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I. Introduction
Adecade after the fact, it is nowwell accepted that the housingmarket was
at the heart of the Great Recession. Propelled by the influential work of
Atif Mian and Amir Sufi, a broadly shared interpretation of this time pe-
riod has steadily evolved: after a sustained boom, house prices collapsed,
triggering a financial crisis and a fall in household expenditures that—
paired with macroeconomic frictions—led to a slump in employment.1

Yet, as demonstrated by the ever-growing literature on the topic, many
questions surrounding this narrative remain unanswered.2 We address
three of these. First, what were the sources of the boom and bust in the
housing market? Second, to what extent, and through what channels,
did the movements in house prices transmit to consumption expendi-
tures? Third, was there a role for debt forgiveness policies at the height
of the crisis?
Our answers hingeon thedifferent implications of twopotential driving

forces for the boom and bust in house prices: credit conditions and expec-
tations.The relative importanceof these two forceshas always beencentral
to the study of house price fluctuations (for a discussion, see Piazzesi and
Schneider 2016). In the context of themost recent episode, the empirical
micro evidence is mixed, with reduced-form evidence supporting both
views (see, e.g.,Mian and Sufi2016a; Adelino, Schoar, and Severino 2017).
Our contribution to this debate is to offer a structural equilibrium ap-

proach.We examine both cross-sectionalmicro data andmacroeconomic
time series through the lens of an equilibrium overlapping-generations
incomplete-markets model of the US economy with a detailed housing fi-
nance sector and realistic household consumption behavior. Importantly,
our model features three potential drivers of aggregate fluctuations in
housing investment, house prices, rents, and mortgage risk spreads:
(1) changes inhousehold incomegeneratedby shocks to aggregateproduc-
tivity, (2) changes in housing finance conditions generated by shocks to
model parameters that determine mortgage debt limits and borrowing
costs, and (3) changes in beliefs about future housing demand. These
shifts in beliefs are generated by stochastic fluctuations between two re-
gimes that differ only in their likelihood of transiting to a third regime
in which all households have a stronger preference for housing services.
While this modeling approach shares the key features of a rational bubble,
it is really a news shock about a fundamental parameter. We can thus em-
ploy standard techniques for computing equilibria in incomplete-markets
models with aggregate shocks.
1 See, e.g., Mian and Sufi (2009, 2014) and Mian, Rao, and Sufi (2013).
2 For a synthesis, see theHandbook chapters by Guerrieri and Uhlig (2016), on themacro

side, and by Mian and Sufi (2016b), on the micro side.
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After parameterizing the model to match salient life-cycle and cross-
sectional dimensions of themicro data, we simulate the boom-bust episode.
Our simulation corresponds to a “tail event” (a history of shocks with low
ex ante probability) in which all three shocks simultaneously hit the econ-
omy: aggregate income increases, credit conditions relax, and all agents
come to believe that housing demand will likely increase in the near fu-
ture. Subsequently, all three shocks are reversed: aggregate income falls,
credit conditions tighten, and agents backtrack from their optimistic fore-
casts of future housing demand. Through a series of decompositions and
counterfactuals, we infer which patterns of the boom-bust data are driven
by each shock and use this information to answer our three questions.
First, we find that shifts in beliefs about future housing demand are the

dominant force behind the observed swings in house prices and the rent-
price ratio around theGreatRecession.Changes in credit conditionshave
virtually no effect on prices and rents but are a key factor in the dynamics
of leverage and homeownership. On its own, belief shifts lead to a coun-
terfactual fall in leverage during the boom because they generate a sharp
increase in house prices without a corresponding increase in debt. They
also lead to a counterfactual decline in homeownership because ex-
pected future price appreciation depresses the rent-price ratio, pushing
marginal households out of homeownership into renting. Looser credit
conditions correct these forces by expanding borrowing capacity and pull-
ing marginal buyers into homeownership, thus realigning the model with
the data. The credit relaxation is also crucial for the model to match the
spike in foreclosures observed at the startof thebust: householdsfind them-
selves with high levels of mortgage debt at the peak and are then dragged
into negative equity after the shift in beliefs depresses house prices.
Our quantitative theory of the housing boom and bust is also consis-

tent with three recent cross-sectional observations: (1) the uniform ex-
pansion of mortgage debt during the boom across income levels (Foote,
Loewenstein, and Willen 2016), (2) the increasing share of defaults dur-
ing the bust attributable to prime borrowers (Albanesi et al. 2016), and
(3) the crucial role of young households in accounting for the dynamics
of homeownership during this period (Hurst 2017).
Second, we find that the boom and bust in house prices directly ac-

counts for roughly half of the corresponding boom and bust in nondura-
ble expenditures, with the remaining half accounted for by the dynamics
of labor income. Awealth effect is responsible for this finding; comparing
across households, we find that the drop in consumption during the bust
is proportional to the initial share of housing wealth in total (including
human) wealth. This result is consistent with the emphasis placed by
Mian, Rao, and Sufi (2013) on heterogeneity in households’ balance
sheets as a key factor in understanding consumption dynamics around
the Great Recession. At the aggregate level, the wealth effect of a change
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in house prices is nonzero because of the shape of the life-cycle profile of
home ownership in the model and data. Homeowners who expect to
downsize (the losers from the bust) control a larger share of aggregate
consumption than those households who expect to increase their de-
mand for housing (the winners from the bust). We find that substitution
and collateral effects are not important for the transmission of house
prices to consumption. These findings—obtained in a rich equilibrium
model of housing—are consistent with the analytical decomposition and
back-of-the-envelope calculations proposed by Berger et al. (2017).
Third, we investigate thepotential role of debt forgiveness programs. In

the midst of the housing crisis, the Obama administration enacted two
programs—the Home Affordable Modification Program (HAMP) and
the Home Affordable Refinance Program (HARP)—that were intended
to cushion the collapse of house prices and aggregate demand. These
programs had limited success (Agarwal et al. 2013) and were criticized
for their complex rules and narrow scope (see Posner and Zingales 2009
for a critical review of the proposals). Our model suggests that a debt for-
giveness program would not have prevented the sharp drop in house
prices and aggregate expenditures, even if it had been implemented in
a timelymanner (2 years into the bust) and on a very large scale (affecting
over one-quarter of homeowners with mortgages). This conclusion is
driven by the very weak effects of changes in leverage on house prices in
our model. However, we do find that the principal reduction program
would have significantly dampened the spike in foreclosures by keeping
many homeowners above water. Moreover, because the program reduces
households’ mortgage payments for the remaining life of the mortgage
contract, we find that aggregate nondurable consumption would have
been slightly higher throughout the whole postbust recovery.
Overall, our results suggest that expectations about future house price

appreciation played a central role in the macroeconomic dynamics
around the Great Recession. Although in our benchmark model these
expectations are over future housing demand, a version of our model
where beliefs are over future availability of buildable land (as in Na-
thanson and Zwick 2017) yields similar results. It is important that all
types of agents in the economy share the same beliefs. For households
to demand more housing, and hence push up prices, they must expect
future house price growth that will generate expected capital gains. For
the rent-price ratio to fall as in the data, the rental sector must also ex-
pect future price growth. Finally, when lenders also believe that house
prices are likely to increase, they rationally expect that borrowers are less
likely to default and thus reduce spreads on mortgage rates, especially
for risky borrowers—as observed during the boom (Demyanyk and
Van Hemert 2011). In this sense, shifts in beliefs generate endogenous
shifts in credit supply in our model, that is, expansions and contractions
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of cheap funds to subprime borrowers, using the language of Mian and
Sufi (2016a) and Justiniano, Primiceri, and Tambalotti (2019).
Direct evidence on the role of expectations in the boom and bust is

scarce, but evidence that does exist points convincingly toward beliefs
being widely shared among households, investors, and lenders. Soo
(2015) provides an index of sentiment in the housing market by measur-
ing the tone of housing news in local newspapers and finds big swings,
with a peak in 2004–5. The National Association of Home Builders cre-
ates a monthly sentiment index by asking its members to rate the pro-
spective market conditions for the sale of new homes. This index was
high throughout the 2000s and reached its peak in 2005. Cheng, Raina,
and Xiong (2014) find that midlevel securitized-finance managers did
not sell off their personal housing assets during the boom. They inter-
pret this result as evidence that lenders shared the same beliefs as the
rest of the market about future house prices growth. Gerardi et al.
(2008) argue that internal reports from major investment banks reveal
that analysts were accurate in their forecasts of gains and losses, condi-
tional on house price appreciation outcomes. However, they were “opti-
mistic” in that they assigned an extremely low probability to the possibil-
ity of a large-scale collapse of house prices.
In light of the existing studies of the housing crisis based on structural

frameworks, especially Favilukis, Ludvigson, and Van Nieuwerburgh
(2017) and Justiniano, Primiceri, and Tambalotti (2019), our finding
that house prices are almost completely decoupled from credit condi-
tions is, arguably, the most surprising insight of our paper. Rental mar-
kets and long-term defaultable mortgages—two features of the US hous-
ing market that are omitted in most of the literature—account for this
result. Credit conditions can affect house prices if many households
are constrained in the quantity of housing services they desire to con-
sume. Alternatively, credit conditions can affect house prices by making
homeownership less risky and thereby changing the housing risk pre-
mium. However, for credit conditions to change the riskiness of housing,
it is necessary that for a large fraction of homeowners, consumption is
sensitive to the cost and availability of housing-related credit. In our model,
as in the data, there are two reasons why this does not happen.
First, because of the possibility to rent rather than own, too few house-

holds are constrained in their consumption of housing services. As in
the data, households in our model who are unable to buy a house of
their desired size choose to rent, rather than to buy an excessively small
house. When credit conditions are relaxed, some renters become home-
owners because they desire a different mix of housing equity and mort-
gage debt in their financial portfolio, not because they wish to substan-
tially increase their consumption of housing services. In fact, these
households buy houses similar in size to the ones they were previously
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renting. They thus increase thehomeownership rate butnot aggregate de-
mand for housing or house prices. Instead, in our model, it is (largely un-
constrained) existing owners who drive themovements in house prices in
response to the shifts in beliefs. When expectations become optimistic,
these homeowners choose to upsize in order to take advantage of the ex-
pected future house price growth, which pushes up house prices without
increasing homeownership.
Second, the presence of long-term mortgages dampens the link be-

tween credit conditions and the housing risk premium. In models with
only short-term debt, a sudden tightening of credit conditions forces all
homeowners to cut their consumption in order to meet the new credit
limit. This risk factor generates a sizable and volatile housing risk pre-
mium that moves house prices (Favilukis, Ludvigson, and Van Nieuwer-
burgh 2017). However, in models with long-term mortgages, constraints
bind only at origination and then become irrelevant for the remainder
of the mortgage contract. This reduces the strength of the risk-premium
channel, since credit tightenings do not force existing homeowners into
costly consumption fluctuations in order to quickly deleverage.
However, our insight is less surprising in light of the results of Kiyotaki,

Michaelides, and Nikolov (2011), who also find that changes in financ-
ing constraints have limited effects on house prices but that changes
in fundamentals (land supply, productivity growth, and interest rates)
can have a large effect on prices. Similarly to our results, in their model
a relaxation in credit leads to only a small increase in housing demand.
They attribute this result to the fact that the potential beneficiaries of
the credit relaxation (tenants and constrained owners) represent a small
share of the total housing market, so only a limited amount of conver-
sion between rental and owner-occupied units is needed to satisfy addi-
tional housing demand. But this intuition is incomplete. As we show,
even in a version of our model with housing stocks segmented between
rental and owner-occupied housing, a relaxation in credit generates only
small movements in house prices. The presence of the rental market
means that few households are constrained in the amount of housing
they consume, which limits the increase in housing demand (for either
conversions from rentals or new construction) when credit conditions
are looser.
These results are consistent with those of Landvoigt, Piazzesi, and

Schneider (2015), who study the effect of a credit relaxation on house
prices in a model where housing markets are segmented in many quality
tiers. They find that prices increase more in segments of the housing
market that contain a higher fraction of constrained households. But
they have to abstract from long-term mortgages and the rental option
in order to generate large movement in house prices in those markets
at the bottom of the quality ladder.



housing boom and bust 3291
The rest of the paper is organized as follows. In section II, we outline
themodel, equilibrium concept, and computational strategy. In section III,
we describe how we parameterize the model, and we compare its pre-
dictions with relevant empirical counterparts. In section IV, we present
findings from our numerical experiments on the boom-bust period. In
section V, we solve several variants of the benchmark model to illustrate
the key economic forces driving these findings. In section VI, we analyze
the debt forgiveness program. The appendixes (available online) in-
clude more detail about data sources, computation, and robustness.
II. Model

A. Overview
Our economy is populated by overlapping generations of households
whose life cycle is divided betweenwork and retirement. During the work-
ing stage, they are subject to uninsurable idiosyncratic shocks to their ef-
ficiency units of labor, which are supplied inelastically to a competitive
production sector. Households can save in a noncontingent financial as-
set whose return is fixed exogenously. They consume nondurable con-
sumption and housing services. Housing services can be obtained by
either renting or buying houses. When bought and sold, housing is sub-
ject to transaction costs leading to lumpy adjustment dynamics. Home-
ownership requires overcoming certain financial constraints, such as
maximum loan-to-value (LTV) limits, that bind at origination. Housing
can be used as collateral to establish a leveraged positionwith long-maturity
defaultable mortgage debt priced competitively by financial intermediar-
ies. Defaulting leads to foreclosure by the lender, which entails an exac-
erbated depreciation for the house and its immediate sale, as well as a util-
ity loss for the borrower. Owning a house also allows the homeowner to
refinance its mortgage or open an additional home equity line of credit
(HELOC). On the supply side, a construction sector builds new additions
to the residential stock, a competitive sector manages rental units, and fi-
nancial intermediaries supply funds to households by pricing individual
default risk into mortgage rates.
Many of these model elements are common to the large literature on

housing (see Piazzesi and Schneider 2016 for a survey). The life-cycle
structure allows us tomatch data along the age dimension, which is a cru-
cial determinant of housing, consumption, and wealth accumulation de-
cisions. Uninsurable individual earnings risk, together with limits on un-
secured borrowing, a risk-free liquid saving instrument, and an illiquid
savings instrument (housing), gives rise to precautionary saving and poor
andwealthy hand-to-mouth households. These features generate realistic
microeconomic consumption behavior (see Kaplan and Violante 2014).
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Ourmodel differs frommost of the literature in that we develop a fully
stochastic model with aggregate shocks where house prices, rents, and
mortgage risk spreads are determined in equilibrium and in which there
is also enough household heterogeneity to allow a tight mapping to the
cross-sectional micro data on household earnings and asset portfolios.3 A
notable exception is the work of Favilukis, Ludvigson, and Van Nieuwer-
burgh (2017), who also develop an equilibrium incomplete-markets
model with aggregate shocks. In section V.D, we provide a detailed expla-
nation of how two key ingredients of our model absent in theirs—the
rental market and long-term defaultable mortgages—account for our
different conclusions about the importance of credit conditions in de-
termining house prices.
Three types of exogenous aggregate shocks may hit the economy in

every period, generating fluctuations in aggregate quantities and prices:
(1) labor productivity, (2) credit conditions in the mortgage market, and
(3) beliefs about future demand for housing. It is convenient to post-
pone the definitions of these shocks to section II.F, after we have out-
lined the rest of the model in detail. Until then, we summarize the vector
of exogenous and endogenous aggregate states as Q.
We start by presenting the decision problem for households in sec-

tion II.B. We then describe the financial intermediation sector, the rental
sector, the production side of the economy, and the process for the aggre-
gate shocks in sections II.C–II.F. The recursive formulation of the house-
hold problem and the formal definition of equilibrium are contained in
appendixes A and B, respectively.
B. Households

