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Abstract

Attempts to measure the capitalization of local taxes into property prices, starting with
Oates (1969), have suffered from a lack of local public service controls. We revisit this vast
literature with a novel dataset of 947 time-varying local characteristic and public service
controls for all municipalities in Sweden over the 2010-2016 period. To make use of the high
dimensional vector of controls, as well as time and geographic fixed effects, we employ a
novel empirical approach that modifies the recently-introduced debiased machine learning
estimator by coupling it with a deep-wide neural network. We find that existing estimates of
tax capitalization in the literature, including quasi-experimental work, may understate the
impact of taxes on house prices by as much as 50%. We also exploit the unique features of
our dataset to test core assumptions of the Tiebout hypothesis and to estimate the impact
of public services, education, and crime on house prices.
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1 Introduction

The choice and acquisition of housing is one of the most important financial decisions

people encounter throughout their lives. Beyond providing direct utility, housing

services are associated with a range of local public goods that are provided on a

neighborhood or district level. As such, apart from individual preferences, one can

expect that the price of housing will not only be a function of its physical attributes,

but also the characteristics of surroundings and local services. In his seminal paper,

Tiebout (1956) argued that households, while choosing where to live, “vote with

their feet,” revealing their preferences for a mix of local public goods and taxes.

He sketched out a theory that suggested that this act of preference revelation was

sufficient to solve the free-rider problem for local public goods. Prior to Tiebout

(1956), Musgrave (1939) and Samuelson (1954) had developed a theory of public

goods provision, but did so with respect to aggregate public goods, and found that

no market-type mechanism could determine the efficient level of provision.

Oates (1969) provides the first empirical test of the Tiebout hypothesis (1956)

and linked property values in the community to the local public budgets, focusing on

the effects of property taxation and local expenditure on housing values. He docu-

ments that approximately two thirds of changes in property taxation are capitalized

into property values. Furthermore, Oates (1969) also started a vast empirical and

theoretical literature on the capitalization of local taxes into housing values, which

has focused primarily on property taxes.1 The biggest problem the early literature

encountered was that high quality data on local public services was typically not

available. Most early papers, starting with Oates (1969), which used public school

expenditure per pupil in his regression, had at most two public services as controls

(Pollakowski, 1973; King, 1977; Rosen and Fullerton, 1977; Cebula, 1978; and Brueck-

ner, 1979). Since local public services and local taxes are likely to comove, this sug-

gests that omitting a wide range of public services may lead to a biased estimate

of the tax capitalization effect. This problem has been widely acknowledged in the

1See Pollakowski (1973), Edel and Sclar (1974), Hamilton (1976), Meadows (1976), King (1977),
Rosen and Fullerton (1977), Epple et al. (1978), Cebula (1978), Brueckner (1979), Reinhard (1981),
Goldstein and Pauly (1981), Yinger (1982), Rosen (1982), Mieszkowski and Zodrow (1989), Palmon
and Smith (1998), Bai et al. (2014), and Elinder and Persson (2017).
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literature (Wales and Wiens, 1974; and Palmon and Smith, 1998).

Early empirical work tried to improve on Oates’ original regressions by including

more public services in the regression specification. Reinhard (1981), for instance,

included recreational expenditures per capita, crime rates, and expenditures on streets

and highways, contrasting with much of the literature, which used only one measure of

public expenditures. Still, as Palmon and Smith (1998) note, the literature following

Oates (1969) made only incremental improvements over the years and the omission

of local public service controls remained a problem due to data availability. Palmon

and Smith (1998) overcame the potential bias in the tax capitalization estimates

created by an inadequate measurement of public services (or a lack thereof) and the

comovement between public services and local taxes by focusing on local areas where

public services were essentially fixed, while local taxes varied.

Recent work has increasingly used new data on housing and new econometric

methods to estimate the tax capitalization effect. These methods, such as the bound-

ary discontinuity design introduced by Black (1999), try to overcome the aforemen-

tioned problems in the literature by using a specification that does not require ex-

tensive data on local public services (e.g. Basten et al., 2017). While these recent

approaches improve upon earlier estimates of the tax capitalization effect, they can

not comment on the importance of local public services that lie at the heart of the

Tiebout (1956) hypothesis. Furthermore, they also unable to control for the underly-

ing drivers of the local tax changes, which may include shifts in political preferences

and public finance choices. In contrast to recent empirical work, we contribute to

the literature by assembling an exhaustive dataset on local public services and local

characteristics for Sweden. Given that the property tax is set at the national level in

Sweden, we focus on income taxes instead, which vary at the municipal level.2 We

also modify the recently introduced debiased machine learning estimator by Cher-

2The tax capitalization literature mostly focuses on estimating property tax capitalization, since
most of the work uses U.S. data, where local variation in taxes comes primarily from property
taxes; however, a number of papers also focus on capitalization of local income taxes (Rosen, 1979;
Stull and Stull, 1991; Morger, 2017; Basten et al., 2017). The last two papers focus on Swiss data.
Switzerland grants its municipalities substantial autonomy in determining their finances, and being
one of the most prominent examples of fiscal federalism, it provides for a good testing ground for the
tax capitalization effect. However, as Morger (2017), p. 247, notes “for Switzerland, information on
the quantity and quality of public goods provided at the local level is nonexistent.”
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nozhukov et al. (2017, 2018) to handle a large set of time-varying controls and fixed

effects simultaneously. This allows us to obtain unbiased estimates of tax capitaliza-

tion and also assess the impact of local public services on house prices. Furthermore,

our modification of Chernozhukov et al. (2017, 2018) can be used in many other

settings where the specification calls for a high number of controls and fixed effects.

Our main exercise estimates local income tax capitalization into house prices in the

presence of an exhaustive dataset on local public services and local characteristics. We

first use an OLS specification that includes municipal fixed effects, annual fixed effects,

and the set of time-varying controls that is most commonly used in the literature.

We find that a one standard deviation increase in local income taxes is associated

with a 0.13 standard deviation decrease in property prices. We then apply a modified

version of the double machine learning (DML) estimator by Chernozhukov et al.

(2017, 2018) to take into account our granular public service and local characteristic

data. The original algorithm enables the estimation of a parameter of interest in

the presence of a high-dimensional nuisance parameter. In our case, we attempt to

measure the capitalization of local income taxes in the presence of a high-dimensional

vector of local public services and local characteristics, which may have a nonlinear

relationship with house price prices. We adapt this algorithm by combining it with

the deep-wide neural network architecture introduced by Cheng et al. (2016) that

allows for the joint estimation of a “wide” linear model and a “deep” neural network.

This allows us to account for public service and local characteristic variables (the

deep, nonlinear part of the network) and both time and geographic fixed effects (the

wide or linear part of the network). Using the deep-wide version of DML algorithm

(DML-DW), we find that a one standard deviation increase in local income taxes

decreases property prices by 0.26 standard deviations. As such, proper accounting

for public services more than doubles our estimate of the tax capitalization effect

by reducing the downward bias “plaguing even the most recent literature” (Palmon

and Smith, 1998, p. 1108). Beyond quantifying the size of the bias, we are also

able to demonstrate that it appears to arise primarily from the omission of housing

variables (including supply), public finance measures, and public service outputs.

This has problematic implications for estimates in the literature, including otherwise

well-identified quasi-experimental work, since the tax changes themselves are likely
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to depend on such variables.

Apart from our methodological contribution, we show how this new econometric

approach can be used to test different aspects of the Tiebout (1956) model. Given the

Tiebout (1956) theory’s prediction that voting with one’s feet depends on households

being highly mobile and having low moving costs, our tax capitalization results should

be stronger in densely populated counties with many municipalities, where households

can move at a low cost and without changing jobs. Our results confirm this claim: In

urban areas, a one standard deviation increase in the municipal income tax reduces

property prices by 1.04 standard deviations. In rural areas, where people’s choice of

municipalities is limited, the tax capitalization result is almost non-existent: A one

standard deviation increase in income taxes decreases property prices by merely 0.01

standard deviations. Following Cebula (1978) and Banzhaf and Walsh (2008), we also

test whether people indeed move in response to higher income taxes and we document

that a one standard increase in income taxes has a small, but negative impact of net

migration. Again, this effect is almost twice as large for high density counties with

many municipalities.

Lastly, our rich dataset and new econometric approach can be jointly used to

test for the capitalization of different public services into property prices and for

examining differential impacts of public service inputs and outputs on house prices.

A large literature (Haurin and Brasington, 1996; Black, 1999; Downes and Zabel,

2002; Barrow and Rouse, 2004; Cheshire and Sheppard, 2004; Bayer, Ferreira, and

McMillan, 2007; Ries and Somerville, 2010) studies the impact of schooling on house

prices. We show that once public services are controlled for properly, schooling inputs

(expenditure) have a negative impact on house prices and outputs (test scores and

other quality measures) typically have a positive impact. The literature generally

finds a positive association between schooling expenditures and house prices; however,

this is likely because schooling outputs, such as grades, are correlated with schooling

inputs. Using DML-DW and controlling exhaustively for public services, including

schooling outputs, we find a negative association between spending per pupil and

house prices, which suggests that the positive association documented in the literature

is likely to be driven by its relationship with outputs. This supports the sub-literature

that emphasizes the use of public service outputs, rather than inputs (Rosen and
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Fullerton, 1977; Hanushek, 1986; and Hanushek, 1996).3

A closely related literature looks at the effect of crime rates on property prices or

expenditures, documenting a negative relation between the two (Thaler, 1978; Rein-

hard, 1981; Blomquist et al., 1988; Haurin and Brasington, 1996; Gibbons, 2004;

Linden and Rockoff, 2008). In line with the literature, we also find a negative rela-

tionship between crime and house prices; however, we find that the magnitude of the

effect falls by more than 50% when we include exhaustive time-varying local controls.

We also find that the effect is larger in urban areas.

The paper proceeds as follows. We describe the data used in Section 2. We

proceed with the estimation strategy in Section 3. Section 4 presents and discusses

the empirical results. Finally, we conclude in Section 5.

2 Data

In our analysis, we combine three main data sources: data on local house prices, an-

nouncements of changes in local income taxes, and a database of public good provision

and municipal characteristics. The housing data is scraped from an exhaustive online

source of housing transactions.4 Yearly announcements in local income taxes are pro-

vided by Statistics Sweden. The public good provision and municipal characteristics

data is scraped from an online aggregator of local and regional statistics.5 The data

spans the 2010-2016 period and includes 947 potential covariates. Figure 1 shows the

number of categories of series that are available by type. A finer disaggregation of

the series types is given in the Appendix in Section A.2. Note that we have stan-

dard controls, including local economic, housing, and labor market conditions. We

also have less commonly used controls, such as local public services, demographics,

schooling, politics, infrastructure, and migration.

