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1 Introduction

The United States is one of several countries that subsidize homeownership through

the tax code.1 The US government transferred over $95 billion to homeowners in 2017

alone by allowing them to deduct mortgage-interest and property-tax payments on

their tax returns (Joint Committee on Taxation, 2017). Additionally, these transfers

are unequally distributed. Renters are excluded, as are homeowners who do not

itemize deductions on their tax returns.2 Further, among itemizing homeowners,

the subsidies are larger for households who face higher marginal income tax rates,

own more expensive houses, and live in areas with higher property taxes. Thus,

the US tax code ensures that different households would be charged different prices

to live in the same house in the same year. These disparities are substantial: they

can easily adjust the annual cost of home-ownership by 5% to 10%. Documenting

these disparities is important for understanding the distributional consequences of

tax policy and for understanding residential sorting and the demand for housing.3

The first contribution of this paper is to calculate the tax subsidy to homeown-

ership and the real economic cost that would be paid by any household to own a house

at any location in the US for one year. Calculating these location- and time-varying

measures requires predicting whether a household will choose to itemize deductions

when filing a federal tax return and accounting for other market forces that create

variation in the real cost of ownership. These forces include the opportunity cost of

capital invested in a property, the expected capital gains and risk premia from the

investment, mortgage interest rates, and depreciation. We incorporate these features

by merging American Community Survey public-use micro data describing 6.4 mil-

lion households and the houses they occupied in 2012 through 2019 with several other

public data files. We use NBER’s TAXSIM model for mapping household income,

1Similar policies exist in Belgium, Ireland, the Netherlands, Switzerland, and Sweden and pre-
viously existed in Canada and the United Kingdom (Binner and Day 2015).

2Coulson and Li (2013) discusses the benefits of homeownership versus renting and the efficiency
of subsidies.

3See, for example, Epple and Sieg (1999), de Bartolome and Rosenthal (1999), Sieg et al (2004),
Bajari and Kahn (2005), Bayer, Ferreira, and McMillan (2007), Banzhaf and Walsh (2008), Wong
(2013), Bayer, McMillan, Murphy, and Timmins (2016), Mangum (2017), Han, Han, and Zhu
(2018), Bishop and Murphy (2019), Ouazad and Ranciere (2019), Bibler and Billings (2020), Cae-
tano and Maheshri (2021), Ahlfeldt, Heblich, and Seidel (2023), Anenberg and Ringo (2022), and
Han, Ngai, and Sheedy (2022).
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expenditures, and tax filing strategies into tax burdens. We assume that households

choose tax-filing strategies to minimize their tax burdens conditional on their in-

come and expenditures. This process yields household-by-house-specific measures

of the annual cost of housing as well as the tax subsidy to homeownership during

2012-2019. Interested readers can explore geographic-area-by-year-specific means of

these data using interactive maps or download annual means for approximately 2,400

Public-Use Microdata Areas (PUMAs) defined by the U.S. Census Bureau at this

paper’s website: www.housingusercost.org.

The high geographic and temporal resolution of our approach allows us to

evaluate the distributive impacts of policies affecting the tax treatment of homeown-

ership. This feature is useful for at least three reasons. First, it can support research

on incorporating measures of equity into program evaluations (Banzhaf et al. 2019,

Brouillette et al. 2022, Akbar et al. 2022). Second, it can help to disentangle the

extent to which residential segregation is driven by demographic variation in the real

cost of homeowership versus homophily (Aliprantis et al. 2022, Davis et al. 2023).

Finally, it can enable analysts to meet new federal guidelines for extending regulatory

analyses to include distributive impacts of policies by geography, wealth, race and

other attributes (Biden 2023, US Office of Management and Budget 2023, Cronin et

al. 2023).

The second contribution of this paper is to evaluate the distributive impacts

of major changes to the tax treatment of homeownership made by the Tax Cuts

and Jobs Act (TCJA) and its scheduled expiration in 2025. We first analyze how

tax subsidies and real housing costs changed between 2016-2017, the last two years

before the TCJA, and 2018-2019, the first two years after the TCJA. Then we perform

counterfactual simulations to calculate the subsidies and housing costs that would

have prevailed in the absence of some (and all) of the TCJA’s changes to the tax

treatment of homeownership. This exercise previews what may happen if Congress

allows the TCJA’s individual tax provisions to expire in 2025. We use our framework

to analyze how the effects of the TCJA’s tax treatment of housing are distributed

by geography, tax filing behavior, homeowner status, race, and political party.

Our main empirical findings can be summarized by three broad conclusions.

First, we provide new evidence on how the real cost of homeownership in the US
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varies across space and across household demographics at a point in space. We find

large spatial variation in mean ownership costs across PUMAs, arising from local

property taxes, expected capital gains, and residential sorting by income and other

household attributes that affect tax liability. For example, consider a house worth

$300,000. The mean annual cost of ownership was $18,200 at the 90th percentile of

PUMAs in 2016 and 2017, compared to only $8,900 at the 10th percentile. Both

the level and dispersion of these costs was significantly driven by tax policy. We

find that the average homeowner received subsidies equal to 6.7% of their annual

housing costs in 2016 and 2017.4 At the household level, the subsidy is increasing in

income, property value, property taxes and, of course, homeownership, all of which

correlate with other demographics such as race. As a result, we estimate that the

mean subsidy among Black household-heads was about half the mean subsidy among

White household-heads which, in turn, was about half the mean subsidy among Asian

household-heads.

The second broad conclusion is that the TCJA’s changes to tax policy made

homeownership less affordable relative to other goods. Beginning in 2018, the TCJA

drastically reduced the mortgage interest and property taxes recouped by tax sub-

sidies. In 2018 and 2019, the average homeowner received subsidies equal to just

2.1% of ownership costs. We estimate that this figure would have been 7.0% had the

pre-TCJA tax code stayed in place. Decomposing the overall subsidy into federal

and state subsidies highlights how stark the changes were at the federal level – the

TCJA had relatively small impacts on the state subsidy, but reduced the federal

subsidy by over 80%.

Our third conclusion is that there was significant heterogeneity in the extent to

which the TCJA reduced housing affordability. Homeowners in affluent PUMAs in

coastal states that had the largest subsidies prior to the TCJA also saw the largest

reductions. Since the TCJA was a partisan Republican bill, we examine how its

effects correlate with political affiliation. We find that Democrat-voting PUMAs

lost $599 per household in annual subsidies, compared to $330 for Republican-voting

PUMAs.5 In terms of race, Asian household-heads lost $889 on average, compared

4As a comparison, the average homeowner with a mortgage received subsidies equal to 9.3% of
their annual housing costs in 2016 and 2017.

5We designate areas as Democratic or Republican based on which candidate received the majority
of votes in the 2016 presidential race between Hillary Clinton (Democrat) and Donald Trump
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to $534 for White household-heads, $272 for Hispanic household-heads, and $220 for

Black household-heads. We conclude that these effects will be reversed if the TCJA’s

major tax provisions expire in 2025.

Our paper is closely related to studies that developed methods for measuring

implicit housing subsidies and the real cost of homeownership (e.g., Poterba 1984,

1992, Himmelberg, Mayer, and Sinai 2005, Harding, Rosenthal, and Sirmans 2007).6

We incorporate the insights of this literature and account for the rates at which

households pay off their mortgages and account for non-linearity in the tax code.

In particular, we predict how homeownership affects the likelihood that households

minimize their tax burdens by choosing to itemize deductions. This step is quanti-

tatively important for our policy implications.7 We validate this step by comparing

our predictions for tax filing behavior to the most granular data on itemization rates

reported in public IRS files. Our predictions closely match IRS data before and after

the TCJA policy shift. For example, among households with adjusted gross incomes

of $1 million or less, the IRS itemization rates were 30.4% in 2017 and 11.2% in 2018;

our model-based predictions are 30.9% and 10.8%. Our predictions also match how

rates vary across income bins and PUMAs. For income bins, the correlation between

predicted and actual itemization rates is 0.99, and for PUMAs it is 0.95.

Our paper also relates to studies investigating the TCJA’s effects on housing

markets (e.g., Martin 2018, Coen-Pirani and Sieg 2019, Rappoport 2019, Sommer

and Sullivan 2019, Li and Yu 2022, Ambrose et al. 2022, and Hembre and Dantas

2023). Most of these studies model the TCJA’s effects on equilibrium outcomes like

migration rates, homeownership rates, and housing prices. In contrast, we examine

how the TCJA’s effects on households vary by race, geography, tax filing behavior,

(Republican).
6Numerous papers have applied the user-cost concept to analyze housing policy and the costs

of homeownership. Select examples include Glaeser and Shapiro (2003), Gyourko and Sinai (2003),
Hilber and Turner (2014), Sinai and Gyourko (2004), Glaeser (2013), Albouy and Hanson (2014),
Binner and Day (2015), Martin and Hanson (2016), DeFusco and Paciorek (2017), Knoll, Schularick,
and Steger (2017), Sommer and Sullivan (2018), Davis (2019), Garriga, Manuelli, and Peralta-Alva
(2019), Blouri, Buchler, and Schoni (2019), Fuster and Zafar (2021), Gruber, Jensen, and Kleven
(2021), and Kessler and Bruce 2024.

7Not owning a house may lead a household to minimize its tax burden by taking the standard
deduction instead of itemizing. Ignoring this non-linearity yields significantly higher estimates of
subsides because only 20% of currently itemizing homeowners would still itemize if they did not
own a house.
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mortgage tenure, and political party. We also design counterfactual experiments

to inform the distributional outcomes of allowing some or all of the TCJA’s tax

provisions to expire in 2025.

Finally, the new database that we build to describe the real cost of housing

for actual and counterfactual owners has potential to advance knowledge of how

housing costs affect residential sorting (Kuminoff, Smith, and Timmins 2013). Our

database improves the accuracy of existing measures for how these costs vary across

metro areas (e.g., Albouy 2009, Bayer et al. 2009, Diamond 2016) and it provides

new, quantitatively important evidence on how the cost of owning a particular house

varies across households (e.g., Sieg et al. 2004, Bayer et al. 2016, Epple, Quintero,

and Sieg 2020, Ma 2019). These data are also used in calculating expenditures on

public goods and amenities (e.g., Albouy 2016, Bieri, Kuminoff, and Pope 2023) and

they are crucial for understanding the decision to rent or own and its implications

for wealth and welfare (e.g., Tracy, Schneider, and Chan 1999, Coulson and Li 2013,

Binner and Day 2015, Gruber, Jensen, and Kleven 2021, Keane and Liu 2024). The

idea that the real cost of ownership can vary for the reasons we emphasize is well

known, but its quantitative implications have been underexplored due to lack of

data.8 We remove this limitation by developing a comprehensive US database using

transparent methods that rely entirely on recurrent public data.

The next section presents our framework for calculating tax subsidies to home-

owners and the real cost of ownership. Section 3 presents validation tests of our

framework’s predictive accuracy. Section 4 summarizes our estimates for tax sub-

sidies and ownership costs in 2016-2017. Section 5 summarizes how these subsidies

and costs changed, on average, after the TCJA took effect in 2018-2019 and how the

changes varied by demographics, and Section 6 concludes.

8Gindelsky, Moulton, and Wentland (2019) develops and analyzes national data on the user cost
of housing using data and methods that could have been replicated by other researchers who had
access to confidential micro data from Zillow before September 30, 2023 when Zillow terminated
all data-sharing agreements with external researchers (Zillow 2022).
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2 The Annual Economic Cost of Homeownership

The economic cost of owning a house depends on far more than the direct cost of

land and the structures that are built on it. The cost of homeownership also depends

on the opportunity cost of capital invested in a property, the expected capital gains

and risk premia from that investment, mortgage interest rates, depreciation and,

importantly, the tax code. On one hand, property taxes add to the cost of ownership.

On the other hand, since 1913 the federal tax code has included two important

subsidies that reduce the cost of owning a house relative to other consumption.9

First, homeowners can deduct certain state and local taxes, including property taxes,

on their federal tax returns. Second, homeowners can deduct mortgage interest

payments. The cumulative effect of this large set of taxes and capital costs on

the real economic cost to a particular household of owning a particular house in a

particular year can be measured by a single statistic – the user cost rate.

2.1 Defining the User Cost Rate

The user cost rate [henceforth UCR] is the key statistic for measuring spatial and

temporal variation in the real costs of homeownership and for assessing how those

costs are affected by policy. To fix ideas, let Pijt denote the value of a house owned

by household i in location j in year t. The annualized cost of homeownership for

this house is specific to household i and is denoted r̃ijt. This annualized cost can be

expressed as a fraction of the house’s value:

r̃ijt = Pijt · UCRijt, (1)

where UCRijt denotes that the UCR also varies by household, location, and year.

Following Poterba (1984, 1992) and Himmelberg, Mayer, and Sinai (2005), the

UCR can be expressed as:

UCRijt = (1− ltvijt) · rfijt + ltvijt · rmit + ωijt + δjt + ϵj − γjt − sijt (2)

9These subsidies are increasing in a household’s marginal tax rate, as they are driven by deduc-
tions, and are only collected if homeowners itemize expenses on their federal tax returns.
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In Equation (2), ltv is the loan to value ratio, rf is the risk-free after-tax rate of

return on capital, rm is the mortgage interest rate, ω is the property tax rate, δ is

the rate of depreciation, ϵ is the owner’s risk premium, and γ is the expected capital

gains.10 The last term, s, is the tax refund of property taxes and mortgage interest

obtained by a homeowner who itemizes their deductions, expressed as a fraction of

the house value. We discuss definitions of the total subsidization of housing below.11

In principle, every input to the UCR can vary by household, location, and

time. The lack of i, j, and/or t subscripts on some of the UCR inputs in Equation

(2) is designed to preview the fact that some inputs do not vary at those levels or are

only measurable at coarser levels due to data constraints. We limit the potential for

these constraints to influence our conclusions by aggregating our results by PUMA,

year, and household type. Specifically, we leverage the linearity of Equation (2) by

replacing (unobserved) household-specific measures for certain inputs with their cor-

responding (estimated) PUMA-by-year-by-type means. Thus, the subscripts denote

the levels at which we calculate each component of the UCR formula.