1. Household Environment
Demographics.—Time is discrete. The economy is populated by a measure-
one continuum of finitely lived households. Age is indexed by j 5
1, 2, ::: , J . Households work from period 1 to J ret 2 1, and are retired
from period J ret to J. All households die with certainty after age J. In what
follows, we omit the dependence of variables on age j except in cases
where its omission may be misleading.
3 Only a handful of papers on the crisis develop models with aggregate shocks that move
equilibrium house prices, but they study environments with very limited heterogeneity
(Iacoviello and Pavan 2013; Greenwald 2016; Justiniano, Primiceri, and Tambalotti
2019). The rest of the literature either studies deterministic equilibrium transitions out
of steady state induced by measure-zero events (e.g., Kiyotaki, Michaelides, and Nikolov
2011; Huo and Ríos-Rull 2016; Garriga, Manuelli, and Peralta-Alva 2017) or assumes exog-
enous price shocks (e.g., Chen, Michaux, and Roussanov 2013; Corbae and Quintin 2015;
Landvoigt 2017).
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Preferences.—Expected lifetime utility of the household is given by

E0 o
J

j51

b j21ujðcj , sjÞ 1 b J vð♭Þ
" #

, (1)

where b > 0 is the discount factor, c > 0 is consumption of nondurables,
and s > 0 is the consumption of housing services. Nondurable consump-
tion is the numeraire good in the economy. The expectation is taken
over sequences of aggregate and idiosyncratic shocks that we specify be-
low. The function v measures the felicity from leaving bequests ♭ > 0.
We assume that the utility function uj is given by

uj c, sð Þ 5 ej 1 2 fð Þc12g 1 fs12g½ � 12ϑð Þ= 12gð Þ½ � 2 1

1 2 ϑ
, (2)

where f measures the relative taste for housing services, 1=g measures
the elasticity of substitution between housing services and nondurables,
and 1=ϑ measures the intertemporal elasticity of substitution. The exog-
enous equivalence scale {ej } captures deterministic changes in household
size and composition over the life cycle and is the reason why the intra-
period utility function u is indexed by j.
The warm-glow bequest motive at age J takes the functional form

v ♭ð Þ 5 n
♭ 1 ♭ð Þ12ϑ 2 1

1 2 ϑ
, (3)

as in De Nardi (2004). The term n measures the strength of the bequest
motive, while ♭ reflects the extent to which bequests are luxury goods.
Endowments.—Working-age households receive an idiosyncratic labor

income endowment ywj given by

log ywj 5 logV 1 xj 1 ej , (4)

whereV is an index of aggregate labor productivity. Individual labor pro-
ductivity has two components: (1) a deterministic age profile x j that is
common to all households and (2) an idiosyncratic component ej that
follows a first-order Markov process.
Households are born with an endowment of initial wealth that is

drawn from an exogenous distribution that integrates up to the overall
amount of wealth bequeathed in the economy by dying households. The
draw is correlated with initial productivity yw1 .
Liquid saving.—Households can save in one-period bonds, b, at the ex-

ogenous price qb determined by the net supply of safe financial assets
from the rest of the world. For what follows, it is convenient to also de-
fine the associated interest rate on bonds rb ≔ 1=qb 2 1. Unsecured bor-
rowing is not allowed.
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Housing.—In order to consume housing services, households have the
option of renting or owning a home. Houses are characterized by their
sizes, which belong to a finite set. For owner-occupied housing, house size
belongs to the set H 5 fh0, ::: , hNg, where h0 < h1, ::: , hN21 < hN . For
rental housing, size belongs to the set ~H 5 f~h0, ::: , ~h ~N g. Markets for
rental andowner-occupied housing are both frictionless and competitive,
meaning that buying or selling does not take time and the lawof oneprice
holds. The rental rate of aunit of housing is denotedby r(Q). Theper-unit
price of housing is denoted by ph(Q). Rental rates and house prices both
depend on the exogenous and endogenous aggregate states Q.
Renting generates housing services one for one with the size of the

house, that is, s 5 h. To capture the fact that theremay be additional util-
ity from homeownership, we assume that an owner-occupied house
generates s 5 qh units of housing services, with q ≥ 1. Owner-occupied
houses carry a per-period maintenance and tax cost of ðdh 1 thÞphðQÞh,
expressed in units of the numeraire good. Maintenance fully offsets phys-
ical depreciation of the dwelling dh. When a household sells its home, it
incurs a transaction cost khph(Q)h that is linear in the house value. Renters
can adjust the size of their house without any transaction costs.
Mortgages.—Purchases of housing can be financed by mortgages. All

mortgages are (1) long-term, (2) subject to a fixed origination cost km,
(3) amortized over the remaining life of the buyer at the common real
interest rate rm, equal to rb times an intermediation wedge (1 1 i),
(4) able to be refinanced subject to paying the origination cost, and
(5) defaultable.
A household of age j who takes out a new mortgage with principal bal-

ance m0 receives from the lender q j(x
0, y; Q)m0 units of the numeraire

good in the period that the mortgage is originated. The mortgage pric-
ing function q < 1 depends on the age j of the borrower, the borrower’s
choice of assets and liabilities for next period x0 ≔ ðb 0, h0,m 0Þ and current
income state y, and the current aggregate state vector Q. These variables
predict the household-specific probability of future default. The higher
is this default probability, the lower is the price.4 It follows that the down
payment made at origination by a borrower of age j who takes out a mort-
gage of size m0 to purchase a house of size h0 is phðQÞh0 2 q jðx0, y; QÞm 0.
At the time of origination, borrowers must respect two constraints.

First, a maximum LTV ratio limit: the initial mortgage balance m0 must
be less than a fraction lm of the collateral value of the house being
purchased:

m 0 ≤ lmp h Qð Þh0: (5)
4 Section II.C. provides the exact expression for the equilibrium price q. One can inter-
pret this gap between the face value of the mortgage m0 and funds received qmm as so-called
points or other up-front interest rate charges that households face when taking out loans.
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Second, a maximum payment-to-income (PTI) ratio limit: the minimum
mortgage payment pmin

j ðm 0Þ must be less than a fraction lp of income at
the time of purchase:

pmin
j m 0ð Þ ≤ lpy: (6)

For any pair ( j,m), theminimumpayment is determined by the constant-
amortization formula,

pmin
j mð Þ 5 rmð1 1 rmÞ J2j

ð1 1 rmÞ J2j 2 1
m: (7)

After origination, the borrower is required to make at most J 2 j mort-
gage payments p that each exceed the minimum required payment
(7)until themortgage is repaid. The outstanding principal evolves accord-
ing to m 0 5 mð1 1 rmÞ 2 p.5

Becausemortgages are long-term, after origination there is no require-
ment that theprincipal outstandingon themortgagebe less thanlm times
the current value of the home. The only requirement for a borrower to
not be in default is to make the minimum payment on the outstanding
balance of the loan. If house prices decline, a homeowner could end
up with very small (or even negative) housing equity, but, as long as they
continue to meet their minimum payments, they are not forced to dele-
verage, as they would be if debt was short-term and the constraint (5) held
period by period.
Mortgage borrowers always have the option to refinance, by repaying

the residual principal balance and originating a new mortgage. Since
the interest rate is fixed, such refinancing should be interpreted as cash-
out refinancings whose only purpose is equity extraction. When a house-
hold sells theirhome, they are also required topay off the remainingmort-
gage balance.
If a household defaults, mortgages are the subject of the primary lien

on the house, implying that the proceeds from the foreclosure are dis-
bursed to the creditor. Foreclosing reduces the value of the house to
the lender for two reasons: (1) it is the lender who must pay property
taxes andmaintenance, and (2) foreclosed houses depreciate at a higher
5 We impose the common amortization rate for tractability. Fixing q and allowing house-
holds to simultaneously choose the interest rate rm and the principal m would be closer to
reality, but such an alternative formulation would add a state variable (the individual am-
ortization rate) to the homeowner problem. In our formulation, all the idiosyncratic ele-
ments are subsumed into q at origination. Note, however, that, even though all households
pay the same interest rate rm on the outstanding principal, the heterogeneity in mortgage
amounts m and prices q results in heterogeneous effective interest rates. In simulations, we
can compute the interest rate r*m that would yield a constant mortgage payment schedule
pmin

j ðmÞ on an outstanding balance of qm (the funds received at origination) using the rela-
tionship pmin

j ðmÞ=q jm 5 r*mð1 1 r*mÞ J2j=½ð1 1 r*mÞ J2j 2 1�.
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rate than regular houses, that is, ddh > dh. Thus, the lender recovers
minfð1 2 ddh 2 thÞp hðQÞh, ð1 1 rmÞmg. A household who defaults is not
subject to recourse but incurs a utility loss y and is excluded from buying
a house in that period.6

HELOCs.—Homeowners have access to HELOCs. For tractability, we
assume these are one-period nondefaultable contracts.7 Through
HELOCs, households can borrow up to a fraction lb of the value of their
house at an interest rate equal to rbð1 1 iÞ.8 Note that, unlike mortgages,
HELOCs are refinanced each period and thus are subject to the follow-
ing period-by-period constraint on the balance relative to the current
home value:

2b 0 ≤ lbph Qð Þh: (8)

Government.—The government runs a pay-as-you-go social security sys-
tem. Retirees receive social security benefits yret 5 rssywJ retð�VÞ, where rss is a
replacement rate, the argument of the benefit function proxies for het-
erogeneity in lifetime earnings, and �V is average value of aggregate pro-
ductivity (we thus abstract from aggregate uncertainty in pension in-
come). We adopt the notation y for income, with the convention that
if j < J ret then y 5 yw, defined in equation (4), and y 5 yret otherwise.
Government tax revenues come from the proportional property tax th

levied on house values and a progressive labor income tax schedule.
Households candeduct the interest paid onmortgages against their taxable
income. We denote the combined income tax liability function T ðy,mÞ.
In addition, the government gets revenue from the sale of new land per-
mits for construction, which we describe in more detail in section II.E.
The residual differential between tax revenues and pension outlays,

which is always positive, is spent on services G(Q) that are not valued
by households.
6 We abstract from a direct effect of foreclosures on the aggregate house price through
negative externalities running from distressed units to neighboring properties. The reason
is that the empirical literature (Anenberg and Kung 2014; Gerardi et al. 2015) finds eco-
nomically small and extremely localized effects (a maximum of 2% for properties within
0.1 miles from the foreclosed unit), and over 80% of properties sell without a nearby fore-
closed unit. Moreover, a component of this estimated effect is simply the consequence of
more houses for sale, which is captured in the model.

7 Allowing for multiperiod HELOC contracts would effectively require keeping track of
another asset as an endogenous state variable in the household problem. Allowing for de-
fault on HELOCS would require solving for an additional equilibrium pricing function
akin to q. With this tractability comes a shortcoming: in the model, HELOCs are a senior
lien to mortgage debt, while in the data they are junior.

8 To lighten the exposition, with a slight abuse of notation, we continue to denote the
interest rate on liquid assets as rb, but it is implicit that it equals rbð1 1 iÞ when b < 0. We use
a similar convention for q b.
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2. Household Decisions
Here we provide an overview of households’ decisions. Appendix A con-
tains a full description of the household problem in recursive form.
Households who start the period as renters choose between renting

andbuying ahouse. Thosewho remain as renters choose the size of house
to rent, the quantity of nondurable goods to consume, and how much to
save in the liquid asset. Since they do not own any collateral, they cannot
borrow. Those who elect to become homeowners also choose the size of
house to buy, together with the value of the mortgage they wish to take
out, and make an initial down payment. This decision is made subject
to the LTV constraint (5) and the PTI constraint (6).
The decision of whether to rent versus own is based on a comparison of

the costs and gains of owning. The costs are due to the initial down-
paymentandmaximumPTI requirements aswell as to transaction feesupon
selling. There are three advantages of owning over renting: (1) owning a
house yields an extra utility flow, (2) mortgage interest payments are tax
deductible, whereas rents are not, and (3) housing can be used as collat-
eral for borrowing throughHELOCs. In addition, owning insures house-
holds against fluctuations in rents but exposes households to capital gains
and losses from movements in house prices.
A household who starts the period as an owner has four options:

(1) keep the current house and mortgage and make the minimum re-
quired payment, (2) refinance themortgage, (3) sell the house, or (4) de-
fault on the outstanding mortgage balance.
Households choosing to continue with their current mortgage or to

refinance can borrow against their housing collateral through HELOCs.
Since all mortgages amortize at the same rate rm, refinancing is useful
only as a means to extract equity (cash-out refinancing, as opposed to in-
terest rate refinancing). This could be optimal either when house prices
rise so that the LTV constraint is relaxed or when individual income
grows so that the PTI constraint is loosened, depending on which con-
straint was binding at origination.
Households choosing to sell their house start the period without own-

ing any housing and with financial assets equal to those carried over
from the previous period bj plus the net-of-costs proceeds from the sale
of the home, which are given by

1 2 dh 2 th 2 khð Þph Qð Þh 2 1 1 rmð Þm: (9)

