice index. Table 5 shows the proportion White,
proportion Black, average prejudice index, and marginal prejudice index according to the GSS.
All results are presented by census region, in ascending order of the marginal level of prejudice

measured in the full index to highlight the variation in this key measure.?’

22Charles and Guryan preferred the core index over the full index when constructing percentiles, as the variance
structure of the full index makes it a less reliable measure when constructing distributions. This is because the
number of questions varies by year, making year to year comparisons of index values inconsistent in their variance.
As such, the resulting percentiles may be biased, and any estimates based on those percentiles may also be biased,
and will be difficult, if not impossible, to assess for statistical significance. That said, the analyses to be performed
here will report results for both the full and core indices, as the results from the full index may still be instructive,
even if they are less precise and/ore reliable.

23The gender specificity is imported from the original question.

24From these three questions I generate a composite indicator that takes the value 1 if the response to any of the
questions is “yes.”

2*Due to restrictions on the GSS sensitive data files, all prejudice-related measures are described in the paper at
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In combination, the expansive data on discretionary markup in indirect auto loans, race/ethnicity
proxies, and the indices of prejudice should allow for a direct and nuanced exploration of models

of discrimination.

5. Empirical Approach

The first requirement in assessing the impact of economic discrimination on market disparities
is to document that such disparities exist. Table 6 displays the coefficients from simple regressions
of markup on the race proxy probabilities. Of note, the first column shows that the estimated
overall disparity facing Black customers is more than 21 basis points. The remaining columns of
Table 6 show the coefficients by region. As additional evidence of disparity Table 7 shows the means
of key measures for Black and White customers as determined by the MAP assignment.?6 Again,
disparities are apparent, with the average markup experienced by Black customers exceeding that
of White customers by 14 basis points. Finally, figure 7 is a histogram showing the distributions
of markup faced by Black and White customers as determined by MAP. Of note is that Black
customers appear to experience 200 basis points of markup more frequently than do White cus-
tomers, while white customers experience no markup more frequently than do Black customers.
This implies that much of the disparity is likely due to relatively prevalence of extreme markups
in these populations. In each case there are economically meaningful and statistically significant
disparities facing Black borrowers. Regardless, these simple disparities (in both the frequency and

magnitude of markup) imply an analysis of the sources of markup is warranted.

the region level, where they are publicly available. However, all estimates rely on state-level measures.

26Throughout the MAP analyses, the sample is constrained to only observations assigned to non-Hispanic White

or Black.
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5.1. Exploring Non-Discriminatory Explanations

In the hypothesized model described in Equation 3, disparities in markup may be related
to many factors other than prejudice. These include differences in buyers’ negotiation skill and
financial sophistication, as well as their potential interaction with a buyer’s race/ethnicity.?” Un-
fortunately, these skills are difficult, if not impossible, to observe directly. However, the richness of
the available data allows for the observation of outcomes that are likely directly related to these

skills.

For example, negotiation skill should also be related to the relative price at which the buyer is
able to settle the deal. In fact, it should be the case that negotiation skill is better illustrated by the
vehicle price than the interest rate, as there is little doubt this is a more salient factor to the average
buyer. Table 7 shows summary statistics—notably including average markup—by price quartile.
These quartiles are calculated controlling for make, model, new /used status, region (to account for
geographic differences in demand), and vehicle year. The table shows that, as the relative price for a
given deal increases (indicating less negotiation skill on the part of a buyer) that likelihood of being
marked up monotonically increases. However, the magnitude of this change is quite small, with
the proportion marked up increasing 4 percentage points, from .745 to .786. The average markup
amounts do not follow a similar pattern—they decrease from quartile 1 through quartile 3, then
increase in quartile four—but are similarly small in the magnitude of their differences. Given this,
it appears that a consumer’s skill in negotiating for a lower price of the vehicle may be unrelated
to markup. While it is true buyers who pay a relatively high price for a given vehicle experience
slightly higher markup rates, the amounts of markup paid do not follow a pattern consistent with a

hypothesis of negotiation skill. Additionally, the differences in markup experiences by price quartile

27Tt should be noted at this point that the analysis presented here is not a legal analysis of what factors should be
considered when estimating disparities. That is, the specifications presented are developed to explore why markup
occurs, and the portions of the disparities associated with differences in the various controls are not necessarily
justified from a legal standpoint. See CFPB (2015) for a further discussion of the use of controls in legal analyses of

markup disparities.
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are small enough that any relationship seems at best economically trivial, and potentially illusory.2®

That said, a vehicle’s price may have ambiguous influence on a buyer’s markup. Conditional on
a buyer having approximately equal information about a vehicle’s “fair” price and a “fair” interest
rate, negotiation skill should serve a buyer equally well when settling on a price and interest rate
for the vehicle. However, price is a far more salient feature of the deal to most buyers. As such,
dealers may look to add additional markup to low price deals, to make up for rents lost during the
price negotiation. As such, we may not expect the relationship between price and markup to be
monotonic, and the observed differences could be the net effect of competing influences (e.g. lower
priced deals have consumers who are better negotiators but dealers who have stronger desires for

markup, and vice versa).2?

To proxy for a dealer’s assessment of the buyer’s financial sophistication, I use the buy rate
offered by the lender.3 Since the buy rate is a risk-based rate assigned by a financial institution
based on the buyer’s full credit report, it can serve as an index of the buyer’s overall financial
history.3! However, there may be a competing influence of buy rate on markup beyond financial

sophistication. Namely, as the buy rate increases, it may be more difficult for a dealer to add

28Regressions of markup on relative price paid for the vehicle yield economically trivial coefficients, and including
indicators of price quartile in the subsequent analyses has no meaningful effect on the results.

29This could also be true if relatively wealthy buyers are not particularly price sensitive, and expend little effort
to negotiate the price of a vehicle down. If these buyers are willing or able to pay cash for the vehicle, dealers may

offer low markup—or potentially even marked down—rates, to entice these buyers into financing.

39In the more substantive analysis I use both the buy rate and a borrower’s FICO score, but felt a single measure

was sufficient for the descriptive analysis presented here.

31While the buy rate captures much of the information suggestive of financial sophistication, it is still an imperfect
proxy. For example, well-educated young buyers may be quite financially savvy, yet have a “thin” credit file leading to
higher buy rates, while a long and spotless credit history may be more closely related to a buyer’s wealth, rather than
his/her sophistication. Still, the buy rate is a simple, consolidated measure of many factors related to participation
in financial markets, and therefore a plausible proxy for the buyer’s financial sophistication. More importantly, it
is directly observed by the dealer in each and every indirect financing transaction, and therefore constitutes a more

than reasonable proxy for the dealer’s assessment of the buyer’s financial sophistication.
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markup to the transaction. This is due to concerns ranging from practical (e.g. a buyer paying an
already high rate may be more likely to balk at any increase to that rate), to programmatic (e.g.
many lenders place stricter limits on the allowable markup for high buy rate deals), to legal (e.g.
many states have usury caps, although these are more often binding on subprime borrowers who
are excluded from this analysis). Still, if markup is related to a buyer’s financial sophistication, it

should exhibit some relationship to the buy rate assigned to a particular deal.

