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Abstract

When borrowers have private information about their risk, safe borrowers can sig-
nal their type by borrowing less. Since the gain from a lower rate grows with the
amount borrowed, borrowing less also weakens the incentive to search, softening com-
petition among lenders. We measure the cost of asymmetric information, and of its
interaction with search, in the Brazilian used-car loan market. Using the Central Bank
of Brazil’s Credit Registry, which records repayment and the lenders each borrower
contacted, we find that larger loans are riskier conditional on lenders” information,
and that borrowers who search more are riskier and pay higher rates. We estimate
a model in which borrowers choose loan size and search effort given private search
costs and a taste for borrowing correlated with risk. In the model, riskier borrowers
are willing to accept higher rates, so they gain more from searching. We find that ad-
verse selection has a small effect on average rates, as loan size reveals about half of
borrowers’ private risk. But signaling is costly: safe borrowers take smaller loans than
under public information, and therefore search less. Making types public would raise
total surplus by 22 percent, but by only 1 percent with loan sizes held fixed. Holding
search fixed, the gain would be about a fifth smaller.
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1 Introduction

In selection markets, consumers typically choose not only whether and from whom to buy,
but also the contract characteristics, such as the deductible in insurance and the loan size in
lending. This choice is informative: if riskier consumers self-select into lower deductibles
and larger loans, firms can price the risk of each contract. In that case, lenders rationally
charge higher rates on large loans, and safe borrowers can separate themselves by bor-
rowing less (Milde and Riley 1988). Evidence from subprime auto lending is consistent
with this form of selection (Adams, Einav, and Levin 2009). Signaling has a cost, however,
because safe borrowers have to borrow less than they would otherwise. The signaling cost
is larger the more steeply rates rise with loan size, which depends on how much lenders
lose on risky loans. In our setting, the Brazilian used-car lending market, these losses are
substantial, as 13 percent of loans default and lenders recover little of the collateral.

Search frictions add to the signaling cost. In markets with personalized pricing, lenders
earn markups because obtaining competing quotes is costly for borrowers (Allen, Clark,
and Houde 2019). Since the return to an additional quote is proportional to the amount
borrowed, borrowers who reduce their loan size to signal low risk have weaker incentives
to search, softening competition and increasing rates. As a result, signaling and search re-
inforce each other: part of what safe borrowers gain by signaling is lost to higher markups.

Our goal is to measure the cost of asymmetric information in this market, and how
much the interaction with endogenous search matters. Existing approaches for consumer
credit, building on Einav, Finkelstein, and Cullen (2010), take loan size and competition
as given: borrowers only decide whether to borrow a given amount, and the degree of
competition does not respond to how much they search (DeFusco, Tang, and Yannelis
2022). In our setting, both respond: safe borrowers borrow less to signal their type, and
tace weaker competition because they search less. If safe borrowers have already sorted
into smaller loans, the remaining mispricing at a given loan size can be small even when
the cost of asymmetric information is large.

We study this market using the Credit Registry of the Central Bank of Brazil, which
records every used-car loan originated between March and December 2016, with repay-
ment observed through 2024. Before 2021, Brazil had no widely used credit score, so the
Registry was the main source of information lenders had about applicants. This allows us
to reconstruct, for each loan, the information available to the lender at origination. Condi-
tional on that information, borrowers who choose larger loans are more likely to default:
a 10 percentage point increase in loan-to-value is associated with a 2.5 percentage point

increase in default. This correlation could reflect either selection or a causal effect of debt



on repayment. To separate the two, we use variation in competition coming from changes
in the lenders available at car dealers. Conditional on dealer identity, this variation is plau-
sibly uncorrelated with borrowers’ private information. When dealers add a lender, we
show that borrowers pay lower rates and borrow more, but we find no evidence of changes
in default rates. We interpret this result as evidence that the correlation between loan size
and default is driven by adverse selection, not moral hazard.

The Registry also allows us to measure search. Each time a lender consults a borrower’s
record we observe it, so we know how many lenders a borrower contacted before taking
the loan. Dealers play an important role: most loans are originated by the dealer on behalf
of lenders in its network, and a borrower can obtain these quotes without searching on
her own. Conditional on the information available to lenders, we find that borrowers
who contact more lenders pay higher rates and default more often, and that this pattern
is concentrated among observably risky borrowers. Among observably safe borrowers,
more inquiries are associated instead with larger loans. Since search itself should lower
the rate a borrower pays, we interpret these results as due to selection into search, with
search incentives that vary with loan size and private information about risk. Separating
these forces requires a model in which borrowers choose loan size and search together,
and in which lenders price loan size as a signal of risk.

We develop a model of consumer loan-size choice, costly search, and lender competi-
tion. Borrowers differ in two dimensions that lenders do not observe: their valuation of
borrowing, which is correlated with their default risk, and their cost of obtaining quotes.
Each borrower chooses a loan size and a search effort. Lenders in her consideration set
observe the loan size, form beliefs about her risk, and compete for the loan in an English
auction, bidding rates that reflect their own costs (Allen, Clark, and Houde 2019). The
model can generate the search facts above through the borrower’s reservation rate. A bor-
rower who values the loan highly will accept high rates. The higher her reservation rate,
the more likely an additional quote is to fall below it and lower the rate she pays; for a
borrower with a low reservation rate, search is more often wasted. Since a high valuation
goes with high risk, riskier borrowers search more and still pay higher rates. As for loan
size, the gain from a lower rate grows with the amount borrowed, so safe borrowers who
borrow less to signal their type also have less to gain from searching.

We estimate supply and demand in two steps. First, on the supply side, we need to
separate four determinants of the rate a borrower pays: the risk lenders expect, the num-
ber of lenders competing for the loan, their costs, and the borrower’s reservation rate. We
estimate lenders’ beliefs about repayment directly from a model of default on loan size
and the information in the Registry, which approximates what lenders knew at the time



of origination. The set of lenders competing in the auction is proxied by those who submit-
ted an inquiry. To separate costs from reservation rates, we rely on exclusion restrictions
that shift costs without changing the borrower’s valuation, such as prior borrower-lender
relationships. Given these, we can identify the cost distribution from the transaction rate
and identity of the winner, following standard arguments (Athey and Haile 2002).

On the demand side, the main primitives are the distribution of borrowers’ valuations,
how valuation relates to risk, and the distribution of search costs. The supply estimates
provide the rate distribution at each loan size. Search effort itself is not observed, and
because borrowers choose loan size and search together, loan size and inquiries each reflect
both their valuation and their search cost. We recover the distribution of types from how
loan size, inquiries, default, and rates move together: a high valuation raises all four, while
a low search cost raises inquiries but lowers the rate a borrower pays. The slope of default
with respect to loan size identifies how closely valuation is tied to risk, and the dispersion
of inquiries identifies the spread of search costs. Inquiries also mix the borrower’s own
search with quotes arranged by the dealer. We can separately identify each because we
observe whether the loan was intermediated; if not, the borrower must have searched on
her own.

The estimates point to a market in which both frictions are large. An additional quote
costs the median borrower about R$746, or 3.5 percent of the median loan, consistent with
borrowers contacting about two lenders on average. Lenders have considerable market
power as a result: in most loans the rate is set by the borrower’s reservation rate rather
than by a competing offer. At our estimates, search frictions add almost 5 percentage
points to the average rate. That is about half of the gap between what borrowers pay and
what the most efficient lender would charge at cost; the rest is the markup lenders would
earn even if all of them competed. Adverse selection, by contrast, has almost no effect on
the average rate. This is not because private information is unimportant. Loan size reveals
about half of borrowers” private risk. The remaining pooling only shifts rates between
safer and riskier borrowers who take the same loan, by less than one percentage point a
year (Appendix E.3). The cost of adverse selection therefore operates through quantities
rather than prices.

Our counterfactuals quantify this cost. If lenders could observe each borrower’s type,
as they would with a sufficiently informative credit score, total surplus would rise by 22
percent, but by only 1 percent if each borrower’s loan size were held at its baseline level.
The amount lent would rise by about a third, mostly because borrowers who are now
recognized as safe take larger loans. These borrowers also search more: holding search
fixed, the gain in total surplus falls from 22 to 17 percent. Search frictions are also costly



on their own: removing search costs altogether would nearly double the market. Most
of the cost of asymmetric information is therefore paid through smaller loans rather than
higher rates.

A second counterfactual removes the signal itself. If lenders could not price loans by
their size, borrowers would no longer need to signal through loan size, and they would
borrow and search more. Consumer surplus would rise by 21 percent, and lender profits
would also rise, by 14 percent, because larger loans more than offset the loss of informa-
tion. Pricing by loan size is individually rational for each lender, but in equilibrium it
lowers the surplus of both borrowers and lenders. This result depends on how lenders
compete. In our model, lenders’ bids vary with loan size only through expected repay-
ment. Under different conducts, such as differentiated-product pricing, rates could also
rise with loan size because borrowers who take larger loans are less price-sensitive, and
restricting pricing by loan size would then also restrict this form of price discrimination
(Nelson 2025).

Related literature. Our main contribution is to estimate a model in which loan size is
both a choice and a signal of risk, and in which lenders” market power depends on how
much borrowers search. Empirical models of credit markets with asymmetric information
typically hold one of these margins fixed. Some take the loan amount as given and study
the choice of lender or the decision to borrow (Cuesta and Septulveda 2021; Agarwal et
al. 2024). Others let borrowers signal with the amount fixed, through the reserve rate on
an online platform (Kawai, Onishi, and Uetake 2022). Einav, Jenkins, and Levin (2012)
model the down payment as a screening device, but for a single lender, so competition
plays no role. On the theory side, Lester et al. (2019) combine quantity screening with
search frictions, but take the share of borrowers who search as exogenous. Letting both
margins adjust matters for measurement. With a fixed loan amount, DeFusco, Tang, and
Yannelis (2022) find that adverse selection distorts prices substantially but has a small
welfare cost, and sufficient-statistic approaches measure that cost from the mispricing of a
given set of contracts (Einav, Finkelstein, and Cullen 2010). The correlation between loan
size and default used to test for asymmetric information (Chiappori and Salanié 2000;
Adams, Einav, and Levin 2009) is not a measure of welfare either (Einav, Finkelstein, and
Levin 2010). In our setting the pricing distortion is small for a different reason: borrowers
have already sorted themselves by loan size. The welfare cost appears instead in how
much safe borrowers borrow and, through that, in how hard they shop.

The idea that contract terms can separate borrowers goes back to the theory of credit
rationing (Jaffee and Russell 1976; Stiglitz and Weiss 1981). Bester (1985) shows that when
lenders set both the rate and collateral, borrowers self-select into separating contracts and



rationing disappears. Milde and Riley (1988) show that loan size itself can serve as the
signal, as in our model, although in their case the direction of sorting is ambiguous. We
find empirically that riskier types borrow more. The self-rationing of safe types resembles
Guerrieri, Shimer, and Wright (2010), where good types accept lower trade probabilities
to reveal themselves, and our equilibrium beliefs follow Azevedo and Gottlieb (2017) in
requiring consistency at every loan size.

We also contribute to work on search frictions in credit markets. Our supply side fol-
lows Allen, Clark, and Houde (2019), in which lenders compete for each loan in an En-
glish auction. We add the choice of loan size, which makes the value of search depend on
the amount borrowed. Agarwal et al. (2024) also use credit inquiries to measure search
and find that riskier borrowers search more. In their model, this happens because risky
borrowers are more likely to be rejected and search for approval. In ours, it comes from
demand: riskier borrowers have higher reservation rates, so an extra quote is more likely
to bring competition. Argyle, Nadauld, and Palmer (2023) show that high search costs
lead auto borrowers to accept higher markups and take smaller loans. Our model adds
the reverse direction, since borrowers who take smaller loans to signal have less reason
to search. Dealers act as intermediaries in our setting, supplying quotes at no cost to the
borrower. Salz (2022) shows that intermediaries can benefit both their users and, through
a search externality, those who search on their own. Grunewald et al. (2023) show that
dealers may also exploit what they learn about borrowers to add markups. We cannot ob-
serve dealer compensation, but we find that lenders in dealer networks have lower costs,
which suggests that intermediation helps borrowers here.

Finally, the paper relates to work on how market power and adverse selection interact.
Mahoney and Weyl (2017) show that with imperfect competition, more adverse selec-
tion has an ambiguous effect on prices, depending on the risk of the marginal consumer.
Crawford, Pavanini, and Schivardi (2018) find that market power from lender differenti-
ation attenuates adverse selection, because lenders internalize how their rates change the
borrower pool. In their model the rate is the only screening device. In ours, borrowers
signal through loan size, and market power comes from search frictions rather than dif-
ferentiation. Nelson (2025) and Cuesta and Septlveda (2021) use models of this kind to
evaluate price regulation, with borrowing as a binary choice. The interaction we study
has a direct policy implication. Information policies such as credit scores and competition
policies such as comparison platforms are usually evaluated separately. When loan size
and search are linked, each also acts on the other friction: a credit score that lets safe bor-
rowers stop signaling raises their return to search, and cheaper search lowers the rate on
which the signaling premium is paid.



2 Institutional background

Credit markets in Brazil are characterized by high default rates, averaging 12.6% for used
car loans in 2016. In contrast, in the same period in the United States, the average default
was 3.8%.!

One friction that contributes to this market inefficiency is the absence of a widespread
credit scoring system in Brazil before 2021. Before that, lenders would rely mainly on the
Central Bank’s Credit Registry to evaluate the creditworthiness of loan applicants. Private
credit bureaus would inform whether a given customer was delinquent at the time of the
inquiry, effectively excluding these applicants from formal credit markets, while not in-
forming about the risk of unflagged individuals. Law 12,414/2011 allowed credit bureaus
to process borrowers’ credit history and create credit scores on an opt-in basis, but the
take-up rate was low, with less than 5% of the population agreeing to share information.
Complementary Law 166/2019 made information sharing the default option, forcing con-
sumers to explicitly opt out of the system if they did not want to share information. After
that, data on the majority of the population started being processed by credit bureaus, and
informative credit scores were made available to lenders in 2021. Recent evaluations us-
ing the staggered rollout of the new scores found that they reduced lenders” markups and
increased the supply of credit (Banco Central do Brasil 2021; Hsu Rocha and Feinmann
2026).

A second friction in Brazilian markets is that, despite collateralized loans offering more
security to lenders, the success rate of car repossessions in Brazil is low, around 20%, com-
pared to 70% in the United States (Campos 2023). Ratings for securities pooling used car
loans also predict low recovery rates, ranging from 15% to 35% (Fitch Ratings 2014, 2025,
2026). While the existence of collateral still mitigates some of the risk for lenders, the
low recovery rates still leave a big role for informational asymmetries to affect expected
repayment.’

With respect to car sales, a customer has the option of buying a car with an upfront
payment, financing, leasing, or through rotating savings and credit associations (consor-
cios, see van Doornik et al. 2024). For used vehicles, the share of financing over total sales
was 21.8% in 2016 (B3 2020).

1Source: New York Fed Consumer Credit Panel/Equifax.

2Law 14.711/2023 allowed the repossession process not to require court approval, as in the United States,
with the potential to streamline the repossession process and increase collateral value. For the analysis of a
previous reform that improved repossession rates in Brazil, see Assung¢do, Benmelech, and Silva (2014).



3 Data

3.1 Data and summary statistics

Our main data source is the Credit Registry (SCR) of the Central Bank of Brazil, which
stores the universe of loans issued by Brazilian lenders. Our sample includes all used-car
loans to households originated from March to December 2016. We exclude from the sam-
ple loans for cars bought from individuals rather than firms. We observe loan outcomes,
including repayment and default, until 2024. This dataset also includes loan characteris-
tics, such as loan size, interest rate, loan term, and collateral (car) value, as well as bor-
rower income. It also includes a dealership identifier when the loan was intermediated.
Merging with data from the National Lien System (SNG), we can also observe car charac-
teristics, including make, model, year of manufacturing, average national price, and seller
ID. The network of lenders available at every dealership is also observed, given that such
intermediaries and their networks have to be registered with the Central Bank.

