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ABSTRACT

This paper introduces a new method of analysing how the changes
in tax-benefitt-system have been reflected in income inequality. This
method is a combination of microsimulation based decomposition (Bar-
gain and Callan, 2010) and a multivariate regression based decompo-
sition (Fields, 2003; Yun, 2006). It allows analysing how the policy
changes have affected the importance of different individual character-
istics in income inequality. With the variance of log of incomes, the
decomposition can be made further to separate the changes directly
related to policy decisions from the overall price- and residual effects.
This method is applied to analyse the evolution of income inequality in
Finland from 1993 to 2014.
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1 Introduction

The rising inequality is one of the main concerns in the modern world. During the past decades,
income inequality has risen substantially among the developed countries (OECD, 2011; Atkin-
son and Bourguignon, 2015) and Finland is not an exception in this matter (see Figure 1).
There are many different reasons behind this evolution, but the question is not completely
solved. Crudely speaking there are four different issues which affect income distribution: 1)
changes in sociodemographic characteristics, 2) changes in importance of different character-
istics on individual’s income, 3) changes in politics and 4) business cycles. What makes the
analysis difficult is that these factors may also interact with each other. Raising labour taxes,
for example, lowers the value of being employed. Especially from a policy maker’s perspective
it is important to be able to separate the factors driving the evolution of economic inequality,
since the policy actions will vary depending on the reason. Currently there is no method for
isolating the effect of policy changes (changes in income inequality that are accounted to the
changes in tax-benefit-system) from the overall evolution of importance of individual charac-
teristics in income inequality. To fill this gap in the literature, I propose a new method, which
is a synthesis of two decomposition methods used in the literature.

Generally, the policy effects are analysed by using microsimulation based methods (Bargain
and Callan, 2010; Bargain, 2012a,b; Herault and Azpitarte, 2016) and the effects of different
characteristics can be analysed by a multivariate regression based decomposition (Fields, 2003;
Yun, 2006).! In the literature of microsimulation the focus is on questions like 'How changes
in taz-benefit-systems have affected income distribution?’. With the microsimulation methods
it is possible to isolate the policy effect on income inequality from the other effects and it can
be extended to analyse the behavioural effects of the policy changes. However, these methods
do not tell anything about how these changes affect the importance of different characteristics
in income inequality. Whereas the multivariate regression based decomposition tells "How
individual /household characteristics affect income inequality?’. Also, it allows to further analyse
whether the evolution has been driven by the price-, quantity- or residual effect.? The downside
of this method is, that it cannot distinguish whether or not the changes are driven by the changes
in politics.

My proposed method combines the benefits of both methods and the synthesis of these two
is surprisingly simple to form. This new method tells how the changes in tax-benefit-system
have affected the importance of each characteristic in income inequality. With the variance
of log of incomes, this method also allows isolating the policy effect from the total price- and
residual effect, providing more information about the reasons behind the evolution of these two.
For instance, it can be analysed how much of the change in education premium is accounted

to tax-benefit changes and how it has affected the income distribution.

!For an extensive overview of other decomposition methods used analysing distribution of incomes see Fortin,
Lemieux and Firpo (2011).

2Price effect is the effect caused by a change in the importance of a variable on income and the quantity
effect is caused by the change in the distribution of a characteristic among the population.



The proposed method is applied to study the evolution of income inequality in Finland and
there are several reasons why Finland is an excellent subject to study. Figure 1 illustrates the
evolution of Gini coefficient for original and simulated datasets from 1993 onwards. During
the 1990’s inequality rose rapidly in Finland and since 2005 only small changes have happened.
From the earlier research with Finnish data, we know that policy changes have increased income
inequality (Bargain and Callan, 2010; Honkanen and Tervola, 2014), which is somewhat different
from the observations found in the international context (see Hills, Paulus, Sutherland and

Tasseva (2014); Figari, Paulus and Sutherland (2015)). However, policy changes are not the
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Figure 1: Gini coefficient in Finland

Note: Majority of the simulations are done using data from year 2011. Simulated year
2011 is formed by using data from year 2014
Source: Author’s own calculation based on service data of income distribution and SISU-

model

only reason behind the change in inequality and one other explanation is the rise in capital
incomes among the top earners (Riiheld, Sullstréom and Tuomala, 2010). Also, the collapse of
Soviet Union was a large unexpected shock to Finnish economy and it changed the composition
of it (Gorodnichenko, Mendoza and Tesar, 2012). Finally, the distribution of sociodemographic
characteristics in Finland have changed considerably since the early 1990’s. For example, in
1993 only 4.6% of the over 15 year old had master’s degree or higher and in 2014 the share was
10.9%. These changes in the distribution of the characteristics may have altered the income
distribution, but also the importance of these characteristic in individual incomes may have
changed as well.

For these reasons, I am using this proposed method to analyse the evolution of income

inequality in Finland. My first aim is to study how much inequality is accounted to different



individual /household characteristics and how policy changes have altered it. Second aim is to
investigate which effects have driven the evolution. I find that price-, quantity and residual
effects all explain around 1/3 of the evolution in income inequality. I also find that policy
changes had a significant role in the rise in inequality, but since 2005 those have equalised the
income distribution. My final aim is to analyse how policy changes have altered the income
distribution. I find that policy changes have mostly changed the importance of individual
characteristics, since the majority of the price effect can be traced to policy changes. Still,
policy changes have also affected income distribution in a way that cannot be explained.

This paper is organised as follows: in Section 2 is presented microsimulation- and multi-
variate regression based decompositions and the synthesis of these two. Third section discusses
the data and the empirical strategy and shows the decomposition results for Finland. Then the

final, fourth, section is for conclusions.

2 Unified framework

2.1 Decomposition of policy effect with microsimulation

First, defining some notation and terminology. Household’s socio-economic characteristics in
year j are described by vector X; and their original (gross) incomes (in year j) are denoted
by a vector Y. Following Bargain and Callan (2010) and Figari et al. (2015), I distinguish
between the tax-benefit function (e.g. the rules of the taxation and benefits) and the monetary
parameters (e.g. tax brackets). Tax-benefit system k is a function defined as fr(X,Y,mg),
where parameters my, are the monetary parameters used in tax-benefit system. Household

disposable income in year k£ with the tax-benefit system from year j is then
Y (X, Y, m5) = Yy, + f( X, Yi, my)

In this paper, I restrict the attention to the static effects of policy changes, but it is possible
to take into account the behavioural (indirect) effects of policy changes as is done in Bargain
(2012a,b). Therefore, the direct effect of policy changes from A to B on household disposable

income, while keeping the original incomes and characteristic unchanged, is
A7 - VB<XA7 YA7 mB) - ’}/A(XAa YA7 mA)

This is the so called "morning after" policy effect. These kinds of calculations are usually used
to form counterfactuals in "what if" kind of setup. For example, when analysing what would
be household’s disposable income in year B if we had the tax-benefit-system from the year A,
denoted as 73 (To shorten notation v4 = 7). However, in these kinds of studies we need to

adjust the policy parameters according to the changes in prices or mean incomes. Let « be this



adjusting factor.®> Now, when using end period B data (denoting the initial period with A) the

change in disposable income is

Ay =v5(Xp,Yp,mp) —va(Xp, Y, amy)

=y — 7h
and with the initial period data A it is

Ay =yp(Xa, Ya,a ' mp) — 74(Xa, Ya,m4)

=74 —a

Where the subscript of v denotes the year of original incomes and characteristics (i.e. pop-
ulation) and superscript of v indicates the year of the policy-parameters and the tax-benefit
function.

Then using similar notation, the effect of these policy changes to some inequality measure
Iis

Al =1 ['YB(XB>YBamB)] - [[’YA(XBaYB,CYmA)]
=Ip— I} (1)

and

AL =1 [v5(Xa, Ya,0 'mp)| — I [v4(Xa, Y4, ama)]
=151, (2)

As Bargain and Callan (2010) points out, this decomposition gives the absolute policy
effect on income distribution and it is possible to conduct the decompositions with either end
or base year data. They also argue, that if there is access to both the end and base year
data, the relative policy effect can be formed by using Shorrocks-Shapley decomposition.* The

Shorrocks-Shapley decomposition is in this case just the average of these two effects:

1 1
Ap =3 [Is —I5] + 3 (15 — I4]
1
=5 [Ip — I + 1§ — I4] (3)

In other words, the above equations capture the direct policy effect on income inequality when

the other factors are kept constant.

