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Abstract

When lenders screen borrowers using a menu, they generate a contractual externality
by making the composition of their competitors’ borrowers worse. Using data from
the UK mortgage market and a structural model of screening with endogenous menus,
this paper quantifies the impact of asymmetric information on equilibrium contracts
and welfare. Counterfactual simulations show that, because of the externality, there is
too much screening along the loan-to-value dimension. The deadweight loss, expressed
in borrower utility, is equivalent to an interest rate increase of 30 basis points (a 15

percent increase) on all loans.
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1 Introduction

Menus of contracts are widely used in financial markets. For instance, mortgage borrowers
often have the choice between fixed or flexible rates, high or low loan-to-value (LTV) and
different combinations of interest rates and fees. A leading explanation is that lenders
offer menus to make borrowers reveal their private information through their choices (i.e.,
screening). Screening is achieved when high-default borrowers self-select into high-interest
rate loans because other contracts contain features that are relatively more costly to them,
such as short maturity or low LTVs.

While the theoretical literature has highlighted that asymmetric information can generate
inefficiencies (Rothschild and Stiglitz 1976, Akerlof|1970), how large these inefficiencies are in
markets that use menus is still an open question. Since measures of private information and
data on menu offerings are hard to come by, it is challenging to study these inefficiencies by
building counterfactuals groups directly from the data. To overcome these data limitations,
the literature developed model-intensive approaches, such as structural models (Handel,
Hendel, and Whinston 2015) and sufficient statistic approaches (Einav, Finkelstein, and
Cullen 2010). However, this literature focuses on insurance markets and uses models in which
contract characteristics other than prices are fixed (a la Akerlof 1970 [T] This is problematic
because (i) it is likely that screening inefficiencies can arise in many other dimensions than
prices in the credit markets — such as collateral Bester (1985)), maturity Flannery (1986) or
covenants Levine et al. (2005) — and (ii) the identification strategy, developed for insurance
markets, fails to disentangle moral hazard from adverse selection in the context of credit
markets] The key challenge is that contract prices impact customers’ choices but do not
affect moral hazard (e.g., the probability of getting ill) in the context of insurance, while
they directly affect default probabilities in credit markets.

In this paper, we use a novel structural model of screening with endogenous menus to
quantify the impact of asymmetric information on contract terms and welfare. We identify
and estimate the model parameters using administrative data on menus, borrowers’ contract
choices and defaults in the United Kingdom (UK) mortgage market for first-time buyers from
2015 to 2019. The UK mortgage market represents an ideal laboratory to study screening,
given the use of menus, the rich variation in mortgage products and its central role in
the economy. We propose a novel identification strategy to disentangle moral hazard from
adverse selection based on exogenous changes in the level and in the slopes of lenders’ pricing

1. See Einav, Finkelstein, and Mahoney 2021 for a literature review.
2. See Appendix [C| for a comprehensive review of the literature.



schedules because of capital requirements. The structural approach allows to simulate of the
contracts that would be offered under various counterfactuals. By comparing the simulated
contracts to the contract offered in the data, we assess the amount of distortions and quantify
the resulting welfare loss.

Following Rothschild and Stiglitz (1976)), we focus on quantifying two key types of inef-
ficiencies, both caused by asymmetric information about borrowers’ preferences and default
probabilities. First, when lenders use menus, contracts may be distorted away from their
perfect information values to maintain borrowers’ incentives. Second, markets with multiple
lenders can fail to provide the menus that would be offered by an informationally-constrained
social planner. For instance, a social planner may find it optimal to pool borrowersﬂ Yet,
pooling contracts cannot be offered in competitive markets as a lender could break its com-
petitors’ pooling contract by offering contracts attracting the most profitable borrowers.
The key friction is that lenders do not internalize that their screening strategy creates a
contractual externality by changing its competitors’ composition of borrowers — and thus
the expected return on their products.

To study Rothschild and Stiglitz (1976]) inefficiencies, we develop a structural model
of lending with imperfect competition, and with asymmetric information about borrowers’
default probabilities and preferences over contract characteristics. We identify the average
preferences and demand elasticities of borrowers selecting a given contract from their con-
tract and lender choices. Using the preferences estimates together with data on default,
we then recover the correlations between (ex-ante unobservable) preferences and default
probabilities. These correlations tell us if lenders can make riskier borrowers self-select into
different contracts. To disentangle moral hazard from adverse selection, our identification
strategy compares the default of groups of borrowers that chose the same contract but have
different average preferences. The variation in the average preferences of each group comes
from those groups being faced with a different pricing schedule. We show that our measure of
contract-level average preferences can be instrumented using a weighted average of lenders’
product-specific cost shifters. The instruments affect the slopes of the pricing schedule and
are weighted using a formula derived from our model. We then use the demand and default
parameters together with formulas derived from the lenders’ profit maximization problem to
back out the marginal costs of originating mortgage products and the fixed cost of changing
menus.

3. Pooling might be a Pareto improvement over screening because high-default borrowers get a lower rate

under pooling contracts compared to the screening case, and under pooling, low-default borrowers get a
contract with a higher rate but with lower distortions (e.g., no credit constraint).



We deliver three new empirical results. First, we find that leverage (i.e., the contract
LTV) is used together with interest rates to screen borrowers along their default probability.
Screening requires lenders to set their LTV pricing schedule such that high-default borrow-
ers self-select a higher LTV-higher interest rate contract relative to low-default borrowers.
Screening works this way because high-default borrowers — who also tend to be less price
elastidﬂ — have a higher “willingness to pay” for LTV. That is high default borrowers are
more reluctant to provide a higher down payment for each pound they borrow (i.e., they
have a higher marginal rate of substitution of interest rate for LTV). We also document that
other contract characteristics (fees and the type of rate) are used to screen as well.

Second, we show, using counterfactual simulations, that maintaining incentives to self-
select requires distorting contract terms away from their perfect information value. The LTV
pricing schedule in the data is set such that 50 percent of borrowers (i.e., those with a lower
default probability) choose contracts with an LTV between 70 and 85 percent. However,
under perfect information, those borrowers — as well as most other borrowers — would
have gotten an LTV above 85 percent in order to buy a bigger house. Our findings thus
suggest that contracts with an LTV between 70 and 85 percent are primarily introduced
to screen borrowers rather than to cater to their preferences. We also find that because of
screening, the interest rate on higher LTV loans (i.e., 95 percent LTV) is lower by 70 basis
points (bps) relative to what those borrowers would have gotten under perfect information.

Finally, by comparing the menu in the data to the ones offered by an informationally
constrained social planner, we isolate the effect of the contractual externality to show that
there is excessive screening. If a lender were to offer the social planner’s pooling contracts,
its competitors could take advantage of it by introducing a contract with a lower rate and
an LTV just below the ones currently offered, thereby attracting a high proportion of low
cost-high price elastic borrowers. We estimate that a lower bound of the deadweight loss
generated by this externality is equivalent to the utility loss caused by a 30 bps interest rate
increase on all loans Pl

Our findings imply that, as maximum leverage is the dominant screening device in this
market, regulations affecting LTV can have an unintended effect on banks’ incentives and
ability to screen borrowers. Common examples of such policies are bans on high LTV prod-

4. The correlation between default and price elasticity is consistent with risky borrowers internalizing
the probability that their application is rejected and thus behaving as if they had higher search costs (see
Agarwal et al. (2020) for empirical evidence).

5. Considering an average loan size of £200,000 and a 25-year maturity, this corresponds to a £25 monthly

increase in borrowing expenses for all borrowers. In practice, this cost is borne by a third of borrowers and
is thus equivalent to a £75 monthly increase.



ucts, high LTV mortgage guarantee schemes, or LTV-specific capital requirements (see the
IMF’s Global Macroprudential Policy Instruments database). To analyse these unintended
effects, we provide a policy simulation of a ban on high LTV mortgages. We find that the
cost of that policy is equivalent to a 30 bps increase in interest rates and that the cost is
underestimated by a factor of three when not considering screening. The rationale is that the
high LTV ban will move high default-low price elastic borrowers to lower LTV, and screening
incentives push the safer borrowers into new and cheaper products but with characteristics
that do not match those of perfect information products.

Overall, our results show that screening is an important force in the UK mortgage mar-
ket and that the associated contractual externality is costly. This suggests there is room
for Pareto improving policy interventions. As shown in the theoretical companion paper
Taburet (2022), lowering competition, increasing the capital requirement on low LTV in a
low-competition environment, or banning the use of lower LTV products could reduce the
impact of the contractual externality by preventing cream-skimming deviations to occur.

We make two methodological contributions. One is related to identification, the other
to counterfactual simulations. The first contribution is to develop a novel approach and
identification strategy to test if screening for default probabilities is possible. Our approach
relies on measuring the correlations between preferences and default probabilities by first
identifying the distribution of borrowers’ preferences using choice data. Formally, we de-
compose the choice of contract into two equations : a product choice and a quantity choice
(discrete-continuous demand system). We employ a revealed preference in the spirit of Nevo
(2001)) to recover moments of the distribution of borrowers’ ex-ante unobservable preferences
from contract product choice (interest rate type, LTV, lender and fees) and loan size choice
data. Our identification leverages the idea that if a borrower chooses a contract with a
maximum LTV of 90 percent while they had access to a contract with a maximum LTV of
95 percent for an interest rate increase of, say, 100 bps, it must be that their willingness to
pay for this LTV increase is lower than 100 bps. We then build a measure of the average
preference of borrowers choosing a given contract and use it in a default regression. We show
the variation in our preference measure comes from changes in the spread between contract
prices or new contract introduction or withdrawal. This two-step approach allows recovering
our structural model key parameters to endogenize screening in counterfactual simulations
and study a larger range of research questions than reduced form studies.

The difficulties with this identification strategy are (i) in the first step, our measures of

borrowers’ preferences need to be correctly identified, and (ii) in the second step, variation



in the average preferences of borrowers choosing a given contract need to be uncorrelated
with borrower characteristics (e.g., soft information) or economic conditions unobserved by
the econometrician.

The endogeneity concerns in the first step are addressed using standard approaches. We
mitigate the endogeneity problem from omitted product characteristics by instrumenting for
interest rates using predetermined risk weight as a cost shifter as in Benetton (2018). We
deal with unobserved rejection of mortgage applications based on soft information using a
consideration set approach (see Crawford, Griffith, Iaria, et al. 2021). We deal with the
selection on unobservables in the loan size regression by allowing for the product choice and
loan size parameters to be correlated similarly to K. Train (1986)). Finally, we use product
fixed effects in our specification of preferences over contract characteristics to recover the
component of preferences that is a function of expected default but is not contaminated by
moral hazard or burden of payment incentives. This component is used as an independent
variable in the second step.

To address the endogeneity concern in the second step, we use instrument for borrower
average LTV preference using a weighted measure of product-specific risk weights and mini-
mum capital requirements as a product-specific cost shifter. Risk weights are pre-determined
and vary over time across lenders and mortgages with different maximum LTVs. Minimum
capital requirements vary over time and across lenders. Both have been extensively used as
an instrument for interest rates (e.g., Aiyar et al.|2014], Benetton 2018, Robles-Garcia 2019)).
Our instrument is relevant as it affects the spread between interest rates and, thus the type
of borrower choosing a given contract. We control for unobserved characteristics that are
common among products (lender shocks) and those that are common across lenders (market
shocks). Thus, given the absence of individual-based pricing in the UK (see Benetton 2018),
the exclusion restriction requires that our cost shifter is not correlated with economic shocks
affecting borrower types differently, and with acceptance and rejection rules based on char-
acteristics unobserved by the econometrician only. It is plausible that the endogeneity from
mortgage application rejections based on soft information is not fully addressed, as lenders
can update their acceptance and rejection criteria following a product cost shock. In that
case, our results should be interpreted as a lower bound on adverse selection as lenders are
likely to become stricter to mitigate the increase in the cost of lending.

In contrast, the empirical literature on screening for default probability focuses on testing
if screening is possible using reduced-form regressions and data on default only. Papers in this

literature do not estimate preferences and thus do not recover their correlation with default.



The most common identification strategy in the screening literature is to directly compare
the default of observationally equivalent borrowers that chose different contracts (Chiappori
and Salanie [2000)). However, this correlation can be due to the causal effect of contact terms
(moral hazard or burden of payment) rather than borrower unobservable attributes (adverse
selection). To mitigate this concern, Hertzberg, Liberman, and Paravisini (2018]) exploits a
natural experiment to compare the default of borrowers that chose the same contract before
and after a new product was introduced in the menu. Our paper shows that exogenous
changes in the interest rate spread can be used instead of exogenous product introduction
or withdrawal to test if screening is possible. We also show that any of those two sources
of variation — interest rate changes or product introduction — can be used to identify the
preferences coefficient our second-step default regression.

The second methodological contribution of the paper comes from using methods and
results from the theoretical literature on screening to solve for the equilibrium contracts in
the counterfactual simulations. The simulations are needed to provide an economic interpre-
tation to our model parameters — such as the correlation between preferences and default.
The key challenges are that (i) equilibria in selection markets are difficult to characterize
and are often fraught with nonexistence, and (ii) the computational burden associated with
structural model simulations is high when more than one product characteristic is endo-
genised.

Our approach to solve for the equilibrium contracts is based on three innovations. First,
we simplify the analysis of contract distortions using the perfect information case as a bench-
mark in our first counterfactual exercise. This framework eliminates both the existence
and computational burden concerns. We further construct a model-based and analytically
tractable decomposition of the equilibrium interest rate observed in the data into a perfect
information competitive interest rate, a perfect information-imperfect competition markup,
and an asymmetric information discount or premium.

Second, as in the companion paper Taburet (2022), we show that the contractual external-
ity can be measured by setting the social planner problem similarly to a monopoly screening
model. Monopoly models are convenient as they do not feature the non-existence result of
Rothschild and Stiglitz (1976). Formally, we consider the hypothetical case in which each
lender becomes a monopolist and borrowers’ outside option is their utility in the competitive
equilibrium. The outside option constraint is made to focus on Pareto improvements. The
monopoly assumption keeps the asymmetric information but eliminates the externality by

preventing borrowers from moving from one bank to another. This formulation of the social



planner problem is convenient as it does not feature the non-existence of equilibrium (see, for
instance, Taburet 2022). It also allows us to focus exclusively on the screening externality
by preventing an increase in welfare generated by a better allocation of borrowers to cheaper
banks.

Finally, as in Wollmann (2018), we discretise the product choice set to reduce the com-
putational burden of the counterfactual simulations. We innovate by introducing random
fixed costs of designing a new menu. The latter assumption makes the estimation tractable
and also disciplines the counterfactual simulations of LTV bans by assigning a probability
to each potential market outcomef]

In contrast, the literature on adverse selection focuses on a situation in which the product
offering is fixed but prices are not, or in which firms do not screen (see Einav, Finkelstein,
and Mahoney (2021) for a recent literature review). A notable exception is Handel, Hendel,
and Whinston (2015)), which uses a perfect competition structural model based on Roth-
schild and Stiglitz (1976]) to study health insurance policies. The model allows for menus
to be composed of at most two products with their coverage exogenously fixed to 90 and 60
percent actuarial values. Because equilibria in competitive markets are difficult to charac-
terize and are often fraught with nonexistence, Handel, Hendel, and Whinston (2015]) uses
Riley (1979)) equilibrium concepts, which forces the screening equilibrium to happen. Our
approach allows us to avoid the use of equilibrium concept refinements, relax the perfect
competition assumption and endogenize both the contract terms and the menu size. By
doing so, we fit the credit market structure and more flexibly capture incentives to pool
(or, more generally, to cross-subsidize) or screen borrowers. The competition assumption
is important given recent theoretical and empirical paperﬂ have shown that the effects of
asymmetric information on prices and contract terms — via, for instance, the ability to pool

borrowers — depends on the market structure itself.

For the interested reader, a more comprehensive literature review is provided in Appendix

[l

The rest of the paper is structured as follows. In section [2| we describe the institutional

features of the UK mortgage market, outline the data used, and conduct a descriptive analysis

6. This approach also helps in the estimation of the fixed cost as it allows using the sufficient set approach
(Crawford, Griffith, Iaria, et al. |2021) to avoid having to compute all potential combinations of product
introduction and withdrawal.

7. For instance, Lester et al. (2019) and Crawford, Pavanini, and Schivardi (2018).



to motivate the modelling assumptions. In section [3| we present the structural model.
Section [4] discusses the identification strategy and estimation procedure. In section [3], we

analyse the estimation results and the counterfactual experiment outcomes.

2 Institutional Setting, Data, and Motivating Evidence

This section describes the key institutional features of the market and the data used in this
paper. It then provides suggestive evidence that screening is an important driver of the UK

mortgage market contracts offering.

2.1 Institutional setting

Market features: While mortgage markets are important credit markets in most countries,
their institutional features vary (Campbell 2013). The UK mortgage market differs from
other mortgage markets — such as that in the US, for instance — along three dimensions.

First, lenders do not offer long-term fixed rate contracts in the UK market. Instead,
borrowers can fix the interest rate for a given number of years (typically two, three, or five).
After that period, the “teaser rate” is reset to a generally significantly higher and flexible
“follow on rate”. Coupled with the fact that contracts feature high early repayment charges
— which typically account for 5 or 10 percent of the outstanding loan — refinancing around
the time when the teaser rate period ends is very frequent in this market (Cloyne et al.|2019).

Second, the interest rate of a contract advertised by a given bank on its website or other
platforms is the one paid by every borrower choosing that contract. This is because minimal
negotiation takes place between borrowers and lenders, and banks do not practice individual-
based pricingﬂ However, while pricing is independent of borrowers’ characteristics, banks
may reject loan applications based on individual characteristics. This approach is common
in other markets (credit cards, hedge funds) or online platformsﬂ

Finally, the UK mortgage market is very concentrated. The “big six” lenders account
for approximately 75% of mortgage origination. The number of active banks is stable over

8. The search platform Moneyfacts reports: “A personal Annual Percentage Rate is what you will pay.

For a mortgage this will be the same as the advertised APR, as with a mortgage you can either have
it or you can’t. If you can have the mortgage, the rate doesn’t change depending on your credit score,
which it may do with a credit card or a loan.” See Leanne Macardle, ”What is an APR?” Moneyfacts,
https://moneyfacts.co.uk/guides/credit-cards/ what-is-an-apr240211/.

9. This can be rationalized by the fixed cost of negotiation being high compared to the size of loans in
the consumer market compared to the firm market.



time, even during times of financial disturbance such as during the COVID-19 pandemic.

Loan contracts: As illustrated in Figure [A.T| a borrower who is willing to take on a
mortgage from a particular bank in the UK can choose from a menu of standardized loan
contracts.

The pricing of those contracts is primarily based on product characteristics such as lender
name, rate type, maximum LTV and fees. Indeed, using a linear regression of rate on
product characteristics, we show — consistent with other papers on the UK mortgage market
(Benetton 2018| Robles-Garcia 2019)) — that 90 percent of the price variation is explained by
interacting time dummies with lender dummies, rate type, maximum LTV and fees dummies.
The remaining variation is independent of the characteristics of the borrowers choosing the
contract.

Conditional on those product characteristics, borrowers can borrow as much as they want
and can freely choose the maturity within some bounds without any impact on the interest
rate.

While the contract pricing is independent of borrowers’ characteristics, a bank can choose
to reject a borrower’s loan application based on their observable characteristics (e.g., income,
age, credit score). As we do not observe loan applications or the criteria used by banks, we
will build our empirical strategy considering this limitation.

Based on those facts, we thus define as a loan contract the object (L, X, r) where L is the
loan size, X is a vector containing other contract characteristics (lender dummy, maturity,
rate type, maximum LTV and fees), and r is the interest rate on the loan.

Following the vocabulary in the industrial organisation literature, we also refer to the
vector of characteristics (X) as a product, r as the product’s price, and L as the quantity of
that product being boughtm

2.2 Data

We use the Product Sales Database 001 (hereafter, PSD 001). The data are collected quar-
terly by the Financial Conduct Authority (FCA) and contain contract-level information
about households’ mortgage choices and detailed information on mortgage origination char-
acteristics for the universe of residential mortgages in the UK. The dataset is available to
restricted members of staff and associated researchers at the FCA or the Bank of England.

10. This vocabulary is relevant here as the vast majority of the contract price does not depend on the loan
size.



We merge the data with PSD 007 containing the credit events on mortgages. We use
arrears as a measure of default, which is defined as being 90 or more days delinquent on
monthly payments.

In this paper, we focus on the years 2015 to the end of 2022. During this period, we
observe for each mortgage origination details on the loan (interest rate, loan amount, initial
fixed period, maturity, lender, fees), the borrower (income, age), and the property (value, lo-
cation). The estimation is done excluding the COVID-19 period as the policies implemented
during that time may confound the identification. However, we provide stylized facts about
default and product offers during that period. We focus on the first-time buyer market to
abstract from preexisting lending relationships between lender and borrower.

The structural estimation is done using 2018 data (See table [l in Appendix B for the
data summary statistics). For that year, we observe 847,000 first-time buyer contracts, of
which almost 90% are mortgages with initial fixed periods of two, three, or five years. The
average interest rate is 2.5 percentage points, and the average origination fee is £503. The
average loan is almost £165,000 with an LTV of 80 %, a loan-to-income of 4.6, and an average
maturity of 29 years. Borrowers are, on average, 31 years old and have an annual income of
£36,000.

We supplement the data with a survey on credit events during the COVID-19 period and

2015-2018 surveys on capital requirements policies at the bank-product level .

2.3 Motivating evidence

This section discusses descriptive patterns about banks’ menus. We also provide suggestive
evidence that screening is feasible in this market as borrowers’ (observable) characteristics

are correlated with contract choices and default.

Variation in product offering: As shown in Figure[A.2] the number of products varies
over time and across market participants. In particular, first-time buyers shopping for 90%
LTV contracts faced on average two different options at each bank in 2010, six options before
the COVID-19 crisis and only one or no options during the peak of the COVID-19 period.
Menu sizes are larger at 75% LTV. Indeed, the average menu contains 6 alternative contracts
at 75% LTV in 2010 and during the COVID-19 period but 16 in 2017. Typically, in 2017
the average bank offers at 75% LTV the option of fixing the rate for 0, 2, 3 or 5 years and
proposes three levels of fees (0, 750, 1500). A higher level of fee is associated with a lower

rate. Considering all combinations of fixed rates and fees for all LTV levels offered starting

10



from 60% LTV (i.e., 60, 65, ..., 90, 95), we find that, on average, only 40 percent of those
products are offered by the average bank.
This empirical result motivates the fact that the number of products needs to be endog-

enized in the model.

Sorting on observables: As suggestive evidence that borrowers with different charac-
teristics tend to select different products, we regress borrowers’ observable characteristics on
LTV dummies (see table [2)).

We document that — compared to borrowers choosing 75% LTV contracts — borrowers
choosing 95% LTV contracts are on average 1.5 years younger, earn 7,400 net pounds less a
year, and are 20 percent more likely to be part of a couple.

This correlation between LTV and borrowers’ characteristics can be the result of borrow-
ers’ self-selection or the fact that banks may decline the loan applications of riskier borrowers
for a high LTV loan. As banks generally offer high LTV loans only to safer borrowers, it is
likely that the income and age gap between high and low LTV loans would be higher absent
banks’ rejection behaviour. Making borrowers self-select (on observable characteristics) us-
ing LTV is thus feasible.

Sorting on default: As suggestive evidence that borrowers that choose different prod-
ucts have different default behaviour, we regress default on borrower and contract charac-
teristics (see table 3)):

Default; is equal to 1 if borrower i has been in arrears by the end of 2019, and X; includes
borrower i’s contract terms (lender, LTV, rate, fees, teaser period, mortgage term) and
borrower i’s characteristics (age, income, location of the house, number of applicants, time
at which the contract has been taken).

We document that 1.2 percent of the loans originated in 2018 had defaulted by 2020. The
default probability on 85-95% LTV loans is 1.4 percent, while the average for 75-85% LTV
loans is 0.8 percent. We excluded the COVID-19 period as a payment deferral (mortgage
holiday) policy was implemented to help borrowers facing financial difficulties.

Using a baseline default of 1.2%, the regression of default on product and borrowers’

characteristics implies that a 100 bps increase in rate is associated with a 50 percent increase

11



in default probability; the default probability of a 5-year fixed rate contract is 40 percent
lower than that of flexible rate contracts; the default probability of a zero fee contract is 30
percent lower than contracts with fees of 1,000; and borrowers whose income is one standard
deviation lower (16,000) are 16 percent more likely to default.

As a complementary study, we use a proprietary survey from the bank of England made
during the COVID-19 period. According to the survey, 25 percent of borrowers asked for
a mortgage holiday. As illustrated by Figure [A.4] the amount of loans benefiting from the
policy was 60 percent higher than the average for high LTV loans and 30 percent higher
for small banks. Of these loans, 6 percent of those originated before the 2008 financial
crisis had defaulted by 2020. Those two facts illustrate that, while the baseline default
probabilities may be small in normal times, they become large during an economic crisis.
For this reason, the default probability estimated in this regression and in the structural
model may not reflect banks’ actual expected default probabilities. Consequently, we do a
sensitivity analysis based on default probabilities in the structural model.

Those results, together with the one on borrowers’ choice of contract — and given that
pricing is independent of borrowers’ income — provides suggestive evidence of adverse se-
lection along the income dimension. Indeed, we documented that low-income borrowers are

more likely to choose high LTV contracts and are more likely to default.

Need for a structural model: To further understand the impact of screening on
equilibrium quantities, one needs to compare the observed equilibrium contracts’ terms to
a counterfactual in which there is no private information. Given the difficulty of finding
the right counterfactual in the data, we build a structural framework to rely on simulations
instead. The following sections discuss the model assumptions and our identification strategy.
Our modeling approach and identification strategy also allow us to look at selection on
unobservable borrowers’ characteristics, take care of the bias generated by the rejection of
mortgage applications, and disentangle moral hazard or burden of payment from adverse

selection in the default regression.

3 Model Setup

For each month t, we read the data through the lens of the model of supply and demand
described in this section. To simplify the notation, we drop the index t on the variables

except when necessary.
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Sections [3.1] and provide a general overview of the setup and the equations that will
be used to both identify the model parameters and solve for the counterfactual simulations.
An interested reader can look at Appendix [D] for an in-depth discussion about the mod-
elling assumptions. Appendix [[J provides an analysis of the model product introduction

incentives and the contractual externality.

3.1 General Considerations

We consider a T-period model (7" € N, T > 1) with two groups of agents: borrowers and
lenders. We also refer to the second group as banks. There are n potential borrowers
(ne N, n > 1) indexed by i. There is a finite number of banks indexed by b. We denote B
as the set of banks.

Definition of contracts and products: Banks offer a menu of contracts. Based on
the UK institutional features, we define as a loan contract the object (L, X, r) where L is the
loan size, X is a vector containing other contract characteristics (lender dummy, rate type,
maximum LTV and fees) and r is the interest rate on the loan. Following the 10 literature
vocabulary, we also refer to the vector of characteristics (X) as a product, r as the product
price, and L as the quantity of that product being bought. We index a product by the
subscript c. We denote Py, as the set of products (c) available to borrower i at bank bB We
denote by My, := {(Xep, 7eb) }eep, the menu of products offered to borrower i at bank b. We
drop the b or i index in M and P to refer to the market menu (M; := UM, and P; := Uy Py)
or the bank menu (M, := u; My, and P, := u; Py). Cy := card(P,) is the number of products
sold by bank b.

Key features: The following considerations formally summarize the key features of the
UK mortgage market as discussed in section [2}

(i) Each bank b posts a menu of products M, that is visible to everyone.

(ii) Bank b may reject borrower i’s mortgage application, so the menu available to bor-
rower i at bank b M;;, may be smaller than M,.

(iii) Each bank b offers a finite number of products (Cj, := card(F)).

(iv) For each product ¢ € Py, there exists a contract (L, X,,r.) for any loan amount

L € [a,b] € R* (see Figures and [A.3).

11. Each combination of product characteristics (X) is a one-to-one mapping to a natural number.
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(v) The pricing (r) of contract (L, X, r) depends on product characteristics (X) and not
on the loan size L or maturity (see Robles-Garcia 2019, Benetton 2018|or Benetton, Gavazza,
and Surico 2021)).

Features (iv) and (v) justify our definition of a product as a bundle of characteristics
(X). While facts (i)—(v) can all arise endogenously from an optimal contract design (see the

appendix in Taburet 2022), in this paper, we take facts (iv) and (v) as given.

Timing: At the beginning of period t, each borrower decides whether or not to enter
the credit market. Conditional on participation, a borrower chooses one loan contract from
one lender.

Loan ¢ matures in m, periods with t <t + m, < T +t. A borrower may default on his

loans.

Heterogeneity: Borrowers have heterogeneous characteristics (age, income, savings,
risk aversion), which translates into borrowers having different preferences over the charac-
teristics of loan contracts and banks. As a result, each lender may have market power over

borrowers. Borrowers also have heterogeneous default probabilities.

Information structure: There is asymmetric information in the economy: lenders do
not perfectly observe borrowers’ types (i.e., their preference, some of their characteristics
and default probabilities). Whenever profitable and feasible, they use a menu of contracts

to make borrowers self-select.

