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ABSTRACT

This thesis consists of three essays in household and housing finance. “Credit Constraints at

Home Purchase and Bias in Hedonic Amenity Valuations” argues that estimates of amenity

values may be biased because households are credit constrained at the time of home pur-

chase. I propose and implement a way to correct the bias in the estimates. “Mortgage

Lending Limits and Housing Demand: Evidence from Bunching in FHA Borrowing” adapts

the bunching literature to measure the loan-to-value elasticity of housing demand. I im-

plement this estimator in FHA data and argue that this approach better distinguishes the

role of credit constraints from the role of beliefs about housing returns. “Housing Wealth

Management at Retirement” documents predictable refinancing behavior at the social secu-

rity claim threshold. I argue that this behavior is driven by a demand for liquid assets in

retirement and note that households may store excess wealth in housing relative to a rational

benchmark.

xi



CHAPTER 1

INTRODUCTION

In the wake of the Great Financial Crisis of 2007-2008, academic researchers have scrutinized

the global financial system to better understand its origins and consequences. In particular,

they have devoted considerable attention to the U.S. mortgage and housing markets, where

so much of the trouble began. This sprawling agenda, ongoing now for some fifteen years,

has appreciably changed our understanding of housing finance in a number of respects.

First and foremost, this literature has underscored the close relationship between lend-

ing conditions in the mortgage market and demand for housing. It has investigated and

emphasized the importance of borrowing constraints and exuberant housing return expecta-

tions, features of household decision-making that deviate from benchmark models. And it

has examined the institutional particularities of the U.S. mortgage loan market, the lending

incentives inscribed by the GSEs, and their consequences for investor exposure to household

credit risk.

This dissertation, therefore, enters on a field of study that has been recently and thor-

oughly excavated. Contributing to such a literature requires adopting a different lens and

agenda. And so, while I draw on insights from the past decade of research, particularly those

listed above, I address myself to questions that are more microeconomic in scope than those

pursued by scholars of the GFC. In the essays that follow, I focus squarely on household

decision-making and I present a detailed portrait of their financial relationships with that

most peculiar of assets, housing. Specifically, I consider:

[I] How do households choose a neighborhood to live in?

[II] What are the relative influence of limited credit and expected returns on demand for

housing?

[III] How do households use their homes as a store of value for retirement savings?
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In a sense, then, these essays represent a thematic return to housing scholarship that pre-

dated the GFC, concerned as it was with topics like consumption smoothing and residential

sorting. I examine households as they solve precisely these problems, but I do so with an eye

to sensibilities that the GFC has made all but impossible to elide: the relevance of financing

decisions, the limitations of household rationality and access to credit, and the importance

of institutional strictures in mortgage lending.

In the lead essay, “Credit Constraints at Home Purchase and Bias in Hedonic Amenity

Valuations,” I argue that credit constraints at the time of home purchase introduce bias in

hedonic estimates of school quality and that the degree of bias can be captured by households’

willingness-to-pay for credit at the time of home purchase. In the absence of frictions, a

household would be willing-to-pay, in net present value terms, $1 for an additional $1 of

credit. I develop a way to measure this willingness-to-pay by exploiting household mortgage

menus inherited from the pricing grids offered by the GSEs in the secondary mortgage

market. I find that households are willing-to-pay as much as $1.50 in net present value

terms for an additional $1 of credit and that estimates of school quality may be downward

biased by as much as 50pp.

In the second essay, “Mortgage Lending Limits and Housing Demand: Evidence from

Bunching in FHA Borrowing,” I adapt the econometric bunching framework to measure

the loan-to-value elasticity of housing demand among borrowers of FHA loans from 2018-9.

In particular, I use information on loan-to-value and debt-to-income limits to construct a

kinked choice set of house prices and down-payments and measure bunching at the kink. I

find that the loan-to-value elasticity of intensive housing demand is statistically significant

but economically small, at 14-25bp. In the absence of frictions, the elasticity with respect

to this financing constraint would be zero; thus, the exercise provides a direct test of credit

constraints at home purchase. Moreover, I argue that my approach to estimation does

a better job than the literature of disentangling the effects of credit constraints from the

effects of beliefs.

2



In the final essay, “Housing Wealth Management at Retirement,” I instrument retirement

with programmatic Social Security eligibility thresholds and find that retirement makes

a household ∼12pp more likely to issue any new mortgage debt and ∼3pp more likely to

extract equity from a home within the following two years. I find evidence that retirement-

induced refis adds to liquid savings balances, unlike refis at other stages of the life-cycle,

suggesting this is precautionary behavior. Because retirement is predictable and because

of the associated transaction costs, I suggest these retirement refis may be evidence that

households save excessive funds in housing wealth relative to a rational benchmark.

These research questions are eclectic and so, by necessity, each chapter is self-contained.

Still, the chapters hang together because they are all preoccupied by a common set of

substantive and methodological concerns. For one, between them, they highlight several

distinctive features of housing as an asset class. Moreover, each uses detailed institutional

context and granular micro-data to present findings as striking visuals which, where possible,

lend themselves to structural interpretation. And finally, each takes care to compare observed

household behavior to a frictionless benchmark.

In what follows, I distill and preview the way these themes provide continuity across

chapters. For economy, I refer to Chapters (2), (3), and (4) as “Amenities,” “Bunching,”

and “Retirement,” respectively.

1.1 Housing as an asset class

Most famously, perhaps, housing is distinctive for being both a consumption and investment

good. This poses a variety of interpretive challenges for the researcher. To what extent does

the price of a home reflect demand for embedded housing services or beliefs about return

expectations? Does a sale or down-sizing reflect portfolio re-balancing, a changing market

outlook, or changing preferences of amenities? Each essay accommodates its argument to

the challenge of this dual function, though in somewhat different ways.

In “Amenities,” I follow the hedonic literature in supposing that, by comparing otherwise
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identical houses that differ only along a single attribute of interest, such as school quality, I

net out the influence of investment prospects on house prices. At the heart of “Bunching”

is the insight that bunching designs do not involve an information treatment. This allows

me to recover the loan-to-value elasticity of housing demand, while shutting down a channel

in which demand changes due to beliefs about housing returns, i.e. its investment value. In

“Retirement,” I strengthen my argument that households have a demand for liquid assets at

the retirement threshold by appealing not just to down-sizing but also to equity extractions.

Unlike in the event of down-sizing, in the case of equity extractions, housing services have

not changed.

If the tacks they take to overcome this interpretive challenge are substitutes, the relative

emphasis of each chapter on housing’s different functions is complementary. To begin with,

where “Amenities” focuses more on the consumption value of housing, “Bunching” pays

more explicit attention to its value as a speculative investment, and “Retirement” considers

its nature as a store of value and collateral.

Of course, these delineations of the uses of housing are especially abstract and academic.

And what is striking about housing, particularly when viewed from the vantage point of

household decision-makers, are the sheer number and variety of its practical uses over the

life-cycle. Though this dissertation is certainly non-exhaustive in cataloguing these practical

uses, it gives a flavor of the longevity of the relationship between households and homes.

“Amenities,” for example, acknowledges how young parents may use housing to secure an

education for their children whereas “Retirement” touches on how the elderly may live off

of or bequeath their housing wealth.

As a final note, housing is distinctive purely for its size and, in particular, its size relative

to the balance sheet of owner-occupiers. For many, it is the single largest financial transaction

they will enter in their lives. This attribute plays an important role in “Amenities”. In

that chapter, I argue that while house prices are a reasonable place to look for amenity

valuations, the period of home purchase is, ironically, a strange time in the life-cycle to
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measure household willingness to pay for amenities. Because housing is such a big purchase

it requires them to exhaust the credit and savings available to them, distorting our estimates

of valuation. The sheer size of housing assets surfaces also in “Retirement”. A remarkable

feature of retirement dissavings is that, in the aggregate, households tend not to consume

their housing wealth. In this chapter, I argue that household may in fact have excess holdings

of housing.

1.2 Granular scrutiny of micro data

Analytically, these essays have inherited my preoccupation with granular scrutiny of micro-

data. Each features a striking graphic capturing the central finding of the paper. In “Ameni-

ties,” figure (2.8) plots a bin-scatter of the value of mortgage obligations against mortgage

balances in the data. In “Bunching,” figure (3.18) depicts a scatterplot of adjusted prices and

down-payments in the data. (I then collapse this to a more standard depiction of bunching

in figure (3.21).) In “Retirement,” I plot the evolution of household balance sheets and refi

activity relative to claiming social security in figures (4.3) and (4.4).

These plots are, in a sense, summary statistics of widely available data. The novelty in

apprehending them as such is due to a combination of three factors. First, consideration of

the household problem at hand so as to lend structural interpretations to features of the data

where possible. Second, a careful choice of axes to facilitate this structural interpretation.

And, finally, detailed institutional knowledge required to “locate” the household problem,

as written down, within the data.

Many variables in finance are isomorphic to each other, and at times half the battle

can be choosing the representation that is most revealing, or best facilitates intuition. In

“Amenities,” for example, moving from mortgage rates and initial balances to present and

future consumption bundles serves to capture household willingness-to-pay for credit. In

“Bunching,” moving from balances and loan-to-value ratios to a space of down-payments and

house prices helps to generate bunching that captures the loan-to-value elasticity of housing
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demand. Even in “Retirement,” mapping into event time, defined as years to claiming social

security benefits, proved revealing.

I devote considerable time in each chapter detailing (and at times formalizing) the GSE

pricing grids, FHA borrowing limits, and social security eligibility thresholds. The advan-

tage of doing so is to enable transformations of the same data that may, in fact, be more

revealing. In “Amenities,” it is important to combine both mortgage and mortgage insurance

obligations, which becomes clear from the institutional setting. In “Bunching,” to recover

the bunching, it is essential to plot home prices and down-payments relative to reference

quantities implicitly defined by household income and borrowing limits.

Finally, I note that when I turn to formally interpret these images, I use the eclectic toolkit

of an applied micro-economist. In particular, where “Amenities” uses hedonic regression and

discrete choice modeling, “Bunching” relies on a bunching estimator, and “Retirement” on

an instrumental variables strategy in the treatment and potential value framework.

1.3 Frictionless benchmarks for households

To argue anywhere that financing matters requires reckoning with the fact that, in a world

absent frictions, it is irrelevant. This is true in any context, and household finance is no

exception. In each chapter of this dissertation, I clarify and strengthen my reasoning by

considering my empirical findings in light of a frictionless benchmark. In “Amenities,” an

unconstrained borrower would have a revealed willingness-to-pay for credit of $1 implying

no distortion in valuation of school quality. In “Bunching,” the unconstrained buyer would

be unresponsive to the loan-to-value limit on the first mortgage, implying no bunching at

the kink point. And in “Retirement,” the rational home-owner, anticipating the need for

liquid funds in retirement and the costs of refinancing, would save less in housing wealth.

There are a handful of well-known approaches in the literature to thinking about a fric-

tionless benchmark. These include the no-arbitrage approach of Modigliani and Miller, the

Permanent Income Hypothesis, and what I call the “choice sets” approach from the behav-
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ioral literature. I consider these in turn and their practical application to empirical household

finance. I describe and evaluate them here informally. Where I describe limitations, it is

not to suggest flawed reasoning or even lack of extensibility. My aim, instead, is to provide

some intuition for why, as received, they proved unsuitable for the task at hand.

Most famously, in the corporate context, is the Modigliani-Miller observation that the

division of ownership into debt and equity does not change, fundamentally, the value of

the assets of a firm, barring financial frictions. One approach to assessing this comes from

investment/cash-flow regressions, though these are somewhat impractical in a household

context given more limited investment activity. Another approach is an event-study ap-

proach around a financing decision where the outcome of interest is the abnormal returns

on the firm’s equity. This is impractical in a household context because of a lack of data; a

household’s net worth is not traded as a security.

In the household context, one approach to a frictionless benchmark comes from the per-

manent income hypothesis (also due, in part, to Modigliani), which observes that access

to financing ought to make the timing of consumption independent of the predictable com-

ponent of income. Evaluation of this hypothesis tends to examine household income and

consumption patterns rather than financing choices. In fact, although the availability of

financing is instrumental to these results, this approach tends to treat financing abstractly,

modeling it and often modeling only a single margin for financing. Of course, what it means

for financing to be frictionless is that, even if a given margin for borrowing is restricted, it

is possible to finance around this along another margin.

The approach in the behavioral literature to identifying frictionless benchmark is what I

term the “choice set” approach. This approach relies on the notion that capital is fungible.

For this reason, given a set of well-defined financing arrangements, it may be possible for the

researcher to order which is best by which is cheapest. Revealed preferences that deviate from

this benchmark may indicate behavioral frictions; revealed preferences indicating indifference

provide occasion for nudges. This approach is well-designed to assess household behavior
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but, because the choices are often taken to be exogenous rather than viewed as market

outcomes, has less to say about the function of capital markets.

The approach worked out in this dissertation - most clearly stated in “Amenities” - takes

cues form each of these literatures. The main idea, following the “choice set” approach, is to

construct a set of choices over financing arrangements for the household. (This is represented

by the mortgages available through the GSE grid in “Amenities” or the down-payment and

home price pairs available through FHA lending in “Bunching”.) This set of choices is

supplemented with financing along another margin, a hypothetical frictionless margin priced

according to the capital markets. (This is represented by the “non-mortgage” margin in both

“Amenities” and “Bunching”.) This latter margin captures the intuition, from Modigliani-

Miller, that in the absence of frictions, households should be able to access credit in the

capital markets by some other means. However many lines of credit we observe available to

the household, the frictionless benchmark suggests an ‘n+1’th line of credit available directly

from the capital markets.

Finally, there are ways in which the analysis of household behavior under credit con-

straints resembles the more familiar analysis of household preferences more generally. I

highlight two of them below.

In hedonics, given the price and characteristics of a choice set, and households’ choice

of home, economists infer something about households’ preferences, which are otherwise

inscrutable. Because of capital’s fungibility, under the frictionless benchmark, households’

willingness-to-pay for credit is pinned down by the market price. Introducing credit con-

straints once again makes households’ preferences for credit inscrutable, but the hedonic

approach can be used to reveal these now subjective preferences for credit.

Moreover, because prices are linear in quantities, with recourse to a frictionless line of

credit, household willingness-to-pay for credit along any other margin is always linear. When

their access to the frictionless line of credit is constrained, however, their willingness-to-pay

for credit is diminishing in the amount of credit they get access to because of diminishing
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returns to consumption. This re-introduction of concavity to the problem plays an important

role in “Bunching”.
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CHAPTER 2

CREDIT CONSTRAINTS AT HOME PURCHASE

AND BIAS IN HEDONIC AMENITY VALUATIONS

2.1 Introduction

Where households live is instrumental to their well-being [Kling et al., 2007, Clampet-

Lundquist and Massey, 2008, Ludwig et al., 2012] and the future prospects of their children

[Chetty et al., 2015, Chyn, 2018]. This is due, in part, to the fact that different neighborhoods

offer different amenities, goods like effective schools or safe streets to which households gain

access by sheer proximity. Government bodies are often responsible for overseeing provision

of these local amenities, many of which are public goods by nature. And as a normative

matter, complementing concerns of fairness and externalities, the optimal provision of ameni-

ties should be responsive to household preferences and the private benefits that households

derive from them.

In this paper, I argue that the standard hedonic techniques used to estimate the private

value of amenities are downward biased. Standard techniques compare the prices of otherwise

similar homes, one with access to more of the amenity; the difference in prices is interpreted

as the household’s willingness-to-pay (WTP) for the additional amenity. For credit con-

strained households, however, payment requires a sacrifice of non-housing consumption that

is especially burdensome because it is concentrated at the time of home purchase. What

they are willing-to-pay understates what they would be willing-to-pay if the payments could

be better financed.

I further argue that household mortgage choice is informative about the size of the bias

in amenity valuations. A household’s WTP for consumption at the time of home purchase is

reflected in the increase in future payment obligations it is willing to accept to increase the

size of its mortgage balance. Given a borrower’s choice of mortgage, this can be read off the

slope of a menu of mortgage contracts quoted in terms of mortgage balances and payment
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obligations. If a household is unconstrained, it can always smooth consumption along some

other margin and will be unwilling to pay more than $1 in present value of future payment

obligations for an increase in a loan balance of $1. A constrained household, by contrast,

may be willing to pay more.

In my empirical analysis, I exploit features of the U.S. agency loan market, the GSE

loan-level price adjustment grids and private mortgage insurance requirements, to construct

borrower-level mortgage menus. Using these menus and borrowers’ chosen contracts, I find

that, on average, households will pay $1.65 in present value of future payment obligations

for an increase in a loan balance of $1. I devise a method for correcting hedonic estimates

that accounts for joint heterogeneity in WTP for credit and amenities. Incorporating my

borrower-level estimates of WTP for credit, I correct estimates of mean marginal WTP for

school quality and find that standard estimates are downward biased by ∼50%.

The standard hedonic approach to measuring the private value of amenities is due to

Rosen [1974], who regresses rents on housing characteristics, including measures of local

amenities. By describing an equilibrium model of housing supply and demand in charac-

teristic space, he gives an interpretation to the coefficients obtained in such a regression,

namely, households’ mean marginal WTP for amenities. Effectively, the difference in rental

rate between two otherwise-identical homes, one of which has access to, say, better schools,

describes household WTP for the additional school quality.

Rosen [1974] proposed a regression in housing rents, but hedonic estimates are often

obtained in terms of house prices. This is because most households are home-owners and

because house price data is more readily available than rental data. By analogy, such es-

timates purport to recover the capitalized rather than flow value of amenities. But home

purchase, unlike rental, requires financing, introducing the possibility of bias. For con-

strained households, the costs of accessing better amenities cannot be smoothed but instead

are concentrated in the period of home purchase. Therefore, what households will pay out of

constrained consumption at home purchase for more amenities understates what they would
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pay as a flow of unconstrained consumption over time.

The distinction is important from a policy perspective, the view which hedonic estimates

very often inform. A government considering the costs and benefits of a proposed intervention

may not be subject to financing constraints of the kind faced by households when choosing

a neighborhood. Instead, it may raise the funds for amenity improvements from a flow of

taxes. As a consequence, the benefits of improving amenities should be valued relative to

the costs of unconstrained consumption. Using “traditional” estimates without correcting

for bias would overlook welfare-improving investment opportunities.

To better apprehend the mis-measurement of policy-relevant amenity valuations, I begin

by re-interpreting the estimates captured in hedonic regression. What is termed ‘willingness-

to-pay’ in hedonic regressions is, substantively, a marginal rate of substitution (MRS) be-

tween housing and non-housing consumption. Somewhat subtly, the housing rents or prices in

the regression represent non-housing consumption being sacrificed in favor of various ameni-

ties. The challenge is that hedonic regressions in prices capture a MRS between housing and

constrained non-housing consumption, whereas unconstrained non-housing consumption is

the alternative of policy relevance.

To correct the bias in estimates, I apply the logic of the hedonic regression to a novel

domain. Instead of a regression of house prices on home attributes, I consider a regression of

mortgage obligations on mortgage balances, which I term a “financial” hedonic regression.1

The coefficient now captures the MRS between present and future non-housing consump-

tion. To a first degree of approximation, households are credit constrained at the time of

home purchase and not in the later course of home-ownership. Therefore, the “financial”

hedonic regression delivers the MRS between constrained and un-constrained non-housing

consumption. As discussed above, the “traditional” hedonic regression in prices recovers the

1. More generally, this regression could be implemented by regressing the price of a financial product on
state- and time- indexed payoffs. To the extent that the menu of contracts features variation along all relevant
states and household beliefs are known, it is possible to recover SDFs, which are just a collection of MRS’s
between consumption in different states and times. This paper sidesteps considerations of household beliefs
and state-indexed consumption by focusing only on the MRS between present and future consumption.
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MRS between housing and constrained non-housing consumption. Combining the two, we

obtain the MRS of policy interest.

I implement my proposed bias correction by exploiting institutional features of the U.S.

mortgage market. To obtain the credit guarantees required to securitize a mortgage in

the agency market, originators must conform to standards set by the GSEs. In particular,

they must pay loan-level fees to the agencies and, for loans originated above an 80 loan-to-

value ratio, borrowers must obtain private mortgage insurance (PMI). The size of the fees

and the PMI premiums both depend on the leverage of the underlying loan. Jointly, these

requirements establish a market-wide menu of mortgage contracts in which borrowers can

lever up but must pay higher effective interest rates to do so.

With the GSE requirements establishing an effective menu of contracts, I can conduct

two exercises. First, in the spirit of “financial” hedonic regression, I estimate the slope of

the mortgage price schedule to find households’ WTP for credit, or MRS between present

(constrained) and future (unconstrained) consumption, at the time of home purchase. A

variety of measurement concerns arise in this setting, including the value of the default and

prepayment options embedded in mortgages. I address these by conducting a sensitivity

analysis in my estimates.

Second, I turn to the exercise of correcting estimates of WTP for amenities. Because there

is cross sectional heterogeneity in WTP for both amenities and credit, the bias correction

features a covariance term that cannot be estimated with simply the mean WTP for credit.

I use the well-defined nature of the mortgage menu and publicly-available information on

GSE pricing grids and PMI rate cards to calculate WTP for credit at the individual level. I

devise and implement a strategy that uses this individual-level variation to correct estimates

of mean WTP for school quality that accounts for this joint heterogeneity.

Ultimately, I find that the WTP for $1 of credit at the time of home purchase has mean

∼$1.65. This is the most conservative estimate of the various sensitivity analyses that I

run. The mean suggests that bias in hedonic price estimates is on the order of 65%. I use

13



individual level estimates of WTP for credit to correct a “traditional” hedonic regression.

When I correct for bias induced by credit constraints, I find that coefficients on district

school quality increase by 50%.

The remainder of the paper proceeds as follows. In Section (2.2), I discuss the paper’s

contribution to each of several strands of literature. In Section (2.3), I formalize the main

intuitions of the paper. In Section (2.4), I provide an overview of the GSEs in the mortgage

market and the market-wide menu of mortgage contracts they establish through their loan-

level fee structure and PMI requirements. In Section (2.5), I describe my data sources

and sample construction. Section (2.6) presents results measuring the extent of household

credit constraints at the time of home purchase from data on mortgages. Section (2.7) uses

information on household credit constraints to correct estimates of household willingness-to-

pay for amenities. Section (2.8) concludes.

2.2 Related Literature

This paper revisits a longstanding literature, dating back to the framework of Rosen [1974]

and Roback [1982], that uses land rents to value local public amenities like school or air

quality. The plausibility of these estimates has been improved by empirical papers using

quasi-random variation to reduce selection concerns [Black, 1999, Chay and Greenstone,

2005, Bayer et al., 2007]. Recent papers have raised the possibility of bias in these estimates

due to equilibrium effects [Kuminoff and Pope, 2014], limited information and distorted

beliefs [Gao et al., 2021], and interest costs in lending [Ouazad and Rancière, 2019]. The

hedonic approach continues to be used to inform public policy debates and continues to

be evaluated in house prices rather than rents [Currie et al., 2015, Kulka, 2019, Diamond

and Mcquade, 2019]. I contribute to this literature in two ways: (i) I argue that borrowing

constraints and the resulting shadow-cost of credit may introduce measurement bias and

(ii) I propose a technique for measuring this bias by introducing the logic of the hedonic

regression to mortgage-choice rather than housing-choice.
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In recent years, a large literature has used discrete-choice structural models to investigate

household financial product choice. Various papers have studied student debt [Ebrahimian,

2020], mortgage choice [Benetton, 2021, Robles-Garcia, 2018], auto debt [Grunewald et al.,

2020], credit card debt [Nelson, 2018], and ETF choice [Egan et al., 2020]. Several of these

papers raise the possibility that borrowers may be credit constrained, either a channel of

interest or an alternative explanation. None of these papers, however, characterizes product

attributes as their time- and state-dependent costs or payoffs. This approach is generally

clarifying because the marginal rate of substitution between consumption in various states

and times is the household stochastic discount factor (up to information about household be-

liefs). More specifically, it provides an approach for measuring the effects of credit constraints

directly in cases where it is possible to observe a menu of potential financing arrangements.

I use the GSE LLPA grid and PMI rate card grids as a basis for the menu of financing

arrangements available to borrowers. In the paper, a borrower’s choice of cell is revealing

about their willingness to substitute non-housing consumption inter-temporally. Conceiving

of these grids as a market-wide menu contributes to a literature on their effects and research

uses. Fuster et al. [2013] uses these grids to measure lender profitability of loans. Hurst et al.

[2016] notes that because the guarantee fees do not account for information on local housing

market conditions, the grid effects a large inter-regional insurance program. Bartlett et al.

[2021] notes that within LLPA grid cells, lenders are not differentially exposed to borrower

credit risk, and uses the grid to study discrimination in mortgage lending.

Finally, the determinants of housing leverage has been an area of active research since the

Great Financial Crisis. During the early 2000s, rising leverage was driven by the expansion in

availability of sub-prime mortgage credit [Mian and Sufi, 2009] as well as improved housing

collateral values against which households could borrow [Mian and Sufi, 2011]. At a micro-

economic level, DeFusco and Paciorek [2017] measures the effect of interest rates on first

mortgage balances and Bailey et al. [2019] finds a limited role played by household beliefs

about housing prices. DeFusco et al. [2020] considers the role played by government policy
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in limiting mortgage leverage. This paper contributes to the literature by characterizing the

mortgage leverage choice when a household (i) has multiple margins for borrowing and (ii)

faces rising marginal costs of mortgage credit.

2.3 Framework

2.3.1 The Household Problem

I consider an infinitely-lived HH purchasing rather than renting a unit of housing. The

household allocates wealth in the form of initial savings, a0, and wages, {wt}t, between

non-housing consumption each period, {ct}t, and an amenity, s, priced according to an

equilibrium hedonic schedule of prices, P (s). The household has a non-mortgage margin for

borrowing at the risk-free rate, but faces a credit constraint, which I normalize to zero. The

household may also finance the purchase of the home with a mortgage loan. The household

chooses initial balance Bo, which it receives in exchange for periodic payment obligations,

Bor(Bo). Here, r(Bo) describes the menu of available mortgage contracts and r′(Bo) > 0.

Formally, I write:

max
{{ct}t≥0,{at}t≥1,s,Bo}

u(c0, s0) +
∞
∑
t=1

βtu(ct, s)

s.t. a0 +w0 = c0 + [P (s) −Bo] + a1

1 + r
(λ0)

at +wt = ct +Borm(Bo) + at+1

1 + r
∀t > 0 (λt)

at ≥ 0 ∀t > 0 (µt)

rm′(Bo) > 0

(2.1)

I describe a solution to the HH problem in Section (A.1.1) using the Kuhn-Tucker con-

ditions. I assume a solution in which the credit constraint is non-binding after the initial

savings decision, µt = 0 ∀ t > 1. Rearranging the first-order conditions, I obtain two necessary

conditions for the behavior of the optimizing HH.
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I also define what I term a “credit wedge”, κt+1
t ≡ MRSt+1t

1+rt , as the ratio between the

optimizing household’s subjective marginal rate of substitution and the market price ratio

(or interest rate) between time t and t + 1.2 This “credit wedge” may be represented as

κt+1 = λt/λt+1
1+rt = 1 + µt+1/λt+1, using the Lagrange multipliers and first order conditions of the

household’s problem. The “credit wedge” may therefore be interpreted as present-valued

willingness to pay out of future consumption for additional consumption today. It may also

be interpreted as the shadow price of credit. Note that the requirement that µt+1 ≥ 0 imposes

that κt+1 ≥ 1.

