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We examine empirically the relation of factor-income inequality and governments re-
distributive preferences to the extent of redistribution. In the challenging task of mea-
suring taste for redistribution, we utilize the inverse-optimum approach. Our income-
inequality and redistribution variables are constructed from the Luxembourg Income
Study database, and for our redistributive-preference measure we have collected data
from various sources. In addition to traditional linear speci cations we use exible meth-
ods. We study 14 advanced countries for approximately four decades and nd that factor-
income inequality and governments redistributive preferences are associated with the
extent of redistribution as suggested by the numerical results of the Mirrlees model.
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1. Introduction

The postwar history of income inequality in advanced countries can be di-
vided, at least roughly, into two phases. From 1945 to about the mid 1980s,
pretax inequality, or the inequality of factor incomes (incomes from earnings
and capital, also called market income), decreased, at least in part because
of a reduction in skilled unskilled wage differentials and asset inequality.
The second phase occurred from the 1980s onward, when inequality reversed
course and increased. Speci cally, we have witnessed a signi cant increase
in top income shares in many advanced economies over the past three to
four decades (e.g., Atkinson and Piketty, 2010). The Luxembourg Income
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Study (L1S) database provides data on both factor and disposable incomes
for a number of advanced countries over the past four decades, which facili-
tates the study of the extent of redistribution. Using LIS data, Immervoll and
Richardson (2011) reported that in OECD countries governmental redistribu-
tion has become less effective in compensating increasing inequalities since
the 1990s.

Figure 1 illustrates changes that have taken place in factor-income inequal -
ity and redistribution during a period of 20 years, from the mid 1980s to the
mid 2000s. The gure implies a positive association, but there are some out-
liers. For example, in Franceinequality decreased during this period, but there
was more redistribution. Thus, it seems that factor-income inequality does not
fully explain the extent of redistribution in the plotted countries.

Figure 1
Changes in Factor-income Inequality and the Extent of Redistribution
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Note: Illustration of evolution from the mid 1980s to the mid 2000s. We plot the change
in factor-income Gini against the change in the extent of redistribution over this pe-
riod; change is de ned as the difference between two observations. The Gini coef cients
are expressed as percentages, and the extent of redistribution is de ned as RDgaive D
100.Ginitactor  GiNigisposabie/=GiNitactor. The corresponding factor-income Ginis of the 14 coun-
triesare provided in table 1. Data source isthe L1S database, and more information can befound
in appendix section 5.1.

There is now a considerable body of empirical literature seeking to ex-
plain the observed patterns of redistribution. The starting point for seeking
the determinants of the extent of redistribution, both across countries and over
time, is most commonly some model of the political process. Persson and
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Tabellini (2002) provide a survey. A key element in this literature is the po-
litical mechanism the median-voter theory through which greater factor-
income (market-income) inequality leads to greater redistribution. The often-
cited model of Meltzer and Richard (1981) shows that the larger the gap be-
tween mean and median income (that is, inequality), the larger the scaleis of
income redistribution favored by the median voter.

Empirical studies have provided mixed evidence on the association be-
tween inequality and demand for redistribution (e.g., Perotti, 1996; Moene
and Wallerstein, 2001; Finseraas, 2009). Both Milanovic (2000) and Scervini
(2012) con rmed the positive association between inequality and redistribu-
tion, but Milanovic (2000) found less support for the median-voter hypothe-
sis in explaining redistribution decisions. In a more recent study, Milanovic
(2010) emphasizes the median-voter hypothesis as only one possible mecha-
nism linking initial inequality and redistribution. Earlier, Alesinaet al. (2001)
had pointed out that the extent of altruism  which may be different in different
societies  may show in the demand for redistribution. In addition, Georgiadis
and Manning (2012) showed that implications resembling altruism may arise
when individuals are uncertain about their future incomes. Luebker (2014)
emphasized behavioral aspects in understanding the extent of redistribution.

Our approach in this paper differs from those above in that our inspiration
stems from the optimal-income-tax framework devel oped by Mirrlees (1971).
This model has dominated the economics of redistributive taxation for the
past 40 years, and three elements of the model are of specia interest when
discussing the extent of redistribution. First is the concept of inherent (factor-
income) inequality, re ecting, among other things, skilled unskilled wage dif-
ferentials, asset inequality, and social norms. If thereis no intervention by the
government, the factor-income inequality will befully re ected in the dispos-
able income. However, if the government wants to intervene as seems to
be the case in developed countries it will nd the second component of the
Mirrlees model, the egalitarian objectives of the government, which are value
judgments. Third, if the government tries to redistribute income from high-
income people to low-income peopl e, there will be incentive and disincentive
effects. In other words, redistribution policy isaproduct of circumstances and
objectives, and the extent of redistribution is reduced to the following three
components:. differences in pretax income, distributional objectives, and the
responsiveness of income to taxation.*

1 Thereisanother strand of optimal-redistribution literature (see Mirrlees, 1974; Varian, 1980;
Tuomala, 1984, 1990) stressing the socia insurance role of redistributive taxation. In this
framework, an increase in variability of income would also increase the optimal degree of
progressivity because it increases the insurance value of progressive taxation.
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Numerical results in Kanbur and Tuomala (1994) and Tuomala (2016)
show that the optimal income-tax transfer system becomes more redistribu-
tive when inherent (market-income) inequality increases, taxing the better off
at higher rates to support the less well off. Thus, one of the policy responses
in view of inherent inequality should be a greater willingness to redistribute
through the tax transfer system. Correspondingly, if inherent inequality de-
creases, governmental redistribution decreases. Theresults al so suggest that in
utilitarian, prioritarian (giving priority to the worse off), and maximin cases,
an appropriate response to rising inequality is a shift towards a more redis-
tributive income tax system.