*How to choose the parameter « is discussed in Hills et al. (2014)
4See for example Shorrocks (2013).



2.2 Multivariate regression based decomposition

Following the work of Fields (2003), the observed inequality can be decomposed to the con-
tributions accounted to each household /individual characteristics. This decomposition can be
formed with virtually any inequality measure. However, according to Yun (2006), with the vari-
ance of log of incomes the decomposition can be made further to distinct the price-, quantity-
and residual effects from each other.

The procedure of the decomposition is simple. First, the income generating function is
estimated by using the OLS:

N
Yi = Z 5cXci + &
c=0

where y; = In(7;) is the log of household disposable income, (:s are the regression coefficients,
X:s represent the set of household/individual characteristics (X; € X Vi) and ¢ is the error
term. To ease the notation, I suppress the individual subscripts in the equations.

Then the fitted values of the estimation are used to form the relative characteristics inequal-

ity weights:

o, _Cov(BeXey)
‘ o*(y)

(4)

These weights are invariant of the choice of inequality and the share of the residual can be
calculated the same way. The weights are scaled down with the variance of log of incomes and
so these shares present the percentage shares accounted to each characteristic. Thus, those will
sum up to one.

The absolute contribution of each characteristic is just the product of the calculated weight
and the value of the inequality measure: S, = s./.5 Then, the absolute change caused by some

characteristic c¢ is
ASC = SCB]B - SCAIA

And the total change can be expressed as:

N
AI'=Y (seplp — scals) (5)
c=1
Where subscript A denotes the base period and B denotes the end period.
Yun (2006) shows that it is possible to do the decomposition further to separate the quantity-
, price- and residual effects, when using the variance of the log of incomes as the inequality

measure.’ Then the decomposition takes the form:

5Here I indicates an inequality measure that is calculated using disposable income.
5One problem with the variance of log of incomes is that it cannot be guaranteed to satisfy the Pigou-Dalton



N N
2 N7 ( 2 gt02)) (5102 — 2 ) 4 o2 g2
Ao, = g ScBO,, — S.0,+) + g 80y« — Sca0,,) + 02, — 0.,
c=1 c=1

=AY+ AP 4+ A° (6)

2
Y

refers to values that are formed using an auxiliary income distribution, where the coefficients

where A and B are defined as before, o7 is the variance of the log of incomes, superscript

of characteristics are replaced while keeping the characteristics intact. Formally defined as:
Y= Z BepXea +ea (7)

The first terms in equation (6) capture the quantity effect, the second ones are the price effect
and the last terms present the change accounted to the changes in the residual.” Price effect
is the effect caused by a change in the importance of a variable on income (the rise (decrease)
in the price effect means that the particular variable has become the more (less) important
determinant of an individual’s income). Whereas the quantity effect is caused by the change
in the distribution of a characteristic among the population (the rise (decrease) in the quantity
effect means that the particular variable has become more (less) unequally distributed among
the population).

There is also other possible way to form the auxiliary income distribution, it can be formed

by replacing the characteristics while keeping the coefficients intact:
y** = Z /BCAXCB +éeB (8)

With the auxiliary income distribution defined in equation (8) the decompositions of the price-,

quantity and residual effects takes the form:

N N
803 =3 (ol = 3570%) 4 2 (50 = seach ) 02, — o,
c=1 c=1
=A" + A® + A° 9)

Therefore price- and quantity effects presented can be calculated in three ways: 1) using equa-
tion (6), 2) using equation (9) or 3) taking average of these two. The last one corresponds to
Shorrocks-Shapley decomposition and it uses more information than the other two. Also, there
is no particular reason to prefer the first or the latter decomposition and therefore in this paper
the price- and quantity effects are formed using the average of equations (6) and (9).%

The Fields’ method can be extended like factor source decomposition (presented in Shorrocks

principle of transfers.
"Due to construction of OLS, s.o = oZ.
8In Appendix G are shown the price- and quantity effects formed according to equations (6) and (9).
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(1982)) to distinguish between the pure- and interaction effects of character ¢ in income inequal-

ity. For this reason, the price- and quantity effects are possible to decompose the similar way.!°

2.3 Synthesis

In this paper, I am only considering the static effects of policy changes and therefore, policy
change has two ways to affect the income distribution: i) it may alter the importance of the
characteristics (i.e. price effect) and/or ii) change the explanatory power of the characteristics
(i.e. change the residual).!! For this reason, combining these two methods is straight forward
to do to form the price- and residual effects of the policy change on each characteristic. As
before, there exist three possible combinations to analyse: 1) using end period data, 2) using
initial period data or 3) using both.

First, the income generating function is estimated and the relative characteristic inequality
weights are formed according to equation (4) with the simulated and original datasets. (De-
noting In(y) = y.) Then, accordingly combining equations (5) and (1) gives the decomposition
with the end period data.

N
Alpp :Z |:SCBIB - chfg + 5.,1p — ssglé

c=1

:AEB + ATDBJ (10)

where subscript B indicates which year’s population is used in the decomposition. Similarly

for the initial period data the following decomposition holds:

N
Alps=Y" [scgff — s, a| FsIf — s,

c=1

=Ap, + A%y (11)

and when having access to both initial and end period data we get the following:

N
1
Alpap = [z enlin = sy T4+ 578 — SCAIA}]

c=1

1
+ 5 [SEB[B — saglé + SSEIE — SEAIA}

=ADup + A% a5 (12)

In all of the above decompositions, the term inside the sum operator is the change in the

absolute contribution of each character ¢ caused by the policy change. This change can be

9Details are shown in Appendix A.

OProof is shown in Appendix B

"Tn a dynamic setting, it could also have an impact on the gross incomes and distribution of characteristics,
namely labour market status.



interpreted as the price effect of the policy change on income inequality, since the population
and original incomes are kept intact.'> The second terms capture the change in the contribution
of the residual term accounted to the policy change.

Before this, T have not made any specific assumptions about the inequality measure. It
is possible to conduct the above decompositions with virtually any well behaving inequality
measure as is the case with Fields’ decomposition. When using the variance of the log of
incomes as the inequality measure it is possible to compare the total price effect obtained from
equation (6) with the price effect caused by the change in the tax-benefit-system (equations
(10), (11) and (12)). The same applies to residual effect.

The price effect calculated by the equation (6) or (9) is the total price effect between periods
A and B conditional to base or end year data. Those can be expressed as a sum of the change
caused by policy changes and the change caused by other factors and the same holds for their

average as well. Therefore, with the variance of the log of incomes the following holds:
AP = AL+ AL, (13)

Where A” is the total price effect, AL is the part caused by policy change and A is the
price effect caused by other factors than the changes in the tax-benefit-system. AT and AL
are obtained from the earlier decompositions and, thus, it is possible to calculate the A5. The

same can be done with the residual effect:
A =A% 4+ AR, (14)

As before, AL and A% can be calculated either with initial or end period data or using
both. However, both initial and end period data is required to form the total price- and
residual effects. Also, the price effect can be formed in three possible ways (equation (6), (9) or
both). Therefore, there is 9 possible combinations to form AL and three possible combinations
to form Ag,.

Even though, here I am only studying the total effects of policy changes, the same equations
are applicative to study how some of the changes in the tax-benefit system have affected. For
example, it could be in our interest to study how the changes in the benefit side or taxation

have separately affected.

3 Application to income inequality in Finland

3.1 Data and empirical strategy

The analysis is performed with triennial cross-sectional data from 1993 to 2014. The data

used is the service data of income distribution collected by Statistics Finland, which can be

12This is shown formally with the variance of logs in the appendix C.



(partly) used with Finnish microsimulation model SISU (Official Statistics of Finland (OSF),
2014). The yearly sample size is around 25 000 individuals in approx. 10 000 households and
it includes a large amount of information about the individual/household characteristics and
their incomes.

The analysis is conducted in two steps. First, counterfactuals are formed by using SISU
microsimulation model. The majority of the Finnish tax-benefit system is encoded in SISU
model from year the 1993 onwards. However, the SISU model is not compatible with the data
before the year 2011 and therefore the simulations are carried out by using data from the years
2011 and 2014. 2011 data is used to form counterfactuals for years 1993, 1996, 1999, 2002,
2005, 2008 and 2014 whereas counterfactual for year 2011 is done by using the data of 2014.

