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Abstract

This dissertation explores issues surrounding inequality and inefficiency in US mortgage markets.

In the first chapter, I identify inefficiencies in the US mortgage market stemming from heteroge-

neous borrower refinancing tendencies. In the second chapter, I develop a newmethodology to

assess discrimination in the menus context and apply it to the US mortgage market. In the third

chapter, I assess the sources of racial inequality in mortgage payments and find that it is primarily

driven by racial differences in prepayment speeds.
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0
Introduction

This dissertation has three chapters. In the first chapter, I use a structural model to study the cross-

subsidization in the US mortgage market due to heterogeneous borrower refinancing tendencies.

Quick to refinance borrowers gain up to 3% of their loan amount relative to slow to refinance bor-

rowers in expectation. In equilibrium, the presence of slow to refinance borrowers reduces mortgage

interest rates particularly on lower upfront closing cost mortgages which have more valuable refi-

1



nancing options. As a result, quick to refinance borrowers refinance excessively relative to a perfect

information, no cross-subsidization benchmark, an effect that accounts for around 28% of all US

refinancing and generates significant deadweight losses due to administrative resource costs. Alterna-

tive contract designs can simultaneously reduce transfers and increase total welfare.

In the second chapter, co-authored with Paul Willen, we use a newmethodology to assess mort-

gage pricing discrimination by race. First, we show how standard regression-based approaches for

assessing differences in the menus of options offered to borrowers can lead to misleading and contra-

dictory results. Second, we introduce a methodology that can detect differences in menus based on

relatively weak assumptions. More specifically, we use pairwise dominance relationships in choices

that can be supplemented by restrictions on the range of plausible menus to define (1) a test statistic

for equality in menus and (2) a difference in menus (DIM) metric. Third, we derive a new proce-

dure for inference on our class of problems. Fourth, we apply our methodology to a novel data set

linking 2018–2019 HomeMortgage Disclosure Act (HMDA) data to Optimal Blue rate locks. We

find strong evidence for mortgage pricing differentials by race, particularly among Conforming

mortgage borrowers who are relatively creditworthy.

In the third chapter, co-authored with Kris Gerardi and Paul Willen, I study the sources of inter-

est rate differentials between borrowers. Over the period 2005 to 2015, Black borrowers paid more

than 40 basis points higher mortgage interest rates than Non-Hispanic white borrowers. We show

that the main reason is that Non-Hispanic white borrowers are much more likely to exploit periods

of falling interest rates by refinancing their mortgages or moving. Black and Hispanic white borrow-

ers face challenges refinancing because, on average, they have lower credit scores, equity and income.

2



But even holding those factors constant, Blacks and Hispanic white borrowers refinance less suggest-

ing that other social factors are at play. Because they are more likely to exploit lower interest rates,

white borrowers benefit more frommonetary expansions. Policies that reduce barriers to refinanc-

ing for minority borrowers and alternative mortgage contract designs can significantly reduce racial

mortgage rate inequality.

3



1
Closing Costs, Refinancing, and

Inefficiencies in the Mortgage Market

1.1 Introduction

What are the welfare consequences of heterogeneity in borrower refinancing behavior under the

predominant US mortgage contract design? In the US, many borrowers are slow to refinance their

4



mortgages when interest rates fall, which has long been recognized as an important friction in house-

hold finance.1 I use a structural model to quantify the distribution of refinancing inertia in the

population and to study its equilibrium consequences.

In the cross-section, I find large borrower heterogeneity in refinancing tendencies. This hetero-

geneity in refinancing behavior has significant consequences in terms of the households’ expected

financial outcomes. In particular, a borrower with no refinancing inertia is able to gain up to 3% of

the loan amount from an ex ante perspective relative a borrower with high refinancing inertia. As a

result, the extent to which heterogeneity in borrower refinancing behavior varies in the population

and by borrower demographics, which I estimate using a heterogeneous agent model, has important

distributional consequences.

The presence of slow to refinance borrowers also affects mortgage interest rates in equilibrium. I

show that the existence of borrowers with large refinancing inertia reduces the interest rates lenders

charge, an effect that is particularly strong on lower upfront closing cost mortgages which have more

valuable refinancing options. This in turn generates a distortion in the contract choices of quick

to refinance borrowers and incentivizes them to refinance more than they otherwise would, which

exacerbates transfers between borrowers with different refinancing speeds and generates deadweight

losses in a form of administrative costs involved with excessive refinancing.

In particular, a novel result of my paper is that a significant fraction of US refinancing, around

1See, e.g., Schwartz and Torous (1989), Archer and Ling (1993), McConnell and Singh (1994),
Stanton (1995), Green and LaCour-Little (1999a), Campbell (2006b), Agarwal, Rosen, and Yao
(2016), Keys, Pope, and Pope (2016a), Johnson, Meier, and Toubia (2018a), Andersen et al. (2018),
and Gerardi, Willen, and Zhang (2021).
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28%, is excessive relative to a perfect information, no cross-subsidization benchmark. In other words,

borrowers with low refinancing inertia refinance too much at the expense of borrowers with high

refinancing inertia. This suggests that policies that reduce disparities in refinancing has the potential

of simultaneously reducing inefficiency in the market while having attractive distributional proper-

ties.

By way of background, mortgage originating lenders must cover their costs. They can do so in

two ways. First, they can charge the borrower upfront, through upfront closing costs known as

“points.”2 Second, they can raise the interest rate on the mortgage, holding fixed its principal bal-

ance and then recovering their costs from the secondary market.3 Borrowers can therefore choose

to get a lower rate, higher upfront closing cost mortgage, or a higher rate, lower upfront closing cost

mortgage. Higher rate, lower upfront closing cost mortgages by construction carry a more valuable

refinancing option, and I show that they are cross-subsidized more in equilibrium. This incentivizes

actively refinancing borrowers to refinance more often than they otherwise would. The extra refi-

nancing comes from two mechanisms. First, actively refinancing borrowers become more likely to

take out a mortgage with a higher rate and lower upfront closing costs, which mechanically carries

a higher refinancing incentive.4 Second, actively refinancing borrowers are able to refinance more

2In the industry, each mortgage point refers to 1% of the loan amount that borrowers pay
upfront.

3Borrowers could also in principle pay their closing costs upfront and then add them to the
principal balance and thus hold the interest rate fixed. In practice, this may be infeasible for many
borrowers who face binding loan-to-value (LTV) and debt-to-income (DTI) constraints.

4This is consistent with Dave Ramsey’s financial advice, which says that: “most buyers won’t re-
gain their money on mortgage points because they usually refinance, pay off, or sell their homes
before they reach their break-even point.” Source: https://www.ramseysolutions.com/real-
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cheaply than they otherwise would by taking out a low upfront closing cost mortgage when they do

refinance. Because mortgage refinancing involves administrative resources that could have been used

for other economic activity, the extra refinancing that quick to refinance borrowers undertake solely

to receive transfers generates deadweight losses from a social perspective.

The economic consequences of this distortion are significant. From a structural model of hetero-

geneity in borrower refinancing behavior, I find that approximately one quarter of all US mortgage

refinancing would not have occurred without the cross-subsidization of lower upfront closing cost

mortgages. Therefore, the heterogeneity in borrower refinancing behavior combined with the pre-

dominant mortgage contract design generates not only transfers between borrowers with different

refinancing speeds but also deadweight losses through excessive refinancing by the quick to refinance

borrowers.

I begin the analysis by documenting five stylized facts about the mortgage market in Section 1.4

to provide reduced-form evidence of this cross-subsidization and to inform the model. First, I show

that almost all borrowers pay for most of their mortgage closing costs through a higher interest rate

on their mortgage relative to adjusted mortgage-backed securities (MBS) yields. Second, many bor-

rowers are slow to refinance, while others are more quick at doing so. These two facts naturally

lead to a third: for the same amount of mortgage closing costs added to the rate, different borrow-

ers will end up paying very different amounts for it, measured in terms of the ex post net present

values (NPVs) of extra interest payments. Fourth, I find that this heterogeneity in ex post NPVs is

estate/what-are-mortgage-points. The financial advice to not pay more in upfront closing costs
or “points” in exchange for a lower rate turns out to be correct for my benchmark optimally refi-
nancing borrower, but only due to the cross-subsidization from slow to refinance borrowers.

7



predictable via ex ante demographics. In particular, for my sample of mortgages originated in 2013,

Black and Hispanic borrowers paid an extra 0.43% and 0.48%, respectively, of the loan amount more

in ex post NPVs of extra interest payments controlling for the amount closing costs added to the

rate. This suggests a role for ex ante cross-subsidization in addition to ex post. Fifth, I find evidence

of both selection of borrowers into upfront closing cost choices as well as substantial heterogeneity

in borrower prepayment behavior among borrowers with the same upfront closing cost choice.

To quantify the size of the cross-subsidy and study its ex ante welfare consequences, I develop a

structural equilibriummodel that captures borrower heterogeneity in refinancing and moving ten-

dencies while endogenizing borrower choices of upfront closing costs in Section 2.3. Since my novel

source of cross-subsidization is about how borrowers who are slow to refinance effectively pays the

closing costs of more actively refinancing borrowers, it is important for my model to capture het-

erogenous borrower refinancing behavior along with their equilibrium effect on mortgage interest

rates. To do so, I embed the time and state dependence of borrower refinancing behavior described

in Andersen et al. (2020a) into a life-cycle model that gives welfare estimates interpretable in dollar-

equivalent terms. A zero-profit condition pins down the supply side. As such, my model is able to

quantify the equilibrium welfare implications of heterogenous borrower refinancing behavior in

dollar terms, which is an independent contribution to the literature that has primarily studied this

issue in the reduced form.

Borrowers in my model are heterogeneous in terms of their (i) refinancing costs, including a time-

varying ability to refinance and a hassle cost conditional on them being able to refinance, (ii) ex ante

moving hazards, and (iii) discount factors. The time-varying ability to refinance and the refinanc-
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ing hassle cost are separately identified from borrower delays in refinancing after their refinancing

thresholds has been reached (Andersen et al., 2020a): a behavior not reconcilable with only a fixed

hassle cost component and suggests a role for borrowers’ time-varying ability to refinance. Condi-

tional on refinancing costs, borrowers’ ex ante moving expectations are identified from the corre-

lation between their responses to the refinancing incentive and their subsequent moving decisions.

The fact that borrowers who do not refinance despite facing a large incentive to do so are more likely

to move shortly thereafter suggests that they have heterogenous ex ante moving expectations that

affect their refinancing decisions. Finally, conditional on borrower moving and refinancing types,

their discount factors are identified from their choices of upfront closing costs.

Three main conclusions emerge frommy empirical work. First, cross-subsidization from slow-

to-refinance borrowers significantly affects equilibrium prices and is larger on mortgages with lower

upfront closing costs. For a calibrated borrower who is always able to refinance at zero hassle costs,

a mortgage with a one percent upfront closing cost carries a 1.25% lower interest rate in the exist-

ing market equilibrium relative to a world without cross-subsidization. For mortgages with a four

percent upfront closing cost, the difference is smaller at 0.26%. The intuitive reason for the larger

cross-subsidization of low upfront closing cost mortgages is that, from the perspective of the lender,

slow to refinance refinance borrowers overpay for their mortgage closing costs when they add it to

the rate because they keep paying the higher interest rate for longer and subsequently cross-subsidize

the lower upfront closing cost mortgages more.

A key advantage of my approach is that I am able to quantify the consequences of this cross-

subsidization. As my second conclusion, I find that the cross-subsidization of mortgage closing
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costs generates large transfers between borrowers. I estimate that eliminating the cross-subsidization

of mortgage closing costs by requiring all borrowers to add their closing costs to the balance of the

loan5 would reduce the average difference in borrower utility in the current world relative to the

no cross-subsidization benchmark by approximately half. Thus, approximately half of the cross-

subsidization in the US mortgage market due to differences in prepayment tendencies can be at-

tributed to the equilibrium consequences of the contractual feature where borrowers finance their

mortgage closing costs via the rate rather than via a standard loan. As my third conclusion, I show

that the efficiency consequences of price distortions are large. In particular, I estimate that around

one quarter of all US refinancing would not have occurred but for this cross-subsidization, leading

to a welfare loss of around $3.5 billion per year relative to the no cross-subsidization benchmark.

Using the model, I conduct two counterfactual analyses in Section 1.7. First, I investigate bor-

rower welfare under an alternative contract design where their closing costs have to be added to the

mortgage balance. I find a reduction in cross-subsidization from $1339/borrower to $698/borrower,

a decrease of 48%. Furthermore, I find an increase in average borrower utility of $556/borrower in

dollar terms. Second, I study the case of automatically refinancing mortgages. This contract elim-

inates the cross-subsidization between borrowers with different refinancing speeds, and leads to a

bigger increase in average borrower utility of $1215/borrower. My results suggests that the equity-

efficiency trade-off is not binding in the US mortgage context: it is possible to reduce inequality

while increasing total welfare.

5Requiring mortgage closing costs to be paid upfront or added to the balance of the loan both
eliminate the cross-subsidization. I chose to model it as the latter to avoid borrower liquid savings
constraints.
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My paper is about how information frictions can lead to cross-subsidization and how the incen-

tives generated by such cross-subsidization can lead to inefficiency. Without information frictions,

it would be Pareto optimal to have complete markets for mortgage contracts under competitive

equilibrium.6 With information frictions, actively refinancing borrowers may seek out contracts

that carry more cross-subsidization and generate deadweight losses in the process. The fact that ac-

tively refinancing borrowers may select into contracts that are more heavily cross-subsidized but

are “costlier” for the lender may be considered a form of adverse selection in the sense of Einav et al.

(2013). As such, my findings have close parallels in the health insurance market, where it is well-

known that adverse selection can lead to sub-optimal outcomes under competitive equilibrium and

that contractual mandates can improve welfare.7 Finally, while my model is fully consistent with

all borrowers being rational, if one instead views the slow to refinance borrowers who add closing

costs to the rate as behavioral agents who do not understand the true cost of a higher interest rate, it

can also be interpreted as an empirical model of a shrouded equilibrium as in Gabaix and Laibson

(2006).

My paper is primarily related to the literature on borrower heterogeneity in mortgage refinancing

behavior. Many papers document and model the large borrower heterogeneity in refinancing behav-

ior conditional on the interest rate savings available, including Archer and Ling (1993), McConnell

6Arrow and Debreu (1954).
7See, e.g., Akerlof (1970), Rothschild and Stiglitz (1976), Wilson (1977) for early theoretical

work, Einav and Finkelstein (2011) for a review, and Cutler and Reber (1998), Einav, Finkelstein,
and Cullen (2010), Bundorf, Levin, andMahoney (2012), Hackmann, Kolstad, and Kowalski
(2015), Handel, Hendel, andWhinston (2015), Handel, Kolstad, and Spinnewijn (2019), Ho and
Lee (2021) for examples of empirical work in this area.
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and Singh (1994), Stanton (1995), Deng, Quigley, and Van Order (2000a), Agarwal, Rosen, and Yao

(2016), Keys, Pope, and Pope (2016a), Johnson, Meier, and Toubia (2018a), Andersen et al. (2018),

Beraja et al. (2018a), Ambokar and Samaee (2019), and Gerardi, Willen, and Zhang (2021). This

literature has primarily studied borrower refinancing heterogeneity in the reduced form and is not

able to quantify the degree of the cross-subsidization between borrowers with different refinancing

speeds among various mortgage contracts. A contemporaneous paper, Fisher et al. (2021), studies

cross-subsidization in the UKmortgage market using a structural model. My model captures richer

dynamics in terms of stochastic interest rates and heterogeneous borrower moving expectations

which are quantitatively important, and points out the significant impact of borrower selection of

mortgage contracts in terms of upfront closing costs in determining the equilibrium transfers and

deadweight losses.

My paper also contributes to the literature on life-cycle models of mortgage choice. This includes

Campbell and Cocco (2003), Mayer, Piskorski, and Tchistyi (2013), Corbae and Quintin (2015),

Campbell and Cocco (2015) Eichenbaum, Rebelo, andWong (2018), Chen, Michaux, and Rous-

sanov (2020), Campbell, Clara, and Cocco (2021) and Guren, Krishnamurthy, andMcQuade

(2021). Of these papers, only Eichenbaum, Rebelo, andWong (2018) incorporate equilibrium

cross-sectional heterogeneity in refinancing behavior, which they use to model the state-dependent

behavior of monetary policy, but they do not endogenize the mortgage premia and subsequently do

not study its implications in terms of borrower cross-subsidization and welfare.

In terms of institutions, my paper is related to a growing literature on choices of mortgage up-

front closing costs, which are also called points. In this literature, Brueckner (1994) LeRoy (1996),
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and Stanton andWallace (2003) present theories of mortgage points that emphasize the role of se-

lection on borrowers’ expected prepayment speeds. My empirical work takes this selection seriously

and evaluates its welfare implications. Chari and Jagannathan (1989) study the role of insurance to

income shocks for the institution of mortgage points, which I also incorporate in my quantitative

model. Empirical work on consumer behavior with mortgage points includes Woodward and Hall

(2012) who document how points may lead to sub-optimal shopping, Agarwal, Ben-David, and Yao

(2017a) who show that many borrowers make the “mistake” of paying too much in points given

their predicted refinancing propensities, and Benetton, Gavazza, and Surico (2020) who look at the

UK context and finds that lenders may exploit heterogeneity in demand elasticities between rates

and points to increase profits.8

The rest of this paper is structured as follows. Section 1.2 presents the background about the

upfront closing cost and interest rate trade off. Section 1.3 describes the data used in the study. Sec-

tion 1.4 presents motivating facts. Section 2.3 presents my model and simulation results. Section 1.6

presents estimation results. Section 1.7 describes the counterfactual analyses. Section 2.6 concludes.

1.2 Background

US borrowers face a choice between a mortgage with a higher interest and a lower upfront clos-

ing cost or a mortgage with a lower interest rate and a higher upfront closing cost. I illustrate this

choice in Figure 2.9, which shows a series of options for rates and upfront closing costs from a

8Another strand of literature on mortgage points concerns its role in mortgage discrimination:
Bhutta and Hizmo (2020), Bartlett et al. (2019a), and Zhang andWillen (2021).
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lender ratesheet. The first column of the table in Figure 2.9 shows the choices of interest rates that

are available to a borrower, while the 15 Day, 30 Day, and 45 Day columns show the corresponding

upfront closing costs, quoted in percentages of the loan amount, that borrowers would have to pay

in order to receive the rate once the loan is originated within the given lock period.9 The quoted

upfront payment to the lender are also called “points.” In particular, Figure 2.9 shows how borrow-

ers might choose a mortgage with a lower interest rate by paying more points, or a mortgage with a

higher interest rate by paying fewer (or, even, negative) points.10 Appendix Figure A.12 shows an

example of how borrowers were shown a series of rate and upfront closing cost choices from a price

comparison website.

9A rate is “locked” when a lender commits to originating a mortgage with the given terms
within the stated lock period of, e.g., 15, 30, or 45 days.

10Negative points are possible to cover the other upfront closing costs borrowers may have to
pay, such as transfer taxes and application fees.
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Figure 1.1: Rate and upfront closing costs options in an example lender rate sheet

Not all choices within Figure 2.9 are equally likely to be chosen. Mortgages with low or negative

upfront closing costs/points are significantly more popular with borrowers than contracts with

high upfront closing costs/points. I show that these low upfront closing cost mortgage contracts

generate significant transfers between borrower with different refinancing types, and that the cross-

subsidization of these contracts lead to pricing distortions which generate deadweight losses.

This trade-off is more important than it may first appear. As a concrete example, based on Fig-

ure 2.9, a borrower with $200k mortgage and $10,300 in closing costs (5.15% of loan amount,

which is close to the average) would see their rate increase from 3.5% to 4.375%, a 87.5bps increase,

if they were to add all closing costs to the rate.11 This 87.5bps increase in rate has significant distri-

11Going from a 3.5% mortgage at 4.213 points to a 4.375%mortgage at -0.952 points.
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butional consequences to the extent that slow to refinance borrowers pay it for a longer period of

time than other borrowers. It also has efficiency consequences to the extent that slow to refinance

borrowers cross-subsidize other borrowers’ price of mortgage origination, leading to excessive refi-

nancing by other borrowers.

In this paper, I characterize mortgages with low or negative upfront closing costs/points as mort-

gages with their price of mortgage origination added to the rate. To be more precise about the defini-

tion of the price of mortgage origination added to the rate, focusing on the setting where lenders are

selling the mortgages they originate on the secondary market,12 I decompose lenders’ total origina-

tion revenue frommaking a loan as:

lender origination revenue︸ ︷︷ ︸
price of mortgage origination

= upfront closing costs︸ ︷︷ ︸
paid upfront

+ secondary marketing income(c)︸ ︷︷ ︸
added into rate

(1.1)

where secondary marketing income(c) refers to the net income lenders derive from selling a loan

with interest rate c on the secondary market. The secondary marketing income can be alternatively

described as the premium of the mortgage relative to par. To illustrate what the secondary market-

ing income as a function of interest rates might look like on a given day, Figure 1.2 plots the sec-

ondary market value of mortgages based onMBS TBA prices as a percentage of the loan amount at

various interest rates.13 It shows that mortgages with higher interest rates tend to be more valuable

12Or, equivalently, where lenders are evaluating the value of their portfolio based on their poten-
tial secondary market value.

13The TBAmarket is a highly liquid market where most MBS are traded, and is described in
more detail in Vickery andWright (2013).
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on the secondary market and that originating a mortgage with a high enough interest rate generates

positive secondary marketing income.

Figure 1.2: Secondary marketing income as a function of interest rates
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The price of mortgage origination can be added to the interest rate of the mortgage because a

mortgage with a higher interest rate carries a higher monthly payment and is more valuable on the

secondary market. This adding to the rate mechanism allows the lenders to charge lower upfront

closing costs while maintaining the same origination revenue frommaking a loan. Indeed, in Ap-

pendix A.3 I find that, based on rate sheet data, the pass-through of higher secondary marketing
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income to lower upfront closing costs to be nearly complete across a range of interest rate choices.

1.3 Data

For my loan-level analyses, I use a combination of three data sets. The first data set is the 2013–2020

data fromOptimal Blue on rate locks. Optimal Blue is a rate-locking platform used by lenders con-

stituting about 40% of all U.S. mortgage originations.14 It contains information about interest rates,

upfront closing costs in the form of points paid by the borrower, and time of the lock. Second, I use

the 2013–2021 CRISM (Equifax Credit Risk Insight Servicing McDash Database) data, which is

an anonymous credit file match from Equifax consumer credit database to Black Knight’s McDash

loan-level mortgage data set. It contains information on loan performance and a time-varying bor-

rower characteristic in terms of their Equifax Risk Score. The CRISM data also allows me to classify

prepayments as moves or refinances.15 It has been frequently used to study borrower refinancing

behavior.16 Third, I use the 2013–2019 HomeMortgage Disclosure Act (HMDA) data to capture

borrower demographics.

I construct two novel matches of these data sets, including a 2018–2019 Optimal Blue-HMDA

14Mortgage lenders use rate-locking platforms such as Optimal Blue to assist their loan origi-
nators and mortgage brokers in offering rates to their clients. This data set has been used to study
issues surrounding rates and points in Bhutta and Hizmo (2020) and in mortgage pricing in Bhutta,
Fuster, and Hizmo (2020).

15I follow the procedure of Lambie-Hanson and Reid (2018) and Gerardi, Willen, and Zhang
(2021) to identify moving by classifying a prepayment as a move if the borrower’s address changed
within a 6-month window surrounding the prepayment date.

16See, e.g., Beraja et al. (2018a), Lambie-Hanson and Reid (2018), Di Maggio, Kermani, and
Palmer (2020), Cunningham, Gerardi, and Shen (2021), Abel and Fuster (2021), and Gerardi,
Willen, and Zhang (2021).
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match and a 2013–2021 Optimal Blue-HMDA-CRISMmatch, for my empirical analyses. I focus

on 30-year, conforming, fixed-rate mortgages for my study due to their status as the most commonly

chosen form of mortgage contract in the US.17 Details of the matching procedure as well as sum-

mary statistics can be found in the Appendix A.2.1 and A.2.

Finally, I obtain actual data on the rate and upfront closing cost menus from LoanSifter.18 Sum-

mary statistics and more detailed descriptions of the LoanSifter data are shown in Appendix A.2.3.

I show that the rate and upfront closing cost trade-off from LoanSifter on average closely matches

the rate and secondary marketing income relationship as implied byMBS TBA prices fromMorgan

Markets in Appendix A.3.

1.4 Motivating facts

In this section, I present some stylized facts that illustrate the existence of cross-subsidization of

mortgage closing costs and its sizable distributional implications. First, I show in Section 1.4.1 that

almost all borrowers pay for most of their mortgage closing costs through a higher interest rate on

their mortgage relative to mortgage-backed securities yields, rather than upfront. Second, I show

that borrowers have heterogeneous refinancing tendencies in Section 1.4.2. Third, I show that the

interaction of these two effects means different borrowers with the same closing costs added to the

rate end up with very different net present values (NPVs) of their extra interest rate payments, ex

17Complex mortgages used to be more common before the financial crisis, but have largely
vanished by the start of my sample period (Amromin et al., 2018).

18These two data sets have also been used in Fuster, Lo, andWillen (2017) to study the time-
varying price of mortgage intermediation.
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post, in Section 1.4.3. Fourth, I assess magnitude of this difference by demographic groups in Sec-

tion 1.4.4. Fifth, I explore the evidence on the selection (and lack thereforeof) of borrowers with

different refinancing tendencies into upfront closing cost choices in Section 1.4.5.

1.4.1 Prevalence of mortgages with closing costs added to the rate

When borrowers take out a mortgage, they have a choice between adding closing costs to the rate

of the mortgage or paying them upfront. In this section I assess the extent to which mortgage clos-

ing costs are added to the rate using the 2018–2019 Optimal Blue-HMDA data. The 2018–2019

HMDA data contains information about the upfront closing costs paid by the borrower in the form

of loan origination costs, and the match to Optimal Blue data enables me to obtain information on

when the rate was locked which then allows me to estimate the revenue that lenders generate from

the secondary market.

I estimate the extent to which mortgage closing costs are added to the rate based on Equation (1.1),

which breaks down lenders’ total revenue from origination as the sum of upfront closing costs and

secondary marketing income. The secondary marketing component of lender revenues is estimated

following the procedure of Fuster, Lo, andWillen (2017),19 where the revenue that lenders generate

19The methodology of Fuster, Lo, andWillen (2017) for estimating secondary marketing income
involves estimating the premium of an originated mortgage relative to par fromMBS TBA prices by
subtracting g-fees (the cost of GSE guarantee) from the mortgage interest rate and then using that
as the coupon rate, the value of which is then derived using linear interpolation on reportedMBS
TBA prices between (i) coupons and (ii) trading days.
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from the secondary market y as a fraction of the mortgage balanceMit is given as:

yit =
pTBA+payup
it (cit − gfeest)−Mit

Mit
(1.2)

where pTBA+payup
it is the estimated value of the mortgage on the secondary market based on TBA

prices plus “payups,” for a coupon rate cit − gfeest where cit is the interest rate on the mortgage and

gfeest is the price of the government guarantee. Payups are additional amounts that investors pay

for anMBS relative to the TBA price for mortgages that have particularly favorable prepayment

risk. Low-balance mortgages, for example, are less likely to be prepaid and hence tend to be more

valuable in the secondary market. As a result, I add the payups based on mortgage size to the MBS

TBA price.20

The results of my analysis are shown in Figure 1.3. The left panel in Figure 1.3a shows that

lenders make on average 4.6% of the mortgage balance as revenue for each mortgage they originate.

This revenue compensates the lender for their costs. First, lenders need to pay for the upfront costs

of mortgage insurance, also called loan-level price adjustments (LLPAs) by Fannie Mae and Freddie

Mac. Second, lenders pay for loan originator compensation, which can be 1–2% of the loan amount.

Third, lenders pay for the underwriting and processing costs associated with the origination. Rela-

20A drawback of this approach of estimating secondary marketing income is that it excludes
both the impact of the revenue generated from the sale of mortgage servicing rights and the fees
paid to servicers from coupon payments. Fuster, Lo, andWillen (2017) argue that the two effects
may approximately cancel each other out. Without explicit data on the value of mortgage servicing
rights, I also compute a lower bound on the estimated lender revenues by looking at the MBS value
of the net interest rate paid to investors by assuming counterfactually that mortgage servicing rights
are worth zero. This lower bound is presented in Appendix Figure A.4, which still shows that the
vast majority of mortgages have their closing costs paid for through the rate.
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tive to these expenses, the portion that is attributable to accounting profits are low: the Mortgage

Bankers’ Association (MBA) reports an average production profit of 0.14% of the loan amount in

2018 and 0.31% of the loan amount in 2017.21

The right panel of Figure 1.3b shows that only a small fraction of lender revenue is paid as up-

front closing costs, with an average of 19.5%. That is, even though most of the lender costs of orig-

ination are incurred upfront, 80.5% of the price of origination is added to the rate of the mortgage

and paid over time primarily by immobile and inactively refinancing borrowers. Hence, almost

all mortgages being originated in the US can be considered “low upfront closing cost” mortgages

whose price of mortgage origination are prone to cross-subsidization between borrowers with differ-

ent refinancing speeds.

21https://www.mba.org/2019-press-releases/april/independent-mortgage-bankers-production-
volume-and-profits-down-in-2018. MBA also reports that average net production revenues in 2018
(excluding LLPAs) are 3.47% of the loan amount, which is consistent with my estimate of 4.6%
with LLPAs.
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Figure 1.3: Lender revenue and percentage paid as upfront closing costs

(a) Estimated lender revenue

(b) Fraction of lender revenue paid upfront

Conceptually, the empirical observation that lenders make most of their income from secondary
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marketing revenue is best characterized as closing costs being added to the rate if higher secondary

marketing revenue is passed through to consumers as lower upfront closing costs. I present evidence

that this is true in Section A.3.

1.4.2 Heterogenous refinancing tendencies

It is well-known that some borrowers are slow to refinance, while others are more quick to refinance

when interest rates fall.22 This is also true in my Optimal Blue-HMDA-CRISM sample. In partic-

ular, Figure 1.4 plots the Kaplan-Meier survival hazards of prepayment following months where

the interest rate incentive for refinancing, here defined as the decrease in the 30-year Freddie Mac

survey rate, is greater than 1.2%, which is larger than the optimal refinancing threshold in typical cal-

ibrations of both the Agarwal, Driscoll, and Laibson (2013b) model and my model as presented in

Section 2.3. Kaplan-Meier survival hazards are also used to illustrate borrower refinancing behavior

in Andersen et al. (2018).

Figure 1.4 shows the results. In particular, more than half of mortgages are not prepaid after 10

months of a relatively high refinancing incentive. While this could be due to supply-side constraints,

it also shows that the same pattern holds among a group of borrowers who maintained an Equifax

Risk Score of greater than or equal to 700 and an LTV of less than or equal to 80% throughout the

sample and are hence unlikely to be unable to refinance due to unemployment, eligibility, or cash

flow constraints. Even among this group of borrowers, I find that more half are not prepaid after 10

22See, e.g., Archer and Ling (1993), McConnell and Singh (1994), Stanton (1995), Agarwal,
Rosen, and Yao (2016), Keys, Pope, and Pope (2016a), Johnson, Meier, and Toubia (2018a), and
Andersen et al. (2018).
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months of a relatively high refinancing incentive.

Figure 1.4: Kaplan-Meier survival hazards with months of interest rate incentive being greater than
1.2%

1.4.3 Cross-subsidization of closing costs added to the rate

The interaction of heterogeneity in refinancing tendencies and closing costs added to the rate im-

plies a cross-subsidization of mortgage closing costs. To illustrate this in my data, Figure 1.5 looks

at borrowers with similar amounts of closing costs added to the rate (between 4.75-5.25%) in 2013

in my Optimal Blue-HMDA-CRISM sample and compares the NPV of the extra interest rate they

paid as a percentage of their loan amount.23 Due to differences in prepayment behavior, I find large

differences in howmuch borrowers end up paying for the 4.75-5.25% in closing costs they added to

the rate, ranging from close to 0% to more than 6%.

23The year 2013 was chosen because it is the earliest year in my sample.
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Figure 1.5: NPV of extra interest paid, 2013 mortgages with 4.75–5.25% of the loan amount in
closing costs added to the rate

The reason for the variance in outcomes in Figure 1.5 is that, when the closing costs are added to

the rate of the mortgage, lenders can only recover their closing costs over time through a higher inter-

est rate payment. The principal balance of the mortgage remains unchanged. Therefore, borrowers

who prepay earlier end up paying less, while borrowers who prepay later end up paying more. The

transfers and deadweight losses studied in this paper come from the extent to which that borrowers

who actively refinance pay less for their closing costs in expectation and receive cross-subsidization

from other borrowers.
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1.4.4 The predictability of cross-subsidization by demographics

Next, I examine the extent of this ex-post cross-subsidization by demographics. To do so, I run the

regression on loan level data in my Optimal Blue-HMDA-CRISM sample:

NPVi,t = βXi + γZi + ξφi,t×t + εi,t (1.3)

whereNPVi,t is the NPV of extra interest paid for their closing costs that are added to the rate over

the observed life of the mortgage; Xi is a set of demographic and credit utilization variables including

race (Black, Hispanic), gender (male and female), credit card revolver status, and quartiles of educa-

tion; Zi is a set of control variables including categories of credit scores at origination, LTV, DTI,

and log loan amount; ξφi,t×t is the amount of closing costs added to the rate by time fixed effects.

The results of this analysis are shown in Figure 1.6 and Table 1.1. I find that Black and Hispanic

borrowers paid an extra 0.5% of the loan amount for their closing costs added to the rate relative to

other borrowers. For a $300,000 loan, the magnitude of this cross-subsidization is about $1500 per

loan. Furthermore, single-applicant female borrowers paid an extra 0.24% of the loan amount for

their closing costs added to the rate. A limitation of this analysis is that does not take into account

the potentially unexpected decline in interest rate during this period, so a model is needed to get at

the welfare effects ex ante.
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Figure 1.6: NPV of extra interest paid by demographic and borrower characteristics
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Table 1.1: Regression on NPV of extra interest paid by demographic and borrower characteristics

(1)
NPV of Extra Interest Paid

Black 0.434∗∗∗ (2.17)
Hispanic 0.480∗∗∗ (3.38)
Single male -0.042 (-0.40)
Single female 0.223∗∗ (1.89)
First-time home buyer 0.078 (0.64)
Credit card revolver 0.091 (0.56)
1st quartile of education 0.101 (0.72)
2nd quartile of education 0.124 (0.85)
3rd quartile of education 0.098 (0.70)
Log(loan amount) -0.363∗∗∗ (-2.92)
Credit Score controls Yes
LTV controls Yes
DTI control Yes
Constant 7.918∗∗∗ (4.85)
Observations 1275
φ by month FEs Yes

Robust t statistics in parentheses.
* p<0.1, ** p<0.05, *** p<0.01

1.4.5 Selection in choices of upfront closing costs

Finally, I examine borrower choices of upfront closing costs in my Optimal Blue-HMDA-CRISM

data, paying particular attention to selection by borrower type. If borrowers all know their prepay-

ment types and choose upfront closing costs solely based on their expected prepayment propensities,

then there would be no cross-subsidization between borrowers despite heterogeneity in prepayment

propensities. The choice of upfront closing costs would serve as a screening device that separates

borrowers by type, as described in the models of Brueckner (1994), LeRoy (1996), and Stanton and
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Wallace (2003). While I find some selection in the data, I also find evidence of within-choice hetero-

geneity in ex-post prepayment and refinancing behavior, which leaves room for cross-subsidization.

In this section, I measure borrower upfront closing costs in terms of “points,” where each point

is customarily one percent of the loan amount used to reduce the interest rate. Upfront closing costs

consist of points plus an application fee. Negative points, also called “lender credit,” that reduce

the toal upfront closing costs paid are also possible. The reason I use points rather than upfront

closing costs in this analysis is that, unlike the 2018–2019 Optimal Blue-HMDA data, the 2013–

2021 Optimal Blue-HMDA-CRISM data contains only information on points and not any other

application fees the lender may charge. To the extent that these application fees are constant within

lender and loan type, my lender by county by year fixed effects within the sample of 30-year, fixed

rate mortgages alleviates the effect of this measurement error.

First, I examine the extent to which borrowers with different prepayment behavior choose dif-

ferent levels of upfront closing costs measured in terms of points. Figure 1.7 plots the distribution

of borrower choices of points by their eventual refinancing or prepayment behavior. I define a non-

refinancing borrower as one who did not refinance or otherwise prepay within five years despite

facing a Freddie Mac Survey Rate decrease of at least 1.4%. As the figure shows, although non-

refinancing borrowers on average pay more points, and borrowers who prepay within five years

on average pay fewer points, the difference is small in terms of the overall distribution.

30



Figure 1.7: Points paid by borrower prepayment behavior

(a) Refinancing behavior

(b) Prepayment behavior

To make sure that the result of Figure 1.7 holds even after controlling for underwriting variables,
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I run an OLS regression of the number of points paid with (1) an indicator function for whether

the borrower is a non-refinancing borrower, and (2) an indicator function for whether the borrower

prepaid within five years. Results are shown in Table 1.2. Indeed, while I find a positive correlation

between non-refinancing borrowers and their payment of points, and a negative correlation between

borrowers who prepay within five years and their choices of points, the magnitude of the difference

is small at no more than 12 basis points. This analysis suggests that most of the heterogeneity be-

tween borrower prepayment behavior remains conditional on choices of upfront closing costs.

Table 1.2: Choices of points and refinancing/prepayment behavior

(1) (2)
Points Points

Non-refi borrower 0.094∗∗∗ (3.91)
5-year prepayment -0.122∗∗∗ (-3.94)
Log(loan amount) 0.121∗∗∗ (3.54) 0.118∗∗∗ (3.70)
Credit score controls Yes Yes
LTV controls Yes Yes
DTI control Yes Yes
Constant -1.419∗∗∗ (-3.20) -1.290∗∗∗ (-3.25)
Observations 3935 3935
LenderXCountyXYear FEs Yes Yes
Robust t statistics clustered by lender and county in parentheses.
* p<0.1, ** p<0.05, *** p<0.01

Next, I present regression estimates of how borrower choices of points correlate with their pre-

payment behavior with choices of points and prepayment as the dependent variable. The regres-
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sions are of the form:

1i,t = βXi + γZi + ξli,t×ci,t×t + εi,t (1.4)

where as before Xi is a set of demographic and credit utilization variables including race (Black and

Hispanic), gender (male and female), credit card revolver status, and quartiles of education; Zi is

a set of underwriting variables including categories of credit scores at origination, LTV, DTI, and

log loan amount; ξli,t×ci,t×t is the lender by county by year fixed effects. I run three regressions of

this form with the indicator variable 1i,t being equal to the amount of points paid, whether the

mortgage was prepaid within five years, and whether the mortgage was originated by a borrower

who failed to refinance despite facing a greater than or equal to 1.4% refinancing rate incentive.