Table 8 shows summary statistics—notably including average markup—by buy rate quartile.
The results show that the average markup imposed on buyers is higher as they move from buy
rate quartile 1 through buy rate quartile 3. In buy rate quartile 4, however, this trend is reversed,
with buyers paying (slightly) less markup than those in quartile 3. The fourth quartile of buy
rate shows a somewhat similar anomaly in markup likelihood. Buyers in the first three quartiles
experience average markup chances within 1.2 percentage points of one another (though the pattern
is not monotonic). However, in the fourth quartile, the likelihood of markup drops by more than
4 percentage points relative to the next lowest quartile’s likelihood. It is possible this is a result of
markup capacity (as usury rates may bind on some high buy rate borrowers) or tolerance (as “sticker
shock” may dissuade some borrowers from taking very high interest loans) being somewhat different
in the fourth quartile of buy rate. Regardless, the differences across quartiles here are small, and
do not imply a substantial and systematic relationship between buy rate and markup (though this

relationship will be explored more in the analysis that follows).

It should be noted that the relationship between buy rate quartiles is not independent of
race. For example, Black and Hispanic customers are more likely to be in the third and fourth
quartiles of buy rates, indicating that the markup disparities facing them may be related to financial
sophistication. This is in contrast to the price quartile results, where there does not appear to be
a corresponding association between the quartile and race/ethnicity. To more flexibly account for
this, I further assess the relationship between markup and the interaction of buy rate quartiles with
race/ethnicity. Specifically, estimate probits for the probability of being marked up and regressions

for amount of markup by buy rate quartiles. The results show, generally, that the coefficients on
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the proxies of minority status trace the pattern of markup; that is, as the average risk/amount
of markup increases, so too do the coefficients on minority status. In other words, as the overall
risks associated with markup increase, the additional risks faced by minority borrowers increases

as well.?2

5.2. Test for Becker-Type Discrimination

To assess the impact of Becker-type taste-based discrimination I employ a similar identification
approach as in Charles and Guryan (2008). Specifically, I rely on the sharp prediction of the Becker
model noted previously: that disparities will be related to the marginal level of prejudice in a

market, but generally unaffected by the average level of prejudice in that same market.

As noted in Section 4 I define the “marginal” level of prejudice as the b**

percentile of the
prejudice index, where b is the percent of that state’s population that is Black. The “average” level
is simply the mean of the prejudice index in that state. In effect, this approach exploits geographic
variation in prejudice levels (summarized in Table 5) to explain racial disparities. This obviously
requires there to be some geographic variation in markup disparities by race. To motivate this
approach, Table 6 presents the results from region-specific regressions of markup on the various
race, ethnicity, and gender proxies.?® The coefficients for Pr(Back) range from -.122 in the Pacific
region, to .399 in the East South Central region, exhibiting a span of more than 52 basis points.
Additionally, the coefficients are each statistically significant at the 5 percent level or better, with
the exceptions of the coefficient in the Mountain region. This finding implies that there is indeed

substantial, region-specific variation in the average markup disparities between Black and White

borrowers, and that these differences are statistically and economically relevant.

32These results are not reported here, but are available in an appendix, upon request.
33The more substantive analysis to follow relies on state-level variation. However, the state-level results rely on
the GSS sensitive data files, and cannot be reported here. Instead, I present the region-level data that rely only on

the public-use GSS data.
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To assess the impact of the marginal and average levels of prejudice on markup disparities 1

estimate the following regression
m; = a+ BC; +vS; +nli j, (5)

where C} is a vector of individual-specific characteristics (including the demographic proxies), S; is a
vector of state-specific characteristics (including the marginal and average prejudice levels), and I; ;
is a vector of interactions between the proxied probability of being Black and state characteristics.
The Becker prediction is that the interaction coefficients will show a relatively large and significant
relationship between the prylackrmarginal interaction and markup, and a comparatively trivial

relationship between prylackxraverage and markup.

As mentioned previously, Lang and Lehmann (2012) note that in the context of the Charles
and Guryan paper this approach assumed “that all firms are the same size, that black and white
workers are perfectly segregated, that there is no consumer prejudice (or at least that the market
can avoid it), that the distribution of prejudice is the same among employers as among the popu-
lation as a whole and that the labor force participation rates of black and white workers are the
same,” assumptions which they deemed “unreasonably strong” (Lang and Lehmann 2012, p.972).
However, these assumptions seem more reasonable here. While auto dealers certainly vary in size,
ultimately the indirect lending transaction is atomistic and therefore idiosyncratic enough that
market power issues should not be of much concern (as interactions between a borrower and an
F&I agent results in a stand alone transaction regardless of employer size, rather than placement
into a more commoditized job at a large employer). There is no opportunity consumer prejudice to
arise in this market, as the lenders who effectively play the rol eof consumer (by “purchasing” the
loan from the dealer) do not know the race or ethnicity of the borrower. Finally, specific selection
of prejudiced/unprejudiced types into working at an auto dealership seems unlikely, as more than
1.3 million people are employed by automotive and motor vehicle dealerships (F&I agents are often

selected and promoted from within auto dealerships, e.g. former sales people, operations associates,
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business managers, etc.), and this employment is spread fairly proportionally across geography.34
As such, there is no reason to believe the distribution of prejudice within auto dealerships is dif-
ferent from that of the general population in a particular geography.®® So, while these points are
still important to consider as potential threats to identification, they appear to be more reasonable

here than in the context of employment.

5.3. Test for Statistical Discrimination

To assess whether asymmetric returns to information explain some of the observed disparity, 1
test the relationship between signals of a borrower’s financial sophistication (FICO score and buy
rate) and his or her markup. Importantly, it is unlikely there are signals of a buyer’s true financial
sophistication available to the dealer that are not captured in the data. As dealers do not have
to interact with buyers after the transaction, “soft skills” and personality traits should be less of
a consideration relative to labor markets. Additionally, any signals of sophistication not recorded
in the data (e.g. showing an awareness of the lending process or typical market rates) are highly
likely to be correlated with the observed signals (e.g. FICO), as savvy borrowers are likely to have
worked to improve these signals in the lead up to the transaction. Additionally, few borrowers are
aware of the practice of dealer markup, and even fewer (perhaps none) observe such markup. As
such, financial sophistication likely plays only a small role in directly determining markup, though

the signal of sophistication may well affect a dealer’s markup offer.36 Since markup is purely

34Employment numbers from BLS as of March 2018.

35 Another important difference between F&I managers and employers when considering the potential impact of
prejudice is that hiring and compensation practices are generally subject to EEOC oversight and hence HR managers
often have internal policies intended to identify and avoid potential disparities. By contrast, F&I transactions are
subject to comparatively less oversight at the dealers level (e.g. the CFPB’s examinations of markup disparities
focused on lenders rather than dealers), so one might expect correspondingly less proactive attention to be paid to
identifying and avoiding potential disparities.