Doing the simulations this way means I can not calculate the policy effect of each sub
period as is presented in equation (1) or (2).' Therefore I have to approximate the policy
effect between these years. So, keeping the same notation as earlier, but looking three different
years: A, B and C, where C' is the only year applicative to microsimulation. Then, the policy

changes C' — B and C' — A are:

Apy =Ic —I§

Apy =Ic — I8

The difference between these two then gives the approximation of the policy change B — A

conditional to the data from year C":
Ap=15-1¢

and, in this paper, this approximation is used to form the policy effect of each subsequent
period before the year 2008.

As mentioned earlier, the value of money changes over time and for this reason the monetary
parameters are not straight applicative from different years with data from other year. There
are at least three different possibilities how to choose the adjusting parameter: 1) the Consumer
price index (CPI), 2) the Market income index (MII) or 3) no indexation. Differences between
these three and how those affect counterfactuals are discussed more details in Hills et al. (2014).

I use the CPI because of a couple of reasons. First, usually benefits in Finland, if those are
tied, are tied to CPI. Second, using CPI means that every family can afford to buy the same
basket of goods over time. So, the policy changes reflects better the welfare changes associated
with the changes in legislation. However, as with any index, there are problems associated with
the CPI. First, not every benefit is tied to index. Meaning that, adjusted simulated benefits
may be higher than they really should be. Second problem is related to growth in incomes. If

incomes grow the higher rate than than the CPI, households on benefits lose relatively compared

3For example, the policy effect from the year 1993 to 1996 cannot be done that way since the earliest data
year which can be simulated is 2011.
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with families with earnings. Indicating that the tax revenues grow faster than the expenditures
of benefits. Also, families with earnings are better off in real terms since tax-brackets do not
grow as fast as incomes.

In the second step for both actual data years and counterfactual dataset are analysed ac-
cording to Fields’ and Yun’s methods. I follow the example of Brewer and Wren-Lewis (2016),
all the characteristics are transformed to a set of indicator variables and these variables are
used in the analysis. At the end relative shares are summed up back together to form the
total effect of each characteristic. This is possible to do, because of the additive nature of the
method.

The decompositions are conducted with the log of household’s disposable income scaled by
the modified OECD equivalence scale. The decompositions are done at the individual level
by using household level weights multiplied with the number of people in the household. Only
household heads are used in the analysis, but the household head is given the information about
any spouses.

There have been changes in the variables during the time span of the analysis. There are new
variables and for some of the variables the definitions have changed. In the analysis I only use
variables that are found in every yearly sample'* and I try to make them comparable between
each sample year. Therefore some variables are recoded.’® The most crucial change in the
variables happened in 1997 when the definition of the level of education changed. Before 1997,
secondary schooling was divided into two categories: lower- and upper secondary schooling.
Since the 1997 there has been only one category in secondary schooling and at the same time
some of the educations were moved from the upper secondary to the lowest- or lower tertiary
levels. Engineers were moved from the upper secondary school to the lower tertiary level
and nurses were moved from upper secondary school to the lowest tertiary level, for example.
It is impossible to reliably identify the person’s field of education before 1997 and therefore
the results for secondary schooling and lowest/lower tertiary level education are not entirely

comparable before and after 1997.

3.2 Results

To better illustrate the evolution of income inequality, in Figure 2 is presented the indexed
evolutions of the variance of logs and the Gini coefficient for both the actual and simulated
data. It can be seen that the changes of the simulated data are clearly smaller than the actual
evolution, indicating that both policy changes and other factors have had an important role in
the evolution of inequality. This holds with both the Gini coefficient and the variance. The
evolutions of the Gini coefficient and the variance differ in levels, but the overall trends are

similar between these two. Therefore, using the variance of log of incomes should not distort

4For this reason some of the relevant variables are not included in the analysis, for example the field of the
education is excluded.
5Full information about the variables is listed in Appendix E.
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the results.

1.6
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Variance of logs (original) Variance of logs (simulated)
=== = (5ini Coefficient (original) = === Gini Coefficient (simulated)

Figure 2: Scaled inequality measures for actual and simuated data in Finland

Note: Majority of the simulations are done using data from year 2011. Simulated year 2011
is formed by using data from year 2014. All the values have been scaled by the base year
values, so in year 1993 every measure gets the value 1.

Source: Author’s own calculation based on service data of income distribution and SISU-

model

The largest difference between original and counterfactual datasets is related to the timings
of the rapid changes. As shown earlier, inequality rose rapidly in Finland during the 1990’s
but with the simulated data only a small increase in inequality can be seen during that time.
The majority of the changes in inequality with the simulated data can be traced after the year
2002. This indicates, that before 2002 the majority of the change is associated with the factors
other than policy changes. After 2002 it seems that this has changed and the policy changes
have become the dominant driver of the evolution of income income inequality.

Now inequality is decomposed by six individual (age, employment status and education by
both genders) and two household characteristics (region and household type). The decomposi-
tion is done by using the characteristics of the household heads and the characteristics of any
partner of the household head. For each of the characteristics, indicator variables are created
according to which subgroup the individual belongs to. Then, the total contribution by each
group is formed as a sum of the shares of the indicator variables belonging to that particular
group.'6

Table 1'7 presents the shares of each characteristic and the share of the residual with the

actual and simulated data (formed according to equation (4)). According to Table 1 the largest

16See Appendix E.
1"The shares and absolute contributions for each year are shown in Appendix F.
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share with both datasets is accounted to the residual meaning that there is a lot of variation
that cannot be explained with these characteristics. However, the share of the residual has
substantially decreased so the explanatory power of the variables used has increased. In 1993
only 40.0% could be explained, but in the year 2014 the same variables explained 50.2%. With
the simulated data, the percentages are 45.2% and 48.1%.

Table 1: Shares of characteristics in income inequality (%)

Actual data

Household Age Employment status Education
Years | Residual | Region type Male Female | Male Female Male Female
1993 60.0 3.1 4.5 5.6 3.7 5.2 6.9 6.2 4.8
2002 55.2 1.9 3.8 6.6 3.7 8.1 7.1 8.3 5.2
2014 49.8 2.1 2.2 9.0 3.7 9.3 6.9 8.7 8.3

Simulated data

Household Age Employment status Education
Years | Residual | Region type Male Female | Male Female Male Female
1993 54.8 1.9 3.1 7.5 24 7.6 7.6 7.9 7.1
2002 51.3 1.9 3.1 7.5 2.4 8.9 8.9 8.4 7.6
2014 51.9 2.0 3.1 7.5 2.6 8.5 8.0 9.0 7.4

Note: Simulated years are formed using data from the year 2011. 95% confidence intervals are shown in
Appendix G.

For both datasets employment status, education and age of males explain large fractions
of the observed income inequality, whereas region, household type and age of females do not.
Difference between the shares calculated with the actual and simulated data is how those have
evolved. Actual changes in the contributions of residual, household type, education, age of males
and male employment status are statistically significant. Whereas, with the simulated data,
none of the change in the relative contribution of the characteristics is statistically significant.

Employment status has several interesting features. First of all, its’ role, especially among
males, has increased over time and this change is statistically significant. Also, policy changes
have some effect on its’ contribution to income inequality and a little surprising is that the
female employment status was more important factor than males’ employment status in income
inequality, but no more in the 2000s.

The most interesting finding in Table 1 is the role of education. For both genders the
contribution of education in income inequality has increased, but those have evolved differently.
The majority of the change in the contribution of male education happened before 2002 and
since that nearly no changes. For females’, it is the other way around.

Age is the only factor that behaves completely different between the genders. The males’
age makes a clear (both relative and absolute) contribution to income inequality and it has
become a more important factor since 1993. Whereas the role of females” age is clearly smaller
and its’ importance have remained fairly constant since 1993. These findings can not be traced
to policy changes, since the role of age for both genders does not vary between the simulated

years.
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Household type is generating less inequality in 2014 than in 1993. Only at the beginning of
the 2008 crisis its contribution peaked. This indicates that the recession hit differently according
to the type of the household. However, the relative contribution has decreased and not even in
2008 the relative contribution was higher than in 1993. Surprisingly with the simulated data
the role of the household type has not changed since 1993. This is surprising since the majority
of the benefits in Finland are related at some level to household type.!* One explanation for
this might be that the amounts of household related benefits are small at the aggregate level
and therefore those have only small effect on income inequality.