2.2 Calculating the User-Cost Rate

We start with data on all current homeowners in the American Community Survey

(ACS) IPUMS 1% annual samples for 2012 through 2019 (Ruggles et al. 2022). We

make two sample cuts. First, we drop approximately 7% of observations for which

the home is a less-traditional dwelling such as a mobile home, trailer, boat, van,

tent, or unspecified structure. Then we drop 1% of observations where the occupant

self-reports a value for the home that is an extreme outlier (more than 6 standard

deviations from the PUMA median and/or below $10,000). Although we calculate

UCR measures for 2012-2019, we focus our analysis on the 2016-2019 period, which

covers the last two years prior to the TCJA and the first two years afterward. For

these four years, the sample cuts leave us with data describing 3,264,882 households.

We summarize the data and procedures that we use to calculate each input to Equa-

10We follow prior literature by specifying UCR to not be a function of price. In principle, some
determinants of UCR could vary with price. For example, buying a more expensive house could
affect the mortgage interest rate. During the time period of our study, the jumbo-conventional
spread was small and negative (Fisher et al. 2021).

11The formula for s is presented in Equation (4) and the TCJA’s impact on s is discussed in
detail in Section 5.
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tion (2) for this ACS sample in the remainder of this section and provide additional

details in Appendix A.12

Loan-to-Value Ratio (ltvijt)

We calculate each household’s current loan-to-value ratio, ltvijt, using the household’s

responses to ACS questions regarding their mortgage financing. For the 36% of

homeowners that report not having an active mortgage, we set ltvijt to zero. For the

64% of homeowners that report having an active mortgage, we derive an amortization

schedule by combining their reported monthly mortgage payment with the reported

year in which they purchased the home and an estimate for the mortgage interest

rate (explained below). This amortization schedule allows us to impute ltvijt for each

household with an active mortgage in each year.

The difficulty with deriving households’ amortization schedules is that we do

not observe their individual mortgage terms and origination dates.13 We address this

information gap by calibrating the mortgage term so that our derived amortization

schedule matches a closely-related data moment in Keys et al. (2016). That study

reports that the average home loan had 23.4 years remaining in 2010. We reproduce

this moment in our derived amortization schedule for 2016-2017 by assuming that

homeowners select a 32-year term for a fixed-rate mortgage.14 While our calibration

procedure recognizes that many households refinance their mortgages, our main re-

sults are robust to alternatively assuming a standard 30-year term for everyone.15

Finally, we use the derived amortization schedule and tenure in the home to impute

the current loan-to-value ratio.

12The replication files are available in Bishop, Dowling, Kuminoff, and Murphy (2025):
https://data.mendeley.com/datasets/w4yg48s6jk/1

13While 30-year fixed rate mortgages are very common, mortgage lengths can be shorter (e.g.,
via prepayments or shorter term lengths) or longer (e.g., via refinancing or home equity loans).
Indeed, we observe that 27% of ACS households with 30+ years of tenure as homeowners still make
mortgage payments.

14We exclude the 2018 and 2019 ACS samples for this calibration to avoid any potential influence
of the TCJA. The calibration procedure is described in more detail in Appendix A3.

15Keys et al. (2016) observe a random sample of outstanding mortgages and loan terms. Cali-
brating our assumed mortgage term to their sample can be viewed as a “reduced form” adjustment
that integrates over heterogeneous loan types and refinancing behaviors. Any given household’s
refinancing behavior (e.g., timing of refinancing or presence of cash-out refinancing) may, of course,
differ from this mean. Appendix A3 explains why this adjustment has very little effect on our
results relative to simply assuming a 30-year fixed rate mortgage for everyone.
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After-tax Risk-Free Rate (rfijt)

To calculate the household-specific after-tax, risk-free rate of the return to capital,

rfijt, we begin with the (pre-tax) risk-free rate, denoted by ptrft. To calculate ptrft,

we use a rolling average over the prior ten years of the yield on U.S. Treasury se-

curities at a 10-year constant maturity. We then use NBER’s TAXSIM software

to obtain household-specific after-tax rates by calculating the retained fraction of

investment returns after paying long-run capital gains tax. Using the after-tax rate

follows the prior literature and allows the taxation of non-housing capital invest-

ment to reduce the UCR. We let σ1ijt denote the value of this reduction, where

σ1ijt = (1 − ltvijt)(ptrft–rfijt). We describe this procedure in more detail in Ap-

pendix A.3.1. The after-tax risk-free rate is the first of three places where federal

and state tax policy directly affects the UCR.16

Mortgage Rate (rmit)

We start by calculating a year-specific mean mortgage rate, rmt, as a rolling average

over the prior ten years of interest rates on 30-year fixed rate mortgages. Our choice

for the term length is motivated by the fact that 30-year fixed rate mortgages account

for over 90% of the mortgage market (Kish, 2022). We use a rolling average to

address unobserved heterogeneity in household-specific origination dates. This has

the desired effect of smoothing the UCR in response to fluctuations in year-specific

interest rates.17

Unfortunately, the ACS does not report how mortgage rates vary across house-

holds. We address this limitation by using ancillary micro data from the Home Mort-

gage Disclosure Act (HMDA) to predict how rates vary with homebuyers’ income,

race and ethnicity, since these demographics have been associated with cross-sectional

variation in mortgage rates (Bayer et al. 2018). Specifically, we use HMDA data to

estimate a regression that predicts mortgage rate differentials as a function of home-

buyer demographics.18 Projecting these differentials onto ACS data yields annual

16The second is the tax refund of property taxes and mortgage interest, and the third is the low
taxation of capital gains.

17While mortgage rates were falling during the time period that we consider, the large adjustment
costs associated with refinancing would lead many households not to refinance (Keys et al. 2016).

18The HMDA data describe approximately 3 million 30-year fixed rate loans in 2018. We regress

9



mortgage rates, rmit, that vary with household income, race and ethnicity.

Property Tax Rate (ωijt)

We use ACS data to impute a property tax rate, ωijt, for each unique combination

of race, tenure, PUMA, and year. Specifically, we divide the sum of total estimated

property taxes paid by the sum of total estimated property values in each race-tenure-

PUMA-year cell.19 We use linear regressions to predict total taxes paid and total

housing value in each cell in order to improve statistical precision of imputed tax rates

in sparsely populated cells. Importantly, our specification allows the effect of tenure

to vary by state, implicitly capturing the effects of California’s Proposition 13 and

other state-specific tenure-based policies.20 It also allows property taxes to vary with

race to reflect the association between race and property assessment practices (Berry,

2021). Appendix A.4 presents our calculations in detail. In summary, our approach

to imputing property tax rates utilizes the most comprehensive and detailed property

tax data that exist for the US (Emrath, 2002) and it generalizes the approach used

in prior studies to allow tax rates to vary with race and tenure, conditional on year

and geographic location (Bieri et al., 2023; Cabral and Hoxby, 2012).

Depreciation (δjt)

We begin by setting the national average annual depreciation rate for property, δ,

to 2.5%. This statistic is based on a repeat-sales model in Harding et al. (2007)

that defines δ to include both maintenance costs (which we assume apply to both

land and structures) and depreciation of housing capital (which we assume applies

to structures only). We model how δ varies across space and time as a function

of the land share of property value. First, we assume that 80% (or 2 percentage

demeaned mortgage rates on a cubic function of income and indicators for race and ethnicity.
The estimated coefficients, which capture mortgage-rate differentials, are then used to adjust the
year-specific mean mortgage rates by ACS households’ income, race and Hispanic ethnicity.

19We restrict attention to households in owner-occupied houses and apartments. The ACS reports
annual property taxes paid in ranges. We calculate range midpoints and assign the midpoints to
households. The top range indicates that a household reports paying more than $10,000 in annual
property taxes. We exclude these households from the calculation of property tax rates (but not
from the subsequent analysis) because we don’t observe their midpoints and we don’t need all
property-tax bins to estimate a race-tenure-PUMA-year-specific property tax rate.

20See Walczak (2018) for an overview of tenure-based tax limitations throughout the US.
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points) of δ reflects depreciation of housing capital, following a suggestion from

Harding et al. (2007). Then we combine this assumption with annual data on

the national land share of property value, based on Davis et al. (2021), to impute

an annual depreciation rate for structures. Finally, we calculate a PUMA-by-year-

specific property deprecation rate, δjt, by combining the imputed annual depreciation

rate for structures with CBSA-by-year-specific measures of the land share of property

value, 0.5% maintenance costs, and a CBSA-to-PUMA crosswalk.21 The resulting

depreciation rates vary modestly across time and space with 10th and 90th percentiles

of 1.98% and 2.91%. This source of variation in the UCR has been acknowledged

by prior studies, but not previously modeled (e.g., Himmelberg et al. 2005; Halket,

Nesheim, and Oswald 2020; Head, Lloyd-Ellis, and Stacey 2023).

Owner’s Risk Premium (ϵj)

We use the risk aversion premia estimated in Campbell et al. (2009) as the owner’s

risk premium, ϵj. Campbell et al. (2009) estimate risk premia for 23 MSAs and the

four census regions. We merge these data to PUMAs at the highest available level of

spatial resolution, i.e., at the MSA level if the PUMA is contained in one of the 23

MSAs and at the region if not. Finally, we recenter the mean risk premium to match

the 2% figure used in Flavin and Yamashita (2002) and Himmelberg et al. (2005).22

Expected Capital Gains (γjt)

We calculate the location-specific nominal rate of expected future capital gains, γjt, as

the sum of two terms: expected real house price appreciation and expected inflation.

We do not observe survey data on expected real house price appreciation, so follow

Himmelberg et al. (2005) and estimate it under the assumption that households use

historical real appreciation as a predictor of future real appreciation.23 We estimate

21We calculate a single δjt for the non-CBSA part of each state by repeating our procedure at the
county level and averaging over non-CBSA counties. Land share data based on Davis et al. (2021)
are reported for counties and CBSAs at https://www.aei.org/housing/land-price-indicators.

22In addition to affecting the UCR, volatility could also affect prices as shown in Amior and
Halket (2014).

23Using data from the Federal Reserve Bank of New York’s Survey of Consumer Expectations,
Armona, Fuster, and Zafar (2019) show that when offered information to help predict future house
price growth, slightly more than half of participants chose historical growth over expert forecasts.
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time-invariant, historical real appreciation for 186 MSAs and the non-MSA markets

of 49 states by using decennial Census and ACS data to calculate hedonic price

indices for each of 235 distinct markets over 1990-2019.24 For the second term,

expected inflation, we use the 10-year expected inflation rate from the Livingston

Survey of professional forecasters, which varies by year. We do not include capital-

gains taxes on expected capital gains as most households are exempt from housing-

related capital-gains taxes.25 Hypothetically, federal and state governments could tax

housing capital gains at the same rate as other capital gains and we let σ2ijt denote the

value of the difference between this hypothetical after-tax expected capital gain and

the actual one that prevails.26 We map the resulting market-specific measures back

to PUMAs using a crosswalk provided by IPUMS. Appendix A.5 contains further

details about this mapping and the construction of the price indices.

Our primary measure of expected capital gains assumes that households’ ex-

pected future gains are based on long-run historical gains. Under this assumption,

the expected capital gains can be interpreted as subjective expected capital gains.

We also consider alternative measures of expected capital gains calculated from re-

gressions of price growth on lagged price growth (Case and Shiller 1989; Case and

Shiller 1990; Glaeser et al. 2014). These measures, which can be interpreted as

statistical expected capital gains, incorporate short-run persistence and medium-run

mean reversion in house prices.27 Section 4.1.3 and Appendix A.5 contain further

details.

Tax Refund of Property Taxes and Mortgage Interest (sijt)

Calculating sijt for household i in location j in year t presents two measurement chal-

lenges. First, sijt is only collected by households who choose to itemize deductions

when filing their taxes, and this choice is not observable in the ACS or other public

24Rhode Island is the exception since every PUMA in that state is associated with an MSA.
25The Taxpayer Relief Act of 1997 exempts from tax the first $500,000 ($250,000) of capital gains

for married couples (individuals).
26σ2ijt = γjt−γcgt where γcgt is the after-tax expected capital gains that would prevail if housing

capital gains were taxed similarly to other long-run capital gains. See Appendix A.3.1 for more
details.

27The distinction between measures based on average long-run prior growth and regression-based
forecasts is important. Glaeser and Nathanson (2017) show that extrapolating from past growth
can lead to housing bubbles, which can affect the user cost of housing.
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data.28 Second, sijt depends on several household characteristics including income,

property tax payments, mortgage interest payments, other deductible expenses, and

geographic location. We address both challenges by leveraging the richness of ACS

data together with ancillary data on charitable giving from the Panel Study of In-

come Dynamics (PSID) and NBER’s TAXSIM 35 software to predict household-level

itemization decisions and calculate their corresponding subsidy rates.29

The calculation is performed using two simulated tax scenarios. In both scenar-

ios, one actual and one counterfactual, we assume that maximizing the household’s

objective function corresponds to minimizing their tax burden. Households do this

by choosing whether to itemize or take the standard deduction:30

itemize∗(Zijt) = 1[tax (itemize|Zijt) < tax (stddeduction|Zijt)], (3)

where Zijt captures all factors that determine a tax burden and tax (·) is the intricate,
non-linear function that maps the household itemization decision and their Zijt into

their tax burden. The tax determinants, Zijt, include income, age, number of depen-

dents, marital status, state of residence, as well as deductible expenses such as local

taxes, property taxes, mortgage interest, charitable giving, and medical expenses.31

In the first scenario, we use TAXSIM to estimate each household’s actual tax li-

ability (state and federal). Importantly, we perform this step for all ACS households,

not just homeowners, so that we can predict moments of the national distribution

of filing behavior that are directly comparable with statistics published by the IRS.

28The IRS does not provide data about itemization rates for homeowners separately from renters,
which means additional data or assumptions are needed even to calculate mean subsidy rates.

29The TAXSIM model can be accessed at taxsim.nber.org. Feenberg and Coutts (1993) provide
an introduction.