The household then chooses whether to rent or to buy a new house.
Finally, a household might choose to default if they have some resid-

ual mortgage debt and is “underwater,” meaning that the net proceeds
from the sale of the house in (9) would be negative.
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C. Financial Intermediaries
There is a competitive financial intermediation sector that issues new
mortgagesm0 subject to a mortgage origination wedge zm per unit of con-
sumption loaned out. We assume that these financial intermediaries are
owned by risk-neutral foreign agents with deep pockets and hence that
mortgage prices are determined by zero-profit conditions that hold in
expectation loan by loan.9 Let g n

j ðx, y; QÞ, g f
j ðx, y; QÞ, and g d

j ðx, y; QÞ de-
note (mutually exclusive) indicators for the household decisions to sell,
refinance, and default, respectively. Each indicator is a function of age,
portfolio x ≔ ðb, h,mÞ, income y, and the aggregate state vector Q, since
all these variables predict default at age j 1 1. Using this notation, we
can express the unit price of a mortgage as

qjðx0, y; QÞ 5
1 2 zm

1 1 rmð Þm 0 � Ey,Q g n
j 1 g f

j

� �
1 1 rmð Þm 0�

1 g d
j 1 2 ddh 2 th 2 kh
� �

p h Q0ð Þh0

1 1 2 g n
j 2 g f

j 2 g d
j

� �
pðx0, y0; Q0Þf

1 q j11ðx00, y0; Q0Þ ð1 1 rmÞm 0 2 pðx0, y0; Q0Þ½ �g�,

(10)

where, to ease notation, we have suppressed dependence of the indica-
tors g i

j on x0, y0; Q0.
Intuitively, if the household sells (g n

j 5 1) or refinances (g f
j 5 1), they

must repay the balance remaining on the mortgage, so the financial in-
termediary receives the full principal plus interest, and hence q 5 1 2 zm.
If the household defaults on the mortgage (g d

j 5 1), then the interme-
diary forecloses, sells the house, and recovers the market value of the de-
preciated home. If the household continues with the existing mortgage
by making a payment on the home (g n

j 5 g f
j 5 g d

j 5 0), then the value
of the contract to the intermediary is the value of the mortgage payment
p (itself a decision), plus the continuation value of the remaining mort-
gage balance going forward—which is compactly represented by the
next-period pricing function.
The equilibriummortgage pricing function can be solved recursively as

in the long-term sovereign debt default model of Chatterjee and Eyi-
gungor (2012), adapted here to collateralized debt and finite lifetimes.
9 Because of the presence of aggregate risk, along the equilibrium path financial inter-
mediaries make profits and losses. Despite these fluctuations in profits, the assumption
that financial intermediaries are owned by risk-neutral foreign agents justifies discounting
at rate rm (equal to rb times the lending wedge).
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D. Rental Sector
We assume that the rental rate is determined by a “Jorgensonian” user-
cost formula that relates the equilibrium rental rate to current and fu-
ture equilibrium house prices:

r Qð Þ 5 w 1 ph Qð Þ 2 1 2 dh 2 thð ÞEQ mðQ, Q0ÞphðQ0Þ½ �: (11)

We show in appendix D.2 that this formula can be derived from the op-
timization problem of a competitive rental sector that owns housing
units and rents them out to households. Rental companies can friction-
lessly buy and sell housing units, on which they incur depreciation and
pay property taxes, as well as a per-period operating cost w for each unit
of housing rented out.
Rental companies discount using the stochastic discount factor m,

which we set equal to the risk-free rate ð1 1 rbÞ21 in the baseline model.
In section V.C, we explore sensitivity of our results to alternative choices
for m, and we introduce various frictions into the rental sector which
show up as time-varying wedges in equation (11).
E. Production
There are two production sectors in the economy: a final-good sector
that produces nondurable consumption (the numeraire good of the
economy) and a construction sector that produces new houses. Labor
is perfectly mobile across sectors.
1. Final-Good Sector
The competitive final-good sector operates a constant-returns-to-scale
technology

Y 5 VNc, (12)

whereV is the aggregate labor productivity level and Nc are units of labor
services. The equilibrium wage per unit of labor services is thus w 5 V.
2. Construction Sector
The competitive construction sector operates the production technology
Ih 5 ðVNhÞað�LÞ12ac, with a ∈ ð0, 1Þ, where Nh is the quantity of labor ser-
vices employed and �L is the amount of new available, buildable land.
We assume that in each period the government issues new permits equiv-
alent to �L units of land, andwe follow Favilukis, Ludvigson, andVanNieu-
werburgh (2017) in assuming that these permits are sold at a competitive
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market price to developers. This implies that all rents from land owner-
ship accrue to thegovernment and the construction sectormakesnoprof-
its in equilibrium.
A developer therefore solves the static problem

max
Nh

ph Qð ÞIh 2 wNh, subject to Ih 5 VNhð Þa �Lð Þ12a,

which, after substituting the equilibrium condition w 5 V, yields the fol-
lowing housing investment function:

Ih Qð Þ 5 aph Qð Þð Þa= 12að Þ�L, (13)

implying an elasticity of aggregate housing supply to house prices equal
to a=ð1 2 aÞ.
F. Aggregate Risk and Computation of Equilibrium
Wenowdescribe the sources of aggregate risk in the economy andoutline
our strategy for computing the equilibrium. Appendix B contains the def-
inition of a recursive competitive equilibrium, and appendix C provides
more details on the numerical algorithm and its numerical accuracy.
1. Aggregate Shocks
There are three types of mutually independent aggregate shocks in our
economy, each following a stationary Markov process.
First, there are shocks to aggregate labor productivity V.
Second, there are a set of time-varying parameters that characterize

credit conditions in mortgage markets: (1) the maximum LTV ratio at
origination lm, (2) the maximum PTI level at origination lp, (3) the
mortgage origination cost km, and (4) the mortgage origination wedge
zm. We assume that these four parameters are perfectly correlated and
combine them into an index of housing finance/credit conditions
Ϝ 5 ðlm, lp, km, zmÞ. In section III.B, we explain the rationale behindmod-
eling changes in housing finance conditions this way, and in section V.B,
we consider alternative views of changes in credit condition that involve
variation in other model parameters.
Third, we introduce aggregate uncertainty over future preferences for

housing services, as captured by the share parameter f in the utility func-
tion (2). We assume that f follows a three-state Markov process where the
three states are denoted by (fL, f*L , fH) with values fH > fL 5 f*L . When
the economy is in either of the two states fL, f*L , the taste for housing is
the same. However, these two states differ in terms of the likelihood of
transitioning to the third state,fH, in which the taste forhousing is greater.
Therefore, a shift between fL and f*L is a news or belief shock about future
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demand forhousing, whereas a shift betweenfL (orf*L) andfH is an actual
preference shock. Formulating the stochastic process in this way allows us
to construct equilibrium paths in which there are changes in beliefs about
future preferences forhousing but those changes in the preferences them-
selves might not materialize.
In what follows, we denote the vector of exogenous aggregate shocks

(V, Ϝ, f) as Z. Our model features incomplete markets and aggregate
risk, so the distribution of households across individual states m is a state
variable because it is needed to forecast future house prices and rents.
Thus, the full vector of aggregate states is Q 5 ðZ, mÞ.
2. Numerical Computation of Equilibrium
Our computation strategy follows the insight of Krusell andSmith (1998).
Since it is not feasible to keep track of the entire distribution m to compute
its equilibrium law of motion, we replace it with a lower-dimensional vec-
tor that, ideally, provides sufficient information for agents to make accu-
rate price forecasts needed to solve their dynamic choice problems.
A crucial observation is that in every period there is only one price that

households in our model need to know, and forecast, when making de-
cisions: ph, the price of owner-occupied housing. Knowing ph this period
and how to forecast p 0

h next period conditional on the realization of the
vector of exogenous states Z0 is sufficient to pin down both the full mort-
gage pricing schedule (see eq. [10]) and the rental rate (see eq. [11]).10

The assumptions of perfect competition and linear objectives in both
the financial and rental sectors allow us to reduce the dimensions of the
price vector to be forecasted from three to one.
We consider an approximate equilibrium in which households use a

conditional one-period-ahead forecast rule for house prices that is a func-
tion of the current price, the current exogenous states, and the next-
period exogenous states. This strategy has promise because, as reflected
in equation (13), housing investment is entirely pinneddownby the price
of housing. Specifically, we conjecture a law of motion for ph of the form

log p 0
hðph,Z,Z0Þ 5 a0ðZ,Z0Þ 1 a1ðZ,Z0Þ log ph (14)

and iterate, using actual market-clearing prices at each step, until we
achieve convergence on the vector of coefficients fa0ðZ,Z0Þ, a1ðZ,Z0Þg.
10 A key difference between our framework and that of Krusell and Smith (1998) is that
the total stock of owner-occupied houses H is not predetermined, as is capital in their pa-
per, but has to be pinned down in equilibrium to clear the housing market every period.
Thus, our computational problem is closer to that of solving for equilibrium in a stochastic
incomplete-markets economy with a risk-free bond or with endogenous labor supply. See
Krusell and Smith (2006) for an overview of these different economies.
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III. Parameterization
We parameterize the model to be consistent with key cross-sectional fea-
tures of the US economy in the late 1990s, before the start of the boom
and bust in the housingmarket. When necessary to choose a specific year
we use information from 1998, since it coincides with a wave of the Survey
of Consumer Finances (SCF), which is the data source for many of our
targets.
A subset ofmodel parameters are assigned externally, without the need

to solve for themodel equilibrium. The remainingparameters are chosen
to minimize the distance between a number of equilibrium moments
from the stationary ergodic distribution implied by themodel’s stochastic
steady state and their data counterparts. The resulting parameter values
are summarized in table 1, and the targeted moments are in table 2. We
defer our description of the stochastic processes for the aggregate shocks
Z 5 ðV, Ϝ, fÞ that generate this ergodic distribution until section III.B.
A. Model Parameters

1. Demographics
The model period is equivalent to 2 years of life. Households enter the
model at age 21, retire at age 65 (corresponding to J ret 5 23), and die at
age 81 (ages 79–80 correspond to J 5 30).
2. Preferences
We set 1=g, the elasticity of substitution between nondurable consump-
tion and housing in equation (2), to 1.25 on the basis of estimates in
Piazzesi, Schneider, and Tuzel (2007). We set ϑ 5 2 to give an elasticity
of intertemporal substitution equal to 0.5. The consumption expendi-
tures equivalence scale {ej} reproduces the McClements (1977) scale, a
commonly used consumption equivalence measure. The discount factor
b is chosen to replicate a ratio of aggregate net worth to annual labor in-
come of 5.5, as in the 1998 SCF, which is equivalent to a ratio of aggregate
net worth to aggregate total income of 3.67. The model generates a me-
dian net-worth-to-labor-income ratio around 1, close to its empirical coun-
terpart from the 1998 SCF.
The warm-glow bequest function (3) is indexed by two parameters.

The strength of the bequest motive is governed by n, while the extent
to which bequests are a luxury good is governed by ♭. These two param-
eters are chosen to match (1) the ratio of net worth at age 75 to net
worth at age 50, which is an indicator of the importance of bequests as
a saving motive, and (2) the fraction of households in the bottom half



TABLE 1
Parameter Values

Parameter Interpretation Internal Value

Demographics:
J w Working life (years) N 44
J Length of life (years) N 60

Preferences:
1/g Elasticity of substitution

(c, s)
N 1.25

ϑ Risk aversion N 2.0
{ej } Equivalence scale N McClements scale
b Discount factor Y .964
n Strength of bequest motive Y 100
♭ Extent of bequest as luxury Y 7.7
q Additional utility from

owning
Y 1.015

y Utility cost of foreclosure Y .8
Endowments:
{xj} Deterministic life-cycle

profile
N Kaplan and Violante 2014

re Autocorrelation of
earnings

N .97

je Standard deviation of
earnings shocks

N .20

je0 Standard deviation of
initial earnings

N .42

F(b0, y0) Initial distribution
of bequest

N Kaplan and Violante 2014

Housing:
H Owner-occupied house

sizes
Y {1.50, 1.92, 2.46, 3.15, 4.03, 5.15}

~H Rental house sizes Y {1.17, 1.50, 1.92}
kh Transaction cost Y .07
dh Housing maintenance/

depreciation rate
N .015

ddh Loss from foreclosure N .22
w Operating cost of rental

company
Y .008

a/(1 2 a) Housing supply elasticity N 1.5
�L New land permits Y .311

Financial
instruments:

rb Risk-free rate N .03
i Mortgage and HELOC

rate wedge
N .33

lb Maximum HELOC N .20
Government:
th Property tax N .01
t0y , t1y Income tax function N .75, .151
�m Mortgage interest

deduction limit
N 19.2

rss Social Security replacement
rate

N .40
Note.—The model period is 2 years. All values for which the time period is relevant are
reported here annualized. A unit of the final good in the model corresponds to $52,000
(median annual household wage income from the 1998 SCF).