Next the absolute contributions of each characteristic are decomposed to the price-, quantity
and residual effects according to the average of equations (6) and (9). These results along the
side with the total policy effect are shown in Table 2.1% After that, the price- and residual effects
are further decomposed to separate the evolution accounted to policy changes (see equations
(13) and (14)) from the other effects. These findings are reported in Table 3. Approximately
36.6% of the change in income inequality is accounted to price effects, 31.9% to quantity effects
and 31.5% to residual effect. Policy effects explain 46.9% of the change in income inequality,
but as mentioned, these are already included in the price- and residual effects.

Before moving forward, some cautionary notes are in place. The results of the policy effect
are highly sensitive and probably not robust for, at least, three reasons. First, as Bargain and
Callan (2010) mention, the longer the time span between the data and legislation year the more
inaccurate the results will be. This inaccuracy can be reduced by using more data to smaller
the distance between the legislation and data year. Also, using both initial and period data will
reduce inaccuracy, but, unfortunately, neither one is possible to do with the microsimulation
model in hand. Second, the choice of the index will affect the results especially with the long
time span. Solution to this problem is the same as previously: reducing the distance between
the legislation and data year. Third, Pigou-Dalton principle of transfers cannot be guaranteed
to hold with the variance of log of incomes. Using more frequent data cannot solve this problem
and it is an undesired feature of the method proposed here. Luckily, it seems that the calculated
policy effects are fairly similar between the Gini coefficient and variance of log of incomes (see
Figure 2 Appendices F and G) and this should not change drastically the results.

The price-, quantity-, residual- and policy effects have not evolved steadily over time and
some of them have turned their direction. For instance, residual effect accounts the largest
share in the evolution of income inequality before the year 2002, but after that it has decreased
inequality. The price and quantity effects have increased inequality during the whole time span,
but their magnitudes have become smaller in the second half. Especially price effect has been

substantially smaller since 2002 than before that. Policy effect, on the other hand,

8For instance, also the incomes of your spouse determines if you are eligible to receive some benefits and
how much you are eligible to get. Also, some benefits are directly targeted to certain types of households, for
example the child allowance.

¥One thing to be noted is that, price- and quantity effects are not time additive, whereas the other effects
calculated are. Therefore, for these two effects, the yearly decompositions presented in Appendix F will not
sum up to the results shown in Table 2.
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Table 2: Changes in income inequality, price-, quantity and residual effects (1000x variance of log of incomes)

Years Total Price  Quantity Residual Policy | Region | Household type Age Employment status Education
Change Effect Effect Effect Effect Male Female Male Female Male Female
P Q P Q P Q P Q| P Q P Q P Q P Q
1993 - 2002 | 59.8 19.3 145 26 13.5 -0.7 01 | 1.1 0.1 27 28 06 1.7]102 -12 23 23|37 45 -05 4.1
2002 - 2014 | 21.8 10.1 12 -0.3 24.7 09 -0.2]-24 -0.2 51 1.7 -0.7 15|34 12 16 -06]|-1.5 41 39 45
1993 - 2014 | 81.6 209 26 25.7 38.3 0 0.1 -1 -0.4 77 46 0 31|135 01 37 19|32 75 28 92

Note: Negative values indicate that on average the effect has negative contribution to income inequality. Annual decompositions are presented in appendix
F.

Source: Author’s own calculations based on the service data of income distribution.

Table 3: Price and residual effects decomposed to policy and other effects (1000x variance of log of incomes)

Years Price effect | Residual effect | Region | Household type Age Employment status Education
Total Male Female Male Female Male Female
A AL A A% AL AL | AL AR AE AL AE AL AL AR AL AE AL AL AL AL
1993 - 2002 | 6.2 13.1 | 25.6 0.4 -0.9 0.1 0.6 0.5 1.7 1 |01 05|67 35|-1.3 36|17 2 [-24 19
2002 - 2014 | 3.7 6.4 |-18.6 18.3 0.5 04 |-3.7 1.3 34 18 1]-21 14|31 03|27 -11/|-35 2 |35 04
1993 - 2014 | 10.4 19.6 7 187 |-0.6 0.6 |-2.8 1.8 5 28 |-19 19|98 37|12 25|-09 4 |05 23

Note: Negative values indicate that on average the effect has negative contribution to income inequality. Annual decompositions are presented in appendix
F. Change from 2011 to 2014 is calculated as an average of these two.

Source: Author’s own calculations based on the service data of income distribution and SISU-model.



is significantly higher during the second half than in the first half. Since 2002, policy effect
has been even larger than the total rise in inequality. However 2/3 of the total policy effect
is accounted to the year 2005 and whether to include the year to the first or second half will
change the results. Since 2005 policy effects have had an equalising effect on income inequality
and the same holds also with the Gini coefficient.?

When, looking the channels of how policy changes have affected the inequality interesting
aspects come up. First of all, from 1993 to 2002 policy changes were solely affecting the
importance of different characters on individual’s income. During that period around 2/3 of
the price effect was accounted to policy changes. During the second half, the channel turned
upside down. Still, policy changes accounted about 2/3 of the total price effect, but the majority
effect and the residual effect accounted to policy changes cancels each other out and therefore
the residual effect has been nearly zero since 2002. In other words, since 2002 the policy changes
have affected the income distribution mostly in a way that can not be explained.

Employment status, especially employment status of men and education are affecting the
most to the change. From 1993 to 2002 changes in education accounts for around 19.7% of the
total change in inequality and from 2002 to 2014 it accounts for about 50.5%. For employment
status, the numbers are 22.7% and 25.7%. The most striking finding is the differences in
quantity and price effects between these two. The changes in the employment status of men are
solely due to the price effect and it single hands accounts 45% of the total price effect. Whereas
the quantity effect accounts for the majority of the change in education. This indicates that
the changes in the distribution of education have increased income inequality. Education has
also become more important determinant of individual’s income and therefore it is generating
more inequality.?! Another interesting difference between these two is that share of the price
effect accounted to policy changes vary. Only 1/4 of the price effect of the employment status
of men is accounted to policy changes. Whereas for the education and employment status of
women the price effect is almost solely driven by policy changes.

Here also, the role of age has interesting features in explaining the changes. The age of
males has clearly affected the evolution. In the first half, it accounts 9.2% of the change in
inequality and during the second period the share increased to 31.2%. The changes in the age
distribution of both genders are generating more inequality. However, only for males age has
become more important factor in individuals’ income. The part of price effect accounted to
policy changes is almost the same between genders, but other factors have driven the evolutions
to opposite directions. For males other effects have increased the importance of age in income,
but for females it has decreasing effect. This may be due to the fact that in Finland females
have educated themselves on a large scale much shorter time than males and that men receive
more self-employment and capital incomes, which usually tend to increase over age.

The changes accounted for the household type are unique, but not statistically significant.

20Results for the Gini coefficient are shown in Appendix G.
21The change in the definition of the level of education in 1997 might have affected the results obtained from
1993 to 2002. Especially the result for quantity effect might be larger than it in reality should be.
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It is the only variable that has equalised the income distribution, but this is not due to policy
changes. On the contrary, policy changes have made the household type more important factor
in income. Here also, the changes in the distribution have increased the inequality. The last

variable used was the region and it has nearly no effect on changes in inequality.

4 Conclusions

In this paper, a new method of analysing how the policy changes have affected the income
distribution was introduced. This new method combines the benefits of the microsimulation-
and regression based decompositions. It allows analysing how policy changes have affected the
importance of sociodemographic characters in income inequality. With the variance of log of
incomes decomposition can be made even further to isolate which part of the price- and residual
effect is accounted to policy changes and which part is not. This new method was applied to
study how different characteristics have affected the income distribution in Finland since 1993.
First aim was to quantify how much policy changes, price effect, quantity effect and residual
effect have affected the evolution of income inequality in a static setting. Second aim was
to investigate how much policy changes have altered the price effect of individual /household
characteristics.