3.2 Overview of the Model

Our model is based on the following demand and supply maximization problems. Borrowers
choose the bank and contract among its individual specific set that maximizes its indirect
utility. Lenders maximize their expected profits. Lenders do not perfectly observe borrowers’

characteristics but know the characteristics’ distribution. Formally, for each period t we have:
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Borrower i: contract ¢ and lender b choice

contract terms and price Loan demand Default probability
— - - N N~ ~
(Civ bi) = aIgMaX(pep; cePyy} {Y;( Xeps Teb , Li (cha Teb, dz’(cha ch))v di<ch7 rcb) 2}
Y

Indirect utility
(2)

Lender b: menu offering M

marginal cost of lending

— F (M, My
M, c argmax s o, py} E[Z Lieibi)=(c,)} {VPV(TCI,, dichs MCyep 2] - % + @FeJ\F/[b
be Expected NP\Tifi chooses cb ~ ~~ -

Fixed cost of changing menu

(3)

Menus have the form My, = {(Xa, re)}eefi,c,], With Cp, being the number of contracts in
the menu. P, is the subset of the menu M, available to borrower i at bank b. B; is the
subset of banks that are considered by borrower i.

My 1 is the menu offered by bank b in the previous period.

B¥el,, is a random variable modelling product-specific introduction or withdrawal fixed
costs.

The expectation in equation |3|is conditional on the lender information set. The informa-
tion set contains contract terms and prices, and observable borrower characteristics. Lenders

know that borrowers behave according to problem [2|

3.3 Discussion about the model’s assumptions

Any model simplifies the reality of focusing on a given economic phenomenon. In our struc-
tural model, we use consider borrowers’ participation in the mortgage market as given. On
the supply side, we do not endogenize the house price upon default and do not model dynamic
considerations in order to be able to model screening incentives in more detail. The coun-
terfactual simulations thus consider that those elements — as well as unobserved product

characteristics (captured by product-lender fixed effects) — remain constant.
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3.3.1 Demand

Savings: As we do not observe savings, we cannot explicitly model the constraints on the
level of down payment (d) a borrower can provide. We address this issue by modelling
borrowers’ choice of both LTV and the loan size and relying on a revealed preference ap-

proach to recover the demand parameters. Indeed, using the definition of LTV, we get:

LTV = dJ%L < d=L- 12?{;‘/. In the situation in which a borrower is constrained by
their savings (s;) when selecting their level of down payment, their loan demand function
is: L;(LTV) = si%. Where s; is a parameter to be recovered using choice data. Our

specification of the demand allows capturing this situation.

Rejection of mortgage application: In borrowers’ maximisation problem , we al-
low for the menu available to each borrower (Py) to be different as a result of rejections of
borrowers’ applications for a particular contract. The modelling of the choice of product is
general enough to encompass the case in which borrowers have or do not have perfect knowl-
edge of which applications would be successful and which would not. We favour the perfect
information case interpretation as this case can be justified by the heavy use of brokers in

this market. The imperfect information case is discussed in Appendix (G]).

Borrowers’ participation in the mortgage market: As shown in Andersen et
al. (2021) and Benetton, Gavazza, and Surico (2021), borrowers’ entry decision in the mort-
gage market is very inelastic to loan prices and characteristics["] Furthermore, Robles-Garcia
(2019) and Benetton (2018) show that the level of competition is high in the UK mortgage
market, making it unlikely that banks will be able to extract the full surplus from borrowers.
This motivates the assumption of taking borrowers’ participation as given and the use of a
static demand model.

In appendix [J| we derive a nested logit version of the model in which borrowers actively
choose to participate or not participate in the mortgage market. This extension yields a
closed-form formula for the expected utility of participating in the market V;, which can
then be estimated. This modelling is convenient as it makes the logit coefficient independent

of the assumptions on the set of potential mortgage buyers that did not enter the market.

12. They estimate the entry decision in regular time, as opposed to a financial crisis. But it seems that
even during the COVID-19 crisis, the number of borrowers did not drop on average.
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3.3.2 Supply

In this section, we discuss how our assumptions affect the interpretation of the supply pa-

rameters.

Collateral: Our NPV parametrization is derived in Appendix [K|from a model in which
banks do not recover anything following borrowers’ default. This assumption does not affect
the demand estimation as we do not explicitly model the cost of default and instead rely
on a revealed preference approach. However, it affects the interpretation of the marginal
cost of lending parameter that is recovered in the estimation section. To provide intuition
for how to interpret the results given our assumption about collateral, let us introduce the
following notation. Upon default, the mortgage originator can seize the lender’s house and

L

get min{0 - &, rL}. L is the loan size, r the interest rate, %

the origination date, and 0 is the ratio of the house price upon default over the one at

is the house value at

origination. Default happens with probability d. If § is not equal to zero, the estimated
marginal cost we recover will capture the average loss given default conditional on LTV
Elme — min{0 - 77, r}d|LTV]. Given our identification strategy, we cannot identify 6 and
mc separately. However, we discuss how one could do so using an integrating over approach

in Appendix [P.]
Finally, although the use of collateral has been taken as given rather than derived from

a first principle, conditions for collateralized debt to be the optimal contract is in Appendix

Static model of supply: The supply model used in this paper is static, as each period
lenders maximize the expected profits generated by current lending activities only. This
consideration is justified by the demand also being static. Static demand is heavily used
in the literature and is a good approximation for mortgage markets as recent studies show
that borrowers’ entry and exit decisions — and thus their decisions on when to borrow —
are almost never affected by mortgage prices and product offerings (Andersen et al. [2021
and Benetton, Gavazza, and Surico 2021)). However, the use of the fixed cost function in
the lenders’ problem creates a dynamic relationship between current and past maximization
problems and makes the use of a dynamic model natural.

The static supply approach can nonetheless be justified by the following considerations.
First, our static modeling can be written as the hurdle rate approach, which is a good

approximation of firms’ product-offering decisions according to recent surveys (see Wollmann
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2018)). The hurdle rate approach assumes that firms choose to offer a set of products such
that, for any other feasible set, the expected ratio of the added profits to added sunk costs
does not exceed a set number (the hurdle rate).

Second, the only parameter affected by a dynamic modeling approach is the fixed cost
function, which is not an object of interest of our analysis. Indeed, the marginal costs are
not affected as they are identified from a model optimality condition that depends on the
number of products being fixed. The counterfactual experiment is not affected by the use
of the static model as long as the relationship between current and expected profits in the
counterfactual experiment remains the same as in the data. The static estimation affects
the economic interpretation of the size of the fixed cost. As a complementary approach, we
show in Appendix [P.3/how methods used in the dynamic demand estimation literature could
be used in a dynamic version of our model to estimate the supply parameters. However,
the dynamic estimation increases the computational burden of counterfactual experiments
to the point where the counterfactual model would not be solvable with the current methods

available.

3.4 Overview of the methodology

We parameterize the indirect utility (V), the loan demand (L) and the default probability
(d) functions of the problem . In the identification exercise, we recover the parameter
value using choice and default data.

In our parametrization, we acknowledge that the parameters of the indirect utility, the
loan demand and the default probability are correlated as they derive from the same maxi-
mization problem. In particular, we allow for the utility derived from a given contract to be
a function of borrower default probability. We provide a summary of our methodology in the
following paragraphs. An in-depth discussion of the indirect utility (V) and loan demand
(L) assumptions and their derivation is provided in Appendix [D.1] We discuss the default
probability functional form in Appendix

Preferences: Following the tradition in the IO literature, we use a hedonic demand
system a la Lancaster (1966). That is, the utility derived from a contract at a given bank
reflects the sum of the characteristics (e.g., LTV, loan amount, branch network) of that
contract-bank.

Given the UK mortgage structure discussed in the previous section, we decompose the

choice of contract into two equations: a product choice and a quantity choice. The choice of
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product-bank is based on a logit model (discrete choice). The choice of the borrowing amount
is continuous and is modelled by a linear regression (continuous choice). This modelling is
called a discrete-continuous demand system in the IO literature (see, for instance, Hanemann
(1984) or K. Train (1986)) for a discussion of the micro-foundation of that class of model).

Instead of specifying the demand system in a reduced-form way (as in Crawford, Pavanini,
and Schivardi (2018)) for instance) or fully specifying the maximization problem (see appendix
, we instead use a method developed in the discrete-continuous demand system literature.
That is, we first parametrize the indirect utility function of borrowers at the optimal loan
size for a given choice of product. We then derive the loan demand and product choice using
optimality conditions: the borrower chooses the product ¢ that maximizes its indirect utility,
and the optimal loan size functional form is derived using Roys’ identity.

In the following paragraph, we discuss the parametrization in light of the discrete-
continuous literature. For those that are sceptical about the discrete-continuous approach,
the same functional form used in this paper can be derived using a reduced form approach
assuming that the default function, the log loan demand are linear in their arguments,
that borrowers’ utility function in linear in contract terms and assuming that how borrower
value contract terms is a linear function of the loan demand and default (see equation
bellow and the associated discussion).

In addition to being theoretically grounded, the approach taken in this paper has two
advantages. First, it allows for mitigating the selection bias in the estimation (discussed
in section |4] and in Table @ Indeed, since the choice of loan amount and contract derives
from the same utility maximization problem, the demand system’s coefficients should be
correlated. As shown in (K. Train [1986), this correlation can create selection bias in the
quantity regression. This happen if, for instance, someone with a high unobserved propen-
sity to borrow may also compare products more intensively (i.e., a higher unobserved price
elasticity). Comparing the average loan size of a similar contract price differently thus cap-
tures the direct effect of the rate on loan demand but also the fact that borrowers with a
high propensity to borrow tend to choose cheaper contracts. In our empirical exercise, we
show that this method doubles the size of some product characteristic coefficients (Table [J)).

Second, this semi-reduced-form approach avoids having to explicitly model the underly-
ing heterogeneity and actions in the structural model. As a result, the estimation relies on
revealed preferences only and is robust to the underlying model driving borrowers’ expec-
tations or the borrower being credit-constrained due to an income multiplied for instance.

This approach is traditional in the empirical literature on adverse selection (see, Chetty and
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Finkelstein [2013} Landais et al. [2020)).

We innovate with respect to the literature by generalizing the utility functional form used
in K. Train (1986). This is done for two reasons (see Appendix for the derivations
and the equation below for the indirect utility). First, the traditional functional form may
not be adapted to financial markets. Indeed, applied directly, it implicitly implies that the
bigger the loan size, the more utility one derives from the loan product. This assumption
might not be true in the lending market as a high LTV makes the borrower put less of his
own money into the house. It then forces the borrower to borrow more to buy the same
house, and the costs in terms of reduced consumption in the future may be too high.

The second reason for the departure from K. Train (1986)) is purely technical. As shown
in the next paragraph, our assumption allows a classic linear logit model and linear loan
size demand functions with correlated parameters. This simplifies the estimation through
reduced computation time and also simplifies the counterfactual analysis via both reduced
computation time and the uniqueness of the interest rate equilibrium. As mentioned in
Wollmann (2018)) and Einav, Finkelstein, and Mahoney (2021)), those technical limitations

are central issues when it comes to the counterfactual estimation.

Key parametrization: One of the key parametrization is the indirect utility (V;(c, b))

and the expected default probability given the borrower information set (E|[d;»|ZP]):

unobserved contract characteristics borrower’s characteristics

—N
‘/i(ca b) = Bicchb + QepTeb + fcb + ,UDz + € +8icb; Eich ~ EV
(4)
With : (Bies, ics) = for(Xans 1) + pDi + B3 57 ~ N(0,07) (5)
Contains‘;[dmbﬂ’f]
and Eldi|Z]] := " (X, 1) + v D; + PI{ + e/ (6)
—_——

borrower’s private information about default probability

The main objects of interest for screening in equations and @ are the correlations
between default probabilities and borrowers’ characteristics (D;), and the correlations be-
tween borrowers’ unobserved preferences heterogeneity (8f) and the private information
about borrower baseline default probability (PI;). This is relevant because when preferences

(Bich, icp) are heterogeneous, banks can influence the average characteristic (D) and prefer-
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ence (3F) of borrowers choosing a given produc by changing their contract menus. For
instance, high default borrowers find it relatively more costly to provide a high level of down
payments for each additional unit they borrow, then low LTV contracts attract unobservably
safer borrowers and can be offered at a lower price. An in-depth discussion of the model
parameters is provided in section [4] and in Appendix [D]

Once the demand and supply parameters estimated, we then parametrize the net present
value of lending (NPV) and the fixed cost (F) functions. We use the model optimality
conditions together with data on menus offered and estimated demand parameters to recover
the supply parameters. The supply model assumptions are discussed in section [D.3]

The identification and estimation of the model parameters are discussed in section [4]

In the counterfactual simulations, we change fundamental parameters, such as the infor-
mation set of lenders and use the maximization problem, to recover the new equilibrium.
The counterfactual section [6] presents the main empirical results and also provides a graph-

ical illustration of the main mechanism at play. A more general analysis is provided in

Appendices [[J M| and

4 Identification and Estimation

This section discusses the identification and estimation of the model parameters defined in
section[3] Recall that D; is the vector of borrower i’s observable characteristics, I';o is a vector
of parameters driving how borrower i values the characteristics and the price of contract c
at bank b, and M; is the set of contract menus offered to borrower i. The parameters
to be identified are: (i) the moments of the distribution of the product and loan demand
elasticity conditional on borrowers’ observable characteristics (E[I';w|D;, M;,i choose cb],
V[Liev|Di, M, i choose ¢b]); (ii) how borrowers’ default probabilities vary with contract terms
(84), with observable borrowers’ characteristics (v¢), and with borrowers’ demand elasticities
(p); and (iii) the lender-product-specific unobservable marginal costs of lending (mcg), and
the lender-specific fixed costs of introducing or withdrawing a new type of contract in their
menu (F}).

We collect all the parameters into the vector © := (O, 04 ©%) where OF := (6F, OF)
denotes the demand parameters related to the product demand (©F) and the loan demand

13. Given that banks do not offer a different price based on D; in the UK, observable characteristics also
drive the menu design.
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(©F). ©4 contains the default parameters (3¢, v%, p?) and ©° the supply ones (mc, F'). The
elements of ©F and ©F are defined in the relevant sections. Each following section — demand
(section , default (section , and supply (section — focuses on the identification

and estimation of their respective © element.

4.1 Econometrician information set and parametric assumptions

Econometrician information set: The econometrician observes each borrower i’s choice
of contract (¢;, b;), their characteristics (D;), the amount borrowed (L., ), the set of banks
operating in the market (B) and the price and characteristics of each product ¢ offered by
each bank b if borrower i were to choose it M := (X, rd,)cbepm The econometrician also
observes whether borrower i defaulted on their mortgage contract before 2020 (d,,;,) and
the origination date of the loan (t;).

Some of the product and borrower characteristics are observed by banks but not by the
econometrician. When necessary, we denote the observable characteristics with a superscript
o and the unobservable characteristics (by the econometrician only) by the superscript w.

The econometrician does not perfectly observe the subset of menus available to each
borrower i (M; < M). In particular, borrowers’ loan applications and banks’ rejections of
the applications are not observed.

The econometrician information set is defined as Z? := {M, (D;, S Py, ¢i, bi, Lic.b; dicv, )i}
where S Py, is the subset of the (indexes) contract available to each borrower i. We discuss
how SP; is constructed and how it affects the identification in the relevant section. For

convenience, we introduce the econometrician information set prior to the borrower’s choice
of contract: ZE := {M, (D;, SPy);}.

4.2 Step 1: Demand

In this first step, we use contract choice data to identify and estimate borrowers’ heteroge-
neous demand elasticities. We thus capture banks’ ability to screen borrowers along their
outside option. For instance, lenders can benefit from screening if borrowers that tend to
choose high LTV contracts also tend to compare less intensively products across banks and
are thus less price elastic.

The demand parameters (©F, ©L) are identified and estimated using the cross section

for a given month. We first provide an overview of the identification and estimation process

14. There is no i index as the pricing is independent of i in the UK mortgage market.
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and challenges before explaining them in detail.

4.2.1 Identification of the product choice parameters

In this section, we describe the identification strategy and the estimation approach for the
parameters driving borrowers’ choice of product (i.e., the choice of a combination of LTV,
maturity, fixed rate, fees) and bank. Borrowers’ choice is based on a mixed logit model (see
Nevo (2001) for a supply and demand approach based on a mixed logit demand model in

the cereal industry).

Product choice equation: Given the parametric assumptions on the indirect utility,
the loan demand and the default regression discussed in depth in Appendix[D] the probability
of borrower i choosing contract ¢ at bank b can be written as the following (mixed) logit

model. It allows identifying the indirect utility parameters (V;(c,b)).

Pr(i chooses cb|Z5, 0%, 3F) (7)
ﬂi(xvy)

f . A E P pP
i=Pr(ch € argmax,cgp mespiy}{@-Xxy — QiTgy + Eay +6mg}|IP, 0", 6)

Vi(oh)
B exp(w;(c, b))
ZyEB Za:eSPiy exp(ﬂi (ZL‘, y)) ’

when €, iid and EV distributed

;= a+v D +al (9)
sz = ( % ,O{:), NN(OvQP) (10)

where the product demand parameters are denoted OF := (8, a, v¥, v, QF (E4) ).

B; and «; drive how borrower i values product characteristics and prices. We loosely
refer to them as borrowers’ preferences. 3; and «; refer to the part of the valuation that is
not a function of contract terms (i.e., borrower i values product characteristics and prices
according to B := Bi + fon(Xew, 7er)). The elements that do depend on contract terms (i.e.,
fer(Xew, 7)) are absorbed by the bank-product fixed effect £.

As acknowledged by the notation of equation (3)) and discussed in section , B; and «;
are potentially a function of borrowers’ default probability, the cost of defaulting — which

depends on the loan being recourse or not — or how much the borrower values housing
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relative to consumption and how much savings the borrower has. For instance, high default
may be less sensitive to the face value of the debt if borrowers expect that they will not have
to repay it fully upon default (for example, if the loan is non-recourse).

vP = (V¥ vl) are parameters capturing observable heterogeneity in borrowers’ prefer-
ences.

BF is a random coefficient modeling unobserved heterogeneity in borrowers’ preference.
It is a key parameter for screeningas it potentially contains information about borrower i’s
unobserved baseline default probability. 37 also contains borrowers’ characteristics that are
unobservable by the econometrician but observable by banksﬁ

The ratio g— represents borrower i’s willingness to pay for a characteristic. Indeed, if a

'L

bank proposes a new high LTV contract, borrower i would be happy to take it (i.e., its utility
would increase by taking the contract) as long as the price increase is below the borrower’s
willingness to pay. Formally, borrowers accept the new contracts if U(L(LTV3);ry, LTVs) =
U(L(LTVy);7m, LTV)) <= O%’_(LTVQ — LTVy) > (rg — 1r1).

& is a product bank fixed effect. As discussed in Appendix [D.1] it captures the part
of the average indirect utility that comes from unobserved (by the econometrician) contract
characteristics.

giep 18 the demand shock. As discussed in Appendix[D.]] it contains borrower i’s deviations
from the average borrowers’ valuation of unobserved product characteristics and bank shocks.
We assume that E[o; 'e;ep| Xops b, Bi, ] = 050 that o ', represents the part of borrowers’
demand that cannot be screened by banks when they use product characteristics (X, r.) only
(cf. proposition 1). The potential identification threat caused by this assumption is discussed
in the following paragraphs.

S Py is the subset of (indexes of) products available to each borrower at bank b. We
describe how it is constructed in the identification challenges paragraphs. We denote it S Py,

to distinguish it from the actual one, P, used by banks.

The distribution of the interest rate coefficient («;) — or its moments, in our case — can
be identified from banks offering the same product at different interest rates. The coefficients
in front of product characteristics are identified from the pricing schedule of banks along the
relevant dimension (max LTV, fixed rate, maturity, fees).

In the following paragraphs, we discuss — first informally, then formally — how variables

that are unobservable by the econometrician such as borrowers’ characteristics, product char-

15. If the model is misspecified, this term includes the misspecification error terms as well.
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acteristics and preference heterogeneity for those characteristics and rejection of mortgage
application may challenge our identification and how we address them. The identification
is formally discussed in Appendix (for a linearized version of the model) or in Fox et
al. (2012) (for a standard mixed logit model).

Overview of the methodology:

Figure [1| provides a visual representation of the mixed logit identification strategy and
its challenges. For simplicity of the exposition, we set demand shocks (€;) to zero, consider
only one bank b, and plot on the (LTV, interest rate) plane the following objects: bor-
rower i’s indifference curves and bank b’s pricing schedule for LTV, taking other contract
characteristics as constant.

The object of interest is the slope of the pricing schedule curve at borrower i’s optimal
contract choice. The slope provides information about borrower i’s willingness to pay for LTV

g—) For instance, absent the demand shock ¢;,, and under a continuous and convex
T

(i.e.,
pricing schedule the slope is exactly equal to % The intuition is that if a borrower
chooses, for instance, a 85% LTV loan while he had access to a 90% LTV loan for an interest
rate increase of 100 bps, it must be that his willingness to pay for a 5 percent LTV increase
is below 100 basis points.

Given that we observe the pricing schedule for each bank and product characteristic, as
well as each borrower choice, we can recover or bound the distribution of willingness to pay
(5—:) for each contract term from the slope of the pricing schedule of banks at borrowers’
optimal contract choice. Similarly, we can recover the level of product demand elasticity
(cy;) from banks selling similar products at different prices.

The simplifying assumptions made in this overview about the demand shock ¢;, being
equal to zero — that is, the fact that there is a continuum of products and only one bank
— does not affect our identification strategy. The demand shock distribution is fixed and
independent of borrowers’ preferences, so a deconvolution argument allows to back out the
parameters g— from their contract choice. Dealing with discrete choice requires doing an
interpolation. For instance, one can use a linear interpolation of the pricing curve and use
the left and right derivatives as bounds. The logit model is a particular way to construct the
pricing schedule and do the interpolation when there are multiple product characteristics

16. In our setup, the pricing schedule is convex.
17. A maximization problem of the utility u;(c,b) with a continuum of product yields that the willingness

to pay is equal to the slope of the pricing schedule at optimum (for an interior solution and under convexity
of the pricing schedule for all valuable product characteristic X).
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and lenders as well as a discrete number of products.

Interest rate

Pricing schedule

Product chosen Indifference curve

T
i
| Willingness to Pay
i

v
Calculate borrower’s WTP from their choice of product

Calculate borrowers’ price elasticity from banks’ market share for the same products

Figure 1: Revealed preference approach

The product choice identification presents three main identification challenges. The first
two come from (i) the unobserved contracts’ characteristics (for instance, marketing ex-
penses) that are potentially correlated with rates or (ii) the correlation between unobserved
preferences for observed and non-observed contract characteristics (for instance, character-
istics arising from both of them depending on default probabilities). In Figure 1 this would
mean that the pricing schedule slope is too flat or too steep as other contract terms move
with LTV. The third one is caused by the (unobserved) rejection of borrowers’ applications
based on unobserved variables by the econometrician but observable by the bank (referred
to as consideration set bias). In Figure , this means that each point in the pricing schedule
slope is not actually available to the borrower. This biases the result if the econometrician
wrongly includes in a borrower’s choice set a contract with attractive features—for instance,
a high LTV-—that was in practice not available to the borrower. In our example, this inclu-
sion tends to downwardly bias the willingness to pay estimates for LTV to rationalize that
the borrower did not choose the high LTV contract.

To deal with the unobserved product characteristics and rejection thresholds, we use an
instrumental variable approach together with bank and product fixed effects. As in Benet-
ton (2018)) or Robles-Garcia (2019), product-specific capital requirements are used as cost
shifters. The consideration set bias is dealt with using a sufficient set approach, as in Craw-
ford, Griffith, Iaria, et al. (2016). This approach shows that taking a subset of the menu
for which banks’ rejection is independent on variables unobserved by the econometrician
restores the consistency of the estimates. The choice of subset is subject to the econome-

trician’s judgment. Since a failure of the sufficient set correction would lead to a downward
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bias of the WTP LTV estimates, our main results about the LTV distortion level and the

cost of those distortions should be interpreted with caution as a lower bound to the true effect.

Identification challenges: Let us now formally discuss the identification challenges.
The main parameters of interest in ©F := (B, a,v, QF (£4)e) are the mean coefficients
(B, ), the observable heterogeneity coefficient (v¥') and the variance of the unobservable
heterogeneity component (QF). The coefficients (¢F) do not need to have a causal interpre-
tation as we are interested in how lenders can use them as a proxy for borrowers’ demand
elasticity.

Challenge (i): to make the identification threat concerning the mean coefficient (3, «)
salient, let us rewrite as in Nevo (2001), the logit model using the bank-product fixed effect
(565,)@ As shown in Fox et al. (2012), the parameter J., can be identified from product
choice data and then regressed on (X,r) to recover the average coefficients. In that second
step, &4 are residual terms and can be interpreted as unobservable product characteristics.

By definition, d., is equal to

O := Eilti(c, b)|Tp] = BXG, — arg + Eeb
ﬁ_/ ;v_d

Average ef fect ~ Contains: f*X}

The potential identification threat thus comes from unobserved product characteristics
(X%) that are not captured by the bank dummies and correlated with observed product
characteristics’ levels and interest rates (X$,7e). The correlation can be a result of, for
instance, banks promoting a particular product via higher broker commissions (X%) and
passing through the marketing expense to the product interest rate (rs). This creates a
positive correlation between the interest rate of the product and the unobserved product
promotion, which would upwardly bias the estimates of the interest rate coefficient (—a).
To mitigate this concern, we use the bank fixed effect and instrument rates with a cost shifter,
as in Benetton (2018) and Robles-Garcia (2019). In particular, we exploit the variation in
risk-weighted capital requirements both across lenders and across LTV levels within lender
(henceforth denoted as Z). Our empirical strategy thus controls for differences across lenders
that are common among products (lender shocks) as well as differences across products that
are common across lenders (market shocks).

Challenge (ii): let us now look at the identification threat concerning the variance of

18. Using the bank-product fixed effect also limits the threat that the heterogeneous component (e;) con-
tains adverse selection information.
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the random coefficients (). To make the identification threat clear, let us explain why
we impose the assumption about €;4 being independent and identically EV distributed in

equation . A more theoretically founded assumption on the error term would be as follows:
Eich = BLUXY + G:Eip, With &y, iid and EV distributed (11)

Let us further consider that the unobserved heterogeneity associated with unobservable
product characteristics (37") is correlated with the one associated with observable prod-
uct characteristics (57°). Formally, we assume that, conditional on (e2, X°,1°), &4 follows
an extreme value distribution with mean p¢3 "X&H and draws are independent across bor-
rowers and products. With that assumption, one can, without loss of generality, normalize
g; to 1 for each borrower (in that case, «; will play the same role as ;). The probability of

seeing borrower i choose contract ¢ at bank b is thus

Correlated preferences bias

. P
exp(ti(c,b) + pBXG,

) Po P
dFspo S
ZyeB erpiy e.’]jp('u,l (Qj" y)) B8 (5 3 )

Pr(i choose cb|Th, B, P;) = f

The variance that is identified for the z'* element of X9 (denoted x) is thus

Xu
Vo= VIB|TE, B, P] + VI[pB{°=2|ZE, B, P] (12)

-

~
Correlated preferences bias

The bias thus comes from a correlation between preferences for observable and unob-
servable product characteristics (e and €;4). The correlation exists if, for instance, more
price-elastic borrowers are also pickier about better customer service quality (an unobserved
characteristic). The possibility of correlated preferences has not been the focus of the lit-
erature. Following the IO literature, we assume that p® = 0 in the main model and thus
go back to the assumption written in equation . To verify this assumption’s validity, we
check whether the random coefficients associated with the observable product characteris-
tics are correlated. We find that there is no correlation conditional on observable borrower
characteristics. We provide in Appendix an alternative new methodology to mitigate

19. This functional form p¢BF°X% arises when error terms (87%, 37°) are jointly normally distributed.

The variance assumption does not matter as it scales the value of the preferences parameters by the same
amount.
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this concern in a linearized version of the model.

Challenge (iii): the last concern comes from loan application rejections being unobserv-
able. This is an issue to the extent that the econometrician cannot reconstruct the true
choice set of borrowers from the choice of observationally equivalent borrowers. This hap-
pens if banks reject borrowers’ applications based on information that is observable by banks
but not by the econometrician (for instance, soft information or credit history). Following
Crawford, Griffith, Iaria, et al. (2021)), we show in Appendix @ that the bias results from
including in the menu a contract that borrowers would have chosen if it had been offered
to them.m For instance, wrongly including a cheap high LTV contract in a menu tends to
downwardly bias the willingness to pay for LTV estimates to rationalize that borrowers did
not choose the contract.

As shown in the consideration set literature (see, for instance, Crawford, Griffith, Iaria, et
al. (2021)), this issue can be dealt with by using a subset (denoted SP) of the contract menus
truly available to borrowers. We provide in Appendix [0 a sketch of the proof, including
the case with random coefficients. The random coefficient inclusion requires the additional
assumption that the random coefficient draws should not affect SP. Formally, the bias can

be written as

unobserved rejection bias
~ p———
exp(ti(c,b) — In(m;)
erSB ZceSPZ exp(ai(c, l’))
Z:):GSBr\B ZceSszPm 6$p(ai(c7 b))

erB Zcum ea:‘p(ﬁi(c, b))

as (n(m) is equal to 0 when the subset SB < B, SP,; € P,;.

We construct individual subsets of menus in the following way. First, we divide house-

Pr(i choose cb|TE, p° = 0) = f )dFeo(e; 6)

with : In(m) := In(

)

holds into time periods (months) and geographical regions. We assume households in each
group can access all products sold by banks during that period but not those sold in other
periods. The time restriction accounts for the entry and exit of products. The geograph-
ical restriction mostly affects building societies and smaller banks because they often have
limited coverage across regions.