Results are shown in Table 1.3. First, in terms of points, I find that borrowers with a larger loan

amount pay more points, and that the correlation is small in terms of other borrower characteristics.

The correlation between point choices and predicted prepayment behavior is also weak. For exam-

ple, Black and Hispanic borrowers are significantly less likely to prepay their mortgage and more

likely to be a non-refinancing borrower, but their choices of points are not statistically significantly

different from zero compared to the other borrowers.24

24Bhutta and Hizmo (2020) finds that minority borrowers tend to pay fewer points. The dis-
crepancy in results can be explained by the fact that we focus on conforming mortgages rather than
FHAmortgages used in Bhutta and Hizmo (2020), and is explored in more detail in Zhang and
Willen (2021).
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Table 1.3: Borrower choices of points and their prepayment behavior by characteristics

(1) (2) (3)
Points 5-year prepayment Non-Refi Borrower

Black 0.022 (0.21) -0.129∗∗∗ (-3.60) 0.229∗∗∗ (6.28)
Hispanic 0.022 (0.46) -0.059∗∗ (-1.89) 0.074∗∗∗ (3.38)
Single male 0.020 (0.66) -0.000 (-0.01) 0.006 (0.34)
Single female -0.019 (-0.51) -0.022 (-1.01) 0.016 (0.72)
First-time home buyer 0.026 (0.47) -0.017 (-0.54) 0.026 (0.96)
Credit card revolver -0.041 (-0.89) 0.080∗∗∗ (2.37) -0.022 (-0.58)
1st quartile of education -0.051 (-1.18) -0.039 (-0.99) 0.021 (1.14)
2nd quartile of education -0.060 (-1.05) -0.010 (-0.38) -0.016 (-0.60)
3rd quartile of education -0.019 (-0.41) -0.007 (-0.19) -0.031 (-1.10)
Log(loan amount) 0.093∗∗∗ (2.83) 0.0763∗∗∗ (3.96) -0.140∗∗∗ (-7.21)
Credit score controls Yes Yes Yes
LTV controls Yes Yes Yes
DTI control Yes Yes Yes
Constant -1.069∗∗ (-2.41) -0.437∗ (-1.95) 2.041∗∗∗ (10.62)
Observations 3935 3935 3935
LenderXCountyXYear FEs Yes Yes Yes
Robust t statistics clustered by lender and county in parentheses.
* p<0.1, ** p<0.05, *** p<0.01

Another way to examine selection is to look at how borrower choices of points relate to their

moving and refinancing behavior. Points do predict moving and prepayment behavior in a statisti-

cally significant manner, which is indicative of some selection being important in this market. To do

so, I run the the linear probability model on an indicator variable for moving or refinancing:

1i,t(move/refi) =
N∑
j=1

βj1(ψi = j) + γZi + ξli,t×ci,t×t + εi,t (1.5)
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where 1i,t(move/refi) is an indicator variable that is equal to either moving or refinancing; βj are a

set of coefficients on categories of points choices as represented by the indicator function 1(ψi = j),

and Zi is a set of controls including the call option value of refinancing fromDeng, Quigley, and

Van Order (2000a), the spread of the mortgage interest rate at origination to the Freddie Mac Pri-

mary Market Survey Rate (spread at origination, or SATO) as well as its square, and the standard

set of loan amount, credit score at origination (credit score), loan-to-value ratio (LTV), and debt-to-

income ratio (DTI) controls. In particular, the call option value of refinancing is defined as:

Call Optioni,k =
Vi,m − Vi,r

Vi,m
(1.6)

where

Vi,m =

TMi−ki∑
s=1

Pi
(1+mit)s

(1.7)

Vi,r =

TMi−ki∑
s=1

Pi
(1+ ci)s

(1.8)

and ci is borrower i’s mortgage rate at origination, TMi is the mortgage term, ki is the number of

months already past,mit is the Freddie Mac Primary Market Survey Rate, and Pi is the size of the

current mortgage payment. The Call Option variable represents the potential interest rate savings

from refinancing, which is positively correlated with refinancing behavior. Finally, ξli,t×ci,t×t repre-

sents lender by county by year fixed effects, and εi,t is the error term.

Figure 1.8 and Table 1.4 present the results. In particular, Figure 1.8a plots the predicted proba-
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bilities of moving by categories of points paid in intervals of width 1. It shows that, all else equal, the

borrowers’ moving hazard is decreasing in the amount of points that they pay, which is consistent

with a selection story. Figure 1.8b shows the same pattern but for refinancing. In general, borrowers

who pay more points are less likely to move and refinance.
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Figure 1.8: Moving/refinancing probability by points paid

(a)Moving probability by points

(b) Refinancing probability by points

Table 1.4 shows the regression coefficients that underlie these results. The regression coefficients
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show a negative, monotone, and statistically significant relationship between the level of points paid

and moving and refinancing probabilities. In terms of control variables, the Call Option, spread at

origination SATO, and log of the loan amount are positively correlated with moving and refinanc-

ing.

Table 1.4: Choices of points and refinancing/prepayment behavior

(1) (2)
Moved Refi’ed

-1.5% to -0.5% points -0.046∗∗∗ (-2.60) -0.021 (-1.54)
-0.5% to 0.5% points -0.110∗∗∗ (-5.33) -0.053∗∗∗ (-3.93)
0.5% to 1.5% points -0.120∗∗∗ (-4.95) -0.070∗∗∗ (-4.99)
≥1.5% points -0.141∗∗∗ (-5.11) -0.075∗∗∗ (-4.33)
Call Option 0.986∗∗∗ (13.01) 1.290∗∗∗ (17.81)
SATO 0.025 (0.84) -0.135∗∗∗ (-3.87)
SATO Sq -0.131∗∗∗ (-6.46) 0.063∗ (-2.00)
Log(loan amount) 0.204∗∗∗ (18.99) 0.095∗∗∗ (9.62)
Credit score controls Yes Yes
LTV controls Yes Yes
DTI control Yes Yes
Constant -1.940∗∗∗ (-15.73) -0.897∗∗∗ (-6.88)
Observations 8529466 8529466
LenderXCountyXYear FEs Yes Yes
Robust t statistics clustered by lender and county in parentheses.
* p<0.1, ** p<0.05, *** p<0.01

These patterns imply that a model of cross-subsidization by prepayment type has to take into

account both the within-choice heterogeneity in prepayment behavior as well as the selection of

borrowers into point choices by their ex ante prepayment expectation. My model accomplishes both

of these tasks. In particular, by estimating a distribution of ex ante moving and refinancing types
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and how they correlate through borrower choices of points, it simultaneously incorporates both

selection and within-choice borrower heterogeneity.

1.5 Model

The motivating facts in Section 1.4 show that the institutional feature where mortgage closing costs

tend to be added to the rate of the mortgage makes it susceptible to substantial cross-subsidization

between borrowers with different refinancing speeds, and that this cross-subsidization has distribu-

tional implications. While revealing, this analysis was conducted in a period with declining interest

rates which may overstate the magnitudes of the differences in outcomes by demographic groups. I

use a structural model to answer the questions: how big are these effects ex ante? And, what are the

equilibrium interactions between agents and their welfare implications?

Because borrower refinancing behavior is an important determinant of mortgage interest rates,

an equilibriummodel that incorporates the supply side (ie. mortgage interest rate) response to het-

erogeneity in refinancing behavior is needed to get at the welfare questions. As such, I build an equi-

librium of mortgage choice that rationalizes the heterogeneity in borrower refinancing behavior and

allows me to assess its welfare implications in dollar terms. On the demand side, following the state-

of-the-art from Andersen et al. (2018), I estimate a distribution of borrower refinancing costs with

two components: a fixed refinancing hassle cost and a time varying ability to refinance. In addition,

borrowers differ by their moving probabilities and discount factors. These decisions are then embed-

ded in a workhorse lifecycle model of mortgage choice from Campbell and Cocco (2015) and Chen,
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Michaux, and Roussanov (2020). A competitive supply side pins downmortgage interest rates at

various levels of upfront closing costs and closes the model.

Calibration of the model shows evidence of large cross-subsidization of low upfront closing cost

mortgages from slow to refinance borrowers. In addition, the fully estimated model allows me to

measure the welfare implications of heterogeneity in borrower refinancing tendencies in equilib-

rium, which is an independent contribution to the literature that has largely studied this heterogene-

ity in the reduced form.

1.5.1 Setup

Demand side

On the demand side, households maximize non-housing consumption with time-separable utility

with bequest motive for terminal wealth taking housing choice as exogenous:

maxE1

T∑
t=1

βt−1
i

(Cit)
1−γi

1− γi
+ βTi bi

W1−γ
i,T+1

1− γ
, (1.9)

where T is the terminal age, βi the time discount factor, Cit the non-durable consumption, γi the

coefficient of relative risk aversion, andWi,T+1 the real terminal wealth.

In terms of exogenous state transitions, I assume that the risk-free rate r1t follows the model of

Cox, Ingersoll, and Ross (1985), which has a natural zero lower bound. I take inflation π = 1.68%

as a constant equal to the average in my sample.25 Real (log)labor income Lit, house priceHit, and

25Inflation expectations were stable over my sample period, and a constant term for inflation al-
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changes in the mortgage interest rate at an average level of upfront closing costs Δc̄t are modelled

as a vector auto-regression (VAR) with the risk-free rate r1t as an exogenous covariate, the details

of which are described in Appendix A.5.1. Finally, moving is treated as an exogenous mortgage

refinance at an average level of upfront closing costs.

In each period, households make a decision of whether to refinance along with a consumption

and savings decision. In doing so, they face financial constraints in the sense that their savings Sit ≥

0. They make a real mortgage payment PMit and earn interest r1t on savings minus inflation πt, and so

in non-refinancing periods their non-durable consumption Cit in real terms can be written as:

Cit = exp(Lit)− PMit + (r1,t−1 − πt)Sit−1 + ΔSit (1.10)

Where ΔSit = Sit − Sit−1 is the change in the borrower’s savings. In order to refinance, borrowers

need to pay a cost κ̃it. I model the borrowers’ refinancing cost κ̃it as:

κ̃it =


∞, with probability 1− pai

κi, with probability pai

(1.11)

where pai is the probability that a borrower is able to refinance in a particular time period. The inclu-

lows me to easily convert the nominal mortgage payment from the amortization table to real terms.
In particular, the real mortgage payment under constant inflation is PM

it = 1
(1+π)tMi

cit/12(1+cit/12)n
(1+cit/12)n−1 .

Note that becauseMi is fixed, this formula does not incorporate the slight differences in the speed
of principal paydown as borrowers refinance to mortgages with different interest rates. This feature
is standard for the literature and the error resulting from it is likely small for minor differences in
rates.
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sion of time- and state-varying refinancing costs is necessary to fit the data where borrowers do not

immediately refinance when facing their cut-off, as described in Andersen et al. (2018) which uses a

similar setup for capturing refinancing costs.

Furthermore, I require that the refinance must leave the borrower a loan-to-value (LTV) ratio

of at most 95%, which is required by Freddie Mac26 and captures the constraints to refinancing in

periods of house price decline as described in Hurst et al. (2016).

The full value functionVit(cit, Si,t−1, c̄t, r1,t−1,Hit,Hi,t−1,Lit) is a function of the state variables

interest rate on the mortgage cit, last period savings Si,t−1, the current market interest rate c̄t, last

period’s risk-free rate r1,t−1, house priceHit, lagged house pricesHi,t−1, labor income Lit. Of these

variables, cit, Sit are endogencous in that they are influenced by the decision to refinance and bor-

rower’s consumption decision, while the other states are exogenous. In what follows I write the

value function Ṽit(cit, Sit) = Vit(cit, Sit, c̄t, r1,t−1,Hit,Hi,t−1,Lit) as a function of the endogenous

variables only for brevity.

When first getting a mortgage, borrowers make a choice of mortgage interest rate c along with

their associated upfront closing cost ψit(c) to maximize their expected utility in the first period:

E1Ui1 = max
ΔSi2,c

(exp(Li1)− (κ̃i1 + ψit(c)M)− ΔSi2)1−γi

1− γi
+ βE1Ṽi2(c, Si2) (1.12)

26Freddie Mac’s requirements for refinancing are described in https://sf.freddiemac.com/general/maximum-
ltv-tltv-htltv-ratio-requirements-for-conforming-and-super-conforming-
mortgages. Fannie Mae has a slightly looser LTV requirement of at most 97%:
https://singlefamily.fanniemae.com/media/20786/display.

42



In the following periods, borrowers make a mortgage payment PM(cit). And in periods where the

borrower is able to refinance, their utility can be written as the maximum of what can be obtained

by refinancing and not refinancing:

EtUa
it = max


maxΔSit

(exp(Lit)−PM(cit)+(r1,t−1−πt)Sit−1−ΔSit)1−γi

1−γi
+ βEtṼi,t+1(cit, Sit)

maxΔSit,c
(exp(Lit)−PM(cit)−(κ̃it+ψit(c)M)+(r1,t−1−πt)Sit−1−ΔSit)1−γi

1−γi
+ βEtṼi,t+1(c, Sit)

(1.13)

where the first line of Equation (1.13) corresponds to the borrower’s utility from not refinancing

and continuing to get the interest rate cit, while the second line corresponds to the borrower’s utility

from refinancing to the rate cwhich affects the upfront closing cost they pay ψit(c).

Similarly, the borrower’s utility given that they are not able to refinance is:

EtUna
it = max

ΔSit

(exp(Lit)− PMit − (r1t − πt)Si,t−1 − ΔSit)1−γi

1− γi
+ βEtṼi,t+1(cit, Sit). (1.14)

Finally, I model moving as an exogenous costless refinance to the newmortgage with an interest

rate c̄t that is associated with an average level of closing costs, which occurs with probability pmi for

borrower i. Therefore, the borrower’s utility upon moving is:

EtUm
it = max

ΔSit

(exp(Lit)− PMit − (r1t − πt)Si,t−1 − ΔSit)1−γi

1− γi
+ βEtṼi,t+1(̄ct, Sit). (1.15)

43



Combined, the value function of the borrower can be written as:

EtVit = (1− pmi )(paiEtUa
it + (1− pai )EtUna

it ) + pmi EtUm
it . (1.16)

Supply side

A supply side to the model is needed compute mortgage premia with counterfactual mortgage con-

tract designs. I assume that the supply side is perfectly competitive and that lenders set the rate and

upfront closing cost/points trade-off based on the MBS value of mortgages. That is, in equilibrium

the relationship between the upfront closing costs paid as a fraction of the loan amount ψit for bor-

rower i at time t and the mortgage interest rate c is pinned down by a zero profit condition:

πlit = ψitM+ φt(c)M− m̄l
t −ml

i(M) = 0 (1.17)

where πlit is lender profit from a originating loan to borrower i at time t, φt(c) is the MBS premium

of the mortgage as a percent of the loan amount at the time of origination, and m̄l
t is average marginal

cost incurred by the lender for originating the loan, andml
i(M) is the borrower and loan amount

specific marginal cost incurred by the lender for originating the loan. Assuming that the marginal

cost of loan origination m̄l
t + ml

i(M) does not vary by the borrower’s choice of points, we have by

re-arranging:

ψit(c) =
m̄l

t +ml
i(M)

M
− φt(c). (1.18)
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So that, all else equal, a mortgage with a higher interest rate c andMBS value φt(c)would require

fewer upfront points ψit. In particular, my model implies that the MBS value of mortgages with

a higher interest rate will be passed-through to borrowers in terms of lower upfront closing costs.

This is approximately true in reality, as I show in Figure A.2.

To close the model, I estimate the MBS value of mortgages φt(c) based on an expected NPV

method where the cashflows fromMBS are assumed to be discounted using the risk-free rate r1t

plus an option-adjusted spread (OAS) term that compensates for the the liquidity and prepayment

risk. TheOAS has been used and evaluated as a proxy for expectedMBS returns in Gabaix, Kr-

ishnamurthy, and Vigneron (2007), Song and Zhu (2018), and Boyarchenko, Fuster, and Lucca

(2019), and Diep, Eisfeldt, and Richardson (2021).27 More specifically, I compute investor cash-

flows given an empirical prepayment hazard function p̂t′ and a cumulative remaining balance q̂t′ =∏t′−1
j=t (1 − p̂j). When a borrower prepays, the lender gets remaining principal BMt′ . Otherwise, they

get a payment PM(c).28 TheMBS premium of the mortgage, in dollar value terms, is then:

φt(c)M = Et
t+T∑
t′=t

δt′ q̂t′ [(1− p̂t′)PM(c) + p̂t′BMt′ ]−M (1.19)

where the discount factor is based on the cumulative risk-free rate in period j, rjf, plus an estimated

27Another method of valuingMBS is via multivariate density estimation, as in Boudoukh et al.
(1997), but that does not allow me to get counterfactual prices under alternative prepayment
behavior or with alternative mortgage contract designs.

28PM(c) is the nominal version of the real mortgage payment used in the demand model.
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OAS term that compensates for liquidity and prepayment risk:

δt′ =
1∏t′

j=t(1+ rjf + OAS)
. (1.20)

Such that, conditional on empirical prepayment hazards p̂t(M), theOAS is the only free parame-

ter in the supply side model. In particular, with the model of φt(c), the mortgage interest rate at an

average level of upfront closing costs c̄t and the level of the risk-free rate r1t pins down m̄l
t + ml

i(M)

exactly and allows me to recover the mortgage interest rate and upfront closing cost trade-off for all

levels of upfront closing costs and with counterfactual cash flows (ie. the no cross-subsidization case,

or with alternative mortgage contract designs) while holding m̄l
t + ml

i(M) as fixed. Details of the

OAS estimation is shown in Appendix A.5.2.

Combined with the demand side, my model can be viewed as an equilibriummodel of mortgage

premia, in line with Campbell and Cocco (2015) and Campbell, Clara, and Cocco (2021), but with

the addition of heterogenous borrower refinancing costs and endogenous upfront closing costs. A

key assumption in this model is the perfectly competitive supply side. If the supply side were not

perfectly competitive as is assumed here, my counterfactual results would still hold if lenders charge

a constant markup across loans but should be interpreted in terms of consumer welfare instead of

social welfare.
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1.5.2 Computation

I solve the household life-cycle model using a value function approximation approach that is novel

to this literature. In particular, instead of discretizing a state space S, I approximate:

V(S) ≈ V̂(S) (1.21)

where V̂(S) is estimated using a Ridge regression on a fully interacted third order polynomial expan-

sion of all the state variables, where the ridge parameter is chosen via cross-validation. The use of a

sieve approximation to conduct value function iteration is proven to be consistent in Arcidiacono

et al. (2013) and has been applied in other empirical contexts.29 The advantage of this approach is

that it allows value functions on relatively large state spaces to be computed tractably.

1.5.3 Cross-subsidization by upfront closing cost choice: a calibration

Using the model, I illustrate the cross-subsidization of low upfront closing cost mortgages from the

perspective of a quick to refinance borrower through a calibration. First, I show in Section 1.5.3

that, in the model environment under the prevailing rate and upfront closing cost trade-off, quick

to refinance borrowers benefit from getting mortgages with lower upfront closing cost, whereas the

same is not true in a counterfactual environment where lenders are able to price based on borrower

refinancing types. Section 1.5.3 shows that this is because low upfront closing cost mortgages are

29See, e.g., Keane andWolpin (1997) and Barwick and Pathak (2015).
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cross-subsidized for quick to refinancing borrowers from a pricing perspective. Section 1.5.3 shows

that these borrowers are incentivized to refinance more when they get lower upfront closing cost

mortgages. Finally, Section 1.5.3 summarizes the economic intuition of the cross-subsidization from

a transfer and efficiency perspective.

All of the analysis in this section is conducted for a calibrated borrower with parameters de-

scribed in Table 1.5, where β,M, pm are the median of the estimates from Section 1.6,OAS is as

estimated in Appendix A.5.2, and pai = 1, κi = 0 are chosen to represent the behavior of an opti-

mally refinancing borrower.
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Table 1.5: Parameters for an illustrative calibration of cross-subsidization from the perspective of a
quick to refinance borrower

Parameter Value

βi 0.92

γi 2

Mi $223,784

pmi 0.12

κi 0

pai 1

Initial liquid assets $50,000

Initial risk-free rate 0.80%

Initial mortgage rate 3%

Initial income $72,000

Initial house price $300,000

OAS 0.22%

While the set of parameters in Table 1.5 bakes in a lot of assumptions, I note that my calibra-

tion results are not overly sensitive to the choice of parameters or even the model in general: in

Appendix A.7 I show that essentially the same results can be obtained by using a different model

of Agarwal, Driscoll, and Laibson (2013b) with Brownian motion interest rates. The results that

are indicative of a significant cross-subsidization of low upfront closing cost mortgage for quick to
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refinance borrowers emerge in both specifications.

Borrower utility by upfront closing cost choice

I present the results on borrower utility by upfront closing cost choice in Figure 1.9. In particular,

for the set of borrowers with parameters described in Table 1.5, I plot the calibrated quick to refi-

nance borrower’s utility when they choose a given level of upfront closing cost both during the ini-

tial period and whenever they refinance their mortgage. The solid line represents this utility under

the market exchange rate between the mortgage interest rate and upfront closing costs. The fact that

this line is downward sloping suggests that the calibrated quick to refinance borrower gains from

choosing a lower upfront closing cost mortgage.

To compare with a case where there is no cross-subsidization, I iterate the borrower and lender

problems jointly using backward induction, where the supply side condition implied by Equa-

tion (1.18) from the last period with the borrower’s model-implied prepayment probabilities are

used as the rate and upfront closing cost trade-off that borrowers face in the current period. This al-

lows me to get the borrower value and equilibrium interest rates in the no cross-subsidization world.

I plot the borrower utility under the no cross-subsidization rate in the dashed line of Figure 1.9.
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Figure 1.9: Calibrated borrower utility by upfront closing cost choice, pai = 1, κi = 0

As shown in Figure 1.9, the calibrated quick to refinance borrower benefits from choosing a low

upfront closing cost mortgage under the market exchange rate between interest rate and upfront

closing cost mortgages.30 However, this is not the case in the counterfactual environment where

lenders are able to price based on the quick to refinance borrower’s specific type, when the borrower

actually benefits from paying more in terms of upfront closing costs. The reason for the difference

between the solid and dashed lines is due to the pricing effect of the cross-subsidization. In particu-

lar, quick to refinance borrowers face an interest rate on lower upfront closing cost mortgages that is

significantly lower than otherwise. The following section analyzes this effect in more detail.

30This is consistent with Dave Ramsey’s financial advice, which says that: “most buyers won’t
regain their money on mortgage points because they usually refinance, pay off, or sell their homes
before they reach their break-even point.”
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The pricing effect of cross-subsidization

Figure 1.10 illustrates this pricing impact of cross-subsidization by plotting the implied interest

rates from the joint iteration of borrower and lender values in the dashed line. The market rate and

upfront closing cost rate-off as implied by the model is shown in the solid line, and the empirical rate

and upfront closing cost trade-off is presented in the dotted line.

As Figure 1.10 shows, the interest rate trade-off is higher, and steeper, for the calibrated quick to

refinance borrower in the no cross-subsidization counterfactual. This suggests that the market in-

terest rate for low upfront closing cost mortgages is especially lower than the no cross-subsidization

case due to the cross-subsidization from slow to refinance borrowers. In terms of numbers, I find

that a mortgage with a one percent upfront closing cost would carry a 1.25% higher interest rate in

the no cross-subsidization case relative to the existing market equilibrium, whereas the difference is

only 0.26% for a mortgage with a four percent upfront closing cost.31

31The effect of the presence of inactively refinancing borrowers in reducing the interest rate on
low upfront closing cost mortgages has some parallel in Handel (2013), where high switching cost
consumers help stabilize the market for health insurance.
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Figure 1.10: Market interest rate vs no cross-subsidization counterfactual interest rate

Optimal refinancing strategy by upfront closing costs

Next, I examine the source of the quick to refinance borrower’s change in behavior after getting a

low upfront closing cost mortgage. In general, a lower upfront closing cost implies that the quick

to refinance borrower is incentivized to increase their the number of refinances: by getting a lower

upfront closing cost mortgage and refinancing whenever interest rates fall, quick to refinance bor-

rowers are able to gain a utility advantage. This is illustrated in Figure 1.11.
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Figure 1.11: Optimal refinancing strategy by upfront closing costs

(a) Refi cutoff

(b) Expected number of refinances

In particular, Figure 1.11a shows that, for an actively refinancing borrower, the optimally refi-

nancing rate cut-off is much lower when the borrower gets a low upfront closing cost mortgage.
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This is because the expected interest rate savings outweigh the upfront closing costs paid. In turn,

this leads to more refinancing than otherwise, as shown in Figure 1.11b. As the earlier Figure 1.9

shows, this extra refinancing only profitable for the quick to refinance borrower to undertake due to

the cross-subsidization of low upfront fee mortgages.

Economic intuition on transfers and inefficiencies

I showcase the economic intuition behind these results in Figure 1.12, where I plot illustrative de-

mand curves for mortgage originations for a non-refinancing borrower and an actively refinancing

borrower. The demand curve for a non-refinancing borrower is vertical, representing that their

quantity of upfront closing is fixed and due to exogenous factors (e.g., moving). The demand curve

for an actively refinancing borrower is downward sloping in the price, representing the fact that an

actively refinancing borrower would refinance more if the price of originations is lower, as the inter-

est rate savings from refinancing become higher than the price of a new origination.

The social marginal cost of mortgage origination is represented as a solid horizontal line. For

non-refinancing borrowers, the price they face is this cost shifted upwards as the cost of origination

gets added to the rate and they end up paying more for each origination, which is illustrated in Fig-

ure 1.12a. For actively refinancing borrowers, their effective price of mortgage origination is shifted

downwards from the social cost, as illustrated in Figure 1.12b. An important distinction between

the two panels is in the change of borrower behavior. To the extent that actively refinancing bor-

rowers originate more mortgages than they otherwise would due to this cross-subsidization, they

introduce a social deadweight loss represented by the triangle indicated by the arrow in Figure 1.12b.
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Figure 1.12: Deadweight loss from cross-subsidization of the price of mortgage refinancing

(a)Non-refinancing borrower

Price

Quantity of originations

Demand

Cost

(b) Actively refinancing borrower

Price

Quantity of originations

deadweight loss

Demand

Cost

Figure 1.12 may also be interpreted in terms of price elasticities. To the extent that non-refinancing

borrowers’ quantity of mortgage origination are less price elastic, the effect of their cross-subsidization

involves less of a change in behavior. Therefore, the economic distortions in the model mostly at-

tributed to the changes in the incentives faced by the actively refinancing borrowers who refinance

excessively.

1.6 Estimation

To estimate the model, I allow pai , κi, βi, p
m
i ,Mi to vary by individual, where pai is the probability

that an individual is available to refinance in a particular time period, κi is the individual’s refinanc-

ing hassle cost when they do refinance, βi is the discount factor, p
m
i is the individual’s moving prob-

ability, andMi is the individual’s mortgage size. I fix the coefficient of risk aversion γ = 2, liquid
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savings at origination to $50k, and a bequest motive of b = 200 in accordance with Campbell and

Cocco (2015). To maintain comparability to the TBAmarket, I further restrict my analysis to 30

year purchase mortgages with a balance above $150k, FICO above 680, and LTV below 85% follow-

ing Fusari et al. (2020).

I first present the identification argument in Section 1.6.1, then estimation procedure in Sec-

tion 1.6.2, then results in Section 1.6.3, some calibration based on my estimates in Section 1.5.3, and

finally the implications of my estimates for transfers and welfare in Section 1.6.4.

1.6.1 Identification

Of the unknown parameters, the distribution ofMi is observed. I discuss the identification for the

distribution of pai , κi, βi, p
m
i as follows. First, the time-varying ability to refinance pai and hassle costs

κi are separately identified from borrower responses to the time series movement of the interest rate

incentive. More specifically, if the only heterogeneity in borrower refinancing behavior were due to

hassle costs, borrowers would refinance immediately when their refinancing cutoff is reached. This

is rejected in the data as many borrowers wait long after the interest rate has fallen to their eventual

refinancing rate, suggesting that a time-varying refinancing cost is at play. This line of reasoning is

also used in Andersen et al. (2020a).

Of the other parameters, ex ante moving probabilities pmi are identified from the interaction be-

tween the interest rate incentive and borrower refinancing behavior. In particular, borrowers who

do not refinance when faced with a large interest rate incentive are more likely to subsequently move.

This suggests that moving is not just an ex post shock and that there is heterogeneity in moving ex-

57



pectations ex ante. Finally, conditional on refinancing and moving probabilities, discount factors βi

are identified from borrower choices of upfront closing costs. In general, because upfront closing

costs involve an initial outlay, they are more attractive to borrowers with a higher discount factor.

The choices of borrowers who choose low upfront closing cost mortgages despite being unlikely to

refinance or move are rationalized with a lower discount factor.

1.6.2 Parametrization

I estimate the distribution of the borrower types using mortgage performance data. More specifi-

cally, I use a Logit-Normal distribution32 to model pai , βi, p
m
i , a Log-Normal distribution to model

κi, and allow pai , βi to be correlated via a coefficient ρ. The precise parametrization is as follows:

pai
βi

 ∼ Logit

MultivariateNormal


μpa(b, h)

μβ

 ,

 σ2pa ρσpaσβ

ρσpaσβ σ2β



 (1.22)

pmi ∼ Logit(Normal(μpm(b, h), σpm)) (1.23)

κi ∼ LogNormal(μκ(b, h), σκ) (1.24)

where μpa(b, h), μpm(b, h), μκ(b, h) can depend on a Black and Hispanic dummy represented by b

32The Logit-Normal distribution is the distribution generated by Y =
exp(X)

1+exp(X) with a normally
distributed X. This formulation allows me to model observations that are between zero and one, as
well as correlations between them, in closed form.
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and h, respectively. This gives me 15 parameters:

θ = (μpa(0, 0), μpa(1, 0), μpa(0, 1), σpa , μpm(0, 0), μpm(1, 0),

μpm(0, 1), σpm , μκ(0, 0), μκ(1, 0), μκ(0, 1), σκ, μ
β, σβ, ρ)

to estimate. I focus on the correlation ρ between a borrower’s probability of being able to refinance

and their discount factor because variation in the distribution of κ is small. Intuitively, this is be-

cause when borrowers do refinance, they tend to do so for relatively low interest rate savings (ie. in

the range of 1%), which would not be reconcilable with a high refinancing hassle cost κ. Therefore,

time-varying ability to refinance appears more important in the data, and I also estimate its correla-

tion with the borrowers’ discount factors.

In the data, I observe borrowers’ prepayment decisions which combines moving and refinanc-

ing.33 I construct the likelihood based on prepayment decisions, which implicitly treats all non-

model implied refinancing as a move. Therefore, the moving probability pmi in my model captures

all exogenous prepayment. The likelihood function for a prepayment decision yjt for loan j at time t

given a set of parameters xi = {pai , κi, βi, p
m
i ,Mi} is then:

ljt(xi) = (1− yjt)1−pjt(xi)ypjt(xi)jt . (1.25)

Furthermore, at time t = 0, the likelihood of observing the borrower with ’s choice of upfront

33I also separately observe moving and refinancing decisions for a subset of prepayments.
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closing costs ψi0 that is equal to the optimal choice implied by the model of ψ∗0(xi):
34

l′j(xi) = 1(ψi0 = ψ∗0(xi)). (1.26)

To estimate the model, I simulate individuals with a grid for xi = {pai , κi, βi, p
m
i ,Mi} based

on a set of parameters θ, with xi ∼ F(θ)whereF(θ) is the distribution of types from Equa-

tions (1.22) to (1.24). I then get their model implied optimal point choices (ψ∗(xi), in whole num-

bers from -2 to 2) and time-varying prepayment (i.e., refinancing and moving) decisions for each

loan-time observation pjt(xi), and search for the set of parameters that maximizes the likelihood of

the data following the standard maximum likelihood formulation:

L ∝
∑
j
log

nsim∑
i=1

l′j(xi)
Tj∏
t=1

lj,t(xi)

 , xi ∼ F(θ), (1.27)

where nsim = 2000 is the number of simulations used to compute the likelihood function.

1.6.3 Results

In this section I present my estimates for the distribution of borrower types in the population. The

hyper-parameters and their standard errors are shown in Appendix Table A.7, and I plot their distri-

butions in the rest of this section.

Figure 1.13 presents the estimates on the distribution of refinancing types in the population. In

34Since I only observe points and not application fees prior to 2018, I assume a real application
fee of $2000 following Agarwal, Driscoll, and Laibson (2013b).
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the left panel in Figure 1.13a, results show that most borrowers have a low probability of being able

to refinance in a particular month, with some variance. Mean able-to-refinance probability is 6.0%

monthly, or 52% annualized. This is consistent with my stylized fact in Section 1.4.2 showing that

around half of all borrowers fail to refinance following ten months of a relatively high refinancing

incentive. In the right panel in Figure 1.13b, the results show that the implied hassle cost of refi-

nancing for most borrowers is low. Taken together, the results suggest that most of the inaction

in refinancing is due to a Calvo-style time-varying ability to refinance rather than hassle costs. The

identification in the data is that borrowers who eventually refinance tend to do so at relatively low

interest rate savings (for example, at around 1%), which implies a low hassle cost for refinancing for

most borrowers despite a time-varying inability to do so.
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Figure 1.13: Distribution of borrower refinancing types

(a) Probability of being able to refi

(b)Hassle cost for refinancing
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Figure 1.14 presents my estimates for borrower discount factors and their correlation with their

time-varying ability to refinance. Figure 1.14a plots the distribution of discount factors, which is

above 0.9 for most borrowers, but there is a small group of borrowers with discount factors closer

to 0.0. The discount factors are identified from borrower choices of upfront closing costs, and

the existence of many borrowers with low refinancing/moving probabilities but nevertheless get

higher interest rate, lower closing cost mortgages is rationalized in the model via borrower myopia.

Figure 1.14b shows a strong correlation between the likelihood of being able to refinance and the

discount factor. It is a scatterplot drawn from the multivariate Logit-Normal distribution of Equa-

tion (1.22). It shows that many borrowers with a probability of being able to refinance in a partic-

ular month of less than 5% also have a discount factor significantly lower than 0.9. On the other

hand, borrowers with a probability of being able to refinance in a particular month of greater than

or equal to 5% tend to have a discount factor above 0.95.
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Figure 1.14: Discount factor and its correlation with refinancing ability

(a) Discount factor

(b) Scatter plot of the probability of being able to refi and discount factor
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Finally, Figure 1.15 presents my estimates of the distribution of moving probabilities by bor-

rower. Ex ante expectations of probabilities are identified from the joint interaction of refinancing

hazards and the interest rate incentive to refinance. As Figure 1.15 shows, annualized moving prob-

abilities are centered around 11% per year, with some groups of borrowers having a lower moving

probability. Appendix Figure A.6 plots these distributions by the racial group of the borrower.

Figure 1.15: Moving probability

1.6.4 Implications for transfers andwelfare

In this section I use my empirical estimates to examine the deviation of borrower behavior from

the perfect information benchmark. Doing so allows me to reveal the transfers and efficiency con-

sequences of heterogeneity in borrower refinancing behavior when interacted with the financial

contract design of adding closing costs to the rate of the mortgage.
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Figure 1.16 plots the differences in utility in the actual world versus the no perfect information,

no cross-subsidization benchmark. I find an average welfare loss of $445 per mortgage, most of it

borne by borrowers with a probability of being able to refinance of less than 5%. Given that there

are around 8 million newmortgages being originated per year, the welfare loss from the closing cost

channel of cross subsidization is around $3.6 billion per year. In addition, the average utility dif-

ference to the perfect information benchmark, in absolute dollar value terms, is $1339/borrower,

suggesting an average difference in utility of 1% of the loan amount from slow to refinance borrow-

ers to quick to refinance borrowers.35 By comparison, the difference in utility from comparing the

benchmark quick to refinance borrower as calibrated in Section 1.5.3 to a non-refinancing borrower

that has pai = 0 but are otherwise similar for a mortgage with zero upfront closing costs is 3.5% of

the loan amount.

35This difference in utility is approximated by doubling the average utility difference to the per-
fect information benchmark, or $2678/borrower, and dividing by the average loan size of $252,000.
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Figure 1.16: Differences in utility in the actual world versus the perfect information benchmark

(a) RawDensity

(b) By borrower refinancing ability

Figure 1.17 plots the welfare effects of the cross-subsidization by racial group. The welfare effects
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are -$1776 per households for Black borrowers, -$1448 per households for Hispanic borrowers, and

-$366/borrower for other households. The welfare impact is negative for all racial groups in part

due to the deadweight loss generated by the cross-subsidization of mortgage closing costs, but it is

particularly strong for minorities.

Figure 1.17: Welfare effects of cross-subsidization by racial group

To get at the excessive refinancing incentives generated by the cross-subsidization of mortgage

closing costs, Figure 1.18 plots the differences in the expected number of refinances per new origina-

tion in the actual world versus the perfect information, no cross-subsidization benchmark. I find an

average increase of 0.13 refinances per new purchase origination. My model implies an average num-

ber of refinances per new purchase origination of 0.47. Therefore, it implies that 27.5% of the total

US mortgage refinancing volume may be considered excessive relative to the perfect information

benchmark.
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Figure 1.18: Differences in the expected number of refinances in the actual world versus the perfect
information benchmark

(a) RawDensity

(b) By borrower refinancing ability
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1.7 Counterfactuals

I conduct two counterfactual analyses. First, I consider an alternative mortgage contract design

where closing costs have to be added to the balance of the loan. The advantage of this design is that

it eliminates the cross-subsidization of mortgage closing costs: all borrowers have to pay for their

own price of mortgage origination. Second, I consider the case of automatically refinancing mort-

gages, which is a mortgage whose interest rate resets downwards automatically to a lower rate when

the market rates falls by more than 1%. This contract has been discussed in Campbell (2006b). In

both of these cases, I compute the updated borrower and lender value functions, and I re-estimate

the equilibrium using the same zero profit condition on the supply side. To avoid complications

with multiple equilibria, I restrict myself to counterfactuals where upfront closing cost choices are

fixed.

1.7.1 Adding closing cost to balance

First, I consider the utility changes of borrowers when they add their closing cost to the balance of

the loan. That is, their new mortgage balance becomesM′ = M(1 + cl(M)), and their mortgage

payment becomes:

Pit(M′) = M′ cit/12(1+ cit/12)n

(1+ cit/12)n − 1
. (1.28)

In periods where borrowers are able to refinance, their utility can still be written as the maximum
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of what can be obtained by refinancing and not refinancing, except that refinancing increases the

balance of the loan fromM toM′. Hence,M becomes an endogenous state variable that we add to

the model which affects the size of the mortgage payment Pit(M′). The expected utility in periods

where borrowers are able to refinance, Ũa
i,t, is then:

EtŨa
i,t = max


maxΔSit

(exp(Lit)−Pit(M)−(r1,t−1−πt)Si,t−1−ΔSit)1−γi

1−γi
+ βEtṼi,t+1(cit, Sit,M), if no move/refi

maxΔSit
(exp(Lit)−Pit(M′)−κ̃it−(r1,t−1−πt)Si,t−1−ΔSit)1−γi

1−γi
+ βEtṼi,t+1(cit, Sit,M′), if refi

.