The price-, quantity- and residual effect all account around 1/3 of the total change in
inequality from 1993 to 2014. This indicates that both the changes in the distribution of the
sociodemographic characteristics and the changes in the importance of these characteristics
explain significant part of the rise in inequality. Results with policy changes were in line with
the earlier findings of Honkanen and Tervola (2014). Policy changes account the largest share
in the evolution of income inequality in Finland (about 47% since 1993). However, this result
is very sensitive and the policy changes have not increased inequality during the whole time
span. Since 2005 policy changes have equalised the income distribution. About half of policy
effect could be traced to the price effect of different characteristics and other half was affecting
the residual term. The most interesting finding was that the majority of the change (about
2/3) in inequality accounted to the change in importance of the characteristics in individuals’
income were caused by the policy changes. The same does not apply to residual effect, where
the majority of the changes remained unexplained.

I also find interesting features in the changes of the contributions of different characteristics
on inequality. For instance, the most important character was the employment status of men
and it was solely driven by the price effect. Whereas the changes in the distribution of level of
education made substantial increase in income inequality.

This new method does not allow, at least yet, studying how policy changes have affected
the quantity effect. It can be the case that policy changes have had indirect effects that may
have altered the distribution of the characteristics and it would be interesting to analyse these

effects. For now this is left for future research.
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Appendices

A Pure and interaction effects

Shorrocks (1982) showed that the contribution of income source k can be decomposed to two
parts: A) the pure contribution of income source k on inequality and B) the interaction effect of
income source k on inequality. Fields’ (2003) decomposition method is very close to the factor
source decomposition and thus Shorrocks example is easy to apply in this set up.

Following Shorrocks’ example, the contribution of character ¢ can be regarded in two ways:
A) the inequality which would be observed if character ¢ was the only character affecting
income and B) the amount by which inequality would fall if differences in characteristics ¢ were

eliminated. Formally, these can be expressed as:

CA =1 (BXe+ (1 — BX.))
CP=I(y) =1 (y— BeXc+ BX.)

Where [ is some inequality measure, y log of income, u is the mean of log of income and over
line presents the mean as well.

Shorrocks (1982) showed that this can consistently be done with the variance of incomes
and square of the coefficient of variation as an inequality measure. With the variance of log of

incomes C# becomes:
Ct =0 (BXe + (1 = BXe)) = o (BXe)
And similarly CPZ is

CP =c*(y) — 0 (y — BeXe + PeXe)
=*(y) — 0° (y — BeXe) = 0*(y) — o*(y) — 0°(BX) + 2c0v(y, B Xe)
= — 0°(BXo) + 200v(BeXe, B Xo) + 200V (B X,y — BXe)
=0%(BeXe) + 2c0v(BXe,y — BeXe)

And the contributions derived from the equation (4) are then:

Se = 500-2 = COV(BCXQ y) - (C? + CCB)

N | —
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B Price- and quantity effects decomposed to pure- and in-

teraction effects

The income generating functions are defined as:

ya = Z/BCAXCA +ea
Yp = ZﬁcBXcB +é€B

v = BenXeatea

And the pure- and interaction effects are defined as:

Cf =o” (ﬁcXC) = ﬁcQUQ (XC)
CB =0*(B.X.) + 2cov(B.X.,y — B X.)

Given C4 and CB, the contributions derived from the equation (4) are then:

2

Se = 5.0, = cov(B.X,,y) = (024 + Cf)

DO | —

The share of C# and CP in the total change of inequality is then:
1
AS. = 2 [ACH + AC]
From the equation (6) we know that:

A=A+ AP+ A=) " [A? + AL + A]

Cc

Where A9 is

A© :303‘753 - szai*
:COV(/BCBXCB7 yB) - COV(ﬁcBXcAa y*>
1 A B 1 A B
25 (CCB + CcB) - § (Cc* + Cc*)

:% [Bngar(XcB> - ﬁngar(XcAﬂ

(Cep — &%)

C

2

_1 (825 AVar(X.)] + % 2pAVar(X,) +2  Bopfip[Acov(X,, X))

2 ;
i#c
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And similarly A? is

1 1
AP = 5 [Var(X.)AB?] + 3 Var(X)AB2 + 2 cov(Xea, Xia) AB.B;
i#c

C Effect of the policy change in price- and residual effects

To show that policy effect really is either price- or/and residual effect, the counterfactuals need
to be formed first. Then the change between counterfactual and actual data is decomposed

according equation (6). With the end, period prices it takes the form:

Ay =v5(Xp, Yg,mp) —v4(Xp, Y, amy) =
Al(y) =I[vs(Xp, Y, mp)| — I[7a(Xp, Yp,ama)]

Now the change can be decomposed like before to the price-, quantity-, and residual effects:

N N

2 _ 2 _ x .2 x 2 2 2 _ 2
Ao, = E (scBayB scay*) + g (36%* 5,40 A) T O, 0
c=1 c=1
= AY+AP + A®

Where the income generating function is estimated with OLS as:
Y = ZﬁcBXcB +¢EB
g =) BuXi+ep

And y* is defined as:

Y= ZﬁcBXSB + 5g

Since X/ is equal to X.p (the same data set used in the analysis), the above equations take

the forms:
yB = ZBCBXCB +eB (15)
s =Y BlpXen +en (16)
v =Y BsXp+ep (17)
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Therefore,

ScBaiB :COV(ﬁCBXcB7 yB) = COV(BCBXCB7 Z BCBXCB + 8B)

c
=0 eq. (15)

———
:COV(ﬁcBXcBa Z 5CBXCB) + ﬂcB COV(XcBa EB)
=0 eq. (16)

A
=cov(BenXen, Y BenXen) + Ben cov(Xep, ep)

_ox 2
=8.0y., Ve=
N
Q __ 2 x 2 o
A% = (sepoy, — sio0.) =0
c=1

Whereas the price- and residual effects won’t (necessarily) vanish since:

SZO-;* :Cov(ﬁcBXcBa yB) - COV(/BCBXCB7 Z 6CBXCB + 5A)
=0 eq. (16)

=B25cov(X,p, X g ; ; a
—FeB cB) CB) + BcBﬁzBCOV(XcBa XzB) + /BCB COV<XCB7 53)
iF#c
=0 eq. (16)
e N

#5§§COV(XCB7 XcB) + Z 5c§6i§COV(XcBa XB) + ﬂc‘g COV(XcBa 8@)
i#c
:chazé =

AP #£0
and
eh#tep = 082,37&0623 = A°#£0

The same can be applied to the case where initial period data is used in the decomposition.

D Data and microsimulation

Data used in this analysis is the service data of income distribution collected by Statistics
Finland. From this data set is created the Finnish data of EU-SILC. Years covered in the
analyses are 1993, 1996, 1999, 2002, 2005, 2008, 2011 and 2014.

Simulations are conducted using Statistics Finland’s microsimulation model SISU. The ma-
jority of the Finnish tax-benefit-system is encoded in SISU model from the year 1993 onwards.
However, the SISU model is not compatible with the data before the year 2011. Therefore
the simulations are carried out by using data from the years 2011 and 2014. 2011 data is
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used to form counterfactuals for years 1993, 1996, 1999, 2002, 2005, 2008 and 2014 whereas
counterfactual for year 2011 is done by using the data of 2014.

The SISU model has 12 different sub-models: Health care insurances; Unemployment ben-
efits; Home care allowance; National pensions; Student allowance; Taxation; Estate taxation;
Child allowance; Pensioner’s housing benefit; Housing benefit; Day care fees and Social assis-
tance. All of these sub-models are used in the simulations except estate taxation.

All the tax-benefit changes cannot be simulated. Some of the changes for eligibility or
changes in the duration of benefit payments cannot be simulated. For example, the duration
of unemployment insurance was decreased from 500 days to 400 days, which effect can not be
simulated with SISU model.

To make different years’ tax-benefit system more comparative to other years data, the
monetary parameters are indexed by the price index.

Disposable incomes are at the household level and thus those are scaled by the modified
OECD-equivalence scale. The analyses are conducted by using only the households’ heads,
which are given the information about the characteristics of any spouses. Weight used is the
household level weight multiplied with the number of members in the household. This way the

analyses are done at the individual level.