We then impose additional restrictions. For each product, we select the oldest households.

We then assume a household will not qualify for that product if it is older than the cutoff

20. This is slightly more general than loan rejections as it includes expected loan rejections as well.
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value. This restriction is based on a commonly used affordability criterion.

We also restrict households that received a product from the biggest eight banks to the
menus offered by those banks. This restriction captures the fact that some borrowers may
not consider smaller banks when shopping. Similarly, we consider that borrowers that re-
ceived a product from fringe lenders are restricted to menus offered by those lenders. This is
rationalized by large lenders being stricter in terms of compliance resulting from regulatory
oversight. As a result, some some borrowers — for example, self-employed workers — may
only be able to borrow from fringe banks specialized in lending to them. We also restrict the
product maximum LTV of each contract belonging to a borrower menu to a maximum LTV
category just above and below the chosen product. This limits the concern over a borrower
not having enough of a down payment to select another product category and mitigates the
threat of rejection based on borrower characteristics that are not observable by the econo-

metrician.

Moments: Denoting the parameter to be estimated using the logit model  := (64, v, QF),
the product demand parameters (©F := (8,a,v",QF (£4)s)) can be identified and esti-

mated using the following identification conditions:

exp(t;(c,b)) P
ElLi nonse oy |27, 0, p° = f AF,r(6730)  (13)
[ e 4 ZyeSB erSP exp( ( ’y» ’
E[0 — (ﬂch — arcb) IZ%,0,7] =0 (14)
Ecb

The first moment identifies 6, and the second moment allows us to identify the average pref-
erences (3, «) and the unobservable contract characteristics . Z is the instrument used for

interest rates.

Estimation procedure: The logit model is estimated using a two-step approach, as
in K. E. Train (2009)). The parameters of equation are estimated using the simulated
maximum likelihood procedure, as in Berry, Levinsohn, and Pakes (1995)) or Nevo (2001]).
Based on the moment condition ([14]), we use an instrumental variable approach to estimate
the interest rate and the product mean coefficients (3, ). We replace d4 by the estimated
product-bank fixed effect S taken from the first step. The standard errors are calculated

using a bootstrap method.
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4.2.2 Identification of loan amount choice parameters

In this section, we describe the identification strategy and the estimation approach of the

loan amount choice. The borrowers’ choice is based on a random coefficient linear model.

Loan choice equation:

L
ich

15
16
17
18

In(Liwy) = BiXieo — QiTicy + V"D + ¢
with B; = B + vk D; + 35X,
& = &+ oD, + By,

(
(
(
Bl = (BY,B) ~ N (0,05 (

)
)
)
)

B; and @&; parameterize the loan demand heterogeneity with respect to product char-
acteristics and prices. Those parameters are a function of observable and unobservable
heterogeneity (respectively, v%D; and SL).

(BF) are random coefficients that are correlated with the product choice coefficients (5F)
to capture the fact that the demand and product choice derive from the same maximization
problem . For the reasons discussed in we consider that (57, @L) follows a joint

normal distribution with mean zero to address the potential selection bias that can arise
P

7

in the loan choice equation estimation. It follows that E[3F|5F] = YaL -
captures the correlation between 5 and A7 .

v¥ parameterizes how the loan demand for a given contract varies with borrowers’ ob-

where X L

servable characteristics.

L
icb

As in the product choice equation, the error term e;’, contains unobserved product char-
acteristics and deviations from the average loan demand coefficients.

Conditional on the choice of product coefficient ©F being identified, we can identify
L = (8,0%,a,v", %, vF) using loan size data. The correlation coefficient ¥ is identified
from variation in incentives to choose a given product (for instance, changes in the interest
rate spread between similar product categories or borrowers facing different menus). We
discuss the identification assumptions of the correlation coefficients more in detail in the
default probability sections as they are the centre of the default regression analysis. For

21. % gL is the product between the covariance matrix and the inverse of the variance of the conditioning
variable.
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a given correlation coefficient X, the contract and borrower characteristics coefficients are
identified by comparing the average loan size of observationally equivalent borrowers that
choose contracts that are similar in all but one dimension — for instance, interest rates.
In this section, we focus on how allowing for correlated coefficients (via ¥) mitigates the
selection bias caused by the simultaneous decision of loan size and product choice. The
endogeneity of interest rates is dealt with using the same instrumental variable approach as

in the product choice estimation.

Identification challenges: Let us now formally discuss the identification challenges.
The loan choice regression features a selection bias problem. It happens when, for instance,
borrowers with a high unobserved propensity to borrow tend to compare products more
intensively and thus choose cheaper contracts.

This issue is dealt with by explicitly modeling how the selection occurs. Traditionally,
this is done using the structural discrete-continuous approach, as in K. Train (1986)). This
approach is developed for the logit model instead of the mixed logit model (i.e., the random
coefficient logit), and we impose the restriction that the product and quantity parameters
are the same (f = B) As discussed in section , we modify the indirect utility functional
form used in K. Train (1986) to adapt it to financial markets. In our setup, the selection
bias is thus captured by the correlation between the random components of the loan demand
equation (i.e., 8¥) and those of the product choice equation (5F).

Formally, given the model specification and using the fact that the random coefficient
variables (37, BZL) follow a multidimensional normal distribution?, as well as the assumptions
that the demand shock (g;4) does not give any information about the loan size demand, the

loan size equation (37 can be rewritten as

E[in(Liw)|ZE i choose cb] = (B + viD;) X — (B + vEDi)riey + vD; (19)

+ Elef|Z,i choose cb]

Sbicb
A

+ E[Eﬁix ' ﬁip + Xieh + Eé; : ﬁip Tyt Mt - ﬁip ]Ig,i choose cb|

>

~
Selection bias

The above expression formalizes the idea that not controlling for borrowers’ prefer-
ences (B") can lead to a bias when borrowers that tend to choose a particular type of
contract consistently have a higher or lower than average demand elasticity (i.e., when
E[BF|M;, D;,i choose cb] # 0 and X # 0).
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Y. is identified by variation in the average unobserved heterogeneity conditional on prod-
uct choice (i.e., variation in E[S|ZE,i choose cb]) holding contract ¢ at bank b terms con-
stant. E[BF|ZE,i choose cb] varies with the product characteristics or interest rate spread
between product ¢ at bank b and the products of its competitors.@ 3} is thus identified using
variation in contract terms and prices other than contract ¢ at bank b, keeping the terms
and prices of contract ¢ at bank b constant [

For a given X, the average coefficients (3, v, v) are identified by comparing the loan size
of observationally equivalent borrowers borrowing using contracts that vary in X and r.

As in the product choice, one might worry that the unobserved product characteristics
are being correlated with interest rates. We thus use the same cost shifter to identify the

rate coefficient.

Moments: The loan size demand model can be identified and estimated using the

following identification assumptions:

E[Liss — (B + VD) Xip — (B + vED)riey — vD; — sbigy |IE, Liwy, Z, i choose ¢b] =0 (20)

<

el

where 7 is the instrument used for interest rates and sb;y, is the selection bias correction
term defined in equation ([20)).

Estimation procedure: Given consistent estimates for ©F — taken from the product
demand estimation and denoted ©F — we construct a consistent estimate of E[5F|ZE, i choose cb])

by using Bayes’ rule and the estimated preferences coefficients of equation to get

: E P QP
22. E[BF|ZE,i choose ¢] = § 57 ng?gb(jh:;;g;gbclggf@f; LdF(B7; QF) and Prob(i chooses cb [ZE,©F gF),
P>
exp(BXc.—ar.)

given by equation 7 depends on the spread between contracts only (W

s exp((ﬁwaai‘I)f(ﬁxcfarc)) ). Prob(i chooses cb |ZE, ©F) is given by integrating
Prob(i chooses cb |ZE, 07, BF) over gF.

23. Let us consider the menus M and M where M is composed of the same contract as M except
that all product prices, save for the one indexed by cb, increase by a given positive amount. To sim-
plify the notation, let us assume without loss of generality that 25;' = Y. = 0 In that case we have
Ei[In(Li)|M, D, i choose cb] — E;[In(Li)|M, D, i choose cb] = X5x -E[BF -|M, D,i choose cb] X, — Lgx

E[BZP\M,DJ choose cb] - X;wp. As E[BF -|M, D, i choose cb] # E[BF - \M,D,i choose cb], we can identify
E"x .
B;
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Prob(i chooses cb [ZE, or, BF)
Prob(i chooses cb [ZE, ©F)

E[BP|ZE, i choose cb] = fﬁp dF(B7;Q) (21)

Prob(i chooses cb [ZE, ©F  5F) is defined in equation (7). Prob(i chooses cb [ZE, OF) is
given by integrating Prob(i chooses cb |ZE, er , BF) over 57 using the cumulative distribution
function F(37; ©F).

We then use an instrumental variable approach to estimate the loan demand coefficients
QF based on the moment condition (20)).

The joint estimation of the product and loan demand is computationally demanding as it
would require iterating on the estimate of E[37|ZE, i choose cb] for each 8. For this reason,
we estimate the product and loan demand separately and calculate the standard errors using

a bootstrap method.

4.3 Step 2: Default probabilities

This section discusses the identification and estimation procedure of the default parameters
(©%). We present the econometric model, highlight the identification challenges, and discuss
the estimation procedure. The default parameters are identified and estimated using the

cross-sectional variation and the variation in the month of the mortgage origination.

Borrowers’ default equation: From the micro-foundations presented in Appendix
1’ How borrowers value contract terms ;e := (e, Bich, Qich Bicb) might be a function of
the default probabilities. Indeed, risky borrowers might be less sensitive to prices if they
expect that they won’t be forced to repay the full face value of the loan upon default. In that
case, o; would be a decreasing function of default. Alternatively, instead of being a default
function directly, “price elasticity” «; and default probability d; might be influenced by the
same fundamental parameter. For instance, a borrower with greater financial sophistication
might find it less time-consuming to compare products and thus may end up with a cheaper
product. The same borrowers might be more likely to make better financial decisions in
general and thus may have a lower baseline default rate. For those reasons, we model default
probabilitie@ (diep) and preferences 'y, the following way. Using the superscript o to denote

24. The logic behind our approach is as follows. The default probability is a function a of monthly repay-

ment, the cost of defaulting and losing the house, the borrower’s future income profile and the borrower’s
propensity to save. The loan size is an endogenous variable, so we replace it by its function defined in[37] We
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the variable that is observed by both the econometrician and banks and the superscript u
for the variable observable by banks only, the default model (d;s) for borrower i choosing

contract ¢ at bank b has a default probability is:

Default probability from borrower i point of view:

borrower’s private information

——N
diey = Ot + B X, TZZ>/ +v'D; +p PI{ + ¢ (22)

ich
Default probability from the econometrician’s point of view:
digy = 8t + BU(XGrg) +v' D7+ PG+ el (23)
~—— ~——

contains: PI% and DY  contains: fudX}

d;ep 1s equal to 1 if borrower i has been in arrears by the end of 2019. ¢; is the origination
date of the mortgage acquired by borrower i, § is the parameter associated with t. A%
captures the causal impact of the contract terms (X, ri})) on default probabilities due to
moral hazard or burden of payment. ri;) is subindexed by the origination date as the pricing
of product ¢ at bank b may vary with the origination date.

v? parametrizes how the baseline default probability varies with observable borrower
characteristics (D;), p? parametrizes how the baseline default probability varies with unob-

servable borrower characteristics.
d

ef. represents, for instance, the characteristics of borrower i (observable by the lender)
that influence default but are not considered by borrowers when they make their loan decision
(i.e., they do not enter I'; and cannot be recovered by banks).

3P .= E[BF|ZE,i choose cb| = E[pPI; + v¥ DY|TE i choose cb] is the estimated average
borrower preference given the menus offered by lenders and the choice of contract of borrower

i, and 87 is defined in section [4.2]

Conditional on the choice of product coefficients ©F being identified, we can get an
estimate of Bf;b using the procedure defined in section . We can then identify ©7 :=
(B4, 0%, 4, p?) using default data. Similar to the selection bias terms in equation , the
correlation vector p? is identified using variation in incentives to choose a given product (see

footnotes [22{ and 23| for a sketch of the proof). Incentives to choose a product vary with, for

linearize the expression around the contract and borrowers’ characteristics. Then, we explicitly acknowledge
that the choice of contract and loan size depends on default in equation .

35



instance, changes in the interest rate spread over time between similar product Categoriesﬁ
The mortgage origination coefficient is identified from the month in which menus do not
change. Given p?, the contract and borrower characteristics coefficients are identified by
comparing the average default of observationally equivalent borrowers that choose contracts
that are similar in all but one dimension — for instance, interest rates/?

In the following paragraphs, we focus on how banks’ rejection of loan applications can

challenge the identification of p?.

Overview of the methodology: Throughout the example in this section, we consider
that the effect of the origination date on default (9) is known as it can be recovered from
periods in which menus did not change. Without loss of generality, we set it to zero in this
methodology overview.

The p? parameters are identified by comparing groups of ex ante observationally equiva-
lent borrowers that choose the same product at the same price but at a time when incentives
to choose the contract are different. We fix contract terms and price controls for the impact
of moral hazard or burden of payment on default (captured by BY(X9,r%)). The varia-
tion in incentives to choose the contract affects the level of adverse selection in each group
(captured by the average preference parameter Bicb).

Figure [2| provides a visual representation of the identification strategy. We consider a
simple case in which only two products are offered in the mortgage market and all products
are offered by the same bank. We drop the bank index in the notation and index the
contract by ¢ € {1,2}. Contracts are identical in all but one dimension: contract 1 has a
higher maximum LTV. We have two groups of observationally equivalent borrowers (i.e., D
is constant across i). Each borrower group makes its contract decision in a different period
(t; = 1 for the first group and t; = 2 for the second). We assume that the price of contract
1 varies with the origination date ¢; but the price of contract 2 does not.

Based on the origination date and the contract chosen, borrowers are categorized into

four subgroups. We index each subgroup by g € {1,2,3,4}. We observe the average default

; B oP gP
25. Indeed, E[BP|ZE,i  choose (] = §8"” P’}ffii(?hffsgzezbcff}?@f; JdF(BP;0F)  and
P

Prob(i chooses cb |ZE,0F 3F), given by equation 7 depends on the spread between contracts only
( exp(BXc.—arc) _ 1 ).
2, exp(BXz—ary) 2, exp((BXz—ary)—(BXc.—arc))

Prob(i chooses cb|ZE, ©F BF) over p¥.

26. Alternatively, given ¢, the contract coefficients can be recovered from an increase in the interest rate of
all contracts. Variations in the interest rate r., — while keeping the interest rate spreads constant — keep
the incentives to choose a given contract unchanged (E[B|ZE,i choose c] does not vary) but change the
burden of payment of the borrower (3%r.y,).

Prob(i chooses cb [ZE,©F) is given by integrating
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of each subgroup (d,), and we can estimate the average preference (Bg) of each subgroup
using the method presented in section E For simplicity of the exposition, we consider
the case in which the distribution of the borrower’s unobserved preference (3f) is constant
across time periods. In figure 7 we represent borrower i’s preferences (3!") by the colour
of the borrower’s avatar.

In our example, p? is identified by comparing borrowers that choose contract 2 in period
1 (group g=2) and period 2 (group g=4). In figure [2| we illustrate why the average pref-
erence groups 2 and 4 are different. The borrowers in red have a higher willingness to pay
(WTP) for LTV compared to the borrowers in green but have a lower WTP relative to the
borrowers in black. As a result, in period 1, when the interest spread between products is
low, the borrowers in red and black choose the contract with a high LTV (contract 1), but
the borrowers in green choose contract 2. However, when the price of contract 1 becomes
too high relative to the price of contract 2, the borrowers in red choose contract 2. This
switching changes the average preference of borrowers choosing each contract (B; ) as the
borrowers in red have a higher WTP for LTV relative to borrowers in green but have a lower
WTP relative to the borrowers in black. We can thus recover pP as p¢ = G=d2

T

Contract1

Contract 2

R=2% R=1.8%

o o ° o

Period 1 ﬂ ﬂ T ﬂ

e I

(dy, D) (d2,P5)
R=2.2% R=1.8%

° e o o

Period 2 ﬂ T ﬂ T
o .

(d3, B5) (da, )

Figure 2: Identification strategy dy — dy = p(3F — BI)

Two identification challenges are associated with the default model. The first one (i)

comes from the fact that borrowers’ valuation of a contract characteristic is itself a func-

27. In this example with two products only, we can identify separately for each period the mean and the
variance of the random variable 5 := m% where Bpry is the preference over the max LTV of the contract.
See, for instance, for a proof using the linearized logit.

28. We assume that incentives to choose a given contract vary as a result of a change in the spread between
rates but that a product introduction or exclusion would yield the same outcome.
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tion of default. Not considering it in our specification, the identification and estimation of

3P .— E[BF|TE, i choose cb] would bias our default estimates as the term 52,

would then in-
clude information about both moral hazard (i.e., how default probabilities vary with contract
terms) and adverse selection (i.e., the private information component of PI;). The second
threat (ii) to identification comes from the possibility that banks, relative to the econometri-
cian, observe a larger set of borrower characteristics and may design acceptance and rejection
rules based on those variables. This informational issue can bias the p? estimates if banks
tend to change acceptance and rejection rules along with contract terms.

Figure 3| gives a visual representation of the threat coming from acceptance and rejection
rules. In Figure|3|the borrower in red would like to borrow via contract 2 in period 1, but his
application is rejected. In period 2, the acceptance threshold changes at the same time as
the price of contract 1. The borrower in red is accepted into contract 2, but this is the result
of the acceptance threshold rather than the price change. The value dy — dy = pd(Bf — 55 )
thus wrongly attributes the default to the screening behaviour of banks rather than to the
rejection policy. This is shown formally in equation in the identification challenges

paragraphs.

Contract1 Contract2

R=2% | R=1.8%

° o . o
peroas | VM MXTT
application
L [

(dy, B9 (d2 BE)

R=2.2% | R=1.8%

. e o o
A Accepted loan
Period 2 ﬂ application T T ﬂ
— ;'f
(ds,BD) | @D

Figure 3: Acceptance and rejection identification treat

We deal with potential issues (i) and (ii) the following way. As concern challenge (i),
we use a parametrization of the borrower’s valuation of contract characteristics in section
so that 2, do not contain the part of the valuation that depends on the moral hazard
or burden of payment channels. We deal with challenge (ii) by controlling for observable
borrower characteristics, using product and lender fixed effects and an instrumental variable

N

(IV) approach for 32

. AP . . . . .
- We instrument ;, using variations in product- and lender-specific

capital requirements. Capital requirements vary at the lender and LTV level. They have
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been used in many papers such as Aiyar et al. (2014), Benetton (2018) and Robles-Garcia
(2019) as an instrument for interest rates. Capital requirement decisions can be seen as
orthogonal to credit risks because they are predetermined and are often based in the UK
on procedural risk such as IT systems and organizational structures (see Aiyar et al. (2014))
and Bridges et al. (2014)) for evidence). As we want to instrument for exogenous changes in
the interest rate spread between contracts, we build a measure of the spread between capital

requirements.

Identification challenges: Let us now formally discuss the identification challenges. As
in the case of product choice, one might worry that the unobserved product characteristics
are being correlated with interest rates. We thus use the same cost shifter to identify the
rate coefficient.

The coefficients (v?) do not need to have a causal interpretation as we are interested
in how lenders can use them as a proxy for default rather than the causal effect of those
variables.

The coefficient (p?) associated with the unobserved willingness to pay (37) must, however,
only be related to screening. As discussed in the above paragraph, two potential identification
challenges are associated with p?. The first is related to (i) disentangling moral hazard from
adverse selection. The second is related to (ii) the rejection of loan applications based on
unobserved (to the econometrician) borrower characteristics.

Concerning point (i), because of the specification of preferences 3" and the use of bank-
product fixed effects (£4), A7 is uncorrelated with observable and unobservable contract
characteristics (X9, X%). As a result, the coefficient Bib contains no information about
moral hazard or burden of payment.

Concerning point (ii), the issue comes from the fact that our measure of private informa-
tion contains information about borrower characteristics that are observed by lenders but
not by the econometrician (E[PI; + v D*/ZE i choose cb]). This is an issue to the extent
that the distribution of E[vF D*/ZE i choose ¢b] can be controlled both with the menu de-
sign and by acceptance and rejection rules. To formalize the discussion, let us introduce the
cutoff for the rejection rule used by bank b for contract c. We denote it (DY) and assume
that borrower characteristic D¥ must be above D% for the borrower to be accepted into a

given contract. Our private information measure can thus be written as
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E,[BP)TE i choose cb, DY) = E;[PLITE, i choose cb] + vV E,[DYZE,i choose cb, D%] (24)
~ Pl + vP DY (M) + v DY(DY) (25)

~
Vary with menus only  Vary with rejection rules only

where D*(M)+D*(DY) is a linear approximation of the function D(M, D%) := E;[D¥|ZE, i choose cb, D,
around an arbitrary cutoff rule and menus.

Equation illustrates that the use of F;[8F|ZE,i choose ¢b] in regression cre-
ates an endogeneity issue when banks change their screening behavior using contracts (for
instance, by changing the spread RS) together with their acceptance and rejection rule
(D1 P

To limit this concern, we use bank fixed effects, control for the mortgage origination
date, and use a new instrument for our measure E;[5F|Z5, i choose cb, D%]. We instrument
E;[BF|ZE, i choose cb, D] using changes in the spread between capital requirements. Such
changes affect the spread between interest rates and, thus, as illustrated in figure [ the
type of borrower choosing a given contract. As capital requirements vary across lenders and
mortgages with different maximum LTVs, our empirical strategy thus controls for differences
across acceptance and rejection rules that are common among products (lender shocks) and
differences across products that are common across lenders (market shocks) ] As shown in
Benetton (2018)), capital requirements levels are exogenous and correlated to rates. Con-
sequently, the capital requirements spread is thus exogenous as well and correlated with
E;[BP|TE i choose cb, DY)

This is a variation in the incentives to choose a contract that is plausibly uncorrelated
with the bank’s acceptance and rejection rule. Formally, denoting Z as the instrument, and
using the linear approximation in equation , the identification assumption is thus

Eldie, — 6t; — BYXG, ) — v2D? — Pl + v"D*(M) |ZE, i choose cb, Z] = 0 (26)

- 7
v

d
Cicb

29. Changes in acceptance and rejection rules only are irrelevant as E; [BF|ZE i choose cb, ng]
varies with banks’ pricing schedules. This point is not reflected by the linear approximation of
Ei[D¥|ZE, i choose cb, DY%].

30. Alternatively, the IV approach could exploit the timing of a bank-specific internal rate-based approval
as an exogenous variation in the interest rate spread between products. However, the internal rate-based
model mostly happens around 2010, period in which the PSD data feature less information about contract
characteristics.
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Estimation procedure: Given a consistent estimate for ©F — taken from the product
demand estimation — we construct a consistent estimate for E[8|Z5,i choose cb]) using
the procedure defined in section [4.2.2]

We then use an instrumental variable approach to estimate the loan demand coefficients
©4, based on the moment condition .

As in section [£.2.2] the joint estimation of the demand and default parameters is compu-
tationally demanding as it would require iterating on the estimate E[3F|ZE, i choose cb] for
each 0F. For this reason, we estimate the product and loan demand parameters separately

and calculate the standard errors using a bootstrap method.

4.4 Step 3: Supply

In this section, we describe the identification and the estimation approach for the supply
parameters (©7): the marginal costs of lending and the fixed cost of designing a new product.
Conditional on the demand and default parameters being identified and estimated, the

supply parameters are identified and estimated using the cross-sectional variation.

Parametric assumption NPV: NPV, is the net present value of lending to borrower
i via contract ¢ at bank b. The derivation of the formula is in Appendix . As in Benetton
(2018)) and Crawford, Pavanini, and Schivardi (2018), we consider that banks are risk neutral
and that all borrowers refinance at the end of the teaser rate period, and we approximate
the NPV by:

NP‘/icb = LZ'<C, b) . [(1 — dicb)rcb — chb]Fcb (27)

where L;(c,b) is borrower i’s loan demand conditional on choosing contract ¢ at bank b
(defined in equation [37)), d is the default probability (defined in equation[41)), r is the interest
rate, F is the fixed rate period and mcg, is the marginal cost of lending.

For convenience, we denote bank b’s gross margin when menu M is offered in the market

as:
I, (M) := Z Z Eo[Pr(i chooses cb | M, (D;)i, ©, B Lia[(1 = diep)res — mee]| M, (D;);]

(28)
To simplify the notation, we drop the borrower-specific menus (Pj) in the gross margin
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function notationﬂ The gross margin is composed of the probability of borrower i choos-
ing contract ¢ (denoted Pr(i chooses cb | M, (D;);, ©, ), multiplied by the present value of
lending to that borrower (denoted Lju - [(1 — diep) 7 — MCet])-

Model-implied marginal costs: Given the demand and default parameters and the
observed bank contract menus, we recover the model-implied marginal costs for each bank b
and contract ¢ ((mcew)e) by solving the system of equations derived from banks’ first-order
conditions with respect to prices. This approach is traditional in the 10 literature (see, for

instance, Berry, Levinsohn, and Pakes (1995))). It yields the following expression:
]\/fC'b = (niclb, ...7TfLCCbb), = Bb_lAb, Vb (29)

where A, is a column vector composed of elements (al)., al := ¥ | Egp ga [Zle Ory (Diap) (1—
dizp)Tab + Gi1p0r, (1 — diey)Te)|ZE] is the impact of a marginal increase in the interest rate of
contract ¢ on bank b revenues, ¢;q, := Prob(i chooses cb [ZE, ©F 0% 5F) - Ly is the proba-
bility of borrower i choosing contract ¢ at bank b multiplied by the loan demand of borrower

i if they choose contract ¢ at bank b (defined in equations and ), and d;. 1s the

default probability of borrower i if they were to choose contract ¢ at bank b. It is defined in
b

C

equation . Given the demand and default parameters and the observed bank menus, a
is known.

BY is a matrix of the size of bank b’s menu. It is composed of the elements Bgy =
S Eop oal0r,, (¢ip)|ZF]. The scalar (B, ..., B%,) - MC is the impact of changes in the
rate of contract ¢ on bank b costs. Given the demand and default parameters and the
observed bank menus, Bgy is known.

Equation , can thus be interpreted in the following way. Given the estimated level of
demand and default elasticities, the banking model implies that — given competitors’ menus
— lender b should apply a certain markup level for each contract ¢. The model-implied op-
timal markup is a function of estimated or observable objects. It allows us to recover the

marginal costs by scaling down the observed contract ¢ interest rate.

Fixed cost equation: As discussed in section the following equations are derived
from the model-implied best-response function of bank b. Using hat superscripts to denote

the mathematical objects that are known given a value of the demand, the default parameters

31. A more precise notation would replace M by (M, (Pj);) in the gross margin definition.
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(©P,07) and the marginal costs (1c), we have

Profits

A

_ Fy(m)

BF
F1 —
= exp(f rfb(M) Fo(30)) , when eX iid and EV distributed
2imer Xp(BTIL((m, M—y)) = Fy(m))

p

Pr(M,|M_,0) = Pr(M, € argmaxmefﬁpib{ﬂb((m, M_y))

+ 8%} My, ©)  (30)

(31)

We use the notation M_, to refer to the menus of contracts offered by banks other than
bank b (i.e., M_y := (My)zen\(n}) Where

Fy(M,) is the cost of designing menu M,. The fixed costs are needed to rationalize the
fact that banks do not offer a continuum of products despite the large heterogeneity in
preferences. Formally, we consider that only changes in product characteristics are costly, so
F, = ZcePbt G/ch[}cepbt,c¢]3bt75 + i\lcepbt717c¢ij], where 6’ X is the cost of introducing a new

~ "
Inclusion FExclusion

contract with characteristics X, ) is a scaling parameter that captures the cost or benefits

of withdrawing a contract from the menu, and F is the set of potential menus a bank can
offer.
Equation has a logit form. However, the denominator contains simulated dependent

variables (i.e., the gross margins II(m, M_;) for all possible bank b M menus) rather than

observed ones.

The product introduction game: Since f[(m, M_y) are simulated, we need to take a
stance on whether (i) banks are playing a two-stage game in which they first select product
design and then choose rates to clear markets or (ii) interest rates equilibrate simultaneously
with other products’ characteristics.

In the context of our model, this translates into two considerations: (i) the interest rates
of other banks’ menus (M_;) react to bank b’s menu offering (m) when we calculate the
function (II(m, M_y)), or (i) the interest rates of other contracts do not react with m.

Using a two-stage game timing may be more compelling as it captures the fact that
banks’ interest rates change more frequently than products’ characteristics.

The two-stage game timing is as follows. In the first phase, banks choose the number
of products as well as their characteristics (LTV, fixed rate period, fees). We consider that

banks also fix their acceptance and rejection rules in that stage. Banks pay fixed costs when

introducing or withdrawing a product, not when changing acceptance and rejection rules.
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In a second step, banks compete on rates given their product offering. Given the logit form
assumption, the equilibrium prices can be calculated using a fixed point approach similar
to (Morrow and Skerlos 2011). Given our model assumptions, there are unique equilibrium
profits as a function of a product being offered.

The timing assumption does not affect the estimation of the marginal costs. Contrary
to the marginal costs estimation, the timing assumption will matter for the fixed cost as it
affects the NPV of product introduction or withdrawal. As the fixed cost is not at the center
of our analysis, this is not an issue. Furthermore, our results on the product and interest

rate distortions are robust to the timing assumption.