With the “credit wedge” defined, I write the first-order conditions as follows:

P ′(s)∣
s∗

= us/u
1
c

r

1

κ1
(2.2)

[B
orm(Bo)
r

]
′RRRRRRRRRRRBo∗

= κ1 (2.3)

Equation (2.2) interprets the information content in the optimizing household’s choice of

amenity level from the slope of the hedonic price schedule. This is depicted in Figure (2.1);

households optimize by setting their indifference curves tangent to the offer curve in amenity

space but their amenity curves are no longer only determined by wealth and preferences.

When the HH credit constraint is non-binding even in the initial savings decision (µ1 = 0

and u1
c = u0

c), then the hedonic price schedule captures the capitalized and consumption-

valued service flow from the marginal unit of the amenity,
us/u0c
r . This is the motivation for

“traditional” hedonic regressions.

However, when the HH credit constraint is initially binding, the slope of the price schedule

is biased relative to the HH’s WTP for the marginal amenity out of future, un-constrained

consumption. The magnitude of the bias, somewhat intuitively, relates to the HH shadow

price of credit, µ1/λ1, which describes how tightly the credit constraint binds. This suggests

2. I write only κt+1 ≡ κt+1t for clarity.
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that “traditional” hedonic regressions may be biased. The influence of household credit

constraints on their indifference curves is depicted in Figure (2.2).

Equation (2.3) interprets information content in the optimizing household’s choice of ini-

tial mortgage balance. Note that the information is observable in
Borm(Bo)

r , which describes

the menu of mortgage contracts available in the space of PDV of future payment obligations.

Thus, there is a second price schedule, on the financing side, with a slope that captures in-

formation about the optimizing household. The mapping between menus in rates and menus

in future mortgage obligations is depicted in Figure (2.3).

The slope of the mortgage contract menu captures the borrower’s shadow value of credit,

κ1. This equivalence is intuitive. An optimizing household with multiple margins for credit

must equate the price of additional credit along each margin. Because mortgage rates are

increasing in initial balances, each marginal dollar of mortgage borrowing costs more. The op-

timizing household will increase mortgage borrowing until its cost exactly equals the shadow-

cost of non-mortgage borrowing. Optimization along the margin of mortgage borrowing is

depicted in Figure (2.4).

The slope of the mortgage contract menu captures the bias in the hedonic price schedule

relative to the value of amenities out of unconstrained consumption. Here, the intuition is

that the mortgage menu captures the trade-off between present and future consumption,

which are assumed to be constrained and un-constrained, respectively. The distortion in

the amenity valuation comes precisely because of the difference in value of constrained and

unconstrained consumption.
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2.3.2 Selection and Moral Hazard in the GSE Problem

In principle, it is possible that rising interest rates in the mortgage offer curve does not reflect

any information about the willingness-to-pay of HHs for credit. Suppose, for instance, that

as borrowers lever up, they suffer more from moral hazard and repay a lower fraction of their

mortgage obligations. The rising interest rates then simply reflect the increased credit risk

associated with lending.

There are two potentially mitigating factors here. First, if households do not anticipate

the extent to which they will default on loan obligations, their choice of contract may still

be informative about their credit constraints. Second, if there are heterogeneous households

whom the GSEs cannot or do not distinguish (note that the LLPAs use fairly little informa-

tion), then whatever the equilibrium pricing schedule, for good types who will not default,

the choice of mortgage is still informative about credit constraints.

In this section, I further reconcile the presence of credit risk with the informative-ness of

the offer curve slope by sketching a formal (but very rudimentary) model of GSE offer curve

choice. Rather than considering moral hazard, I consider a setting of asymmetric information

in which the GSE faces a distribution of borrower types who represent varying credit risks.

Recent work suggests that selection rather than moral hazard plays a predominant role in

driving the correlation between leverage choice and moral hazard [Gupta and Hansman,

2021].

Consider a benevolent lender, the GSE, who aims to maximize some social welfare func-

tion subject to a zero-profit condition. The lender faces a distribution of borrowers, f , who

vary in their WTP for credit, κi, and the fraction of promised obligations they will actually

repay, θi. The lender states an offer curve, PDV (Bo), of mortgage payment obligations

given an initial balance of borrowing and borrowers choose the contract that suits them

best. We write:
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max
PDV (Bo)

U({Boi })

s.t. ∫
i
θiPDV (Boi )f(θi)dθi = ∫i

Boi f(θi)dθi (0Π)

θiPDV
′(Boi ) = κi (IC)

(2.4)

Assuming that the social welfare function places an infinite penalty on redistribution, the

lender is now restricted to offer curves that break even, in expectation, loan-by-loan. The

zero-profit conditions becomes a more restrictive condition:

PDV (Bo)θ(Bo) = Bo (2.5)

I also assume that all borrowers have the same WTP for credit, κi = κ ∀i. Using the (IC)

constraint, it is now possible to solve for the type of borrower at a given point on the offer

curve. Plugging this into the loan-wise zero-profit condition, we obtain:

κ
PDV (Bo)
PDV ′(Bo)

= Bo (2.6)

This differential equation is straightforward to solve and the solution to the GSE’s problem

is then:

PDV (Bo) = (Bo)κ (2.7)

For values of κ > 1, this is convex, which captures a feature of the observed offer curve in the

data. Note that as κ→ 1, the curve becomes more and more linear. Although the borrower

types drives the sorting behavior, it is the WTP for credit that drives the degree of convexity.

2.3.3 Mis-measurement and Under-investment in Local Amenities

In this section, I formalize the notion that a welfare-maximizing government without bor-

rowing constraints underinvests in amenities if it infers household willingness-to-pay from

the house price envelope without correcting for the extent of household credit constraints.
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The intuition is that the government can borrow and finance the investment out of future

tax income, which falls on the households not when they purchase the home, but in periods

when they are unconstrained. The households are therefore willing to pay more for addi-

tional amenities out of future taxes than they appear to be at the time they purchase a

home.

In the model, households choose housing in municipalities of varying amenity levels. A

price envelope forms in equilibrium that makes households indifferent between the munici-

palities, so that the housing market can clear. The (federal) government has access to an

investment project that increases the amenity level of all municipalities. The cost of in-

vestment is convex in the quantity of additional amenities. The government may borrow to

finance the investment and recover the costs from tax revenue at a later date. The govern-

ment cannot observe household preferences directly, but they can measure the equilibrium

prices in the housing market to infer information about preferences.

The equilibrium price envelope in the housing market depends on whether households

are constrained or un-constrained at the time of home purchase. If households are un-

constrained, then the average slope of the price envelope is a sufficient statistic for the

optimal level of government investment. If households are constrained at the time of home

purchase but the government treats them as though they are un-constrained, then it will

under-invest in local amenities. In the case that households are constrained, the sufficient

statistic for determining the optimal level of government investment is the slope of the price

schedule corrected for the extent of credit constraints, the corrected willingness-to-pay put

forward in this paper.

Model Set-up

The model contains a unit mass of municipalities, j, a unit mass of households, i. Each

municipality has enough room to house a single household and is endowed with a uniformly

distributed level of the amenity, sj ∼ U[0,1]. The households are identical and have pref-
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erences over consumption and the amenity, an endowment of income becoming available in

each of two periods, {y0, y1}, and a savings technology with borrowing limit −φ.

The (federal) government in the model has access to an investment project to improve

amenity quality by some margin, σ, at cost I(σ). It can borrow and save frictionlessly and can

impose a uniform flat tax on all households to fund the investment. Finally, the government

cannot observe household utility directly but can observe the equilibrium price envelope

in the housing market to learn about preferences. This is analogous to the way in which

economists estimate hedonic regressions or discrete choice models to measure household

subjective willingness-to-pay for amenities.

The model has two periods, {0,1}, and the first period features two sub-periods, {0a,0b}.

At time 0a, equilibrium is established in the housing market. Households choose municipal-

ities and the equilibrium price schedule forms such that the market clears and households

are no better off moving to a different municipality. Households then make their savings

decisions and consume their time 0 consumption. At time 0b, the government observes the

price schedule, and chooses its investment and tax policy to maximize the welfare of house-

holds. Households do not anticipate this government intervention, nor do they re-optimize

in response to it. At time 1, households use their income endowment and savings to pay

their tax bill and consume the rest. Amenities also realize improvements due to government

investment and households consume these improved amenities.

Housing Market Equilibrium

For the market to clear, municipalities must each host a single household. If two municipal-

ities offer households different utility under any amenity price schedule, no household will

prefer to live in the inferior municipality. This will create excess demand elsewhere in the

market, implying that the amenity price schedule is not an equilibrium. We can therefore

use the household problem to characterize the equilibrium pricing schedule, which must be

set so that the optimizing household is indifferent between amenity choices.
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Formally, an equilibrium price schedule, P̃ (s), is implicitly defined by the following prob-

lem:

U = max
{c0,c1,a1}

u(c0) + βc1 + v(s)

s.t. y0 = c0 + P̃ (s) + a1

1 + r
(λ0)

y1 + a1 = c1 (λ1)

a1 ≥ −φ (µ1)

(2.8)

I solve for properties of the equilibrium amenity price schedule in Appendix (A.1.3). The

slope of the equilibrium price schedule has the following property:

P̃ ′(s) = v′(s)
u′(c∗0)

= v′(s)
1 + µ1

λ1

(2.9)

Note that the equilibrium price schedule has the characteristics of the price schedule in the

literature on amenities as amended by the household problem introduced in Section (2.3.1).

Namely, it reflects the marginal willingness-to-pay for the amenity out of present non-housing

consumption, which is constrained. Alternatively it is a downward biased measure of the

willingness-to-pay for the amenity out of future, unconstrained non-housing consumption.

(N.B. The marginal utility of future consumption before subjective time discount is 1.)

Optimal Government Investment

The government has access to a project that will improve amenity quality by some continuous

margin, σ, at the expense of some convex investment costs, I(σ) with I ′, I ′′ > 0. The

government funds the investment through a flat tax that falls equally on all households and

has frictionless access to financing. The government then chooses how much to invest in

improving the amenity in order to maximize welfare subject to the constraint that it must

raise the revenue required for the investment from taxes:
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Formally, the government’s problem is:

max
{σ,t}∫i

Ui(σ, t)di

s.t. ∫
i

t

1 + r
di = I(σ) (BC)

where: Ui(σ, t) ≡ u(ci∗0 ) + β(ci∗1 − t) + v(si∗ + σ)

{ci∗0 , c
i∗
1 , a

i∗, si∗} ≡ arg max
{ci0,ci1,ai1,si}

u(ci0) + βc
i
1 + v(s

i)

s.t. y0 = ci0 + P̃ (si) +
ai1

1 + r
(λ0)

y1 + ai1 = c
i
1 (λ1)

ai1 ≥ −φ (µ1)

si∗ = si = sj for i = j

(2.10)

In Appendix (A.1.4), I obtain the following first-order condition for the government that

pins down the optimal level of amenity improvement:

σ∗ = I ′−1(Ei[P̃ ′(si∗)(1 + µi1/λ
i
1)]) (2.11)

I also define the level of amenity improvements, σg, undertaken by a government with a

potentially misspecified model. The government measures the slope of the price envelope

but assumes that households are unconstrained at the time of home purchase. This level of

amenities is given by:

σg ≡ I ′−1(Ei[P̃ ′(si∗)]) (2.12)

In Appendix (A.1.4), I show that if households are truly unconstrained, and the government’s

assumption is correct, that the level of government investment is equal to the optimal level

26



of investment, σg = σ∗. If the households are constrained, however, the government invests

less than is optimal, σg < σ∗. The intuition is simply that the slope of the price envelope is

made less steep when households are constrained at home purchase. Households pay for the

government funded amenities out of future consumption rather than present consumption

and are therefore willing to pay more for the amenities.

2.4 Institutional Setting

In this section, I describe the institutional setting of the agency loan market. In Section

(2.4.1), I describe the loan-level pricing adjustments and private mortgage insurance require-

ments required by the GSEs. In Section (2.4.2), I assume that GSE fees are passed through

to borrowers and describe how to construct the menu of contracts available to borrowers

at the time of origination using borrower FICO scores; mortgage balance, loan-to-value and

interest rate; LLPA grids; and insurance rate cards. In Section (2.4.3), I provide evidence

that these fees are passed through from lenders to borrowers at the time of origination.

In describing the institutional setting, I document how requirements imposed by the

GSEs at the level of the market generate mortgage menus at the level of the borrower.

These menus correspond to the interest rate menu of the household problem, rm(Bo). In

the empirical setting, though, the effective rate on the loan balance will be a combination

of the rate due to the mortgage, rm, and the rate due to the mortgage insurance, rmi.

Additionally, the rate menu in the empirical setting is a step-wise rather than continuous

function. In line with the assumption of the household problem that rm′ > 0, the rate menu

is an increasing function.

The description of the institutional setting here also facilitates the empirical analysis

conducted in Section (2.7). Ultimately, I use information on the borrower’s chosen mortgage

relative to non-chosen alternatives to extract information about the extent of borrower credit

constraints. I am able to construct borrower-level mortgage menus precisely because of the

standardized and transparent way in which fees and PMI requirements are assigned and
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passed through.

2.4.1 Agency Loan LLPAs and Required PMI Premiums

In the secondary mortgage market, originators sell loans into collateral pools that are divided

into tranches and sold to investors as mortgage-backed securities (MBS). The vast majority

of these pools are “agency” pools, which require that loans enjoy a credit guarantee from

the GSEs, Fannie Mae and Freddie Mac. In the event of borrower default, the guarantee

ensures that the GSEs will step in to cover required principle and interest payments. This

arrangement, backed implicitly by the fiscal power of the federal government, insulates the

ultimate investors from credit risk and thereby supports the functioning of the mortgage

market.

To be eligible for the GSE credit guarantee, a mortgage loan must be “conforming”,

that is, it must meet standards set forth by the GSEs. These standards include the so-

called “jumbo” limit on the size of the mortgage, restrictions on the borrower credit score at

origination, and limits on borrower debt-to-income ratios. The GSEs also require that loans

with loan-to-value ratios above 80 must be covered by mortgage insurance and they specify

the level of required coverage.

Originators must also pay a variety of fees mandated by the GSEs in order to sell mort-

gages into agency pools. They pay two fees to the GSEs: a one-time up-front insurance

premium known as a loan-level price adjustment (LLPA) and an ongoing, monthly “g-fee”

that is a small fraction of the loan balance. The GSEs permit originators to trade off between

the two by “buying down” or “buying up” the “g-fee” at specified multiples. The GSEs also

require originators to pay a 25bp minimum servicing fee to the party servicing the loan.

[Fuster et al., 2013]

The LLPAs are determined by a wide variety of loan characteristics, the most prominent

of which are the loan-to-value ratio on the loan and the FICO score of the borrower at

origination. For vanilla, 30-year, fixed rate mortgages, these completely characterize the
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LLPA requirement and the mapping is published and periodically updated in what are

known as the GSE “pricing grids”. I hand-collect the contents of the Fannie Mae “pricing

grids” from 2009 to present and plot an example in the left panel of Figure (2.5). Loans

to less credit-worthy borrowers tend to have higher LLPAs. LLPAs are also increasing in

the loan-to-value ratio of the loan, though only to the 80 LTV threshold at which PMI

requirements kick in.

For loans above the 80 LTV threshold, the GSEs specify the amount of PMI coverage

required for the loan to meet “conforming” standards. Insurers publish “rate cards” de-

scribing the premiums (as a percentage of loan balance) of monthly, borrower-paid mortgage

insurance at various levels of coverage. These “rate cards” resemble the GSE “pricing grids”

in that mortgage loan-to-value ratio and borrower credit score completely characterize the

premium, given the required level of coverage. The binning of loan-to-value ratios and credit

scores is, in fact, identical to that used to determine LLPAs. For one mortgage insurer,

Essent, I hand-collect premiums from rate cards corresponding to the minimum insurance

coverage required by the GSEs and plot an example in the right panel of Figure (2.5). Pre-

miums are higher for less credit-worthy borrowers; there are no premiums required below

the 80 LTV threshold but premiums are increasing in the loan-to-value ratio above this.
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Figure 2.5: Example Pricing Regime (Jan.–Mar. 2011)

(a) Converted Fannie Mae LLPAs (b) Essent PMI Rates

(c) Combined LLPAs and PMI
Rates

This figure depicts a sample pricing regime in force from (as early as) January through March
2011.

– Figure (2.5a) contains LLPAs from the Fannie Mae pricing grid. These vary by mort-
gage LTV and borrower FICO at origination. I convert from LLPA to interest rate
adjustment using a conservative factor of 10.

– Figure (2.5b) contains the annual PMI rates quoted on Essent rate cards for the min-
imum Fannie Mae PMI requirement. These also vary by LTV and borrower FICO.

– Figure (2.5c) contains the sum of the converted LLPAs and PMI rates. This corre-
sponds to the menu of rate adjustment options faced by the borrower at origination of
a mortgage.

The LLPAs are increasing to the 80 LTV threshold and thereafter constant or decreasing;
the PMI rates are sharply increasing above 80 LTV. Because the rise in PMI more than
offsets the fall in LLPAs, the combination is monotonically increasing.
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2.4.2 The Borrower-Level Mortgage Menu

Because of the central role of the agency market in the US context, the LLPA and PMI

requirements define near market-wide menus for mortgage credit at the borrower level. In

particular, information in the rate cards can be used to approximate the cost to a household

of levering up on a mortgage in terms of the additional monthly expenses to cover both

the LLPA and, possibly, additional PMI payments. Below, I detail how information in a

borrower’s realized mortgage loan, the GSE “pricing grid”, and insurer “rate cards” can be

used to approximate the menu of mortgage contracts available to the borrower at the time

of home purchase.

Consider a borrower, i, with credit score, Si, who is purchasing a house at price, Pi,

and choosing the amount of initial loan balance, Boi , to take out to finance the transaction.

Given the choice of loan balance, the loan will have a loan-to-value ratio, Li =
Boi
Pi

. Given

the loan balance and loan-to-value ratio, an interest rate will be assigned to the loan, rmi ,

and the borrower may also be required to pay monthly PMI premiums, rmii . Given the

initial balance, interest rate, and PMI obligations, the borrower will have monthly payment

obligations, (rmi + rmii )Boi .

The GSE pricing grids and PMI rate cards return LLPAs and monthly premium rates,

respectively, as a function of mortgage loan-to-value ratios and borrower credit scores. Both

are comprised of a sequence of loan-to-value ratio limits, {Lj}j , and maximum credit scores,

{Sk}k, that divide borrowers into bins. The borrower-level limit is the smallest one greater

than the corresponding loan characteristic, Li = minj{Lj ∣ Lj ≥ Boi /Pi} and Si = mink{Sk ∣

Sk ≥ Si}.

Estimating the borrower’s minimum PMI rates required to enter the agency market is

fairly straightforward. GSE minimum PMI coverage requirements, f
t
(Lj), and insurer rate-

card matrices, rmit (Lj , Sk, f t), define a matrix of minimum required insurance rates. The
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borrower’s required PMI rate is then:

rmiit (Boi ∣ Pi, Si) = rmit (Li, Si, f t(Li)) (2.13)

Together, the base g-fee requirement, gbt , base LLPA, LLPAbt , excess LLPA matrix,

LLPAt(Lj , Sk), and buy-up multiples, φt, imply a 0-UIP g-fee matrix. This matrix, gt,

specifies the g-fee required for a loan to enter the agency market without up-front payments

according to the loan LTV and borrower credit score. This can be written as gt(Boi /Pi, Si) =

gbt +φt∗[LLPA
o
t +LLPAt(Li, Si)]. Assuming the lender passes along the 0-UIP g-fee to the

borrower 1-for-1, and assuming the lender does not otherwise apply any risk-pricing to the

loan (the g-fee, after all, secures insurance for the loan), we obtain the menu of mortgage

interest rates available to borrowers for different balances at origination:

rmit (B
o
i ∣ Pi, Si) = romi + gbt + φt[LLPA

b
t +LLPAt(Li, Si)] (2.14)

In the data, we can observe the borrower’s chosen mortgage contract, {Bo∗it , r
m∗
it }. If the

borrower were to borrow some alternate amount, Boi , against the same house, we can esti-

mate the consequent mortgage rate. (Note that many GSE pricing parameters fall out in

differences.)

rmit (B
o
i ∣ Pi, Si) = rm∗it +∆Bo

Bo∗r
m
it = r

m∗
it + φt[LLPAt(Li, Si) −LLPAt(L

∗
i , Si)] (2.15)

2.4.3 Empirical Evidence on LLPA Pass-through

To estimate household’s MRS between present and future consumption, it would be best

to observe the actual menu of contracts available to households when entering a bank. The

approach of this paper, by comparison, is to construct a household-level choice set of financial

contracts on the basis of parameters governing the market-rate securitization of mortgage

contracts. Though feasible, this approach is rudimentary; after all, banks are not required
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pay the 0-UIP g-fee or to pass along g-fees to borrowers one-to-one.

Despite these limitations, I document that banks pass along the g-fees assessed by the

GSEs according to the step-wise function in the LLPA matrix. Using a sample of loans sold

to Fannie Mae (the “merged sample”, described below), I examine interest rates in the cross

section of LTV ratios. I capture this variation by regressing loan interest rates on LTV bins,

including a large number of controls, including fixed effects for MSA, month of origination,

DTI, FICO, race, sex, age, income percentile, and purchase price percentile:

ri ∼ α +
97

∑
`=50

β`1{Li = `} + γ′Xi + εi (2.16)

To emphasize the breaks where the LLPAs change, I also estimate a piecewise-polynomial

defined function on the same data. The domain interval cut-points are defined by the GSE

pricing grid, L ∈ LGSE = {60,70,75,80,85,90,95,97}. The estimated function is quartic

and the level, cubic, and quartic terms are allowed to vary between interval. The regression

specification is:

ri ∼ α +
4

∑
j=1

βj,50(Li − 50)j + ∑
L∈LGSE

∑
j∈{0,3,4}

βj,L1{Li ≤ L}(Li −L)j + γ′Xi + εi (2.17)

The results of this analysis are plotted in Figure (2.6). The step-wise change in rates

at the cut-points is salient, particularly when including the high-dimensional fixed-effects as

controls. It is also noteworthy that above the 80 LTV threshold, the interest rates charged

on loans declines, consistent with pass-through of the declining LLPAs. Borrower monthly

obligations in these contracts are higher on net, however, because of PMI obligations, which

are changing at the 80 LTV threshold.

I also document considerable bunching in mortgage loans at the LTV thresholds at which

the GSEs impose higher g-fees on originators or require additional PMI of borrowers in

Figure (2.7). The bunching is consistent with the loan becomes discretely more expensive as

borrowers lever up above these thresholds. The bunching suggests a pricing interpretation
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rather than an alternative interpretation that borrowers use heuristics and reference numbers,

e.g. multiples of 5, when choosing their leverage in a home. In particular, bunching does take

place at LTV 97 and not at LTV 65. Although 97 is not one of these candidate reference

numbers, it is an LTV above which private mortgage insurers charge more for coverage.

Conversely, 65 is a reference number but sees no increase in the GSE fees and exhibits no

bunching. (Note that although the density is fairly slim, there is observable bunching below

this, at 60).

The bunching appears to be particularly pronounced for loans that are sold to the GSEs

ex-post. Comparing Figure (2.7a), which contains the CRISM Sample of all conventional,

conforming loans, and Figure (2.7b), which contains only loans from HMDA that can be

matched to the FNMA loan performance data, it is clear that there is more bunching for

loans sold ex-post to the GSEs. To the extent that the originator knows ex-ante whether or

not the conforming loan will in fact be sold to the GSEs, this makes sense.
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Figure 2.6: Pass-through of Loan-Level Pricing Adjust-
ments

The figure above uses the FNMA-HMDA-SEDA Merged
Sample to plot interest rates in the cross section of LTV at
origination. The black dots are estimates from the regres-
sion with LTV bin fixed-effects; the red lines are estimates
from a regression with a piecewise-polynomial defined func-
tion. I control flexibly for an array of confounders, including
zip code, origination month, and borrower FICO. The rates
offered by lenders reflects the step-wise adjustments to LL-
PAs established by the GSEs.
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Figure 2.7: Bunching at LLPA and PMI thresholds

(a) CRISM Sample

(b) Merged Sample

Histogram of loan-to-value ratios for loans in the CRISM Sample (2.7a)
and FNMA-HMDA-SEDA Merged Sample (2.7b). The left plots show
bunching over the entire distribution, the right plots show that it is present
at all FICO levels. Bunching occurs at loan-to-value amounts where g-
fees increase, insurance becomes required, and where insurance premiums
increase. Notably, there is no bunching at 65 loan-to-value, a possible
reference value where there is no increase in g-fees. Moreover, there is
bunching at 97, unlikely to be a reference value that does entail an increase
in mortgage insurance premiums or decrease in availability.
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2.5 Data

2.5.1 Sources

I use the following data sources in various analyses:

• Credit Risk Insights Servicing McDash (CRISM), 2005-2020 consists of credit bu-

reau data fields from Equifax merged to servicing records from McDash covering loan

origination and performance. Since 2005, CRISM covers roughly 60% of mortgage

originations [Adelino et al., 2013].

• Fannie Mae (FNMA) Single-Family Loan Performance Data, 2005-2020 describes orig-

ination and performance characteristics of loans securitized through Fannie Mae.

• Home Mortgage Disclosure Act (HMDA) Loan Application Register (LAR), 2018-2019

describes origination characteristics of mortgages subject to HMDA reporting require-

ments. The data has near universal coverage of the US mortgage market.

• Fannie Mae (FNMA) Loan Level Pricing Adjustment (LLPA) Grids, 2009-2020 pub-

licize the fees that originators must pay in order to obtain FNMA insurance (and

securitize the loan through the GSEs). I hand collected grids dated to late 2012 and

beyond from the Wayback Machine (https://archive.org/web/)3.

• Essent Private Mortgage Insurance (PMI) Rate Cards, 2011-2020 disclose the fees

that borrowers must pay in order to obtain PMI through the insurer Essent. I hand

collected these rate cards back to 2011 using links to historical rate cards available on

Essent’s web-page.

• The Stanford Education Data Archive (SEDA), 2009-2018 is a data product con-

structed by the Educational Opportunity Project at Stanford University. It includes

measures of average standardized test performance at the school level for the school

3. Thank you to Andreas Fuster for providing me with grids from 2009-2012.
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years 2008-2009 to 2017-2018. State-level standardized test performance is converted

so that measures may be compared nationally.

• Census Shapefiles, 2010 are a census product describing geographic boundaries of

administrative units including school districts and census tracts.

2.5.2 Sample Construction

I construct the following samples for analysis:

• The FNMA Sample is the primary sample in the analysis. It consists of all 30-year,

fixed rate, conventional, conforming, first-lien mortgages originated between 2005 and

2020 for the purchase of single family, owner-occupied, 1-4 unit dwellings that were

subsequently sold to Fannie Mae for securitization. I describe summary statistics of

the FNMA Sample in Table (2.1). The characteristics of these mortgages are standard.