The main limitations are: 1) we do not observe all characteristics of the car sale, in-
cluding the down payment and extras. We impute the down payment as the difference
between the car value and the loan amount, but we do not observe if the payment was in
cash or with a trade-in; 2) we do not observe the rate schedule offered to borrowers, which
might include different rates depending on the choice of loan size and term, and poten-
tially requirements such as a minimum down payment. The structural model generates
this menu; 3) we cannot directly identify customers who shopped for a car loan but did
not get one. To account for this, we use total used-car sales as a proxy for market size.

The Credit Registry has historically been the main source of borrower information to
the lenders, given the absence of credit scores at private credit bureaus. Thus, we can
reconstruct the credit history accessed by the lender at the time of origination, which con-
tains, for each month, a snapshot with the number of loans, number of lender relation-
ships, and debt size for different time windows (e.g.: within the next 30/60/90 days) for
all loan types, including mortgages, credit cards, personal loans, and others.?

The second dataset is constructed from lenders” inquiries in the Credit Registry. For
2015 and 2016, we observe each credit inquiry, including borrower and lender identifiers,
and can merge those into the main dataset. Following Agarwal et al. (2024), we take an
inquiry as a measure of search, allowing us to observe how loan characteristics and default
vary with search intensity.

Inquiries should be interpreted as an imperfect measure of search, as some inquiries

3See Appendix A.3 for a description of this dataset.



may not be related to shopping for an auto loan. For example, many lenders submit in-
quiries monthly for all their clients to update risk models. We tackle this issue by con-
structing a measure of previous inquiries, defined in a window of more than 60 days before
loan origination. We also observe that some lenders do not submit inquiries directly, in-
stead routing them through partner institutions or using different data sources.

In addition, we merge the main dataset with auxiliary data sources: RAIS, an admin-
istrative dataset with information on wages, education, type of job, and employer charac-
teristics. This dataset covers the universe of salaried workers in Brazil, comprising 55% of
our sample. The remaining borrowers are either self-employed, unemployed, or informal
workers. A second dataset is from the Federal Revenue of Brazil, including borrowers” age
and address.

In Table 1 we can see summary statistics of our dataset after all merges.4 First, we see
that the average interest rate, 29.7% per year, is much higher than the average interbank
rate, of 13.0%.> We also observe that default rates, defined as a delinquency longer than 90
days, are high, averaging 12.6% over the loans’ term. Intermediation, when auto dealers
process the loan on behalf of lenders, is widespread in this market, accounting for 58%
of all loans. The remaining loans are those where the borrower goes directly to a lender.
Among intermediated loans, in 24.2% of cases the borrower had an existing bank account
with the lender, and in 36.7% it had a previous loan. Among non-intermediated loans,
these shares grow to 45.8% and 52.2%, showing that consumers value existing relation-
ships.

From the inquiries dataset, we can observe that the median borrower has 2 unique
lenders with inquiries in the 60 days before auto loan origination. Figure 1 shows the dis-
tribution: 90% of borrowers have inquiries from one to three lenders, and 2.5% from five
or more. Given that we observe network status for each lender who submitted inquiries,
we can measure that roughly half are submitted by lenders who are not in the dealers’ net-
work, and had to be reached by the borrower directly. As previously discussed, some of
these can be related to previous loans. For this reason, we also calculate a “baseline” num-
ber of inquiries, measured between 60 and 90 days before loan origination, and therefore
not related to the car acquisition.

For the estimation of the model, we need to define the total set of lenders available for
each borrower and covariates that might influence their probability of being in the true

consideration set or affect their costs. First, we define a market as a commuting region,

+For more details on sample selection and some variable definitions, see Appendix A.
>We use the future interbank rate evaluated at the relevant maturity for each loan. See more details on
the construction of rate in Appendix A.2.



Table 1: Summary statistics of used-car loans (March-December 2016)

Mean SD P25 P50 P75

Loan
Interest rate (% APR) 29.69 7.52 24.31 28.15 33.32
Future interbank rate (% APR) 12.97 058 1248 13.04 1332
Loan amount (BRL) 23,666 12,056 16,047 21,200 28,000
LTV (%) 6553 18.16 5332 67.69 7857
Loan term (months) 4259 10.09 36.00 48.00  48.00
Default (1 = yes) 0.13 0.33 0.00 0.00 0.00
Intermediated (1 = yes) 0.58 0.49 0.00 1.00 1.00
Dealer network size 4.80 2.28 4.00 5.00 6.00
No dealer network (1 = yes) 0.09 0.29 0.00 0.00 0.00
Car
Car value (BRL) 37,789 20,111 25,323 33,431 43,000
Car age (years) 457 2.73 3.00 4.00 6.00
Borrower
Monthly income (BRL) 5959 6319 2,600 4,000 6,700
Predicted default risk 0.13 0.10 0.05 0.10 0.18
# inquiries (unique lenders) 217 1.05 1.00 2.00 3.00
# inquiries, in network 1.05 0.82 0.00 1.00 2.00
# inquiries, out of network 1.12 1.01 0.00 1.00 2.00
# lenders in the market 11.97
Borrower—lender pairs
In dealer’s network (1 = yes) 0.37 0.48 0.00 0.00 1.00
Recent inquiry (1 = yes) 0.14 0.35 0.00 0.00 0.00
Banking relationship (1 = yes) 0.20 0.40 0.00 0.00 0.00
# previous loans 0.98 411 0.00 0.00 0.00
# previous car loans 0.10 0.38 0.00 0.00 0.00
Observations
Loans 249,147
Borrower-lender pairs 2,982,591

Notes: Default: delinquency longer than 90 days over the life of the loan; within 12 months: the same event in the
first 12 months after origination. Arrears: delinquency longer than 15 days. Inquiries: distinct lenders consulting the
borrower’s record in the 60 days before origination. Network size is zero when the seller could not be matched to an
intermediary registered with the Central Bank.

and select only those that have more than 300 auto loans during the sample period, which
results in 130 total markets.® For each market, we keep all lenders who issued more than
20 auto loans, and had a market share larger than 0.5%, covering more than 95% of total
loans. On average, that gives 12 different lenders available per market. Among those,
consumers had a previous banking relationship with 20%, a credit relationship with 17%,

and 14% recorded an inquiry in the last 60 days before loan origination.

®There are 510 commuting regions (regido imediata) defined by the Brazilian Institute of Geography and
Statistics (IBGE).
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Figure 1: Distribution of the number of inquiries
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Notes: Lenders with an inquiry in the borrower’s record in the 60 days before origination, top-coded at six. Shares from
the data moments used in the demand estimation (Appendix D.4).

3.2 Asymmetric information

Asymmetric information in this context can be due to adverse selection or moral hazard.
Adverse selection can be described as a setting where borrowers have private information
over their risk, and riskier types borrow more. Adverse selection might coexist with moral
hazard, defined in this context as the causal effect of loan size on repayment. The distinc-
tion is important, given that the policy recommendations for each are different, with credit
scoring mitigating adverse selection and better repayment incentives being used to curb
moral hazard (Adams, Einav, and Levin 2009).

Testing for the existence of asymmetric information is not straightforward in credit
markets. Fixing contract characteristics, a test in the spirit of Chiappori and Salanié (2000)
would compare ex-post outcomes between customers who take a loan and those who do
not. In the presence of either adverse selection or moral hazard, we would expect cus-
tomers who take a loan to be riskier. Such a test is not possible in our setting, given that
we do not observe customers who choose not to borrow. Also, default is only defined for
borrowers, such that we would need exogenous variation or parametric assumptions to
compute counterfactual default rates for consumers who did not take a loan.”

The alternative is to use the intensive margin of borrowing: conditional on taking a
loan, riskier customers borrow more than less risky ones. In auto loans, taking the car
choice as exogenous, this would translate to riskier types choosing larger loan-to-values
(LTV) (Adams, Einav, and Levin 2009). Econometrically, we want to test if consumers

"For example, Crawford, Pavanini, and Schivardi (2018) assume a Heckman selection model in their
extensive margin test.
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Table 2: Boosted trees fit measures

Statistic Baseline Extended Full
Default

Brier score 0.101 0.097 0.096

ROC AUC 0.729 0.763 0.779
LTV (%)

R-squared 0.516

RMSE 12.640
Interest rate (%)

R-squared 0.729 0.762

RMSE 3.920 3.680

Notes: Out-of-fold fit: predictions are cross-fitted on five folds, with hyperparameters tuned by nested resampling. Base-
line: pre-existing covariates only (income, sex, age, race, market, education, occupation, industry, job tenure, hours
worked, credit history). Extended: baseline plus car value, brand, model, manufacturing and model year, loan term,
lender and dealer identity. Full: extended plus the chosen LTV.

who choose higher LTVs (or, equivalently, smaller down payments) are more likely to
default, after controlling for characteristics that affect pricing. Our basic specification for

the asymmetric information test estimates two equations:

LTV = f(XE, XV, XC, XCH, XB) + ¢

(1)
default = g(XE, XV, XC, XCH XB) 4 1,

where XL denotes loan characteristics, including number of installments, cohort, dealer
ID; XV includes vehicle characteristics, including car brand, model, trim, year, and value;
XC€ includes customer characteristics, including income, region, and demographics; XCH
includes the borrower’s credit historyB, and X8 includes lender ID, conglomerate ID, and
a dummy indicating a previous relationship between lender and borrowers. We adopt
boosted trees, using the LightGBM algorithm, to approximate f (-) and g(+), and calculate
cor (g, 1), using the standard double/debiased ML approach (Chernozhukov et al. 2018).
Table 2 contains measures of fit for each model, which were fitted using cross-validation
on 5 folds, with nested resampling for hyperparameter tuning. The correlations were cal-
culated considering the “extended” specification.

Correlation results are available in Table 3. The correlation is positive and statistically
significant: an increase of a standard deviation in the residual LTV is associated with an in-
crease of 0.100 standard deviation in the residual default risk. This correlation is relatively
high compared to the literature: in Crawford, Pavanini, and Schivardi (2018) the compa-
rable estimate is 0.03, and in Einav, Jenkins, and Levin (2012) it is 0.02. Alternatively, we
can measure that an increase in LTV of 10 p.p. increases the probability of default by 2.46

8See Appendix A.3 for more details on the available variables

12



Table 3: Correlation test results

N  Correlation  Default (pp) per 10 pp of LTV

All loans 249,147  0.100 (0.002) 2.46 (0.09)
Relationship
Existing 110,731  0.090 (0.003) 2.03 (0.08)
New 138,416  0.108 (0.002) 2.83 (0.12)
Intermediation
Intermediated 144,500 0.100 (0.002) 2.49 (0.13)
Not intermediated 104,647  0.100 (0.003) 2.41 (0.08)
Lender type
Captive 23,049  0.096 (0.006) 1.77 (0.13)
Non-captive 226,098 0.101 (0.002) 2.56 (0.09)
Baseline risk quartile
Q1 62,287  0.082 (0.004) 0.98 (0.04)
Q2 62,287  0.104 (0.004) 2.16 (0.09)
Q3 62,287  0.107 (0.004) 2.97 (0.13)
Q4 62,286  0.122 (0.004) 4.48 (0.15)

Notes: Correlation of the LTV and default residuals (extended specification), with influence-function standard errors.
Slope: OLS of the default residual on the LTV residual, per 10 pp of LTV, standard errors clustered by region.

p-p- Considering an average default of 12.6%, this accounts for a 20% increase. In Figure 2
we can see that this effect is widespread over residual LTV. On Appendix B.1 we show
that the association between loan size and default is robust to unobserved heterogeneity:
controlling for the loan’s interest rate, the results are similar.

The estimates are robust to excluding customers with an existing relationship with
lenders, defined as having a loan or account with the lender at least one year before the
auto loan: for customers that are new to the lender, the correlation is slightly higher, of
0.108. There is no difference in the correlation by intermediation status. We also do not
observe a significant difference when comparing loans originated by captive lenders to
non-captive lenders. Finally, as a sanity check for our results, we can see that the corre-
lation is increasing in baseline risk, which is calculated using only preexisting borrower
characteristics (as in a FICO score). That is, unobservable risk is increasing in observable
risk.

We note that the correlation results are consistent with different selection models. Our
specification, which aligns with the structural model, assumes that consumers choose the
LTV ratio, while holding car choice fixed. An alternative story is that consumers instead
choose which car to buy. For example, borrowers have some amount of cash available, and
riskier borrowers would self-select into more expensive cars in comparison to less risky
borrowers, holding cash availability constant. This alternative model leads to the same
estimation procedure, as the car choice is observable by the lender, and riskier borrowers
would still be associated with higher LTVs.
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Figure 2: Residual default and residual LTV
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Notes: Twenty quantile bins of the LTV residual: bin means and 95% confidence intervals. Dashed line: linear slope of
the default residual on the LTV residual.

One concern with the correlation test is that it does not allow us to disentangle ad-
verse selection from moral hazard, as both produce the same positive correlation between
loan size and default. To test which mechanism exists in the data, we need exogenous
variation that affects loan size but is orthogonal to borrowers’ private information. Our
main instrument is the change in the number of lenders available at car dealers, which we
call the network size. The assumption is that, conditional on dealer identity, changes in
network are exogenous to consumers’ private information on risk, and that it affects how
much consumers borrow. Given that the effects scale with loan term, we add it interacted
with the instrument.

In an alternative specification, we use average vehicle prices for the same model and
year of manufacturing in other states. Its relevance is through how it affects the value of the
car as a collateral for lenders, who can sell in the national market. The exclusion restriction
is that the value of the car in other states does not affect how consumers repay the loan,
conditional on market controls. We interact the instrument with borrower income (in log)
to account for the fact that collateral value for the lender might differ depending on the
borrowers’ assets, proxied by income.

Results are in Table 4. The first column shows the correlation between default and LTV
that we had already shown using the DML approach, here with OLS. In the other columns,
we show the results using instrumental variables. Both instruments are relevant, as shown
by the high F-statistic of the first stages (see Appendix B.2 for the first stage regression
and the reduced-form estimation). The 2SLS estimates for the effect of LTV on default are
slightly negative and not statistically significant at a 5% level. That is, we are unable to

reject that the causal effect of loan size on default is zero. The confidence interval implies
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Table 4: Adverse selection or moral hazard? Default on loan-to-value

LTV instrumented

OLS IV: network IV: Hausman IV: both

LTV (pp) 0.228*** —0.080 —0.089 —0.085*
(0.009) (0.055) (0.082) (0.048)
Observations 249,130 249,130 249,130 249,130
Mean default (share) 0.126 0.126 0.126 0.126
First-stage F 570.6 952.9 766.4
Sargan 0.086 0.087 0.181
Anderson—-Rubin F 0.75 1.50 1.12

Notes: Dependent variable: default (pp). Network instruments: dealer network size and its interaction with log term.
Hausman instruments: the average price of the same car in other states and its interaction with log income. Anderson—
Rubin F: joint test that the instruments have no effect in the reduced form of default. The OLS column also controls
for the interest rate. Controls: income, future interbank rate, DTI, car value, car spread, loan term, predicted risk,
average monthly inquiries. Fixed effects: region, month, car age, model, brand, RAIS, occupation, seller, inquiry history.
Standard errors clustered by region. *p < 0.1, *p < 0.05, **p < 0.01.

that any positive effect, if one exists, is economically very small. We therefore find no
evidence of moral hazard in this market, although we cannot rule out small effects: at the
upper end of the 95% confidence interval, moral hazard would account for at most 12% of
the OLS correlation in the specification with network size as instrument, and only 4% with
both instruments. For this reason, our model assumes that adverse selection accounts for
the entire residual correlation between loan size and default. These results are robust to
adding the interest rate as a separate endogenous covariate. For more details, see Table B2
in Section B.2.

3.3 Search costs

Search costs are widespread in many markets, and have been extensively studied both
theoretically and empirically. Search frictions are particularly relevant in a market with
personalized pricing, given that consumers have to actively seek quotes from the lenders.
In most settings it is not easy to measure such inefficiencies because search is not observed.
We can leverage our dataset with inquiries to directly measure whether consumers with
inquiries from more lenders obtain better terms.