(1.29)

I simulate borrower utility and prepayment behavior under this counterfactual with bor-

rower utility when they are able to refinance being described by Equation (1.29) instead

of Equation (1.13). I then obtain the implied aggregate borrower behavior and lender val-

ues based on my estimated distribution of borrower types in Table A.7, conditional on the

paths of interest rates as estimated in Section A.5.1. Finally, I decrease the initial mortgage

interest rate for all borrowers, holding fixed their prepayment behavior, until the zero profit

condition in Equation (1.18) is satisfied on average, which is an equilibrium effect of this

contract design that increases in borrower utility.

Results are shown in Figure 1.19a, with a significantly narrower range of utility differ-

ences relative to the perfect information benchmark. When closing costs are added to the

balance of the mortgage, there are still gains from actively refinancing relative to not re-
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financing, albeit less than in the current world. This reduces the cross-subsidization be-

tween borrower types. In particular, the average utility difference to the perfect informa-

tion benchmark, in absolute dollar value terms, falls by around half from $1339/borrower

in the current world to $698/borrower in this counterfactual world. The same reduction

in cross-subsidization can be inferred from Figure 1.19b, which plots the mean utility dif-

ference to the perfect information case, in dollar terms, by buckets of borrower refinancing

ability.
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Figure 1.19: Counterfactual utility from adding cost to balance

(a) Distribution

(b) By borrower refinancing ability

In terms of total welfare, I find that on average consumer welfare relative to the perfect

information benchmark rises from -$446/borrower to $110/borrower. Not only is the neg-

ative welfare impact of excessive refinancing eliminated in this contract design, but there is
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also a welfare gain due to the relaxation of financial constraints as closing costs can be added

to the balance. In the current world, actively refinancing borrowers can only pre-commit to

not undertaking costly refinancing activity by paying more in upfront closing costs, which

is itself costly due to financial constraints. Otherwise, they would have to take a higher ini-

tial interest rate and refinance more which carries administrative resource costs. The ad-

dition of mortgage closing costs to the balance both eliminates the cross-subsidization of

mortgage closing costs and resolves this commitment problem. As a result, it is able to sim-

ulatenously reduce transfers by borrowers with different refinancing tendencies and also

increase total welfare.

Appendix Figure A.7 plots the counterfactual change in utility by racial group under

the alternative contract design of adding all closing costs to the balance of the loan. All

racial groups gain from this counterfactual, with Black borrowers gaining on average $1566,

Hispanic borrowers gaining $1325, and other borrowers gaining $472. The average welfare

gain under this counterfactual is $556.

1.7.2 Making mortgages automatically refinancing

Second, I consider a counterfactual where mortgages are automatically refinancing and are

originated with zero upfront closing costs. In this case, I keep the same demand as in Sec-

tion 2.3 but automatically change the mortgage interest rate from c to rwhenever c− r > 1

conditional on the paths of interest rates as estimated in Section A.5.1. Furthermore, I elim-
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inate the possibility of refinancing as that is no longer relevant. Finally, I increase the initial

mortgage premia over the risk-free rate for all borrowers until the zero profit condition in

Equation (1.18) is satisfied in the counterfactual, which is an equilibrium effect of this con-

tract design that decreases borrower utility.

Results are shown in Figure 1.20. I terms of distribution, automatically refinancing

mortgages also feature lower average utility difference to the perfect information bench-

mark compared to the current world. In particular, I find that this statistic falls from $1339/mort-

gage to $773/mortgage. Furthermore, the automatically refinancing mortgages counterfac-

tual feature a greater welfare improvement relative to the current world compared to adding

closing costs to the balance of the loan, at $1216/mortgage. This significant improvement

is due to the resource cost savings of refinancing, and is concentrated among the actively

refinancing borrowers as shown in Figure 1.20b. Appendix Figure A.8 plots the counterfac-

tual change in utility by racial group under the alternative contract design of automatically

refinancing mortgages, showing that all racial groups would on average increase their utility

in this counterfactual.
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Figure 1.20: Counterfactual utility from automatically refinancing

(a) Distribution

(b) By borrower refinancing ability

Conceptually, there are two main channels through which automatically refinancing

mortgages can increase total welfare. First, they can eliminate the excessive refinancing in-

centives from the cross-subsidization of mortgage closing costs. Second, they also generate
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resource savings by eliminating the administrative and hassle costs of refinancing. To the ex-

tent that automatically refinancing mortgages present real resource savings to the economy

and enable a more efficient pass-through of monetary policy not modelled here, it may be

an attractive contract design for policymakers to consider.

1.8 Conclusion

The broad lesson of my paper is that in markets for consumer financial products, seemingly

small contractual details can have significant equity and efficiency implications. I illustrate

this lesson quantitatively in the US mortgage market where borrowers typically choose

to finance their closing costs through the rate. I show that this contractual feature exacer-

bates transfers between borrower refinancing types while also generating deadweight losses

through incentivizing excessive origination. In terms of policy, my results suggest that two

alternative mortgage contract designs—(1) adding closing costs to the balance of the loan

and (2) having automatically refinancing mortgages—can simultaneously reduce inequality

in the market and improve total consumer welfare.

77



2
Testing for Discrimination inMenus

1

1co-authored with Paul Willen
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2.1 Introduction

Whether mortgage lenders discriminate against minority borrowers is an important ques-

tion both in terms of academic research and in regard to its policy relevance.2 However, the

task of assessing whether lenders discriminate by offering minority borrowers worse prices

is complicated by the fact there are two dimensions to mortgage pricing in the US: the in-

terest rate and the upfront fees charged by the lender. In particular, borrowers can choose

to pay higher upfront fees (in the industry referred to as paying discount points) in return

for lower interest rates. Or, conversely, they can get the lender to pay some of their closing

costs in exchange for a higher interest rate. We show that the availability of this choice be-

tween a higher upfront fee and a higher interest rate creates a “menu problem” that makes

the detection of lender discrimination nontrivial, with the methods implemented in the

literature susceptible to false and contradictory results. The menu problem is also broadly

applicable to empirical analyses of differences in opportunity under multi-dimensional

choice. We propose a novel identification argument and a new procedure for inference to

2Since the financial crisis, the Department of Justice has reached settlements of well over
$500 million with lenders that overcharged Black and Hispanic borrowers in violation of the
Fair Lending Act, as explained in Bhutta and Hizmo (2020). These settlements include $335
million with Bank of America (on behalf of Countrywide), $175 million withWells Fargo,
and $55 million with JPMorgan Chase. On June 12, 2019, Sen. ElizabethWarren wrote
on Twitter, “For generations, lenders have given African American & Latino families fewer
loans at worse terms than similar white borrowers. Tech alone won’t fix the problem. A new
analysis found that discrimination is hardwired into lending algorithms. I want answers.”
https://twitter.com/senwarren/status/1138909674781237253.
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deal with this menu problem, and apply it to a new dataset on mortgage pricing by race.

Many studies find that minority consumers pay higher interest rates compared with ob-

servationally similar white consumers in the mortgage market.3 While this can be inter-

preted as evidence that lenders systematically discriminated against minority borrowers

by offering them worse pricing on their mortgages, the existence of a rate-point trade-off

leads to an alternative explanation: minority consumers were offered the same menu of

choices but ended up with higher rate/lower point combinations because, for example, they

could not afford to pay points.4 Explaining rate gaps with offsetting point gaps does not

rule out structural disparities between racial groups, but it has policy implications that are

very different from those of one in which the lenders themselves are systematically offer-

ing minority consumers inferior menus of rates and discount point options. Given data

on the borrowers’ chosen mortgage rates and points (but not the menus borrowers faced,

3See, for example, Black and Schweitzer (1985), Boehm, Thistle, and Schlottmann (2006), Bo-
cian, Ernst, and Li (2008), Kau, Keenan, andMunneke (2012), Ghent, Hernández-Murillo, and
Owyang (2014), Cheng, Lin, and Liu (2015), Bartlett et al. (2021). Relatedly, Munnell et al. (1996)
and Tootell (1996) find that minority borrowers are more likely to be rejected for mortgages; Black,
Boehm, and DeGennaro (2003) find that minority borrowers pay higher yield spreads when refi-
nancing their mortgage; and Ambrose, Conklin, and Lopez (2020) find that minority borrowers
pay more in broker fees particularly when faced with a white broker.

4The logic the different rates could reflect different options on the same menu was well under-
stood in the industry. Skanderson, Darius, and Butler (2014), for example, write that, “[v]arious
interest rates are available to any given borrower, at any given point in time, depending upon his
or her needs and preferences [regarding points and closing costs]. The fact that similar borrowers
selected different rates on this basis does not mean that they were treated differently in a sense that
should be relevant for fair lending compliance. Nevertheless, such differences in borrower choices
can create the appearance of pricing disparities if they happen to be correlated with a prohibited
basis and are not captured in the data and accounted for in a fair lending analysis.”
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which are not typically observable), our objective is to examine whether lenders discrimi-

nated against Black borrowers in the sense of offering them a distribution of menus that

was worse than the one offered to observationally similar white consumers, a practice we

call discrimination in menus.

Our first contribution is to point out that there exists a nontrivial econometric problem

involved with assessing differences in the distribution of menus offered to minority and

non-Hispanic white borrowers. Researchers might think we can address heterogeneity in

preferences over rates and discount points by racial group by simply controlling for the dis-

count points in their regressions. However, we show that the approach of controlling for

rates and discount points can lead to contradictory results. For example, it is sometimes

observed that controlling for rate, minority borrowers pay the same closing costs as white

borrowers (so it looks like there is no mortgage pricing differential by race), but controlling

for closing costs, minority borrowers pay a higher rate (so it looks like there is a mortgage

pricing differential by race). This is related to the “reverse regression” problem of Gold-

berger (1984) which appears naturally in the menu setting. The menu problem also goes

beyond this “reverse regression” problem. Even when forward and reverse regressions are

consistent, we show that false positives in the sense of detecting discrimination when none

exists and false negatives in the sense of failing to detect discrimination when it does exist

can still appear. Finally, we show that even a seemingly foolproof comparisons of means—
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that is, checking if minority consumers on average pay both a higher interest rate and more

in lender fees—can still lead to false positives and false negatives if interpreted as evidence

of discrimination in menus.5 These issues emerge when minority and non-Hispanic white

borrowers are likely to make different decisions (that is, have different unobserved prefer-

ences) over menu items, which is particularly relevant because the possibility of heterogene-

ity in preferences across racial groups is usually the reason researchers would seek to control

for the choices of discount points in the first place.

The menu problem is important for the mortgage pricing discrimination literature.

There are two main methods by which a large literature assesses discrimination in mort-

gage pricing given the rate and discount point trade-off. First, Courchane and Nickerson

(1997), Bhutta and Hizmo (2020), and Bartlett et al. (2021) look at whether Black bor-

rowers paid more in points conditional on rate.6 Second, Woodward (2008) and Bartlett

et al. (2019a) compare the interest rates of minority and white borrowers after adjusting for

points using a known range of rate-point trade-offs, and find that minorities paid higher

5It follows that adjusting by a known range of rate and lender fee trade-offs and then comparing
means can be similarly problematic.

6In samples of FHAmortgages, Courchane and Nickerson (1997) find a differential in points
paid by race conditional on rate, while Bhutta and Hizmo (2020) do not. One possible reason for
this difference is that Bhutta and Hizmo (2020) improved on the earlier literature by using a much
larger sample and constructing a more uniform sample of loans, which are improvements we largely
adopt. Bhutta and Hizmo (2020)’s study also includes an analysis of the mean levels of rates and
points paid conditional on covariates, which is similar in spirit to the second method we discuss.
Finally, beyond comparing prices, they find that lenders received more revenue from loans that were
made to minorities once points and secondary marketing revenue are added together.
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point-adjusted-rates for mortgages. As we discussed, both of the existing methods used in

the literature, (1) controlling for rates and (2) comparing mean levels of rates and discount

points after adjusting by a known range of slopes, can lead to false positives and false nega-

tives and can contradict one another as an assessment of mortgage pricing discrimination.

Indeed, we show that in our FHA sample the choice of either (1) or (2) does lead to appar-

ently contradictory results on whether mortgage pricing discrimination exists. Our robust

solution to the menu problem would therefore allow researchers and regulators to assess

discrimination in mortgage markets in a more internally consistent and theoretically sound

way.

The menu problem also extends well beyond the mortgage setting. Generally speaking,

the problem is relevant whenever a researcher wishes to assess disparities in opportunity

given data on choices while allowing for heterogeneous preferences across groups. For ex-

ample, when workers make decisions that trade off wages and hours worked, researchers

may wish to assess the extent to which the gender gap in pay may be explained by the choice

of hours, as in the model of Goldin (2014). The menu problem implies that popular mea-

sures of gender inequality, such as the gender pay gap conditional on hours or even the

gender pay gap after adjusting for all relevant average compensating differentials, are not

necessarily informative about whether the data on wages can be explained by heterogeneous

preferences over hours worked. Our robust metrics can also be useful for this type of prob-
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lems depending on the institutional details the researcher has access to. Therefore, the prob-

lems we point out and the solution we propose may be of broad interest.7

As a solution to the menu problem, we propose (1) a new metric for detecting whether

there exists a difference in the distribution of menus offered to two groups and (2) a new

lower bound measure for assessing differences in menus (DIM) for the extent to which one

group of consumers would like to switch to another group’s menus. Both metrics are based

on pairwise dominance relationships in the data (that is, a mortgage with a lower rate and

paying fewer points dominates a mortgage with a higher rate and more points) that can be

supplemented by industry knowledge. Based on these pairwise relationships, we ask the

question of whether the data can be rationalized by a model of equality in menus but het-

erogeneity in preferences, and if not, we compute an average difference in menus perceived

by one group of consumers when switching to another group’s menus. Unlike the exist-

ing methodology used in the literature, our metrics are robust to any form of unobserved

differences in preferences across borrower groups.

The sample counterparts to both of our metrics can be computed as solutions to opti-

mal transport problems, which are computationally well understood and can be efficiently

computed through linear programming. As a technical contribution, we also derive a new

7The labor literature has also analyzed differences in worker productivity and wage inequal-
ity within the context of structurally specified models of labor supply (e.g. Hwang, Reed, and
Hubbard (1992) and Bell (2019)). Our illustrations highlight the role of seemingly innocuous as-
sumptions, such as the restriction of productivity differences to a single component of unobserved
heterogeneity, that is typically used in these models.
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approach to uniformly valid inference for the value of optimal transport problems, which

we implement for our metrics to distinguish between statistical noise and actual differences

in menus. Conventional approaches to inference, such as bootstrapping, fail for optimal

transport problems, because the objective function can be non-differentiable (Fang and

Santos, 2018). We prove that optimal transport problems are directionally differentiable

in the sense of Shapiro (1991) and Fang and Santos (2018). We then apply the asymptotic

results of Fang and Santos (2018), which we combine with a Bonferroni correction follow-

ing Romano, Shaikh, andWolf (2014) andMcCloskey (2017) to address sampling error in

the directional derivatives. We show that this approach leads to asymptotically uniformly

valid size control for hypothesis testing in the value of optimal transport problems, and test

it in a Monte Carlo simulation. Our new approach to inference in optimal transport may

be useful for other researchers who wish to conduct inference on the value of optimal trans-

port problems, many of which are described in Galichon (2016).

Empirically, we use our metrics to assess mortgage pricing discrimination in the 2018–

2019 HomeMortgage Disclosure Act (HMDA) data matched to Optimal Blue rate locks.

We show that we can detect a difference in menus offered by the same lender in the same

county and within narrow covariate groups for conforming mortgages for both Black and

Hispanic borrowers relative to non-Hispanic white borrowers. Furthermore, we show

that on average Black borrowers getting conforming mortgages would be willing to in-
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crease their interest rate by at least 1.7 basis points in order to switch to the menus of non-

Hispanic white borrowers. Similarly, Hispanic borrowers are on average willing to pay 1.5

basis points more in interest rate in order to switch menus with non-Hispanic white bor-

rowers. Our finding that racial differences in lender pricing remains relevant for conform-

ing mortgages is consistent with Bartlett et al. (2021), although the amount of interest rate

discrimination we detect is smaller in magnitude. On the other hand, we do not detect in-

terest rate discrimination in FHAmortgages, which is consistent with Bhutta and Hizmo

(2020). Within conforming mortgages, the differences in menus we detect are particularly

concentrated among borrowers with lower loan-to-value (LTV) ratios and are not explained

by multi-product discounts or loan originator compensation.8 The fact that the mortgage

pricing discrimination we detect is concentrated among the more creditworthy conforming

mortgage borrowers is consistent with the less risky non-Hispanic white borrowers being

more likely to be offered discounts during the search and negotiation process.9

8Relatedly, Ambrose, Conklin, and Lopez (2020) find in a pre-2008 sample period that the
more creditworthy minority borrowers pay higher broker fees than observationally similar non-
Hispanic white borrowers, even though their default risks are similar. Regulation Z of 2011 now
forbids mortgage brokers from varying the fees they charge across borrowers except as a function of
the loan amount, shutting down this particular channel of disparity, though similar forces may be
play in the disparities we uncover.

9Negotiation in mortgage markets is common. Studies that look at the search and negotiation
process in mortgage markets include Allen, Clark, and Houde (2014), Allen, Clark, and Houde
(2019), and Bhutta, Fuster, and Hizmo (2019). A reason why minority borrowers may behave as
if they have higher search costs is in Agarwal et al. (2020c), where borrowers internalize a higher
probability of rejection. Price discrimination by such effective search costs would violate the US
fair-lending law, to the extent it results in disparate impact by race within lender, according to
Bartlett et al. (2021).
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In our empirical application, we focus on the important and basic question of whether

we can detect differences in the rate and discount point menus faced by observably simi-

lar non-Hispanic white and minority mortgage borrowers. The answer to this question is

important because one needs to ascertain whether there exists disparate treatment before

considering its causes. Our use of the word “discrimination” to refer to this disparate treat-

ment conditional on observables is in line with the recent literature and is justified by the

unusual institutional details and the regulatory framework developed around this market.

First, as explained in Bartlett et al. (2021), the US fair-lending law imposes a requirement of

no pricing differentials by race conditional on observables in our setting, so our results are

naturally interesting from a regulatory perspective. Second, for the types of mortgages we

focus on, lenders are insured from the risk of default by either the GSEs or the FHA, who

compensate investors for any losses of principal but allows them to benefit from the more

favorable prepayment risk of minorities. Therefore, in contrast to some stereotypes, mort-

gages from Black and Hispanic borrowers are likely significantly more valuable than those

of observably similar white borrowers due to their lower prepayment risk, as shown in the

simulations of Kau, Fang, andMunneke (2019a) and in analyses of the actual mortgage-

backed securities prices in Gerardi, Willen, and Zhang (2020). As a result, even if lenders

did use unobservables that are correlated with race to price for expected loan performance

in a possibly illegal manner, it would be unlikely to justify the unfavorable pricing to mi-
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norities we find.

The rest of this paper is structured as follows. Section 2.2 explains the motivation of our

paper by exploring why heuristic approaches to analyzing discrimination in menus may

be misleading. It also provides intuition for our approach. Section 2.3 formally defines

our metrics for assessing discrimination in menus. Section 2.4 describes a methodology

for conducting inference on our metrics. Section 2.5 shows our data and empirical results.

Section 2.6 concludes.

2.2 The menu problem

2.2.1 Problem description

In this section we introduce the menu problem and discuss why intuitively appealing ap-

proaches for assessing discrimination in menus may be misleading. By way of background,

there are two dimensions of pricing for mortgages in the United States: an upfront fee/discount

points and the interest rate, where each point is customarily worth 1 percent of the loan

amount. Consumers can have the option of picking a particular rate and discount point

combination that best suits their preferences and financial constraints. We plot those choices

from an example rate sheet in Figure 2.1. We also present a screenshot illustrating this trade-

off from an online mortgage price comparison service in Appendix Figure A.12. In partic-

ular, borrowers can pay discount points to reduce their interest rate or receive money from
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the lender to help cover their closing costs by getting lender credit (paying negative points).

The sense in which we think about lender discrimination in menus, then, is for minority

borrowers to receive a worse rate-point schedule than white borrowers.
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Figure 2.1: An example set of menu items from a lender rate sheet.
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In practice, the researcher often observes the distribution of borrower choices x but not

the underlying menusmwhere x ∈ m is chosen from. The menu problem then emerges

as the problem of inference on the extent to which a matched group of borrowers who are

by construction observationally similar in terms of covariates faced the same distributions

of menus. More specifically, testing for equality of menus can be written as testing the null

hypothesisH0 that the distributions of menus being offered to both groups are equal. That

is, supposem1 ∼ M1 for borrowers in group 1 andm2 ∼ M2 for borrowers in group 2,

the menu problem is the hypothesis testing problem where:

H0 : M1 = M2, (2.1)

H1 : ¬H0. (2.2)

An important stated objective of the applied literature on mortgage pricing discrimi-

nation, and indeed the literature on differences in opportunity more broadly, is assessing

equality in menus as specified in Equation (2.1). Nevertheless, existing methodology used

in this literature tends to fall short of being able to credibly assess inequality in menus.

We point out a series of difficulties associated with using existing methodology to test

H0 : M1 = M2, which we call the “menu problem.”

One natural approach to assessing whether lenders offered minority and non-Hispanic

white borrowers different menus is to control for one dimension of the menu, that is, con-
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ditional on the distribution of covariates, to estimate whether minority borrowers who

received the same interest rate as white borrowers paid more in discount points. This ap-

proach was used in Courchane and Nickerson (1997), Bhutta and Hizmo (2020), and

Bartlett et al. (2021). A problem with this approach, however, is that it can lead to con-

tradictory estimates depending on whether the researcher chooses to control for rates or

points.10 The situation in Figure 2.2 shows that it is possible for a regression of points

on rate to show no discrimination against minorities while a regression of rate on points

shows discrimination with the same example data. In this figure, we represent example data

fromminority and white borrowers using black and white dots, respectively; regression

line by the dashed line; and the difference to the regression line by the solid arrows. Fig-

ure 2.2a shows that a regression of points on rate and borrower race would show a zero co-

efficient for minorities, with the two arrows balancing each other out. On the other hand,

Figure 2.2b shows that, using the same data, a regression of rate on points would instead

give a positive coefficient for minorities. This sort of contradiction is not particular to the

linear regression case, and as we show in Appendix Figure A.13, it can appear with general

conditional expectations.

10Bhutta and Hizmo (2020) also runs lender-specific regressions, and Bartlett et al. (2021) also
controls for lender-specific slopes in a robustness check. However, the problems identified here
exists as long as there are within-lender hetergeneity in menus, which we find is prevalent in Sec-
tion 2.2.2.
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Figure 2.2: How the choice of which menu dimension to control for can lead to contradictory
findings of discrimination

(a) Points on rates shows no discrimination
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This possibility is not merely a theoretical curiosity. Figure 2.3a plots the predicted val-

ues of discount points paid in a regression with race dummies interacted with levels of in-
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terest rate spread rounded to the nearest quarter of a percent for the FHAmortgages in our

sample. It shows that, conditional conditional on the rate paid, Black and white borrowers

pay similar numbers of points. On the other hand, using the same data, Figure 2.3b shows

the predicted values of interest rate paid in a regression with race dummies interacted with

levels of discount points rounded to the nearest half a point. It suggests that, conditional

conditional on the number of points paid, Black borrower pays higher rates than white

borrowers. Thus, the regression approach can give strikingly clear, though ultimately mis-

leading, results.
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Figure 2.3: An empirical example for the choice of which menu dimension to control for can lead
to contradictory findings of discrimination
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This situation in Figures 2.2 and 2.3 can be viewed as a version of the reverse regression

problem of Goldberger (1984). This problem emerge naturally in the menus setting, since

when borrowers are choosing from a menu of options it is in theory not clear which direc-

tion the regression should be run. The problem with testing equality in menus goes beyond
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the reverse regression problem, as there can be false positives and false negatives even when

the forward and reverse regressions are consistent (and even when a simple comparison of

means is consistent) which we will discuss in the rest of this section.

Figure 2.4 shows how even when forward and reverse regressions consistently detect

discrimination or no discrimination, the heuristic of controlling for one dimension of the

menu can lead to false positives and false negatives if interpreted as a test for equality in

menus as in Equation (2.1). In this figure, we represent example data fromminority and

white borrowers using black and white dots, respectively, and menus by dotted lines where

each dotted line is one potential menu from which a borrower may draw. The left panel of

Figure 2.4a shows a false positive situation in which minority borrowers paid more in rate,

controlling for points, and more points, controlling for rate, even though lenders offered

both minority and white consumers the same distribution of menus. The only difference

in borrower behavior by group is that minority consumers chose to pay fewer points on

every menu. That is, even thoughM1 = M2 in reality, as represented by a common set

of dotted lines facing both groups, it appears as if minorities are worse off controlling for

either dimension of the menu. In the right panel of Figure 2.4b, we illustrate a false nega-

tive situation in which minority consumers paid the same rate conditional on points but

faced a worse distribution of menus, since the bottommenu (the most advantageous menu)

was offered only to white borrowers while the second-to-bottommenu was offered only to
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minority borrowers. Furthermore, Figure 2.4b can be constructed in a way such that the

variance of the rate and discount points paid are equal, such that forward and reverse regres-

sions both give the same false negative but there does exist discrimination in menus. That is,

in the situation of Figure 2.4b,M1 ̸= M2 in reality, but controlling for either dimension of

the menu the researcher would find no difference between the two groups.
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Figure 2.4: False positives and false negatives from controlling for one direction of the menu
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A second intuitively appealing approach for assessing discrimination in menus is to com-
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pare means, thus avoiding the problem of having to estimate menu slopes from the data.

In other words, the researcher may wish to check if minority consumers paid more on av-

erage in both rates and discount points, such that they are disadvantaged in both dimen-

sions compared with observationally similar white borrowers. A variation of this approach

is to take a pre-defined range of rate-point trade-offs as the slope estimated from external

sources, which is done inWoodward (2008) and Bartlett et al. (2019a). While this avoids

the problem that regressions may incorrectly estimate menu slopes, it can still lead to false

positives and false negatives when slopes are not constant across menus, thus breaking the

assumption (1) that all menus share the same shape. This is a realistic problem, because

we know from rate sheet data that an unobserved heterogeneity in slopes does exist in the

mortgage setting, as the rate-point trade-offs do vary substantially across lenders and over

time (Figure 2.9). Figure 2.5a illustrates how, when slopes differ across menus, a false pos-

itive in which minority consumers pay more on average in terms of both rates and points

but faced the same distribution of menus as white borrowers can occur (M1 = M2). And

Figure 2.5b illustrates a false negative possibility in which minority borrowers paid the same

average rates and points as white borrowers but did face worse menus (M1 ̸= M2).
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Figure 2.5: False positives and false negatives from checking if minority borrowers paid more on
average in both rates and points

(a) False positive, minority consumers paid more
on average in both rates and points, but their
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The mechanism for when a comparison of means would lead to false positives in the case

of Figure 2.5a is that in the example, minority borrowers respond less to differences in the

slopes of the rate-point menus compared with white borrowers. This possibility is empir-

ically relevant, because there are two directions in which constraints can drive borrower

choices of rates and closing costs. First, if borrowers are cash constrained when getting the

loan, they may need to get a lower closing cost mortgage (pay fewer discount points) regard-

less of what rate-point trade-offs lenders offer. Second, if borrowers are debt-to-income

(DTI) constrained, they may need to pay more points to buy down the rate to increase their

borrowing limit.11 Therefore, the finding that minority borrowers on average pay more

than white borrowers may simply reflect the fact that minority borrowers are more con-

strained in their choices, which is a form of “disadvantage” that is not necessarily due to

lenders discriminating against them by offering them different menus.

While simple in hindsight, the situation of Figure 2.5a also illustrates how a seemingly

innocuous assumption that differences in menus faced by different agents can be summa-

rized by a single monotonically additive term is actually a strong assumption when there are

differences in both menu intercepts and slopes in reality. Perhaps due to tractability, such

an assumption is popular in models of labor productivity (e.g. Hwang, Reed, and Hubbard

(1992), Bell (2019)), where agents are assumed to face structurally defined menus of trade-

11See, for example: https://www.thetruthaboutmortgage.com/
dti-debt-to-income-ratio/.
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offs indexed by a single productivity term, and estimation proceeds by devising a method

to consistently estimate the distribution of that term. Our illustration implies that by ig-

noring the multidimensional way unobserved heterogeneity in trade-offs can enter into the

model (for example, in terms of both levels and slopes), a researcher can be led to conclude

that, for example, one group of workers is more productive than another group when one

group is simply more flexible than another group in terms of their preferences over wage-

amenities trade-offs. Therefore, whether a single index assumption is reasonable or not

depends on howmuch of a concern the situation illustrated in our Figure 2.5a would be in

the specific empirical context in which they are applied.12

Fundamentally, the shortcomings of existing empirical methodologies, when applied to

the menu problem, can be summarized as a combination of omitted variables bias and mis-

specificiation bias. Roughly speaking, the assumptions underlying the heuristic approaches

of assessing discrimination in menus are that (1) all menus share the same shape, with unob-

served heterogeneity in menus being due to an additive error term, and (2) that this shape

can be correctly estimated/inferred from other data. The omitted variables problem stems

from the fact that the preferences of consumers, since they are unobserved, can lead to bias

when the slopes of menus are estimated from data by controlling for them, thus breaking

12Another setting where a single (log-)additive productivity assumption is popular is in the pro-
duction function literature (e.g. Olley and Pakes (1996), Levinsohn and Petrin (2003), Ackerberg,
Caves, and Frazer (2015)). Therefore, while methods from the production estimation literature are
useful for estimating average returns to capital and labor, they are also problematic if applied as a
test of equality in menus as in our mortgage context.
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implicit assumption (2). This is the main problem with simply controlling for some dimen-

sions of the menu, as illustrated in Figures 2.2 and 2.4. While it is less recognized in the

mortgage pricing discrimination literature, much work in labor productivity estimation

is indeed aimed at estimating the slopes of trade-offs and addressing the omitted variables

problem in (2). A more subtle problem is that correctly estimating the average slopes of

trade-offs is not sufficient for assessing equality in menus. Models that assume away hetero-

geneity in slopes and interpret residuals to average trade-offs as differences in menus can

generate a mis-specification error when heterogeneity in slopes does exist in reality, which

can lead to misleading inference by breaking assumption (1). This is the problem illustrated

in Figure 2.5.

2.2.2 The relevancy of the “menu problem” in the mortgage setting

As we illustrated in Figure 2.3, the possibility for contradiction in regression estimates of

differences in menus is an empirically relevant problem in the mortgage discrimination set-

ting in the sense that it is present in our data. More fundamentally, the problems illustrated

in Section 2.2.1 depend on (1) the existence of unobserved heterogeneity in menus and (2)

in the differences in preferences between borrower racial groups. We argue that these issues

are first order in the mortgage setting.

Empirically, we find that there exists large unobserved heterogeneity in menus across bor-

rowers within narrow covariate groups and from the same lender, suggesting that existing
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methods that condition on these observables cannot eliminate the problems we point out.

In particular, we use the data described in Section 2.5 to sample pairs of borrowers who got

a mortgage with the same lender, on the same day, with the same mortgage type (Conform-

ing or FHA) and the same loan-level price adjustment (LLPA) and loan amount group,

and compute the implied slopes given by their rate and point choices, which we plot in

Figure A.14. Within this sample and among borrowers whose rate and point choices were

not identical, 51% of Conforming pairs and 52% of FHA pairs had choices that dominated

one another. Furthermore, Figure A.14 also shows that the implied exchange rate between

them have large dispersion. Finally,R2 of our regressions of points on rate in Tables A.11,

as well as those of the literature, are well below 1. These observations all imply that there

exists large unobserved heterogeneity in the menus, even conditional on narrow covariate

and lender groups.

The reason that researchers have emphasized the role of discount points in studies of

mortgage pricing discrimination is due to a presumption that Black borrowers has different

preferences over menus items compared toWhite borrowers, perhaps due to differences in

liquidity or borrowing constraints. Indeed, we observe Black andWhite borrowers making

different choices in the data. In particular, Table 2.3 of our empirical application shows

that Black borrowers pays more points than similar White borrowers for Conforming mort-

gages and fewer points than similar White borrowers for FHAmortgages. However, as
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we point out, there is a difficulty in attributing this difference in choices to a difference in

the menus presented to Black andWhite borrowers or the heterogeneity in preferences be-

tween the racial groups. The advantage of our methodology is that it allows us to say that,

under weak assumptions about preferences and menus, some of the racial difference in

choices can only be rationalized by a difference in the distribution of menus facing Black

andWhite borrowers among Conforming mortgage borrowers.

2.3 RobustMetrics for Assessing Discrimination inMenus

In this section, we define our robust metrics for assessing discrimination in menus. We

consider equality in menus to mean equality in the distribution of menus offered to Black

and non-Hispanic white borrowers, conditional on their observables. First, we present in-

tuition for our approach in Section 2.3.1. We then specify our model of borrower choice

more formally in Section 2.3.2. We keep our model fairly simple; menus are treated simply

as a collection of items. Then, we define a direct test metric for equality in menus in Sec-

tion 2.3.3 and a more welfare-relevant differences in menus metric for whether one group

of consumers would like to switch to another distribution of menus in Section 2.3.4. We

discuss the power of our identification results in Section 2.3.5. We leave inference on these

metrics to Section 2.4. To increase clarity, we focus our exposition on the mortgage setting

with two choice dimensions. Nevertheless, our general approach can be applied to contexts
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with more than two dimensions and may be useful in other settings where similar restric-

tions can be made.

2.3.1 Intuition

Our metrics for assessing discrimination in menus are based on whether the data can be

rationalized by a model in which all groups of borrowers faced the same distribution of

menus. Ignoring for now sampling error to build intuition, the common thread in the false

positive situations of Figures 2.4a and 2.5a is that there does exists a possible common dis-

tribution of menus that rationalizes the choice distributions of both minority and white

borrowers, in the sense of there being a possible one-to-one match between minority and

white borrowers where within each match both of the borrowers’ choices could have come

from the same menu. This is the criteria we use for assessing equality in menus.

By construction, our metrics are robust to false positives, since we will detect discrimi-

nation in menus only when there is no way to rationalize the data under the assumption of

a common distribution of menus, regardless of the nature of any preference heterogeneity

between the two groups of borrowers. Our methodology can also detect discrimination

in menus where the existing heuristic approaches to the menu problem fail to do so. In

particular, we illustrate in Figure 2.6 how the situation of Figures 2.4b, in which regres-

sions controlling for either rates or points, would show a false negative, but the data fail

our one-to-one matching condition under the assumption that borrowers with pairwise
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strictly dominated choices (that is, paying more in terms of both rates and points) could

not have shared menus with one another. In other words, there is no way to construct a

common distribution of menus for minority and white borrowers that explains the data.

Analogously, the false negative example from comparing means in Figure 2.5b also fails our

criterion.

Figure 2.6: How data from Figure 2.4b fail a “perfect matching” condition

(a) Possibility #1 for matching fails

rate

discount points paid

data for minorities

data for whites

No

(b) Possibility #2 for matching also fails

rate

discount points paid

data for minorities

data for whites

No

To summarize, we define newmetrics based on whether a set of preferences can rational-

ize the data under equality in menus, which are robust to the false positives. Furthermore,

in some situations, such as those in Figures 2.4b and 2.5b, our metrics can detect discrimi-

nation when existing, heuristic approaches fail to do so. Nevertheless, a drawback of our ap-

proach is that it still leaves some possibility for false negatives, because the mere existence of

a set of preferences that explains the data under equality in menus does not mean that it is
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the true set of preferences. This is a weakness compared with experimental approaches that

may allow the researcher to directly observe menus, but the advantage of our approach is

that it requires only data on outcomes and few assumptions on the data-generating process.

Furthermore, our metrics are sharp in the partial identification sense that false negatives can

only occur when there exists a common distribution of menus rationalizing the data that

cannot be ruled out under the assumptions given.

2.3.2 Model

We now define our model more precisely. A menu item has values over k dimensions of

attributes,13 which we encode by x ∈ X ⊂ R
k. A menum ⊆ X is a set of such menu

items that are presented to the borrowers. When borrower i is presented with a menum,

we observe themmaking a choice that maximizes their utility over menu items ui(x). That

is, we observe choices xi where:

xi ∈ argmax
x

{ui(x) : x ∈ m}. (2.3)

To keep the distribution of menus Lebesgue measurable and to implement the inference

procedure of Section 2.4, we make the simplifying assumption that the set of items avail-

able to choose from is finite:

13In our context, the two dimensions of mortgage pricing are interest rates and discount points.
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Assumption 1. (Finiteness) The set of possible menu items,X, is finite.

Under Assumption 1, we can consider a probability distribution over possible menus

m ∼ M. This setup is fairly general and follows from consumers having standard (that is,

complete and transitive) preferences over menu items.14

2.3.3 A robust test for inequality in menus

Suppose borrowers with a similar distribution of covariates in groups 1 and 2 face menus

m1 ∼ M1 for borrowers in group 1 andm2 ∼ M2 for borrowers in group 2. The re-

searcher wishes to compare the distribution menus across two groups of borrowers. More

specifically, testing for equality of menus can be written as testing the null hypothesis that

the distributions of menus being offered to both groups are equal. That is:

H0 : M1 = M2, (2.4)

H1 : ¬H0. (2.5)

To go from data on choices to statements about menus, we place restrictions on the

14Our Equation (2.3) that consumers maximize utility over menu items does rule out more be-
havioral representations of preferences over menus, such as in Gul and Pesendorfer (2001) and Ellis
andMasatlioglu (2021) where the existence of some menu items may “tempt” consumers to change
their rankings of other menu items. In that case, our statistical test of inequality in menus would
still be valid, but the interpretation of our more welfare-relevant differences in menus (DIM) metric
would be nuanced.
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choices that could have been plausibly made from the same menus in terms of borrower

preferences. For mortgages, it is plausible to assume that paying more in both interest rates

and discount points is a dominated choice (and indeed would not be offered as a choice by

the loan originator), which is the intuition we use in Figure 2.6 to reject equality in menus

in that situation. We formalize this as Assumption 2:

Assumption 2. (Dominance) Paying more in rates and points is dominated. More formally,

let x1 = [r1, y1], x2 = [r2, y2], where r1, r2 represents rates and y1, y2 represents points. Then if

r1 > r2, y1 ≥ y2, or r1 ≥ r2, y1 > y2, ui(x1) < ui(x2), ∀i.

We illustrate in Figure 2.7 the restrictions on the observed choices that may come from

the same menu under Assumption 2. The observed choice of the borrower, shown as the

black dot, implies that they did not have the lower-left dashed quadrant available on their

menu, since otherwise they would have chosen it. Similarly, any choice in the upper-right

quadrant could not have been from the same menu as the choice indicated, as that agent

would have an incentive to switch to that choice.