36The most obvious way in which financial sophistication may affect markup is that savvy customers may be more

likely to obtain a financing offer directly from their bank prior to negotiating with a dealer. However, this may
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discretionary and not a function of credit risk, neither FICO score nor buy rate should also not
directly impact the markup. However, dealers may assign markup in proportion to their perceptions
of a buyer’s financial sophistication (which the dealer could reasonably perceive as being related to
a buyer’s tolerance for markup), and may use FICO scores or buy rates as a signal of a borrower’s
financial sophistication.?” In a model of statistical discrimination as described in Equation A7,
dealers would apply less weight to a Black borrower’s individual signal of sophistication, while
weighting more heavily the disfavored group’s lower average characteristics (e.g. lower average

FICOs, higher average buy rates, as shown in Tables 1 and 7).

While there are a number of ways one could test for statistical discrimination in this market,
I employ a straightforward approach that credibly allows for decomposition of estimated disparity
into taste-based and statistical discrimination components. To achieve this, I simply regress each
borrower’s markup on race, the marginal and average levels of prejudice, the signal of financial
sophistication, and the non-race factors interacted with race. If the financial sophistication signals
do impact markup, the expectation is that higher FICOs would be associated with lower markups,
and lower buy rates would be associated with lower markups (i.e. the coefficient on FICO would be
negative, and the coefficient on buy rate would be positive). Throughout the analysis I use a dummy

variable equal to one if the borrower’s FICO score is 720 or above to denote a “high FICO” signal.?®

actually have an ambiguous effect on final markup. As indirect offers are often lower than direct offers (due in part
to the dealer’s ability to shop, volume of business, etc.), a direct offer may inadvertently serve as a floor on the rate a
customer can negotiate, and may actually result in greater markup than a dealer would have assigned to a customer

perceived as being financially sophisticated who did not present a competing offer.

37Tt should be noted that, in practice, neither FICO nor buy rate is not a particularly comprehensive measure
of financial sophistication. However, all that matters for it to be a credible signal of sophistication in a statistical
discrimination model and/or in a time-constrained negotiation is that it be observable to the dealer at a relatively
low cost, and that the dealer believes it is correlated with a buyer’s financial sophistication. I believe these conditions
are likely met by FICO and buy rate.

38720 is used here as it is often the highest FICO delineation present on the rate sheets that determine a borrower’s
buy rate. In alternative specifications I use different thresholds, as well as FICO as a linear term. All results are

qualitatively consistent with those presented here, though specific point estimates and significance levels do vary.
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If there are differential returns to financial sophistication that disfavor Black borrowers, then the
coefficient on the Black x high FICO interaction term should be positive and significant (both
statistically and economically), indicating that better signals result in relatively higher markups
for Black customers. Similarly, the coefficient on Black x buy rate should be negative, indicating
better (lower) buy rate signals are associated with relatively higher markups for Black customers.
In both cases, if these asymmetric returns supplant the Becker-type discrimination implied by
the previous findings, then the coefficients on the interaction between Black and marginal level of

prejudice should be attenuated.

5.4. Test for Search with Discrimination

To test of the predictions of search models of discrimination I evaluate the relationships be-
tween the share of Black searchers, prejudiced firms, and unprejudiced firms with the observed
disparities in markup. I use a similar approach as I did with the Becker model, using the share of
“very prejudiced” (or “very unprejudiced”) respondents in a state to proxy for the share of “very
prejudiced” (or “very unprejudiced”) firms. Specifically, I use the share of respondents within a
state whose prejudiced index values are two or more standard deviations away from the national
average to denote the share of the market that is prejudiced /unprejudiced in a state.>® The search

models in Section 3 predict that the markup gap should decrease as the share of very prejudiced

d(m® —m?)

dtheta, . > 0), as the share of very unprejudiced firms increases (i.e.

firms in a state decreases (i.e.
W __ b . . . W__ b

d(anm) < 0), and/or as the share of a state’s population that is Black increases (% < 0).

To test these predictions I run simple regressions with these values as covariates, to see if they

behave in a manner consistent with a search model’s predictions.

Note the prediction that the share of prejudiced/unprejudiced firms will impact disparities
bears some similarity to the prediction of the Becker model. In both cases, the models predict

that the average level of prejudice should not have a direct impact on the disparity. In search, the

39 Alternative approaches using one or three standard deviations yield similar results.
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prediction is that the share of “very prejudiced” agents should affect the market outcome, while
in the Becker model it is the prejudice level at a specific point in the distribution that matters.
In effect this allows the test of the search model’s predictions to serve as a robustness check on,
or refinement of, the tests of the Becker model. That is, if the share of prejudiced firms does not
seem to impact the gap while the marginal level of prejudice does, that is further evidence that the
specific point in the distribution of prejudice identified by the Becker model is what is affecting the

gap (rather than the average or extreme levels, or the share of extreme values).

6. Results and Discussion
6.1. Becker Test Results

Column I of Table 9 shows the relevant results for the direct test of the Becker predictions
using the core index of prejudice, and using the proxy probabilities directly in the regression.*® The
regression estimates a large coefficient on the marginal level of prejudice of 98 basis points, which is
significant at the 5% level despite the limitation to 51 state-level clusters when estimating standard
errors. Putting these numbers in a more practical scale, moving from the least prejudiced census
region (at the margin) to the most prejudiced census region would lead to an expected increase in
markup for Black borrowers of 71 basis points, or approximately 63 percent of the average amount
of markup charged to borrowers. The coefficient for the average level of prejudice is much smaller
at 12.3 basis points, and is statistically insignificant at any commonly accepted level. Putting this
into practical terms, moving from the least prejudiced region (measured at the mean) to the most
prejudice region would result in an expected change to markup of 4 basis points, or less than 3.6

percent of the average markup.

These results are strongly consistent with the Becker theory of taste-based discrimination.

The large coefficient on the Black x marginal interaction is a sharp prediction of the model, as is

40 A1l regressions also include controls for the term of the loan.
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the small coefficient on the Black x average interaction. That the former coefficient is statistically
significant and the latter is statistically indistinguishable from zero is also generally consistent with
the model’s prediction (as it implies not just the magnitude, but the strength of the association be-
tween outcomes and marginal levels of prejudice is stronger than the association between outcomes

and average levels of prejudice).*!

Since most analyses of racial disparities in economic markets focus on one “test” and one “con-
trol” group, I employ two strategies to constrain the analysis to only Black and White borrowers.
The first is an application of a maximum a posteriori (MAP) assignment. This simply assigns each
borrower into a single, mutually exclusive race/ethnicity category based on the maximum estimated

proxy.*> While MAP assignment results in distinct “test” and “control’ group assignments, this

approach may increase measurement error due to the “false certainty” of the classifications.*> I
also employ a multiple imputation approach where each borrower’s race is assigned by drawing a
random value from a uniform distribution and using that value along with the proxy probabilities

to determine the borrower’s race, then estimating the markup regression. This process is repeated

1,000 times, and the distribution of coefficients is captured.