30See Poterba and Sinai (2008), Saez and Zucman (2016), Benzarti (2020), and Foote, Loewen-
stein and Willen (2021) for analyses of household decisions about whether to itemize or take the
standard deduction.

31Charitable donations and medical expenses are presumably jointly determined with other de-
ductions and could respond to policy changes. While we do not explicitly model this co-dependency,
we separately estimate charitable donations and medical expenses each year, which allows the es-
timates to vary with policy changes such as the TCJA. Due to the limitations of the ACS and
TAXSIM, we are not able to incorporate either the pre-TCJA limit of $1,000,000 or the post-TCJA
limit of $750,000 on mortgage debt in our calculations. However, only a small fraction of mortgages
in the post-period exceeded $750,000. Assuming a 0.8 ltv, only 10% of total new mortgage debt
in 2018 was over the threshold. Furthermore, new mortgage debt is a small fraction of total mort-
gage debt, and existing mortgages continued to face the pre-TCJA limit. The validation exercise
described in Section 3 suggests that this procedure works well.
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We present this comparison as a validation exercise in Section 3.2.

In the second scenario, we use TAXSIM to estimate what each homeowning

household’s tax liability would be in a counterfactual scenario in which they can no

longer deduct property tax and mortgage interest payments.

sijt is then calculated as the difference between the tax liabilities calculated in

the two tax scenarios, divided by the household’s property value.

sijt =
ReducedTaxLiability ijt

Pijt

(4)

where ReducedTaxLiability ijt is the reduced tax liability a homeowner faces due to

deducting mortgage interest and property tax.

2.3 Defining the Housing-Subsidy Rate

An important part of our analysis is describing how housing subsidies vary across

time and space. To do this, we must define what constitutes a housing subsidy. By

construction, a subsidy is defined relative to some counterfactual no-subsidy policy,

and we consider two different definitions of the housing subsidy rate.

One potential measure is to define the subsidy rate relative to a counterfactual

world in which imputed rental income (net of expenses) is taxed as Haig-Simons

income.32 The absence of a tax on imputed rental income does not show up directly

in the traditional formula for UCR. However, Poterba and Sinai (2011) and Brueckner

(2014) discuss the equilibrium conditions under which the non-taxation of imputed

rents can be mapped into the formula for UCR. In particular, Poterba and Sinai

(2011) show that the non-taxation of imputed rents is equivalent in our framework

to a subsidy of sijt + σ1ijt + σ2ijt.
33

An alternative measure is to define the subsidy rate as sijt as shown in Equa-

tion (4) above. In this case, the assumed counterfactual world is the one in which

32While the U.S. does not have any history of taxing imputed rental income, Andrews, Caldera
Sánchez, and Johansson (2011) note that imputed rent is taxed in Iceland, Luxembourg, the Nether-
lands, Slovenia, and Switzerland.

33Section A.3 provides more details of this calculation. Poterba and Sinai (2011) also consider
another effect that we do not model, the option to prepay or default on a mortgage is implicitly
subsidized. We also abstract away from whether one should consider benefits received in return for
local property taxes as discussed in Zodrow (2001).
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mortgage interest and property taxes are not deductible in the US tax code.

In practice, we calculate the subsidy separately using each definition. We

present the results from using the second definition, i.e., s, below and include results

using the first definition in the appendix. In our context, the distinction between

these two subsidy definitions is not marked as we estimate that the TCJA has little

impact on σ1ijt + σ2ijt, which is the only distinction between the two subsidy def-

initions. Furthermore, the choice of subsidy definition has no impact on our UCR

calculations as defined in Equation (2). Appendix A.3 explains our exact procedures

for calculating the household-level tax liabilities that determine, s, σ1, and σ2.

2.4 Variation in User-Cost and Housing-Subsidy Rates

Given the UCR input calculations described above, Equations (2) and (4) can be

used to calculate user-cost and housing subsidy rates for any household-by-house

pair, including the actual household-by-house pair and hypothetical household-by-

house pairings. This allows us to illustrate variation in user-cost and housing subsidy

rates for actual and counterfactual households by geography (where PUMA is the

smallest unit of geography) in Section 4 and by household attributes (such as race,

ethnicity, income, local voting behavior, and itemization status) in Section 5.

3 Validation Test: Predicting Taxpayer Itemiza-

tion Rates for 2016-2019

The validity of our measures for the real annual cost of homeownership depends on

the accuracy of our predictions for the embedded tax subsidy, sijt. In principle, the

ideal way to judge the accuracy of our predictions for sijt would be to compare them

to the deductions taken on households’ tax returns. Given the barriers to obtaining

administrative data on tax returns, we perform a second-best validation test.

Our test exploits the way in which the tax subsidy to homeownership is entan-

gled with the decision to itemize. Tax filers must itemize to receive sijt and, all else

constant, an increase in sijt increases the incentive to itemize. Thus, more accurate

predictions for sijt should yield more accurate predictions for itemization behavior.
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With this in mind, we first use TAXSIM to predict whether each ACS household

will minimize its tax burden by itemizing, given our predicted value for sijt. Then

we aggregate our predictions by income group and PUMA to compare them against

annual itemization rates reported by the IRS for 2016 through 2019. We focus on

the 2016-2019 period because it is the period for our policy analysis in Section 5.

We analyze the predictive accuracy of itemization rates in the cross-sectional

data for each year. Moreover, at the midpoint of the study period the federal tax

code changed in ways that drastically reduced sijt and itemization rates. This quasi-

experimental variation in tax policy allows us to judge the accuracy of our model-

based predictions for how tax policy changes affect filing behavior and, thus, the

annual cost of homeownership. The central benefit of having a validated model is

that it allows us to predict counterfactual outcomes as well as actual outcomes at

finer levels of aggregation than the publicly available IRS data allow.

Before presenting the results of a validation exercise that compares model-

predicted and actual itemization rates before and after the implementation of the

TCJA, we briefly outline the TCJA and its impact on incentives to itemize.

3.1 The TCJA Reduced the Incentive to Itemize

On December 22, 2017, President Trump signed the Tax Cuts and Jobs Act (TCJA)

which went into effect for the 2018 tax year. The TCJA changed the tax code in

several ways that reduced the incentive to itemize. Most importantly, the TCJA

approximately doubled the standard deduction. For example, for a married couple

filing jointly, the standard deduction increased from $12,700 in 2017 to $24,000 in

2018. This reduced the incentive for households to itemize and, thus, reduced their

incentive to collect the tax subsidy to homeownership.

The TCJA further reduced the incentive to itemize by weakly reducing the

tax subsidy to homeownership, sijt, that itemizers collect. First, the TCJA reduced

the marginal income tax rates at which homeowners can deduct mortgage interest

and property tax payments. Second, the TCJA reduced the maximum amount of in-

debtedness to which the mortgage interest deduction can be applied from $1,000,000

to $750,000. The new limits only applied to mortgages originated after the TCJA.

Third, the TCJA added a $10,000 cap on the maximum amount of state and local
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taxes (SALT) that can be deducted. The fact that this SALT cap includes prop-

erty taxes is particularly impactful because, prior to the TCJA, the SALT deduction

could easily exceed the standard deduction in areas with high property values and/or

high property taxes.

The net effect of these three reductions in the tax subsidy to homeownership

varies across properties and, conditional on a property, it varies across owners. All

else constant, the subsidy is reduced more for owners who have larger reductions

in their marginal tax rates due to the TCJA, who have larger mortgage interest

payments, and/or who have larger property tax payments. Consequently, we would

expect the TCJA’s effect on itemization rates to vary by income group and geography.

On aggregate, IRS data indicate that the number of itemizing households fell by over

60% between the 2017 and 2018 tax years.

3.2 Validation Test Results

In principle, our predicted itemization rates could diverge from the actual rates for

three potential reasons. First, some households may file taxes in ways that fail to

minimize their tax burdens. Second, some households may not accurately report

all of their income-relevant information when responding to the ACS.34 Third, the

assumptions that we make in order to characterize a household’s filing options based

on ACS data and TAXSIM software may introduce errors (e.g., our assumptions for

the rates at which households pay off mortgages).

Despite these potential reasons for divergence, our predicted itemization rates

are remarkably accurate. Figure 1 compares our predicted rates with actual rates

in IRS data for 2016 through 2019. Before the TCJA, the IRS reports national

itemization rates of 29.9% and 30.4% in 2016 and 2017, respectively. After the

TCJA, the IRS reports rates of 11.2% and 10.8% in 2018 and 2019, respectively.

Strikingly, our predictions never differ from the IRS data by more than one half of

one percentage point.

The IRS also disaggregates itemization rates by income bin and geography. As

34The first two failures have greater scope to affect high-income households who face more com-
plicated tax situations due, for example, to owning a business, charitable giving, and decisions for
how to amortize capital gains and losses.
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Figure 1: Validation - Predicted versus Actual Itemization Rates

Note: The figure contrasts the fractions of all tax-filing households who choose to itemize according
to IRS data with our predictions for the tax-minimizing filing strategy.

a further validation check, we calculate the predicted and actual fractions of itemizers

by income bin. We compare our estimates within 14 income bins ranging from

adjusted gross income of ≤ $0 to $500,000-$1,000,000. The correlation between our

predictions and IRS reported numbers is 0.99. The correlation only drops slightly, to

0.95, when we repeat the comparison using itemization rates for PUMAs.35 Overall,

these results increase our confidence that our framework produces accurate measures

for the tax subsidy to homeownership, that it will produce accurate measures for the

associated UCR, and that it will be capable of making accurate predictions for how

counterfactual tax policies would modify the annual cost of homeownership through

tax filing behaviors that can differ across demographic groups.36

35Figures B.1 and B.2 in the Appendix illustrate scatter plots and fitted regression lines between
predicted and actual itemization rates by income bin and PUMA.

36Our validation test effectively compares the model-predicted CDF of itemized deductions with
the empirical CDF of itemized deductions at a single point, the standard deduction. In an ideal
exercise, one would compare these CDFs at all possible points (or all points ≥ the standard de-
duction). That being said, it is encouraging that the CDFs are virtually identical at the key point,
the standard deductions, and that they continue to match well when using conditional CDFs that
condition on income and geography.
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4 User-Cost Rates and Subsidies

This section summarizes our estimates for the user cost of housing and the tax sub-

sidy to homeownership among heterogeneous household types in 2016 and 2017. We

focus on these two years because they provide a baseline for evaluating the subsequent

policy changes that we discuss in Section 5. Complete PUMA-by-year-specific mea-

sures of UCRs and tax subsidies for 2012-2019 can be downloaded and explored using

an interactive tool on this paper’s companion website: www.housingusercost.org. To

avoid a small number of outliers distorting the results, we winsorize all reported

results at the 1st and 99th percentiles.

4.1 User-Cost Rates

4.1.1 User-Cost Rates for Current Homeowners

Figure 2 shows our estimates of the average UCR among homeowners in each PUMA

during 2016-2017. The average homeowner faced a UCR of 4.3%. The figure shows

that UCRs vary greatly across the U.S. For example, at the 90th percentile of

PUMAs, the mean UCR (6.1%) is more than double the UCR at the 10th percentile

(3.0%).

The extent of spatial variation in UCRs in Figure 2 is striking. The large

variation across UCR septiles in Figure 2 implies that spatial variation in the UCR

is likely to be a quantitatively important part of the implicit housing cost of con-

suming local public goods (Kuminoff, Smith, and Timmins, 2013). More broadly, by

influencing the cost of residential sorting, the UCR influences the spatial allocation

of labor, household wealth accumulation, and welfare (Albouy 2016, Diamond 2016).

To decompose the geographic variation in UCR shown in Figure 2 into its determi-

nants, Appendix Figures B.4 through B.11 show analogous maps to Figure 2 for each

of the UCR determinants. Finally, we note that our estimated UCR measures are

positively correlated (correlation coefficient of 0.39) with rent-price ratios that are

estimated using hedonic regressions that allow for spatially varying rent-price ratios

at the PUMA level (Bayer et al., 2007).37

37Figure B.13 in the Appendix illustrates a scatter plot and fitted regression line between rent-
price ratios and UCR by PUMA.
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Figure 2: 2016-2017 Mean UCR by PUMA for Current Homeowners

Note: The figure shows the PUMA-specific mean UCR for current homeowners in 2016-2017. The
figure is winsorized at the 1st and 99th percentiles.

4.1.2 Implicit User-Cost Rates for Prospective Homebuyers

We also calculate implicit UCRs for hypothetical prospective homebuyers; i.e., the

UCRs that households would face if they were to buy certain houses in certain areas.

These implicit UCRs may differ from the UCRs realized by current owners for at

least three reasons. First, for a loan of equal size, the share of monthly mortgage

payments that goes towards interest is decreasing in time-since-origination. This

means that, all else constant, a new buyer would get a larger tax subsidy, and thus

face a lower UCR, than an owner who is further along in their mortgage repayment.

Second, loan-to-value ratios are expected to be higher for new buyers. All else equal,

this increases the UCR since it increases the loading in the user-cost formula on

the mortgage rate, which is generally higher than the risk-free rate. Third, new

buyers may differ from current owners in age, income, family structure, and other

attributes that affect tax filing behavior, and thus the UCR.38 The net effect of these

three differences on the UCR is ex-ante ambiguous and will depend, in part, on how

38In principle, new homebuyers and current homeowners could face different mortgage rates. For
new buyers they could be lower than for current owners if rates are declining over time and there
are fixed costs to refinancing. Analogously, if rates are increasing, we would expect current owners
to have “locked-in” a lower mortgage rate than what new buyers face. In our estimates, we choose
to use rmit for both existing and prospective owners.
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prospective buyers sort themselves across housing markets.