Identification: The fixed costs parameters (0, A) are identified by the model optimality
condition. Given that the gross margin function is increasing and concave in the number of
products, the fixed cost is identified by the fact that, given the menus offered in the data,
any additional revenue created by the product introduction is lower than the fixed cost of
introducing the said product. Using this condition for all banks, we can point-identify the
fixed cost parameters using a standard logit model argument. Similarly, the fact that any

product withdrawal is not optimal allows us to identify ().

Identification challenges: As in the demand estimation, two potential identification
issues arise with the product choice equation. The first one is the omitted variable bias. This
can happen if, for instance, high LTV products are often associated with higher marketing
expenses. This would tend to upwardly bias the cost of high LTV products. The use of the
residual from the loan demand regression to control for unobserved product characteristics
can be use to mitigate this in the spirit of the control function approach. The second type of
issue is the consideration set bias. This bias would occur if, for instance, a highly profitable
product is not being offered because of regulations that constrain banks’ product offerings or
that are wrongly not considered by the banks. To mitigate that issue, we do the estimation
only at product introduction and product exclusion periods and calculate counterfactual
profits in the equation using the menu from the previous period. As a robustness check,
we also do the estimation considering as a set of potential products the combinations of the
most common values for the characteristics of the existing products in the market.

As discussed in section [D.3.1] we consider a static problem and thus use the gross margin
IT in lieu of a more general value function Vj(M’). We show in Appendix how the

parameters could be estimated using a dynamic approach.
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5 Estimation Results

This section presents the estimation results for the demand, default and supply parameters.
Then, we look at how the coefficient heterogeneity shapes the equilibrium contract terms
and prices using the model. In particular, we provide a measure of the price and product

distortions (section |6.1]).

5.1 Demand results

Discrete choice: The average point estimate of the coefficient on interest rates across all
income and region groups is significant and equal to -1.9. This implies that borrowers dislike
more expensive mortgages. There is substantial heterogeneity, mainly based on income (see
Table ﬁ Indeed, people shopping for 70%-85 % LTV loans on the first, second and third
quartile on the income distribution have an interest rate coefficient of, respectively, -2.3, -1.9
and -1.5 on average (see Table @ This result implies that borrowers with higher income are
more sensitive to rates. It can be rationalized by, for instance, search costs as in Agarwal
et al. (2020). Borrowers with higher income are more likely to be accepted into any loan
contract and thus have more incentives to search intensively. The correlation between income
and price elasticity can also be related to the fact that income could be a proxy for other
variables such as financial sophistication. Alternatively, this correlation can be rationalized
by the direct effect of default probabilities: borrowers who are more likely to default are also
less likely to repay the full face value of the debt and thus end up being less price elastic. As
shown in the motivating evidence and in the next section, default is indeed correlated with
income.

The corresponding average own-product demand elasticity is equal to 2.6, 3.6 and 5.1
for the average borrower — borrowers in the first, second and third quartile of the income
distribution of 70-85% LTV shoppers (see Table . Those results imply that, on average,
a 1% increase in the interest rate decreases the market share of the mortgage by 3.6% for
70-85% LTV shoppers. Looking at the market share of low-income borrowers only (the first
quartile of the distribution), we see that a 1% increase in the interest rate decreases the
market share by 2.6%.

These results imply that average borrowers like high LTV loans. The average coefficient
is 0.17. Contrary to the interest rate case, the heterogeneity comes from the random co-

32. The other source of heterogeneity coming from the observable heterogeneity and the random coefficients
term are non-significant (statistically and economically).
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efficient term. This coefficient is significant at the 0.1 level’] Indeed, the first quartile of
the distribution is 0.13 while the third quartile is 0.21. However, when considering only the
observable heterogeneity, we find that the lower quartile of the distribution has an average
of 0.16 and the third quartile’s average is 0.18. One interpretation for the positive coeffi-
cient results is that borrowers do not like to make down payments as they may be credit
constrained. Combining the two coefficients’ estimates, we find that 70-85% LTV shoppers
in the first, second and third quantile are, respectively, willing to pay (g) up to 7, 10 and 14
bps for a 1 percent LTV increase.

We also find substantial heterogeneity for the teaser rate parameter. The heterogeneity
comes from the random coefficient term rather than income and is significant. This is the
only parameter for which there is a sign change. Fixing rates for a longer period provides a
hedge against interest rate increases when borrowers refinance their loan. The interest rate
risk, and thus the benefit of fixing rates, can be a result of future changes in borrowers’ credit
risk or variation in lenders’ cost of lending. Consequently, the teaser rate coefficients can
be rationalized by borrowers having different degrees of risk aversion or expectations about
the future economic path. This implies that some borrowers prefer a fixed rate while others
prefer a flexible rate. Borrowers in the first, second and third quantile have a coefficient of
-0.4, 0.1 and 0.9. Those coefficients imply a willingness to pay of -30, 8 and 50 bps for a
one-year increase in the teaser rate.

The average borrower dislikes fees. There is no observable and unobservable heterogene-
ity for that coefficient given the other coefficient heterogeneity. Borrowers have an average
coefficient of —7 - 10~*. Those coefficients imply a willingness to pay of 32, 43 and 60 bps

for a 1,000-pound decrease in fees.

Loan demand: The loan coefficients are all significant and reported in Table @ The
use of a model allowing for a correlation between the product choice and loan borrowed
parameters allow us to correct the selection bias mentioned in the identification section.
Comparing the models with and without the correlation term, we find that the LTV and the
fixed rate parameters are the most affected. We find that high LTV increases the amount
borrowed by 7.6 percent in the non-correlated case and by 15 percent in the correlated
model. For the teaser rate, we find that increasing the teaser rate by 1 year decreases the
amount borrowed by 0.1 percent under the non-correlated model and by 0.8 percent in the

correlated model. We further document that borrowers with a high unobserved preference

33. The income interaction term is not significant and has almost no impact on the parameter
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for LTV or a fixed rate also have a higher propensity to borrow. Indeed, borrowers with
an unobserved preference for a fixed rate that is one standard deviation higher borrow, on
average, 20 percent more. Borrowers with a unobserved preference for an LTV that is one
standard deviation higher borrow, on average, 1.3 percent more. If those borrowers are also
profitable, this creates incentives for banks to create a menu to extract more surplus from

them.

5.2 Default results

For a given level of income and other observable characteristics, borrowers that have an
unobserved propensity to choose high LTV products (high é;ry) that are one standard
deviation above the average of the é; 7 distribution also have a baseline default probability
that is twice as low relative to the average borrower (assuming the average is 1.2%). As high
LTV loans are more expensive, this effect goes in the other direction relative to the income
effect. Indeed, low-income borrowers are more likely to default and are also more likely to
choose a high LTV loan. The positive selection along the €7 dimension can be the result
of borrowers that are less likely to default are more likely to stay in the house they bought
and are thus more willing to take a larger loan for a fixed level of down payment.

As mentioned in the demand section, longer teaser rates hedge borrowers against changes
in interest rates. Variation in future rates can be a result of, for instance, general economic
conditions or borrower-specific credit risk changes. Borrowers preferring higher teaser rates
are thus likely to be more risk averse or see their credit score decrease (and thus their
refinancing rate goes up). Those two channels imply opposite predictions regarding adverse
or advantageous selection. Indeed, theoretically, borrowers who are highly risk averse are less
likely to default. In contrast, private information about a credit risk interpretation will likely
lead to adverse selection along the teaser rate dimension. Indeed, borrowers with private
information about their credit risk being likely to go up over time are more likely to fix their
contract terms. Those borrowers are also more likely to default.

Our estimates imply mild positive selection along the teaser rate dimension. Indeed,
borrowers who are one standard deviation above the mean are 2 percent less likely to default.
The results suggest that the risk aversion channel dominates. This interpretation is also
consistent with the loan regression results showing that those customers tend to borrow
more. Indeed, those borrowers are less likely to lose their house and thus benefit more from
each extra unit of house bought. However, the fact that the teaser rate coefficients are low

may be a result of both channels being present.
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5.3 Marginal costs and fixed cost results

Marginal costs: We find that the average marginal cost is 2.2. Scaled up by a default
probability between 0 and 5 percent, this implies an average fair price of between 2.2 and
2.31. The marginal costs are increasing in LTV in a convex fashion. While the average
marginal cost increases by 10 bps between 70 and 80% LTV loans, it increases by 110 bps
between 90 and 95% LTV loans. Longer teaser rate products are more expensive to produce.
One year longer costs 4 bps at a low level but 14 bps per year above the fifth one. Finally,
higher fee products are associated with lower marginal costs. A 500 fee increase is associated
with a marginal costs decrease of 10 bps starting from a zero fee product. This decrease is

even bigger for higher fee products.

Fixed costs: we find that the average fixed costs of introducing a new product are about
(30 M ) per product or 3% of current profits. Around 30% of the fixed cost is recovered after
the withdrawal of an existing product. Those numbers are comparable to Wollmann (2018)),
who analyses the car industry. The estimates are the ones implied by the model to justify
that banks offer a discrete number of products. The sunk cost includes monetary costs such
as marketing expenses, updates of the menu on all lending platforms, and changes in risk
weights calculations. They also include non-monetary costs such as within-firm managing
frictions. Their large magnitude suggests that analysing their drivers is an essential force of
the lending market and should thus be included in theoretical models or analysed empirically

in future work.

6 Counterfactual Analysis

In section [6.1], we use simulations to provide a measure of product distortions relative to
the perfect information benchmark. We show that contract characteristics are distorted
compared to the first best. We provide a decomposition of the interest rate into three
components: a perfect information perfect competition price, a perfect information markup,
and an asymmetric information discount or premium. Those components are functions of
the model parameters and the data and do not require simulations.

In section , we calculate the cost of the screening externality (see Appendix |L for
intuition or Taburet (2022) for an in-depth theoretical analysis).

In section [6.3] we simulate the impact of a ban on high LTV contracts.
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6.1 Product and interest rate distortions
6.1.1 Graphical intuition from Rothschild and Stiglitz (1976)

Let us start by providing intuition on how borrowers’ private information about default
probabilities and preferences can distort product characteristics and interest rates.

To simplify the analysis and make our model similar to Rothschild and Stiglitz (1976)) (see
Appendix for a formal description of the assumptions), we consider a perfectly competitive
world with two borrower types in which lenders are all identical.

In Figure [ we plot on the LTV-interest rate plane the perfect information contracts
(¢1,¢2), borrowers’ indifference curves, and the break-even rates. We focus on the case
in which the perfect information contracts are not incentive compatible: the high-default
borrower would prefer the low-rate contract (¢y) designed for the low-default borrower. As
in our empirical application, the break-even rate (i.e., the cost of lending) is increasing in
LTV. This can be rationalized by the cost given default being an increasing function of
leverage.

In Figure 5 we illustrate how lenders can lower the LTV of the low WTP borrower to
maintain borrowers’ incentives to self-select.

In Figure [6] we illustrate how lenders can also cross-subsidize borrowers to maintain

incentives to self-select.

(o P
Indifference curve high default borrowers __s#

Break even rate
High defaultborr]

Break even rate
Low default borr

\.Increasing utility level

Low Leverage Average Leverage High Leverage

Figure 4: The perfect information, perfect competition contracts (c;,ce) are not incentive
compatible. The high default borrower prefers cs to c;.
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Break even rate
High defaultborr

Break even rate
Low default borr

\ Increasing utility level

Low Leverage Average Leverage High Leverage

Figure 5: The perfect information, perfect competition contracts are not incentive compati-
ble. Solution (i): Leverage distortions.

Break even rate
High defaultborr

Break even rate
Low default borr

\ Increasing utility level

Low Leverage Average Leverage High Leverage

Figure 6: The perfect information, perfect competition contracts are not incentive compati-
ble. Solution (ii): Interest rate distortions.

6.1.2 Product distortions: conceptual framework

In our model, product characteristics are distorted as a result of two frictions: market power
and imperfect information about borrowers’ preferences or default probabilities. Solving for
the counterfactuals in which the degree of competition or the level of information arbitrarily

changes is, however, too computationally demanding (see Einav, Finkelstein, and Mahoney
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2021/ for a survey). Consequently, we assess the amount of product distortions by comparing
the contract in the data to the perfect information benchmark. See Appendix|Q|for a formal
analysis of the benchmark.

The perfect information benchmark is based on our structural model with the assumption
that lenders can observe borrowers’ preferences and demand shocks. We ignore the fixed
costs of designing a product (F) and allow contract characteristics to be continuous instead
of discrete. Neglecting the fixed cost and allowing for a continuum of products makes the
problem tractable. Abstracting from the fixed cost is not an issue for our exercise as it
does not change the underlying economic mechanisms under perfect information: for each
borrower, lenders design the contract that maximizes the surplus generated by the trade
and then use the interest rate to split the surplus between lenders and borrowers. How the
surplus is split is driven by the constraint that lender b needs to offer borrower i a contract
that provides them at least a certain utility level (denoted ;) for hem to accept the contract.
The utility level can be set arbitrarily or estimated in the data and captures the degree of
competition. For instance, the situation in which the promised utility level is such that the
bank breaks even on borrowers represents the perfect competition case.

Under perfect competition, the model implies that it is optimal to increase the contract
LTV when the increase in borrower i utility generated by a higher LTV (ﬂ) is greater than

a;

The cost is the marginal

1T_n;ic ) ’

cost scalled up by the survival probability (1 — d;). Formally:

the lender marginal cost of increasing the contract LTV (

BETV me
” > Orrv(y _dic> (32)
—— —_——

Willingness to pay cost of increasing LTV

6.1.3 Product distortions: results

Our results imply that maintaining borrowers’ incentives to self-select requires distorting
contract terms away from their perfect information value. Because high default-low price
elastic borrowers have a high willingness to pay for LTV, low default-high price elastic
borrowers get a lower LTV, and thus a lower house size, under imperfect information.
Using equation (32]), we find that more than 90 percent of borrowers shopping between
70 and 95% LTV would get a 85-95% LTV product under perfect information-perfect com-
petition (see figure [7| or table . This finding suggests that products below 85% LTV
are introduced to screen rather than to cater to borrowers’ heterogeneous preferences. We

exclude borrowers shopping below 65% LTV as they constitute less than 10 per cent of the
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loans originated, and the data quality is lower for that Sub—sample.@

Our results are robust to the use of models with observable heterogeneity and observable
heterogeneity and estimating the coefficient separately for each sufficient set ] As discussed
in the Appendix , the amount of product distortion relative to the perfect information
situation is accentuated when moving away from perfect competition. Finally, the result
is robust to changing the fact that a higher LTV decreases default. Indeed, one may be
worried that this sign results from banks selecting good borrowers into high LTV loans based
on soft information not observable by the econometrician. However, the LTV coefficient of
the default regression would need to be positive and one hundred times larger in absolute
value to imply that 10% of borrowers get offered lower than 90% LTV products. Given the
standard errors of 2.8107% and the average coefficient of —3.9 - 107° on the LTV coefficient,
this situation is not likely.

As summarized in table [I2] in the appendix, we find that the product distortions when
it comes to fees and teaser rates are milder. Indeed, the model implies that more products
should be offered. In particular, higher fee products (more than £1500), and longer teaser
rate periods (longer than 7 years). The share of the population that would like to get them
is low (below 20 percent of the 80+ LTV borrowers). In addition, this result highly depends
on how the marginal costs of lending vary with fees and teaser period. As the marginal costs
are estimated for products with fees ranging from 0 to 1500 and teaser rate from 0 to 7,
the product introduction results are highly dependent on our extrapolation of the marginal
cost function. We find that the distribution of borrowers would shift towards lower-fee
products and more flexible rate contracts. This is the result of interest rate distortions.

Those distortions are analyzed in the next section.

6.1.4 Interest rate distortions: conceptual framework

Using the first order condition of the structural model with respect to interest rates, we
decompose the interest rates into a fair price, a perfect information imperfect competition

“mark up”@ and an asymmetric information discount or premium. The asymmetric infor-

34. including them would imply that LTV between 50 and 75 would be introduced but would account for
less than 5 percent of the market shares.

35. As the unobservable heterogeneity uses a normal random variable, there is always a mass of borrowers
with a very low WTP for any characteristics. However, the borrowers that will choose lower than 90% LTV
in the heterogeneity case account for less than 5 per cent of the population

36. The theoretical literature usually refers to the markup as the output price divided by the marginal
cost. We instead define the markup as the pricing above the marginal costs. The empirical IO literature
sometimes uses the same terminology (Crawford, Pavanini, and Schivardi (2018)).
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Figure 7: Product shares, data vs perfect information- perfect competition benchmark

mation premium or discount refers to the increase or decrease in interest rates relative to
the perfect information benchmark. Banks use it in order to maintain borrowers’ incentives
to self-select. For instance, if banks know that high LTV products are chosen by borrowers
that are, on average less price elastic, they could potentially set a higher markup for these
products. However, how high this markup can be is limited by how high the markups on
other products that are close substitutes are (for instance, lower LTV products that are de-
signed for highly price-elastic borrowers). As illustrated by figure , borrowers’ heterogeneity
creates incentives to decrease the price of the high LTV product and increase the one on the
high LTV products relative to the perfect information situation.

Formally, the decomposition is:

Fair price PI mark up Al discount/premium
o {/_'mﬁc "E[@] 1 L= [d|bc +5d Z 7, ‘} — E[d|bd]
© Y1 —Eldb] E[-3'] E[d|bc] = E[d|bc]’ 1 — E[d'|bc]
(33)

Where @, := ), Zexp (i) 7. is the expected amount lent, 7, := (1 — E[d|cb])r. — mc, is

exp(uiz)

the expected proﬁt on each loan unit given that the borrower choose the contract ¢ at bank
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The first term #[Z‘bc] is the pricing at which banks break even given the expected default
probability of borrowers choosing the contract ¢ at bank b (E[d|bc] := B¢X +a%r.+ pE]ngf ]i] ).

It is the marginal cost scaled up by the survival probability.

E[®;] (1-E[dlbe]+B7ry o SR

E[f(I,,_]( T E1dbd] ) is the pricing set by banks above the fair price
J

if they could observe the average default probability of the type of borrowers choosing each

The second term is

contracts (E[d|bc]Vcb). ELE[_(DQZ,]_] is the impact of borrowers product elasticity (i.e., competi-
J
(Bitr
1—E[d|bc]
likely to default (8¢ < 0), this creates incentives to lower the mark-up.

E[¢)] 7
The last term Z#C il q;/] 1-Efan E[Jd|b ]

principal agent model.

The ratio % in which E[d'|bc] := BX,.+ alr.+p E[[ ’8]’] is scale up the three terms

by taking into account the fact that changes in r impact the type of borrowers choosing a

tion). ) accounts for the burden of payment: when increasing r, borrowers are more

is the equivalent of the information rent in the textbook

given contract "]

6.1.5 Interest rate distortions: results

The results on the interest rate decomposition are summarized in table[I5] table[14]and figure
Bl Doing this decomposition, we find that the average fair price is 231 bps, the markup is
about 116 bps while the average information rent is -70 bps for high LTV loans (above 80).
For loans with LTV between 70 and 80, the average fair price is 202 bps, the markup is about
60 bps while the average information rent is -30. These difference across LTV are mainly
due to the fact that lower LTV loans are chosen by borrowers that are more price elastic on
average. As a result banks have less able to apply large interest rate or large information
rents. The impact of default is mild when explaining the interest rate level. For instance
the difference between the effective marginal cost and the marginal cost is on average less
than 5 bps (and less than 10 bps when we scale up all default probabilities by 5 to take
into account that the estimated default probabilities may underestimate banks true default
expectations). However, as mentioned in section [N| even mild difference is default can lead
to big product distortions when the screening device is not very effective.

Looking at the differences in the average information rent between different products, we
find that high LTV products (95% LTV) earn low information rents (5 bps) compared to 75%

37. When the number of product in the market is large and the loan rate elasticity is low (Br low), E[d|bc]
and E[d'|bc] are relatively close to each other. Indeed, ® ~ ®(5, + 1)@ ~ P.
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LTV products. This is due to the fact that high LTV products are also more expensive to
produce, implying that the information rent need not be large. This result is also consistent
with the fact that banks maintain incentives to self-select by distorting the LTV rather
than rates. Contrarily, we find that lower fee contracts and longer rate contracts get a
substantial information rent. This can be explained by the fact that high fees products are
chosen by more price elastic borrowers. Under perfect information those borrowers would
thus get a lower markup (see mark up columns in tables [15 and [14)). To be able to extract
more surplus from other borrowers, banks make high fee product relatively more expensive
than what they should be. This is consistent with the product distortion and the shift in
the low fee products category observed under perfect information: banks increase rates in
low fee products to extract more surplus from the low price elastic borrowers, as a result
more price elastic borrowers are pushed to high fees products when they exist. This creates
incentives introduce more high fees products relative to the first best in order to implement
the screening.

Longer teaser rate products are more expensive to produce. They are chosen by less price
elastic borrowers. Under perfect information those borrowers would get a higher markup.

Those products also benefits from an information rent.
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Figure 8: Interest rate decomposition by LTV
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6.1.6 Summary of the results and economic interpretation

Our estimates imply that, in the perfect information case, borrowers in the first and last
willingness to pay quartile of the LTV distribution would get contracts with similar LTVs
— respectively, 85 and 95 — and get charged different prices because of their heterogeneous
price elasticity and default probability. As a result, a menu composed of perfect information
contracts cannot be offered under imperfect information as high default-low price elastic
borrowers would be tempted to choose the lower rate contracts. This creates incentives to
decrease the interest rate on high LTV contracts (i.e., an asymmetric information discount,
also called information rent in monopoly models) and increase the interest rate on low LTV
contracts (i.e., an asymmetric information premium) relative to the perfect information
case. As a complementary incentive, lenders also introduce LTV contracts that are lower
than 85. As high default-low price elastic borrowers are more reluctant to provide higher
down payments for each loan unit, low LTV contracts attract unobservably safer borrowers
and can be offered at a lower price.

Those results imply that welfare is lower relative to the perfect information-perfect com-
petition case. The overall loss in borrowers’ utility in the current data is equivalent to the
loss in utility following a 100 basis point interest rate increase on all loans.

The perfect information-imperfect competition case is not a natural benchmark to study
welfare given that asymmetric information and imperfect competition interact. Removing
one friction can thus increase the other. For instance, by removing asymmetric information,
lenders are able to set a higher interest rate (70 bps) to high LTV contracts without the fear
of borrowers substituting to a lower LTV contract designed to attract safer borrowers.

Reducing the level of asymmetric information, or allowing lenders to price borrowers on
all observable characteristics such as ethnicity, gender, disability, or religious beliefs may not
be feasible or desirable. As a result, it is also relevant to look at how far the product offered
are from the second best (i.e., the menus offered by an informationally constrained social

planner). This is the purpose of the following section.

6.2 Screening externality
6.2.1 Graphical intuition from Rothschild and Stiglitz (1976)

We use the same stylized model as in the previous section to provide graphical intuition on
how we measure the screening externality cost. In Figure (@, we start from a set of contracts

(¢1,¢q) observed in the data. From our estimation, we are able to back out borrowers’ indif-
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ference curves and lenders’ cost of lending to each borrower. We then check if the lenders
can offer menu that would be a Pareto improvement over the existing menus (¢}, ). Fig-
ure illustrate why the socially optimal menu (¢}, ¢,) cannot be offered in equilibrium:
a competitor could then offer a menu in the cream-skimming region and make profits by
attracting the safer borrowers. The results hold under imperfect competition, the deviation

relive on creating a menu that will attract a large proportion of the most profitable borrowers.

Break even rate
High defaultborr]

Break even rate
Low default borr

Low Leverage Average Leverage High Leverage

Figure 9: Cross-subsidization is a Pareto improvement when the number of high default
borrower is low.

6.2.2 Quantitative analysis

We define social welfare as the sum of firms’ profits plus the sum of borrowers’ utility
expressed in monetary term. We measure the cost of the screening externality by comparing
the utilitarian social welfare level implied by our structural model to one achievable in a
benchmark in which the contractual externality is internalized.

We use the following benchmark. We consider the hypothetical case in which each lender
becomes a monopolist and borrowers’ outside option is their utility in the competitive equi-
librium (i.e., the structural model implied utility). The monopoly assumption gets rid of the
externality by preventing borrowers from moving from one bank to another. It also allows us
to focus exclusively on the screening externality by preventing increase in welfare generated

by a better allocation of borrowers to cheaper banks. The outside option assumption is made
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Break even rate L
High defaultborrpwer T

Break even rate
Low default borrgwer

T - -

Low Leverage Average Leverage High Leverage

Figure 10: Cross-subsidization is not possible because a competitor can take advantage of
the cross-subsidy to attract the most profitable borrowers (cream-skimming).

to focus on Pareto improvements. A the focus on Pareto improvements, our measure can be
interpreted as a lower bound on the screening externality cost.

Formally, lender problem is defined as:

c
c N
MAT c,, My, FOb Py, Z n; Z Pr(i chooses c|i chooses b) NPV, — F( My, My—1) (34)

i c=1

s.t. Vi E[max.u;. + €] = F[max.u; + €| (PC)

exp(u;c)
wel[1,0] €2P Uiz
of contract when having only access to bank b contracts. We use this demand instead of

Pr(i chooses ¢ |i chooses b) := 5 7 captures how borrowers i make their choice

exp(Uic)

the one used in the structural model (Z ezp (o
xzeB 2T

7) to shut down the intensive margin (ie.,

competition) channel.

Pr(i chooses b) := —gzigﬂ Zigzz;

E[maz e + €] = E[mazi; + €] < Y exp(u) = Cexp(i;) «— E.fexp(u)] =
exp(u;) states that borrower i expected utility should be at least as big as what they got
under the competitive equilibrium if they chose bank b.

NPV, is the net present value of lending to borrower i via contract c. It is formally
defined in section as the amount then to borrower i multiplied by the expected revenues

generated by each lending unit minus the cost of lending each unit via contract c.
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6.2.3 Summary of the results and economic interpretation

The deadweight loss associated with the externality is equivalent to the loss in borrowers’
utility following a 32 bps increase in interest rates for all contracts. The social planner
contracts imply that pooling borrowers at above 80 percent LTV is a Pareto improvement
over screening. Low-default borrowers are better off because they can buy a larger house.
High-default borrowers benefit from being pooled by getting a lower interest rate. Lenders
are also better off because lower LTV distortions imply that the surplus generated by the
lending activity is larger, and they are thus able to extract more surplus and increase their
profits.

We find that despite the low spread between defaults, the cost of the screening externality
is quite large. As discussed in section [L], even with low spread between baseline default
probabilities, the cost of the externality can still be large as long as WTP are relatively flat.

This finding suggests there is room for Pareto improving policy interventions. As shown
in the theoretical companion paper Taburet (2022), lowering competition, increasing the
capital requirement on low LTV in a low-competition environment, or banning the use of
lower LTV products could reduce the impact of the contractual externality by preventing
cream-skimming deviations to occur. However, our model focuses on asymmetric information
distortions and does not explicitly model other frictions. For instance, deposit insurance
could lead banks to underestimate the risk of lending via higher LTV. This friction would
then lead to too much leverage in the mortgage market instead of too little leverage. As
a result, a policy Policy interventions should consider both frictions before implementing a
low LTV ban.

In the following section, we take as given the policy implemented in the market and focus

on quantifying its unintended effect when lender screen.

6.3 Ban on High LTV products

Limits on LTV are becoming increasingly popular. Indeed, according to the IMF’s Global
Macroprudential Policy Instruments (GMPI) database, 47 countries have introduced limits
on LTVs. While those policies are used as part of the macroprudential policy toolkit, LTV
limits also have an effect on the market equilibrium by restricting banks’ ability to screen
using LTV.

Indeed, by doing so, borrowers shopping at high LTV will be forced to move to lower

LTV loans. Banks thus have to pool borrowers with different price elasticities and default
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probabilities or introduce new products in order to sort borrowers. To assess the impact of
those policies, we solve for the situation in which the banks cannot change their menu offers

and the situation in which the product offering is endogenous.

Solving the model: Given the difficulties of solving for more than one endogenous
characteristic using the first order condition approach (Einav, Finkelstein, and Mahoney
(2021))), the numerical exercise is based on discretizing products’ characteristics and using
a contraction mapping to solve for rates using the interest rate first-order conditions for
a given menu offering. Instead of looking at all the possible menu offering combinations,
which would be too computationally demanding,footnotelndeed, even restricting ourselves
to 10 potential products of 6 banks, the potential equilibriums to compute are greater than
10%. | we use an algorithm proposed by Lee and Pakes (2009). The idea is to start from
a given equilibrium, change a fundamental parameter and allow a first bank to optimally
choose which products to enter or exit, taking other banks’ offers as given and knowing
what the interest rate equilibrium will bef‘f] We compute the new equilibrium prices using
a classic contraction mapping. Then, we allow a second bank to best respond to the new
equilibrium. The program cycles through the banks, continually updating the offerings until

an entire cycle is complete and no firm wishes to deviate.

Fixed products scenario: The average rate for 80-90 products increases from 244 bps
to 255 bps. Using the interest rate decomposition we find that the average markup for 80-90
products goes from 33 bps to 48 bps. This is because borrowers who previously shopped at
95% LTV are, on average, less price elastic and more likely to default. After the LTV ban,
they substitute for a lower LTV. The average price elasticity and default probability of bor-
rowers shopping at lower thus increase leading to a price increase. The average information
rent decreases from 66 bps to 58 bps implying either that banks pool more borrowers or that
the incentive compatibility constraints are easier to maintain. Using the structural model,
we find that the average cost of the LTV ban is equivalent to a 10 bps interest rate increase

for all borrowers.