Many of the earlier analytical and numerical results have focused on
marginal tax rates, but the computational techniques can aso be used to say
something about average rates, which are arguably more important indica
tors of income tax progressivity. Based on numerical simulations, we know
how average tax rates link to the different componentsin the Mirrlees model.
However, we lack comparable data on average tax rates. As a result, we uti-
lize the difference between factor-income inequality and disposable-income
inequality to measure the extent of redistribution. This approach, despite its
shortcomings, bene ts from being consistent between countries and is more
comparable with the broader empirical literature on the extent of redistribu-
tion. It also is worth emphasizing that we are not claiming that redistribution
policy (pursued in the studied countries) would be the outcome of optimal
policy choice. We utilize the inverse-optimum approach only to measure gov-
ernment s redistributive preferences. While we refer here to the optimal-tax
framework, it is quite possible that our empirical moddl is consistent with
some other theoretical frameworks, such as some political economy models.

To the best of our knowledge, the current empirical study is the rst to
explore the relationship between the extent of redistribution and the compo-
nents of the Mirrlees framework, namely factor-income inequality, redistribu-
tive preferences, and disincentive costs. The LIS database provides data on
both factor and disposable incomes for a number of advanced countries over
four decades, and the current study focuses on 14 advanced economies. In
addition to using Gini coef cients, we also utilize percentile ratios in measur-
ing inequality and the extent of redistribution. Moreover, we have collected
data from various sources to construct a measure of government s taste for
redistribution. In the case of this measure, we adopt the inverse-optimum ap-
proach and, more speci cally, utilize the top tax rates to reveal the shape of
implicit welfare weights. Our reason to apply the inverse-optimum approach
to top earners is the availability of data. Our empirical results lend support
to the numerical results of the Mirrlees model: factor-income inequality and
redistributive preferences are associated with the extent of redistribution as
expected.
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The structure of the paper is as follows. Section 2 depicts the theoretical
background, empirical speci cation, data, and methods. The current paper
employs, in addition to traditional linear models, exible methods to address
the issue of chosen functional forms. Namely, the shapes of the relationships
are not known beforehand, and making wrong assumptions beforehand may
bias the results. Section 3 provides our empirical results, including sensitivity
checks. Finally, section 4 concludes.

2. Theoretical Background and Empirical Approach

2.1. Empirical Speci cation

Asdiscussed in the introduction section, in the Mirrlees framework the extent
of redistribution is reduced to the following three components: factor-income
inequality, distributional objectives, and the behavioral responses to taxation.
We will rst provide some background before describing our data and meth-
ods.

Unlike the original Mirrlees model on labor income, we adopt the view
that the taxation is based on the comprehensive income (i.e., taxing the sum
of labor and capital income). In fact, in many countries most ordinary capital
income, such as interest from a standard savings account, istaxed jointly with
labor income. Moreover, in the case of the Nordic dual income tax model it
can be dif cult to distinguish between labor and capital income in practice.
As Saez and Stantcheva (2016) show with a steady-state assumption, we can
extend the Mirrlees model to acomprehensiveincome taxation model aswell.
It also turns out, as noted by Saez and Stantcheva, that in the case of the
comprehensive income taxation the optimal tax formula takes the same form
asin Mirrlees (1971) and Saez (2001).

Let H.y/ bethe cumulativedistribution of thetotal incomey, and h.y/ the
associated density (assuming a linearized tax system at point y). Then using
the Saez (2001) procedure, the optimal nonlinear income tax (t,) on total or
comprehensive income satis es

t . .
Y b 1 y/1l H y/; W
1t y yh.y/

where .y/ is the average welfare weight on individuals with total income
higher thany, and  isthe elasticity of total income with respectto1 t, at
incomey. The last expression 1yhf');)” describes the shape of the factor (pre-
tax) income distribution. The welfare weights .y/ measure the socia value
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of giving a unit of income to an individual with incomey, relative to the so-
cia value of dividing it equally among all individuals. For example, in the
classical utilitarian case .y/ isconstant for al y (given the quasilinearity of
preferences), and then the marginal tax rates are uniformly zero. The purpose
of theformula (1) is mainly to present the components of the Mirrlees model.
In addition, by applying and at the same time simplifying this tax formula
for top earners we aim to trace the redistributive preferences in the studied
14 countries.