We conduct our analysis at the municipality level. Sweden is divided into 21

3Note that Tiebout (1956) writes about local public expenditures. However, Oates (1969) already
admits that having a measure of public service outputs would be ideal for testing the Tiebout
hypothesis. He chooses to work with a measurement of expenditure per pupil due to data availability,
but considers it an imperfect variable for the purpose of the test.

4The microdata is collected from booli.se, which aggregates housing transactions.
5We scraped the control variables from kolada.se, which is an online aggregator of local and

regional statistics for Sweden.
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counties and 290 municipalities, which have discretion over the determination of lo-

cal income taxes. The density of municipalities is highest in the south of Sweden

and around the largest cities. For example, Stockholm County is divided into 27

municipalities with different local tax values. As of 2018, it is estimated that the

incomes of 64% of people working in Sweden were only taxed at the municipal level

(Lidefelt, 2017). In past years, this percentage has exceeded 70%, indicating that

the level of income taxes is the most important determinant of the after-tax income

of the majority of individuals.6 Municipality boundaries sometimes run through the

middle of the street, so that it suffices to move from one side of the street to the other

in order to face a much lower tax burden.7 Figure 2 shows municipal tax levels for

2010 and 2016, with darker shades indicating higher income tax rates. Notice that

southern Sweden is much more densely populated than its northern part, so we might

expect tax capitalization to have a stronger effect there. We specifically test for this

in Section 4.1.

The distribution of taxes across municipalities is shown in Figure 3. Each plot

displays the kernel density for a given year. While our set of controls is restricted

to the years 2010-2016, tax data is available between 2001 and 2018. We show one

plot for every two years, starting in 2010 and ending in 2016. Over this period, the

distribution shifted to the right, but only slightly, suggesting that taxes tended to

increase on average.

A rightward shift in the tax distribution does not imply that all municipalities

tended to see an increase in taxes. In Figure 4, we can see the distribution of all

municipal tax changes within a given year. We have both tax increases and decreases

in all years. There are also differences in how numerous tax changes are across years.

For instance, 2010 witnessed relatively few tax changes in comparison to 2012.

6Above a certain income threshold – apart from the income tax levied on the municipality level
– individuals are also expected to pay a federal tax on marginal earnings.

7It is important to stress that, in Sweden, property taxes are set on a national level. A study
testing the implications of a change in property taxes found that the effect of a decrease in property
tax has approximately no effect for most properties (Elinder and Persson, 2017).
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Figure 1: Frequency of municipal-level control variables by type
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Notes: Our dataset contains 947 municipal-level control variables. This spans categories from
demographics and migration to public service inputs and outputs. We assembled the dataset using
webscraping and then manually classified the variables into categories using variable titles and
descriptions.

3 Estimation Strategy

In this section, we describe our empirical strategy for measuring tax and public service

capitalization into house prices. We start by describing the tax capitalization estima-

tion problem and how existing work in the literature has dealt with it. After that,

we discuss the estimation technique we use, including our refinement of the original

method, which may be useful for empirical work in settings where the econometrician

has a high number of time-varying covariates and fixed effects.
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Figure 2: Geographical distribution of municipal taxes in Sweden

(a) Municipal Tax Level: 2010 (b) Municipal Tax Level: 2016

Notes: The subfigures above show tax rates in the 290 Swedish municipalities. A darker shade

indicates a higher rate. Note that subfigure (a) shows the tax rates in 2010 and subfigure (b) shows

the tax rates in 2016. Large and geographically isolated municipalities often have higher rates.

3.1 The Estimation Problem

Much of the empirical literature on tax capitalization, including Oates (1969), uses no

more than two public services as controls (e.g. Pollakowski, 1973; King, 1977; Rosen

and Fullerton, 1977; Cebula, 1978; Brueckner, 1979). Since higher taxes are likely to

be associated with higher public service provision, omitting them from the regression

specification will lead to biased estimates of tax capitalization. Furthermore, if local

taxes tend to capitalize negatively into house prices and local public service provision
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Figure 3: The municipal tax distribution for selected years
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Notes: The figure above shows kernel density plots of the tax distributions for selected years: 2010,
2012, 2014, and 2016. While the plots display tax rates for every second year, we use annual
tax rates in the regression analysis. Note that most rates are concentrated between 15% and 25%.
Additionally, between 2010 and 2016, we observe a slight rightward shift in the distribution of taxes.

tends to capitalize positively, the direction of the bias will be positive. If the true

effect of tax capitalization is negative, then the positive bias will reduce the estimated

magnitude.

The empirical literature has also suffered from limitations in time and geographic

variation. Most work has examined a small number of municipalities in a particular

region and year. Consequently, such estimates of tax capitalization were identified

purely off of cross-sectional variation. Given the lack of geographic fixed effects, these

estimates were likely to have confounded tax capitalization with permanent features

of geographic locations. The unchanging components of housing supply elasticity,

such as natural barriers to construction (e.g. Saiz, 2010), can be captured through
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Figure 4: The municipal tax change distribution for selected years
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Notes: The figure above shows the distribution of municipal-level tax changes in selected years. The
tax rate change for 2010, for instance, is computed as the rate that applied in 2010, less the 2009
rate. Note that there are substantial differences across years in the share of municipalities with tax
rate changes.

the use of fixed effects. If taxes tend to be higher in areas with low supply elasticities,

such as coastal cities, then we might expect the omission of geographic fixed effects

to create a positive bias in tax capitalization measurements. Overall, however, the

impact of the omission of geographic fixed effects is directionally ambiguous.

In addition to the inclusion of public service controls and adequate time and geo-

graphic variation, much of the empirical literature also lacks local characteristic con-

trols. Demographics, migration, labor markets, political preferences, housing supply,

and economic conditions all comove cross-sectionally and over time with both taxes

and house prices. Even in a specification with sufficient time variation to include

geographic fixed effects, biases will still emerge from failing to properly control for
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movements in local characteristics. As with the omission of geographic fixed effects,

the direction of this bias is unclear ex-ante.

As Palmon and Smith (1998) point out, such biases contaminated estimates in the

empirical tax capitalization literature up until the late 1990s. More recent work has

dealt with these biases by making use of better data and newer econometric methods.

Notably, Basten et al. (2017) and Morger (2017) make use of microdata on apartment

rentals in Switzerland with substantial time and geographic variation. Basten et al.

(2017) sets up a regression discontinuity design, exploiting the fact that income taxes

depend discretely on residency, but public service access depends continuously on

the distance from the service provided. Morger (2017) uses a hedonic regression and

exploits time and geographic variation to control for unobserved public services. In

both cases, the authors use high quality rental data, coupled with substantial time

and geographic variation, to obtain unbiased estimates of tax capitalization without

including data on local public service provision, which is unavailable in Switzerland.

Earlier work in the literature, including Black (1999), made use of a border disconti-

nuity design, but for the purpose of estimating the impact of public services on house

prices. We contribute to the literature by introducing a new dataset that contains

an exhaustive set of local public services and local characteristics. We also propose

an alternative way to estimate the tax capitalization effect that does not rely on the

assumption that local public services are fixed. This approach can also be used for a

variety of different empirical questions.

3.2 Double Machine Learning

Our empirical strategy attempts to overcome the problems identified by the literature

and, in doing so, makes two contributions. First, we introduce a novel and compre-

hensive dataset on house prices, public services, taxes, and local characteristics for

Sweden. The dataset spans all 290 municipalities and covers the time period between

2010 and 2016. To our knowledge, it contains the most comprehensive set of public

services and local controls of any paper in the tax capitalization literature. Second,

we adopt an empirical strategy that is capable of handling a high number of covari-

ates that may have a nonlinear relationship with the dependent variable. As Athey
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et al. (2017) points out, this is precisely where machine learning (ML) algorithms are

most useful in economics. They allow for a flexible functional form assumption, but

require the researcher to impose discipline through the use of out-of-sample predic-

tion. The standard model training process involves splitting the sample into training

and validation sets, where the validation set is used to detect overfitting.

One problem with using ML for causal inference is that models typically do not

produce consistent parameter estimates (Mullainathan and Speiss, 2017). This is

because ML models are designed for prediction accuracy, rather than inference. In-

dividual parameter estimates are typically not objects of interest. Recently, however,

the econometrics literature has started modifying ML methods for use within eco-

nomics (Varian, 2014; Mullainathan and Speiss, 2017; Athey, 2017; Athey et al.,

2017; Athey and Wager, 2017). Notably, the debiased machine learning (DML) es-

timator, which was recently introduced by Chernozhukov et al. (2017, 2018), allows

for the unbiased estimation of a parameter of interest in the presence of a high di-

mensional and potentially nonlinear nuisance parameter. We will make use of DML

to estimate the tax capitalization effect. Furthermore, we will modify the DML ap-

proach by employing a neural network architecture that was recently introduced in

the machine learning literature by Cheng et al. (2016): the “deep-wide“ network.

The benefit of this modification is that it allows for arbitrary nonlinear interactions

between time-varying controls, such as public services and local characteristics, but

uses a parsimonious specification for fixed effects that prohibits unintended interac-

tions. The same cannot be achieved with standard deep neural network architectures,

random forests, lasso regression, or elastic net regressions.

More formally, we treat the problem of estimating tax capitalization as a partially

linear model, as described by Robinson (1988) and Chernozhukov et al. (2017). We

follow the exposition and notation introduced in Chernozhukov et al. (2017). In

Equation (1), pjt is the square meter price of housing, τjt is the level of municipal taxes,

xjt is a k-dimensional vector of confounders, (x1
jt, ..., x

k
jt), and ujt is the disturbance

term.

pjt = τjtθ0 + g0(xjt) + ujt (1)

The functional form, g0(xjt), allows for the high-dimensional vector of confounders
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to have a direct and potentially nonlinear impact on pjt. We assume that the distur-

bance term is zero in expectation, conditional on xjt and τjt:

E[ujt|xjt, τjt] = 0 (2)

This setup also allows for the possibility that confounders may influence the de-

termination of municipal tax rates:

τjt = m0(xjt) + vjt (3)

We might expect, for example, that demographic variation across municipalities

and time, captured in xjt, will affect both τjt and pjt. We allow for the confounders

to do this through m0(xjt) and g0(xjt) separately. Finally, we assume that the dis-

turbance term is zero in expectation, conditional on the vector of confounders:

E[vjt|xjt] = 0 (4)

If τjt is conditionally exogenous, then θ0 may be interpreted as the unbiased treat-

ment effect. In order to capture all plausible sources of confounding, k must be large;

however, k being large is also problematic, as Chernozhukov et al. (2017) show, be-

cause k is typically assumed to be growing slowly in the sample size. In our case, k

is large, which violates standard assumptions about nuisance parameter complexity.