Results from the MAP estimation of Equation Al are presented in column IV of Table 9. The
regression again estimates a substantial coefficient on the marginal level of prejudice of 49 basis
points, which is again significant at the 5% level despite the limitation to 51 state-level clusters
when estimating standard errors. Putting these numbers in a more practical scale, moving from the
least prejudiced census region (at the margin) to the most prejudiced census region would lead to an

expected increase in markup for Black borrowers of around 36 basis points, or approximately 32%

41Given that the data must be clustered at the state level, I am not overly concerned with the specific statistical
significance of the estimates. While the data are extensive, prejudice is only identified at the state level, effectively
limiting the analysis to 51 observations. As such, statistical significance is relatively difficult to achieve. However,
the p-values remain instructive, especially when they are particularly large or small.

42Tn the unlikely event there is no distinct maximum proxy value, the observation is dropped from the analysis.

43For more discussion of this approach, and specifically its performance in a predicting the race/ethnicity of

moertgage borrowers, see Voicu (2016).
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percent of the average amount of markup charged to borrowers. The coefficient for the average level
of prejudice is once again smaller and statistically indistinguishable from zero. Even taken at face
value the coefficient of 8.8 basis points implies moving from the least prejudiced region (measured
at the mean) to the most prejudice region would result in an expected change to markup of less

than 3 basis points, or 2.6% percent of the average markup.

The means and 95% confidence intervals of the coefficients from the multiple imputation sim-
ulations are displayed in Table 10. They show the mean of the estimated coefficients is 56 basis
points for the interaction between Black and the marginal level of prejudice, and 6 basis points
for the interaction between Black and the average level of prejudice. As with the previous results,
these findings are strongly consistent with the predictions of taste-based models of discrimination.
Importantly, these coefficients are also tightly distributed, with 95% confidence interval ranges of
less than 7 basis points for the marginal interaction, and 3.5 basis points for the average interaction.
This implies that the estimates are not particularly sensitive to random variation in the assignment

of race based on the BISG proxy.

In summary, in each specification there is evidence highly consistent with key predictions of
the Becker model of discrimination. These results suggest that prejudice may well be responsible
for the observed disparity in markup facing Black customers relative to their White counterparts.
That the findings are so consistent in direction and relative magnitude suggests this finding is
quite robust. However, the analysis thus far considers only one potentially explanatory model; the
subsequent analyses will nest the test of Becker-type discrimination while considering alternative

explanations as well.

6.2. Statistical Discrimination Test Results

Column IT in Table 9 shows the results when markup is regressed on the interaction between
Black and key percentiles of the prejudice index as well as an indicator for high FICO. The coefficient

on high FICO is negative and significant, indicating that higher FICO customers indeed experience
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less average markup. This is generally consistent with the notion that FICO may signal financial
sophistication to a dealer, who in turn would assign lower markup. However, the coefficient on
Black x FICO is negative and significant. This implies that as borrowers signal greater financial
sophistication, the markup gap between Black and White customers decreases. This is in stark
contrast to the prediction of the standard model of statistical discrimination presented in Section
3. Additionally, the coefficient is small enough (-4.1 basis points) so as to imply almost no impact
on the markup gap. As such, these findings seem highly inconsistent with a hypothesis of statistical

discrimination.

Additional suggestive evidence against the existence of this type of statistical discrimination
can be found in the residuals from a simple regression of markup on FICO. The model in Section
3 suggests that markups for Black customers will have a tighter distribution conditional on signal
than will markups for White customers. This implies that the residuals from a regression of markup
on FICO would have more weight in the center of the distribution for White customers than for
Black customers. Figure 7 displays the residuals from a regression of markup on FICO, and shows
just the opposite. Specifically, there is greater relative weight in the center of the distribution of
residuals for White customers relative to Black customers (as determined by the MAP assignment).
Again, this is evidence that asymmetric returns to FICO as a siganl of financial sophistication do

not appear to be a meaningful source of discrimination in this market.

Column III in Table 9 shows results from a regression using buy rate in place of FICO as the
signal of financial sophistication. The coefficient on buy rate is negative and significant, indicating
that customers with lower buy rates experience less average markup. This is inconsistent with the
notion that buy rate may signal financial sophistication to a dealer, as the lower buy rate indicates
greater sophistication, but also higher markup. However, the coefficient on Black x buy rate is
also negative and significant. This implies that as borrowers signal greater financial sophistication
(through a lower buy rate), the markup gap between Black and White customers does increase.
This is generally consistent with the prediction of the standard model of statistical discrimination

presented in Section 3. However, the coefficient is quite small. As a sense of the magnitude of the
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coefficient, a one standard deviation decrease in the buy rate would result in an increase in the
markup gap of less than 4 basis points. As such, these findings offer little support for a hypothesis

of statistical discrimination.4

Columns V and VI of Table 9 show the results from similar signaling specifications using the
MAP assignment approach. In each case the results are similar in both direction and magnitude
to those using the race probability proxy directly. If anything these results show even less support

for a hypothesis of statistical discrimination.

Of particular interest in each of these specifications is that the coefficients on Black x marginal
prejudice remain relatively large, while the coefficients on Black x average prejudice remain com-
paratively small. This is again consistent with the sharp predictions of the Becker model.#® In
effect, the specifications in columns II, III, V, and VI of Table 9 nest the hypotheses of taste-based

and statistical discrimination models, and find much stronger evidence for the former.

Table 10 presents additional evidence to this effect. The “signaling specification” results display
the mean, 5th, and 95th percentile coeflicients for prejudice interactions and high FICO indicator
from regressions based on 1,000 samples of the data using random assignment of race based on
the proxy values. The results here tell a similar story: there is a strong evidence of taste-based

discrimination (as seen in the strong relationship between the markup gap and marginal prejudice

4 There are significant concerns about assuming a linear relationship between buy rate and markup. For example,
very low buy rate customers may have greater tolerance for markup, as they may still achieve lower rates than they
would in the direct auto lending market. Similarly, very high buy rate customers may have limited capacity for
markup before running into usury caps or rates that would provide enough “sticker shock” so as to discourage them
from originating a loan. To account for this, I ran alternative specification using buy rate as a quartic, substituting
buy rate quartile for “raw” buy rate, and using a dummy indicator for “low buy rate.” Each of these resulted in
qualitatively similar results to those presented here.

45While the significance of the estimates do not quite achieve the 10% level, this is in large part due to the
limited number of clusters in the data(51). Still, the significance levels are non-trivial given the limited number of
effective observations and, coupled with the economically meaningful magnitudes, imply some impact of taste-based

discrimination.
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levels and much weaker relationship with the average prejudice level), and a relationship with
FICO that is inconsistent with the predictions of a statistical discrimination model. Compared to
the MAP results, the Black x marginal prejudice coefficient is slightly larger, the Black x average
prejudice coefficient is slightly smaller, the FICO > 720 coefficient is very similar, and the Black
x FICO > 720 coefficient is a larger negative value. If anything, these results are more consistent
with the Becker predictions, and less consistent with statistical discrimination predictions than

their MAP counterparts.

In short: the findings in each specification of are quite stable and consistent in their implications
that Black/White markup disparities appear to be heavily influenced by the marginal level of

prejudice, and much less so by differing returns to signals of financial sophistication.