E Definition of population subgroups

Full details of the characteristics are presented here. Education: Elementary school or no edu-
cation or education unknown; secondary school; lower /lowest tertiary level; upper tertiary level
or higher. Region: Uusimaa; Varsinais-Suomi; Satakunta; Kanta-Hame; Pirkanmaa; Péijét-
Hame; Kymenlaakso; Eteld-Karjala; Eteld-Savo; Pohjois-Savo; Pohjois-Karjala; Keski-Suomi;
Eteld-Pohjanmaa; Pohjanmaa; Keski-Pohjanmaa; Pohjois-Pohjanmaa; Kainuu; Lappi; Ahve-
nanmaa. Household type: 1 adult, no children; 2 adults, no children; 3 or more adults, no
children; single parents, youngest child under 7 years old; two adults, youngest children under
7 years old; 3 or more adults, youngest children under 7 years old; single parents, youngest
child over 6 years old; two adults, youngest child over 6 years old; 3 or more adults, youngest
child over 6 years old; 1 adult, household head over 64 years old; other families with household
head over 64 years old. Age: under 25 years old; 25-34; 35-44; 45-54; 55-64; 65-74; over 74
years old. Employment status: employed; unemployed and others; self-employed; pensioner;

student; schoolchild; unknown.
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F Annual decompositions

In this section are presented the annual decompositions of the results.

Table F.1: Shares of characteristics in income inequality (%)

Household Age Employment status Education
Years | Residual | Region type Male Female | Male Female Male Female
1993 60 3.1 4.5 5.6 3.7 5.2 6.9 6.2 4.8
1996 57.2 1.4 3.9 6.5 3.6 7.4 8.6 6.6 4.9
1999 55.7 2.3 2.6 7.5 3.1 6.6 7.4 8.7 6.1
2002 55.2 1.9 3.8 6.6 3.7 8.1 7.1 8.3 5.2
2005 55.2 1.6 3.5 5.2 2.6 7.3 7.4 10 7.1
2008 53.9 2.2 4.4 6.4 2.6 8.4 7.9 7.5 6.7
2011 53.3 1.8 3.1 7.4 2.8 8.2 7.9 8.5 7
2014 49.8 2.1 2.2 9 3.7 9.3 6.9 8.7 8.3

Table F.2: Shares of characteristics in income inequality (Simulated data, %)

Household Age Employment status Education
Years | Residual | Region type Male Female | Male Female Male Female
1993 54.8 1.9 3.1 7.5 24 7.6 7.6 7.9 7.1
1996 54.1 1.9 2.8 7.4 2.3 8 8.1 8.1 7.3
1999 51.8 1.9 2.8 7.5 2.3 9 8.8 8.4 7.5
2002 51.3 1.9 3.1 7.5 24 8.9 8.9 8.4 7.6
2005 52.0 1.9 2.5 7.3 2.2 9.1 8.2 9.2 7.6
2008 51.6 1.9 2.7 7.3 2.3 9.1 8.3 9.1 7.6
2011 47.5 2.1 1.8 9.0 3.5 10.0 7.9 9.3 8.8
2014 51.9 2.0 3.1 7.5 2.6 8.5 8.0 9.0 7.4

Note: Simulated data for year 2011 is formed by using data from year 2014. For the rest of simulated years
data used is from year 2011.

Table F.3: Absolute contribution of characteristics in income inequality (1000 x variance of
logs)

Household Age Employment status Education
Years | Total | Residual Region type Male Female Male Female Male Female
1993 | 147.2 | 88.3 4.6 6.6 8.3 5.4 77 10.2 9.1 7.1
1996 | 159.4 | 91.2 2.3 6.2 10.3 5.8 11.7  13.7 105 7.8
1999 | 197.1 | 109.9 4.5 5.2 14.8 6.0 13 14.5 7.1 121
2002 | 207.0 | 114.3 4.0 7.8 13.8 7.8 16.7 14.8 17.3  10.7
2005 | 228.3 | 126.1 3.7 7.9 11.8 6.0 16.7 17 229 16.1
2008 | 229.5 | 123.6 5.1 10.0 14.7 5.9 19.2  18.2 17.3 154
2011 | 234.6 | 125.0 4.3 7.3 174 6.7 19.2  18.5 19.8 164
2014 | 228.8 | 114.0 4.7 5.1 20.6 8.5 21.3 158 19.8 19.0

24



Table F.4: Absolute contribution of characteristics in income inequality (Simulated data, 1000
x variance of logs)

Household Age Employment status Education
Years | Total | Residual Region type Male Female Male Female Male Female
1993 | 183.0 | 100.4 3.6 5.6 13.8 4.3 14 13.9 145 13.1
1996 | 185.5 | 100.5 3.5 5.2 13.8 4.3 14.8 15.0 15.0 13.5
1999 | 192.9 | 99.9 3.6 5.5 14.5 4.5 17.3  16.9 16.1 14.5
2002 | 196.6 | 100.8 3.7 6.1 14.8 4.8 174 175 16.5 149
2005 | 219.8 | 114.3 4.2 5.6 15.9 4.9 20.0 18 20.3 16.6
2008 | 223.0 | 115.1 4.3 6.0 16.3 5.1 20.4 18.6 20.3 16.9
2011 | 230.4 | 109.6 4.8 4.2 20.7 8.1 23.0 18.2 21.5  20.4
2014 | 209.6 | 108.8 4.1 6.4 15.7 5.3 179 16.8 18.9 15.6

Note: Simulated data for year 2011 is formed by using data from year 2014. For the rest of simulated years
data used is from year 2011.

Table F.5: Change in the absolute contribution of characteristics in income inequality (1000 x
variance of logs)

Household Age Employment status Education

Years Total | Residual Region type Male Female Male Female Male Female
1993 to 1996 | 12.2 | 2.9 -2.3 -0.4 2 0.3 4 3.5 1.4 0.7
1996 to 1999 | 37.7 | 18.7 2.2 -1 4.5 0.3 1.3 0.8 6.6 4.3
1999 to 2002 | 9.9 4.4 -0.5 2.6 -1 1.7 3.7 0.3 0.2 -14
2002 to 2005 | 21.2 | 11.8 -0.3 0.1 -1.9  -1.7 0 2.2 5.7 5.5
2005 to 2008 | 1.2 -2.5 14 2.1 2.9 -0.1 2.5 1.2 5.7 0.7
2008 to 2011 | 5.1 1.3 -0.8 -2.8 2.7 0.7 0 0.3 2.6 1

2011 to 2014 | -5.8 | -11 0.4 -2.2 3.1 1.8 2.1 -2.7 0 2.6

Table F.6: Absolute policy effect of characteristics in income inequality (1000 x variance of
logs)

Household Age Employment status Education

Years Total | Residual Region type Male Female Male Female Male Female
1993 to 1996 | 2.5 0.1 -0.1 -0.4 0 0 0.8 1.1 0.6 0.5
1996 to 1999 | 7.3 -0.6 0.1 0.2 0.7 0.2 2.6 1.9 1.1 1

1999 to 2002 | 3.7 0.9 0.1 0.6 0.3 0.3 0.1 0.6 0.4 0.4
2002 to 2005 | 23.2 | 13.5 0.5 -0.5 1.2 0.1 2.6 0.5 3.7 1.7
2005 to 2008 | 3.2 0.8 0.1 0.4 0.3 0.3 0.3 0.6 0 0.3
2008 to 2011 | 11.6 | 9.8 0 1.3 1.2 1.5 -1.2 -0.1 -0.5  -0.5
2011 to 2014 | -13.3 | -5.9 -0.2 0.1 -09 -0.5 -1.5 21 -1.3 -11

Note: Last change calculated as an average of 2011 and 2014
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Table F.7: Changes in income inequality, price-, quantity and residual effects (1000x variance of log of incomes)