Note that while Assumption 2 is defined in the form of preferences of borrowers, it

could have been alternatively formulated in the sense of dominated choices being unlikely

to be offered to borrowers, which would have led to the same restrictions. Importantly,

this implies that our test of equality in menus would hold even if borrowers are behavioral

such that Assumption 2 fails, as long as lenders’ menus fall within the range we specify in
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Assumption 3. The main purpose of Assumption 2 is to allow us to compute a welfare-

relevant metric for assessing differences in menus (DIM) later on.

Figure 2.7: Restriction on what cannot lie on the same menus from dominance.

rate

discount points paid

While Assumption 2 is sufficient for rejecting equality in menus in the example situation

of Figure 2.6, in our empirical application it is too weak of a restriction to be informative by

itself. For our empirical analyses, we further adopt the industry rule of thumb of Bartlett

et al. (2019a) that each point paid reduces the interest rate on a mortgage by one-eighth to

one-fourth for conforming mortgages, with an expanded range for FHAmortgages. This is

an assumption about menus rather than about preferences, which we formalize as Assump-

tion 3:

Assumption 3. (Restriction onMenus) In menus, each point paid reduces the rate by be-

tween [a, b]. More formally, x1 = [r1, y1], and x2 = [r2, y2] can lie on the same menu
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{x1, x2} ⊆ m only if:

a ≤ r2 − r1
y2 − y1

≤ b or x1 = x2, (2.6)

where 0 ≤ a ≤ b ≤ ∞, and x1 = [r1, y1], x2 = [r2, y2], with r1, r2 representing rates and

y1, y2 representing points.

We illustrate in Figure 2.8 the effect of defining a menu set based on Assumption 3.

As Figure 2.8 indicates, the range of possible choices that could have come from the same

menu as that of the consumer with the choice illustrated by the black dot is more restricted

under this assumption, compared with using only dominance relationships in terms of

preferences as in Assumption 2. Thus, this improves our ability to detect discrimination in

menus. Since Assumption 3 is weakly stricter than Assumption 2 for our test statistic for

equality in menus, the only place where Assumption 2 is used in our empirical application

is to make welfare comparisons of menu distributions.
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Figure 2.8: Restriction on what cannot lie on the same menus, from industry knowledge.

rate

discount points paid

Empirically, we find that the industry rule of thumb from Bartlett et al. (2019a), which

motivated Assumption 3, covers a vast majority of menus based on data from a sample

of lender rate sheets that enumerates the rate and discount point menus. Using the 2014

LoanSifter data from Fuster, Lo, andWillen (2019), we estimate slopes of menus within

their sample of 30-year purchase mortgages across seven different MSAs (Chicago, Hous-

ton, Los Angeles, Miami, New York City, Seattle, and San Francisco) and a range of loan

amounts, FICO scores, and LTVs. The sample construction is discussed in more detail in

Fuster, Lo, andWillen (2019). We estimate the slopes of the rate-point trade-off by taking

the difference in the interpolated rate from 0 points to 2 points and dividing by 2. In this

sample, the rule of thumb that each point paid is worth 1/8 to 1/4 of a point covers 94.4

percent of all rate sheet observations for conforming mortgages. For FHAmortgages, we
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use an expanded rule that each point is worth 1/32 to 1/4 in rate, which covers 97.6 percent

of all observations. We illustrate this in Figure 2.9. Thus, we believe that our Assumption 3

is reasonable.

Figure 2.9: Rate sheet evidence for our menu slopes Assumption 3.

(a) Conforming mortgages, Bartlett
et al. (2019a) restriction in red
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(b) FHAmortgages, our expanded
restriction in red
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In addition, we see substantial heterogeneity between the menu slopes across lender-

weeks in Figure 2.9, perhaps reflecting market power or lender- and time-specific costs. As

we explained earlier, the existence of this heterogeneity interacted with possible differences

in preferences between the two groups makes an approach like ours necessary for comput-

ing robust metrics of discrimination in menus.

Under Assumption 3, let x1 = [r1, y1], x2 = [r2, y2]. We define an indicator function for
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whether choices x1, x2 could have come from the same menu:

φ(x1, x2) =


1 , if a ≤ r2−r1

y2−y1 ≤ b or x1 = x2

0 , otherwise.

(2.7)

After defining this function, we have the following identification result for when vec-

tors of choice probabilities p1 = [p1(x1), p1(x2), . . .],p2 = [p2(x1), p2(x2), . . .] from

observationally similar groups of borrowers can be rationalized under the null hypothesis

of equality in the distribution of menusH0 : M1 = M2:

Theorem 1. Under Assumptions 1 and 3, choice probabilities p1,p2 can be generated from

the same underlying distribution of menusM1 = M2 if and only if there exists a coupling

with probability mass function π(x1, x2) : X ×X → [0, 1] with implied marginal densities∑
x2 π = p1,

∑
x1 π = p2 such that:

T ≡ 1− Eπφ(x1, x2) = 0. (2.8)

Proof. See Appendix A.8.1.

Theorem 1 formalizes the intuition from Section 2.2 that equality in menus should im-

ply a way to “match” observations to one another such that each pair can come from the

same set of menus. In particular, π serves as a coupling or “matching function,” where each
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of its entries π(x1, x2) represents the extent to which choice probabilities p1(x1) and p2(x2)

came from the same menu, and the requirement of Equation (2.8) is that this coupling

should lie entirely in the area where φ(x1, x2) = 1. Based on Theorem 1, we are ready to

define a test statistic that looks at the extent to which this matching is deficient:

Definition 1. Our test statistic for equality in menus, T̂, given sample choice probabilities

p̂1, p̂2, is:

T̂ = min
π(x1,x2)

1− Eπφ(x1, x2), s.t.
∑
x2

π = p̂1,
∑
x1

π = p̂2, π ≥ 0, (2.9)

where the extent to which T̂ > 0 indicates a failure of the perfect matching condition in

Theorem 1 in sample, which is evidence against equality in menus. It measures the fraction

of each sample that cannot be matched to one another. The statistic T̂ in Equation (2.9) is

a finite dimensional optimal transport objective that can be efficiently computed using a

linear program. To deal with sampling error inherent in T̂, we discuss in Section 2.4 how

hypothesis testing for T̂ from Equation (2.9), as an optimal transport objective, can be con-

sistently simulated.

2.3.4 Metric for assessing differences in menus

The direct test of inequality in the distribution of menus in Section 2.3.3, while indicative

of discrimination in menus, has the drawback that it may not be the object of interest for
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researchers. The fact that the distribution of menus presented to one group is different

in some aspect from the distribution of menus presented to another group may not be of

welfare consequence, a problem that Abadie (2020) discusses in more detail. Rather, for

the purposes of comparing menus across two distributions, we want a metric for assessing

whether the distribution of menus from one group is meaningfully “better” than that of

another group. For this purpose, we ask the question: If Black consumers were instead as-

signed white menus, how much better off would they be?

Conceptually, we consider the object of interest to be the change in welfare when Black

consumers were instead assigned white menus, under an assignment rule π(i, j) that maps

each consumer i ∈ I1 from group 1 to the menu of consumer j ∈ I2 from group 2. Giving

all consumers the same welfare weight, this objective can be represented by Equation (2.10):

ΔWI1→I2,π =
∑

i∈I1,j∈I2

π(i, j)(ui(mj)− ui(mi)). (2.10)

To get at ΔWI1→I2,π, we proxy for the utility difference ui(mj) − ui(mi) through a

metric di→j(mi,mj) that measures the extent to which consumer iwould be willing to

117



increase the interest rates on their loan in order to switch frommenumi to menumj:

ui(mj)− ui(mi) = di→j(mi,mj) ≡ sup{δ ∈ R : ui({x+ δer, x ∈ mj}) ≥ ui(mi)},

(2.11)

where er represents a basis vector that is equal to 1 at the location indexing interest rates. If

consumers have constant marginal utility over interest rates such that utility can be rep-

resented as ui(x = [r, y]) = r + f(y), then di→j(mi,mj) is directly proportional to

the utility change for consumer i after switching to menu j. Even if consumers do not

have constant marginal utility over interest rates, it is still meaningful as a “willingness to

pay” metric, since di→j(mi,mj)measures the extent to which consumer iwould be will-

ing to increase the interest rates to switch frommi tomj. In the rest of this section we

will show how we can compute an informative lower bound for this metric given the data,

di→j(xi, xj) ≤ di→j(mi,mj), xi ∈ mi, xj ∈ mj, which then leads our differences in menus

measure.15

To define our lower bound, we make an additional assumption that menus are complete

in points, such that all choices of points are available to borrowers, which we formalize

as Assumption 4. This is an approximation, since lenders may limit the choices of points

15We note that while we define ourDIM1→2 over “willingness to pay” in terms of interest rates,
we could have also defined it using points. However, due to the possible existence of cash on hand
constraints that are likely binding for many consumers, constant marginal utility is very unlikely to
hold for points, which makes welfare aggregation less credible.

118



to certain decimals (for example, 0.134, 0.266, …) rather than literally the full range, but

the practical implications of such small gaps in menus are likely small. Furthermore, there

may be information constraints on the part of borrowers such that they do not “see” their

full choice set (that is, some borrowers may not know that they can pay/receive points).

Our metric is robust to this information constraints problem since as long as the subsets of

choices borrowers “see” are held constant, our lower bound metric would remain valid.

Assumption 4. (Completeness) The menus are complete in discount points. More specifically,

∀m, ∀y′, ∃x = [r, y′] ∈ m.

The effect of Assumption 4 is illustrated in Figure 2.10. Under the assumption that the

mortgage menus are complete in discount points, we can meaningfully say that the minor-

ity borrower whose choice is represented by the black dot would have preferred the menu

of the white borrower whose choice is represented by the white dot, because there exists a

level of discount points such that all possible choices in the white borrower’s menu dom-

inate the minority borrower’s choice. Otherwise, the minority borrower might not have

preferred the white borrower’s menu because the white borrower’s menu could have been

a singleton that the minority borrower dislikes. Therefore, adding the assumption of menu

completeness in points sharpens the comparison of menus.
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Figure 2.10: Impact of assuming that menus are complete in either rates or points

rate

discount points paid

?

We illustrate in Figure 2.11 how we can construct a lower bound for the willingness to

pay in terms of interest rates di→j(xi, xj) under Assumption 4. There, borrower 1, who

made a choice x1 from an unobserved menum1, has made a choice that is dominated (in

terms of paying a higher rate at the same level of points) by any possible menu of borrower

2, who made a choice x2 from a menum2. This implies that, by revealed preference of bor-

rower 1, the menu that borrower 2 faced is better than borrower 1’s menu, orm2 ≻1 m1.

For borrower 1 to possibly become indifferent betweenm1 andm2,m2 needs to be shifted

up by at least the amount indicated in the figure in the dimension of interest rates. In other

words, a lower (sharp) lower bound for d1→2(m1,m2) is d1→2(x1, x2), in the sense that bor-

rower 1 is willing to pay at least d1→2(x1, x2)more in interest rate in order to get borrower

2’s menu. Similarly, the menu faced by borrower 2 would need to be shifted downward
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by at most the negative d3→2 before it dominates x3’s choice. Therefore, borrower 3, with

choice x3, would need to pay at least−d3→2, or receive at most d3→2, before being willing

to switch to borrower 2’s menu.

Figure 2.11: Lower bound for borrower 1’s willingness to pay a higher interest rate in order to get
borrower 2’s menu.

rate

discount points paid

x2

x1

d1→2

x3

d3→2

Formalizing the intuition from Figure 2.11, we define our lower bound for the willing-

ness of borrower 1 to switch to borrower 2’s menu under Assumptions 1 through 4 as fol-

lows:

d1→2(x1, x2) ≡ r1 − r2 + amax(y1 − y2, 0) + bmin(y1 − y2, 0) ≤ d1→2(x1, x2), (2.12)

where in the first line j indexes points, and in the second line we take it to the mortgage

setting and let x1 = [r1, y1], x2 = [r2, y2], where r1, r2 are rates and y1, y2 are points. The
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lower bound for howmuch borrower 1 would be willing to pay to switch to the menus of

borrower 2, d1→2(x1, x2), then allows us to define our differences in menus (DIM) metric:

Theorem 2. Under Assumptions 1 through 4, choice probabilities p1,p2 implies a DIM

measure:

DIM1→2 = min
π(x1,x2)

Eπd1→2(x1, x2), s.t.
∑
x2

π = p1,
∑
x1

π = p2, π ≥ 0 (2.13)

where DIM1→2 serves as a lower bound for the average willingness to pay in terms of interest

rates for borrowers in group 1 to switch menus with borrowers in group 2. If borrowers have

constant marginal utility in interest rate, then:

DIM1→2 ≤ ΔWI1→I2,π (2.14)

where utility is measured in terms of interest rate paid.

Proof. See Appendix A.8.2.

Theorem 2 shows that, when all consumers have the same constant marginal utility

over interest rates (normalized to 1), our DIMmetric is as a lower bound for the change

in welfare for when consumers in group 1 are instead assigned menus from group 2 in an

arbitrary way ΔWI1,1→2,π1→2 . If instead consumers do not have constant marginal utility

over interest rates, then theDIM1→2 metric could still be interpreted as the average in-
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crease in interest rates consumers in group 1 would be willing to pay in order to switch

to menus from group 2. Furthermore, by Theorem 1, equality in menus would imply that

DIM1→2 ≤ 0, so a finding thatDIM1→2 > 0 is also rejection of equality in menus in a

welfare relevant way.

The sample analogue of the DIMmetric follows immediately fromDefinition 2.

Definition 2. Our empirical differences in menus metric, ˆDIM1→2, given choice probabilities

p̂1, p̂2, is:

ˆDIM1→2 = min
π(x1,x2)

Eπd1→2(x1, x2), s.t.
∑
x2

π = p̂1,
∑
x1

π = p̂2, π ≥ 0 (2.15)

In terms of inference, the sample DIMmetric in Definition 2 is also the value of a finite

dimensional optimal transport problem. We discuss hypothesis testing in this class of prob-

lems in Section 2.4.
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Extension: a “simple DIM”

An simple extension of our DIMmetric is:16

DIMs
1→2 = Ex1∼f1(x1),x2∼f2(x2)d1→2(x1, x2) (2.16)

Where f1(x1) is the distribution of borrower choices in group 1, and f2(x2) is the distribu-

tion of borrower choices in group 2.

TheDIMs
1→2 metric as defined in Equation (2.16) has a straightforward interpretation:

it is a lower bound for the expected willingness to pay of borrowers in group 1 after switch-

ing to random group 2 borrowers’ menus. This is compared to the worst-possible assign-

ment as in our Definition 2. The drawback of this metric is it requires an additional as-

sumption to be a valid test of differences in menus, such as random assignment of menus

conditional on the covariates groups within which it is computed. Such an assumption

may be violated. For example, if, for borrowers in both groups, the heterogeneity in menus

is due to unobservables that may be correlated with preferences, it is possible that theDIMs
1→2

metric would produce a false positive. Our DIMmetric in Definition 2, on the other hand,

16This section owes its existence to Daniel Ringo. The authors have omitted this possibility from
the initial version of the paper in favor of the more robust alternative as presented in Definition 2.
Dr. Ringo has independently arrived at this metric and used it to replicate our main results dur-
ing his discussion of our paper at the 2021 Federal Reserve Day-Ahead Conference on Financial
Markets and Institutions. In doing so, he illustrated the computational advantages of this simpler
metric which may be useful in some contexts.
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is robust to such a violation.

Nevertheless, the “simple DIM” metric has the advantage of being easy to compute and

conduct inference on. Its sample counter-part is:

ˆDIMs
1→2 = Ex1∼f̂1(x1),x2∼f̂2(x2)d1→2(x1, x2) (2.17)

which may be computed by simply sampling random pairs of choices x1, x2, conditional

on covariates, and then averaging their d1→2(x1, x2)metric. Standard techniques such as

bootstrapping may then be used for inference.

In our empirical application, the “simple DIM” gives similar qualitative results to our

DIMmetric. Thus, researchers may find such a metric useful for data exploration before

moving on to our more robust metric. Furthermore, if the researcher believes that random

assignment of menus conditional on the covariates groups is a valid assumption to make,

the “simple DIM” is also a valid metric for assessing difference in menus.

2.3.5 When does our method have power?

Our metrics for differences in menus are robust in the sense that they are immune to the

false positives problem from which the existing methods suffer, but they may still generate

false negatives in that there exist scenarios where the data are rationalizable under equality

in the distribution of menus, but in fact the distribution is different. Generally speaking,
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our method has power only to the extent that the borrowers’ choices cannot be rationalized

by an equal distribution of menus under the restrictions on preferences and menus that

we have made. In this subsection, we give some examples of scenarios where this would or

would not occur. In our later empirical analysis, we show that our methodology does have

enough power to be useful in detecting discrimination in mortgage markets.

Figure 2.12 illustrates a scenario in which white and minority borrowers face the same

default menu, but some white borrowers are offered a discretionary discount in terms of

points. In the figure, the menu represented by the dashed line is shifted leftward for a white

borrower, but all minority borrowers face the original menu. This shift makes the bottom-

left choice by the white borrower not matchable to any of the minority borrowers’ choices,

so our one-to-one matching condition for equality in menus in Theorem 1 is broken. Our

Theorem 1 would therefore have power to detect a difference in the distribution of menus

offered to white and minority borrowers in this case. Furthermore, when the discretionary

discount being given to white borrowers is large enough relative to the range of permissible

menus, our DIMmetric defined in Theorem 2 would also show that minority borrowers

would be willing to pay to switch to the white borrowers’ menus.
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Figure 2.12: Power to detect discrimination when discretionary discounts offered to only some
white borrowers make the data not rationalizable under equality in menus

rate

discount points paid

data for minorities

data for whites

Figure 2.13 gives an example situation in which minority and white borrowers were pre-

sented with different menus as illustrated in the dotted lines, with white borrowers on av-

erage paying less in both rates and points, but the data are rationalizable under equality in

menus. More specifically, while the data were generated by menus represented by the dot-

ted lines which differ in distribution between white and minority borrowers, the data can

be rationalized with one minority and one white borrower both choosing from the hypo-

thetical menu represented by the dashed line and the other two borrowers choosing from

the remaining dotted line. In this scenario, we cannot rule out that the true distribution

of menus is represented by the dashed line plus a dotted line rather than the two dotted

lines, and therefore our metrics from both Definition 1 and Definition 2 would fail to re-

ject equality in menus.
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Figure 2.13: No power when the data can be rationalized by (incorrect but plausible) distribution
of menus that are equal across the racial groups

rate

discount points paid

data for minorities

data for whites

While our approach cannot detect differences in menus in the situation of Figure 2.13,

there is a good reason for this: It is possible that the borrowers’ choices were truly generated

by the dashed line and the dotted line such that the racial groups did in fact face the same

distribution of menus. It is indeed impossible to rule out that possibility given the data

presented. This is the sense in which our metrics are sharp. Empirically in Section 2.5, we

show that we are able to reject equality in menus for conforming mortgages, which shows

that our method does have enough power to be useful in our mortgage setting.

2.4 Inference for Optimal Transport

In this section, we devise a new procedure for conducting hypothesis testing on the val-

ues of optimal transport problems that includes our metrics derived in Section 2.3. This
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is needed because the objective values of our model can be non-differentiable with respect

to p1,p2 which implies that simple bootstrap methods may not be consistent (Fang and

Santos, 2018). While some existing methods in the literature can be applied in more general

contexts, they are either too conservative or converge too slowly based on our simulations,

which we discuss at the end of this section. Our new procedure may be of independent

interest for other researchers who wish to apply optimal transport methods to economics;

some of those applications are listed in Galichon (2016).

We consider hypothesis testing on the value ϕ of a finite dimensional optimal transport

problem with cost function φ(x1, x2), x1, x2 ∈ X and marginal distributions p1,p2:

ϕ̂(p̂1, p̂2) = min
π(x1,x2)

Eπφ s.t.
∑
x2

π = p̂1,
∑
x1

π = p̂2, π ≥ 0, (2.18)

where the hypothesis is in the form of the value of the optimal transport ϕ(p1,p2) as a

function of the true marginal distributions p1,p2 being less than or equal to some value

ϕ0:

H0 : ϕ(p1,p2) ≤ ϕ0, (2.19)

Ha : ϕ(p1,p2) > ϕ0. (2.20)

The form of the null hypothesis in Equation (2.19) is especially relevant to us because
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both our test of equality in menus (that is, whether T ≤ 0) and our lower bound DIM

metric (that is, whetherDIM ≤ DIM0) can be expressed in terms of it. We provide a

methodology to conduct this hypothesis test by looking at the asymptotic distribution of

ϕ̂ and finding a critical value to compare the observed ϕ̂ to underH0. This can then be in-

verted into a confidence interval for the true value of ϕ.

As an overview, we combine the directional derivatives approach of Fang and Santos

(2018) and Shapiro (1990) with a size correction of Romano, Shaikh, andWolf (2014) and

McCloskey (2017), which allows us to conduct hypothesis testing for optimal transport

with uniform size control. To do so, we prove the directional differentiability for optimal

transport problems on finite domains, and show how the general approach can be imple-

mented as a linear program with complementarity constraints (LPCC).

We use the definition of Hadamard directional differentiation from Fang and Santos

(2018), with some notational differences tailored to the optimal transport setting. Here, the

value of an optimal transport represents a map ϕ : Dϕ → R, whereDϕ = PX × PX,

PX is the set of probability measures onX. LetD0 = {P1 − P2 : P1 ∈ PX,P2 ∈ PX}

be the set of possible differences in probability measures, and θ = {p1, p2} be the marginal

distributions, then:

Definition 3. (Fang and Santos, 2018) A map ϕ : Dϕ → R is said to be Hadamard

directionally differentiable at θ ∈ Dϕ tangentially to the setD0, if there is a continuous
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linear map ϕ′θ : D0 → R such that:

lim
n→∞

∥∥∥∥ϕ(θ+ tnhn)− ϕ(θ)
tn

− ϕ′θ(h)
∥∥∥∥ = 0 (2.21)

for all sequences {hn} ⊂ D0 and {tn} ⊂ R+, such that tn →+ 0,hn → h ∈ D0 as n → ∞

and θ+ tnhn ∈ Dϕ for all n.

The main difference between the Hadamard directional differentiability and the typical

notion of differentiability is that tn approaches zero from the positive direction in Defini-

tion 3. Loosely speaking, the directional derivatives represent the change in the value of the

function for a small change in its inputs “in the direction h” for each h.

We show in Theorem 3 that the value of all Monge-Kantorovich optimal transport prob-

lems with bounded cost functions on finite spaces is Hadamard directionally differentiable

in the sense of Definition 3. In particular, Theorem 3 is a generalization of Sommerfeld

andMunk (2018), which shows that the Wasserstein metric (the value of an optimal trans-

port problem with the cost function restricted to distance metrics) on finite spaces is direc-

tionally differentiable.17

Theorem 3. The value ϕ of an optimal transport problem with cost function φ(x1, x2), x1, x2 ∈

X, whereM = sup |φ| < ∞ and dim(X) < ∞, is Hadamard directionally differentiable,

17It is also related to Tameling, Sommerfeld, andMunk (2019), who prove that the Wasserstein
distance on countable metric spaces is directionally differentiable. Our Theorem 3 can be similarly
extended to countable metric spaces under the assumption that the cost function φ is continuous.
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with derivative equal to:

ϕ′p1,p2
(h1,h2) = max

u,v∈Ψ∗(p1,p2)
hT
1 u+ hT

2v (2.22)

whereΨ∗(p1,p2) = {u,v : pT
1 u + pT

2v = ϕ(p1,p2), u(x1) + v(x2) ≤ φ(x1, x2)∀x1, x2}

is the set of dual solutions to the linear programming problem, for all {p1,p2} ∈ Dϕ, tangen-

tially to the setD0.

Proof. See Appendix A.8.3.

Under i.i.d. sampling, we know that p̂1−p1 and p̂2−p2 approach a multivariate Normal

distribution:

p̂1 − p1 →d N

0,


p1,1(1− p1,1) −p1,1p1,2 . . .

−p1,2p1,1 p1,2(1− p1,2) . . .

. . . . . . . . .



 , (2.23)

and likewise for p̂2 − p2, such that by construction, Assumptions 2.1 and 2.2 of Fang and

Santos (2018) are satisfied. Then, Theorem 2.1 of Fang and Santos (2018) immediately

implies that:

rn[ϕ(p̂1, p̂2)− ϕ(p1,p2)] = ϕ′p1,p2
(rn[(p̂1, p̂2)− (p1,p2)]) + op(1), (2.24)
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such that the asymptotic distribution of ϕ({p̂1, p̂2}) can be obtained via the directional

Delta method. The remaining challenge for inference is that the true p1,p2 used in ϕ′{p1,p2}

in Equation 2.24 are not known, and thus must be estimated. While we could have used

the plug-in analogue ϕ′{p̂1,p̂2}, that would converge only pointwise and not uniformly,

which is known in the moment inequalities literature to be a poor approximation to the

finite sample properties of estimators for which there are discontinuities in the pointwise

asymptotic distribution (Andrews and Soares, 2010). We approach this problem following

the logic of Romano, Shaikh, andWolf (2014) andMcCloskey (2017). More specifically,

we suppose there exists confidence bands for [p1,p2] at level β such that:

lim sup
n→∞

Pr([p1,p2] ∈ P̂n,β) ≥ 1− β. (2.25)

Many uniform confidence bands satisfying Equation (2.25) are available, for example

fromMontiel Olea and Plagborg-Møller (2019). Then, we take our estimate of the direc-

tional derivative as the maximum directional derivative within this confidence band:

ϕ̂′β(h1,h2) = max
u,v∈Ψ(p1,p2):[p1,p2]∈P̂β

hT
1 u+ hT

2v, (2.26)

where Ψ = {u,v : pT
1 u+ pT

2v ≤ ϕ0, u(x1) + v(x2) ≤ φ(x1, x2)∀x1, x2} are the set of dual

solutions under the null hypothesisH0 : ϕ ≤ ϕ0.
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Next, we define the critical value for ϕ by using our estimated maximum directional

derivative from Equation (2.26) at level 1− α+ β:

ĉ1−α+β = inf{c ∈ R : Pr(ϕ̂′β(h1,h2) ≤ c) ≥ 1− α+ β}, (2.27)

where the distribution of h1,h2 is the asymptotic distribution of p̂1 − p1, p̂2 − p2. In the

following Corollary 1, we will prove uniform coverage for when the observed value ϕ̂ is less

than the critical value ĉ1−α+β, and suggest a computationally tractable version of it as a linear

program with complementarity constraints (LPCC).18

Corollary 1. Suppose we have uniform confidence bands for [p1,p2] ∈ P̂β that provide

uniform coverage as in Equation (2.25), then underH0 : ϕ ≤ ϕ0:

lim sup
n→∞

Pr(ϕ̂− ϕ0 ≥ ĉ1−α+β) ≤ α, (2.28)

where ĉn,1−α+β is computed as in Equation (2.27).

Proof. See Appendix A.8.4.

Corollary 1 implies that uniformly valid hypothesis testing for the value of ϕ can be con-

ducted by first computing a set of uniform confidence bands [p1,p2] ∈ P̂β, and then

18As explained in Hsieh, Shi, and Shum (2021), LPCCs are well under-
stood computationally and are implemented in software such as Knitro:
https://www.artelys.com/docs/knitro/2_userGuide/complementarity.html.
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maximizing over all directional derivatives within these bands as in Equation (2.26). Di-

rectly maximizing over the directional derivative defined in Equation (2.26) is computa-

tionally intensive, because it involves optimizing over a nonlinear dual value constraint

pT
1 u + pT

2v ≤ ϕ0. To deal with this, we replace it with an equivalent complementary slack-

ness formulation πTs = 0, π ≥ 0, s ≥ 0 where u(x1) + v(x2) + s(x1, x2) = φ(x1, x2),

which implies that the elements of π and s cannot be positive simultaneously. Following

the operations research shorthand, we represent this constraint by π ≤ 0 ⊥ sss ≥ 0. The

derivation of this equivalence can be found in standard texts on optimal transport/linear

programming. In particular, Hsieh, Shi, and Shum (2021) use a similar set of conditions for

their projection method. Based on this equivalency, the problem of finding critical values

for the null hypothesisH0 : ϕ ≤ ϕ0 versus the alternativeHa : ϕ > ϕ0 can be computed
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through the following LPCCwhich we implement:

ϕ̂′β(h1,h2) = max
u,v,p1,p2,s,π

hT
1 u+ hT

2v, (2.29)

∑
x2

π = p1, (2.30)

∑
x1

π = p2, (2.31)

Eπφ ≤ ϕ0, (2.32)

u(x1) + v(x2) + s(x1, x2) = φ(x1, x2), (2.33)

[p1,p2] ∈ P̂β, (2.34)

π, sss ≥ 0, (2.35)

π ≤ 0 ⊥ sss ≥ 0. (2.36)

To test our econometric approach, we conduct a Monte Carlo simulation with two pos-

sibilities for points {0, 1} and five possibilities for rate {3, 3.25, 3.5, 3.75, 4}. Furthermore,

Black and white borrowers choose each of the rate-point options with probability 1
10 such

that the null discrimination of no discrimination in menus is satisfied. We compute P̂β

using the plug-in sup-t band of Montiel Olea and Plagborg-Møller (2019). Let β = 1
10α

following Romano, Shaikh, andWolf (2014), and show the simulated probability that we

reject equality in menusH0 : ϕ0 = 0 at the α = 0.01, 0.025, 0.05, 0.1 levels in Table 2.1.
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As Table 2.1 shows, our approach has the approximately correct size across a wide range of

sample sizes and significance levels.

Table 2.1: Control of our size-corrected directional derivative approaches to inference

Significance level

Sample size 1% 2.5% 5% 10%

n1 = n2 = 500 0.6 2.3 4.7 9.3

n1 = n2 = 1000 0.8 2.9 5.3 9.3

n1 = n2 = 5000 1.1 2.3 4.7 9.1

n1 = n2 = 10000 0.7 2.0 3.8 7.6

n1 = n2 = 50000 0.8 1.9 4.1 8.6

Compared with existing methodology that can be applied to the optimal transport

context, the advantage of our procedure is that it achieves uniform coverage without be-

ing overly conservative. In particular, Hsieh, Shi, and Shum (2021) have a novel projec-

tion method for parameter inference in mathematical programming problems, which is a

broader set of problems than optimal transport, but their approach is conservative. In our

empirical context, this conservativeness tends to make the confidence intervals uninforma-

tive. Another approach that is theoretically valid in this setting is the generalm-out-of-n

subsampling method of Politis and Romano (1994), but in addition to requiring the re-
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searcher to choose a subsample sizem, it can require very large samples for convergence.

We look at the control of these competing approaches at the 5 percent significance level

under our simulation setting in Appendix Table A.9. In that table, HSS (2021) refers to

the projection method of Hsieh, Shi, and Shum (2021), them-out-of-n subsampling ap-

proach refers to the method of Politis and Romano (1994), and in the final column, the

size-corrected directional derivatives approach is replicated from Table 2.1 for comparison.

Table A.9 shows that the HSS (2021) approach rejects the null with probability close to 0

percent, consistent with its conservativeness. On the other hand, them-out-of-n subsam-

pling approach tends to reject at rates greater than 5 percent for all values ofmwe tried,

and appears to require more than 50,000 observations in order to converge to the correct

rejection rate, which is significantly larger than our available sample size.19

In Section 2.5, we also report one-sided confidence intervals from the inversion of our

hypothesis test. Nothing in our econometric theory precludes us from also testing the

other direction and reporting two-sided confidence intervals instead.20 However, since our

economic theory is focused on getting a lower bound for the existence and welfare effects of

discrimination, one-sided confidence intervals are particularly suitable for our purposes.

19Amethod related tom-out-of-n subsampling is the numerical bootstrap of Hong and Li
(2020), which can be more data efficient than the subsampling method. But, we were not able
to find a suitable choice of εn that converges to the correct coverage in our simulations using that
method.

20The other direction may require more computational finesse, however, since it would involve
taking the minimum of a maximum.
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In summary, in this section we devised a new procedure for inference in optimal trans-

port that is uniformly valid and not overly conservative for our empirical context. Our em-

pirical analysis in Section 2.5 shows that we are able to strongly reject equality in menus for

conforming mortgages using our methodology.

2.5 Empirical Estimates ofMortgage Discrimination

2.5.1 Data

We apply our methodology to a new data set constructed via matching the 2018–2019

public HomeMortgage Disclosure Act (HMDA) data to Optimal Blue rate locks. The

public HDMA data contains loan level information along with indicators for borrower

race and ethnicity, and we take the borrowers with an HMDA-derived race of “Black or

African American” as our sample of Black borrowers, borrowers with a derived ethnic-

ity of “Hispanic or Latino” as our sample of Hispanic borrowers, and borrowers with an

HMDA-derived race of “White” along with a HMDA derived ethnicity of “Not Hispanic

or Latino” as our sample of non-Hispanic white borrowers.

The HMDA data does not contain information on credit scores, and so we supplement

it using data fromOptimal Blue. Optimal Blue is a rate locking platform used by lenders

that comprise of 40% of the US mortgage market, and has been used to study many ques-
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tions regarding mortgage pricing.21 The data construction process proceeds in two steps.

First, we use year, loan type, loan purpose, occupancy, loan amount, interest rate, LTV (al-

lowing for a 5% difference), and zip code to match each loan in Optimal Blue to originated

loans in the 2018-2019 public HMDA data. For FHAmortgages, we further allow the

mortgage insurance premium to be added to the loan amount. Second, we use the output

of the first step to assign a de-identified set of lender IDs fromHMDA to de-identified Op-

timal Blue lender IDs. Overall, we were able to uniquely match 55.4% of Optimal Blue rate

locks to HMDA, almost all of which are unique. Our match rate is comparable to a 66%

“lock pull-through rate,” which is the rate at which locks turn into originated loans, that we

understand is reasonable based on industry sources.

Starting from the uniquely matched HMDA-Optimal Blue matched data set, we further

restrict our analysis to standard 30-year, new-purchase, fixed-rate, first-lien mortgages on

owner-occupied, site-built properties without prepayment-penalties, balloon, interest-only,

negative-amortization, or non-amortizing features. Table 2.2 compares the HMDA data,

which include the complete set of mortgages originated in the United States with such char-

acteristics, to our matched sample. We find that our matched sample has very similar aver-

age loan sizes, LTVs, rates, points, and the percentage composition of Black and Hispanic

borrowers compared with the HMDA data, as can be seen from Table 2.2. One known

21For example, Bhutta, Fuster, and Hizmo (2019), Bhutta and Hizmo (2020), Bhutta and Ringo
(2021), and Fuster et al. (2021).
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caveat to this is that lenders using the Optimal Blue platform tend to be smaller lenders,

with the larger lenders being more likely to have their own platform for rate locking.

Table 2.2: Comparison of means between the 2018–2019 HMDA data and our HMDA-Optimal
Blue matched data

Loan Size LTV Rate Points % Black %Hispanic N

Panel A: Conforming mortgages

HMDA data $261,566 84.4 4.50 0.08 4.5 9.0 3,730,152

Matched sample $258,205 83.5 4.59 0.12 3.9 8.6 817,588

Panel B: FHAmortgages

HMDA data $215,144 96.1 4.57 0.07 14.1 19.7 1,437,088

Matched sample $220,031 95.7 4.63 0.13 13.7 18.8 360,202

To control for the impact of lender and borrower characteristics within each loan pro-

gram, we exactly match observations from Black and non-Hispanic white borrowers with-

out replacement on groups of covariates, taking a random observation when multiple white

borrowers can be matched to a Black borrower. This creates a sample containing equal

numbers of Black and non-Hispanic white borrowers that are exactly matched on their

covariates. If lenders offered Black and non-Hispanic white borrowers the same distribu-

tion of menus conditional on covariates, our covariate-matched sample of Black and non-

Hispanic white borrowers should then have faced the same distribution of menus. The
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covariates that we used to match are lender, county, month of lock, four categories of loan

amount, eight categories of FICO scores and nine categories of LTVs as defined in the GSE

Loan-Level Price Adjustment (LLPA) matrix. Thus, we control for the effects of the inter-

actions of all these covariates in our assessment of equality in menus. This set of controls is

similar to what is used in Bartlett et al. (2021).

Summary statistics for our matched sample are in Table 2.3. Mortgage interest rates were

measured based on a spread to the Freddie MacWeekly Survey rate during the week of the

rate lock. For our empirical analysis, we de-mean within each lender-county-month covari-

ate group and round rates to the nearest eighths and points to the nearest halves, and we

show in Table 2.3 that this step does not substantively change the mean differences in rates

or points.22

As shown in Table 2.3, Black borrowers paid 4.8 basis points more in interest rate and

2.5 basis points more in points for conforming mortgages. On the other hand, they paid

only 2.9 basis points more in interest rate and –3.2 basis points fewer points for FHAmort-

22Both the HMDA data and the Optimal Blue data contain information about discount points
paid that sometimes disagrees with one another. While the literature has used both data sources,
we focus on the HMDA information, because it is more precisely defined as the discount points
to reduce the interest rate in Line A.01 of the Closing Cost Details page of the Closing Disclosure,
according to CFPB’s Regulation C. Furthermore, we find, as shown in Appendix Table A.10, that
regression of the HMDA information on points on origination charges and total loan costs has a
much strongerR2, with a coefficient closer to 1, compared with the Optimal Blue information on
points. In a regression controlling for the HMDA points, the effect of Optimal Blue points has
minimal additional explanatory power for origination charges and total loan costs. We interpret this
as suggestive evidence for there being more measurement error in the Optimal Blue definition of
points. Our results using the Optimal Blue data on points are qualitatively similar.
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Table 2.3: Summary statistics on the covariate matched sample

Panel A: Black and Non-HispanicWhite CovariateMatched Sample
Conforming FHA

Black White Difference Black White Difference
Raw
Rate Spread (bps) 36.2 31.4 4.8 48.3 45.4 2.9
Points (bps) 12.6 10.1 2.5 10.6 13.6 -3.0
De-meaned & rounded
Rate Spread (bps) 3.1 -1.7 4.8 2.2 -0.7 2.9
Points 1.5 -0.9 2.4 -1.6 1.6 -3.2
Sample size 6,398 6,398 4,711 4,711
Panel B: Hispanic and Non-HispanicWhite CovariateMatched Sample

Conforming FHA
Hispanic White Difference Hispanic White Difference

Raw
Rate Spread (bps) 38.3 34.5 3.8 49.3 45.4 3.9
Points (bps) 15.6 11.8 3.8 13.5 13.3 -0.2
De-meaned & rounded
Rate Spread (bps) 2.5 -1.2 3.7 2.6 -1.2 3.8
Points 2.3 -1.3 3.6 -0.1 0.2 -0.3
Sample size 14,758 14,758 6,156 6,156
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gages. While this comparison of means cannot be interpreted as evidence for or against

discrimination in menus (as we noted in Section 2.2), it does show that the distribution of

data underlying conforming mortgages is different from the distribution of data for FHA

mortgages. Appendix A.11 shows that the choice of heuristic used in analysis can lead to

contradictory results in the FHA sample.