6.3. Search With Discrimination Test Results

Table 11 shows the results of regressions of markup on the key components of the search model
with discrimination described above. Column I displays the results of test of the specification where
all unprejudiced firms set type-dependent markups, meaning the model does not depend on the
share of highly unprejudiced firms. The results show a large, significant coefficient on the proxy
for Black interacted with the share Black in a state. This is the opposite prediction of the model
described in Section 3. That is, as the share of a state’s population that is Black increases, the
disparity in relative markup should decrease. As such, the large and significant positive coefficient
is inconsistent with the predictions of the search model.*6 Additionally, the coefficient on the proxy
for Black interacted with the share prejudiced in a state is also inconsistent with such a model.
Here the model predicts the coefficient should be positive and significant, indicating that the higher

the share of prejudiced firms in the market, the higher the markup on Black customers relative to

46While the coefficient is large, it is important to keep the scale in mind; moving from the state with the highest
share Black to the state with the lowest share Black would result in an estimated decrease in markup of 67 basis

point for a Black customer.
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their non-Hispanic White counterparts. However, the coefficient in Column I is negative, large in

magnitude, and statistically significant.*”

Not only are these finding in stark contrast to the predictions of the model, they prove to be
robust to including highly unprejudiced firms. Column II of Table 11 shows the results of a specifi-
cation where the share of highly unprejudiced respondents is added to the specification in Column
I. Here the coefficient on the proxy for Black interacted with the share Black remains positive,
and the coefficient on the race proxy interacted with prejudiced becomes even more negative. It
should be noted that the coefficient on the interaction between the proxy for Black and the share
unprejudiced does have the expected sign and a substantial magnitude (moving from the region
with the lowest share unprejudiced to the region with the highest share is associated with a 37 basis
point decline in relative markup on Black customers). However, this finding does little to overcome

the inconsistencies with a search model presented by the other key coefficients.

Finally, adding the marginal and average levels of the prejudice index to the the specifications
once again implies that Becker-type discrimination is more consistent with the observed disparities
than is a search model. Columns III and IV show the results of the regression in Columns I and
II when the interactions of the race proxy with the marginal and average indices are included.
Consistent with the model’s predictions, the coefficient on the race proxy interacted with the
share Black does adopt the expected sign in both specification IIT and IV. However, in each case
the coeflicients on the proxy for Black interacted with the share prejudiced in a state remains
large and negative. This is, once again, highly inconsistent with the search model’s predictions.
Additionally, the sign on the race proxy interacted with the share unprejudiced is positive and large
in specification IV, which is also inconsistent with the model’s predictions. Finally, the coeflicient
on the marginal index interaction is positive and large, and the coefficient on the average index

interaction is comparatively smaller. While this is somewhat consistent with the Becker predictions,

47 Again, the magnitude of the coefficient may be initially misleading; scaling the coefficient for the relevant range
of values shows that a Black customer moving from the region with the highest share of prejudiced respondents to

the region with the lowest share would expect an increase in markup of nearly 40 basis points.
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the magnitudes of the coefficients are quite large (probably unreasonably so), and the coefficient
on the average index is certainly not trivial, as the Becker model would predict. However, it
should be noted that there are a number of econometric issues with specifications III and IV that
should give pause before putting much weight on their findings. For example, the share of a state’s
population that is Black is directly included in the specification, and also influences the marginal
index. Additionally, the shares prejudiced /unprejudiced are necessarily related to the marginal and
average indices. As such the regressions in III and IV should be seen as a follow up to those in I
and II. That is, I and II provide strong evidence that the empirical reality is inconsistent with the
search model’s predictions, while III and IV offer suggestive evidence that, even when controlling
for the factors of import to the search model, the Becker predictions seem more consistent with the

evidence.

7. Conclusion

This paper empirically tested the theoretical roots of observed racial disparities in a market
uniquely suited to doing so. By using a newly available administrative data set on indirect auto
loans and focusing on a purely discretionary component of the interest rate, I was able to compare
the predictions of classical taste-based, statistical, and search models of discrimination. These data
are expansive, and the market for indirect auto loans is both an ideal one in which to explore
discrimination, yet largely unexplored to this point. However, the analysis I am able to conduct is
not without its caveats. Most notably, the actual race of the borrowers in the data are unknown.
In place of using the borrower’s known race, I employed three strategies: I estimated Bayesian-
improved surname and geography (BISG) race proxies for each observation and used these directly;
I employed a maximum a posteriori (MAP) assignment that attributes a race to each observation
based on the maximum of that observation’s BISG proxies; and I conducted a repeated imputation
simulation where races are assigned at random based on the BISG, and the analysis is repeated to
generate an empirical distribution of estimates. Each of these approaches yield similar qualitative

results, though the specific magnitudes of the estimates relying on the different approaches vary.
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Caveats aside, the evidence appears strongly consistent with the predictions of a Becker-type
model of taste-based discrimination. Specifically, the sharp predictions that racial disparities in
outcomes are closely associated with the marginal, but not the average, level of prejudice in a
market are repeatedly borne out in the data. This is true for every specification, regardless of how
race is proxied for. Even in specifications where I nest models of statistical discrimination or search
as competing hypotheses, the results prove consistent with the Becker predictions. Moreover, the
data show substantial and significant inconsistencies with the predictions of the statistical and
search models of discrimination. As such, this paper both provides strong evidence that Becker-
type discrimination drives a substantial portion of the gap in markup added to the indirect auto
loans made to Black customers, and evidence that competing models of economic discrimination

do not.
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Table 4. Responses to GSS Questions About Home and Auto Purchases by Race.

White Black Other

Share of respondents who have made various purchases who are White/Black/Other:

Overall percent of respondents 80.6% 14.1% 5.3%
% of respondents who ever purchased a home 88.5% 8.6% 2.9%
% of respondents who purchased home in last 5 years 90.5% 7.0% 2.5%
% of respondents who purchased a car from a dealership in last 5 years 81.7% 12.5% 5.8%
% of resopndents who purchased any used car in last 5 years 80.8% 12.4% 6.8%

Share within respondents who are White/Black/Other that have made such purchases:

Overall percent of respondents 100.0% 100.0% 100.0%
% of respondents in group who ever purchased a home 69.5% 41.5% 35.1%
% of respondents in group who purchased home in last 5 years 31.4% 14.9% 13.5%

% of respondents in group who purchased a car from a dealership in last 5 years  55.8%  47.6% 59.0%

% of resopndents in group who purchased any used car in last 5 years 34.4% 29.0% 42.5%

Note. — Share of respondents making various purchases show the relative demographics of all respondents, those
who purchased homes, and those who purchased cars. Share within demographic groups show the propensity to
make various purchases. Both indicate that a sample of car purchasers is more likely to be similar to the overall

population than would be a sample of home purchasers.
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Table 7. Summary statistics for auto transactions, by quartile of price paid for vehicle.