Years Total Price  Quantity Residual | Region | Household type Age Employment status Education
Change Effect Effect Effect Male Female Male Female Male Female
P Q P Q P Q P Q| P Q P Q| P Q P Q
1993 to 1996 | 12.2 7.4 1.9 2.9 2.1 -0.2|-0.3 -0.1 1.6 04 04 0 |47 -07 33 02101 13 -0.2 0.9
1996 to 1999 | 37.7 10.4 8.7 18.7 21 0 -1 0 29 16 -02 05|17 -04 -1 1.9 44 22 14 29
1999 to 2002 | 9.9 -0.8 6.3 4.4 -1 0.5 2.3 0.3 21 1.1 03 1.5 2.7 1 0.1 021]-09 11 -21 0.7
2002 to 2005 | 21.2 10 -0.5 11.8 0 -0.3 | 0.5 -0.4 -22 02 -2 03]22 -22 37 -15]136 2 41 14
2005 to 2008 | 1.2 0.1 3.7 -2.5 1.3 0.1 1.1 1 26 03 -06 05|27 -0.1 0.2 -5.7 0.1 -1.5 0.7
2008 to 2011 | 5.1 -0.1 3.8 1.3 -09 02 |-24 -0.3 29 -0.1 05 02]-22 22 0 03|18 08 05 0.6
2011 to 2014 | -5.8 -1.9 7.1 -11 04 0 -2 -0.2 1.5 16 09 1 |05 1.6 -2.7 -1.2 1.1 06 2
Note: Price- and quantity effects are formed as an average of equations (6) and (9).
Table F.8: Price and residual effects decomposed to policy and other effects (1000x variance of log of incomes)
Years Price Residual Region | Household type Age Employment status Education
Effect Effect Male Female Male Female Male Female
AE AL Ay As | AL AL | AS AB A AL AE A AL AD AL AB | AL AL AL AR
1993 to 1996 | 5 24128 01| -2 -0.1]0.1 -0.4 16 0 (03 0 [39 0822 11]-05 06 |-0.7 05
1996 to 1999 | 2.5 79 [19.2 -06| 2 0.1 |-1.3 0.2 22 071]1-04 02 ]-09 26 [-29 19|34 1.1 |04 1
1999 to 2002 | -3.6 28 | 3.5 09 |-1.1 0.1 | 1.7 0.6 24 03] 0 03|26 01]-05 06 |-1.3 04 |-25 04
2002 to 2005 | 0.2 9.7 | -1.7 13,5 |-0.5 0.5 1 -0.5 33 12 ]-21 011]-04 26133 05 (-0.1 37|24 1.7
2005 to 2008 | -2.3 2.3 |-33 08 | 1.2 0.1 | 0.7 0.4 23 031]-08 031]23 03/|-05 06 |-57 0 |-1.8 0.3
2008 to 2011 | -1.8 1.8 | -85 9.8 | -1 0 |-3.7 1.3 1.7 12| -1 15 |-1.1 -12|01 -01]22 -05|09 -05
2011 to 2014 | 5.5 -74|-5.1 -59| 0.6 -0.2| -2 0.1 24 -09|13 -05| 2 -15(-06 -21|0.2 -1.3| 17 -1.1

Note: Simulated data for year 2011 is formed by using data from year 2014. For the rest of simulated years data used is from year 2011.



G Robustness checks

In this section is presented the robustness checks of the results obtained earlier. In the first table
is shown the absolute policy effects (price-effect accounted to policy changes) by using 100 x
Gini coefficient as an inequality measure. In the next tables are shown the price- and quantity
effects formed using equations (6) and (9). Then the final tables presents the bootstrapped 95%

confidence intervals of the results. Confidence intervals are formed using 1 000 replications.

Table G.1: Policy effect of characteristics in income inequality (100 x Gini coefficient)

Household Age Employment status Education
Years Total | Residual Region type Male Female Male Female Male Female
1993 to 1996 | -0.063 | 0.138 -0.019  -0.06 -0.031 -0.007 0.072 0.11 0.041 0.032
1996 to 1999 | 0.489 | 0.794 0.008  0.019 0.062 0.013  0.29 0.207 0.102  0.092
1999 to 2002 | 0.151 | 0.2 0.008  0.066 0.01 0.029  -0.017 0.049 0.024 0.031
2002 to 2005 | 2.152 | 0.856 0.048  -0.08 0.091 -0.006 0.255 -0.002 0.397 0.153
2005 to 2008 | 0.044 | 0.119 0.003  0.043 0.013 0.023  0.01 0.047 -0.027 0.007
2008 to 2011 | -0.133 | -0.496 -0.025  0.106 0.029 0.138  -0.265 -0.133 -0.183 -0.163
2011 to 2014 | -0.652 | -0.444 -0.002  0.037 -0.043 -0.033 -0.097 -0.168 -0.076 -0.063
1993 to 2002 | 0.576 | 1.132 -0.003  0.025 0.042  0.035 0.345 0.366 0.167 0.155
2002 to 2014 | 1.411 | 0.035 0.024  0.106 0.09 0.121 -0.097 -0.257 0.112  -0.066
1993 to 2014 | 1.988 | 1.167 0.021  0.132 0.132 0.156  0.248 0.109 0.279  0.089

Note: Last change calculated as an average of 2011 and 2014
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Table G.2: Changes in income inequality, price-, quantity and residual effects (1000x variance of log of incomes)

Years Total Price Quantity Residual | Region | Household type Age Employment status Education
Change Effect Effect Effect Male Female Male Female Male Female
P Q P Q P Q P Q | P Q P Q P Q P Q
1993 to 1996 | 12.2 7.9 1.4 2.9 -2.1 -0.3]-0.3 -0.1 1.6 04 04 -0.1|51 -1.1 33 02| 0 1.3 -0.2 0.9
1996 to 1999 | 37.7 115 75 18.7 22 -0.11-07 -0.3 27 18 -01 04| 2 -07 -07 16|44 22 18 26
1999 to 2002 | 9.9 -0.5 6 4.4 0.9 04 | 2.2 0.4 -22 12 04 131(28 09 02 01|-09 1.1 -2 06
2002 to 2005 | 21.2 9.8 -0.4 11.8 0 -0.3| 0.4 -0.3 -22 02 -19 011(21 -22 39 -1.7|,35 21 39 16
2005 to 2008 | 1.2 0.2 3.5 -2.5 1.3 01 | 1.2 0.9 24 05 -06 051]29 -03 01 11 |-5.7 0 -14 0.6
2008 to 2011 | 5.1 -0.1 3.8 1.3 -1 0.2 |-2.5 -0.3 27 0 05 02]-2 19 -01 04|17 09 05 0.6
2011 to 2014 | -5.8 -2 7.2 -11 04 0 -1.9 -0.2 14 17 09 1 (04 17 -26 -01]-1.2 1.2 07 1.9

Note: Price- and quantity effects are formed according to equation (6).

Table G.3: Changes in income inequality, price-, quantity and residual effects (1000x variance of log of incomes)

Years Total Price Quantity Residual | Region | Household type Age Employment status Education
Change Effect Effect Effect Male Female Male Female Male Female
P Q P Q P Q P Q| P Q P Q P Q@ P Q
1993 to 1996 | 12.2 6.9 2.3 2.9 -2.1 -0.2]-0.2 -0.2 1.6 04 03 01]43 -03 32 03]01 13 -03 0.9
1996 to 1999 | 37.7 9.2 9.9 18.7 2 0.1 |-14 0.4 31 14 -03 06|15 -02 -1.3 21|45 21 1 33
1999 to 2002 | 9.9 -1 6.5 4.4 -1.1 0.6 | 24 0.2 -2 1 01 1627 11 0 03]-09 1.1 -21 0.7
2002 to 2005 | 21.2 10.1  -0.6 11.8 0.1 -04| 0.6 -04 -22 02 -21 04|22 -22 36 -14]38 19 42 1.3
2005 to 2008 | 1.2 -0.1 3.8 -2.5 1.3 01 | 11 1 28 01 -06 05|25 01 02 1 |-58 01 -1.6 0.8
2008 to 2011 | 5.1 0 3.8 1.3 -0.9 0.1 |-24 -04 3 -03 05 02|-25 25 0 03|18 08 05 0.6
2011 to 2014 | -5.8 -1.8 7 -11 05 -01| -2 -0.1 16 15 09 1|06 15 -27 0 |-1.2 1.1 06 2

Note: Price- and quantity effects are formed according to equation (9).