Note that because our data is limited to the set of mortgages that originated, our results

should be interpreted as assessing differences in menus faced by the set of borrowers who

took out a mortgage. The mortgage pricing discrimination literature including Bartlett

et al. (2021) and Bhutta and Hizmo (2020) has argued that the pricing difference condi-

tional on origination is policy relevant conditional on our observables. If borrowers that are

offered worse prices are more likely to not get a mortgage at all, the extent of mortgage pric-

ing differences at the application stage may be larger than what we detect at the origination

stage. Our general methodology could be used to compare differences in menus at both

stages if we had data on the chosen rates and points in the Loan Estimates and Closing Dis-

closures as well as at origination. HMDA does not yet collect such data on non-originated

mortgage applications, and so we leave the assessment of mortgage pricing differences at the

application stage for future research.
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2.5.2 Analysis of differences in menus using our metrics

In this section we present our assessment of whether lenders offered minority borrow-

ers worse menus of rates and points. Table 2.4 presents results from testing for equality

between menus for Black borrowers and menus for white borrowers using our Defini-

tion 1. We find, as shown in columns (1) and (3), that our test statistic for inequality is

positive and highly significant for both Black and Hispanic borrowers for conforming

mortgages. More specifically, for conforming mortgages in the Black versus non-Hispanic

white matched sample, our test statistic in column (1) is T̂ = 2.69, which indicates that

2.69 percent of Black borrowers’ choices in the data could not have been matched to those

of non-Hispanic white borrowers’ choices that could have been on the same menu. Us-

ing our inference approach described in Section 2.4, we find that statistic is different from

zero with p < 0.01. For Hispanic borrowers, our test statistic is T̂ = 1.60 in column (3),

with p < 0.05. For FHAmortgages, on the other hand, we are unable to reject equality

between the menus for Black and non-Hispanic white borrowers, with a test statistic of

T̂ = 0 in column (2), but we are able to reject it at the 10 percent level for Hispanic and

non-Hispanic white borrowers with a test statistic of T̂ = 1.90 in column (4).
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Table 2.4: Results from our test of equality in menus (T̂).

Black vs Non-Hispanic White Hispanic vs Non-Hispanic White

(1) (2) (3) (4)

Conforming FHA Conforming FHA

Test statistic (T̂) 2.69∗∗∗ 0.00 1.60∗∗ 1.90∗

95% CI [0.67,∞) [0.00,∞) [0.21,∞) [0.00,∞)

N 12,796 9,422 29,516 12,312

∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Table 2.5 presents our results for our differences in menus metric as in Definition 2. Col-

umn (1) shows that for conforming mortgages, Black borrowers on average are willing to

pay at least ˆDIM1→2 = 1.66 basis points more in interest rates in order to get the non-

Hispanic white borrowers’ menus for conforming mortgages. This again rejects equality in

menus and indicates that the distribution of menus faced by black borrowers is worse than

that faced by white borrowers. Similarly, Column (3) shows that Hispanic borrowers are

willing to pay at least ˆDIM1→2 = 1.46 basis points more in order to get the non-Hispanic

white borrowers’ menus. Both of these statistics are significant at the 1% level. Our lower

bound for howmuch more in interest rates non-Hispanic white borrowers would be will-

ing to pay to switch to minority menus, on the other hand, are consistently negative. The
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magnitudes of these point estimates are small, even a small difference in interest rate at

origination leads to a large difference in payments over the lifetime of the mortgage, as ex-

plained in Bartlett et al. (2019a).

Table 2.5: Results for our lower bound for the average interest rate increase (bps) needed for
consumers to remain indifferent after switching to another group’s menus ( ˆDIM)

Black vs Non-Hispanic White Hispanic vs Non-Hispanic White

Conforming FHA Conforming FHA

(1) (2) (3) (4)

Minority to white ( ˆDIM1→2) 1.66∗∗∗ -1.83 1.46∗∗∗ -0.91

95% CI [1.09,∞) [-2.60,∞) [1.03,∞) [-1.89,∞)

White to minority ( ˆDIM2→1) -6.16 -7.03 -6.04 -7.57

95% CI [-6.82,∞) [-7.85,∞) [-6.40,∞) [-8.24,∞)

N 12,796 9,422 29,516 12,312

∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

In summary, we find that lenders offered Black and Hispanic borrowers a distribution of

menus that was different from the distribution they offered non-Hispanic white borrowers

for conforming mortgages. In particular, 2.69 percent of Black borrowers’ choices were un-

able to be matched to non-Hispanic white borrowers based on column (1) of Table 2.4, and

for those unmatched Black borrowers their minimumwillingness to pay to switch to un-
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matched non-Hispanic white borrowers’ menus is at least 62 basis points (1.66/0.0269,

combining with information in column (1) of Table 2.5). Similarly, column (3) of Ta-

ble 2.4 shows that 1.46 percent of Hispanic borrowers’ choices were unable to be matched

to those of non-Hispanic white borrowers, with an average willingness to pay to switch to

unmatched non-Hispanic white borrowers’ menus being at least 91 basis points among

those borrowers (1.46/0.0160, combining with information in column (3) of Table 2.5).

On the other hand, our results for FHAmortgages is more mixed: Column (2) of Ta-

ble 2.4 shows that we cannot reject equality between the menus for Black and non-Hispanic

white borrowers for FHAmortgages, and while column (4) of Table 2.4 shows that we are

able to do so for Hispanic and non-Hispanic white borrowers at the 10 percent level, we

are unable to reject a zero DIMmetric in column (4) of Table 2.5 in terms of the average in-

crease in rate that Hispanic borrowers would be willing to pay in order to receive the menus

of non-Hispanic white borrowers.

2.5.3 Further analyses of differences in menus

To further explore where differences in menus occurs, we divide the sample into different

LTV and FICO buckets. We detect more discrimination among the conforming, lower

LTV and higher FICO (that is, more creditworthy) borrowers. In particular, focusing on

the DIMmetric, columns (1) and (3) of Table 2.6 show that we detect large differences in

menus for conforming mortgages in the LTV under 75 and LTV of 75 to 80 categories,
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such that Black and Hispanic borrowers would be willing to pay 6-7 basis points to switch

to non-Hispanic white menus. Over a 80 LTV, we can no longer say that Black and His-

panic borrowers would be willing to switch to non-Hispanic white menus. The results by

FICO shown in Table 2.7 is more mixed, but suggests that our DIMmetric is in general

increasing in the FICO scores of conforming Black and Hispanic borrowers.

An internally consistent explanation for the fact that we primarily detect mortgage pric-

ing discrimination among conforming, low-LTV borrowers is that lenders are more willing

to offer discretionary discounts to the creditworthy non-Hispanic white borrowers, and

less willing to do so for minority borrowers who are similarly creditworthy in terms of their

underwriting variables. In particular, as shown in Ambrose, Conklin, and Lopez (2020),

racial differences in default risk are very low among lower-LTV and higher-FICO borrow-

ers, and in any case they are insured. Furthermore, it seems unlikely given the strict regu-

latory environment surrounding the mortgage market that lenders would condition their

rate sheets and first offers based on race. Therefore, by process of elimination, we believe

that the search and negotiation process, particularly for the more creditworthy borrowers,

may play an important role in the within-lender disparate outcomes we find.
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Table 2.6: Differences in menus comparing borrowers across categories of loan-to-value (LTV) ratio

Black vs Non-Hispanic White Hispanic vs Non-Hispanic White
(1) (2) (3) (4)

Conforming FHA Conforming FHA
Panel A: Test of Equality inMenus (T̂)
LTV ≤ 75 (T̂) 11.01∗∗ - 8.26∗∗∗ -
95% CI [0.34,∞) - [2.45,∞) -
75 < LTV ≤ 80 (T̂) 7.82∗∗∗ - 7.30∗∗∗ -
95% CI [2.55,∞) - [4.08,∞) -
80 < LTV ≤ 90 (T̂) 1.52 - 0.67 -
95% CI [0,∞) - [0,∞) -
90 < LTV ≤ 95 (T̂) 0.93 - 0.80 -
95% CI [0,∞) - [0,∞) -
LTV > 95 (T̂) 1.82 0.17 0.90 1.77
95% CI [0,∞) [0,∞) [0,∞) [0,∞)
Panel B: Difference inMenus ( ˆDIM)Metric
LTV ≤ 75 (T̂) 7.37∗∗∗ - 5.80∗∗∗ -
95% CI [4.91,∞) - [4.16,∞) -
75 < LTV ≤ 80 ( ˆDIM1→2) 6.13∗∗∗ - 5.16∗∗∗ -
95% CI [4.54,∞) - [4.33,∞) -
80 < LTV ≤ 90 ( ˆDIM1→2) 0.18 - -1.30 -
95% CI [-1.04,∞) - [-2.25,∞) -
90 < LTV ≤ 95 ( ˆDIM1→2) -0.29 - 0.22 -
95% CI [-0.91,∞) - [-0.32,∞) -
LTV > 95 ( ˆDIM1→2) -0.53 -1.76 -2.19 -1.18
95% CI [-1.58,∞) [-2.45,∞) [-3.93,∞) [-1.73,∞)
NLTV≤75 840 0 3,142 0
N75<LTV≤80 3,002 0 8,492 0
N80<LTV≤90 1,714 0 3,988 88
N90<LTV≤95 4,844 86 9,742 162
NLTV>95 2,396 9,302 4,152 12,060
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 2.7: Differences in menus comparing borrowers across categories of FICO scores

Black vs Non-Hispanic White Hispanic vs Non-Hispanic White
(1) (2) (3) (4)

Conforming FHA Conforming FHA
Panel A: Test of Equality inMenus (T̂)
FICO ≥ 740 (T̂) 3.08∗∗∗ 9.23 2.59∗∗∗ 1.78
95% CI [0.37,∞) [0,∞) [1.04,∞) [0,∞)
700 ≤ FICO < 740 (T̂) 3.15 7.79 0.91 9.35∗∗

95% CI [0,∞) [0,∞) [0,∞) [0.87,∞)
660 ≤ FICO < 700 (T̂) 4.38 2.22 3.99 6.53∗∗∗

95% CI [0,∞) [0,∞) [0,∞) [1.93,∞)
620 ≤ FICO < 660 (T̂) - 1.57 - 1.17
95% CI [0,∞) [0,∞)
FICO < 620 (T̂) - 1.67 - 0.17
95% CI [0,∞) [0,∞)
Panel B: Difference inMenus ( ˆDIM)Metric
FICO ≥ 740 ( ˆDIM1→2) 1.84∗∗∗ -0.59 2.16∗∗∗ -1.33
95% CI [1.10,∞) [-3.13,∞) [1.71,∞) [-3.84,∞)
700 ≤ FICO < 740 ( ˆDIM1→2) 2.19∗∗ -2.97 -0.74 -1.30
95% CI [0.90,∞) [-5.22,∞) [-1.64,∞) [-2.83,∞)
660 ≤ FICO < 700 ( ˆDIM1→2) 1.53 -2.09 1.16 0.72
95% CI [-0.70,∞) [-3.30,∞) [-1.31,∞) [-0.23,∞)
620 ≤ FICO < 660 ( ˆDIM1→2) - - - -1.06
95% CI [-2.36,∞) [-2.14,∞)
FICO < 620 ( ˆDIM1→2) - -2.82 - -5.66
95% CI [-3.89,∞) [-7.81,∞)
NFICO≥740 9,914 354 22,964 662
N700≤FICO<740 2,002 612 4,590 1,108
N660≤FICO<700 738 2,884 1,680 4,008
N620FICO<660 142 4,372 282 5,188
NFICO<620 0 1,200 0 1,346
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

2.5.4 Robustness

In Section 2.5.2 we showed that lenders offered Black and Hispanic borrowers a less advan-

tageous distribution of menus compared to observationally similar non-Hispanic white
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borrowers for conforming mortgages. In this section we conduct a series of robustness

checks that rule out some explanations for this finding.

Multi-product discounts

One possible reason why minorities may receive worse menus of rates and points is that

they are less likely to be offered multi-product discounts set by banks. For example, banks

may offer discounts on rates and points based the amount of deposits a borrower hold with

them. To check whether this explains our findings, Table 2.8 replicates our analysis for a

sample of non-bank lenders. These are lenders that do not offer the depository services that

banks do, and focus primarily on mortgage lending. As Table 2.8 shows, our results are

robust to this sample restriction. Indeed, the point estimates for both our test of equality

in menu (T̂) and our differences in menus ( ˆDIM) increased under this specification. These

results suggests that multi-product discounts offered by banks is not an explanation for the

racial differences in menus.
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Table 2.8: Analysis of differences in menus after restricting to non-bank lenders

Black vs Non-Hispanic White Hispanic vs Non-Hispanic White

(1) (2) (3) (4)

Conforming FHA Conforming FHA

Panel A: Test of Equality inMenus (T̂)

T̂ 2.38∗∗∗ 0.87 2.46∗∗∗ 1.84

95% CI [0.77,∞) [0,∞) [0.86,∞) [0,∞)

Panel B: Difference inMenus ( ˆDIM)Metric

Minority to white ( ˆDIM1→2) 2.04∗∗∗ -1.37 1.96∗∗ -1.34

95% CI [1.37,∞) [-2.27,∞) [1.37,∞) [-2.03,∞)

White to minority ( ˆDIM2→1) -6.57 -7.56 -6.67 -7.66

95% CI [-7.21,∞) [-8.36,∞) [-7.13,∞) [-8.36,∞)

N 10,128 8,106 24,358 10,852

∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Loan originator compensation

Another possibility that may explain the differences in menus that we detect is that minor-

ity borrowers may be more likely to get mortgages from loan originators that charge more

for their services. Within a mortgage bank, some loan originators may provide more services

in exchange for a higher compensation, and such differences in compensation would be
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mechanically reflected in the menus they present to borrowers. Our Optimal Blue data con-

tains information on loan originator compensation for a subsample of lenders. To check

whether this explains our findings, we conduct a robustness check by matching on levels

of loan originator compensation, rounded to the nearest 1 percent of the loan amount,

in addition to our usual covariates. The results are shown in Table 2.9. In particular, Ta-

ble 2.9 shows that while our T̂ results lost significance likely due to the impact of smaller

samples, the level and significance of our differences in menus ˆDIM results are qualitatively

unchanged. In particular, the point estimate for our minority-to-white ˆDIM1→2 measure

for conforming mortgages increased from 1.66 to 2.18 for Black borrowers and from 1.46

to 1.54 for Hispanic borrowers. This suggests that differences in loan originator compensa-

tion does not explain our results.
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Table 2.9: Analysis of differences in menus after further matching on loan originator compensation

Black vs Non-Hispanic White Hispanic vs Non-Hispanic White

(1) (2) (3) (4)

Conforming FHA Conforming FHA

T̂ 4.62 3.48 2.13 4.83∗

95% CI [0,∞) [0,∞) [0,∞) [0,∞)

Minority to white ( ˆDIM1→2) 2.18∗∗∗ 0.49 1.54∗∗ -1.09

95% CI [0.81,∞) [-0.94,∞) [0.55,∞) [-2.21,∞)

White to minority ( ˆDIM2→1) -4.86 -8.28 -5.87 -7.56

95% CI [-6.11,∞) [-9.90,∞) [-6.83,∞) [-8.51,∞)

N 1,818 1,818 5,290 2,438

∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Endogeneity of LTV

Finally, we explore the possibility that the borrower may simultaneously choose their loan-

to-value (LTV) ratio along with their rate/points choice. Our focus on the rate and points

choice takes as given a plausible setting in which borrowers make their mortgage size choice

before shopping for rates and points. Indeed, most price comparison websites require bor-

rowers to enter their property and loan amount information before showing offers with

different rate and points choices, which supports such an assumption. Nevertheless, it is
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possible that some borrowers may be able to jointly optimize on points and LTV. To inves-

tigate this possibility, we show in Table 2.10 the results of running our algorithm on only a

sample of borrowers with an LTV of exactly 80. These borrowers are more likely to be con-

strained in their LTV choices. Results of Table 2.10 show that we detect large differences

in menus among this sub-population, with magnitudes that are consistent with the 75-80

LTV sample in Table 2.6. Thus, we conclude that joint optimization of LTV and points is

likely not a driver of the racial differences in menus that we detect.

Table 2.10: Analysis of differences in menus after restricting to borrowers with exactly 80 LTV

Black vs Non-Hispanic White Hispanic vs Non-Hispanic White

(1) (2) (3) (4)

Conforming FHA Conforming FHA

T̂ 8.27∗∗∗ - 9.08∗∗∗ -

95% CI [2.42,∞) - [5.25,∞) -

Minority to white ( ˆDIM1→2) 5.81∗∗∗ - 6.09∗∗∗ -

95% CI [4.21,∞) - [5.13,∞) -

White to minority ( ˆDIM2→1) -10.71 - -5.87 -

95% CI [-11.90,∞) - [-11.70,∞) -

N 2,600 - 7,318 -

∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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2.6 Discussion

We identify a “menu problem” that confounds the estimation of mortgage pricing discrim-

ination, which stems from potential unobserved preference heterogeneity across borrower

groups. We also devise a new methodology for assessing differences in menus that is robust

to such preference heterogeneity, and use it to produce new estimates of mortgage pricing

discrimination. Empirically, we find that mortgage pricing differentials by race still exists,

particularly among lower LTV conforming borrowers.

While the menu problem is broadly relevant, our specific methodology for addressing it

is unlikely to be the final word on the problem. The main benefit of our approach is that

it requires relatively few assumptions to be valid. One promising path for future method-

ological research is the exploration of alternative avenues of identification for assessing dif-

ferences in menus.

Finally, the “menu problem” we identify suggests that the typical administrative data

on borrower choices falls short of ideal in terms of assessing discrimination in menus. As

such, collecting actual data on menus faced by borrowers of different races, perhaps in a

field-experiment/audit study setting, would be another valuable contribution.

157



3
Mortgage Prepayment, Race, andMonetary

Policy

1

1This chapter is co-authored with Kris Gerardi and Paul Willen
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3.1 Introduction

At the end of 2012, Black borrowers with mortgages insured by Fannie Mae or Freddie

Mac (GSEs) paid interest rates that were approximately 60 basis points higher than those

paid by white borrowers. This unconditional difference in the interest rates paid was not a

new phenomenon, although the gap has waxed and waned over time, as depicted in Figure

3.1. What accounts for this gap? One natural explanation is that lenders charge higher rates

to Black borrowers at origination, either because of racial bias or because loans to Black bor-

rowers have characteristics associated with higher default rates, such as higher leverage or

lower credit scores. A simple way to test this hypothesis is to take loan-level data and impose

a rule that all borrowers who get a mortgage on the same day receive the nationally repre-

sentative index interest rate prevailing that quarter. Two borrowers who get 30-year fixed

rate mortgages in the second quarter of 2006, for example, would pay 6.6 percent regardless

of race, or difference in credit score or loan-to-value ratio or any other observable measure

of risk. Does this shrink the gap depicted in Figure 3.1? Yes, but not by much. Overall, we

estimate that the gap would shrink by about 15 percent overall. In other words, eliminat-

ing all variation in interest rates at origination would do little to reduce racial inequality in

mortgage rates. In this paper, we explain why.

We find that the key to explaining persistent interest rate gaps between Black and white

borrowers has to do with refinancing. White borrowers are both much more likely to re-
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Figure 3.1: Rates on outstanding mortgages insured by Fannie Mae and Freddie Mac: Black versus
white Borrowers for mortgages originated from 2000–2015

Figure 1: Rates on outstanding mortgages insured by Fannie Mae and Freddie Mac: Black
versus white Borrowers for mortgages originated from 2000–2015
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finance in general and, more importantly, have a higher propensity to exploit reductions

in interest rates. The quarterly hazard of prepayment due to refinance for a Black bor-

rower with a loan from the GSEs is 0.75 percentage points lower than it is for a white GSE

borrower, which corresponds to approximately 44 percent of the average quarterly refi-

nance probability for all borrowers with GSE loans in our sample (1.71 percentage points).

Given the trend decline in mortgage rates over the last 40 years, differences in refinance

speeds alone would lead to lower rates for white borrowers. However, the problem is com-

pounded by the fact that white borrowers appear to respond much more strongly to fluctu-

ations in interest rates. In 2006 and 2007, when the Freddie Mac Primary Mortgage Market
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Survey (PMMS) 30-year FRM rate averaged over 6 percent, higher than it had been since

2001, Black and white borrowers refinanced at roughly the same rate. In 2009 and 2010,

when the PMMS 30-year FRM rate fell to historic lows of under 5 percent, white borrow-

ers were almost twice as likely to refinance as Black borrowers.

What explains these differences in prepayment behavior across racial groups? Our rich

data provide answers. We use the Credit Risk Insights Servicing McDash-HomeMort-

gage Disclosure Act (CRISM-HMDA) data set, a three-way match between administrative

mortgage data fromMcDash, HomeMortgage Disclosure Act (HMDA) data collected

by the Federal Reserve, and credit bureau data from Equifax. In contrast to data used in

previous work in this area, the CRISM-HMDA data set allows us to distinguish between

refinances and other mortgage prepayments, provides up-to-date information on borrower

creditworthiness, and is nationally representative. We find that observable differences be-

tween Black and white borrowers account for approximately 80 percent of the difference

in refinance rates. The typical Black borrower has a lower credit score, lower income, and

higher leverage. A Black borrower is also more likely to be female and less likely to have a co-

borrower. All of those factors lead to lower refinance propensities, regardless of race. How-

ever, a small gap remains even after controlling for these factors in addition to extremely

fine geographic fixed effects. Suppose we take two borrowers living in the same ZIP code

with the same credit score, income, and gender and who originated their loans in the same

161



year and quarter. If one borrower is Black and the other is white, we show that the Black

borrower is 0.15 percentage points less likely to refinance.

Further insights come from looking at responses to refinance incentives through the

course of a loan. Refinance opportunities emerge for two reasons: macroeconomic and id-

iosyncratic. The main macro reason to refinance is to take advantage of lower interest rates.

Idiosyncratic reasons stem from individual increases in creditworthiness such as a reduction

in leverage from higher house prices or an increased credit score resulting from higher in-

come and employment stability. We show that in our sample of GSE mortgages, minority

borrowers are slightlymore sensitive to idiosyncratic shocks than white borrowers. An 100

point increase in credit score leads to a 0.3 percent increase in the refinance probability for

white borrowers and a 0.4 percent increase for Black borrowers and Hispanic borrowers.

In short, the refinance gap that we document results entirely from differential responses to

macroeconomic shocks.

The implications for monetary policy here are significant. By definition, expansionary

monetary policy leads to lower interest rates and so, given the evidence we have presented,

disproportionately benefits white borrowers and exacerbates mortgage rate inequality.

While mortgage rates have always played a role in Federal Reserve policy, policymakers ex-

plicitly targeted mortgage rates only starting in 2008. Quantitative Easing (QE1), initiated

in November of that year, consisted of large scale asset purchases (LSAPs) of mortgage-
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backed securities (MBS). The announcement of the LSAPs on November 25, 2008, pro-

vides a good laboratory to study the interaction between monetary policy and mortgage

rate inequality. We compare the six months before with the six months after the announce-

ment of QE1 and find that the quarterly refinance probability for white borrowers in-

creased by 3.2 percentage points (per quarter) compared to an increase of only 1 percentage

point for Black borrowers. This led to differential effects on outstanding mortgage rates,

with a 21 basis point drop for the average white borrowers versus a 9 basis point drop for

the average Black borrower in the six months following QE1.

Our research draws a distinction between the extensive and intensive margins of oppor-

tunity in credit markets. If we think of the intensive margin here as the mortgage rates of-

fered to Black and white borrowers conditional on their decision to refinance, we find the

intensive margin does not contribute that much to rate disparities. The extensive margin,

defined here as whether Black borrowers refinance at all, appears to be more important.

We note that differences in mortgage rates paid by minority and white borrowers at origi-

nation, in the intensive margin, may not necessarily reflect lender discrimination. For FHA

mortgages, Bhutta and Hizmo (2020) finds that the higher interest rate paid by minorities

can be explained by their choices of upfront closing costs in the form of “points.” More

specifically, borrowers in the US have the option of reducing their interest rate by paying

more in upfront closing costs to the lender, but minority borrowers are less likely to take
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up this option which explains their higher interest rate at origination. For conventional

mortgages, on the other hand, Bartlett et al. (2019b) andWillen and Zhang (2021) find

that Black and Hispanic borrowers pay about 2–8 basis points in higher interest rates com-

pared to similar white borrowers in a way that is not explained by their upfront closing cost

choices. For both products, we find that the racial differences in interest rate at origination

is dwarfed by the differences in interest rate on active loans that emerges over time due to

the refinancing differences between racial groups.

Our paper contributes to the literature on heterogeneity in monetary policy transmis-

sion in mortgage markets. Factors such as the type of mortgage contract (Calza, Monacelli,

and Stracca (2013), Di Maggio et al. (2017)), house price growth (Beraja et al., 2018b), rent-

ing versus owning a home (Cloyne, Ferreira, and Surico, 2019), borrower age (Wong, 2019),

income (Agarwal et al., 2020b), and lender concentration (Sunderam and Scharfstein, Agar-

wal et al. (2020a)) have all been found to lead to differential pass-through of monetary pol-

icy through the mortgage market across households and regions. Our finding that Black

and Hispanic mortgagees benefit less frommonetary policy is therefore complementary to

these results.

Our paper is also related to the literature on racial differences in mortgage performance.

Previous studies including Kelly (1995), Clapp et al. (2001), Deng and Gabriel (2006), Fire-

stone, Van Order, and Zorn (2007), and Kau, Fang, andMunneke (2019b) document that
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minority borrowers prepay their mortgages at lower rates than white borrowers. There are

some important differences between our analysis and these papers, however. First, none

is able to distinguish between prepayments caused by home sales and those caused by refi-

nances. Second, these studies use relatively narrowmortgage samples from either small ge-

ographic areas, short time periods, or individual banks/lenders. Third, previous studies fo-

cus exclusively on the pricing implications of prepayment differences and do not establish

their implications for disparities in outstanding mortgage rates and the effect of monetary

policy in exacerbating those differences.

Finally, our paper is related to the literature documenting that many borrowers appear

to exercise their prepayment option in a suboptimal manner. Recently, Keys, Pope, and

Pope (2016b) show that a significant fraction of financially unconstrained households (ap-

proximately 20 percent) do not refinance when it is optimal to do so. Johnson, Meier, and

Toubia (2018b) find that more than 50 percent of borrowers neglect to refinance in a set-

ting with zero up-front monetary costs and substantial gains in monthly payment savings.

Agarwal, Ben-David, and Yao (2017b) find that many homebuyers appear to suffer from

the sunk cost fallacy when deciding whether to refinance. Andersen et al. (2020b) decom-

pose the inertia in refinancing into time and state dependence, and find significant hetero-

geneity in refinancing behavior by demographics in the Danish context, many of which (e.g.

income, education, immigration status) can partially explain the racial differences in refi-
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nancing behavior. Earlier papers that find evidence of borrowers failing to refinance when

it is likely beneficial to do so include Campbell (2006a), Chang and Yavas (2009), Deng

and Quigley (2012), Green and LaCour-Little (1999b), and Schwartz (2006). Our paper

focuses on documenting the large racial differences in refinancing and its implications for

mortgage rate disparities, monetary policy, pricing, and mortgage contract design.

The remainder of the paper is organized as follows: Section 3.2 details our data and sum-

mary statistics. Section 3.3 contains the empirical approach we use and our results on dif-

ferential prepayment tendencies across racial groups. Section 3.4 explores the implications

of the differences in prepayment for the interest rate gap and the pass-through of monetary

policy. Section 3.5 concludes.

3.2 Data and Summary Statistics

We use a novel data set that combines three sources of administrative data: HomeMort-

gage Disclosure Act (HMDA) data, Black Knight McDash mortgage servicing data (here-

after referred to as the McDash data), and credit bureau data from Equifax. The three data

sources are linked together through two separate loan-level matches: a match between the

HMDA andMcDash databases, which we will refer to as the HMDA-McDash data set;

and a match between the McDash and Equifax databases, which is referred to as CRISM

(Equifax Credit Risk Insight Servicing McDash Database). We are then able to merge the
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two matched data sets, creating a final data set with information from all three sources,

which we will refer to as the HMDA-McDash-CRISM data set. We will briefly describe

each of the three sources of data below. We describe the details of the matching procedures

in the Appendix (section A.1). We note that all information on borrower race and gender

used in this analysis comes from the HDMA database and not from the CRISM database.

The HMDA database provides information on approximately 90 percent of US mort-

gage originations (see National Mortgage Database, 2017). The database contains a limited

amount of information on borrower and loan characteristics at the time of mortgage origi-

nation, such as loan amount, borrower income, and borrower race and ethnicity. However,

it does not contain some of the important underwriting variables, such as borrower credit

scores, LTV ratios, loan maturities, and mortgage rates. In addition, since HMDA does

not contain any information on mortgage performance over time, it is impossible to use

the database to study prepayment and/or default behavior without merging with other

datasets.

TheMcDash data set is constructed using information frommortgage servicers, which

are financial institutions that are responsible for collecting payments from borrowers. De-

pending on the year, McDash covers between 60 and 80 percent of the US mortgage mar-

ket and contains detailed information on the characteristics and performance of both

purchase-money mortgages and refinance mortgages. For example, it includes information
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on borrower credit scores, LTV ratios, maturities, interest rates, documentation levels, and

additional variables measured at the time of mortgage origination. Each loan is tracked at

a monthly frequency from the month of origination until it is paid off voluntarily or invol-

untarily via the foreclosure process. TheMcDash database has been used by many papers in

the literature to study questions around loan performance.2 One key drawback toMcDash

is that, like most loan-level datasets, McDash does not provide information on the reason

for prepayment of a loan. As far as McDash is concerned, sale and refinance are indistiguish-

able.

The CRISM data set consists of an anonymous match of credit bureau data from Equifax

at the borrower level to McDash loans. The Equifax data are updated at a monthly fre-

quency and include information on outstanding consumer loans and credit lines for the pri-

mary borrower as well as all co-borrowers associated with the McDash mortgage. We keep

only observations that pertain to the primary mortgage borrower to avoid double count-

ing. The CRISM data set provides the borrower’s credit bureau information beginning six

months before and ending six months after origination and termination of the McDash

mortgage, respectively.The post-termination Equifax data provide two pieces of informa-

tion which allows to overcome the limitations of the McDash data and identify whether a

2Examples include Keys, Seru, and Vig (2012), Piskorski, Seru, and Vig (2010), Jiang, Nelson,
and Vytlacil (2013), Bubb and Kaufman (2014), Jiang, Nelson, and Vytlacil (2014), Kaufman
(2014), Ding (2017), Fuster et al. (2018), Adelino, Gerardi, and Hartman-Glaser (2019), Agarwal,
Ambrose, and Yao (2020) and Berger et al. (2020).
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prepayment resulted from sale or refinanc: whether the borrower took out a newmortgage

and whether the borrower moved.

Our method for identifying refinances is based on the work of Lambie-Hanson and Reid

(2018) which uses similar data to study differences in refinancing behavior between sub-

prime and prime borrowers. Specifically, we categorize a prepayment as a refinance if the

borrower’s address does not subsequently change and we observe a new first mortgage orig-

ination either just before or just after the time of the prepayment. We categorize a prepay-

ment as a property sale and move if we observe the borrower’s address change within a six-

month window of the prepayment date. Our results are robust to narrowing the window

to three months.

In addition to allowing us to distinguish between prepayments due to refinances and

sales, the CRISM data set provides updated information about borrower credit scores,

which we use in some of our empirical specifications to proxy for liquidity shocks. There

are numerous alternative credit score measures in CRISM. Our analysis below focuses on

the Equifax Risk Score 3.0 that was introduced in 2005 and predicts the likelihood of a con-

sumer becoming seriously delinquent on any debt account. However, we have verified that

our results are not sensitive to the particular credit score employed. For example, our results

are virtually identical if we instead use FICO scores.

Our final HMDA-McDash-CRISM data set includes loans originated in the 2005–2015
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(inclusive) period. The CRISM database begins in June 2005 but does include mortgages

originated prior to 2005. However, the McDash database has poorer coverage of pre-2005

mortgage originations, and thus we include only originations on or after 2005 in our sam-

ple. Our data on loan performance extends through June 2020. In order to focus on a

homogeneous mortgage product, we limit the sample to 30-year, fully amortizing, fixed-

rate mortgages (FRMs) that were insured (against default risk) by the federal government.

Specifically, we include loans that were acquired and insured by the GSEs (Fannie Mae and

Freddie Mac) as well as loans that were insured by the Federal Housing Administration

(FHA), which account for the vast majority of 30-year FRM originations during our sam-

ple period. We impose some additional sample restrictions to address outliers and missing

information on key underwriting variables. Table A.4 in the Appendix lists all of the re-

strictions and how they impact the size of our sample. Most of the sample restrictions are

adopted from Fuster et al. (2018), which uses the McDash-HMDAmatched database. Fi-

nally, we include loans that were originated to Asian, Black, and white borrowers. Since

HMDA provides separate identifiers for race and ethnicity, we are also able to distinguish

between Hispanic/Latino white borrowers and white borrowers.3

3The race codes in HMDA are (1) American Indian or Alaska Native, (2) Asian, (3) Black or
African American, (4) Native Hawaiian or other Pacific Islander, (5) white, (6) information not pro-
vided by applicant in mail, internet, or telephone application, (7) not applicable. We exclude groups
1) and 4) due to low observation counts. We also exclude groups 6) and 7). The ethnicity codes in
HMDA are (1) Hispanic or Latino, (2) not Hispanic or Latino, (3) information not provided by
applicant in mail, internet, or telephone application, (4) not applicable. We classify borrowers in
the first group as “Hispanic,” but we make the distinction only for white borrowers. We combine
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Since most of our analysis is conducted on a panel data set at the quarterly frequency

where the unit of observation is a loan-quarter, we work with a 7.5 percent random sample

of the HMDA-McDash-CRISM data set to ease the computational burden. We also dis-

tinguish between the GSE and FHA loans in our sample and conduct our analysis on each

group separately. The two loan types represent very different segments of the US mortgage

market, as the FHA program typically focuses on more disadvantaged and riskier borrowers

who have lower credit scores and lower down payments compared with the GSEs.

Tables 3.1 and 3.2 display summary statistics (means and standard deviations) for key

observable variables in our sample of GSE and FHA loans, respectively. The top panel in

each table displays mortgage and borrower characteristics at origination where the unit of

observation is a loan (that is, one observation per loan), while the bottom panels display

summary statistics of the time-varying variables included in our analysis where the unit of

observation is a loan-quarter (that is, multiple observations per loan). In both tables we dis-

play statistics for the pooled sample of borrowers as well as separately for Black, Hispanic,

and white borrowers. Asian borrowers are included in the pooled sample, but due to space

constraints we do not include separate statistics for them in the table. The characteristics

of Asian borrowers look very similar to white borrowers across most observable variables.

There are large differences across the racial/ethnic categories for many of the observable

Hispanic and non-Hispanic Black borrowers into the single “Black” category.
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variables in both tables. Focusing on the GSE sample, for example, white borrowers have

significantly higher average credit scores and household incomes compared with Black and

Hispanic borrowers (752 versus 715 and 730 and $97.6K versus $81.6K and $79.1K, respec-

tively). White borrowers obtain significantly lower mortgage rates on average (5.18 versus

5.64 and 5.45, respectively).
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Interestingly, Black borrowers are much more likely to be female (47.8 percent) com-

pared with both Hispanic (31.2 percent) and white (28.4 percent) borrowers, while white

borrowers are much more likely to have a co-applicant on the mortgage (53.1 percent) com-

pared with Black (27.8 percent) and Hispanic (35.7 percent) borrowers. While we see sim-

ilar discrepancies between the racial/ethnic groups in the FHA sample, the values of the

group averages are quite different. For example, average credit scores and household income

levels are significantly lower for all groups in the FHA sample compared with the GSE sam-

ple. In addition, LTV ratios are much higher in the FHA sample (93.6 percent versus 72.6

percent).

The bottom panel of Table 3.1 shows that the average prepayment rate due to refinanc-

ing is 1.71 percent per quarter in our GSE sample, while the average prepayment rate due to

selling and moving is 0.96 percent per quarter. The average quarterly default rate, which we

define as 90 days or more past due to be consistent with the previous literature, is only 0.35

percent. The average refinance rate is slightly lower in the FHA sample (1.33 percent) while

the average sale hazard is virtually identical. The FHA default rate is more than twice as

high (0.89 percent) as the GSE rate, which is unsurprising since the FHA program is charac-

terized by mostly first-time homebuyers with low income and low credit scores. There are

large differences in average refinance rates across racial/ethnic groups in both loan samples.

In the GSE sample, white borrowers refinance at an average rate of 1.74 percent per quarter
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compared to only 1.21 percent for Black and Hispanic borrowers. There are similar differ-

ences between white and Black refinance rates in the FHA sample (1.44 percent versus 0.89

percent). There are also fairly large differences across racial/ethnic groups in both quarterly

default rates as well as quarterly sale rates in both mortgage samples.

The left panel in Figure 3.2 plots Kaplan-Meier estimates of the hazard rates of prepay-

ment due to refinancing by racial/ethnic group. These are unconditional, average quarterly

rates as a function of duration that account for right censoring. Specifically, the Kaplan-

Meier estimates are calculated as follows: Assuming that hazards occur at discrete times tj

where tj = t0+j, j = 1, 2, ..., J, if we define the number of loans that have reached time tj

without being terminated or censored as nj, and the number of terminations due to refi-

nancing at tj as dpj, then the Kaplan-Meier estimate of the hazard function is: λp(tj) =
dpj
nj .

The figure shows that the unconditional hazard estimates of refinancing for white borrow-

ers are approximately 1 to 1.5 percentage points higher than those for Black borrowers, and

that difference is fairly constant over the first 10 years of the mortgage life cycle. Hispanic

borrowers also have considerably lower refinance hazards compared with white borrowers,

although the difference is not as large as it is for Black borrowers.
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The right panel in Figure 3.2 displays the Kaplan-Meier estimates of the sale hazards by

racial/ethnic group. Consistent with the summary statistics discussed above, the level of the

sale hazards is significantly lower than those of the refinance hazards. However, similar to

the refinance estimates, we see large gaps between the hazards for white borrowers and our

two minority borrower groups, as white households are much more likely to sell and move

each quarter compared with Black and Hispanic households.

There are also significant differences in quarterly default rates across the racial/ethnic

groups. Table 3.1 shows that in the GSE sample, Black borrowers are almost three times

as likely to default as white borrowers (0.30 percent versus 0.87 percent per quarter). His-

panic borrowers are also characterized by relatively high default hazards (0.80 per per quar-

ter). These differences are similar in the FHA sample.

3.3 Prepayment Results

In this section we present our main empirical results. We start by showing estimates of the

gap between minority and white households in voluntary prepayments due to both refi-

nancing and selling. Next, we test for differences in default behavior across the racial/ethnic

borrower groups. We then show that differences in refinancing propensities are primarily

due to differences in the extent to which borrowers refinance when their prepayment op-

tions are in the money, which are in turn mostly explained by observables such as income,
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credit scores, and loan-to-value ratios. Finally, we provide evidence that monetary policy

has exacerbated the gaps in refinance propensities.