Price Price Price Price

Overall  Quartile 1  Quartile 2  Quartile 3 Quartile 4

Markup Amount 1.125 1.189 1.184 1.174 1.180
(0.868) (0.882) (0.842) (0.825) (0.809)
Prop. Marked Up 0.733 0.745 0.764 0.772 0.786
(0.442) (0.436) (0.425) (0.419) (0.410)
Black 0.044 0.108 0.109 0.109 0.107
(0.001) (0.204) (0.206) (0.206) (0.206)
Hispanic 0.039 0.097 0.096 0.094 0.092
(0.001) (0.241) (0.241) (0.238) (0.237)
API 0.065 0.046 0.043 0.040 0.038
(0.001) (0.156) (0.148) (0.141) (0.137)
ATAN 0.081 0.012 0.012 0.012 0.012
(0.003) (0.056) (0.056) (0.056) (0.055)
Muli./Other -0.132 0.020 0.020 0.019 0.019
(0.005) (0.032) (0.030) (0.030) (0.030)
N > 7.5M >1.5M >1.5M >1.5M >1.5M
Note. — Price quartiles are determined controlling for a vehicle’s make, model,

year, new/used status, and region (to account for geographic differences in demand).
Note that more than 500,000 transactions do not have disaggregated price data (instead
reporting the overall loan amount, inclusive of add-ons and exclusive of down payment).
As such, the weighted averages of the quartile averages will not necessarily equate to

the overall average.
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Table 8. Summary statistics for auto transaction by quartile of buy rate assigned to borrower.

Buy Rate Buy Rate Buy Rate Buy Rate
Overall  Quartile 1  Quartile 2  Quartile 3  Quartile 4
Markup Amount 1.125 1.073 1.102 1.169 1.164
(0.868) (0.821) (0.859) (0.873) (0.927)
Prop. Marked Up 0.733 0.749 0.737 0.741 0.694
(0.442) (0.433) (0.440) (0.438) (0.461)
Black 0.106 0.086 0.081 0.110 0.143
(0.106) (0.171) (0.222) (0.207) (0.249)
Hispanic 0.088 0.064 0.041 0.098 0.117
(0.232) (0.191) (0.144) (0.247) (0.269)
API 0.039 0.043 0.000 0.038 0.034
(0.141) (0.152) (0.000) (0.138) (0.130)
ATAN 0.011 0.011 0.019 0.012 0.013
(0.053) (0.047) (0.030) (0.054) (0.062)
Muli./Other 0.019 0.019 0.000 0.019 0.020
(0.030) (0.029) (0.000) (0.030) (0.031)
N > 7.5M >1.75M >1.75M >1.75M >1.75M

Note. — Buy rate is the risk-based pricing of the loan as determined by the lender.
In addition to establishing the “baseline price” of the loan, it may also serve as an
index of the consumer’s financial sophistication, as they are observed by the dealers,
and constitute a standalone indicator of all relevant information in a consumer’s credit

history(as determined by lender).
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Markup Regressions Evaluating Predictions of Taste-Based and Statistical Models of

Discrimination.
Race Probability Proxy MAP Assignment to Race
I I 11 v \Y VI
Black x Marginal Index 0.980 0.847 0.754 0.491 0.390 0.342
(0.046)  (0.107)  (0.120) | (0.040)  (0.115)  (0.178)
Black x Average Index 0.123 0.140 0.150 0.088 0.125 0.097
(0.704)  (0.661)  (0.641) | (0.584)  (0.433)  (0.550)
Black x FICO > 720 -0.041 -0.016
(0.036) (0.204)
Black x Buy Rate -0.020 -0.017
(0.000) (0.000)
FICO > 720 -0.294 -0.316
(0.000) (0.000)
Buy Rate -0.011 -0.008
(0.000) (0.000)
N >75M >75M >75M | >65M >65M >65M
Note. — Independent variable is the discretionary markup imposed on the loan. In

the race probability specifications the BISG probabilities of a borrower’s race are used to
proxy for race (with all complementary proxies included). In the MAP assignment to race
specifications race is assigned based on the maximum proxy value, and only those borrowers
assigned to Black or White are kept. The construction of the prejudice indices are described
in section 4. P-values based on standard errors clustered at the state level in parentheses.
Marginal and average prejudice levels test implications of the Becker model. FICO scores
and buy rate are signals of the customer’s financial sophistication that serve as a test for the
prediction of statistical discrimination models. Each specification includes all components

of the interacted terms as covariates.
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Table 10. Coefficient Estimates from Repeaded Imputation Markup Regressions.

Mean Coefficient  Fifth Percentile  Ninety-Fifth Percentile

Basic Specification

Black x Marginal Index 0.560 0.526 0.595
Black x Average Index 0.060 0.043 0.078

Signaling Specification

Black x Marginal Index 0.421 0.388 0.458
Black x Average Index 0.085 0.067 0.103
Black x FICO > 720 -0.027 -0.029 -0.024
FICO > 720 -0.3008 -0.3012 -0.3005
Note. — Coefficients are from 1,000 regressions where the observations were randomly

assigned a race based on the BISG proxy values. As in Table 9, the independent variable
is the discretionary markup imposed on the loan, and the indices are determined based on

responses to relevant questions in the GSS reported in the GSS. Each specification also includes

all components of the interaction terms as covariates.
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Table 11. Coefficient Estimates from Search Regressions.

I II IIT v
Pr(Black) x Share Black 2.541 1.598 -2.343  -2.675
(0.000)  (0.000)  (0.006)  (0.003)
Pr(Black) x Share Prejudiced -3.957  -5.188  -5.163  -5.262
(0.000)  (0.000)  (0.000)  (0.000)
Pr(Black) x Share Unprejudiced -8.041 8.903
(0.000) (0.084)
Pr(Black) x Marginal Index 4.674 4.832
(0.000)  (0.000)
Pr(Black) x Average Index 0.939 2.512

(0.002)  (0.000)

N >7.5M  >75M  >7.5M  >7.5M
R? 0.015 0.016 0.018 0.023
Note. — Independent variable is the discretionary markup imposed on

the loan. Pr(Black) is the BISG probability of a borrower being Black.
Share Black is the share of a state’s population that is Black. Shares prej-
udiced /unprejudiced are the shares of GSS respondent’s whose prejudice
indices are two or more standard deviations above/below the national av-
erage. Marginal index is the b*" percentile of the prejudice index, where
the b is the percent Black in a given state; average index is the mean of
the prejudice index in the borrower’s state. P-values based on standard
errors clustered at the state level in parentheses. All specifications include
the non-interacted components of the interaction terms, and the full set of
BISG race probabilities (with non-Hispanic White as the omitted group).
Search models predict positive coefficients on Pr(Black) x Share Prejudice
and negative coefficients on Pr(Black) x Share Black and Pr(Black) x Share

Prejudiced (see Section 5.4).
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Distribution of Markups
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Fig. 1.— Distribution of markups imposed on loans for Black and White customers, with race

approximated by MAP assignment. See Section 4 for more details.