One challenge is that not all inquiries are related to search for a car loan. For example,
some inquiries might be related to previous loans, or to the lender’s regular monitoring of
their customers’ credit history. Also, some inquiries might be related to search for other
types of loans, such as mortgages or credit cards. To account for ongoing relationships,
we calculate a “baseline” number of inquiries, measured between 60 and 90 days before

loan origination, as well as the median number of inquiries in the 12 months prior to the
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auto loan, and include both as fixed effects. As for simultaneous search for other loans,
we treat it as random measurement error, so our estimates may suffer from the usual bias.

Denoting the number of total inquiries as N, we run the following regression:

Yi = Z Bnl{N; = n} + Xiy + ¢
n=2
In outcomes y; we include the interest rate, LTV, and default. In controls we include all the
covariates described in the previous section, including loan characteristics, vehicle char-
acteristics, consumer characteristics, and credit history, as well as month, dealership and
baseline inquiries fixed effects. The coefficient of interest is ,,, which captures the corre-
lation between search intensity and outcomes.

Results are available in Figure 3, where the baseline group are consumers with only
one inquiry. The left-hand panel presents the results for the full sample and shows that
search intensity is positively correlated with interest rates and default, similarly to the
finding in Agarwal et al. (2024). We share their interpretation that this behavior is driven
by selection of riskier types into search. While LTV is also increasing in search, we show
in Appendix B.3 that the correlation with rates and default is not coming only from this
channel, which we can show by controlling for LTV in the specifications with rate and
default as outcomes.

Following the analysis in Agarwal et al. (2024), we run a separate set of regressions
by splitting the sample into observably low-risk and high-risk consumers. Observable
risk is estimated based on predetermined covariates, including demographics and credit
history, from the baseline specification of the machine learning model from Section 3.2.
The specification is

yi= ) BAUN;=n}+ X718 +¢, i€g g€ {low risk high risk)

n>2

The positive correlation is driven by observably high-risk consumers, and is essentially
zero for low-risk consumers in terms of rate and much weaker for default. We take this as
evidence that search incentives are increasing in risk, both observable and non-observable.
While Agarwal et al. (2024) interpret this incentive as “searching for approval”, we inter-

pret it as coming from endogenous reservation rates.

4 Model

The model follows this timeline:
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Figure 3: Interest rates, loan-to-value and default by number of inquiries (OLS)
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Notes: Coefficients on inquiry dummies relative to one inquiry, with 95% confidence intervals; standard errors clustered
by seller. Observable risk: above or below the median of predicted baseline risk, from boosted trees on pre-existing
borrower characteristics only; separate regressions by group. Seven or more inquiries not shown.

0. Consumers exogenously choose:

e Auto dealership, endowed with a network of lenders M,; for whom it can inter-
mediate loans

o Car, with fixed price V

e Loan duration T, in months

1. Consumers draw a private taste for loan size v; and their private search cost «; for
each unit of effort, and, taking expectations over the interest rate for each option,

they choose:

e Continuous search efforts € R*
e Loansize L € [0,V]
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Figure 4: Model timeline
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2. A Poisson process maps (s, M) into a consideration set Ji

3. Lenders in the consumer’s consideration set [; draw costs ¢;; and offer rates R;;(L),
competing in an English auction

4. Consumers observe the outcome of the auction and choose whether to take the loan
at rate R* (L) or the outside option U,

5. Borrowers default or not

Figure 4 illustrates this timeline.

4.1 Default

Default is a binary outcome that reflects consumers’ observed risk, their private informa-
tion, and an idiosyncratic shock. We assume that consumers who do not default repay the
loan in full, including principal and interest. Consumers who default might repay part of
the loan. Formally, default is defined as

D;=1( XPpP + 9¥logv; + €P  >0). (2)

- ° ¢ L
Observed  Private information  Idiosyncratic

Adverse selection enters the model through a positive 4, which reflects the correlation
of taste for loan size and risk. Covariates XP are borrower characteristics that can affect
default, including demographic information and credit history. They are observed by bor-
rower and lenders. Idiosyncratic shock P reflects uncertainty over repayment that is not

accounted for by the previous terms.
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Repayment expectations depend on the probability of default and the expectation over
loss given default (LGD), which we denote by the function P,(XiD ) and assume does not
depend on borrowers’ private information. For borrowers, who observe both covariates
XP and private information v;, repayment uncertainty derives only from idiosyncratic
shock €P. Lenders do not observe v;, but are able to take into account selection effects by
conditioning on loan size L and consumer acceptance of their quote. If 4% = 0, borrowers
and lenders share their repayment expectations. Mathematically, we denote repayment

expectations for borrowers, B (-) and lenders, 7L (-) as

B0, XP) =1 -UXP)Pr(D; =11 XP,v;)
b (L, XP) =1 - 4(XP)Pr(D; = 1| XP, L, origination).

For conciseness, we use only 775 and 7" to denote the repayment expectations.

4.2 Loan acceptance

After observing the auction outcome, consumers can accept or reject the loan. They do so
by comparing the utility they get from the loan, with amount L and rate R(L), with the
utility of the outside option U,. Loan size was chosen in a previous stage, and is fixed

here. The utility from a loan is given by

u;(L,R) = ;L — nBRL —wPr(D=1]|v,)L (4)
Taste fo?ldoan size  Expected repayment Default cost

It depends on the taste for loan size, which is consumer-specific through v;. Consumers
discount the utility by their repayment expectations, which depend on total charges, R - L,
and their assessment over how likely they are to repay it, 775. Consumers also have a
default cost, w, which is common for all borrowers and accounts for the non-financial
costs of defaulting, which includes the probability of losing the car and lower access to
future credit. We calibrate w at 0.03, three cents per BRL borrowed, rather than estimating
it.

Optimally, consumers will have a threshold rule, such that they only accept loans with

a rate lower than their reservation rate p;:

vi—wPr(Dzllvi)—%

B (5)

pi(L) =

9p;

Under v; > w, we can show that ==

> (: consumers with a higher taste for loan size
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will also have higher reservation rates. Under adverse selection, consumers with high
v; are also riskier (more likely to default), such that riskier borrowers will have higher
reservation rates.

The reservation rate in equation (5) allows us to rewrite the utility for a loan (L, R) as
u;(L,R) — Uy = PL (o;(L) — R) (6)
4.3 Rate determination (supply)
Lender j’s expected profits for a loan to consumer i as a function of rates are given by

]E[Hl]] :nlL(L)XRXL—(l'i‘CZ])XL, CZ]NP]C (7)

Expected revenue Cost of funds

Revenue depends not only on principal and interest, but on the likelihood of repayment,
denoted by 7F. The marginal cost of lending ¢;j is a random draw from distribution F].C.
We interpret this random cost as a match value, as in Allen, Clark, and Houde (2019)
and Cuesta and Septulveda (2021). This match value can be due to the perceived value of
establishing a relationship and the opportunities for cross-selling products.

We assume that lenders compete in rates as in an English auction, including all lenders
in the borrower’s consideration set Ji. We assume that lenders observe consumers’ loan
size choice L, but not their search decision.” We also assume that lenders have the same
information about consumers, such that their bids reflect only the idiosyncratic cost draw,
ruling out a common-value component.

In an English auction equilibrium under private values, lenders bid the rate at which
they break even:

J (8)

There are three potential outcomes: 1) when at least two lenders bid below the reservation

rate, the runner-up’s bid sets the transaction rate; 2) when only one does, the transaction

9Lenders in Brazil do not observe any information on consumer search behavior through the Central
Bank’s Credit Registry, in contrast with credit scores elsewhere, which flag when the consumer is shopping
through the submission of “hard inquiries”.
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rate equals the reservation rate; 3) when none does, no loan is issued. Formally,

Rj(zy if RJ(Z) < p; (competitive)
R*(L) = {p; if Ryq) < p; <Ry, (reservation rate binds) 9)
0, if Ry >p;  (notrade)

Under adverse selection, riskier borrowers prefer larger loans. Lenders take the selection
into account in their repayment expectations 7-, which are then decreasing in loan size L.

In equilibrium, rates take the form of a non-linear schedule depending on L.

4.4 Loan size and search

In this stage, consumers optimally choose a loan size L € [0, V] and a continuous search
effort s > 0 to maximize their utility, taking expectations over the rate distribution. Using
equation (6) and using the fact that consumers will optimally accept/reject loans in the

later stage, we can rewrite the expected utility from a loan of size L and search effort s as

B (L) — RH*] = «:
LE[(I)?&]),(SZO 7L Eg+[(0;(L) = R*)™] — x;s. (10)

Consumers’ utility from a loan depends on the difference between their reservation rate
and the rate they get in the auction, scaled by loan size L and repayment expectations 7t5.
Consumers also incur a search cost x; for each unit of search effort. The loan size choice
depends on the trade-off between the marginal gain from an additional unit borrowed and
its cost, given a rate menu that is increasing in L.

In terms of search, consumers choose their search effort s optimally considering the
search cost k¥ and the improvement in the rate distribution coming from search. They also
take into account that they can have free quotes available at the car dealer, which depend
on the number of lenders available. Assuming lender symmetry for simplicity, the map

from search effort s into a number of quotes N follows a Poisson process
N ~ Poisson(A), A =AM, +s, (11)

where parameter A identifies the arrival rate of lenders in the dealer network, while the
arrival rate of own search is normalized to 1. The benefit from search comes from increas-
ing the number of lenders into the consideration set, which improves the expected rate
distribution. On the other hand, consumers have to pay a search cost for increased effort.

The free quotes provided at the dealers allow consumers to decrease their search effort.
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Borrowers always have the option not to search, s = 0. If M; > 0, they can still get a loan.
If M; = 0, they do not borrow and get the outside option, with utility U,. Even if they
search, there is a chance, given by the Poisson process, of getting no quotes, in which case
they also get U,.

In Appendix C.1, we present the first-order conditions for both L and s. In Appendix
C.2, we cover the search technology and the first-order conditions when lenders are asym-
metric.

The key mechanism in the model to reproduce the positive correlation between search
and default in Figure 3 is given by equation (10). First, note that a quote that merely en-
ables trade, R = p;(L), doesn’t gain any utility over the outside option. In particular, given
our supply-side conduct assumption, getting a single quote doesn’t generate any consumer
surplus. So there is no search incentive simply to get a loan, in contrast to Agarwal et al.
(2024). Here, search incentives come from getting a quote that is below the borrower’s
reservation rate p;. Ceteris paribus, consumers with a high reservation rate are the ones
that gain the most from an additional quote. Given that p; is increasing in v;, and v; is
positively correlated with risk (adverse selection), riskier consumers benefit more from
an extra quote. This is a mechanism through which the model can generate the pattern
in Figure 3 for the full sample. The same reasoning works for observed heterogeneity in
risk, as observably riskier consumers will also have a high p; due to the lower probability
of repayment 7% in equation (5).

We can get more intuition about this mechanism in Figure 5, where we plot the trans-
action rate distributions for 2 and 3 symmetric lenders in the consideration set. High-risk
consumers have a high reservation rate py,;,, and get a sizable benefit from adding a third
quote, measured by the area between the two curves, whereas low-risk borrowers get a

much smaller benefit, given their low reservation pj,,.

4.5 Equilibrium

An equilibrium in this model is defined as:

e Consumers form expectations over rates and optimally choose s* and L*, given pri-
vate info v; and «;, car value V;, network size M

e Lenders form expectations over repayment conditional on L and acceptance, given
cost draws

e Lenders bid optimally in the English auction

e Consumers observe rates and optimally choose to accept/reject

e Consumers’ rate expectations are consistent with how lenders set rates
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Figure 5: The value of an additional quote increases with the reservation rate
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e Lenders’ repayment expectations are consistent with how consumers self-select into
L

In Appendix C.3, we present lenders’ repayment posteriors. We present the formal
definition of the equilibrium in Appendix C.4.

We want to stress some features of the model. First, with a utility linear in loan size, if
the rate menu were flat, all consumers would choose a corner solution, either not borrow-
ing or borrowing the maximum amount available, a 100% LTV (Section C.1). In equilib-
rium, however, this doesn’t happen, as lenders expect that high-risk borrowers will prefer
larger loans, and their break-even bids form a nonlinear rate schedule increasing in loan
size (8). It’s this nonlinear menu that makes interior solutions available. The result is that
low-risk consumers will distort their choice to signal their type, as in Bester (1985), while
the highest-risk types will be unconstrained.!”

Lenders” expectations at each loan size are consistent with the borrowers who choose
it, as in Azevedo and Gottlieb (2017), but rates are set by an auction among the lenders in
the consideration set, and therefore include a markup.

While in principle we could obtain a fully separating equilibrium, that will not neces-
sarily happen. First, because there will be pooling at the top corner, among riskier borrow-

0This self-rationing is also similar to Guerrieri, Shimer, and Wright (2010), where good types accept
worse trade probabilities to signal their type.
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ers who choose the maximum LTV. Second, because borrowers differ also in search costs:
consumers with low search cost will have access to more quotes and can borrow more than
high-search-cost consumers. In our results in Section 6, we show that the redistributive
effects of pooling are small, as the choice of loan size reveals much of borrowers” private
information. The big cost of adverse selection comes instead from the signaling cost, as
low-risk types have to borrow less than they would like under perfect information.

Importantly, the inefficiency caused by the signaling cost is amplified by search costs.
Because search incentives grow with the amount borrowed, consumers who borrow less
also search less, increasing market power and rates. In the counterfactuals, we compute
how much market outcomes would change if types were observed, and decompose how
much of the effect comes from loan size and search incentives.

5 Econometric model

The primitives of interest in the model are: 1) the distribution of consumer types, includ-
ing the taste for loan size v; and search costs x;; 2) the default parameters B° and the
adverse selection parameter ?; 3) the arrival rate of dealers” network lenders, A; 4) the
outside option Uy, in monetary value; 5) the non-financial cost of default, w; 6) the cost
distributions F].C, Vj € J. In this section, we discuss the parametric assumptions we make
to solve the model and how we allow for covariates.

5.1 Model specification

We assume that the taste for loan size v; and the search costs «; are jointly lognormal:

2
(logv> ~ N((””), ( 7 pm";‘“)) = N(p, %), (12)
log x M) \Pox0o0i O

In the estimation we set p,, , = 0, so search costs are independent of the taste for loan size.
The idiosyncratic default shock is el ~ N(0,1), with €P 1 (v, x), so search costs are also
unrelated to default risk. This multivariate normal specification allows us to have cleaner
expressions for the lenders’ beliefs, as in Adams, Einav, and Levin (2009). We do not
let the parameters of the type distribution depend on covariates. Observed heterogeneity
enters through the primitives of each borrower’s problem: the car value, the loan term, the
default index XP’BP, the lenders’ costs and recovery, and the size of the dealer’s network.

We solve the model separately for groups of observably similar borrowers (Section 5).
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On the supply side, we assume that the distribution of lenders’ costs F]C is a Gumbel-
min distribution, as in Allen, Clark, and Houde (2019) and Cuesta and Septlveda (2021),
with location and scale parameters d- and o.. We allow the location parameter to de-
pend on lender fixed effects, the future interbank rate, the loan term, the car’s value and
age, state fixed effects, and three measures of relationship: a previous bank account, the
number of previous loans, and the number of previous auto loans. The scale parameter is

constant across lenders.

5.2 Estimation and identification

For identification, we assume that vehicle, vehicle price, loan term, dealer, and dealers’
network of lenders are exogenous. We assume that we have the same information set as
the lenders (i.e., no unobserved heterogeneity), such that we can separately identify and
estimate demand and supply. While the assumption might look strong, we rely on the
fact that we reconstruct the information from the credit registry that was available to the
lenders at the time of origination. We estimate the supply side first in a two-step proce-
dure: first, we estimate repayment directly from the data, then we estimate the cost distri-
bution using maximum likelihood. The rate distribution computed from these inputs is
used to compute the gains from search: in expectation, by how much an additional quote
reduces the expected repayment. This is the key ingredient we use to estimate demand,
which we estimate with GMM targeting loan size, inquiries, rate, and default-related mo-
ments. The rest of this section describes the estimation procedure and how each parameter
is identified.