Endogenous products scenario:
Allowing for product entry increases the average price from 244 bps to 283 bps and

expands the choice set. This is a 30 bps increase relative to the fixed product scenario. While

38. We could also consider that other banks do not change their rate
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allowing for endogenous products could have disciplined prices by increasing competition in
market segments with high markups, we find that the opposite result holds because that
endogenous products allows banks to extract more surplus from high WTP borrowers. In
particular, we find that the products introduced by banks following the high LTV ban are
the ones that are more likely to be chosen by the new borrowers that are less price elastic:
90% LTV products, low fees, and longer teaser rates. The number of products increases for
two reasons. The first reason is that the number of borrowers shopping at a given LTV range
increases, and the price elasticity decreases. As a result, the expected profit for any given
product increases due to the market size and the markup effect; thus, it is more likely that
the fixed cost becomes lower than the potential profits. This product introduction effect
lowers mark-ups. However, as discussed in Tirole (1988) and in Appendix , the existence
of fixed costs can lead to too much product being offered. This happens because lenders do
not internalize the business stealing effect (cannibalization) of their product introduction on
competitors. As a result, competitors tend to offer too many products. Including product
introduction and exclusion thus also allows for this effect to be present.

The second effect comes from incentives to screen borrowers. As the preference hetero-
geneity of borrowers shopping at lower LTV increases, banks have incentives to increase the
number of products to screen borrowers. As discussed in section [[], because of the screen-
ing externality, banks may create too many products (i.e., screen borrowers) even when the
social planner would not do so.

The overall effect of product introduction on welfare in thus theoretically ambiguous.
Using the structural model, we find that, compared to the situation without the ban, welfare
decreases by 30 bps. This result implies that product introduction is, in our case, detrimental
to borrowers’” welfare as it allows banks to extract more surplus from high WTP borrowers
and pushes other borrowers towards products with distorted characteristics. Not considering
product introduction thus underestimates the negative impact of an LTV ban by a factor of

three.

7 Conclusion

The main contribution of this paper is to provide the first analysis of product and price
distortions in the context of credit markets in which menus of contracts are used. We do so
by developing the first structural model of screening with endogenous menus of contrists.

To identify and estimate the model, we make several technical contributions. First, we
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develop a new identification strategy to test whether screening for default probability is
possible. Along the way, we discuss how to adapt classic structural models to the banking
market. Those changes are guided by the fact that financial markets are not a classic 10
market in many regards. For instance, contrary to a traditional IO market, the quantity
(loan size) of products being sold to a given borrower may be limited by sellers, sellers may
not accept to sell borrowers some products (rejection of loan applications), and the market
is likely to feature adverse or positive selection. The second contribution is to propose
a new set of tools to analyse the impact of screening on product and price distortions.
Instead of using the classic counterfactual analysis — for which the technical properties
(equilibrium uniqueness) have not been fully analysed by the literature in the context of
multiple endogenous variables — we propose a new complementary approach. We first use
perfect information, well-behaved model, as a benchmark to analyze product distortions.
Second, we use a “sufficient statistic approach” to decompose the equilibrium interest rates
into a fair price, a perfect information markup and an asymmetric information premium or
discount. Finally, we propose a social planner benchmark to deliver a measure of the cost of
coordination problems related to screening. The third contribution is to estimate the impact
of policies affecting incentives to screen using the classic structural approach and discuss
why their impact on contract terms is theoretically ambiguous.

In addition, our paper touches on several topics that we think are exciting avenues for
future research. First, although not at the centre of our analysis, we document that the
banking market features a large fixed cost of introducing products (30 million pounds).
That results is comparable to the one of Wollmann (2018) for the car industry. Given that
introducing a new product in credit markets does not require — contrary to the car industry
— any new machine or raw material expenses, that result may imply large managerial
frictions or collusion between banks. However, given the static nature of our supply model,
our estimated fixed cost should not be taken at face value. We believe using a dynamic
approach like the one explored in Appendix instead of the static one used in this paper
could help provide better estimates of those fixed costs. In turn, this would help in designing
better models and policies in credit markets. Second, although acceptance and rejections are
important drivers of the market equilibrium, those thresholds are unobserved in most data
sets. We deal with this limitation by using a sufficient set approach in this paper, but, we
believe that using a structural approach to back out those rules is also an interesting avenue
for researchﬂ To that end, we propose in Appendix , a methodology to recover the

39. We do not compute it in our estimation due to the computational burden.
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acceptance and rejection using an integrating over approach. This methodology would also
allow relaxing the assumptions about lender risk neutrality and the functional form of the

present value of lending.
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Figure A.1: Extract of the Menu of contracts offered by Barclays 13/03/2021
Source: Barclays’ website
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Figure A.2: Average number of advertised mortgage products for BtL, FtB and Remortgage
Source: Moneyfacts and Bank of England’s calculations
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Figure A.3: Extract of the Menu of contracts offered by Barclays 17/01/2022
Source: Barclays’ website
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Figure A.4: Share of mortgages that asked for a payment deferral in 2020
Source: BoE survey, authors’ own calculations
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B Tables

B.1 Descriptive statistics

Table 1: Summary Statistics for 2018

Variable Mean SD Min Max
Loan Characteristics:

Max LTV (percent) 82.5  10.8 50 95

Teaser rate period (years) 3.3 1.6 0 7

Maturity (years) 29.7 5.7 8 40
Fees (£) 503 631 0 2610

Rate (percent) 2.5 0.8 1.1 8
Loan amount (£ 1000) 164 129 35 864

Borrower Characteristics:

Household income (£ 1000) 36 16 25 944

Loan applicants 1.56 0.5 1 2

Age (years) 31 7 18 75

Loan to Income 4.6 1.2 1.1 6.1

N

279,379
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Table 2: Regression LTV on borrowers’ characteristics

Variable Age Yearly net income Number of borrowers Self employed
intercept J3Hok* 39,855 1.35%%* 0.085%**
60-70% LTV~ -0.7%%* -82 0.04%%* 0.017%%*
70-75% LTV~ -1.5%%* 36TH*HH 0.007##* -0.005%+*
75-80% LTV~ -1.3%%* 1793* 0,177 0.006%**
80-85% LTV ~ -1.7%%* 19471°%* 0.167%** 0.007##*
85-90% LTV  -2.4%%* -2716%*% 0.22%4* -0.024%*%*
95+ ltv SN -384 2%k (.28 -0.06%+*
N 1,077,291 1,077,291 1,077,291 1,077,291

*

“p <0.01, "p <0.05 p<0.1

Table 3: Mortgage Holiday take up and arrears. A mortgage holiday is a payment deferral

(up to 6 month)
Mortgage Holiday by 2021  Arrears by 2020 (Origination: 2018)

Interest (in percent) 1.23 107 bes= 5.8-1073%**
LTV> 90 -3.5-1072 -1.4- 1073 #*
Fixed rate period (years) -0.9 - 1074
Lender fees 3.7 - 1076
Income -1.2 - 107 TR
Nb applicants -3.9 - 1073
Age 6.7 - 1075*
LTI -1.4 - 107 3%
Time fixed effect No Yes
Bank fixed effect Yes Yes
Region fixed effect No Yes
Mean 26% 1.2%
Observations 53 279,379

E3

Tp<0.01, "p<0.05 p<0.1

Table 4: Most common product characteristics
Variable 2019 2021

high LTV (95)

Average number of products (rounded) 8 0-2
Fixed rate period (years) (5,3,2,0) 5 year more likely
Average lender fees (rounded) (0, 750) high fees more likely

medium LTV (75-85)

Average number of products (rounded) 12 16
Fixed rate period (years) (5,3,2,0) (5,3,2,0) + longer fixed rates
Average lender fees (rounded) (0, 750, 1450) (0, 750, 1450)

Source: PSD001 + Moneyfact
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B.2 Estimation Results

Table 5: Mixed logit (Origination: 2018)

85 + LTV loans

70-85% LTV loans

Interest rate (percent) —5.4-107!
(51071
LTV (percent) 2.3- 107 1#**
(1.2-1072)
Fixed rate period (years) —7.8-1071*
(4-1071)
Lender fees (pounds) S (e
(1.6107%)
Interest rate x Yearly Net Income (pounds) 4.5 - 1075
(1.1-1079)
Standard deviation random coefficient Fixed rate period 2.5%**
(4.8-1071)
Standard deviation random coefficient LTV 2.4 - 107 e
(2.7-1072)
Region-Age-Nb applicants interaction terms for all product characteristics Yes
Interest rate- Fixed rate period-fees random coefficient Yes
Observations 279,379

—7.1-1071
(4.4-1071)
2.1 10—1***
(5-1072)
—-1.8-107"
(1.9-1071)
-7 10—4***
(5-1075)
3.2 10—5***
(1.7-107%)
1 ek
(2.7-1071)
4.8 1072
(2- 10°%)

Yes
Yes
230,680

E3

“p <001, Tp<0.05 p<0.1

Table 6: Coefficient heterogeneity

Interest rate (per cent) LTV (per cent) Teaser rate (year) Fees (pounds)

85+ loans
Observable heterogeneity only
First quartile -1.1 2.3 107! -7.8:107¢ -8.10~*
Second quartile -8.6 -107! 2.3 107! -7.81071 -8-1074
Third quartile -6.3-107! 2.3 .10t -7.8:107! -8.107*
Observable and unobservable heterogeneity
First quartile -1.1 1.5 1071 -24 -8-1074
Second quartile -8.6 -107¢ 2.3 107! -7.8:107¢ -8.10™*
Third quartile -6.3-107! 3107t 9.2.107! -8-1074
70-85 loans
Observable heterogeneity only
First quartile -2.3 1.6 -107* 1.5-1071 -7-1074
Second quartile -1.9 1.7 -107* 1.5-107! -7-1074
Third quartile -1.5 1.8 107" 1.5-107* -7-1074
Observable and unobservable heterogeneity
First quartile -2.3 1.3-107! —4.3-107! -7-1074
Second quartile -1.9 1.7 1071 1.5-1071 -7-1074
Third quartile -1.5 2.1-107! 9.1-107! -7-107*

72



Table 7: WTP and elasticity heterogeneity

Price elasticity WTP LTV (percent) WTP teaser rate (year) WTP fees (pounds)

85+ loans
Observable heterogeneity only
First quartile 2.8 1.1 -107! -6.5-107" -6.6-107*
Second quartile 3.9 1.4 107! -4.9-107! -5-1074
Third quartile 5.4 1.9 107! 371071 3810
Observable and unobservable heterogeneity
First quartile 2.8 5-1072 -1.1 -6.6-107*
Second quartile 3.9 1.3-107t -4.4107! -5-1074
Third quartile 5.4 2.4-107! 5.3-107¢ -3.8:1074
70-85 loans
Observable heterogeneity only
First quartile 2.6 81072 71072 -6-107*
Second quartile 3.6 1107} 91072 -4.3.107*
Third quartile 5.1 1.4 107! 1.2:107! -3.2:10*
Observable and unobservable heterogeneity
First quartile 2.6 7-1072 -3-107! -6-107*
Second quartile 3.6 1-107t 8-1072 -4.3-107*
Third quartile 5.1 1.4 -107! 5-107! -3.2:107*

Table 8: Default regression (mortgage originated in 2018)
Arrears by 2020 Arrears by 2020

Interest (in percent) 5.8 - 107 3*** 3.9 - 107 3*#*
(4.2-1074) (3.4-1074)
LTV -1.8. 10 5*#* 1.2- 1074
(2.7-107°) (2.1-107°)
Fixed rate period (years) 9.9 - 10 -5.7 107
(2.7-1079) (1.6 - 1074)
Lender fees 3.7 - 10O 4 . 1070w
(7.5-1077) (6.5-1077)
Income I (e -2.4 107 T
(1.1-1078) (1.6 - 1078)
Nb applicants -3.9 1073 -3.1 -107 3%
(2.8-1074) (2.3-1074)
Age 6.7 -1075* 7.1-107°%*
(1.1-1079) (1.9-1075)
érry (sd normalized to 1) —5.4 - 1073
(9.4-1075)
érr (sd normalized to 1) —2.2 - 10w
(5.1-1075)
Time fixed effect Yes Yes
Lender fixed effect Yes Yes
Region fixed effect Yes Yes
Control for loan size Yes Yes
Mean 1.2% 1.2%
Observations 279,379 279,379

E3

“p <001, Tp<0.05 p<0.1
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Table 9: Loan Demand (Origination: 2018)

log(Loan size)

log(Loan size)

Interest rate (percent)
LTV (percent)
LTV=95 (percent)
Fixed rate period (years)
Lender fees (pounds)
log(Income) (pounds)
unobserved WTP fixed rate:érp (mean 0 sd normalized to 1)

unobserved WTP LTV:é,7y (mean 0 sd normalized to 1)

Lender, Region, time fixed effect
Borrowers’ characteristics control
Borrowers” WTP interaction terms
R2
Observations

—5.2 - 1072
(3.9-107%)
8.9- 104w+
(1.9-107%)
7.6- 1072%*
(7.3-107%)
—1.7-1073*

(9-1074)

6.5 - 107 2%+
(1.6 -1079)
8. 10—1***

(4-1073)

Yes
Yes
Yes
0.76
279,379

—5.2 - 1072w
(3.9-107%)
8.8- 104w+
(3.9-107%)
1.5- 1071
(2.1-1072)

—8.5 - 107 3=
(2.4-107%)
6.9 - 107 5%+
(1.6-1079)
8. 10—1***

(4-1079)
2. 10—1***
(2.3-1072)
8. 10—2***
(1.3-1072)

Yes
Yes
Yes
0.77
279,379

E3

“p<0.01, p<0.05 p<0.1
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Table 10: Marginal costs regression (LTV > 70)

Marginal costs

Interest rates

Intercept 8.5 107 1***
(2-107)
127y <5 X LTV (percent) 1.2 - 107 2%
(2.8-1073)
1rrv=s5x LTV (percent) 1.8 - 10 2##*
(1.5-107%)
95% LTV (dummy) 9.8 - 10~ 1x*
(9.1-1072)
Fixed rate period (years) 41072
(1-1072%)
High Fixed rate period (=5) 1.8 - 1071w
(5-1072)
Lender fees (pounds) —2.2 - 10~ b
(1.8-107)
High fees (1000-1500) —1.107 %
(4-1072)
Bank fixed effect Yes
Average 2.12
N 278
R? 0.88

1.2 1072
(8.69-1073)
1.4 - 107 2%
(1-107%)
2. 1072***
(9.7-107°)
1.2 107 e
(2.1-1073)
4.4 1072
(5.3-107%)
2.3 107 1x**
(1.6 - 1073)
—3.8 - 104
(5.7-1077)
—1.3- 107 trx=
(2.7-1073)

Yes
2.42
647,433
0.76

E

“p <0.01, Tp<0.05 p<0.1
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Table 11: Fixed cost results

X.=1 (1)

Profits (5) 8.47 - 10~ 5%+
(6.37 - 10729)

Nbr of Product included (0) 7.8 107 0%
(5.04 - 10719)

Nbr of Product excluded (6 -\) —2.4-1076***
(5.04 - 10719)

Bank fixed effect No

Time fixed effect No

Observations 61
Note:

*» < 0.1; **p < 0.05; ***p < 0.01

B.3 Counterfactual Results

Table 12: Product distortion (80+ LTV loans)

Ideal LTV (percent) Ideal teaser rate (year) Ideal Fees (pounds)

Observable heterogeneity only (perfect information+perfect competition)
First quartile 95 0 0
Second quartile 95 0 0
Third quartile 95 0 500
Observable and unobservable heterogeneity (perfect information+perfect competition)
First quartile 90 0 0
Second quartile 95 2 0
Third quartile 95 5-7 500
Product choice distribution (data)

First quartile 85 2 0
Second quartile 90 2 500
Third quartile 95 5-7 1000

Table 13: LTV distortion perfect competition perfect information benchmark (70+ LTV

loans)
Decile 10%  20% 30% 40% 50% 60% 70% 80% 90%

Product choice distribution (data)

Benchmark implied distribution (observable heterogeneity)
90 9 95 95 95 95 95 95 O

Benchmark implied distribution (observable + unobservable heterogeneity)
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Table 14: Interest rate decomposition (70-804+ LTV loans)

Fair price (bps) Perfect information mark-up (bps) Asymmetric Information discount/premium (bps)

LTV i 1-1071 21071

fees (500) 167 g e 6r*
fees (1000) _9g 90 *** 1%
fees (1500) _g5ee -30 175

teaser rate period (2 years) -40*** -8 0
teaser rate period (5 years) -20 * -4 -10**
teaser rate period (7 years) 7 10 -20%*
Average 202 65 -30

p < 0.01, "p < 0.05, p < 0.1

Table 15: Intest rate decomposition (80+ LTV loans)

Fair Price (bps) Perfect information mark-up (bps) Asymmetric Information discount/premium (bps)

LTV 12%% 81072 2%
fees (500) -12%% -19 20%%*
fees (1000) _g5ees 46 4175
fees (1500) 46+ _55 5%
teaser rate period (2 years) 3 157 -16 **
teaser rate period (5 years) 15 357 =31
teaser rate period (7 years) 27 ** 43 -40***
Average 231 116 -68

"p < 0.01, "p<0.05 p<0.1

C Literature Review

This paper is related to the empirical literature on price discrimination, the literature on
adverse selection and the empirical literature on credit markets.

The recent empirical literature on price discrimination is mainly structural and is theo-
retically grounded in the seminal monopoly model of Mussa and Rosen (1978).@ As such,
the empirical literature studies how product prices and product distortions (generally along
one dimension such as quality) react to changes in the economic environment. Recent ex-
amples include Crawford, Shcherbakov, and Shum (2019), which uses a demand and supply
structural model with endogenous quality and price to study quality and price distortions
in the cable television market, and Benetton, Gavazza, and Surico (2021), which examines
the impact of a funding policy in the mortgage market using a structural model with en-
dogenous product fees and rate. Our paper is closely related to Wollmann (2018]), which
analyses the impact of mergers using a model of product entry and exit for the car market.
To the best of our knowledge, Wollmann (2018]) is one of the first to propose a supply and
demand structural model that endogenizes more than two variables for product characteris-
tics. Our paper builds on the numerical method developed in Wollmann (2018)@ to solve for
endogenous contracts and adapt it in an empirical model of banking with adverse selection.

40. See Busse and Rysman (2005) for a reduced-form empirical analysis.

41. As discussed more in depth in the estimation section, Wollmann (2018]) relies on discretizing products
and iterating on firms’ best-response function.
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We contribute to the literature by developing a novel tractable framework to analyse price
discrimination in credit markets.

The study of the impact of adverse selection on market outcomes is well established in
the literature. On the theory side, the seminal references are Akerlof (1970) for a model with
single-product firms and endogenous prices and Rothschild and Stiglitz (1976)) in which firms
design and offer menus. Akerlof (1970)) shows that adverse selection can lead to a market
breakdown. Rothschild and Stiglitz (1976 document that a (pure strategy) equilibrium
may not exist in the perfect competition setting. To overcome the non-existence result, the
literature has developed equilibrium concept refinements, such as that in Riley (1979), Bisin
and Gottardi (2006) or Wilson (1980) [ Alternatively, the literature introduces modelling
changes to be able to solve for an equilibrium. For instance, Guerrieri, Shimer, and Wright
(2010) assume that the principal can match one borrower at most. Finally, allowing banks
to play mixed strategies can resolve the non-existence problem (see Dasgupta and Maskin
(1986) for a proof that a mixed strategy equilibrium exists). However, solving for a mixed
strategy equilibrium is computationally demanding (see Lester et al. 2019 or Farinha Luz
2017)), and as such, the properties of screening models are still understudied. Our model is
based on a companion paper Taburet (2022) that analyses the properties of a screening model
(existence and uniqueness of the equilibrium) that features the logit demand form used in
this paper. The paper also shows the existence of a contractual externality and discusses the
impact of product-specific policies on contract terms and welfare. In this paper, we adapt
the theoretical literature modelling to bring a screening model to the data to measure the
impact of the market inefficiencies studied in the theoretical literature.

A large empirical literature tests whether or not adverse selection exists in practice. The
main method consists of estimating the correlation between borrowers’ contract choices and
ex-post measures of their creditworthiness (the so-called positive correlation test in Chiappori
and Salanié (2002))). However, this correlation can be due to the causal effect of contact terms
(moral hazard or burden of payment) rather than borrower unobservable attributes (adverse
selection). To mitigate this concern, Hertzberg, Liberman, and Paravisini (2018)) exploits a
natural experiment to compare the default of borrowers that chose the same contract before
and after a new product was introduced in the menu. Those changes impact the average
type of borrower choosing a given contract. We contribute to the literature by adapting the
intuition in Hertzberg, Liberman, and Paravisini (2018)) to a structural model of screening.

42. The two first equilibrium concepts restore the existence of the screening equilibrium, while the third
one restores the pooling equilibrium.
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As a result, in contrast to Hertzberg, Liberman, and Paravisini (2018), we first identify
borrowers’ preferences and are interested in recovering its correlation with default. We show
that exogenous changes in the interest rate spread can be used instead of exogenous product
introduction or withdrawal to test if screening is possible. We also show that any of those two
sources of variation can be used to identify the preferences coefficient our default regression.

Another empirical method to test adverse selection has been developed in Einav, Finkel-
stein, and Cullen (2010)) and is called a cost curve test. It has been mainly used in the public
economics literature as it allows using the cost curve estimates as part of a sufficient statistic
for welfare. This test consists of using data on expected costs and prices and identifying
whether the cost is upward-sloping (adverse selection) or downward-sloping (advantageous
selection) with respect to prices. The main identifying assumptions are that the marginal
cost curve is monotone and that the change in prices used for the identification affects prod-
uct choices but not moral hazardfﬂ Landais et al. (2021)) and DeFusco, Tang, and Yannelis
(2022) are recent examples of empirical applications of this method to labour market insur-
ance and consumer credit, respectively. The sufficient statistics literature requires good data
on the cost of products and has focused on situations in which menu offers are fixed and
thus do not endogenize the product offering. Given those considerations, we use a struc-
tural approach instead. However, our paper shares with this literature the idea of relying on
revealed preferences in the demand estimation instead of modelling the underlying process
that is driving choices. In this way, our results are robust to the underlying model that
drives borrowers’ expectations, for instance.

Similar to the sufficient statistics literature, structural frameworks in the adverse selection
literature are based on theoretical models such as Akerlof (1970). They focus on a situation
in which the product is fixed but prices are not (see Einav, Finkelstein, and Mahoney (2021))
for a recent literature review). As a result, this literature mainly studies the effect of adverse
selection on prices, quantities and welfare but has neglected its impact on product offerings.
A recent example of this literature is Crawford, Pavanini, and Schivardi (2018). The paper
studies the interaction between competition and adverse selection in the business lending
market. Our structural model departs from this literature by allowing for endogenous menus
of contracts and adverse selection on contract terms rather than on loan size only. We use
methods developed in the price discrimination literature (Wollmann [2018]) and the theoretical
literature on screening (Taburet |2022) to allow our model to be empirically tractable, unlike

43. This assumption is harder to satisfy in credit markets — in which the cost variable is default — relative

to insurance markets — in which the relevant cost is the number of claims made. Indeed, in credit markets,
default is directly affected by prices as a result of the burden of payment.
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Rothschild and Stiglitz (1976).

This paper is also related to the literature analysing consumers’ and lenders’ behaviours
in retail financial markets. This topic has been an important one in economics in recent
years. Several papers have focused on the demand side and documented limited search,
mistakes, and inertia (Coen, Kashyap, and Rostom 2021, Agarwal, Ben-David, and Yao
2017, Andersen et al. |[2020). Other papers have taken a more structural approach to look at
how lenders may gain from borrowers’ choice frictions (Buchak et al. 2018) or at the effects
that, for example, capital or broker regulations have had on market outcomes and welfare
(Benetton 2018 Robles-Garcia 2019). Our paper contributes to this literature by studying
screening in the context of credit markets. It builds on the framework in Benetton (2018)
and Crawford, Pavanini, and Schivardi (2018)) and further includes unobserved borrowers’
preferences over contract characteristics, adverse or positive selection and endogenous menus

of contracts.

D Model

D.1 Borrowers

In this section, we model borrowers’ decision to participate in the mortgage market and their
choice of loan contract (section [D.1.1)). We also discuss how to extend the model to allow
for the entry decision (section . Our modeling yields the system of demand equations
presented in section [3.2] For each equation, we discuss the interpretation of the parameters

and provide possible micro-foundations in the Appendix.

Information structure: All parameters defined in this section are part of borrower i’s
information set at the time she makes her choice of contract and bank. We denote borrower
i’s information set at the time she makes her choice of contract by ZZ.

D.1.1 Choice of contract and bank
This section models borrowers’ choice of bank and contract and discusses the mechanisms

driving the demand.

Guided by the micro-foundations in Appendix (H.3)) and the considerations discussed in

the previous paragraph, we parametrize the indirect utility derived at the optimal borrowing
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amount given the loan characteristics X and price r as

Li(X,r)

Ui(Li(X,r); X,r) := AZ-(X)W

+ Vi(Ya), (35)

where Y; is the income of borrower i, A; is a function of the product characteristics X, V; is

a function of income, and L; is the optimal loan size as a function of product characteristics

X and rate r. LTV is the loan-to-value of the contract, so % is the house price.

This parametrization is a generalized version of K. Train (1986). The main departure
from K. Train (1986)) is that we allow A; to be a general function that varies with products’

and borrowers’ characteristics instead of a constant.

_ aTU(L7X7T)
oy UL,X,r)"

Appendix (H.2)), we show a parametrization of the function (A) that leads to the following

Using Roys’ identity, the optimal loan size should satisfy L;(X,r) = In

demand system. We index by c a product (X, re) offered by bank b and relabel L;(c,b) :=
L(ch7 ch):

i(c,b)
‘/;(67 b) = rﬁicchb — QlichTch + fc; +O_i_d}€icb (36)
In(Li(c, b)) = BiXep — Qicprep + vDi + ey (37)

. -1 5 ~ L
wlth (6’£cb7 lich, Ui 9 /Bicln lich, ecb) COTT@lated,

where w; is a monotonic transformation of the indirect utility U; defined in equation
B
(Bich ich, 0 ) drive how borrower i values the contracts’ characteristics. (Bl-cb, Qich) Pa-
rameterize the loan size demand elasticity. Since borrowers choose the loan size and contract
jointly, (Bie, Qiep, 05 ) and (Bz'cb, Q) derive from the same maximization problem and are
thus potentially correlated. As illustrated in Appendix , parameters (i, Qich, Ji_cbl) and
(Bicb, &,ep) are potentially a function of borrowers’ default probability, the cost of defaulting
— which depends on the loan being recourse or not — or how much the borrower values
44. V;(Y;) is not present as argmaz.Ui(L*, Xo,r.) = argmazUi(L*, Xe,r.) — Vi(Y;). For those that

are skeptical about the discrete-continuous approach, one could end up with the same functional form by
assuming that borrower i chooses product ¢ and the optimal loan size L;(X.,r.):

Mz cent;y i (Li( Xebs Teb)s Xebs Teb) + 05 *Eieh

and make the assumption that L;(X.,r.) and u;(L¥(X.,7c), X¢,7¢) are linear in contract terms.
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housing relative to consumption and how much savings the borrower has. For instance, high
default may be less sensitive to the face value of the debt if borrowers expect that they will
not have to repay it fully upon default (for example, if the loan is non-recourse). We formally
discuss our modeling of preference heterogeneity in the default section

The ratio % represents borrower i’s willingness to pay for a characteristic. Indeed, if a
bank proposes a new high LTV contract, borrower i would be happy to take it (i.e., its utility
would increase by taking the contract) as long as the price increase is below the borrower’s
willingness to pay. Formally, borrowers accept the new contracts if U(L(LTV3); 19, LTV;) =
U(L(LTV); 7y, LTV}) «—= 2o (LTVy — LTVY) > (ro — 71).

Qjch

& captures the part of the average indirect utility that comes from unobserved (by the
econometrician) contract characteristics. Borrowers’ preference heterogeneity is captured by
the variable o, Leioh.

o; Ye,r captures demand shocks for a bank-product. o; !'is a parameter driving the
variance of the shock (g;4). The shock can be decomposed into deviations from the average
borrower preferences for unobserved contract characteristics, plus an extra term (let us call
it £;5), which can be interpreted as a search cost (see choice of bank section). Given the use
of the variable {4, we consider, without loss of generality, that E[o; 15icb] = 0. We further
assume that E[o; | Xep, Tep, Bi, ai] = 0 so that o 'e;. represents the part of borrowers’
demand that cannot be screened by banks when they use product characteristics (X, r.)
only (cf. proposition 1). The potential identification threat caused by this assumption not
being valid will be discussed in the empirical section.

D; are borrower i characteristics, such as income or age, that are observable by the bank
and the econometrician. As shown in [H.2] the Roy’s identity micro-foundation of demand

L

imposes a specific functional form for how the income element enters the loan demand. e},

is a loan demand parameter that captures variables that are unobservable by the econome-

trician but can be partly observable by the lender.

Choice of contract and bank: A borrower chooses the bank b among the set of
banks B that offer the best contract ¢ within the available menu Pj,. Formally, given the

specification of borrowers’ preferences:
(¢i,b;) = argmazep, cep,y Ui(c,b) + 07 et (38)

The menu available to each borrower (Py) may be different as a result of rejections of

borrowers’ applications for a particular contract. The modeling of the choice of product
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in equation is general enough to encompass the case in which borrowers have perfect
knowledge of which applications would be successful and which would not. We favour the
perfect information case interpretation as this case can be justified by the heavy use of
brokers in this market. The imperfect information case is discussed in Appendix (G).

