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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 (à la Akerlof 1970).1 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.2 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.
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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 borrowers.3 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).
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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

elastic4 — 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.5

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.
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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
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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.
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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
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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 outcome.6

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 papers7 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

C.

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).
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to motivate the modelling assumptions. In section 3, we present the structural model.

Section 4 discusses the identification strategy and estimation procedure. In section 5, 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 pricing.8 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 platforms.9

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

Loan contracts: As illustrated in Figure A.1, 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 pL,X, rq 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 pXq as a product, r as the product’s price, and L as the quantity of

that product being bought.10

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.
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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 1 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
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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):

Defaulti “ βXi ` ϵi (1)

Defaulti is equal to 1 if borrower i has been in arrears by the end of 2019, andXi 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
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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 3.2 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 L provides an analysis of the model product introduction

incentives and the contractual externality.

3.1 General Considerations

We consider a T -period model (T P N, T ą 1) with two groups of agents: borrowers and

lenders. We also refer to the second group as banks. There are n potential borrowers

(n P N, n ě 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 pL,X, rq 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 IO literature

vocabulary, we also refer to the vector of characteristics pXq 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 Pib as the set of products (c) available to borrower i at bank b.11 We

denote by Mib :“ tpXcb, rcbqucPPib
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 (Mi :“ YbMib and Pi :“ YbPib)

or the bank menu (Mb :“ YiMib and Pb :“ YiPib). Cb :“ cardpPbq 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 Mb 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 Mib may be smaller than Mb.

(iii) Each bank b offers a finite number of products (Cb :“ cardpPbq).

(iv) For each product c P Pb, there exists a contract pL,Xc, rcq for any loan amount

L P ra, bs Ă R` (see Figures A.1 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 pL,X, rq depends on product characteristics pXq 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 c matures in mc periods with t ă t ` mc ď 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 c and lender b choice

pci, biq “ argmaxtbPBi,cPPibutVip

contract terms and price
hkkikkj

Xcb, rcb ,

Loan demand
hkkkkkkkkkkkkkikkkkkkkkkkkkkj

LipXcb, rcb, dipXcb, rcbqq,

Default probability
hkkkkkikkkkkj

dipXcb, rcbq q
loooooooooooooooooooooooooooooooooooooooomoooooooooooooooooooooooooooooooooooooooon

Indirect utility

u

(2)

Lender b: menu offering M

Mb Ă argmaxtM,Cb,Pibu Er
ÿ

i,c

1tpci,biq“pc,bqu NPV prcb, dicb,

marginal cost of lending
hkkikkj

mccb q
loooooooooooooooooooomoooooooooooooooooooon

Expected NPV if i chooses cb

s ´
F pM,Mbt´1q

βF
` βF eFMb

looooooooooooomooooooooooooon

Fixed cost of changing menu

(3)

Menus have the form Mb “ tpXcb, rcbqucPrr1,Cbss, with Cb being the number of contracts in

the menu. Pib is the subset of the menu Mb available to borrower i at bank b. Bi is the

subset of banks that are considered by borrower i.

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

βF eFMb 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 :“ L
d`L

ô d “ L ¨ 1´LTV
LTV

. In the situation in which a borrower is constrained by

their savings (si) when selecting their level of down payment, their loan demand function

is: LipLTV q “ si
LTV

1´LTV
. Where si 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 (2), we al-

low for the menu available to each borrower (Pib) 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.12 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 Vi, 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

get mintδ ¨ L
LTV

, rLu. L is the loan size, r the interest rate, L
LTV

is the house value at

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

origination. Default happens with probability d. If δ is not equal to zero, the estimated

marginal cost we recover will capture the average loss given default conditional on LTV

Ermc ´ mintδ ¨ 1
LTV

, rud|LTV s. Given our identification strategy, we cannot identify δ 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

H.4.

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 (3). 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 D.2.

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

H.1), 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 c 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 (3) 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 (5)

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 9). 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 9).

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 D.1.1 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 (Vipc, bq)

and the expected default probability given the borrower information set (Erdicb|IB
i s):

Vipc, bq “ βicbXcb ` αicbrcb `

unobserved contract characteristics
hkkikkj

ξcb `

borrower’s characteristics
hkkkikkkj

µDi ` ϵi `εicb; εicb „ EV

(4)

With : pβicb, αicbq :“ fcbpXcb, rcbq ` µDi ` βP
i

loooooooooooooomoooooooooooooon

Contains Erdicb|IB
i s

; βP
i „ N p0, σ2

αq (5)

and Erdicb|IB
i s :“ βdi

pXcb, rcbq ` νdiDi ` PIdi ` eEd
i

loooomoooon

borrower’s private information about default probability

(6)

The main objects of interest for screening in equations (5) and (6) are the correlations

between default probabilities and borrowers’ characteristics (Di), and the correlations be-

tween borrowers’ unobserved preferences heterogeneity (βP
i ) and the private information

about borrower baseline default probability pPIiq. This is relevant because when preferences

(βicb, αicb) are heterogeneous, banks can influence the average characteristic (D) and prefer-
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ence (βP ) of borrowers choosing a given product13 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 L, M and N.

4 Identification and Estimation

This section discusses the identification and estimation of the model parameters defined in

section 3. Recall that Di is the vector of borrower i’s observable characteristics, Γicb is a vector

of parameters driving how borrower i values the characteristics and the price of contract c

at bank b, and Mi 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 (ErΓicb|Di,Mi, i choose cbs,

V rΓicb|Di,Mi, i choose cbs); (ii) how borrowers’ default probabilities vary with contract terms

(βd), with observable borrowers’ characteristics (νd), and with borrowers’ demand elasticities

(ρd); and (iii) the lender-product-specific unobservable marginal costs of lending (mccb), and

the lender-specific fixed costs of introducing or withdrawing a new type of contract in their

menu (Fb).

We collect all the parameters into the vector Θ :“ pΘD,Θd,ΘSq where ΘD :“ pΘP ,ΘL)

denotes the demand parameters related to the product demand (ΘP ) and the loan demand

13. Given that banks do not offer a different price based on Di in the UK, observable characteristics also
drive the menu design.
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(ΘL). Θd contains the default parameters pβd, νd, ρdq and ΘS the supply ones (mc, F ). The

elements of ΘP and ΘL are defined in the relevant sections. Each following section — demand

(section 4.2), default (section 4.3), and supply (section 4.4) — focuses on the identification

and estimation of their respective Θ element.

4.1 Econometrician information set and parametric assumptions

Econometrician information set: The econometrician observes each borrower i’s choice

of contract pci, biq, their characteristics (Di), the amount borrowed pLicibiq, the set of banks

operating in the market (B) and the price and characteristics of each product c offered by

each bank b if borrower i were to choose it M :“ pXcb, rcbqcbPP .14 The econometrician also

observes whether borrower i defaulted on their mortgage contract before 2020 (dicibi) and

the origination date of the loan (ti).

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 u.

The econometrician does not perfectly observe the subset of menus available to each

borrower i (Mi Ă M). In particular, borrowers’ loan applications and banks’ rejections of

the applications are not observed.

The econometrician information set is defined as IE :“ tM, pDi, SPib, ci, bi, Licibi , dicibiqiu

where SPib is the subset of the (indexes) contract available to each borrower i. We discuss

how SPib 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: IE
P :“ tM, pDi, SPibqiu.

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 (ΘP ,ΘL) 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 c at bank b can be written as the following (mixed) logit

model. It allows identifying the indirect utility parameters (Vipc, bq).

Prpi chooses cb |IE
P ,Θ

P , βP
i q (7)

:“ Prpcb P argmaxtyPSB, xPSPiyut

ũipx,yq
hkkkkkkkkkkkikkkkkkkkkkkj

βiXxy ´ αirxy ` ξxy `ϵixy
looooooooooooooomooooooooooooooon

Vipc,bq

u|IE
P ,Θ

P , βP
i q

“
exppũipc, bqq

ř

yPB

ř

xPSPiy
exppũipx, yqq

, when ϵicb iid and EV distributed

with βi :“ β ` νP
XDi ` βX

i (8)

αi :“ α ` νP
r Di ` αr

i (9)

βP
i :“ pβX

i , αr
i q

1
„ N p0,ΩP

q (10)

where the product demand parameters are denoted ΘP :“ pβ, α, νP
X , ν

P
r ,Ω

P , pξcbqcbq.

βi and αi drive how borrower i values product characteristics and prices. We loosely

refer to them as borrowers’ preferences. βi and αi 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 βicb :“ βi ` fcbpXcb, rcbq). The elements that do depend on contract terms (i.e.,

fcbpXcb, rcbq) are absorbed by the bank-product fixed effect ξcb.

As acknowledged by the notation of equation (3) and discussed in section D.2, βi and αi

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).

νP :“ pνP
X , ν

P
r q are parameters capturing observable heterogeneity in borrowers’ prefer-

ences.

βP
i 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. βP also contains borrowers’ characteristics that are

unobservable by the econometrician but observable by banks.15

The ratio βi

αi
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 UpLpLTV2q; r2, LTV2q ě

UpLpLTV1q; r1, LTV1q ðñ
βi

αi
pLTV2 ´ LTV1q ą pr2 ´ r1q.

ξcb 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.

εicb is the demand shock. As discussed in Appendix D.1, it contains borrower i’s deviations

from the average borrowers’ valuation of unobserved product characteristics and bank shocks.

We assume that Erσ´1
i εicb|Xcb, rcb, βi, αis “ 0 so that σ´1

i εicb represents the part of borrowers’

demand that cannot be screened by banks when they use product characteristics pXc, rcq only

(cf. proposition 1). The potential identification threat caused by this assumption is discussed

in the following paragraphs.

SPib 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 SPib

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

The distribution of the interest rate coefficient (αi) — 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 N.1 (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 (ϵicb) 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

(i.e., βi

αi
). For instance, absent the demand shock ϵicb, and under a continuous and convex

pricing schedule,16 the slope is exactly equal to βi

αi
.17 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

( βi

αi
) 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

(αi) from banks selling similar products at different prices.

The simplifying assumptions made in this overview about the demand shock ϵicb 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 βi

αi
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 ũipc, bq 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.

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 1, 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 ΘP :“ pβ, α, νP ,ΩP , pξcbqcbq are the mean coefficients

(β, α), the observable heterogeneity coefficient (νP ) and the variance of the unobservable

heterogeneity component (ΩP ). The coefficients (νP ) 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 (β, α)

salient, let us rewrite as in Nevo (2001), the logit model using the bank-product fixed effect

(δcb).
18 As shown in Fox et al. (2012), the parameter δcb can be identified from product

choice data and then regressed on (X,r) to recover the average coefficients. In that second

step, ξcb are residual terms and can be interpreted as unobservable product characteristics.

By definition, δcb is equal to

δcb :“ Eirũipc, bq|IE
P s “ βXo

cb ´ αrcb
looooomooooon

Average effect

` ξcb
loomoon

Contains: βuXu
cb

The potential identification threat thus comes from unobserved product characteristics

(Xu
cb) that are not captured by the bank dummies and correlated with observed product

characteristics’ levels and interest rates (Xo
cb, rcb). The correlation can be a result of, for

instance, banks promoting a particular product via higher broker commissions (Xu
cb) and

passing through the marketing expense to the product interest rate (rcb). 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 (´α).

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 (ei) con-
tains adverse selection information.
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the random coefficients pΩP q. To make the identification threat clear, let us explain why

we impose the assumption about εicb being independent and identically EV distributed in

equation (7). A more theoretically founded assumption on the error term would be as follows:

εicb :“ βPu
i Xu

cb ` σ̃iε̃icb, with ε̃icb iid and EV distributed (11)

Let us further consider that the unobserved heterogeneity associated with unobservable

product characteristics (βPu
i ) is correlated with the one associated with observable prod-

uct characteristics (βPo
i ). Formally, we assume that, conditional on (eoi , X

o, ro), ε̃icb follows

an extreme value distribution with mean ρeβPo
i Xu

cb,
19 and draws are independent across bor-

rowers and products. With that assumption, one can, without loss of generality, normalize

σ̃i to 1 for each borrower (in that case, αi will play the same role as σ̃i). The probability of

seeing borrower i choose contract c at bank b is thus

Prpi choose cb|IE
P , B, Piq “

ż

exppũipc, bq `

Correlated preferences bias
hkkkkikkkkj

ρeβPoXu
cb q

ř

yPB

ř

xPPiy
exppuipx, yqq

dFβPopβPo; ΘP
q

The variance that is identified for the xth element of Xo
cb (denoted x) is thus

Vx :“ V rβPo
i |IE

P , B, Pis ` V rρeβPo
i

Xu
cb

x
|IE

P , B, Pis
looooooooooooomooooooooooooon

Correlated preferences bias

(12)

The bias thus comes from a correlation between preferences for observable and unob-

servable product characteristics (eoi and εicb). 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 ρe “ 0 in the main model and thus

go back to the assumption written in equation (7). 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 N.1 an alternative new methodology to mitigate

19. This functional form ρeβPo
i Xu

cb arises when error terms pβPu
i , βPo

i q 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 O that the bias results from

including in the menu a contract that borrowers would have chosen if it had been offered

to them.20 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 O 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

Prpi choose cb|IE
P , ρ

e
“ 0q “

ż

exppũipc, bq ´

unobserved rejection bias
hkkikkj

lnpπiq q
ř

xPSB

ř

cPSPx
exppũipc, xqq

dFeope; θq

with : lnpπq :“ lnp

ř

xPSBXB

ř

cPSPxXPxi
exppũipc, bqq

ř

xPB

ř

cXPxi
exppũipc, bqq

q

as lnpπq is equal to 0 when the subset SB Ă B, SPxi Ă Pxi.