Our first approach to calculating the implicit UCR for prospective homebuyers

assumes that buyers would replicate the residential sorting patterns that we observe

for current owners. Specifically, we assume that the joint distribution of household

and house characteristics for prospective buyers in each PUMA during 2016-2017

matches the distribution that we observe among owners who moved into that PUMA

during 2011-2016. We additionally assume that prospective buyers have initial loan-

to-value ratios of 80% and face the property tax rates associated with being a new

owner.39

We find that the average prospective buyer faced an implicit UCR of 4.9% in

2016-2017. This statistic is 13% larger than the UCR realized by current owners in

those years. While the prospective buyers would receive a larger tax subsidy than

current owners due to a larger share of their monthly mortgage payments reflecting

deductible interest payments, this effect is out-weighed by the effect of new buyers

having higher loan-to-value ratios

Figure 3 shows the distribution of PUMA-specific mean UCRs realized by

current owners in 2016-2017 as a solid line and the distribution of implicit UCRs

for prospective buyers as a dotted line. The dotted line is constructed by focusing

on households that recently purchased a house in the same PUMA (in the past five

years) and calculating the counterfactual UCR that would apply to their house if they

had originated a mortgage in 2016-2017. Thus, this implicit UCR measure reflects

the ways in which households sorted themselves across PUMAs by income and other

demographics, as well as the ways in which they sorted over differently priced houses

and neighborhoods within each PUMA. Appendix Figure B.14 illustrates geographic

heterogeneity in the difference between the current-owner and prospective buyer

calculations.

As a second counterfactual exercise, we calculate the implicit UCR that would

apply to an “average” American household in each PUMA, i.e., if there were no

residential sorting. We do this by using the national distribution of households to

repeatedly re-draw and re-assign households to houses at random, and thereafter

39This assumption is conservative given that the average loan-to-value ratio for loans originated
in 2017 was 85.6% (HMDA). For current homeowners we estimate an average current loan-to-value
ratio of 57%.
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Figure 3: Distributions of User-Cost Rates

recalculate their UCRs in their assigned houses.40 The dashed line in Figure 3 shows

the resulting UCR distribution for this “no-sorting” scenario. Without sorting, the

distribution of UCRs narrows, with only a small change to the mean. We find that

the variance shrinks by 36%, from 2.63 to 1.69 when we assign households to dwellings

at random. This reveals that household characteristics, as opposed to dwelling or

local characteristics (e.g., property tax rates) account for a significant amount of the

observed dispersion in the UCR distribution.41

4.1.3 User-Cost Rates Using Alternative Expected Capital Gains

We compare annual average UCRs calculated using our baseline measure of sub-

jective expected capital gains (based on historical real appreciation) to alternative

UCR measures that are calculated using statistical expected capital gains (based on

40To implement this procedure, we draw 500 homeowning households and calculate what UCR
they would face if they lived in each of the 3.2 million owner-occupied homes of our main sample.
We then calculate the mean UCR for each home.

41Year-specific regressions of UCR on PUMA fixed effects show that PUMA fixed effects only
explain approximately two thirds of the variation in UCR.
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regression forecasts) as discussed in Section 2.2. To construct the statistical mea-

sures, we follow prior literature in considering short-run persistence using a one-year

serial-correlation term of 0.5 and medium-run mean reversion using a five-year serial-

correlation term of -0.3. These values are cited in Glaeser and Nathanson (2017) as

conservative estimates of serial correlation.42 These figures imply that if an MSA

exceeds its long-run trend by 1 dollar in the past one (five) years, then the MSA is

predicted to exceed its long-run average growth by 0.5 (-0.3) dollars in the next one

(five) years. Five-year expected growth rates are then annualized when used in the

user-cost rate, which is always defined at the annual level.

Using the one-year persistence measures, the average user-cost rate in 2016-

2017 was 1.9% and the analogous number for the five-year persistence measures

was 4.7%. These compare with our baseline, historical measure of 4.3%. However,

one-year persistence measures mainly shift the national average UCR, rather than

affecting geographic heterogeneity, which is reflected in the high average within-

year correlation of 0.82 between the one-year persistence measures of UCR and our

baseline measures. The analogous correlation for the five-year persistence measures

is 0.96. Unsurprisingly, UCR measures based on one-year persistence of expected

capital gains are volatile, reflecting the underlying variation in lagged one-year price

changes. As moving costs are large and typical tenure in a house far exceeds one

year, we think the five-year mean-reversion specification provides a more empirically

relevant analog to our main specification. Appendix Figures B.17 and B.18 show

geographic variation in UCR measures and Appendix Table B.1 shows the mean

results by year for each alternative measure of expected capital gains.43

4.2 Housing Subsidies

Our estimates for the underlying components of the UCR imply that the average

homeowner recouped 8.9% of their mortgage interest and property tax payments in

42When we use the larger values of 0.74 and -0.53, we find similar results with slightly higher
volatility for the one-year results. These larger serial-correlation values correspond to the midpoints
of the ranges estimated in Glaeser et al. (2014), where the five-year value is adjusted based on the
longer-panel results.

43In addition, Figure B.10 shows spatial variation in our baseline measure of expected capital
gains, which is informative about how UCR would be affected if we discarded this variation and
instead used spatially invariant expected capital gains.
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2016-2017 via reduced tax liability. This translates into an annual housing subsidy of

$1,002 for the average owner of a home worth $300,000. To improve interpretability,

we calculate the percentage of annual homeownership costs that are subsidized: (100·
sijt)/(sijt + UCRijt) where the denominator is the annual cost of owning the house

in the absence of the subsidy, and the numerator is the subsidy. The advantage

of using this statistic to describe subsidies is that it captures the ongoing annual

subsidization as a percentage of the annual flow cost.44 Depending on the context or

economic question, the most relevant subsidy statistic may be sijt · Pijt (the dollar

value of a subsidy), 100 · sijt (the percentage of the house’s value that is subsidized),
or (100 · sijt)/(sijt + UCRijt) (the percentage of annual homeownership costs that

are subsidized).45 Therefore, we make use of all three definitions below.

The average percentage of annual homeownership costs that are subsidized

in 2016-2017 was 6.7%.46 Thus, almost 7% of the average owner’s annual housing

costs were subsidized by taxpayers. Decomposing this subsidy into its state and

federal components reveals that 5.3% of housing costs were subsidized by the federal

government, versus 1.4% by states.47

Figure 4 shows the geographic heterogeneity in the percentage of annual home-

ownership costs that are subsidized during 2016-2017 by dividing PUMA-specific

means of (100 · sijt)/(sijt + UCRijt) into septiles. The spatial variation is striking.

In the bottom septile, the average subsidy was less than 3% and in the top septile it

exceeded 10%.

The percentage of annual costs that are subsidized is close to zero in areas

where the majority of homeowners elect to take the standard deduction on their

federal tax returns. This includes areas where incomes and house prices are relatively

low and where homeowners have few deductible expenses. The subsidy is also lower

in areas where loan-to-value ratios are lower because more households have paid off

their mortgages. For example, areas with near-zero subsidy rates include low-income

44The fact that UCRijt is in the denominator highlights the importance of accurately estimating
the UCR when analyzing subsidies. Without knowing the UCR, one cannot calculate the percentage
of annual housing costs that is subsidized.

45Given the presence of moving costs, one could also consider a subsidy definition that reflects ex-
pectations over future subsides, user costs, and duration: E[

∑t+duration
τ=t (100·sijτ )/(sijτ+UCRijτ )].

46In comparison, the subsidy rate was 9.3% for the subset of homeowners that had the option to
take advantage of mortgage interest deduction because they had an active mortgage.

47The corresponding figures for households with an active mortgage are 7.7% and 1.6%.
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suburbs of Dallas, Miami, and Memphis that had mean adjusted gross incomes under

$50,000 and mean home prices under $150,000. Subsidies also tend to be lower in

states with no personal income tax. Indeed, 48 of the 50 PUMAs with the lowest

mean subsidies were in three such states: Texas, Florida, and Tennessee.

Figure 4: Mean Housing Subsidies by PUMA in 2016-2017

Note: The figure shows the PUMA mean subsidy, defined as the percentage of the user cost that is
subsidized by the federal and state governments in 2016-2017. The figure is winsorized at the 1st
and 99th percentiles.

By contrast, the percentage of annual costs that are subsidized exceeds 10%

in areas where incomes, taxes, and itemization rates are relatively high. In these

PUMAs, mortgages are generally larger, with mean house prices often exceeding

$500,000. Many of the high-subsidy PUMAs are located in affluent cities in west-

ern states such as California and Oregon, but also in rural parts of the Midwest

(especially Minnesota and Wisconsin), and high-tax jurisdictions on the east coast.

Finally, we note that we estimate actual subsidies received. This measure com-

bines the features of the tax code (that households take as given) with the endogenous

decisions that households make that determine deduction amounts. Alternatively,

one could calculate hypothetical subsidies for fixed deduction amounts.48

48See Section 4.1 for an analysis of UCR under counterfactual populations.
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5 Policy Analysis: Distributional Impacts of the

Tax Cuts and Jobs Act

As discussed in Section 3.1, the TCJA reduced the incentive for households to col-

lect a tax subsidy for homeownership starting in 2018. It did this partly by reducing

the size of the subsidy that could be collected by itemizers and partly by doubling

the standard deduction collected by non-itemizers. Homeowners who switched from

itemizing to taking the standard deduction lost their subsidies. In addition, those

who continued to itemize saw the nominal value of their subsidies decline. More-

over, the real value of their subsidies further declined by the increase in the standard

deduction, as increasing the standard deduction increased the portion of the house-

hold’s total deduction that was neutral to their homeowner status.49

The TCJA’s household tax provisions are set to expire in 2025. Congress must

choose whether to let them expire, to extend them, or to extend some provisions but

not others. The most controversial provision is perhaps the SALT cap that limits

the amount of state and local taxes that can be deducted. There have been several

proposals to undo the SALT cap. For example, an early and unsuccessful version

of the federal Build Back Better Act included a proposal to increase the cap from

$10,000 to $80,000. Further, the states of New York, Connecticut, Maryland, and

New Jersey unsuccessfully challenged the cap’s constitutionality in federal court.50

Motivated by this background, we first measure how the TCJA changed subsidy

rates and UCRs between 2016-2017 and 2018-2019. Then we simulate counterfactual

effects of eliminating all of the TCJA’s individual tax provisions and of eliminating

just the SALT cap. We focus on two outcomes: the subsidy rate and the UCR. Our

analysis complements prior studies that estimated how the TCJA affected housing

market outcomes by modeling changes to tax subsidies and UCRs that may have

driven those equilibrium outcomes.51

49We refer to these itemizable deductions below the standard deduction as “wasted deductions”
following Follain and Ling (1991).

50In April 2022, the Supreme Court denied certiorari, letting stand the Second Circuit Court’s
ruling that the SALT cap was constitutional.

51Our analysis describes mechanisms that may have driven the TCJA’s well-documented effects
on equilibrium housing market outcomes (see discussion in the Introduction). For example, Li and
Yu (2022) estimate the treatment effect of having higher than median exposure to TCJA on house
price growth; our results speak to treatment size in terms of user-cost rates and subsidies.
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5.1 Estimating the Impact of Policy Changes

Using our framework, one could estimate the impact of a policy by comparing pre-

and post-policy outcomes. However, policy analyses often aim to recover a policy’s

causal impact by controlling for any confounding effects that would have occurred

in the absence of the policy. Thus, a preferable estimate compares post-policy out-

comes with predicted counterfactual outcomes in the post-period had the policy not

taken place. Before presenting the results of this analysis in subsections 5.2-5.6, we

summarize the behavioral and general equilibrium responses that are incorporated.52

As the estimated post-policy subsidy rate and post-policy UCR are calculated

using post-policy data, any behavioral responses by households should be captured.

For example, if the policy were to cause changes to itemization rates, mobility, loan-

to-value ratios, purchase prices, or homeownership rates, this would be captured in

the post-policy rates that we recover because we observe the post-policy distribution

of household decisions/outcomes for these variables. Furthermore, if the policy were

to affect the determined-in-equilibrium, time-varying inputs in the UCR formula,

these equilibrium effects would be captured to the extent that we capture time-

varying changes in these factors.53

In our primary counterfactual measures, we implement the pre-policy tax code

(while adjusting for inflation and bracket creep) and we have a model of itemization to

counterfactually predict what would have happened to itemization rates. Although

we are addressing these features (which are arguably the most important features),

we do not use a counterfactual model to predict what would have happened to ltvijt,

rfijt, rmit, ωijt, δjt, and γjt, and simply use their observed post-policy distributions.

As a robustness exercise, we construct alternative counterfactual values of subsidies

and UCR, which address these behavioral/equilibrium changes, but which require an

additional assumption. Under this additional assumption, that the pre-policy trends

in these rates would have continued absent a policy, one can use the pre-policy trends

in outcomes to construct post-policy counterfactual outcomes.

52Gervais (2002) estimates the impact of the preferential tax treatment of housing using a dynamic
general equilibrium model that features heterogeneous agents but without geographically varying
determinants of subsidies.

53The only UCR component that does not vary over time in our calculations is the owner’s risk
premium. See Section 2.2 and Appendix A for descriptions of how we estimate the time-varying
UCR components, including how the estimates of rfijt and rmit incorporate temporal smoothing.
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5.2 The TCJA’s Effects on Housing Subsidies and UCRs

Repeating the analysis from Section 4 for the years after the TCJA went into effect

reveals that, in 2018 and 2019, the average homeowner recouped 2.8% of their mort-

gage interest and property-tax payments via reduced tax liability, compared to 8.9%

during 2016-2017. As a result, the average percentage of annual homeownership costs

that were subsidized dropped from 6.7% to 2.1%. Importantly, the TCJA’s passage

coincided with macroeconomic trends that modified other inputs to the UCR for-

mula apart from the tax subsidy. We find that the national average UCR decreased

by approximately 24 basis points (or 5.7%) because of changes to UCR components

other than sijt, especially falling interest rates.54

To provide a better measure of the causal impact of the reform, we construct

counterfactual measures for the percentage of annual costs that are subsidized and

the UCR that would have been realized in 2018-2019 had the 2017 tax code remained

in place during those years amid realized income growth.55 Figures 5 and 6 compare

these “No-TCJA” counterfactual measures (dashed lines) with the actual measures

(solid lines). We estimate the causal impact of the TCJA by the differences between

the actual and counterfactual measures.