3.3.1 Empirical Setup

We examine differences in mortgage prepayment behavior due to refinance and home sale

as well as differences in the propensity to default across racial/ethnic groups. For the bulk

of our analysis we will focus on linear probability models (LPMs) that are estimated at

a quarterly frequency, which is the frequency of our HMDA-McDash-CRISM data set.

While linear probability models have some notable drawbacks,4 they allow us to work with

relatively large sample sizes and easily incorporate multiple levels of fixed effects, including

highly disaggregated geographic fixed effects. We also consider logit models and show that

the estimated average marginal effects are very similar to the LPM coefficient estimates.

Our primary specifications take the following general form:

Outcomeit = β1 ∗ Blacki + β2 ∗Hispanici + β3 ∗ Asiani + γ ∗ Xijt + νg + μv + εit, (3.1)

where i indexes the individual mortgage and t indexes the year-quarter. We focus on three

4For example, Horrace and Oaxaca (2006) prove that the LPM can lead to biased and inconsis-
tent estimates of structural parameters when the predicted values from the regression falls outside
of the [0,1] interval. On the other hand, Jörn-Steffen Pischke notes that if marginal effects are of
interest, the linear probability model will be a good approximation to the conditional expectation
function: http://www.mostlyharmlesseconometrics.com/2012/07/probit-better-than-lpm/.
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mortgage outcomes: the likelihood of voluntary prepayment due to refinance, prepayment

due to home sale, and finally, the likelihood of default. Specifically, Prepayrefiit is an indica-

tor variable that takes a value of 1 if loan i prepays due to the borrower refinancing in year-

quarter t, and Prepaysaleit takes a value of 1 if loan i prepays due to the borrower selling the

house and moving in year-quarter t. Defaultit is an analogous indicator variable that identi-

fies when a loan defaults. Our focus will be on testing for differences in mortgage outcomes

across the racial/ethnic borrower groups, which will include Black, Hispanic, Asian, and

white borrowers. We specify indicator variables for each group in equation (3.1) with white

borrowers representing the omitted category. Thus, the β coefficients will tell us howmuch

more or less likely Black, Hispanic, and Asian borrowers are to prepay/default compared

with white borrowers. Xit is a vector of control variables that include numerous mortgage

and borrower characteristics, which we describe in detail below. Most of the control vari-

ables are time-invariant, but a few vary at the quarterly frequency. In some specifications

we will include geographic fixed effects, νg, typically at the state level or ZIP code level, as

well as vintage year-quarter fixed effects, μv. The standard errors are heteroskedasticity ro-

bust and are double clustered by county and year-quarter of origination.

Since the LPMs are estimated at a quarterly frequency, we are working in a hazard frame-

work in which we model the likelihood of prepayment/default in year-quarter t conditional

on the loan surviving through t − 1. For example, if a loan is active for three years, at which
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point it prepays due to the borrower refinancing into a new loan, it will contribute 12 ob-

servations, with the Prepayrefiit indicator taking a value of 0 for the first 11 observations and

a value of 1 for the final observation. Hazard models are commonly employed in the mort-

gage literature due to their ability to account for right-censored data (that is, loans that do

not prepay during the sample period and are either still active at the end of the sample or

exit the data set prior to the end of the sample period for other reasons). In Appendix A.5

we estimate our main LPM specifications assuming that 90-day delinquency, rather than

foreclosure, is a competing risk in order to address the fact that borrowers who have missed

mortgage payments are typically ineligible to refinance.

3.3.2 Prepayment due to Refinancing

We begin by estimating the LPMmodel in equation (3.1) for prepayment due to borrowers

refinancing into new loans. Table 3.3 contains the results. Columns (1) through (6) report

estimates for the GSE sample, while columns (7) through (9) show estimates for the FHA

sample. In all columns, we have multiplied the dependent variable (refinance indicator) by

100 so that the coefficients can be interpreted in terms of percentage points. Column (1)

reports estimates from our simplest specification, which includes vintage year-quarter fixed

effects to control for unobservable changes in underwriting standards over time and a con-

trol for mortgage age (third-order polynomial). Our results are robust to higher order poly-

nomials as well as one-year bins for loan age. Black (Hispanic) borrowers refinance at a rate
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that is 0.75 (0.69) percentage point lower than white borrowers on average, while Asian

borrowers refinance at a rate that is 0.44 percentage point higher than white borrowers on

average. These differences are all statistically significant as well as economically meaning-

ful. The gap between Black and white borrowers is approximately 44 percent of the average

quarterly refinance hazard among all GSE loans (1.71 percentage points).

To examine the extent to which lower prepayment likelihood of minority borrowers

can be explained by their observable characteristics, in column (2) of Table 3.3 we include

controls for some basic underwriting characteristics at origination, such as the borrower’s

credit score (Equifax risk score), LTV ratio, loan size, and indicator variables for loans

that are refinances, less than full documentation of income/assets, and different property

types (condominiums and 2 to 4 units). We also include indicators for missing informa-

tion about documentation and property type. In addition, we include an estimate for the

borrower’s change in LTV over time, which we calculate by updating the mortgage bal-

ance based on the amortization schedule and the value of the property using the change

in the county-level house price index since the quarter of origination. Finally, we add state

fixed effects to the specification. The underwriting coefficient estimates are consistent with

our expectations and with previous findings in the prepayment literature. Borrowers with

higher credit scores and larger loan sizes refinance at faster rates. The differences in refi-

nancing propensities between racial/ethnic groups decrease significantly with the addition
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of these controls. The difference between Black and white borrowers drops by almost 50

percent, from 0.75 to –0.38 percentage point per quarter. The differences between white

borrowers and the other minority groups also decline (in absolute magnitude) with the ad-

dition of the underwriting controls. These results suggest that about half of the difference

in refinance behavior can be attributed to differences in basic underwriting variables.

In column (3) we add more information about the borrower. First, we add three vari-

ables from the HMDA database: the borrower’s reported income at the time of loan origi-

nation, an indicator for female borrowers, and an indicator for the presence of a co-applicant.

Borrowers with higher income are more likely to refinance, while female borrowers are

slightly less likely to do so. Borrowers with a co-applicant are more likely to prepay. We

also control for three additional variables in column (3). We control for borrower age (sec-

ond order polynomial), which we obtain from the CRISM data set. We control for the

“moneyness” of the refinance option using a measure constructed by Deng, Quigley, and

Van Order (2000b) that compares the present discounted value of the remaining stream of

mortgage payments discounted at the borrower’s current mortgage rate and the remaining

stream discounted at the prevailing market rate. Specifically, the “Call Option” measure of

Deng, Quigley, and Van Order (2000b) is calculated as:

Call Optioni,k =
Vi,m − Vi,r

Vi,m
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where

Vi,m =

TMi−ki∑
s=1

Pi

(1+mit)s

Vi,r =

TMi−ki∑
s=1

Pi

(1+ ri)s

and ri is borrower i’s mortgage rate, TMi is the mortgage term, ki is the age/seasoning of

the mortgage,mit is the prevailing market rate, and Pi is the mortgage payment. The larger

the value of the “Call Option,” the more the borrower would benefit from refinancing

into a new loan with a lower rate and payment. We consider two versions of the call option

variable that differ based on the assumed market rate faced by borrowers,mit. The first call

option variable, which is included in column (3), assumes that all borrowers can refinance

at the Freddie Mac PMMS rate. The second call option variable, which we introduce below,

adjusts for the fact that borrowers often face different rates at which they can refinance due

to the GSE loan-level pricing adjustments. “Call Option V2” uses the borrower’s current

credit score and an estimate of current LTV to make the adjustment. The FHA program

does not employ risk-based pricing and thus, we do not make this adjustment in our FHA

sample.

The third variable that we add to the specification in column (3), “SATO” (spread at

origination), is the difference between the borrower’s mortgage rate and the value of the

184



PMMS index in the year-quarter of origination. SATO is often included in prepayment

models to proxy for unobserved constraints that may prevent a borrower from being able

to obtain the prevailing market rate. Both Call Option and SATO are strong predictors

of refinance propensities as a one standard deviation increase in “Call Option” (6.4 per-

centage points) is associated with a 1.48 percentage point increase in the refinance hazard,

while a one standard deviation increase in SATO (0.41 percentage points) is associated with

a -0.61 percentage point decrease in the refinance hazard. Finally, we specify credit score,

LTV, and loan size in small, discrete bins, rather than as continuous variables in column

(3), in order to allow for any non-linearities that might exist in their relationship with the

propensity to refinance. The inclusion of all these additional controls and the more flex-

ible functional forms has a small, but non-trivial effect on the prepayment gaps between

racial/ethnic groups relative to basic underwriting variables.

Comparing the coefficients associated with the minority groups and the white group

in columns (1) and (3), we see that approximately 41 percent of the gap remains for Black

borrowers, while two-thirds of the gap remains for Hispanic borrowers. One possibility is

that minority borrowers are more likely to experience adverse income or liquidity shocks

that make it difficult to qualify for a new loan. While we do not have direct information on

income or wealth over time, the CRISM data include updated information about borrower

credit scores over the life of the mortgage. Since income and wealth shocks are correlated
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with the likelihood of debt repayment, updated credit scores should serve as a proxy for

such shocks. In column (4) of Table 3.3 we use this information and include the change

in the borrower’s credit score between the current year-quarter and the quarter of origina-

tion. The change in the Risk Score is highly correlated with the likelihood of refinancing.

A 100 point increase is associated with a 0.77 percentage point increase in the quarterly re-

finance hazard. In Appendix A.5 we also control for borrowers that have recently missed

a mortgage payment since many lenders will not allow a borrower to refinance in such a

situation. The addition of the variable also has a significant impact on the difference in

refinance propensities between Black borrowers and white borrowers, as the gap declines

by approximately 23 percent (0.071 percentage points). Therefore, the results displayed in

columns (1)–(4) suggest that a majority of the refinancing gap between white and minority

borrowers can be attributed to differences in underwriting variables and time-varying credit

scores.

In column (5) we substitute the alternative call option variable, “Call Option V2”, that

accounts for the fact that borrowers looking to refinance into a GSE loan face different

mortgage rates depending on their credit score and LTV ratio. The call option coefficient

is unaffected, but the coefficient associated with the change in the Equifax risk score signifi-

cantly decreases, from 0.769 to 0.348. This suggests that part of the reason that an increase

in credit score increases the probability of refinancing is due to the lower rate that a higher

186



credit score allows borrowers to obtain.

Next, we examine whether refinancing differences are more correlated with race or the

neighborhoods that minorities live in. The specification reported in column (6) of Table

3.3 includes ZIP code fixed effects, so that differences in refinance hazards between groups

in column (6) are estimated using variation only within a fairly small geographic area. This

specification has the virtue of accounting for many sources of time-invariant, unobserved

heterogeneity, such as the demographic composition of the ZIP code area as well as the av-

erage income/wealth of the area. Controlling for the ZIP code significantly narrows the

gap between the racial/ethnic groups. Both the Black and Hispanic coefficients decline sig-

nificantly. In Appendix A.4 we show results from specifications that include a full set of

ZIP-code-by-year and ZIP-code-by-year-quarter fixed effects. These specifications control

for time-varying, unobserved heterogeneity at the ZIP code level, and thus account for lo-

cal economic shocks as well as local house price dynamics. The results are similar to those

reported in column (6) of Table 3.3. Comparing columns (1) and (6), controlling for all

observable variables at the time of mortgage origination, in addition to the change in credit

scores, LTV, and ZIP code level differences, we can explain approximately 81 percent of the

gap between the refinance behaviors of Black and white borrowers and about 61 percent

of the gap between Hispanic and white borrowers. This again suggests that a race-neutral

policy based on addressing refinancing gaps by neighborhood and borrower characteristics
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would resolve most of the gap in refinancing. Columns (7) through (9) in Table 3.3 display

results corresponding to three LPM specifications estimated on our sample of FHA loans.

Column (7) is analogous to column (1) and includes only vintage effects and controls for

mortgage age, while column (8) is the same specification displayed in column (2), which

includes basic underwriting controls such as credit score and LTV. Column (9) is the same

specification as column (6) and includes ZIP code fixed effects. The differences in refinance

hazards across the racial/ethnic groups in the FHA sample and the patterns across the differ-

ent specifications are similar to what we found in the GSE sample. Notably, similar to the

results that we obtained from the GSE sample, comparing columns (7) and (9), controlling

for observable borrower and mortgage characteristics and geographic differences, explains a

large fraction (about 64 percent) of the differences in refinance propensities between Black

and white borrowers. Interestingly, this is not the case for Hispanic borrowers. Observables

can explain only a trivial amount of the gap in refinance behavior between Hispanic and

white borrowers in the FHA sample.

In Table A.19 in the Appendix we show that the results in Table 3.3 are not sensitive to

our choice of the LPM, which assumes that the refinance hazard is a linear function of the

covariates. The table contains estimated average marginal effects from logit models corre-

sponding to each specification in Table 3.3, with the exception of the specification with

ZIP code fixed effects which is not feasible in a logit model. The average marginal effects
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associated with the logits in all specifications are very close to the corresponding LPM coef-

ficients.

3.3.3 Prepayment due to Selling

In Table 3.4 we test for prepayment differences across racial and ethnic groups due to home

sales rather than refinancing activity. Our dependent variable in the LPM regressions is an

indicator that takes a value of 1 if mortgage i voluntarily prepays in year-quarter t and we

see that the borrower has moved and changed addresses (and 0 otherwise). We multiply

the sale indicator by 100 so that the coefficients can be interpreted in terms of percentage

points. The table is structured similarly to Table 3.3. The big difference is that we do not

show specifications for both call option variables for the GSE sample. For the remainder of

the paper we use the “Call Option V2” variable that depends on the borrower’s updated

credit score and LTV ratio in all GSE regressions.

Columns (1) and (5) show that there are large differences in the propensity to sell be-

tween minority and white households, controlling for only vintage effects and the age of

the loan in both the GSE and FHA samples. Black borrowers are approximately 0.52 (0.64)

percentage points less likely to sell their homes in a given quarter compared with white bor-

rowers in the GSE (FHA) sample, which corresponds to about 54 percent (68 percent) of

the quarterly sample average (0.96 and 0.94 percentage points, respectively). In contrast to

our analysis of prepayment due to refinancing, adding detailed controls for borrower and
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mortgage characteristics in columns (2) and (8) does not have a large effect on the minority

coefficients. The gap between sale hazards for Black borrowers and Hispanic borrowers de-

creases (in absolute magnitude) by approximately 20 percent in the GSE sample and even

less in the FHA sample.

The addition of the HMDA variables (income, gender, and co-applicant indicator), up-

dated credit score information, our proxy for the incentive to refinance (Call Option), and

geographic fixed effects (state and ZIP code) does further attenuate the gaps between the

sale propensities of the racial/ethnic groups. However, controlling for our detailed ob-

servable borrower and loan characteristics does not have as large of an effect on the differ-

ences in sale hazards as it did on the differences in refinance hazards that we see in Table 3.3.

Comparing the simplest specification in column (1) with our most sophisticated specifica-

tion in column (4), we can explain approximately one-third of the differences between sale

hazards of minority and non-white Hispanic borrowers in our GSE loan sample. We find

similar patterns in our FHA sample in columns (5)–(8).

3.3.4 Default

In this section we present results on differences in default hazards across racial/ethnic groups.

We assume that borrowers default when they miss at least three payments (that is, 90-plus

days past due), to be consistent with the recent mortgage default literature. Table 3.5 presents

estimation results for the same LPM specifications in Tables 3.3 and 3.4, with one excep-
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tion. We do not include a separate specification in which we add a control for changes in

borrowers’ credit scores since credit scores mechanically decline when borrowers miss mort-

gage payments. Again, we multiply the default indicator by 100 so that the coefficients can

be interpreted in terms of percentage points.

In column (1) we see large differences between the default hazards of minority borrow-

ers compared with white borrowers. Black borrowers with GSE loans are 0.44 percentage

points more likely to default on their payments each quarter, which is more than 125 per-

cent of the average default hazard in the GSE sample (0.35 percentage points). The addi-

tion of basic controls attenuates this difference, as the Black coefficient declines to 0.27

percentage points in column (2). Further controlling for our HMDA variables and ZIP

code fixed effects reduces the coefficient to 0.11 percentage points. Comparing columns (1)

and (4), we are able to explain more than 75 percent of the differences in Black versus white

default hazards by controlling for observable borrower and loan characteristics and highly

disaggregated geographic-by-time fixed effects. The pattern is similar for the estimated dif-

ferences between Hispanic and white borrowers.

The default patterns are largely similar for Black borrowers in the FHA sample, but they

are different for Hispanic borrowers. The gap for Hispanic borrowers of 0.165 percentage

points is much smaller in column (5) (only 17 percent of the FHA sample average), and

it becomes only marginally insignificant in column (7) when we add our controls and the
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ZIP-code-by-year-quarter fixed effects.

These results are consistent with previous studies documenting that Black borrowers

tend to have higher cumulative default probabilities than white borrowers, which has also

been found in Canner, Gabriel, andWoolley (1991), Berkovec et al. (1994), and Berkovec

et al. (1998). However, it is important to note that they are quite sensitive to the definition

of default that one employs. In Table A.22 in the Appendix we estimate the same specifica-

tions but use a default definition that is based on involuntary prepayments due to foreclo-

sure or pre-foreclosure distressed sales (that is, short sales) rather than serious delinquency.

The table shows that minority loans are significantly more likely to end in involuntary pre-

payment when we do not control for borrower and mortgage characteristics. However,

when those controls are included (in both the GSE and FHA samples), minority loans are

less likely to involuntarily prepay. This pattern suggests that minority borrowers are more

likely to miss payments, but are less likely to actually lose their homes to foreclosure. One

possibility is that minority households are more likely to obtain loan modifications and

avoid foreclosure.

3.3.5 Racial Differences in the Sensitivity of Refinancing toMortgage Rates

In this section we dig a bit deeper into the results on refinance disparities that we docu-

mented in section 3.3.2. The most common reason for borrowers to refinance is to take

advantage of lower market rates and save on interest payments. In Table 3.3 we found that
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the Call Option variable, which proxies for the “moneyness” of the prepayment option and

is driven by movements in market rates relative to the borrower’s current rate, is an impor-

tant predictor of the propensity to refinance. One possible explanation for the large dispari-

ties in refinancing behavior between our racial/ethnic groups is that minority borrowers are

less likely or less able to refinance to take advantage of lower rates. We test this hypothesis

by estimating a version of equation (3.1) in which we interact our race/ethnicity variables

with Call Option:

Prepayit = β∗Blacki+η∗Call Optionit+δ∗(Blacki ∗ Call Optionit)+γ∗Xijt+νg+μv+εit,

(3.2)

If minority borrowers refinance less in response to increases in the exercise value of the pre-

payment option due to declines in rates, then we should expect to find δ < 0.

Before discussing the results from estimating equation (3.2), we present a simple binned

scatter plot in Figure 3.3 that shows the unconditional relationship between the propensity

to refinance and Call Option for each of our racial/ethnic groups. Specifically, in Figure

3.3 we group the Call Option variable into deciles (separately for each racial/ethnic group)

and then plot the average value of Call Option against the average quarterly refinance rate

within each decile. The chart shows that all borrowers are more likely to refinance when the

Call Option variable increases in magnitude, which corresponds to the prepayment option
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Figure 3.3: Responses to gain from exercising the refinance option.Figure 3: Responses to gain from exercising the refinance option.
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Figure 4: Unconditional quarterly refinance hazards for Black and white borrowers.
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being deeper in the money. However, the figure clearly shows that white and Asian borrow-

ers are much more likely to refinance compared with Black and Hispanic borrowers when

their prepayment options are deeper in the money. When market rates are either higher or

about the same as the borrowers’ coupon, so that Call Option is negative or close to zero, all

borrowers have a similarly low propensity to refinance. When market rates are lower rela-

tive to the rates on outstanding loans and Call Option becomes more positive, the refinance

hazard for white and Asian borrowers increases by more than a factor of five to approxi-

mately 5 percentage points. In contrast, Black and Hispanic borrowers’ average refinance

hazard approximately doubles.
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These patterns are confirmed in Table 3.6, which displays the results from estimating

equation (3.2) separately for GSE and FHA loans. We start by displaying results for the

LPMmodel without any interactions in columns (1) and (4). These specifications closely

correspond to the specifications in columns (6) and (9) in Table 3.3, which include all

of our controls as well as ZIP code fixed effects, but do not include Asian borrowers. In

columns (2) and (5) we add the interactions between the Black and Hispanic dummies and

the Call Option variable. The addition of the Call Option interaction results in the Black

and Hispanic coefficients flipping from negative to positive, which implies that conditional

on observable characteristics, minority borrowers are actually more likely to refinance when

the value of the refinance option is out of the money. Both columns (2) and (5) show that

Black and Hispanic borrowers are significantly less likely to refinance in response to market

rates declining and the prepayment option becoming more valuable. In the GSE sample, a

one standard deviation increase in Call Option (6.40 percentage points) increases the likeli-

hood of refinancing by 1.5 percentage points for white borrowers but only 1.0 percentage

points for Black and Hispanic borrowers. The patterns are similar in the FHA sample, as

Black and Hispanic borrowers are about one-third less sensitive to changes in the call op-

tion variable compared to white borrowers. In Appendix Table A.23 we show that these

results are robust to an alternative measure of the moneyness of the prepayment option,

the one derived by Agarwal, Driscoll, and Laibson (2013a) that accounts for mobility, the
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volatility of interest rates, closing costs, and inflation.

The change in a borrower’s credit score is another time-varying factor that we found to

be a strong predictor of refinance behavior in Table 3.3 and that has an important effect on

the estimated disparities in refinance hazards between minority and white borrowers. Our

contention is that changes in credit scores over time likely reflect liquidity/income shocks

that are impacting a borrower’s ability to repay debt. In columns (3) and (6) we interact

the change in credit score with the Black and Hispanic dummies to see if there are hetero-

geneous effects across racial/ethnic groups in their propensity to refinance in response to

credit score changes. In the GSE sample, we find that the refinancing behavior of minor-

ity borrowers ismore sensitive to credit scores changes compared to white borrowers. In

contrast, minority FHA borrowers are statistically significantly less likely to refinance in

response to credit score improvements compared with white borrowers.

3.3.6 The Effect ofMonetary Policy on Refinance Gaps

In the previous section we found that minority borrowers respond significantly less to

changes in market rates that make their prepayment options more valuable compared with

white borrowers. This suggests that expansionary monetary policy that lowers mortgage

rates could exacerbate the refinancing disparities that we have documented. In this section

we take a closer look at this issue.

Figure 3.4 displays unconditional, quarterly refinance rates for Black (solid black line)
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and white (dashed red line) GSE loans in calendar time over the course of our sample pe-

riod. The figure shows that the refinance gap is relatively small in the first few years of the

sample period, but then it increases dramatically beginning in early 2009, right about the

time of the announcement of the Federal Reserve’s first large-scale asset purchase program

(LSAP), which is commonly referred to as quantitative easing (QE1). The gap closes in late

2009/early 2010, but then grows again in the third quarter of 2010, which coincides with

the first Federal Reserve discussions of the second LSAP, QE2.5 Finally, the third increase

in the refinance gap in the figure occurs around the time of the announcement of the Fed’s

final LSAP, QE3, in the third quarter of 2012.

While Figure 3.4 is consistent with the hypothesis that the Federal Reserve’s unconven-

tional monetary policies played an important role in generating large differences in refinanc-

ing behavior between minority and white borrowers, it is not definitive. The post-crisis

period was extremely turbulent, with many other policies and shocks impacting the mort-

gage market. For example, the Home Affordable Refinance Program (HARP) was initiated

by the Federal Housing Finance Agency inMarch 2009 and was reformed and expanded

in December 2011. For that reason, we implement a more direct test for monetary policy

effects on the gap between the refinance behaviors of minority and white households. We

5OnAugust 27, 2010, Fed Chairman Ben Bernanke stated in his speech at the Jackson Hole
monetary policy conference, “A first option for providing additional monetary accommodation if
necessary, is to expand the Federal Reserve’s holdings of longer-term securities.”
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Figure 3.4: Unconditional quarterly refinance hazards for Black and white borrowers.

Figure 3: Responses to gain from exercising the refinance option.
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Notes: This figure shows a binned scatter plot of the hazard of refinance as a function of the gain from exercising
the refinance option as calculated in Deng et al. (2000).

Figure 4: Unconditional quarterly refinance hazards for Black and white borrowers.
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focus exclusively on our GSE sample since we showed in the previous section that the racial

gaps in refinance behavior among FHA borrowers are not as sensitive to fluctuations in

market rates. We also explicitly focus on the first LSAP, QE1. Beraja et al. (2018b) show

that mortgage rates fell significantly and refinancing activity expanded considerably when

QE1 was announced. Furthermore, the paper argues that unlike later LSAPs, QE1 was

unanticipated by mortgage borrowers and thus provides for a fairly clean source of identifi-

cation for the monetary policy effects on refinancing behavior.

QE1 was announced by the Federal Reserve on November 25, 2008, and initially called

for purchases of as much as $500 billion inMBS guaranteed by the GSEs. It also announced

purchases of as much as $100 billion in debt obligations of Fannie Mae, Freddie Mac, Gin-

198



nie Mae, and the Federal Home Loan Banks. In March 2009, the Federal Reserve announced

that it would expand the program by purchasing $750 billion more in MBS. QE1 termi-

nated at the end of the first quarter of 2010 with the Federal Reserve having purchased a

total of $1.25 trillion inMBS. Fuster andWillen (2010) describes QE1 and its effect on the

mortgage market in more detail.

We test whether QE1 exacerbated the gap between the refinance rates for minority and

white borrowers by estimating the following difference-in-differences regression:

Prepayit = β∗Blacki+η∗postQE1t+δ∗ (Blacki ∗ postQE1t)+γ∗Xijt+νg+μv+ εit, (3.3)

where postQE1 is an indicator variable that equals 1 for the period after QE1 and 0 for the

period before QE1 as well as the quarter in which QE1 was announced (2008:Q4). Since

QE1 was announced at the end of November, refinances driven by QE1 are unlikely to be

originated and show up in our data until the beginning of 2009:Q1. We consider two dif-

ferent sample windows around the QE1 announcement: a one-year window that consists

of the two quarters before and after the announcement as well as a two-year window that

consists of the 4 quarters before and after the announcement.

Table 3.7 displays the estimation results. In columns (1) through (3) we restrict the sam-

ple to a one-year window around QE1, and in columns (4) through (6) we expand the sam-

ple to a two-year window. For each window we estimate three specifications. First, we es-
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timate an unconditional regression with no additional controls. Second, we estimate our

preferred specification from above that includes all of our loan and borrower underwriting

variables as well as ZIP code and origination year-quarter fixed effects (the specification in

column (5) in Table 3.3). Finally we estimate a specification that adds interaction terms be-

tween our postQE1 dummy and credit scores as well as LTV ratios. This is a more flexible

specification that allows QE1 to differentially impact borrowers with different credit scores

and LTVs, and it is motivated by anecdotal evidence that suggests the refinancing boom

that followed QE1 was driven mainly by borrowers with high credit scores and low LTVs.

The estimation results in Table 3.7 suggest that QE1 had a large effect on the racial gap

in refinance propensities. According to column (1), Black borrowers were about 0.1 per-

centage point less likely to refinance in the six months prior to QE1 compared with white

borrowers, and the gap increases by an order of magnitude to approximately 2.3 percent-

age points after QE1. While refinance propensities for white borrowers increased by 3.2

percentage points, an increase of approximately 520 percent of their rate prior to QE1 (0.6

percent points), Black borrowers increased their refinance rates by approximately 1.0 per-

centage point, an increase of approximately 200 percent of their pre-QE1 rate (0.5 percent

points). Including our controls and fixed effects slightly changes the magnitudes, but the

large effect of QE1 on refinance gaps remains. In column (2) Black and Hispanic condi-

tional prepayment rates are actually significantly higher than those of white borrowers in
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the six months before QE1, but afterwards their rates fall more than 2.6 percentage points

below the rates for white borrowers.

In column (3) the addition of the interactions between the postQE1 dummy and credit

scores and LTVs slightly attenuates the gaps between refinances by minority and white bor-

rowers that emerged after QE1, but the differences remain large and statistically signifi-

cant. The interactions with credit score, which are displayed in the table, are striking. High-

credit-score borrowers (Risk Score> 740) increased their refinance rates by more than 3.7

percentage points after QE1 compared with an increase of about 0.77 percentage points

for low-credit-score borrowers (Risk Score≤ 600). Since the refinance differences across

credit score bins are small in the period before QE1, these findings are consistent with the

claim that the refinancing boom fromQE1 was disproportionately driven by borrowers

with high credit scores.

Columns (4) through (6) show that expanding the window size to one year slightly

changes the estimated magnitudes, but does not alter the main patterns. QE1 appears to

have generated a much larger increase in refinancing behavior by white borrowers com-

pared with minority borrowers as well as high-credit-score borrowers compared with those

with lower credit scores.

While the results in Table 3.7 strongly suggest that QE1 significantly exacerbated refi-

nance disparities between minority and white borrowers, there were other major policies en-
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acted around the same time as QE1, which could confound inference from our difference-

in-differences estimator. For example, the Home Affordable Refinance Program (HARP)

and the Home Affordable Modification Program were both enacted inMarch 2009, and

may have had an impact on refinancing disparities across racial/ethnic groups. To address

this issue and increase our confidence that QE1 really drove the differential changes in re-

financing behavior in the relevant window, we zero in on the day of the announcement.

To do this, we use confidential HMDA data, which provide information on the exact day

on which a borrower applied for a mortgage. Figure 3.5 shows that fromNovember 24 to

25, refinance applications by white borrowers increased from 15,000 to more than 30,000,

an increase of over 100 percent. Over those same days, applications by Black borrowers in-

creased from 1,800 to 2,100, a gain of a little over 15 percent. Black borrowers did make

further gains over the next week, but overall, over the next few weeks, the maximum in-

crease relative to November 24 was about 50 percent, whereas for white borrowers the in-

crease rarely fell below 100 percent.

3.4 Implications forMortgage Rate Disparities

The literature on discrimination in mortgage market pricing focuses almost exclusively on

the flow of mortgage rates—the difference in rates obtained by minority and white bor-

rowers at the time of origination. In this section we show that the large differences across
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Figure 3.5: Event study of the announcement of first quantitative easing (QE1) on November 25,
2008.

Figure 5: Event study of the announcement of first quantitative easing (QE1) on November
25, 2008.
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groups in prepayment behavior drives large disparities in the stock of mortgage rates across

racial/ethnic groups—the difference in rates associated with outstanding mortgages. While

there are certainly good reasons to focus on the flow of rates, as we will show, the dispari-

ties in the stock of rates are significantly larger than the flow differences. Furthermore, we

will show that monetary policy appears to have driven disparities in the stock of rates while

having little impact on flow disparities.

The top panel of Figure 3.6 displays the difference in the flow of average mortgage rates

(solid red line) for Black and white borrowers during our sample period and the difference

in the stock of average rates (solid blue line). The left panel pools together FHA and GSE

loans, while the right panel focuses on only GSE mortgages. These graphs are very similar

to Figure 3.1, with the only difference being that they are constructed using our estimation

sample of loans originated during the 2005–2015 period.
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The flow gap fluctuates between 10 and 25 basis points over the first few years of the

pooled sample before falling to zero in 2011 and remaining below 10 basis points through

the end of the sample period. In the GSE sample, the flow gap falls from just over 30 basis

points in 2008 to 10 basis points in 2010 and then fluctuates between 5 and 20 basis points

for the remainder of the period. In contrast to the gap in the flow of rates, the gap in the

stock of mortgage rates rises substantially after 2008 in both graphs. In the pooled sample it

peaks at about 35 basis points in 2013, while it climbs to almost 60 basis points in the GSE

sample.

We include a third series in each panel (dotted blue line) that adjusts the gap in outstand-

ing rates to account for loan modifications. As we discussed above, HAMPwas introduced

in early 2009 and provided loan modifications to many borrowers in distress. One of the

common types of modifications was interest rate reductions. OurMcDash data provide

information on interest rate changes over time, which we use to adjust the gap in the stock

of rates to account for modifications that reduced borrower rates.

Interestingly, modifications appear to have had a significant impact on the rate gaps. In

both panels, we can see that the difference between the average outstanding rate for Black

versus white borrowers is significantly reduced when we account for rate-reducing modifi-

cations. This suggests that broad-based modification programs disproportionately affected

minority borrowers and helped alleviate rate disparities in the aftermath of the crisis.
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In Appendix A.17 we repeat the exercise with Survey of Consumer Finances (SCF) data

as a robustness check. Although the data are much more noisier due to a smaller sample

size and an inability to control for the quarter of origination, we do find a similar pattern in

that the rate difference by race is larger in the stock of mortgages than at origination for new

mortgages.

To isolate the disparities in the stock of rates that is due only to prepayment behavior (as

opposed to differences in pricing at origination) in the bottom panel of Figure 3.6, instead

of using actual interest rates paid by borrowers, we assume that every mortgage origination

receives that quarter’s PMMS value. Thus, by construction, there are no disparities in the

rate of mortgage flows for Black and white borrowers, so that the disparities in the stock of

rates are driven only by the differences in prepayment propensities. The bottom panel of

Figure 3.6 shows that beginning in 2009, the tendency of Black borrowers to pay higher

than market rates for longer than white borrowers increases the rate gap by more than 35

basis points in the pooled sample and by almost 50 basis points in the GSE sample.

If we go back to Figure 3.1, where we have a longer time series that goes back to 2000, we

can see the obvious correlation between refinance waves and the differences in the stock of

rates. The gap spikes during the refinance wave in the early 2000s and then again during the

2009–2015 period when unconventional monetary policy, largely through the purchases

of trillions of dollars in mortgage-backed securities (MBS), drove downmortgage rates and
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spurred another refinance boom.

We now look further into the role played by unconventional monetary policy in driving

the large increase in the gap in outstanding mortgage rates that we see in Figure 3.6 by esti-

mating a difference-in-differences specification that is similar to equation 3.3 above. Specifi-

cally we estimate the following regression:

RM
it = β ∗ Blacki + η ∗ postQE1t + δ ∗ (Blacki ∗ postQE1t) + εit, (3.4)

where the dependent variable,RM
it is the current mortgage interest rate paid by borrower i (which is

the same as the rate at origination, since all loans in our sample are fixed rate).

Table 3.8 displays the estimation results for three windows around the announcement of QE1:

one year, two years, and four years. For each window we display two different specifications. In

columns (1), (3), and (5) we estimate specifications with no additional controls, while in columns

(2), (4), and (6) we add a set of vintage year-quarter fixed effects. Adding vintage year-quarter fixed

effects means that only loans originated in the same year-quarter identify the QE1 coefficients, and

thus, it eliminates all variation due to prepayment differences.

The unconditional regression estimates are consistent with Figure 3.6. Rates paid by white bor-

rowers drop significantly after QE1—21 basis points in the one-year window and 46 basis points in

the four-year window. At the same time, rates paid by minority borrowers also decline, but by much

smaller magnitudes. For the one-year window, average rates paid by black borrowers drop by 11.5

basis points after QE1 and by about 23 basis points in the four-year window. This causes the gap in
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outstanding rates to grow from 21 basis points in the two years before QE1 to 44 basis points in the

two years after the policy.

The addition of vintage year-quarter fixed effects completely eliminates the positive post-QE1

estimates on mortgage rates for all borrowers. This confirms that it is loans originated in different

periods that drive the unconditional results, which is consistent with differential refinancing behav-

ior driving the large divergence in mortgage rates for minority and white borrowers in the period

after QE1.

3.5 Conclusion

In this paper we have shown that Black and Hispanic borrowers refinance their fixed-rate mortgages

at a significantly lower rate compared with white and Asian borrowers, and that expansionary mon-

etary policy appears to have exacerbated these differences. In turn, the large differences in refinance

propensities have resulted in significant disparities in the average interest rate that minority bor-

rowers pay on the stock of outstanding mortgages compared with their white counterparts. These

differences in the stock of rates are much larger in magnitude than the corresponding differences in

the rates paid on newly originated loans.

To be clear, our analysis does not suggest that policies that drive downmortgages rates are harm-

ful to minority borrowers. To the contrary, minority borrowers do benefit from lower mortgage

rates. However, our analysis suggests that they benefit much less than white borrowers.

Our research leads to two important questions. First, why do Black and Hispanic borrowers re-
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finance less frequently? In particular, why are they so much less responsive to variation in interest

rates? As we have shown, observable differences across borrowers can explain about 80 percent of

the difference, but a nontrivial gap remains. The remaining gap could be explained by numerous

factors that are omitted from our analysis including different levels of education and/or financial

literacy, differential exposure to negative income/employment shocks that may inhibit the ability

to refinance into low rates and that are not reflected in updated credit scores, or even heterogeneous

social networks, which have been shown to be important transmitters of information about refi-

nancing opportunities (Maturana and Nickerson (2019)).

The second question is, what can policymakers do to reduce racial differences? The prepayable,

fixed-rate mortgage plays a central role in the story. Many commentators argue that the FRM offers

the best of both worlds. Essentially, the prepayment option enables the borrower to take advantage

of falling rates while providing insurance against rising rates. But the value of the option to get a

lower rate, in the real world, depends on both the willingness and ability of borrowers to exercise the

option. The data show systematic variation across racial groups in refinancing and moving propensi-

ties, and thus, in a sense, the value of the option.

How could a policymaker enable Black and Hispanic borrowers to exploit rate reductions more

effectively? One way would be to expand the use of adjustable-rate mortgages (ARMs). The United

States is almost unique in its reliance on FRMs. In many countries, the mortgage ecosystem is

largely populated with ARMs, and those countries enjoy high home-ownership rates and have fore-

closure problems that are no worse than in the United States. Another would be to encourage the

mortgage industry to develop products that combine the benefits of FRMs and ARMs. For exam-
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ple, for many years, market participants have discussed “ratchet” mortgages, which adjust down but

not up. These alternative mortgage contract designs may lead to a more equitable distributional im-

pact of monetary policy. Finally, complementary, race-neutral policies that make it easier and less

costly to refinance such as streamlined refinancing programs could also be effective in closing these

rate disparities.
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A.1 Upfront closing cost choices example

Figure A.1: Rate and upfront closing costs trade-offs facing mortgage borrowers
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A.2 Data Construction and Summary Statistics

A.2.1 Optimal Blue-HMDA sample

I constructed the Optimal Blue-HMDA sample by merging the Optimal Blue rate locks from 2018–

2019 with the public HMDA data. Because Optimal Blue contains a lender identifier number but

no lender names, the merge proceeds in two steps: (1) an initial match based on loan characteristics,

and (2) a second filtering based on a correspondence between the lender identifier in Optimal Blue

and an anonymized version of HMDA lender IDs implied by the first step.