• I construct the HMDA-FNMA-SEDA Merge by (i) merging HMDA records to infor-

mation on school district quality in SEDA (ii) merging FNMA records to information

on FNMA LLPA grids and Essent rate cards and (iii) merging HMDA and FNMA

records. My approach is similar to the approach in Bartlett et al. [2021] and uses the

same data sources as the more recent Buchak and Jørring [2021]. Below, I describe

the sample contents and construction more closely.

i. I subset HMDA records to retain only vanilla (non-negatively amortizing, non-

balloon, non-interest only), conventional, conforming, fixed-rate, 30 year, first

mortgages originated in 2018 or 2019 for purchase of single-family, 1-4 unit, owner-

occupied housing. I use the 2010 Census Shapefiles to assign the Census Tract

of a transaction in HMDA to a school district. I use SEDA to obtain district

characteristics, including school performance.

ii. I subset FNMA records in the same manner. From the FNMA LLPA grids, I

record the LLPA rate for FNMA insured loans according to the date, loan LTV,
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and borrower FICO at origination. From the Essent rate cards, I record monthly

premiums for borrower PMI according to the date, borrower LTV and FICO at

origination. Using the loan origination month, LTV, and borrower FICO, I merge

these to the subset of FNMA records.

iii. To merge records, I require that loans share an identical state, MSA, 3-digit zip

code, origination year, originator if available, and debt-to-income bin. I then

conduct a fuzzy merge using the original balance, loan-to-value ratio, and rate

at origination. The quality of the fuzzy merge along merge variables is depicted

in Figure (A.2). The merge rate and representativeness of the merged sample is

depicted in Table (2.2).

• The CRISM Sample consists of a 7% random sample of loans in CRISM that are

vanilla (non-IO and non-Balloon), conventional, conforming, 30-year, fixed-rate, first

mortgages originated between 2005 and 2020 against 1-4 unit, single-family, owner-

occupied housing. I discard a handful of loans that are not onboarded promptly to

CRISM or that have unreasonably high loan-to-value ratios. I describe summary statis-

tics for the CRISM Sample in Tables (A.1) and (A.2).
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Table 2.1: Summary Statistics for the Fannie Mae Sample†

N x sx min p25 p50 p75 max

Loan Characteristics:
Loan Amount ($k) 52.6k 235 126 10 140 209 307 794
Property Value ($k) 52.6k 0.29 0.18 0.02 0.17 0.25 0.37 2.61
Interest Rate (%) 52.6k 4.41 0.87 2 3.88 4.25 4.88 8.62
LTV (%) 52.6k 83.6 13.1 5 80 85 95 97
DTI (%) 52.4k 35.1 9.55 2 28 36 42 64
FICO Score 52.5k 751 46.1 503 721 761 789 838

PMI Characteristics:
Has PMI 52.6k 0.5 0.5 0 0 1 1 1
Has Borrower PMI 52.6k 0.47 0.5 0 0 0 1 1

The Fannie Mae Sample consists of loans from the Fannie Mae Single
Family Loan Performance dataset with the following properties: origi-
nated 2005-2020, purchase loans, first liens, single-family, owner-occupied,
1-4 unit dwelling, conventional, conforming, fixed-rate, and 30 year terms.
For computational ease, the summary statistics above are computed on a
1pp random sub-sample of the Fannie Mae Sample.
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Table 2.2: Summary Statistics for HMDA-FNMA-SEDA Merge

FNMA Sample† HMDA Sample† Merge†

N=10066 N=27478 N=3523

Loan Characteristics:
Loan Amount ($k) 245 (126) 261 (130) 225 (107)
Property Value ($k) . (.) 322 (181) 328 (3538)
Interest Rate (%) 4.54 (0.53) 4.50 (0.59) 4.50 (0.51)
Total Costs ($k) . (.) 4.21 (4.01) 3.48 (2.04)
Rate Spread (%) . (.) 0.49 (0.58) 0.50 (0.49)
LTV (%) 86.2 (12.7) 84.5 (14.1) 86.8 (12.3)
DTI (%) 36.6 (9.05) 35.7 (9.44) 34.7 (9.09)
Has PMI: Yes 62.1% .% 63.5%
PMI Coverage 26.2 (5.79) . (.) 26.4 (5.58)
Purchaser Type:

Balance Sheet 0.00% 49.3% 19.4%
FNMA 100% 50.7% 69.4%

Borrower Characteristics:
Annual Income ($k) . (.) 160 (2661) 108 (1059)
FICO Score 748 (45.1) . (.) 750 (43.8)
Age (y) . (.) 41.7 (13.7) 39.9 (13.5)
Ethnicity: Hispanic or Latino .% 13.4% 11.3%
Race:

Asian .% 7.37% 3.96%
Black or African American .% 5.10% 4.43%
White .% 84.7% 89.6%

Sex:
Female .% 25.2% 25.1%
Joint .% 41.1% 40.9%
Male .% 33.7% 34.0%

First Home: Yes 55.6% .% 56.7%
Tract Characteristics:

Population (k) . (.) 5.41 (3.63) 5.65 (3.31)
Minority Population (%) . (.) 27.3 (23.9) 25.8 (22.0)
Median Income ($k) . (.) 82.9 (41.4) 82.5 (28.3)
1-4 Unit Homeownership Rate (%) . (.) 74.3 (14.8) 73.3 (14.4)
Median Age of Housing Units (y) . (.) 31.6 (19.7) 37.2 (17.3)

District Characteristics:
Enrollment (k) . (.) 23.5 (52.0) 13.9 (20.6)
Minority Population (%) . (.) 40.9 (27.0) 37.8 (25.9)
Median Income ($k) . (.) 62.3 (19.2) 58.8 (15.4)
Test Performance (z) . (.) 0.07 (0.31) 0.04 (0.31)
Segregation (W/B) . (.) 0.13 (0.15) 0.12 (0.12)

continued on next page
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Table 2.2 – continued from previous page

FNMA Sample HMDA Sample MSAMP0
N=10066 N=27478 N=3523

I merge data from the Home Mortgage Disclosure Act (HMDA) Loan Application
Record, the Fannie Mae (FNMA) Single Family Loan Performance data, and the Stan-
ford Education Data Archive (SEDA). The SEDA data are merged to HMDA prior to
the merge summarized above. The samples from HMDA and FNMA include loans with
the following characteristics: originated 2018-2019, purchase loans, first liens, single-
family, owner-occupied, 1-4 unit dwelling, conventional, conforming, vanilla (no balloon
payments, no interest only payments, no negatively amortizing loans, no other non-
amortizing features, no reverse mortgages), fixed-rate, and 30 year terms. For compu-
tational ease, the summary statistics above are computed on a 1pp random sub-sample
of the FNMA, HMDA, and merged data.
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2.6 Results I: The Average Shadow Price of Credit

2.6.1 The Mortgage Price Schedule

I construct a representation of the mortgage price schedule from data on mortgage origina-

tions in the FNMA Sample. Having linked these data to Essent Rate Cards using origination

date, borrower FICO, and loan LTV, I can observe the following in the data: annual mort-

gage interest rate, rmi , minimum required annual PMI rate, r
pmi
i , home price at origination,

P oi , and initial balance, Boi . I also choose a time-varying discount factor, rt. I use the 30-year

treasury yield at loan origination as a measure of a risk-free rate at the time horizon of the

mortgage contract tenor. This choice is merely illustrative and I consider alternatives in the

sensitivity analysis below.

For mortgage i originated at time t, I construct the present discounted value of mortgage

obligations, PDVi:

PDVi =
360

∑
τ=1

mi + pmii,t+τ
(1 + rt/12)τ

(2.18)

These obligations are a function of monthly mortgage payments, mi, and monthly mortgage

insurance payments, pmii,t+τ . Monthly mortgage payments are computed according to the

fixed-rate mortgage amortization formula. PMI is no longer required when borrowers’ current

LTV reaches 80, so PMI payments are assumed to terminate when the outstanding principle

reaches 80% of the original home price:

mi = rmi /12 ∗Boi ∗
1

1 − (1 + rmi /12)−360
(2.19)

pmii,t+τ = r
pmi
it /12 ∗Boi ∗ 1{Bi,t+τ /P

o
i > 0.80} (2.20)

Adjustments to the mortgage and PMI rates due to the LLPA and rate card grids are

quoted relative to the loan-to-value ratio. This means that the menu of payment obligations

is increasing in the mortgage balance only after fixing the price of the home. To ensure
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that I am depicting household locational choices within a given menu and not comparing

borrowers along different menus, I bin the data according to home price percentiles. I plot

a bin-scatter of mortgage payment obligations, PDVi, against initial balances, Boi , within

home price bin.

I present the results of this exercise for the 10th, 30th, 50th, 70th, and 90th quantile

of the home price distribution in Figure (2.8). The bin-scatter has two salient features, a

“backbone” and a series of “tails”. The “backbone” consists of the lower portions of each

mortgage price schedule, which are approximately collinear across home price bins. The

presence of the backbone is consistent with a constant price of mortgage credit, so that

marginal dollars are no more expensive. The “tails” consist of the upper portions of each

mortgage price schedule, which are convex and slope more steeply upward and away from

the “backbone”. The tails are consistent with the increasing mortgage and PMI rates as the

loan-to-value on the mortgage increases.

Section (2.3.1) suggests the interpretation that the shadow price of credit can be read off

of the slope of these mortgage price schedules - the steeper the slope, and the more mass on

steeper portions of the schedule, the higher is households’ shadow price of credit. Loosely,

two factors determine the steepness of the curves: the slope of the “backbone” and the

convexity of the “tails”. In a frictionless world, the present discounted value of mortgage

obligations must always be exactly equal to the mortgage balance for any contract to be

freely entered. The slope of the “backbone” would be unity and the convexity of the “tails”

would be nil and the figure would trace a 45 degree line.

Mathematically, the slope of the “backbone” is influenced to a great extent by the choice

of the discount factor. Economically, this discount factor should capture the relevant time

horizon of the contract and account for the option value of the pre-payment option embedded

in the mortgage contract. The convexity of the “tails” is influenced by the payments the

borrower anticipates making relative to their mortgage obligations. Economically, to the

extent that borrowers anticipate defaulting on mortgage obligations in certain bad states of
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the world, this may reduce the convexity of the curves.

Figure 2.8: Empirical Mortgage Price Schedule

This binscatter shows the value of mortgage obligations relative to the
initial mortgage balance at different percentiles of the home purchase price
distribution. Within each price percentile, the binscatter traces a convex
menu, consistent with the interest rates that increase in loan-to-value. The
lower portions of these convex menus are approximately collinear across
price quantiles. The slope of these menus, where the borrower chooses to
locate, corresponds to borrowers’ willingness-to-pay for credit.

2.6.2 Sensitivity Analysis of Average WTP for Credit

My approach to measuring the average willingness-to-pay for credit at the time of home

purchase is to measure the average slope of the mortgage price schedule, weighted by the

frequency of mortgages in the data appearing along it. My tack is to take adjacent points

within home price quantile on the binscatter and find the slope of the line between the two.
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I then assign this slope to all mortgages in that price quantile with balances between those

two points. Having assigned an approximate slope to each mortgage, I take a simple average

and interpret it as willingness to pay for credit.

This procedure would accurately capture willingness-to-pay in the simple model I’ve

written down to motivate the analysis. Capturing plausible estimates of willingness-to-

pay for credit outside the model requires addressing additional factors in mortgage pricing.

Two of the most salient are the default and prepayment options. While I do not build a

sophisticated pricing model to account for these factors, I aim to address them by conducting

a sensitivity analysis.

My sensitivity analysis proceeds as follows:

1. I choose a recovery rate on mortgage payment obligations, θ, and a discount rate,

rt

i. I construct the present discounted value of mortgage obligations as:

PDVi = θ
360

∑
τ=1

mi + pmii,t+τ
(1 + rt/12)τ

(2.21)

Where mi and pmii,t+τ are defined as before.

ii. For some p and q, I bin the data by p-tiles in home price, P oi , and q-tiles in

initial balance, Boi

I. For each p-tile, I compute local slopes between adjacent points in a

bin-scatter.

II. I compute the average slope as the observation-weighted average local

slope.

iii. I search for values of p and q where estimates of the average slope stabilize.

(In particular, I use 100-tiles in P oi and 30-tiles in Boi .)

iv. My estimate for a given (θ, rt) pair is the estimate from this stabilized cell.
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2. I report estimates for each (θ, rt) pair.

I choose the following values for the recovery rate, θ, and discount rate, rt. I use the

10-year treasury yield, y
(10)
t , to capture the common realized term of the contract given

events of repayment and default. I use the 30-year treasury yield, y
(30)
t , to capture the term

written on the contract. And I use an ad-hoc discount rate, r∗, which I compute at the

30-year treasury yield plus a spread. I choose the spread so that the “backbone” of the

mortgage price schedule has a slope of ∼1. Thus, I conservatively assume that prepayment

risk in mortgages is perfectly priced.

I consider a recovery rate of 1 and 0.99. The recovery rate of 0.99 reflects the fact that

99% of outstanding balances are recovered on average, i.e. a foreclosure rate of 2% and a loss

given default of 40% [An and Cordell, 2021]. The recovery rate of 1 is counter-factual but

underscores the fact that borrower impressions of their loan is what matters. If borrowers

anticipate that they will repay 100% of their balances at the time of mortgage origination,

then it may be more accurate to be somewhat less conservative.

I report results of this analysis in Table (2.3). For each combination of parameter choices,

I report means and, in parentheses, standard deviations of the local slopes. The choice of

discount factor tends to move the estimates by a greater extent than the choice of the recovery

rate. The most conservative estimate, with discount rates at r∗t = y
(30)
t +1.5% and a recovery

rate of θ = 0.99 results in an average slope of 1.65. This suggests that, to a first degree of

approximation, hedonic estimates may be downward biased by as much as 65%.

2.7 Results II: Correcting Hedonic Estimates

2.7.1 Distribution of Shadow Prices

I begin by constructing hypothetical mortgage contract menus facing borrowers at the time

of origination. To do so, I am guided by the presentation of institutional details in Section

(2.4.2) and evidence in Section (2.4.3). I assume that, given the price of the home, each
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Table 2.3: Sensitivity Analysis of Credit Wedge, κ = 1 + µ
λ

Discount rate, rt
Recovery rate, θ

1 0.99

y
(10)
t 2.017 (4.73) 1.996 (4.68)

y
(30)
t 1.996 (3.05) 1.976 (3.02)

r∗t 1.665 (2.36) 1.648 (2.34)

Credit wedges are computed as the local slopes in binscatters of mortgage
payment obligations against origination balances. The computational pro-
cedure is described in the text. For these results, the data are binned by
100-tiles in initial home price, P oi , and within this, 30-tiles in initial mort-
gage balance, Boi . Per equation (2.21), the value of mortgage obligations is

computed as θ∑360
τ=1

mi+pmii,t+τ
(1+rt/12)τ , where θ is the fraction of payments borrow-

ers expect to make and rt is the choice of discount factor on obligations.

borrower faces a menu of contracts comprised of initial balances and interest rates. The

initial balances are determined by the loan-to-value thresholds used by the GSEs and the

changes in the interest rate are pinned down by the LLPA adjustments and PMI rates. The

level of the interest rates is pinned down by the contract chosen by the borrower that I can

observe in the data.

This notion of a borrower-level menu is depicted in Figure (2.9). The borrower’s choice of

contract, observable in the data, is depicted in red. Two alternative contracts are constructed

and depicted in blue. These represent what a borrower might plausibly have faced if they

levered up or down.

I use these menus to estimate borrowers’ shadow price of credit, i.e. their willingness-

to-pay for an additional dollar of funds today out of funds tomorrow. The intuition of this

exercise is to convert the menu of rates into a menu of payment obligations, as depicted

in Figure (2.3), and find the slope at the point where the borrower locates. In practice, I

consider a menu of finite options. I formalize the borrower’s choice among these finite options

to derive bounds on the borrower WTP for credit in Appendix (A.1.2). From Equation (A.8),
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we have the following, where j∗ is the chosen mortgage contract and j∗ − 1 and j∗ + 1 are

adjacent non-chosen alternatives.

rmj∗−1

r
[1 +

%∆
j∗
j∗−1r

m

%∆
j∗
j∗−1B

o
] ≤ κi ≤

rmj∗

r
[1 +

%∆
j∗+1
j∗ rm

%∆
j∗+1
j∗ Bo

] (2.22)
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Figure 2.9: Imputation of borrower-level mortgage menus

I consider available alternative mortgage contracts for bor-
rower i (red) using the borrower’s chosen mortgage rate, ri,
and initial balance, Boi , the Fannie Mae LLPA grids, and Es-
sent rate card grids. Considering the borrower’s mortgage
as contract j, I construct more and less levered alternatives,
j + 1 and j − 1 respectively:

– The alternative available balance is the observed bal-
ance, Boi , scaled by the change in the maximum allow-
able leverage for the loan to qualify under a different

grid cell, %∆
j±1
j L.

– The alternative contract rate is the observed rate, ri,
plus a component that captures the costs of covering
LLPA fees or additional PMI required to remain con-

forming, ∆
j±1
j r.

Some assumptions are required to implement this analysis, which I consider here.

• I can only obtain historical mortgage rate cards from Essent, so I must assume that

these rates are fairly representative. Table (A.1) reports that Essent provides PMI

for about 5% of loans in the mortgage market suggesting that they are a large but

certainly not dominant player. In inspect rate cards from other insurers in more recent
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years, i.e. 2019-, and find that both insurance rates and the matrix structure of the

cards are comparable.

• Similarly, I can only observe interest rates for borrower-paid mortgage insurance, so it

must be the case that this is a common way of structuring the contract. Table (2.1)

confirms this. Note that nearly half of borrowers have PMI and nearly all borrowers

who have PMI have “borrower-paid” PMI, the standard form of insurance.

• Converting the LLPA fee reported in the FNMA grids to interest rate increases also

requires assumptions. Technically, the grids contain up-front premiums assessed to the

originator. Originators commonly convert these up-front obligations to a stream of

payment obligations and then assess borrowers a higher rate to cover the additional

expenses. The conversion multiple by which lenders convert the up-front premium

into a g-fee are difficult to collect. Inspecting one reveals that the buy-up multiple

fluctuates around 5-10. I use a factor of 10 to convert the LLPA fees to estimated

interest rate rises faced by borrowers. I aim to err on the conservative side, suggesting

that there is a fairly small rise in the interest rate faced by borrowers as they lever up.

A smaller interest rate rise will correspond with lower estimated willingness to pay for

credit.

• Again, I use the 30-year Treasury yield for the risk-free rate. This is motivated by (i)

considering the borrower’s alternative margin to be priced by a savings rate and (ii)

the notion that the service quality is invariant to the state of the market and therefore

that the relevant discount rate for pricing the value of these services is a risk-free rate.

However, the value of mortgage obligations may be affected by taxes or default or

prepayment propensity, and discounting at the 30-year Treasury rate does not account

for these.

I implement the analysis suggested above to obtain lower and upper bounds on the

shadow values of additional borrowing in this simplified framework. This distribution of
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lower bounds is plotted in Figure (2.10). The x-axis should be interpreted as willingness

to pay in dollars to relax the borrowing constraint by a dollar. Households appear to be

considerably credit constrained and there appears to be a high degree of heterogeneity, with

a variance in the estimates of about 0.5.

The borrowers populating the CDF loosely increase in LTV along the x axis from left

to right. This corresponds with the convexity of the mortgage-offer curve. The high upper

bounds on the willingness-to-pay for credit, whose values fall between 6 and 8, come from the

borrowers with LTVs of 97. Note that the increase in the rate for PMI at 97 is considerable

and that these borrowers tend to have high interest rates on their mortgage already, both of

which contribute to the high estimated upper bound.

2.7.2 Corrected Hedonic Estimates

I consider a cross-section of households, i, each purchasing a home at some date, t(i), and

located in a census tract, k(i), school district, d(i), and county, c(i). I run a standard

hedonic regression of home prices, lnPid, on measures of school quality at the district level,

sd, and other amenity measures at the census tract level including median income, rate of

owner-occupancy, and minority percentage, Xk(i). Finally, I include fixed effects for the

county, αc(i), and month of home purchase, αt(i). The regression specification is below:

lnPid ∼ α̃c(i) + α̃t(i) + β̃sd + γ̃′Xk(i) + εid (2.23)

The interpretation of the hedonic coefficient, as amended by the analysis in this paper,

is the cross-sectional mean marginal willingness-to-pay for the amenity, downward biased by

the credit constraint wedge:

β̃ = Ei[
uis/uic
r

1

κi
] (2.24)

The object of policy relevance, provided that government borrowing and taxation can be used

to smooth the incidence of costs, is simply the marginal willingness-to-pay for the amenity,
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Figure 2.10: Distribution of Credit Wedges

This plot depicts the estimated distribution of credit wedges, κ, for bor-
rowers in the HMDA-FNMA-SEDA merged sample. The blue and orange
lines depict the CDFs of upper and lower bounds on the credit wedge,
per Equation (2.22). Note that this formulation captures the borrower’s
WTP for the marginal dollar of credit. As a benchmark, the dotted purple
line depicts the distribution of credit wedges assuming that the borrower’s
WTP for the marginal and average dollar of credit are the same. In par-
ticular, I compute a ratio of the borrower’s effective interest rate to the

30-year treasury yield, (rmi +rpmii )/y(30)
t . The WTP for the average dollar

of credit understates the extent of credit constraints in roughly half the
population.
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Ei[u
i
s/uic
rf

].

Because of the possibility of cross-sectional heterogeneity, correcting the bias in the esti-

mate is not as simple as finding the average credit wedge. Using a covariance decomposition,

the policy-relevant estimate can be shown to be:

Ei[
uis/uic
r

] = (Ei[ 1

κi
])
−1

(Ei[
uis/uic
r

1

κi
] +Covi(

uis/uic
r

,
1

κi
)) (2.25)

Beyond estimating the credit wedge, it is necessary to know something about the population

covariance between the marginal willingness-to-pay for amenities and credit in equilibrium.

My tack for correcting hedonic estimates is to exploit the fact that, having constructed

menus facing borrowers, it is possible to estimate willingness-to-pay for credit at the borrower

level. Effectively, I bin borrowers by their willingness-to-pay for credit, estimate hedonic

coefficients and take a weighted average. In Section (A.2.2), I sketch the sense in which a

single fixed-effects regression captures the object of interest.

Returning to the same cross section of households, I introduce a borrower’s credit wedge,

κi, as well as their credit wedge bin, j(i). I normalize the school quality measures by the

borrower credit wedge, sd
κi

, and I include fixed effects for the borrower’s credit wedge bin,

αj(i).

lnPid ∼ αj(i) + αc(i) + αt(i) + β
sd
κi

+ γ′Xk(i) + εid (2.26)

The interpretation of this corrected regression coefficient, is the cross-sectional mean

marginal willingness-to-pay for the amenity. This is the value of policy interest.

β = Ei[
uis/uic
r

] (2.27)

Table (2.4) presents the results of this regression exercise. In the first two columns, I

conduct the exercise with limited controls and in the latter two I introduce more tract-level

controls. In columns two and four I run the constraint correction specification. I cluster
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Table 2.4: ‘Corrected’ Hedonic Regressions

Dependent Variable: ln Home Priceid
(1) (2) (3) (4)

Variables
Test Scored 0.442∗∗∗ 0.156∗∗∗

(0.017) (0.013)
Adj. Test Scoreid 0.666∗∗∗ 0.230∗∗∗

(0.028) (0.020)

Fixed-effects
County FE ✓ ✓ ✓ ✓
Month FE ✓ ✓ ✓ ✓
Shadow Price FE ✓ ✓
% Minority FE ✓ ✓
q50 Income FE ✓ ✓
% Ownership FE ✓ ✓

Fit statistics
Observations 382,407 382,407 382,407 382,407
R2 0.461 0.474 0.554 0.566
Within R2 0.065 0.049 0.009 0.006

Clustered (County) standard-errors in parentheses
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1

at the county level. In both cases, the estimates of mean marginal willingness-to-pay for

amenities increases by ∼ 50%.

As a caveat, traditional hedonic specifications are known not to be well identified, for

one, because of unobserved covariates. Limitations on my ability to merge data prevent me

from instrumenting in the manner most common in school quality applications, border dis-

continuities at within-district catchment area borders (due to Black [1999]). Instrumenting

in this way tends to lower the estimate of willingness-to-pay for school quality. The exer-

cise presented here is intended to suggest the effect of correcting for credit constraints on

estimates of amenity value.
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2.8 Conclusion

In this paper, I argue that frictions in household credit markets may systematically bias

estimates of local public amenities derived from traditional hedonic regressions. Credit

constrained households bid less for marginal amenities than they would in the absence of

such constraints, flattening the hedonic price schedule of amenities. I also argue that the

bias in hedonic regressions, which is related to the household’s shadow price of credit, may

be estimated from households’ choice of mortgage product, because of the increasing costs

of a marginal dollar of borrowing. I estimate the “credit wedge”, or household willingness-

to-pay for a marginal dollar of borrowing, in the US mortgage market. And I propose and

(on a preliminary basis) implement a strategy for correcting bias in hedonic estimates that

accounts for the cross-section heterogeneity.
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CHAPTER 3

MORTGAGE LENDING LIMITS AND HOUSING DEMAND:

EVIDENCE FROM BUNCHING IN FHA BORROWING

3.1 Introduction

Mortgage credit supply and expectations of future house price growth are prominent among

explanations of the housing boom and bust in the 2000s [Mian and Sufi, 2009, Kaplan

et al., 2020]. Under the credit supply story, households with newly relaxed credit-constraints

demanded more housing services and, consequently, more housing. Under the expectations

story, household demand for housing services did not change, per se, but demand for housing

increased because of a pervasive and counter-factual belief in high returns on housing as an

asset class.

In principle, both channels may have contributed to the housing cycle. Empirically de-

termining the relative contribution of each is fraught, however, because the channels are

potentially interrelated: changing aggregate credit conditions could affect rational or irra-

tional beliefs and vice versa. In particular, the credit supply story has been most rigorously

established by instrumental variable approaches that identify the effect of increased credit

supply on local housing price indices in the cross-section [Favara and Imbs, 2015, Johnson,

2019]. But this approach captures both a direct effect on demand for housing services as

well as a knock-on effect of demand for housing due to changing beliefs.

In this paper, I develop and employ a different tack to better establish the relationship be-

tween credit supply and demand for housing by homeowners, the intuition of which I explain

here. Households face two primary constraints when borrowing through major institutional

channels to finance a home purchase: the loan-to-value limit, L, and initial loan balance

limit, Bo, implied, under fairly weak assumptions, by an institutional debt-to-income limit.

For the first $1 of housing, and for every $1 a household demands before reaching the initial

loan balance limit, Bo, the household must pay $(1 − L) more in down-payment. For the
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first $1 of housing after reaching Bo, and for every $1 thereafter, the household must pay $1

more in down-payment.

If, outside these institutional lending programs, households are not constrained, and can

substitute without cost to another line of credit, e.g. a second mortgage, credit card, or

personal loan, then this discontinuity in marginal down-payment requirements should not

affect their demand for housing. In fact, by borrowing from other lines of credit, households

can eliminate this programmatic discontinuity. For example, having reached the initial loan

balance limit, Bo, to finance an additional $1 of housing, households could simply make the

$1 down-payment required by the lender, and borrow $L on another line of credit, for a net

marginal down-payment at the time of purchase of $(1 −L).