5.2.1 Supply

Estimation of the supply side takes the distribution of borrowers as given, such that we can
estimate expected repayment directly from the data.!! The first step is to estimate lenders’
repayment beliefs from equation (3).

We proceed in two parts: we first estimate a probit model of default on loan size and

other covariates.!? This probit model is similar to the more flexible machine learning

Note that we do not need to assume at this stage whether a positive correlation between loan size and
default comes from moral hazard or adverse selection, as from the lenders’ point of view the relevant con-
sequence is a lower probability of repayment.

2A fully consistent specification would also condition lenders’ beliefs on the rate, as higher rates are
accepted by a riskier pool of borrowers. We abstract from this effect, as it greatly complicates solving the
model. Its magnitude is small: in the baseline equilibrium, lenders” expected profits, computed with beliefs
that condition only on loan size, exceed the profits realized at borrowers’” own default probabilities by 0.4%.
While the gap is larger when we allow for more pooling, it reaches only 2.6% when lenders cannot condition
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model in Section 3.2. Here we need extra structure, given that we use this model to extrap-
olate for each borrower the probability of default for different choices of loan size, ruling
out a more flexible ML-estimation.!> We then use the model estimates to predict for each
borrower their probability of default given choice of loan size. Then, conditioning on de-
fault, we estimate the repayment as a fraction of principal and interest using a fractional
logit model. We assume that only preexisting covariates, vehicle price, and loan term enter
the LGD, not loan size. For details on the estimation of the probit and the fractional logit,
see Appendix D.1. We then use the estimates to predict expected repayment given default
for all consumers, under the assumption that, conditional on these covariates, repayment
under default is independent of any private information held by consumers.

With these ingredients, we can rewrite the competitive supply equilibrium as

AL R = 1+cli, (13)
where 7F(L) = 1 — 8(XP) Pr(DIXP, L) estimated from the probit and the fractional logit
models for default and LGD, and R} being the transaction rate. In this setting, with an
observed set of bidders J;, we could identify the cost distributions F]C non-parametrically
with the identity of the winner (Athey and Haile 2002; Komarova 2013). Instead, we
follow the parametrization with a Gumbel-min distribution and estimate the supply with
maximum likelihood.

Identification in our context is harder, given that the reservation rate can also determine
the transaction rate when only one lender clears it, and it is unobserved by the econome-
trician. Instead, we rely on exclusion restrictions coming from our model: covariates such
as a previous relationship with a lender do not enter the consumers’ taste for loan size,
but they affect the cost structure.

One key aspect of our data is the identity of the lenders who submitted an inquiry for
each borrower, which allows us to proxy the actual consideration set. In practice, however,
inquiries do not perfectly predict the bidders, as some may reflect shopping for other loans
or existing relationships, as discussed in Section 3.3. We also identify some lenders that do
not submit inquiries for loans they originated, such that an undercount is also possible. To
account for this, we construct a measure of inquiry filing fraction conditional on winning
per lender, and add this fraction to the likelihood, allowing it to adjust for a potential bias

coming from conditioning on winning. See Appendix D.2 for more details and for the

on loan size.

13While we could use predictions from the machine learning model, such extrapolations are known to
suffer from regularization bias. An alternative would be to use an orthogonalization approach, as in Cher-
nozhukov et al. (2018). However, we are not aware of an orthogonal procedure for a probit model, given
the need for probabilities bounded in [0, 1], which rule out a partially linear model.
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likelihood.

5.2.2 Demand

The demand model yields an optimal choice of loan size and search effort for each con-
sumer type (v;, k;). Integrating over the type distribution and over the Poisson search
process, we obtain a distribution of loan sizes, quotes, and default that we compare with
the data using GMM. In principle, we would need to calculate this distribution conditional
on the observed heterogeneity, which includes observed risk covariates X? and all covari-
ates that affect demand parameters, such as income. To decrease the dimensionality of the
state space, we use a k-means clustering algorithm to classify loans into K similar groups,
and we solve the model separately for each group k, assuming homogeneity within group.
For more details, see Appendix D.3.

In the demand model, we first assume that the asymmetric information is caused solely
by adverse selection. That is, we assume no causal effect of loan size on default, consistent
with our reduced-form finding in Section 3.2. The usual problem in this literature of de-
composing asymmetric information between adverse selection and moral hazard is then
innocuous, and the positive effect we observe of loan size on default directly drives the
identification of parameter " in equation (2).

The identification of the search costs comes from the dispersion in rates estimated in
the supply side. More dispersion makes search more attractive, as each additional quote
can significantly lower the transaction rate. Inquiry counts directly measure how much
consumers are searching, and therefore how much they are “leaving on the table” by not
searching in an extra lender, identifying the location of the search costs x. Because the
Poisson process ties the variance of the number of quotes to its mean, any dispersion in
inquiries beyond what equal search effort would generate must come from heterogeneity
in effort, and therefore in search costs: ¢, is identified from the excess variance of inquiries
relative to the Poisson benchmark.

The distinction between borrower and dealer-initiated search comes from the fraction
of loans that were intermediated. If the arrival rate of in-network lenders were higher,
consumers would take that into consideration and search less, increasing the fraction of
intermediated loans. We also observe that in 9% of the loans in the sample the dealer had
no network.

The mean and dispersion of the taste for loan size, y,, and ¢, are identified from the
loan size distribution. The utility of the outside option U, depends on the fraction of con-
sumers who choose to borrow. Unfortunately, lender inquiries do not contain information

on whether consumers were looking for an auto loan, such that we do not have microdata

27



on applications and rejections. Instead, we target the share of used-car sales that were
financed.
For a full description of the moments and the weighting matrix, see Appendix D 4.

5.2.3 Model discussion

A major obstacle to empirically studying markets with personalized pricing is that the
econometrician usually does not observe all quotes available to the borrower, only the
chosen contract. Our strategy is to set a supply-side restriction, assuming that lenders
compete as in an English auction, and leveraging it to identify the lenders’ cost distribu-
tion, as in Allen, Clark, and Houde (2019) and Cuesta and Septlveda (2021). The En-
glish auction assumption is mostly for tractability: a first-price auction, as in Salz (2022),
would have similar outcomes, but it is much more complicated to solve its equilibrium
under asymmetric lenders. Another alternative that relies on supply-side restrictions is
given by D’'Haultfceuille, Durrmeyer, and Février (2019), but their approach focuses on
rate discrimination based on observable characteristics, which is less suited for our anal-
ysis. One alternative that has been used in credit markets is to use instead the usual dif-
ferentiated products framework of Berry, Levinsohn, and Pakes (1995) and impute the
missing rates, as in Crawford, Pavanini, and Schivardi (2018) and Brugués and De Si-
mone (2024). However, there is significant residual dispersion in rates after controlling
for the available covariates, despite the richness of our controls and the flexible estimation,
as shown in Table 2. Therefore, we think this approach is not well-suited for our applica-
tion. A different approach is given by Cosconati et al. (forthcoming), who design an outer
fixed point that accounts for the missing rates and can be used within the differentiated
products framework, but their approach was less tractable in our setting.

One important assumption is that lenders have symmetric information over borrowers’
risk, and the information is common knowledge. This might not be the case if: 1) lenders
have a private signal over each consumer’s probability of default, in a common-values set-
ting; 2) some lenders are differently informed about borrowers’ risk. The second concern
is easier to deal with, as long as the heterogeneity is common knowledge: we could simply
add lender fixed effects in step 1 of the supply estimation, and solve the English auction
equilibrium accounting for heterogeneous default beliefs, but we found the differences to
be small. About the common-values setting, we believe that vehicle and loan size choices
reveal enough of the borrowers’ private information to make lenders” private signals sec-
ond order. This would not be the case for uncollateralized loans in Brazil, for example, in
which borrowers reveal much less information prior to origination.

A major difference from Agarwal et al. (2024) and theoretical papers on asymmetric
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information is the absence of credit rationing and rejections. One difference is institu-
tional: there are no rate ceilings in Brazil, such that even extremely risky consumers can
still be profitable for lenders at very high rates. The absence of even informal ceilings is
exemplified by rates that can exceed even 10% per month in uncollateralized loans. But, as
in Stiglitz and Weiss (1981), even without rate ceilings there are settings where increases
in rate can unravel the market. However, in our reduced-form estimates the direct effect
of rate and loan size on default was too small to bend the revenue curve backward and
generate endogenous rationing, and for this reason we shut down this channel for the
estimation.

We also assume that search is not observed by the lenders, and therefore cannot be
used to price the consumers’ risk. We rely on the fact that the inquiry count was not
available to the lenders through the credit registry. Nevertheless, we can imagine that
out-of-network lenders could condition on the fact that consumers that reach out to them
are unobservably riskier, as they have more incentives to search. This would create some
heterogeneity in lenders’ risk beliefs that, under common knowledge, could be added to
our framework in future extensions.

More broadly, we can think that the borrowers’ choices of car and dealer might also
be indicative of their type, and our model takes those as exogenous. We believe that for
the estimation this is the correct approach, as we should condition on the information set
of the lenders. To the extent that adverse selection might be affecting also vehicle choice,
such as with unobservably riskier borrowers choosing more expensive cars they do not
expect to repay, we would be underestimating the degree of adverse selection. But given
that this choice is observed by lenders, we do not expect it to affect our measurement of
adverse selection conditional on observables, as we discussed for the correlation test. Ve-
hicle choice might be relevant for the counterfactuals, though, as policy changes affecting
access to credit might make consumers choose to buy a different car. We interpret our
results with this concern in mind.

Regarding intermediation, there is a large literature showing that the benefits pro-
vided to consumers might not overcome misaligned incentives. In the case of auto loans,
Grunewald et al. (2023) show that dealers might gather soft information on consumers to
offer them more expensive credit, in exchange for kickbacks from lenders. Unfortunately,
we do not have data on dealer compensation, and we did not find any direct evidence of
such behavior in our context. For this reason, we do not directly add any costs of interme-
diation in our model. Nevertheless, our model allows for steering behavior, and we can
compare the cost distribution of in-network and out-of-network lenders. As we show in

our results, in-network lenders have lower costs on average, so dealers benefit consumers
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in our setting.

Regarding search, one alternative framework would be a sequential search approach,
asin Agarwal etal. (2024). We chose to model search as simultaneous mostly for tractabil-
ity of the supply side. Sequential search would require solving a monopoly problem in-
stead of an auction, breaking the identification of the cost distribution, as previously dis-
cussed. Nevertheless, we believe that both search models would bring the same incentive
for consumers: in simultaneous search riskier types choose a higher search effort ex-ante,
and get more quotes. In sequential search, riskier types would have lower acceptance
thresholds and would search for longer before accepting an offer, generating the same
predictions. In terms of functional form, we chose to add a Poisson process instead of a
direct choice of the number of quotes. If lenders were symmetric, allowing borrowers to
choose the number of quotes would be preferable, as in Salz (2022). However, if lenders
are asymmetric their identity would matter, and the choice would be over the considera-
tion set. This would greatly increase the choice set, which would grow to 2! in the modal
market, making it computationally infeasible. The Poisson-binomial process allows us to
have random consideration sets in a tractable way, allowing lenders to be drawn at differ-

ent rates depending on network status.

6 Results

6.1 Repayment estimates

The first step to estimate supply is to estimate repayment beliefs. The results from a probit
model of default on LTV and other covariates are in the first column of Table 5. Consistent
with Section 3.2, we observe a positive effect of LTV on default, with an average marginal
effect of 0.3 p.p. on the probability of default for each additional percentage point of LTV.
We proxy for the effects of the high-dimensional credit history with a risk index, calculated
using boosted trees'*, which is mechanically highly predictive of default.

For repayment, we calculate for each defaulted loan the fraction of principal and inter-
est that was repaid up to default, in present value. Then, we regress that on borrower and
loan covariates, not including loan size. Finally, we project this prediction for every loan
in the sample. Results are in the second column of Table 5. The prediction error is sub-
stantial, with a squared correlation of only 0.05, consistent with the notion that the month
of default is very noisy. Essentially, the repayment expectation is mostly a function of the
probability of default, not the amount repaid given default, and for this reason we focus on

14We use the baseline specification in Table 2.
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Table 5: Lenders’ repayment expectations — default and repayment given default

Default  Share repaid | default
LTV (pp) 0.0175***
(0.0004)
Predicted risk 3.4472%%* —1.3259***
(0.0622) (0.0433)
log(Car value) 0.3248*** —0.1601***
(0.0407) (0.0139)
Car spread 0.5079***
(0.0367)
log(Income) 0.0302*** —0.0107
(0.0110) (0.0086)
Future interbank rate —0.0280
(0.0277)
Debt-to-income (t-1) —0.0001
(0.0001)
Observations 236,200 41,619
Dep. var. mean 0.132 0.449
Pseudo R? 0.193
Squared correlation 0.046
Average marginal effect of LTV (pp) 0.304***
(0.006)
Loan term fixed effects Yes Yes
Origination month fixed effects Yes Yes
Borrower, car, seller and lender fixed effects Yes No

Notes: Column 1: probit of default on the originated sample; coefficients on the index scale. Column 2: fractional logit
(quasi-binomial likelihood, logit link) of the discounted share of the loan repaid, among loans that defaulted. Borrower,
car, seller and lender fixed effects in column 1: region, RAIS, occupation, car age, model, brand, seller, lender. Standard
errors clustered by region in column 1 (marginal effect by the delta method), IID in column 2. *p < 0.1, **p < 0.05,
**p < 0.01.

the binary outcome. Given the need to project the estimates also onto non-defaulters, we
chose to use a parsimonious specification, without rich fixed effects. Results with richer
specifications are not much different in terms of RMSE, and are available in Appendix D.1.
One limitation of this approach is that we only use repayment up to the month of default,
not accounting for payments after it, which might come from repossession of the vehi-
cle or refinancing. For this reason, we calibrate the recovery given default using industry
estimates, which range from 15% to 35% (Fitch Ratings 2014, 2025, 2026).

6.2 Cost estimates

Combining the default predictions from the probit model with the expected repayment
given default, we can estimate the cost distribution with maximum likelihood using equa-
tion (13).!°> Results are in Table 6. We calculate that, on average, lenders’ cost of lending

For the estimation, we express rates and costs in present-value units per real lent: the rate R is the
present value of the loan’s scheduled installments per BRL of principal, discounted at the interbank rate, so
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is 28% a year, with a dispersion of 3.5 p.p. This measured dispersion is close to the RMSE
of the ML model we used to predict the interest rate.

We estimate costs excluding the top decile of predicted default risk. In that decile, ob-
served rates respond much less to our default prediction than in the rest of the sample,
even though the prediction is well calibrated there. This suggests that the prediction cap-
tures risk that lenders did not observe when pricing the loans, which the cost distribution
would otherwise absorb.

The interbank rate does not have a meaningful impact on top of being the discount fac-
tor. Longer loans also do not affect costs. Car characteristics are relevant due to their value
as collateral: older cars are costlier for lenders, and more expensive cars are associated
with lower costs, as expected. Having an existing relationship with the borrower leads to
lower costs, both for banking and credit relationships. These results proxy for cross-selling
opportunities. We also observe large dispersion in costs among lenders, with a weighted
IOR of 8.4 p.p. This is consistent with a market with heterogeneous lenders, as we observe
both large banks with access to cheap deposits and smaller lenders with higher funding
costs. Lenders in the dealers’ networks are also cheaper: across borrower-lender pairs, the
average in-network lender has a cost about 6 p.p. a year below the average out-of-network
lender.

Market power is substantial: on average, the rate exceeds the winning lender’s cost
by 27% of the rate (Lerner index in Table 6). Despite that, markups are disciplined by
the reservation rates: the estimates imply that in 63% of originated loans the rate is set
by the borrower’s reservation rate rather than by the runner-up’s cost. The model also
reproduces which lenders win: across lender groups, the RMSE of predicted and observed
market shares is 3.5 p.p.

The full results including the probabilistic consideration sets and the distribution of
reservation rates are in Appendix E.1.