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

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 θ :“ pδcb, ν
P ,ΩP q,

the product demand parameters (ΘP :“ pβ, α, νP ,ΩP , pξcbqcbq) can be identified and esti-

mated using the following identification conditions:

Er1ti choose cbu|IE, θ, ρe “ 0s “

ż

exppũipc, bqq
ř

yPSB

ř

xPSPy
exppuipx, yqq

dFβP pβP ; θq (13)

Erδcb ´ pβXcb ´ αrcbq
loooooooooomoooooooooon

ξcb

|IE, θ, Zs “ 0 (14)

The first moment identifies θ, and the second moment allows us to identify the average pref-

erences pβ, αq and the unobservable contract characteristics ξcb. 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 (13) 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 pβ, αq. We replace δcb by the estimated

product-bank fixed effect δ̂cb 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:

lnpLicbq “ β̃iXicb ´ α̃iricb ` νLDi ` eLicb (15)

with β̃i “ β̃ ` ν̃L
XDi ` β̃X

i , (16)

α̃i “ α̃ ` ν̃L
r Di ` β̃r

i , (17)

β̃L
i :“ pβ̃X

i , β̃r
i q

1
„ N p0,ΩL

q (18)

β̃i and α̃i parameterize the loan demand heterogeneity with respect to product char-

acteristics and prices. Those parameters are a function of observable and unobservable

heterogeneity (respectively, νL
XDi and β̃L

i ).

pβ̃L
i q are random coefficients that are correlated with the product choice coefficients pβP

i q

to capture the fact that the demand and product choice derive from the same maximization

problem (2). For the reasons discussed in D.1, we consider that pβP
i , β̃

L
i q follows a joint

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

in the loan choice equation estimation. It follows that Erβ̃L|βP
i s “ Σβ̃L ¨ βP

i , where Σβ̃L

captures the correlation between β̃L and βP .21

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

servable characteristics.

As in the product choice equation, the error term eLicb contains unobserved product char-

acteristics and deviations from the average loan demand coefficients.

Conditional on the choice of product coefficient ΘP being identified, we can identify

ΘL :“ pβ̃, ν̃X , α̃, νr,Σ, νLq using loan size data. The correlation coefficient Σ 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. Σβ̃L 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 Σ, 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 Σ) 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 (β “ β̃). As discussed in section 2, 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., β̃L
i ) and those of the product choice equation pβP

i q.

Formally, given the model specification and using the fact that the random coefficient

variables pβP
i , β̃

L
i q follow a multidimensional normal distribution?, as well as the assumptions

that the demand shock (εicb) does not give any information about the loan size demand, the

loan size equation (37) can be rewritten as

ErlnpLicbq|IE
P , i choose cbs “ pβ̃ ` νL

XDiq
1Xicb ´ pβ̃ ` νL

r Diqricb ` νDi (19)

` EreLi |IE
P , i choose cbs

` Er

sbicb
hkkkkkkkkkkkkkkkkkkkkkkkkkikkkkkkkkkkkkkkkkkkkkkkkkkj

Σβ̃X
i

¨ βP
i ¨ Xicb ` Σβ̃r

i
¨ βP

i ¨ ri ` ΣeL ¨ βP
i |IE

P , i choose cbs
looooooooooooooooooooooooooooooooooooooomooooooooooooooooooooooooooooooooooooooon

Selection bias

The above expression formalizes the idea that not controlling for borrowers’ prefer-

ences pβP
i q 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

ErβP
i |Mi, Di, i choose cbs ‰ 0 and Σ ‰ 0).
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Σ is identified by variation in the average unobserved heterogeneity conditional on prod-

uct choice (i.e., variation in ErβP
i |IE

P , i choose cbs) holding contract c at bank b terms con-

stant. ErβP
i |IE

P , i choose cbs varies with the product characteristics or interest rate spread

between product c at bank b and the products of its competitors.22 Σ is thus identified using

variation in contract terms and prices other than contract c at bank b, keeping the terms

and prices of contract c at bank b constant.23

For a given Σ, the average coefficients (β, α, ν) 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:

ErLicb ´ pβ̃ ` νL
XDiqXicb ´ pβ̃ ` νL

r Diqricb ´ νDi ´ sbicb
loooooooooooooooooooooooooooooooooomoooooooooooooooooooooooooooooooooon

eL

|IE
P , Licb, Z, i choose cbs “0 (20)

where Z is the instrument used for interest rates and sbicb is the selection bias correction

term defined in equation (20).

Estimation procedure: Given consistent estimates for ΘP — taken from the product

demand estimation and denoted Θ̂P — we construct a consistent estimate of ErβP
i |IE

P , i choose cbsq

by using Bayes’ rule and the estimated preferences coefficients of equation (13) to get

22. ErβP
i |IE

P , i choose cs “
ş

βP Probpi chooses cb |IE
P ,ΘP ,βP

i q

Probpi chooses cb |IE
P ,ΘP q

dF pβP ; ΩP q and Probpi chooses cb |IE
P ,ΘP , βP

i q,

given by equation (7), depends on the spread between contracts only ( exppβXc´αrcq
ř

x exppβXx´αrxq
“

1
ř

x expppβXx´αrxq´pβXc´αrcqq
). Probpi chooses cb |IE

P ,ΘP q is given by integrating

Probpi chooses cb |IE
P ,ΘP , βP

i q over βP .

23. Let us consider the menus M and M̃ where M̃ 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 Σβ̃r

i
“ ΣeL “ 0 In that case we have

EirlnpLicbq|M,D, i choose cbs ´EirlnpLicbq|M̃,D, i choose cbs “ Σβ̃X
i

¨ErβP
i ¨ |M,D, i choose cbsXicb ´Σβ̃X

i
¨

ErβP
i |M̃,D, i choose cbs ¨ Xicb. As ErβP

i ¨ |M,D, i choose cbs ‰ ErβP
i ¨ |M̃,D, i choose cbs, we can identify

Σβ̃X
i
.
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ÊrβP
i |IE

P , i choose cbs “

ż

βP Probpi chooses cb |IE
P , Θ̂

P , βP
i q

Probpi chooses cb |IE
P , Θ̂

P q
dF pβP ; Ω̂P

q (21)

Probpi chooses cb |IE
P ,Θ

P , βP
i q is defined in equation (7). Probpi chooses cb |IE

P , Θ̂
P q is

given by integrating Probpi chooses cb |IE
P , Θ̂

P , βP
i q over βP using the cumulative distribution

function F pβP ; Θ̂P q.

We then use an instrumental variable approach to estimate the loan demand coefficients

ΩL 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 ErβP
i |IE

P , i choose cbs for each θP . 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

(Θd). 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

(H), How borrowers value contract terms Γicb :“ pαicb, βicb, α̃icb, β̃icbq 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, αi would be a decreasing function of default. Alternatively, instead of being a default

function directly, “price elasticity” αi and default probability di 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

probabilities24 (dicb) and preferences Γicb 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 (dicb) for borrower i choosing

contract c at bank b has a default probability is:

Default probability from borrower i point of view:

dicb “ δti ` βd
pXcb, r

ti
cbq

1
` νdDi ` ρ

borrower1s private information
hkkkkikkkkj

PIdi ` ẽdicb (22)

Default probability from the econometrician’s point of view:

dicb “ δti ` βd
pXo

cb, r
ti
cbq

1
` νdDo

i ` ρdβ̂P
icb

loomoon

contains: PId and Du
i

` edicb
loomoon

contains: βudXu
i

(23)

dicb is equal to 1 if borrower i has been in arrears by the end of 2019. ti is the origination

date of the mortgage acquired by borrower i, δ is the parameter associated with t. βd

captures the causal impact of the contract terms pXcb, r
ti
cbq on default probabilities due to

moral hazard or burden of payment. rticb is subindexed by the origination date as the pricing

of product c at bank b may vary with the origination date.

νd parametrizes how the baseline default probability varies with observable borrower

characteristics (Di), ρ
d parametrizes how the baseline default probability varies with unob-

servable borrower characteristics.

edic 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 Γi and cannot be recovered by banks).

β̂P
icb :“ ÊrβP

i |IE
P , i choose cbs “ ÊrρPIi ` νPDu

i |IE
P , i choose cbs is the estimated average

borrower preference given the menus offered by lenders and the choice of contract of borrower

i, and βP
i is defined in section 4.2.

Conditional on the choice of product coefficients ΘP being identified, we can get an

estimate of β̂P
icb using the procedure defined in section (4.2.2). We can then identify Θd :“

pβd, δt, νd, ρdq using default data. Similar to the selection bias terms in equation (20), the

correlation vector ρd 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 (42).
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instance, changes in the interest rate spread over time between similar product categories.25

The mortgage origination coefficient is identified from the month in which menus do not

change. Given ρd, 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.26

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

challenge the identification of ρd.

Overview of the methodology: Throughout the example in this section, we consider

that the effect of the origination date on default (δ) 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 ρd 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 βdpXo
cb, r

ti
cbq

1). The varia-

tion in incentives to choose the contract affects the level of adverse selection in each group

(captured by the average preference parameter β̂icb).

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 c P t1, 2u. 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., Do
i

is constant across i). Each borrower group makes its contract decision in a different period

(ti “ 1 for the first group and ti “ 2 for the second). We assume that the price of contract

1 varies with the origination date ti 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 P t1, 2, 3, 4u. We observe the average default

25. Indeed, ErβP
i |IE

P , i choose cs “
ş

βP Probpi chooses cb |IE
P ,ΘP ,βP

i q

Probpi chooses cb |IE
P ,ΘP q

dF pβP ; ΩP q and

Probpi chooses cb |IE
P ,ΘP , βP

i q, given by equation (7), depends on the spread between contracts only

( exppβXc´αrcq
ř

x exppβXx´αrxq
“ 1

ř

x expppβXx´αrxq´pβXc´αrcqq
). Probpi chooses cb |IE

P ,ΘP q is given by integrating

Probpi chooses cb |IE
P ,ΘP , βP

i q over βP .
26. Alternatively, given δ, the contract coefficients can be recovered from an increase in the interest rate of

all contracts. Variations in the interest rate rcb — while keeping the interest rate spreads constant — keep
the incentives to choose a given contract unchanged (ErβP

i |IE
P , i choose cs does not vary) but change the

burden of payment of the borrower (βdrcb).
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of each subgroup (dg), and we can estimate the average preference (β̂g) of each subgroup

using the method presented in section 4.2.27 For simplicity of the exposition, we consider

the case in which the distribution of the borrower’s unobserved preference (βP
i ) is constant

across time periods. In figure (2), we represent borrower i’s preferences (βP
i ) by the colour

of the borrower’s avatar.

In our example, ρd 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 (β̂P
g ) 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 ρp as ρ̂d “ d4´d2
β̂P
4 ´β̂P

2

.28

Figure 2: Identification strategy d4 ´ d2 “ ρdpβ̂P
4 ´ β̂P

2 q

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 β :“ βLTV

α where βLTV is the preference over the max LTV of the contract.
See, for instance, N.1 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

β̂P
icb :“ ÊrβP

i |IE
P , i choose cbs would bias our default estimates as the term β̂P

icb 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 PIi). 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 ρd 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 d4 ´ d2 “ ρdpβ̂P
4 ´ β̂P

2 q

thus wrongly attributes the default to the screening behaviour of banks rather than to the

rejection policy. This is shown formally in equation (25) in the identification challenges

paragraphs.

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

4.2 so that β̂P
icb 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

(IV) approach for β̂P
icb. We instrument β̂P

icb 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 (νd) 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 (ρd) associated with the unobserved willingness to pay (β̂P
i ) must, however,

only be related to screening. As discussed in the above paragraph, two potential identification

challenges are associated with ρd. 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 βP
i and the use of bank-

product fixed effects (ξcb), βP
i is uncorrelated with observable and unobservable contract

characteristics pXo
cb, X

u
cbq. As a result, the coefficient β̂P

icb 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 (ÊrPIi ` νPDu
i |IE

P , i choose cbs). This is an issue to the extent

that the distribution of ÊrνPDu
i |IE

P , i choose cbs 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 (D̄u
cb) and assume

that borrower characteristic Du
i must be above D̄u

cb for the borrower to be accepted into a

given contract. Our private information measure can thus be written as
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Êirβ
P
i |IE

P , i choose cb, D̄u
cbs “ ÊirPIi|IE

P , i choose cbs ` νP ÊirD
u
i |IE

P , i choose cb, D̄u
cbs (24)

« ˆPIicb ` νP D̂u
pMq

loooooooooomoooooooooon

V ary with menus only

` νP D̂u
pD̄u

cbq
looooomooooon

V ary with rejection rules only

(25)

where D̂upMq`D̂upD̄u
cbq is a linear approximation of the function DpM, D̄u

cbq :“ ÊirD
u
i |IE

P , i choose cb, D̄
u
cbs

around an arbitrary cutoff rule and menus.

Equation (25) illustrates that the use of Êirβ
P
i |IE

P , i choose cbs in regression (23) 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

(D̄u
1 ).29

To limit this concern, we use bank fixed effects, control for the mortgage origination

date, and use a new instrument for our measure Êirβ
P
i |IE

P , i choose cb, D̄u
cbs. We instrument

Êirβ
P
i |IE

P , i choose cb, D̄u
cbs using changes in the spread between capital requirements. Such

changes affect the spread between interest rates and, thus, as illustrated in figure 2, 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).30 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

Êirβ
P
i |IE

P , i choose cb, D̄u
cbs.