Next, we turn to examine empirically the relationship between the extent
of redistribution and the components of the Mirrlees framework, with afocus
on inherent (factor-income) inequality and government s redistributive prefer-
ences. The relationship that we explore can be expressed as follows:

RDDs.lg; | ~IX/; )

where RD is the extent of redistribution. As discussed in the introduction
section, this is measured in terms of the difference between factor-income
inequality (l¢) and disposable-income inequality (l14). Our main results are
presented for arelative measure; that is, RD jrgaive D 100. ¢ 14/=l¢. In the
sensitivity analysis, we also discuss the alternative case where the extent of
redistribution is measured in absolute terms. The function s includes three
componentsthat re ect theingredients of the Mirrlees moddl: I isthe factor-
income inequality measure, is the social marginal welfare weight for top
earners (redistributive-preference measure), and the preference measure de-
pendson , which isthe weighted total income (labor and savings) elasticity.
In addition, x denotes control variables.

We recognize that measuring government s redistributive preferences is a
challenging task. The so-called inverse-optimum research provides one pos-
sible approach. This branch of research starts from the existing tax and trans-
fers system and reverse-engineers it to obtain the underlying social prefer-
ences. Earlier contributions using this method are by Christiansen and Jansen
(1978) and Ahmad and Stern (1984). More recently, detailed micro data on
incomes and corresponding marginal tax rates have been used to study the
social preferences implicit in tax bene t systems (e.g., Kleven and Kreiner,
2006; Bourguignon and Spadaro, 2012; Bargain et a., 2014a,b; Spadaro et al .,
2015; L ockwood and Weinzierl, 2016; Bastani and Lundberg, 2017; Hendren,
2017). Moreover, Jacobs et al. (2017) used thismethod to  nd the redistribu-
tive preferences of political partiesimplicit in the reform proposals. However,
these studies typically focus on selected years, and most papers study one or
selected countries only.
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Following Atkinson (1995) and Diamond (1998), assuming away income
effects’ and constant elasticities,® we apply the optimal comprehensive tax
formula (1) for top earners. Now is the average social marginal welfare
weight of top-bracket individuals. It takes the following form:

D1 —;

1 ®)
where we use data on top income tax rates (), estimates for the Pareto coef -
cients( D 1), and values for total income elasticities ( ). The excellent
Pareto t of the top tail of the distribution has been veri ed in many countries
and many periods, as summarized in Atkinson et al. (2011). Next we discuss

our datain more detail .

2.2. Data

We have constructed our main income-distribution variables from the LIS
database. LIS has harmonized micro data from (mostly) high- and middle-
income countries, and the data are organized into different waves according
to the date of the data. The database provides information on both factor and
disposable incomes.* In addition to the LIS historical data (wave 0), we use
the data from wave | around 1980 to wave |X around 2013. The lengths of
different waves are not uniform. Moreover, some countries may have more
than one observation within the same wave.> We use all available LIS datafor
which data on our other variables are available, and the resulting data set is
not balanced.

We focus on the 14 advanced countriesthat are listed in table 1. In addition
to studying the traditional Gini coef cients, we investigate the development
of the percentile ratio P 90=P 50. Both measures are much used in inequality
studies and provide somewhat complementary information. The Gini index is
an overall measure of inequality, re ecting the behavior of the whole income

2 Diamond (1998, p. 85) writes: This assumption seems appropriate at very high income
levels, since people at the top of the income distribution are likely to leave large estates
with alinear utility of bequests neither consumption nor earnings vary with the exact level of
estate. There aso is some empirical (although indecisive) evidence suggesting that income
effects are small (e.g., Gruber and Saez, 2002).

3 Diamond (1998) shows that if preferences are represented by a utility function u D

x 1C*=1ct , where x is a composite consumption good and | hours worked, this
presentation implies alabor supply function with a constant elasticity .

4 Most studies on inequality and redistribution have utilized data sets including the largest
possible number of countries all around the world (e.g., the panel data set of Deininger
and Squire, 1996). However, such data sets have many problematic features that have been
discussed in detail by Atkinson and Brandolini (2001).

5 For more information about the LIS waves, visit: http://www.lisdatacenter.org/our-data/
lis-database/documentati on/list- of - datasets/.
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Table 1
Levels of Factor-income Inequality in 14 Countries from the mid 1980s to the
mid 2000s

LISWavell LIS Wave IV LISWave VI
around 1985 around 1995 around 2004

Ginig P90=P50f (year) Ginif P90=P50f (year) Ginif P90=P50¢ (year)
Australia 437 2.16 (1985)*  47.9 2.34 (1995) 483 242 (2003)

Canada 408 216  (1987) 449 229  (1994) 477 242 (2004)
Denmark 417 186  (1987)* 447 202 (1995 450 200  (2004)
Finland 389 189  (1987)* 481 236 (1995) 475 228  (2004)
France 50.7 246 (1984 492 252 (1994) 484 243 (2005)
Germary ~ 44.3 209  (1984) 462 225  (1994) 50.2 246 (2004)
Ireland 51.2 275  (1987) 495 239  (1995) 501 253 (2004)
Italy 426 218  (1986)  47.9 247  (1995) 508 256 (2004)
Netherlands ~ 48.0 224 (1987)* 467 214 (1993 46.3 213 (2004)
Norway 36.6 186  (1986)* 42.6 193  (1995) 455 212 (2004)
Spain 435 225  (1985) 510 271 (1995) 454 239 (2004)
Sweden 434 201  (1987)* 4938 239 (1995) 47.0 219  (2005)
UK 50.8 257  (1986) 543 278  (1995) 533 276 (2004)
USA 462 247 (1986) 49.1 266 (1994) 493 274 (2004)