The initial match was made using loan amount, rate, year, loan type, loan purpose, loan term,

ZIP code (with all ZIP codes corresponding to an HMDA census tract included), and up to a 5%

difference in LTV with all matches kept in the data set. Then, for the second step I impose the

requirement that the lender identifier in Optimal Blue is matched to an anonymized version of
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HMDA lender ID at least 10% of the time.1 Overall, this two-step procedure uniquely matches

1,186,906 out of 2,318,940 locks for 30-year, conforming fixed-rate mortgages, implying a match

rate of 51%. The match rate is comparable to a 66% “lock pull-through rate,” which is the percent

of rate locks that turn into originated loans, that I understand to be reasonable based on industry

sources.

In terms of variable definitions, I construct a Black dummy equal to one if the mortgage has a

HMDA-derived race variable of “Black or African American.” The Hispanic dummy is equal to one

if the mortgage has a HMDA derived ethnicity variable of “Hispanic or Latino.” The Single Male

and Single Female dummies are inferred from the HMDA-derived gender. Summary statistics for

these samples are shown in the table below.

1The 10% requirement was set purposefully low to include cases where the Optimal Blue lender
IDmay not correspond to a HMDA reporter for example in the case of correspondent lending. It is
sufficient to reduce the percent of matches that are non-unique from 49.6% to 3.9%.
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Table A.1: Summary statistics for the 2018–2019 Optimal Blue-HMDA sample

Mean Std. Dev. 25th Pctile Median 75th Pctile N

Loan amount ($’000s) 256.7 117.8 166.3 240.0 333.8 1186906

Origination cost ($) 1818.7 1643.6 995.0 1370.0 2155.8 1154700

Credit Score 747.9 44.5 717 755 784 1186906

LTV (%) 80.3 15.0 75 80 95 1186906

DTI (%) 35.0 9.7 28.2 36.2 42.9 1171555

Interest rate (%) 4.54 0.58 4 4.625 4.875 1186906

First-time Home Buyer (d) 0.307 0.461 0 0 1 1186551

Black (d) 0.041 0.199 0 0 0 1071773

Hispanic (d) 0.096 0.294 0 0 0 1063925

Single Female (d) 0.252 0.434 0 0 1 1140692

Single Male (d) 0.330 0.470 0 0 1 1140692
Notes: This table reports summary statistics from the 2018–2019 Optimal Blue-HMDAmerged sample. Loan

amount is expressed in thousands of dollars, origination costs are expressed in dollars, credit score is the bor-

rower’s Optimal Blue credit score at origination, and LTV, interest rate are expressed in percentage points. The

label (d) denotes dummy variables.
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A.2.2 Optimal Blue-HMDA-CRISM sample

I also construct a merge between Optimal Blue, HMDA, and CRISM data sets for mortgages orig-

inated between 2013–2019, with loan performance until April 2021. The CRISM data set is an

anonymous credit file match from Equifax consumer credit database to Black Knight’s Mcdash

loan-level Mortgage Data set. My Optimal Blue-HMDA-CRISM sample was constructed by join-

ing together three merges, (i) the 2018–2019 Optimal Blue and HMDAmerge described in Sec-

tion A.2.1, (ii) a 2013–2017 Optimal Blue and HMDAmerge, and (iii) the 2013–2019 Optimal

Blue and CRISMmerge.

Similar to the 2018-2019 Optimal Blue and HMDAmerge, the 2013–2017 Optimal Blue and

HMDAmerge was also conducted in two steps, with an initial step based on loan characteristics,

and a second step based on a correspondence between the Optimal Blue lender ID and an anonymized

HMDA lender ID. A separate merge was conducted because the data fields in 2013–2017 HMDA

are different than those in 2018–2019 HMDA: the interest rate, loan term, and LTV fields were not

available, while loan amount was given in finer detail.

The first step for the 2013–2017 Optimal Blue to HMDAmatch was made using loan amount,

year, loan type, loan purpose, occupancy, ZIP code (with all ZIP codes corresponding to an HMDA

census tract included) with all matches kept in the data set. Then, for the second step I impose

the requirement that the lender identifier in Optimal Blue is matched to an HMDA respondent

ID at least 10% of the time.2 Overall, this two-step procedure uniquely matches 1,382,057 out of

2The 10% requirement was set purposefully low to include cases where the Optimal Blue lender
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2,563,550 locks for 30-year, conforming fixed-rate mortgages, implying a match rate between locks

to originated mortgages of 54%. The match rate is again comparable to a 66% “lock pull-through

rate,” which I understand to be reasonable based on industry sources.

The 2013–2019 Optimal Blue to CRISMmatch was made in one step. The variables used for

matching are the loan amount, ZIP code, month of origination (which I require to lie within the

date of the lock and the date of the lock plus the lock term), loan type, loan term, loan purpose,

Equifax Risk Score (within 20 points of the Optimal Blue credit score), LTV (within 5%), and the

rate. The more detailed loan-level information enabled the match to proceed despite not having

lender information. Overall, I uniquely matched 617,058 out of 5,269,107 locks for 30-year, con-

forming fixed-rate mortgages, implying a match rate between locks to originated mortgages in the

CRISM data set of 12%. The lower match rate is reasonable because neither the CRISM data nor

the Optimal Blue data covers all US mortgage originations, so the overlap between the two must be

smaller than the overlap between Optimal Blue and HMDA as the HMDA does provide essentially

complete coverage of all US mortgage originations.

Combining the three merges, I get an Optimal Blue-HMDA-CRISM sample with 360,291 loans.

In terms of variable definitions, I construct a Black dummy equal to one if the mortgage has a 2018–

2019 HMDA derived race variable of “Black or African American.” The Hispanic dummy is equal

to one if the mortgage has a HMDA derived ethnicity variable of “Hispanic or Latino.” In the

case of 2013–2017 HMDA, these dummies are defined using the algorithm of Bhutta and Can-

ID may not correspond to an HMDA reporter for example in the case of correspondent lending. It
is sufficient to reduce the percent of matches that are non-unique from 75.2% to 11.8%.
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ner (2013). The Single Male and Single Female dummies are inferred from the 2018–2019 HMDA

derived gender or the applicant gender when no co-applicant is present in the case of 2013–2017

HMDA. Finally, the Credit Card Revolver dummy is set equal to 1 if the primary borrower on the

mortgage has a credit card balance of greater than or equal to $10,000 at the time of origination

while also having a credit card utilization of greater than 40%.

Summary statistics on this sample are as follows:
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Table A.2: Summary statistics for the Optimal Blue-HMDA-CRISM sample

Mean Std. Dev. 25th Pctile Median 75th Pctile N

Loan amount ($’000s) 252.7 114.7 166.2 234.0 325.5 360291

Credit score 748.5 46.0 717.0 757.0 786.0 360291

LTV (%) 79.8 15.0 75.0 80.0 92.0 360291

DTI (%) 34.4 9.4 27.8 35.6 42.0 360291

First-time home buyer (d) 0.200 0.400 0 0 1 351955

Black (d) 0.030 0.171 0 0 0 340665

Hispanic (d) 0.076 0.265 0 0 0 340665

Single Female (d) 0.249 0.433 0 0 1 346222

Single Male (d) 0.322 0.467 0 0 1 346222

Credit Card Revolver (d) 0.110 0.313 0 0 1 346222
Notes: This table reports summary statistics from the Optimal Blue-HMDA-CRISMmerged sample. Loan

amount is expressed in thousands of dollars, origination costs are expressed in dollars, credit score is the bor-

rower’s Optimal Blue credit score at origination, and LTV, interest rate are expressed in percentage points. The

label (d) denotes dummy variables. CRISM data is attributed to Equifax Credit Risks Insight Servicing and

Black Knight McDash Data.
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A.2.3 The LoanSifter data

The LoanSifter data contains information about rate and upfront closing cost (i.e., points) trade-

offs in rate sheets, which are prices that loan originators and mortgage brokers can offer to clients in

locking the loan. Because these are actual available prices within a lender, they allow me to observe

the rate and point menus that borrowers face. The sample period runs from September 9, 2009 to

December 31, 2014 and consists of rate sheets from a sample of lenders from 50 metropolitan areas.

Rate sheets observations are at the lender-day level, and in rare cases where a lender issues more than

one rate sheet on a given day the observations with the best prices are kept. Linear interpolation

was used to estimate the rate at various levels of points, following Fuster, Lo, andWillen (2017). To

compare the rate and points menus in the lender rate sheets to the MBS TBA prices, I focus on rate

sheets for conforming, 30-year, fixed-rate mortgages with a loan-to-value ratio of 80% and a loan

amount of greater than or equal to $300k.

Summary statistics for this data are shown in Table A.3.
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Table A.3: Summary statistics for the LoanSifter data

Year No. of Lenders Rate at 0 points Rate at 2 points N lender-days obs

2009 93 5.01 5.42 3923

2010 93 4.70 5.10 16025

2011 83 4.46 4.82 16589

2012 86 3.67 4.07 18105

2013 126 4.07 4.42 19993

2014 103 4.21 4.52 19446
Note: This table contains information on the number of distinct lenders, mean rate at 0 points, mean rate at 2 points, and

number of distinct lender-day observations by year. The data set comes from LoanSifter. The interest rates at 0 points and

at 2 points are estimated through linear interpolation for lenders that do not offer mortgages at exactly those points.

A.3 When are closing costs added to the rate?

This paper focuses on the cross-subsidization of mortgage closing costs to the extent that they are

added to the rate of the mortgage. I refer to mortgages with closing costs “added to the rate” as mort-

gages with a high enough interest rate c such that secondary marketing income(c) in Equation (1.1)

is positive.3 While intuitive, this definition is most sensible in a world in which lenders pass through

their secondary marketing income as lower upfront closing costs to borrowers, for example in a

model with a perfectly competitive supply side. Otherwise, the positive secondary marketing in-

3This turns out to be true for most mortgages, as I show in Section 1.4.1.
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come may reflect not only closing costs added to the rate but also an additional cost that only some

borrowers pay. Empirically, my analysis of US mortgage pricing finds this pass-through to be nearly

complete which makes my definition sensible.

To assess this pass-through, I examine how the secondary marketing income-interest rate trade-

off matches the retail interest rate and upfront closing costs trade-off in the cross-section, with re-

sults in Figure A.2. I use data LoanSifter matched withMBS TBA pricing data from 2009Q3 to

2014. Following the methodology of Fuster, Lo, andWillen (2017), which estimates the price of

intermediation as the premium of the mortgage over par on the secondary market, I estimate (i) the

secondary marketing revenue generated by lenders in the secondary market as implied byMBS TBA

prices, and (ii) the sum of the revenue generated by lenders in the secondary market and the upfront

closing costs they charge in the form of points, for borrowers with a $300k conforming mortgage,

700 LoanSifter credit score, 80% LTV, and 30% DTI.

Then, with the interest rate spread to the Freddie Mac Primary Mortgage Market Survey (PMMS)

rate4 rounded to the nearest 1/8th c̃, I run a linear regressions of the form:

φijt =
N∑
l=1

γl1(c = cl) + ξjt + εijt, (A.1)

where cl are the categorical variables of interest rate spread rounded to the nearest 1/8th, ξjt are

lender-day fixed effects, and εijt is the error term. φijt is either the secondary marketing revenue

4The Freddie Mac Primary Mortgage Market Survey rate is obtained from
https://fred.stlouisfed.org/series/MORTGAGE30US.
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generated the lender or sum of the revenue generated by lenders in the secondary market and the

upfront closing costs, both expressed as a percentage of the loan amount.

Results are presented in Figure A.2, which shows that mortgages that are originated at a higher

spread to the Freddie Mac Survey rate tend to command higher valuations in the secondary market

but generate almost exactly the same lender total income. This suggests that higher secondary mar-

keting income is almost entirely passed through to consumers in the form of lower upfront lender

fees/points.5 Given the near complete pass-through of secondary marketing income to primary

market upfront closing costs on average, it is economically meaningful to say that mortgages with

positive secondary marketing income have a part of their upfront closing costs “added to the rate”

which is then subject to cross-subsidization.

5The same patterns also exist in the time series, as I illustrate in Appendix Figure A.3. In Fig-
ure A.3, there is some evidence that in more recent years the interest rate is slightly lower on low
upfront closing cost mortgages than what would be implied by secondary marketing income, per-
haps suggesting a role for markups. I abstract frommarkups that vary by points in this paper as the
magnitude of the cross-subsidization I study is significantly larger than the differences shown in
Figure A.3.
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Figure A.2: Secondary marketing income and total lender revenues
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In addition to cross-section, I also examine the relationship between the rate and upfront closing

cost trade-off in the time series in Figure A.3. Using the LoanSifter data, I estimate the rate increase

from paying 1 less point (i.e., 1% of the loan amount less) in upfront closing costs as the interest

rate increase from going from a mortgage with 1 point in upfront closing costs to a mortgage with 0

points within each lender rate sheet. To get the corresponding exchange rate in the MBS TBA data,

I take the mortgage rate at 0 points (net of the g-fees or the price of GSE guarantee) and compute

the increase in rate that would imply a 1% increase in the MBS TBA value of the mortgage, with
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interpolated values for coupon rates in between eighths. I then take the mean of the exchange rate

implied by the LoanSifter data and the MBS TBA data by month, with results plotted in Figure A.3.

Figure A.3: The interest rate increase from paying 1 less point in upfront closing cost over time,
lender ratesheets (green) versus MBS TBA implied (red)
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Figure A.3 shows that the exchange rate implied by the the LoanSifter data and the MBS TBA

data are fairly close to each other, with the MBS TBA implied exchange rate being slightly larger

near the end of the sample. This is consistent with near complete pass-through of secondary mar-

keting revenue to upfront closing costs, with a small discount to lower closing cost mortgages in the

retail market as compared to the secondary market near the end of the sample.
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A.4 Robustness check on the proportion of closing costs paid upfront

Figure A.4: Lender revenue and percent paid as upfront closing costs, net of mortgage servicing
revenue

(a) Estimated lender revenue

(b) Fraction of lender revenue paid upfront
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A.5 Model details

A.5.1 Exogenous states

The risk-free rate follows the Cox, Ingersoll, and Ross (1985) model which has a natural zero lower

bound:

dr1t = a(b− r1t)dt+ σ
√
r1tdWt. (A.2)

I estimate the evolution of exogenous states in the model via maximum likelihood6 using the three-

month Treasury bill data from January 1987 to January 2021.7 The results for the risk-free rate are

as follows:

Table A.4: Estimation of the CIRmodel of interest rates

Parameter Estimate Standard Error

a 0.0910 0.0506

b 1.2649 0.7209

σ 0.4930 0.0175

6The program was based on Kladivko (2021), with some modifications to obtain standard
errors.

7Board of Governors of the Federal Reserve System (US), 3-Month Treasury Bill Sec-
ondary Market Rate [TB3MS], retrieved from FRED, Federal Reserve Bank of St. Louis,
https://fred.stlouisfed.org/series/TB3MS.
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I model the average mortgage rate c̄t, changes in log real house prices ΔHt, and changes in log

real personal income ΔLt and as a vector autoregression (VAR) with r1t as an exogenous dependent

variable. I use two lags in the VAR, with the constraint that the matrix of coefficients on first lag is

identity and on the second lag is positive only for the house price coefficient to reduce dimensional-

ity.8 More specifically, with sssttt =


c̄t

100 ∗ ΔHt

100 ∗ ΔLt

, the VAR equation is as follows:

sssttt = μ+ r1tβr1t + Φ1sss′t−1 + Φ2ΔHt−1 + eeettt, (A.3)

where eeettt ∼ N(0, Σ̂sss) and μ, βr1t ,Φ2 are the coefficients to be estimated. In terms of the state vari-

ables, data on c̄t is obtained as the Primary Mortgage Market Survey (PMMS) rate,9 Ht is obtained

from the Case-Shiller National House Price Index,10 and Lt is obtained from the US Personal In-

come11 divided by the US population.12 Furthermore,Ht and Lt are converted to real terms using

8The second lag on the house price variable is added to capture momentum and mean reversion
as in Glaeser and Nathanson (2017).

9Freddie Mac, 30-Year Fixed Rate Mortgage Average in the United States
[MORTGAGE30US], retrieved from FRED, Federal Reserve Bank of St. Louis,
https://fred.stlouisfed.org/series/MORTGAGE30US.

10S&PDow Jones Indices LLC, S&P/Case-Shiller U.S. National Home
Price Index [CSUSHPINSA], retrieved from FRED, Federal Reserve Bank of St.
Louis;,https://fred.stlouisfed.org/series/CSUSHPINSA.

11U.S. Bureau of Economic Analysis, Personal Income [PI], retrieved from FRED, Federal
Reserve Bank of St. Louis, https://fred.stlouisfed.org/series/PI

12U.S. Bureau of Economic Analysis, Population [POPTHM], retrieved from FRED, Federal
Reserve Bank of St. Louis, https://fred.stlouisfed.org/series/POPTHM.
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the Consumer Price Index for All Urban Consumers.13 The results of the VAR estimation are as

follows:

Table A.5: VAR estimates of state transitions

Parameter μ βr1t Φ111 Φ222 Σ̂sss

c̄t .093 (.051) .024 (.010) .972 (.012) 0 0 0 .050

100 ∗ ΔHt .051 (.028) -.008 (.007) 0 1.060 (.047) 0 -.286 (.047) .009 .126

100 ∗ ΔLt .182 (.079) -.007 (.021) 0 0 -.232 (.053) 0 -.006 .041 1.030

The estimates from Tables A.4 and A.5 are then used to simulate the transitions of the exogenous

states in my model in Section 2.3.

A.5.2 OAS

An empirical model of prepayment behavior combined with my model of interest rates is needed

to estimate the OAS in Section 1.5.1. For my empirical model of prepayment, I use my panel data

to estimate a logit regression of an indicator variable for borrower prepayment on the spread of the

mortgage interest rate to the Freddit Mac survey rate at origination (SATO) as well as categories of

the interest rate incentive defined as the current mortgage interest rate minus the Freddit Mac survey

rate. To maintain comparability to the TBAmarket from which I derive the market exchange rate

between the interest rate and upfront closing costs, I further restrict my analysis to 30 year purchase

13U.S. Bureau of Labor Statistics, Consumer Price Index for All Urban Consumers: All Items
in U.S. City Average [CPIAUCSL], retrieved from FRED, Federal Reserve Bank of St. Louis,
https://fred.stlouisfed.org/series/CPIAUCSL.
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mortgages with a balance above $150k, FICO above 680, and LTV below 85% following Fusari et al.

(2020). Results of this regression are shown in Table A.6, which is used for my model of p̂t as in

Equation (1.19).

Table A.6: Logit model of prepayment

(1)

Prepaid

SATO -0.538∗∗∗ (-11.22)

SATO Sq -0.325∗∗∗ (-6.72)

Rate Incentive≥ 0% 0.482∗∗∗ (28.16)

Rate Incentive≥ 0.5% 1.061∗∗∗ (68.46)

Rate Incentive≥ 1% 0.768∗∗∗ (46.27)

Constant -5.281∗∗∗ (-398.27)

Observations 4081108

t statistics adjusted for clusters at the lender by county level in parentheses

∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Using the prepayment model from Table A.6 and the interest rate model of Section A.5.1, with

the risk-free rate rtf being given as the implied 10 year rate under the Cox, Ingersoll, and Ross (1985)

model, I estimate a ˆOAS = 0.22% by minimizing the equally-weighted difference between the

observedMBS TBA price for the nearest two coupons above and below the Freddie Mac survey
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rate - gfees - servicing fees with the implied NPV given by Equation (1.19). TheMBS TBA price is

inclusive of the new production pay-up for a coupon (with data fromMorganMarkets). The gfee is

assumed to be 0.42% and servicing fee 0.25% following Fuster, Lo, andWillen (2017).

A.5.3 Model hyper-parameter estimates

Table A.7: Estimated hyper-parameters and their standard errors

Parameter Value Standard Error
μpa -2.941 (0.244)
σpa 0.879 (0.097)
μβ 2.322 (1.034)
σβ 3.950 (0.045)
ρ 0.956 (0.018)
μpm -2.103 (0.092)
σpm 0.190 (0.039)
μκ 3.551 (0.051)
σκ 2.108 (0.023)
μbpa -0.626 (0.326)
μbpm -0.851 (0.253)
μbκ -0.132 (0.080)
μhpa -0.520 (0.200)
μhpm -0.655 (0.153)
μhκ 0.059 (0.057)
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A.5.4 Sanity check on model

Table A.8: Regression of model-implied optimal upfront closing cost choices by borrower
characteristics

(1)
optimal_points

beta 3.173∗∗∗
(0.309)

gamma -0.748∗∗∗
(0.0192)

pa -2.56∗∗∗
(0.290)

log_kappa 0.0547∗∗∗
(0.00447)

pm -5.572∗∗
(2.239)

savings_cat 0.0821∗∗∗
(0.00435)

_cons -0.617∗∗∗
(0.1213)

N 24930
Robust standard errors in parentheses
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

A.6 Estimates by race

In the main text of the paper, many results were aggregated across borrower racial groups. This Ap-

pendix section presents some estimates by race.

238



Figure A.5: Distribution of borrower refinancing types by race

(a) Probability of being able to refi

(b)Hassle cost for refinancing
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Figure A.6: Moving probability

Figure A.7: Counterfactual change in utility from adding closing costs to balance of the loan, by
racial group
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Figure A.8: Counterfactual change in utility from automatically refinancing, by racial group

A.7 ADL

A.7.1 Implications of market pricing of low upfront closing cost mortgages

Next, I show that the pricing of lower upfront closing cost mortgages is especially favorable to the

benchmark optimally refinancing borrowers of Agarwal, Driscoll, and Laibson (2013b) but un-

favorable to non-refinancing borrowers. Figure A.9 compares the expected NPV of an optimally

refinancing borrower from the model of Agarwal, Driscoll, and Laibson (2013b) under a variety of

choices of upfront closing costs with that of a non-refinancing borrower. Both borrowers have a

moving hazard of 10% per year, and interest rate movements are assumed to be Brownian motion
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with a calibrated annualized standard deviation from the post-crisis period.14 The borrowers are

assumed to always pick the same upfront closing costs, which is justifiable as a benchmark by the

stationarity of the problem.

Figure A.9a shows that the expected NPV of the optimally refinancing borrower increases sig-

nificantly with lower upfront closing costs at a market price of +0.17% in higher interest rate per

percentage of the loan amount reduction in upfront closing costs. In particular, the expected NPV

for the optimally refinancing borrower goes from 1.3% of the loan amount if the borrower were to

always choose a mortgage with an upfront closing cost of 5% to 5.3% if the borrower were to always

choose a “no closing cost” mortgage, a fourfold increase. The reason for this increase is that the in-

terest rate increase for lower upfront closing cost mortgages is too low for the optimally refinancing

borrower: it is significantly cross-subsidized, and the optimally refinancing borrower is able to derive

significant value by choosing a lower upfront closing cost and then refinancing. Indeed, the pattern

is opposite, though less drastic, for the non-refinancing borrower: their expected NPV is 0.3% with

a 5% upfront closing cost and -0.3% with no upfront closing costs. The fact that non-refinancing

borrowers (indeed, almost all borrowers) choose lower upfront closing cost mortgages implies that

they cross-subsidize the optimally refinancing borrowers’ mortgages. Comparing across the two

types of borrowers, Figure A.9b shows that the prevalence of low to zero upfront closing cost mort-

gages increases the NPV advantage to optimally refinancing by a factor of five.

14For the period of January 2010 to January 2021, I find the annualized standard devia-
tion of monthly average mortgage interest rates from the Freddie MacMortgage Survey to be
σ = 0.4597%.
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Figure A.9: Expected NPV by Upfront Closing Costs

(a)NPV by upfront closing costs

(b)NPV advantage to actively refinancing

Figure A.10 shows the implications of lower upfront closing cost mortgages for the optimally

refinancing borrower’s “refi cutoff” and expected number of refinances per mortgage. The “refi

cutoff” is computed directly from the formula of Agarwal, Driscoll, and Laibson (2013b), and as
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shown in Figure A.10a it is significantly declining in the level of upfront closing cost chosen, from

1.4% for mortgage with all closing costs paid upfront to 0% for a no upfront closing cost mortgage.

Correspondingly, the expected number of refinances per mortgage, which I compute by simulating

Brownian motion paths for interest rates and counting the number of refinances, is significantly

increasing in upfront closing cost choice as shown in Figure A.10b. It goes from 0.25 per mortgage

with 5% in closing costs, to 1.25 refinances per mortgage for a 1% in closing costs, to a degenerate

number with zero closing cost mortgage.15

15Because I simulate the Brownian motion of Agarwal, Driscoll, and Laibson (2013b) in
monthly intervals, I get 9.3 expected refinances per new mortgage origination with zero closing
cost mortgages.

244



Figure A.10: Optimal refinancing strategy with upfront closing cost choice

(a) Interest rate decrease needed for refinance

(b) Expected number of refinances per mortgage
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A.7.2 Counterfactual pricing of low upfront closing cost mortgages

Next, I investigate the cross-subsidization of low upfront closing cost mortgages from the per-

spective of lender rate-setting under my model of the competitive supply side. Instead of using my

model, I use the model of Agarwal, Driscoll, and Laibson (2013b) for my model of actively refinanc-

ing borrower behavior.

Results are shown in Figure A.11. In particular, I find that the revenue neutral rate and upfront

closing cost trade-off matches the empirically observed rate and upfront closing cost well. Further-

more, Figure A.11 suggests that actively refinancing borrowers (in the sense of Agarwal, Driscoll,

and Laibson (2013b)) receive a substantially lower rate than what they would have received under

perfect information: if all borrowers were optimally refinancing, lenders would charge substantially

higher interest rates particularly for low upfront closing cost mortgages, on the order of 1.49% more

with a 1% upfront closing cost mortgage compared to only 0.13% with a 5% upfront closing cost

mortgage.16 In other words, the interest rates on lower upfront closing cost mortgages appear to be

substantially discounted for optimally refinancing borrowers due to the presence of non-refinancing

borrowers in the market.

16With zero upfront closing costs and optimally refinancing borrowers, I find that lenders would
have to charge a rate of 57% to remain revenue-neutral.
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Figure A.11: Pricing of mortgages mortgages by upfront closing cost choice and borrower type

A.8 Proofs of results of Chapter 2

A.8.1 Proof of Theorem 1

Proof. In the forward direction, if such a π(x1, x2) exists, then it is possible to construct a series of

menusm = {x1, x2} for each {x1, x2} such that φ(x1, x2) = 1, each appearing with probability

g1(m) = g2(m) = π(x1, x2), from which group 1 consumers chose x1 and group 2 consumers

chose x2. Under this construction, the distributions of menus across the two groups are equal such

thatM1 = M2, and the choice probabilities are rationalized. The reverse direction follows from

the fact that, denoting c(x1, x2|m) by the probability that group 1 consumers choose x1 ∈ m and

group 2 consumers choose x2 ∈ m given a menum, we can construct the required π(x1, x2) =
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∑
m c(x1, x2|m)g(m) for any c(x1, x2|m), g(m)where g(m) = g1(m) = g2(m).

A.8.2 Proof of Theorem 2

Proof. Under constant marginal utility in interest rate, Equations (2.11) and (2.12) imply that

ui(mj) − ui(mi) = βdi→j(mi,mj) ≥ βd1→2(x1, x2) for some constant β. Then, by property

of minimumwe must have βDIM1→2 ≤ ΔWI1→I2,π, ∀π, with β ≡ 1 if utility were measured in

terms of interest rate paid.

A.8.3 Proof of Theorem 3

Proof. First, we show that ϕ is Gâteaux directionally differentiable in the sense that the limit:

ϕ′p1,p2
(h1,h2) = lim

t→0+

ϕ(p1 + th1,p2 + th2)− ϕ(p1,p2)

t
(A.4)

exists for all and is equal to that given by Equation (2.22) for {p1,p2} ∈ Dϕ and {h1,h2} ∈ D0.

To do this, without loss of generality letting φ∗ = φ + M,M = sup |φ| such that φ∗ ≥ 0 and

ϕ = ϕ∗ −M, we transform the problem to standard linear programming form:

ϕ∗ = min
π

Eπφ∗ s.t. Ex2π ≥ p1,Ex1π ≥ p2, π ≥ 0 (A.5)

and then use Theorem 3.1 of Gal and Greenberg (2012), who set out conditions for the Gâteaux

directional differentiability of standard linear programs with inequality constraints. In particular,

we need to check primal and dual stability in the sense that, if we let Π∗(p1, p2) be the set of primal
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solutions to the linear programming problem in Equation (A.5), then the set of primal solutions

reachable from perturbations in the direction {h1, h2} is non-empty, such that:

Π∞({p1,p2}, {h1,h2}) = {π : {πk} → π for some {εk → 0+}, (A.6)

with πk ∈ Π∗(p1 + εkh1,p2 + εkh2)} ̸= ∅, (A.7)

and analogously for dual solutions. This can be done by referencing existing results:

1. Since {p1 + εkh1,p2 + εkh2} are a series of probability measures for εk ≤ 1, primal stability

in the sense of Equation (A.6) is guaranteed by Theorem 5.19 in Villani (2008).

2. Similarly, dual stability is guaranteed by Theorem 1.52 in Santambrogio (2015), in partic-

ular by taking the sequence of c-concave Kantorovich potentials corresponding to (p1 +

εkh1,p2 + εkh2)}.

Therefore, ϕ∗ is Gâteaux differentiable. Second, we show that ϕ∗ is Lipschitz, such that the

Gâteaux directionally differentiability of ϕ∗ is equivalent to Hadamard directionally differentia-

bility following Shapiro (1990). For the l1 norm l1({p1,1,p1,2}, {p2,1,p2,2}) =
∑

x |p1,1(x) −

p1,2(x)|+ |p2,1(x)− p2,2(x)|, we will show that:

|ϕ∗(p1,1,p1,2)− ϕ∗(p2,1,p2,2)| ≤ Ml1({p1,1,p1,2}, {p2,1,p2,2}) (A.8)

More specifically, let p−
1 = min{p1,1,p1,2},p+

1 = max{p1,1,p1,2}, and analogously for p−
2 ,p

+
2 .

By construction we know that ϕ∗(p−
1 ,p

−
2 ) ≤ ϕ∗(p1,1,p1,2), ϕ∗(p2,1,p2,2) and ϕ∗(p+

1 ,p
+
2 ) ≥
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ϕ∗(p1,1,p1,2), ϕ∗(p2,1,p2,2), and therefore:

ϕ∗(p1,1,p1,2)− ϕ∗(p+
1 ,p

+
2 ) ≤ ϕ∗(p1,1,p1,2)− ϕ∗(p2,1,p2,2) ≤ ϕ∗(p1,1,p1,2)− ϕ∗(p−

1 ,p
−
2 )

(A.9)

Furthermore, we know that ϕ∗(p1,1,p1,2) − ϕ∗(p−
1 ,p

−
2 ) ≤ Ml1 since taking the optimal plan

from π− = ϕ∗({p−
1 ,p

−
2 }) and then constructing a plan π−,∗ = π− + (p1,1 − p−

1 )(p1,2 −

p−
2 ) yields an upper bound for the value value ϕ∗(p1,1,p1,2) ≤ Eπ−,∗φ = ϕ∗({p−

1 ,p
−
2 }) +

E(p1,1−p−
1 )(p1,2−p−

2 )φ ≤ ϕ∗({p−
1 ,p

−
2 }) +M

∑
(p1,1 −p−

1 )(p1,2 −p−
2 ) ≤ ϕ∗({p−

1 ,p
−
2 }) +Ml1.

Similarly, we have that ϕ∗(p1,1,p1,2) − ϕ∗(p+
1 ,p

+
2 ) ≥ −Ml1. Substituting into Equation (A.9)

yields:

−Ml1 ≤ ϕ∗(p1,1,p1,2)− ϕ∗(p2,1,p2,2) ≤ Ml1 (A.10)

which implies Equation (A.8) and that the mapping ϕ∗ is Lipschitz.

A.8.4 Proof of Corollary 1

Proof. Suppose we knew the true p1,p2. Then, the “oracle” analogue of the critical value at level

1− α+ β conditional on the true p1,p2 is:

ĉo1−α+β = inf{c ∈ R : Pr(ψ̂′p1,p2
(h1,h2) ≤ c) ≥ 1− α+ β} (A.11)
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By construction, ĉ1−α+β ≥ ĉo1−α+β whenever [p1,p2] ∈ P̂β. Therefore, if we let the event

[p1,p2] ∈ P̂n,β be E and [p1,p2] /∈ P̂n,β be ¬E, it follows that:

Pr(ψ̂ ≥ ĉ1−α+β) = Pr(ψ̂ ≥ ĉ1−α+β|E) Pr(E) + Pr(ψ̂ ≥ ĉ1−α+β|¬E) Pr(¬E) (A.12)

≤ Pr(ψ̂ ≥ ĉo1−α+β) Pr(E) + Pr(ψ̂ ≥ ĉ1−α+β|¬E) Pr(¬E) (A.13)

≤ Pr(ψ̂ ≥ ĉo1−α+β) + Pr(¬E) (A.14)

By property of limsup, we know that:

lim sup
n→∞

Pr
p1,p2

(ϕ̂n ≥ ĉn,1−α+β) ≤ lim sup
n→∞

Pr(ψ̂n ≥ ĉon,1−α+β) + lim sup
n→∞

Pr([p1,p2] /∈ P̂n,β) (A.15)

By Equation (2.24) and the Portmanteau Theorem, we have:

lim sup
n→∞

Pr
p1,p2

((ϕ̂n ≥ ĉon,1−α+β)) ≤ α− β (A.16)

By Equation (2.25) for the uniform confidence band, we know that:

lim sup
n→∞

Pr
p1,p2

([p1,p2] /∈ P̂n,β) ≤ β (A.17)

Combining the two parts, we have:

lim sup
n→∞

Pr
p1,p2

(ϕ̂n ≥ ĉn,1−α+β) ≤ β+ (α− β) = α (A.18)
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as required.

A.9 Additional Tables and Figures for Chapter 2

Figure A.12: Screenshot of advertised rate and closing cost table
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Figure A.13: How the choice of which menu dimension to condition on can yield contradictory
results

rate

discount points paid

data for minorities

data for whites

Figure A.14: Implied interest rate decrease per point paid, based on randomly sampled pairs of
borrowers

(a) Conforming mortgages
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Table A.9: Other approaches to inference in optimal transport, compared with our size-corrected
directional derivatives approach

HSS (2021) m out of n subsampling Size-corrected

m = n2/3 m = n1/2 m = n1/3 directional derivatives

n1 = n2 = 500 0.0 31.8 21.9 16.2 4.4

n1 = n2 = 1000 0.0 28.3 18.4 12.5 4.7

n1 = n2 = 5000 0.0 20.0 11.3 8.6 4.8

n1 = n2 = 10000 0.1 18.3 10.3 8.4 5.8

n1 = n2 = 50000 0.0 13.7 8.6 6.5 5.0

Note: Entries represent the probability of rejecting the null at the 5 [percent level. The

control of the subsampling approach is taken with subsample sizem as indicated, with

n = n1n2
n1+n2 = 1

2n1. The control of our size-corrected directional derivatives approach was

computed via 2000 sample draws and 500 draws of h1, h2 from the estimated asymptotic

multivariate Normal distribution for p1, p2 within each sample draw.
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Table A.10: Regressions of origination costs and total loan costs as a percentage of the loan amount
on HMDA’s information on points (hmda_points) versus Optimal Blue’s information on points

(ob_points)

orig_charge_frac tot_loan_costs_frac

(1) (2) (3) (4) (5) (6)

hmda_points 0.915∗∗∗ 0.902∗∗∗ 0.940∗∗∗ 0.941∗∗∗

(0.00277) (0.00308) (0.00372) (0.00463)

ob_points 0.469∗∗∗ 0.0200∗∗∗ 0.474∗∗∗ 0.00531

(0.00377) (0.00220) (0.00434) (0.00361)

_cons 0.580∗∗∗ 0.560∗∗∗ 0.575∗∗∗ 2.194∗∗∗ 2.174∗∗∗ 2.190∗∗∗

(0.000432) (0.00129) (0.000591) (0.000577) (0.00149) (0.000927)

N 1224911 1221338 1221208 1224417 1220921 1220715

R2 0.553 0.231 0.553 0.233 0.093 0.232

Standard errors in parentheses

∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

Note: The sample consists of the conforming and FHA purchase mortgages originated

within the retail channel within our 2018–2019 HMDA-Optimal Blue matched sample.

In each regression, we excluded observations with extreme outliers for points (below –4 or

above 4) and for origination costs and total loan costs as a percentage of the loan amount

below –3 percent or above 10 percent. All regressions include lender by county by year by

product type fixed effects. Standard errors were also clustered at the lender by county by

year by product type level.
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Table A.11: Assessments of lender discrimination using two heuristic approaches in the Black and
non-Hispanic white matched sample

Heuristic 1 Heuristic 2 Alternate Heuristic 1

Conforming FHA Conforming FHA Conforming FHA

(1) (2) (3) (4) (5) (6) (7) (8)

points points rate_1/8 rate_1/4 rate_1/32 rate_1/4 rate rate

black 4.482∗∗∗ -0.908 2.905∗∗∗ 3.309∗∗∗ 3.032∗∗∗ 2.519∗∗∗ 2.627∗∗∗ 2.983∗∗∗

(0.994) (1.319) (0.327) (0.376) (0.436) (0.509) (0.322) (0.437)

Rate Decile FE Yes Yes No No No No No No

Points Decile FE No No No No No No Yes Yes

N 12278 9208 12278 12278 9208 9208 12278 9208

R2 0.041 0.025 0.006 0.006 0.005 0.003 0.023 0.025

Standard errors in parentheses

∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

A.10 HMDA-McDash andHMDA-McDash-CRISMMatch Rates

As we discussed in section 3.2, our analysis employs a novel data set that combines three sources

of administrative data: HomeMortgage Disclosure Act (HMDA) data, Black Knight McDash

mortgage servicing data, and credit bureau data from Equifax. The three data sources are linked

together through two separate loan-level matches: a match between the HMDA andMcDash

databases, which we will refer to as the HMDA-McDash dataset, and a match between the McDash

and Equifax databases, which is referred to as CRISM (Equifax Credit Risk Insight Servicing Mc-
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Dash Database). We are then able to merge the two matched data sets, creating a final data set with

information from all three sources, which we will refer to as the HMDA-McDash-CRISM data set.

Below we will discuss some of the details of both matches and showmatch rates by loan vintage

(year) to provide information on the quality and scope of the final data set used in the analysis.

A.10.1 HMDA-McDashDatabase

The HMDA-McDash matched data set is available to users within the Federal Reserve System and

includes more than 93 million loans originated from 1992 through2015 (inclusive). The match-

ing algorithm was written by the Risk Assessment, Data Analysis and Research (RADAR) group

at the Federal Reserve Bank of Philadelphia and matches HMDA andMcDash loans by the origi-

nation date, origination amount, property Zip code, lien type, loan purpose (that is, purchase or

refinance), loan type (for example, conventional or FHA), and occupancy type. Tables A.12 and

A.12 display match rates by origination year;the former table calculates rates by dividing by the num-

ber of McDash loans, while the latter table divides by the total number of HMDA loans. Overall,

approximately two-thirds of McDash loans are successfully matched to HMDA, while almost 40

percent of HMDA loans are successfully matched to loans in McDash. Since the HMDA database

covers a greater fraction of the mortgage market, the match rates normalized by HMDA loans are

significantly lower than the rates normalized byMcDash loans.