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 (25), the identification assumption is thus

Erdicb ´ δti ´ βd
pXo

cb, r
ti
cbq

1
´ νdDo

i ´ ˆPIicb ` νP D̂u
pMq

loooooooooooooooooooooooooooooooooomoooooooooooooooooooooooooooooooooon

edicb

|IE
P , i choose cb, Zs “ 0 (26)

29. Changes in acceptance and rejection rules only are irrelevant as Êirβ
P
i |IE

P , i choose cb, D̄u
cbs

varies with banks’ pricing schedules. This point is not reflected by the linear approximation of
ÊirD

u
i |IE

P , i choose cb, D̄u
cbs.

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 ΘP — taken from the product

demand estimation — we construct a consistent estimate for ErβP
i |IE

P , i choose cbsq using

the procedure defined in section 4.2.2.

We then use an instrumental variable approach to estimate the loan demand coefficients

Θd, based on the moment condition (26).

As in section 4.2.2, the joint estimation of the demand and default parameters is compu-

tationally demanding as it would require iterating on the estimate ErβP
i |IE

P , i choose cbs for

each θP . 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 (ΘS): 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: NPVicb is the net present value of lending to borrower

i via contract c at bank b. The derivation of the formula is in Appendix (K). 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:

NPVicb :“ Lipc, bq ¨ rp1 ´ dicbqrcb ´ mccbsFcb (27)

where Lipc, bq is borrower i’s loan demand conditional on choosing contract c 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 mccb is the marginal cost of lending.

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

as:

Π̂bpMq :“
n

ÿ

i“1

ÿ

cPPib

ÊΘr

ϕic
hkkkkkkkkkkkkkkkkkkkkkkkikkkkkkkkkkkkkkkkkkkkkkkj

Prpi chooses cb |M, pDiqi,Θ, βP
i qLicbrp1 ´ dicbqrcb ´ mccbs|M, pDiqis

(28)

To simplify the notation, we drop the borrower-specific menus pPibq in the gross margin
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function notation.31 The gross margin is composed of the probability of borrower i choos-

ing contract c (denoted Prpi chooses cb |M, pDiqi,Θ, βP
i q), multiplied by the present value of

lending to that borrower (denoted Licb ¨ rp1 ´ dicbqrcb ´ mccbs).

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 c ((m̂ccbqcb) by solving the system of equations derived from banks’ first-order

conditions with respect to prices. This approach is traditional in the IO literature (see, for

instance, Berry, Levinsohn, and Pakes (1995)). It yields the following expression:

M̂Cb :“ pm̂c1b, ..., m̂cCbbq
1

“ B´1
b Ab, @b (29)

where Ab is a column vector composed of elements pabcqc, a
b
c :“

řn
i“1EΘD,Θdr

řC
x“1 Brcbpϕixbqp1´

dixbqrxb `ϕi1bBrcbpp1 ´dicbqrcbq|IE
P s is the impact of a marginal increase in the interest rate of

contract c on bank b revenues, ϕicb :“ Probpi chooses cb |IE
P ,Θ

D,Θd, βP
i q ¨ Licb is the proba-

bility of borrower i choosing contract c at bank b multiplied by the loan demand of borrower

i if they choose contract c at bank b (defined in equations (14) and (15)), and dicb is the

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

equation (23). Given the demand and default parameters and the observed bank menus, abc

is known.

Bb is a matrix of the size of bank b’s menu. It is composed of the elements Bb
xy :“

řn
i“1EΘD,ΘdrBrxbpϕiybq|IEs. The scalar pBb

c1, ..., B
b
cCq ¨ M̂Cb is the impact of changes in the

rate of contract c on bank b costs. Given the demand and default parameters and the

observed bank menus, Bb
xy is known.

Equation (29), 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 c. 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 c interest rate.

Fixed cost equation: As discussed in section 3.2, 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 pM, pPibqiq in the gross margin definition.
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pΘD,Θdq and the marginal costs (m̂c), we have

PrpMb|M´b,Θq “ PrpMb P argmaxmPF ,Pib
t

Profits
hkkkkkkkkkkkkkkkkkkkikkkkkkkkkkkkkkkkkkkj

Π̂bppm,M´bqq ´
Fbpmq

βF
` βF eFmu|M´b,Θq (30)

“
exppβF Π̂bpMq ´ FbpMbqq

ř

mPF exppβF Π̂bppm,M´bqq ´ Fbpmqq
, when eFm iid and EV distributed

(31)

We use the notation M´b, to refer to the menus of contracts offered by banks other than

bank b (i.e., M´b :“ pMxqxPBztbu) where

FbpMbq is the cost of designing menu Mb. 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

Fb “
ř

cPPbt
θ1Xcbr1cPPbt,cRPbt´1

looooomooooon

Inclusion

`λ1cPPbt´1,cRPbt
loooooomoooooon

Exclusion

s, where θ1X is the cost of introducing a new

contract with characteristics X, λ 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 (31) has a logit form. However, the denominator contains simulated dependent

variables (i.e., the gross margins Π̂pm,M´bq for all possible bank b M menus) rather than

observed ones.

The product introduction game: Since Π̂pm,M´bq 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´b) react to bank b’s menu offering (m) when we calculate the

function pΠ̂pm,M´bqq, or (ii) 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 (θ, λ) 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 (λ).

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

Π in lieu of a more general value function VbtpM
1q. We show in Appendix P.3 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 5).32 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 6). 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 7). 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 level33. 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 (β
α

) 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´4. 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 (9). 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 êLTV ) that are one standard

deviation above the average of the êLTV 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 êLTV 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 6.2, 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 N 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 4, we plot on the LTV-interest rate plane the perfect information contracts

(c1, c2), 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 (c2) 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.

Figure 4: The perfect information, perfect competition contracts (c1, c2) are not incentive
compatible. The high default borrower prefers c2 to c1.
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Figure 5: The perfect information, perfect competition contracts are not incentive compati-
ble. Solution (i): Leverage distortions.

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 ūi) 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 (
βLTV
i

αi
) is greater than

the lender marginal cost of increasing the contract LTV ( mc
1´dic

). The cost is the marginal

cost scalled up by the survival probability (1 ´ di). Formally:

βLTV
i

αi
loomoon

Willingness to pay

ą BLTV p
mc

1 ´ dic
q

looooooomooooooon

cost of increasing LTV

(32)

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 12). 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.34

Our results are robust to the use of models with observable heterogeneity and observable

heterogeneity and estimating the coefficient separately for each sufficient set.35 As discussed

in the Appendix (32), 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 2.810´6 and the average coefficient of ´3.9 ¨ 10´5 on the LTV coefficient,

this situation is not likely.

As summarized in table 12 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 (45) with respect to interest rates, we

decompose the interest rates into a fair price, a perfect information imperfect competition

“mark up”36 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 5, 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:

rc “ t

Fair price
hkkkkkikkkkkj

mc

1 ´ Erd|bcs
`

PI mark´up
hkkkkkkkkkkkkkkkkkikkkkkkkkkkkkkkkkkj

ErΦcs

Er´Φ1
cs

p
1 ´ Erd|bcs ` βd

r r

1 ´ Erd|bcs
q `

AI discount{premium
hkkkkkkkkkkkkkikkkkkkkkkkkkkj

ÿ

j‰c

ErΦ1
js

Er´Φ1
cs

π̃c

1 ´ Erd|bcs
u

1 ´ Erd|bcs

1 ´ Erd1|bcs

(33)

Where Φc :“
ř

i
exppuicq

ř

x exppuixq
Lic is the expected amount lent, π̃c :“ p1 ´ Erd|cbsqrc ´ mcc is

the expected profit on each loan unit given that the borrower choose the contract c at bank
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b.

The first term mc
1´Erd|bcs

is the pricing at which banks break even given the expected default

probability of borrowers choosing the contract c at bank b (Erd|bcs :“ βdXc`αdrc`ρErΦcβis

ErΦcs
).

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

The second term is
ErΦjs

Er´Φ1
js

p
1´Erd|bcs`βd

r r
1´Erd|bcs

q is the pricing set by banks above the fair price

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

contracts (Erd|bcs@cb).
ErΦjs

Er´Φ1
js

is the impact of borrowers product elasticity (i.e., competi-

tion). pβd
r r

1´Erd|bcs
q accounts for the burden of payment: when increasing r, borrowers are more

likely to default (βd ă 0), this creates incentives to lower the mark-up.

The last term
ř

j‰c

ErΦ1
js

Er´Φ1
cs

π̃j

1´Erd|bcs
is the equivalent of the information rent in the textbook

principal agent model.

The ratio 1´Erd|bcs

1´Erd1|bcs
in which Erd1|bcs :“ βdXc `αdrc `ρErΦ1

cβis

ErΦ1
cs

is scale up the three terms

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

given contract.37

6.1.5 Interest rate distortions: results

The results on the interest rate decomposition are summarized in table 15, table 14 and figure

8. 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 (β̃r low), Erd|bcs
and Erd1|bcs are relatively close to each other. Indeed, Φ1 « Φpβ̃r ` 1qΦ « Φ.
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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.

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 (9), we start from a set of contracts

(c1, c2) 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 (c1
1, c

1
2). Fig-

ure (10) illustrate why the socially optimal menu (c1
1, c

1
2) 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.

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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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:

maxCbt,MbtPFCbt ,Pibt

ÿ

i

ni

C
ÿ

c“1

IC
hkkkkkkkkkkkkkkkkikkkkkkkkkkkkkkkkj

Prpi chooses c | i chooses bqNPVic ´ F pMbt,Mbt´1q (34)

s.t. @i Ermaxc uic ` ϵs ě Ermaxc ūi ` ϵs pPCq

Prpi chooses c | i chooses bq :“ exppuicq
ř

xPrr1,Css exppuixq
captures how borrowers i make their choice

of contract when having only access to bank b contracts. We use this demand instead of

the one used in the structural model ( exppuicq
ř

xPB exppuixq
) to shut down the intensive margin (i.e.,

competition) channel.

Prpi chooses bq :“
ř

xPrr1;Css exppuixq
ř

xPrr1;Css exppuixq

Ermaxcuic ` ϵs ě Ermaxcūi ` ϵs ðñ
řC

c“1 exppuicq ě Cexppūiq ðñ Ecrexppuicqs ě

exppūiq 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.

NPVic is the net present value of lending to borrower i via contract c. It is formally

defined in section D.3 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,footnoteIndeed, even restricting ourselves

to 10 potential products of 6 banks, the potential equilibriums to compute are greater than

106. , 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 be.38 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 S, 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 L, 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 IO

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 (P.3) 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 research.39 To that end, we propose in Appendix (P.1), 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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A Figures

Figure A.1: Extract of the Menu of contracts offered by Barclays 13/03/2021
Source: Barclays’ website

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

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 33*** 39,855 1.35*** 0.085***
60-70% LTV -0.7*** -82 0.04*** 0.01***
70-75% LTV -1.5*** 3675*** 0.007*** -0.005***
75-80% LTV -1.3*** 1793* 0.11*** 0.006***
80-85% LTV -1.7*** 1941** 0.16*** 0.007***
85-90% LTV -2.4*** -2716*** 0.22*** -0.024***

95+ ltv -2.7*** -3842*** 0.28*** -0.06***

N 1,077,291 1,077,291 1,077,291 1,077,291

***p ă 0.01, **p ă 0.05, *p ă 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 ¨10´1˚˚˚ 5.8¨10´3˚˚˚

LTVą 90 -3.5 ¨10´2 -1.4¨ 10´3 ˚˚˚

Fixed rate period (years) -9.9 ¨ 10´4˚˚˚

Lender fees 3.7 ¨ 10´6˚˚˚

Income -1.2 ¨ 10´7˚˚˚

Nb applicants -3.9 ¨ 10´3˚˚˚

Age 6.7 ¨ 10´5˚

LTI -1.4 ¨ 10´3˚˚˚

Time fixed effect No Yes
Bank fixed effect Yes Yes

Region fixed effect No Yes
Mean 26% 1.2%

Observations 53 279,379
***p ă 0.01, **p ă 0.05, *p ă 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 ¨ 10´1 ´7.1 ¨ 10´1

p5 ¨ 10´1q p4.4 ¨ 10´1q

LTV (percent) 2.3¨ 10´1˚˚˚ 2.1¨ 10´1˚˚˚

p1.2 ¨ 10´2q p5 ¨ 10´2q

Fixed rate period (years) ´7.8 ¨ 10´1˚ ´1.8 ¨ 10´1

p4 ¨ 10´1q p1.9 ¨ 10´1q

Lender fees (pounds) -9 ¨ 10´4˚˚˚ -7¨ 10´4˚˚˚

p1.610´4q p5 ¨ 10´5q

Interest rate ˆ Yearly Net Income (pounds) -4.5 ¨ 10´5˚˚˚ -3.2 ¨ 10´5˚˚˚

p1.1 ¨ 10´5q p1.7 ¨ 10´5q

Standard deviation random coefficient Fixed rate period 2.5˚˚˚ 1˚˚˚

p4.8¨ 10´1q p2.7¨ 10´1q

Standard deviation random coefficient LTV 2.4 ¨ 10´1˚˚˚ 4.8 ¨ 10´2˚˚˚

p2.7¨ 10´2q p2¨ 10´3q

Region-Age-Nb applicants interaction terms for all product characteristics Yes Yes
Interest rate- Fixed rate period-fees random coefficient Yes Yes

Observations 279,379 230,680
***p ă 0.01, **p ă 0.05, *p ă 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 ¨10´1 -7.8¨10´1 -8¨10´4

Second quartile -8.6 ¨10´1 2.3 ¨10´1 -7.8¨10´1 -8¨10´4

Third quartile -6.3¨10´1 2.3 ¨10´1 -7.8¨10´1 -8¨10´4

Observable and unobservable heterogeneity
First quartile -1.1 1.5 ¨10´1 -2.4 -8¨10´4