Distribution of Markup Residuals, FICO Regression
White v. Black (MAP)
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Fig. 2.— Distribution of residuals from regression of markup on FICO for Black and White cus-

tomers, with race approximated by MAP assignment. See Section 5 for more details.
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A. Economic Theories of Discrimination

A.1. Becker-Style Theory of Taste-Based Discrimination in Markup

Adding a distaste parameter to make the model more consistent with a Becker-type taste-based
model is straightforward. In a simple Becker model, distaste would enter into the dealer’s utility

in a linear fashion, yielding:
Uk =1+ fr(4) — di(5) (A1)

where 7y, is the non-financing rents earned by dealer k, fx(j) is the financing rents earned by dealer
k on a deal with a customer of type j (either ¢ or m;, depending on whether the dealer imposes
markup or accepts the flat fee from the lender), and d(j) is the level of distaste dealer k has for
customers of type j, which takes the value 0 for favored types, and d for disfavored types.*® From

this it is trivial to derive that, for a common value of r, in equilibrium:

fi(w) = f(b) — dj. (A2)

That is, the observed financing rents extracted by dealers will be higher on deals with disfavored
types (in this case Black) than on similar deals with favored types (in this case White) by an
amount equal to the distaste of the marginal discriminator (i.e. the dealer exactly indifferent to
financing a deal with a disfavored customer versus a favored customer). Note that the formulation
above assumes a common value of r, and a single type of customer within each race. In practice,
there may be many other factors affecting the dealer’s utility and/or capacity to assign markup.
As such, it may be easier and more accurate to conceptualize this finding as indicating that, ceteris
paribus, Black customers will face higher markups in equilibrium than similarly situated White
customers. Correspondingly, as the array in 2 implies the realized values of m; will exceed those
of ¢;, Equation A1l implies that disfavored types will both be more likely to experience non-zero

markup, and will experience higher average markups.

48Obviously more complex functional forms of utility could also be applied. However, as the dealer receives
monotonically increasing returns from markup, and pays no explicit cost for said markup, a linear utility assumption

seems appropriate.
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While the marginal level of prejudice directly impacts the markup in the formulation above, it
is interesting to note that the average level of prejudice has no direct impact on the relative levels of
markup. This is a familiar result in economics. In effect, the levels of the supply and demand curves
to the left of equilibrium are relevant for the surplus derived from the market-clearing price, but do
not affect the price itself. Similarly, within the population of dealers who are unlikely to interact
with disfavored types, the distribution of prejudice should be irrelevant to the market outcomes
for disfavored types. However, for a given distribution of prejudice, a change in the share of the
population constituted by disfavored types will affect the market outcome. This is, effectively, a
shift in the demand for financing by disfavored type. Thus the Becker-style taste-based models
provide two sharp predictions about the relationship between prejudice and markup; the average
markup disparity will be positively affected by the marginal level of prejudice in a market, and

should have a negligible relationship with the average level of prejudice in that market.

An interesting idiosyncrasy in this market is that, depending on how d is conceptualized, this
setup could also provide dueling incentives to a dealer when negotiating markup for a disfavored
customer. If d is simply the negative enhancement to a dealer from selling a car to a disfavored
consumer, then the incentives are clear and unambiguous: increase all flexible aspects of the deal
yielding positive utility (e.g. price of vehicle, markup, add-ons, etc.) to offset the negative utility
from the dealer’s distaste. However, if the dealer bears the “cost” of his/her distaste simply from
negotiating with the customer, then the dealer will still want to increase all flexible aspects of the
deal yielding positive utility, but will be less likely to risk assigning a markup level that would result
in the customer walking away. That is, because the distaste is paid throughout the negotiation
process, the dealer may not assign as high a markup, since the customer walking away from the
deal would result in negative, as opposed to zero utility in the case where the distaste parameter
is realized only at the conclusion of the deal. This is unlike the typical labor context envisioned
by most economic models of discrimination. However, this should only attenuate the realized
disparity facing disfavored customers (as dealers would be willing to initiate more deals at lower
markups than in a situation where the distaste is only realized at a deals consummation), biasing

the predictions of the model downward. The prediction that markup for disfavored types will
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increase as the marginal level of distaste (prejudice) increases, but should not be related to the
average level of distaste, will form the basis of the empirical test for taste-based discrimination to

follow.

A.2. Statistical Model of Discrimination in Markup

A standard statistical discrimination framework in this market could take the form of a dealer
making different inferences about a customer’s a level of financial sophistication from both a buyer’s

race/ethnicity and a signal of his/her financial literacy.*” In a “classic” formulation:
Elo; | s, 5] = aj * si + (1 — a ) * p(0y), (A3)

where E|o;] is the dealer’s expectation about buyer i’s financial sophistication, s; is the signal
sent by buyer i, j is the buyer’s type (e.g. race, ethnicity), a; € [0,1] is the weight the dealer
places on signals from type j buyers, and ¢; is the average level of financial sophistication over
buyers of type j.°0 For empirical purposes it is often useful to make the simplifying assumption
that p(s;) = p(oj), which allows the above to be written in terms likely to be observable to the

econometrician. Specifically:
Elo; | si,7] = o * 83 + (1 — ) * u(s;). (A4)

I will impose this assumption that the distribution of signals corresponds to the distribution of

“true” financial sophistication within type, and that these distributions are known to the market.

Tt should be noted that there are many, “less standard” models of statistical discrimination that could also
be applied to this market including ones with investment in financial literacy, self-fulfilling stereotypes, etc. For
simplicity’s sake, only the “classic” formulation is considered here.

59In most models of statistical discrimination, it is assumed that the average characteristics of the different types
are known, and accurately assessed by the discriminating agents. This ensures a rationalizable model and outcome.
However, Coate and Loury (1993) show that inaccurate stereotypes can actually induce behavior among disfavored
types that rationalize the once-inaccurate stereotypes. It is also possible that, in a system with limited information
and slow learning, inaccurate stereotypes can persist even if behavior doesn’t change in a way that would rationalize

the stereotypes.
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In this framework, the s term in Equation 3 would be replaced by an expectation, such that
Elmi] = f(pi, Eloilj], i, € k) (A5)
or, ignoring the structure imposed by Equation A3,

E[ml] = f(siajanivrk‘7€’i,k‘)' (A6)

To the extent that dealers expect the markup a buyer will tolerate to be inversely related to

that buyer’s financial sophistication (i.e. cégﬁ < 0), this type of statistical discrimination could

lead to disparities for minority buyers relative to non-Hispanic White buyers, conditional on the

same signal of financial sophistication. This would result if

dE[o] _ dE|[o]
A7
ds,, - dSpw (A7)
which implies
dE[m] _ dE[m]
A8
dSqyw = dSnw (A8)

(where w and nw indicate White and non-White). The disparities described in Equation A7 could
result if o, # ey and/or if p(oy) # p(onw). In the case where ap,, < au, we would expect markups
for minority buyers more tightly distributed around their mean compared to White buyers with
similar signals. In the case where (1(0p) < p(ow) we would expect an average markup for minority
borrowers that is higher than for White borrowers who send the same signal. The former result
will be evaluated with suggestive, graphical evidence, while the latter result will form the basis of

the empirical test for statistical discrimination to follow.