Our sample includes only loans originated in 2005 and later due to lower coverage in the pre-2005

McDash database. In 2005McDash added a large servicer to its database, which substantially in-

creased the overall coverage of the database. The last column in Table A.12 shows that the coverage

257



(relative to the total number of HMDA loan originations) goes from 65 percent in 2004 to 81 per-

cent in 2006. When servicers are added to the McDash database, they typically provide information

on only their active loans. This raises concerns of attrition bias, and thus we focus only on loans

originated in 2005 and later.

The matching algorithm is based on the following logic:

• Origination date (McDash) and action date (HMDA) must be within five days of each other.

• Origination amounts must be within $500.

• Property Zip codes must match.

• Lien types must match.

• Loan purposes (purchase, refinance) must match.

• Loan types (conventional, jumbo, etc.) must match.

• Occupancy types must match.

In our analysis, we use only loans that were uniquely matched. The last column in Table A.13 shows

that during our sample period (2005 through 2015) our sample covers from 34 percent to 47 per-

cent of all loan originations in HMDA.
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Table A.12: Match Rate by Origination Year (MatchedMcDashMortgages/All McDash
Mortgages)

Origination Year McDash Loans Only 1 HMDA McDash Loans McDash
Matched Candidate Uniquely Matched Coverage

1992 51% 48% 20% 58%
1993 55% 50% 19% 70%
1994 58% 53% 24% 52%
1995 61% 57% 29% 46%
1996 63% 58% 33% 42%
1997 62% 58% 35% 39%
1998 65% 60% 36% 52%
1999 65% 60% 35% 46%
2000 64% 61% 50% 31%
2001 64% 60% 49% 44%
2002 65% 59% 50% 50%
2003 71% 64% 53% 67%
2004 69% 64% 55% 65%
2005 67% 61% 51% 73%
2006 63% 59% 49% 81%
2007 63% 59% 50% 87%
2008 65% 62% 54% 79%
2009 67% 64% 59% 79%
2010 69% 67% 61% 77%
2011 69% 67% 61% 73%
2012 73% 71% 64% 67%
2013 75% 74% 67% 62%
2014 77% 76% 71% 48%
2015 79% 78% 75% 45%

Total 66% 62% 49% 61%

Notes: Match rates are calculated by the Risk Assessment, Data Analysis and Research (RADAR)
group. McDash coverage is estimated by dividing the number of originations in the McDash
database by the number of originations in HMDA.

259



Table A.13: Match Rate by Origination Year (Matched HMDAMortgages/All HMDAMortgages)

Origination Year HMDA Loans Only 1McDash HMDA Loans
Matched Candidate Uniquely Matched

1992 21% 14% 12%
1993 27% 16% 13%
1994 22% 15% 12%
1995 22% 15% 13%
1996 21% 16% 14%
1997 21% 16% 14%
1998 30% 23% 19%
1999 25% 19% 16%
2000 19% 17% 16%
2001 27% 24% 22%
2002 33% 30% 25%
2003 48% 43% 36%
2004 45% 41% 36%
2005 48% 43% 37%
2006 50% 45% 40%
2007 53% 48% 43%
2008 49% 46% 43%
2009 53% 50% 47%
2010 53% 50% 47%
2011 49% 47% 45%
2012 47% 45% 42%
2013 46% 44% 42%
2014 37% 35% 35%
2015 36% 35% 34%

Total 38% 34% 30%

Notes: Match rates are calculated by the Risk Assessment, Data Analysis and Research (RADAR)
group.

260



A.10.2 CRISMDatabase

CRISM is a data set that consists of McDash mortgages matched to credit bureau data from Equifax

at the borrower level. The Equifax credit bureau data are updated at a monthly frequency and in-

clude information on outstanding consumer loans and credit lines for the primary borrower as well

as all co-borrowers associated with the McDash mortgage. The matching process was conducted by

Equifax using confidential and proprietary data. The exact matching algorithm is proprietary, but

according to Equifax, anonymous fields such as the original and current mortgage balance, date of

origination, ZIP code, and monthly payment history are all used in the algorithm.

CRISM coverage begins in June 2005, and according to Equifax, approximately 90 percent of Mc-

Dash mortgages were matched to a credit bureau account with high confidence.17 We keep only

observations that pertain to the primary mortgage borrower to avoid double counting. Borrower

credit information is included in the data set for the life of each loan as well as for the six months

preceding origination and the six months following termination.

Figure A.15 displays the match rate by vintage for the HMDA-McDash-CRISMmatched data set

as a ratio of the total number of McDash originations (solid red line). For 2005–2015 originations,

the match rate is between 50 percent and 60 percent. The figure also shows the total number of

mortgage originations for the McDash data set, the HMDA-McDash matched data set, and the

17Equifax provides a “Match Confidence Score” that is based on a scale of 0 to 0.9, where a
higher score indicates that the McDash and Equifax data align better on the matching fields. Ap-
proximately 90 percent of McDash loans have a match confidence score of 0.8 or higher. Equifax
recommends using 0.8 as a threshold for modeling purposes, and we follow this advice, keeping
only matches with scores above 0.8.
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HMDA-McDash-CRISMmatched data set. The largest decline in the sample occurs when the Mc-

Dash database is matched to HMDA. The addition of CRISM data results in only a small decline in

loan originations during our sample period.

Finally, in Table A.14 we compare summary statistics for the HMDA-McDash and HMDA-McDash-

CRISMGSE (Panel A) and FHA (Panel B) samples, respectively. The tables show that the summary

statistics are almost identical across the two samples, which suggests that the addition of the Equifax

credit bureau data does not significantly alter the composition of mortgages.
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Table A.14: Comparison of Summary Statistics: HMDA-McDash vs. HMDA-McDash-CRISM
Databases

Panel A: GSE Loans

HMDA-McDash-Equifax HMDA-McDash

Mean Std. Dev. Mean Std. Dev.

FICOOrigination (100s points) 7.44 0.54 7.45 0.53
LTV (%) 72.6 15.9 72.7 15.9
Loan Amount ($100k) 2.12 1.13 2.12 1.13
Interest Rate (ppts) 5.20 1.02 5.20 1.02
Income ($1k) 97.6 64.0 97.5 63.9
Refinance (d) 0.538 0.499 0.539 0.498
Condo (d) 0.140 0.347 0.139 0.346
2-4 Family (d) 0.018 0.133 0.018 0.133
LowDocumentation (d) 0.308 0.462 0.309 0.462
Non-Occupant Owner (d) 0.140 0.347 0.140 0.347
Female (d) 0.294 0.455 0.294 0.456
Co-applicant (d) 0.505 0.500 0.503 0.500

# Loans 800,806 1,076,117

Panel B: FHA Loans

HMDA-McDash-Equifax HMDA-McDash

Mean Std. Dev. Mean Std. Dev.

FICOOrigination (100s points) 6.85 0.60 6.88 0.59
LTV (%) 93.6 7.5 93.6 7.4
Loan Amount ($100k) 1.73 0.91 1.73 0.91
Interest Rate (ppts) 4.93 1.00 4.93 1.00
Income ($1k) 65.8 37.5 65.8 37.3
Refinance (d) 0.294 0.456 0.295 0.456
Condo (d) 0.115 0.318 0.114 0.317
2-4 Family (d) 0.014 0.119 0.015 0.120
LowDocumentation (d) 0.190 0.393 0.191 0.393
Non-Occupant Owner (d) 0.033 0.178 0.033 0.178
Female (d) 0.353 0.478 0.352 0.478
Co-applicant (d) 0.414 0.493 0.415 0.493

# Loans 295,487 397,686

Notes: This table reports summary statistics from a 7.5% random sample of GSE loans originated between
2005 and 2015 (inclusive) from a matched HMDA-McDash-CRISM data set and a 10% random sample of
GSE and FHA loans originated between 2005 and 2015 (inclusive) from a matched HMDA-McDash data set.
The label (d) denotes dummy variables.
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A.11 Sample Restrictions

Table A.15 below displays all of the restrictions that we impose in constructing our 7.5 percent ran-

dom sample of the HMDA-McDash-CRISM data set. We adopt most of the restrictions imple-

mented in Fuster et al. (2018). We implement most of our restrictions while querying the database

(and thus, we do not know howmany loans are lost as a result of those restrictions).18 For the re-

strictions that we implement while applying code to clean and create our variables, we display the

number of loans that are dropped.

Table A.15: Sample Restrictions

Sample Restriction: # Loans Lost # Loans Remaining

Originations between 01/2005 and 12/2015
Loans with “conf”≥ 0.80
Fixed Rate Loans
First Liens
Fully Amortizing Loans No Prepayment Penalty
20≤ LTV≤ 100
Occupancy Non-missing
Loan Amount≤ $1m
Income≤ $500k
Term = 30 years
NoHome Improvement Loans 1,681,252
Seasoning≤ 6Months 193,898 1,487,354
Black, Hispanic, Asian, andWhite Borrowers 208,817 1,278,537
GSE and FHA Loans 179,810 1,098,727
3%≤Mortgage Rate≤ 8% 2,434 1,096,293

18Because the HMDA-McDash-CRISM database is a monthly panel and extremely large, we
were unable to download more than a 7.5 percent sample given computing constraints.
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A.12 LPM Estimates with Zip Code-by-Time Fixed Effects

In Table A.16 below we display refinance regression estimates for specifications that include Zip

code-by-year and Zip code-by-year-quarter fixed effects. The specifications are otherwise identical to

those displayed in columns (6) and (9) in Table 3.3 for GSE and FHA loans respectively.
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Table A.16: Refinance Results with Zip Code-by-Time Fixed Effects

Dependent Variable: Prepay Refinance (d)
GSE Loans FHA Loans

(1) (2) (3) (4)

Black (d) -0.166*** -0.158*** -0.174*** -0.164***
(0.026) (0.028) (0.027) (0.029)

Hispanic (d) -0.299*** -0.295*** -0.328*** -0.313***
(0.041) (0.041) (0.042) (0.041)

Asian (d) 0.200*** 0.204*** 0.022 0.035
(0.067) (0.067) (0.072) (0.072)

LTVChange -0.026*** -0.024*** -0.016*** -0.012***
(0.002) (0.003) (0.002) (0.002)

Refinance (d) -0.253*** -0.259*** -0.201*** -0.215***
(0.049) (0.048) (0.043) (0.045)

Female (d) -0.083*** -0.082*** -0.101*** -0.098***
(0.014) (0.014) (0.017) (0.017)

Call Option 0.198*** 0.478***
(0.024) (0.075)

Call Option V2 0.271*** 0.336***
(0.027) (0.023)

SATO -1.634*** -2.210*** -0.719*** -3.409***
(0.188) (0.174) (0.169) (0.592)

Risk Score Change 0.340*** 0.236*** 0.839*** 0.829***
(0.059) (0.044) (0.081) (0.083)

Loan Age X X X X
Underwriting Vars X X X X
HMDAVars X X X X

Vintage Year-Qtr FE X X X X
Zip Code-by-Year FE X X
Zip Code-by-Year-Qtr FE X X

# Observations 10,954,271 10,714,510 3,947,819 3,713,341
# Loans 600,758 584,786 192,615 176,908
R2 0.043 0.087 0.067 0.149
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A.13 Delinquency as a Competing Risk and Controlling forMissed Payments

In our empirical analysis of refinance disparities (Section 3), we treat other types of loan termination

as competing risks to refinances. These include prepayment due to home sale, involuntary termi-

nation due to foreclosure (or other type of distressed sale), and loan transfers to servicers that are

not in the McDash dataset. We do not treat default, which we define to be when a borrower first

becomes 90-days delinquent, as a competing risk. This means that quarterly observations after the

first 90-day delinquency remain in the sample until the loan terminates. This could be problematic

and introduce bias in our estimates of racial disparities in refinancing since borrowers who are be-

hind on their payments or who are current but have missed a payment in the recent past, are usually

ineligible to refinance.

In this section we will address this issue by implementing two exercises. First, we re-estimate our

primary refinance regressions (Table 3.3) assuming that 90-day delinquency is a competing risk to re-

financing. That is, we eliminate from our sample all observations after the first 90-day delinquency,

so that a loan in default is no longer at-risk to refinance (i.e. it is treated as a right-censored observa-

tion). We report the results of this exercise in Table A.17 below. The table includes the exact same

specifications as Table 3.3. The estimated racial refinance disparities are very similar to those docu-

mented in Table 3.3, with only minor differences in the Black, Hispanic, and Asian coefficients.

While the regressions reported in Table A.17 address the fact that borrowers in default are unlikely

to be eligible to refinance into a newmortgage, they do not address the possibility that a borrower

who has missed less than three payments is also unlikely to be able to refinance. Thus, in Table A.18
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below, we re-estimate our most saturated refinance regression specification (columns 6 and 9 in

Table 3.3) and include a control for borrowers that are behind on their payments, “Behind on Pay-

ments” (columns (1) and (3)) and a control for borrowers that have missed a payment in the previ-

ous 12 months (columns (2) and (4)). The coefficients associated with these controls are negative,

large, and statistically significant, which confirms that borrowers who are behind on their mortgage

payments are much less likely to be eligible to refinance. Comparing the race coefficients in Table

A.18 to columns (6) and (9) in Table 3.3, we see only small differences, however. Thus, controlling

for minor mortgage delinquencies does not materially affect our estimates of racial refinance dispari-

ties. Including controls for missed payments does significantly reduce the coefficient associated with

the change in credit score (“Risk Score Change”) however. This suggests that controlling for the

change in credit score partially accounts for borrowers who have missed payments.

269



Ta
bl
eA

.1
7:

R
efi
na
nc
eL

PM
R
es
ul
ts:

Tr
ea
tin

gD
eli
nq

ue
nc
ya

sa
C
om

pe
tin

gR
isk

D
ep
en
de
nt

Va
ria
bl
e:
Pr
ep
ay

R
efi
na
nc
e(
d)

G
SE

Lo
an
s

FH
A
Lo

an
s

(1
)

(2
)

(3
)

(4
)

(5
)

(6
)

(7
)

(8
)

(9
)

Bl
ac
k
(d
)

-0
.6
73
**
*

-0
.3
25
**
*

-0
.2
63
**
*

-0
.2
25
**
*

-0
.2
23
**
*

-0
.1
34
**
*

-0
.5
10
**
*

-0
.2
75
**
*

-0
.2
00
**
*

(0
.0
79
)

(0
.0
43
)

(0
.0
33
)

(0
.0
31
)

(0
.0
32
)

(0
.0
26
)

(0
.0
56
)

(0
.0
31
)

(0
.0
36
)

H
isp

an
ic
(d
)

-0
.6
09
**
*

-0
.3
74
**
*

-0
.3
93
**
*

-0
.3
77
**
*

-0
.3
74
**
*

-0
.2
46
**
*

-0
.3
95
**
*

-0
.3
39
**
*

-0
.3
97
**
*

(0
.1
09
)

(0
.0
55
)

(0
.0
55
)

(0
.0
53
)

(0
.0
57
)

(0
.0
39
)

(0
.0
84
)

(0
.0
37
)

(0
.0
48
)

A
sia
n
(d
)

0.
46
1*
**

0.
27
9*
**

0.
29
6*
**

0.
28
6*
**

0.
32
7*
**

0.
23
3*
**

0.
41
5*
**

-0
.0
51

0.
08
2

(0
.1
44
)

(0
.0
93
)

(0
.0
98
)

(0
.0
98
)

(0
.1
00
)

(0
.0
68
)

(0
.0
95
)

(0
.0
66
)

(0
.0
78
)

Eq
ui
fa
xR

isk
Sc
or
e

0.
29
3*
**

0.
28
0*
**

(0
.0
57
)

(0
.0
42
)

LT
V
O
rig

in
at
io
n

-0
.0
09
**
*

-0
.0
08
**
*

(0
.0
02
)

(0
.0
02
)

Lo
an

A
m
ou

nt
0.
60
6*
**

0.
93
2*
**

(0
.0
62
)

(0
.0
74
)

LT
V
C
ha
ng
e

0.
00
7*

-0
.0
42
**
*

-0
.0
41
**
*

-0
.0
18
**
*

-0
.0
16
**
*

-0
.0
02

-0
.0
27
**
*

(0
.0
04
)

(0
.0
04
)

(0
.0
04
)

(0
.0
05
)

(0
.0
05
)

(0
.0
03
)

(0
.0
02
)

R
efi
na
nc
e(
d)

-0
.1
76
**
*

-0
.2
24
**
*

-0
.2
05
**
*

-0
.2
09
**
*

-0
.2
18
**
*

-0
.0
56

-0
.0
93
*

(0
.0
60
)

(0
.0
50
)

(0
.0
49
)

(0
.0
49
)

(0
.0
50
)

(0
.0
42
)

(0
.0
50
)

Fe
m
ale

(d
)

-0
.0
66
**
*

-0
.0
65
**
*

-0
.0
63
**
*

-0
.0
86
**
*

-0
.1
06
**
*

(0
.0
13
)

(0
.0
12
)

(0
.0
12
)

(0
.0
14
)

(0
.0
18
)

C
all

O
pt
io
n

0.
24
9*
**

0.
25
2*
**

0.
17
0*
**

(0
.0
17
)

(0
.0
17
)

(0
.0
17
)

C
all

O
pt
io
n
V
2

0.
24
1*
**

0.
24
2*
**

(0
.0
18
)

(0
.0
18
)

SA
TO

-1
.5
28
**
*

-1
.5
08
**
*

-1
.3
09
**
*

-1
.2
89
**
*

-0
.2
46
*

(0
.1
20
)

(0
.1
17
)

(0
.1
06
)

(0
.1
09
)

(0
.1
24
)

R
isk

Sc
or
eC

ha
ng
e

0.
53
8*
**

0.
12
3*
*

0.
10
7*
*

0.
66
6*
**

(0
.0
70
)

(0
.0
47
)

(0
.0
47
)

(0
.0
60
)

Lo
an

A
ge

X
X

X
X

X
X

X
X

X
U
nd

er
w
rit
in
gV

ar
s

X
X

X
X

X
X

X
H
M
D
A
Va
rs

X
X

X
X

X

Vi
nt
ag
eY

ea
r-Q

tr
FE

X
X

X
X

X
X

X
X

X
St
at
eF

E
X

X
X

X
X

Zi
p
C
od

eF
E

X
X

#
O
bs
er
va
tio

ns
14
,8
83
,5
32

12
,1
25
,6
25

11
,6
84
,9
83

11
,6
13
,9
33

10
,6
83
,9
97

10
,6
83
,9
81

5,
48
4,
92
4

4,
05
7,
99
3

3,
51
4,
04
4

#
Lo

an
s

79
2,
82
3

65
2,
10
6

62
9,
22
4

62
9,
15
4

60
0,
79
2

60
0,
79
2

29
1,
58
7

22
1,
03
6

19
2,
64
5

R
2

0.
00
8

0.
01
3

0.
02
0

0.
02
0

0.
02
1

0.
02
4

0.
00
6

0.
01
4

0.
01
9

270



Table A.18: Refinance LPMResults: Controlling for Missed Payments

Dependent Variable: Prepay Refinance (d)
GSE Loans FHA Loans

(1) (2) (3) (4)

Black (d) -0.133*** -0.129*** -0.194*** -0.185***
(0.026) (0.026) (0.030) (0.030)

Hispanic (d) -0.270*** -0.269*** -0.392*** -0.391***
(0.040) (0.039) (0.046) (0.046)

Asian (d) 0.230*** 0.229*** 0.079 0.076
(0.069) (0.069) (0.073) (0.073)

LTVChange -0.019*** -0.019*** -0.028*** -0.028***
(0.004) (0.004) (0.002) (0.002)

Refinance (d) -0.216*** -0.213*** -0.115*** -0.107**
(0.049) (0.049) (0.042) (0.042)

Female (d) -0.092*** -0.092*** -0.100*** -0.100***
(0.014) (0.014) (0.016) (0.016)

Call Option 0.142*** 0.142***
(0.015) (0.014)

Call Option V2 0.235*** 0.235***
(0.017) (0.017)

SATO -1.246*** -1.243*** -0.167 -0.156
(0.102) (0.100) (0.114) (0.113)

Risk Score Change 0.096** 0.077* 0.527*** 0.495***
(0.044) (0.039) (0.043) (0.038)

Missed Last Payment (d) -1.965*** -1.506***
(0.108) (0.176)

Missed Payment (d) -1.612*** -1.391***
(Previous 12 months) (0.131) (0.178)

Loan Age X X X X
Underwriting Vars X X X X
HMDAVars X X X X

Vintage Year-Qtr FE X X X X
Zip Code FE X X X X

#Observations 10,887,548 10,887,548 3,920,375 3,920,375
# Loans 600,792 600,792 192,645 192,645
R2 0.024 0.024 0.018 0.018
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A.14 LogitModels

In this section we present prepayment due to refinance and home sale results as well as default

results from logit models. These models are estimated on a 7.5 percent random sample of our

HMDA-McDash-Equifax matched data set. Table A.19 contains the refinance results, Tablel A.20

contains the home sale results, and Table A.21 displays the default results. Both tables show the es-

timated average marginal effects associated with the racial/ethnic indicator variables. The covariates

and fixed effects in each column correspond exactly to their counterparts in Tables 3.3, 3.4, and 3.5

in the main text. The omitted specifications are those with Zip code fixed effects. It was not possible

to estimate those specifications using the logit framework.
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Table A.19: Logit Prepayment due to Refinance Hazard Estimates

Dependent Variable: Prepay Refinance (d)
GSE Loans FHA Loans

(1) (2) (3) (4) (7) (8)

Black (d) -0.686*** -0.421*** -0.353*** -0.282*** -0.585*** -0.419***
(0.033) (0.030) (0.029) (0.030) (0.037) (0.024)

Hispanic (d) -0.654*** -0.475*** -0.489*** -0.449*** -0.405*** -0.389***
(0.057) (0.024) (0.030) (0.031) (0.059) (0.028)

Asian (d) 0.466*** 0.275*** 0.259*** 0.247*** 0.455*** -0.030
(0.132) (0.070) (0.070) (0.070) (0.088) (0.043)

Loan Age X X X X X X
Underwriting Vars X X X X
HMDAVars X X X

Vintage Year-Qtr FE X X X X X X
State FE X X X X

#Observations 15,460,588 11,983,398 11,547,035 11,469,141 6,184,502 4,316,733

Notes: This table reports estimated marginal effects estimates from a logit model of equa-
tion (3.1)—the likelihood of voluntary mortgage prepayment due to refinancing on a set of
race/ethnicity indicator variables. The estimation is performed at the quarterly frequency
on a 5% random sample of loans from a matched HMDA-McDash-Equifax data set. The
unit of observation is a loan-quarter. Underwriting variables include the borrower’s risk
score at origination, LTV at origination, loan amount, change in LTV since origination,
indicators for condos and 2–4 multi-family properties, low-documentation loans, non-
owner occupant properties, and refinance loans. HMDA variables include borrower age
(2nd order polynomial), borrower income, and indicators for gender and co-applicants.
All columns include a 3rd order polynomial for the number of quarters since origination
(duration). Standard errors are clustered by county. (*** p<0.01, ** p<0.05, * p< 0.1)
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Table A.20: Logit Prepayment due to Sale Hazard Estimates

Dependent Variable: Prepay Sale (d)
GSE Loans FHA Loans

(1) (2) (3) (4) (7) (8)

Black (d) -0.505*** -0.440*** -0.415*** -0.414*** -0.633*** -0.587***
(0.014) (0.013) (0.012) (0.012) (0.017) (0.016)

Hispanic (d) -0.417*** -0.347*** -0.340*** -0.340*** -0.501*** -0.524***
(0.017) (0.015) (0.018) (0.018) (0.022) (0.020)

Asian (d) -0.189*** -0.190*** -0.208*** -0.209*** -0.234*** -0.339***
(0.020) (0.019) (0.020) (0.020) (0.031) (0.024)

Loan Age X X X X X X
Underwriting Vars X X X X
HMDAVars X X X

Vintage Year-Qtr FE X X X X X X
State FE X X X X

#Observations 15,460,588 11,983,398 11,547,035 11,469,141 6,184,502 4,316,733

Notes: This table reports estimated marginal effects estimates from a logit model of
equation (3.1)—the likelihood of voluntary mortgage prepayment due to sale on a set of
race/ethnicity indicator variables. The estimation is performed at the quarterly frequency
on a 5% random sample of loans from a matched HMDA-McDash-Equifax data set. The
unit of observation is a loan-quarter. Underwriting variables include the borrower’s risk
score at origination, LTV at origination, loan amount, change in LTV since origination,
indicators for condos and 2–4 multi-family properties, low-documentation loans, non-
owner occupant properties, and refinance loans. HMDA variables include borrower age
(2nd order polynomial), borrower income, and indicators for gender and co-applicants.
All columns include a 3rd order polynomial for the number of quarters since origination
(duration). Standard errors are clustered by county. (*** p<0.01, ** p<0.05, * p< 0.1)
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Table A.21: Logit Default Hazard Estimates

Dependent Variable: Default (d)
GSE Loans FHA Loans

(1) (2) (3) (6) (7)

Black (d) 0.350*** 0.149*** 0.101*** 0.719*** 0.340***
(0.023) (0.013) (0.012) (0.031) (0.025)

Hispanic (d) 0.362*** 0.185*** 0.132*** 0.162*** 0.158***
(0.038) (0.012) (0.012) (0.028) (0.025)

Asian (d) 0.015 0.011 0.010 -0.163*** -0.098***
(0.015) (0.012) (0.012) (0.030) (0.037)

Loan Age X X X X X
Underwriting Vars X X X
HMDAVars X X

Vintage Year-Qtr FE X X X X X
State FE X X X

#Observations 9,929,254 7,705,281 7,424,419 3,653,447 2,558,071

Notes: This table reports estimated marginal effects estimates from a logit model of the
likelihood of mortgage default on a set of race/ethnicity indicator variables. The estimation
is performed at the quarterly frequency on a 5% random sample of loans from a matched
HMDA-McDash-Equifax data set. The unit of observation is a loan-quarter. Underwriting
variables include the borrower’s risk score at origination, LTV at origination, loan amount,
change in LTV since origination, indicators for condos and 2–4 multi-family properties,
low-documentation loans, non-owner occupant properties, and refinance loans. HMDA
variables include borrower age (2nd order polynomial), borrower income, and indicators
for gender and co-applicants. All columns include a 3rd order polynomial for the num-
ber of quarters since origination (duration). Standard errors are clustered by county. (***
p<0.01, ** p<0.05, * p< 0.1)
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A.15 Involuntary Prepayments

In Section 3.3.4 we showed that minority borrowers are more likely to default on their loans. The

default definition that we use in that section is based on borrowers becoming seriously delinquent

on their loans by missing at least three payments (that is, 90-plus days past due). We now consider

an alternative definition of default that focuses on involuntary mortgage prepayment due to foreclo-

sure and/or distressed sale (that is, short sales). Like our voluntary prepayment variables (refinance

and home sale), this default definition identifies a terminal state, and is likely more correlated with

the actual losses that lenders experience on distressed loans. As such, it is likely more relevant to

mortgage pricing than a serious delinquency definition of default.

Table A.22 displays the estimation results. The table is identical in structure to Table 3.5, with the

only difference being the dependent variable. The results are very different, however. In column (1)

we see that minority borrowers are significantly more likely to lose their homes due to foreclosure,

and the magnitudes are large.19 However, as we add more controls and fixed effects, the differences

disappear. In our most saturated model with Zip-code-by-year-quarter fixed effects, minority GSE

borrowers are significantly less likely to lose their homes to foreclosure. We see a similar pattern in

the FHA sample, as Black borrowers are more than 8 percentage points less likely to lose their homes

to foreclosure compared with white borrowers (column (8)).

19The sample average for involuntary prepayment is approximately 0.11 percentage point.
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A.16 Agarwal, Driscoll, and Laibson Closed-FormRefinance Rule

In this section we proxy for the moneyness of the prepayment option using an alternative measure

developed by Agarwal, Driscoll, and Laibson (2013a) (hereafter ADL). ADL derived a closed-form

solution for the optimal time to refinance from a borrower’s perspective. Specifically, the rule states

that a borrower should refinance when the current mortgage interest rate falls below the original

rate by at least:

1
ψ [φ+W(−exp(−φ))]

whereW is the Lambert W-function and

ψ =

√
2ρ+λ
σ

φ = 1+ ψ(ρ+ λ) κ/M
(1−τ)

λ = μ+ i0
exp[i0Γ]−1 + π

In these expressions ρ is the discount rate, μ is the expected probability of moving, σ is the standard

deviation of the mortgage rate, κ/M1−τ is the ratio of the tax-adjusted refinancing cost and the remain-

ing mortgage value, Γ is the remaining maturity of the mortgage, i0 is the original mortgage rate, π is

the expected inflation rate, and τ is the marginal tax rate. We assume the following parameter values,

where σ is estimated by taking the standard deviation of changes in the Freddie Mac Primary Market

Mortgage Survey rate from April 1971 to August 2020:
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ρ = 0.02

σ = 0.95

π = 0.02

μb = 0.02

μw = 0.04

κ/M
1−τ = 2000

M + 0.01

We assume different mobility rates, μb, μw, for Black and white borrowers, respectively, which we

annualize based on the quarterly hazards from Table 3.1.20 We specify two variables based on the

above threshold. First, we create an indicator variable, ADLDummy, which takes a value of 1 if the

difference between the borrower’s current interest rate and the market rate (PMMS survey) is greater

than the ADL threshold. Second, we create a continuous variable, ADL, which measures howmuch

higher/lower the difference between the current rate and market rate is from the ADL threshold.

Positive values of ADL imply that the refinance option is in the money given the borrower type

specific moving hazards and refi costs, while negative values imply that it is not.

We then re-estimate equation (3.2) and substitute our ADL variables for Call Option, which is our

proxy for the moneyness of the refinance option fromDeng, Quigley, and Van Order (2000b). We

focus on the specifications in columns (1) and (2) of Table 3.6. Column (1) includes only a control

for the moneyness of the option, while column (2) includes interactions between the moneyness of

the option and the race dummies. Table A.23 displays the results. In columns (1) and (2) we show

20For simplicity we assume the same mobility rate for Black and Hispanic households.
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results for the Call Option variable applied to the sample of loans with non-missing ADL values.

Columns (3) and (4) display results for the ADLDummy, and columns (5) and (6) display results

for the ADL continuous variable.

A few notable patterns emerge from Table A.23. First, both ADL variables are positive and statisti-

cally significant as expected, which suggests that borrowers are more likely to refinance when their

option is in the money. However, columns (2), (4), and (6) show that the refinancing behavior of

minority borrowers is much less sensitive to changes in the value of the option. In fact, these dif-

ferences appear to be much larger when we use the ADL variables, as the interaction coefficients

in columns (4) and (6) are of about the same magnitude, but with the opposite sign as the ADL

coefficients by themselves. This implies that minority borrowers are actually insensitive to macroeco-

nomic changes in rates that make their prepayment option more valuable.
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Table A.23: Prepayment due to Refinance with Interaction Effects

Dependent Variable: Prepay Refinance (d)
GSE Loans

(1) (2) (3) (4) (5) (6)

Black (d) -0.119*** 0.288*** -0.116*** 0.225*** -0.110*** -0.113***
(0.021) (0.046) (0.020) (0.037) (0.021) (0.034)

Hispanic (d) -0.196*** 0.150*** -0.197*** 0.126*** -0.189*** -0.217***
(0.025) (0.043) (0.025) (0.032) (0.025) (0.024)

Call Option 0.170*** 0.175***
(0.012) (0.012)

Black * Call Option -0.050***
(0.004)

Hispanic * Call Option -0.046***
(0.004)

ADLDummy 0.864*** 0.945***
(0.073) (0.080)

Black * ADLDummy -0.744***
(0.059)

Hispanic * ADLDummy -0.748***
(0.066)

ADL 0.506*** 0.562***
(0.048) (0.049)

Black * ADL -0.421***
(0.032)

Hispanic * ADL -0.422***
(0.034)

Loan Age X X X X X X
Underwriting Vars X X X X X X
HMDAVars X X X X X X

Vintage Year-Qtr FE X X X X X X
Zip Code FE X X X X X X

#Observations 11,105,357 11,105,357 11,105,357 11,105,357 11,105,357 11,105,357
R2 0.016 0.016 0.012 0.012 0.012 0.012
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A.17 Evidence from Survey of Consumer Finances

In this section we use data from the 1992–2019 Survey of Consumer Finances (SCF) to examine the

rate gap between Black and white borrowers for active loans as well as new loans originated that year.

Data construction is as follows. For comparison with the fixed-rate, conforming, and FHAmort-

gages used in our main analysis, the observations are from respondents who report having a non-

adjustable-rate mortgage (X820=5) that is either non-federally guaranteed (X724=1) or a FHA loan

(X726=1) with a loan amount at origination (X804) of less than $450,000. The current interest rate

is reported in X816, from which we remove outlier rates that are less than 2 percent or more than 4

percent over the average Freddie Mac PMMS rate during the year of origination, which is compara-

ble to the restriction of rate to 3 percent to 8 percent in our main analysis.

The SCF definition of race underwent a slight revision in 1998 to include more categories. For

the 1992–1995 SCF, we define respondent race based on Question X5909, “Are you Native Ameri-

can, Asian, Hispanic, black, white, or another race?”, with an answer of 4 (“black or African-American”)

being our definition of a Black respondent and an answer of 5 (“white”) being our definition of a

White respondent. In the 1998–2019 SCF, we define respondent race based on the revised Ques-

tion X6809, which asks, “Which of these categories do you feel best describe you: (white, black or

African-American, Hispanic or Latino, Asian, American Indian or Alaska Native, Hawaiian Native

or other Pacific Islander, or another race?),” with an answer of 2 (“black or African-American”) be-

ing our definition of a Black respondent and answer of 1 (“white”) being our definition of a white

respondent.
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We compute the mean rate for all active loans by respondent race using the provided survey

weights by race to compute the active loan-rate gap. For the new loans rate gap, we take means by

respondent race and by the year of origination (X802) rounded to the nearest SCF survey year. The

mean rate differences between Black and white borrowers for active and new loans are shown in

Figure A.16. While the estimates are much more noisy due to a smaller sample size (and potential

survey error), we do find that the rate gap for active loans is higher than the rate gap for new loans,

consistent with Figure 3.1 in the main text.

Figure A.16: Gap between interest rates for Black and white borrowers based on data from the SCF

Figure A.2: Gap between interest rates for Black and white borrowers based on data from
the SCF
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Notes: This graph reports estimates of the rate difference in bps between newly originated and
active loans based on data from the Survey of Consumer Finances (SCF).
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Notes: This graph reports estimates of the rate difference in bps between newly originated
and active loans based on data from the Survey of Consumer Finances (SCF).
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A.18 Analysis of Pricing Implications

In this section we present results related to the pricing implications in Section 3.4 of the main text.

Figure A.17: Mortgage pricing for low prepayment loans.

A.10 Analysis of Pricing Implications

In this section we present results related to the pricing implications in Section 4 of the main
text.

Figure A.3: Mortgage pricing for low prepayment loans.
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Notes: TBA loans are loans sold in “TBA” pools. Low Balance Spec Pool are “LLB” loans
defined as loans with balances of less than $85K. Gain-on-sale is the gap between par and the
interpolated price of anMBS paying a coupon equal to the FHLMC Primary Mortgage Market
Survey 30-year FRM rate less the g-fee. Implied rate discount is the gap between the FHLMC
PMMS 30-year FRM rate and the interest rate that yields the same gain-on-sale for an LLB
mortgage.
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Table A.24: Prepayment, Race, and Loan Amount

Dependent Variable: Prepay (d)
GSE Loans

(1) (2)

Black (d) -1.628***
(0.117)

Hispanic (d) -1.342***
(0.158)

Asian (d) 0.440**
(0.188)

Orig Amount≤ 85k (d) -1.697***
(0.165)

85k<Orig Amount< 110k (d) -1.225***
(0.137)

110k<Orig Amount< 125k (d) -1.050***
(0.127)

125k<Orig Amount< 150k (d) -0.854***
(0.109)

150k<Orig Amount< 175k (d) -0.681***
(0.096)

Loan Age X X
Underwriting Vars
HMDAVars

Vintage Year-Qtr FE X X
State FE
Zip Code FE
Zip Code-by-Year-Qtr FE

# Observations 15,460,588 15,460,588
R2 0.009 0.009
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Table A.25: Payups regression with all covariates

(1) (2)

≥$85k trades ≥$1mil trades

Tract_Black 0.913∗∗∗ 1.304∗∗∗

(0.289) (0.208)

Loan size

85-110k -0.390∗∗∗ -0.381∗∗∗

(0.0295) (0.0280)

110-125k -0.601∗∗∗ -0.582∗∗∗

(0.0307) (0.0289)

125-150k -0.712∗∗∗ -0.681∗∗∗

(0.0304) (0.0281)

150-175k -0.921∗∗∗ -0.898∗∗∗

(0.0294) (0.0276)

175-200k -1.126∗∗∗ -1.113∗∗∗

(0.0334) (0.0312)

over 200k -1.212∗∗∗ -1.208∗∗∗

(0.0320) (0.0303)

720≤Credit Score≤750 0.314∗∗∗ 0.334∗∗∗

(0.0436) (0.0433)
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Credit Score≥750 0.418∗∗∗ 0.421∗∗∗

(0.0440) (0.0442)

80≤ LTV≤ 90 -0.0871∗∗∗ -0.0710∗∗∗

(0.0158) (0.0146)

90≤ LTV≤ 95 -0.387∗∗∗ -0.329∗∗∗

(0.0481) (0.0361)

LTV≥95 -0.360∗∗∗ -0.235∗∗∗

(0.0760) (0.0717)

Rate Spread -0.202∗∗∗ -0.222∗∗∗

(0.0769) (0.0747)

Rate Spread Sq -1.040∗∗∗ -1.021∗∗∗

(0.121) (0.120)

Rate Spread Cube 0.197∗∗∗ 0.177∗∗∗

(0.0601) (0.0599)

Trade Size 5.559∗∗∗ 4.056∗∗∗

(0.878) (1.302)

Trade Size Sq -0.348∗∗∗ -0.255∗∗∗

(0.0557) (0.0808)

Trade Size Cube 0.00717∗∗∗ 0.00527∗∗∗

(0.00117) (0.00166)
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WeekXCoupon FE Yes Yes

Seller FE Yes Yes

Observations 16208 15139

R2 0.724 0.748

Robust standard errors in parentheses

Standard errors clustered by CUSIPXweek

∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

288



A.19 Additional Tables and Figures
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Figure A.18: KaplanMeier unconditional default hazard rates

Figure A.4: Kaplan Meier unconditional default hazard rates
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Notes: This figure displays the Kaplan-Meier hazard estimates of default broken down by racial/ethnic groups. The Kaplan-Meier estimate
of the hazard function is: λp(tj) =

dpj
nj
, where the number of loans that have reached time tj without being terminated or censored is given by

nj, and the number of terminations due to default at tj is given by dpj. The underlying data come from the Black Knight McDash database.
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