Note: Data source isthe LIS database.
* This year s observation cannot be used in the empirical models of table 2, due to missing information in other
variables.

distribution, and being particul arly sensitive to asymmetriesin the central part
of the distribution. Percentile ratios focus on two speci ¢ sections of the in-
come distribution, providing an idea of how close (or distant) they are from
each other. The P 90=P 50 ratio gives the 90th percentile relative to the me-
dian, focusing more on disparities at the top half of the distribution. The table
illustratesthat theinequality of factor incomes has risen in most countries over
the sample period.

Figure 2 showsthe devel opment of the extent of redistribution . RDginiireaive’
in the countries under investigation. The countries are categorized into three
groups to provide a concise but readable illustration.? The gure shows that
the extent of redistribution has increased modestly in some countries. Thus,
it appearsthat the redistributive role of government has corrected for some of
the increase in inherent inequality. A corresponding gure of our alternative
measure RDp gg-p soireative 1S iN @ppendix section 5.2 ( gure 6).

As described by equation (3) in section 2.1, we have used the optimal top-
tax formulain calculating government staste for redistribution ( ), which de-
pends on the top income tax rate ( ), Pareto coef cient ( ), and total income
elasticity ( ).” Our dataon top incometax rates and Pareto coef cientsare col-

6 The categorization is the following: Anglo-Saxon (Australia, Canada, Ireland, the UK, and
the USA; in main result models N D 44), Nordic (Denmark, Finland, Norway, and Sweden;
in main result models N D 20), and Continental European (France, Germany, the Nether-
lands, Italy, and Spain; in main result models N D 41).

7 After calculating our estimates for , we only include nonnegative values in our data set.
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Figure 2
Evolution of the Extent of Redistribution when Redistribution is Measured in
Relative Terms; RDGi nilrelative
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Note: 14 advanced countries, unbalanced data. Calculations based on LIS database. More infor-
mation can be found in appendix section 5.1.

lected from various sources, such as Piketty et al. (2011, 2014) and the World
Inequality Database (WID; 2017); see appendix section 5.1 for more detailed
information. In estimating , we have chosen to use the top income shares
from the WID because LIS relies heavily on survey data. In comparison, WID
combines multiple data sources such as national accountsand scal data and
should therefore capture the evolution at the top of the distribution better than
survey data.

It has been long recognized that behavioral responses to taxation are not
con ned to participation and hours worked. Feldstein (1995) proposed that
we should examine the response of taxable income to changes in tax rates.
Some behavioral responses of top incomes to top tax rates seem to be due
not to areal change in economic activity and output, but smply to a relabel-
ing of income outlays over various tax bases. We should aso bear in mind
that the taxable-income elasticity is not derived from immutable preferences,
but is affected by the structure of the tax system. However, there is a great
deal of uncertainty around these numbers.® Feldstein (1995) found very high
elasticities, exceeding one, but subsequent research has generated consider-
ably smaller estimates. In a survey on taxable-income elasticities, Saez et al.

8 Using simulation methods, Aronsson et a. (2017) assess the bias and precision of the preva-
lent methods used in the taxable-income elasticity studies. We are grateful to the reviewer
for drawing our attention to this paper.
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(2012) conclude that the best available longer-run elasticity estimates range
from 0.12 to 0.40. Kleven and Schultz (2014) use Danish dataand nd that
labor income elasticity is low (around 0.1) and that capital income elagticity
is somewhat higher (around 0.2 0.3).

Of course, we would like to get estimates of the elasticity of taxable in-
come (preferably of total income) that differ between countries and over time.
However, the available data constrain us. As aresult, we have investigated our
results with some reasonable vauesfor from the prior literature. In our
preferred speci cations we assume D 0:20. Given the ndings by Kleven
and Schultz (2014) and that typically capital income dominates labor income
among top income earners, our preferred estimate looks quite plausible. Fig-
ure 3 describes the evolution of government s taste for redistribution in the
14 countriesof thisstudy. Higher re ectslower willingnessto redistributein
society. According to  gure 3, government s preferences to redistribute have
decreased in many countries. In addition, we tried three alternative assump-
tionsin calculating values for : these cases were D ,,0:10;0:15;0:25”, and
they are brie y discussed in the sensitivity-check section.

We report most of our results with a fairly broad set of controls. This ap-
proach stems from our acknowledging that the extent of redistribution in each
country is aresult of numerous factors. As discussed earlier, the approach in
our paper ismore an exploration than astrict test of the optimal tax framework.
Government employment, dependency rate, and unemployment rate account
for different economies public expenditure requirements. High trade union
density is often associated with a large welfare state, and it may proxy for
other palitical variablesaswell (seg, e.g., Baccaro, 2008, for more discussion).
Moreover, it has been argued that a larger government is needed in more
open economies. Rodrik (1998) gives an explanation that open economies are
more subject to external shocks and that larger redistribution provides insur-
ance and more stable income for individuals.® Summary statistics and a com-
plete list of data sources and de nitions are provided in appendix section 5.1.