Chernozhukov et al. (2017) show that estimating the nuisance parameter, η0 =

(g0,m0), with machine learning techniques and then adding it to the estimating equa-

tions directly will lead to a bias in θ0. This arises from the use of regularization

techniques, which allow machine learning methods to use a high number of covariates

without overfitting. Chernozhukov et al. (2017) demonstrate how to correct for this

bias using orthogonalization and sample splitting. We start by splitting the dataset

into two equal parts: I and Ic. We use Ic to estimate m̂0 and ĝ0. We can then

estimate the parameter of interest for a given split:

θ̂0(Ic, I) =

(
1

n̄t̄
Σjt∈I v̂itτjt

)−1
1

n̄t̄
Σjt∈J v̂jt

(
pjt − ĝ0(xjt)

)
(5)

Note that n̄ and t̄ are the number of municipalities and time periods in I. Fur-
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thermore, notice that θ̂0(Ic, I) uses m̂0 and ĝ0 estimated on the auxiliary sample, Ic,

and pjt and xjt from the main sample, I. The final step swaps the main and auxiliary

samples, computes θ̂0(I, Ic), and calculates the mean:

θ̂0 =
1

2
[θ̂0(Ic, I) + θ̂0(I, Ic)] (6)

Following Chernozhukov et al. (2017), we repeat this procedure and then compute

the median parameter value. In the following subsection, we will discuss how we

modify this specification to allow for the use of fixed effects.

3.3 Deep-Wide Network Architecture

Chernozhukov et al. (2017) point out that DML can be performed with a wide variety

of machine learning estimators, including random forests, penalized linear regression,

and neural networks. We make use of a neural network to construct the DML es-

timator in this paper, but we use an atypical network architecture that is ideally

suited to our problem and a large class of estimation problems in economics. We

do this by importing the “deep-wide” network that was recently introduced in the

machine learning literature by Cheng et al. (2016). Its architecture consists of two

subnetworks: 1) a deep neural network; and 2) a “wide” or linear subnetwork. Figure

5 depicts the network’s architecture. The deep subnetwork is shown on the left and

the wide subnetwork is shown on the right.

In our implementation, the high dimensional vector of municipal characteristics

and public services are used as inputs to the deep subnetwork, allowing for arbitrary

nonlinear interactions between the control variables. This would not be possible in

a penalized linear regression model, such as a lasso, which does not permit nonlin-

earities. Furthermore, while other machine learning methods, such as random forests

and standard neural network architectures do allow for nonlinearities, they also al-

low for unintended interactions between fixed effects. In a deep-wide network, the

fixed effects are handled as inputs to the linear subnetwork, allowing for an efficient

parameterization and also preventing unintended interactions. Finally, our choice of

architecture also allows for joint estimation of the deep and wide subnetworks, which

provides an advantage over using an ensemble of separately-estimated fixed effect and
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Figure 5: Deep-wide neural network architecture

Notes: The figure above shows a deep-wide neural network. The “deep” part of the network is
shown on the left and the “wide” part is shown on the right. Note that the deep component allows
for arbitrary nonlinear interactions between control variables, which are captured by activation
functions that are applied at each node. The wide part of the network efficiently parameterizes the
fixed effects by embedding them in a linear model. The deep and wide components of the model are
then trained jointly using the adaptive moment optimizer.

neural network models.

Beyond our application to tax capitalization, the deep-wide network refinement of

DML could serve as a tool for estimating average treatment effects in any setting with

a high number of covariates and fixed effects. We perform a Monte Carlo simulation

to evaluate its performance relative to OLS and a random forest model. In partic-

ular, we specify data generating processes for both the dependent variable (house

prices) and the variable of interest (municipal taxes) that consist of time fixed effects,

municipal fixed effects, and time-varying controls. The processes are consistent with

the aforementioned partially linear model setup; however, we assume that there is no

nonlinear dependence on controls, which advantages OLS over DML. We then draw

2000 observations for each of 500 simulations. Figure 6 shows kernel density plots of

the coefficient estimate distributions for OLS, a random forest with DML (RF), and a

deep-wide network with DML (DW). For OLS, we exclusively use the set of fixed ef-

fects; however, including a random subset of the covariates yields similar results. For

the RF and DW specifications, we use the full set of fixed effects and covariates. The

OLS model yields a large and positive bias. The RF model, which includes the full

set of covariates, reduces the bias slightly. Finally, the DW model is approximately

unbiased. For the full details of the Monte Carlo simulation, see Section A.3.
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Figure 6: Kernel density plots of coefficient estimates
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Notes: The figure above shows kernel density plots of estimated coefficient biases from a Monte Carlo
simulation. In each case, we randomly generate data and then use it to estimate the parameter of
interest using OLS, DML with a random forest, and DML with a deep-wide network. Note that
double ML with a deep-wide network is approximately unbiased; whereas, both OLS and the DML
specification with a random forest yield a substantial positive bias.

We implement a custom version of the DML-DW algorithm in TensorFlow. Our

code allows for flexibility in the choice of network architecture, including the number

of hidden layers, the number of nodes in each layer, the type of activation functions,

the type of regularization employed, and the optimization algorithm employed. We

also allow for automatic selection of the number of training epochs8 based on out-

of-sample prediction performance to prevent overfitting. The technique and code

could be employed to estimate parameters of interest in a large class of problems

8The training process in machine learning typically divides the sample into batches, which are
fed into the optimizer in sequence. Training a model entails stepping over the complete sample tens
or hundreds of times. Each pass over the entire sample is referred to as an epoch.
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with a high number of covariates and fixed effects. Furthermore, our code also allows

for the estimation of a deep-deep network, shown in Figure 7 of Section A.1 in the

Appendix. While we do not employ the deep-deep network in this paper, it has useful

properties that could also enhance the DML estimator. Namely, it could be used to

allow geographic fixed effects to interact with all controls in one deep network and

time fixed effects to interact with all controls in another deep network, but could

prohibit unintended interactions between time and geographic fixed effects.9

4 Results

In this section, we discuss the empirical results, starting with our findings for tax cap-

italization. We then move on to migration, which was emphasized by Tiebout (1956)

as the mechanism through which tax changes capitalize into house prices. We then

discuss how public services and crime affect house prices. Finally, for each empirical

exercise, we provide separate estimates for urban areas only. Within these areas,

municipal competition is higher, which should lead to increased tax capitalization

according to Tiebout (1956).

4.1 Tax Capitalization

We first examine tax capitalization in a simple empirical setting with OLS. Our

baseline specification, shown in Equation (7), regresses the square meter price of

housing at the municipal level, pjt, on the municipal tax rate, τjt; municipal fixed

effects, γj; and yearly time fixed effects, ηt. Notice that we do not use time-varying

controls in this specification.

pjt = τjtθ0 + γj + ηt + ujt (7)

We also use a separate specification that includes a set time-varying controls, xjt,

that is standard in the literature. This includes spending per pupil, a measure of

grades, and the number of violent crimes per 100,000 inhabitants. This specification

9The code for both the DML deep-wide and DML deep-deep estimators will be made available
on the authors’ websites.
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is shown in Equation (8). Throughout this section, we use standardized versions of

the square meter house price, the municipal tax rate, and time-varying controls. All

results should be interpreted as the change in the dependent variable in standard de-

viations associated with an increase in the variable of interest in standard deviations.

pjt = τjtθ0 + γj + ηt + xjt + ujt (8)

Table 1 shows our baseline set of estimates for tax capitalization. Column (1) uses

the specification in Equation (7) and column (2) uses the specification in Equation

(8). Both columns report standard errors that are clustered at the municipal level.

Note that we cannot use a specification with municipality-year fixed effects, since

the variation in the dependent variable is at the municipality-year level. The only

confounders omitted are the time-varying public goods and services, and time-varying

municipal characteristics that are novel to this paper.

Next, we employ the DML algorithm to produce estimates that incorporate both

the full set of fixed effects and also the time-varying controls. We follow the approach

outlined in Section 3. The results given in column (3) are for the random forest

estimator (DML-RF). Column (4) uses DML, coupled with the deep-wide architecture

refinement we import from the machine learning literature (DML-DW). Notice that

the checkmarks (!) indicate whether a group of time-varying controls is included.

Both (3) and (4) incorporate the full set of control group categories, which includes

housing supply, migration, politics, labor, demographics, economics, public finance,

public service inputs, and public service outputs.

We modify the setup described in Section 3.2 by incorporating the municipality

and year fixed effects into the nuisance parameter, as shown in Equation (9). The

original process is given by Equation (1). Furthermore, we still allow the time-varying

controls to have a potentially nonlinear impact on the square meter price through g0,

while restricting the fixed effects to enter linearly into the model through γj and ηt.

For the DML-RF setup, however, the municipal and time fixed effects enter through

g0, potentially generating undesired interactions.

pjt = τjtθ0 + g0(xjt) + γj + ηt + ujt (9)
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Table 1: Impact of municipal income tax level on house prices

(1) (2) (3) (4)
(OLS) (OLS) (DML-RF) (DML-DW)

municipal taxit -0.1145** -0.1236*** -0.1303*** -0.2626***
(0.051) (0.051) (0.011) (0.031)

Standard Controls 7 ! ! !

Housing Supply 7 7 ! !

Migration 7 7 ! !

Political 7 7 ! !

Labor 7 7 ! !

Demographic 7 7 ! !

Economic 7 7 ! !

Public Finance 7 7 ! !

Public Service Inputs 7 7 ! !

Public Service Ouputs 7 7 ! !

Schooling 7 7 ! !
Year FE YES YES YES YES
Municipal FE YES YES YES YES
Standard Errors CL CL - -
Adj. R-squared 0.9531 0.9535 - -
N 1764 1764 1764 1764

Notes: The dependent variable is the standardized square meter price of a villa in municipality
(kommun) i and year t. The regressor of interest is the standardized municipal-level income tax
rate, which is observed annually. Standard controls include measurements of spending per pupil,
education, and violent crime. Fixed effects are applied at the municipal level. DML refers to
double-debiased machine learning. DW indicates that a deep-wide network was used. Note that a
!indicates that the referenced group of control variables was included. CL indicates that standard
errors are clustered at the municipal level. * p < .1, ** p < .05, *** p < .01.

Similarly, we modify the estimating equation for τjt, given in Equation (3) by

incorporating municipality and time fixed effects, as is shown in Equation (10).

τjt = m0(xjt) + δj + ξt + vjt (10)

The remainder of the DML algorithm is executed as described in Section 3. The
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“deep” side of the network contains two hidden layers, one with 16 nodes and one

with 8 nodes. We use rectified linear unit activation functions for all hidden lay-

ers. The architecture for the deep side is also designed to prevent overfitting. We

accomplish this in two ways. First, we apply regularization to each hidden layer of

the network. Second, we divide the dataset into training (80%) and validation (20%)

splits, and select the number of epochs at which the train and validation samples

have approximately the same loss function value. We use a mean absolute error loss

function and the adaptive moment optimizer.10 Furthermore, we apply the DML step

51 times and select the median estimate, similar to what is done in Chernozhukov

et al. (2017, 2018).