Equations and allow us to derive the product demand for each bank presented
in section

Distribution of the demand shocks assumption: We assume that individual i’s
preferences over banks and contracts ;4 are drawn from an extreme value distribution and

are independent across banks and products. The probability of individual i choosing contract
¢ at bank j is thuﬂ

exp(o;t;(c, b))
erB,ye{Pib} exp(o—id?ﬂi (y7 ZE)) ’

Pr((ci,b;) = (¢,b)|ich, Bicb, Tich X, Ep) = (39)

where o € IR* captures the product elasticity. As o, scales all the coefficients (5;e, icp)
by the same amount, we will not be able to separate o from (S;w, @), S0 we will normalize
oiep to 1 In the estimation section.

As discussed in Taburet (2022), when studying competition, it is useful to decompose the
demand shock (g;4) into a bank shock (o;e5,) — representing search costs, for instance —
and a contract shock (g;.) — representing inattention or unobserved preference heterogeneity,
for instance. In that case, the demand shocks (g;4) are correlated across banks. o; can be
interpreted as a competition parameter. Indeed, when o tends to infinity, borrowers only
care about the contract features offered by the banks (i.e., perfect competition). In that
limited situation, banks have to price each loan at its fair price and thus make zero profits.
When ¢! tends to 0, each bank behaves as a monopolist with its borrowers.@ Taburet
(2022) analyzes a contract theory model with this demand form and shows that competition
is an important driver of screening.

In this paper, as changing competition in the counterfactual exercise is not our focus, we
will assume that the random shocks within a given bank are not correlated. Our approach
limits the computational burden of estimating a nested logit with a random coefficient in a
demand and supply setup. For the interested reader, we provide in Appendix ([F]) an extension

45. As we show in Appendix , the model is also solved with a different functional form that yields a
CES type of demand function instead of a logit one. This assumption is more common in theory but is not

as empirically tractable.
46. This is the case when (g; ;); are not all equal.

83



of our demand model using a nested logit formulation that relaxes this assumption.

D.1.2 Choosing to enter the borrowing market

Borrower i chooses to participate in the market if the expected utility of entering the market

and borrowing (V;) is higher than the expected utility of not borrowing (V;):

Vi= V. (40)

As shown in Andersen et al. (2021) and Benetton, Gavazza, and Surico (2021)), borrowers’
entry decision in the mortgage market is very inelastic to loan prices and characteristics[”|
Furthermore, Robles-Garcia (2019) and Benetton (2018) show that the level of competition
is high in the UK mortgage market, making it unlikely that banks will be able to extract
the full surplus from borrowers. This motivates the assumption that the outside option V;
will be non-binding as well as the use of a static demand model.

In appendix [J| we derive a nested logit version of the model in which borrowers actively
choose to participate or not participate in the mortgage market. This extension yields a
closed-form formula for the expected utility of participating in the market V;, which can
then be estimated. This modeling is convenient as it makes the logit coefficient independent

of the assumptions on the set of potential mortgage buyers that did not enter the market.

D.2 Default

In this section, we model borrowers’ repayment behaviour. We discuss the impact of bor-
rowers’ and lenders’ information set on the expected default probabilities and define our

screening test. Our modeling yields the default equations presented in section [3.2]

D.2.1 Default from borrowers’ point of view

From the micro-foundations presented in Appendix , borrowers’ demand elasticities pa-
rameters [y := (Qich, Bichs Qich, me,ff@'cb)/ might be a function of the default probabilities.
Indeed, risky borrowers might be less sensitive to prices if they expect that they won't be
forced to repay the full face value of the loan upon default. In that case, «; would be a
decreasing function of default. Alternatively, instead of being a default function directly,

47. They estimate the the entry decision in regular time, as opposed to a financial crisis. But it seems that
even during the COVID-19 crisis, the number of borrowers did not drop on average.
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“price elasticity” «; and default probability d; might be influenced by the same fundamental
parameter. For instance, a borrower with greater financial sophistication might find it less
time-consuming to compare products and thus may end up with a cheaper product. The
same borrowers might be more likely to make better financial decisions in general and thus
may have a lower baseline default rate. For those reasons, we model default probabilitieﬁ
(diy) and preferences 'y, the following way. Borrower i choosing contract ¢ at bank b has

a default probability d;y (or equivalently a survival probability 6;4,) of

borrower’s private information

———
diy = BUX 1) + V2D + p PI? + el (41)
Tioy = p + v Dy + p° E[diy|ZP] + €f (42)
where E[di|ZP] := B%( X ey, 7)) + V¥ D; + PI¢ 4 eFd
—

borrower’s private information

and where B9(X, ) is the causal impact of contract characteristics on default due
to moral hazard or burden of payment, D; is a vector of borrowers’ characteristics (such
as income and age) that are observable by the bank, and (PI%) is a vector of variables
that influence borrower i’s choice of bank-product and that are uncorrelated with contact
characteristics. It captures adverse or advantageous selection. As mentioned in the previous
paragraph, the impact of PI on default can be direct, as in the case of financial sophistication,
or indirect through borrowers’ private information about their default process. We assume
that cor (e, dip) = 0. This is without loss of generality, as in the estimation, we will not be

able to disentangle PI from e“. The private information, for instance, contains information

about the future income of the borrower or the borrower’s level of risk aversion.
d

e?. represents, for instance, the characteristics of borrower i (observable by the lender)
that influence default but are not considered by borrowers when they make their loan decision
(i.e., they do not enter I'; and cannot be recovered by banks).

As discussed in the previous section after equation [39, without loss of generality, a; has

been normalized to one in equation [42]

48. The logic behind our approach is as follows. The default probability is a function a of monthly repay-
ment, the cost of defaulting and losing the house, the borrower’s future income profile and the borrower’s
propensity to save. The loan size is an endogenous variable, so we replace it by its function defined in We
linearize the expression around the contract and borrowers’ characteristics. Then, we explicitly acknowledge
that the choice of contract and loan size depends on default in equation .
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D.2.2 Borrowers’ default from lenders’ point of view

Now let us consider the lenders’ point of view. Lenders would like to estimate the true model

(equation [1)):
dicv = B (Xep, Tep) + VD; + pPI? + €l (43)

However, by definition, banks (and the econometrician) cannot observe borrowers’ pri-
vate information (PI¢). Nonetheless, if borrowers with different private information (PI¢)
consistently make different contract choices (i.e., p“ # 0), banks gain extra information
about borrowers’ default probabilities using a menu of products. Formally, using the menu
of contracts, banks learn information about the borrowers’ types (i, = E[Ls]i chose cb, TF])
and use them as a proxy for (PI%). I} is the information set of bank b As using T
directly would bias the X estimates because I';, is a function of X, we thus use Pl =

E[PI% + eFd + €%|i chose cb, TF] instead. Banks’ forecast of borrowers’ default probability

is thus
dicb = ﬁd(cha ch) + VdDi + deIfc)b + é;'ica (44>
where €2 is an error term uncorrelated with the characteristics of products. It can, for in-

stance, be interpreted as the error term coming from the linearization of the true forecasting

model used by banks.

Definition of a selection market: We denote p, , := pgpiy where pg is the correlation
between default and the y** element of the private information component PI¢ and p , is the
correlation between the z'" preference parameter of I' and the 3" element of PI¢. Given the
assumption that the error term of the default regression is uncorrelated with observables and
the private information component (i.e., E[e;w| X, 7, PI] = 0), we have p, := Zy Py 7 0,
which implies that the market is a selection market with respect to the contract characteris-
tic associated with preference parameter x. That is, borrowers that prefer characteristic (x)
tend to be more (less) likely to default if p, > 0 (p, < 0). We denote p,, when, instead of the

preference parameter for product x, we use the willingness to pay for product characteristic x.

Proposition 1: Test of screening and risk discrimination

49. The banks cannot use their menu to learn about demand shocks (&;, eiL ), search costs €;, and default
shocks e¢ as those characteristics are uncorrelated with how borrowers value the characteristics of contracts.
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It is possible to screen borrower a from borrower b with Buy # Pee ¥(a # b), with Bi, he ' el-
ement of vector B, using contract characteristics x and rates if and only ifi—‘;c # %V(a #b).

We call this screening risk discrimination if py, # 0, with py,. defined in the paragraph above.

PROOF": Screening two borrowers (a, b) with different levels of willingness to pay (4. >
Bpe) works by offering a product (X, r) and (X + 0X.,r + 70.X,) such that Gy < 7 < fge. In
that case, as shown in Appendix [[ banks can almost perfectly screen the type of borrowers
on their . characteristics as long as the variance of ¢;. tends to zero or there are no bounds
on X, and r.. That is, it is possible to construct a menu of contracts such that Vi, 3m /

Pr(5. = Bic|choose contract m) ~ 1.

As a result, our empirical strategy aims to identify the distribution of preferences as well

as its correlation with default (p? # 0).

D.3 Lenders

This section models how lenders design their product menus and mortgage application re-
jection rules. Our modelling yields the supply equations presented in section [3.2 We start
by presenting the lenders’ maximization problem. We then informally and formally discuss

lenders’ product design incentives.

Information structure: Lenders know that borrowers behave according to equations
, , , , . However, while the distribution of borrowers’ parameters is known
(T, eX, (ew)e, €%), lenders cannot associate each draw of the distribution with a particular
borrower. All other elements of the equations , , , , such as the contract and
banks’ characteristics (X, ¢, r) associated with each loan amount L for all banks and the

default parameters (3¢, %, p), are known by lenders. We denote Z} as the information set

of bank b.

D.3.1 Banks’ behaviour

Bank b maximizes its expected profits by designing its menu of products My, := (Xeps, Tent) e e[1,Cne]]
as well as its acceptance and rejection decision (Py; < [1, Cy]]) for each borrower and con-

tract. That is, banks choose the number of products Cj; they offer at time t, product
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characteristics X and prices r, and the subset of (indexes of) products from the menu avail-
able to borrower i (Py;). As discussed in section , we consider that banks use linear
pricing for the loan size conditional on (X,r). This is optimal when, for instance, the only
source of heterogeneity in loan demand comes from e” or that screening is achieved with
product choice rather than quantity. Banks face a fixed cost of changing their menu of prod-
ucts. They play a static game and take their competitors’ contracts and pricing as given.
In the empirical section, we also consider a two-stage game in which banks first choose their
product and then compete on prices.

Formally, bank b maximizes:

Gross margin: H?
A

- o Fized costs
n Cy —_—
mazx e by L Y enb= (et Lvis, NPV 1T — F(Myy, Myy_,)
{Che,Mye FCbt Py} {(ci,bi)=(c,b)} H{V;=V;} ich b bty Mbt—1
bt bt bt i=1C:1¥ g S, \ )

i chooses contract cb Vet present value of lending

(45)

~ -1 .
where (¢;,b;) = argmazep, cep,,{Ui(c,b) + 0; i} Vi
A J/
g
Borrower i optimal choice of bank—product

where Vj is the expected utility of participating in the mortgage market and V; is the
outside option of not borrowing. The inequality (V; > V;) conditions on borrower i’s partici-
pation in the mortgage market. As discussed in section [D.1.2] the effect of the contract term
and prices on borrowers’ entry and exit is negligible. We can thus ignore the inequality and
take the number of borrowers as given in the estimation and counterfactual simulations "]
Nonetheless, equations and in the appendix formally define the expected utility
functional form that could be used to estimate the entry margin in an extension. This ex-
tension is important during an economic crisis when lending to some category of borrowers
is a negative net present value project or when competition is low enough that banks may
want to exclude the less profitable borrowers from the market to extract more surplus from
the others.

NPV, is the net present value of lending to borrower i via contract ¢ at bank b. The
derivation of the formula is in Appendix . As in Benetton (2018) and Crawford, Pavanini,
and Schivardi (2018)), we consider that banks are risk neutral and that all borrowers refinance
at the end of the teaser rate period, and we approximate the NPV by NPV, := L;(c,b) -

50. Taburet (2022) shows that this is the case when, for instance, all investments have a positive net present
value, competition is high enough and V; is constant across borrowers.
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[(1 = diep)Tesr — Mmcep| Fopy where L;(c,b) is borrower i’s loan demand conditional on choosing
contract ¢ at bank b (defined in equation, d is the default probability (defined in equation
7 r is the interest rate, F is the fixed rate period and mc., is the marginal cost of lending.
The marginal costs are a function of product characteristics but will be estimated non-
parametrically. L;(¢,b) -+ (1 — dip)repFep is thus an approximation of the present value of
lending to borrower i via contract ¢ at bank b. An increase in the amount borrowed (L),
the interest rate (r), the survival probability (1-d) or the fixed rate period (Fr) increases the
present value of lending by increasing either the monthly payments or the periods during
which borrower i provides monthly payments. L;(c,b) - Fmeg is an approximation of the
present value of the cost of lending via product ¢ at bank b. An increase in the amount lent
(L) increases, for instance, the amount of deposits required and thus increases the cost of
lending by F.mcy. The marginal costs mcy, are multiplied by the fixed rate period F, to
facilitate the comparison with the interest rate. That way, the marginal costs are expressed
as if the bank funds its lending using debt with the same maturity as the fixed rate period
of the loan. Not including F,;, would just lead to a renormalization of the fixed cost mcg, in
the estimation.

We introduce a fixed cost function F'(My, My;—1) in order to match the number of prod-
ucts offered by banks in the empirical analysis. Given our estimates on demand heterogeneity,
the fixed cost function is required to prevent banks from offering a continuum of contracts.
It is a function of a mathematical distance between bank b’s current menu (M) and its
previous menu (My;_1). Its exact specification is provided in the overview of the setup sec-
tion (section and in the estimation section (section [4.4). The fixed cost prevents the
model from being solved using the revelation principle (i.e., offering one contract per type
of borrower).

In the next section (section , we solve for the model without the fixed cost to provide

intuition about the different mechanisms at play.

Feasible contracts: For the problem to be well defined even if the marginal costs turn
out to be non-convex in product characteristics, we assume that contract characteristics are
bounded: F := {(r,X): X € [0,X] c ]Rﬂlfm(x), r = 0}. This can reflect regulations — such
as the maximum LTV of a contract — or the fact that the demand has some kinks. In the
estimation and counterfactual exercise, we further assume that the set of possible combina-
tions of product characteristics (X) is finite. We discuss in the identification and estimation

section the conditions under which this assumption does not bias our results.

89



D.3.2 Discussion about the supply model assumptions

Any model simplifies the reality of focusing on a given economic phenomenon. In our struc-
tural model, we do not endogenize the house price upon default and do not model dynamic
considerations in order to be able to model screening incentives in more detail. The coun-
terfactual simulations thus consider that those elements — as well as unobserved product
characteristics — remain constant. In this section, we discuss how those assumptions affect

the interpretation of the supply parameters.

Collateral: In its current formulation, the model is set as if banks do not recover any-
thing following borrowers’ default. This assumption does not affect the demand estimation
as we do not explicitly model the cost of default and instead rely on a revealed preference
approach. However, it affects the interpretation of the marginal cost parameter that is re-
covered in the estimation section. To provide intuition for how to interpret the results given

our assumption about collateral, let us introduce the following notation. Upon default, the

_L_
LTV’

value at the origination date, and ¢ is the ratio of the house price upon default over the one

mortgage originator can seize the lender’s house and get min{J - rL}. % is the house
at origination. Default happens with probability d. The estimated marginal cost will capture
the average loss given default conditional on LTV E[mc — min{6 - 7, r}d|LTV]. Given
our identification strategy, we cannot identify ¢ and mc separately. However, we discuss how
one could do so using an integrating over approach in Appendix [P.1]

Finally, although the use of collateral has been taken as given rather than derived from

a first principle, conditions for collateralized debt to be the optimal contract is in Appendix

(.4l

Static model of supply: The supply model used in this paper is static, as each period
lenders maximize the expected profits generated by current lending activities only. This
consideration is justified by the demand also being static. Static demand is heavily used
in the literature and is a good approximation for mortgage markets as recent studies show
that borrowers’ entry and exit decisions — and thus their decisions on when to borrow —
are almost never affected by mortgage prices and product offerings (Andersen et al. [2021
and Benetton, Gavazza, and Surico 2021). However, the use of the fixed cost function in

the lenders’ problem creates a dynamic relationship between current and past maximization
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problems and makes the use of a dynamic model natural.

The static supply approach can nonetheless be justified by the following considerations.
First, our static modeling can be written as the hurdle rate approach, which is a good
approximation of firms’ product-offering decisions according to recent surveys (see Wollmann
2018)). The hurdle rate approach assumes that firms choose to offer a set of products such
that, for any other feasible set, the expected ratio of the added profits to added sunk costs
does not exceed a set number (the hurdle rate).

Second, the only parameter affected by a dynamic modeling approach is the fixed cost
function, which is not an object of interest of our analysis. Indeed, the marginal costs are
not affected as they are identified from a model optimality condition that depends on the
number of products being fixed. The counterfactual experiment is not affected by the use
of the static model as long as the relationship between current and expected profits in the
counterfactual experiment remains the same as in the data. The static estimation affects
the economic interpretation of the size of the fixed cost. As a complementary approach, we
show in Appendix [P.3/how methods used in the dynamic demand estimation literature could
be used in a dynamic version of our model to estimate the supply parameters. However,
the dynamic estimation increases the computational burden of counterfactual experiments
to the point where the counterfactual model would not be solvable with the current methods

available.

E Demand CES form

E.1 1 characteristic

N = ¢ s0 N = EN,[1 = N,], e € [0,0)

This can be microfounded by using the functional form:

choice : maz{ue® €} < maz{ln(u) + ¢ e}

eln(us) UE

2, entw) N 20 U

Pr(choosing) :

As in Dixit-Stiglitz, when the number of firm is large, we can abstract from [1 — N,] in

Na

N, equal to the share of type a versus type b

the derivative. In a symmetric equilibrium,

borrowers. Using &; := ¢[1 — %], n being the number of banks operating in the market:
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Want to extract more surplus from the high WTP borrower a but can deal better with

the friction by using an information rent.

F Nested logit

The product and bank choice can be written as a nested logit by making the assumption that
the variable (. 1= &iej + 0, lei,j follows a generalized extreme value distribution. Indeed,
assuming that borrower i draws (e )se follows an extreme value distribution: F(((ipe)je) 1=
exp(— 2opes (Dicens, eCire)he,

Products within the same menu M, have a correlation of approximately 1 — ),. In case
in which all A\, are equal to 1, the choice of bank-product has the logit form. In case all
Ay = 0, the random term within a nest are perfectly correlated. The choice of banks has a

logit form, and within a nest, borrowers choose the product giving them the highest utility.

G Imperfect Information about acceptance and rejec-

tions

When borrowers do not observe acceptance and rejection rules, denoting p; the probability

of being accepted, the utility they derive from a contract ¢ € C' is:

Pievti(ch) + (1 — pie) Bl E:[V (¢)] — cost] (46)
V(c) = max e [piat(x) + (1 = piz) BE[maxzecnaV ((c, x)) — cost] (47)

V(z) is the expected utility after being rejected from the contracts present in vector x. Since
rejections are observed by other banks, the probability of being accepted in another contract
may be lower upon rejections. Assuming that borrowers get a new extreme value draw after
each rejection, once can calculate V in a closed form manner. To ease computational burden,
one can assume that the probability of being accepted after the first rejection i 0 and replace
V(c) by an outside option that is borrower specific ;.

Assuming that the term pip[0; "eipe) — ;] +1; is extreme value distributed with a variance
5, ', the new model thus become equivalent to the perfect information case with all utility

parameter scaled by p;e:
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Picbtti(ch) + (1 — picy) s (48)

H Micro-foundation borrowers ’ utility mortgage mar-

ket

In this section I micro-found borrowers’ borrowers’ indirect utility function used in the main
section of the paper.
The assumptions about borrowers’ utility function are made for tractability and do not

impact the qualitative results.

H.1 Indirect utility functional form micro foundation
Toy Model consume in period 1, default and loose the house in period 2

survival probability

or ¢ L
C* H") := Ci+ (1—==L) |[=——+ uC
u(C* H?) immazion) 1Cr+ (1= 35L) [5-at 4 uCa)
L
Ci+ (1 —=ltv)— =Y,
PG+ ( v) [tv !
pCy =Yy — 1L
g}%% represents the fact that you are more likely to default as you leverage This implies:
bigger house 4 ep consumption period 1
— | lower consumption period 2
¢ - o
I e =(1—ltv) - pr
H* = — — H p
ltv (qﬁc L Hr T
Py p’ Y
—_———
Higher default
Thus:

b _ p Iz
. . ey 1 wr O Py oyt W) o
ViYi,H?) =u(C*",H") = =[Y1 + Y| + H —pr -t - =
(Y1, H*) :== u(C*, HY) p[ 1+ Ya] + {(PH pr - 1tv)] 2(;5_;_%) p2ltv}
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Without consumption in period 2:

Pe 4 L(1 — [ty
VR, By o= e ) = By e B

H.2 Derivation of the Demand system

Borrowers maximize:
Lci
maxu(Le, c) zmachicﬁ + V(Y)
v
A, captures that default or consumption trade-off depends on contracts ¢ features

maz.u(Le, c) =mazxdn(A;.) + In(L.) — ltv(ltv)
In(Ai) = BiXe + 0i6i0

From Roy’s Identity (A;. doesn't vary with Y,r):

L il dg}lA

it~ (Y)

Integrating with respect to DF; (loan discount factor):

In(L.) = In(ltv) + VZY DF; + cst

ic

with : cst .= B; X, + €, with (cstr)

set B = uD; + (B Xe + e + BoX; + )7
In the regression, allow for some element of A; to be proxied by income. That way the

income element of 3° need not be equal to the one in -

exp(BPX. — alr.)
>, exp(BYX; — agre)
ln(Lm) = O./Z-LTC + VDZ' + 5ch + 0e€; (50)

Pr(i choose ¢) = (49)

with 3¢, ab correlated with o, F
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H.3 A model without Roy’s identity

I index the two periods by t, with t=1 or t=2. There are two types of goods, one durable
indivisible (Housing, denoted H), and one perishable and divisible (consumption, denoted
¢), consumption price is normalized to 1 in each period. For simplicity, the House price is

also 1 in each period.ﬂ

Preferences: Agents have an instantaneous utility function over consumption and hous-

ing. Formally:

ac, + F(H) if ¢ <
dét+ct—E+F<Ht) ifct>

l

u(ee, Hy) i= u(cy) + F(Hy) := {

ol

u(-) is piece-wise linear with a kink at ¢. The kink is used to micro-found the use of
collateral (cf. section . They key assumption is that, upon default, the borrower enter
the (0, ¢) region and values cash more than the bank (& > 1). This insure that collateral is
seized upon default only and is used to repay for the face value of the debt only.

However, to get rid of the insurance motive and simplify the solutions, I solve the model
in the limit case when «a tends to 1+ﬂ In that case, banks will still find it optimal to use
collateral and the borrower behave as if the utility is linear in consumption. @ By doing
so, we get rid of any insurance motive. This is consistent with Hertzberg, Liberman, and
Paravisini (2018]) empirical findings that the self selection in the consumer lending market

seems to be driven by private information on the income process rather than risk aversion.

The instantaneous utility of housing is also piecewise linear:

H it H< H*
F(H) :=

H* + B(H — H*) it H > H*

1

5 5o that when H > H* the household prefers to consume even if he

[ is smaller than

51. The price normalization is made for simplicity of the formulas. The durability of house make it possible
to use it as collateral. The indivisibility is made for the simplicity of the formulas and does not impact the
results as long as house units are they are valuated more by borrowers than by the bank or if there is a
selling cost.

52. and when A > ¢

53. If needed, the kink allows for borrowers’ optimal down payment to be between 0 and A strictly, if
a > 2. Indeed, in that case, the marginal benefit of buying an additional unit AH of house in period 1
((1 4+ p+ (1 —p)o)) is smaller than the period 1 consumption benefits a
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never defaults. This assumption is done to abstract from the effect of competition on the
intensive demand for loans since, in the perfect information benchmark, borrowers will be
at the kink no matter the competition level. @ This will allow to focus on the effect of
competition on the amount lent - and thus LTV- only because of changes in the screening

behaviour of banks. This assumption is relaxed in the empirical application.

Upon default, I introduce two additional utility cost. A non-monetary cost £ that cap-
tures for instance the cost of being forced to move to a neighbourhood far from work or with
lower public goods such as for instance schools and parks (Diamond, Guren, and Tan (2020)
for recent empirical evidence). In addition, default triggers another utility cost e-s-(R—J0H ).
The e parameter captures the effort cost (> 1) of having to provide 1 additional unit of nu-
meral good upon default. (R — dH) represents the amount of money still due to the bank
after having sold the house. The parameter s is the share of the amount due that the bor-

rower has to repay upon default. For instance s=0 in the non-recourse case.

Budget Constraint: Households start the first period with endowment (A). It can be
used to consume (c) and provide down payment (D) for the house (H) they want to buy. In
addition, Household can borrow an amount (L) from a bank.

Formally, the budget constraint in the first period is thus:
c+D=A

The size of the house bought in period 1 is:
H,=L+D

In the second period, each Household get and income W which is a random variable

with the following distribution:

T W with probability p
0  with probability 1 —p

Income shocks are idiosyncratic. Notice that, the income process is the only source of het-

54. lower competition mean lower interest rate so more demand for loan and thus LTV change

55. Importantly, I assume that different borrowers have different p but the same value W in the high state.
This may impact how bank screen. For instance if risky borrowers have also higher income in the good state,
then banks can offer them a higher repayment to them in order to screen
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erogeneity (and private information) among borrowers. This is done following the empirical
evidence in Hertzberg, Liberman, and Paravisini (2018]) which shows that the unobserved
heterogeneity driving borrowers’ behaviour in the consumer lending market is due to private
information about the income process rather than difference in risk aversion or interest rate
risk. This is also consistent with the BoE NGM survey that documents that the main reasons
for defaulting is an increase in other bills or unexpected expenses/costs (21 percent), being
made redundant, unemployed or getting a cut in wage (67 percent), or an increase in loan
payment (10 percent).

In the second period, Borrowers have the opportunity to sell their house and buy a
new one of a different size. However, selling the house is costly: the borrower only gets a
discounted amount (6H) of the buying price of the house (H), with § < 2 < 1. This can
be interpreted as fire selling, intermediary costs or monetary search costs. This selling cost
assumption is done regarding recent empirical findings (Diamond, Guren, and Tan (2020)))
and is such that the borrower does not want to sell the house or buy a new one in the second
period if he is not forced to by the bank. It simplifies the problem and ensure that default
is costly since it force to liquidate the house when it is not optimal to do so.

Finally, Borrowers also have to repay the face value (R) of the mortgage they contracted
in the first period. When the borrower does not have enough cash (i.e., W=0) to repay,
the bank repossess the house, sell it and use the cash to repay up to the face value of the
debt. In the section [H.4]1 show the conditions for which this use of collateral is the optimal
contract. If this is not enough, the bank can use recourse to seize future cash flows or other
assets (again this is micro founded in section |H.4]).

The budget constraint in the second period is thus:

W — R~ (Hy — 6H)stysrryy, if W — R >0
Co =
’ maz{W + H,0 — R,0} — Hy, Otherwise

with ¢; > 0 and Hy; > 0. The indicator function 1¢p,.p,) is equal to 1 when the borrower
choose to change of house in the second period.

That is, if a borrower goes into arrears (W — R > 0), his consumption must be equal
to his income cash net of the face value of the debt (W — R) plus - if he decides to change
house- the net gain or losses from moving out. If borrowers go into arrears, consumption
must be equal to the remaining wealth after repossession max{W + H;6 — R,0} minus the

cost of the new house.
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Borrowers’ Problem: With the notations introduced in the previous sections and using
M (B) for the menu of contracts offered by bank B. The borrower choice of contract (C) is

defined by the following maximization problem:

V(C; B, p) =maxicem(B),e, m1,3u(c1, Hi) + Ew|u(ce, Ha)] (51)
Bwllwol € teos (R 0L+ D)lesnan))
Non monetary cost recourse cost
st.cq+D=A
O, =L+D

W — R~ (Hy — 6H)srysrryy, if W — R >0
C —
’ max{H10 — R,0} — Hy, Otherwise

Using the kink in the utility function and parametrizing such that so that maz{H;0— R, 0}
is lower than ¢ (for instance with H10 < ¢), Hs is equal to zero upon default. Here the kink
allows to get a unique solution, but it does not affects the welfare implications nor the choice
of contract or screening, which is the main focus of the model. Using the assumption about
the selling cost (0 < 1 when aw — 1) and the utility function, the borrower will never sell
the house if not forced to. The optimal consumption and housing decision in the second

period thus simplifies to:

(W =R, Hy), if W—R>0

(¢, Hy) = .
(max{H0 — R,0},0), Otherwise

For simplicity, I assume that A — ¢ < H, H being the smallest house size available so
that the agent need to borrow from a bank in order to buy a house in the first period. If the

agent does not borrows, he gets{]
Vi(p, @) = u(A) +p-u(W)

To abstract from the entry of new borrowers, I set this outside option low enough so that

everyone participate in the market when competition is high enough.

56.
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Borrowers’ valuation: Based on borrowers’ maximization problem, I get that his

indirect utility is:

w(L,R) = OF(L+ D) — D — ¢R

with D being the deposits. Which I set to 0 in my model as one could show that there is
no deposit based screening in this model. The optimal contract would set deposit equal to
the total amount of borrowers’ savings. The reason being that if borrowers want to borrow
it s because they value housing more than consumption.