Second quartile -8.6 ¨10´1 2.3 ¨10´1 -7.8¨10´1 -8¨10´4

Third quartile -6.3¨10´1 3 ¨10´1 9.2¨10´1 -8¨10´4

70-85 loans
Observable heterogeneity only

First quartile -2.3 1.6 ¨10´1 1.5¨10´1 -7¨10´4

Second quartile -1.9 1.7 ¨10´1 1.5¨10´1 -7¨10´4

Third quartile -1.5 1.8 ¨10´1 1.5¨10´1 -7¨10´4

Observable and unobservable heterogeneity
First quartile -2.3 1.3 ¨ 10´1 ´4.3 ¨ 10´1 -7¨10´4

Second quartile -1.9 1.7 ¨10´1 1.5 ¨ 10´1 -7¨10´4

Third quartile -1.5 2.1 ¨10´1 9.1 ¨ 10´1 -7¨10´4
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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 ¨10´1 -6.5¨10´1 -6.6¨10´4

Second quartile 3.9 1.4 ¨10´1 -4.9¨10´1 -5¨10´4

Third quartile 5.4 1.9 ¨10´1 -3.7¨10´1 -3.8¨10´4

Observable and unobservable heterogeneity
First quartile 2.8 5¨10´2 -1.1 -6.6¨10´4

Second quartile 3.9 1.3¨10´1 -4.4¨10´1 -5¨10´4

Third quartile 5.4 2.4¨10´1 5.3¨10´1 -3.8¨10´4

70-85 loans
Observable heterogeneity only

First quartile 2.6 8 ¨10´2 7¨10´2 -6¨10´4

Second quartile 3.6 1 ¨10´1 9¨10´2 -4.3¨10´4

Third quartile 5.1 1.4 ¨10´1 1.2¨10´1 -3.2¨10´4

Observable and unobservable heterogeneity
First quartile 2.6 7 ¨ 10´2 ´3 ¨ 10´1 -6¨10´4

Second quartile 3.6 1 ¨10´1 8 ¨ 10´2 -4.3¨10´4

Third quartile 5.1 1.4 ¨10´1 5 ¨ 10´1 -3.2¨10´4

Table 8: Default regression (mortgage originated in 2018)

Arrears by 2020 Arrears by 2020

Interest (in percent) 5.8 ¨ 10´3˚˚˚ 3.9 ¨ 10´3˚˚˚

(4.2 ¨ 10´4) (3.4 ¨ 10´4)
LTV -1.8¨ 10´5˚˚˚ 1.2¨ 10´4

(2.7 ¨ 10´6) (2.1 ¨ 10´6)
Fixed rate period (years) -9.9 ¨ 10´4˚˚˚ -5.7 10´4˚

(2.7 ¨ 10´6) (1.6 ¨ 10´4)
Lender fees 3.7 ¨ 10´6˚˚˚ 4 ¨ 10´6˚˚˚

(7.5 ¨ 10´7) (6.5 ¨ 10´7)
Income -1.2 ¨10´7˚˚˚ -2.4 ¨10´7˚˚˚

(1.1 ¨ 10´8) (1.6 ¨ 10´8)
Nb applicants -3.9 ¨10´3˚˚˚ -3.1 ¨10´3˚˚˚

(2.8 ¨ 10´4) (2.3 ¨ 10´4)
Age 6.7 ¨10´5˚ 7.1 ¨10´5˚

(1.1 ¨ 10´5) (1.9 ¨ 10´5)
êLTV (sd normalized to 1) ´5.4 ¨ 10´3˚˚˚

(9.4 ¨ 10´5)
êTR (sd normalized to 1) ´2.2 ¨ 10´4˚˚˚

(5.1 ¨ 10´5)

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
***p ă 0.01, **p ă 0.05, *p ă 0.1
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Table 9: Loan Demand (Origination: 2018)
log(Loan size) log(Loan size)

Interest rate (percent) ´5.2 ¨ 10´2˚˚˚ ´5.2 ¨ 10´2˚˚˚

p3.9 ¨ 10´3q p3.9 ¨ 10´3q

LTV (percent) 8.9¨ 10´4˚˚˚ 8.8¨ 10´4˚˚˚

p1.9 ¨ 10´4q p3.9 ¨ 10´4q

LTV=95 (percent) 7.6¨ 10´2˚˚˚ 1.5¨ 10´1˚˚˚

p7.3 ¨ 10´3q p2.1 ¨ 10´2q

Fixed rate period (years) ´1.7 ¨ 10´3˚ ´8.5 ¨ 10´3˚˚˚

p9 ¨ 10´4q p2.4 ¨ 10´3q

Lender fees (pounds) 6.5 ¨ 10´5˚˚˚ 6.9 ¨ 10´5˚˚˚

p1.6 ¨ 10´6q p1.6 ¨ 10´6q

log(Income) (pounds) 8 ¨ 10´1˚˚˚ 8 ¨ 10´1˚˚˚

p4 ¨ 10´3q p4 ¨ 10´3q

unobserved WTP fixed rate:êTR (mean 0 sd normalized to 1) 2 ¨ 10´1˚˚˚

p2.3 ¨ 10´2q

unobserved WTP LTV:êLTV (mean 0 sd normalized to 1) 8 ¨ 10´2˚˚˚

p1.3 ¨ 10´2q

Lender, Region, time fixed effect Yes Yes
Borrowers’ characteristics control Yes Yes

Borrowers’ WTP interaction terms Yes Yes
R2 0.76 0.77

Observations 279,379 279,379
***p ă 0.01, **p ă 0.05, *p ă 0.1
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Table 10: Marginal costs regression (LTV ą 70)

Marginal costs Interest rates

Intercept 8.5 ¨ 10´1˚˚˚ 1.2 ¨ 10´2˚˚˚

p2 ¨ 10´1q p8.69 ¨ 10´3q

1LTV ă85ˆLTV (percent) 1.2 ¨ 10´2˚˚˚ 1.4 ¨ 10´2˚˚˚

p2.8 ¨ 10´3q p1 ¨ 10´4q

1LTV ą85ˆLTV (percent) 1.8 ¨ 10´2˚˚˚ 2 ¨ 10´2˚˚˚

p1.5 ¨ 10´3q p9.7 ¨ 10´5q

95% LTV (dummy) 9.8 ¨ 10´1˚˚˚ 1.2 ¨ 10´1˚˚˚

p9.1 ¨ 10´2q p2.1 ¨ 10´3q

Fixed rate period (years) 4 ¨ 10´2˚˚ 4.4 ¨ 10´2˚˚

p1 ¨ 10´2q p5.3 ¨ 10´4q

High Fixed rate period (ě5) 1.8 ¨ 10´1˚˚˚ 2.3 ¨ 10´1˚˚˚

p5 ¨ 10´2q p1.6 ¨ 10´3q

Lender fees (pounds) ´2.2 ¨ 10´4˚˚˚ ´3.8 ¨ 10´4˚˚˚

p1.8 ¨ 10´5q p5.7 ¨ 10´7q

High fees (1000-1500) ´1 ¨ 10´1˚ ´1.3 ¨ 10´1˚˚˚

p4 ¨ 10´2q p2.7 ¨ 10´3q

Bank fixed effect Yes Yes
Average 2.12 2.42

N 278 647,433
R2 0.88 0.76

***p ă 0.01, **p ă 0.05, *p ă 0.1
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Table 11: Fixed cost results

X̃c=1 (1)

Profits (βq 8.47 ¨ 10´5˚˚˚

p6.37 ¨ 10´29q

Nbr of Product included (θq 7.8 ¨ 10´6˚˚˚

p5.04 ¨ 10´16q

Nbr of Product excluded (θ ¨ λq ´2.4 ¨ 10´6˚˚˚

p5.04 ¨ 10´16q

Bank fixed effect No
Time fixed effect No

Observations 61

Note:
˚p ă 0.1; ˚˚p ă 0.05; ˚˚˚p ă 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)
75 75 80 85 90 90 90 90 95

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

Benchmark implied distribution (observable + unobservable heterogeneity)
85-90 90 90 90 95 95 95 95 95
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Table 14: Interest rate decomposition (70-80+ LTV loans)
Fair price (bps) Perfect information mark-up (bps) Asymmetric Information discount/premium (bps)

LTV 2˚˚˚ 1 ¨ 10´1 2 ¨ 10´1˚

fees (500) -16˚˚˚ -9 ˚˚˚ 6˚˚˚

fees (1000) -29˚˚˚ -20 ˚˚˚ 13˚˚˚

fees (1500) -35˚˚˚ -30 ˚˚˚ 17˚˚˚

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 ă 0.01, **p ă 0.05, *p ă 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˚˚˚ 8 ¨10´2 2˚˚˚

fees (500) -12˚˚˚ -19 ˚˚˚ 20˚˚˚

fees (1000) -35˚˚˚ -46 ˚˚˚ 41˚˚˚

fees (1500) -46˚˚˚ -55 ˚˚˚ 45˚˚˚

teaser rate period (2 years) 3 15˚˚˚ -16 ˚˚˚

teaser rate period (5 years) 15 ˚˚˚ 35˚˚˚ -31 ˚˚˚

teaser rate period (7 years) 27 ˚˚ 43˚˚˚ -40˚˚˚

Average 231 116 -68

***p ă 0.01, **p ă 0.05, *p ă 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).40 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)41 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).42 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 hazard.43 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 D.1.2). 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 IB
i .

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

UipLipX, rq;X, rq :“ AipXq
LipX, rq

LTV
` VipYiq, (35)

where Yi is the income of borrower i, Ai is a function of the product characteristics X, Vi is

a function of income, and Li 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 LipX,rq

LTV
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 Ai to be a general function that varies with products’

and borrowers’ characteristics instead of a constant.

Using Roys’ identity, the optimal loan size should satisfy LipX, rq “ ´
BrUpL,X,rq

BY UpL,X,rq
. In

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

demand system. We index by c a product pXcb, rcbq offered by bank b and relabel Lipc, bq :“

LpXcb, rcbq:

Vipc, bq “

ũipc,bq
hkkkkkkkkkkkkikkkkkkkkkkkkj

βicbXcb ´ αicbrcb ` ξcb `σ´1
icbεicb (36)

lnpLipc, bqq “ β̃icbXcb ´ α̃icbrcb ` νDi ` eLicb (37)

with pβicb, αicb, σ
´1
i , β̃icb, α̃icb, e

L
cbq correlated,

where ui is a monotonic transformation of the indirect utility Ui defined in equation

(35).44

pβicb, αicb, σ
´1
icb q drive how borrower i values the contracts’ characteristics. pβ̃icb, α̃icbq pa-

rameterize the loan size demand elasticity. Since borrowers choose the loan size and contract

jointly, pβicb, αicb, σ
´1
icb q and pβ̃icb, α̃icbq derive from the same maximization problem and are

thus potentially correlated. As illustrated in Appendix H.3, parameters pβicb, αicb, σ
´1
icb q and

pβ̃icb, α̃icbq 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. VipYiq is not present as argmaxcUipL
˚, Xc, rcq “ argmaxcUipL

˚, Xc, rcq ´ VipYiq. 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 c and the optimal loan size LipXc, rcq:

maxcPMib
uipLipXcb, rcbq, Xcb, rcbq ` σ´1

i εicb

and make the assumption that LipXc, rcq and uipL
˚
i pXc, rcq, Xc, rcq 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 D.2.2.

The ratio βicb

αicb
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 UpLpLTV2q; r2, LTV2q ě

UpLpLTV1q; r1, LTV1q ðñ
βicb

αicb
pLTV2 ´ LTV1q ą pr2 ´ r1q.

ξcb 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 σ´1
i εicb.

σ´1
i εicb captures demand shocks for a bank-product. σ´1

i is a parameter driving the

variance of the shock (εicb). The shock can be decomposed into deviations from the average

borrower preferences for unobserved contract characteristics, plus an extra term (let us call

it εib), which can be interpreted as a search cost (see choice of bank section). Given the use

of the variable ξcb, we consider, without loss of generality, that Erσ´1
i εicbs “ 0. We further

assume that Erσ´1
i εicb|Xcb, rcb, βi, αis “ 0 so that σ´1

i εicb represents the part of borrowers’

demand that cannot be screened by banks when they use product characteristics pXc, rcq

only (cf. proposition 1). The potential identification threat caused by this assumption not

being valid will be discussed in the empirical section.

Di 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

imposes a specific functional form for how the income element enters the loan demand. eLicb

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 c within the available menu Pib. Formally, given the

specification of borrowers’ preferences:

pci, biq “ argmaxtbPB, cPPibu ũipc, bq ` σ´1
i εicb. (38)

The menu available to each borrower (Pib) 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 (38) 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 (38) and (37) allow us to derive the product demand for each bank presented

in section 3.2.

Distribution of the demand shocks assumption: We assume that individual i’s

preferences over banks and contracts εicb are drawn from an extreme value distribution and

are independent across banks and products. The probability of individual i choosing contract

c at bank j is thus45

Prppci, biq “ pc, bq|αicb, βicb, σicb, X, ξcbq “
exppσiũipc, bqq

ř

xPB,yPtPibu
exppσicbũipy, xqq

, (39)

where σ P IR` captures the product elasticity. As σicb scales all the coefficients (βicb, αicb)

by the same amount, we will not be able to separate σ from (βicb, αicb), so we will normalize

σicb to 1 in the estimation section.