Table G.4: Shares of characteristics, 95% confidence intervals for actual data

Years Residual Region Household Age Employment status Education
type Male Female Male Female Male Female
1993 | (57.6% — 62.4%) | (2.5% — 3.8%) (3.4% —5.6%) | (4.5% —6.8%) (2.8% —4.6%) | (4.3% - 6.2%) (5.8% —-8%) | (5.1% - 7.3%) (3.9% —5.7%)
1996 | (55.1% — 59.3%) | (0.9% — 1.9%) (2.9% —4.9%) | (5.3% —7.6%) (2.6% —4.6%) | (6.2% — 8.6%) (7.5% - 9.7%) | (5.4% - 7.7%) (3.9% — 5.8%)
1999 | (53.5% —58%) | (1.7% —2.9%) (1.5% —3.7%) | (6.3% —8.8%)  (2.1% —4%) | (5.4% - 7.8%) (6.1% —8.6%) | (7.4% —-9.9%) (5.1% — 7.2%)
2002 | (52.7% - 57.7%) | (1.3% — 2.6%) (2.7% — 4.8%) | (5.4% —7.8%) (2.8% —4.7%) | (6.8% —9.3%) (6% —8.3%) | (7.2% —9.5%) (4.1% — 6.2%)
2005 | (52.3% —58.1%) | (1.1% — 2.1%) (2.4% — 4.5%) | (4% —6.4%)  (1.7% — 3.6%) | (6.1% — 8.6%) (6.3% — 8.6%) | (8.7% — 11.4%) (5.9% — 8.2%)
2008 | (51.7% 56.1%) | (1.7% 2.8%) (3.3% 5.5%) | (52% 7.7%) (1.7% 3.5%) | (7.2% 9.6%) (6.7% 9.1%) | (6.2% 8.8%) (5.6% 7.8%)
2011 | (50.3% - 56.2%) | (1.3% — 2.3%) (2.1% —4.2%) | (6.1% —8.8%) (1.9% —3.8%) | (6.7% — 9.7%) (6.7% —9.1%) | (7.2% - 9.7%) (5.8% — 8.2%)
2014 | (47.9% - 51.7%) | (1.5% — 2.6%) (1.2% —3.3%) | (7.5% — 10.5%) (2.7% — 4.8%) | (8% —10.7%)  (5.8% —8%) | (7.4% —9.9%) (7.2% — 9.4%)
Table G.5: Shares of characteristics, 95% confidence intervals for simulated data
3 Years Residual Region Household Age Employment status Education
type Male Female Male Female Male Female

1993 | (52% - 57.7%) | (1.4% -2.5%) (2% - 4.1%) (6.1% - 9%) (1.4%—-3.3%) | (6.3% —9%) (6.3% — 8.8%) | (6.6% —9.2%) (6% — 8.2%)

1996 | (50.9% — 57.4%) | (1.4% —2.4%) (1.8% —3.9%) | (5.9% —8.9%) (1.4% —3.3%) | (6.6% —9.3%) (6.8% —9.4%) | (6.7% —9.4%) (6.2% — 8.4%)
1999 | (49.3% — 54.3%) | (1.4% — 2.4%) (1.8% — 3.9%) | (6.1% —8.9%) (1.4% — 3.3%) | (7.6% — 10.4%)  (7.5% — 10%) | (7.1% - 9.6%) (6.4% — 8.6%)
2002 | (48.8% — 53.7%) | (1.4% — 2.4%) (2% - 4.2%) | (6.1% —8.9%) (1.5% — 3.4%) | (7.5% — 10.2%) (7.6% — 10.2%) | (7.2% - 9.6%)  (6.5% — 8.7%)
2005 | (49.8% — 54.3%) | (1.4% — 2.4%) (1.5% — 3.6%) | (5.9% — 8.6%) (1.3% — 3.2%) | (7.8% — 10.5%)  (6.9% — 9.4%) | (8% —10.4%)  (6.4% — 8.7%)
2008 | (49.4% — 53.9%) | (1.4% — 2.4%) (1.7% - 3.7%) | (6% — 8.6%)  (1.4% — 3.2%) | (7.8% — 10.5%) (7.1% — 9.6%) | (7.9% — 10.3%) (6.5% — 8.7%)
2011 | (45.6% —49.5%) | (1.6% —2.7%) (0.8% —2.8%) | (7.5% — 10.4%) (2.5% — 4.5%) | (8.6% — 11.3%)  (6.8% — 9%) | (8.1% —10.6%) (7.7% — 10%)
2014 | (49.6% — 54.2%) | (1.5% —2.5%) (2% —4.1%) | (6.1% —8.8%) (1.6% —3.5%) | (7.2% —9.9%) (6.8% —9.2%) | (7.8% — 10.2%) (6.3% — 8.6%)




Table G.6: Absolute contribution of characteristics in income inequality, 95% confidence intervals for actual data (1000 x variance of logs)

Household Age Employment status Education

Years Total Residual Region type Male Female Male Female Male Female
1993 | (137.8 — 156.7) (80 — 96.6) (3.6 -5.7) (4.9-8.3) (6.5-10) (4.1-6.7) (6.4 -9) (8.6 —11.8) | (7.5-10.7) (5.8 — 8.4)
1996 (150.8 — 168) (85 —97.4) (14-31) (46-79) | (85-121) (41-74)| (9.7-13.7) (11.7-15.6) | (8.6 —12.3) (6.2 —9.4)
1999 | (185.8 —208.4) | (101 —118.8) (3.3-5.7) (3.1-7.3) | (12.2-174) (4.1-8) | (10.6 -15.4) (12.2-16.9) | (14.2-19.9) (9.9 - 14.3)
2002 | (195.2 —218.9) | (104.3 - 124.3) (2.7-5.3) (5.7-9.9) | (11.2-16.3) (5.7-9.8) | (14.1 -19.3) (12.5-17.1) | (14.8-19.8) (8.5 —12.8)
2005 | (209.2 247.3) | (110.6 141.6) (2.5 4.9) (5.4 10.5)| (9.4 14.3) (3.9 8.2)|(13.9 19.5) (145 19.5) | (19.5 26.3) (13.5 18.8)
2008 | (217.6 —241.4) | (114-133.2) (3.8-6.4) (7.6 -12.5) | (11.8—-17.7) (3.8-8.1) | (16.4 —22) (154 -21) | (14.2-20.3) (12.7-18.1)
2011 (214.2 — 255) | (108.6 — 141.4) (3.1 -5.6) (4.8-9.7) | (14.3-20.5) (4.2-9.1) | (16.2-22.1) (15.2-21.8) | (16.9 -22.8) (13.8-19)
2014 | (218.3 -239.4) | (107.1 - 120.8) (3.5-5.9) (26-7.7) | (16.9—-24.2) (6—-11) | (18.2-24.5) (13.2-18.3) | (16.8 —22.8) (16.3 —21.7)
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Table G.7: Absolute contribution of characteristics in income inequality, 95% confidence intervals for simulated data (1000 x variance of logs)

Household Age Employment status Education

Years Total Residual Region type Male Female Male Female Male Female
1993 | (170.9 - 195.2) | (89.8 —111) (2.6 -4.6) (3.6-7.6) | (11.4-16.1) (26-6) | (11.7-16.2) (11.4-16.4) | (12.2-16.7) (11 - 15.1)
1996 | (171.8 199.2) | (88.2 112.8) (2.5 4.5) (3.2 7.3)| (114 16.2) (2.5 6.1) | (125 17) (124 17.5) | (12.7 17.3) (114 15.6)
1999 | (182.1 —203.6) | (91.2 -108.6) (2.6 —4.6) (3.3-7.6) (12 -17) (2.7-6.4) | (14.8—-19.9) (14.1-19.7) | (13.8-18.5) (12.3-16.7)
2002 | (185.7 —207.5) | (92-109.6) (2.7-4.8) (3.9-8.2) | (12.2-17.3) (29-6.7) | (149-20) (14.7-20.4) | (14.1 -18.9) (12.7-17.2)
2005 | (208.4 —231.3) | (105.5—-123.1) (3-54) (3.3-79) | (13.1-18.7) (2.8-6.9) | (17.1 -229) (149-21) | (17.4—-23.1) (14.1-19.1)
2008 | (211.4 —234.5) | (106.3 —124) (3.1 -55) (3.7-83) | (13.4-19.1) (3.1-7.2) | (17.4-234) (15.5-21.7) | (17.4 - 23.2) (14.4 —19.4)
2011 | (221.6 —239.2) | (103.9 - 115.2) (3.5-6.1) (1.9-6.5) | (17.1 —24.2) (5.8 -10.4) | (19.8 —26.2) (15.6 —20.8) | (18.6 —24.4) (17.6 —23.1)
2014 | (198.3 —220.9) | (100 — 117.5) (3-53) (42-87) | (13-184) (3.4-73) | (15.2-20.7) (13.8-19.7) | (16.1 —-21.6) (13.3 -18)
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