However, if households are elsewhere constrained, e.g. when home purchase may be fi-

nanced only with savings and a mortgage loan obtained from a major institutional channel,

the lending limits ensure discontinuously higher marginal down-payment and therefore a dis-

continuously higher utility cost associated with an additional dollar of housing. As a result,

households for whom the marginal benefit of additional housing falls between the utility

costs associated with a marginal downpayment of $(1−L) and $1 would demand additional

housing until they reached this discontinuity in marginal down-payment requirements. The

effect of changing down-payment requirements can therefore be observed in the data as the

extent of bunching at the down-payment amount, D∗, associated with this marginal down-

payment discontinuity. In a later section, I formalize and clarify the interpretation of this

bunching behavior.

This approach to analyzing the link between demand for housing and credit availability

has several advantages over those in the literature. Chief among these, it is implausible

that identified behavioral responses in this setting are the result of changing expectations.

For one, this strategy does not rely on aggregate (e.g. zip code or county-level) treatment,

which might affect home-buyer beliefs through its effect on other households or investors.

Moreover, even at the individual level, the information treatment and credit constraint quasi-
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treatment are disentangled. Borrowers may update their beliefs about housing markets as

they come to learn the rules that govern their own and others’ borrowing limits, but this

change in beliefs occurs separately from the selection of a loan from a kinked opportunity set.

These features of the empirical design allow for isolation of the effects of credit constraints

on housing demand, holding constant households’ beliefs about the market.

There are ancillary benefits to this approach as well. For one, the fact that bunching

is measured from individual-level outcomes, it is possible to look at different segments of

the borrower population to understand the extent to which changing mortgage borrowing

constraints influences their demand for housing. This is productive in light of research

suggesting that capital gains on housing during the early 2000s varied in the cross-section of

housing quality [Landvoigt et al., 2015]. Second, this strategy isolates effects of borrowing

requirements on housing demand, a real outcome, rather than first mortgage balances, a

financial outcome which may be offset by borrowing along additional margins [DeFusco and

Paciorek, 2017].

This bunching design is not without limitations. Primarily, there is a challenge in compar-

ing the results of this paper, which quote the effect of credit supply on individual quantities

of housing demanded, to the existing literature, which quotes the effect of credit supply on

equilibrium prices. To make this comparison requires two steps, each of which requires addi-

tional assumptions. First, it is necessary to aggregate changes in housing demand resulting

from changing credit conditions in the early 2000s. Second it is necessary to map from aggre-

gate change in quantities demanded to equilibrium price changes. Additionally, the analysis

requires merging, at the individual level, household incomes, back-end debt-to-income ratios,

loan balances, initial interest rates, transaction prices, as well as information on their county

of residence and up-front mortgage insurance premia. My ability to do this in the data, at

present, extends only to the years 2018-2019 and only for FHA loans, for which subsample

both HMDA and McDash provide enough fields to merge the required variables.

In Section (3.2), I consider in closer detail how my analysis builds on two robust liter-
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atures, housing demand in the 2000s and bunching estimators. In Section (3.3), I provide

context for my analysis by describing the history and features of the FHA lending program;

I describe how I use the features of this program to construct the loan-to-value limit and

the initial loan balance limit for each borrower. In Section (3.4), I describe my empiri-

cal approach by sketching the household problem being examined (3.4.1), how observable

quantities can be used to estimate the relevant elasticity (3.4.2), and how to interpret this

elasticity (3.4.3). In Section (3.5), I describe the way I construct a sample from available

data that suits the needs of my estimator (3.5.1) and technical details of implementing the

bunching estimator (3.5.2). Section (3.6) presents the results of the analysis and Section

(3.7) concludes.

3.2 Related Literature

3.2.1 Beliefs and Credit Constraints

Since the housing crisis of the 2000s, a central line of inquiry has sought to understand the

determinants of housing demand and the housing cycle. Early research substantiated the role

of credit supply in generating both the boom and bust in housing prices. By disaggregating

to the level of the zip code, Mian and Sufi [2009] note that areas with high mortgage credit

growth in the boom years tended to have relatively low income growth, suggesting that

credit supply rather than demand drove the rise in household leverage and house prices.

The credit supply story has theoretical as well as empirical appeal, as it plays an important

role in building a cohesive narrative of the major facts surrounding the housing cycle in the

early 2000s. Justiniano et al. [2019] observes that for increased leverage to be consistent with

falling interest rates, as was true in the early 2000s, credit supply must have been expanding

rather than credit demand.

Other scholarship has pursued the role of household expectations; under this hypothesis,

home prices increased because optimistic beliefs about the path of future home prices in
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the future generated demand for housing access in the present. Kaplan et al. [2020] argues

that, though credit supply helps to explain changes in homeownership (see also, Acolin

et al. [2016]) and default rates during the crisis, it provides little explanatory power for

house prices. Constrained households may obtain equivalent housing services from the rental

market, they argue, such that relaxed credit constraints do not generate increased demand

for housing units. Rather, they attribute the boom to a counter-factual belief that housing

would appreciate in value. Mian and Sufi [2018] studies home purchases by investors and

notes that investors’ optimistic beliefs drive their purchasing behavior and therefore home

prices during the boom.

A central challenge in empirical scholarship on this topic is disentangling beliefs from

credit constraints, which are easily confounded: changing aggregate credit conditions could

affect rational or irrational beliefs and vice versa. The credit supply story has been most rig-

orously established by instrumental variable approaches that identify the effect of increased

credit supply on local housing price indices in the cross-section [Favara and Imbs, 2015, John-

son, 2019]. But this approach captures both a direct effect on demand for housing services

as well as a knock-on effect of demand for housing due to changing beliefs.

Some empirical work has attempted to disentangle credit access from beliefs in generating

housing demand. Empirical tests to rule out the beliefs story have appealed to regions

with high housing supply elasticity in which a belief in long-run price fluctuations might

be unreasonable [Mian and Sufi, 2009]. But because these exercises have not been able to

directly measure beliefs, it is more difficult to control for unreasonable beliefs. Bailey et al.

[2019] use social networks to identify shocks to beliefs about housing values. They argue

that changes in beliefs do not generate enough change in housing demand to account for the

housing cycle of the early 2000s. They suggest that credit access may play a role instead

but their research design does not enable them to measure this in the data.

Finally, some work has examined bunching in data at loan-limits, an approach which,

though not the studies’ explicit intent, is more persuasive in controlling for beliefs. Anenberg
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et al. [2017] looks for a mass point at the “loan frontier”, an empirically imputed maximum

loan balance available to a borrower of a given credit-score, down-payment, and income.

This mass point is a poor test of credit constraints, though, as down-payments are chosen

contemporaneously with home purchase. DeFusco and Paciorek [2017] identifies bunching at

the jumbo loan threshold where interest rates increase, suggesting that first mortgage demand

is responsive to interest rates. This measures a different elasticity altogether, though, and

the link from mortgage demand to housing demand is unclear because of the possibility of

putting other lines of credit to use.

3.2.2 Bunching Estimators

There is widespread use of bunching estimators in the economics literature to identify elas-

ticities in the data. An older literature considers information content available in kinked op-

portunity sets, but the availability of administrative data set off the present use of bunching

estimators, first formalized by Saez [2010]. Kleven and Waseem [2013] provides a theoretical

analysis of notches and relates the empirically estimated elasticities to structural elasticities

of interest. These estimators have been used in a wide variety of “real” contexts [Yelowitz,

1995, Sallee and Slemrod, 2012, Ramnath, 2013, Manoli and Weber, 2016, Blundell and

Shephard, 2012, Blundell and Hoynes, 2004, Kleven, 2016].

The introduction of bunching estimators to the finance literature is somewhat more re-

cent. DeFusco and Paciorek [2017] estimates first mortgage borrowing elasticity relative to

the interest rate by exploiting the interest rate variation at the GSE conforming loan limit.

Best et al. [2018] estimates the elasticity of inter-temporal substitution using interest rate

variation at particular LTV ratios in the British mortgage market. Dagostino [2019] esti-

mates the elasticity of municipal bond issuance size using changes in available yields due to

bank qualification status. Bachas et al. [2020] estimate the elasticity of loan size using a

discrete change in the loan guarantee rate. Ebrahimian [2020] uses bunching as a moment

to identify a structural IO model of student debt.
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Relative to this literature, I exploit policy parameters that generate a kink from borrowing

rather than budget constraints. A households’ additional costs enter through increasing

down-payment requirements at the kink point rather than increasing interest expense. My

analysis explains how it is possible to use a bunching estimator to estimate and interpret a

financial elasticity of interest, the loan-to-value elasticity of housing demand.

3.2.3 FHA Lending

There is a small literature on FHA lending, particularly in the aftermath of the financial

crisis, during which it served as an important source of mortgage lending as the private

market contracted. Hwang et al. [2016] study the effects of HERA, which raised FHA loan

limits and induced more borrowing, but primarily through cash-out refinancing and higher

LTV ratios at purchase rather than the purchase of larger home. Park [2016] studies the

same limit increases and finds an increase in FHA-qualified loan originations in 2008 but no

corresponding decrease in 2014 when the limit increases expire; he concludes that borrowers

substitute toward the private market as it recovers in the interim years. Passmore and Sher-

lund [2016] find real effects of FHA lending during this period; in particular, they document

that counties with ex-ante higher FHA lending experience smaller declines in mortgage pur-

chase originations, house prices, and new automobile purchases as well as smaller increases

in unemployment rates during the crisis. DeFusco et al. [2020] document a crisis-era FHA

policy excluding unemployed borrowers from refinancing severely reduced the refinancing

activity of those with greatest demand to do so, curtailing the effects of monetary policy. I

document several new facts relative to this literature, namely, the bunching behavior of bor-

rowers at the county loan limit, and the responsiveness of borrowers in the upper quantiles

of the borrowing distribution to the cross-sectional increase in the limits.

3.3 The Federal Housing Administration
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3.3.1 The History and Function of the FHA

The Federal Housing Administration, or FHA, was founded in 1934 to help stabilize the

housing market during the Great Depression. By providing insurance for mortgage principle

in the event of borrower default, the government provided assurances to help keep lenders

operating in the market [DeFusco et al., 2020]. The program was designed to be self-funding,

with insurance premiums sufficient to cover program costs due to mortgage default.

Since its creation, the prominence of FHA lending in the mortgage market has waxed and

waned. In the aftermath of World War II, the Veteran’s Administration entered mortgage

lending and the FHA lost market share. Amid civil rights legislation during the 1960s, the

FHA was brought under the regulation of the Department of Housing and Urban Develop-

ment, or HUD, and authorized to expand in scope by congress. In the late 20th century, the

FHA lost market share as the growth of securitization and private mortgage insurance made

mortgage credit more easily available to sub-prime borrowers in the private market. During

the housing crisis of the late 2000s, FHA market share grew substantially from 4.5% to

about 25% of mortgage originations. Since then, it has dwindled again, but remains around

15-20%. [Immergluck, 2011]

The FHA program has remained self-sufficient, with a single exception in the aftermath

of the housing crisis [Puzzanghera, 2013]. Insurance premiums through the program are

two-fold, and consist of an up-front mortgage insurance premium (UFMIP) and an annual

premium. The size of these premiums may be updated by regulators and is disclosed in

the FHA’s Mortgagee Letters. This historical values of these premium rates are depicted in

Figure (3.4); at present, the UFMIP rate is 1.75% and the annual MIP rate is 0.85%.

The Government National Mortgage Association, or GNMA, was founded in 1968. Since

its founding, it has served to guarantee timely payment of principal and interest on MBS

backed by pools of government-insured mortgage loans, most frequently loans with FHA

insurance. Although it does not buy mortgages or issue MBS itself, this guarantee provides

FHA loans with access to the secondary market. [FDIC, 2018]
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At present, loans that qualify for FHA insurance tend to serve low-income borrowers and

first-time home buyers who cannot afford down-payments for conventional mortgages and

do not qualify for private mortgage insurance. Table (3.1) summarizes a 1pp sample from

HMDA including all first mortgages on owner-occupied homes in 1-4 family units originated

during 2018 and 2019. FHA-insured loans tend to be smaller and more standardized in

repayment structure, and to have higher LTV and DTI ratios. Borrowers obtaining these

loans tend to be younger, have lower income, and be hispanic or Black. The purchased homes

are in poorer census tracts with higher minority populations and lower home-ownership rates.
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Table 3.1: HMDA Sample† Summary Statistics

Conventional FHA-insured
N=93936 N=21299

Loan Characteristics:
Loan Amount ($k) 283 (264) 215 (107)
Property Value ($k) 472 (8881) 243 (550)
Interest Rate (%) 4.43 (0.92) 4.50 (0.65)
Total Costs ($k) 4.12 (3.93) 7.58 (6.74)
Rate Spread (%) 0.48 (0.86) 1.37 (8.15)
LTV (%) 73.3 (20.3) 92.4 (10.3)
DTI (%) 34.7 (9.90) 42.9 (10.1)
Purpose: Purchase 53.8% 70.8%
Term: 30y 77.0% 96.1%
Rate Type: Fixed Rate 87.6% 98.1%
Repayment Type: Vanilla 91.8% 96.6%

Borrower Characteristics:
Annual Income ($k) 178 (6486) 113 (2272)
Age (y) 47.0 (14.7) 42.4 (13.8)
Ethnicity: Hispanic or Latino 10.9% 21.7%
Race:

Asian 7.31% 2.65%
Black or African American 4.37% 14.9%
White 85.4% 79.1%

Sex:
Female 23.2% 29.1%
Joint 44.7% 34.3%
Male 32.1% 36.6%

Census Tract Characteristics:
Population (k) 5.70 (3.18) 5.94 (3.34)
Minority Population (%) 28.7 (23.8) 36.0 (27.5)
Median Income ($k) 93.8 (39.7) 75.4 (26.8)
1-4 Unit Homeownership Rate (%) 74.3 (14.8) 70.4 (14.6)
Median Age of Housing Units (y) 35.5 (17.8) 34.9 (17.6)

†1pp; 2018-19; 1st Lien; Owner-Occupied; 1-4 Unit Dwelling
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Figure 3.1: FHA loans have historically constituted 10%-30% of purchase origina-
tions. During the Great Recession, they grew to about 1 in 3 purchase originations.
They remain around 20% of the market at present.

Figure 3.2: Darker counties have a higher count of FHA purchase originations.
Redder counties have a higher relative rate of FHA originations. Urban centers
have the most FHA lending though it tends to be relatively high at urban center
peripheries.
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3.3.2 FHA Loan Limits and the Bunching Framework

The FHA restricts access to mortgage credit in a variety of different ways including charac-

teristics of the borrower, such as their FICO score, characteristics of the purchased housing,

which must meet basic sanitary and safety requirements, and the characteristics of the loan

itself. The main identification strategy pursued in this paper relies on the presence of two

limits, a loan-to-value limit, L, and an initial balance limit, Bo. In this section, I describe

the borrowing limits imposed on FHA loans and how these limits correspond to the limits

central to the identification strategy.

To qualify for insurance through the FHA, loans must conform to three limits: a county-

level cap on the initial loan balance, Bojt, a cap on the loan-to-value ratio of the loan, Lt,

and a cap on the resulting debt-to-income ratio of the borrower following the loan, Dijt.

Consider borrower i in county j and year t with annual (monthly) income yijt (ŷijt) and

non-mortgage debt service expenses κijt (κ̂ijt) who purchases a home at price Pijt with a

30-year fixed-rate mortgage characterized by initial balance Boijt and annual interest rate

rijt (and implied monthly amortizing factor r̂ijt ≡
rijt/12

1−(1+rijt/12)−30∗12 ). The FHA restrictions

may be represented as follows:

Boijt ≤ Bojt (3.1)

Boijt

Pijt
≤ Lt (3.2)

r̂ijtB
o
ijt + κ̂ijt
ŷijt

≤Dijt (3.3)

Assume that the rate of the loan is pinned down by borrower rather than transaction

characteristics (i.e. that it does not depend on the loan size). We can then solve Equation

(3.3) for Boijt and combine this with Equation (3.1) to obtain an individual-level loan balance

limit:

Boijt ≤ Boijt ≡ min{Bojt,
1

r̂ijt
[Dijtyijt − κijt]} (3.4)
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We can rewrite Equations (3.2) and (3.4) in terms of prices and down-payments so that

they correspond more closely with the bunching framework outlined in Section (3.4.1). For

this change of variables, we use the fact that the down-payment and initial balance together

make the transaction price, Pijt =Dijt +Boijt.

Pijt
(3.2)
≤ Pijt

1 −Boijt/Pijt
1 −Lijt

=
Dijt

1 −Lijt
(3.5)

Pijt =Dijt +Boijt
(3.4)
≤ Dijt +Boijt (3.6)

Finally, we can combine Equations (3.5) and (3.6), differentiate with respect to the price

of the home purchased, and write the piece-wise function for the marginal down-payment

relative to a dollar increase in housing demand. Note that we define a reference house

price, P∗ijt =
Boijt
Lijt

, and reference down-payment, D∗
ijt = (1 − Lijt)P∗ijt, as the price and

down-payment at which (3.5) and (3.6) are both binding.

dDijt

dPijt
≥

⎧⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎩

1 −Lijt Pijt < P∗ijt

1 Pijt ≥ P∗ijt

(3.7)

3.3.3 FHA Loan Limit Assignment Rules

Identifying the choice set in the space of prices and down-payments available to an individual

borrower in the data requires imputing the loan-to-value and borrower-level initial balance

limits assigned to them in the FHA program. The loan-to-value limit was 0.965 for all

borrowers over the entire sample period. Borrower-level initial balance limits are more

sophisticated. Per Equation (3.4), I assign these as Boijt ≡ min{Bojt, 1
r̂ijt

[Dijtyijt − κijt]}.

Below, I review the method for assigning county-level loan limits, Bojt, and debt-to-income

limits, Dijt, in the FHA and in my data. I review how I identify household debt-service,

κijt, which is not explicitly available as a field in the merged data.
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The county-level loan limit, Bojt, is computed as the product of HUD’s county-median

home price index the previous year, P̃j,t−1, and a median home price multiplier, θt, unless

this value is below the FHA national loan limit floor, Bot, or above the FHA national loan

limit ceiling, Bot, in which case it takes on those values, respectively. The FHA national

loan limit floor and ceiling are set according to the conventional conforming national loan

limit floor, BoG,t, as well as multipliers for the floor, ϕ
t
, and ceiling, ϕt. (In particular,

Bot = ϕtB
o
G,t and Bot = ϕtBoG,t.) Formally, this may be represented as follows:

Bojt =

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

Bot θtP̃j,t−1 ≤ Bot

θtP̃j,t−1 θtP̃j,t−1 ∈ [Bot,Bot]

Bot θtP̃j,t−1 ≥ Bot

(3.8)

Figure (3.3) depicts the historical values of the median price multiplier, θt, floor and ceiling

multipliers, ϕ
t

and ϕt, as well as the conventional conforming national loan limit floor,

Bo
GSE
t , and FHA national loan limit floor and ceiling, Bot and Bot. Figure (3.5) depicts

loan limits assigned to each county by the FHA against the median home price used to assign

the limit. A separate panel is used for every period in which HUD enforced different limits.

It is clear that the assigned limits largely follow the truncated linear assignment rule. In

the immediate aftermath of the financial crisis, 2008-2013, additional provisions preventing

a fall in limits are responsible for the observable noise in the limits from the stated rules. I

can merge these limits into the data using the county and origination month or year of the

transaction.
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Figure 3.3: Parameters for FHA initial balance limit. Source: HUD website.

Figure 3.4: Up-front and annual mortgage insurance premium rates for
FHA loans. Source: HUD Mortgagee Letters.
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Figure 3.5: County-level FHA loan limit by median house price and time
in force, as designated by the Mortgagee Letter. County limits largely fol-
low assignment rules; noise follows exceptions introduced in the aftermath
of the financial crisis. Source: HUD website and HUD Mortgagee Letters.
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The debt-to-income limit imposed by the FHA varies according to whether the borrower

is approved through the Fannie Mae Automated Underwriting System (AUS) or requires

approval through the Manual Underwriting System (MUS). Typically, lenders will attempt

to obtain approval through the AUS, which has a maximum debt-to-income limit of 0.569.

If borrowers do not qualify under the AUS, then the MUS determines a borrower’s debt-to-

income limit according to borrower FICO score and a number of “compensating factors”,

which are indications that the borrower may have sufficient assets or income to afford the

loan. In particular, for borrowers with a FICO score between 500 and 580, the MUS sets

a debt-to-income limit of 0.43. For borrowers with a FICO score between 580 and 850, the

MUS sets a debt-to-income limit of 0.43 for no compensating factors, 0.47 for one, and 0.50

for two compensating factors.

In practice, it is difficult to identify whether a loan was underwritten by the MUS or AUS.

It is also difficult to identify the number of compensating factors enjoyed by a borrower in

the absence of the administrative data. Although I have the FICO score of borrowers in the

data, there are no borrowers in the merged sample with a FICO between 500 and 580, so

this is of no value in discriminating debt-to-income limits. Instead, I assign borrowers the

lowest debt-to-income limit that is still above that which they received in the data.

Although non-mortgage debt service, κijt, is not a field in the merged data, it can

be obtained by subtracting the monthly mortgage expense on the observed loan from the

total debt service implied by the the debt-to-income ratio and income of the borrower,

κijt = yijtDijt − r̂ijtBoijt.

3.4 Empirical Strategy

3.4.1 The Household Problem

A household has preferences over housing, Ht, and non-housing consumption, Xt, in each

of two periods, t0 and t1. To simplify the derivations shown in Appendix (B.1), I assume
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standard concavity, that housing and non-housing consumption are separable within period,

and that the borrower discounts with factor β. For exogenous reasons, the borrower opts to

purchase a home at t0, and sell the home in favor of renting in t1. The borrower is endowed

with an income made available in each period, y0 and y1, and chooses how to allocate this

wealth as consumption. Of particular interest is the intensive margin of household demand

for housing, H0.

I normalize the initial price of non-housing consumption to 1; it rises according to the

risk-free rate to (1+rf ) at t1. The price of housing is initially pH and evolves as pH(1+ r̃H).

It is the borrower’s beliefs that matter when choosing how much housing to purchase and,

for simplicity in the derivations, I assume these are dogmatic and degenerate, E0
i [r̃H] = νi.

Households have two financial vehicles to facilitate their consumption decision. They

may save or borrow at the risk-free rate along what I call a “liquid” margin, analogous

to a checking account or credit card. Along this margin, they face a standard borrowing

constraint, which I normalize to 0 for simplicity. They may also take out a mortgage loan

to finance the purchase of their housing, also at the risk-free rate, rf . As is standard in

mortgage lending, this loan is subject to two constraints, a loan-to-value limit, L, and a

debt-to-income limit, the latter of which I rewrite as an initial mortgage balance limit, B0.

To choose the optimal quantity of housing at t0, the household considers the marginal

costs and benefits, in utility terms, of an additional unit of housing. I depict this choice in

Figure (3.6). The marginal benefits to an additional unit of housing are standard. They

are the sum total of utility from t0 housing services, U0
H , and the discounted utility from

additional t1 non-housing consumption the borrower anticipates purchasing out of excess

returns on housing relative to the risk-free asset, βU1
XpHE0

i [r̃H − rf ]. In general these are

falling due to concavity in both X and H.

The household’s marginal costs feature a potential non-standard discontinuity due to the

two constraints on the mortgage loan. I depict this discontinuity in Figures (3.8) and (3.9).

A household exhausting their loan-to-value limit can rely on additional mortgage financing
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until they also exhaust their initial balance limit. This occurs at the reference quantity of

housing, H∗ = 1
pH

B0

L
. Below this quantity, the utility cost of an additional unit of housing

derive from lost t0 consumption due to additional down-payment and lost t1 consumption

due to additional costs of eventual mortgage repayment, pH[(1−L)U0
X +LU1

X]. Beyond this

quantity, the price of an additional unit of housing is financed entirely from a down-payment

out of t0 consumption, and the utility costs are pHU
0
X .

The household’s additional margin for borrowing and saving outside of the mortgage

contract plays a key role in generating the discontinuity in marginal costs. If households are

not at their “liquid” borrowing constraint, then they may smooth consumption by equating

marginal utility of non-housing consumption in both periods. In this case, there will be no

discontinuity in marginal costs, pH[(1 − L)U0
X + LU1

X]
U0
X=U

1
X= pHU

0
X . This is akin to the

Modigliani-Miller benchmark. However, if borrowers are constrained along other margins,

then the household would benefit from more consumption smoothing and so U0
X > U1

X ,

generating the upward discontinuity in marginal costs.

In the absence of constrained households, therefore, there will be a smooth distribu-

tion of households across the reference quantity of housing, H∗. In Figure (3.7), in the

counterfactual case, borrowers b and m choose different quantities of housing. Denote this

counterfactual distribution as f(H). By contrast, when households are constrained, they

tend to bunch at the reference quantity. In Figure (3.10), buncher b and marginal household

m both choose the reference quantity of housing, H∗.
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3.4.2 Identification

To identify the loan-to-value elasticity of housing demand, I rely on as-good-as-random

assignment of counterfactual household demand for housing across the reference housing

quantity. At and above the reference quantity, the decreased effective loan-to-value limit

induce an increase in utility costs of additional housing for borrowing constrained households.

For this reason, households with counterfactual demand above the reference quantity may be

considered the “treated” households and they respond by adjusting their demand downward.

Households with counterfactual demand below the reference quantity, the “control” group,

do not respond. The size of the resulting bunching relative to the unperturbed distribution

measures the behavioral response of the “treated” households.

I measure the loan-to-value limit elasticity of housing demand, ε̂H
L
= %∆H

%∆L
. I consider

the behavioral response of the marginal buncher to the reduction in the loan-to-value limit

on housing units above the reference quantity from L to 0. I also observe that house prices

are simply house quantities scaled by a constant price level. The estimator can therefore be

rewritten as:

%∆H

%∆L
=
H∗−Ho

m
Ho
m

0−L
L

= [Ho
m −H∗]

H∗ + [Ho
m −H∗]

= [P om − P∗]
P∗ + [P om − P∗]

The reference house price, P∗, can be obtained from the household’s borrowing limits.

The adjustment of the marginal borrower, [P om − P∗], can be obtained from the bunching

equation:

B = ∫
P om

P∗
f(P )dP ≈ f(P∗)[P om − P∗]

The bunching mass, B, can be measured in the realized distribution. And the counterfactual

density at the reference house price f(P∗), can be approximated from the realized density

as well.

Below, I discuss the appropriate interpretation of the estimate. I distinguish between

loan-to-value limits on average and marginal units of housing, establish the nature of the

measured elasticity relative to these, and describe the relationship of the measured elasticity
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relative to loan-to-value and debt-to-income policy parameters. I then distinguish between

partial and general equilibrium loan-to-value limit elasticities and characterize one advantage

of estimating partial equilibrium elasticities.

3.4.3 Interpretation

Marginal vs. Average LTV Limit Elasticity

Because loan-to-value limits determine the trade-off between down-payment supply and hous-

ing demand, they function as prices in the household problem.1 In this capacity, their impact

resembles compensated and uncompensated demand elasticities from the standard consumer

theory. Households may reduce housing demand in response to a lower loan-to-value limit

on the entire loan (i.e. the average unit of housing purchased), akin to an uncompensated

price elasticity. Households may also reduce housing demand in response to a lower loan-to-

value limit on merely the last unit of housing, akin to a compensated price elasticity. These

behavioral responses are depicted in Figure (3.12).