First, notice that our baseline OLS estimate of tax capitalization is negative, which

is consistent with the previous literature. Column (1) indicates that a one standard

deviation increase in the level of the municipal tax is associated with a 0.1145 standard

deviation decrease in the square meter house price. In column (2), the inclusion of

standard controls from the literature increases the magnitude of the estimate from

-0.1145 to -0.1236 and increases its significance from the 5% level to the 1% level.

Furthermore, including the full set of controls in the DML-RF specification generates

a further increase in magnitude to -0.1303. Finally, our baseline DML-DW estimate,

shown in column (4), yields a tax capitalization impact that is roughly twice as large

as our estimate using OLS with fixed effects and standard controls or DML-RF using

a full set of fixed effects and time-varying controls. In particular, we find that a one

standard deviation increase in the income tax at the municipal level is associated with

a 0.26 standard deviation decrease in the square meter price of housing.

Beyond our baseline estimate, we can also see that selective inclusion of control

groups results in range of coefficient estimates from -0.194 to -0.34. This is shown

in Tables 2 and 2, which provide the tax capitalization estimates using just one of

the control groups in each of the columns. Furthermore, notice that we divide public

10The adaptive moment estimator or “adam” was introduced by Kingma and Ba (2014). It is one
of the most commonly-used optimization algorithms in machine learning and has several attractive
properties for the class of problems we try to solve. First, it applies different step sizes to each
component of the gradient, which is useful for high-dimensional optimization problems. Second, it
has a parsimonious set of hyperparameters, which can easily be interpreted and tuned. Third, it has
good convergence properties. And fourth, it has been demonstrated to perform well empirically in
a large variety of applications.
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services into two control groups: inputs and outputs. Oates (1969) was the first to

point out that using public expenditures (inputs), as Tiebout (1956) suggested, would

only imperfectly capture outputs, which was the true object of interest. While Oates

(1969) did not use measures of public service and good outputs due to data avail-

ability, later work in the literature (Rosen and Fullerton, 1977; Hanushek, 1986; and

Hanushek, 1996) confirmed the importance of outputs. We find that the inclusion of

outputs leads to a larger increase in the magnitude of the impact of tax capitalization,

which supports the claim that inputs are an imperfect proxy for outputs. We will

revisit this question again when we measure the impact of public goods and services.

Furthermore, the selective inclusion of control groups allows us to identify which

confounders are likely to have the largest effect on the bias in tax capitalization esti-

mates. In particular, we find that housing variables (including measures of supply),

public service outputs, and public finance variables have the largest impact on tax

capitalization estimates. Thus, failure to properly control for such variables may

suggest that estimates in the literature will tend to be positively biased. Even in

quasi-experimental settings, the exclusion of public finance variables and public ser-

vice variables could be problematic, since they could be partially responsible for the

shifts in local tax rates.

We next split our sample along urban-rural lines. The urban subsample contains

all observations associated with municipalities in Sweden’s most populous counties:

Stockholm, Sk̊ane, and Västra Götaland. These counties are also more population-

dense and municipality-dense than the remaining 18. Furthermore, all variables are

re-standardized within the urban subsample. Table 4 provides results for the DML-

DW estimator with municipality and time fixed effects, as well as a complete set of

time-varying controls. Note that the estimated impact for rural areas is approximately

zero; whereas the impact for urban areas is roughly four times greater in magnitude

than the baseline estimate for the full sample. This accords well with Tiebout (1956),

which argues that the impact should be greatest where moving costs are low. In this

case, the cost of moving between municipalities should be lowest in dense urban areas,

where many alternatives are available and where moving will not typically require a

change in employment.
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4.2 Migration

Following Cebula (1978) and Banzhaf and Walsh (2008), we further examine the claim

in Tiebout (1956) that households will “vote with their feet.” We do this by directly

measuring the impact of municipal taxes on net migration into the municipality. A

positive rate of net migration indicates that more individuals are entering the munic-

ipality than are leaving it in a given year. Our results are given in Table 5. We first

show OLS with two different specifications in columns (1) and (2). Column (1) uses

year and municipal fixed effects and column (2) includes spending per pupil, grades,

and violent crimes per 100,000 inhabitants as controls. In both OLS specifications,

the measured impact of municipal income taxes on net migration is negative, but

insignificant. In column (3), we switch to DML-DW with time and municipality fixed

effects, as well as the full set of time-varying controls. This yields a substantially

lower impact of -0.062, which is significant at the 1% level. When we limit ourselves

Table 2: Impact of control groups on tax capitalization estimates (II)

(1) (2) (3) (4) (5)
(DML-DW) (DML-DW) (DML-DW) (DML-DW) (DML-DW)

municipal taxit -0.3438*** -0.1942*** -0.2173*** -0.1933*** -0.2092***
(0.0483) (0.0311) (0.0280) (0.0348) (0.0374)

Housing Supply ! 7 7 7 7

Migration 7 ! 7 7 7

Political 7 7 ! 7 7

Labor 7 7 7 ! 7

Demographic 7 7 7 7 !
Economic 7 7 7 7 7

Public Finance 7 7 7 7 7

Public Service Inputs 7 7 7 7 7

Public Service Ouputs 7 7 7 7 7

Schooling 7 7 7 7 7

Year FE YES YES YES YES YES
Municipal FE YES YES YES YES YES
N 1764 1764 1764 1764 1764

Notes: The dependent variable is the standardized square meter price of a villa in municipality (kommun) i and year
t. The regressor of interest is the standardized municipal-level income tax rate, which is observed annually. Fixed
effects are applied at the municipal level. DML refers to double-debiased machine learning. DW indicates that a

deep-wide network was used. Note that a !indicates that the referenced group of control variables was included. *
p < .1, ** p < .05, *** p < .01.
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to urban areas only in column (4), this estimate nearly doubles to -0.1063, suggesting

that the underlying mechanism in Tiebout (1956) for tax capitalization may, indeed,

be supported empirically. Furthermore, it is plausible that the long-run effect could

be larger, since many households might be unable to move within a year of the tax

change’s announcement.

4.3 Education

We next make an attempt to directly measure the impact of public services on house

prices. We start by examining education, since this is one of the most frequently

tested public services in the literature (see, e.g., Haurin and Brasington, 1996; Black,

1999; Downes and Zabel, 2002; Barrow and Rouse, 2004; Cheshire and Sheppard,

2004; Bayer et al., 2007; Ries and Somerville, 2010). In most work, either spending

per pupil is used an input or grades are used as an output. Table 6 shows our results

Table 3: Impact of control groups on tax capitalization estimates (II)

(1) (2) (3) (4) (5)
(DML-DW) (DML-DW) (DML-DW) (DML-DW) (DML-DW)

municipal taxit -0.2176*** -0.2982*** -0.2587*** -0.3173*** -0.2184***
(0.0336) (0.0353) (0.0335) (0.0393) (0.0323)

Housing Supply 7 7 7 7 7

Migration 7 7 7 7 7

Political 7 7 7 7 7

Labor 7 7 7 7 7

Demographic 7 7 7 7 7

Economic ! 7 7 7 7

Public Finance 7 ! 7 7 7

Public Service Inputs 7 7 ! 7 7

Public Service Ouputs 7 7 7 ! 7

Schooling 7 7 7 7 !
Year FE YES YES YES YES YES
Municipal FE YES YES YES YES YES
N 1764 1764 1764 1764 1764

Notes: The dependent variable is the standardized square meter price of a villa in municipality (kommun) i and year
t. The regressor of interest is the standardized municipal-level income tax rate, which is observed annually. Fixed
effects are applied at the municipal level. DML refers to double-debiased machine learning. DW indicates that a

deep-wide network was used. Note that a !indicates that the referenced group of control variables was included. *
p < .1, ** p < .05, *** p < .01.
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Table 4: Impact of municipal income tax level on house prices by population density

(1) (2)
(DML-DW) (DML-DW)

municipal taxit -1.043*** -0.008***
(0.0216) (0.003)

Year FE YES YES
Municipal FE YES YES
Time-Varying Controls YES YES
Counties Urban Rural
N 658 1106

Notes: The dependent variable is the standardized square meter price of a villa in municipality
(kommun) i and year t. The regressor of interest is the standardized municipal-level income tax
rate, which is observed annually. We use two subsamples: 1) Urban and 2) Rural. DML refers to
double-debiased machine learning. DW indicates that a deep-wide network was used. * p < .1, **
p < .05, *** p < .01.

for spending per pupil and grades.

Since spending per pupil is an input, we might expect that the positive effect

found in the literature arises from the omission of variables for schooling output, such

as grades and quality measures, which comove with spending. In columns (1) and (2),

we make use of our extensive set of time-varying municipal controls to estimate the

impact of spending per pupil in isolation. In particular, in column (1), we use DML-

DW and include year and municipal fixed effects, as well as time-varying controls.

This includes educational outputs, such as grades. We find that a one standard

deviation increase in spending is associated with a 0.021 standard deviation decrease

in the square meter price of housing. Furthermore, when we use a subsample that is

limited to urban areas only – where moving costs are low and municipal competition

is high – the magnitude of the effect increases further from -0.021 to -0.039. This

is what we might expect, given that we are able to include controls for educational

outputs and other highly correlated public services.

We next measure the impact of outputs, rather than inputs, using grades as a
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Table 5: Impact of taxes on net migration

(1) (2) (3) (4)
(OLS) (OLS) (DML-DW) (DML-DW)

municpal taxit -0.0576 -0.0535 -0.062*** -0.1063***
(0.0659) (0.0600) (0.005) (0.009)

Year FE YES YES YES YES
Municipal FE YES YES YES YES
Standard Controls NO YES YES YES
Time-Varying Controls NO NO YES YES
Counties ALL ALL ALL URBAN
Standard Errors CL CL - -
Adj. R-squared 0.888 0.888 - -
N 1764 1764 1764 658

Notes: The dependent variable is standardized net migration in (kommun) i and year t.

The regressor of interest is the standardized spending per pupil at the municipality-level,

which is observed annually. DML refers to double-debiased machine learning. DW indicates

that a deep-wide network was used. CL indicates that standard errors are clustered at the

municipal level. * p < .1, ** p < .05, *** p < .01.

measure. The results are shown in Table 6. Column (3) uses DML-DW, coupled with

year and municipal fixed effects, and time-varying controls, but yields no significant

effect. If we again restrict ourselves to urban areas, the size of the effect rises to 0.021

and becomes significant at the 1% level. This effect, however, remains quite small,

even in urban counties, suggesting that much of the apparent positive association

between educational outcomes and house prices might actually be capturing comove-

ment with omitted municipal characteristics. It is also plausible, of course, that the

long-run impact of improvements in grades could be substantially higher.