6.3 Demand estimates

Using the cost estimates together with repayment beliefs, we construct a rate distribution
and use it as input for estimating the demand, using GMM. The estimated demand param-
eters are in Table 7. These standard errors treat the first-stage estimates (default probit,
repayment given default and supply) as known, and therefore understate the uncertainty
in the demand parameters. The distribution of the taste for loan size shows that most con-

sumers prefer to stay outside of the market, with a median willingness-to-pay of 14.4%,

that R = 1 means lending at the interbank rate. For presenting the results, we convert to APR.
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Table 6: Lender cost estimates (annual percentage rate)

Estimate
Mean cost (% APR) 28.00
SD of cost (pp) 3.55 (0.12)
Cost location (pp of the annual cost rate)
Future interbank rate (pp) —0.18 (0.07)
Loan term (+12 months) 0.17 (0.36)
Car age (years) 1.02 (0.05)
Car value (log) —1.84 (0.36)
Banking relationship —0.89 (0.09)
# previous loans (log(x + 1)) —1.19 (0.04)
# previous car loans (log(x + 1)) —2.19 (0.10)
Lender fixed effects (14 groups), weighted IQR 8.43
State fixed effects (25 groups), range [—2.65,0.47]
Lerner index (APR) 0.274
Win-share RMSE (lender groups) 0.035
Loans 212,649
Log-likelihood / N —0.670

Notes: Maximum likelihood estimates of the Gumbel-min cost distribution, expressed as annual rates. Costs are esti-
mated as the present value of repayments needed per BRL lent, discounted at the interbank rate, and converted to the
annual rate of a 48-month loan at the average interbank rate (12.97%). Mean cost converted at the average loan term.
Effects are changes in the annual cost rate; the interbank-rate effect is in addition to its role as discount rate. Loan term:
change from a 48-month to a 60-month loan. Standard errors by the delta method, in parentheses. Lender fixed-effect
IQR weighted by participation. Lerner index: average of (rate — cost) / rate over simulated originated loans, both as
annual rates. Win-share RMSE: root mean squared difference between the observed and predicted shares of loans won
by each lender group.

much smaller than the average lender cost. This is consistent with the low origination rate
that we target, 33%. We achieve this estimate with the utility of the outside option being
essentially zero.

In terms of adverse selection, we estimate ¥ = 2.02, implying a correlation of 0.26 be-
tween the taste for loan size and the default shock. We estimate a median search cost of 746
BRL per quote (216 USD), accounting for 3.5% of the median loan. In terms of dispersion,
the 25th percentile borrower has a search cost of 715 BRL, and the 75th percentile of 779
BRL. For the median loan, the median search cost is equivalent to a reduction of 2.4 p.p. in
the annual rate. Borrowers search until the expected reduction from one more quote falls
to this value. Since each additional quote lowers the expected rate by less than the previ-
ous one, a search cost of this size is consistent with borrowers taking a small number of
quotes. There are several potential explanations for the search costs. Under full rational-
ity, they reflect the opportunity cost of borrowers for taking another quote, including the
value of time and the hassle of starting a relationship with new lenders. Borrowers might
also be unaware of the potential savings: for example, Grunewald et al. (2023) shows how

some borrowers believe that the dealer always provides the best quotes.
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Table 7: Demand estimates

Estimate

Estimated
WTP, median (% APR)
Dispersion of log WTP, o,
Corr(WTP, default), p,, 4
Implied adverse selection, y”
Search cost per quote, median (BRL)
Median, share of the median loan (%)
Median, rate equivalent (pp APR)
Dispersion of log search cost, o,
Outside option, U, BRL
Dealer’s arrival rate, A
Calibrated
Default cost per BRL, w
Corr(search cost, default), o, 4
Corr(WTP, search cost), o, .

14.40 (0.05)
0.1351 (0.0007)
0.2634 (0.0045)

2.021 (0.044)

746 (6.7)
352
2.36

0.064 (0.026)

0.584 (0.962)

0.220

0.030
0
0

Notes: GMM estimates; standard errors in parentheses, by the delta method for transformed parameters. Standard
errors reflect sampling error in the moments only; the first-stage estimates (default probit, repayment given default,
and supply) are treated as known. WTP (willingness to pay) is log-normal, in present-value units per BRL lent; its
median is reported as an annual rate at the average loan term and interbank rate, in the same units as lender costs.

Y’ = 0ya/ (01 = p2 ;). Search cost is log-normal in BRL. Its median is also reported as a share of the median loan
(21,200 BRL) and as a rate equivalent: the reduction in the annual rate on the median loan, starting from the mean
lender cost, whose present value equals the median search cost.

In terms of intermediation, we estimate that dealers do not use their entire networks:
while an additional unit of search effort leads to one extra quote, one extra lender available
creates only 0.2 extra quotes, on average.

The remaining parameters are calibrated: the correlations of search cost with taste for
loan size and with risk are set to zero. We also assume a small non-financial cost of default,

of 3 cents for each unit of loan.

6.4 Model fit

We assess the fit of the model in the first two columns of Table 8, which compare the
data with the moments at the estimates, as computed in the GMM criterion. The model
matches the correlation between loan size and default within groups of observably sim-
ilar borrowers: the slope of default on loan size is 0.21 in the model and in the data, the
moment that identifies the correlation between the taste for loan size and default risk. It
also reproduces the number of lenders borrowers contact (2.23 against 2.15), with a de-
fault rate slightly above the observed one (14.5% against 13.2%). The average rate is 23.9%
against 29.7%, as the rate moments receive a small weight in the estimation. The model

does not reproduce the level of loan size in each group. The estimation targets the disper-
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Table 8: Model fit

Model

Data At the estimates  Equilibrium

Default rate (%) 13.2 14.5 14.5
Mean LTV 0.655 0.630 0.723
Default-LTV slope, pooled 0.273 —0.082 —0.319
Default-LTV slope, within cluster ~ 0.207 0.210 0.150
Number of lenders contacted 2.15 2.23 2.31
Rate (% APR) 29.7 239 27.0

Notes: Data: observed loans. At the estimates: the model moments at the demand estimates, as computed in the GMM
criterion. Equilibrium: the counterfactual baseline, in which lenders’ beliefs are solved to be consistent with borrowers’
choices. Each column averages over its own distribution of loans within groups of observably similar borrowers (clus-
ters), with groups weighted by their number of observed loans. Default-LTV slopes: least-squares slope of the default
rate on LTV over LTV bins, pooling all clusters, or within cluster with cluster fixed effects. Number of lenders contacted
top-coded at 6. Rates converted to annual rates at the average loan term.

sion of LTV within groups, but not how average LTV varies across groups, and the model
places the riskiest groups at low LTV and the safest at high LTV (an average LTV of 0.46
against 0.69 in the data for the riskiest group, and 0.88 against 0.51 for the safest). As a
result, and because default levels by group also differ from the data, pooling all groups,
predicted default falls with loan size, while it rises in the data. Improving the fit of LTV
in each group is an important next step for this work.

On the supply side, the model reproduces which lenders win: predicted market shares

of lender groups differ from the observed ones by 3.5 p.p. on average (Table 6).

7 Counterfactuals

We use the estimates to simulate two sets of counterfactuals: 1) removing adverse selec-
tion; 2) removing search costs. Both are decomposition exercises that highlight the role of
asymmetric information and search frictions in auto loans.

In the first set of counterfactuals, we study the effects of adverse selection by letting
the private types v; to be publicly observed by lenders, such that their beliefs over repay-

L = 7B, This counterfactual corresponds to

ment are now the same as the borrowers’, ©
the introduction of a credit score, for example, that would become a perfect signal of the
borrower’s private information about her default risk: lenders who observe it hold the
same beliefs as the borrower, and price each loan at her own default probability. Formally,
the counterfactual gives lenders a signal S; that is a sufficient statistic for the borrower’s
private information about her default, Pr(D; = 1 | XZ.D ,S;) =Pr(D; =1 | XiD ,0;). Since

private information enters default only through ¢ log v; (2), the natural such signal is the
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private component of the default index, S; = y“logv;. A credit score that recovers this
component, for example from the borrower’s history with other lenders, would remove
adverse selection entirely.

To understand the channels through which adverse selection operates, we also solve
two variants of the first counterfactual, in which types are public but each borrower’s
search effort, or her choice of loan size, is held at the baseline while her other choices
adjust. Finally, we consider a counterfactual in which lenders cannot condition their be-
liefs on loan size: they hold a single default belief for each group of observably similar
borrowers, equal to the default rate among the group’s originated loans, and use every-
thing else they observe as before. This exercise corresponds to a rule that forbids pricing
loans by their size, and isolates the role of loan size as a screening device.

In the second scenario we set k¥ = 0 for all borrowers, allowing them to search all avail-
able lenders in the market at no cost. While this is not directly a policy lever, search costs
could be lowered by improving access to aggregators, for example, or favoring intermedi-
ation.

To compute the counterfactuals, we cannot hold lenders’ beliefs fixed. Instead, we take
the estimated parameters and solve the full equilibrium, requiring lenders’ beliefs to be
consistent with how borrowers self-select into loans, and therefore making the rate dis-
tribution also consistent with borrowers’ rate beliefs. In practice, for each cluster used in
demand estimation, we first solve the equilibrium under the baseline scenario, and then
compare each of the counterfactuals to this baseline. Just as in demand estimation, we
force consumers to choose LTV from a discrete grid. While this can be seen just as a com-
putational simplification, we can also interpret it as proxying for other choice frictions, as
in practice consumers bunch into LTVs that are multiples of ten. To facilitate convergence,
we also add small logit shocks in the LTV choice, essentially making all LTVs on-path, and
eliminating the need for further disciplining off-path beliefs, as in Azevedo and Gottlieb
(2017). For computation, we use a combination of algorithms, including an Anderson-
accelerated fixed point solver and a Newtonian solver.

Imposing consistent beliefs changes the baseline. In the estimation, lenders price loans
with the repayment beliefs estimated from the data (Section 6.1); in the equilibrium, their
beliefs must match the default of the borrowers who choose each loan size in the model. At
the demand estimates, the two differ (third column of Table 8). The equilibrium shares the
misfit across groups of the estimates: the riskiest groups remain at low LTV and default
levels by group differ from the data, so that pooled default falls with loan size. Within
groups, its gradient of default in loan size is about three quarters of the observed one (0.15
against 0.21), and the average rate is below the observed one (27.0% against 29.7%). The
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misfit has two important consequences for the counterfactuals: the flatter gradient of loan
size and default within groups should understate the adverse selection in the baseline. In
addition, the misallocation of loan size across groups also changes how much each group’s
signaling cost weighs in the aggregate. Jointly, the effect on our counterfactual results is
unclear. As discussed, improving both measures of fit is relevant for future work. The
counterfactuals apply the cost estimates to all loans, including the top decile of predicted
risk excluded from the supply estimation (Appendix A.1), which assumes that the cost
function estimated on the other 90% of loans extends to that decile.

7.1 Results

Before analyzing the counterfactuals, our framework allows us to decompose the rate into
different frictions. In a first-best scenario, the rate would be set by the lowest-cost lender,
adjusted by the borrowers” own risk. To that, we add the market power coming from the
auction, where the rate is set by the runner-up, and search friction, where it’s set not by the
runner-up across all lenders, but by the runner-up within the consideration set. Adverse
selection also pools borrowers with different risks, adding an extra wedge. Ignoring the

truncation by the reservation rate we can decompose the rates as follows:
1+¢ 1+¢ 1+cy0 B
RY(L) = L x @ 2 — (14)
7T+ 1+ Cy 1+ C2) TT; (L)

_}—’ —_— —f’ S———
Mg. cost + risk adjustment ~Auction market power  Search frictions ~ Adverse selection

Table 10 reports the decomposition. Fixing search effort and loan size, in the first-best
scenario the rate would fall to 17.5% a year, instead of 27.0%. The difference comes almost
equally from auction market power (4.8 p.p.) and search frictions (4.7 p.p.). Adverse
selection adds nothing to the average rate: since lenders’ beliefs are consistent, pricing at
a given loan size reflects the average risk of the borrowers who choose it, so borrowers
safer than average pay slightly more and riskier ones slightly less. This cross-subsidy is
small: it ranges from +0.8 pp a year for the safest decile to —0.5 pp for the riskiest, against
a market-power component of 4.2-5.1 pp (Appendix E.3). Also, the equilibrium removes
part of the pooling, as consumers with different risk choose different loan sizes, which
is observed by lenders and priced in. We compute that loan size reveals about half of
the variation in borrowers’ private default risk among originated loans. In other words,
adverse selection has strong implications in terms of who enters the market and how much

they borrow, but conditional on borrowing a given amount, its effect is small, even taking

16See Appendix E.2 for the version accounting for the truncation.
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into account the distributional effect.

Results for the adverse selection counterfactuals are in Table 9. With types being public,
there would be an increase in total market size of 34%, from 6.6 billion BRL to 8.8 billion
BRL. Part would come from an increase in the number of loans originated, of 13%, and part
from larger loans, which would grow from 27.9 thousand to 33.1 thousand. Consumer
surplus would increase by 13% and lenders’ profits by 31%, raising total surplus by 22%.

Removing adverse selection also increases search: borrowers” own search effort rises
by 12%. Once lenders price each borrower’s own risk, rates no longer rise with loan size
because of selection, and borrowers choose larger loans. As the search cost is fixed per
quote while its benefit grows with the loan, larger loans make search more valuable. Pri-
vate information therefore has an indirect cost beyond the pricing of risk: by discouraging
large loans, it also weakens competition among lenders.

The interaction between adverse selection and search runs through loan size. Holding
each borrower’s choice of loan size at the baseline, making types public does not increase
search: search per loan falls by 7%, as safer borrowers, who search little, now obtain lower
rates and more of them take loans. Total surplus barely changes (+1%), so almost all the
gains from removing adverse selection come from borrowers taking larger loans. Search
amplifies these gains: holding search effort at the baseline, the increase in originations
falls from 13% to 6%, and the increase in total surplus from 22% to 17%.

The last counterfactual in the adverse selection block shows that the inefficiency comes
from the use of loan size to price risk. When lenders cannot condition their beliefs on loan
size, but still use everything else they observe about the borrower, loans grow by 21%, as
much as when types are public, and borrowers search 23% more. Originations fall slightly,
by 2%, as safer borrowers now pay a rate that pools them with the riskier borrowers in
their group. Total surplus increases by 17%, most of the gain from making types public,
and consumers gain more than in that scenario (21% against 13%). Lenders also gain, by
14%: pricing by loan size is individually rational for each lender, given the information
loan size carries, but in equilibrium it lowers the surplus of both borrowers and lenders.
A more complete decomposition of total and per-loan surplus and profits is available in
Section E 4.

The gains from removing search costs are even larger: the total market size would
increase by 93%, divided between an increase in originations by 121% and a decrease in the
average loan size. Given that search costs act as a fixed cost, removing them makes small
loans more attractive to consumers. Total consumer surplus would triple, and lenders’
profits would increase by 56%. Profit per loan falls by 30% as margins shrink, but this is
more than offset by the larger number of loans.
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Table 9: Counterfactual outcomes

Surplus per loan (BRL)

Orig. Market L Pr(D) s*  Consumer Lender
Baseline 1.00 6,583 27,869  0.145  1.29 1,947 2,246
Adverse selection
Public types 1.13 8810 33,108 0.156 144 2,194 2,931
Search fixed 1.06 8274 32940 0151 1.18 2,121 2,800
Loan size fixed 1.07 6,931 27509 0151 1.19 1,905 2,340
Pooling in loan size 0.98 7,826 33,646 0.146 1.59 2,358 2,558
Search frictions
No search frictions 221 12,696 24,325 0147 2543 5,992 3,497

Notes: Orig.: originations relative to the baseline. Market: total amount lent, BRL million. L (loan size, BRL), Pr(D) and
s* (own search effort) are averages over originated loans. Surplus is per baseline originated loan; consumer surplus
excludes the taste shocks in the choice of loan size. Lender: realized profit, at borrowers” own default probabilities. No
adverse selection: lenders observe each borrower’s type. Held at the baseline: each type keeps its baseline search effort,
or its baseline choice of loan size, while the other choices adjust. Pooling in loan size: lenders hold one default belief per
group of observably similar borrowers, the same at every loan size, equal to the realized default rate among the group’s
originated loans. All ten clusters, 236,200 loans.