1. Between the price level of housing, pH , and the loan-to-value limit, L, this suggests that households
face two prices associated with housing. This comports with the intuition that households make credit
constrained down-payments at the time of purchase and unconstrained mortgage payments at later dates.
In other words, there are two separate margins along which households sacrifice consumption.
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Compensated and uncompensated price elasticities are related in the famous Slutsky

equation by income effects. In this context, the marginal, εH,mg.
L

, and average, εH,avg.
L

, loan-

to-value limit elasticities are related analogously by a quasi-income effect, where the quasi-

income is the loan balance obtainable before making any down-payment. Following the

sketch in Kleven [2016], I use this Slutsky-type relation to show in Appendix (??) that the

estimated elasticity is a weighted average of these elasticities:

ε̂H
L
= [1 − ∆a

∆µ
]εH,mg.
L

+ [∆a

∆µ
]εH,avg.
L

(3.9)

The estimator contains some information about average loan-to-value limit elasticity, but

there is clearly a margin for bias. Concerns about bias may be mitigated for two reasons.

First, the value of ∆a
∆µ , which ranges from 0 to 1, increases in the sharpness of the kink and

in the present setting the kink is quite sharp. Second, to the extent that quasi-income effects

are null, we have that the marginal and average loan-to-value limit elasticities are identical

and the estimated elasticity captures both. In the bunching literature on tax elasticities of

earnings, structural models tend to impose this.

Policy LTV and DTI Limit Elasticities

Loan-to-value and debt-to-income limits are policy parameters that can be used to regulate

the mortgage and housing markets. Below, I review the nature of these policy elasticities and

the ways in which they relate to and differ from the conceptual elasticities introduced above.

Though the estimator in this setting captures some information about behavioral responses

to changes in policy loan-to-value limits, it does a better job of estimating responses to

changes in policy debt-to-income limits. A related research design exploiting features of the

mortgage market may better capture responses to policy loan-to-value limits.

The effect of adjusting policy loan-to-value limits bears closest resemblance to the aver-

age loan-to-value limit elasticity because it affects down-payment requirements on all units
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of housing up to the reference quantity. To the extent that debt-to-income limits restrict

household behavioral response to a change in the policy limit, the effect of policy may under-

state the average loan-to-value limit elasticity. Setting aside this caveat, the decomposition

of the estimated elasticity above indicates that it captures some information about effects of

changing loan-to-value policy limits, with associated caveats.

In spite of its shortcomings, this research design suggests another that might better

capture the policy effects of changing loan-to-value limits. Conventional mortgages and

FHA mortgages have different loan to value limits and, as described, FHA mortgages have

limits on initial balances. This variation is depicted in Figure (3.13) and serves as a close

analogy to the bunching notch designs in the literature, which do a better job measuring

average rather than marginal effects.

The effect of adjusting policy debt-to-income limits is more similar to the marginal loan-

to-value limit because they affect effective loan-to-value limits only on units of housing

beyond the reference quantity and not on initial units. Again, if the adjusted debt-to-

income limit remains binding, the policy effect may understate the elasticity. Additionally,

because non-infinitesimal changes in debt-to-income limits imply quasi-income effects, the

policy effect may overstate the marginal loan-to-value limit elasticity. These quasi-income

effects are precisely the reason for the non-zero weight placed on the average loan-to-value

limit elasticity in Equation (3.9). For this reason, the policy effects of changing debt-to-

income limits are those best captured by this framework. This notion is depicted in Figure

(3.14).

Partial vs. General Equilibrium LTV Limit Elasticity

In partial equilibrium, an increase in the availability of mortgage credit may increase housing

demand by relaxing household credit constraints, all else equal. In general equilibrium,

aggregate increases in the availability of mortgage credit may affect housing demand through

effects in other markets. For example, as household wealth increases due to wages or non-
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housing asset values, wealth effects may further drive demand. The strategy in this paper

identifies the partial equilibrium effect of loan-to-value limits on housing demand.

An advantage of measuring the partial equilibrium elasticity is that it can better isolate

the effects of easy credit on household demand for housing without capturing potentially

confounding effects, such as beliefs about housing returns. Indeed, the relative roles of

changing beliefs and easy credit remains an enduring question about the housing cycle of

the early 2000s. A predominant empirical approach in the literature has been to exploit

heterogeneity in the cross-section of geographies and to find instruments at the geographic

level for the availability of credit. A shortcoming of this approach is that it can only identify

the pure effects of relaxed credit constraints under fairly strong assumptions about household

beliefs.

To see this, consider a simple model of housing demand in which demand is a function

of county-level loan-to-value limits and individual beliefs about housing:

Hic ∼ β0 + βLLc + βrEi[r̃H,c] + εic (3.10)

Further specify a fairly general model of household beliefs as a linear combination of every-

thing in the information set of the household:

Ei[r̃H,c] ∼ ρ0 + ρLLc + ρ′FFi/Lc + ηic (3.11)

The county-level loan-to-value limit is part of the household’s information set and is repre-

sented because of its possible dual role in mitigating credit constraints and shaping beliefs.

The parameter of interest is βL, which, as described above, is the parameter for which

this paper provides an unbiased estimate. Ordinarily, using a geographic instrument to

resolve the problem of an omitted variable, beliefs, would also provide an unbiased estimate.

However, because any county-level treatment that eases a household’s credit constraints

doubles as an information treatment that may shape their beliefs about housing returns in
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the area, this strategy may produce a biased estimate of the pure credit availability effects.

To see this, construct a candidate instrument, zc, that satisfies relevance:

Lc ∼ λ0 + λzzc + uc λz ≠ 0

Further stipulate that the candidate is nearly exogenous in the sense that it is orthogonal to

all other shocks and information:

zc ⊥ Fi/Lc, ηic, εic

The candidate instrument cannot be orthogonal to beliefs because it is non-orthogonal to

loan-to-value limits by construction and, as information, these enter beliefs. For this reason,

the instrumental variable estimator may include bias:

β̂IVL =
Cov(Hic,zc)
V ar(zc)

Cov(Lc,zc)
V ar(zc)

= ... = βL + βrρL

In practice, there may be no bias if either return expectations have no effect on housing

demand, βr = 0, or local credit availability has no effect on return expectations, ρL = 0.

Because a household with more optimistic return expectations can increase their perceived

wealth by weighting their portfolio toward housing, it is unlikely that the former holds. If

the local housing market has perfectly elastic housing supply, it is long-run expectations that

enter the demand equation, and households have rational expectations, then the latter may

hold.

Rational expectations is a useful benchmark but a fairly strong assumption. In the present

setting, it is possible to weaken this assumption because the effective treatment of loan-to-

value limits takes place at the individual rather than aggregate level. The availability of credit

experienced by the borrower in no way differentially informs them about the availability of

credit experienced by other borrowers and therefore it is less plausible that they might draw
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conclusions about the future price of housing in the area.

3.5 Estimation

3.5.1 Sample Construction

A key obstacle for implementing the estimator outlined in the previous section is the ability

to reconstruct the borrower’s choice set from their characteristics so that their transaction

may be located in that choice set relative to the kink. Loan-to-value limits are fairly standard

across borrowers, but to impute effective initial balance limits requires knowledge of both a

borrower’s debt-to-income limit and their income at the time of origination. I overcome data

limitations by merging HMDA and CRISM data. In doing so, I follow the observation from

Bartlett et al. [2021] that these data are mergeable; I have a somewhat different purpose in

doing so, and am somewhat more limited in my ability to do so extensively.

HMDA data cover 90% of mortgage originations in the United States [Bartlett et al.,

2021], provide borrower-level data, and include minimally-redacted information on borrower

income. However, HMDA does not cover debt-to-income limits or loan realizations until

2018 and these are heavily redacted. CRISM is a merge of Equifax credit bureau fields to

BlackKnight mortgage loan origination and performance data; since 2005, it covers roughly

60% of mortgage originations [Adelino et al., 2013].

By merging the datasets, I obtain both income and realized debt-to-income values on

a sample of FHA loans. My sample is limited to FHA loans in the years 2018 and 2019

for reasons of data availability. CRISM tends to report 5-digit, as opposed to 3-digit, zip

codes only for FHA loans; HMDA contains enough origination variables, like home price and

interest rate, only beginning in 2018. In principle, with better data, it would be possible

to compute the analysis on any loan with both a loan-to-value and debt-to-income limit. I

describe the merge procedure in more detail below.

I begin by constructing a large sample of FHA loans, which I refer to as the CRISM
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2009-2020 Sample. This consists of loans in CRISM that are vanilla (non-IO and non-

balloon), fixed-rate, 15 or 30 year, first mortgages for purchase of single-family, owner-

occupied housing and are originated through the FHA between 2009 and 2020. I discard a

handful of observations which are not onboarded to CRISM promptly, or have unrealistically

high LTV ratios at origination. I use HUD crosswalks to identify the counties associated with

the 5-digit zip codes in these samples, and use county and month of origination to merge

in up-front mortgage insurance premium rates, the HUD county median home price index,

county-level FHA loan limits and county-level GSE conforming loan limits, all hand-collected

from mortgagee letters on HUD’s website.2

Next, I construct another sample of FHA loans from HMDA, which I refer to as the

HMDA 2018-2019 Sample. I begin by identifying loans in HMDA that are vanilla (non-IO,

non-balloon, non-HELOC, non-reverse, and non-negatively amortizing), fixed-rate, 15 or 30

year, first mortgages for purchase of single-family, owner-occupied housing and are originated

through the FHA between 2018 and 2019.

Finally, I assemble a sample for the main analysis in the paper, which I refer to as

MSAMP3. For each loan in the CRISM 2009-2020 Sample, I search for a loan in the HDMA

2018-2019 Sample according to the following procedure. First, I consider any loan in this

sample that with the same state, county, zip code, origination year, and loan term (15 or 30

years). Next, score the proximity of the loans along four characteristics, the initial balance,

the transaction price, the loan-to-value ratio, and the interest rate. Because of censoring in

both HMDA and CRISM, I do not penalize differences in the initial balance or transaction

price up to $5k. Outside of this bandwidth, and in the case of the loan-to-value and interest

rate, I apply a linear penalty for deviations, until at a large-enough bandwidth, I say there

is no match between the characteristics. I require the candidate HMDA loan to match the

2. Note that it is possible, in principle, to extend this sample to 2005; the ease of collecting FHA and
GSE conforming loan limits beginning in 2009 was the motivation for the sample start date. Furthermore,
obtaining 5-digit zip codes in CRISM, which is necessary both for identifying county-level limits and for a
successful merge to HMDA data, requires focusing on FHA loans rather than conventional mortgages in the
version of CRISM to which I have access.
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CRISM loan along all four characteristics and then keep a single match from any that remain

that performs the best on a combination of all four dimensions.

I depict the quality of the merge in Figure (3.15). The vast majority of these merges

are exact matches in interest rates and loan-to-value ratios. Further evidence of the match

quality can be obtained by observing the sharp decrease in matches for which the CRISM

loan amount or house price is more than $5k away from its HMDA counterpart. This is

consistent with an exact match given the redaction methods in the HMDA data.
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Figure 3.15: This figure depicts the merged sample in the state of California. The
four panels depict differences in the HMDA and CRISM recorded values of the Loan
Amount, Price, LTV, and Rate for each loan in the final sample. [I] The y-axis is
a log-scale so that the modest central spikes, for which merged characteristics are
almost identical, vastly outnumber those instances of mis-matched errors. [II] The
steep decrease in match frequency of loans with either loan amounts or loan prices
more than $5k apart. This drop in match frequency is not the result of our match
scoring procedure, which moves continuously across the threshold. Instead, it is
likely due to the fact that HMDA censors loan amounts and transaction prices at
$5k (CRISM censors at $1k). Therefore, the censored values of correctly matched
loans would have a difference of anywhere from -$5k to $5k, depending on their
pre-censored values. The merged characteristics are consistent with this.
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I describe the characteristics of the merged sample in Table (3.2). I am able to identify a

match for 75% of the loans in CRISM. Because the CRISM sample is so small, however, this is

only about 15% of the near-universal HMDA sample. Still, the contents of the CRISM sample

look broadly similar to the more representative HMDA sample on the attributes available in

CRISM (columns 1 and 2). And the merged sample also appears broadly similar, though it

is slightly weighted towards loans that remain on balance sheet than the HDMA sample.
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Table 3.2: Merge Process Summary Statistics

CRISM Sample† HMDA Sample† MSAMP3
N=2934 N=14282 N=2184

Loan Characteristics:
Loan Amount ($k) 206 (100) 213 (101) 206 (102)
Property Value ($k) 218 (109) 221 (107) 215 (107)
Interest Rate (%) 4.66 (0.64) 4.59 (0.64) 4.65 (0.63)
Total Costs ($k) . (.) 7.65 (9.54) 7.24 (3.45)
Rate Spread (%) . (.) 1.40 (0.56) 1.44 (0.55)
LTV (%) 94.9 (6.48) 96.0 (5.31) 95.8 (4.62)
DTI (%) 41.2 (9.02) 43.3 (9.61) 40.4 (8.99)

Borrower Characteristics:
Annual Income ($k) . (.) 71.9 (37.4) 70.0 (36.0)
FICO Score 673 (45.9) . (.) 675 (46.3)
Age (y) . (.) 38.9 (11.9) 38.3 (11.9)
Ethnicity: Hispanic or Latino .% 23.8% 24.1%
Race:

Asian .% 2.50% 2.00%
Black or African American .% 15.2% 15.1%
White .% 78.9% 80.1%

Sex:
Female .% 28.2% 28.3%
Joint .% 33.7% 31.9%
Male .% 38.1% 39.7%

Funding Characteristics:
Purchaser Type:

Balance Sheet .% 41.3% 47.7%
FNMA & FDMC .% 0.21% 0.10%
GNMA .% 44.6% 38.3%

Source Type:
Correspondent 33.8% .% 37.1%
Retail 50.5% .% 46.6%
Wholesale 15.6% .% 16.3%

†1pp; FHA-insured; 2018-19; 1st Lien; Owner-Occupied; 1-4 Unit Dwelling;
Purchase; 30-year; Fixed Rate; Vanilla; Conforming
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Table 3.3: Detailed Summary Statistics for MSAMP3

N x sx p0 p25 p50 p75 p100

Loan Characteristics:
Loan Amount ($k) 218k 206 98.6 20 137 187 257 967
Property Value ($k) 218k 215 103 20 142 195 267 1150
Interest Rate (%) 218k 4.65 0.64 2 4.25 4.62 5.12 7.12
Total Costs ($k) 208k 7.35 6.69 0 5.04 6.82 9.05 1710
Rate Spread (%) 215k 1.44 0.56 -4.96 1.05 1.38 1.78 21
LTV (%) 218k 95.9 4.41 13.9 95.5 97.5 98.2 117
DTI (%) 68.9k 41.2 8.97 1 36 42 47 95

Borrower Characteristics:
Annual Income ($k) 218k 69.9 36.3 -40 46 63 86 990
FICO Score 191k 675 46.6 342 643 668 702 850
Age (y) 218k 38.5 11.8 20 30 40 50 80

Census Tract Characteristics:
Population (k) 218k 5.6 2.89 0.18 3.85 5.1 6.66 53.8
Minority Population (%) 218k 36.8 27.9 0 13.5 28.9 56.1 100
Median Income ($k) 218k 71.5 24.6 0 54.1 68.4 85.3 282
1-4 Unit Homeownership Rate (%) 217k 69.3 14.8 0.31 60 71 80.3 100
Median Age of Housing Units (y) 216k 39.4 17.3 4 26 38 52 76

3.5.2 Estimator Implementation

Taking the identification strategy to the data requires that three assumptions hold. First,

that the counterfactual distribution would be smooth if not for the presence of the notch.

Second, that bunchers SSecond, that bunchers come from a continuous set such that there

exists a well-defined marginal buncher. Third,

To calculate identify P om−P∗, I estimate the counterfactual distribution that would have

occurred in the absence of a kink. I identify each transaction’s “relative price”, the distance

between the transaction price and the household’s reference price, where the reference price

is imputed for each household according to the procedures explicated above. I estimate

the counterfactual distribution of relative prices by fitting a polynomial to the counts, but

excluding data near the kink, with the following specification:
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Nj =
q

∑
i=0

β0
k(pi)

k +
Rr
∑
i=R`

δ0
j1{i = j} + ε

0
j (3.12)

Above, transactions are divided into 250 bins indexed by j ∈ {−200, ...,0, ...,49}. Each

bin has a width of $400 so that the relative prices used in the estimation range from -$80k

to $20k. For each bin, j, the number of loans is denoted Nj and the relative price at the

midpoint of the bin is denoted pj . R` and Rr denote the index of the left and right-most

bins deemed to contain bunching mass, which I set at −12 and 0, respectively. And q is the

order of the polynomial, which I set to 15.

I use the predicted values from Equation (3.12) to estimate the counterfactual distribu-

tion:

N̂j =
15

∑
k=0

β̂k(dj)k (3.13)

I use the difference between observed and counterfactual bin counts in the bunching

region, i ∈ {−12,0}, to estimate the excess mass:

B̂ =
0

∑
j=−12

(Nj − N̂j) =
0

∑
j=−12

δ̂j (3.14)

I do not observe salient missing mass above the kink point, a common feature of the

bunching estimator literature. Because the bunching mass in the realized distribution must

derive from mass above the kink point in the counterfactual distribution, a more accurate

estimate of the counterfactual distribution would increase its mass by that of the estimated

excess bunching mass. This is a common feature of bunching strategies and I employ an

iterative procedure to identify teh counterfactual distribution used in the literature [Bachas

et al., 2020, Chetty et al., 2011, Kleven and Waseem, 2013]. Having estimated a counterfac-

tual distribution, I inflate the mass of transactions above the bunching region by the amount

of the bunching mass. In particular, having estimated B̂ from equations (3.12) and (3.14),
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we estimate the following:

Nj ∗ [1 + 1{j > Rr}
B̂

∑∞j=Rr+1Nj
] =

q

∑
i=0

βk(pi)k +
Rr
∑
i=R`

δj1{i = j} + εj (3.15)

This yields a new value of B̂ which can be used again in Equation (3.15) iteratively until

the value of B̂ reaches a fixed point.

I then define the adjustment of the marginal buncher, P om − P∗, as the ratio of the

bunching mass to the average density of the counterfactual distribution in the bunching

region:

P om − P∗ = B̂

∑Rrj=R` N̂j/(Rr −R` + 1)
(3.16)

I compute standard errors by following a non-parametric bootstrap procedure. In par-

ticular, following Bachas et al. [2020], Chetty et al. [2011], I create new bins of loans by

sampling from the estimated vector εj and adding these to the estimated distribution. I

then use the outlined procedure to compute a new estimate of the marginal buncher’s ad-

justment. To compute the elasticity, I use the median reference price as the reference price.

I define the standard error of the elasticity estimate as the standard deviation of estimates

due to repeated sampling.

Because down-payment and house prices are related by a constant, I can repeat the

estimation procedure with down-payments. In this specification, I consider 200 bins indexed

by j ∈ {−100, ...,0, ...,99}, each with a width of $60 so that the relative down-payments are

in the range of -$6k to $6k. I set R` to -1 and Rr to 0. I retain a polynomial of order 15.

3.6 Results

3.6.1 Suggestive Evidence

Suggestive evidence of bunching in the cross-section of relative housing quantity comes from

simple histograms of realized loan-to-value and debt-to-income ratios on loans. I plot these
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in Figure (3.16a) for the full HMDA FHA sample and in Figure (3.16b) for the merged

sample. There is considerable bunching in both samples at the loan-to-value limit of 96.5%

and some modest bunching at the lowest of debt-to-income limits of 43%.3 Although neither

form of bunching is exactly the bunching of interest, the fact that both forms show up in

the full sample mitigates concerns about using a selected sample for the primary analysis.

(a) (b)

Figure 3.16: Above are histograms of LTV and DTI for both the HMDA FHA sample
and the merged sample. In both samples, there is bunching in both the LTV and the DTI
at limit amounts, denoted in dashed black lines. The disagreement between the limits and
the location of the bunching is due to adjustments made for mortgage-insurance premiums.
Neither form of bunching is the bunching of interest for the purpose of the analysis but both
are suggestive of the existence of such bunching. Finding comparable suggestive evidence in
the HMDA sample mitigates concerns about the representativeness of the merged sample.

3. Where the bunching in debt-to-income realizations appears somewhat off the standard debt-to-income
limits, this is because the FHA allows a borrower to roll the mortgage insurance premium into the balance
of the loan without counting it toward the debt-to-income limit.
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Figure 3.17: Above are histograms of the reference downpayment and
house price for every transaction in the merged sample. There is consid-
erable variation in these values, suggesting that any bunching obtained is
not the result of a coincident policy. The apparent bunching in these plots
is the result of county-level loan limits which are binding for borrowers of
sufficiently high income in the county. This is not the bunching of inter-
est but does serve to improve the variability of the kink point relative to
borrower characteristics.

The intuition conveyed in these histograms is reiterated in Figure (3.18). In this figure,

I plot the relative down-payments and house prices for transactions in MSAMP3 that take

place in Cook County, Illinois. The density of transactions near an apparent left and upper

boundary comports with the nature of the household problem described in the section on

the empirical approach. The transactions near the left-most boundary are a depiction of

bunching in the LTV constraint; transactions near the upper boundary are a depiction of

bunching in the DTI constraint. The bunching of interest in our estimator is excess density

where the two constraints intersect.
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Figure 3.18: Above are transactions from the merged sample in Cook
County, IL, plotted in downpayment-house price space and normalized to
the reference downpayment and house price. The household choice set
becomes apparent empirically from this plot and resembles the choice set
established in the household problem. The bunching in LTV and DTI are
apparent in the relative frequency of borrowers along the left and upper
edges of the choice set, respectively. The bunching of interest in this paper
concerns the relative frequency of borrowers at the origin, specifically.

3.6.2 Loan-to-value Elasticities of Housing Demand

More direct primary evidence comes from Figure (3.19), which plots down-payments and

house prices relative to the reference amount.4 Note that the upper and lower panel are

really the result of collapsing a full-sample version of Figure (3.18) onto the x- and y-axes,

respectively. The bunching at the reference amount suggests that households are, in fact,

credit constrained and therefore rely on financing terms available through the FHA for

marginal units of housing purchase.

Figure (3.17) plots the distribution of reference down-payments and housing prices for

the individuals whose transactions are plotted in Figure (3.19). It is no coincidence that the

upper and lower panels look nearly identical; recall that the reference down-payment is the

reference price scaled by a function of the loan-to-value limit, and this loan-to-value limit is

4. These plots can only be constructed for the merged sample and so sample selection concerns remain.
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identical for nearly all FHA transactions. The presence of bunching in this plot is due to

the presence of absolute county initial balance limits, which bind instead of DTI limits for

all individuals of sufficiently high income in a county. This plot provides evidence that the

reference points aligned to generate Figure (3.19) are heterogeneous due to both differences

in income and geography. It allays concerns that the documented bunching is due to some

coincident threshold.

Implementation of the bunching estimator is depicted in Figure (3.20). The dotted black

lines designate the assigned area of bunching, the orange line depicts the counterfactual

distribution, and the red line depicts the counterfactual location of the marginal buncher. I

use the median reference price and down-payment in the formula for the bunching estimator.

Using down-payment amounts, I obtain an elasticity estimate of 0.025 ± 0.007; using house

price amounts, I obtain 0.014 ± 0.004.

These suggest fairly small adjustments to housing demand in response to changes in credit

availability. For a hypothetical household formerly bound by a debt-to-income requirement

who experiences a relaxation of that requirement, this estimate suggests they would only

increase their housing demand by 2.5%. This effect, however, is restricted to households

bound by the debt-to-income requirements. Hypothetical households bound by loan-to-

value requirements experiencing a relaxation of this requirement of 18% (when mortgage

financing becomes more widely available at 95% rather than 80% LTV), would only increase

their housing demand by 0.18 ∗ 2.5% ≈ 0.5%.5

As a final exercise, I test whether the estimate varies in the distribution of incomes. I

divide households into groups by whether their annual income at the time of origination was

in [$0k,$40k), [$40k,$60k), [$60k,$80k), or [$80k,$ inf). I plot the distribution of relative

down-payments in Figure (3.21). The evidence suggests some consistency with the idea that

higher income households are less credit constrained. Implementing the bunching estimator

5. This latter number could change substantially if considering the quasi-income effects of additional loan
balance becoming available.
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Figure 3.19: Primary evidence of bunching in both downpayment and house prices. Note
that both measures map to housing quantity according to Pi = pHHi and Di = (1 −Li)Pi.

Figure 3.20: The bunching estimator implemented on the data in both downpayments and
house prices. The black dashed lines designate the area in which the bunching is determined
to be present. The red line designates the counterfactual behavior of the bunching agent,
as measured by the bunching estimator. Following the literature, an iterative procedure is
used to back out the counterfactual density, depicted in orange.
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within groups confirms this in the estimated values, which are .031, .028, .022, and .022,

in respective income bins. However, the standard errors on these values are too large to

distinguish them statistically. Moreover, the variation in the magnitude is does not appear

to be sufficiently large to explain differing housing returns in different markets.

Figure 3.21: This figure depicts the pattern bunching relative to the reference house price
in the cross section of household income. The figures on the left depict the bunching and
the figures on the right depict the annual income for the households on the left. I consider
income buckets $0-$40k, $40k-$60k, $60k-$80k, and $80k-$100k. There is evidence that the
bunching is declining in household income.
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3.7 Conclusion

In this paper, I develop a new estimator of the loan-to-value limit elasticity of housing

demand. This estimator has the benefit that it captures only partial equilibrium effects

and is therefore more plausibly excludes the confounding effects of changing house price

expectations. In addition to providing extensive analysis on how the estimator is constructed

and interpreted, I apply it to a sample of FHA loans from recent years. While I find evidence

that credit constraints play a role in limiting these households’ access to housing on the

intensive margin, the magnitude appears to be somewhat limited.
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CHAPTER 4

HOUSING WEALTH MANAGEMENT AT RETIREMENT

4.1 Introduction

American households (HHs) tend to have inadequate savings to finance consumption in re-

tirement. The median net worth of HHs ages 51-56 in 2004 was only $152k. Moreover,

retirement consumption is financed out of private pensions, housing equity, and social se-

curity (SS) entitlements; were it not for SS benefits, 39pp rather than 9pp of elderly HHs

would have lived in poverty as of 2017 [Sommer, 2019]. This may be due to mispercep-

tions about working ability in retirement as well as myopia plays a dominant role in HH

retirement-saving decision-making [Thaler and Benartzi, 2004].

Ensuring adequate financing for retirement consumption is becoming both more impor-

tant and more difficult as the baby-boomer generation ages. It is projected that by 2035,

the number of Americans 65 or older will rise to 79m from 49m [Sommer, 2019] and that one

in three households will be headed by someone sixty-five or older [Joint Center for Housing

Studies, 2014]. Unless modifications to the program are made, SS will have to begin drawing

down assets to pay promised benefits in the year 2020. If SS funds were to be depleted,

benefits would be cut by 20% [Sommer, 2019].

Housing equity comprises a significant fraction of American HH’s retirement savings.

Among HHs ages 70-75, about 80pp own a home and 25-30pp of retired HH wealth is in

housing [Davidoff, 2009]. To understand how HHs finance their retirement consumption

requires understanding how they spend out of their housing wealth. Although there has

been some work on how HHs spend out of their housing wealth during retirement, to the

best of my knowledge there is no work on how HHs tap into their housing wealth at the

beginning of retirement.