4.4 Crime

In addition to measuring tax and public service capitalization, we also examine the

impact of crime on house prices in a final exercise. While this question differs slightly

from the core aim of this paper, it is closely related and allows us to contribute to

a large literature on the subject (see, e.g., Thaler, 1978; Reinhard, 1981; Blomquist
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et al., 1988; Haurin and Brasington, 1996; Gibbons, 2004; Linden and Rockoff, 2008)

using our novel dataset, coupled with the DML-DW approach. Our estimates are

given in Table 7. The dependent variable is the standardized square meter price

of housing and the variable of interest is the standardized number of violent crimes

per 100,000 inhabitants. Column (1) provides results for an OLS specification with

year and municipal fixed effects. Here, we find that one standard deviation increase

in crime is associated with a -0.0385 standard deviation decrease in house prices.

When we add spending per pupil and grades as controls, we get a slight increase in

the magnitude of the estimate to -0.389. Furthermore, when we use DML-DW and

include the full set of time-varying controls, and year and municipal fixed effects, we

find that the impact of crime is reduced by more than half to -0.0154. Limiting the

sample to urban areas increases the magnitude of the effect to -0.054. All estimates

are significant at the 1% level. Additionally, all variables are re-standardized in the

urban subsample. Overall, our findings suggest that the impact of violent crime on

property prices is negative, but small in the short run. As with educational outputs,

it is plausible that the impact of crime could be more substantial in the long-run.

Table 6: Impact of educational inputs and outputs on house prices

(1) (2) (3) (4)
(DML-DW) (DML-DW) (DML-DW) (DML-DW)

spending per pupilit -0.0208*** -0.039*** - -
(0.002) (0.006) - -

gradesit - - 0.0011 0.0211***
- - (0.005) (0.009)

Year FE YES YES YES YES
Municipal FE YES YES YES YES
Time-Varying Controls YES YES YES YES
Counties ALL URBAN ALL URBAN
N 1764 658 1764 658

Notes: The dependent variable is the standardized square meter price of a villa in munic-

ipality (kommun) i and year t. The regressor of interest is the standardized spending per

pupil at the municipality-level and a measure of grades at the municipal-level, both of which

are observed annually. DML refers to double-debiased machine learning. DW indicates that

a deep-wide network was used. * p < .1, ** p < .05, *** p < .01.
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Table 7: Impact of crime on house prices

(1) (2) (3) (4)
(OLS) (OLS) (DML-DW) (DML-DW)

crimeit -0.0385*** -0.0389*** -0.0154*** -0.0540***
(0.0142) (0.0140) (0.003) (0.008)

Year FE YES YES YES YES
Municipal FE YES YES YES YES
Standard Controls NO YES YES YES
Time-Varying Controls NO NO YES YES
Counties ALL ALL ALL URBAN
Standard Errors CL CL - -
Adj. R-squared 0.9532 0.9532 - -
N 1764 1764 1764 658

Notes: The dependent variable is the standardized square meter price of a villa in mu-

nicipality (kommun) i and year t. The regressor of interest is the standardized number of

violent crimes per 100,000 inhabitants. DML refers to double-debiased machine learning.

DW indicates that a deep-wide network was used. * p < .1, ** p < .05, *** p < .01.

5 Conclusion

Tiebout (1956) first argued that the free-rider problem for local public goods could

be resolved entirely through preference revelation. That is, households could “vote

with their feet” by moving to a community that offered their preferred bundle of tax

rates and public goods. Oates (1969) followed Tiebout (1956) by providing a first em-

pirical test of the theory by measuring the impact of local taxation and expenditures

on housing values. He found that approximately two thirds of changes in property

taxation were capitalized into prices. In addition to this, his work spawned a large

empirical literature on the capitalization of local taxes into housing values.11

Since Oates (1969), the empirical literature has struggled to obtain unbiased es-

timates of tax capitalization. The main problem is that measures of public services

are typically not available at the local level. Consequently, the omission of public

11See Pollakowski (1973), Edel and Sclar (1974), Hamilton (1976), Meadows (1976), King (1977),
Rosen and Fullerton (1977), Epple et al. (1978), Cebula (1978), Brueckner (1979), Reinhard (1981),
Goldstein and Pauly (1981), Yinger (1982), Rosen (1982), Mieszkowski and Zodrow (1989), Palmon
and Smith (1998), Bai et al. (2014), and Elinder and Persson (2017).
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service controls has likely lead to a substantial bias in estimates, as mentioned in the

literature and documented in Wales and Wiens (1974) and Palmon and Smith (1998).

More recent work, such as Morger (2017) and Basten et al. (2017), make use of high-

quality microdata on rental contacts and local income taxes in Switzerland to obtain

well-identified estimates of tax capitalization without public service data. The high

quality microdata also enables Basten et al. (2017) to employ a border discontinuity

design in measuring tax capitalization.

We contribute to the literature in three ways. First, we assemble a novel and

exhaustive dataset of house prices, local public goods and services, local character-

istics, and local taxes for Sweden. In total, we have 947 time-varying local controls.

Our dataset spans the full set of 290 municipalities and the period between 2010 and

2016. In addition to the time-varying controls, the high degree of time and geographic

variation allows us to include a large number of fixed effects to sweep out confound-

ing variation. Second, we use the recently introduced “debiased machine learning”

estimator from Chernozhukov et al. (2017, 2018), which enables the estimation of a

parameter of interest in the presence of a potentially nonlinear and high dimensional

nuisance parameter. We also modify the method by using a novel neural network

architecture that was introduced in Cheng et al. (2016), called a “deep-wide” net-

work. The combination of DML and a deep-wide network enables us to estimate tax

capitalization in a specification where we allow for nonlinear dependence on controls,

but restrict dependence on fixed effects to be linear. This refinement is likely to be

generally useful for estimation problems that involve a high number of controls and

fixed effects. And third, we use our novel dataset and econometric technique to esti-

mate the impact of taxes, public service inputs, public service outputs, and crime on

house prices. We also test the impact of taxes on migration.

Overall, we find that excluding public service and local characteristic controls leads

to a substantial downward bias the magnitude of tax capitalization estimates. The

inclusion of time-varying public service controls, coupled with econometric methods

that are capable of handling a high vector of covariates, yields a doubling of the esti-

mated reduction in house prices in response to an increase in taxes. We also show that

this effect is four times as large in urban areas, where municipal competition is high-

est, as Tiebout (1956) suggests. We also test the underlying mechanism in Tiebout
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(1956) more directly by estimating the impact of municipal taxes on migration. We

find a small effect using the entire sample, but it nearly doubles when we exclusively

use the subsample of urban municipalities. We also show that public service inputs,

such as spending per pupil, actually have a negative effect when outputs are properly

controlled for; whereas the impact of outputs remains positive. This builds upon the

sub-literature that emphasizes the importance of public service outputs (see Oates,

1969; Rosen and Fullerton, 1977, Hanushek, 1986; and Hanushek, 1996). Finally, we

show an application of our methodology to the estimation of crime effects on house

prices, following vast literature on that topic (see, e.g., Thaler, 1978; Reinhard, 1981;

Blomquist et al., 1988; Haurin and Brasington, 1996; and Gibbons, 2004; Linden and

Rockoff, 2008.)

The issue of tax and public service capitalization into housing values has attracted

a lot of attention in the literature since Tiebout’s seminal paper in 1956. On a more

practical note, this literature also has important implications for public policy at

the local level. Knowing what drives migration and how specific public services are

valued by households may enable local governments to better meet the needs of their

constituents. Furthermore, from an individual’s perspective, it may be useful to

know how house prices respond to changes in local taxation. This knowledge may be

particularly valuable in regions where there is a high level of municipal competition,

where individuals can choose from many housing locations with similar commute

lengths. While past work on tax and public service capitalization suffered from either

a lack or a restricted set of public service controls, advances in data collection and

availability will likely alleviate this problem for many countries in the future. In this

paper, we propose a new methodology that could assist those who wish to exploit

the growth in data availability by enabling them to obtain unbiased estimates of the

tax capitalization effect or other treatment effects in the presence of a large vector of

controls and granular fixed effects.
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A Appendix

A.1 Figures

Figure 7: Deep-deep neural network architecture

Notes: The figure above shows a deep-deep neural network. The deep part of the network on the
left allows for the interaction of all controls and one set of fixed effects (e.g. geographic fixed effects).
The other side allows for the interaction of all controls and another set of fixed effects (e.g. time
effects). While the networks are trained jointly, the model does not allow for the two groups of fixed
effects to interact with each other.
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A.2 Series List

Table 8: Control List Summary (I)

Subcategory Category

Births and deaths Demographics
Expenses due to population change Demographics
Foreign-born residents Demographics
Life expectancy Demographics
Parental education Demographics
Personal assistance and disability Demographics
Residents by age (number and share) Demographics
Resident education level by grade Demographics
Student demographics Demographics
Total inhabitants Demographics
Women (share) Demographics
Elder care compensation Disability & Elder Care
Elder care and disability costs Disability & Elder Care
Elder care and disability employment Disability & Elder Care
Elder care and disability revenue Disability & Elder Care
Elder dependence on care Disability & Elder Care
Family care costs Family Care
Family care employment Family Care
Family care income Family Care
Family care revenue Family Care
Housing costs Housing
Holiday houses per 1000 persons Housing
New apartments per 1000 persons Housing
New houses per 1000 persons Housing
Health care employment Health
Health care expenditures per person Health

Notes: This table contains a list of series subcategories for the following categories:
demographics, disability care and elder care, family care, housing, and health.
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Table 9: Control List Summary (II)

Subcategory Category

Air traffic costs Infrastructure
Building structure costs Infrastructure
Communication network costs Infrastructure
Infrastructure revenue and cost Infrastructure
Investment in infrastructure Infrastructure
Physical and technical planning costs and income Infrastructure
Port, harbor, and sea costs Infrastructure
Road, rail, bus, and parking costs Infrastructure
Gender wage gap Labor
Long-term unemployment by age Labor
Unemployment by age Labor
Wages Labor
Domestic occupants Migration
Domestic relocation Migration
Emigration Migration
Emigration by age range Migration
Foreign-born residents Migration
Immigration Migration
Immigration by age range Migration
Net relocation (number) Migration
Population change, 1-year Migration
Population change, 5-years Migration
Refugee population and costs Migration

Notes: This table contains a list of series subcategories for the following categories:
infrastructure, labor, and migration.
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Table 10: Control List Summary (III)