Table 10: Rate decomposition in the counterfactuals (% APR)

Decomposition

R* Cost + risk Market power Search

Baseline 27.04 17.54 4.80 4.73
Adverse selection
Public types 27.27 18.18 4.84 4.25
Search fixed 27.15 17.83 4.82 4.51
Loan size fixed 27.14 17.85 4.82 4.48
Pooling in loan size  26.46 17.51 4.80 4.23
Search frictions
No search frictions  22.47 17.68 4.76 0.05

Notes: R*: transacted rate, averaged over originated loans. The decomposition splits R* into the risk-adjusted cost of
the most efficient lender, the markup from the auction among all lenders in the market, and the markup from the
consideration set being smaller than the market, added in that order; the last two in pp of APR. The adverse-selection
component is omitted: it redistributes among borrowers who take loans of the same size and averages to less than 0.1
pp- Rates are converted from present value per BRL lent to annual rates at the average loan term and interbank rate, as
the lender costs. No adverse selection: lenders observe each borrower’s type. Held at the baseline: each type keeps its
baseline search effort, or its baseline choice of loan size, while the other choices adjust. Pooling in loan size: lenders hold
one default belief per group of observably similar borrowers, the same at every loan size, equal to the realized default
rate among the group’s originated loans. All ten clusters, 236,200 loans.
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8 Final remarks

This paper studies how adverse selection and search frictions jointly shape the market for
auto loans in Brazil. Using administrative data from the Central Bank’s Credit Registry,
we provide direct evidence of both frictions and build a structural model that allows them
to interact through endogenous loan size and search choices.

Our reduced-form evidence establishes two main findings. First, asymmetric informa-
tion is pervasive: larger loans are at a much higher risk of default than smaller loans even
once we control for rich borrower covariates. We show this effect is mostly driven by ad-
verse selection rather than moral hazard. Second, we show that search is associated with
higher rates and higher default, which is consistent with riskier borrowers having more
search incentives. We take those findings into a structural model where borrowers choose
loan size and search effort, with lenders competing in an auction.

Our model has features that are novel to the empirical literature on credit markets: low-
risk consumers signal their type to lenders by self-rationing, mitigating adverse selection
at the cost of lower borrowing. This cost is amplified by endogenous search, as smaller
loans make search less attractive, increasing market power. Our empirical results show
that the signaling cost is high, and a rate menu that is less steep in loan size can be welfare-
improving, as consumers borrow more and search more.

These results highlight the importance of policies that aim to alleviate adverse selection
by improving the information available to lenders, such as credit scores. We also show that
search costs are high, and policies that facilitate price comparison and incentivize lender
competition within auto dealerships can be welfare-improving.

Recently policies such as Open Banking/Open Finance aim to increase competition in
credit markets by allowing borrowers to share their data with new lenders, decreasing in-
formational asymmetries across lenders and reducing incumbency advantages. Our pa-
per does not incorporate this dimension, as consumers signal their types through the loan
size to all lenders, mitigating lender asymmetries in risk perception. In settings such as
pre-approved personal loans, without a signaling component, lender differences in risk
assessment should be more relevant. Incorporating lender informational asymmetries in

a tractable framework remains an important avenue for future work.
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A Data construction

A.1 Sample selection

We start from all auto loans (SCR modality 401) to individuals. We keep loans funded
with the lender’s own resources and originated by it, which excludes loans purchased
from other lenders and loans funded by earmarked resources, in Brazilian reais, at fixed
rates, and with the car as the only collateral and no personal guarantee. Following
Joaquim, van Doornik, and Ornelas (2023), we drop loans that start before the borrower’s
relationship with the lender or that end before they start. We keep loan terms with a
share above 0.5% of loans (12, 18, 24, 30, 36, 42, 48 and 60 months) and loans with no
missing key characteristics, such as the loan amount, term, income, and car model and
value. Merging with the National Lien System (SNG) and the Federal Revenue, we
keep cars, excluding motorcycles, trucks and buses, sold in a financed transaction, and
borrowers residing in Brazil. We drop loans larger than twice the car’s average market
value, and trim the top and bottom 0.1% of the loan amount, the interest rate, income,
debt-to-income ratios, car value and down payment.

Since the dealer-network data cannot be reliably merged before March 2016, we keep
loans originated from March to December 2016, with at least one inquiry in the search
window. A handful of borrowers take more than one car loan in the period; for them we
keep only the first loan, or the largest if they took several on the same date. Table Al
reports the remaining steps. The largest drop comes from new cars. Supply estimation
uses data on every borrower—lender pair in each market, defined as the borrower’s region.
We keep markets with more than 300 loans, which reduces the number of markets from
about 500 to about 130, and, within each market, its main lenders: those with more than
20 loans and more than 0.5% of the market’s loan volume. We also drop loans won by
other lenders, and loans with missing values in the variables used in estimation, such as
default. We also drop loans without a record of the borrower’s inquiries before the search
window, which we use to control for ongoing relationships. Finally, we drop loans with
a debt-to-income ratio above the 97.5th percentile, and loans with an implied rate below
the interbank rate.

The final sample has 249,147 loans, with an average default rate of 12.6%. It is used
in the summary statistics and the reduced-form evidence. Regressions with fixed effects
drop loans that are alone in their group. The default probit drops the fixed-effect groups
in which no loan defaults, which carry no information on the effect of loan size, and is
estimated on 236,200 loans, with an average default rate of 13.2%. Demand estimation and
the counterfactuals use the same loans, since they rely on the probit’s predictions. Supply
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Table Al: Sample construction

Step Loans Dropped Share kept (%)
Originated in 2016, sold by a car dealer 895,496

Used car, with inquiries 320,657 574,839 35.8
Drop small markets 267,949 52,708 83.6
Inquiry history observed 265,038 2911 98.9
Debt-to-income and rate filters 249,147 15,891 94.0

estimation excludes the top decile of predicted default risk (212,649 loans). Repayment
given default is estimated on all defaulted used-car loans, except those for cars bought

from individuals (41,619 loans), without the other restrictions above.

A.2 Variable definitions

Interest rate. The effective annual rate (Custo efetivo total - CET), which includes all fees
and taxes, and potentially other bundled products such as auto insurance: the rate that
equates the present value of the scheduled monthly payments to the loan amount. We
compute it from the payment, the loan amount and the term rather than using the reported
rate, as some lenders report rates before fees and taxes, while payments must match the
values in the lenders’ balance sheets. On average, the implied rate is about 2 p.p. higher
than the reported one.

Car value and loan-to-value. Car value is the value of the car at origination, as reported
by the lender for the loan’s collateral, or, when it is missing, the car’s reference price in the
FIPE table, the standard table of average market prices by car model and year in Brazil,
recorded in the SNG. LTV is the loan amount as a share of the car value. We do not observe
the down payment directly, and impute it as the difference between the car value and the
loan amount. The car spread is the ratio of the car value to its FIPE price.

Income. The borrower’s monthly income, measured as the highest of the incomes re-
ported by lenders in the Credit Registry and the formal wages in RAIS, as lender-reported
income is often outdated and RAIS covers only formal salaried workers.

Default. A loan defaults if it is 90 or more days in arrears, or written off, at any point
until the end of our performance data in 2024.

Inquiries. The number of distinct lenders, at the conglomerate level, that query the
borrower’s Credit Registry record in the 60 days before origination. An inquiry is in-
network if the lender belongs to the dealer’s network. Baseline inquiries are those 60 to
90 days before origination, and the inquiry history is the median number of monthly in-

quiries before that.
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Intermediation and dealer networks. A loan is intermediated if a dealer originates
it on the lender’s behalf, as an intermediary registered with the Central Bank (correspon-
dente). A dealer’s network is the set of lenders for which the dealer is registered as an

intermediary, and network size is the number of lenders in it.

A.3 Credit history

For each borrower, we reconstruct the information that lenders obtain when they query
the Credit Registry before originating a loan (document 3046). Lenders observe up to 24
months of the borrower’s history. We keep the three months before the auto loan sepa-
rately, and average the remaining 21 months. For each month and credit type (e.g., credit
cards, personal loans, credit limits, mortgages), the report contains the number of active
loans, the number of lenders, the total amount outstanding, and the amounts due (within
30 days to more than 5,400 days), in arrears (from 15 to more than 540 days) and written
off (within 12 months to more than 48 months).

Given the high dimensionality, we collapse this information. We add a total across
all credit types, and keep separately only the most important ones: car loans, mortgages,
payroll loans, credit cards, and non-payroll personal loans, which account for about 90%
of the amount outstanding; revolving accounts and revolving credit cards, which account
for about 90% of the amounts due within 30 days; and, by losses, unpaid revolving credit
card balances. We also keep a summary of credit limits: overall, revolving accounts, and
credit cards. Finally, we collapse the windows into amounts due within 30 days and within
a year, arrears up to and over 30 days, and total losses. This leaves 88 variables for each

period, and 352 covariates over the four periods.

B Reduced-form evidence

B.1 Correlation test controlling for the interest rate

The correlation test in Section 3.2 conditions on everything we observe, but lenders may
observe more. If the correlation between loan size and default came from information
that lenders have and we do not, lenders would price it, and controlling for the interest
rate would absorb part of the effect. Using the residuals of the extended specification, we
regress the default residual on the LTV residual, and then add the residual of the interest
rate. Results are in Table B1. Each additional p.p. of LTV is associated with an increase

of 0.25 p.p. in the probability of default, and adding the rate residual barely changes this
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Table B1: Residual default on residual LTV, controlling for the residual interest rate

(1) (2)

LTV residual (pp) 0.246**  (0.229***

(0.008)  (0.007)

Interest rate residual (pp APR) 0.565***

(0.024)

Observations 223,343 223,343
R? 0.181 0.185

Notes: Dependent variable: default residual (pp). Residuals from the LightGBM extended specification. Controls: log
income, DTI, future interbank rate, log car value, car spread, predicted risk, average monthly inquiries. Fixed effects:
loan term, region, RAIS, occupation, car age, model, brand, month, seller, risk percentile, no network. Standard errors
clustered by seller.

coefficient, to 0.23 p.p. The rate residual is itself associated with more default, which may
reflect information that lenders have and we do not, or the selection of riskier borrowers
into higher rates. Either way, it does not account for the correlation between loan size and
default.

B.2 Adverse selection or moral hazard: additional results

This section complements the test for moral hazard in Table 4. Since larger loans also
carry higher rates, which could affect default directly, in Table B2 we instrument both the
interest rate and LTV, using the network and Hausman instruments together. Neither has
a significant effect on default: the 2SLS estimates are —0.02 p.p. per p.p. of APR and
—0.09 p.p. per p.p. of LTV, against 0.34 and 0.23 with OLS. The instruments are strong
predictors of both, with first-stage F-statistics of 1,582 for the rate and 766 for LTV. The
Sargan statistic, 0.13 with two overidentifying restrictions (p = 0.94), does not reject the
validity of the instruments, and the Anderson-Rubin test (F = 1.12, p = 0.35) does not
reject that both effects are zero.

The first stages are in Table B3, and the reduced form in Table B4. The instruments
are not significant in the default regression, individually or jointly, consistent with the
absence of a causal effect of loan size on default. We test an alternative specification with
a control function probit instead of a linear probability model in Table B5, with similar
results. Using the payment-to-income (PTI) ratio instead of loan size also does not change

the conclusions.
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Table B2: Default on the interest rate and loan-to-value, both instrumented

OLS 2SLS
Interest rate (pp APR) 0.341%** —0.016
(0.013) (0.063)
LTV (pp) 0.228*** —0.088*
(0.009) (0.049)
Observations 249,130 249,130
Mean default (share) 0.126 0.126
First-stage F: rate / LTV 1,581.7 / 766.4
Sargan 0.125
Anderson—Rubin F 1.12

Notes: Dependent variable: default (pp). Column 2 instruments the interest rate and LTV with the network and Haus-
man instruments together. Controls, fixed effects and standard errors as in the main table. *p < 0.1, *p < 0.05,
“**p < 0.01.

Table B3: First stages

2SLS LTV only
Rate LTV LTV:network LTV:Hausman LTV:both
log(Hausman inst.) —7.743*  —8.316™** —8.401*** —8.316***
(0.582) (1.261) (1.243) (1.261)
log(Hausman inst.) x log(Income)  0.370*** 3.150*** 3.156*** 3.150%**
(0.061) (0.142) (0.142) (0.142)
Network size —0.069  —4.739*** —4.772%%* —4.739***
(0.147) (0.449) (0.455) (0.449)
Network size x log(# installments) ~ —0.188***  1.336*** 1.341%* 1.336***
(0.037) (0.119) (0.120) (0.119)
Observations 249,130 249,130 249,130 249,130 249,130
R? 0.375 0.443 0.438 0.440 0.443
First-stage F 1,581.7 766.4 570.6 952.9 766.4

Notes: Dependent variable in the column header (rate in pp APR, LTV in pp). Controls and fixed effects as in the second
stage; standard errors clustered by region.

Table B4: Reduced form of default on the instruments

All four Network Hausman

log(Hausman inst.) 0.005 0.004
(2.514) (2.527)
log(Hausman inst.) x log(Income)  —0.226 —0.226
(0.273) (0.273)
Network size 0.411 0.414
(0.255) (0.253)
Network size x log(# installments) =~ —0.112 -0.112
(0.072) (0.072)
Observations 249,130 249,130 249,130
R? 0.136 0.136 0.136
Instruments jointly zero (F) 1.1 0.7 15

Notes: Dependent variable: default (pp). Controls and fixed effects as in the second stage; standard errors clustered by
region.

48



Table B5: Control-function estimates

(1) (2) (3)

Interest rate (pp APR) —-0.016 —0.033
(0.058) (0.058)
LTV (pp) —0.088**  —0.107***
(0.037)  (0.039)
PTI 0.093***  0.091***

(0.017) (0.016)

First-stage residual, rate 0.363*** 0.358*** 0.326***
(0.057) (0.057) (0.014)

First-stage residual, LTV~ 0.319*** 0.311*** 0.204***
(0.040) (0.039) (0.008)

Observations 249,130 249,130 249,130
R? 0.148 0.148 0.148
Dep. var. mean 0.126 0.126 0.126

Notes: Dependent variable: default (pp). Residuals from the two first stages (rate, LTV) on the four instruments. Con-
trols and fixed effects as in the second stage; standard errors clustered by region, not corrected for the first stage.

B.3 Search regressions conditional on loan-to-value

Since LTV increases with the number of inquiries, part of the correlation between search
and default in Figure 3 could come from searchers taking larger loans. Figure Bl repeats
the regressions with the interest rate and default as outcomes, adding LTV as a control.
The results are similar, and slightly larger for rates: in the full sample, borrowers with five
inquiries pay rates 0.50 p.p. higher and are 3.2 p.p. more likely to default than those with
a single inquiry, against 0.40 p.p. and 3.7 p.p. without the control. As in the main text, the

correlation is driven by observably high-risk borrowers.

C Model derivations

Throughout this appendix we fix a borrower i and suppress the conditioning on observ-
ables XP. The reservation rate equation (5) depends on the loan size through the outside
option, so we write it as p;(L). Bids are Rl-]- =1+ cij)/ 7l (L), so lender j's bid is acceptable,
R;; < p;(L), if and only if its cost is below the reservation rate expressed in cost units,

z;(L) = 7t (L) p;(L) — 1. (C1)

We refer to z;(L) as the borrower’s moneyness. Every object below depends on the type
and on policies only through z;(L), the scale 1/ tl (L), and the arrival of quotes.
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Figure B1: Interest rates and default by number of inquiries, controlling for loan-to-value
(OLS)
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Notes: Same specification as the main search figure, adding LTV as a control. Coefficients on inquiry dummies relative
to one inquiry, with 95% confidence intervals; standard errors clustered by seller. Seven or more inquiries not shown.