This paper documents that retirement from the labor force prompts HHs to liquidate

housing wealth. By using SS eligibility thresholds as an instrument for retirement, I show

103



that exiting the labor force prompts 12pp of HHs to issue originate first mortgage debt and

3pp of HHs to extract equity from their home within two years. I document this effect in

the Survey of Consumer Finances and corroborate the results in the Health and Retirement

Study.

I show further that liquidation of housing wealth at retirement is associated with a

rise in liquid balances that is larger than liquidation not prompted by retirement. This

suggests that housing wealth liquidation at the retirement threshold is qualitatively different

from liquidation at other points in the life-cycle. The regression results are consistent with

ordinary liquidation being prompted by adverse expense shocks and retirement liquidation

being pro-active, i.e. anticipating the need for liquid assets.

I consider a variety of reasons that HHs may have for liquidating or borrowing against

their housing wealth at retirement. In particular, I consider that they may be moving

because they value geography differently, they may be smoothing consumption, they may

have relaxed credit constraints at the threshold, and they may be consolidating debt to

simplify their finances. The evidence is mixed and multiple channels may be operative.

4.1.1 Literature

There is a vast literature on the effects of Social Security in the United States. Among the

outcome variable considered are private savings [Feldstein, 1974], retirement [Mastrobuoni,

2009], labor supply [Liebman et al., 2009], and mortality [Fitzpatrick and Moore, 2018]. I add

a different outcome variable to this literature: the timing of new mortgage debt acquisition

is driven by Social Security program parameters, both as households move and consume out

of home equity.

The literature on the uses of housing wealth in retirement emphasizes that, though it

is a significant component of household wealth, households tend not to consume out of

it. Nakajima and Telyukova [2011] finds that renters in retirement tend to run down their

wealth more quickly than do homeowners. Poterba et al. [2011] documents shocks to family
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structure, like divorce and death, as an important correlate of reduction in housing equity.

Fisher et al. [2007] finds that older Americans are increasingly mortgage free to age 80.

Davidoff [2009] suggests that housing wealth may be used as a hedge against longevity risk.

These trends may be true on average but we document that at the retirement threshold,

households increasingly borrow against their homes.

The literature describes several determinants of refinancing. HHs may take advantage

of falling interest rates [Quigley, 1987]. Structural changes in the mortgage market over

time may make it less costly to access wealth in homes [Bennett et al., 2001]. The effects

documented in this paper are most similar to Hurst and Stafford [2004], which notes that

households refinance to smooth consumption in periods where they suffer a large drop in

income. The drops in income studied there, however, are not necessarily anticipated, whereas

social-security induced retirement creates predictable drops in income.

A strand of the retirement finance literature investigates the “retirement consumption

puzzle”. Early work suggested that the drop in household consumption expenditure at re-

tirement might deviate from the predictions of the permanent-income hypothesis [Bernheim,

1987, Banks et al., 1998]. More recent work documents that it is a drop in consumption

expenditure rather than consumption itself, and that this drop can be attributed to bargain

shopping induced by reduced opportunity cost of time at retirement [Aguiar and Hurst,

2005, 2007]. Very recent work attempts to resurrect non-rational explanations of retirement

savings by identifying a drop in consumption expenditure as well as a rise in savings balances

at retirement [Olafsson and Pagel, 2018].

Taken together, this literature debates whether a drop in consumption expenditure at

retirement is evidence that households save too little relative to the permanent-income hy-

pothesis, a rational benchmark. By contrast, this paper documents that households make

predictable and expensive divestment decisions at the retirement threshold. This raises the

possibility, which I consider briefly in closing, that households are storing too much of their

retirement savings in housing relative to a rational benchmark.
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4.1.2 Institutional Background

Social Security is an insurance program founded in 1935 and run by the Social Security

Administration (SSA), a federal agency. The program taxes earnings of working individuals

to fund benefit payments, most prominently in the form of annuity distributions to retirees.

The program operates on a pay-as-you-go basis, so that current payments are used to fund

current benefit payments.

The amount of a worker benefit is a function of the worker’s earnings over his or her

lifetime. In particular, a worker’s 35 highest annual earnings (after index adjustments, in-

cluding zeros for years of non-employment, and truncated at maximum taxable earnings) are

averaged to compute the worker’s average indexed monthly earnings (AIME). The worker’s

primary insurance amount (PIA) is then computed as a progressive transformation of the

AIME. The worker benefit amount is then a function of the worker’s PIA, depending on

when the recipient chooses to receive the benefit. [Liebman et al., 2009]

The worker receives the full PIA if they claim at the full retirement age (FRA). The FRA

is a program parameter that is 65 for individuals born in 1937 or before, rises two months for

every year born thereafter until it reaches 66 for individuals born between 1943 and 1954,

then rising two months for every year again until it reaches 67 for individuals born in or

after 1960. [Social Security Administration]

Workers need not claim their SS benefits at the FRA. They may claim benefits as early

as age 62. For each year before the full retirement age, they receive a permanent reduction

of 6.66pp in the benefit amount, pro-rated by month. Alternately, workers may delay their

claim. For each year of delay up to the age of 70, they receive a permanent increase of 5pp

in the benefit amount, pro-rated by month.

In addition to worker benefits, SS also offers benefits to spouses and survivors. Spouses

may claim a benefit equal to the greater of their own worker benefit and 50pp of their

spouse’s benefit. Widowed spouses may claim a benefit equal to the greater of their own

worker benefit and 100pp of their spouse’s benefit. Widowed spouses may claim as soon as
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age 60.

4.2 Data and Empirical Strategy

4.2.1 Data

This paper uses data from the Survey of Consumer Finances (SCF), the Health and Retire-

ment Study (HRS), and TransUnion (TU) consumer credit records. Below, I describe each

dataset and the samples I construct for the analyses conducted in this paper.

The Survey of Consumer Finances (SCF)

The SCF is a pooled survey of a random sample of American households. It contains in-

formation on demographics, finances, and financial institutional affiliation. The survey has

been administered every three years since 1983. The SCF assigns the designation of HH head

to the male in a different-sex couple and older partner in a same-sex couple, a convention

I adopt for convenience purposes. The interviews contain information on the birth year of

the HH head, the year the HH head entered retirement, and the last year at which the HH

issued mortgage debt at the time of interview.

I construct a “full sample” from the SCF by pooling the 1992-2016 cross sections. Sum-

mary statistics for the HHs (after adjusting for multiple implicates) in the “full sample” are

presented in Table (4.1). These statistics confirm that the sample is roughly representative

of all HHs in the United States. An odd feature that bears more scrutiny is the fact that

many HH heads appear to claim SS outside the permissible ages. This may be a result of

misreporting or imputation error by the survey administrators.
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Table 4.1: Summary Statistics for SCF “Full” Sample

N x sx p25 p50 p75

Interview Characteristics:
Interview Date 45k 2004 7.8 1998 2004 2010
Age (Interview) 45k 51.0 16.2 39 50 63

Interviewee Characteristics:
1{Married} 45k 0.6 0.5 0 1 1
1{Homeowner} 45k 0.7 0.5 0 1 1
Income ($) 45k 641.6k 4.7m 25.0k 55.0k 140.0k
Liq. Assets ($) 45k 191.2k 1.8m 900 5.6k 33.0k
Checking ($) 45k 78.3k 0.8m 500 2.2k 11.1k
1{Dir. Dep.} 41k 0.7 0.5 0 1 1
# Accounts 45k 2.1 1.2 1 2 3
Age (Soc. Sec.) 10k 63.2 15.1 53 67 72

I construct a “retirement sample” from the SCF by subsetting the “full sample” on

those HHs who have claimed SS benefits and are retired. Only with this information can

I construct the distance of latest mortgage issuance to SS benefit claim dates. Summary

statistics for the “retirement sample” are reported in Table (4.2). These confirm that the

sample is representative of older Americans. Of the 7.0k HHs meeting the criteria, 21%

report a date of most recent first mortgage origination and 4% report a date of most recent

equity extraction.
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Table 4.2: Summary Statistics for SCF “Retirement” Sample

N x sx p25 p50 p75

Interview Characteristics:
Interview Date 7.0k 2006 8 1998 2007 2013
Age (Interview) 7.0k 73 8 67 72 79

Interviewee Characteristics:
Birth Date 7.0k 1932 11 1924 1932 1941
1{Married} 7.0k 0.5 0.5 0 1 1
1{Homeowner} 7.0k 0.8 0.4 1 1 1
# Accounts 7.0k 2.0 1.1 1 2 3
1{Dir. Deposit} 6.3k 0.9 0.3 1.0 1.0 1.0
Income ($/Yr.) 7.0k 303k 2.1m 18k 35k 80k

Retirement Characteristics:
Age (Retire) 7.0k 63 6 59 62 66
Soc. Sec. Date 7.0k 1996 11 1989 1996 2004
Age (New 1st) 1.5k 63 9 58 64 69
Age (Extract) 307 65 9 60 64 70

The Health and Retirement Study (HRS)

The HRS is a panel survey of a random sample of American households with one member

above the age of 50. It asks respondents detailed questions about demographics, life-cycle

events, health status, and finances. The survey has been administered every two years since

1992; a new cohort is added approximately every six years. I use the RAND Longitudinal File

1992-2014 to construct balance sheet and income statement measures for each household. I

merge additional information on mortgage debt and housing wealth management from the

RAND Fat Files 1992-2014.

I construct a “crude sample” from the HRS by pooling data in every wave from 1992-

2014. I subset on HHs that do not change family structure during all available interview

periods, i.e. HHs with SUBHH equal to zero. Table (4.3) presents summary statistics for

this sample of HHs, where demographic characteristics are assigned according to the first
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financial respondent on record. They are representative of older Americans above the age

of 50 in the years since 1992. A low proportion have claimed SS benefits in part because

many HHs are not yet of claiming age. Some HHs seem to report having claimed before

the age of eligibility, but this is potentially an artifact of the fact that HH birth year is

constructed according to the first financial respondent in the data but HH benefit claim date

is constructed by the earliest claim date for couples.

Table 4.3: Summary Statistics for HRS “Crude” Sample

N x sx p25 p50 p75

Interviewee Characteristics:
Birth Date 22k 1936 15.34 1925 1937 1950
1{Married} 22k 0.55 0.50 0 1 1
# Children 22k 2.69 2.14 1 2 4
1{Hispanic} 22k 0.11 0.31 0 0 0
1{Black} 22k 0.20 0.40 0 0 0
1{High Sch. Grad} 22k 0.72 0.45 0 1 1
1{College Grad} 22k 0.18 0.38 0 0 0

Retirement Characteristics:
1{Claimed SS} 22k 0.51 0.50 0 1 1
Age (Soc. Sec.) 11.5k 58.89 7.74 56.17 61.92 63.08

I construct a “refined sample” from the HRS by again pooling data in every wave from

1992-2014. In the “refined sample”, I aim to include HHs with changing family structure.

Post-divorce branches of HHs are included as distinct from each other and from their an-

tecedent pre-divorce HHs. Allowing for HHs with changing family structure increases the

count of HHs somewhat, to ∼23k, but does not much change the demographic composition

of the sample.

TransUnion (TU)

The TU data are records of outstanding consumer debt as reported by consumer lenders.

TU supplies a 5% random sample of their records to Booth. For a simple analysis of credit

110



scores at the end of the paper, I draw a random sample of 100k consumers from the TU files

in the month of June 2012.

4.2.2 Empirical Strategy

I estimate the causal effect of retirement on HH propensity to originate mortgage debt. Cor-

relations in the timing of retirement and new mortgages may be determined endogenously,

thought the direction of the bias is unclear ex-ante. In the event of an adverse medical shock,

a HH may borrow against their home to pay the medical bills. If the health shock is debili-

tating, the HH may be forced into retirement at the same time and the OLS estimates will

be biased upward; if the health shock is expensive but not debilitating, the HH may continue

to work to help pay the associated bills and the OLS estimates will be biased downward.

To address endogeneity concerns, my main specification instruments for retirement with SS

eligibility thresholds to isolate the effects of exiting the labor force. Specifically, I run the

following IV regression:

Yit = β0 + β1 ∗Xit + β′2Zi + εit (4.1)

Xit = γ0 + γ1 ∗ 1it{SS} + γ′2Zi + ηit (4.2)

For HH i in year t, the main outcome is an indicator either that the HH originated any

new first mortgage, Yit ≡ 1it{New 1st}. I also consider other housing wealth management

decisions, such as the purchase or sale of the home, equity extractions, origination of a new

second mortgage, and origination of a HELOC. The regressor of interest is an indicator of

HH retirement, Xit ≡ 1it{Retire}, defined as retirement of the man in a mixed-sex HH or

the older individual in a same-sex HH.1 Where available in the HRS data, I include FEs,

Zi, for gender, race, education, marital status, number of children, and birth cohort. After

instrumenting for SS eligibility, described below, I predict that retirement will induce new

1. This definition is for convenience purposes and follows the SCF designation of the HH head
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mortgage debt origination, β1 > 0.

The instrument, 1it{SS}, is an indicator of whether the HH head crosses a significant

SS eligibility threshold in that year. Specifically, the indicator takes the value of one in the

year the HH head first qualifies for SS benefits, the year they reach the FRA, and the latest

year at which they can claim benefits. Unless widowed, a possibility we ignore, individuals

first qualify for SS at 62. The FRA is 65 for those born before 1942 and 66 for those born

between 1943 and 1959.2 Age 70 is the latest an individual can claim the benefits.

My first identifying assumptions is that SS eligibility thresholds are relevant for retire-

ment, Cov(1it{Retire},1it{SS}) > 0. It is widely known that SS thresholds, especially

qualification for eligibility at 62, are relevant for retirement. I confirm the age distribution

of SS claims in Figure (4.1) and the age distribution of HH head retirement in the SCF data

in Figure (4.2).

The second identifying assumption is that SS eligibility thresholds do not affect mortgage

acquisition or equity extraction except through the effects of retirement, Cov(εit,1it{SS}) =

0. The SS program parameters are plausibly exogenous because they are legislatively de-

termined and outside the control of the HHs considered. In principle, it is possible that

exogeneity is violated because SS eligibility is correlated with other institutional affiliations

that might drive housing refinance decisions. However, to the best of my knowledge, no

other federal program uses age 62 as an eligibility threshold. Moreover, the use of variation

in cohort FRA mitigates concerns about changes taking place at age 65, specifically. And

the most important contemporaneous change at age 65 is qualification for Medicare; but to

the extent that health insurance buffers against the financial effects of adverse health shocks,

this should reduce the propensity of HHs to borrow against their home and work against the

effects documented in this paper.

To better understand the economics of refinancing at retirement, I analyze the effect of

the refinancing decision on changes in HH liquid balances. There are similar endogeneity

2. It rises to 67 for those born in 1960 onward but there are no such individuals in our sample
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Figure 4.1: The above are counts of social security claim ages in the SCF 1992-2016 data
and adjusted for implicates. These data are roughly consistent with aggregate measures of
when social security is claimed.
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Figure 4.2: The above are counts of retirement and new mortgage obligations by age in the
SCF 1992-2016 data and adjusted for implicates. These graphics depict the IV specification
visually. The instrument is approximated by the dashed vertical lines denoting the ages in
which the instrument applies. The uppermost panel represents the first stage and shows that
retirement is induced by social security eligibility. The middle and lower panels represent
the reduced form for all mortgage debt and equity extraction.
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concerns, like the possibility that an adverse health shock would prompt HHs to spend down

liquid savings and originate mortgage debt to spend out of housing wealth. To identify the

effects on liquid balances of those HHs prompted to refinance by retirement, I use a similar

IV specification.

In this latter case, for each HH i in period t, the outcome is a measure of the change in HH

liquid balances, Yit ≡ ∆Savit. The regressor of interest is an indicator that the HH extracted

equity, Xit ≡ 1it{Extract}. I also consider sale of the home and origination of second

mortgages. Again I include demographic FEs, Zi. And I predict that after instrumenting

for SS eligibility, refinancing will induce a rise in savings balances, β1 > 0.

4.3 Results I: Retirement and New Mortgage Debt

I find evidence that retirement induces HHs to take on new mortgage debt, both to finance

new home purchases and against current housing. Retirement makes a HH 2-12% more

likely to issue any new first mortgage and 2.6-8.5% more likely to extract equity from the

home. I begin by documenting a spike in mortgage origination activity at the same time that

HHs claim SS benefits in both SCF and HRS data. Then I use SS eligibility thresholds to

construct an instrument for retirement and estimate a causal effect of retirement. I include

robustness checks for different regression specifications in the appendix.

4.3.1 Event Study

I use the SCF “retirement sample” to conduct an event study of housing wealth management

at the time HHs first claim SS benefits. In the SCF data, I select HHs in which the HH

head reports having claimed SS benefits. Then I compute the time, relative to their claim

of SS benefits, at which they report last having originated mortgage debt, tM.Debt
i − tSSi .

I count the frequency of new mortgage debt origination by years from SS claims. I report

these counts for first mortgages, second mortgages, and other home loans; I decompose first
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mortgage originations into new home purchases, equity extractions, and rate refinances.

The results are reported in Figure (4.4). In each panel, there are more new mortgage

originations in the year the HH head first claimed SS benefits relative to the two adjacent

years. New first mortgages are the most common type of reported loan, but the increase in

mortgage debt origination at the SS claim date relative to adjacent years is ∼25%-33% for

all categories. Many of the first mortgage originations appear to finance the purchase of new

homes, but ∼20% are equity extractions.

I confirm these results in the HRS “refined sample”. For comparability with the SCF, I

assign a HH head as being the first reported financial respondent if male and their partner

if female. Then I assign each HH the SS claim date, tSS , of the HH head. Next, I merge

data from the RAND Fat Files 1992-2014 to this sample. I compute the time, relative to

the claim of SS benefits, at which HHs report having taken some action, A, to manage their

housing wealth, tAi − t
SS
i . I count the frequency of housing wealth management decisions by

years from SS claims. I report counts of home purchases, sales, equity extractions, second

mortgage originations, and HELOC originations.3

The results are reported in Figure (4.5). Again, in each panel, there is an uptick of housing

wealth management in the same year that the HH head first claimed SS benefits relative to

the adjacent years. Home purchases, analogous to first mortgage origination for new housing

purchases in the SCF, still comprise ∼20% of debt issuance at the SS threshold. Borrowing

against existing housing in the form of equity extractions, second mortgage originations,

and HELOC originations account for more of the housing wealth management decisions at

the threshold, though these measures may suffer from imputation error. Again, in all the

categories, actions in the year of SS claims increase by ∼10-50% relative to adjacent years.

3. Since the 1996 wave, HHs have been asked about the timing of home purchases and sales. I impute
equity extractions as a first mortgage balance that has increased since the previous wave and no purchase or
sale of housing in the interim. I impute second mortgage originations as a positive second mortgage balance
in a wave subsequent to one with no second mortgage balance and no purchase or sale of housing in the
interim. I impute a HELOC origination as the presence of a HELOC in a wave subsequent to one with
no reported HELOC. I cannot date these latter actions, so I assign the second interview date as a noisy
approximation, tAi ≈ tInt.i .
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The HRS results address concerns about selection in the SCF due to the fact that only

the most recent issuance of mortgage debt at the time of interview is reported. Because the

HRS is a panel, repeated issuances of debt can be observed. There may, however, still be

attrition from the sample in years more distant from SS claims, as HHs are not yet eligible

or may become deceased. For this reason, we focus specifically on the spike at the SS claim

date relative to adjacent years.

4.3.2 IV Evidence

SCF

I formally test for the effect of retirement on origination of new mortgage debt with the

instrumental variable strategy described in Section (4.2.2). Specifically, using the SCF “re-

tirement sample”, I construct a synthetic panel. For each HH, I construct a yearly time series

from age 55 to age 75. For each year and for different kinds of mortgage debt, I construct

indicators of whether the HH originated new mortgage debt in that or the subsequent year.

I construct an indicator of retirement, 1{Retire}, using the reported retirement date in the

SCF. Finally, I construct the instrument as an indicator of SS eligibility thresholds.

This IV is presented visually in Figure (4.2). The uppermost panel plots the first stage for

both specifications, the frequencies of retirement by age. The vertical dotted lines depict the

ages at which the instrument may take a value of one. This plot demonstrates clearly that

SS eligibility satisfies the relevance assumption. In general, the distribution of retirement

ages is plausible, centered in the 60s but with tails above and below. The middle and lower

panel depict the reduced form regressions. The most common age at which people report

having last originated mortgage debt and extracted equity is 62, and there are noteworthy

peaks at 66 as well. This consistent with the observed ages of SS claim and the observation

of elevated mortgage debt origination frequencies at SS claim. Taken together these figures

suggest that retirement is driving the origination of new mortgage debt.
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These pictures are consistent with a causal link between retirement and refinancing but

raise some selection concerns. In particular, the high refinancing rates observed in the early

60s relative to the 50s and 80s may be driven by attrition but may bias the estimate of SS

claims upward. I truncate the sample between the ages of 55 and 75 to address this concern.

In the appendix, I demonstrate that results are similar when further truncating between the

ages of 59 and 71. I can also flexibly control for age as a way to parametrically address the

selection concerns.

The regression results are presented in Table (4.4). Column (1) demonstrates that SS

eligibility thresholds are relevant for retirement and that the instrument is strong, with

a significant F-test value of over 1k. In general, the IV estimates are higher than the

OLS estimates. This suggests that the endogenous relationship between housing debt and

retirement is consistent with the story of working longer and consuming housing wealth to

finance adverse expense shocks. Retirement induces a 12.1% increase in the likelihood that

HH issues new first mortgage debt within two years. It increases the likelihood that a HH

extracts equity by 2.6% and increases the likelihood that the HH adjusts their mortgage rate

by 2.0%. I cannot reject the null of no effect on propensity to issue debt to purchase new

housing or propensity to issue a second mortgage.
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HRS

I confirm the results of the IV approach with data from the HRS, which helps address

potential selection concerns. Using the HRS “refined sample”, I again construct a synthetic

panel. For each HH, I construct a monthly time series from two years (the look back period)

before their first interview to the date of their last interview. For each month and for different

kinds of housing wealth management actions, I construct indicators of whether the HH took

the action in a given month. I assign a HH head analogously to the SCF designation,

as the financial respondent if male and the spouse if the financial respondent is female in

coupled HHs. I construct an indicator of retirement, 1{Retire}, as the earliest reported date

of retirement by the HH head. Finally, I construct the instrument as an indicator of SS

eligibility thresholds.

The regression results are presented in Table (4.5). Broadly speaking, these results

corroborate the results in the SCF. In column (1), SS eligibility is shown to be relevant for

retirement and the F-statistic demonstrates the instrument is strong. That it is somewhat

weaker than in the case of the SCF may have to do with the very conservative monthly

frequency I use for the HRS data. Again, the IV estimates of the effect of retirement are

larger than the OLS estimates. Retirement increases the likelihood of extracting equity from

one’s home in the same month by 8.5% and the likelihood of selling a home in the same

month by 7.7%. I cannot reject the null for home purchases, new second mortgages, or new

HELOCs, but this may have to do with my choice to look at actions contemporaneous with

retirement.

The regression results should be interpreted with caution. The synthetic panel consisted

of many monthly observations and for computational reasons, I have not yet been able to

cluster standard errors. Clustering did not much change the SEs in other other analyses I

did with these HRS data, but the statistical significance of the results could be exaggerated.
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4.4 Results II: Retirement, New Mortgage Debt, and Liquid

Balances

I study the effects of retirement-induced housing wealth management decisions (i.e. purchase,

sale, equity extraction). In the HRS, I find that HH liquid balances increase by ∼$5k on

average in the year that they claim SS benefits and that HH mortgage debt increases by

about half this amount at the same time. I use SS eligibility thresholds as an instrument for

refinancing decisions to look for an effect on liquid balances. Instrumenting for home sale,

equity extraction, and second mortgage origination increases the effect on liquid balances

relative to an OLS estimate. Equity extraction yields a ∼$20k increase in liquid balances

when induced by social security eligibility.

4.4.1 Event Study

I use the HRS “crude sample” to conduct an event study of HH balance sheets at the time

they claim SS benefits. For each HH, I define the date they first claimed SS benefits, tSSi

using the earlier claim date in the case of couples (i.e. regardless of gender). For any

interview in which any member of the HH participated, I record balance sheet and income

statement elements, B, and date them by the distance, in years, to the time of the SS claim,

tBi = tInt.i − tSSi . I group observations by years from SS claim and compute means and 95%

confidence intervals within each bucket.

Figure (4.3) reports the results. The upper left panel shows SS income spiking precisely

after SS claims, evidencing that the HHs have been aligned correctly. The upper right panel

depicts total income across the SS claim threshold. HH total income is declining because

HHs have retired and SS income does not completely replace these lost earnings. The decline

in income (though this, of course, may be accompanied by a decline in consumption) makes

the rise in liquid balances, especially a sudden rise, somewhat surprising.

The middle left panel depicts liquid balances across the SS claim threshold. These appear
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relatively stable before and after, but there is a discrete increase in liquid balances at the

time the HHs are first claiming SS. 4 The middle panel on the right depicts HH total assets.

The magnitudes and error bars make it difficult to interpret but there does not appear to

be a discontinuous change in wealth. Instead, liquid balances appear to be the result of

reorganizing the balance sheet.

The bottom two panels examine HH housing wealth and mortgage debt. In the aggregate,

there is limited evidence of HH liquidation of housing wealth. The wealth measure is trends

smoothly through the SS claim threshold. The mortgage debt appears to increase somewhat

in the first year after HHs claim SS benefits. The increase is statistically insignificant but

it can account for 50% of the increase in liquid balances. The fact that there is no similar

trend reversal in housing wealth could be due to downsizing and equity extraction off-setting

each other.

4. The increase in liquid balances before and after retirement has been documented in Olafsson and Pagel
[2018] but they argue this is due to changing consumption patterns. In contrast to their work, this paper
offers that balance sheet reorganization is driving changing liquid savings balances. This is supported both
by the fact that the liquid balances appear to increase at a specific threshold rather than gradually, a fact
their paper does not disentangle.
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4.4.2 IV Evidence

I formally study whether the additional housing wealth management activity taking place at

the SS claim threshold contributes to elevated liquid balances by using the IV specification

described at the end of section (4.2.2). Specifically, using the HRS “refined sample”, I

construct a panel in interview-wave time. I construct a series, by interview wave, of the

change in HH liquid balances from its previous interview, ∆Savit. For each interview period

and for different housing wealth management actions, I construct indicators of whether the

HH took the action since the previous interview wave. 5 For each HH, I assign a HH head

analogously to the SCF designation, as the financial respondent if male and their spouse if

female for coupled HHs; I construct the SS eligibility instrument according to whether the

HH head became eligible since the last interview. Finally, to ensure that outliers are not

driving the result, I winsorize the top and bottom 5% of ∆Savit in the panel.

The OLS and IV regression results are presented in table (4.6). Columns (1), (4), and (7)

show that the SS eligibility instrument is much weaker but still somewhat relevant. It may

be weakened because interviews are far apart making it difficult to pinpoint in interview-

wave time when a HH crosses an eligibility threshold. It appears strong still in the case

of equity extraction. The IV estimates are larger than the OLS estimates, in the case of

home sales and equity extractions, significantly so. This is consistent with adverse shocks

prompting HHs to spend down liquid balances and borrow against or sell their houses to

spend out of housing wealth as well. Instrumenting identifies the effect on liquid balances

of the additional margin of houses refinancing at retirement. These are $60k and $23.1k for

housing sales and equity extractions, respectively.