As discussed in Taburet (2022), when studying competition, it is useful to decompose the

demand shock pεicbq into a bank shock (σiεib) — representing search costs, for instance —

and a contract shock (εic) — representing inattention or unobserved preference heterogeneity,

for instance. In that case, the demand shocks pεicbq are correlated across banks. σi can be

interpreted as a competition parameter. Indeed, when σ 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 σ´1 tends to 0, each bank behaves as a monopolist with its borrowers.46 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 (E), 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 pεi,jqj are not all equal.
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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 (Vi) is higher than the expected utility of not borrowing (V̄i):

Vi ě V̄i. (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.47

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 V̄i

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 Vi, 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 (H), borrowers’ demand elasticities pa-

rameters Γicb :“ pαicb, βicb, α̃icb, β̃icb, σicbq
1 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, αi 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” αi and default probability di 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 probabilities48

(dicb) and preferences Γicb the following way. Borrower i choosing contract c at bank b has

a default probability dicb (or equivalently a survival probability θicb) of

dicb “ βd
pXcb, rcbq

1
` νdDi ` ρ

borrower1s private information
hkkkkikkkkj

PIdi ` edic (41)

Γicb “ µ ` νGDi ` ρGErdicb|IB
i s ` eGi (42)

where Erdicb|IB
i s :“ βdipXcb, rcbq ` νdiDi ` PIdi ` eEd

i
loooomoooon

borrower1s private information

.

and where βdpXcb, rcbq
1 is the causal impact of contract characteristics on default due

to moral hazard or burden of payment, Di is a vector of borrowers’ characteristics (such

as income and age) that are observable by the bank, and pPIdi q 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 corpeGi , dicbq “ 0. This is without loss of generality, as in the estimation, we will not be

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

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

edic 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 Γi and cannot be recovered by banks).

As discussed in the previous section after equation 39, without loss of generality, αi 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 37. 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 (42).
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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 41):

dicb “ βd
pXcb, rcbq ` νdDi ` ρPIdi ` edic. (43)

However, by definition, banks (and the econometrician) cannot observe borrowers’ pri-

vate information pPIdi q. Nonetheless, if borrowers with different private information pPIdi q

consistently make different contract choices (i.e., ρG ‰ 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 (Γ̂icb “ ErΓi|i chose cb, IL
b s)

and use them as a proxy for pPIdi q. IL
b is the information set of bank b.49 As using Γ̂icb

directly would bias the X estimates because Γicb is a function of X, we thus use P̂ Iicb :“

ErPId ` eEd
i ` eGi |i chose cb, IL

b s instead. Banks’ forecast of borrowers’ default probability

is thus

dicb “ βd
pXcb, rcbq ` νdDi ` ρdP̂ IPicb ` ẽdic, (44)

where ẽdic 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 ρx,y :“ ρdyρ
d
x,y where ρdy is the correlation

between default and the yth element of the private information component PId and ρdx,y is the

correlation between the xth preference parameter of Γ and the yth element of PId. Given the

assumption that the error term of the default regression is uncorrelated with observables and

the private information component pi.e., Ereicb|X, r, PIs “ 0q, we have ρx :“
ř

y ρx,y ‰ 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 ρx ą 0 (ρx ă 0). We denote ρx{r 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 pξi, e
L
i q, search costs ϵib and default

shocks edi 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 βax ‰ βbx @pa ‰ bq, with βix he xth el-

ement of vector βix, using contract characteristics x and rates if and only if βac

αa
‰

βbc

αb
@pa ‰ bq.

We call this screening risk discrimination if ρx{r ‰ 0, with ρx{r defined in the paragraph above.

PROOF: Screening two borrowers pa, bq with different levels of willingness to pay βac ą

βbcq works by offering a product pX, rq and pX ` δXc, r ` r̃δXcq such that βbc ă r̃ ď βac. In

that case, as shown in Appendix I, banks can almost perfectly screen the type of borrowers

on their βc characteristics as long as the variance of ϵic tends to zero or there are no bounds

on Xc and rc. That is, it is possible to construct a menu of contracts such that @i, Dm {

Prpβc “ βic|choose contract mq « 1.

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

as its correlation with default (ρd ‰ 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

(36, 37, 38, 40, 41). However, while the distribution of borrowers’ parameters is known

pΓ, eL, pϵcbqcb, e
dq, lenders cannot associate each draw of the distribution with a particular

borrower. All other elements of the equations (36, 37, 38, 40, 41) such as the contract and

banks’ characteristics (X, ξ, r) associated with each loan amount L for all banks and the

default parameters pβd, νd, ρq, are known by lenders. We denote IL
b as the information set

of bank b.

D.3.1 Banks’ behaviour

Bank b maximizes its expected profits by designing its menu of products Mbt :“ pXcbt, rcbtqc Prr1,Cbtss

as well as its acceptance and rejection decision (Pibt Ă rr1, Cbtss) for each borrower and con-

tract. That is, banks choose the number of products Cbt 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 (Pibt). As discussed in section 3.1, 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 eL 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:

maxtCbt,MbtPFCbt ,Pibtu

Gross margin: Πb
t

hkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkikkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkj

Er

n
ÿ

i“1

Cbt
ÿ

c“1

1tpci,biq“pc,bqu1tViěV̄iu
loooooooooomoooooooooon

i chooses contract cb

NPVicb
loomoon

Net present value of lending

|IL
b s ´

Fixed costs
hkkkkkkkikkkkkkkj

F pMbt,Mbt´1q

(45)

where pci, biq “ argmaxtbPB, cPPibtutũipc, bq ` σ´1
i εicbu

looooooooooooooooooooooomooooooooooooooooooooooon

Borrower i optimal choice of bank´product

@i

where Vi is the expected utility of participating in the mortgage market and V̄i is the

outside option of not borrowing. The inequality (Vi ě V̄i) 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.50

Nonetheless, equations (52) and (53) 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.

NPVicb is the net present value of lending to borrower i via contract c at bank b. The

derivation of the formula is in Appendix (K). 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 NPVicb :“ Lipc, bq ¨

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 V̄i is constant across borrowers.
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rp1 ´ dicbqrcb ´ mccbsFcb where Lipc, bq is borrower i’s loan demand conditional on choosing

contract c 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 mccb is the marginal cost of lending.

The marginal costs are a function of product characteristics but will be estimated non-

parametrically. Lipc, bq ¨ p1 ´ dicbqrcbFcb is thus an approximation of the present value of

lending to borrower i via contract c 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. Lipc, bq ¨ Fcbmccb is an approximation of the

present value of the cost of lending via product c 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 Fcbmccb. The marginal costs mccb are multiplied by the fixed rate period Fcb 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 Fcb would just lead to a renormalization of the fixed cost mccb in

the estimation.

We introduce a fixed cost function F pMbt,Mbt´1q 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 (Mbt) and its

previous menu (Mbt´1). Its exact specification is provided in the overview of the setup sec-

tion (section 3.2) 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 L), 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 :“ tpr,Xq : X P r0, X̄s Ă RdimpXq

` , r ě 0u. 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 pXq is finite. We discuss in the identification and estimation

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

mortgage originator can seize the lender’s house and get mintδ ¨ L
LTV

, rLu. L
LTV

is the house

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

at origination. Default happens with probability d. The estimated marginal cost will capture

the average loss given default conditional on LTV Ermc ´ mintδ ¨ 1
LTV

, rud|LTV s. Given

our identification strategy, we cannot identify δ 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

H.4.

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 :“ uε
ř

uε so N 1
a “

pε
u
Nar1 ´ Nas, ε P r0,8q

This can be microfounded by using the functional form:

choice : maxtueε
´1ϵ

u ðñ maxtlnpuq ` ε´1ϵu

Prpchoosingq :
elnpuεq

ř

elnpuεq
“

uε

ř

b u
ε
b

As in Dixit-Stiglitz, when the number of firm is large, we can abstract from r1 ´ Nas in

the derivative. In a symmetric equilibrium, Na

Nb
equal to the share of type a versus type b

borrowers. Using ε̃i :“ εr1 ´
Ni

n
s, n being the number of banks operating in the market:
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ua “ SapX˚
acqγa

γa :“
εa

εa ` 1 ´
θbNb

θaNa

rαc̃b´
rc̃b
θb

s

pαc̃a´αc̃bq

ub “ SapX˚
acqγb

γb :“
εb

εb ` 1 `
rαc̃b´

rc̃b
θb

s

pαc̃a´αc̃bq

Pricing:

Ra “ p1 ´ γaqαa ` γa
rc
θa

Rb “ p1 ´ γbqαb ` γb
rc
θb

Distortion:

X˚
a :“ X̄

X˚
b :“

γarαa ´ r
θa

s

γbrαb ´ r
θb

s ` pαa ´ αbq
X̄ :“ δX̄

Under perfect competition (ε Ñ 8):

Xb :“
rαa ´ r

θa
s

rαa ´ r
θb

s
X̄ ď X̄, since θa ě θb

As competition decreases (ε Ñ 0):

´Bε
Xb

X̄
:“ r

´Bεγa
γa

`
Bεγbrαb ´ r

θb
s

γbrαb ´ r
θb

s ` pαa ´ αbq
sδ ž 0

Bε
Xb

X̄
“ r´

γa
ε

p1 ´ γaq `
γb
ε

p1 ´ γbq
1

γb `
αb´ r

θb

αa´αb

sδ
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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 ζijc :“ ξicj ` σ´1
i εi,j follows a generalized extreme value distribution. Indeed,

assuming that borrower i draws pζibcqbc follows an extreme value distribution: F ppζibcqjcq :“

expp´
ř

bPJp
ř

cPMj
e´ζibcqλb .

Products within the same menu Mb have a correlation of approximately 1 ´ λb. In case

in which all λb are equal to 1, the choice of bank-product has the logit form. In case all

λb “ 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 picb the probability

of being accepted, the utility they derive from a contract c P C is:

picbupcbq ` p1 ´ picbqβrEεrV pcqs ´ costs (46)

V pcq “ maxtxPCzcurpixupxq ` p1 ´ pixqβEεrmaxtxPCzcuV ppc, xqq ´ costs (47)

V pxq 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 pcq by an outside option that is borrower specific ūi.

Assuming that the term picbrσ
´1
i εibcq´ūis`ūi is extreme value distributed with a variance

σ̄´1
i , the new model thus become equivalent to the perfect information case with all utility

parameter scaled by picb:
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picbuipcbq ` p1 ´ picbqūi (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

upC˚, H˚
q :“maxtC,Lu µC1 `

survival probability
hkkkkkikkkkkj

p1 ´
δ

2

r

Y2

Lq r
ϕ

PH

L

ltv
` µC2s

pC1 ` p1 ´ ltvq
L

ltv
“ Y1

pC2 “ Y2 ´ rL

δ
2

r
Y2

L
ltv

represents the fact that you are more likely to default as you leverage This implies:

H˚
“

L˚

ltv
“

bigger house
hkkikkj

ϕ

PH

´

lower consumption period 1
hkkkkikkkkj

µ

p
p1 ´ ltvq ´

lower consumption period 2
hkkikkj

µr

p
ϕc

PH

´
µr

p
qδ

r

Y2
loooooooomoooooooon

Higher default

Thus:

V pY1, H
˚
q :“ upC˚, H˚

q “
µ

p
rY1 ` Y2s ` H˚

tp
ϕc

PH

´ µr ¨ ltvqr

ϕc

PH
´

µ
p
r `

µ
p
p1 ´ ltvq

2p
ϕc

PH
´

µr
p

q
s ´

µ

p

δr

2ltv
u
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Without consumption in period 2:

V pY1, H
˚
q :“ upC˚, H˚

q “
µ

p
Y1 ` H˚

r

ϕc

PH
`

µ
p
p1 ´ ltvq

2
s

H.2 Derivation of the Demand system

Borrowers maximize:

maxcupLci, cq “maxcAic
Lci

ltv
` V pY q

Ac captures that default or consumption trade-off depends on contracts c features

maxcupLc, cq “maxclnpAicq ` lnpLcq ´ ltvpltvq

lnpAicq “ β̃iXc ` σiεic

From Roy’s Identity (Aic doesn
1t vary with Y, r):

L

ltv
“ γ´1 rBDi

t L
ltv

usAic

VY pY q

Integrating with respect to DFi (loan discount factor):

lnpLcq “ lnpltvq ` γ
VY

Aic

DFi ` cst

with : cst :“ βiXc ` ϵi, with pcstrq

set DFi

Aic
“ νDi ` pβ1Xc ` γc ` β2Xi ` γiqrc

In the regression, allow for some element of Ai to be proxied by income. That way the

income element of βb
i need not be equal to the one in βL

Prpi choose cq “
exppβb

iXc ´ αb
ircq

ř

j exppβb
iXj ´ αb

ircq
(49)

lnpLciq “ αL
i rc ` νDi ` βL

i Xc ` σϵϵi (50)

with βd
i , α

b
i correlated with αL

i , β
L
i
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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

c), consumption price is normalized to 1 in each period. For simplicity, the House price is

also 1 in each period.51

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

ing. Formally:

upct, Htq :“ upctq ` F pHtq :“

#

α̃ct ` F pHtq if ct ă c̄

α̃c̄t ` ct ´ c̄ ` F pHtq if ct ě c̄

up¨q is piece-wise linear with a kink at c̄. The kink is used to micro-found the use of

collateral (cf. section H.4). They key assumption is that, upon default, the borrower enter

the p0, c̄q region and values cash more than the bank (α̃ ą 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 α tends to 1`.52 In that case, banks will still find it optimal to use

collateral and the borrower behave as if the utility is linear in consumption. 53 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:

F pHq :“

#

H if H ă H˚

H˚ ` βpH ´ H˚q if H ě H˚

β is smaller than 1
2

so that when H ą H˚ the household prefers to consume even if he

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 ą c̄
53. If needed, the kink allows for borrowers’ optimal down payment to be between 0 and A strictly, if

α ą 2. Indeed, in that case, the marginal benefit of buying an additional unit ∆H of house in period 1
(p1 ` p ` p1 ´ pqδq) is smaller than the period 1 consumption benefits α
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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. 54 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 ξ 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¨pR´δHq.