Figure 5 shows that had the 2017 tax code remained in place in 2018-2019, sub-

sidies would have risen to 7.0% of annual homeownership costs in comparison to the

realized rate of 2.1%. This shows that the causal effect is slightly larger than the raw

time difference would indicate. Thus, the TCJA caused the tax subsidy to homeown-

ership to fall by 70% during the first two years after the TCJA’s implementation.56

54The result that both mean subsidies and UCRs were lower in 2018-19 than in 2016-17 is due
to the rapidly falling interest rates over the period. Year-specific means of subsidies and UCR for
2012-2019 are shown in Appendix Figures B.15 and B.16

55To account for the fact that tax brackets and standard-deduction amounts are annually adjusted
for inflation by the IRS, we use constant 2017 dollars in all years. However, even with this inflation
adjustment, and in the absence of changes to the tax code, real growth in incomes increases subsidies
through higher marginal tax rates due to the progressivity of the tax code, as well as through
increased deductible expenses which tend to grow with income. Just as subsidies (and real GDP)
grew by approximately 2% from 2016 to 2017, our counterfactual analysis indicates that this growth
in subsidies would have continued if the 2017 tax code had remained in place and the TCJA not
been implemented.

56While the TCJA was a federal policy, integrating over filing decisions in TAXSIM implies
that the TCJA also caused the state-level portion of the tax-subsidy to fall from 1.4% to 1.1% by
reducing the incentive to itemize. If we focus solely on the federal part of the subsidy, the reduction
was even larger. We estimate that the TCJA reduced federal subsidies by 82%, from 5.5% to 1.0%
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This large reduction in subsidies is particularly notable given the very limited histor-

ical changes in subsidies documented in Sinai and Gyourko (2004). Figure 6 shows

that the TCJA-induced reduction in subsidies increased the average UCR by 0.25

percentage points (a 6% increase).57 Using our alternative counterfactual measures

of subsidies and UCR would lead to virtually identical estimates of the impact of

the TCJA on subsidies (trivially smaller) and bigger estimates of the impact of the

policy on UCR (a 10% increase versus 6% using our primary approach).

The dotted lines in Figures 5 and 6 show results from a second counterfactual

simulation that eliminates the SALT cap but leaves all other TCJA provisions in

place.58 Comparing the dotted and solid lines shows that eliminating just the SALT

cap would have relatively modest effects on mean subsidies and UCRs. For example,

we estimate that eliminating the SALT cap would increase the average post-TCJA

subsidy from 2.1% to 3.1%. This coincides with a reduction in the UCR of only

0.04 percentage points. However, we show below that these small changes to mean

subsidies and UCRs reflect large transfers to a small share of homeowners.

5.3 Heterogeneity by Geography

Figure 7 summarizes geographic heterogeneity in the TCJA’s effect on housing sub-

sidies in 2018-2019 by mapping the percentage-point reduction in the subsidy rate

across PUMAs (i.e., the difference between the solid and dashed lines in Figure 5).59

PUMAs that received larger subsidies prior to the TCJA (shown in Figure 4) gen-

erally saw larger reductions. Further, many areas lost almost the entirety of their

pre-TCJA subsidies. In 12% of PUMAs, mean subsidies fell by over 90%.

of the annual cost of homeownership.
57The relatively substantial reduction in UCR that is predicted in the absence of the TCJA is

driven by falling mortgage and risk-free rates during this period. Section 2.2 documents how we
calculate these measures, which include temporal smoothing to address issues like refinancing. In
the absence of this smoothing, the decline would be larger.

58We also used a novel version of NBER’s TAXSIM software that allows for hypothetical tax
environments to compare a total elimination of the cap with an increase in the cap to $80,000
based on an early version of the Build Back Better Act, H.R.5376, that passed the House of
Representatives but was not voted on in the senate. Our results show that for over 99.9% of
homeowners, these two policies would have identical effects on their homeownership subsidy and
only around 60,000 homeowning households per year would additionally benefit from raising the
cap above $80,000.

59Figure B.3 shows geographic heterogeneity in the TCJA’s effect on UCRs.
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Figure 5: Average Subsidy from 2016 to 2019

Figure 6: Average User Cost Rate from 2016 to 2019
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Figure 7: Geographic Distribution of the Impact of TCJA on Subsidies

Note: The figure shows the percentage point reduction in the subsidy rate between 2016-2017 and
2018-2019 that we attribute to the Tax Cuts and Jobs Act. The figure is winsorized at the 1st and
99th percentiles.

The geographic heterogeneity in Figure 7 arises from interactions between sev-

eral underlying factors. These include spatial variation in inputs to the UCR formula,

spatial variation in household income and other taxpayer characteristics, interactions

between federal and state tax codes, and how all of these factors interact to determine

households’ tax-minimizing filing strategies.

Next, we turn to the heterogeneous effects of eliminating the SALT cap while

leaving all other TCJA provisions in place. We estimate that only 14% of home-

owners would benefit from this counterfactual policy. However, these beneficiaries

would have large gains, with the average beneficiary experiencing a 7.0 percentage

point increase in their homeownership subsidy, which would more than double their

subsidy.

Another way to measure the heterogeneous effects of eliminating the SALT cap

is to calculate how much of the subsidy that was removed by the TCJA (Figure 7)

would be returned if the SALT cap were eliminated. Figure 8 shows the geographic

distribution of this measure. Three features stand out. First, the variation across

PUMAs is substantial. PUMAs in the bottom three septiles regain less than 10%

of their lost subsidies, whereas the top septile regains more than 30% of their lost
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Figure 8: Percent of Lost Subsidies Regained with SALT Cap Elimination

Note: The figure shows PUMA-specific mean shares of the lost tax subsidy to homeownership that
would have been returned to homeowners had there been no cap on the amount of deductible state
and local taxes in 2018 and 2019. The figure is winsorized at the 1st and 99th percentiles.

subsidies. Second, PUMAs that see no effect are predominantly located in states that

do not have income taxes (i.e., Florida, Nevada, South Dakota, Tennessee, Texas,

Washington, and Wyoming). More broadly, the effects are smaller in lower-income

and lower-tax areas. Finally, most states include some PUMAs that experience

relatively large impacts.

5.4 Heterogeneity by Tax-Filing Behavior

To interpret the heterogeneity in Figure 7, and to explore the underlying mechanisms,

we calculate the TCJA’s effects for three groups of taxpayer homeowners. First,

we consider “always-itemizers” who would minimize their taxes by itemizing under

both the pre-TCJA and post-TCJA tax codes. These are generally higher-income

households and comprise 17% of homeowners. These households lose a portion of

their housing subsidy, largely due to the increase in “wasted deductions.”

Second, we consider “switchers” who would minimize their taxes by itemiz-

ing under the pre-TCJA taxcode and by taking the standard deduction under the

post-TCJA taxcode. These households comprise 31% of homeowners. While these

households lose the entirety of their homeowner tax subsidy, the vast majority (86%)
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pay equal or lower taxes due to the increased standard deduction.

Finally, we consider “never itemizers” who would minimize their tax burden by

taking the standard deduction under both the pre-TCJA and post-TCJA tax codes.

These households comprise 52% of homeowners. These households see no federal

subsidies under either tax code, but pay strictly lower taxes under the post-TCJA

tax code due to the increased standard deduction. Though we focus on homeowners,

the vast majority of renters are similar to never-itemizing homeowners – they received

no housing subsidy before or after the TCJA, but pay strictly lower taxes under the

post-TCJA tax code due to the increased standard deduction.

Table 1 summarizes the TCJA’s impact on housing subsidies for each group.60

The always-itemizers see the biggest absolute reduction in their subsidy rate. How-

ever, this group also receives the largest subsidies under the pre-TCJA tax code. As

a percentage change, however, the switchers lose more as they lose 100% of their

federal subsidy.

5.5 Heterogeneity by Voting Behavior

Previous studies found that the TCJA benefited households in states decisively won

by Donald Trump in the 2016 presidential election more than it benefited households

in states won by Hillary Clinton. For example, Altig et al. (2020) finds that the

TCJA increased the remaining lifetime consumption of households in “red” states

by 1.6% as opposed to only 1.3% in “blue” states. In a similar vein, we explore how

the TCJA’s impact on tax subsidies to homeowners differed between red and blue

counties, and how these areas would be differentially affected by the expiration of

the TCJA’s individual tax provisions.

We merge our PUMA-level average UCR and subsidy measures with county-

level data from the MIT Election Data and Science Lab describing the results of the

2016 presidential election. As PUMAs are designed to have roughly equal populations

of around 100,000, their geographic size varies inversely with density. This means

60There is additionally a fourth group who would minimize their tax burden by taking the stan-
dard deduction under the pre-TCJA tax code and by itemizing under the post-TCJA tax code.
These households comprise only a very small group of homeowners (0.04%) who were affected by
the TCJA’s changes to the cutoffs between certain tax brackets. Our analysis includes this group
as well, although they are omitted from this discussion here for expositional purposes.
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Table 1: 2018-2019 Mean Housing Subsidies by Itemization Status

Homeowner Type % of Homeowners Housing Subsidy (%)

Without TCJA With TCJA
Federal State Total Federal State Total

Never itemizers 52 0.0 0.9 0.9 0.0 0.9 0.9
Switchers 31 7.9 1.4 9.3 0.0 0.7 0.7
Always itemizers 17 18.2 3.1 21.4 6.0 2.3 8.2

All homeowners 100 5.6 1.4 7.0 1.0 1.1 2.1

Note: This table shows the 2018 to 2019 mean share of the annual cost of homeownership that is
subsidized by federal and state governments for three types of homeowners distinguished by the
impact that the implementation of the TCJA had on their itemization status. “Always itemiz-
ers” itemize under both the pre-TCJA and post-TCJA tax codes, “Switchers” are induced by the
implementation of the TCJA to switch from itemizing their deductions to taking the standard de-
duction, and “Never itemizers” take the standard deduction under both tax codes. Subsidies are
shown for these types under two alternative tax codes: first, a “Without TCJA” counterfactual
that maintains the 2017 pre-TCJA tax code, and thereafter actual subsidies under the TCJA, as
it was implemented. The cell-specific results are winsorized at the 1st and 99th percentiles.

that in urban areas, counties often contain multiple PUMAs, whereas in rural areas,

a single PUMA can span several counties. We therefore use the crosswalk from Bieri

et al. (2023) to merge the datasets at the finest possible spatial resolution. This

results in aggregating 2,351 PUMAs and 3,143 counties into 982 locations. Of these,

430 are metropolitan counties (aggregations of PUMAs) for which election results

are directly available. In rural areas, we have 459 locations where a single PUMA

contains multiple counties. There we calculate the election result by aggregating the

votes cast in each constituent county. Finally, a relatively small number of PUMAs

encompass parts of multiple counties. We merge all adjacent counties in such cases

to create larger PUMA-county unions, for which we can calculate vote shares. There

are 93 such unions.

Once households are linked to the election result in their area, we can calculate

how various tax regimes would affect Republican- vs. Democratic-voting areas. We

define an area as “Republican” if more votes were cast for Donald Trump than for

Hillary Clinton in the 2016 election, and “Democratic” otherwise. Table 2 reports

the subsidy obtained by the average household in 2018 and 2019 in each type of area,

both as a dollar amount and as the percentage of the annual cost of homeownership
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that is subsidized. Since a constant change to subsidies will have larger impacts in

areas with more homeowners, we include all households, both owners and renters.

Renters do not receive any subsidy to homeownership, so they are given a value of

zero in these tabulations.

Table 2: Mean Subsidies by Election Result under Alternative Tax Regimes

Tax Regime
No TCJA TCJA SALT Cap Elimination

Dollar Amount of Subsidy
Republican $444 $114 $171
Democrat $913 $314 $545
All $692 $218 $367

% of Annual Costs Subsidized
Republican 3.59% 0.99% 1.31%
Democrat 4.63% 1.43% 2.22%
All 4.15% 1.23% 1.80%

Note: This table shows mean subsidies to homeownership from federal and state governments
in dollar amounts and as the share of the annual cost of homeownership that is subsidized un-
der alternative tax regimes. Means are calculated over all households for 2018-2019 and include
non-homeowners who do not receive any subsidy. The first column (No TCJA) represents a coun-
terfactual tax regime where the 2017 pre-TCJA tax code stays in place. The second column (TCJA)
shows subsidies under the actual tax code in place during 2018-2019 and the third column (SALT
Cap Elimination) shows another counterfactual tax regime with subsidies that would have been
received in 2018-2019 if all provisions of the TCJA except the SALT Cap were in place. Republican
and Democratic areas are defined based on results from the 2016 presidential election at the finest
possible spatial resolution (either PUMAs, counties, or their union; see main text for details). The
cell-specific results are winsorized at the 1st and 99th percentiles.

Mean subsidies are calculated under three tax regimes. First, as described

in Section 5.2, we calculate what subsidies would have been in 2018 and 2019 had

the TCJA not been implemented. Without the TCJA, 4.63% of the annual cost of

homeownership would have been subsidized for the average household in Democratic

areas, compared with 3.59% for the average household in Republican areas. In dollar

terms, this translates to annual subsidies of $913 and $444 respectively.

Second, we calculate the actual subsidies in 2018 and 2019 under the TCJA

as implemented. The TCJA caused the subsidy gap between Republican and Demo-

cratic areas to shrink significantly; the average household in Democratic areas lost
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more subsidy dollars. In these areas, the average household lost $599 (a 66% re-

duction) of subsidies per year due to the TCJA, while the average household in

Republican areas lost $330. We note, however, that, given their lower pre-TCJA

subsidy amounts, households in Republican areas experienced a larger percentage

loss compared with their 2016 and 2017 baseline subsidies (74%).

Finally, we consider the counterfactual tax regime where the SALT cap were

eliminated, but all TCJA provisions are retained. This regime would almost double

subsidies in Democratic areas while generating a more modest increase in Republican

ones. Elimination of the SALT cap would thus represent a significant increase in

subsidies to homeowners in Democrat-voting areas.

5.6 Heterogeneity by Race and Income

TCJA provisions do not vary directly with race or ethnicity, but their correlation

with income, geography, and homeownership may cause the TCJA provisions to have

impacts that differ systematically across racial or ethnic groups. Understanding these

distributive impacts may help to advance research on racial segregation in housing

markets (Aliprantis et al. 2022, Davis et al. 2023) and on racial and ethnic gaps in

economic outcomes (Banzhaf et al. 2019, Brouillette et al. 2022, Akbar et al. 2022).