I conclude that the additional housing wealth management activity taking place at the SS

claim date can help explain, in part, the simultaneous one-time discontinuous rise in liquid

balances.

5. I consider purchase, sale, equity extraction, second mortgage origination, and HELOC origination and
impute these values as described above.
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4.5 Interpretation

I have documented that retirement causes the issuance of new mortgage debt, but issuance

remains a choice that is mediated by the HH. In this section, I conduct an audit of the HH’s

decision-making to better understand their economic motives. I consider several potential

explanations: HHs may be more motivated to move after retirement, they may need accessi-

ble wealth to supplement reduced income and smooth consumption, they may simplify their

financial obligations, and they may enjoy better credit after claiming SS benefits.

As evidence, I consider the origination of mortgage debt for current and purchased hous-

ing, the effects of refinancing on savings balances, credit scores at SS eligibility thresholds,

and survey evidence on the stated purpose of refinancing. The evidence is modest and sug-

gests that more than one explanation may apply, but ultimately inconclusive. It is consistent

with the explanation that HHs are moving but this cannot explain all of the mortgage debt

originated. It appears inconsistent with expanded credit supply for HHs on SS income. It

is plausible both that HHs are consumption smoothing or simplifying their financial obliga-

tions, though we document a transfer of wealth to liquid balances that appears to persist

and which reduces the power of those explanations on the margin.

4.5.1 Explanations

Retirement might motivate a HH to originate new mortgage debt for several reasons. In this

section, I consider the following:

1. HHs may become less attached to the geographic region of their former residence after

retirement. This may be because they substitute away from working and toward leisure

activities or because, even if they wanted to re-enter the labor force, they do not benefit

more by being close to a former employer. HHs may pay off their former mortgage and

take on a new one in order to finance the purchase of a new house in a different region.

2. It is possible that HHs face credit constraints in borrowing against their homes, in
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particular if prospective lenders consider their future income to be too risky. SS benefits

are guaranteed by the government, however, and lenders might be more willing to lend

because of this. The rise in additional borrowing against current housing might be

explained by an extension of credit to HHs who would have borrower earlier if they

could have.

3. Households retiring from the labor force may be required to consider their finances

as the source and amount of their income changes, as they begin to tap into their

pension wealth, and as they budget for retirement and plan to unwind their estate.

This required degree of scrutiny may reduce the marginal effort required to simplify

finances by, say, consolidating or paying off debt. Borrowing more against current

housing may be a way of doing this.

4. Income at retirement falls predictably because SS benefits do not completely replace

lost employment income. The PIH predicts that a HH faced with a predictable loss

in income will have saved wealth and then begin to consume out of it. Liquidating

housing assets might be an instance of such consumption smoothing.

4.5.2 Evidence

Current vs. Acquired Housing

To the extent that HHs value geography differently after retirement, they will issue debt

against newly acquired housing rather than lever their current housing assets. In both the

SCF and HRS, it is possible to observe purchases of new housing separately from issuance of

additional debt against current housing. The spikes in the upper right panel of figure (4.4)

and the upper left panel of figure (4.5) both suggest that new purchases contribute to the

debt issuance at retirement. I cannot reject the null that retirement does not induce home

purchases in both the SCF and HRS regression analysis, but the HRS is very conservatively

estimated.
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Even if moving accounts for some of the issuance of new mortgage debt, it cannot account

for all of it. In particular, equity extractions appear to spike at retirement. This means

explanations which rely on HHs changing their housing consumption decision are incomplete.

Among those who do not move but borrow more heavily, housing is being exploited as a

purely financial asset. To understand their motives, it is necessary to understand what they

do with the liquidated funds.

Figure 4.4: The above are counts of when HHs take out mortgage debt relative to the
year they claim SS benefits. They are derived from the SCF 1992-2016 and are adjusted
for multiple implicates. New mortgage obligations spike in the year or year after HHs claim
SS benefits. Some is the result of new home purchases, but some is the result of borrowing
against existing housing, especially 2nd mortgages and equity extractions.
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Figure 4.5: The above are counts of housing wealth management decisions by HHs relative
to the year in which they first claim SS benefits. They are derived from the HRS 1992-
2014 RAND Fat Files. HHs increase their purchase and sale of homes, but also take out
significantly more debt against their homes in SS claim years. The role of additional debt
on already owned homes is more prominent in the HRS than in the SCF.

Refinancing and Liquid Balances

In section (4.4), I document that the additional margin of sales and equity extraction taking

place at retirement increases liquid balances. The fact that the sign of association between

extractions and changes in liquid balances changes after instrumenting is noteworthy. It sug-

gests that the housing wealth management activity taking place at the threshold is proactive

and not a response to expense shocks.

In principle, if all of the extracted dollars wind up permanently in liquid balances, this

is inconsistent with stories of debt consolidation and consumption smoothing. So the fact

that some dollars are deposited in liquid balances tempers the extent of those explanations.
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Of course, it is not clear that everything extracted is deposited there or that liquid balances

aren’t used for consumption at a later date. The fact that liquid balances appear relatively

stable after the SS claim date in figure (4.3) suggests that these transfers are not being

systematically consumed (even at a later date). If precautionary liquid balances became

more valuable in retirement, this might help explain the persistence of the increase.

Credit Scores

I use the random sample from the TU dataset to analyze how credit scores change at SS

eligibility thresholds. I subset the sample to retain individuals whose birth date and Vantage3

score is available. I bucket by age in years and compute average Vantage3 scores. Figure

(4.6) plots this average as well as the SS program thresholds. There are no discontinuous

increases in the Vantage3 credit score at any of the SS program thresholds, so if credit

becomes more available, it does not appear to be happening through a credit score. Credit

may become available to SS recipients through channels other than the credit score, but this

suggests that refinancing activity is not driven by credit constrained individuals realizing

additional credit supply.

Stated Purpose of Extraction

The SCF asks HHs who report extracting equity from their home their reason for doing so.

Figure (4.7) plots counts of equity extractions by years from SS claim according to HHs

stated purpose. The quantities of HHs are low so the results should be interpreted with

caution. What is notable is that the spike in extractions contemporaneous with claiming SS

benefits persists in several of the subgroups, including investment purposes.

Equity extractions for the purpose of non-housing consumption do not tick up in the year

of SS claim. This suggests that perhaps consumption smoothing is not the motive. There is,

however, an uptick in HHs that report extracting equity to invest in their homes. The future

flow of housing services enjoyed might reasonably count toward consumption. It is worth
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Figure 4.6: The above is a plot of average Vantage3 credit scores by age for a random
sample of 100k individuals in June 2012. Various SS eligibility thresholds are plotted. There
does not appear to be any discontinuous increase in credit score over these thresholds. This
suggests that retirement refinancing induced by SS eligibility is not the result of changing
credit supply.

noting, though, that many of these investments, anecdotally, are undertaken to allow HHs

to age in place. These sorts of investments, then, represent age-differentiated consumption

goods that are not captured by the simple single-good PIH model.

There is a notable increase in HHs who cite debts and gifts as their reasoning for ex-

tracting equity when claiming SS benefits. Paying off debts would be consistent with a debt

consolidation story but gifts would not be and it is not possible to decompose this measure

further.
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Figure 4.7: The above are counts of when HHs extract equity from their homes for different
purposes relative to the year they claim SS benefits. They are derived from the SCF 1992-
2016 and are adjusted for multiple implicates. HHs appear to be paying off outstanding
debts and investing especially in their homes.
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4.6 Discussion

I have documented that retirement prompts HHs to issue new mortgage debt, both to finance

the purchase of new homes and to borrow against current housing. I have further documented

that this retirement-induced refinancing appears to increase the liquid balances of HHs and

can help explain the discontinuous increase in liquid balances around the time HHs claim SS

benefits despite no corresponding discontinuous increase in total assets.

The fact that housing sales and equity extraction prompt larger increases in liquid bal-

ances at this threshold suggests that these housing wealth management decisions have a

different character than other occasions on which HHs liquidate housing wealth. One char-

acterization consistent with the data are that ordinarily housing sales and equity extractions

are reactive, in the sense that HHs liquidate in response to an adverse expense shock; at

retirement, liquidation is pro-active, in the sense that HHs may not have an immediate need

for the funds but plan for future needs.

Further evidence on the motives for refinancing at the retirement threshold is somewhat

inconclusive. HHs may be moving in response to changing valuation of geography, but

this cannot explain all of the financial activity. It does not appear to be the case that

credit constraints are relaxed at the threshold. HHs may be smoothing consumption or

consolidating debt, but the fact that some extracted funds appear to be stored as liquid

balances and the fact that liquid balances appear to remain high and stable after SS claims

limits these margins.

Conceptually, what is oddest about the HH decision to extract equity is that the drop in

income at retirement is predictable and refinancing a home is expensive, on the order of $2-

5k. It would seem in the interest of HHs to borrow more money when purchasing a home or

select a mortgage contract that pays down more slowly. Investing the funds elsewhere would

allow HHs to access them at retirement without incurring transaction costs associated with

refinancing. This would constitute a rational improvement in cases where the HH changes

only financing and not consumption of housing at retirement.
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There are several reasons why the proposed financing changes may not, in fact, be optimal

in this case. There may be a wedge between borrowing and lending rates due to financial

frictions. HHs may already be up against binding leverage constraints when borrowing. And

housing liquidations may be driven by shocks to home values considered at the retirement

threshold rather than predictable wealth. The extent of equity extractions due to retirement

is slim in my estimates. That said, predictable and expensive divestment may be a useful

approach for rejecting a rational benchmark in other settings. I leave this as a line of inquiry

for future research.
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CHAPTER 5

CONCLUSION

This thesis re-examines the micro-economics of households and housing in light of the lessons

of the Great Financial Crisis of 2007-8. The crisis made clear the interdependence of the

mortgage and housing markets, the bounded rationality and limited credit access of house-

holds, and the importance of the institutions facilitating mortgage lending in the United

States. I incorporate these themes into several essays that sketch the relationship between

households and housing. These essays revisit a variety of topics in housing finance such as

residential sorting, investment demand for housing, and consumption-smoothing over the

life-cycle.

Chapter (2) examines the household’s joint problem of housing and mortgage choice

at the time of home purchase. I argue that for constrained households, hedonic estimates

understate the household’s valuation of marginal services. I also argue that household’s

willingness-to-pay for credit at the time of home purchase captures the size of this bias. I

develop an approach to estimate the extent of household credit constraints at the time of

home purchase from the household’s mortgage choice. In an application to valuations of

school quality, I find that the size of the bias may be as large as 50%.

Chapter (3) identifies a kinked choice set in the housing finance choice due to the com-

bination of loan-to-value and debt-to-income limits. I adapt the bunching framework to the

household’s joint problem of housing and first mortgage choice. I argue that a bunching

estimator can be used to estimate the loan-to-value elasticity of housing demand that, rela-

tive to the literature, better shuts down concerns about beliefs over housing returns driving

demand. I also argue that this estimator provides a direct test of whether credit constraints

are binding at home purchase. I find evidence of statistically significant bunching, although

within the subpopulation I examine, the magnitude is small, with an estimated elasticity of

∼14-25bp.

Chapter (4) considers how households consume out of housing wealth in retirement. In
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contrast to retirement literature that emphasizes consumption of housing wealth only in re-

sponse to shocks (e.g. divorce or spousal death), it finds evidence of predictable liquidation

of housing assets at the social security threshold. It further argues that this represents a

demand for liquid assets in retirement and that, because this demand is predictable and refi-

nancing is expensive, households may be saving too much in their houses relative to a rational

benchmark. This essay raises questions for further research into mortgage commitments as

savings devices.
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APPENDIX A

SUPPLEMENTAL MATERIAL TO CHAPTER 2

A.1 Derivations

A.1.1 Solution to the HH Problem

To solve the HH problem, I begin by forming the Lagrangian:

L({ct}t,{at}t, s,Bo) = u(c0, s0) +
∞
∑
t=1

βtu(ct, s)

+ λ0[a0 +w0 − c0 − [P (s) −Bo] − a1

1 + r
]

+
∞
∑
t=1

λt[at +wt − ct −Borm(Bo) − at+1

1 + r
]

+
∞
∑
t=1

µtat

(A.1)

By the Kuhn-Tucker theorem, the solution to the HH problem is:

{Bo∗, s∗,{c∗t }t,{a
∗
t }t,{λt}t,{µt}t}

where the household choice variables satisfy the following first-order conditions:

FOC[ct] βtutc = λt ∀t ≥ 0

FOC[at] λt + µt =
λt−1

1 + r
∀t > 0

FOC[Bo] λ0 =
∞
∑
t=1

λt[Borm(Bo)]′∣
Bo∗

FOC[s] λ0P
′(s∗) =

∞
∑
t=1

βtus

(A.2)
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And the Lagrange multipliers satisfy:

λt > 0 ∀t ≥ 0

at > 0 or µt > 0 ∀t > 0

(A.3)

I further assume that (i) the period utility function, u, is separable in the consumption good

and amenity (ii) β(1+ r) = 1 and (iii) the credit constraints are non-binding after the initial

savings decision, µt = 0 ∀ t > 1.

I obtain the necessary conditions for household optimization as follows:

P ′(s∗) FOC[s]= 1

r

us
λ0

FOC[a1]=
β(1+r)=1

1

r

us
(1 + r)(λ1 + µ1)

FOC[c0]=
β(1+r)=1

1

r

us

u1
c

1

1 + µ1
λ1

(A.4)

1 + µ1

λ1

FOC[a1]= 1

1 + r
λ0

λ1

FOC[Bo]= 1

1 + r

∞
∑
t=1

λt
λ1

[Borm(Bo)]′
RRRRRRRRRRRBo∗

FOC[at]= [B
orm(Bo)
r

]
′RRRRRRRRRRRBo∗

(A.5)
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A.1.2 Estimating HH WTP for Credit

The consumer solves the following problem:

Ui = max
j
Uij

Where: Uij = max
{cijt,aijt}t

T

∑
t=0

βtu(cijt)

s.t. ci0 = yi0 + ai0 − Pi +Boij −
ai1

1 + r
(λ0)

cit = yit + ait −Boijr
m
ij −

ai,t+1

1 + r
∀t > 0 (λt)

ait ≥ 0 ∀t > 0 (µt)

= max
j
u(c∗ij0) +

∞
∑
t=1

βtu(c∗ijt)

Where: βtu′(c∗ijt) = λt ∀t ≥ 0

λt + µt =
λt−1

1 + r
∀t > 0

And assume: µt = 0 ∀t > 1

(A.6)

Comparing two financing methods, the consumer considers:

Uij′ −Uij = u(c∗ij′0) − u(c
∗
ij0) +

∞
∑
t=1

βt[u(c∗ij′t) − u(c
∗
ijt)]

Env. Thm.= u′(c∗ij0)[c
∗
ij′0 − c

∗
ij0] +

∞
∑
t=1

βtu′(c∗ijt)[c
∗
ij′t − c

∗
ijt]

FOC[c]
= λ0∆Bo −

∞
∑
t=1

λt[∆Bor̂mj +Boj∆r̂]

FOC[a]
= (1 + r)(λ1 + µ1)∆B − λ1[∆Bor̂mj +Boj∆r̂m]

∞
∑
t=1

1

(1 + r)t−1

= (1 + r)(λ1 + µ1)∆B − λ1[∆Bor̂mj +Boj∆r̂m]1 + r
r

∝ ∆Bo −
∆Bor̂mj +Boj∆r̂m

r
+ µ1

λ1
∆Bo

(A.7)

The difference in utility is proportional to an expression that is intuitive. The first

term, ∆Bo, is the additional funds supplied by the contract j′ relative to j. The second
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term,
∆Bor̂mj +Boj∆r̂m

r , is the objectively discounted value of the additional mortgage payment

obligations demanded by the contract j′ relative to j. The borrower also benefits from the

third term, µ1λ1
∆Bo, which makes the additional funds from j′ more attractive to the extent

that the borrower is borrowing constrained.

For contracts j and j′, we have:

j′ ≻ j ⇐⇒ κ1 >
r̂mj

r
(1 +

%∆
j′
j r̂

m

%∆
j′
j B

o
) (A.8)

Where everything on the right side of the > can be observed in the data. We can infer

something about the extent of borrower’s credit constraints from information about their

choice set, which is made available in the GSE and private mortgage insurance pricing grids.

A.1.3 Housing Market Equilibrium

To solve for the implicitly defined equilibrium prices, I solve the HH problem over all variables

but the choice of amenity level. In particular, I begin by forming the Lagrangian:

L(c0, c1, a1) = u(c0) + βc1 + v(s)

+ λ0[y0 − c0 − P̃ (s) − a1

1 + r
]

+ λ1[y1 + a1 − c1]

+ µ1[a1 + φ]

(A.9)

By the Kuhn-Tucker theorem, the solution to the HH problem is {c∗0 , c
∗
1 , a

∗
1 , λ0, λ1, µ1},

where the household choice variables satisfy the following first-order conditions:

FOC[c0] u′(c∗0) = λ0

FOC[c1] β = λ1

FOC[a1] λ1 + µ1 =
λ0

1 + r

(A.10)
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And the Lagrange multipliers satisfy:

λt > 0 t ∈ {0,1}

a1 > 0 or µ1 > 0 ∀t > 0

(A.11)

I further assume that β(1 + r) = 1.

I solve for the equilibrium price schedule in two regimes. In case 1, I assume that

households are all unconstrained at the time of home purchase. In case 2, I assume that all

households are at their borrowing limits at the time of home purchase.

• Case 1 I use the household’s first order conditions, budget constraints, and the assump-

tion that the household’s shadow price of credit is zero, µ1 = 0, to obtain expressions

for optimal consumption:

c∗0
FOC[c0]

= u′−1(λ0)
FOC[a1]

=
µ1=0

u′−1((1 + r)λ1)
FOC[c1]

= u′−1((1 + r)β) β(1+r)=1= u′−1(1)

(A.12)

c∗1
(λ1)= y1 +a∗1

(λ0)= y1 + (1+ r)(y0 − c∗0 −P (s))
w0≡y0+

y1
1+r= (1+ r)(w0 −P (s)− c∗0) (A.13)

I obtain the implied equilibrium price schedule by plugging optimal consumption levels

into the household’s objective and rearranging:

P̃ (s) = wo − u′−1(1) − [U − u(u′−1(1)) − v(s)] (A.14)

Taking derivatives, we obtain the relation between the slope of the price schedule and

the household willingness-to-pay for the amenity:

P̃ ′(s) = v
′(s)
1

u′(c∗0)=1
= v′(s)

u′(c∗0)
(A.15)

• Case 2 I use the requirement that a∗1 = 0 and the household period budget constraints
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to obtain expressions for optimal consumption:

c∗0 = y0 − P̃ (s) + φ

1 + r
(A.16)

c∗1 = y1 − φ (A.17)

Again, I obtain the implied equilibrium price schedule by plugging optimal consumption

into the objective function and rearranging:

P̃ (s) = y0 +
φ

1 + r
− u−1(U − β(y1 − φ) − v(s)) (A.18)

Now, the slope of the equilibrium price schedule reflects:

P̃ ′(s) = v′(s)
u′(c∗0)

= v′(s)
1 + µ1

λ1

= v
′(s)
κ1

(A.19)

Note that although these were solved as two cases, the characterization of the equilibrium

price schedule slope under Case 2 nests the result in Case 1 as a special case. In particular,

an unconstrained household has µ1 = 0 and the denominator simplifies to 1.
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A.1.4 The Government’s Problem

To solve the government’s problem, I begin by rewriting its objective function:

∫
i
Ui(σ, t)di

Ui def.= ∫
i
[u(ci∗0 ) + β(ci∗1 − t) + v(si∗ + σ)]di

Taylor= ∫
i
[u(ci∗0 ) + β(ci∗1 ) + v(si∗)]di + ∫

i
[σv′(si∗) − βt]di

P̃ (s) def.= ∫
i
Udi + ∫

i
[σv′(si∗) − βt]di

∫i di=1; E def.
= U + σEi[v′(si∗)] − βt

P̃ ′(s)=v
′(s)
κ1= U + σEi[P̃ ′(si∗)κ1

i ] − βt

(BC), β(1+r)=1
= U + σEi[P̃ ′(si∗)κ1

i ] − I(σ)

(A.20)

The first-order condition is now:

FOC[σ] Ei[P̃ ′(si∗)κ1
i ] = I ′(σ∗) (A.21)

The optimal amount of amenity improvement is:

σ∗ = I ′−1(Ei[P̃ ′(si∗)κ1
i ]) (A.22)

Suppose the government chooses the level of investment and amenity improvement according

to traditional hedonic estimates. Then it chooses the following level of amenity improvement:

σg = I ′−1(Ei[P̃ ′(si∗)]) (A.23)

In the case that households are unconstrained, the government investing according to tradi-

tional hedonic estimates chooses the optimal level of investment and amenity improvement:

σg
σg def.= I ′−1(Ei[P̃ ′(si∗)]) µ1=0= I ′−1(Ei[P̃ ′(si∗)κ1

i ])
σ∗ def.= σ∗ (A.24)
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In the case that households are constrained, the government investing according to traditional

hedonic estimates chooses amenity improvement below the optimal level:

σg
σg def.= I ′−1(Ei[P̃ ′(si∗)])

µ1>0; I ′′>0
< I ′−1(Ei[P̃ ′(si∗)κ1

i ])
σ∗ def.= σ∗ (A.25)

A.2 “Financial” Hedonic Regression

A.2.1 Framework

Consider a financial product, f , characterized by a price, pf , and state- and time- indexed

payoffs, d
f
st, for dates t ∈ {1, ..., T} and states s ∈ {1, ..., S} with realization probabilities,

{πst}s×t. And consider a menu of available products, F . For simplicity, assume the space of

available products is continuous. For a given household, i, with stochastic discount factor,

M i
t , the surplus from the choice of product f is:

Πif =
T

∑
t=1

S

∑
s=1

πstE[M i
t ∣ s]dfst − p

f (A.26)

The optimizing household will choose financial product, f∗, so that the marginal surplus

from adjusting any of the payoffs is zero:

∂

∂d
f
st

Πif
RRRRRRRRRRRf∗

= ∂

∂d
f
st

[
T

∑
t=1

S

∑
s=1

πstE[M i
t ∣ s]dfst − p

f ]
RRRRRRRRRRRf∗

= πstE[M i
t ∣ s] − ∂pf

∂d
f
st

RRRRRRRRRRRf∗
= 0 (A.27)

The slope of the menu of financial products where the borrower chooses to locate reveals the

borrower’s state-price. This motivates a “financial” hedonic regression of the form:

p
f
i ∼ α + β

′dfi + εi (A.28)
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The regression coefficients then recover the cross sectional average household state price.

βst = Ei[πstE[M i
t ∣ s]] (A.29)

In the simple HH problem introduced above, the financial product is the mortgage. The

price is the time-1 discounted value of mortgage obligations,
Borm(Bo)

rf
(1+rf ), and the payoff

is the time-0 mortgage balance, Bo. The household’s discount factor from time-0 forward to

time-1 is deterministic and takes the form 1/M i
1 = λ

i
0/λ

i
1 = (1 + rf )[1 + µi1/λ

i
1].

Discounting mortgage obligations instead to time-0 eliminates the (1 + rf ) term in both

the price and the regression coefficient. This suggests regression specification:

Boi r
m(Boi )
rf

∼ α + βBoi + εi (A.30)

Where the regression coefficient recovers:

β = Ei[1 + µi1/λ
i
1] (A.31)

A.2.2 Correcting “Traditional” Hedonic Estimates

The analytical framework in this paper suggests (i) that traditional hedonic estimates actu-

ally measure household willingness-to-pay for amenities with a bias term related to house-

hold willingness-to-pay for credit and (ii) household willingness-to-pay for credit at home

purchase can be measured from information on household mortgage choice. In this section,

I describe how to use the information on household mortgage choice to correct hedonic esti-

mates to recover the estimate of policy relevance, the unbiased household willingness-to-pay

for amenities.

Cross-sectional heterogeneity in households poses a challenge to correcting hedonic esti-

mates. It is not enough to know the mean willingness-to-pay for credit in order to correct

the bias. A variance decomposition shows the relationship between the biased and unbiased
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estimates of willingness-to-pay for amenities:

Ei[
uis/uic
rf

] = (Ei[ 1

1 + µi1/λi1
])
−1

(Ei[
uis/uic
rf

1

1 + µi1/λi1
] +Covi(

uis/uic
rf

,
1

1 + µi1/λi1
)) (A.32)

Directly computing the covariance term, Covi(u
i
s/uic
rf

, 1
1+µi1/λi1

), poses a challenge in particular,

because amenity price schedules are often not well-defined, making it difficult to compute

borrower-level estimates of willingness-to-pay for amenities. Hedonic regressions, for in-

stance, settle for population averages.

My approach is to exploit the fact that the menu of options for household mortgage choice

is more transparent and that willingness-to-pay for credit can be estimated at the household

level, per Section (A.1.2). I also use the intuition that the logic of hedonic regression, that

it captures the slope of the price schedule at the place where borrowers locate on it, applies

equally well to subsets of the population as it does to the population as a whole.