3304 journal of political economy
of the wealth distribution that leave a positive bequest, which is an indi-
cator of the luxuriousness of bequests.
The additional utility from owner-occupied housing relative to rental

housing, q, is chosen to match the average homeownership rate in the
US economy in 1998, which was 66% (Census Bureau). The calibrated
value implies a consumption-equivalent gain from owning for the me-
dian homeowner of around half a percentage point. The disutility from
mortgage defaults y is chosen to target an equilibrium foreclosure rate
of 0.5%, which was the average rate in the United States during the late
1990s. The calibrated value implies an average consumption-equivalent
loss of roughly 30% in the period of default.
3. Endowments
The deterministic component of earnings {x j } comes from Kaplan and
Violante (2014). Average earnings grow by a factor of 3 from age 21 to
their peak at age 50 and then decline slowly over the remainder of the
working life. The stochastic component of earnings ej is modeled as an
AR(1) (first-order autoregressive) process in logs with annual persistence
of 0.97, annual standard deviation of innovations of 0.20, and initial stan-
darddeviationof 0.42.This parameterization implies a rise in the variance
of log earnings of 2.5 between the ages of 21 and 64, in line with Heath-
cote, Perri, and Violante (2010). We normalize earnings so that median
TABLE 2
Targeted Moments in the Calibration

Moment Empirical Value Model Value

Aggregate NW/aggregate labor income (median ratio) 5.5 (1.2) 5.6 (.9)
Median NW at age 75/median NW at age 50 1.51 1.55
Fraction of bequests in bottom half of wealth distribution 0 0
Aggregate homeownership rate .66 .67
Foreclosure rate .005 .001
10th percentile housing NW/total NW for owners .11 .12
50th percentile housing NW/total NW for owners .50 .38
90th percentile housing NW/total NW for owners .95 .80
Average-size owned house/rented house 1.5 1.5
Average earnings owners/renters 2.1 2.4
Annual fraction of houses sold .10 .095
Homeownership rate of <35-year-olds .39 .37
Relative size of construction sector .05 .05
Belief shock:
Average expenditure share on housing .16 .16
Expected annual house price growth .06–.15 .06
Average duration of booms, busts (years) 5.4, 5.5 5, 5
Average size of house price change in booms, busts .36, .37 .34, .32
Note.—Moments correspond to the 13 model parameters and the six parameters of the
belief shock process internally calibrated. NW 5 net worth.
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annual household earnings ($52,000 in the 1998 SCF) equal one in the
model.
The mean and variance of the initial distribution of bequests, also

from Kaplan and Violante (2014), are chosen to mimic the empirical dis-
tribution of financial assets and its correlation with earnings at age 21.
4. Housing
To discipline the set of owner-occupied house sizes H, we choose three
parameters: the minimum size of owner-occupied units, the number of
house sizes in that set, and the gap between house sizes. We target three
moments of the distribution of the ratio of housing net worth to total net
worth: the 10th percentile (a value of 0.11), the median (0.50), and the
90th percentile (0.95). Similarly, to discipline the set ~H, we choose two
parameters: the minimum size of rental units and the number of house
sizes in that set (we restrict the gap between rental unit sizes to be the
same as for owner-occupied houses). We target a ratio of owners’ average
house size to renters’ of 1.5 (Chatterjee and Eyigungor 2015) and a ratio
of owners’ average earnings to renters’ of 2.1 (1998 SCF).
The proportional maintenance cost that fully offsets depreciation dh is

set to replicate an annual depreciation rate of thehousing stock of 1.5%.11

In the event of a mortgage default, the depreciation rate rises to 25%,
consistent with the loss of value for foreclosed properties estimated in
Pennington-Cross (2006). The transaction cost for selling a house kh
equals 7% of the value of the house. Given this transaction cost, around
9.5% of all houses are sold annually in the model, compared to 10% in
thedata (as estimatedbyNgai andSheedy 2017, from theAmericanHous-
ing Survey).12 The operating cost of the rental company w affects the rel-
ative cost of renting versus buying, a decision that is especially relevant
for young households. Accordingly, we choose w to match the home-
ownership rate of households younger than 35, which was 39% in 1998
(CensusBureau). The calibrated value corresponds to anannualmanage-
ment cost for the rental companies of just under 1% of the value of the
housing stock.
The construction technology parameter a is set to 0.6 so that the price

elasticity of housing supply a=ð1 2 aÞ equals 1.5, which is the median
value across metropolitan statistical areas estimated by Saiz (2010). The
value of new land permits �L is set so that employment in the construction
sector is 5% of total employment, consistent with Bureau of Labor Statis-
tics data for 1998.
11 Bureau of Economic Analysis table 7.4.5, consumption of fixed capital of the housing
sector divided by the stock of residential housing at market value; see app. E.

12 This value of transaction costs is in line with common estimates of sales costs, includ-
ing brokerage fees and local taxes (Delcoure and Miller 2002).
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5. Financial Instruments
We set the risk-free rate rb at 3% per annum. The origination cost for
mortgages km is set equal to the equivalent of $2,000 in the model, cor-
responding to the sum of application, attorney, appraisal, and inspection
fees.13 The proportional wedge i is set to 0.33 (implying an amortization
rate rm of 4% per annum), consistent with the gap between the average
rate on 30-year fixed-term mortgages and the 10-year T-bill rate in the
late 1990s. The maximum HELOC limit as a fraction of the home value,
lb, is set to 0.2 to replicate the 99th percentile of the combined LTV and
HELOC limits distribution in the 1998 SCF.14
6. Government
The property tax th is set to 1% per annum, which is the median tax rate
across US states (Tax Policy Center). For the income tax function T ð�Þ,
we adopt the functional form in Heathcote, Storesletten, and Violante
(2017), T ðyj ,mjÞ 5 t0y ðyj 2 rm minfmj , �mgÞ12t1y . The parameter t0y , which
measures the average level of taxation, is set so that aggregate tax reve-
nues are 20% of output in the stochastic steady state of the model.
The parameter t1y , which measures the degree of progressivity of the
US tax and transfer system, is set to 0.15 on the basis of estimates by
Heathcote, Storesletten, and Violante (2017). The argument of the func-
tion yj is taxable income, which is defined as income net of the deduct-
ible portion of mortgage interest payments. Interest is deductible for
only the first $1,000,000 of mortgage debt.
To set the Social Security replacement rate rss, we proxy average indi-

vidual lifetime earnings with the last realization of earnings ywJ ret . The dis-
tribution of these proxies is run through the same formula used in the
US Social Security system in 1998 to calculate the distribution of individ-
ual benefits. We then compute the ratio of average benefits to average
lifetime earnings proxies, which gives an aggregate social security re-
placement rate of 0.4.
B. Aggregate Uncertainty and Boom-Bust Episode
As discussed in section II.F, the macroeconomy is subject to three aggre-
gate shocks: labor income V, credit conditions Ϝ 5 ðlm, lp, km, zmÞ, and
utility over housing services f. We assume that each of these three shocks
follows independent discrete-state Markov processes. We present our
13 See http://www.federalreserve.gov/pubs/refinancings/default.htm.
14 This value is close to the 90th percentile of the HELOC limit distribution, roughly

30% of the home value.
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calibration below and summarize the parameter values in table 3. We
then describe how we simulate the boom-and-bust episode.
1. Aggregate Shocks
Aggregate labor income.—The aggregate labor income process V follows a
two-point Markov chain that is obtained as a discrete approximation to
an AR(1) process estimated from the linearly detrended series of total
labor productivity for the United States.
Credit conditions.—The shocks to credit conditions are intended to cap-

ture two important consequences of the transformation in housing fi-
nance that occurred in the early 2000s. At the root of these changes
was the rise in securitization of private-label mortgages (Levitin and
Wachter 2011; Keys et al. 2013).15
TABLE 3
Parameters Governing the Markov Processes for the Three Aggregate Shocks

Parameter Interpretation Internal Value

Productivity V:
VL Earnings: low state N .965
VH Earnings: high state N 1.035
qV
LL 5 qV

HH Transition probability N .90
Credit conditions Ϝ:
kmL Fixed origination cost: low state N $2,000
kmH Fixed origination cost: high state N $1,200
zm
L Proportional origination cost: low state N 100 BP

zm
H Proportional origination cost: high state N 60 BP

lm
L Maximum LTV: low state N .95

lm
H Maximum LTV: high state N 1.1

lp
L Maximum PTI: low state N .25

lp
H Maximum PTI: high state N .50

q Ϝ
LL 5 q Ϝ

HH Transition probability N .98
Beliefs about housing

demand f:
fL 5 f*L Taste for housing: low state Y .12
fH Taste for housing: high state Y .20
qf
LL 5 qf

HH Transition probability Y .95
qf

LL* 5 qf

HL* Transition probability Y .04
qf

L*L Transition probability Y .12
qf

L*H Transition probability Y .80
15 As explained by, e.g., L
phenomenon. Before the
among amortizing fixed-i
Freddie Mac. Private-label
20% of all mortgage-backe
and fell to around 5% afte
evitin and Wachter (2011), securitization i
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nterest conforming loans associated with
mortgage-backed securities issuances accou
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Fannie M
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First, the ability to securitize private-label loans increased their appeal
with investors and enhanced their liquidity, thereby reducing the origi-
nation costs of the underlying mortgages for lenders (e.g., Loutskina
2011). We model this change as a reduction in both the fixed and the
proportional components of the mortgage origination cost, km and zm.
On the basis of the evidence in Favilukis, Ludvigson, and Van Nieuwer-
burgh (2017), we assume that in times of normal credit conditions the
fixed cost is $2,000 and the wedge is 100 basis points and that in times
of relaxed credit the fixed cost falls to $1,200 and the wedge to 60 basis
points, corresponding to a 40% drop in both parameters.16

Second, by offering insurance against local house price risk, securitiza-
tion reduced originators’ incentives to verify borrowers’ documentation
and led to a deterioration of lenders’ screening practices (e.g., Keys, Seru,
and Vig 2012). The consequent widespread relaxation of underwriting
standards in the US mortgage market allowed many buyers to purchase
houses with virtually no down payment and other buyers to borrow larger
amounts than would have been previously possible, given their incomes.
Consistent with this body of work, we model these changes as varia-

tions in maximum LTV and PTI ratios at origination (lm, lp). A shift
in maximum LTV ratio constitutes the main experiment in Iacoviello
and Pavan (2013), Guerrieri and Lorenzoni (2015), Landvoigt, Piazzesi,
and Schneider (2015), Huo and Ríos-Rull (2016), and Favilukis, Lud-
vigson, and Van Nieuwerburgh (2017). A shift in the maximum PTI ratio
is the main experiment in Greenwald (2016).
We set lm 5 0:95 in times of normal credit conditions, to replicate the

90th percentile of the LTV distribution in the late 1990s (1998 SCF), and
set lm 5 1:1 in times of relaxed credit conditions.17 In the stochastic
steady state, 4% of households originate new mortgages exactly at the
LTV constraint, and 40% of households originate mortgages with an
LTV of 80% or higher. In comparison, in 1999, 48% of US households
had a combined LTVof 80% or higher, and 8% hadmortgages with com-
bined LTV of 95% or higher. We set lp 5 0:25 in normal times and set
lp 5 0:50 in times of relaxed credit conditions.18 In the stochastic steady
16 There is also direct evidence from other historical episodes that deregulation leads to
a fall in intermediation costs. For example, Favara and Imbs (2015) study the effect of the
passage of the Interstate Banking and Branching Efficiency Act of 1994. Using balance
sheet data, they show that these branching deregulations enabled banks to diversify deposit
collection across locations and to lower the cost of funds.

17 This shift in lm is in line with Keys et al. (2013), who report a rise in combined LTV
ratios of roughly 15 percentage points between the mid–late 1990s and 2006. When we ex-
perimented with a lower value for lm of 0.80 in the tight state, our results were virtually
unchanged.

18 These values are somewhat lower than the ones reported by Greenwald (2016) for
front-end PTI limits, because they have been adjusted downward to account for the fact
that the amortization period in our model (remaining lifetime from date of purchase)
is longer than that in the data (typically 30 years from date of purchase). Greenwald reports
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state, 10% of households that originate new mortgages are within 5 per-
centage points of the PTI constraint. In comparison, in 1999, 9% of US
households were within 5 percentage points of a 50% PTI, which was
themost commonly prevailing PTI limit.Ourmodel thus generates a frac-
tion of potentially constrained households that is in line with the data.19

We assume that all four components of the index of credit conditions
Ϝ are perfectly correlated and that the transition probabilities across the
normal and relaxed states are such that a regime shift occurs, on aver-
age, once a generation. Regime shifts are thus perceived by households
to be essentially permanent, given the lack of altruistic links.
Finally, it is useful to mention that the literature has emphasized the

role of what it calls a credit supply shock (Mian and Sufi 2009, 2016a; Di
Maggio and Kermani 2017), that is, an expansion of cheap funds avail-
able to the low-quality borrowers (those who were traditionally denied
loans) and a subsequent retraction of such credit after the bust. As illus-
trated by Justiniano, Primiceri, and Tambalotti (2019), this shock is
more consistent with the data than the collateral parameter shocks be-
cause it can simultaneously generate a rise in the quantity of credit
and a fall in the mortgage spreads faced by low-quality borrowers during
the boom. The components of our exogenous credit conditions that
capture these features are the costs of mortgage origination km and zm.
In section V.A.1, we show that our model is also able to endogenously
generate these patterns in the stock of credit and in mortgage spreads
as a direct consequence of changing beliefs of lenders.
Expectations about future housing demand.—We assume that the parame-

ter governing the utility weight on housing services (which affects the de-
mand for housing) follows a three-state Markov process with values (fL,
f*L , fH) and a transition matrix with elements qf

ij for i, j ∈ fL, L*, Hg. We
impose two symmetry restrictions on the transitionmatrix: qf

LL 5 qf
HH and

qf

LL* 5 qf

HL*. Together with the constraint that the rows of the transition
matrix add to unity, this leaves a total of six parameters to calibrate: two
preference parameters, fL and fH, and four transition probabilities.
We choosefL so that the average share of housing in total consumer ex-

penditures is 0.16 (National Income andProduct Accounts) in the stochas-
tic steady state. We choose fH so that household expectations about house
price appreciation during the boom are consistent with survey-based ex-
pectations.CaseandShiller (2003, table9)andCase,Shiller, andThompson
19 These statistics come from the Freddie Mac Single Family Loan-Level Dataset, avail-
able at http://www.freddiemac.com/research/datasets/sf_loanlevel_dataset.page, as of
February 10, 2015; 1999 is the earliest year for which data are available.