Subcategory Category

Audit costs Politics
Election turnout (county) Politics
Election turnout (EU parliament) Politics
Election turnout (municipal) Politics
Election turnout (parliamentary) Politics
Employment in politics Politics
Foreign-born politicians Politics
Political activity costs Politics
Political activity revenue Politics
Politicians by age (share) Politics
Politician income Politics
Vote share for political parties Politics
Women’s representation in politics Politics
Budget balance Public Finance
Cash flow Public Finance
Debt Public Finance
Depreciation Public Finance
Equity and assets Public Finance
Expenses on property Public Finance
Financial income Public Finance
Financial ratios Public Finance
Fixed assets Public Finance
Guarantees and liabilities Public Finance
Government grants Public Finance
Income equalization Public Finance
Interest expenses Public Finance
Investment income Public Finance
Net cost of municipal activities Public Finance
Other budget items Public Finance
Other finance Public Finance
Profits Public Finance
Provisions Public Finance
Revenue from municipal activities Public Finance
Self-financing rate Public Finance
Working capital Public Finance

Notes: This table contains a list of series subcategories for the following categories:
politics and public finance.
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Table 11: Control List Summary (IV)

Subcategory Category

Cost equalization Public Service
Cost of activities Public Service
Cost of activity by category Public Service
Crime rates Public Service
Equalization system income Public Service
Infrastructure production Public Service
Net costs by category Public Service
Operating expenses Public Service
Paid staff Public Service
Paid staff by age Public Service
Paid staff by agency Public Service
Paid staff by education Public Service
Paid staff hours Public Service
Personnel expenses (share) Public Service
Purchase of business by counterparty Public Service
Regulatory contribution Public Service
Revenue by service Public Service
School rankings Public Service
School resources Public Service
Spending on disability assistance Public Service
Spending on government activities Public Service
Student performance Public Service

Notes: This table contains a list of series subcategories for public services.
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Table 12: Control List Summary (V)

Subcategory Category

Adult education costs Education
Cost of education by expense Education
Cost of education by grade Education
Cost of education by program Education
Cost and income from preschool Education
Educational revenue and income Education
Gender parity in education Education
Immigrant education costs Education
Library books and equipment Education
Library costs and revenue Education
Library debt Education
Library staff Education
Other education Education
Other educational costs Education
Other library Education
Paid educational childcare staff Education
Paid educational staff by grade Education
School enrollment by grade (share) Education
Student-teacher ratio by grade Education
Student qualifications and test results Education
Support for study organizations Education
Teacher education by grade Education
Central government taxes Taxes
Compensation rate Taxes
County council taxes Taxes
County taxes Taxes
Equalization basis Taxes
Grossing-up factor Taxes
Guaranteed tax power Taxes
Municipal taxes Taxes
Tax power Taxes
Communication investment Utilities
Energy, water, and waste investment and costs Utilities
Utility prices Utilities
Working areas and premises costs Utilities

Notes: This table contains a list of series subcategories for the following categories:
education, taxes, and utilities.
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A.3 Monte Carlo Simulation

The Monte Carlo simulation exercise can be broken down into two steps: a data-

generation step and an estimation step. For the data-generation step, we simulate

the following two processes for house prices and taxes:

pjt = τjtθ0 + g0(xjt) + γj + ηt + ujt (11)

τjt = m0(xjt) + δj + ξt + vjt (12)

Since the choice of g0 and m0 is arbitrary, we will select linear functions, as shown

in Equations (13)-(14). This will reduce the advantage of DML-based estimators

relative to OLS.

g0(xjt) = g0
0x

0
jt + ...+ gk−1

0 xk−1
jt (13)

m0(xjt) = m0
0x

0
jt + ...+mk−1

0 xk−1
jt (14)

Furthermore, we will assume the true value of θ0 is -0.5. This is within the range

of most of our parameter estimates in the paper, which are between 0 and -1.0;

however, the choice of true value is arbitrary and should not impact the results of

our simulation. All other processes and coefficients are drawn from a random normal

distribution with a standard deviation of one and a mean of zero.

We then estimate θ0 using OLS, DML-RF, and DML-DW, as described in Section

3. For the OLS estimates, we will exclusively use fixed effects, omitting the vector of

controls; however, randomly selecting a subset of controls yields similar results. For

DML-RF and DML-DW, we include the full set of controls.

We use 2000 draws of all variables for each set of estimates. This is in line with our

sample size, which is 1764 for most regressions in the paper. We repeat the process

500 times, subtract the true value from the estimated values, and then and plot the

distribution of coefficient estimate biases in Figure 6.

41



Earlier Working Papers: 
For a complete list of Working Papers published by Sveriges Riksbank, see www.riksbank.se 

 
Estimation of an Adaptive Stock Market Model with Heterogeneous Agents  
by Henrik Amilon 

2005:177 

Some Further Evidence on Interest-Rate Smoothing: The Role of Measurement Errors in the Output 
Gap  
by Mikael Apel and Per Jansson 

2005:178 

Bayesian Estimation of an Open Economy DSGE Model with Incomplete Pass-Through  
by Malin Adolfson, Stefan Laséen, Jesper Lindé and Mattias Villani 

2005:179 

Are Constant Interest Rate Forecasts Modest Interventions? Evidence from an Estimated Open 
Economy DSGE Model of the Euro Area  
by Malin Adolfson, Stefan Laséen, Jesper Lindé and Mattias Villani 

2005:180 

Inference in Vector Autoregressive Models with an Informative Prior on the Steady State 
by Mattias Villani 

2005:181 

Bank Mergers, Competition and Liquidity  
by Elena Carletti, Philipp Hartmann and Giancarlo Spagnolo 

2005:182 

Testing Near-Rationality using Detailed Survey Data  
by Michael F. Bryan and Stefan Palmqvist 

2005:183 

Exploring Interactions between Real Activity and the Financial Stance  
by Tor Jacobson, Jesper Lindé and Kasper Roszbach 

2005:184 

Two-Sided Network Effects, Bank Interchange Fees, and the Allocation of Fixed Costs  
by Mats A. Bergman 

2005:185 

Trade Deficits in the Baltic States: How Long Will the Party Last?  
by Rudolfs Bems and Kristian Jönsson 

2005:186 

Real Exchange Rate and Consumption Fluctuations follwing Trade Liberalization  
by Kristian Jönsson 

2005:187 

Modern Forecasting Models in Action: Improving Macroeconomic Analyses at Central Banks 
by Malin Adolfson, Michael K. Andersson, Jesper Lindé, Mattias Villani and Anders Vredin 

2005:188 

Bayesian Inference of General Linear Restrictions on the Cointegration Space  
by Mattias Villani 

2005:189 

Forecasting Performance of an Open Economy Dynamic Stochastic General Equilibrium Model 
by Malin Adolfson, Stefan Laséen, Jesper Lindé and Mattias Villani 

2005:190  

Forecast Combination and Model Averaging using Predictive Measures  
by Jana Eklund and Sune Karlsson 

2005:191 

Swedish Intervention and the Krona Float, 1993-2002  
by Owen F. Humpage and Javiera Ragnartz 

2006:192 

A Simultaneous Model of the Swedish Krona, the US Dollar and the Euro 
by Hans Lindblad and Peter Sellin 

2006:193 

Testing Theories of Job Creation: Does Supply Create Its Own Demand? 
by Mikael Carlsson, Stefan Eriksson and Nils Gottfries 

2006:194 

Down or Out: Assessing The Welfare Costs of Household Investment Mistakes 
by Laurent E. Calvet, John Y. Campbell and Paolo Sodini  

2006:195 

Efficient Bayesian Inference for Multiple Change-Point and Mixture Innovation Models 
by Paolo Giordani and Robert Kohn 

2006:196 

Derivation and Estimation of a New Keynesian Phillips Curve in a Small Open Economy 
by Karolina Holmberg 

2006:197 

Technology Shocks and the Labour-Input Response: Evidence from Firm-Level Data 
by Mikael Carlsson and Jon Smedsaas 

2006:198 

Monetary Policy and Staggered Wage Bargaining when Prices are Sticky 
by Mikael Carlsson and Andreas Westermark 

2006:199 

The Swedish External Position and the Krona  
by Philip R. Lane 

2006:200 



Price Setting Transactions and the Role of Denominating Currency in FX Markets 
by Richard Friberg and Fredrik Wilander 

2007:201  

The geography of asset holdings: Evidence from Sweden 
by Nicolas Coeurdacier and Philippe Martin 

2007:202 

Evaluating An Estimated New Keynesian Small Open Economy Model  
by Malin Adolfson, Stefan Laséen, Jesper Lindé and Mattias Villani 

2007:203 

The Use of Cash and the Size of the Shadow Economy in Sweden 
by Gabriela Guibourg and Björn Segendorf 

2007:204 

Bank supervision Russian style: Evidence of conflicts between micro- and macro-prudential concerns  
by Sophie Claeys and Koen Schoors  

2007:205 

Optimal Monetary Policy under Downward Nominal Wage Rigidity 
by Mikael Carlsson and Andreas Westermark 

2007:206 

Financial Structure, Managerial Compensation and Monitoring 
by Vittoria Cerasi and Sonja Daltung 

2007:207 

Financial Frictions, Investment and Tobin’s q  
by Guido Lorenzoni and Karl Walentin 

2007:208 

Sticky Information vs Sticky Prices: A Horse Race in a DSGE Framework 
by Mathias Trabandt 

2007:209 

Acquisition versus greenfield: The impact of the mode of foreign bank entry on information and bank 
lending rates  
by Sophie Claeys and Christa Hainz 

2007:210 

Nonparametric Regression Density Estimation Using Smoothly Varying Normal Mixtures 
by Mattias Villani, Robert Kohn and Paolo Giordani 

2007:211 

The Costs of Paying – Private and Social Costs of Cash and Card 
by Mats Bergman, Gabriella Guibourg and Björn Segendorf 

2007:212 

Using a New Open Economy Macroeconomics model to make real nominal exchange rate forecasts  
by Peter Sellin 

2007:213 

Introducing Financial Frictions and Unemployment into a Small Open Economy Model 
by Lawrence J. Christiano, Mathias Trabandt and Karl Walentin 

2007:214 

Earnings Inequality and the Equity Premium  
by Karl Walentin 

2007:215 

Bayesian forecast combination for VAR models  
by Michael K. Andersson and Sune Karlsson 

2007:216 

Do Central Banks React to House Prices? 
by Daria Finocchiaro and Virginia Queijo von Heideken 

2007:217 

The Riksbank’s Forecasting Performance 
by Michael K. Andersson, Gustav Karlsson and Josef Svensson 

2007:218 

Macroeconomic Impact on Expected Default Freqency 
by Per Åsberg and Hovick Shahnazarian 