C.1 Option value and first-order conditions with symmetric lenders

Option value. With symmetric lenders, costs are i.i.d. draws from FC and the number
of quotes is N; ~ Poisson(A;), with A; = AM,; + s; (11). By equation (9), the borrower’s
payoff per unit of 77PL is positive only when at least two bids are acceptable, in which case

she pays the second-lowest bid:

1
rh(L)

(pi(L) —R)T = (z:(L) = cony) ™

where c(,.n is the second-lowest of the N; cost draws, and the expression is zero when
N; < 1. For any random variable X with distribution Fy, E[(z — X)*] = fio Fx(t)dt. By
Poisson thinning, the number of quotes with cost below ¢ is Poisson with mean A;F S, so
the probability that at least two costs are below ¢ is 1— (1+A;FC(t))e~F (D The expected
option value is therefore

¥i(L,5) = E[(p(L) — R)*] = nLl(L) f_Z:L) [1- (1 + AFE®)e M D]ar, (€2
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a one-dimensional integral, and the borrower solves max; ¢ W;(L,s) = nPL¥;(L,s) — «;s.
Search. Since dA;/ds = 1 and 9[1 — (1 + AF)e™*F]/0A = AF?e=7F, the first-order

condition for an interior search effort is

nBL
rtl (L)

(L)
fz FC(t) - A;FE(t) e MFED gt = i, (C3)

with s; = 0 when the left-hand side evaluated at s = 0 is below x;. The integrand has
a direct interpretation: A;FC(#)e=F () is the probability that exactly one quote has cost
below t, and FC(t) the probability that the marginal quote is also below . An additional
quote is valuable only when it is pivotal, converting a single acceptable bid, which leaves
the borrower with no surplus, into competition between two. Because free quotes from
the dealer raise A; for any s, a larger network lowers the marginal value of own search
once A;F C(zz-) exceeds one. The left-hand side is proportional to L, so loan size and search
are complements.

Loan size. Define the probability that the auction is competitive, G§2) (L,s) =1-—
(1 + AF C(zi))e_AiF C(Zf), and the expected rate paid in competitive outcomes, Rf(L,s) =
E[R](Z)l{Rja) < p;}],sothat¥; = pl-(L)Gf) — R¢. Loan size enters ¥; through the scale
1/7tE(L) and through the moneyness, with

0z; L L , / Uy
=0 .(L),'ol-(L) + 7t~ (L) p;(L), p;(L) = B2
signaling outside option !
Let ef(L) = —LaY(L)/7E(L) > 0 denote the elasticity of lenders’ repayment expecta-

tions with respect to loan size, which is positive under adverse selection. Differentiating
W; and using d¥,;/0dz; = GEZ) /7L (L), the first-order condition for an interior loan size,
dInY;/dInL = —1, can be written as

eL(L)RS(L,s) = ¥(L,s) + G (L, s) % (C4)
ysdh

The right-hand side is the marginal benefit of borrowing an additional unit: the expected
surplus per unit, and, when U, > 0, the relaxation of the acceptance constraint. The left-
hand side is the marginal cost: a larger loan signals higher risk, which raises the rate on
every unit borrowed in proportion to e&. Without adverse selection, ¢&© = 0, and with
Uy > 0 the right-hand side is positive, so the borrower takes the largest loan available,
L = V. An interior loan size requires that lenders price the risk revealed by the loan size.

In the estimation, loan size is chosen on a discrete grid, and equation (C4) characterizes
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the choice the grid approximates.

C.2 Asymmetric lenders

With asymmetric lenders, each lender j € Jm, with M = IJmI, draws its cost from its own
distribution F]C, and the identity of the lenders in the consideration set matters. We model
the formation of the consideration set through encounters. Borrower i meets lender j a
number of times

s

E;; ~ Poisson(r;;(s;)), rij(s) = i

+A1{j € My}, (C5)
independently across lenders, where Mj; is the network of the borrower’s dealer. Own
search effort is spread over all lenders in the market, and the dealer generates additional
encounters with the lenders in its network. Total encounters are j E;; ~ Poisson(4\;),
with A; = AM,; + s;, as in equation (11).

Each lender draws a single cost per borrower, so repeated encounters with the same
lender do not generate new quotes. Lender j belongs to the consideration set if the bor-
rower meets it at least once, which happens with probability

pij(s) =1—e"1,
independently across lenders. The number of quotes, N; = JRSVAS Ji}, is therefore
Poisson-binomial with success probabilities {p;;(s;)};, and E[N;] = ) j pij(s;) < A;. This
is the object we measure with inquiries, which count distinct lenders. When lenders are
symmetric and every p;; is small, N; is approximately Poisson(4\;), which is the case in the
main text.

Option value. Let Gi]' (t;8) = pij(s) F].C (t) be the probability that lender j is in the consid-
eration set and has a cost below t. Membership and costs are independent across lenders,
so the number of costs below t is a sum of independent Bernoulli variables with probabil-
ities Gij(t;s), and

1 z;(L)
¥ils) = j_oo [1- ]7[ (1-Gy(t;s)) — JZGija;s) g (1-Gu(t;)]dt. (C6)

The integrand is the probability that at least two costs are below t. Its evaluation requires
O(M) operations at each t, with no sum over subsets of lenders.

Search. The integrand in equation (C6) is linear in each G;;, and its derivative with

ijs
respect to G;; is the probability that exactly one other lender has a cost below . Using
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api]-/ Js = ¢ "i® /M, the first-order condition for search becomes

B —71;i(8)
L e emd . .
Ki—nL(L); 7 f_oo F (t)l;Gik(t,s)ll;Ik(l G (t;s)) dt. (C7)

Pr(exactly one other cost below t)

Search effort is valuable in proportion to how likely each lender is to be pivotal. Lenders
with low costs are the most valuable to reach, and lenders that the borrower is likely to
meet anyway, such as those in the dealer’s network, contribute little at the margin, since
e ' is small for them. With identical lenders and small participation probabilities, equa-
tion (C7) reduces to equation (C3). The first-order condition for loan size keeps the form
of equation (C4), with equation (C6) in place of equation (C2).

C.3 Lenders’ posteriors

Lenders observe the requested loan size L, and are paid only by borrowers who accept
their bid. Their repayment expectation in equation (3) conditions on both events. Let
0;(L) denote the probability that borrower i requests a loan of size L, and Pr(orig | i,L)
the probability that she accepts a loan of that size. With symmetric lenders, the borrower

accepts if at least one bid is below her reservation rate, so
Pr(orig | i,L) =1 — e~ ATFCEL)

where A} = AM,; + s7 (L) evaluates her optimal search at L. With eiD standard normal,
the default probability of a borrower with private information v; is Pr(D; = 1 | v;) =
O (XP'BP + y?logv;). By Bayes’ rule, the default probability among borrowers who re-
quest L and originate is

fcb(XD’/sD +91logv) ry(L) Pr(orig | 6, L) dF(0)
Pr(D =1]L,orig) =

, (C8)
[ 76(L) Pr(orig | 6,L) dF (6)

where 0 = (v,«) is distributed according to F, and lenders’ repayment expectation is
(L) =1 -0 Pr(D = 1| L, orig).

Selection operates through two margins. Riskier borrowers, with higher v, choose
larger loans, which enters through oy(L). They also have higher reservation rates, and
therefore accept more often, which enters through Pr(orig | 6,L). Both margins depend
on 7tk (., through the rates the borrower expects and through the moneyness z;(L), so
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equation (C8) defines a fixed point in the belief function 7t%(-): in equilibrium, the beliefs
that set the rates are the ones generated by the borrowers who choose each loan size under
those rates. The posterior is undefined at loan sizes that no type chooses. In the estimation
this does not arise, since lenders” expectations 7tL (L) are taken from the data rather than
solved for (Section 5). In the counterfactuals, where beliefs must re-equilibrate, we add
logit shocks with scale A" to the loan-size choice, as in Azevedo and Gottlieb (2017), so
that

with Wy(L) = max; Wy(L,s). Every loan size on the grid is then chosen with positive
probability, and beliefs are defined at every grid point.

Because loan size is chosen from a finite grid of Q points with logit shocks, the map
from lenders’ default beliefs at each grid point, a vector in the compact convex set [0, 119,
to the default rates those beliefs induce among borrowers who choose each L and accept

is a continuous self-map. Brouwer’s theorem therefore guarantees a fixed point.

C.4 Equilibrium definition

Given the parameters and the observed characteristics of a cluster, an equilibrium consists
of borrowers” search policies s(L), loan-size choice probabilities 7y(L), and lenders’ re-
payment expectations L (L), such that: (i) given 7tk (+), lenders bid their break-even rates
(8), and rates are determined by equation (9); (ii) given the resulting rate distribution,
each type 6 chooses search effort at each loan size to maximize equation (10), chooses
loan size with the logit probabilities in Appendix C.3, and accepts the loan if the rate is
below her reservation rate; and (iii) given these choices, 77" (L) equals the repayment rate

among borrowers who choose L and originate (C8), at every loan size on the grid.

D Estimation

D.1 Supply-side inputs

Table D1 adds the interest rate to the default probit in Table 5. Higher rates are associated
with more default, but including the rate barely changes the effect of LTV, with an average
marginal effect of 0.29 p.p. per p.p. of LTV, against 0.30 p.p. in the baseline. Table D2 adds
a rich set of fixed effects to the repayment model. The squared correlation increases from
0.05 to 0.14, but the RMSE decreases only from 0.27 to 0.26, and the coefficients are similar.
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Table D1: Probit of default — baseline and with the interest rate

(1) Baseline  (2) With rate

LTV (pp) 0.0175*** 0.0167***
(0.0004) (0.0003)
Interest rate (pp APR) 0.0304***
(0.0008)
Predicted risk 3.4472%** 3.4114%*
(0.0622) (0.0647)
log(Car value) 0.3248*** 0.4346***
(0.0407) (0.0398)
Car spread 0.5079*** 0.4554***
(0.0367) (0.0363)
log(Income) 0.0302*** 0.0281***
(0.0110) (0.0106)
Future interbank rate —0.0280 —0.0336
(0.0277) (0.0272)
Debt-to-income (t-1) —0.0001 —0.0000
(0.0001) (0.0001)
Observations 236,200 236,200
Dep. var. mean 0.132 0.132
Pseudo R? 0.193 0.200
Average marginal effect of LTV (pp) 0.304*** 0.288***
(0.006) (0.006)
Average marginal effect of the rate (pp) 0.523***
(0.014)

Notes: Dependent variable: default. Probit coefficients on the index scale. Column 1 is the specification in the main text.
Both columns include loan-term dummies and fixed effects for region, origination month, car age, model and brand,
RAIS, occupation, seller and lender. Standard errors clustered by region; marginal effects by the delta method. *p < 0.1,
“*p < 0.05, **p < 0.01.

Finally, Figure D1 compares predicted and realized default by LTV. The probit reproduces
the increase in default with LTV, including its flattening above 80% LTV. For a loan with
average characteristics, the probability of default increases from 4.8% at 50% LTV to 12.7%
at 80% and 21.5% at 100%.

D.2  Supply likelihood

We estimate the cost distributions by maximum likelihood, using the transacted rate, the
identity of the winner, and the lenders with inquiries. Following equation (9), the rate of
a loan is set either by the runner-up’s bid (competitive branch) or by the borrower’s reser-
vation rate (reservation branch), which we do not observe. Conditional on origination,
the likelihood of loan i is below.

For loan i with consideration set Ji and winner w, let Q); = niL(Li)R;f be the trans-
action rate in revenue units and W; = 7-(L;)p; the (unobserved) reservation rate in the
same units. Let G]-(t) = F]C (t — 1), with density Sis and F%W, f W the distribution of W;. By
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Table D2: Share repaid among defaulted loans — baseline and with fixed effects

(1) Baseline

(2) Fixed effects

Predicted risk —1.3259%** —1.5188***
(0.0433) (0.1179)
log(Car value) —0.1601*** —0.1875***
(0.0139) (0.0561)
Car spread —0.1927***
(0.0647)
log(Income) —0.0107 —0.0379***
(0.0086) (0.0115)
Observations 41,619 36,212
Dep. var. mean 0.449 0.450
Squared correlation 0.046 0.139
RMSE 0.272 0.260
Loan term fixed effects Yes Yes
Origination month fixed effects Yes Yes
Car model fixed effects No Yes
Lender fixed effects No Yes
Seller fixed effects No Yes
Borrower region fixed effects No Yes
Borrower sex fixed effects No Yes
Borrower age fixed effects No Yes
Occupation type fixed effects No Yes
Risk decile fixed effects No Yes

Notes: Dependent variable: discounted share of the loan repaid, among loans that defaulted. Fractional logit (quasi-
binomial likelihood, logit link). Column 1 is the specification in the main text. IID standard errors. *p < 0.1, *p < 0.05,
“**p < 0.01.

Figure D1: Probability of default by loan-to-value

Predicted and realized default, by LT\0an with average characteristics
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Notes: Left: each loan’s predicted probability of default from the probit, and realized default, averaged within LTV bins.
Right: the probit at the mean of the index across loans, varying only LTV.
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equation (9), (; = min{1 + ¢ y), Wi}, so

L =G, Y @) [] (-G |a-FYQy), 1Ji>1,

JEJ\w ke Ji\{w,j}
L = Gu(Q) [[ (1-Ganf" @y,
jEJi\w
L?O’“P + L;’es

., Pr(orig) = Ey[1 - [] (1-G;wW)].
j€Ji

i =

Pr(origi)

The Jacobian from R; to ();, 7T1-L (L;), does not depend on the parameters.

Costs follow Gumbel-min distributions, with a location that depends on the covariates
in Table 6 and a common scale. The reservation rate in revenue units is W; = exp(6;) —
Uy/L;, with 8; ~ N (pug, 01%), a shifted log-normal that accounts for the outside option in
equation (5).

Inquiries measure the consideration set with error: some lenders that inquire
do not quote for the auto loan, and some lenders do not file an inquiry for loans
they win. We therefore let each inquiring lender, including the winner, bid with
probability p; = logistic(yy + logit7;) (the coefficient on logit7; is fixed at one),
independently across lenders, which amounts to replacing G; and g; by p;,G; and
p;g; in the expressions above, including in the probability of origination. The first
stage 77; is estimated from inquiry records, by lender and dealer-network status, as
. = (Pr(inquiry) — f)/(Pr(inquiry | win) — f), where f is the probability of a recent
inquiry unrelated to the auto loan, measured from each borrower’s inquiries in earlier
periods. Dividing by the inquiry rate among winners corrects for lenders that do not file
inquiries for every loan.