O(p) :==1+p+ (1 —p)d[lr<su + (1 — 1r<sm)e] is the marginal benefits of housing in the
(0, H*) region (i.e., dgV).

e(p) :=p+ (1 —p)lgesy + (1 — lg<sm)e is the sensitivity to the face value as a mean
of payment (i.e., drV). When the collateral value (0H) is enough to repay he debt, both
borrowers have the same sensitivity and ¢(p) = 1. When the collateral value (§H) is not
enough to repay he debt, the results depend on recourse being used or not.

By normalizing the utility function, I get that the willingness to pay in my model is

e

o= =,
€

H.4 Conditions for collateralized debt to be the optimal contract

Up to now, I assumed that the contract offered by the bank is a debt contract. This can
be micro founded by assuming that the wage realization is not costlessly observable as in
Townsend (1979)). For the optimal contract to be collateralized, an additional assumption
(assumption 2 bellow) is needed. This assumption is an adaption to the mortgage market of
the one used in Lacker (2001). It states that the bank can use collateral and seize it upon
default if this is more efficient than spending the verification cost. For the collateral to be

seized upon default only, the bank needs to value it less than the borrower.
To summarize, the assumptions are:

ASSUMPTION 1: FEz post Private information. In this paper, I model this assuming

that banks cannot observe the second period cash flow (W) of the borrowerE] borrowers can

57. or it is costly to do so
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thus lie about their income and hide it from the bank. The bank can spend some amount

to verify it.

ASSUMPTION 2: The house can be used as collateral (i.e., housing is observable).
Using collateral to deal with ex post private information is less costly than verifying cash
flows. The borrowers values the house more than the bank. This assumption makes sure that
in the optimal mortgage contract, the bank ask for cash instead of housing when possible.
In this paper, the reason for the borrower to prefer the house more than the bank, is that
borrowers value house more than its selling price and that banks have a utility over cash
rather than house.

At t=2, borrowers observe privately their income realization (W) and choose whether to
fill for default or not. Borrowers default when they cannot repay ( i.e., dH + W — R < 0)
or when its better for them to strategically default (i.e., H + u(W — R) < u(K + W) or
u(0H — R+ W) < u(K +W). K is the amount that the bank give back (or ask) after seizing
the house and selling it. K has thus to be lower or equal to dH — R so that all inequalities
are satisfied. In our model, since borrower value more cash upon default than banks (o > 1),
the constraint is binding K = éH — R. Notice that, the bank wants to prevent strategic
default when the borrowers is in negative equity (§H < R) it has to punish the the borrower

by seizing more than the house (i.e., K = 0 H — R can be negative).

I Proof screening

Let us stat with considering that . can take only two values .. and Sy with B, < [pe, the
preferences along the other dimensions are continuously distributed and independent of the
contracts characteristics. We can then generalize the proof to any number of values.

Using Bayes’ rule:

Pr(choose contract b|p. = Bic)Pr(B. = Pic)

Pr(B. = Bic|ch tract b) =
r(fe = Biclchoose contract b) Yjetapy Pr(choose contract b|B. = Bjc) Pr(Be = Bje)

We start by offering contract A with characteristics (X,r) that would be accepted by both
borrowers and then offer another contract B with characteristic X + AX,r + wAX, with
w > max{%}. When AX = 0 contract A have the following market share: Pr(c&;a > o&;p).

Denoting f the pdf of {;4 —¢;p, By Increasing AX the probability of contract B being chosen
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fac_, .
by the high willingness to pay (WTP) borrower increases by: -=— f(0) while for the other
Be

it decreases by =— f(0).

We can generalize this proof by starting by separating the lowest WTP from all others,
then the second lowest WTP from all other borrowers. When there are no bounds on r and
on X, or when o — 0, borrowers can be almost perfectly screened Ve, 3(A X, wiy ) : Vi, Im :

Pr(B. = Bic|choose contract m) > 1 —e.

J Nested logit extention

Following the nested logit approach, we use the following timing assumptions. Before know-
ing their individual i preferences over banks (g4,),, borrowers choose to enter the borrowing
market if their expected utility V; is greater than the option of not borrowing. In the theo-
retical analysis section, this timing assumption is equivalent of assuming that borrower will
not accept a contract if its utility u;(C}) is lower than the option of not borrowing. This
favours the interpretation that the value o;¢;, models a search or sunk cost that has to be
paid to lean about bank b menu rather than valuable characteristics of the bank. Formally,

Borrowers enter the market if:

7

Vi i= E[mazpep{t;(Ch, b) + oient] — o lin(#B)=V,eR (52)

# B denotes the number of product available to borrower i. When all the banks offer the same
contracts CF, E.[mazpepy{ui(C})}] = o~ in(#B) + E.[ur,(C})]. The fist term captures the
fact that if a lot of products are being offered, then it is more likely that borrowers find a
product that have a high unobserved characteristic ;. This is to get rid of this effect that
I define V; the entry condition this way.

This equation will not be binding except when competition is low enough.

Individual i preferences over banks (g; ;); is drawn from an extreme value distribution

E[mazpepy{ii(C,b) + oiean}] = o~ in( ) exp(oui(Cy,, x))) (53)

zeB

K Derivation Present Value of Lending

Given a loan size L, a maturity T and a per period compound interest rate r, the per period

mortgage repayment C is given by the annuity formula:

102



Lr(1+nr)T

¢= 1+r)T—1

(54)
Similarly, we can express the bank cost of lending an amount L as a constant rate (mc)

and write it as an annuity to make it comparable to the interest rate (r):

Lme(1 + me)T

D:
(14+me)T —1

(55)

The marginal cost includes, among others, the interest rate banks need to pay on its
deposits.
Using ¢§ as the discount rate, the present value of lending the amount L, abstracting from

default, can thus be written:

)TF

r(r+1)7 me(me +1)7 1)T_F me(me +
L) & - Vb 5’f —
Z (r+1DT—=1  (mc+1)T — I+ Z = -1 (mec+1)T-F 1]

(56)

k=F+1

R is the reset rate and b is the remaining balance at the end of the teaser rate period. F is
the fixed rate period, T is the maturity of the loan, « is the share of people not refinancing
and mc is the marginal cost of lending.

As in Crawford, Pavanini, and Schivardi (2018)), assuming that banks consider the average
default instead of the probability of defaulting in each period, for a constant discount rate
(6 < 0), denoting d a dummy equal to 1 if borrower default, the present value of lending up
period F is:

C Z 1:—)”1.E[(1—d)].1‘S 5 (57)

When T and F are large, % ~ 1 and 6 ~ 0, the net present value of lending is
thus:

SIS S
1-6 1-6 T1=%

[(1—-d)|R §"mc}

(58)

PV~ L{B[(1 = d)]r- f

103



With (6 = 1), the expression is instead:
PV ~L-|[E[1-d)]|rF +~yRE[(1-d)|(T —F)—[F+~(T — F)]mc| (59)

We further assume as in Benetton (2018) that d,7 = 0 so that it does not enter inside
the FoC of r. and set v, to 0 (i.e., all borrower remortgage). We can thus also abstract from

the discount rate if § < 1 as it is constant across mortgages, we thus get:
NPV, := L-[E[(1 —d)]r —mc] when 6 < 1 (60)

The above expression comes implies that banks do care about fixing the interest rate except
from its impact on the cost of lending (mc), default (d) or on demand (L). This result comes
from the assumption that 6 ~ 0. It may be problematic as for a given demand, interest
rate, default and marginal cost, profits are likely to be increasing in F as the loan generates
annuities for a longer period.

Relaxing the assumption 67 ~ 0 would however require an assumption about the discount
rate used (for instance the bond of or deposit rates) or the use of non standard approaches
like the integrating over one (see . This last method is too computationally demanding
for our set-up. We thus go with the first approach and assume that 6 = 1. We get:

NPV :=L-[(1 —d)r —mc|F when 6 =1 (61)

Alternative approach:
Without using Crawford, Pavanini, and Schivardi (2018) assumption about default, the

expression for the annuity would be would be, using d as the per period default probability:

1+r)7 1—((1—d)d)
(1+r)T—=11-((1-4d)o)

C Y (1 =d)d)" = Lr((1 — d)5) (62)

Using the same approximations as in Benetton (2018]), (l(i:f)rT)T_l ~ 1 and 0,y = 0, the

expression for the NPV becomes:
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B 1—((1-d)§)r 1—6F
NPV :=L-[(1—d) s do r mclié
1—(1—-d)Ff

d

| when § < 1 (63)

NPV, :=L-[(1—d) r—mc- F| when 6 =1 (64)

Here again, as the discount rate is not observable, the NPV would require estimating
both the discount rate 6 and the marginal cost mc. In a low rate environment, the discount
factor can be approximated by 1. Changing the definition of the NPV will impact the
interpretation of the me as discussed in[D.3.2] Moreover, when d is small as in our empirical
application and 0 equal to 1, the expression becomes the same as in Crawford, Pavanini, and
Schivardi (2018)):

NPV, d~OL-[(1—d)r—mc]-F, when 0 = 1 (65)

—

L. Product introduction and exclusion incentives

This section provides an informal analysis of the different mechanisms driving the product
offering and pricing in our setup. In particular, we discuss the impact of imperfect informa-
tion on loan contracts. A formal analysis is provided in Appendixes [M] and [N} An in-depth
analysis of the incentives to screen in this class of model is presented in Taburet (2022).

Under perfect information about borrowers’ preferences and default probabilities (i.e.,
borrowers’ type), the design of a different contract for each borrower type allows for catering
to their heterogeneous needs (Tirole [1988). Absent a fixed cost of creating contracts, and as
long as the same product can be sold at a different price to different borrower types, lenders
should create as many loan contracts as borrower types. In that class of model, under classic
assumptions, a high demand elasticity (competition) drives interest rates down and the loan
size up.

With imperfect information, lenders may find it optimal to use contract menus to screen
borrowers. As well established in the literature, screening may require distorting contracts
away from their perfect information value to maintain borrowers’ incentives to self-select. It is
optimal for banks to distort — relative to the perfect information case — the contract features

(i.e., product characteristics or pricing) that have the lowest impact on their proﬁtsF_g] In

58. The contract features also need to be heterogeneously valued by borrowers. If contract characteristics
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the monopoly case, for instance, banks have incentives to distort — relative to the perfect
information case — the contract designed to be selected by the less numerous borrower type
or the one for which they make fewer profits on each loan. When some degree of competition
is introduced, banks must also consider how contract terms affect the loan demand they face.
When borrower demand elasticity is high and screening is feasible, this second consideration
can force banks to price each borrower according to the borrower’s own default probability
(i.e., to screen) even when all borrower types would benefit from being pooled (Taburet 2022)).
Indeed, by failing to do so, a lender could take advantage of its competitors’ offers to attract
the most profitable borrowers only (i.e., screen). As a result, a high demand elasticity can
drive the price of some contracts up — when it prevents high-default borrowers from being
pooled with low-default borrowers — and the quantities down — when credit constraints
are used to screen.

The above-mentioned considerations can lead to product introduction and exclusion rel-
ative to the perfect information case. To illustrate this point, let us consider a situation in
which, under perfect information, banks’ most profitable option is to offer one product only
(e.g. a long-term loan) but price it differently depending on the customer. This heteroge-
neous pricing can be a result of, for instance, borrowers’ price elasticity or default probability
heterogeneity. However, under imperfect information about borrowers’ heterogeneity, banks
cannot sort borrowers with a menu composed of the same product priced differently, as each
borrower will choose the cheapest one. Banks can thus choose to price the product using the
average borrower characteristics or introduce one or many new products to make borrowers
self-select. For instance, if high default probability borrowers find it relatively more costly
to get a short-term contract, screening can be achieved by introducing short-term contracts.
Those contracts will attract unobservably safer borrowers and can thus be offered at a lower
price.

Under imperfect information, the impact of product introduction or exclusion on welfare
is ambiguous. On the one hand, banks’ product introduction provides more tools to screen
borrowers. This can increase welfare as it lowers the asymmetric information level. For
instance, under perfect competition, screening can maximize the sum of borrowers’ utility.
This happen when the utility loss caused by the net cost of screening (i.e., the contract terms’
distortions, relative to the first best, that are required to sort borrowers) is lower than the

utility losses coming from the net cost of being pooled (i.e., the spread between the fair price

are valued similarly by borrowers, changing those terms for one or many contracts affects the incentives to
choose a given contract similarly for all borrowers. Thus, it does not affect the distribution of borrower types
choosing the contract.
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of lending to the average borrower and the perfect information pricing). On the other hand,
as shown theoretically in Taburet (2022) and discussed in the following section, screening
may be implemented even when the informationally constrained social planner would pool
borrowers.

Inefficient product introduction or exclusion results from lenders not internalising that
their screening behaviour affects the demand and thus the screening costs of other banks.
This issue is analysed in Taburet (2022) and is called a contractual externality. A graphical
illustration of this contractual externality is provided in the following section in a simpli-
fied version of our setup. The contractual externality creates the following welfare trade-off
between competition and adverse selection. A low competition level mitigates lenders’ con-
cerns over losing their market share; this can improve welfare by giving them more flexibility
on how to use contract terms and prices to sort borrowers efficiently. However, a low com-
petition level also incentivizes lenders to apply high markups, which can reduce welfare.
Imperfect information and adverse selection thus interact: decreasing one imperfection may
increase the other.

Overall, because of the contractual externality, the outcome of screening markets can
be information constrained inefficient. Those markets can thus provide too many or too
few products relative to the second best (i.e., what an imperfectly informed social planner
could achieve). To measure this friction, we need to analyze banks’ screening incentives.
This analysis calls for an estimate of which contract feature distortions — relative to the
perfect information case — have the lowest impact on banks’ profits. The latter requires
understanding how borrowers make their choice of banks and contracts, how borrowers’
choices reveal information about default probabilities, measuring the present value of lending

via a given contract and the cost of changing product characteristics and menu size.

M Formal analysis of the model

Let us assume in a first step that preferences (I';) are observable and solve for the optimal
contracts before considering the case in which they are not. We consider throughout the
exercise that the demand shocks (a‘lgicb)icb are extreme value distributed, independent and
not observed by banks. This assumption is a tractable way of modelling competition among
banks. It makes the demand function ¢ continuous, which allows to solve the model using
the first order conditions and yields a closed form solution. As they are not at the center of

our analysis, we also consider that there are no fixed cost of designing a contract.
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Indexing contract by ¢ € [[1, Cy]], the maximization problem (45]) can be written:

C
MAT (X, r).cFC.C) ) M ), PibeTibe (66)

A c=1

n; is the number of type i borrowers.

dive the probability that borrower i chooses contract c. Our assumptions about o 'e;q,

. . . : exp(o(Bi Xeh—tirep))
being independent implies that ¢;,. can be written Soeh Syer,, emp(g(ﬁiXCZ,amb))' BiXep — T ep
is the average utility of borrower i when they get contract ¢ at bank b. ¢ drives the product
demand elasticity.

Tipe 18 the expected profit on contract ¢ when borrower i chooses contract ¢ (i.e., L;(c,b) -

NPV, in the problem (45])).

Perfect information incentives: Under perfect information, banks offer one product
per type. That is, P;, is a singleton. We index the contracts by the borrower index i, drop the
band index b in the notation and use the notation (X;,) to denote the x element of vector
(X;). Using the first order conditions, the contract terms and prices given to borrower i

(X;,7;), must satisfy:

Intensive margin Extensive margin
. . /_M - > o
Pricing :  n;¢;0.,m; :Jainiqﬁi(l — (bzz m =0 (67)
'
number of lost customers
Intensive margin Ezxtensive margin
- - N r -~ )
Contract Characteristics :  n;p;0x, m +ofBmip;(1 —¢)m =0 (68)

Changes in contract terms and price affects profits through an intensive and extensive
margin channel. When increasing, for instance, interest rates, the bank increases profits on
each loans (if 0,,m; > 0) but losses some customers (—oa;(1 — ¢;)pnm;). ocai(l — ¢;)pim; is
the number of customers lost. The extensive channel effect is stronger for highly price elastic

borrowers (i.e., high a; borrowers).
Neglecting the impact of contract terms (X) on default probabilities (d) to focus on

adverse selection rather than moral hazard, considering a symmetric equilibrium, and rela-

beling o; = o(1 — m) we get —rearranging the above equations — that the optimal
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equilibrium contract for borrower i is:

Fair price mark up
: . me( A, 1
Optimal pricing : r; = ot . (69)
1-— dz 0;0; + a;
—— ———
product demand elasticity  loan size demand elasticity
. . 0:Biz + Bi 1—d;
Optimal characteristic : X;, = ———% - (70)
(os00 + @) me,
Y— ~——
“willingness to pay” ef fective cost
. . . . . X?
For intuition, we set the marginal cost of lending as the function me(X;) = > me, ==,

with mec, a known number that parameterize the cost of increasing the 2" characteristic of
a product (i.e., its LTV, fixed rate duration...)["]

Equation 1@) states that the contract price is the sum of a fair price (%)d()) plus a
“mark up” termm (U_a_1+d_). The mark up is a function of both product and loan size

demand elasticities. The interest rate elasticity of product demand depends on the variance
of the demand shock parameters (o). When competition is high (¢ — ), lenders price each
contract at their fair price. The number of lenders (card(B)) increases the product demand
elasticity (o;) as it makes it more likely that the next bank is not too far away so that
borrowers are more likely to change lenders (interpreting the demand shock as a distance
from the closest bank branch like in Hoteling (1929)).

Labeling X;, as the contract maximum loan-to-Value (LTV) for simplicity of the expo-
sition, equation states that banks provide high maximum LTV when: borrower i value
positively this contract characteristic (i.e., 0;0;, + Bm high) and is not sensitive to a price
increases (0;q; + &, low), and when the cost of increasing the maximum LTV is IOWE
The cost is low when borrower i default probability (d) is low and when an increase in the
maximum LTV of the contract is cheap to provide (low mc,).

Banks thus have incentives to provide different products when borrowers’ default proba-

bilities and preferences are heterogeneous. Including fixed cost in the analysis would requires

59. Absent this functional form assumption, the formula would be: 0x, mec; = %(1 —d;)
60. The theoretical literature usually refers to the markup as the output price divided by the marginal cost.
I instead define the mark up as the pricing above the marginal costs. The empirical 1O literature sometimes

uses the same terminology (Crawford, Pavanini, and Schivardi (2018))).
61. The ratio % can be thought as a willingness to pay measure. Setting the loan demand parameters

to 0, the fraction becomes borrowers’ the willingness to pay for the x characteristic (i.e., %) Setting the

product choice parameters to zero we get (%) which is the marginal loan demand increase following a change
in X over minus the marginal increase in rates.
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the heterogeneity to be larger (and the market size to be large enough) for new product to

be offered.

Imperfect information incentives: Let us now consider the case where banks cannot
observe borrowers’ type. To focus on screening, we consider the situation in which all
borrowers are observationally equivalent from banks’ point of view. Using the first order

condition of problem and dropping the b index, we get:

FExtensive margin

Intensive margin - A ~
—_— A C
Pricing . Znigbicﬁrcmc — Zniai@c(mc — Z ¢ij7rij) = 0 (71)
7 ) 7=1
FEaxtensive margin
Intensive margin -~ A ~
— c
Contract characteristics : 2 N PicOx ., Tic + 2 N BixGic(Tie — Z ¢ijmij) =0 (72)
i i j=1

The intensive margin channel is the same as before, the extensive channel is different as
banks must now consider the fact that they offer menus. The first order conditions with
respect to contract ¢ terms and pricing thus have an extra element capturing the probability
that borrowers of type i choose another contract than contract ¢ (¢;;).

The extensive margin channel captures the effect of a marginal increase in, for instance,
contract term X, on the number of borrowers choosing contract c. The increase primarily
attracts borrowers that value this characteristics relatively more (i.e., those with a high 3;,).
The increase in product ¢ demand can come from borrowers that would have shopped in
another bank absent the contract term increase (B;.¢i(1 — ¢i)), or borrowers that would
have chosen another contracts at the same bank (5;¢;.(—¢:.) < 0). The net effect on profits
can be rewritten with the term m;. — > @iy, where Y. ¢;,m;, is the expected profits on
borrower i prior to the change in X.. This enlightens the fact that attracting borrowers i
into contract ¢ is valuable when the bank makes more profit on contract ¢ than its others

contracts.
Rewriting the above system of equation as in the perfect information case and assuming

that cov((ca + &),d) = 0 for simplicity of the notation (the general formulas are in the

appendix (?77)), we get:
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Average fair price Average markup Asymmetric information discount/premium
A A A

e N

" me(X,) N 1 ) " EyloicuElmic]]

Optimal pricing : r. =

(73)
Eyc[(0:Bic + Bia)(1 — d;
Optimal characteristic : X ., = (0 B ~)( )] PD, (74)
Ejcloia; + a;lme, ——
~ 4 Product distortion
optimal characteristics average type

Eyc|Bi] == % is the average value of 3 of borrowers choosing contract c.

E|mlij] := 25:1,#]' Oic - ZCC:L#J. ZCLW"C is the probability of choosing another con-

o=1,c55 Pic
tract than contract j (i.e., ZCC:LC# ¢zc>,1 ,;ultiplied by the expected profit on borrower i if
they choose another contract than contract j (i.e., ZCC:LC oy mﬂ'w)

PD are the product distortions, its formula is in the in the appendix (?7?).

The above first order conditions are useful for our empirical exercise as — in the spirit
of the sufficient statistic literature — the right hand side variables can be replaced by their
empirical estimates to decompose the equilibrium interest rates or product characteristics.
This exercise is done in section [5| for the interest rate without neglecting the effect of product
characteristics on default as we did here. However, as the right-hand side elements are equi-
librium objects, those equations cannot be used to analyse the properties of the asymmetric
information term at equilibrium and the screening externality. The complete theoretical
analysis of the model is outside the scope of this paper; we thus refer to Taburet (2022)
studies for a formal analysis of the incentives driving the number of contracts and the asym-
metric information term. We discuss how to solve the model and interpret the results in the
counterfactual section (section @ In the next paragraph, we discuss how these formulas are
related to the ones in classic screening models.

The pricing equation has three terms. The first two terms are the equivalent of
the perfect information pricing. The only difference is that banks consider the average
default probability and the average price elasticity of borrowers choosing the contract. The
last term of the pricing equation captures the pricing distortion that appears in classic
screening models in order to sort borrowers. In the textbook monopoly model of screening

this term only appears for the high willingness to pay borrower as other borrowers are at

their participation constraints. In monopoly models, this term is called the information rent.
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The asymmetric information discount in our model plays the same role. Let us consider that
contract ¢ is designed for borrower of type i. Equation ([73)) states that, for a given menu, if i
borrowers are likely to choose a contract that is not designed for them, and that this choice
is costly for the bank (i.e., E[m;|ixz] negative), then banks provide a high discount compared
to the perfect information situation in order to lower the probability of borrower i choosing
the wrong contract. Alternatively, the bank can increase the rate of other contracts, in order
to make the mistake less costly and less likely (increasing (E[m;|ix]).

Similarly, the optimal characteristic equation contains a term that is the mirror of
the perfect information case plus another one to maintains borrowers incentive to self-select.
The last term of the pricing equation captures the product distortion that also appears in
classic screening models.

As discussed in Proposition 1, screening two borrowers (a,b) with different willingness
to pay for characteristic x [, > Bp:) works by offering a product (X,r) and (X + §X,,r +
70X,.) such that . < 7 < B4 and § > 0. We formally test this in the empirical section.
Theoretically, the price distortions of equations has those characteristics for at least
some special cases. For instance, when banks price close to marginal cost and preferences are
positively correlated with default, the asymmetric information term is positive for contracts
that attract high default borrower@ and negative for others. Similarly, we can show that
contracts that attract high WTP borrower and high default borrowers are more likely to
feature high X characteristics in some special cases[”]

As discussed in the informal discussion of the model, the asymmetric information distor-

tions create new incentives for product introduction and exclusion. Indeed, even when the
(Bxi+Bx:)(1—d;)

perfect information term is the same for all borrowers (i.e., e constant across
1 k2

borrowers), banks have incentives to introduce a new product to sort borrowers on their

price elasticity or on their default probability (i.e., PD, heterogeneous).

62. Indeed the expected profits if high default borrowers choose the low default contract is E[m;.|iz] < 0
63. When competition is high enough and under adverse selection, the product distortion term is positive for

high WTP borrowers and negative for low WTP borrowers E‘E%Z{EZ(T;E&[SZ(CJT(]I]J] tend to B [E[miclic]]/Eye[(1—

d;)] when normalizing the alpha parameters to 1 and % tends to (14 0)E;[E[mic|i]]/Eic[(1—
ilel(OPXi Xi

d;)] with § > 1 the overall effect is thus of the sign of —E;|.[E[m;.|i]] and when banks price close to marginal
cost E[m;c|i]] is positive for low default borrowers and negative for high default borrowers.
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N Screening Externality

In this section, we provide an analysis of the screening externality. In order to focus on a
case in which the equilibrium properties (existence and uniqueness) of the model have been

analyzed (Taburet (2022)), we make the following additional simplifying assumptions:

Simplifying assumptions with respect to the structural model:

A1: Two types of borrowers (i.e., (5;, a, Bi, i, ;) takes two values)

A2: Demand shocks ¢, are perfectly correlated across product of the same bank
A3: Unitary demand for loan (i.e., 3 = & = 0)

A4: No moral hazard (i.e., 34 = 0)

A5: Banks are identical (i.e., mce, = mce, and &gy = &y, Vo, y € B)

The above set of assumptions makes the screening model similar to a textbook one. The
main departure from a classic model of screening is the introduction of the parameter o that
drives the competition level (i.e., the demand elasticities). It allows to get around technical
issues related to characterizing the equilibrium of perfect competition screening models (see
Taburet (2022)).

When demand shocks are perfectly correlated across product of the same bank, lenders
can perfectly screen borrowers on their preferences. In this situation, the market share of

product ¢ at bank b of type i borrowers ¢; can be written:

exp(ot; (¢, b)) Lia, (c.)>as(xb), VoecPy)

. (75)
erB ZyePM GZEp(O'Ui(y, ZE)) ]-{12Z (y,z)=0;(z,z), V2EP;z}

Lia, (c,b) > (x,b), VaeP,,} 18 a dummy equal to one if the product c offered by bank b is the
product in bank b menu that delivers the highest level of utility to borrowers i. This set of
inequalities become the incentive compatibility constraints of a classic screening model when
lenders use the revelation principle.

Graphical analysis: For simplicity of the exposition, we present the results graphically
for the extreme case in which the product demand elasticity parameter (o; = o; Vi, j) tends
to infinity (i.e., perfect competition). We use figure to illustrate that the contractual
externality can lead to a sub-optimal equilibrium —in the second best sense — for all bor-
rowers types. A formal analysis for any elasticity parameter value is provided in Taburet
(2022)).
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Optimal contracts under perfect competition, two borrower type,

imperfect information
Interestrate (r)

Cs1

Break even condition Cp -
/j
/”
-
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-
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——High WTP indiference curve Low WTP indiference curve
Cost of lending to high WTP Cost of lending to low WTP2

Figure N.1: Screening externality

In the limit case in which ¢ tend to infinity, the model tends to the seminal Rothschild
and Stiglitz (1976) perfect competition screening model. This allows discussing the model
behaviour using traditional tools developed by the literature. Yet, the fact that the demand
function is continuous and that there is always a mass of borrowers with a low demand
elasticity in our model as long as ¢ is finite (i.e., 0~! # 0) implies that the model solution exist
in pure strategy unlike in Rothschild and Stiglitz (1976)). This feature allows to characterize
the equilibrium and to show the existence of the screening externality.

In our set-up, it is optimal to screen using rates and only one other product characteristic
(see Taburet (2022)) ] We label this characteristic LTV and set the other ones to their first
best value.

In Figure , we plot on the (LTV, interest rate) plan the key elements of the model:
borrowers’ indifference curves (in orange and blue), the cost of lending to each borrower (in
grey and yellow) and the set of pooling contracts such that banks would break even in a
symmetric pooling equilibrium (the black line). Borrowers’ indifference curves are upward
slopping, meaning that borrowers like high LTV and dislike high rate (i.e., g > 0). The
closer to the bottom right corner of figure the indifference curve is located, the higher
the borrower utility level is. The blue borrower indifference curve is steeper, meaning they
have a higher WTP for LTV. This assumption implies that screening is possible: putting

64. This is because, in a linear set-up, the characteristic that allows sorting borrowers while having the
lowest negative impact on profits is the same no matter the characteristic levels.
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more down payment (i.e., decreasing the contract LTV) is relatively more costly to the high
default borrower. The cost curves are upward sloping: providing high LTV loans is costlier
for lendersﬁ The cost curve of the high default borrower type is above the one of the low
default borrower type. There is thus adverse selection: lending to high WTP borrowers is
more costly as they have a higher baseline default probability. The indifference curves slopes
are steeper than the cost of lending slopes meaning that lending generates positive NPV,

Under perfect information, given that lending generates positive NPV, the optimal LTV
level of each contract is equal to the maximum feasible LTV amount (denoted LTV *) [ff LTV
units are priced at the borrower’s specific marginal cost (i.e., using the borrower’s default
probability) so that banks break even on each contract. Under imperfect information, offering
a menu with the perfect information contracts would lead to negative profits for lenders as
all borrowers would choose the cheapest contract. Lenders thus have to distort the first best
contracts.