I consider a cross-section of households, i, located in various school districts, d. I can

measure their willingness to pay for credit at the time of home purchase, κi = 1 + µi1/λi1,

from their mortgage menu and mortgage choice, and I bin them according to the size of this

wedge, j(i). I regress the price of the household’s home, Pid, on a measure of the school

quality in the district, sd, normalized by the household’s willingness to pay for credit at the

time of home purchase, κi. I also include fixed effects for the credit wedge bin, αj(i):

Pid ∼ αj(i) + β
sd
κi

+ εid (A.33)

Intuitively, with the presence of the fixed-effects, the identifying variation comes from

within credit wedge bins. The within-bin variation is roughly captured by a within-bin

regression slope coefficient and these are weighted by the proportion of the sample size in
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each bin. This suggests the following representation of the regression slope coefficient:

β =∑
j
Pr(κi = κj)

Cov(Pid,
sd
κi

∣ κi = κj)
V ar(sdκi ∣ κi = κj)

(A.34)

Using the conditioning information and properties of variances and covariances, I simplify:

=∑
j
κjPr(κi = κj)

Cov(Pid, sd ∣ κi = κj)
V ar(sd ∣ κi = κj)

(A.35)

I observe that the Cov
V ar term is the slope coefficient from an ‘uncorrected’ traditional hedonic

regression on a subset of the population, i.e. with a credit wedge of κj . I apply the interpre-

tation of traditional hedonic regressions, amended by the analysis in the paper, and applied

to a population subset, to obtain:

=∑
j
κjPr(κi = κj)Ei[

uis/uic
rf

1

κi
∣κi = κj] (A.36)

Again, I use the conditioning information and properties of expectations to simplify alge-

braically:

=∑
j
Pr(κi = κj)Ei[

uis/uic
rf

∣κi = κj] (A.37)

And, finally, I use the definition of conditional and unconditional expectations to write:

= Ei[
uis/uic
rf

] (A.38)

This is the unbiased marginal willingness-to-pay for amenities, the policy-relevant estimand,

and the object typically, though I argue wrongly, supposed to be estimated by traditional

hedonic regressions.
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A.3 Appendix Tables & Figures

Table A.1: Summary Statistics for CRISM Sample

Purchase Rate/Term Refi Cash-out Refi
N=5328 N=1799 N=1862

Loan Characteristics:
Loan Amount ($k) 226 (123) 260 (139) 219 (112)
Property Value ($k) 292 (180) 413 (336) 362 (236)
Interest Rate (%) 4.97 (1.18) 4.28 (0.97) 5.25 (1.20)
LTV (%) 81.0 (15.1) 70.0 (19.0) 65.0 (16.0)
DTI (%) 35.3 (13.3) 35.5 (16.1) 37.0 (15.0)
FICO Score 741 (52.9) 752 (52.1) 729 (56.6)

PMI Characteristics:
Has PMI:

No 60.8% 84.3% 93.4%
Yes 39.2% 15.7% 6.61%

Documentation Type:
Full Doc 75.4% 76.6% 72.7%
Low Doc 16.3% 21.4% 17.1%
No Doc 8.29% 0.34% 6.91%

MI Company:
Arch 4.33% 3.56% 0.96%
Essent 5.71% 7.12% 0.96%
GE 14.4% 10.4% 7.69%
MGIC 18.9% 13.3% 12.5%
Radian 17.3% 9.39% 21.2%
UGIC 12.6% 6.47% 11.5%
Other 26.8% 49.8% 45.2%

The CRISM Sample consists of loans from BlackKnight mortgage data
with the following properties: originated 2005-2020, first liens, single-
family, owner-occupied, 1-4 unit dwelling, conventional, conforming,
vanilla (no balloon or interest-only payments), fixed-rate, and 30 year
terms. For computational ease, only a 7pp random sample of the data
are used in analyses. For computational ease, of this, only a 1pp random
sub-sample is used to compute the summary statistics above.
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Table A.2: Detailed Summary Statistics for CRISM Sample

N x sx min p25 p50 p75 max

Loan Characteristics:
Loan Amount ($k) 9k 230 120 9 140 200 300 810
Property Value ($k) 9k 330 240 16 180 280 420 7700
Interest Rate (%) 9k 4.9 1.2 1 4 4.8 5.9 9.9
LTV (%) 9k 76 18 3 67 79 89 120
DTI (%) 7.2k 36 14 1 26 35 43 99
FICO Score 8.5k 740 54 0 700 750 780 840

The CRISM Sample consists of loans from BlackKnight mortgage data
with the following properties: originated 2005-2020, first liens, single-
family, owner-occupied, 1-4 unit dwelling, conventional, conforming,
vanilla (no balloon or interest-only payments), fixed-rate, and 30 year
terms. For computational ease, only a 7pp random sample of the data
are used in analyses. For computational ease, of this, only a 1pp random
sub-sample is used to compute the summary statistics above.
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Figure A.1: Descriptive Statistics by FICO Score

(a)

(b)

Figure (A.1a) depicts the frequency of borrowers with different FICO
scores at origination in the HMDA Sample. Different colors depict the
bins in the FNMA LLPA pricing grids. There are discontinuities at im-
portant credit score thresholds, potentially because of pricing benefits of
being at a higher credit score, which increases the quantity of loans de-
manded. Figure (A.1b) depicts the relative frequency of different LTV
loans within borrowers of a given credit score. Borrowers who receive
loans make substantial down-payments when they have low credit scores,
this tapers among borrowers of middling credit scores, and then increases
at higher credit scores.
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Figure A.2: HMDA-FNMA-SEDA Merge Quality

(a)

(b)

(c)

The plot above depicts the accuracy of the HMDA-FNMA-SEDA merge
along the variables used for the fuzzy merge. The difference plotted de-
notes the Fannie Mae value minus the HMDA value. Figure (A.2a) plots
the difference in loan amounts, Figure (A.2b) in interest rates, and Figure
(A.2c) in loan-to-value ratios. The noise in the loan amount merge is ex-
pected because loan amounts in HMDA are redacted to the nearest $10k.
Overall, merged loans appear fairly accurate.
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Figure A.3: Joint pricing regimes (2011-2020)

The total effective interest rate adjustment, computed as the total rate hike coming from
both LLPA pass-through and PMI costs. These panels depict nine different regimes covered
by the CRISM Sample.
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APPENDIX B

SUPPLEMENTAL MATERIAL TO CHAPTER 3

B.1 Derivations

B.1.1 Bunching Behavior under Credit Constraints

Consider a household choosing consumption today X0, consumption tomorrow X1, housing

assets H, a housing down-payment D, and savings A1. The household faces a unit price

of housing pH and a liquid savings rate rf . The household has degenerate beliefs, Ei[r̃H],

about the the realization of net-of-depreciation housing capital gains rate r̃H . The household

makes its purchases with income at time-0 and time-1, Y0 and Y1, and capital gains from

the sale of the housing asset. It is subject to the standard budget constraints and liquid

borrowing constraints.

The household is assumed to purchase housing assets outright so that the decision prob-

lem focuses on the intensive margin of housing demand. It may finance the housing purchase

using a mortgage loan with an interest rate equal to the savings rate rf . This mortgage loan

must satisfy a standard loan-to-value limit L and an initial balance limit Bo which may be

considered to be derived from an institutional debt-to-income constraint.

The household’s problem may be solved in two steps for clarity. For a given choice of

housing H and a down-payment D, it chooses the best possible allocation of time-0 and

time-1 non-housing consumption, X0 and X1. It then chooses the best possible combination

of housing H and down-payment D subject to borrowing constraints, L and Bo.

Formally, we write:

max
{H0,D}

Φ(H0,D)

s.t. pHH0 −D ≤ Bo (ζ)

1 − D

pHH0
≤ L (ξ)
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Where:

Φ(H0,D) = max
{X0,X1,A1,H1}

U(X0,H0) + βE[U(X1,H1) ∣ r̃H = Ei[r̃H]]

s.t. Y0 =X0 +
A1

1 + rf
+D (λ0)

Y1 +A1 + pHH0(1 + r̃H) =X1 + (pHH0 −D)(1 + rf ) + rHH1 (λ1)

A1 ≥ 0 (µ1)

Note that the constraints indexed by ζ and ξ may be written in (H,D)-space. ζ cor-

responds to Equation (3.4), which describes an initial balance limit, and ξ corresponds to

Equation (3.5), which describes a loan-to-value limit. These form the boundaries of the

kinked opportunity set depicted in Figure (B.1).
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Figure B.1: This figure depicts the household’s choice set of housing quantity and down-
payment amount at the time of home purchase. The feasible set is restricted and, in par-
ticular, kinked, because of the two borrowing limits faced by the household, the LTV limit,
and the DTI limit that functions like an initial balance limit.

To identify the household indifference curves in (H,D)-space, plug the budget constraints

into the objective function and use the degenerate beliefs to simplify the expectations oper-

ator:

Φ(H0,D) = max
{A1,H1}

U(Y0−
A1

1 + rf
−D,H0)+βU(Y1+A1+pHH0Ei[r̃H−rf ]+D(1+rf )−rHH1,H1)

s.t. A1 ≥ 0 (µ1)
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Use the first-order condition for H1 to obtain:

U1
H

U1
X

= rH (B.1)

Use the first-order condition for A1 to solve for the unconstrained optimal savings Â1. The

constrained optimal savings is given by A∗1 = max{Â1,0}. For simplicity, I assume separa-

bility in U and that β(1 + rf ) = 1. Then we have:

Â1 =
1 + r
2 + r

[Y0 − Y1 − pHHEi[r̃H − rf ] + rHH∗
1 ] −D(1 + r) (B.2)

Note that Equation (B.2) with Â1 = 0 defines a line in (H,D)-space that divides cases in

which the household is constrained from those in which it is not. This line is depicted in

Figure (B.2), dividing red from blue.

Plug the closed-form representation of A∗1 back into the objective function to obtain a

closed-form representation of Φ. For clarity, define the household’s wealth given its housing

investment, W (H0), as its income and excess capital gains from housing discounted to time

0. Formally, W (H0) = Y0 + 1
1+rY1 + 1

1+rpHH0(Ei[r̃H] − rf ) − 1
2+rrHH

∗
1 . Then we have:

Φ(H0,D) =

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

U(1+r
2+rW (H0),H0)

+βU(1+r
2+rW (H0),H∗

1 (H0)) Â1 ≥ 0

U(Y0 −D,H0)

+βU(Y1 + pHH0Ei[r̃H − rf ] +D(1 + r) − rHH∗
1 ,H

∗
1 ) Â1 ≤ 0

Using this closed-form representation, it is possible to derive some intuitive characteris-

tics of indifference curves in (H,D)-space. I show below that these indifference curves are

convolutions of consumer preferences and (non-mortgage) borrowing constraints. I depict

these indifference curves in Figure (B.2).

In the case when the household is not constrained, Â1 ≥ 0, the down-payment, D, does
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not enter its utility. Intuitively, in the unconstrained case, it is possible for the household to

borrow or save around a down-payment. As a result, the borrower has horizontal indifference

curves in (H,D)-space. This is represented in blue in Figure (B.2). Horizontal indifference

curves will not produce bunching and so any bunching in the data constitutes evidence of

financial frictions.

In the case when the borrower is constrained, making additional down-payment effectively

sacrifices consumption today for consumption tomorrow, which is costly in utility terms

because a high marginal utility of consumption today is what drives to consumer against her

borrowing constraint. We can see this by setting Φ = Φ in the constrained case. Consider H0

an implicitly defined function of D, differentiate, and solve for H ′
0(D). For clarity, substitute

the values of consumption, X̂0, X̂1, implied by the choice of down-payment and housing. Use

the results from the first-order condition in H1, Equation (B.1), to cancel terms in H∗
1 (D).

H ′
0(D) =

U0
X −U1

X

U0
H + βU1

XpHEi[r̃H − rf ]

To help with interpretation, consider the case in which HH do not believe that housing

will have any excess capital gains relative to liquid assets. And note that the difference in

marginal utility of consumption at time 0 and 1 is the Lagrange multiplier on the liquid

savings constraint.

H ′
0(D)

r̂=rf=
U0
X −U1

X

U0
H

= µ1

U0
H

These indifference curves are represented in red in Figure (B.2).

Intuitively, additional down-payment at time 0 incurs a utility cost that is the difference

between marginal utility of non-housing consumption in time-0 and time-1. The more money

put into the down-payment, the more recovered from the sale of the home. Additional time-0

housing has utility value due to the housing services enjoyed at time-0 as well as potential

investment value that can be enjoyed as consumption at time-1.

The numerator of this expression is positive because households run up against their
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liquid borrowing constraints because they are having trouble moving consumption to the

present. More technically, the Kuhn-Tucker conditions require that µ1 > 0 when A∗1 = 0. The

denominator is positive provided that housing is not expected to perform poorly because the

marginal utility of additional housing services is positive. During the run-up to the crisis,

housing was generally expected to do well.

Finally, it is worth noting that extreme housing optimism flattens the indifference curve.

Figure B.2: This figure depicts the space of housing and down-payments from which house-
holds choose at the time of home purchase. The housing demand is limited by the household’s
wealth, y0 + y1

1+r . For sufficiently high housing demand and low down-payment (the blue re-
gion), the borrower is unconstrained and the borrower is indifferent to increasing the amount
of the down-payment. Being unconstrained, they can finance around the mortgage. For low
housing and a high down-payment (the red region), the borrower is constrained, and requires
an increase in the quantity of housing to compensate for an increase in the required down-
payment.
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B.1.2 The Bunching Estimator and Curvature of the Indifference Curve

Here, I argue that the bunching estimator, which recovers an empirical measure of the down-

payment adjustment of the marginal buncher, ∆d, can be used to understand the curvature

of the marginal buncher’s (indirect) indifference curve, h̃.

Consider a kinked opportunity set in (d, h)-space. Denote the slope of the lower and upper

portion of the kinked opportunity set as µ0 and µ1, respectively. Denote the downpayment

and housing quantity at the kink point be denoted by d̂ and ĥ, respectively.

The marginal buncher, m, is then defined as optimizing relative to the upper portion

of the kinked opportunity set at (d̂, ĥ) and optimizing relative to the lower portion of the

kinked opportunity set at (d̂ +∆d, ĥ +∆h). Suppose the kink is small, so that the buncher

remains on the same indifference curve; we denote this indifference curve as h̃ ∶ D → H.

Then we have:

h̃(d̂) = ĥ (B.3)

h̃′(d̂) = µ1 (B.4)

h̃(d̂ +∆d) = ĥ +∆h (B.5)

h̃′(d̂ +∆d) = µ0 (B.6)

Begin with an approximation of h̃′′(d̂):

h̃′′(d̂) = h̃
′(d̂ +∆d) − h̃′(d̂)

∆d

Multiply both sides by d̂
h̃′(d̂)

and rearrange:

h̃′(d̂+∆d)−h̃′(d̂)
h′(d̂)
∆d
d̂

= d̂h̃
′′(d̂)

h̃′(d̂)
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We can use (B.4) and (B.6) in the above and rewrite terms for clarity to obtain:

%∆µ

%∆d
= d ln h̃′(d)

d lnd
∣
d=d̂

= εh̃
′
d

Note that administrative parameters governing borrowing constraints through the FHA can

be used to recover %∆µ and d̂ and the bunching estimator can be used to recover ∆d, so it

is possible to estimate εh̃
′
d

.

B.1.3 Compensated and Uncompensated Elasticity of Housing Demand

This proof follows the observation in Saez [2010], the formalization of this observation and

sketched proof in Kleven [2016].

Consider the introduction of a kink into the loan-offer curve facing a borrower. Consider

any borrower, i, who responds to the introduction of the kink and whose indifference curves in

(h, d)-space are tangent to the the loan-offer curve both before and after the introduction of

the kink. Note that the marginal borrower, whose behavioral change the bunching technique

is designed to measure, is one such borrower.

Define borrower i’s observed elasticity as êi ≡
%∆Di
%∆µ

. Note that the observed elasticity

can be decomposed into the joint effect of two elasticities, a compensated LTV elasticity

of down-payment supply, eci , and an (income-like) initial-loan elasticity of down-payment

supply, ηi. We write:

êi = eci +
%∆B̃

%∆µ
ηi

Use the Slutsky-decomposition, eci = eui − s
D
i ηi, to rewrite the expression. Note that the

down-payment share of initial-loan balance can be expressed as, sDi = Doi µ
o

B̃o
. Simplify terms.

= eci +
∆B̃

B̃o
µo

∆µ

B̃o

Do
i µ
o (e

u
i − e

c
i) = e

c
i +

∆B̃/Do
i

∆µ
(eui − e

c
i)

Note that ∆B̃ = ∆µD∗
i − ∆µDo

i where the first term is due to an effective increase in the
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initial-loan balance and the second term is the effective fall in the initial-loan balance due

to the down-payment funds supplied. Substitute in this expression and simplify:

= eci +
D∗
i −D

o
i

Do
i

(eui − e
c
i)

Finally, note that we can write the change in the average (cf. marginal) slope as: ∆a =
D∗
i µ

o+(z−z∗)µ′
Do − µo = D∗

i −Doi
Doi

∆µ. Substitute in this expression and rearrange terms:

= eci +
∆a

∆µ
(eui − e

c
i) = [1 − ∆a

∆µ
] ∗ eci + [∆a

∆µ
] ∗ eui

Note that when the kink is small and the change in average slope for the marginal buncher

is near 0, this simplifies to the compensated elasticity, eci . What is most obviously of interest

in this setting, however, is the uncompensated elasticity of housing demand, eui . In the

run-up to the crisis, the loan-to-value on the entire loan increased, not just on the portion

of the loan above some threshold.

This estimation is helped in a two regards. First, we exploit a fairly large-sized kink,

which, by the above proof, will capture a weighted average of compensated and uncompen-

sated housing demand elasticities, so that to the extent that these values differ, we are at

least capturing some of the uncompensated demand. Second, in this setting, it is reasonable

to suppose that, although housing demand may respond dollar-for-dollar, down-payment

supply does not respond to an increase in the initial available initial loan balance. In this

case the compensated and uncompensated elasticities estimated here are close. It is worth

noting, finally, that when estimating structural parameters, the bunching literature generally

assumes functional forms for which compensated and uncompensated elasticities of earnings

supply are identical.
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B.1.4 The Bunching Estimator and Loan-to-Value Elasticity of Housing

Demand

The curvature of the indirect indifference curves is responsible for generating bunching.

The most natural estimator in the standard bunching framework, as described in the section

above, is %∆d
%∆µ

, or the value-to-downpayment elasticity of the down-payment. A more natural

object of interest for policy purposes is understanding how housing demand responds to the

loan-to-value ratio imposed by the lending program. I show how to transform the traditional

bunching estimator into one better suited for policy analysis in this application. I proceed

somewhat informally, in the hopes of conveying intuition:

We note the fact that h = 1
ph

d
1−L0

both at (d̂, ĥ) and at (d̂ + ∆d, ĥ + ∆h) and totally

differentiate to derive:

dh

h
=

dd
1−L0

d
1−L0

= dd
d

We also note the fact that µ = 1
1−L where L is the loan-to-value ratio of the marginal

dollar of housing purchased and totally differentiate to derive:

dµ

µ
=

1
(1−L)2dL

1
1−L

= dL
L

L

1 −L

Plugging these expressions into our elasticity of interest, we obtain:

d lnh

d lnL
=
dh
h
dL
L

=
dd
d

1−L
L

dµ
µ

= L0

1 −L0

d lnd

d lnµ
= L

1 −L
εh̃

′
d

B.1.5 Analogy to Standard Estimators

Kinked budget constraints are a common feature of household choice sets; they are generated

by government transfer programs, e.g. income tax schedules, and, in turn, generate bunching

behavioral responses from optimizing agents. Bunching estimators commonly exploit this

behavior to estimate real elasticities of fundamental interest, such as the tax elasticity of
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labor supply. Kinked borrowing constraints are a common feature of government lending

programs, e.g. those that restrict both the LTV and loan amount, and, in principle, may

generate bunching behavior as well. This behavior may be exploited to estimate financial

elasticities of interest, like the elasticity of housing demand with respect to loan-to-value

requirements.
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APPENDIX C

SUPPLEMENTAL MATERIAL TO CHAPTER 4

C.1 Robustness

C.1.1 Retirement and New Mortgage Debt

Table (C.1) estimates the effect of retirement on new mortgage debt instrumenting with SS

eligibility using the SCF data. The age bounds are larger, 50 to 85, but it includes a flexible

age control to account for the sampling bias that creates a hump-shaped distribution of new

mortgage debt. The results are robust to this alternative specification. Table (C.2) repeats

the exercise with equity extraction rates specifically.

Table (C.3) estimates the effect of retirement on various kinds of new mortgage debt

instrumenting with SS eligibility using the SCF data. The age bounds are even tighter, 59

to 71. The results for all mortgage debt and equity extractions remain robust to this very

conservative specification.
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Table C.1: Predictable New Mortgage Debt

Dependent variable:

1{M. Debt} 1{Retire} 1{M. Debt} 1{M. Debt} 1{Retire} 1{M. Debt}

OLS 1st Stage IV OLS 1st Stage IV

(1) (2) (3) (4) (5) (6)

1{Retire} 0.012∗∗∗ 0.089∗∗∗ 0.011∗∗∗ 0.041∗

(0.002) (0.023) (0.002) (0.022)

1{SS Threshold} 0.048∗∗∗ 0.038∗∗∗

(0.003) (0.003)

1 0.006∗∗∗ 0.020∗∗∗ 0.004∗∗∗ 0.009∗∗∗ 0.031∗∗∗ 0.008∗∗∗

(0.001) (0.001) (0.0005) (0.001) (0.001) (0.001)

Age x x x
Age2 x x x
Observations 315,547 315,547 315,547 315,547 315,547 315,547
R2 0.001 0.008 −0.022 0.002 0.014 −0.002
Adjusted R2 0.001 0.008 −0.022 0.002 0.014 −0.002
F Statistic 177.4∗∗∗ 2,545.0∗∗∗ 175.6∗∗∗ 1,476.3∗∗∗

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
SEs computed with SCF bootstrap weights, adjusted for SCF multiple

implicates, and clustered by person and year.
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Table C.2: Predictable Equity Extraction

Dependent variable:

1{Extract} 1{Retire} 1{Extract} 1{Extract} 1{Retire} 1{Extract}

OLS 1st Stage IV OLS 1st Stage IV

(1) (2) (3) (4) (5) (6)

1{Retire} 0.002∗∗ 0.030∗∗∗ 0.001 0.022∗

(0.001) (0.010) (0.001) (0.012)

1{SS Threshold} 0.048∗∗∗ 0.038∗∗∗

(0.003) (0.003)

1 0.001∗∗∗ 0.020∗∗∗ 0.001∗∗∗ 0.002∗∗∗ 0.031∗∗∗ 0.001∗∗∗

(0.0002) (0.001) (0.0002) (0.0003) (0.001) (0.0005)

Age x x x
Age2 x x x
Observations 315,547 315,547 315,547 315,547 315,547 315,547
R2 0.00004 0.008 −0.013 0.0003 0.014 −0.006
Adjusted R2 0.00004 0.008 −0.013 0.0003 0.014 −0.006
F Statistic 14.2∗∗∗ 2,545.0∗∗∗ 34.6∗∗∗ 1,476.3∗∗∗

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
SEs computed with SCF bootstrap weights, adjusted for SCF multiple

implicates, and clustered by person and year.
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C.1.2 New Mortgage Debt and Liquid Balances

Table (C.4) estimates the effect of various housing wealth management decisions on changes

in liquid balances instrumenting with SS eligibility using the HRS data. Instead of win-

sorizing at 5%, this specification winsorizes at 1%. The magnitudes and significances of the

estimates increases.

Table (C.5) presents summary statistics for the sample of HHs from HRS “refined sample”

that are observable in the waves before and after they claim SS benefits. This subsample is

used in a correlational study of changes in HH liquid balances and different housing wealth

management actions. I run an OLS specification with FEs for demographics and a running

variable of pre-period liquid balances and report the results in Table (C.6). On average, in

the period the HHs claim SS benefits, equity extractions and second mortgages are associated

with liquid balance reductions. This motivates the IV approach.

182



T
a
b
le

C
.4
:

H
ou

si
n
g

W
ea

lt
h

M
an

ag
em

en
t

an
d

L
iq

u
id

B
al

an
ce

s
at

R
et

ir
em

en
t

(H
R

S
)

D
ep
en

d
en

t
va
ri
a
bl
e:

∆
S
a
v i
t

1
{S

el
l}

∆
S
a
v i
t

∆
S
a
v i
t

1
{E

x
tr

ac
t}

∆
S
a
v i
t

∆
S
a
v i
t

1
{N

ew
2
n

d
}

∆
S
a
v i
t

O
L
S

1
st

S
ta
ge

IV
O
L
S

1
st

S
ta
ge

IV
O
L
S

1
st

S
ta
ge

IV

(1
)

(2
)

(3
)

(4
)

(5
)

(6
)

(7
)

(8
)

(9
)

1{
S

el
l}

9.
6
k
∗∗
∗

28
9k

∗∗
∗

(1
.1

k
)

(9
6.

8k
)

1{
E

x
tr

ac
t}

−1
53

10
7k

∗∗
∗

(3
86

)
(3

2.
1k

)

1{
N

ew
2
n

d
}

−1
.4

k
∗∗

6
9
5
k

(6
12

)
(6

0
4
k
)

1{
S

S
T

h
re

sh
o
ld
}

0
.0

0
5∗

∗∗
0.

01
2∗

∗∗
0
.0

0
2

(0
.0

01
)

(0
.0

02
)

(0
.0

0
2
)

1
−1

.3
k

−0
.0

04
−1

9
−1

.5
k

−0
.0

31
2.

0k
−1

.3
k

−0
.0

0
7

3
.8

k
(1

.3
k
)

(0
.0

04
)

(1
.8

k
)

(1
.3

k
)

(0
.0

19
)

(3
.4

k
)

(1
.3

k
)

(0
.0

0
6
)

(6
.6

k
)

D
em

o
F

E
s

x
x

x
x

x
x

x
x

x
C

lu
st

er
ed

S
E

s
x

x
x

x
x

x
x

x
x

O
b

se
rv

at
io

n
s

10
2,

8
68

1
01

,7
60

10
1,

76
0

10
1,

47
4

10
0,

37
3

10
0,

37
3

1
02

,2
8
0

1
0
1
,1

7
9

1
0
1
,1

7
9

R
2

0
.0

0
3

0.
0
06

−1
.3

38
0.

00
1

0.
03

5
−0

.6
14

0.
0
01

0
.0

1
3

−1
2
.3

0
8

A
d

ju
st

ed
R

2
0.

0
01

0
.0

05
−1

.3
41

−0
.0

00
2

0.
03

4
−0

.6
16

−0
.0

0
02

0
.0

1
2

−1
2
.3

2
6

F
S

ta
ti

st
ic

2
.0

4
4∗

∗∗
4.

4
04

∗∗
∗

0.
81

4
26

.8
47

∗∗
∗

0
.8

6
2

1
0
.0

2
6∗

∗∗

N
o
te
:

∗ p
<0

.1
;
∗∗

p
<0

.0
5
;
∗∗
∗ p
<0

.0
1

D
at

a
w

in
so

ri
ze

d
b
y

∆
S
a
v i
t

a
t

1
p

p
le

ve
l.

183



Table C.5: Summary Statistics for HRS “Refined” Sample

N x sx p25 p50 p75

Interview Characteristics:
Wave 6.5k 6.9 3.1 4 7 9
Interview Date 6.5k 2004 6.3 1999 2004 2009

Interviewee Characteristics:
Birth Date 6.5k 1941 7 1935 1940 1946
1{Hispanic} 6.5k 0.01 0.30 0 0 0
1{Black} 6.5k 0.177 0.38 0 0 0
# Yrs. Educ. 6.5k 12.70 3.06 12 12 15
1{Married} 6.5k 0.59 0.49 0 1 1
# Children 6.5k 2.835 1.96 2 3 4
1{Home-owner} 5.3k 0.79 0.41 1 1 1
SS Claim Date 6.5k 2003 6.2 1998 2002 2008

Savings at Retirement:
∆ Savingst ($k) 6.5k 5.66 100.6 −2.0 0.0 5.0
Savingst ($k) 6.5k 23.8 102.5 .40 4.0 19.0
Savingst−1 ($k) 6.5k 18.2 51.1 .20 4.0 15.0

Refinancing Activity:
1{Buy or Sell} 4.5k 0.092 0.29 0 0 0
1{Extract Equ.} 6.4k 0.092 0.29 0 0 0
1{New 2nd Mort.} 6.5k 0.042 0.20 0 0 0
1{New HELOC} 4.7k 0.072 0.26 0 0 0
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Table C.6: Liquid Balances and Housing Wealth Management at SS Claim Date

Dependent variable:

∆Savingsit

(1) (2) (3) (4) (5) (6)

1{Buy} 5,431
(9,139)

1{Sell} 20,248∗∗

(9,385)

1{Buy and Sell} 6,391
(7,172)

1{Equ. Extract} −3,038
(4,380)

1{New 2nd} −10,338∗

(6,195)

1{New HELOC} −6,477
(6,582)

1 12,785 13,027 13,074 12,268 13,447 −12,012
(73,862) (73,837) (73,859) (74,486) (74,033) (122,583)

Demo FEs x x x x x x
Observations 6,446 6,446 6,446 6,335 6,413 4,570
R2 0 0 0 0 0 0
Adjusted R2 0 0 0 0 0 0
Residual Std. Error 98,608 98,575 98,605 99,415 98,832 113,559
F Statistic 5∗∗∗ 5∗∗∗ 5∗∗∗ 5∗∗∗ 5∗∗∗ 3∗∗∗

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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