2.3. Estimation Method

We do not impose linearity on all our empirical models. In our preferred spec-
i cations, we allow al continuous covariatesto enter exibly so that possible
wrong functional forms would not bias our results. Our estimation approach

9 In addition, the authors acknowledge that full assessment of the extent of redistribution
should also take account of various services that are publicly provided at less than mar-
ket value. These are considerable in Nordic countries. Many of these items health care,
education, and social services arevery extensive.
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Figure 3
Evolution of Redistributive Preferences
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Note: 14 advanced countries, unbalanced data. In calculating the -values, we have assumed
constant elasticity D 0:20. Data are constructed from multiple sources, and more information
isprovided in appendix section 5.1.

is based on penalized cubic regression splines, although we acknowledge that
there are numerous alternative approachesto  exible modeling, such askernel
estimation.'® Moreover, due to the small sample size, we assume an additive
structureinstead of afully nonparametric one.** The chosen method is accessi-
blein that there is a connection to traditional parametric models traditional
linear models are a special case. Moreover, there are ready-made statistical
packages that can be utilized in the analysis. To estimate our additive models
we use the established R software package mgcv, which has previously been
utilized in economics studies on various topics.*?

Additivemodelsprovidea exibleframework for investigating therelation-
ship of inequality and redistributive preferences to redistribution. This study
follows the approach presented in Wood (2006, 2017). The basic idea is that

10 Li and Racine (2007) describe nonparametric methods extensively, with the focus on kernels.
Ahamada and Flachaire (2010) provide a concise overview of nonparametric methods.

11 Additive models are a specia case of generalized additive models (GAMs). GAMs were
introduced by Hastie and Tibshirani (1986, 1990). They presented a GAM as a generalized
linear model where some of the covariates can enter in linear form, and some terms are
smooth functions of covariates. This study is restricted to a specia case: it uses an identity
link and assumes normality in errors, which leads to additive models.

12 For example, Greiner and Kauermann (2008), Ord/A& Criado et al. (2011), Bose et a. (2012),
and Berlemann et al. (2015) apply (generalized) additive models.
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the model consists of a sum of linear and smooth functions of covariates:
Yi DXI Cfl.Xli/sz.XZi/Cf3.X3i/C . 4)

In the above presentation, y; isthe response variable (extent of redistribution),
X; isarow of themodel matrix for any strictly parametric model components,

is the corresponding parameter vector, and ¥ are smooth functions of the
covariates, X .

The exibility of these models comes at the cost of two problems. First,
one needs to represent the smooth functions £ in some manner. One way to
represent these functions, which isthe approach adopted in this study, isto use
cubic regression splines. A cubic regression splineis a curve constructed from
sections of cubic polynomials that are joined together so that the resulting
curve is continuous up to the second derivative. The points at which sections
are joined (and the end points) are the knots of the spline, and these locations
must be chosen. The spline can be represented in terms of its values at the
knots. Second, the amount of smoothnessthat the functions T will have needs
to be chosen. Over tisto be avoided, and thus departure from smoothnessis
penalized. The appropriate degree of smoothness for the functions ¥ can be
estimated from the data by, for example, maximum likelihood, which is the
chosen approach in this study on account of its robustness.

The package mgcv has an automatic choicein the amount of smoothing and
wide functionality.®® The relationship between the covariates and the response
can be described graphically. Con dence bands for the model terms can be
derived using Bayesian methods, and approximate p-values for model terms
can be calculated. Models can be compared using information criteria such
as the Akaike information criterion (AIC). For further details, see appendix
section 5.4 and Wood (2006, 2017).

3. Results

3.1. Main Results

In this subsection, we provide some traditional linear models results (OLS
with dummy variables) and compare them with more sophisticated additive

13 Theresultsin this study are obtained using the package s function gam. Basis construction
for cubic regression splinesis used. The maximum-likelihood method isused in the selection
of the smoothing parameters. Theidenti ability constraints (dueto, for example, themodel s
additive constant term) are taken into account by default. More details can be found in Wood
(2006, 2017) and the R project s web pages (http://cran.r-project.org/).
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models results. The additive models can be stated as

RD)irdaive D o CTi.lg it/ CTon | »iie/
C f3.government employment;,/ C f,.dependency;,/
C fs.0penness;,/ C f5.unemployment;,/
Cf5.union;;/Cf5.t/Cu; Cvj; (5)

wherei refersto acountry and t to ayear, and , isthe constant term. In our
main analysis, the extent of redistribution (RD) is studied in relative terms as
we discussed in section 2. The £ s are smooth functions that are described
using penalized cubic regression splines. Country xed effects are denoted
by u; (traditional dummy variables), and the v;; are traditiona error terms.
The country  xed effects should take into account factors that stay constant
over time within each country.