There is two potential (pure strategy) symmetric equilibriums in which banks make zero
profits. In the first one, banks offer the pooling contract C?. In the pooling equilibrium
candidate, borrowers get the first best LTV level (denoted LTV*), but LTV units are priced
using the average borrower default probability. In the second potential equilibrium, banks
offer the screening contracts (C%, C5). Screening restores perfect information pricing. How-
ever, maintaining borrowers’ incentives to self-select requires the contract designed for the
low default borrower to have a lower LTV level than in the first best. Screening is achieved
as getting a low LTV is relatively more costly to high default borrowers. How low the LTV
must be relative to the perfect information case depends on the spread between unobserved
default probability (grey and yellow lines). When borrowers’ default probability spread is
large, the spread between interest rate must be is large as well, the high default borrower
thus benefits more from pretending to be the other type. Thus, the LTV distortion must be
high as well. The distortion is also decreasing in the WTP of the high WTP borrower (i.e.,
the slope of the blue indifference curve). Indeed, when the WTP for LTV is low, getting a
lower LTV provides less disutility. The amount of LTV distortion required to prevent the
blue borrower from pretending to be the other type is thus higher. As a result, even low
spread between defaults can lead to a high product distortion and thus high welfare losses.

65. This holds in the data and can be due to the expected loss given default being higher for high LTV
loans as the probability of not being able to repay the debt even after selling the house increases in the loan
1eggﬁie£his model, each bank set the contract terms to maximizes the surplus generated by lending. Then

it uses the interest rate to share the surplus between itself and the borrower. Product demand elasticities
drive how much of the surplus borrowers can keep.
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This insight is important in our empirical application as default probabilities are low in
normal times.

The pooling equilibrium candidate can Pareto dominate the screening one. High default
borrowers are better off under pooling as they get a lower interest rate. Low default borrowers
are better off as well when the cost of being pooled (i.e., getting higher rate) is lower than
the costs of being screened (i.e., getting a lower LTV). In the figure, this is the case as
the screening contracts (C'Sy, C'Sy) are above the indifference curve passing by the pooling
contract (C?).

However, under perfect competition, the pooling equilibrium candidate (C?) cannot be an
equilibrium even when it Pareto dominates the screening one (C'Sy, C'Sy). The reason is the
following. Under the pooling contract, banks make more profits on the low default borrowers.
This creates incentives for a competitor bank to offer a low rate, low LTV loan that will
only attract highly profitable borrowers (those are called cream-skimming deviations in the
literature). The deviation is profitable because, since high default borrowers are better off
under pooling contracts, a lender can benefit from its competitors’ pooling menus to screen
the low default borrowers at a low cost. The orange triangular area in Figure represents
this set of profitable deviations. While the screening deviation benefits both low default
borrowers and the deviating screening bank if everything else stays equal, it also affects
the demand and, thus the cost of screening of other banks (contractual externality). The
reaction from pooling banks losing their low default customers is to increase the interest
rate on their pooling contract or to start screening as well. High default borrowers utility
decreases, screening them form low default borrowers thus becomes costlier. All in all, the
threat of screening deviations prevents borrowers from being pooled when the competition
level is high.

Under perfect competition and when the number of high default borrowers is low, the
screening equilibrium candidate cannot be an equilibrium in models used in the literature —
such as Rothschild and Stiglitz (1976). The reason is the following. When lenders screen but
pooling Pareto dominates screening, a lender can make profits by offering a single contract
that is preferred by both borrower types (i.e., to pool) and attract the full market size.
This is illustrated in figure in the appendix. This pooling deviation is profitable if the
number of high default borrowers in the market is low enough and that screening is costly
(for instance, when pooling Pareto dominates screening).

Overall, the existence of both pooling and screening deviations prevents from making an

inference about whether the equilibrium of screening market is optimal in the second best

116



sense in Rothschild and Stiglitz (1976)).

In our model, when the demand elasticity is finite, there exists a unique pure strategy
equilibrium as pooling deviation attracts too many high default borrowers to be profitable
(see Taburet (2022) for the proof) /] The intuition is the following. With logit demands,
deviations do not attract the full market size. Indeed, even with a very low variance of the
random utility shock, there is always a mass of borrowers with low demand elasticity. As a
result, in our model, the relative number of high versus low default borrowers attracted by
pooling deviations not only depends on the relative market sizes but also on how attractive
the pooling deviation is to those borrowers. Given that pooling deviations requires increas-
ing a characteristic (the LTV in our example) that is relatively more valuable to the high
default borrower, the proportion of those borrowers it attracts is higher. This makes pooling
deviations not profitable.

Formally, the above intuition can be formulated via two equations. The first one compares
how much more utility high WTP borrowers (indexed by B) derive from a given contract
compared to low WTP borrowers (indexed by G){f

Up = e+ (B — Ba) LTV (76)

The second equation is the ratio of good versus bad borrowers a pooling deviation attracts.

It can be written:

Relative number of borrowers attracted by any pooling deviation :

Rotchild Stiglitz Demand Logit Demand extra term

K-JR - % N
ng + Ud?zLBnB _ f n o(Bp — 5G)SH/TV) f - f (77)
ng + odugng n& 1 + odug nG = nb

Pooling deviations imply that the contract LTV and the utility of G borrowers increase so:

dLTV > 0 and dug > 0. Thus, Wg—i > (). For banks to gain from this deviation,
dLTV

diic;
condition also implies that too many B borrowers are attracted for it to be proﬁtable@

needs to be high enough to increase profits on the G market segment. However, this

67. More generally, the existence and uniqueness of a pure strategy Nash equilibrium solution holds for any
finite demand elasticity level.

68. For simplicity of the notation, we set other characteristics than LTV to zero. This is without loss of
generality as pooling deviations implies increasing only the LTV, so the other characteristics disappear once
we use the infinitesimal version of the equation in equation .

69. The sketch of the proof is the following. Let us consider that lenders offer the break even pooling rate
dLTV
diig

assuming they will attract Z—g The break even condition implies that > 0, this makes the pooling

n

deviation not profitable as lenders B borrower ration is higher than n—g Similarly, using the shares "Bg <
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Overall, when competition is high enough (¢ high enough)m banks are forced to screen
even when pooling Pareto dominates screening. In the situation depicted by figure [N.1]
borrowers would get the screening contract (C'Sy,C'Ss) and not the pooling one (CP) even
when they benefit from being pooled. Graphically (see figure , the demand function we
use is such that the break-even condition (i.e., the black line) when lenders deviate is above
the indifference curve of the low WTP borrower passing by the CSy contract. That is, the
pooling deviation is not profitable as it does not attract enough low default borrowers. This

property carries through in our numerical simulation.

Optimal contracts under perfect competition, two borrower type,

imperfect information
Interestrate (r)

Cs1

Profitable pooling deviation set

/

Break even condition (full market)

Cs 2/

=——High WTP indiference curve Low WTP indiference curve

Cost of lending to high WTP —— Cost of lending to low WTP2

Figure N.2: Pooling deviation: perfect competition (¢=! = 0)

N.1 Logit Identification Intuition

In this section, I look at a linearized version of the logit model (similar to Salanié and
Wolak (2019)) and study the identification of the parameters. Contrarily to the mixed logit
model, the estimation is not computationally demanding and can thus support a lot of
unobservable heterogeneity. A proof of identification of the parameters in the non linearized

model is provided in Fox et al. (2012).

implies that the pooling deviation attracts e- A with A(0) > 1 and A(e) convex. This also makes the pooling
deviation not profitable.

70. Formally, there is a threshold value above which the pure strategy equilibrium does not exists (see
Taburet (2022)) for a formal analysis. It that case, the model has to be solved using mixed strategies (see
Lester et al. (2019) for a mixed strategy characterisation). The intuition that pooling is not feasible carries
through.
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Optimal contracts under perfect competition, two borrower type,

imperfect information
Interestrate (r)

Cs1

Non Profitable pooling deviation

Break even condition (pooling deviation) ./

Cs2

——High WTP indiference curve Low WTP indiference curve
Cost of lending to high WTP Cost of lending to low WTP2

Figure N.3: Pooling deviation: close to perfect competition (o — o0)

N.1.1 Linear approximation of the model

Now let us generalize the utility by including a random preference shock €; + €, as well as

unobserved (to the econometrician) product characteristics &.

Uict + O€ict = BXet + Bt + o + BiXer + Biler + € + O€ict, €ier 13d, EV

exp(c [BXu + Bat])
ZjeJ exp(o~BX e + BEt])

== Pr(i choose c|B;) = Sic(Xet, &) ~ (14 07 ' Bi X5 + a_lﬁigctéct) + Vet

) _— 3 Xjrexp(o~HBX e +BEt])
Wlth Set = (1 - XJCZJ ea;p(a’fl[ﬁth'i‘ngt])

sumed to be negligible (higher order approximation terms) and with mean 0.

), and v, being an approximation error that is as-

Identification of the model:
By construction, we have E|[5;|X] = E [BNZ\X | = 0, and without loss of generality, o can

be normalized to 1 and dy can be normalized to 0, so:

exp(er)
2. €xp(dje)

Ec[50t|X7 Y] = B(Xct - XOt) + EC[B(é-ct - gOt)|X7 Y]

Vilsie(Xet, €)X, V6] = al0, x v XarSer + 05y yeetSet + 05, fiixve081x 605 x v XerberSer) + Vilviar| X, €

Eilsic(Xet, £)| X, Y] = a = + Ei[viet| X ]

0. identified from market share of product ¢ at time t
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ay and f identified from a linear regression of d. on (1, X)
06,04, P, 5, 1dentified from the variance of product decisions for individuals having the

same observable Y and that got accepted to the same menu J.

N.1.2 Including Loan demand

Loan demand and the choice of banks are joint decisions as they come from the same max-
imization problem. They thus share some common parameters. K. Train (1986) provides a
way to formally link the two decisions by specifying the indirect utility function.

Assuming that the indirect utility function of taking a loan using contract c is:
1-¢

Y,

l-9¢

Viet = i + exp(tict)exp(O€ict)
Y; being the income of borrower i. o¢;. is a perturbation parameter that is equal to zero once
the borrower chose the bank. It s a scaling parameter that allows for the product elasticity
to be different than the loan elasticity. It can be interpreted as search costs.

Using Roys’identity (L. = g;‘}“ we get .

log(Liet) = log(ﬂ ) + dlog(Y;) + wie

)

This leads to the moment condition:

E[log(Lie)|choose c] = E[log( ) + ¢log(Y;) + uie|choose c]

Bi
= BXu + B + ap + E[B: X + @gct\choose c] + E[log(ﬁ ) + €;|choose c]

E|Bi X + Bi£6t|choose ¢] can be calculated using the expression from the previous section.
It allows to control for the selection bias by capturing the fact that, for instance, borrowers
with a high propensity to borrow may be more price elastic and end up choosing a cheaper
bank.

Ellog(%) | = a.

€; :=vD; + e;, with E[e;] = E[e;|choose c¢|] = 0 as the choice of contract does not reveal

information about e; (or it isd captured by the product c fixed effect a).

71. ideally Y; should be the present value of income coming from the intertemporal budget constraint while
r should be the present value of the loan cost
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This leads to:

Ellog(Lie)|choose c] = BXq + cht + oy + E[Bi X + Bifct\choose c|+a. + vD; + Ele;|choose ¢]
- N —  —

)

g

#0 =0
= 0ut + E[Bi X et + Bifct]choose c] +vD;

Identification of the model:

exp(oc 1 0e)
Zj exp(o=10;:)
Vilsie(Xet, €)X, Y, €] = a(05,x v XetBer + Uéi‘x7y7§€ct§ct + g, 51x,v£OBIX Y05 x vie XetberSer) + Viltier X, €
Ellog(Lict)|choose c] = 0o + E[Si X et + Bifct]choose c] + vD; + Ele;|choose c]
E[6|X,Y] = oz + ac + BXe + Ec[gfctp(? Y]

Ei[sic(Xet, €)| X, Y] = a = + Ei|viet| X ]

Thanks to the additional loan demand equation % we are able to identify the scaling param-

1

eter o7 as well as the time and contract fixed effect of the utility function.

O Unobserved Choice set

When the consideration set of the borrower is unobserved (due to acceptance and rejections
for instance), this can bias the results. Indeed, wrongly including a desirable product can
bias the results as the model parameter will have to be twisted to rationalize the fact that
the product is never chosen.
In the case of unobserved choice set heterogeneity, the model has to be estimated using
either the integrating over of sufficient set method (see Crawford, Griffith, Iaria, et al. (2021))).
I will use the sufficient set approach. This relies on restricting the menu offered (M) to

72. The assumption that ¢ is equal to 0 during the loan demand equation is not necessary for identification
as they will be absorbed in the variance of the ¢; parameter otherwise
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a subset (S) of the real one. This lead to consistent estimates:

Pr(i choose j|M = M*,S = S* (1 —d;))
Pr(i choose j|M = M* (1 —d;))

Yimes s Pr(t choose m|M = M*, (1 — d;)) + X, cguppx Pr(i choose m|{M = M*, (1 — d;))

B Pr(i choose j|M = M*, (1 — d;))

e g Dr(i choose jIM = M*, (1 —d;))
= Pr(i choose j|M = M*,S = S*n M*,(1—d;))
_eap((l = di) X)) Dimess 2P((L = di) Xon)

- ZmeS* e:cp((l - dl)Xm> ZmeS*mM* 61‘}9((1 - dl)Xm)
_exp((1 —d;) X; — In(m))

Dmess €xp((1 — di) Xom)
= Pr(i choose j|M = S*,S = S8* (1 —d;)) wif S* <« M*

with In(r) := ln(z”fs*sﬁfe”;;?g(g;)ﬁgm)) equal to 0 when the subset S* < M*. That

is, the preferences of the mispecified model (Pr(i choose j|M = S*)) coincide to the

one of someone that had access to M but the econometrician restrics it to S* < M*
(Pr(i choose j|M = M*,S = 5*) ).

Random Coefficient The above proof is the same for random coefficient models. How-
ever, the subset S need to be included in Ngeq M (0), with  being the set of values that can
take the random coefficient 6. The set M (f) can depend on the random draw if for instance
willingness to pay (6) is a function of default probability and bank accept and reject some
application based on default probabilities.

The distribution of random coefficient identified is he one conditional of being accepted

to the a menu S* that included the sub-menu S.

P Estimation Procedures

P.1 Estimation of the marginal costs (Integrating Over approach)

The first approach consist of writing the probability of seeing a given choice of contract
contract as the probability of choosing it given the choice set, times the probability of being

offered the choice set, and estimate the parameters of interests maximizing the likelihood.
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The functional form for the probability of being offered the choice set can comes from a bank

maximization problem or not (reduced form approach).

Formally, the likelihood of the data is:

Pr(i choose ¢;|X,0,7) (78)
= Yogec Pr(i choose ¢j| X, v,0,CS;) - Pr(Choice set of fered to i is CS;|X,0,7)

with observables X, borrowers preference # and banks preference v. The main technical
difficulty of this approach is the curse of dimensionality coming from the set C being large.
One can reduce the dimensionality of C by excluding some combination of contracts that are

considered to have a zero probability of being offered.

Possible parameterization for: Pr(Choice set of fered to i is CS;|X,6,7)
As is Gaynor, Propper, and Seiler (2016)), one can parametrize the second part of equation
(78) in a reduced form way. For instance, Gaynor, Propper, and Seiler (2016)) assumes that

the choice k at bank j to borrower i is included in the choice set if:
Hi,k = ma:z:j{Hi,j(’y)} — )‘j

II; ; being banks preferences for offering a particular contract. While this approach helps
reducing the dimensionality of the problem, it assumes banks preference for a particular
product depends on the the menu that is offers. In the screening context, this is however

the element we are interested about.

Alternatively, the second part of equation comes from the following maximization
problem: the choice set offered by bank j is the one that maximizes its expected profits given

its expectation about how other banks act:
argmazcs, jyec,{ Eci—i[II(CS;; x CS; —;;0,7)] + ecs, ;}

€cs, . 1s a menu cost shock.
%)

Functional form assumptions: If C'S; ; is a discrete set, and ecg, ; iid gumbel distributed,
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the probability of seeing the menu ¢ by bank j is:

Eei—j[Il(e x CS; —;0,7)]
Yeee; Bei—i[H(z x CS;_5;0,7)]

The probability of seeing the menu M € C assuming rational expectations (or that bank
offer the offer of other banks) is:

7 Baee; (2 x M0, 7)]

The maximum likelihood of the data of borrower 1 is thus:

%P(ch (é)) H{ IL;(CS;; é? )]

max Ecsi C[ ~ °* =
! T Secoserp(Ve,(0) 1 Seeeyesiplli(x x CS;_j30,7)]

(1)

Since the supply side has a logit form, the identification of the parameter v is subject to
the same restrictions as the one from demand. This formulation is convenient as we observe

the price schedule for each bank so the only unobservables are the bank preferences ~.

Curse of dimensionality: Since computing this choice set can be computationally chal-
lenging, once can assume that the banks offers all LTV product between a minimum and
maximum threshold: the choice set CS thus consist of setting the maximum and minimum
(denoted for bank j LTVmax; and LTV min;). The market share for a particular LTV

market segment and unobserved heterogeneity v is thus:

o Vi) if LTV € CS,
5;(LTV,v,CS;) = 4 ToSitvming cop(V (LTV:00)dLTV

0 Otherwise

with v being the unobserved willingness to pay. Let us denote p(C'S; _;) banks probability
of seeing this equilibrium. I denote C_;(C'S;;) the set of potential menu offered by other
banks when banks j offer the menu C'S; ;.

Profit on borrower of unobserved type v is:

mj(v) := [BRrrv(v) = MCrrv] - L(v)

Normalizing by (3, the parameter v to estimate is thus MCrry CBLTV

124



P.2 Solving for counter rates for the fixed cost estimation

I need to solve the counterfactual equilibrium condition in which the bank stay with the old
contract: The FoC for the interest rate of the LTV contract (R) can be written (assuming

that banks can see other banks offers):

sr(v, R, c)

B{s(v, B ) (v, B) + omle, ) 2ms (50)
- PE<U,C) onlv S(U,RLTv,C) _
Ploa) g O g oy

The equation can be solved by discretizing the integral and using a fixed point
approach on with (X := 7(R,v) and T(X) := [A(R)"'T(R)]X — A(R)"'®(R)).

m(R,v) = [AR)'T(R)]w(R,y) — A(R)®(R)

™ (R, )

(R, ) is a row vector of size (J;-v). It is composed of . , with (R, y) being
(R, 7)

a row vector (of size Jy) composed of the profit of bank f on each market segment j (with

J < Jy) individuals with unobserved type v.

A(R) is a diagonal squared matrix of size (J; - v) with w* A”(R) in its diagonal. w" is a
scalar representing the share of people of type v (discretised), A¥(R) is a squared diagonal
matrix of size J; composed of the market share of the J; markets (DiagS"). This diagonal
matrix is multiplied by the derivative of utility matrix. It is a diagonal matrix with elements
V¥(j) = Or;)V(R(J),v) in its diagonal. We thus have A"(R) = V" DiagS".

I'(R) is a block diagonal squared matrix of size (J; - v). Each block w” - I''(R) is the
product of the market share vectors (®(j) := s(R(j),v)) multiplied by the derivative of
utility matrix V¥ defined above. So I''(R) = V'®vdY'.

®(R) is a row vector of size (J; - v). It is composed of the ®¥ vectors defined above

w' P!
w’U@U
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A(R)™1®(R) is thus a vector composed of m, it is constant if V/(R, v) linear. Other-

wise, we need: d(v' X 7 V,%YU ) < kd(X,Y). Using the taylor expension and using the fact

that 1/V'(R,v) is decreasing and concave in R: d( L) < d(+% (Y (X Y)).

V/( X W) VI (Yw) (VY

In the case of V := exp(a— SR) we need |i”;’;;’x | < 1in the reglon we are looking

for.

[A(R)"'T'(R)] is a block diagonal matrix with elements: (DiagS?)~'(V?) 1V drd? =
DiagSv~1®v®" in its diagonal. Since it is composed of the market shares or the product of

market shares, it is strictly smaller than 1.

P.3 Menu Adjustment Costs: Dynamic approach

I want to estimate:

Pr(d;i(M, M)), with dji(M, M) := Ly vy se(0, 512 V50 (V1) +erry—exze,)

and V (M_1, (e;)) = maznrem, I:IJ(M) — scy + BE[V (M, (et+1))J +enrtj

~~
U(M,Mt_l)

With (enrj — eyyy;) are iid and EVD T get:

exp(uyy (Mi—1, My))

Prid M AD) = T ot (Vo) )
with:
wy (M, My_y) := TI(M) — TI(M) — [sc(M, My_y) — s¢(M, M,_,)]
- ﬁ[{og(Pr(M!M)) - log(Pr(M!M)z] (83)

~
Observable in data

The last term (log(Pr(M|M)) — log(Pr(M|M))) comes from using the EV assumption
and rewriting the value function as in Arcidiacono and Miller (2011)) (cf. Proof)

I parametrize:

SC(M/, M) = Z elXc[]-ceM/,cgtM + )\10€M,0¢M’] (84>
Inclusion FExclusion
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v(M, M;_1) =II(M) — sc(M, M;_1) + 6[[09(2 exp(v(m, M))) + cst]

m

—II(M) — sc(M, M,_y) + B[log(v(M, M)) — log(Pr(M|M)) + cst]  (85)
and noting that, as in (Arcidiacono and Miller (2011)):

wy (M, My_y) := v(M, My_y) — (M, M, ;)
= II(M) — TL(M) — [se(M, M;_y) — sc(M, M;_1)]
- 5[{09(137’(]\7[“\/[)) - log(Pr(MW))] (86)

~
Observable in data

Q Perfect information Benchmark

Replacing the interest rate offered to borrower i for contract X; using the promised utility

. X _
constraint r; = 50— — u;, we get:
7

NPV,

X — ) = me)] (87)

Ve

Mar(x,)} an Li[(1—d;) - (

~
Q;

with the loan demand L being expressed as a function of the promised utility L; =
exp(—at;)exp((f — d%)XZ) The marginal cost of lending, denoted mc;, is a continuous
function of contract terms.

To provide intuition about the model’s behaviour, let us consider that X; is a vector in
R¢ with ¢ being the number of contract characteristics. Using the first order conditions with

respect to characteristic x € X;, the perfect information contract feature should satisfy:

5 - Bix Bi _ Bi ad; By _ ome;
Lil((Biz —a—)[(1 = d;) - (—=Xi — ;) —mei|+ (1 —di) —| =L (=X —w) +
(=& 10 =) (X ) =mel + (1) ] = LG (X~ ) O
Increaszlending rate i:zfcrease Increas?default increase marginal cost
(88)

Equation (88) illustrate that increasing product characteristic x (LTV, teaser rate...)

affects profits though an intensive and extensive margin channel. Indeed by increasing a

valuable characteristic x, the bank increases the amount borrowed by L; - (Bm — i ), making

g
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(1 —di)r —me. = [(1 — d;e) - (%Xc — u;) — mc.] additional profits on each extra unit sold.
When the characteristic x is valued positively by borrowers (3;. > 0, increasing it also raises
the surplus (and thus the rate) generated by each unit lent by (1 — dic)%. Two right hand

side terms model the cost of increasing product characteristic x. First, it increases default

probability %, which decrease the profits by Lic[% ]. Second, it increases the marginal

ome;
ox

cost of lending by

The assumption about the promised utility level u affects the equilibrium contract char-
acteristics through the intensive margin channel ((;, —a%) [(1—di)- (%Xc_ai) —mec.]) and
through the default channel (%(%Xc —w;)). Given our parameters estimates, the intensive
margin channel so that decreasing the promised utility level @ (i.e., decreasing competition)
leads to an increase in the net benefits of increasing a valuable characteristic such as LTV.
The LTV level is thus minimized under perfect competition. As a result, we report the

perfect competition perfect information in Table|13|to provide a lower bound on the amount

of product distortion relative to the perfect information benchmark.

R Empirical model

consume in period 1, default and loose the house in period 2

survival probability

mazc,ry O + Pi;[ (1-— g%L) %
pC + (1 — ltv)% =Y
g}%% represents the fact that you are more likely to default as you leverage This implies:
. L %—%(1—1751})
T
Thus:

b _ K(]1 —tv
VR, By o= ) = By e

The mortgage guarantee scheme, launched on 1 April 2021, involves the government
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‘guaranteeing’ 95% mortgages for buyers with 5% deposits.

The scheme was announced in the March 2021 Budget and is designed to encourage banks
to start offering 95% mortgages again, after nearly every single one was withdrawn during
the pandemic.

Under the terms of the scheme, the government guarantees the portion of the mortgage
over 80% (so, with a 95% mortgage, the remaining 15%). This might sound complicated, but
in practice it just means the government will partially compensate the lender if a homeowner
defaults on (fails to pay) their mortgage.

The scheme is quite similar to the Help to Buy mortgage guarantee scheme, which ran
from 2013 to 2016 and was used by 105,000 buyers.

This scheme works for home with a value below 600,000 pounds.

R.1  «,0,¢; not observable (Model 3 types)

The model with multiple types has been studied in monopoly by maskin1984monopolyempty citation.

We look for a solution of the problem:

surplus: S;(X;)

_ : C(XZ) X
mazixay Y Niw) (1 = di)[afu(X;) — 1= d) i
s.t. it L,
a1 — Qg
Uz — U3 — Ly
Qg — (3
Li> Ly > Ls
We get:
L,=L*
_ _ b Nbéb 1
Ly =0, +e ' — 1
b b e a_g_Z(Naea )aa_ab
c Te N 0 1
Le = Opoly + & ' ——e (225
bt b—6—°<Nb(9b ap — Q¢
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Thus:

_ _ ab_g_b Nbeb 1 — ac_g_c Ncgc 1
L. = 0y 0apl™ + Opefc™? b +1 4t — (04
hetad bel Oza*g—ﬁj(Na@a )aa*ab] oy — = Noby )abfozc

S Fixed cost analysis

In this section, we discuss how the fixed cost may generate an additional inefficiency. The
friction comes from the fact that banks do not internalizes the business stealing effect (cani-

balization) on other banks.

S.1 Set up

Buyers: 3 types I' € {1,2,3}. utilities over product characteristic ¢ € {a, b}:

u(e;T) i=1r_1[ag1ezq] (89)
+1F=2[04210=a + (O[Q - 6) 1c=b] (90)
+1F:3[0531c:b] (91)

with aq, e, 3 € R, o > ap > a3
Outside option not buying:
u(;T) := Or (92)

Sellers: They face a fixed cost of designing a product of type ¢ € {a, b}, they choose the
menu of product (M := xpMr) they offer to each type of borrower. Each menu is composed

of a number of products type (c) and prices (P.). Seller maximize expected profits:

(M) = Y {N(c)P. - f}

ceM

with N(c) := (Ny(c), Na(c), N3(c)) being a row vector with number of buyers of type {1, 2, 3}

choosing product type c. When not ambiguous, for notation simplicity, I do not write (c).
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P, is the column vector of prices of product ¢ faced by buyers type {1, 2, 3}.

I assume that at least one product would be offered by the social planner. That is:

Nloél + N2a2 > f (93>

S.2 Best responses

Case 1: Sellers can third degree price discriminate
For simplicity:
Or =0
One product profits:
I((a, P), (a, Py)) = Ni(ag — O) + Nao(ag — O) — f (94)
Two product profits:
((a, Py), (a, P2), (b, P3)) = Ni(an — O) + Ny(ae — O) + N3(az — O) — 2f (95)

Results: Sellers number of product increases if a new market segment becomes profitable
(N3(ag — O) = f).

The Social Planner (SP) offers 2 product iif (Nsas3 — f = O). When there are at least
2 identical firms and the firm-product elasticities is infinite (perfect competition), only one
firm operate and must make zero profit on each market segment: (P = Nis) This implies
that the competitive equilibrium is equal to the SP one.

Imperfect competition leads to the fixed costs being paid by multiple firms, this creates

additional inefficiencies.

S.3 Model with cross-elasticity externatity (perfect information)
What is needed: either fixed COStﬂ + cross product elasticity

73. or heterogeneous cost of serving and imperfect information

131



With fixed costs:
Assume now that a3 is high enough so that the First best is offering only product b (i.e.,

a1 < ag < ag) and the outside option is 0. The welfare is:

product b product a product b
A

A

7\73[043 — 7]+ No[(ag —€) — 7] — } > Nl[al — 7]+ No[ay — ?"] —f 4+ Nslag —r]—f (96)

This implies Noe < f — Ny

However, since firm do not internalize the business stealing effect (canibalization) on other

f
N2+ N3

a competitor firm would enter market a if there exist P, such that:

banks the first best is not an equilibrium. Indeed, P, = may not be an equilibrium as

(N1 + No)P, — f =0 (profit condition) (97)
a;—P,>0 (Participation Condition 1) (98)
g — € — ﬁ <ay—F, (Participation Condition 2) (99)
That is, there exist e > 0 (P, := Nl‘{N2 + e) such that o« — P, > 0 and:
1 1 1
€+f< ) <e< —[f—NlOél] (100)

No+ N, N+ Ng N,

those two equation are the conditions such that the FB does not include the contract a
and the participation condition of borrower 2

with market segments of equal size:

0<e<e<£—0q (101)

Conditions when markets have the same size:
(FB exclude the market segment 1) market 1 has negative NPV: % —a;>€e>0
(Profitable deviation exists) but market 142 has positive NPV: % —a<0ande>0
That is the fixed costs need to be neither too high or too low for the inefficient contract

to appear. When it s too low, the incumbent bank offer the contract in the FB, when it s

132



too high the competitor does not find optimal to deviate.
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