smaller shifts between boom and bust in the distribution of PTI limits at origination, so ours
is an upper bound for the role of this shock.
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(2012, table 3) report that during the booms of the 1980s and 2000s,
households located in four metropolitan areas and four counties with dif-
ferent local housing market conditions expected, on average, nominal
house appreciation between 6% and 15% per year over the next 10 years.
We target themiddle of this range, that is, 6% expected annual real house
price growth (given an inflation rate of 2.5%), and obtain a value for fH

corresponding to a housing expenditure share of 0.26.
We choose the four transition probabilities to match the average size

and duration of house price boom-and-bust episodes. Using a long panel
of OECD (Organisation for Economic Co-operation and Development)
countries, Burnside, Eichenbaum, and Rebelo (2016) estimate that the
average size of booms (busts) is 36% (37%) and that their median dura-
tion is 5.4 (5.5) years.20 The calibrated transition matrix (reported in ta-
ble 3) implies that a shift from fL to f*L is rare, but when it happens it
conveys news that a shift to the state where all households desire more
housing (fH) is now much more likely to occur in the near future. It also
implies that the high state, when it occurs, is very persistent.
2. Boom-Bust Episode
Our quantitative experiment is to simulate a particular joint realization
of these stochastic processes in order to engineer a boom-bust episode
that accurately describes the household earnings, housing finance,
and house price expectations conditions during the recent house price
boom (1997–2007) and subsequent bust (2007–15).
In the preboom period, the economy is in a regime with low labor pro-

ductivity, normal credit conditions, and utility for housing services equal
tofL.Wemodel theboomas a combined switch tohigh laborproductivity,
looser credit conditions, and housing utility state f*L starting in 2001. The
switch tof*L means that all agents in the economy, not just households but
also firms in the financial and rental sectors, rationally believe that a fu-
ture increase in housing demand is now more likely (a point we return
to in sec. V.A).Wemodel the bust as a reversion of all three shocks to their
preboom values in 2007.
Since we simulate a switch from fL to f*L and vice versa, at no point in

our experiment is there any change in actual preferences for housing ser-
vices; there is only a shift in theprobability that such a changemight occur
20 We compute model counterparts of these moments by simulating the stochastic
steady state of the model subject to all shocks (productivity, credit conditions, and be-
liefs/preferences for housing). One can interpret our calibration of the belief shock as
a residual to explain boom-and-bust episodes above and beyond what could be explained
with income and credit conditions. Thus, ex ante, credit shocks could have accounted for
all the movements in house prices, in which case the calibrated belief shocks would have no
residual effect on house prices.
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in the future. We thus refer to this shift as a house price expectations/be-
liefs shock, since in equilibrium it generates an increase and subsequent
decline in expectations of future house price growth. Figure F1 (figs. F1–
F11, G1, G2, and H1 are available online) plots the realized path for ex-
pected house price growth generated by the switch, which is in line with
the survey evidence discussed above.
Figure 1 plots the realized paths for the three components of the aggre-

gate shocks over theboom-bust episode.Theparameters of the combined
shock process in table 3 imply that the ex ante probability (in 1997) that
this particular history of shock realization occurs is very low, around
0.05%. Thus, through the lens of our model, the boom-bust episode of
the 2000s is a tail event. As in every rational expectations equilibrium,
all agents in themodel always use correct conditional probability distribu-
tions to compute expectations, but the realized path of shocks in the
boom-bust episode is very different from the paths that were most likely
to occur ex ante.
C. Household Distributions in the Stochastic Steady State
Before examining the dynamics of the economy over the boom-and-bust
period, we briefly present a set of predictions from the parameterized
model in the stochastic steady state that we did not explicitly target in
the calibration.
1. Life-Cycle Implications
Figure 2 displays the life-cycle profiles for several key model variables.
The mean life-cycle profiles for labor income, pension income, nondu-
rable consumption, and housing consumption are displayed in panel A,
and the corresponding life-cycle profiles for the variance of logs of these
variables are displayed in panel B. The shape of these profiles is typical of
incomplete-market models and broadly consistent with their empirical
counterparts (Heathcote, Perri, and Violante 2010).
Figure 2C shows that the life-cycle profile of homeownership in the

model rises steadily from 10% at age 25 to 80% at age 55 and then levels
off, consistent with data. Homeownership rises with age in the model
for two main reasons. First, it takes time for households to accumulate
enough savings to overcome the down-payment and PTI constraints in or-
der to buy a house of desired size. Because of the income and wealth het-
erogeneity, some households succeed earlier than others. Second, with
constant relative risk aversion utility, the optimal portfolio allocation im-
plies a roughly constant share of the risky asset. Since theonly risky asset in
our model is housing, as wealth grows over the life cycle so does the
amount of owner-occupied housing.
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Figure 2D shows that, among homeowners with mortgages, leverage
(defined as the ratio of debt to house value) declines with age, which
is also consistent with SCF data. Debt decreases steeply during the work-
ing life because of the retirement savings motive and continues to de-
crease in retirement because the mortgage interest deduction becomes
less valuable as income, and the relevant marginal tax rate, falls.
In table F1 (tables D1 and F1 are available online), we report the distri-

bution of house sizes over the life cycle for homeowners in the data
(American Housing Survey) and in the model. The model reproduces
this distribution well, with the exception that it somewhat underestimates
the ownership of large houses by young and middle-aged households, a
manifestation of the fact that it underestimates wealth concentration at
the top, as we explain below.
FIG. 2.—A, Average earnings, nondurable consumption, and housing expenditures by
age in the model. B, Age profile of the variance of the logs for these same variables in
the model. C, Homeownership in the model and in the data (source: 1998 SCF). D, Lever-
age ratio among homeowners with mortgage debt in the model and in the data (source:
1998 SCF). A color version of this figure is available online.
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2. Cross-Sectional Implications
Table 4 reports some additional cross-sectional moments of interest in
the model and the data (1998 SCF). The model matches the distribution
of house values for homeowners and the distribution of LTVs for mort-
gagors well.
Below the topdecile, thewealth distribution in themodel closely repro-

duces the wealth distribution in the SCF. The Gini coefficient for net
worth is 0.69, compared with 0.80 in the data. As is common in this class
of models, we miss the high degree of wealth concentration among the
rich that is observed in the data. However, for the main questions of this
paper this shortcoming is not too problematic: for households in the top
10% of the wealth distribution, housing represents only one-quarter of
their net worth, and thus one would expect these households not to play
amajor role in the dynamics of aggregate house prices and consumption.
We have also computed the aggregatemarginal propensity to consume

out of a small windfall of cash to be 39.5% over the 2-year model period.
This value is well in line with the empirical estimates discussed in, for ex-
ample, Kaplan and Violante (2014). Matching this statistic is important,
since one of our goals is to quantify the transmission of house prices into
consumption, and, as shown by Berger et al. (2017), a change to house
prices is akin to a transitory income shock. In addition, it provides inde-
pendent evidence that ourmodel does notmisrepresent the share of con-
strained consumers.
M

F
F
A
1
5
9
G
S
S
S
S
S
1
5
9
B

TABLE 4
Other Implied Cross-Sectional Moments Not Explicitly Targeted

in the Model Parameterization

oment Empirical Value Model Value

raction of homeowners with mortgage .66 .56
raction of homeowners with HELOC .06 .03
ggregate mortgage debt/housing value .42 .34
0th percentile LTV ratio for mortgagors .15 .14
0th percentile LTV ratio for mortgagors .57 .58
0th percentile LTV ratio for mortgagors .92 .89
ini of net worth distribution .80 .69
hare of net worth held by bottom quintile .00 .00
hare of net worth held by middle quintile .05 .08
hare of net worth held by top quintile .81 .69
hare of net worth held by top 10% .70 .35
hare of net worth held by top 1% .46 .07
0th percentile house value/earnings .9 1.0
0th percentile house value/earnings 2.1 2.0
0th percentile house value/earnings 5.5 4.3
PP consumption insurance coefficient .36 .41
Source.—1998 SCF, except for the consumption insurance coefficient (Blundell,
Pistaferri, and Preston [BPP] 2008).
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Finally, in order to assess the plausibility of the degree of substitution
between the rental andowner-occupied stocks impliedby the segmentation
in table 1, we perform two additional comparisons between data and
model. First, table5 compares thecross-sectionaldistributionof house sizes
for renters and owners. This table shows that our partial segmentation as-
sumption fits the data (AmericanHousing Survey) quite well: in the data,
only 9% of homeowners live in the smallest house size and 10%of renters
live in the largest four house sizes. Second, we compare the average
change in house size for households who switch house, conditional on
their tenure status before and after the transition, in the data and in
the model. The empirical counterparts of the model are estimated from
the PSID (Panel Study of Income Dynamics) for survey years 1968–96,
that is, the preboom period corresponding to our stochastic steady state.
Appendix E contains a detailed description of sample selection and meth-
odology. Table 6 shows that the model is broadly consistent with the data,
except for the fact that it underpredicts the average drop in house size for
owner-rental transitions.
IV. Boom-Bust Dynamics in the Housing Market
In this section, we present our main quantitative findings on the sources
of the boom-bust in the housing market and the extent and channels
D
M

TABLE 5
House Size Distribution between Owner-Occupied and Rental

in the Data and in the Model (%)

Size Class

Owners Renters

Data Model Data Model

1 9 0 51 76
2 24 40 28 16
3 25 20 11 7
4 18 16 5 0
5 10 15 2 0
6 9 7 1 0
7 6 2 2 0
Note.—Data are from the American Housing Survey. Our segmentation assumption im-
plies that the smallest house size cannot be owned and the largest four house sizes cannot
be rented.
TABLE 6
Average Log Changes in House Size by Type of Transition

R→O R→R O→R O→O

ata .25 (.01) .04 (.01) 2.29 (.01) .04 (.01)
odel .22 .01 2.10 .06
Note.—House size refers to housing units in the model and number of rooms in the
data. Standard errors are in parentheses. O 5 owner; R 5 renter. Data source is PSID
1968–96. See app. E for details.
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through which the changes in house prices transmitted to consumption
expenditures.
Throughout our analysis, we exploit the orthogonal nature of the

shocks to decompose the dynamics of different aggregate time series
into the effects of labor income, credit conditions, and beliefs. We do this
by simulating the equilibrium dynamics that occur when each shock hits
the economy in isolation. Although the shocks themselves are orthogo-
nal, there are sometimes strong interactions in the economy’s response
to the shocks so that, in general, the three components do not sum to
the equilibrium dynamics that occur when all shocks hit the economy si-
multaneously (which we refer to as the benchmark economy).
We start with themodel’s implications for the dynamics of house prices

and rent-price ratios. We then analyze the dynamics of homeownership,
leverage, and foreclosures. In each case, we compare themodel to its em-
pirical time-series counterpart. See appendix E for the relevant data
sources.
A. House Prices and Rent-Price Ratio
The benchmark model features a 30% increase in house prices followed
by a similar-sized decline (fig. 3A). The decomposition reveals that the
only shock that generates substantial fluctuations in house prices is the
shift in beliefs about future house price appreciation. Changes in labor
productivity lead to very small deviations in house prices—to the extent
that housing is a normal good, housing demand responds to persistent in-
comefluctuations—and changes in credit conditions have a trivial impact
on house prices. The inability of changes in credit conditions to bring
FIG. 3.—A, House price. B, Rent-price ratio. “Benchmark” represents the model’s sim-
ulation of the boom-bust episode with all shocks hitting the economy. The other lines cor-
respond to counterfactuals where all shocks are turned off except the one indicated in the
legend. Model and data are normalized to 1 in 1997. A color version of this figure is avail-
able online.
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about significant movement in house prices is one of the main conclu-
sions of our paper and one to which we return repeatedly. Our findings
suggest that the boom-bust in house prices was due to a shift in expecta-
tions about future house price growth, not a shift in credit conditions.
The model can generate more than half of the fall in the rent-price

ratio observed in the data (fig. 3B). The decomposition again demon-
strates that this is almost entirely accounted for by the belief shock. To
understand the dynamics of the rent-price ratio, it is useful to return
to the equilibrium condition for the rental rate (eq. [11]; recall that,
for now, we assume m 5 ð1 1 rbÞ21). This condition dictates that when
current prices increase, rents increase too. Without any change in be-
liefs, the rent-price ratio would remain roughly stable (or even go up,
if the house price dynamics were mean reverting). Under the belief
shock, however, there is an increase in expected future house price
growth, which pushes down rents and aligns the rent-price ratio in the
model with its empirical counterpart.
B. Homeownership
Figure 4, which displays themodel’s implication forhomeownership, shows
that the benchmarkmodel matches the dynamics in the data well. By itself,
the belief shock reduces homeownership during the boom by pushing
down the rent-price ratio (dashed line in fig. 4), for two reasons. First, rents
are cheaper relative to prices, which moves people at the margin toward
renting. Second, the large increase in prices induced by the shift in beliefs
makes the down-payment constraint binding for more households.
Both the productivity shock and the credit conditions shock, however,

induce boom-bust dynamics in homeownership. The productivity shock
results in a persistent rise in aggregate income, which relaxes the PTI con-
straint and pushes those renters for whom the constraint was binding to-
ward buying a house. This force accounts for a 3% increase in home-
ownership. The relaxation of credit conditions has a similar-sized effect
on homeownership that operates by relaxing the LTV constraint and low-
ering the cost of originating mortgages.
Summing the individual effects of three shocks does not generate the

homeownership dynamics in the benchmarkmodel. The gap is due to an
interaction between the belief shock and the relaxation of credit limits:
taking advantage of looser PTI and LTV constraints requires sacrificing
current consumption, which is more acceptable when house prices are
expected to grow. In other words, the belief shock makes more house-
holds want to own more housing, while the credit conditions shocks
makes more households able to buy a house.
Figures 4B and 4C show the change in homeownership for house-

holds of different ages. In both model and data, the rise and fall in
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homeownership are predominantly driven by young households. They
dominate the movements in homeownership because these are the house-
holds for whom LTV and PTI constraints are most likely to bind and, as a
result, those for whomcredit relaxation and rise in income aremost salient.
C. Decoupling of House Prices and Homeownership
We have shown that a relaxation of credit conditions has a strong effect
on homeownership but not on house prices. What explains this surpris-
ing decoupling of house prices from homeownership dynamics follow-
ing a credit shock?
Households in the model choose to own rather than rent for one of

three reasons: (1) in order to live in a house larger than the ones available
in the rental market, (2) in order to take advantage of the utility benefit
of owning, or (3) in order to capture the expected capital gain from own-
ing a house. For a credit boom to have a large effect on house prices, it is
necessary for the economy to feature a large number of households who
are constrained in the amount of housing services they consume—they
would like to own a home for the first of these reasons but cannot because
of credit constraints. In this case, cheaper credit goes hand in hand with
more housing demand. However, in our model, as in the data, very few
households are constrained in this way: rather than buying excessively
small houses, they prefer to rent a house of their desired size. A credit re-
laxation induces these renters to become owners, for the second and
third reasons. But these switchers buy houses similar in size to the ones
they were previously renting. Homeownership increases without pushing
up total demand for housing services and, hence, without pushing up
house prices. The age profile of homeownership shifts to the left—house-
holds who would have become owners in the future buy houses today in
order to take advantage of the utility benefit and capital gains—but the
life-cycle profile of consumption of housing services remains virtually
unchanged.21