The additive model above describes the most  exible speci cation that is
studied, and other speci  cationsare special cases of it. In the traditional mod-
els, all functions  are linear, but the additive models alow these functions
to be nonlinear with no prespeci ed functional form. However, the additive
models may also have some linear termsiif the data suggest alinear structure.
Thus, linear terms are reported for the additive models if linearity was sug-
gested in the initial stage of model  tting. In reporting our results, graphical
illustrations are used for nonlinear terms. In comparison, the interpretation of
linear terms is straightforward, and these terms are not plotted.

Table 2 reports our main results. The information criteria show that the
additive models t the data better than the corresponding traditional models.
However, in many cases the traditional and additive models give qualitatively
similar information regarding the variables of interest. First, Ginig is posi-
tively associated with the extent of redistribution .RDginiireaive/, but models
(2) and (4) show that the relationship may be more complex than a linear as-
sociation; note the change in the slope of the function in the topmost plats,
(@ and (b), in gure 4. The percentile ratio P 90=P 50¢ also correlates pos-
itively with the extent of redistribution in the upper half of the distribution
-RDp go=psoireaive/- Second, the taste for redistribution ./ isin linear, nega-
tive association with the extent of redistribution; linear association isfoundin
all themodelsintable 2. These ndingsaccord qualitatively with the implica-
tions of the Mirrlees model: higher factor-income inequality islinked to more
redistribution, and higher  is associated with less redistribution. We can also
see that these main results for I and  are not sensitive to the inclusion of
awide range of control variables: the signs of the slopes do not change after
adding controls.

Resultsfor our control variablesare not as robust as those for the main vari-
ables. We nd that government employment is statistically signi cantly and
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Figure 4
Ilustrations of the Smooth Functions £ in the Additive Models of Table 2

f(Gini_f)
0
1

f(Gini_f)

10 -5 0 5 10 15
I

Gini_f Gini_f
(a) see model (2) (b) see model (4)

Note: The dependent variable in models (2) and (4) is RDginilreatives Whereas the dependent
variable in models (6) and (8) is RDp go=p so1reative- The slopes of the functions are of interest.
The plots also show the 95% con dence bands (dashed) and the covariate values as a rug plot
aong the horizontal axis.

positively linked with the extent of redistribution; see aso plots (d) and (€)
in gure 4. There aso is some indication of a positive association between
trade union density and the extent of redistribution, but the relationship ap-
pears nonlinear; see plots (g) and (h) in gure 4. In comparison, our results
do not con rm the proposed positive link between openness and the extent of
redistribution in the case of models (3) and (4). The unemployment variableis
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not statistically signi cant in any of the models of table 2, and the dependency
rate fails to be a statistically signi cant variable after allowing exible func-
tional forms. Weaso nd that our empirical models are not able to capture all
changesin RD; rgaive OVEr time: the shape of f.year/ isshownin plots (i) (k)
in gure 4. This implies that even the broadest models, (4) and (8), do not
capture al time-varying factors that relate to the extent of redistribution.

3.2. Sensitivity Checks

The remainder of this section provides information about our main results

sensitivity. First, we investigate our ndings robustness with respect to the
chosen elasticity parameter. Second, we investigate the sensitivity of our nd-
ingsto leaving some countries out of the sample. Third, we discuss our results
when we change the speci cation so that the same explanatory variable (in-
equality measure) is not used to construct the dependent variable (redistribu-
tion). Finally, we use an alternative way to measure the extent of redistribution,
to check if this affects our main conclusions.

M easuring the government staste for redistribution . / isnot an easy task,
and for this reason, we tested alternative values for the elasticity . /. The
above results were for the case | po:2o- -N D 105/. In our alternative mod-
els, we studied cases (&) D 0:10 .N D 120/, (b) D 0:15 .N D 114/, and
() D 0:25 .N D 94/ In case (c), we were left with a very small sam-
ple size, and results were not statistically signi cant for our redistributive-
preference measure. In cases (a) and (b) with lower elasticities, our main re-
sults were qualitatively similar to those discussed earlier in this paper. Ap-
pendix section 5.3 provides details.

Our second sensitivity check isrelated to the fairly small sample size. Be-
cause our main modelsincluded only 14 countries, we checked whether some
groups of countries drive the main results. We did these investigations by us-
ing the speci cations of table 2, leaving each country group out of the sample
(one group at a time). The countries were categorized into three groups, as
in gures 2 3 and footnote 6. Only after dropping the Anglo-Saxon coun-
tries from the sample did we nd that Ginis was very nonlinearly linked to
RDgininrgaive-> Otherwise, we found that our main  ndings on factor-income
inequality and redistributive preferences are fairly robust, although not always
statistically signi  cant.

14 As the elasticity increases, the number of observations in our data set decreases. This hap-
pens because we use values 0.