It may also be a requirement for future regulatory analyses (Biden 2023, US Office

of Management and Budget 2023, Cronin et al. 2023).

With this in mind, Table 3 summarizes how the effects of each tax regime vary

by the self-reported race/ethnicity of each ACS household head. We aggregate ACS

data on race/ethnicity into five categories. The Asian category combines responses

that indicate Chinese, Japanese, or “Other Asian” ancestry. The Other category

combines responses that indicate “American Indian or Alaska Native,” “Other race,”

or multiple races. The four race categories (Asian, Black, Other, White) do not

contain households who indicate Hispanic, Spanish, or Latino origin, and who are

included in the separate Hispanic category.

Panel A of Table 3 shows that the average Asian household receives a homeown-

ership subsidy that is approximately twice as large as the average White household

under all three tax regimes. The subsidy to the average White household is again

more than twice as large as the subsidy to the average Black household. Black and
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Hispanic households receive similar subsidies.

Table 3: Mean Subsidies by Race under Alternative Tax Regimes

Tax Regime
No TCJA TCJA SALT Cap Elimination

A. Dollar Amount of Subsidy
Asian $1,445 $556 $961
Black $320 $100 $133
Hispanic $398 $126 $180
Other $598 $211 $318
White $768 $234 $407

B. % of Annual Costs Subsidized
Asian 6.24% 2.08% 3.51%
Black 2.28% 0.68% 0.85%
Hispanic 2.30% 0.64% 0.86%
Other 3.57% 1.14% 1.58%
White 4.75% 1.38% 2.05%

Note: This table shows mean subsidies to homeownership from federal and state governments in
both dollar amounts and as the share of the annual cost of homeownership that is subsidized under
alternative tax regimes. Means are calculated over all households for the period 2018-2019 and
include non-homeowners who get no subsidy. The first column (No TCJA) represents a counter-
factual tax regime where the 2017 pre-TCJA tax code stays in place. The second column (TCJA)
shows subsidies under the actual tax code in place during 2018-2019 and the third column (SALT
Cap Elimination) shows another counterfactual tax regime with subsidies that would have been
received in 2018-2019, if all provisions of the TCJA except the SALT Cap were in place. Race is
self-reported for the head of each household. The cell-specific results are winsorized at the 1st and
99th percentiles.

Panel B shows the subsidy as the share of the annual cost of homeownership.

If the differences in Panel A were driven entirely by differences in house prices, then

the shares in Panel B would be equal. The fact that they are not reveals that the

racial disparities in housing subsidies are also driven by factors such as geographic

location, income, and homeownership rates. Geographic location is the main driver

of the large subsidies to Asian households. Homeownership rates are higher among

White households than Asian ones (64% versus 58%), but Asian homeowners tend

to have higher incomes and are more likely to live in large urban areas of high-

tax, and thus high-subsidy, states such as California, New York, and New Jersey.

Consequently, under the TCJA, Asian homeowners receive 12% of all subsidies to
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homeownership, while comprising only 5% of homeowners.

By contrast, Black households’ relatively low subsidies are driven by their lower

rate of homeownership. Though Black households are more likely to live in South-

ern states that have lower tax rates and lower subsidies, the main reason why the

average White household receives a subsidy that is two times larger is because only

39% of Black households own their homes compared with 65% of White households.

Focusing only on homeowners, the White-Black gap is much smaller with the average

White homeowner receiving $1,159 in subsidies compared with $846 for the average

Black homeowner under the “No TCJA” tax regime. Under the TCJA regime, this

gap shrinks even further with subsidies of $360 and $279 for the average White and

Black homeowners, respectively.

Comparing results across the three tax regimes reveals interesting distribu-

tional effects. The average household of each group lost similar fractions (60-70%) of

their subsidies due to the TCJA. However, eliminating the SALT cap while maintain-

ing the other TCJA provisions would have a more disparate racial impact. White

and Asian households would see a 73% increase in their subsidies, whereas Black

households would see only a 33% increase.61

Table 4 summarizes how the effects of each tax regime vary by quintiles of

household income. The striking result here is that subsidies for the fifth quintile

are so much larger than for the lowest two quintiles. This holds for both the dollar

value of the subsidies as well as the percentage of annual costs that are subsidized.

Subsidies are unequally distributed primarily due to higher home ownership rates

(quintile five is more than double quintile one), higher marginal tax rates (30% in

quintile five versus effectively zero in quintile one), and higher mortgage interest and

property tax deductions due to higher expenditure on housing (quintile five is almost

four times quintile one). The introduction of the TCJA reduced subsidies in absolute

terms by far the most for high income households, where subsidies fell from $2,727
to $870. Eliminating the SALT cap while maintaining the other TCJA provisions

would have a strongly heterogeneous effect, as almost all of the subsidy gains would

accrue to the highest quintile.

61Since non-homeowners are unaffected and receive zero subsidies under all three tax regimes,
these percentage changes, and thus the conclusions about disparate racial impacts, remain the same
if we focus only on homeowners.
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Table 4: Mean Subsidies by Income under Alternative Tax Regimes

Tax Regime
No TCJA TCJA SALT Cap Elimination

A. Dollar Amount of Subsidy
Income quintile 1 $37 $34 $34
Income quintile 2 $82 $41 $41
Income quintile 3 $259 $83 $86
Income quintile 4 $727 $217 $242
Income quintile 5 $2,727 $870 $1,732

B. % of Annual Costs Subsidized
Income quintile 1 0.69% 0.67% 0.67%
Income quintile 2 0.92% 0.50% 0.50%
Income quintile 3 2.32% 0.69% 0.71%
Income quintile 4 5.11% 1.33% 1.44%
Income quintile 5 13.02% 3.25% 6.38%

Note: This table shows mean subsidies to homeownership from federal and state governments in
both dollar amounts and as the share of the annual cost of homeownership that is subsidized under
alternative tax regimes. Means are calculated over all households for the period 2018-2019 and
include non-homeowners who get no subsidy. The first column (No TCJA) represents a counter-
factual tax regime where the 2017 pre-TCJA tax code stays in place. The second column (TCJA)
shows subsidies under the actual tax code in place during 2018-2019 and the third column (SALT
Cap Elimination) shows another counterfactual tax regime with subsidies that would have been
received in 2018-2019, if all provisions of the TCJA except the SALT Cap were in place. The
cell-specific results are winsorized at the 1st and 99th percentiles.

6 Conclusion

The real economic cost of homeownership is hard to measure due to non-linearity in

the US tax code. We incorporate this non-linearity into a model of optimal tax-filing

behavior and use rich micro-data to build and validate a novel database of user-cost

rates and tax subsidies to homeowners across the US from 2012 to 2019. PUMA-by-

year means of our estimates can be explored using interactive maps or downloaded at

www.housingusercost.org. In addition, our use of recurrent publicly-available data

makes it straightforward to update and extend our results.

It is important to develop accurate measures for user-cost rates because these

rates are a key input to estimating the demand for housing, as well as the demand

for any local public good or amenity that is capitalized into housing prices. Accurate
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measures for user-cost rates are also needed to evaluate the distributional effects of

policies that affect housing markets. We demonstrate this by using our estimates to

show how federal tax subsidies to homeownership disproportionately benefit certain

demographic groups. On the extensive margin, renters are excluded. On the intensive

margin, the subsidies are larger for households that face higher marginal income tax

rates, own more expensive houses, and live in higher property-tax areas. These

distortions are a significant source of variation in the real economic cost of housing

and correlate with voting behavior, income, and race.

We also use our estimates to show that the TCJA reduced the mean subsidy

rate to homeownership by 70% starting in 2018. The largest reductions occurred in

Democrat-voting, affluent areas of coastal states that received the largest subsidies

before the TCJA. Asian and White households also saw larger reductions, on average,

than Black households. Further, we show that the TCJA increased the user cost of

homeownership disproportionately for new homebuyers.

Many of the TCJA’s provisions, including the controversial cap on SALT de-

ductions, are set to expire in 2025. We show that eliminating the SALT cap would

have minimal impacts on the average subsidy to homeownership, with strongly het-

erogeneous effects. The vast majority of the benefits would accrue to homeowners in

Democrat-voting areas and to Asian and White households.

Since we maintain a sharp focus on the TCJA’s controversial tax provisions for

homeownership, our findings do not characterize the distributive welfare implications

of the entire TCJA, or federal housing policy in general. Rather, our analysis serves

to demonstrate how our estimates of heterogeneous user-cost rates and subsidies can

help to provide sharper answers to economic questions. Future studies can employ

our framework to analyze any tax policy that impacts housing costs or subsidies. It

can also inform research on geographic inequality in housing costs and living stan-

dards. Finally, combining our user-cost estimates with housing-demand elasticities

could help to identify how tax and housing polices affect home-purchase decisions

and the long-run accumulation of wealth by income and race (Akbar et al. 2022).
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A Building a Database of User Cost Rates

A.1 Overview

This appendix provides additional details on how we calculate the heterogeneous tax

subsidies to homeownership and the user cost rate (UCR) of housing. Utilizing data

from the American Community Survey (ACS), we construct annual measures for

UCRs and subsidies for 6.4 million households from 2012 through 2019. Our article

focuses on the 2016-2019 period, and we also feature those years in this appendix.

We provide estimates of tax subsidies to homeownership and the user cost rates for

the entire 2012-2019 decade at this paper’s website: www.housingusercost.org.

The sample for which we calculate subsidies and UCRs is described in Section

A.2. We separate the UCR into components that we separately measure, estimate, or

obtain from the literature, at differing levels of heterogeneity and spatial resolution.

As shown in Equation (2), which we replicate here for convenience, the UCR can be

expressed as:

UCRijt = (1− ltvijt)rfijt + ltvijt · rmit + ωijt + δjt + ϵj − γjt − sijt

In the equation, ltv is the loan to value ratio, rf is the risk-free after-tax rate

of return on capital; rm is the mortgage interest rate; ω is the property tax rate, δ

is the rate of depreciation, ϵ is the owner’s risk premium, γ is the expected capital

gains. The last term, s, is the subsidy comprised of property taxes and mortgage

interest paid that a homeowner who itemizes their deductions obtains, expressed as

a fraction of their house value.

Since the subsidy, sijt, and the risk-free after-tax rate of return, rfijt, both

depend on each household’s unique tax situation (income level and sources, family

structure, geographic location, etc.) they are jointly estimated in the TAXSIM-based

procedure described in Section A.3 below. Estimates of household-specific loan to

value ratios, ltvijt, are obtained in an intermediary step in this procedure, but also

enter directly into the user-cost formula.

The remaining inputs of the formula are estimated separately (rmit, ωijt, γjt,

δjt and ϵj) as described in Section 2 of the main text. Section A.4 provides addi-

tional details on the estimation of property tax rates, ωijt and Section A.5 provides

additional details on the estimation of expected capital gains, γjt.
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A.2 Sample Construction

The sample for which we calculate subsidies and UCRs is comprised of nearly all

home-owning households in the 2012 through 2019 annual 1% ACS data. Although

we calculate UCR measures for 2012-2019, we focus our analysis on the 2016-2019

period, which covers the last two years prior to the TCJA and the first two years

afterward. The construction of this sample is described here.

Though our focus is on homeowners, we calculate tax-filing behavior for renters

as well which allows us to validate our model against data provided by the Internal

Revenue Service (IRS). We therefore start with all 5.6 million households in the four

years of ACS data. Our first sample cut is to exclude the 126 households that report

having more than 10 children under the age of 19. This is done to avoid exceeding

the maximum number of dependents that TAXSIM can handle when performing tax

calculations.

We also drop 2,279 households (2,152 of which are homeowning) that have es-

timated adjusted gross incomes (AGIs) greater than $1 million.1 These households

account for 0.32% of income tax returns in our sample period, and 0.04% of house-

holds in our sample. We choose to exclude this small group of very high-earning

households from our analysis since the ACS does not capture information from this

group very well as evidenced by their under-representation in the sample. Further-

more, both income variables and home values are likely to be top-coded for this

group, and they are likely to face more complicated tax situations that are not cap-

tured in survey responses. For these reasons, we choose to omit this group from

our analysis, even though our main results are essentially unchanged when they are

included. With these two data cuts, we have constructed our validation sample that

we use for comparisons with IRS data.

Next, we construct our estimation sample by restricting attention to the subset

of 3.5 million households that report owning their residence. Of these, we exclude

220 thousand households that report living in either a mobile home or trailer, in

a boat, tent, or van, or for which this information is missing. Additionally, we

exclude 20 thousand home-owning households for which self-reported home value

is less than $10,000 and an additional 20 thousand for which self-reported home

value is more than 6 standard deviations larger or smaller than the median self-

1Since the IRS reports statistics by AGI but it is (unadjusted) gross income that is reported in
the ACS, we make our sample cuts based on AGI by first using TAXSIM to estimate AGI for the
whole sample, and then making cuts.
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Table A.1: Validation and Estimation Sample Construction

#HHs Change

Validation Sample

all HHs in the ACS, 2016-2019 5,613,645 –
exclude HHs with 11+ children under 19 5,613,519 -126
exclude HHs with adjusted gross income > $1m 5,611,240 -2,279

Estimation Sample

all owner-occupiers in Validation Sample 3,525,584 -2,085,656
exclude non-traditional properties 3,302,990 -222,594
exclude homes with value < $10k 3,283,645 -19,345
exclude homes with value > 6 st.dev. of PUMA median 3,264,886 -18,759
exclude HHs with missing tenure for active mortgage 3,264,882 -4

Note: Non-traditional properties are mobile homes, trailers, boats, tents, vans, other, or
missing.

reported home value in their specific PUMA. Finally, we drop 4 households with an

active mortgage who have missing information about the length of their tenure in

the home. Note, however, that all of the homeowners that are excluded from the

estimation sample are still included in the validation sample. Table A.1 summarizes

the sample construction.

A.3 Estimating Subsidies, After-Tax Rates of Return, Loan

to Value Ratios

To estimate the housing subsidy that a homeowner receives, we compare their actual

total tax liability (federal and state) to their counterfactual total tax liability if the

household did not own their home. Similarly, comparing the total tax liability of

a household in different states of the world allows us to calculate after-tax rates of

return. Finally, the process of estimating a household’s tax liability involves imputing

the amount of mortgage interest they paid during the year. That imputation also

yields an estimate of the household’s loan to value ratio, which is needed both to

calculate subsidies and because it enters into the user cost rate formula directly.

This remainder of this section proceeds as follows. First, we define housing

subsidies and after-tax rates of return in terms of differences in total tax liabilities.
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Thereafter, we describe how we use TAXSIM to estimate total tax liabilities.

A.3.1 Defining Subsidies and After-Tax Rates of Return

Our subsidy measure is calculated as the difference in tax liabilities for a house-

hold when deducting and not deducting mortgage interest payments and property

taxes paid. Calculating counterfactual tax liabilities requires precise definitions and

assumptions. For example, to calculate the counterfactual tax liability for a home-

owning household, we need to make assumptions about what would happen to the

equity they have invested in their home. We also need to consider the rate of re-

turn on that investment, and whether the investment income would be subject to

taxation. We formalize these assumptions below.

Consider a homeowning household’s total tax liability (ttl) in four scenarios:2

ttl0 Actual tax liability.

ttl1 Counterfactual tax liability where the household no longer deducts mortgage

interest payments and property taxes paid.

ttl2 Counterfactual tax liability where the household no longer deducts mortgage

interest payments and property taxes paid with increased income from return

on invested housing equity.

ttl3 Counterfactual tax liability where the household no longer deducts mortgage

interest payments and property taxes paid with increased income from return

on invested housing equity and annual housing capital gains.

We use these total tax liabilities to calculate the following terms:

s = (ttl1 − ttl0)/P ,

σ1 = (ttl2 − ttl1)/P

σ2 = (ttl3 − ttl2)/P

Since tax liability increases with income while ttl0 is fixed, σ1 and σ2 increase with

the rate of return on investment in a non-housing asset, but s does not.

The user cost rate of housing can then be written as:

ucr = ucr0 − σ1 − σ2 − s,

2We define total tax liability as the sum of federal and state income tax liabilities.
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where ucr0 = (1− ltv)ptrf + ltv × rm+ ω + δ + ϵ− γcgt, and component subscripts

are omitted to simplify exposition. Following the main text, rm, ω, δ, γcgt, and

ptrf are the mortgage rate, property tax rate, depreciation rate, expected after-tax

capital gains that would prevail if housing capital gains were taxed similarly to other

long-run capital gains, and the pre-tax risk-free rate.

The after-tax risk-free rate is obtained by adjusting the pre-tax rate, ptrf(1−
ltv), by σ1, such that the after-tax rate is defined as:

rf = ptrf − σ1

(1−ltv)

Analogously, σ2 is defined by the difference between the hypothetical housing

capital gains rate that would prevail if housing gains were taxed at the same rate as

other capital gains, γcgt, and the actual housing capital gain rate, γ

γcgt = γ − σ2

In our primary subsidy definition, s describes the subsidy rate that enters into

the UCR formula and, in dollar terms, the amount of subsidy a household receives

for being a homeowner is worth sP . However, we define the housing subsidy as the

percentage of the annual cost of homeownership that is subsidized. This statistic is

given by:

Percentage of Costs Subsidized = s/(ucr + s) = s/(ucr0 − σ1 − σ2),

where the denominator describes the annual cost of owning the house in the absence

of the subsidy and the numerator is the subsidy rate. The advantage of describ-

ing subsidies using this statistic is that it captures the ongoing subsidization as a

percentage of the flow cost.

A.3.2 Taxing Implicit Rents and Alternative Subsidy Definitions

Our primary subsidy definition above simply reflects the difference in tax liability

for a homeowning household when deducting and not deducting mortgage interest

payments and property taxes paid. This definition does not compare the current tax

system to a hypothetical tax system where imputed rent is taxed. As discussed in the

text, this alternative subsidy definition would, under certain equilibrium conditions,

be equivalent to additionally counting σ1 + σ2 as a subsidy:
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Table A.2: Subsidy for the Mean Homeowner under Alternative Specifications

sP (s+ σ1 + σ2)P
s

ucr+s
s+σ1+σ2

ucr+s+σ1+σ2

2016 $1, 156 $2, 780 6.6% 14.9%
2017 $1, 167 $2, 823 6.8% 15.3%
2018 $383 $2, 057 2.1% 11.2%
2019 $377 $2, 088 2.1% 11.5%

Alternative Percentage of Costs Subsidized

= (s+ σ1 + σ2)/(ucr + s+ σ1 + σ2) = (s+ σ1 + σ2)/ucr0,

and, in dollar terms, the subsidy would be worth (s+ σ1 + σ2)P .

This alternative definition will, by construction, always yield larger estimates

of the tax subsidy to housing. Since the TCJA mainly affected s, the relative change

in subsidies due to the TCJA will be smaller under this definition.3 Table A.2

quantifies the subsidies for the mean homeowner by year under the two definitions.

Finally, we note that our estimates of user cost rates do not depend on the choice of

subsidy definition. In either case, ucr = ucr0−σ1−σ2− s, and the choice of subsidy

definition is simply a labeling decision that determines whether σ1+σ2 is considered

part of the subsidy.

A.3.3 Using TAXSIM to Estimate Tax Liabilities and Filing Behavior

Regardless of which definition we use, we need to be able to estimate total tax liabil-

ities under any candidate tax scenario, for any household in the ACS. For validation

purposes, and to explore mechanisms through which tax policies affect subsidies, we

are also interested in estimating whether or not a household itemizes their taxes or

takes the standard deduction.

To do so, we use a novel version of NBER’s TAXSIM software. This version is

identical to the publicly available TAXSIM version 35, except for a modification that

allows us to impose counterfactual tax policies such as a change in, or elimination

of, the SALT cap.

To use TAXSIM to estimate the tax liability and filing behavior of a house-

3The σ1 + σ2 term is only affected through changes in income tax rates and brackets.
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hold we need information about the household’s income, age, number of dependents,

marital status and deductible expenses. The ACS provides reasonably detailed infor-

mation about all but the last component. Deductible expenses require some impu-

tations and can, for our purposes be broadly divided into four categories: property

taxes paid, mortgage interest paid, charitable giving and eligible medical expenses.

Together with state and local income taxes (for which TAXSIM automatically calcu-

lates eligible deductions), these four categories account for most itemized deductions.

Below we describe how we construct these inputs and run TAXSIM.

Income, Age, Dependents and Marital Status

These inputs are directly observable in the ACS. However, the variables that TAXSIM

uses and the variables available in the IPUMS ACS are often coded differently. We

re-code the ACS variables to make them TAXSIM-compatible. For each person in

every household, the ACS contains the following income variables:

• INCWAGE (Wage and salary income)

• INCBUS00 (Business and farm income)

• INCINVST (Interest, dividend, and rental income)

• INCSS (Social Security income)

• INCRETIR (Retirement income)

• INCWELFR (Welfare or public assistance income)

• INCSUPP (Supplementary Security Income)

• INCOTHER (Other income)

• INCEARN=INCWAGE+INCBUS00 (Total personal earned income)

• INCTOT (Total personal income), the sum of all income variables above.

We then allocate these income variables for each person in the household to the

income categories in TAXSIM as follows:

• pwages (wage income of primary taxpayer): we allocate the sum of INCEARN

for the household head and the sum of INCOTHER for the entire household.

8



• swages (wage income of spouse): will be zero if the household head is not

married, otherwise the spouse’s INCEARN is allocated.

• ltcg (long term capital gains): we allocate the sum of household INCINVST.

Note that since ACS does not specify the source of investment income, it is

not clear how to allocate this variable in TAXSIM as it could just as well be

allocated to interest received or dividends for example. However, TAXSIM

does not accept negative values for dividends or interest received, but does for

capital gains. Since INCINVST is negative for some households, we allocate it

as long-term capital gains. In practice this makes little difference and results

are quantitatively similar under alternate allocations.

• pensions (taxable pensions and IRA distributions): we allocate the sum of

household INCRETIR.

• gssi (gross social security benefits): we allocate the sum of household INCSS

and INCSUPP.

• transfers (other non-taxable transfer income): we allocate the sum of household

INCWELFR.

In addition to income, several features of the tax code depend on the taxpayer’s

age. We use the ACS head of household’s age and, if applicable, their spouse’s. The

number of and age of dependents also determine things such as personal exemp-

tion calculations and eligibility for child tax credits. Since ACS does not include

information about eligible childcare expenses, we do not include these when running

TAXSIM. For all other categories of dependents, we simply count the number of

people in each household who fall into each age group.

Finally, a household’s filing status is determined by their marital status. This

can be either single (or head of household) for unmarried taxpayers, joint (mar-

ried), or separate (married). TAXSIM’s user instructions note that filing as married-

separate is not usually desirable under US tax law. We therefore assume that head-

of-households who are separated (or coded as married with spouse absent) in the

ACS are filing jointly. This assumption affects only a small number of households

and does not substantially change our estimates of mean subsidies or user cost rates.

We thus assume all households in the ACS that are married (with spouse present

or absent) or separated but not divorced, choose the tax filing status “Married, fil-
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ing jointly.” All other households are coded as filing as “Single or head of household.”

Property Taxes Paid

Property taxes paid are reported in ranges in the ACS. We calculate the midpoints

of these ranges and assign the appropriate midpoint value to each household. The

top range, however, is open-ended so we need to impute payments for households

who report paying $10, 000 or more in property taxes.

For this group, we impute their property taxes paid as follows. First, we

calculate the effective property tax rate for each PUMA as described in the main

text while excluding any households in the top property tax range. We do this by

dividing total taxes paid by total reported property values in the PUMA. Second, we

apply this PUMA-specific imputed tax rate to the home value of each household in

the top property tax range to obtain these households’ annual tax payments. If this

imputed payment is larger than $10, 000, we use the imputed payment, otherwise we

assign the household as paying $10, 000 in property taxes annually.

Under this method, 50% of households in this top group get assigned $10, 000

in property tax payments. However, since this group is a small share of homeowners,

using imputed payments directly (instead of max{$10, 000, imputed payment}) does
not substantially change our estimates of mean subsidies or UCRs.4

Mortgage Interest Paid (and Loan to Value Ratios)

Mortgage payments are reported in the ACS as monthly dollar amounts for first and

(potential) second mortgages. These are top-coded at the 99.5th percentile in the

state where the household resides. Higher amounts are expressed as the state means

of values above the listed top-code value for that specific year.

Respondents are also asked whether these monthly payments include property

taxes and insurance, both of which are also reported in the ACS. This enables us

to calculate net annual mortgage payments for each household by first subtracting

property taxes paid (if property taxes are included in payments) from the gross

annual mortgage payments. Then, if insurance is included, we subtract the insurance

payments (which are reported in dollar amounts).

However, if a household says property taxes are included in their mortgage pay-

4In principle, one could apply a similar imputation to all households, which would effectively be
a shrinkage estimator, where all property payments are shrunk towards the PUMA-specific mean
rate.
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ments but claim property taxes paid exceed 100% of the reported annual mortgage

payments, we assume they have misreported and that in fact property tax payments

were not included in the mortgage payments. We also do the same thing for the in-

surance payments. Only a small fraction of households are considered misreporting

under this procedure.

This results in net annual mortgage payments for all homeowning households

in the sample. However, it is only the share of annual mortgage payments that are

interest payments that is deductible. This share will depend on the interest rate

of the mortgage and where in the repayment schedule the household is, i.e., the

term of the loan and time elapsed since origination. For mortgage rates, we assume

a homogenous mortgage rate across households set equal to the 10-year average

of 30-year fixed rate mortgages in the US. Results are not sensitive to the choice

of mortgage rate used when calculating mortgage-interest paid and loan to value

ratios.5

With interest rates and each household’s annual (net of taxes and insurance)

payments in hand, we can calculate an amortization schedule as long as we know

either the initial loan amount, or the total number of monthly payments required

(i.e., the mortgage term). Since knowing the initial loan amount requires making

assumptions about house-specific appreciation rates and households’ initial down

payments, we will instead make an assumption about the total number of payments.

Once we have this amortization schedule and information about when a household

moved into their home, we can calculate the fraction of mortgage payments that go

toward interest.

For each household, the ACS reports when they moved into the housing unit

they are interviewed in. Like property taxes, this variable is binned into ranges and

we assign each household the midpoint of the range. Households in the top bin –

those that report moving in 30 or more years ago – are assumed to have moved in

35 years ago.

While this choice is arbitrary, the resulting imputations are not particularly

sensitive to this choice. First, only 9.4% of households with a mortgage are in this

group. Second, and more importantly, these households are likely to be near the

5For example, replacing the mortgage rate used when calculating mortgage-interest paid and
loan to value ratios with the 2009-2019 range of 30-year mortgage rates referenced in Section 2.2
yields UCR that are 98%-104% of the baseline estimated UCR. In contrast, the UCR is naturally
sensitive to, rm, the choice of mortgage rate used in the direct calculation of UCR, as can be seen
in Equation (2).
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end of their mortgage terms, which means the fraction of payments that go toward

interest will be small. In the extreme case that everyone got a 30-year mortgage and

made on-time payments with no refinancing, this entire group should have already

paid off their mortgages. This case, however, is rejected in the data given that

30% of homeowners who moved in more than 30 years ago report making mortgage

payments.

For this reason, and to account for households’ option to refinance, we do not

assume that all households get 30-year mortgages. Instead, we choose the length of

the mortgage so that the average number of years remaining for repayments in our

2016-2017 sample matches the comparable number reported in Keys et al. (2016).6

In their CoreLogic sample that covers 85% of mortgages active in 2010, the average

loan has 23.4 years remaining. In our ACS sample, under the assumption that each

household with a mortgage got their loan when they moved in, the average number

of years remaining depends on both the mortgage term, as well as how long we

assume households in the “30+ years”-group on average have been in their home.

Under our assumption that this group of households has stayed in their home for 35

years, we need to assume that all households get a mortgage that is 32.5 years long

in order to match the average years remaining. We note that because the group of

households with a tenure longer than 30 years is a small fraction of our total sample

of households with a mortgage, and because a small fraction of this group’s mortgage

payments go toward interest, the necessary mortgage length to match the average

years remaining is not sensitive to how long we assume this group has been in their

homes. For example, assuming they all had been in their house for 30, 40 or even

50 years instead of 35, at most changes the implied mortgage length by a couple of

months.

With interest rates, net monthly payments, and the total number of payments

required, we can then calculate an amortization schedule for each household. With

information about their tenure, we can then see where in this schedule they are, and

thus what share of their payments go toward interest and principal, respectively.

We then use these shares to calculate their annual (deductible) interest paid. This

amortization schedule also predicts the current loan value, which together with self-

reported property values are used to calculate each household’s loan to value ratio

which then enters the user-cost formula directly.

6We use only the 2016 and 2017 ACS samples for this matching to avoid any potential influence
of the TCJA.
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Charitable Giving and Medical Expenses

Since the ACS does not contain information about deductible charitable giving or

medical expenses, we use information from the 2017 and 2019 waves of the PSID

which ask households about their tax-deductible giving to charities and about their

medical expenses.

We use quintile limits from the Census Bureau (based on CPS ASEC data) to

group the PSID households into quintiles of the national income distribution. For

each household, we then sum their total (eligible) giving to charitable organizations.

For medical expenditures, households can deduct only those medical expenses that

exceed 7.5% of their adjusted gross income. We therefore compare each household in

the PSID’s reported medical expenses to their household income. If expenses exceed

7.5%, we include them in that household’s deductible expenses. We then calculate

mean deductible expenses for each income quintile.

Finally, we group the households in our main ACS sample into quintiles of

their year-specific income distributions and assign each household the quintile-specific

mean deductible expenses calculated from the PSID.7

A.4 Estimating Property Tax Rates

The simplest approach to calculating property tax rates at the PUMA-year level is

to calculate a single PUMA-year rate by taking the ratio of total property taxes

paid in a PUMA-year to total property values in a PUMA-year. We extend this

approach by allowing households to face different tax rates based on race and tenure

within a PUMA-year. To do this, we estimate mean property taxes paid and mean

property values for each race-tenure-PUMA-year combination as race-tenure-PUMA-

year-specific fitted values from the following two regression equations:

τijt = βτ
p(i)t + βτ

s(i)ttenureit + βτ
r(i)t + ντ

ijt

vijt = βv
p(i)t + βv

s(i)ttenureit + βv
r(i)t + νv

ijt

where τijt is the property tax paid for household/house i in geography j in time t,

βτ
p(i)t denotes the PUMA-specific intercept, βτ

s(i)t denotes the state-specific effect of

7Unfortunately, it is not possible to use the PSID to get the geography-specific mean deductible
expenses.
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tenure on property taxes paid, and βτ
r(i)t denotes the effect of race on property taxes

paid. Analogous definitions hold for the regression equation with house value, vijt,

as the dependent variable. As we allow the effect of tenure to vary by state, we

implicitly capture state specific property-tax systems that vary with tenure.

Finally, we note that this approach nests the prior literature’s simpler approach

of taking the ratio of total property tax paid to total property value in a given

geography (Emrath 2002, Cabral and Hoxby 2012). To see this, note that dropping

tenure and race from the above regressions will result in βτ
p(i)t and βv

p(i)t capturing

mean property tax paid and mean property value in each PUMA. As such, the ratio of

fitted values from the regression that omits tenure and race is numerically equivalent

to the ratio of total property tax paid to total property value in a given geography.

A.5 Estimating Expected Capital Gains

To obtain expected capital gains for each PUMA, we begin by separately estimating

hedonic price indices for 235 distinct markets (186 MSAs and the non-MSA areas of

all states except Rhode Island) over the 1990-2019 period. To do this, we use Census

and ACS data. For 1990 and 2000, we use the decennial Census 5% state samples.

After 2000, the annual ACS 1% samples are available from 2005 onward. For each

market, j, we estimate the following model:

log(yit) = βt +Xitα + uit

where t ∈ {1990, 2000, 2005, 2006, . . . , 2019} and yit is the self-reported home price

of household i in year t and Xit is a vector of dwelling characteristics. The Xit vector

includes indicators for access to kitchen and plumbing facilities, indicators for the

number of rooms and number of bedrooms, indicators for the age of the structure

and whether the house is a single-family home or contains multiple units, and if so,

how many.

By exponentiating the estimates of βt, we obtain a nominal hedonic-price index.

For the years in which we lack annual data (1991-1999 and 2001-2004), we assume

a constant growth rate, e.g., the price growth in 2003 is given by
(
P2005

P2000

) 1
5 . The

nominal indices are converted to real indices by deflating with the consumer price

index (CPI), excluding shelter. We denote the real price index by prjt. The expected

real capital gains rate, denoted by γr
jt, is then calculated as the average growth rate

of prjt between 1990 and 2019.
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Finally, we calculate the nominal capital gains parameter, γjt, as the sum of the

expected real capital gains rate, γr
jt, and the 10-year inflation expectations obtained

from the Livingston Survey of professional forecasters. This leaves us with 235

market-specific measures which we map back to PUMAs using a crosswalk provided

by IPUMS and the procedure outlined below.

To construct alternative measures of the expected real capital gains rate, γr
jt,

based on regression forecasts, we consider the following model:

E[prjt+1 − prjt] = ρ0j + ρ1j(p
r
jt+1 − prjt)

where ρ1j is the persistence/reversion parameter and ρ0j governs the long-run growth

trend, with ρ0j = (1− ρ1j)lrgj, where lrgj is the long-run growth trend in levels. ρ1j

is taken from the literature, as discussed in Section 4.1.3, and lrgj can be constructed

from the series prjt+1−prjt. This model implies that expected capital gains this period

is simply the long-run growth trend plus ρ1j times how much last period’s growth

exceeded the long run growth trend. The expected real capital gains rate, γr
jt, is then

calculated as E[prjt+1 − prjt]/p
r
jt].

A.6 Metropolitan Area Definitions and PUMAs

All PUMAs that are fully located either within or outside an MSA simply get assigned

their market-specific expected capital gains parameter. For PUMAs where some,

but less than 100%, of the PUMA-population lives within an MSA, we calculate the

PUMA-specific term as a population-share weighted average of the MSA and the

state non-MSA measures.

Metropolitan areas are identified using the geographically constant MET2013

variable in IPUMS from 2000 onward. From 1990 until 2011, metro areas can also

be identified by the METAREA variable. It should be noted that METAREA is

not a geographically constant variable as it is contingent on varying delineations of

metro areas across time and on variations in available geographic information and

in confidentiality restrictions among samples. These varying definitions of metro ar-

eas notwithstanding, we match each METAREA from the 1990 census sample with

a MET2013 variable from the later sample. This matching procedure is described

below.
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Matching METAREA with MET2013

There 295 distinct MET2013 codes in the data, and 334 METAREA codes. We first

join the METAREA codes with the MET2013 codes based on an exact match of

their labels. For example, METAREA code “8” has the label “Akron, OH,” as does

the MET2013 code “10420.” Since the label “Akron, OH” is exactly the same for

both the METAREA and MET2013, these codes are matched in the first step. 127

of the metro areas are matched in this manner.

This leaves 375 unmatched codes: 207 in METAREA and 168 in MET2013. We

manually match these remaining variables by inspecting their labels. For example,

the MET2013 code “12260” has the label “Augusta-Richmond County, GA-SC.” We

match this with the METAREA code “60” which corresponds to “Augusta-Aiken,

GA/SC.”

Some METAREA codes are matched with multiple MET2013 areas. This oc-

curs when more than one MET2013 area corresponds to a METAREA, e.g. the

“Salt Lake City-Ogden, UT” METAREA gets matched with both the “Ogden-

Clearfield, UT” and the “Salt Lake City, UT” MET2013 areas. This also occurs

for the “San Francisco-Oakland-Vallejo, CA” METAREA which gets mapped to

both the “Vallejo-Fairfield, CA” and the “San Francisco-Oakland-Hayward, CA”

MET2013 codes. Since the analysis will be based on MET2013-areas (because these

easily map into PUMAs), this means that for 1990, the houses in “San Francisco-

Oakland-Vallejo” will be used for both the “San Francisco-Oakland-Hayward” and

the “Vallejo-Fairfield” regressions. After 2000, however, these metro areas will be

allowed to diverge.

After this hand-matching procedure, 32 MET2013 and 78 METAREA codes

remain unmatched. Out of the matched areas, we then discard areas which are not

observed in all 16 samples (1990, 2000, 2005-2018). This occurs mostly because a

MET2013 area has been created or discontinued, e.g., in 2011, both “Flint, MI,” and

“Hammond, LA” lost their MET2013-status while “Ithaca, NY” and “Florence, SC”

were created.

State Non-Metro Areas

For each state, we also consider all the areas that are not within an MSA or where

the MSA is not identified as a single market. We therefore estimate capital gains

for each state’s non-MSA market as well. These parameters are then mapped to the

user cost of households in all PUMAs within each state that are not within one of the
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matched MET2013-areas. Reasons a house will be included in the state non-metro

sample are:

• The MET2013 or METAREA codes are 0, indicating “Not identifiable or not

in an MSA”

• The MET2013 and METAREA variables were not matched

• The MET2013 and METAREA variables were matched, but this area is not

identified in all 16 samples

In total, we end up with 186 consistent metro areas and 49 state non-metro areas

(all states except Rhode Island). All homes in the data are thus located in one of

these 235 markets.

B Additional Results

B.1 Validation

Figures B.1 and B.2 contrast the fraction of all tax-filing households that choose to

itemize according to data from the Internal Revenue Service (IRS) with predictions

from our empirical design for the tax-minimizing filing strategies. Specifically, in

Figure B.1, we compare across households in fourteen, equally-spaced, income bins

ranging from adjusted gross income of less than $0 to $500,000-$1,000,000. In Figure

B.2, we compare across households in approximately 2,400 PUMAs. Both Figures

indicate a very strong correlation between predicted and actual itemization rates.

Additionally, intercepts and slopes of the fitted regression lines are close to zero and

one, respectively.
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Figure B.1: Comparing Predicted and Actual Itemization Rates by Income

Note: Each observation represents a particular income-year bin. The regression line is fitted with
equal weights on each bin. Results are very similar when weighting by income-year bin size.

Figure B.2: Comparing Predicted and Actual Itemization Rates by PUMA

Note: Each observation represents a particular PUMA-year. The regression line is fitted with equal
weights on each PUMA-year. Results are very similar when weighting by PUMA-year population
size.
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B.2 Geographic Variation in the Impact of TCJA on UCRs

Figure B.3: Change in User Cost Rates by PUMA

Note: The percentage-point increases are winsorized at the 1st and 99th percentiles.

B.3 Geographic Variation in Baseline Measures

Figure B.4: Loan-to-Value Ratios for Homeowners by PUMA, 2016-2017

Note: The loan-to-value ratios are winsorized at the 1st and 99th percentiles.
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Figure B.5: After-Tax, Risk-Free Rates for Homeowners by PUMA, 2016-2017

Note: The rates are winsorized at the 1st and 99th percentiles.

Figure B.6: Mortgage rates for Homeowners by PUMA, 2016-2017

Note: The rates are winsorized at the 1st and 99th percentiles.
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Figure B.7: Property-Tax Rates for Homeowners by PUMA, 2016-2017

Note: The rates are winsorized at the 1st and 99th percentiles.

Figure B.8: Depreciation Rates for Homeowners by PUMA, 2016-2017

Note: The rates are winsorized at the 1st and 99th percentiles.
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Figure B.9: Risk-Premium Rates for Homeowners by PUMA, 2016-2017

Note: The rates are winsorized at the 1st and 99th percentiles.

Figure B.10: Expected Capital Gains for Homeowners by PUMA, 2016-2017

Note: The expected capital gains are winsorized at the 1st and 99th percentiles. Expected capital
gains are defined by the expected growth rate less expected inflation, as explained in Section A.4.
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Figure B.11: Subsidy Rate for Homeowners by PUMA, 2016-2017

Note: The subsidy rates are winsorized at the 1st and 99th percentiles.

B.4 Alternative Subsidy Definition

Figure B.12: Non-taxation of Implicit Rent Subsidy Rate for Homeowners by PUMA,
2016-2017

Note: The subsidy rates are winsorized at the 1st and 99th percentiles.
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B.5 Correlation with Estimated Rent-Price Ratios

Figure B.13: Comparing Rent-Price Ratios and User-Cost Rates by PUMA

Note: Each observation represents a particular PUMA-year. The regression line is fitted with equal
weights on each PUMA-year. Results are very similar when weighting by PUMA-year population
size.

B.6 User-Cost Rates – Current vs. Prospective Owners

Figure B.14: Distribution of Differences in User-Cost Rates between Current and
Prospective Owners

Note: The differences are winsorized at the 1st and 99th percentiles.
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B.7 Subsidies and User-Cost Rates 2012-2019

Figure B.15: Average Subsidy from 2012 to 2019

Figure B.16: Average User Cost Rate from 2012 to 2019
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B.8 Serial Correlation in Expected Capital Gains

Figure B.17: Mean UCR for Homeowners using 1-year persistence in expected hous-
ing gains by PUMA, 2016-2017

Note: The user-cost rates are winsorized at the 1st and 99th percentiles.

Figure B.18: Mean UCR for Homeowners using 5-year reversion in expected housing
gains by PUMA, 2016-2017

Note: The user-cost rates are winsorized at the 1st and 99th percentiles.
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Table B.1: Mean UCR by expected-capital-gain specification

1-year persistence 5-year reversion historical appreciation

2016 0.84% 4.58% 4.46%
2017 3.01% 4.87% 4.23%
2018 3.79% 5.48% 4.34%
2019 4.06% 5.35% 4.21%

Note: This table shows year-specific mean UCR where the expected capital gains term is constructed
using 1-year persistence, 5-year reversion, and historical appreciation. The cell-specific results are
winsorized at the 1st and 99th percentiles.
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