In contrast, the belief shock induces existing homeowners to buy big-
ger houses so that they can take advantage of expected future house
price growth, which pushes up house prices.
D. Leverage
Figure 5A displays the model’s implications for the dynamics of leverage,
which is defined as aggregatemortgage debt divided by aggregate housing
21 As illustrated by Landvoigt, Piazzesi, and Schneider (2015), changes in credit condi-
tions may have small effects on average house prices at the aggregate level, but they could
have a larger impact on specific housing market segments populated by low-income bor-
rowers for which constraints are more likely to bind.
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wealth. The model can generate a flat path for leverage during the boom,
as in the data, because of two offsetting effects. The shift toward optimistic
expectations pushes up house prices, causing leverage to fall, while looser
credit conditions lead to an expansion inmortgage debt, causing leverage
to rise.
During the bust, the belief shock generates a sharp mechanical rise in

leverage because of the large drop in house prices. Yet despite the drop
in house prices, the stock of mortgage debt remains well above its pre-
boom level for over a decade, implying that households delever slowly.
Long-term mortgages play a crucial role in these dynamics: households
who do not want to default can slowly reduce their debt burden by stick-
ing to their existing amortization schedule, thus avoiding large swings in
consumption. As explained in section II.B, if mortgages were short-term,
changes in house prices would induce nearly proportional changes in
debt. In section V.D, we present an economy with short-term debt where
deleveraging behavior is much more abrupt.22
E. Foreclosures
The spike in foreclosures in the model (fig. 5B) is close in size to the
spike in the data. In the model, the foreclosure crisis is driven by the
FIG. 5.—A, Leverage. B, Foreclosure rate. “Benchmark” represents the model’s simula-
tion of the boom-bust episode with all shocks hitting the economy. The other lines corre-
spond to counterfactuals where all shocks are turned off except the one indicated in the
legend. Model and data are normalized to 1 in 1997. A color version of this figure is avail-
able online.
22 In our model, only households who are near the maximum limit on HELOCs are
forced to delever, but their effect on the aggregate economy is small because very few of
them are in that situation when prices start to fall. This is consistent with the data: at
the peak of the boom, only around 4% of homeowners had a HELOC usage rate beyond
75% (2004 and 2007 SCF).
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collapse in house prices from the belief shock, which pushesmany house-
holds underwater, not by the tightening of credit conditions. The tight-
ening of credit conditions does not generate a spike in foreclosures for
two reasons: (1) it does not move prices, and (2) in an environment with
long-termdebt, a tightening of LTVand PTI constraints is relevant only at
origination. The figure shows that, as for homeownership, there is a
strong interaction between credit conditions and beliefs. Credit relaxa-
tion amplifies the effect of belief shifts on foreclosures because, during
the boom, it enables optimistic buyers to obtain larger and cheapermort-
gages. When prices fall, it is then more likely that households find them-
selves underwater on their mortgages. As we explain in section V.A, it is
important for these dynamics that lenders also experience the same shifts
in their expectations.
F. Cross-Sectional Distribution of Debt and Foreclosures
In appendix G, we show that our model is consistent with two key features
of the cross-sectional distribution of housing debt and distress. First, we
show that the model reproduces the level and change in the share of out-
standing mortgage debt owed by different parts of the household income
distribution. Second, we show that the model tracks the relative shares of
foreclosures accounted for by different quartiles of the credit score distribu-
tion (which we proxy in the model with probability of default) during the
bust.
G. Consumption
Figure 6A shows that the model generates a boom-bust in consumption
similar in size to that in the data. The credit conditions shock has virtu-
ally no effect on nondurable consumption because it does not affect
house prices. Around one-half of the movement in consumption is due
to the labor income shock, with the remainder due to the belief shock.
The belief shock affects consumption through its impact on house prices.
We therefore conclude that around one-half of the boom-bust in con-
sumption can be accounted for directly by changes in house prices.
What is the transmission mechanism from changes in house prices to

consumption? Figure 6B shows that a wealth effect can go a long way in
explaining the dynamics of consumption.23 The panel plots the change
in log consumption during the bust for households with different ratios
23 This effect is variously referred to as a wealth effect, an endowment income effect, or
an endowment effect. Berger et al. (2017) distinguish between this endowment income
(wealth) effect and three other channels: an ordinary income effect, a substitution effect,
and a collateral effect in the transmission of house prices to consumption.
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of net housing wealth to total wealth at the peak of the boom.24 The
sharp negative slope indicates that the larger is the share of housing
wealth in total wealth, the bigger is the impact of the fall in house prices
on consumption. Quantitatively, the semielasticity of expenditures with
respect to this ratio is not far from one.
Why does the negative wealth effect from the fall in house prices gen-

erate a fall in aggregate consumption? After all, there are counteracting
forces that work in the opposite direction. For example, figure 6B shows
that the drop in house prices leads to a positive wealth effect for renters
who plan to become homeowners in the future: since housing is cheaper,
they do not have to save as much for the down payment and can afford to
consumemore. It also generates a positive wealth effect for some existing
homeowners who plan to upsize in the future—those who expect to
upsize by more than the quantity of housing that they currently own.25

The sign and size of the aggregate wealth effect on nondurable expen-
ditures thus depends on the joint distribution across households of
expected future changes in housing units and marginal propensities to
consume (MPCs). The life-cycle dimension is crucial here, and the age
FIG. 6.—A, Consumption. “Bench” represents the model’s simulation of the boom-bust
episode with all shocks hitting the economy (i.e., benchmark). The other lines correspond
to counterfactuals where all shocks are turned off except the one indicated in the legend.
Model and data are normalized to 1 in 1997. B, Log change in consumption during the
bust (2007–11) plotted against the housing net worth share of total wealth (including hu-
man wealth), from the model. A color version of this figure is available online.
24 Total wealth includes housing net worth, financial wealth, and human wealth. Human
wealth is computed as the expected future flows of earnings and Social Security benefits
discounted at the risk-free rate.

25 A simple example that abstracts from leverage may help illustrate this point. Imagine
that a homeowner currently owns a house of size 1 and will upsize to a house of size 3 in the
future. This household experiences a negative wealth effect on its existing stock (1), but it
also receives a positive wealth effect on the amount that it wants to buy (3 2 1 5 2 > 1)
such that, on net, that household has a positive wealth effect from the drop in prices.
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profiles infigure2offer somevaluableclues to the shapeof thisdistribution.
These figures show that by age 40–45, both the extensive margin (home-
ownership rate) and the intensive margin (housing units consumed) have
effectively leveled off, meaning that the majority of households expect to
climb down, rather than up, the housing ladder in the future. In our simu-
lations, around 75% of households—accounting for around 80% of aggre-
gate consumption—experience a negative wealth effect from the fall in
house prices (i.e., they expect to either downsize or upsize by less than
the current stock of housing they own).26 Despite having slightly smaller
MPCs, on average, than the remaining 25% of households, their abun-
dance means that the aggregate effect is a fall in consumption.
The aggregate elasticity of consumption to house prices in our model

is 0.20. This elasticity is broadly consistent with the rule of thumb advo-
cated by Berger et al. (2017), in which only the wealth effect is operative.
Applying their formula to the version of our model with only the belief
shock (the version most comparable to their partial equilibrium model)
yields an elasticity of 0.18.27
V. Understanding Our Results
Lying at the heart of all the results in section IV are differences in the way
the economy responds to changes in beliefs about future housing de-
mand, versus changes in credit conditions. In sections V.A and V.B, we
show how alternative modeling choices for these two shocks would affect
our findings. In section V.C, we show that our findings are robust to al-
ternative modeling of the rental market. Finally, in section V.D, we dem-
onstrate that if we suppress the two key model—and real-world—ingre-
dients (rental markets and long-term mortgages) that determine how
the economy reacts to aggregate shocks, credit shocks can indeed lead
to large fluctuations in house prices.
A. The Role of Beliefs
In our model we generate rational shifts in beliefs about future house
prices through exogenous stochastic changes in the conditional probability
26 In their overlapping-generations model, Kiyotaki, Michaelides, and Nikolov (2011)
find that house price movements have negligible effects on aggregate consumption, but
their calibration implies a much more pronounced hump in the homeownership profile,
and, as a consequence, positive and negative wealth effects offset each other more among
the living generations.

27 For the reasons explained at length throughout the paper, the collateral channel is
insignificant in our model. We verified that the substitution and income channels are also
jointly unimportant by running experiments with a wide range of values for the elasticity of
substitution between housing and nondurables. These all lead to similar-sized drops in
consumption.
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distribution over future preferences for housing services. This mecha-
nism is built on three assumptions: (1) that all agents in the economy
share these beliefs, (2) that there is a change in beliefs about preferences,
rather than a change in actual preferences, and (3) that changes in beliefs
are over a parameter that affects housing demand, rather than housing
supply. We now assess these assumptions via counterfactual experiments
where we modify some aspects of the belief shock. In all experiments,
credit conditions and labor productivity shocks follow the same realized
paths as in the benchmark economy.
1. Whose Beliefs Matter?
In our benchmark experiment, all agents in the economy (households,
lenders, and rental companies) share the same beliefs about housing pref-
erences. This means that when preferences switch from state f 5 fL to
f 5 fL* there are at least four channels through which the resulting shifts
in beliefs could affect the economy.
1, 2. Own beliefs (1) versus other households’ beliefs (2).—Individual house-

holds believe that in the future they themselves are likely to desire more
housing services relative to nondurable consumption. Since housing ad-
justment is costly, they might increase their housing demand immedi-
ately, even in the absence of any current change in house prices (which
we refer to as the “direct effect”). Moreover, individual households be-
lieve that all other households are likely to desire more housing services
in the future and thus rationally foresee that this future expansion in
housing demand will lead to higher future house prices. A speculative
motive may thus lead a household to increase its housing demand, even
if its own preferences are unchanged.
Tomeasure the relative strength of the speculativemotive versus the di-

rect effect, we compute the optimal decisions of households in two hypo-
thetical economies. In the first experiment, which is designed to isolate
the speculativemotive, we consider a set of householdswhosepreferences
forhousing services remainfixed atfL andwho face the equilibriumprice
dynamics from the benchmark economy. In the second experiment,
which is designed to isolate the direct effect, we consider a set of house-
holds whose preferences shift from fL to fL*, as in the benchmark, but
who believe that all other households’ preferences remain fixed at fL.28

In figure F2, we show that in both of these experiments the implied
boom-bust in house prices is smaller than that in the data, between 7%
and 10%, or around one-fourth of the one in the benchmark economy,
28 To compute the implied effects on house prices, we invert the aggregate housing sup-
ply function from the baseline economy at the level of housing demand implied by the ag-
gregation of household decisions in the two experimental economies.
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suggesting that eachmotive on its own is relatively weak.Althoughneither
the direct effect nor the speculative motive is very powerful on its own,
there is a strong interaction between the two. Optimistic expectations
about their own preferences lead households to want to purchase more
housing in the future; optimistic beliefs about other households’ prefer-
ences lead to optimistic beliefs about house price growth, which induces
them tomove those purchases to the present. This drives up house prices
and rationalizes those beliefs.
3. Lenders’ beliefs.—Mortgage lenders understand both the direct and

the speculative effects on prices and thus rationally expect future house
prices to rise. Expectations of rising house prices are accompanied by ex-
pectations of lower default rates, so lenders optimally offer more attrac-
tive mortgage contracts to households. These endogenous improvements
in credit conditions may lead households to demand more housing.
To quantify the importance of lenders’ beliefs in explaining the aggre-

gate dynamics surrounding the boom-bust episode, we consider two
counterfactual economies in which lenders and households have differ-
ent beliefs.
The lines labeled “Only Bank” in figure 7 reflect an economy where

only mortgage lenders believe that the probability of transitioning to
the high preference state fH rises and then falls, whereas households
and the rental company remain pessimistic and believe that this proba-
bility is unchanged.29

When only lenders are optimistic, there is almost no boom-bust in
house prices, and themovements in consumption are severely dampened
relative to the benchmark. Because there is little growth in house prices,
the pessimistic-household economy does not generate a fall in the rent-
price ratio and implies counterfactually high leverage during the boom.
The lines labeled “No Bank” in figure 7 reflect an economy where

mortgage lenders are pessimistic, in that they believe that the probability
of transitioning to the high preference fH is unchanged. Households
and the rental company, instead, are subject to the shifts in expectations.
This means that when the economy transitions from fL to fL* in the
boom, the default probabilities forecasted by the banks, and the implied
offered mortgage rates, do not embed the impact of belief shifts on ex-
pected future house price growth.
29 To compute this equilibrium, we assume that lenders price mortgages using the Mar-
kov transition matrix for f as in the benchmark economy, whereas households make their
optimal decisions using a modified Markov matrix in which transition probabilities in the
fL* state are the same as those in the fL. In both states, households and rental companies
use the same pricing forecast function as lenders do in the fL state. We compute the “No
Bank” equilibrium analogously.
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The dynamics of house prices, consumption, and the rent-price ratio
are almost identical in the pessimistic-lender economy and the bench-
mark. We thus conclude that lender beliefs are relatively unimportant
for the boom-bust in house prices and consumption. However, the shifts
in lenders’ expectations are crucial for the dynamics of homeownership,
leverage, and foreclosure. In their absence, homeownership counter-
factually falls when households become optimistic during the boom. Ex-
pansion of mortgage debt is 10% lower, which implies that this channel
accounts for nearly one-third of the total growth in debt during the
boom. The effect on foreclosures is particularly stark—the foreclosure
rate peaks at only 0.5% in the pessimistic-lender economy, compared
with 4% in the benchmark economy.
To better understand the role of lenders’ beliefs, it is useful to exam-

ine how the endogenous mortgage pricing schedule is affected by the
optimistic beliefs of lenders during the boom. In figure 8, we show an
example of this schedule for particular type of household. We plot the
FIG. 8.—Mortgage interest rate as a function of leverage for a 30-year-old household
with median earnings using all their savings to buy a $150K house. The switch to looser
credit conditions induces a movement from the “No Shocks” schedule to the “Credit Only”
schedule. The switch to optimistic beliefs (shared by all agents in the economy) induces a
movement from the “Credit Only” schedule to the “All Shocks” schedule. The flat dashed
line represents the risk-free rate rb. A color version of this figure is available online.
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mortgage rate, defined as the inverse of the price of a unit of mortgage
debt 1=q jðx0, y; QÞ and expressed annually, against the LTV at origination
(see eq. [10]). The solid line shows that, in normal times, the mortgage
rate for this household increases from around 4.5% per annum at low
levels of leverage, where the default probability is close to zero, to nearly
7% per annum at an LTV of 95%, which is the regulated maximum lm

before the boom.
The dotted line in figure 8 illustrates how the relaxation in credit con-

ditions both lowers mortgage rates (approximately) uniformly across le-
verage and increases the range of feasible LTV ratios. The former effect
is due to the reduction in the fixed and proportional origination costs,
km and zm, and the latter effect is due to the increase in maximum LTV
lm. Importantly, however, the relaxation in credit conditions leaves the
curvature of the mortgage rate schedule unchanged.
The dashed line in figure 8 shows that when lenders also believe that