15 To be precise, when only the Nordic and Continental European countries were included in
the sample, the association between RDginireative @1d Ginig resembled the letter M.
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Table 3
Sensitivity Checks: Alternative Additive Model Speci cations

Alternative I as explanatory variable Alternative de nition of RD
Dependent variable: Dependent variable:
RDginilrdative RDp 90=p 50Irdlative RDginilabsolute  RDPp 90=P 501absolute
9) (10) (11) (12)
Ginig T .Ginig /*** £ .Ginig /***
See g.5(a) See g.5(b)
P 90=P 50¢ 3.545%* T .P90=P 50¢ /***
(2.709) See g.5(d)
. D0:20” . /** 4.697%* 1.342* 0.060
See @.5(c) (1.988) (0.704) (0.040)

Note: ***, ** *  jndicate signi canceat the 1, 5, 10, and 15% levels, respectively.

All models have N D 105 (years 1973 2013). The coef cients (and standard errors) are pro-
vided for the linear terms. Figure 5 shows graphs of the reported smooth functions that are not
linear.

The smooth terms signi  cance levels are based on approximate F -tests.

All models include country dummies and the following controls (some enter the model in non-
linear form): share of government employment, dependency rate, openness, unemployment rate,
trade union density, and a exible term for year.

As a third sensitivity check, we estimated models where we did not use
the same inequality indicator on both sides of the estimation equation. That
is, we tested models with the alternative factor-income inequality measure.
Table 3 reports two examples of these speci  cations; see models (9) and (10).
Both models results are qualitatively similar to our main ndingsin table 2;
factor-income inequality is positively linked with redistribution, whereas is
negatively linked with redistribution.

Finally, we checked how our results change if the extent of redistribution
is measured in absolute terms. Table 3 reports models (11) and (12), where
RD)1absoiute D I 14 isthe dependent variable. Again, the results are qualita-
tively smilar to our main ndings.

4. Conclusions

As discussed, we acknowledge that measuring government s redistributive
preferences is a challenging task. The Mirrlees framework  which has dom-
inated the literature on optimal income taxation for decades providesan in-
teresting possibility to discuss the extent of redistribution in relation to these
preferences. The main motivation behind this paper has not been to claim that
redistribution policy of the studied countries is the outcome of optimal pol-
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Figure 5
Ilustration of the Smooth Functions ¥ in the Additive Models of Table 3

Note: The plots also show the 95% con dence bands (dashed) and the covariate values as arug
plot along the horizontal axis.

icy choice, but to utilize this theoretical framework in assessing the taste for
redistribution. Thus, in this paper, we have taken the rst steps to examine
empirically the relationship between the extent of redistribution and the com-
ponents of the Mirrlees modedl.

To describe income inequality and redistribution, we used the Gini coef -
cientsand the P 90=P 50 percentileratios calculated from the L1S database. In
constructing a measure of redistributive preferences, we collected data from
various other sources and utilized the optimal top-tax formula. Instead of re-
lying solely on linear speci  cationsin our empirical models, we also utilized
penalized spline methods to allow nonlinearities in a exible manner. We
found as did numerous empirical studies on inequality and redistribution
before us  a positive link between factor-income inequality and the extent
of redistribution. This result was clear in all our speci cations. Moreover, we
found a signi cant association between the extent of redistribution and our
redistributive-preference measure; high  was linked to less redistribution.
These empirical results are qualitatively in accordance with the numerical re-
sults of the Mirrlees model.
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5. Appendix

5.1. Descriptive Statistics and Data Sources

Table 4
Summary Satistics of Data Used in Models of Tables2 3

Variable N min  mean max
redistribution: RDginirelative 105 2361 36.71 55.62
redistribution: RDp go=p 501rdlative 105 552 20.25 46.25
Ginig 105 3830 47.14 57.50
P 90=P 50¢ 105 192 2.38 3.58
redistributive preferences  pg.or 105 0.05 0.52 0.84
government employment 105 933 19.15 33.65
dependency rate 105 3030 3353 39.55
openness 105 1641 6271 190.11
unemployment rate 105 1.01 8.36 26.19
trade union density 105 7.67 35.06 83.14
redistribution: RDgGiniiabsolute 105 960 17.35 27.90

redistribution: RDp go=p 501absolute 105 0.11 0.49 1.66

List of data sources and de nitions:

Incomeinequality .1/: Ginig, Ginig, P 90=P 50¢, and P 90=P 504 are from
the Luxembourg Income Study (LIS) database (2017); subscript f refersto
factor incomes, and d to disposableincomes.
Redistribution: calculated using the | and 14 variables (described above).
Absolute measures calculated asRD) jasoiue D I¢ 14, and rel ative measures
calculatedasRD..,e.am,eDloo.lf Id/:If.
Redistributive preference ( ), using the optimal top-tax formula D 1
=.1 /. Topincometax rates. / are from Piketty et al. (2011, 2014)
and OECD Tax Database (accessed: 2017-07-24). Piketty et al. dataare used
for years up to 2010; the OECD data are used to extend series further (se-
ries up to 2013 utilized in estimations). As an exception, the whole Finnish
series is constructed using data from the OECD Tax Database (including
Historical table I.1, accessed: 2017-09-20) and the Association of Finnish
Local and Regional Authorities (www.kuntaliitto. , accessed: 2017-09-20).
Pareto coef cients. / are calculated using the relative shares of top 10%
and top 1% income from the World Inequality Database (2017). These two
series were available for all countries in our sample. To create longer se-
ries without breaks, we have imputed data in two cases: (1) when the top-
income-share series begins (ends) one year later (earlier) than our datafrom
the LIS database, we repeat the closest value for that year; (2) when there
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are at most three consecutive observations missing in the series, but we have
datafrom the L1S database, we use linear interpol ation. We assume constant
elasticity and study cases D,,0:10;0:15;0:20;0:25”; in our preferred spec-
i cationsweassume D 0:20. Weinclude only 0 in our data set.
Government employment as percentage of total employment. Source:
OECD Economic Outlook No 100 November 2016 (accessed:
2017-06-02), with supplementary data from OECD Economic Outlook
No 75 June 2004 (data for several countries; accessed: 2016-02-12) and
Eurostat (datafor Germany; accessed: 2017-01-11) .