The e parameter captures the effort cost (ą 1) of having to provide 1 additional unit of nu-

meral good upon default. pR ´ δHq 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:

c1 ` D “ A

The size of the house bought in period 1 is:

H1 “ L ` D

In the second period, each Household get and income W̃ which is a random variable 55

with the following distribution:

W̃ :“

#

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 (δH) of the buying price of the house (H), with δ ă 1
α

ă 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 I 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:

c2 “

#

W ´ R ´ pH2 ´ δH1q1tH2‰H1u, if W ´ R ě 0

maxtW ` H1δ ´ R, 0u ´ H2, Otherwise

with c2 ě 0 and H2 ě 0. The indicator function 1tH2‰H1u 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 ą 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 maxtW ` H1δ ´ R, 0u minus the

cost of the new house.
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Borrowers’ Problem: With the notations introduced in the previous sections and using

MpBq for the menu of contracts offered by bank B. The borrower choice of contract (C) is

defined by the following maximization problem:

V pC;B, pq “maxtCPMpBq,ct,Htuupc1, H1q ` EW rupc2, H2qs (51)

´ EW t1W“0r ξ
loomoon

Non monetary cost

` e ¨ s ¨ pR ´ δpL ` Dqq1RąδpL`Dq
looooooooooooooooooomooooooooooooooooooon

recourse cost

su

s.t. c1 ` D “ A

H1 “ L ` D

c2 “

#

W ´ R ´ pH2 ´ δH1q1tH2‰H1u, if W ´ R ě 0

maxtH1δ ´ R, 0u ´ H2, Otherwise

Using the kink in the utility function and parametrizing such that so that maxtH1δ´R, 0u

is lower than c̄ (for instance with H1δ ă c̄), H2 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 (δ ă 1 when α Ñ 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:

pc˚
2 , H

˚
2 q “

#

pW ´ R,H1q, if W ´ R ě 0

pmaxtH1δ ´ R, 0u, 0q, Otherwise

For simplicity, I assume that A ´ c̄ ă 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:56

V pp,Hq “ upAq ` p ¨ upW q

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:

upL,Rq “ ΘF pL ` Dq ´ D ´ ϵR

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.

Θppq :“ 1 ` p` p1 ´ pqδr1RăδH ` p1 ´ 1RăδHqes is the marginal benefits of housing in the

p0, H˚q region (i.e., BHV ).

εppq :“ p ` p1 ´ pq1RăδH ` p1 ´ 1RăδHqe is the sensitivity to the face value as a mean

of payment (i.e., BRV ). When the collateral value (δH) is enough to repay he debt, both

borrowers have the same sensitivity and εppq “ 1. When the collateral value (δH) 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

α :“ Θ
ϵ
.

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: Ex post Private information. In this paper, I model this assuming

that banks cannot observe the second period cash flow (W) of the borrower,57 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 (W̃ ) and choose whether to

fill for default or not. Borrowers default when they cannot repay ( i.e., δH ` W ´ R ă 0)

or when its better for them to strategically default (i.e., H ` upW ´ Rq ă upK ` W q or

upδH ´R`W q ă upK `W q. 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 δH ´ R so that all inequalities

are satisfied. In our model, since borrower value more cash upon default than banks (α ą 1),

the constraint is binding K “ δH ´ R. Notice that, the bank wants to prevent strategic

default when the borrowers is in negative equity (δH ă R) it has to punish the the borrower

by seizing more than the house ( i.e., K “ δH ´ R can be negative).

I Proof screening

Let us stat with considering that βc can take only two values βac and βbc with βac ă βbc, 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:

Prpβc “ βic|choose contract bq “
Prpchoose contract b|βc “ βicqPrpβc “ βicq

ř

jPta,bu
Prpchoose contract b|βc “ βjcqPrpβc “ βjcq

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 ` ∆X, r ` ω∆Xc with

ω ą maxt
βc

α
u. When ∆X “ 0 contract A have the following market share: PrpσξjA ą σξjBq.

Denoting f the pdf of ξjA ´ξjB, By Increasing ∆X the probability of contract B being chosen
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by the high willingness to pay (WTP) borrower increases by:
βac
α

´ω

σ
fp0q while for the other

it decreases by
βc
α

´ω

σ
fp0q.

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 σ Ñ 0, borrowers can be almost perfectly screened @ϵ, Dp∆Xm, ωmqm : @i, Dm :

Prpβc “ βic|choose contract mq ą 1 ´ ϵ.

J Nested logit extention

Following the nested logit approach, we use the following timing assumptions. Before know-

ing their individual i preferences over banks pεibqb, borrowers choose to enter the borrowing

market if their expected utility Vi 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 uipC
˚
ibq is lower than the option of not borrowing. This

favours the interpretation that the value σiϵib 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:

Vi :“ EεrmaxtbPButũipC
˚
ib, bq ` σiεibus ´ σ´1lnp#Bq ě V̄i P R (52)

#B denotes the number of product available to borrower i. When all the banks offer the same

contracts C˚
i , EεrmaxtbPButuipC

˚
ibqus “ σ´1lnp#Bq`EεruΓi

pC˚
i qs. 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 εib. This is to get rid of this effect that

I define Vi the entry condition this way.

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

Individual i preferences over banks pεi,jqj is drawn from an extreme value distribution

EεrmaxtbPButũipC
˚
ib, bq ` σiεibus “ σ´1lnp

ÿ

xPB

exppσiuipC
˚
ix, xqqq (53)

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:
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C “
Lrp1 ` rqT

p1 ` rqT ´ 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):

D “
Lmcp1 ` mcqT

p1 ` mcqT ´ 1
(55)

The marginal cost includes, among others, the interest rate banks need to pay on its

deposits.

Using δ as the discount rate, the present value of lending the amount L, abstracting from

default, can thus be written:

L
F

ÿ

k“1

δkr
rpr ` 1qT

pr ` 1qT ´ 1
´

mcpmc ` 1qT

pmc ` 1qT ´ 1
s ` γb

T
ÿ

k“F`1

δkr
RpR ` 1qT´F

pR ` 1qT´F ´ 1
´

mcpmc ` 1qT´F

pmc ` 1qT´F ´ 1
s

(56)

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, γ 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

(δ ă 0), denoting d a dummy equal to 1 if borrower default, the present value of lending up

period F is:

C ¨ Erp1 ´ dqs ¨

F
ÿ

k“1

δk “ Lr
p1 ` rqT

p1 ` rqT ´ 1
¨ Erp1 ´ dqs ¨

1 ´ δF

1 ´ δ
δ (57)

When T and F are large, p1`rqT

p1`rqT ´1
« 1 and δF « 0, the net present value of lending is

thus:

PV « L ¨ tErp1 ´ dqsr
δ

1 ´ δ
` γErp1 ´ dqsR

1 ´ δT´F

1 ´ δ
δF ´ r

δ

1 ´ δ
` γ

1 ´ δT´F

1 ´ δ
δF smcu

(58)
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With (δ “ 1), the expression is instead:

PV « L ¨ rErp1 ´ dqsrF ` γRErp1 ´ dqspT ´ F q ´ rF ` γpT ´ F qsmcs (59)

We further assume as in Benetton (2018) that Brγ “ 0 so that it does not enter inside

the FoC of rc and set γc to 0 (i.e., all borrower remortgage). We can thus also abstract from

the discount rate if δ ă 1 as it is constant across mortgages, we thus get:

NPVicb :“ L ¨ rErp1 ´ dqsr ´ mcs when δ ă 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 δF « 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 δF « 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 P.1). This last method is too computationally demanding

for our set-up. We thus go with the first approach and assume that δ “ 1. We get:

NPVicb :“ L ¨ rp1 ´ dqr ´ mcsF when δ “ 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:

C
t

ÿ

k“1

pp1 ´ dqδq
t

“ Lrpp1 ´ dqδq
p1 ` rqT

p1 ` rqT ´ 1

1 ´ pp1 ´ dqδqt

1 ´ pp1 ´ dqδq
(62)

Using the same approximations as in Benetton (2018), p1`rqT

p1`rqT ´1
« 1 and Brγ “ 0, the

expression for the NPV becomes:
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NPVicb :“ L ¨ rp1 ´ dqδ
1 ´ pp1 ´ dqδqF

1 ´ δ ` dδ
r ´ mc

1 ´ δF

1 ´ δ
s when δ ă 1 (63)

NPVicb :“ L ¨ rp1 ´ dq
1 ´ p1 ´ dqF

d
r ´ mc ¨ F s when δ “ 1 (64)

Here again, as the discount rate is not observable, the NPV would require estimating

both the discount rate δ 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 mc as discussed in D.3.2. Moreover, when d is small as in our empirical

application and δ equal to 1, the expression becomes the same as in Crawford, Pavanini, and

Schivardi (2018):

NPVicb „
dÑ0

L ¨ rp1 ´ dqr ´ mcs ¨ F, when δ “ 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 profits.58 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 (N) 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 (Γi) 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 pσ´1εicbqicb 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 ϕ 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 c P rr1, Cbtss, the maximization problem (45) can be written:

maxtpXc,rcqcPFC ,Cu

ÿ

i

ni

C
ÿ

c“1

ϕibcπibc (66)

ni is the number of type i borrowers.

ϕibc the probability that borrower i chooses contract c. Our assumptions about σ´1εicb

being independent implies that ϕibc can be written exppσpβiXcb´αircbqq
ř

xPB

ř

yPPix
exppσpβiXcb´αircbqq

. βiXcb ´ αircb

is the average utility of borrower i when they get contract c at bank b. σ drives the product

demand elasticity.

πibc is the expected profit on contract c when borrower i chooses contract c (i.e., Lipc, bq ¨

NPVicb in the problem (45)).

Perfect information incentives: Under perfect information, banks offer one product

per type. That is, Pix is a singleton. We index the contracts by the borrower index i, drop the

band index b in the notation and use the notation pXixq to denote the x element of vector

pXiq. Using the first order conditions, the contract terms and prices given to borrower i

(Xi, ri), must satisfy:

Pricing :

Intensive margin
hkkkikkkj

niϕiBriπi

Extensive margin
hkkkkkkkkkkkkkikkkkkkkkkkkkkj

´σαiniϕip1 ´ ϕiq
looooooooomooooooooon

number of lost customers

πi “ 0 (67)

Contract Characteristics :

Intensive margin
hkkkkikkkkj

niϕiBXix
πi `

Extensive margin
hkkkkkkkkkikkkkkkkkkj

σβiniϕip1 ´ ϕiqπi “ 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 Briπi ą 0) but losses some customers (´σαip1 ´ ϕiqϕiniπi). σαip1 ´ ϕiqϕini is

the number of customers lost. The extensive channel effect is stronger for highly price elastic

borrowers (i.e., high αi 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 σi “ σp1 ´ 1
cardpBq

q we get —rearranging the above equations — that the optimal
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equilibrium contract for borrower i is:

Optimal pricing : ri “

Fair price
hkkkikkkj

mcpXiq

1 ´ di
`

mark up
hkkkkkkkkkkkkkkkkkkkkkkkkkkkkikkkkkkkkkkkkkkkkkkkkkkkkkkkkj

1

σiαi
loomoon

product demand elasticity

` α̃i
loomoon

loan size demand elasticity

(69)

Optimal characteristic : Xix “
σiβix ` β̃ix

pσiαi ` α̃iq
looooomooooon

“willingness to pay”

1 ´ di
mcx

loomoon

effective cost

(70)

For intuition, we set the marginal cost of lending as the function mcpXiq :“
ř

x mcx
X2

ix

2
,

with mcx a known number that parameterize the cost of increasing the xth characteristic of

a product (i.e., its LTV, fixed rate duration...).59

Equation (69) states that the contract price is the sum of a fair price (mcpXq

1´d
) plus a

“mark up” term60 ( 1
σiαi`α̃i

). 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 (σ). When competition is high (σ Ñ 8), lenders price each

contract at their fair price. The number of lenders (cardpBq) increases the product demand

elasticity (σi) 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 Xix as the contract maximum loan-to-Value (LTV) for simplicity of the expo-

sition, equation (70) states that banks provide high maximum LTV when: borrower i value

positively this contract characteristic (i.e., σiβix ` β̃ix high) and is not sensitive to a price

increases (σiαix ` α̃ix low), and when the cost of increasing the maximum LTV is low.61

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 m̃cx).

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: BXixmci “
σiβix`β̃ix

pσiαi`α̃iq
p1 ´ diq

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 IO literature sometimes
uses the same terminology (Crawford, Pavanini, and Schivardi (2018)).

61. The ratio σiβix`β̃ix

pσiαi`α̃iq
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., βx

α ). Setting the

product choice parameters to zero we get p
β̃X

α̃ q 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 (66) and dropping the b index, we get:

Pricing :

Intensive margin
hkkkkkkikkkkkkj

ÿ

i

niϕicBrcπic ´

Extensive margin
hkkkkkkkkkkkkkkkkikkkkkkkkkkkkkkkkj

ÿ

i

niαiϕicpπic ´

C
ÿ

j“1

ϕijπijq “ 0 (71)

Contract characteristics :

Intensive margin
hkkkkkkkikkkkkkkj

ÿ

i

niϕicBXcxπic `

Extensive margin
hkkkkkkkkkkkkkkkkikkkkkkkkkkkkkkkkj

ÿ

i

niβixϕicpπic ´

C
ÿ

j“1

ϕijπijq “ 0 (72)

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 c terms and pricing thus have an extra element capturing the probability

that borrowers of type i choose another contract than contract c (ϕij).

The extensive margin channel captures the effect of a marginal increase in, for instance,

contract term Xcx 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 βix).