It is important to note this is a somewhat simple form of statistical discrimination. Unlike in the
models tested in labor markets, there is no private learning about buyers over time, no opportunity
for more information to be signaled to the market over time by the buyers themselves, no self-

fulfilling stereotypes, etc.’! While this may seem like a limitation relative to the more complex

51See Cain (1986), Altonji and Blank (1999), and Lang and Lehmann (2012) for examples of the more complex

models.
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models applied to the labor market, I argue this is a more appropriate model for this market. As
financing a car is a discrete transaction that typically takes place over a matter of hours, there is
minimal opportunity for dealers to learn about buyers’ true levels of financial sophistication beyond
the initial signals. As auto purchases are often in response to unanticipated event (e.g. previous car
breaking down) and as the financing portion of the transaction is often a lesser consideration relative
to make, model, price, etc., it is unlikely many buyers work to improve their signals of sophistication
(e.g. credit scores) in anticipation of the transaction. In short: if dealers setting markup based on
signals of financial sophistication, they are likely to base this markup on the observed signals at the
time of the transaction only, and those signals are unlikely to have been differentially manipulated
by buyers. This indicates both that a static model of statistical discrimination without learning is

likely appropriate.

A.3. A Model of Search Over Markup with Discrimination

The model used here is similar to the one developed by Black (1995), which is one of the first
and most cited search models with discrimination. In that model a small number of prejudice firms
were shown to have a persistent impact on the wage outcomes of disfavored workers. The basic
result follows from the fact that, if any portion of the market is unavailable to disfavored types, these
types have lower expected values of (non-targeted) searching, resulting in lower reservation wages
and equilibrium wage offers by even non-prejudice, profit-maximizing firms.’? Unlike in Becker-
type models, this result does not rely on the interaction of any disfavored type with any prejudiced

firm; the mere existence of these firms is enough to depress the equilibrium wages. This model

52Lang et al. (2005) employ a different approach, with targeted search that arises via wage posting. Such a model
may be useful in a context with subvented loans, which are loans subsidized by lenders in an attempt to entice
customers. These loans are often offered and advertised by captive lenders associated with a specific manufacturer in
an attempt to sell particular vehicles. As subvented loans are excluded from this analysis, the practice of markup is
generally unknown to the market, and non-subvented interest rates are rarely advertised, I focus here on non-targeted

search.
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was nested in a later formulation by Lanning (2014), which added non-discriminating firms that
do not exploit the presence of prejudice to lower their wage offers, and endogenous job destruction
that places Becker-type competitive pressure on prejudice firms. Yet, even in the presence of these

mitigating forces, discrimination persists in equilibrium.

Both models described above start with a share of the market composed of prejudiced firms
that will not disfavored workers at any reasonable wage. In the context of this paper, that could
correspond to a share of prejudiced finance and insurance employees who refuse to secure loans
for disfavored workers (or who would only be willing to secure loans with untenable markups).
This seems unlikely, given that these employees are not owners of the business, and only enter the
transaction after a viable sale has been negotiated. As such, any unwillingness to offer loans would
undermine the entire sale and lose the dealership profits. Only in a case where a discriminatory
owner allowed this to occur would F&I employees be able to indulge their discriminatory tastes
on the extensive margin; even in the case of such prejudiced ownership, we would expect the
discrimination to occur prior to the financing stage. Unlikely though it may be, it is possible that
minority customers believe that some prejudice dealers exist who are unwilling to secure financing
for these customers. This would reduce the expected value of continued search and, if that fact is

known and exploited by dealers, would result in the same outcomes predicted by the model.

The model developed here derives reservation markups that differ across customer types based
on the different expected values of continued searching for jobs. In the context of this paper, that
would correspond to higher reservation markups for disfavored types based on the lower expected
value of search (in the form of higher expected markups) for those types. For the sake of consistency
with the literature, it is easier to conceptualize the object of the search to be a discount relative
to the maximum markup, i.e. v = M — m, where M is the maximum allowable markup and ~y
is the discount from that markup. Making the target of search a negative function of markup
allows it to be a positive-utility good, which is consistent with the formulation of search models
with discrimination (which have almost exclusively been developed in the labor context as a search

over wages). The value of search for a favored (in this case, White) type in such a model could be
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written as:
r r r

Szw = ep/'Yfp('Y)d’V + Hn/’an('Y)d’Y + 05 /’was(’yw)d’)/wa (Ag)
0 0 0
where S} is the value of a search for worker i of race w; 6, s are the shares of dealerships that are
prejudice, non-discriminatory (i.e. that offer same markup to all borrowers regardless of race), and
strategic-discriminators (i.e. that vary their markups based on race, in proportion to the value of
r
future searches for members of that race); and [ 7 fi(7)dy is the expected value of markup discount
0
~ from a firm of type k (with a common, maximum allowable markdown of ', which can be greater
than M if lenders allow dealers to provide net markdowns for the customer®®). Noting that a

searcher will never accept a markup discount below her reservation level, the above becomes:

—9/&@ m+e/§n ®+9/%$7wwu[(w+F() Fu(7)]85Y, (A10)

where 7; is searcher i’s reservation markup discount, and F), , (7;) are the chances that a searchers
receives a markup discount below her reservation value, and searches again next period, with
discounted expected value 8S. Assuming stationary (i.e. the expected value of S}¥ is constant with

respect to time) yields:

9 f7fp d’y+9 f’)/fn d7+9 f’was 'Yw)d’}/w

5= TG + FaGo) 7 (B ' (A11)

This is the equilibrium value of search for white searchers.

0y, f’an )dy + 6, f%fs (o) dyp

J— ’Yz
57 = 1 = [0p + Fu(3) + Fs(3)]8 -

Equations A11 and A12 show that the expected discount received by Black searches is lower

than that of White searches. This results from both a larger numerator in Equation A1l (where

53Note that in many cases it is possible for dealers to provide markdowns for customers. Most often these markdowns
are granted in “special” cases, e.g. when the customer has a competing offer, when the dealer is “bundling” multiple
loans of varying quality for a specific lender, etc. In practice these net markdowns are uncommon in the data,

comprising around one percent of observations.
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there is a positive expected value from type p dealers), and a larger denominator in Equation A12
(where the entire weight of 6, yields no positive value, and in expectation results in a discounted
future search). In equilibrium the reservation markup discounts are equal to the expected value of
a search, meaning disfavored searchers (in this case Black) set lower reservation markup discounts,

and are subsequently willing to accept higher markups.

Black (1995) considers the equilibrium wage gap (analagous to the markup discount gap here)
in the above system of equations when there are only two firm types (prejudice and strategic

discriminators, i.e. 6, = 0), and finds the gap decreases as the share of Black searchers increases

d(m® —mb)

w b
(i.e. =g5@a— < 0), and/or as the share of prejudiced firms decreases (i.e. d(m”—m’)

W > O) Lanning

(2014) extends the model by adding non-discriminating firms and endogenous firm destruction, and

shows the equilibrium gap similarly depends on the share of Black searchers and prejudiced firms,

but also on the share of unprejudiced firms in the market, with the gap decreasing as the share
d(m™—mb)

unprejudiced increases (i.e. @ < 0). These are the predictions that I will empirically test

with the data.