D.3 Observed heterogeneity: k-means clusters

To reduce the dimension of the observed heterogeneity, we group loans into clusters us-
ing the k-means algorithm, and solve the model separately for each cluster. The cluster-
ing variables are the ones that enter borrowers” and lenders” problems: the default index
at zero LTV, the lenders’ cost location, car value, income, the recovery share, the size of
the dealer network, and car age, all standardized separately for loans with and without
a dealer network. Loans whose dealers have no network cannot receive quotes from the
dealer, so we cluster them separately in proportion to their share of loans. LTV, inquiries,
and default are choices or outcomes, and are therefore not used to define the clusters.
Table D3 describes the clusters used in estimation. The default rate ranges from 2.3%
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Table D3: Cluster profiles (K = 10)

With dealer network No network
5 2 7 4 3 1 8 6 10 9

Size

Loans 29,207 4263 41,277 47,165 10,786 28,521 23,351 29,484 8528 13,618

Share of loans 0.12 0.02 0.17 0.20 0.05 0.12 0.10 0.12 0.04 0.06
Clustering variables (means)

Default index at zero LTV -317 -279 -273 -268 -2.60 —251 230 -—-164 285 224

Cost location 1.042 1077 1168 1109 1.041 1.133 1218 1.128 1.053 1.152

Car value (BRL) 37,717 55,602 27,412 41,188 90,344 33,614 22,054 35152 56,442 32,040

Monthly income (BRL) 6,723 34935 4175 5416 11,353 4,715 3,495 3,750 11,618 4,445

Recovery share 0.58 0.50 0.49 0.47 0.48 0.49 0.49 0.41 0.53 0.47

Dealer network size 57 5.4 6.4 6.1 52 2.8 44 52 0.0 0.0

Car age (years) 3.4 3.5 59 24 2.6 4.6 9.7 42 3.3 5.7
Outcomes (means, not used for clustering)

Default (share) 0.023 0.089 0.098 0.093 0.082 0123 0179 0342 0.071 0.189

Transacted rate (PV per BRL) 1.145 1195 1269 1221 1168 1254 1367 1286 1208 1.357

# inquiries 2.18 3.03 2.10 2.22 2.51 212 1.97 1.94 2.53 211

# inquiries, out of network 0.92 1.59 0.79 0.87 1.21 1.45 1.08 0.83 2.53 2.11

Intermediated (share) 0.63 0.61 0.62 0.65 0.64 0.64 0.63 0.65 0.01 0.02

# lenders in the market 11.8 12.0 11.8 11.9 12.1 12.1 12.0 12.0 12.2 123

Notes: Columns are the clusters used in estimation, ordered within stratum by the default index. Default index: probit
index of default at zero LTV, including fixed effects. Cost location: fitted supply cost location of the loan. Recovery share:
predicted share repaid given default. Outcomes are averaged over the cells within each cluster, weighted by loans; cells
with fewer than 20 loans are not exported, which leaves 99.7% of loans. 236,200 loans.

to 34.2% across clusters, and the average car value from 22 to 90 thousand BRL. Table D4
reports the share of the variation in the clustering variables explained by the clusters. With
10 clusters, this share is 54% among loans with a dealer network and 24% among loans
without one. The share increases slowly with the number of clusters, reaching 83% and
71% with 150 clusters.

D.4 GMM moments and weighting

We estimate the demand parameters by one-step GMM, with moments computed at the
loan level and conditional on origination. Model moments are computed cluster by clus-
ter, given each cluster’s observed characteristics and the rate distribution implied by the
supply estimates, and aggregated using the data’s cluster shares. Table D5 lists the 34
moments, grouped by the feature of the data they target.

The estimator solves

B = argmin (m(0) — i) W (m(@) — ), W, =8 1
- 8T / =g () 52,

where m () stacks the model moments, 71 their data counterparts, W is diagonal and fixed

at the data, g(m) is the group of moment m, |g| the number of moments in the group, w,
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Table D4: Share of variance explained by the clusters (R?), by number of clusters

K=10 K=20 K=30 K=50 K=75 K=100 K=150

With dealer network
All variables 0.54 0.66 0.70 0.76 0.79 0.81 0.83
Default index at zero LTV 0.40 0.61 0.66 0.70 0.74 0.76 0.80
Cost location 0.65 0.73 0.76 0.82 0.84 0.86 0.88
Car value 0.58 0.67 0.72 0.77 0.81 0.82 0.84
Monthly income 0.58 0.70 0.73 0.77 0.80 0.82 0.84
Recovery share 0.55 0.65 0.70 0.76 0.79 0.81 0.83
Dealer network size 0.42 0.54 0.64 0.68 0.74 0.77 0.81
Car age 0.62 0.69 0.73 0.78 0.80 0.82 0.84

No network
All variables 0.24 0.36 0.46 0.55 0.62 0.66 0.71
Default index at zero LTV 0.15 0.26 0.25 0.49 0.63 0.62 0.69
Cost location 0.50 0.46 0.58 0.60 0.66 0.71 0.75
Car value 0.20 0.54 0.52 0.60 0.60 0.71 0.74
Monthly income 0.19 0.34 0.38 0.63 0.63 0.63 0.73
Recovery share 0.21 0.37 0.49 0.49 0.62 0.63 0.71
Car age 0.20 0.18 0.52 0.52 0.58 0.66 0.67

Notes: Between-cluster share of the total sum of squares of the standardized clustering variables, within each stratum.
The no-network stratum receives 1 + round (0.094K) of the K clusters, and its network size is constant. Estimation uses
K =10.

the group multiplier in Table D5, and &2, the sampling variance of moment .

The sampling variances (3’,%1 are computed from the data. For the shares, the cross mo-
ments, the covariate interactions, and the default moments, we use the IID formula over
the loans in each cell; for the default moments, the variance is computed over the loans
with observed default. For the default-LTV slope and the within-cluster dispersion of LTV
and inquiries, we use a parametric bootstrap, drawing each cluster’s loans across LTV and
inquiry cells, and default within cells, at the observed frequencies. For the intermediation
moment, we use a bootstrap over clusters. For the rate moments, we use the dispersion
of rates within cells. The origination target is not a sample moment, and we assign it a

standard deviation of 0.02. The multipliers w, increase the weight of origination, interme-

8
diation, and the dispersion of inquiries, and give the rate moments a small weight.

D.5 Local identification of the demand parameters

We complement the identification argument in Section 5 with two local diagnostics at the
estimate. Table D6 reports the singular values of the Jacobian of the moments with respect
to the parameters. All eight are positive, so the moments respond to the parameters in
eight independent directions, and the parameters are locally identified. The two smallest
singular values indicate directions in which the criterion is relatively flat.

Table D7 reports the sensitivity of each parameter to each group of moments, following

59



Table D5: Moments targeted in the demand estimation

Group Moments Definition Multiplier w,
Loan-size shares 8 Pr(g = g, | orig), LTV bins of 10 pp from 1
10-20 to 80-90 (top bin omitted)
Inquiry shares 5 Pr(N=mn|orig),n=1,...,5(N =6 1
omitted)
Loan size x inquiries 1 E[gN | orig] 1
Covariate interactions 9 zx {E[q], E[N], E[gN1} for z € {predicted 1

risk, log car value, log income}, standardized
cluster means

Default 3 E[gD], E[ND], E[gND], conditional on 1
origination
Default-LTV slope 1 Within-cluster slope of Pr(D | q,k) on g 1
LTV dispersion 1 Zk(nk/n) Var(q | k) 1
Origination 1 Pr(orig), external target 104
Intermediation 1 Loan-weighted mean absolute difference 10
between model and data intermediation
shares across clusters with a dealer network;
target zero
Inquiry dispersion 1 Mean of Var(N | k, q) over (cluster, LTV) cells 22
with more than 20 loans
Rate 1 E[R | orig] 6.8x107°
Rate x inquiries 1 E[RN | orig] 6.8 x107°
Rate, single inquiry 1 E[R|N =1, orig] 6.8 x1075
Total 34

Notes: q: LTV (bin midpoint); N: number of inquiries, top-coded at 6; D: default; R: transacted rate; k: cluster. All
moments are conditional on origination, with each cluster weighted by its share of the data’s loans.

Andrews, Gentzkow, and Shapiro (2017). The patterns follow the informal argument. The
correlation between the taste for loan size and default, p,, ;, is mostly determined by the
slope of default on LTV. The origination target determines the level and dispersion of the
taste for loan size and the outside option. The location of the search cost depends mostly
on the intermediation moment, and its dispersion on the dispersion of inquiries within

cells. The dealers’ arrival rate depends on the intermediation moment and on origination.

E Results

E.1 Reservation rate and participation estimates

Table E1 reports the estimates of the reservation rate distribution, estimated jointly with
the costs in Table 6. In the same units as the lender costs, the median reservation rate
is 20.3% a year, with a dispersion of 0.12 in logs. On average across loans, the estimated
probability that the rate was set by the reservation rate, rather than by the runner-up’s bid,

is 0.63. The outside option is not precisely estimated, and is close to zero.
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Table Dé6: Local identification at the demand estimate

Value
Singular value 1 4.58e+03
Singular value 2 7.57e+02
Singular value 3 5.70e+02
Singular value 4 1.25e+02
Singular value 5 6.37e+01
Singular value 6 2.26e+01
Singular value 7 2.63e+00
Singular value 8 6.05e-01
Condition number (weighted) 7.57e+03

Condition number (unweighted) 7.73e+03

Notes: Singular values of the weighted, column-scaled Jacobian of the 34 moments with respect to the 8 estimated de-
mand parameters. The unweighted condition number uses the column-scaled Jacobian without the weight matrix.

Table D7: Sensitivity of the demand estimates to groups of moments (%)

Pr(LTV) Pr(N) E[gqN] Covariates Default Defaultslope Var(LTV) within Pr(orig.) Intermed. Var(N) within

ey 0.9 17 1.0 0.2 2.5 3.5 0.1 83.5 6.3 0.4
T, 21 24 2.0 0.9 1.2 7.4 45 67.6 11.8 0.1
Pod 8.4 3.2 0.8 2.8 11.4 51.8 7.5 113 2.0 0.8
U, 11.7 2.6 32 1.2 1.2 3.0 47 65.5 6.6 0.3
Default intercept 59 2.5 1.0 0.9 23.4 22.7 3.5 37.7 23 0.2
e 7.9 9.0 52 2.7 3.7 5.1 11.7 189 29.0 6.9
[ 72 8.7 5.4 21 27 3.7 9.1 21.7 153 24.1
Dealer arrivals A 22 10.8 47 19 0.6 1.2 17 31.6 43.1 21

Notes: Share of each parameter’s sensitivity, as in Andrews, Gentzkow, and Shapiro (2017), attributed to each group of
moments: } |A;,lsd, summed within group, as a percentage of the total. The three rate moments (0.0% for every
parameter) are omitted. Rows sum to 100.

Table E1 also reports the participation layer. The first stage, estimated from inquiry
records by lender and dealer network, varies widely across lenders: among lenders with
their own estimate, its interquartile range is 0.03-0.45 outside the dealer network and
0.17-0.65 within it, and 6 of the 7 lenders with both estimates participate more often within
the network. Cells in which the lender files inquiries on too few of the loans it wins use
the pooled estimate (43% of lender—loan pairs), and cells with too few loans won use the
lender’s estimate across networks (5%). The estimated shift - lowers these probabilities,
implying a mean participation probability of 0.17 across lender-loan pairs: 0.12 outside
the dealer network and 0.25 within it.
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Table E1: Reservation rate and participation estimates

Estimate
Reservation rate, median (% APR) 20.27 (2.69)
Dispersion of log reservation rate, oz 0.118 (0.008)
Outside option (BRL), U, —1.47 (891.10)
Participation shift, 7y, (logit scale) —1.443 (0.204)
Mean participation probability, outside the dealer network 0.121
Mean participation probability, within the dealer network 0.251
Share of loans priced at the reservation rate 0.63
Loans 212,649

Notes: Maximum likelihood estimates, jointly with the cost distribution. Reservation rates scaled by expected repayment,
in the same units as lender costs. The log reservation rate is normal; its median is converted to an annual rate at the
average loan term and interbank rate (12.97%). Participation probability: logistic of 7, plus the logit of the first-stage
participation, estimated from inquiry records by lender and dealer network; means over lender-loan pairs. Standard
errors in parentheses, by the delta method for the median.

E.2 Rate decomposition with the reservation rate

Conditional on origination, the transacted rate is R* = min{R @) p;}. The decomposition
in equation (14) extends to the case where the reservation rate binds:

1+cq) y min{1 + ¢y, 77Fp;}
B
T 1+c¢q)
Mg. cost + risk adjustment ~ Auction market power

R:(L) =

(E1)

min{1 + @) ko) B

; L X L
min{1 + ¢y, 77;0;} 7t (L)

Search frictions Adverse selection

where ¢y, is the k-th lowest cost among all lenders in the market and ¢ T the k-th lowest
among the N; lenders in the consideration set. When the reservation rate binds, it caps
both the market-power term and the search term: search cannot lower a rate that the bor-

rower’s own reservation rate already sets.

E.3 Results by risk decile

E.4 Counterfactual surplus

Table E4 complements Table 9, reporting surplus relative to the baseline and lender profits
per originated loan, both evaluated at borrowers” own default probabilities. Removing
search frictions illustrates the difference between total and per-loan profits: total profits
increase by 56%, as the number of loans more than doubles, while profits per loan fall by
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Table E2: Baseline rate decomposition by risk decile (% APR)

Decomposition

Decile Pr(orig) Loans Pr(D) LTV R* Cost 4+ risk Market power Search  Adverse sel.

1 0.007 0.002 0.012 0.529 1.45 —3.63 4.22 0.07 0.78
2 0.023 0.006 0.018 0540 5.84 0.67 422 0.19 0.75
3 0.054 0.013 0.024 0578 9.13 3.73 4.25 0.42 0.73
4 0.084 0.021 0.031 0.633 11.88 6.09 4.30 0.77 0.72
5 0.143 0.037 0.040 0.663 14.52 8.14 437 1.30 0.70
6 0224 0.060 0.054 0.675 17.33 10.22 4.45 1.99 0.68
7 0316 0.090 0.076 0.672 20.49 12.65 4.56 2.69 0.59
8 0578 0180 0115 0.671 24.62 15.77 473 3.88 0.24
9 0.688 0233 0.148 0.695 2891 18.58 4.85 5.67 —0.20
10 0.850 0358 0.216 0.808 33.59 22.68 5.05 6.37 —0.52

Notes: Baseline equilibrium, all ten clusters. Deciles of the type-determined default probability within each cluster, 1
= safest. Pr(orig): origination probability, averaged over clusters weighted by their loans. Loans: share of originated
loans. Pr(D), LTV and rates: averages over originated loans. The decomposition is the one in the counterfactual results,
with the adverse-selection component 777 /7tF (L) added last, each in pp of APR.

Table E3: Effects of making types public, by risk decile

Pr(orig) Change LTV R* (APR)
Decile Baseline Public Loans (%) Baseline Public Baseline Public
1 0.007 0.009 40.2 0.529 0.553 1.45 2.47
2 0.023 0.028 37.7 0.540 0.566 5.84 7.17
3 0.054  0.065 35.3 0.578  0.607 913  10.72
4 0.084  0.100 329 0.633  0.665 11.88  13.70
5 0.143 0.169 30.3 0.663 0.716 14.52 16.53
6 0.224 0.264 27.4 0.675 0.775 17.33 19.38
7 0.316 0.361 22.0 0.672 0.841 20.49 2221
8 0.578 0.599 6.2 0.671 0.901 24.62 25.03
9 0.688  0.710 3.6 0.695  0.935 2891  28.78
10 0.850 0.880 12.7 0.808 0.949 33.59 33.76

Notes: Baseline equilibrium and public types (lenders observe each borrower’s type), all ten clusters. Deciles of the type-
determined default probability within each cluster, 1 = safest. Pr(orig): origination probability, averaged over clusters
weighted by their loans. Change in loans: percentage change in the number of originated loans in the decile. LTV and
rates: averages over originated loans.
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Table E4: Surplus in the counterfactuals, relative to the baseline

Surplus Profit per loan

Orig. Consumer Lender Total BRL Relative

Baseline 1.00 1.00 1.00 1.00 2,246 1.00
Adverse selection
Public types 1.13 1.13 1.31 1.22 2,602 1.16
Search fixed 1.06 1.09 1.25 117 2,633 1.17
Loan size fixed 1.07 0.98 1.04 1.01 2,19 0.98
Pooling in loan size 0.98 1.21 1.14 1.17 2,598 1.16
Search frictions
No search frictions 2.21 3.08 156 226 1,582 0.70

Notes: All columns except profit per loan in BRL are relative to the baseline. Surplus: totals over all borrowers; in the
baseline, consumer surplus is 1,947 BRL, lender profit 2,246 BRL and total surplus 4,192 BRL per originated loan. Lender
profit is realized profit, at borrowers’ actual default probabilities. Profit per loan: realized profit per originated loan.
Consumer surplus excludes the taste shocks in the choice of loan size. No adverse selection: lenders observe each
borrower’s type. Held at the baseline: each type keeps its baseline search effort, or its baseline choice of loan size, while
the other choices adjust. Pooling in loan size: lenders hold one default belief per group of observably similar borrowers,
the same at every loan size, equal to the realized default rate among the group’s originated loans.

30%, as competition for each borrower increases. Removing adverse selection increases
both, as borrowers take larger loans; holding loan size at the baseline, profits per loan fall
slightly, by 2%.
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