The increase in product c demand can come from borrowers that would have shopped in

another bank absent the contract term increase (βixϕicp1 ´ ϕicq), or borrowers that would

have chosen another contracts at the same bank (βiϕicp´ϕixq ă 0). The net effect on profits

can be rewritten with the term πic ´
ř

x ϕixπix, where
ř

x ϕixπix is the expected profits on

borrower i prior to the change in Xc. This enlightens the fact that attracting borrowers i

into contract c is valuable when the bank makes more profit on contract c than its others

contracts.

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

that covppσα ` α̃q, dq “ 0 for simplicity of the notation (the general formulas are in the

appendix (??)), we get:
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Optimal pricing : rc “

Average fair price
hkkkkkikkkkkj

mcpXcq

Ei|cr1 ´ dis
`

Average markup
hkkkkkkkkkikkkkkkkkkj

1

Ei|crpσiαi ` α̃iqs
`

Asymmetric information discount{premium
hkkkkkkkkkkkkkkikkkkkkkkkkkkkkj

Ei|crσiαiErπi|icss

Ei|crpσiαi ` α̃iqp1 ´ diqs

(73)

Optimal characteristic : Xcx “
Ei|crpσiβix ` β̃ixqp1 ´ diqs

Ei|crσiαi ` α̃ismcx
looooooooooooooomooooooooooooooon

optimal characteristics average type

` PDcb
loomoon

Product distortion

(74)

Ei|crβis :“
ř

i niϕicβi
ř

i niϕic
is the average value of β of borrowers choosing contract c.

Erπi|ijs :“
řC

c“1,c‰j ϕic ¨
řC

c“1,c‰j
ϕic

řC
c“1,c‰j ϕic

πic is the probability of choosing another con-

tract than contract j (i.e.,
řC

c“1,c‰j ϕic), multiplied by the expected profit on borrower i if

they choose another contract than contract j (i.e.,
řC

c“1,c‰j
ϕic

řC
c“1,c‰j ϕic

πic).

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

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 6). In the next paragraph, we discuss how these formulas are

related to the ones in classic screening models.

The pricing equation (73) 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 c 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., Erπic|ixs 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 pErπic|ixsq.

Similarly, the optimal characteristic equation (74) 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 pa, bq with different willingness

to pay for characteristic x βax ą βbxq works by offering a product pX, rq and pX ` δXx, r `

r̃δXcq such that βbc ă r̃ ď βac and δ ą 0. We formally test this in the empirical section.

Theoretically, the price distortions of equations (73) 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 borrowers62 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.63

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

perfect information term is the same for all borrowers (i.e., pβXi`β̃Xiqp1´diq
α̃i`α̃i

constant across

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

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

62. Indeed the expected profits if high default borrowers choose the low default contract is Erπic|ixs ă 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
Ei|crσαiErπic|icss

Ei|crpσαi`α̃iqp1´diqs
tend to Ei|crErπic|icss{Ei|crp1´

diqs when normalizing the alpha parameters to 1 and
Ei|crσβXiErπic|iss

Ei|crpσβXi`β̃Xiq
tends to p1` δqEi|crErπic|iss{Ei|crp1´

diqs with δ ą 1 the overall effect is thus of the sign of ´Ei|crErπic|iss and when banks price close to marginal
cost Erπic|iss 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., pβi, αi, β̃i, α̃i, σiq takes two values)

A2: Demand shocks ϵicb are perfectly correlated across product of the same bank

A3: Unitary demand for loan (i.e., β̃ “ α̃ “ 0)

A4: No moral hazard (i.e., βd “ 0q

A5: Banks are identical (i.e., mccx “ mccy and ξcx “ ξcy, @x, y P Bq

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 σ 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 c at bank b of type i borrowers ϕicb can be written:

exppσũipc, bqq1tũipc,bqěũipx,bq, @xPPibu
ř

xPB

ř

yPPix
exppσũipy, xqq1tũipy,xqěũipz,xq, @zPPixu

(75)

1tũipc,bqěũipx,bq, @xPPixu is 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 (σi “ σj @i, j) tends

to infinity (i.e., perfect competition). We use figure N.1 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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Figure N.1: Screening externality

In the limit case in which σ 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 σ is finite (i.e., σ´1 ‰ 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)).64 We label this characteristic LTV and set the other ones to their first

best value.

In Figure N.1, 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., β
α

ą 0). The

closer to the bottom right corner of figure N.1 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 lenders.65 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 ˚).66 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 Cp. 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 pCs
1 , C

s
2q. 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
leverage.
66. In this 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 (CS1, CS2) are above the indifference curve passing by the pooling

contract (Cp).

However, under perfect competition, the pooling equilibrium candidate (Cp) cannot be an

equilibrium even when it Pareto dominates the screening one (CS1, CS2). 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 N.1 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 N.2 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
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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).67 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):68

ũB “ ũG ` pβB ´ βGqLTV (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 :

nB ` σdũBnB

nG ` σdũGnG

“

Rotchild Stiglitz Demand
hkkikkj

nB

nG
`

Logit Demand extra term
hkkkkkkkkkkkkkikkkkkkkkkkkkkj

σpβB ´ βGqdLTV q

1 ` σdũG

nB

nG
ą

nB

nG
(77)

Pooling deviations imply that the contract LTV and the utility of G borrowers increase so:

dLTV ą 0 and dũG ą 0. Thus, σpβB´βGqdLTV
1`σdũG

nB

nG ą 0. For banks to gain from this deviation,
dLTV
dũG

needs to be high enough to increase profits on the G market segment. However, this

condition also implies that too many B borrowers are attracted for it to be profitable.69

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 (76) in equation (77).
69. The sketch of the proof is the following. Let us consider that lenders offer the break even pooling rate

assuming they will attract nB

nG . The break even condition implies that dLTV
dũG

ą 0, this makes the pooling

deviation not profitable as lenders B borrower ration is higher than nB

nG . Similarly, using the shares nB
`ϵ

nG
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Overall, when competition is high enough (σ high enough),70 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 (CS1, CS2) and not the pooling one pCpq even

when they benefit from being pooled. Graphically (see figure N.3), 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 CS2 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.

Figure N.2: Pooling deviation: perfect competition (σ´1 “ 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 ϵ ¨A with Ap0q ą 1 and Apϵq 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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Figure N.3: Pooling deviation: close to perfect competition (σ Ñ 8)

N.1.1 Linear approximation of the model

Now let us generalize the utility by including a random preference shock ϵi ` ϵict as well as

unobserved (to the econometrician) product characteristics ξct.

uict ` σϵict “ βXct ` β̃ξct ` αt ` βiXct ` β̃iξct ` ϵi ` σϵict, ϵict iid, EV

ùñ Prpi choose c|βiq “ sicpXct, ξctq «
exppσ´1rβXct ` β̃ξctsq

ř

jPJ exppσ´1rβXjt ` βξjtsq
p1 ` σ´1βiXcts̄ct ` σ´1β̃iξcts̄ctq ` νict

with s̄ct :“ p1 ´

ř

j Xjtexppσ´1rβXjt`βξjtsq

Xc
ř

j exppσ´1rβXjt`βξjtsq
q, and νict being an approximation error that is as-

sumed to be negligible (higher order approximation terms) and with mean 0.

Identification of the model:

By construction, we have Erβi|Xs “ Erβ̃i|Xs “ 0, and without loss of generality, σ can

be normalized to 1 and δ0 can be normalized to 0, so:

EirsicpXct, ξctq|X, Y s “ a :“
exppδctq

ř

j exppδjtq
` Eirνict|Xs

Ecrδct|X, Y s “ βpXct ´ X0tq ` Ecrβ̃pξct ´ ξ0tq|X, Y s

VirsicpXct, ξctq|X, Y, ξs “ apσ2
βi|X,Y,ξXcts̄ct ` σ2

β̃i|X,Y,ξ
ξcts̄ct ` ρβi,β̃i|X,Y,ξσβi|X,Y,ξσβ̃i|X,Y,ξXctξcts̄

2
ctq ` Virνict|X, ξs

δct identified from market share of product c at time t
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αt and β identified from a linear regression of δct on p1, Xq

σβi
, σβ̃i

, ρβi,β̃i
identified 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:

Vict “ µi
Y 1´ϕ
i

1 ´ ϕ
` exppuictqexppσϵictq

Yi being the income of borrower i. σϵict 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 (Lict “ ´
BrVict

BY Vict
), we get:71

logpLictq “ logp
µi

βi

q ` ϕlogpYiq ` uict

This leads to the moment condition:

ErlogpLictq|choose cs “ Erlogp
µi

βi

q ` ϕlogpYiq ` uict|choose cs

“ βXct ` β̃ξct ` αt ` ErβiXct ` β̃iξct|choose cs ` Erlogp
µi

βi

q ` ϵi|choose cs

ErβiXct ` β̃iξct|choose cs 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.

Erlogp
µi

βi
q|choose cs “ αc

ϵi :“ νDi ` ei, with Ereis “ Erei|choose cs “ 0 as the choice of contract does not reveal

information about ei (or it isd captured by the product c fixed effect αc).

71. ideally Yi should be the present value of income coming from the intertemporal budget constraint while
r should be the present value of the loan cost

120



This leads to:

ErlogpLictq|choose cs “ βXct ` β̃ξct ` αt ` ErβiXct ` β̃iξct|choose cs
looooooooooooooomooooooooooooooon

‰0

`αc ` νDi ` Erei|choose cs
looooooomooooooon

“0

“ δct ` ErβiXct ` β̃iξct|choose cs ` νDi

Identification of the model:

EirsicpXct, ξctq|X, Y s “ a :“
exppσ´1δctq

ř

j exppσ´1δjtq
` Eirνict|Xs

VirsicpXct, ξctq|X, Y, ξs “ apσ2
βi|X,Y,ξXcts̄ct ` σ2

β̃i|X,Y,ξ
ξcts̄ct ` ρβi,β̃i|X,Y,ξσβi|X,Y,ξσβ̃i|X,Y,ξXctξcts̄

2
ctq ` Virνict|X, ξs

ErlogpLictq|choose cs “ δct ` ErβiXct ` β̃iξct|choose cs ` νDi ` Erei|choose cs

Ecrδct|X, Y s “ αt ` αc ` βXct ` Ecrβ̃ξct|X, Y s

Thanks to the additional loan demand equation,72 we are able to identify the scaling param-

eter σ´1 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 ε is equal to 0 during the loan demand equation is not necessary for identification
as they will be absorbed in the variance of the ϵi parameter otherwise
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a subset (S) of the real one. This lead to consistent estimates:

Prpi choose j|M “ M˚, S “ S˚, p1 ´ diqq

“
Prpi choose j|M “ M˚, p1 ´ diqq

ř

mPS˚XM˚ prpi choose m|M “ M˚, p1 ´ diqq `
ř

mPS˚zM˚ Prpi choose m|M “ M˚, p1 ´ diqq

“
Prpi choose j|M “ M˚, p1 ´ diqq

ř

iPS˚XM˚ prpi choose j|M “ M˚, p1 ´ diqq

“ Prpi choose j|M “ M˚, S “ S˚
X M˚, p1 ´ diqq

“
exppp1 ´ diqXjq

ř

mPS˚ exppp1 ´ diqXmq

ř

mPS˚ exppp1 ´ diqXmq
ř

mPS˚XM˚ exppp1 ´ diqXmq

“
exppp1 ´ diqXj ´ lnpπqq
ř

mPS˚ exppp1 ´ diqXmq

“ Prpi choose j|M “ S˚, S “ S˚, p1 ´ diqq iif S˚
Ă M˚

with lnpπq :“ lnp

ř

mPS˚XM˚ exppp1´diqXmq
ř

mPS˚ exppp1´diqXmq
q equal to 0 when the subset S˚ Ă M˚. That

is, the preferences of the mispecified model (Prpi choose j|M “ S˚q) coincide to the

one of someone that had access to M but the econometrician restrics it to S˚ Ă M˚

(Prpi choose j|M “ M˚, S “ S˚q ).

Random Coefficient The above proof is the same for random coefficient models. How-

ever, the subset S need to be included in XθPΩMpθq, with Ω being the set of values that can

take the random coefficient θ. The set Mpθq can depend on the random draw if for instance

willingness to pay (θ) 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:

Prpi choose cj|X, θ, γq (78)

“ ΣCSiPCPrpi choose cj|X, γ, θ, CSiq ¨ PrpChoice set offered to i is CSi|X, θ, γq

with observables X, borrowers preference θ and banks preference γ. 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: PrpChoice set offered to i is CSi|X, θ, γq

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:

Πi,k ě maxjtΠi,jpγqu ´ λj

Πi,j 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 (78) 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:

argmaxtCSi,juPCjtECi,´jrΠpCSi,j ˆ CSi,´j; θ, γqs ` ϵCSi,j
u

ϵCSi,j
is a menu cost shock.

Functional form assumptions: If CSi,j is a discrete set, and ϵCSi,j
iid gumbel distributed,

123



the probability of seeing the menu c by bank j is:

ECi,´jrΠpc ˆ CSi,´j; θ, γqs

ΣxPCjECi,´jrΠpx ˆ CSi,´j; θ, γqs

The probability of seeing the menu M P C assuming rational expectations (or that bank

offer the offer of other banks) is:

ź

j

t
ΠjpM ; θ, γqs

ΣxPCjΠjpx ˆ M´j; θ, γqs
u

The maximum likelihood of the data of borrower i is thus:

maxγ ΣCSiPCr
exppVcjpθ̂qq

ΣcxPCSi
exppVcxpθ̂qq

¨
ź

j

t
ΠjpCSi; θ̂, γqs

ΣxPCjpCSi,´jqΠjpx ˆ CSi,´j; θ̂, γqs
us (79)

Since the supply side has a logit form, the identification of the parameter γ 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 γ.