future house price growth will increase, and therefore expect lower de-
fault rates, the mortgage rate schedule flattens, leading to a fall in inter-
est rates for highly levered borrowers.30 This is the sense in which our
model generates an endogenous credit supply shock, that is, an expan-
sion of cheap funds to risky borrowers, using the language of Mian and
Sufi (2009, 2016a) and Justiniano, Primiceri, and Tambalotti (2019).
In the absence of a shift in lenders’beliefs about expected future house

price growth, high-risk borrowers do not experience this endogenous fall
in spreads. As a result,many of themeither stay renters or, if they buy, take
less leveraged positions which are less prone to default in the bust. So
while lenders’ beliefs have only a small effect on house prices, they are
critical to match the joint dynamics of homeownership, leverage, and
foreclosure.
4. Rental company beliefs.—In our benchmark experiment, during the

boom rental companies also rationally expect an increase in future
house prices, which lowers the user cost of housing and keeps the rental
rate down (see eq. [11]). As explained in section IV, this force allows the
model to match the sharp fall and subsequent rise in the rent-price ratio.
If we had instead assumed that rental companies did not share these op-
timistic beliefs, then the model would imply counterfactual dynamics for
the rent-price ratio and homeownership rate (see fig. F3). This finding
highlights an important reason for the inclusion of rental markets in the
analysis, as absent them one would infer that belief shocks lead to an ex-
cessive rise in homeownership (Landvoigt 2017).
30 Demyanyk and VanHemert (2011) document a decline in the subprime-prime spread
of between 50 and 100 basis points over the boom, once they control for LTV ratio. Figure 8
implies a similar reduction at the preboom maximum LTV ratio of 95%.
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2. Belief Shifts or Preference Shifts?
Figure 9 shows the house price and consumption dynamics in the base-
line economy, in which there is a shock to beliefs about future prefer-
ences (fL to fL*), alongside a version of the model in which instead
there is a shock to actual preferences (fL to fH).
Both shocks induce a similar boom-bust in prices. However, when ac-

tual preferences change (dashed line), the consumption dynamics are
counterfactual. Since utility from housing services increases relative to
that from nondurable consumption, households substitute away from
consumption, causing it to drop sharply in the boom and to rise in the
bust—the opposite of what was observed in the data. The joint dynamics
of consumption and house prices are thus strong evidence against an ac-
tual shift in housing demand and are, instead, consistent with a shift in
beliefs about future housing demand.31
3. Beliefs about Housing Demand or Supply?
In our benchmark experiments, we generate growth in future house
price expectations through an increase in beliefs about future utility
from housing services. This mechanism has large effects because, if that
FIG. 9.—House prices and aggregate consumption. “Benchmark” represents the mod-
el’s simulation with the shift in beliefs about taste for housing hitting the economy. “Pref-
erences Only” represents the model’s simulation with an actual shift in taste for housing
(fL → fH → fL) hitting the economy. A color version of this figure is available online.
31 With strong enough complementarity between housing and nondurable consump-
tion in the utility function, it would be possible to generate an increase in nondurable ex-
penditures in response to a positive preference shock for housing services. However, such
a high degree of complementarity would imply vastly counterfactual changes over time
(at both low and high frequencies) in the aggregate share of housing services in total
consumption.



3330 journal of political economy
change in preference were actually to occur, it would generate an increase
in equilibrium house prices (see fig. 9A). In fact, it is possible to induce a
boom-bust in house prices through a change in beliefs over any structural
parameter, provided that, were that change to actually occur, equilibrium
house prices wouldmove significantly. In particular, it is not essential that
the swing in beliefs affects housing demand rather than housing supply.
To illustrate this alternative, we consider a version of the model in

which the ergodic distribution of f is degenerate at fL but in which there
is stochastic variation in the number of new land permits �L that are made
available by the government for construction. We use a similar three-
state belief structure, in which there are two states with loose land supply,
�LH and �LH*, and one state with tight land supply, �LL. The number of avail-
able permits is the same in the two loose states, �LH 5 �LH*, but under �LH*

the probability of transitioning to the tight state is high. We generate an
increase in expected future house price growth by assuming that house-
holds come to believe that fewer land permits will be available in the fu-
ture, that is, a shift from �LH to �LH*. The bust is obtained through a switch
back to �LH.32 We assume that in the tight-land-supply state the number of
new permits issued is two-thirds of that in the loose states.
The aggregate dynamics associated with this experiment, displayed in

figure 10, are similar to those in the baseline. House prices rise by around
20%, which is more than half of the observed increase. As with the prefer-
ence shock in the baseline economy, it is important that what changes are
beliefs about future land supply, rather than land supply itself: a fall in the
actual number of available land permits would lead to an increase in prices,
but it would also lead to a counterfactual drop in housing investment (anal-
ogously to the counterfactual drop in consumption in fig. 9B).
This finding illustrates a more general force: shifts in beliefs about

preferences or technology parameters, rather than actual shifts in these
structural parameters, account for the boom-bust in house prices.
B. Alternative Models of Credit Relaxation
A central finding in section IV was that a relaxation and subsequent
tightening of credit conditions has very little power to generate a
boom-bust in house prices and consumption. In appendix H, we show
that this finding is not a consequence of the particular way that we have
modeled credit relaxation. We consider three alternatives that have been
proposed in the literature.
32 Nathanson and Zwick (2017) argue that the city of Las Vegas provides a stark example
of how the perception of future availability of buildable land can affect residential invest-
ment and house prices.
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First, we consider the “houses-as-ATMs” view (Chen, Michaux, and
Roussanov 2013): the rise in approval rates for second liens and the looser
limits on HELOCs allowed homeowners to extract a larger fraction of
their home equity. We capture these effects through an increase in the
maximum HELOC limit lb. Second, we consider the effects of adjustable-
rate and low-teaser-rate mortgages, which lowered monthly mortgage
payments. We capture these effects through a reduction in the amorti-
zation rate rm, which determines the minimum required mortgage pay-
ment in equation (7). Third, we consider a reduction in the risk-free
rate rb.
Each of these alternate ways ofmodeling credit relaxation has different

implications for leverage, foreclosures, homeownership, and refinanc-
ing, but none of them generates a substantial boom-bust in house prices.
C. Alternative Models of the Rental Market
In this section, we show that our conclusions about the role of belief
shifts and credit conditions are robust to how we model the rental mar-
ket.We explore four extensions: different degrees of segmentation between
FIG. 10.—Model where beliefs are over the supply of future land permits compared to
the data. A color version of this figure is available online.
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rental and property markets, the introduction of various frictions in the
problem of the rental company, a model with fixed rents, and a model
where rental units are owned by individual household-landlords. In what
follows we briefly describe our findings. AppendixD containsmore details
on these economies.
1. Segmentation of Rental and Owner-Occupied
Housing Markets
As described in section III, our model has seven house sizes, with partial
segmentation between rental and owner-occupied units. The first row of
tableD1 illustrateswhich sizehouses canbe rented andowned in thebase-
line. Appendix F also contains four figures showing aggregate dynamics
in the model under alternative assumptions about the extent of market
segmentation, as illustrated in the remaining four rows of table D1.
All cases give results that are virtually indistinguishable from the base-

line. The only exception is that, in response to the belief shock, home-
ownership rises by a smaller amount in the case where there is complete
segmentation between rental and owner-occupied units. This confirms
that in our model renters are not constrained in the amount of housing
services they consume: if in order to buy they are forced to increase their
house size a lot, they opt to remain renters.
2. A Rental Sector with Financial
and Convertibility Frictions
Onemight worry that our assumption of a rental sector that faces no fric-
tions in purchasing, operating, or converting housing units is an impor-
tant reason why we find that credit conditions have a very weak effect on
house prices regardless of the degree of segmentation between rental
and owner-occupied markets.
First of all, our baseline assumption that stocks of rental and owner-

occupied housing are highly substitutable is supported by the data. For ex-
ample, after the crisis, conversion of single-family houses from owner-
occupied to rentals was widespread. From 2007 to 2011, roughly 3 million
units were converted (Joint Center for Housing Studies 2013), and over
the same period, 4.5 million households switched status from owners to
renters. Thus, conversions account for the bulk of these transitions during
the bust. Second, as we show in this section, when we relax the assumption
of a frictionless rental sector our conclusions are not affected.
So far wehaveassumed that the rent-price ratio is determinedby the fric-

tionless user-cost formula (eq. [11]) that relates rents to current and ex-
pected future house prices under risk neutrality, that is, m 5 ð1 1 rbÞ21.
On the basis of this formula, in section V.A.1 we argued that belief shocks
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to the rental companies are crucial in order to match the dynamics of the
rent-price ratio over the boom and bust.
Is this conclusion driven by the assumption that the owners of rental

units face no credit or other frictions and discount at the risk-free rate?
In appendix D2, we generalize equation (11), which accounts for sto-
chastic discounting, costly conversion between owner-occupied units and
rental units, and financing constraints for the rental company that may
affect its ability to purchase, operate, and convert units:

r Qð Þ 5 w 1 p h Qð Þ 2 1 2 dh 2 thð ÞEQ m Q, Q0ð Þp hðQ0Þ½ �

1 p h Qð Þh Qð Þ 1 z Qð Þ:
(15)

There are three differences between equation (15) and its baseline ver-
sion, equation (11). First, the stream of future profits of the rental com-
pany is discounted with a general aggregate stochastic discount factor
mðQ, Q0Þ reflecting preferences of the investors, rather than at the risk-free
rate. Second,movements in the leverage constraint of the rental company
introduce the stochastic wedge h(Q). Third, fluctuations in the cost of
conversion between owner-occupied and rental units introduce another
stochastic wedge, z(Q). In the absence of financial and convertibility fric-
tions (h 5 z 5 0) and under risk-neutral discounting (m 5 ð1 1 rbÞ21),
equation (15) reduces to equation (11), our baseline.However, in its gen-
eral formulation, it allows for several additional sources of fluctuation in
the rent-price ratio beyond shifts in expectations.
Leverage constraints and costly conversion.—The relaxation and tighten-

ing of credit conditions experienced by home buyers might have also af-
fected access to credit by rental companies, leading to movements in h.
Moreover, as the boom developed and more and more units were con-
verted into owner-occupied ones, it is likely that the marginal cost of con-
version rose as well, leading to movements in z.
Can these financial and conversion frictions explain the boom-bust in

house prices? We investigate this conjecture by shutting down the belief
shock and reverse-engineering time series for the leverage wedge h and
the convertibility wedge z so that the model generates the same dynam-
ics for the rent-price ratio as in the data. One can think of movements in
these wedges as being directly caused by the changing credit conditions.
For example, our derivations in appendix D.2 show that fluctuations in
the borrowing constraint of the rental sector map directly into move-
ments in h. This experiment gives the credit shock its best chance at ex-
plaining the boom-bust in house prices, since we are not restricting the
shock on the basis of movements in the underlying constraint; rather, we
are treating them as a residual, much as we treat beliefs in the baseline.
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Figure 11 shows that both leverage shocks (h, top row) and convertibility
shocks (z, middle row) can generate a drop and recovery in the rent-price
ratio of the same magnitude as in the data. However, in both cases, this
adjustment occurs through a fall and rise in rents rather than through
movements in prices. Consequently, neither type of shock generates a
boom-bust in house prices, and both shocks induce a counterfactual de-
cline in homeownership during the boom. The reason is that a fall in the
user cost of rental units during the boom, due, for example, to easier ac-
cess to credit for the rental sector, makes renting more attractive than
owning without changing the overall demand for housing by households.
Investors’ discounting.—The assumption that the discount factor m in

equation (15) is equal to the inverse of the risk-free rate would be valid
if, for example, all rental properties were owned by deep-pocketed inves-
tors whoarenot affectedby changes in cost of or access to credit.However,
FIG. 11.—Rent-price ratio, house price, and homeownership dynamics with frictions
in rental sector. Top, shock to leverage constraint. Middle, shock to convertibility between
rental and owner-occupied units. Bottom, shock to the stochastic discount factor of inves-
tors. A color version of this figure is available online.
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if rental properties are owned by households facing credit constraints,
changes in credit conditions might lead to movements in the rent-price
ratio by changing the discount factor m of the marginal investor. To eval-
uate this possibility, we adopt the same strategy as for leverage and con-
vertibility shocks: we reverse engineer a time path for the discount factor
m so that the model generates the same dynamics for the rent-price ratio
as in the data.
The results shown in the bottom row of figure 11 mimic those in the

previous cases. A shock to the stochastic discount factor of the marginal
investor can induce realistic rent-price ratio dynamics. However, as for
the other experiments, it generates a fall in rents and no change in prices
because the aggregate demand for owner-occupied housing does not in-
crease enough to counteract the steep decline in rents.33
3. A Version with Fixed Rents
An alternative to our model of the rental sector that is often used in the
literature is one in which the rental rate is exogenous: a linear technol-
ogy converts labor into rental services.34 In this economy, house prices
are determined only by the stock of owner-occupied housing, and rents
are always equal to the marginal cost, a constant. In appendix F, we re-
port results under this alternative model of the rental market. Our basic
finding that credit conditions barely move house prices while the belief
shock has a large effect is unchanged. However, unlike our baseline, this
version generates a large counterfactual fall in homeownership during
the boom.35

The reasonwhy themodel with fixed rents generates only a smallmove-
ment in house prices when credit is relaxed is that the fraction of house-
holds that are constrained inbeing able to purchase ahome is small (a few
percentage points). At the margin, those households buy small homes.
Moreover, since the rental price is fixed, as house prices increase themass
of households that prefer owning to renting under the credit relaxa-
tion shrinks—rentals get comparatively more attractive. Thus, the total
33 Our general model also allows for a nonnegativity constraint on the dividend payment
of the rental sector to its investors. Appendix D.2 shows that in periods when this constraint
binds (e.g., in the bust, when the rental company is potentially making losses and would
benefit from an equity injection) both m and h would be affected, and thus this shock is
a combination of the others we already analyzed.