2008:219 

Monetary Policy Regimes and the Volatility of Long-Term Interest Rates 
by Virginia Queijo von Heideken 

2008:220 

Governing the Governors: A Clinical Study of Central Banks 
by Lars Frisell, Kasper Roszbach and Giancarlo Spagnolo 

2008:221 

The Monetary Policy Decision-Making Process and the Term Structure of Interest Rates 
by Hans Dillén 

2008:222 

How Important are Financial Frictions in the U S and the Euro Area 
by Virginia Queijo von Heideken 

2008:223 

Block Kalman filtering for large-scale DSGE models  
by Ingvar Strid and Karl Walentin 

2008:224 

Optimal Monetary Policy in an Operational Medium-Sized DSGE Model 
by Malin Adolfson, Stefan Laséen, Jesper Lindé and Lars E. O. Svensson 

2008:225 

Firm Default and Aggregate Fluctuations  
by Tor Jacobson, Rikard Kindell, Jesper Lindé and Kasper Roszbach 

2008:226 

Re-Evaluating Swedish Membership in EMU: Evidence from an Estimated Model 
by Ulf Söderström 

2008:227 



The Effect of Cash Flow on Investment: An Empirical Test of the Balance Sheet Channel 
by Ola Melander 

2009:228 

Expectation Driven Business Cycles with Limited Enforcement 
by Karl Walentin 

2009:229 

Effects of Organizational Change on Firm Productivity 
by Christina Håkanson 

2009:230 

Evaluating Microfoundations for Aggregate Price Rigidities: Evidence from Matched Firm-Level Data on 
Product Prices and Unit Labor Cost  
by Mikael Carlsson and Oskar Nordström Skans 

2009:231 

Monetary Policy Trade-Offs in an Estimated Open-Economy DSGE Model 
by Malin Adolfson, Stefan Laséen, Jesper Lindé and Lars E. O. Svensson 

2009:232 

Flexible Modeling of Conditional Distributions Using Smooth Mixtures of Asymmetric 
Student T Densities  
by Feng Li, Mattias Villani and Robert Kohn 

2009:233 

Forecasting Macroeconomic Time Series with Locally Adaptive Signal Extraction 
by Paolo Giordani and Mattias Villani 

2009:234 

Evaluating Monetary Policy  
by Lars E. O. Svensson 

2009:235 

Risk Premiums and Macroeconomic Dynamics in a Heterogeneous Agent Model 
by Ferre De Graeve, Maarten Dossche, Marina Emiris, Henri Sneessens and Raf Wouters 

2010:236 

Picking the Brains of MPC Members  
by Mikael Apel, Carl Andreas Claussen and Petra Lennartsdotter 

2010:237 

Involuntary Unemployment and the Business Cycle  
by Lawrence J. Christiano, Mathias Trabandt and Karl Walentin 

2010:238 

Housing collateral and the monetary transmission mechanism  
by Karl Walentin and Peter Sellin 

2010:239 

The Discursive Dilemma in Monetary Policy  
by Carl Andreas Claussen and Øistein Røisland 

2010:240 

Monetary Regime Change and Business Cycles  
by Vasco Cúrdia and Daria Finocchiaro 

2010:241 

Bayesian Inference in Structural Second-Price common Value Auctions  
by Bertil Wegmann and Mattias Villani 

2010:242 

Equilibrium asset prices and the wealth distribution with inattentive consumers 
by Daria Finocchiaro 

2010:243 

Identifying VARs through Heterogeneity: An Application to Bank Runs 
by Ferre De Graeve and Alexei Karas 

2010:244 

Modeling Conditional Densities Using Finite Smooth Mixtures 
by Feng Li, Mattias Villani and Robert Kohn 

2010:245 

The Output Gap, the Labor Wedge, and the Dynamic Behavior of Hours 
by Luca Sala, Ulf Söderström and Antonella Trigari 

2010:246 

Density-Conditional Forecasts in Dynamic Multivariate Models 
by Michael K. Andersson, Stefan Palmqvist and Daniel F. Waggoner 

2010:247 

Anticipated Alternative Policy-Rate Paths in Policy Simulations 
by Stefan Laséen and Lars E. O. Svensson 

2010:248 

MOSES: Model of Swedish Economic Studies  
by Gunnar Bårdsen, Ard den Reijer, Patrik Jonasson and Ragnar Nymoen 

2011:249 

The Effects of Endogenuos Firm Exit on Business Cycle Dynamics and Optimal Fiscal Policy  
by Lauri Vilmi 

2011:250 

Parameter Identification in a Estimated New Keynesian Open Economy Model 
by Malin Adolfson and Jesper Lindé 

2011:251 

Up for count? Central bank words and financial stress  
by Marianna Blix Grimaldi 

2011:252 

Wage Adjustment and Productivity Shocks 
by Mikael Carlsson, Julián Messina and Oskar Nordström Skans 

2011:253 



Stylized (Arte) Facts on Sectoral Inflation  
by Ferre De Graeve and Karl Walentin 

2011:254 

Hedging Labor Income Risk 
by Sebastien Betermier, Thomas Jansson, Christine A. Parlour and Johan Walden 

2011:255 

Taking the Twists into Account: Predicting Firm Bankruptcy Risk with Splines of Financial Ratios 
by Paolo Giordani, Tor Jacobson, Erik von Schedvin and Mattias Villani 

2011:256 

Collateralization, Bank Loan Rates and Monitoring: Evidence from a Natural Experiment 
by Geraldo Cerqueiro, Steven Ongena and Kasper Roszbach 

2012:257 

On the Non-Exclusivity of Loan Contracts: An Empirical Investigation 
by Hans Degryse, Vasso Ioannidou and Erik von Schedvin 

2012:258 

Labor-Market Frictions and Optimal Inflation  
by Mikael Carlsson and Andreas Westermark 

2012:259 

Output Gaps and Robust Monetary Policy Rules  
by Roberto M. Billi 

2012:260 

The Information Content of Central Bank Minutes 
by Mikael Apel and Marianna Blix Grimaldi 

2012:261 

The Cost of Consumer Payments in Sweden                              2012:262 
by Björn Segendorf and Thomas Jansson  

Trade Credit and the Propagation of Corporate Failure: An Empirical Analysis                            2012:263 
by Tor Jacobson and Erik von Schedvin  

Structural and Cyclical Forces in the Labor Market During the Great Recession: Cross-Country Evidence 2012:264 
by Luca Sala, Ulf Söderström and AntonellaTrigari  

Pension Wealth and Household Savings in Europe: Evidence from SHARELIFE   2013:265 
by Rob Alessie, Viola Angelini and Peter van Santen  

Long-Term Relationship Bargaining     2013:266 
by Andreas Westermark  

Using Financial Markets To Estimate the Macro Effects of Monetary Policy: An Impact-Identified FAVAR* 2013:267 
by Stefan Pitschner  

DYNAMIC MIXTURE-OF-EXPERTS MODELS FOR LONGITUDINAL AND DISCRETE-TIME SURVIVAL DATA 2013:268 
by Matias Quiroz and Mattias Villani  

Conditional euro area sovereign default risk     2013:269 
by André Lucas, Bernd Schwaab and Xin Zhang  

Nominal GDP Targeting and the Zero Lower Bound: Should We Abandon Inflation Targeting?*  2013:270 
by Roberto M. Billi  

Un-truncating VARs*       2013:271 
by Ferre De Graeve and Andreas Westermark  

Housing Choices and Labor Income Risk     2013:272 
by Thomas Jansson  

Identifying Fiscal Inflation*       2013:273 
by Ferre De Graeve and Virginia Queijo von Heideken  

On the Redistributive Effects of Inflation: an International Perspective*   2013:274 
by Paola Boel  

Business Cycle Implications of Mortgage Spreads*     2013:275 
by Karl Walentin  

Approximate dynamic programming with post-decision states as a solution method for dynamic   2013:276 
economic models by Isaiah Hull  

A detrimental feedback loop: deleveraging and adverse selection     2013:277 
by Christoph Bertsch  

Distortionary Fiscal Policy and Monetary Policy Goals    2013:278 
by Klaus Adam and Roberto M. Billi   

Predicting the Spread of Financial Innovations: An Epidemiological Approach   2013:279 
by Isaiah Hull  

Firm-Level Evidence of Shifts in the Supply of Credit    2013:280 
by Karolina Holmberg   

 



Lines of Credit and Investment: Firm-Level Evidence of Real Effects of the Financial Crisis  2013:281 
by Karolina Holmberg   

A wake-up call: information contagion and strategic uncertainty     2013:282 
by Toni Ahnert and Christoph Bertsch   

Debt Dynamics and Monetary Policy: A Note      2013:283 
by Stefan Laséen and Ingvar Strid   

Optimal taxation with home production      2014:284 
by Conny Olovsson   

Incompatible European Partners? Cultural Predispositions and Household Financial Behavior  2014:285 
by Michael Haliassos, Thomas Jansson and Yigitcan Karabulut   

How Subprime Borrowers and Mortgage Brokers Shared the Piecial Behavior   2014:286 
by Antje Berndt, Burton Hollifield and Patrik Sandås   

The Macro-Financial Implications of House Price-Indexed Mortgage Contracts   2014:287 
by Isaiah Hull   

Does Trading Anonymously Enhance Liquidity?     2014:288 
by Patrick J. Dennis and Patrik Sandås  

Systematic bailout guarantees and tacit coordination    2014:289 
by Christoph Bertsch, Claudio Calcagno and Mark Le Quement  

Selection Effects in Producer-Price Setting     2014:290 
by Mikael Carlsson  

Dynamic Demand Adjustment and Exchange Rate Volatility    2014:291 
by Vesna Corbo  

Forward Guidance and Long Term Interest Rates: Inspecting the Mechanism   2014:292 
by Ferre De Graeve, Pelin Ilbas & Raf Wouters  

Firm-Level Shocks and Labor Adjustments     2014:293 
by Mikael Carlsson, Julián Messina and Oskar Nordström Skans  

A wake-up call theory of contagion     2015:294 
by Toni Ahnert and Christoph Bertsch  

Risks in macroeconomic fundamentals and excess bond returns predictability   2015:295 
by Rafael B. De Rezende  

The Importance of Reallocation for Productivity Growth: Evidence from European and US Banking  2015:296 
by Jaap W.B. Bos and Peter C. van Santen  

SPEEDING UP MCMC BY EFFICIENT DATA SUBSAMPLING     2015:297 
by Matias Quiroz, Mattias Villani and Robert Kohn  

Amortization Requirements and Household Indebtedness: An Application to Swedish-Style Mortgages  2015:298 
by Isaiah Hull  