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 LTV maxj and LTV minj). The market share for a particular LTV

market segment and unobserved heterogeneity v is thus:

sjpLTV, v, CSiq “

$

&

%

exppV pLTV,v,jqq
ř

b

řLTV maxb
LTV minb

exppV pLTV,v,bqqdLTV
if LTV P CSi,j

0 Otherwise

with v being the unobserved willingness to pay. Let us denote ppCSi,´jq banks probability

of seeing this equilibrium. I denote C´jpCSi,jq the set of potential menu offered by other

banks when banks j offer the menu CSi,j.

Profit on borrower of unobserved type v is:

πjpvq :“ rβRLTV pvq ´ MCLTV s ¨ Lpvq

Normalizing by β, the parameter γ to estimate is thus MCLTV

β
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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):

Evtspv,R, cqtπRpv,Rq ` σπpv,Rq
sRpv,R, cq

spv,R, cq
(80)

´
PRpv, cq

P pv, cq

ÿ

LTVj

σπpv,RLTV q
spv,RLTV , cq

spv,R, cq
u “ 0 (81)

The equation (81) can be solved by discretizing the integral and using a fixed point

approach on with (X :“ πpR, γq and T pXq :“ rΛpRq´1ΓpRqsX ´ ΛpRq´1ΦpRq).

πpR, γq “ rΛpRq
´1ΓpRqsπpR, γq ´ ΛpRq

´1ΦpRq

πpR, γq is a row vector of size pJf ¨vq. It is composed of

¨

˚

˚

˝

π1pR, γq

..

πvpR, γq

˛

‹

‹

‚

, with πvpR, γq being

a row vector (of size Jf ) composed of the profit of bank f on each market segment j (with

j ď Jf ) individuals with unobserved type v.

ΛpRq is a diagonal squared matrix of size (Jf ¨ v) with wv ¨ΛvpRq in its diagonal. wv is a

scalar representing the share of people of type v (discretised), ΛvpRq is a squared diagonal

matrix of size Jf composed of the market share of the Jf markets (DiagSv). This diagonal

matrix is multiplied by the derivative of utility matrix. It is a diagonal matrix with elements

V vpjq :“ BRpjqV pRpjq, vq in its diagonal. We thus have ΛvpRq “ V vDiagSv.

ΓpRq is a block diagonal squared matrix of size (Jf ¨ v). Each block wv ¨ Γv
pRq is the

product of the market share vectors (Φvpjq :“ spRpjq, vq) multiplied by the derivative of

utility matrix V v defined above. So Γv
pRq “ V vΦvΦv 1.

ΦpRq is a row vector of size pJf ¨ vq. It is composed of the Φv vectors defined above
¨

˚

˚

˝

w1Φ1

..

wvΦv

˛

‹

‹

‚

.
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ΛpRq´1ΦpRq is thus a vector composed of 1
V 1pR,vq

, it is constant if V 1pR, vq linear. Other-

wise, we need:dp 1
V 1pX,vq

, 1
v¨V 1pY,vq

q ď kdpX, Y q. Using the taylor expension and using the fact

that 1{V 1pR, vq is decreasing and concave in R: dp 1
V 1pX,vq

, 1
V 1pY,vq

q ď dp
V 2pY q

pV 1pY qq2
pX ´ Y qq.

In the case of V :“ exppa´βRq we need |
exppvXq

vexppaq
| ă 1 in the region we are looking

for.

rΛpRq´1ΓpRqs is a block diagonal matrix with elements: pDiagSvq´1pV vq´1V vΦvΦv 1 “

DiagSv´1ΦvΦv 1 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:

PrpdjtpM, M̃qq, with djtpM, M̃q :“ 1tVjtpMq´scpM,M̃qqěVjtpM̃q`eMtj´eM̃tju

and V pMt´1, petqq “ maxMPMj
ΠjpMq ´ scM ` βErV pM, pet`1qqs
looooooooooooooooooooomooooooooooooooooooooon

vpM,Mt´1q

`eMtj

With (eMtj ´ eM̃tj) are iid and EVD I get:

PrpdjtpM, M̃qq “
exppuM̃pMt´1,Mtqq

1 `
ř

m‰M̃ exppuM̃pMt´1,mqq
(82)

with:

uM̃pM,Mt´1q :“ ΠpMq ´ ΠpM̃q ´ rscpM,Mt´1q ´ scpM̃,Mt´1qs

´ βrlogpPrpM̃ |Mqq ´ logpPrpM̃ |M̃qq
loooooooooooooooooooomoooooooooooooooooooon

Observable in data

s (83)

The last term (logpPrpM̃ |Mqq ´ logpPrpM̃ |M̃qq) comes from using the EV assumption

and rewriting the value function as in Arcidiacono and Miller (2011) (cf. Proof)

I parametrize:

scpM 1,Mq “
ÿ

c

θ1X̃cr1cPM 1,cRM
loooomoooon

Inclusion

`λ1cPM,cRM 1
loooomoooon

Exclusion

s (84)
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Proof:

vpM,Mt´1q “ΠpMq ´ scpM,Mt´1q ` βrlogp
ÿ

m

exppvpm,Mqqq ` csts

“ΠpMq ´ scpM,Mt´1q ` βrlogpvpM̃,Mqq ´ logpPrpM̃ |Mqq ` csts (85)

and noting that, as in (Arcidiacono and Miller (2011)):

uM̃pM,Mt´1q :“ vpM,Mt´1q ´ vpM̃,Mt´1q

“ ΠpMq ´ ΠpM̃q ´ rscpM,Mt´1q ´ scpM̃,Mt´1qs

´ βrlogpPrpM̃ |Mqq ´ logpPrpM̃ |M̃qq
loooooooooooooooooooomoooooooooooooooooooon

Observable in data

s (86)

Q Perfect information Benchmark

Replacing the interest rate offered to borrower i for contract Xi using the promised utility

constraint ri “
βiXi

αi
´ ūi, we get:

maxtpXiqu

ÿ

i

ni

NPVi
hkkkkkkkkkkkkkkkkkkkkikkkkkkkkkkkkkkkkkkkkj

 Lirp1 ´ diq ¨ p
βi

αi

Xi ´ ūiq ´ mciqs (87)

with the loan demand L being expressed as a function of the promised utility  Li “

expp´α̃ūiqexpppβ̃ ´ α̃ βi

αi
qXiq. The marginal cost of lending, denoted mci, is a continuous

function of contract terms.

To provide intuition about the model’s behaviour, let us consider that Xi is a vector in

Rc with c being the number of contract characteristics. Using the first order conditions with

respect to characteristic x P Xi, the perfect information contract feature should satisfy:

 Lirppβ̃ix ´ α̃
βix

αi

qrp1 ´ diq ¨ p
βi

αi

Xi ´ ūiq ´ mcis
looooooooooooooooooooooooooomooooooooooooooooooooooooooon

Increase lending

` p1 ´ diq
βi

αi
loooomoooon

rate increase

s “  Lir
Bdi
Bx

¨ p
βi

αi

Xc ´ ūiq
looooooooomooooooooon

Increase default

`
Bmci

Bx
loomoon

increase marginal cost

s

(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 Li ¨pβ̃ix´αβix

αi
q, making
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p1 ´ dicqr ´ mcc “ rp1 ´ dicq ¨ p
βi

αi
Xc ´ ūiq ´ mccs additional profits on each extra unit sold.

When the characteristic x is valued positively by borrowers βic ą 0, increasing it also raises

the surplus (and thus the rate) generated by each unit lent by p1 ´ dicq
βi

αi
. Two right hand

side terms model the cost of increasing product characteristic x. First, it increases default

probability Bdi
Bx

, which decrease the profits by  Licr
Bdi
Bx
rs. Second, it increases the marginal

cost of lending by Bmci
Bx

.

The assumption about the promised utility level ū affects the equilibrium contract char-

acteristics through the intensive margin channel (pβ̃ix´αβix

αi
qrp1´dicq¨p

βi

αi
Xc´ūiq´mccs) and

through the default channel (Bdi
Bx

p
βi

αi
Xc ´ ūiq). Given our parameters estimates, the intensive

margin channel so that decreasing the promised utility level ū (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

maxtC,Lu µC `
ϕ

PH

survival probability
hkkkkkikkkkkj

p1 ´
δ

2

r

Y2

Lq
L

ltv

pC ` p1 ´ ltvq
L

ltv
“ Y1

δ
2

r
Y2

L
ltv

represents the fact that you are more likely to default as you leverage This implies:

H˚
“

L˚

ltv
“

ϕ
PH

´
µ
p
p1 ´ ltvq

ϕc

PH
δ r
Y2

Thus:

V pY1, H
˚
q :“ upC˚, H˚

q “
µ

p
Y1 ` H˚

r

ϕc

PH
´

µ
p
p1 ´ ltvq

2
s

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 α, θ, ϵib 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:

maxtX,ūu

ÿ

i

Nipūiqp1 ´ diqr

surplus: SipXiq
hkkkkkkkkkkikkkkkkkkkkj

α1
ivpXiq ´

cpXiq

p1 ´ diq
´ūis

s.t.
u1 ´ u2

α1 ´ α2

“ L2

u2 ´ u3

α2 ´ α3

“ L3

L1 ě L2 ě L3

We get:

La “ L̄˚

Lb “ δa,bL̄
˚

` ε´1
αb ´

rb
θb

αa ´
rb
θb

p
Nbθb
Naθa

` 1q
1

αa ´ αb

Lc “ δb,cLb ` ε´1
αc ´ rc

θc

αb ´ rc
θc

p
Ncθc
Nbθb

` 1q
1

αb ´ αc
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Thus:

Lc “ δb,cδa,bL̄
˚

` δb,crε
´1

αb ´
rb
θb

αa ´
rb
θb

p
Nbθb
Naθa

` 1q
1

αa ´ αb

s ` ε´1
αc ´ rc

θc

αb ´ rc
θc

p
Ncθc
Nbθb

` 1q
1

αb ´ αc

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 Γ P t1, 2, 3u. utilities over product characteristic c P ta, bu:

upc; Γq :“1Γ“1rα11c“as (89)

`1Γ“2rα21c“a ` pα2 ´ ϵq1c“bs (90)

`1Γ“3rα31c“bs (91)

with α1, α2, α3 P R`, α1 ą α2 ą α3

Outside option not buying:

up; Γq :“ OΓ (92)

Sellers: They face a fixed cost of designing a product of type c P ta, bu, they choose the

menu of product (M :“ ˆΓMΓ) they offer to each type of borrower. Each menu is composed

of a number of products type (c) and prices (Pc). Seller maximize expected profits:

ΠpMq “
ÿ

cPM

tNpcqPc ´ fu

with Npcq :“ pN1pcq, N2pcq, N3pcqq being a row vector with number of buyers of type t1, 2, 3u

choosing product type c. When not ambiguous, for notation simplicity, I do not write pcq.
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Pc is the column vector of prices of product c faced by buyers type t1, 2, 3u.

I assume that at least one product would be offered by the social planner. That is:

N1α1 ` N2α2 ą f (93)

S.2 Best responses

Case 1: Sellers can third degree price discriminate

For simplicity:

OΓ “ O

One product profits:

Πppa, P1q, pa, P2qq “ N1pα1 ´ Oq ` N2pα2 ´ Oq ´ f (94)

Two product profits:

Πppa, P1q, pa, P2q, pb, P3qq “ N1pα1 ´ Oq ` N2pα2 ´ Oq ` N3pα3 ´ Oq ´ 2f (95)

Results: Sellers number of product increases if a new market segment becomes profitable

(N3pα3 ´ Oq ě f).

The Social Planner (SP) offers 2 product iif (N3α3 ´ f ě 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 “
f
N3

). 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 costs73 + cross product elasticity

73. or heterogeneous cost of serving and imperfect information
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With fixed costs:

Assume now that α3 is high enough so that the First best is offering only product b (i.e.,

α1 ă α2 ă α3) and the outside option is 0. The welfare is:

product b
hkkkkkkkkkkkkkkkkkkkkkikkkkkkkkkkkkkkkkkkkkkj

N3rα3 ´ rs ` N2rpα2 ´ ϵq ´ rs ´ f ą

product a
hkkkkkkkkkkkkkkikkkkkkkkkkkkkkj

N1rα1 ´ rs ` N2rα2 ´ rs ´f `

product b
hkkkkkikkkkkj

N3rα3 ´ rs ´f (96)

This implies N2ϵ ă f ´ N1α1

However, since firm do not internalize the business stealing effect (canibalization) on other

banks the first best is not an equilibrium. Indeed, Pb “
f

N2`N3
may not be an equilibrium as

a competitor firm would enter market a if there exist Pa such that:

pN1 ` N2qPa ´ f ě 0 pprofit conditionq (97)

α1 ´ Pa ą 0 pParticipation Condition 1q (98)

α2 ´ ϵ ´
f

N3 ` N2

ă α2 ´ Pa pParticipation Condition 2q (99)

That is, there exist e ą 0 (Pa :“ f
N1`N2

` e) such that α ´ Pa ą 0 and:

e ` fp
1

N2 ` N1

´
1

N2 ` N3

q ă ϵ ă
1

N2

rf ´ N1α1s (100)

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 ă e ă ϵ ă
f

N
´ α1 (101)

Conditions when markets have the same size:

(FB exclude the market segment 1) market 1 has negative NPV: f
N

´ α1 ą ϵ ą 0

(Profitable deviation exists) but market 1+2 has positive NPV: f
2N

´ α ă 0 and ϵ ą 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
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too high the competitor does not find optimal to deviate.
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