34 See, e.g., Garriga and Hedlund (2017) and Guren, Krishnamurthy, and McQuade
(2018).

35 The decline in homeownership is driven by retired households. When the belief
shock hits, these households experience a large capital gain but now face the chance that
house prices will fall. These households have a short horizon, so they realize their capital
gains on housing and move into rentals to hedge the future house price risk. This force is
absent in the benchmark analysis because of the endogenous movements in rents.
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increase in demand for owner-occupied housing is modest, leading to a
small move up the housing supply curve.
4. A Version with Household-Landlords
According to the Joint Center for Housing Studies (2017), one-half of
all rental units in the United States are owned by individuals, while the
other half are owned by corporations, small businesses, and pass-through
entities that are owned by individuals. Thus, individual households have a
major ownership stake in the rental market, and one may worry that our
model of the rental sector (which we assume is owned by risk-neutral, un-
constrained corporations) is misguided.
To the extent that corporations compete with individuals in local rental

markets, one might expect the equilibrium rental rate to satisfy the user-
cost condition for large companies (since, presumably, they face lower
borrowing and operating costs). In that case, our baseline model would
be a good approximation. But even though corporations are active in
all segments of the rentalmarket, they aremorepresent in some segments
than in others. For example, for multifamily properties with more than
five units, corporations own the vast majority of the rental stock, but for
single-family or small multifamily units, corporations own only around
15%–20% nationally. Thus, in certain segments, the rental market might
be better approximated by amodel of household-landlords, who rent out
some of the housing units that they own.
To investigate whether this difference in rental ownership is important

for our findings, wehave also solved a version of themodel wherewe allow
homeowners to rent out a fraction of their housing stock. Instead of the
equilibrium rental rate being determined by rental companies’ user-cost
condition, it is determined by supply and demand for rental properties.
In this version of the model, credit conditions may affect the demand

for housing and house prices through the behavior of these household-
landlords: households may take advantage of cheaper credit to buy addi-
tional housing units, which they can then rent out to other households,
and vice versa.However, once again, our simulations donot show any signif-
icant effect of the credit relaxation on house prices, by itself (see fig. F10).
The reason is that when credit gets cheaper, in the absence of beliefs of

future capital gains, the expected return on the additional housing units
is not large enough to induce a major shift in household portfolios away
from bonds and toward housing. In this version of the model without be-
lief shocks, the annualized expected excess return on housing is around
2%, which is much lower than the 5%–6% average excess returns on US
housing estimated by Giglio et al. (2015). With belief shocks, the excess
return in themodel is 3%, higher but still below the estimated value. This
is a limitation of our framework and poses a challenge for the literature.
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As we elaborate on in the next section, existing models that generate a
high expected return on housing without belief shocks do so by prevent-
ing unconstrained households from arbitraging away those returns, typi-
cally by shutting down rental markets.
In conclusion, the result that credit shocks are not an important driver

of house price dynamics and that belief shocks can lead to house price
changes is robust to the details of how the rentalmarket ismodeled.What
is key is the fact that, by introducing an option for households in the
model to rent and bymatching the homeownership rate and the distribu-
tion of leverage in the data, one does not overstate the share of con-
strained households whose housing demand is sensitive to the availability
of cheap credit. We articulate this point further in the next section.
D. Models Where Credit Conditions Affect House Prices
Several papers have argued that changes in credit conditions can indeed
explain a substantial fraction of the recent boom and bust in house prices
(e.g., He, Wright, and Zhu 2015; Greenwald 2016; Favilukis, Ludvigson,
and Van Nieuwerburgh 2017; Garriga, Manuelli, and Peralta-Alva 2017;
Justiniano, Primiceri, and Tambalotti 2019). Why do we reach a different
conclusion? Models in which house prices are sensitive to credit condi-
tions are typically models in which either (1) housing commands a large
collateral value (because of a binding collateral constraint) and changes
in credit conditions affect the ability to collateralize the asset, or (2) hous-
ing commands a large risk premium and changes in credit conditions
have a large impact on the size of the premium.
Within this last class of models, Favilukis, Ludvigson, and VanNieuwer-

burgh (2017) find that house prices respond strongly to changes in the
maximum LTV. Three features of their model, all of which differ from
ours, combine to yield a large housing risk premium that is sensitive to
LTV limits: (1) the absence of a rental market, (2) short-term nonde-
faultable mortgages, and (3) higher risk aversion.36 The absence of a
rental market means that all households are homeowners, including a
large fraction of households who would prefer to consumemore housing
but are constrained by the maximum LTV limit. Because they are con-
strained, when the LTV limit is loosened, these households optimally
raise their demand forhousing, and so house prices increase. In addition,
they increase their LTV ratio, generating a counterfactual increase in ag-
gregate leverage.
36 These are not all the dimensions among which the two models differ, i.e., our model
does not nest theirs. For example, their model is more general in that it features equity
(claims on risky physical capital) and an endogenously determined risk-free rate.
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Moreover, since all mortgage debt is short-term and nondefaultable,
housing is a very risky asset for these households—any fall in house prices
requires them to cut consumption inorder to roll over theirhousingdebt.
And because of the high risk aversion, they require a large risk premium
to hold an asset (i.e., housing) that exposes them to so much consump-
tion risk. The size of the required risk premium responds endogenously
to changes in themaximumLTV limit.When the limit is loosened, house-
hold consumption is less sensitive to those price fluctuations, so the risk
premium falls, which also leads to an increase in house prices.
Whenwemodify ourmodel to incorporate the three features above, we

are able to generate a large effect of credit conditions onhouseprices, just
like Favilukis, Ludvigson, and Van Nieuwerburgh (2017; see app. D.5 for
details). With parameters chosen tomimic their economy, we show in fig-
ure F11 that a relaxation and subsequent tightening of credit conditions
can, on its own, generate a 20%–25% boom-bust in house prices. How-
ever, just as with the credit shock in our baseline model, this comes at
the cost of a large increase in leverage during the boom, unlike in the
US data, in which leverage remained flat during the boom (see fig. 5).
Of the three features, the short-term nondefaultable debt and the ab-

sence of a rental market are the key ingredients required for credit con-
ditions to move house prices.37 Without these two ingredients, the risk
premium on housing is much smaller and less sensitive to credit condi-
tions. When housing is financed with long-term defaultable mortgages,
consumption is less exposed to movements in house prices. When rental
markets are present, few households are constrained in the quantity of
housing that they consume and homeownership dynamics are discon-
nected from house price dynamics. Therefore, movements in constraints
do notmove house prices. House price volatility in ourmodel arises from
volatility of beliefs, rather than volatility of risk premia.
Which set of assumptions (and hence which view of the transmission

from credit conditions to house prices) is more convincing? Since
around one-third of US households are renters, we think that the exis-
tence of a rental market is a more realistic assumption than the absence
of one. Section V.C demonstrated that the details of how the rental mar-
ket is modeled are not crucial.
We also think that the assumption of long-term defaultable mortgages

is a better description of the US housing market than the assumption
that housing is financed by one-period nondefaultable debt. Long-term
37 In our benchmark economy with long-term defaultable debt and a rental market, in-
creasing the coefficient of relative risk aversion does, on its own, lead to a larger effect of
credit conditions on house prices. However, even with a coefficient of 8 (the value in
Favilukis, Ludvigson, and Van Nieuwerburgh 2017), the credit relaxation alone can gener-
ate a boom-bust in house prices of at most 5% (compared with 35% in the data), and then
only if the economy is also subject to belief shocks in the stochastic steady state. See app. D
for details of the calibration of this economy.
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debt is nearly universal in the United States; in 2015, the median mort-
gagor had a 30-year mortgage contract, and only 2.6% of mortgagors
had contracts less than 13 years in duration (American Housing Survey
2015). Finally, roughly half the population live in states where they can
default on mortgages with no additional financial liability (no-recourse
states), and in the remainder their liability is further limited by the op-
tion to declare personal bankruptcy (Mitman 2016).
In conclusion, we have confirmed that credit constraints can matter

for house prices in an economy with a large housing risk premium that
varies significantly in response to fluctuations in credit conditions. How-
ever, we have argued that the assumptions needed to achieve a tight con-
nection between credit conditions and the housing risk premium are
discordant with the structure of US housing and mortgage markets.
VI. Policy Experiment: A Debt Forgiveness Program
In early 2009, at the height of the housing crisis, the Obama administra-
tion implemented two mortgage modification programs: HAMP and
HARP. These interventions were intended both to provide relief to heavily
indebted borrowers and to slow the collapse in house prices and the spike
in delinquencies. At the time, these policies were widely criticized for be-
ing too timid—it was argued that a more aggressive debt relief program
for underwater borrowers could have cushioned the housing crash and
accelerated the recovery in aggregate expenditures.38 Ourmodel provides
a useful laboratory for evaluating this conjecture.
We design a policy intervention in which all homeowners with LTV ra-

tios above 95% in 2009 have a fraction of their mortgage debt forgiven so
that their LTV ratio is brought down to 95%. Households then repay the
residualmortgage debt according to the baseline amortization formula.39

In ourmodel, this programaffects aroundone-quarter of all homeowners
with mortgages. As a result, it displays a much larger scale and degree of
generosity than either HARP or HAMP, and (presumably, unlike in real-
ity) its financing does not induce additional distortions or a fall in dispos-
able income from higher taxes.
Figure 12 shows the macroeconomic implications of the policy. By re-

ducing the number of underwater households, the intervention is suc-
cessful at reducing foreclosures. Thus, to the extent that foreclosures
lead to utility losses and higher depreciation, there are welfare gains for
38 See, e.g., Posner and Zingales (2009) for a critical discussion of different proposals.
39 We assume that the government reimburses the financial intermediaries for the losses

they incur as a result of the intervention and finances these reimbursements through a cut
in nonvalued expenditures. We also assume that the debt forgiveness program is not ex-
pected by households and that households do not believe that such a program will ever
be implemented again.
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the affected households and for the corresponding banks whose assets
are more valuable. Because of the debt relief, the increase in aggregate
leverage is mechanically smaller.
Neither the decline in house prices nor the decline in consumption is

affected by the policy. As explained above, credit and house prices are dis-
connected, and house prices are the key driver of consumption dynam-
ics in themodel.40Moreover, foreclosure is itself a vehicle for consumption
smoothing. So by limiting foreclosures, the program induces households
who would have otherwise defaulted to consume less (because they have
to continue to make mortgage payments, which they happily do to avoid
the utility cost of default). These results are qualitatively consistent with
FIG. 12.—Principal forgiveness program where all mortgages with more than 95% LTV
ratio reset to 95% in 2009. “Bench” represents the model’s simulation of the boom-bust
episode with all shocks hitting the economy (i.e., benchmark). A color version of this fig-
ure is available online.
40 Only large foreclosure externalities on house prices—not present in our model—
might change this result. Earlier in the paper (sec. II), we argued that the micro estimates
of the size of such local externalities indicate that, by abstracting from this channel, the
model misses very small feedback effects of foreclosures on aggregate house prices.
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the empirical findings ofAgarwal et al. (2013), who show that regionswhere
HAMP was used most intensively experienced virtually no change in non-
durable consumption but did experience a reduction in foreclosures.
Although the intervention has a trivial impact on the fall in consump-

tion during the housing bust, a closer look at the top-right panel of fig-
ure 12 reveals that it does have a small, but very persistent, positive effect
on consumption during the subsequent recovery (around 0.3% per year
for at least a decade). Forgiving some debt for a large number of house-
holds results in lower future mortgage payments. Since many of these
households are nearly hand-to-mouth, they increase consumption slowly
as the lower payments are realized, rather than immediately when the pol-
icy is enacted. This result is in line with the findings of Ganong and Noel
(2017), who compare households who get only a payment reduction un-
der HAMP with those who also get a principal reduction. They find a sig-
nificant effect on expenditures for the former group of households but
no additional effect for the latter group.41
VII. Conclusions
Viewed through the lens of our model, the housing boom-bust of the
2000s was caused by shifts in expectations about future house price
growth. These beliefs were shared by households, investors, and lenders.
In particular, the wave of optimistic beliefs during the boom induced
lenders to endogenously expand cheaper credit to risky borrowers. At
the same time, our model also suggests that an exogenous relaxation of
credit conditions was essential for explaining the dynamics of leverage,
homeownership, and foreclosures, despite it having a negligible impact
on house prices and consumption. Together, these two findings epito-
mize how difficult it can be to separately identify the effects of credit sup-
ply shocks and shifts in expectations frommicro data, without firm guid-
ance from theory.
Methodologically, our analysis is based on a state-of-the-art heterogeneous-

agent incomplete-markets overlapping-generations model with endogenous
house prices, rents, and mortgage rate schedules and multiple sources of
aggregate shocks. We are able to feasibly compute the equilibrium of this
model by assuming that housing, rental, and credit markets are competi-
tive and that housing is homogeneous—as explained, this allows us to iter-
ate only over the law of motion for house price. However, because of this
41 Studying HARP, Mitman (2016) finds quantitatively similar effects on consumption
for high-LTV households but much smaller effects on foreclosure. Since HARP affected
only payments but not principal, this suggests that the reduction in payments most directly
affects consumption, whereas principal reduction mitigates foreclosures (and our experi-
ment is a combination of both).
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computational complexity, we refrained from exploring some promising
research directions. We conclude by mentioning three of them.
In our model, belief shifts are exogenous. It is conceivable that during

the boom, optimistic beliefs emerged because of a primitive change in
some fundamental, such as the low-interest-rate environment or the
change in lenders’ behavior caused by securitization. Learning models
(e.g., Adam,Marcet, and Beutel 2017) provide a way to formalize the idea
that fundamental shocks can lead to the formation of optimistic expecta-
tions. Clearly, any such fundamental shock must be one that has the po-
tential to move house prices. In this sense, the low-risk-free-rate environ-
ment seems a more promising candidate.
Our model does not feature strong internal propagation of exoge-

nous shocks to house prices and thus cannot generate house price mo-
mentum (although it does generate propagation for homeownership,
consumption, and leverage). A more gradual unraveling of the initial
shocks could occur in a version where beliefs diffuse slowly in the popu-
lation, as in the theoretical framework of Burnside, Eichenbaum, and
Rebelo (2016), or in a version where belief shifts hit all households si-
multaneously but they respond slowly because of frictions either in the
housing markets or in the conversion between rental units and owner-
occupied units (see Hedlund 2016; Guren 2018).
We also assumed that there is no feedback from house prices to earn-

ings. In richer models with nominal rigidities (as in Midrigan and Philip-
pon 2016) or demand externalities (as in Huo and Ríos-Rull 2016), the
collapse in house prices could cause a decline in aggregate labor demand
that leads to a drop in earnings. In that case, part of the fall in expendi-
tures that we attributed to labor income would actually be attributed to
houseprices. In this respect, our calculationof howmuchof thedynamics
in consumption are attributable to house prices should be interpreted as
a lower bound.
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