Dependency rate: share of population who are 14 years or under or 65 years
or over, as percentage of total population. Source: OECD Population and
Labour Force Dataset (accessed: 2017-07-06) .

Openness. the sum of exports and imports as percentage of GDP. Source:
OECD National Accounts database (accessed: 2017-07-06) .
Unemployment rate as percentage of civilian labor force. Source: OECD
ALFS Summary tables (accessed: 2017-08-24) .

Trade union density, as percentage. Source: OECD Labour Database (ac-
cessed: 2017-08-24) .

5.2. Additional Descriptive Figure for RDpgg=p50

Figure 6
Evolution of the Extent of Redistribution when Redistribution is Measured in
Relative Terms: RDp go=p soirelative

Note: 14 advanced countries, unbalanced data. Calculations based on LIS database. More infor-
mation can be found in appendix section 5.1.
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5.3. Sensitivity of Results with Respect to Chosen

Table 5
Sensitivity Checks: Alternative Values for the Elasticity Parameter

Dependent variable: RDginiireaive Dependent variable: RDp go-p soireative
DO0:10 DO0:15 D 0:25 DO0:10 D 0:15 DO0:25
N D120 N D 114 N D 9% N D 120 N D114 N D94
(13) (14) (15) (16) 17) (18)
Ginig T .Ginig / f.Ginig /***  F.Ginig /***
See g.7(a) See g7(b) See g.7(c)
P 90=P 50¢ 22.078*** 22.163*** 21.765***
(1.477) (1.472) (1.588)
4.999% 5.596** 0.050 6.399*** 3.609** 2.041
(2.694) (2.309) (2.058) (2.018) (1.657) (2.153)

Note; ***,** * indicate signi canceat the 1, 5, 10, and 15% levels, respectively.

This table provides selected results of additive model speci cations. The coef cients (and standard errors) are
provided for the linear terms. Figure 7 shows graphs of the smooth functions that are not linear.

The smooth terms signi cance levels are based on approximate F -tests.

All modelsinclude country dummies and the following controls (some enter the model in nonlinear form): share of
government employment, dependency rate, openness, unemployment rate, trade union density, and a exible term
for year.

Figure 7
Ilustration of the Smooth Functions ¥ in the Additive Models of Table 5

Note: The plots also show the 95% con dence bands (dashed) and the covariate values as arug
plot along the horizontal axis.
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5.4. Supplementary Information about the Estimation Method

Consider amodel containing only one smooth function of one covariate: y; D
T .xi/C ;,where ; arei.i.d. N.0; 2/random variables. To estimate the func-
tion ¥ here, T isrepresented so that the model becomes a linear model. This
is possible by choosing a basis de ning the space of functions of which f
(or a close approximation to it) is an element. In practice, one chooses basis
functionsthat are treated as known. P

Assume that the function T has a representation f.x/ D j"lej X7,
where ; areunknown parametersand b; .x/ areknown basis functions. Using
achosen basisfor f impliesthat wehavealinear model y D X C , wherethe
model matrix X can be represented using basis functions such as those in the
cubigyegression spline basis. The departure from smoothness can be penalized
with £ x/2dx. Thepenalty T%.x/?dx canbeexpressedas 'S , where
S isacoef cient matrix that can be expressed in terms of the known basis
functions.

Accordingly, the penalized regression spline- tting problem isto minimize
ky X k®C TS , with respect to . The problem of estimating the de-
gree of smoothnessis a problem of estimating the smoothing parameter . In
the estimation, one faces a bias variance trade-off: on the one hand, the bias
should be small, but on the other hand, the t should be smooth. One needs to
compromise between the two extremes. ¥ 1 resultsin astraight-line esti-
matefor ¥,and D 0 leadsto an unpenalized regression spline estimate. The
penalized |east-squares estimator of , given ,is 0D .XTXC S/ XTy.
Thus, the expected-value vector is estimated as BExy/ D 0 D Ay, where AD
X.XTXC S/ 'XTiscaledanin uence matrix.

This setting can be augmented to include several covariates and smooths.
Given a basis, an additive model is simply a linear model with one or more
associated penalties. The basis dimension for each smooth is usualy not crit-
ical in estimation, because it only sets an upper limit on the exibility of a
term. Smoothing parameters control the effective degrees of freedom, and the
effective degrees of freedom can be used to measure the exibility of amodel.
See Wood (2006, 2017) for more discussion.
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