Fuel for Economic Growth?       2015:299 
by Johan Gars and Conny Olovsson  

Searching for Information       2015:300 
by Jungsuk Han and Francesco Sangiorgi   

What Broke First? Characterizing Sources of Structural Change Prior to the Great Recession   2015:301 
by Isaiah Hull   

Price Level Targeting and Risk Management       2015:302 
by Roberto Billi  

Central bank policy paths and market forward rates: A simple model     2015:303 
by Ferre De Graeve and Jens Iversen  

Jump-Starting the Euro Area Recovery: Would a Rise in Core Fiscal Spending Help the Periphery?    2015:304 
by Olivier Blanchard, Christopher J. Erceg and Jesper Lindé  

Bringing Financial Stability into Monetary Policy*      2015:305 
by Eric M. Leeper and James M. Nason   

SCALABLE MCMC FOR LARGE DATA PROBLEMS USING DATA SUBSAMPLING AND  2015:306 
THE DIFFERENCE ESTIMATOR   
by MATIAS QUIROZ, MATTIAS VILLANI AND ROBERT KOHN  

 
 
 



SPEEDING UP MCMC BY DELAYED ACCEPTANCE AND DATA SUBSAMPLING   2015:307 
by MATIAS QUIROZ  

Modeling financial sector joint tail risk in the euro area     2015:308 
by André Lucas, Bernd Schwaab and Xin Zhang  

Score Driven Exponentially Weighted Moving Averages and Value-at-Risk Forecasting   2015:309 
by André Lucas and Xin Zhang  

On the Theoretical Efficacy of Quantitative Easing at the Zero Lower Bound     2015:310 
by Paola Boel and Christopher J. Waller   

Optimal Inflation with Corporate Taxation and Financial Constraints    2015:311 
by Daria Finocchiaro, Giovanni Lombardo, Caterina Mendicino and Philippe Weil  

Fire Sale Bank Recapitalizations       2015:312 
by Christoph Bertsch and Mike Mariathasan  

Since you’re so rich, you must be really smart: Talent and the Finance Wage Premium   2015:313 
by Michael Böhm, Daniel Metzger and Per Strömberg  

Debt, equity and the equity price puzzle     2015:314 
by Daria Finocchiaro and Caterina Mendicino  

Trade Credit: Contract-Level Evidence Contradicts Current Theories    2016:315 
by Tore Ellingsen, Tor Jacobson and Erik von Schedvin   

Double Liability in a Branch Banking System: Historical Evidence from Canada    2016:316 
by Anna Grodecka and Antonis Kotidis    

Subprime Borrowers, Securitization and the Transmission of Business Cycles    2016:317 
by Anna Grodecka    

Real-Time Forecasting for Monetary Policy Analysis: The Case of Sveriges Riksbank   2016:318 
by Jens Iversen, Stefan Laséen, Henrik Lundvall and Ulf Söderström      

Fed Liftoff and Subprime Loan Interest Rates: Evidence from the Peer-to-Peer Lending    2016:319 
by Christoph Bertsch, Isaiah Hull and Xin Zhang  

Curbing Shocks to Corporate Liquidity: The Role of Trade Credit     2016:320 
by Niklas Amberg, Tor Jacobson, Erik von Schedvin and Robert Townsend  

Firms’ Strategic Choice of Loan Delinquencies      2016:321 
by Paola Morales-Acevedo  

Fiscal Consolidation Under Imperfect Credibility      2016:322 
by Matthieu Lemoine and Jesper Lindé  

Challenges for Central Banks’ Macro Models      2016:323 
by Jesper Lindé, Frank Smets and Rafael Wouters  

 The interest rate effects of government bond purchases away from the lower bound   2016:324 
by Rafael B. De Rezende  

COVENANT-LIGHT CONTRACTS AND CREDITOR COORDINATION      2016:325 
by Bo Becker and Victoria Ivashina    

Endogenous Separations, Wage Rigidities and Employment Volatility        2016:326 
by Mikael Carlsson and Andreas Westermark    

Renovatio Monetae: Gesell Taxes in Practice         2016:327 
by Roger Svensson and Andreas Westermark   

Adjusting for Information Content when Comparing Forecast Performance    2016:328 
by Michael K. Andersson, Ted Aranki and André Reslow   

Economic Scarcity and Consumers’ Credit Choice    2016:329 
by Marieke Bos, Chloé Le Coq and Peter van Santen   

Uncertain pension income and household saving     2016:330 
by Peter van Santen   

Money, Credit and Banking and the Cost of Financial Activity     2016:331 
by Paola Boel and Gabriele Camera  

Oil prices in a real-business-cycle model with precautionary demand for oil    2016:332 
by Conny Olovsson    

Financial Literacy Externalities       2016:333 
by Michael Haliasso, Thomas Jansson and Yigitcan Karabulut   

 



The timing of uncertainty shocks in a small open economy    2016:334 
by Hanna Armelius, Isaiah Hull and Hanna Stenbacka Köhler    

Quantitative easing and the price-liquidity trade-off    2017:335 
by Marien Ferdinandusse, Maximilian Freier and Annukka Ristiniemi   

What Broker Charges Reveal about Mortgage Credit Risk    2017:336 
by Antje Berndt, Burton Hollifield and Patrik Sandåsi   

Asymmetric Macro-Financial Spillovers     2017:337 
by Kristina Bluwstein   

Latency Arbitrage When Markets Become Faster                                                                                                         2017:338 
by Burton Hollifield, Patrik Sandås and Andrew Todd   

How big is the toolbox of a central banker? Managing expectations with policy-rate forecasts:   2017:339 
Evidence from Sweden   
by Magnus Åhl  

International business cycles: quantifying the effects of a world market for oil    2017:340 
by Johan Gars and Conny Olovsson l  

Systemic Risk: A New Trade-Off for Monetary Policy?    2017:341 
by Stefan Laséen, Andrea Pescatori and Jarkko Turunen   

Household Debt and Monetary Policy: Revealing the Cash-Flow Channel   2017:342 
by Martin Flodén, Matilda Kilström, Jósef Sigurdsson and Roine Vestman  

House Prices, Home Equity, and Personal Debt Composition    2017:343 
by Jieying Li and Xin Zhang    

Identification and Estimation issues in Exponential Smooth Transition Autoregressive Models  2017:344 
by Daniel Buncic  

Domestic and External Sovereign Debt      2017:345 
by Paola Di Casola and Spyridon Sichlimiris  

The Role of Trust in Online Lending     
by Christoph Bertsch, Isaiah Hull, Yingjie Qi and Xin Zhang 

2017:346 

On the effectiveness of loan-to-value regulation in a multiconstraint framework                                                 
by Anna Grodecka 

2017:347 

Shock Propagation and Banking Structure    
by Mariassunta Giannetti and Farzad Saidi   

2017:348 

The Granular Origins of House Price Volatility     2017:349 
by Isaiah Hull, Conny Olovsson, Karl Walentin and Andreas Westermark    

Should We Use Linearized Models To Calculate Fiscal Multipliers?   2017:350 
by Jesper Lindé and Mathias Trabandt     

The impact of monetary policy on household borrowing – a high-frequency IV identification  
by Maria Sandström 

2018:351 

Conditional exchange rate pass-through: evidence from Sweden    2018:352 
by Vesna Corbo and Paola Di Casola  
Learning on the Job and the Cost of Business Cycles  
by Karl Walentin and Andreas Westermark  

2018:353 

Trade Credit and Pricing: An Empirical Evaluation 
by Niklas Amberg, Tor Jacobson and Erik von Schedvin  

2018:354 

A shadow rate without a lower bound constraint 
by Rafael B. De Rezende and Annukka Ristiniemi  

2018:355 

Reduced "Border Effects", FTAs and International Trade 
by Sebastian Franco and Erik Frohm  

2018:356 

Spread the Word: International Spillovers from Central Bank Communication 
by Hanna Armelius, Christoph Bertsch, Isaiah Hull and Xin Zhang  

2018:357 

Predictors of Bank Distress: The 1907 Crisis in Sweden  
by Anna Grodecka, Seán Kenny and Anders Ögren  

2018:358 

  
  
  
  
 
  



Diversication Advantages During the Global Financial Crisis  
by Mats Levander  

           2018:359 

Towards Technology-News-Driven Business Cycles  
by Paola Di Casola and Spyridon Sichlimiris   

           2018:360 

The Housing Wealth Effect: Quasi-Experimental Evidence 
by Dany Kessel, Björn Tyrefors and Roine  

           2018:361 

Identification Versus Misspecification in New Keynesian Monetary Policy Models 
by Malin Adolfson, Stefan Laseén, Jesper Lindé and Marco Ratto  

           2018:362 

The Macroeconomic Effects of Trade Tariffs: Revisiting the Lerner Symmetry Result  
by Jesper Lindé and Andrea Pescatori  

           2019:363 

Biased Forecasts to Affect Voting Decisions? The Brexit Case  
by Davide Cipullo and André Reslow  

           2019:364 

The Interaction Between Fiscal and Monetary Policies: Evidence from Sweden  
by Sebastian Ankargren and Hovick Shahnazarian  

           2019:365 

Designing a Simple Loss Function for Central Banks: Does a Dual Mandate Make Sense?  
by Davide Debortoli, Jinill Kim and Jesper Lindé   

           2019:366 

Gains from Wage Flexibility and the Zero Lower Bound  
by Roberto M. Billi and Jordi Galí   

           2019:367 

Fixed Wage Contracts and Monetary Non-Neutrality  
by Maria Björklund, Mikael Carlsson and Oskar Nordström Skans    

           2019:368 

The Consequences of Uncertainty: Climate Sensitivity and Economic Sensitivity to the Climate 
by John Hassler, Per Krusell and Conny Olovsson  

           2019:369 

Does Inflation Targeting Reduce the Dispersion of Price Setters’ Inflation Expectations? 
by Charlotte Paulie  

           2019:370 

Subsampling Sequential Monte Carlo for Static Bayesian Models 
by David Gunawan, Khue-Dung Dang, Matias Quiroz, Robert Kohn and Minh-Ngoc Tran 

           2019:371 

Hamiltonian Monte Carlo with Energy Conserving Subsampling 
by Khue-Dung Dang, Matias Quiroz, Robert Kohn, Minh-Ngoc Tran and Mattias Villani 

           2019:372 

Institutional Investors and Corporate Investment 
by Cristina Cella  

           2019:373 

  
  
  
  
  
  
  
 
  
  
   
      
      
 
      
      
     
      
     
     
      
      
      
 
      
 
 
 
 
 
 
 



 
 
 
 



 

 

Sveriges Riksbank 
Visiting address: Brunkebergs torg 11 
Mail address: se-103 37 Stockholm 
 
Website: www.riksbank.se 
Telephone: +46 8 787 00 00, Fax: +46 8 21 05 31 
E-mail: registratorn@riksbank.se 


	Earlier Working Papers:

