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Abstract

This article studies intergenerational mobility perceptions in Austria. The following re-
search questions - do they affect policy preferences and can exogeneously providing information
change these perceptions and in turn the demand for redistribution? - are answered using an
online survey conducted in Austria. First, I find evidence for a significant effect of mobility
perceptions on the support for a wealth, an inheritance and a property tax. Quintile persis-
tence perceptions, however, do not seem to be relevant for the forming of political preferences.
Second, using a randomized information treatment, I show that these perceptions can be
changed exogenously. Especially the effect on perceptions of income quintile persistence, i.e.,
rich children staying rich and vice versa for poor children, proves strong and robust. However,
the demand for redistribution changes disproportionally little in turn. Only the support for

the wealth tax differs significantly between the control and the treatment group.

1 Introduction

Growing inequality in the developed world poses an increasing number of threats to social peace
and fosters conflict. At the same time, intergenerational mobility does not increase in the same way,
but instead often decreases, which reinforces inequality and brings forward stronger segregation of
society. Additionally, national tax systems are not adjusted to counter this development, and even
the demand for redistribution in public opinion seems to be low (see Liibker, 2006; Sabirianova
Peter, Buttrick, and Duncan, 2010). In this context, economists have argued that individuals
do not build their policy preferences based on actual outcomes, but on their perceptions of it,
which have shown to be systematically wrong (see Engelhardt and Wagener, 2014; Gimpelson and
Treisman, 2018; Hauser and Norton, 2017). Further, there is evidence that these perceptions can
be changed exogeneously by providing information (see Alesina, Stantcheva, et al., 2018; Cruces,
Perez-Truglia, and Tetaz, 2013; Kuziemko et al., 2015). However, little research has been done on
how people form these perceptions of economic reality, even though such research would be of high

interest for democratic voting considerations.

In light of the following specifics of Austria, these issues are especially relevant there. The tax
system is progressive for income, but not so for wealth and capital. The capital gains tax and
the corporate tax are flat taxes, while wealth and inheritances are not taxed at all (see Altzinger,

Humer, and Moser, 2017). The structure of the tax system, among other mechanisms, reinforces
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the strong concentration of wealth among a small group of elites in Austria. Further, in comparison
to other European countries, the link between the father’s and the son’s income or education is
strong (see Schnetzer and Altzinger, 2013). The OECD (2018) classifies it in the small group of
countries, where not only income inequality, but also intergenerational mobility is low. Finally,
among other countries in Europe, Austria recently had a conservative populist government, which

did not tackle, but probably reinforced these inequality issues.

With this in mind, the following work tries to answer two research questions. Do perceptions
of intergenerational mobility affect the demand for redistribution in Austria? Do both of these

variables react to new information about intergenerational mobility?

2 Inequality and intergenerational Mobility Perceptions

Following the common theoretic economic model of Meltzer and Richard (1981), the fact that
income and wealth inequality have risen sharply in developed countries in the last decades should
have led to a higher demand for redistribution policies through the mechanism of the median voter
theorem. This theorem states that in a majority rule voting system the preferred outcome of the
median voter will succeed. Thus, if the distance between the mean and the median income in
a national economy rises, the voting system will lead to more redistribution because the median
voter would benefit from it (see Meltzer and Richard, 1981). However, in most developed coun-
tries, redistributive policies have been reduced or at least not been extended in the last decades
(see Sabirianova Peter, Buttrick, and Duncan, 2010).

This inconsistency of the data with economic theory can be explained in various ways. Public
opinion could not be directly transformed into policy outcomes, depending on the institutional
system of the countries. The voter turnout among poor citizens could be low, elites could have a
strong influence on governmental bodies, politicians may not fulfill their promises made in their
campaign, etc. (see Finseraas, 2009; Kerr, 2014). Nevertheless, there is a constantly growing
strand of literature that suggests that even the demand for redistributive policies among the pop-
ulation is lower than would be predicted by the model of Meltzer and Richard (1981) (see Liibker,
2006). Alesina and Giuliano (2011) argue that the demand for redistribution does not only de-
pend on the level of inequality in a country, but also factors such as race, religion, cultural norms,
family structure, and fairness perceptions. Some economists focused especially on this last factor
and argued that people do not care so much about equality of outcome but more about equality
of opportunities and fairness. Thus, if societies have unequally distributed wealth and income,
but intergenerational mobility is sufficiently high, the demand for redistribution will be low. (see
Alesina and La Ferrara, 2005; Bjgrnskov et al., 2013; Piketty, 1995; Starmans, Sheskin, and Bloom,
2017) However, there is empirical evidence that intergenerational mobility has not risen as sharply
as inequality (see Chetty et al., 2017; Hilger, 2015). Further, according to OECD (2018), there is
no country in the OECD where income inequality and intergenerational mobility are both high.

Finally, individual prospects of upward mobility do mitigate the support for redistributive policies,
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even though, these would be in the interest of the individual. Thus, people oppose redistributive
policies because they expect to improve their position in society. This so-called ”Prospects of up-
ward mobility hypothesis” is widely stated in the literature and empirically contested (see Alesina
and Giuliano, 2011; Benabou and Ok, 2001; George, 2017).

Additionally to these explanations, an increasing number of economists have focused on per-
ceptions of inequality and intergenerational mobility and not on actual outcomes and have found
convincing evidence of their importance for the demand for redistribution (see Alesina, Stantcheva,
et al., 2018; Engelhardt and Wagener, 2014; Gimpelson and Treisman, 2018; Hauser and Norton,
2017; Niehues, 2014). The difference here is that people’s perceptions of the actual state of society
are vastly wrong. Most groups in society tend to underestimate inequality and overestimate upward
intergenerational mobility. Furthermore, poorer social classes usually overestimate their position
in society, while the richer underestimate it. The biases of people depend on characteristics such as
their political ideology, their position in society, cultural norms and reference groups. (see Alesina,
Stantcheva, et al., 2018; Chambers, Swan, and Heesacker, 2015; Davidai and Gilovich, 2015; Gim-
pelson and Treisman, 2018; Hauser and Norton, 2017; Norton and Ariely, 2011) Thus, those who
overestimate their own position will demand limited redistribution, even though they would likely
benefit from it, and vice versa. The estimates about average earnings in the economy will be
positively correlated with own income and inequality, in general, will be underestimated, resulting
in downward biased demand for redistribution. (see Cansunar, 2016; Cruces, Perez-Truglia, and
Tetaz, 2013; Knell and Stix, 2016; Windsteiger, 2017) Finally, Flynn, Nyhan, and Reifler (2017)
emphasize the political relevance of systematic misperceptions of reality, especially in democratic
states, where they influence the public and political debate and in turn, voting outcomes. If these
misperceptions are not random but systematic, the argument for a democratic system based on
the aggregation of individual-level opinions to receive a better estimate of public opinion is invalid.
(see Flynn, Nyhan, and Reifler, 2017)

Consequently, a highly politically relevant question is, whether it is possible to correct these
misperceptions externally and, subsequently, whether the demand for redistributive policies reacts
to that. This argument has already been tested using experimental research designs and researchers
examined further how these changed perceptions of inequality influence the demand for redistri-
bution (see Boudreau and MacKenzie, 2018; Cruces, Perez-Truglia, and Tetaz, 2013; Kuziemko
et al., 2015; Zilinsky, 2014). In the field of misperceptions of intergenerational mobility less work
has been done (see Alesina, Stantcheva, et al., 2018; George, 2017). Especially the work of Alesina,
Stantcheva, et al. (2018) has been very influential and path-breaking in this context. Most of the
results confirm that perceptions of inequality or intergenerational mobility react to new informa-
tion, however, that this changes political preferences disproportionally little. Arguments to explain
these findings are a lack of trust in the government or ideological views of society. (see Alesina,
Stantcheva, et al., 2018; George, 2017; Kuziemko et al., 2015; Zilinsky, 2014) Kuziemko et al.
(2015) further highlight that the effect of the correction of misperceptions of inequality on policy
preferences can be underestimated if poorer people systematically overestimate their position in

society.
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3 Methodology

3.1 Hypotheses and methods

Hypothesis 1: Perceptions of intergenerational mobility affect the demand for redistribution.

According to Alesina, Stantcheva, et al. (2018) and Engelhardt and Wagener (2014) perceptions of
intergenerational mobility play an important role in shaping the political preferences of individuals.
By using the various variables concerning support for redistribution policies and the mobility

perception variables in the dataset, I can construct the following model:

Elsupport = 1|mobility perceptions, X; ;] = G(Bo + p1 *log(mobility perception;) + f; * X, ;) (1)

Eltax rate|mobility perceptions, X, ;] = Bo + 1 * log(mobility perception;) + B; * X, ; (2)

X;,; represents several control variables including age, gender, education, being in the highest
of three income groups, political ideology, urbanisation, and the wave of the survey. The choice
of control variables follows Alesina, Stantcheva, et al. (2018). Wave fixed effects are included to
control for any systematic differences between the two waves, which could emerge because of slight
differences in the placement of some questions and the general pool of survey questions between
the waves. The treatment is additionally included as a control variable in both equations to control
for the effect of the treatment. The effects of the mobility perception variables are estimated in
separate regressions, due to the high correlation between them. The mobility perceptions variables
can take values between 0 and 100. The variables were logarithmized to reduce the effect of outliers
and be able to compare the effects between the four mobility variables, which will be described
more closely below and which are of very different magnitudes. Support indicates whether an
individual supports a specific tax policy or not, and takes the value 0 or 1. The different taxes,
which are inquired in the survey, will be described in section 3.2. The model used to estimate
the effect of intergenerational mobility perceptions on the demand for redistribution, specified in
equation 1, is estimated as a logistic regression to account for the binary nature of the dependent
variables. Thus, in equation 1, the G() specifies the logistic function. Equation 2 specifies the
estimated model for the continous dependent policy variable and is estimated as an OLS. The
variables are described below in more detail. This hypothesis lays the ground for hypothesis 2.

Hypothesis 2: Pessimistic information about the extent of intergenerational mobility causally
affects intergenerational mobility perceptions and the demand for redistribution.

Following the work of Alesina, Stantcheva, et al. (2018); George (2017); Kuziemko et al. (2015) and
Zilinsky (2014), I argue that perceptions of economic reality are subject to change when people
are confronted with new information. This effect can be causally investigated using a random-
ized information treatment in the dataset under the assumption that the treatment was assigned
randomly. The hypotheses are thus that neither the mobility perceptions nor the demand for re-

distribution differ significantly between the treatment and the control group.
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I will test hypothesis 2, by estimating treatment effects on mobility perceptions and demand for
redistribution, as it is done in the literature (see Alesina, Stantcheva, et al., 2018; Boudreau and
MacKenzie, 2018; Kuziemko et al., 2015; Zilinsky, 2014). Especially the methodological framework
of Alesina, Stantcheva, et al. (2018) is relevant in this context, due to the strong similarities regard-
ing the mobility perception variables and the information treatment. They investigate the effects
of a randomized information treatment on perceptions of upward mobility and preferences of re-
distribution in the U.S. and four other developed countries. Furthermore, the authors compare the
perceptions of intergenerational mobility to data about the actual amount of intergenerational mo-
bility and indicate heterogeneous treatment effects for different political ideologies. The following

equations illustrate my regression models, used to test hypothesis 2:

Ellog(mobility perceptions)|treatment, X; ;] = Bo + p1 * treatment; + 3; x X; (3)
El[support = 1|treatment, X, ;] = G(Bo + f1 * treatment; + B; * X; ;) (4)
Eltaz rate|treatment, X, ;| = Bo + b1 * treatment; + [5; * X; ; (5)

X;,; refers to the same variables as described for equations 1 and 2. Treatment is a dummy
taking the value of 1 if the respondent has seen the treatment. The mobility perception variables
were again logarithmized. Equation 4 and 5 are analogous to equations 1 and 2, except that the
treatment dummy replaces the mobility perception variables. Equation 3 and 5 are estimated by
OLS, where (; represents the treatment effect under the assumption that the effect is linear. This
effect can be causally interpreted if the treatment group is a valid counterfactual for the control
group, and the treatment has been assigned randomly, which is tested in the appendix. ! Equation
4 is estimated anaologously to equation 1 as a logistic regression model for the binary dependent

variables.

Finally, some robustness checks are conducted, which can be seen in the appendix.

3.2 The Survey

I work with data from two online surveys, conducted by ”YouGov” which took place in Austria
in 2018 and 2019. I will merge these two surveys to reach a bigger sample which includes 4200
people and is representative for the Austrian population in terms of age, gender, and education.
After reducing the sample using quality checks included in the survey, I get 2133 observations. If
not explicitly stated otherwise, all following calculations will be done using this dataset. The exact
process of sample reduction is described in the appendix. Although the survey institute delivered
ready-made frequency weights for the dataset, I recalculated weights along the lines of gender, age

and education to suit my sample better. A through description of this reweighting process can be

Mf the treatment fulfills these assumptions, the control variables would not be needed. They are however
included in the regressions because differences between both groups could still arise and have to be controlled for.
Nevertheless, the models without any control variables lead to the same treatment effects, which indicates that the
treatment is randomised.
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found in the appendix. In the following, I will describe the construction of the variables I am going

to use.

e Intergenerational Mobility Perceptions: The intergenerational mobility perceptions of respon-
dents constitute the key variables in this paper. They are examined analogously to Alesina,
Stantcheva, et al. (2018), while additionally enquiring downward mobility perceptions. Fig-
ure 1 shows the corresponding question for upward mobility in the survey. Respondents were
asked to assign 100 children from the poorest income quintile on the right ladder, representing
their income quintile when they are grown up. The same framework is used for 100 children
of the richest families.? Upward mobility is in the following defined as those children from the
bottom quintile expected to reach quintile 5 (Q1Q5 in the following) and downward mobility
vice versa (Q5Q1). Additionally, to measure persistence, the number of children staying in
the bottom (Q1Q1) or the top quintile (Q5Q5) will be used for analysis.

Figure 1: Question about intergenerational mobility perceptions

Hier sind 500 Familien, die die Gsterreichische Bevélkerung reprasentieren

Einkommensgruppe der Kinder

Einkommensgruppe der Eltern im arwachsenen Alter

Die 100 reichsten Die 100 reichsten 0
Familien - Familien

Die 100 zweitreichsten Die 100 zweitreichsten '0
Familien o Familien

Die 100 mittieren Die 100 mittleren o
Familien 1 Familien

Die 100 zweitarmsten = Die 100 zweitarmsten '0
Familien Familien

Die 100 érmstenl £ 5 Die 100 &rmsten o
Familien | Familien

SUMME P

As a robustness check, the calculations are repeated after changing the definition of up- and
downward mobility. Upward mobility is then defined as all children from the bottom quintile

reaching the two richest quintiles and downward mobility vice versa.

o Demand for redistribution: The dataset offers a variety of policy opinion variables. The
approval to taxes addressing the top of the distribution, such as inheritance tax, wealth tax,
property tax, and capital gains tax is queried. Response categories for the first three are
”support”, "support with amount of exemption”, and ”oppose”. However, for calculations,
the categories ”support” and ”support with exemption” are combined to a single category,
due to the small number of observations choosing ”support”. For the capital gains tax,

respondents were asked to state their preferred tax rate, while informing them that the

2Those, whose answers did not sum up to 100 were omitted from the dataset by the survey institute and are not
included in the 4200 total observations.
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current rate is 25%.3

e Information Treatment: The randomized information treatment experiment consisted of pes-
simistic, but general information about intergenerational mobility in Austria and was shown
to 50% of the survey participants. In the first wave, due to a mistake of the survey institute,
the treatment was only presented after the question about the inheritance tax. Thus, for the
calculations for the inheritance tax, the treatment group is only around 25% of the popula-
tion. This makes it harder to identify treatment effects for this tax and has to be kept in
mind when interpreting the treatment results. A detailed discussion of the treatment can be

found in the appendix.

The remaining important variables are described more thoroughly in the corresponding section

in the appendix.

4 General Results

4.1 Descriptive Analysis

In general, respondents believe more in upward than downward mobility, which is in line with
previous findings. On average people estimate about 10% of kids from the bottom quintile to end
up in the top, while only 7% of those at the top are expected to end up in the bottom quintile.
In consonance with that, rich people are estimated to stay in their quintile on average 56% of
the time, while only 41% of poor people are assumed to remain at the bottom. One can see this
asymmetry well in figure 2. Further, the graph indicates that there are no differences in answers
on average between the two survey waves. However, a wave dummy is included as a control
variable in all models to control for any differences that could result from this. Additionally, the
dispersion measures for the mobility perception variables for the restrictive dataset are shown in
table 9 in the appendix. The persistence variables are higher than the mobility variables and show
more variance as well. The broader mobility perception variables are higher and vary more than
the original mobility perceptions. A comparison of the mobility perception variables between the
datasets can be found in the appendix.

The perceptions of intergenerational mobility vary across different subgroups of society, as can
be seen in table 8 in the appendix. The most significant difference can be seen for the highest
achieved education level. The higher the education, the lower are upward as well as downward
mobility perceptions. This is relatively more pronounced for downward mobility, thus the estimate
of kids from the richest quintile ending up in the poorest. In line with that, people in the upper
class have much lower expectations of intergenerational mobility than those in the lower or middle
class. This is in agreement with the literature about ”system justification” of the lower classes
(see Jost, Banaji, and Nosek, 2004). However, the difference is less pronounced than for different
education levels. Further, people who see themselves as progressive believe much less in upward

as well as downward mobility than middle or conservative groups. The difference is the smallest

3The special situation in Austria, where neither an inheritance tax nor a wealth tax has been in place for a
relatively long period, is beneficial for a survey analysis because the respondents are not primed in what the exact
parameters such as tax rate or amount of exemption, etc. are.
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for moving from the first to the top quintile and the biggest for staying in the top as well as the

bottom quintile.

Figure 2: Mobility perceptions for both waves
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Interpretation example: Respondents of wave 1 and 2 state, on average, that around 50 out of 100 poor children
stay in the bottom quintile.

Subsequently, the survey participants were asked if they support an inheritance tax, a wealth
tax, and a property tax. While only 34% of the respondents support an inheritance tax, 50% and

62% support a wealth and a property tax, respectively, as is shown in table 1.

Table 1: Demand for redistribution

Inheritance Wealth Property
support oppose support oppose support oppose
(1) (2) 3) (4) (5) (6)
Total 34.32 65.68 50.18 49.82 62.62 37.38

The table shows the weighted average share of respondents supporting and opposing the taxes.

These preferences differ between different subgroups of society. In general, men are more in
favour of these taxes than women, which is slightly surprising, as women tend to favour redistri-
bution more than men, according to previous research results (see Alesina and Giuliano, 2011).
The support for all three taxes increases with age and the highest education completed. Although
overall support is bigger for higher classes, this is almost entirely attributable to increased support
for taxes with an exemption. People who consider themselves progressive have significantly higher
rates of support for all tax categories. Figure 3, which illustrates these differences, shows that
especially support for inheritance tax nearly doubles when comparing conservative to progressive
people. Finally, mobility perceptions play a decisive role, as well. People supporting these taxes

have lower upward as well as downward mobility perceptions than those who do not.
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Figure 3: Demand for redistribution by economic ideology
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Interpretation example: Around 65% of respondents, who state that they are politically progressive, support the
wealth tax, while only around 45% of those, who state they are in the middle or conservative, do.

When looking at the answers for the capital gains tax, the differences are not that pronounced,
because the question was different. People were explicitly asked which rate they would prefer for
the capital gains tax. The overall average answer was around 18%, which is below the current rate
in Austria. Again, men, higher educated people, and those who see themselves as progressive favor
higher rates. However, these differences are rather small. Other variables do not show clear lines

of difference.

4.2 Effects of Perceptions on Policy Preferences

For figure 4 and figures 11 to 13 in the appendix the mobility perception variables were split in
categories, according to their distribution, to receive categories with roughly the same amount of
respondents. These figures show that the demand for redistribution is correlated with the answers
to the mobility perception variables. For the perceptions of upward mobility a clear trend to
less support for redistributional policies can be seen as the perceived upward mobility increases.
Analogous conclusions can be made for the other mobility perception variables.

However, the effects of the persistence perception variables seem to be negligible, when analysing
the relationship using the regression model, explained in section 3 in equation 1, as can be seen in
table 2. The effects of Q1Q5 and Q5Q1 on the support for the three taxes are sizable. For example,
if the perception of downward mobility increases by 10% the support for the wealth tax decreases
by 30% points. Thus, the beliefs about downward mobility seem to be especially relevant for the
support for taxes, which affect mostly the top of the income distribution. Finally, there seems to
be no effect of perceptions of intergenerational mobility on the preferred capital gains tax rate. To
address reverse causality or omitted variable bias issues the endogeneity of the mobility variables

in the following models was tested and rejected.
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Figure 4: Demand for redistribution by upward mobility perceptions
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Interpretation example: Around 65% of respondents, who state that they are politically progressive, support the
wealth tax, while only around 45% of those, who state they are in the middle or conservative, do.

Table 2: Effects of mobility perceptions on policy preferences

Dependent variable:

wealth inheritance property log(capital
tax tax tax gains tax)
(1) (2) () (4)
log(Q1Q5) —0.018*** —0.020*** —0.016*** —0.037
(0.006) (0.006) (0.004) (0.041)
log(Q1Q1) 0.001 0.002*** 0.001* 0.033
(0.001) (0.001) (0.001) (0.055)
log(Q5Q1) —0.030*** —0.022%** —0.022*** —0.059
(0.007) (0.008) (0.006) (0.048)
log(Q5Q5) 0.002** 0.001** 0.001** 0.022
(0.001) (0.000) (0.000) (0.055)
Observations 1,836 1,937 2,072 1,781
Note: *p<0.1; **p<0.05; ***p<0.01

All regressions include control variables for gender, age, education, being a member of the upper income class,
the political ideology, urbanisation and the wave. The first three regressions are weighted logistic regressions
and the last one a normal linear regression. Coefficients in the first three columns are average marginal
effects. White’s heteroskedasticity-robust standard errors (only for column 4) are reported in parentheses.
The estimates for the different mobility perception variables result from separate regression models due to the
high correlation among them. The estimates in joint regression models are only slightly smaller in size, but
have no statistical power. The differences in observations per model and to the whole restrictive dataset result
from item non-response of the dependent variables and the independent variable urbanisation.

10
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5 Treatment Results

5.1 Treatment Effects on Perceptions
Table 3 and figure 5 show the treatment effects on mobility perceptions.

Figure 5: Visual treatment effects on mobility perceptions
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Interpretation example: On average respondents in the control group think that around 42 out of 100 poor children
will stay in the bottom quintile, which is about 8 less than those in the treatment group.

Those who were treated believe significantly less that children from the bottom quintile will
reach the top. More specifically, being in the treatment group decreases the estimated share of
poor people becoming rich by nearly 20%. The effect on the perceptions that people stay at the
top or the bottom of the income distribution is slightly smaller but still sizable. The treatment
increased the share of children thought of staying in the bottom quintile, by 13%, and by 7% for
the top quintile respectively. Finally, there is no significant treatment effect on the share of rich
children ending up poor. This can partly be explained by the low variance in this variable, as
people agree very much that this share is low. These results support hypothesis 2, regarding the
effect of the treatment on mobility perceptions. It can thus be rejected that mobility perceptions

do not differ between the treatment and the control group.

11
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Table 3: Treatment effects on mobility perceptions

Dependent variable:

log(Q1Q5) log(Q1QL) log(Q5Q1) log(Q5Q5)
(1) (2) (3) (4)
treatment —0.180** 0.117** —0.026 0.077**
(0.082) (0.034) (0.068) (0.022)
Observations 2,072 2,072 2,072 2,072
Note: *p<0.1; **p<0.05; ***p<0.01

All regressions include control variables for gender, age, education, being a member of the upper income
class, the political ideology, and the wave. White’s heteroskedasticity-robust standard errors are reported in
parentheses. The differences in observations between the whole restrictive dataset and the models result from
item non-response of the independent variable urbanisation.

5.2 Treatment Effects on Policy Preferences

In the following, the effect of the treatment on policy preferences will be analysed. Figure 6 shows
that the increased support for a wealth tax through the treatment is mostly resulting from more
support for the wealth tax with an exemption amount. Additionally, figure 7 shows that those in
the treatment group more often choose 25% as the preferred rate for a capital gains tax and less

often 0%. Thus, they tend to support the current regulation in Austria more.
Figure 6: Visual treatment effects on wealth tax support
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Interpretation example: Around 350 respondents in the control group support a wealth tax with exemption, whereas
about 400 of the treatment group do.

As can be seen in table 4, the treatment has a significant effect on support for wealth tax only.
The treatment increases support for the wealth tax by 6 % points. Despite the lack of significance,
the treatment increases the preferred rate of the capital gains tax by 13 %. The treatment does
not show a significant effect on the property or the inheritance tax. The missing effect on the

inheritance tax can, however, result from the mistake of the survey institute, through which fewer

12
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Figure 7: Visual treatment effects on the preferred capital gains tax rate
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Interpretation example: A bigger share of respondents in the treatment group stated 25% as preferred rate for the
capital gains tax than did in the control group.

respondents saw the treatment before the question of the inheritance tax. The effects on policy
preferences are significantly smaller than the treatment effects on mobility perceptions, seen in ta-
ble 3. This is in line with the literature, where policy opinions are mostly less elastic to information
than the variable that is directly treated, see section 2. Further, considering the results of table
2, the lack of a treatment effect on the policy variables can possibly be explained by the missing
treatment effect on downward mobility perception, which shows the biggest effects on the policy
variables. Thus, I find evidence, which only partly supports hypothesis 2, concerning demand
for redistribution. Support for wealth tax is significantly different between the control and the

treatment group, but the other policy variables do not differ significantly.

Table 4: Treatment effects on policy preferences

Dependent variable:

wealth inheritance property log(capital
tax tax tax gains tax)
(1) (2) (3) (4)
treatment 0.061** 0.000 —0.004 0.133
(0.024) (0.031) (0.021) (0.084)
Observations 1,836 1,937 2,072 1,781
Note: *p<0.1; **p<0.05; ***p<0.01

All regressions include control variables for gender, age, education, being a member of the upper income class,
the political ideology and the wave. The first three regressions are weighted logistic regressions and the last
one a normal linear regression. Coefficients in the first three columns are average marginal effects. White’s
heteroskedasticity-robust standard errors (only for column 4) are reported in parentheses. The differences in
observations per model and to the whole restricitive dataset result from item non-response of the dependent
variables and the independent variable urbanisation.

13
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6 Conclusion

In this paper, I analyse the effects of an information treatment on intergenerational mobility per-
ceptions and the demand for redistribution in Austria and the relationship between these two key
variables. Recollecting the hypotheses formulated in section 3 the results can be summarized as

follows.

Hypothesis 1 cannot be rejected. There seems to be a sizeable effect of mobility perceptions
on policy preferences, except for the preferred rate of the capital gains tax. The effect of upward
mobility perceptions proves very robust in all datasets, while the effect of downward mobility is
not robust for the inheritance tax and the wealth tax in the full sample. Perceptions of quintile
persistence, however, do not show relevant effects on any of the policy variables. Further, there is
clear evidence supporting Hypothesis 2. The information treatment has a sizable effect on percep-
tions of intergenerational mobility, ranging from 20% on Q1Q5 to 7% for Q5Q5. These effects did
prove robust in several checks. The effect on demand for redistribution, however, is less strong.
Only the effect on support for the wealth tax proves robust. This less than proportional effect
on policy preferences is in line with the literature (see Alesina, Stantcheva, et al., 2018; Boudreau
and MacKenzie, 2018; Cruces, Perez-Truglia, and Tetaz, 2013; George, 2017; Hauser and Norton,
2017; Hoy and Mager, 2018; Kuziemko et al., 2015; Zilinsky, 2014).

In general, there are several problems related to the dataset, which have as well to be consid-
ered, when interpreting the results. The dataset is only weighted along the lines of age, education,
and gender, but I cannot account for a biased sample based on any other characteristics, most
importantly income. Further, I cannot control for non-sampling errors such as unit non-response,
measurement errors or coverage errors, which are especially an issue in surveys conducted based
on online panels. Additionally, the high number of observations which are omitted through the
quality checks could be an indication for low data quality and reinforces problems concerning rep-
resentativity, due to the non-random exclusion of many observations. Thus, external validity of the
results is questionable. However, internal validity is increased by the data checking procedure and

the randomized treatment further ensures that the treatment effects can be interpreted causally.

Finally, my work indicates several interesting starting points, where further investigation could
prove fruitful for the economics discipline. A more thorough understanding of what mechanisms
shape (mis)perceptions of economic reality in the first place would be of great interest and also
provide a better ground for research analysing their implications for policy opinions. Effects of
personal experience or reference groups on perceptions are found in the literature (see Armona,
Fuster, and Zafar, 2018; Knell and Stix, 2019; Cruces, Perez-Truglia, and Tetaz, 2013). Addition-
ally, Flynn, Nyhan, and Reifler (2017) point out the role of political elites and the media discourse
in the shaping of perceptions. In this context, it is as well important to ask, who has misperceptions
and who doesn’t and who profits by reinforcing these misperceptions. Furthermore, mispercep-
tions pose a problem for democratic voting to the extent that they translate into aggregate voting
outcomes. Therefore, it is of great political interest to analyse whether misperceptions follow a

systematic or a random pattern. Eventually, misperceptions can only be identified as such, if data
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is available about the actual situation, which is not the case in Austria and many other European
countries for intergenerational earnings mobility. Better access to these forms of data would most

likely not only benefit the research community, but also the general public.

References

Alesina, Alberto and Paola Giuliano (2011): “Preferences for redistribution”. In: Handbook of social
economics. Ed. by Jess Benhabib, Alberto Bisin, and Matthew O. Jackson. Vol. 1. Elsevier,
pp- 93-131.

Alesina, Alberto and Eliana La Ferrara (2005): “Preferences for redistribution in the land of op-
portunities”. In: Journal of public Economics Vol. 89(5-6), pp. 897-931.

Alesina, Alberto, Stefanie Stantcheva, et al. (2018): “Intergenerational Mobility and Preferences
for Redistribution”. In: American Economic Review Vol. 108(2), pp. 521-554.

Altzinger, Wilfried, Stefan Humer, and Mathias Moser (2017): “Entwicklung und Verteilung der
Einkommen”. In: Sozialbericht: Sozialpolitische Entwicklungen und Mafnahmen 2015-2016,
Sozialpolitische Analysen, pp. 228-264.

Armona, Luis, Andreas Fuster, and Basit Zafar (2018): “Home price expectations and behaviour:
Evidence from a randomized information experiment”. In: The Review of Economic Studies
Vol. 86(4), pp. 1371-1410.

Ballard-Rosa, Cameron, Lucy Martin, and Kenneth Scheve (2016): “The structure of American
income tax policy preferences”. In: The Journal of Politics Vol. 79(1), pp. 1-16.

Benabou, Roland and Efe A Ok (2001): “Social mobility and the demand for redistribution: the
POUM hypothesis”. In: The Quarterly Journal of Economics Vol. 116(2), pp. 447-487.

Berinsky, Adam J., Michele F. Margolis, and Michael W. Sances (2014): “Separating the Shirkers
from the Workers? Making Sure Respondents Pay Attention on Self-Administered Surveys”.
In: American Journal of Political Science Vol. 58(3), pp. 739-753.

Bjgrnskov, Christian et al. (2013): “Inequality and happiness: When perceived social mobility and
economic reality do not match”. In: Journal of Economic Behavior € Organization Vol. 91,
pp. 75-92.

Boudreau, Cheryl and Scott A MacKenzie (2018): “Wanting What Is Fair: How Party Cues and
Information about Income Inequality Affect Public Support for Taxes”. In: The Journal of
Politics Vol. 80(2), pp. 367-381.

Cansunar, Asli (2016): “Calculating with the Unknown: The Effects of (Mis) Perceptions of In-
equality Between Income Groups on Tax Preferences”. Presentation at Preferences over Re-
distribution Workshop, Duke University. Available at: URL: https://sites . duke . edu/
preferencesoverredistribution/files/2016/04/Cansunar-inequality-misperceptions.
pdf [Accessed: 06/09/2019].

Chambers, John R, Lawton K Swan, and Martin Heesacker (2015): “Perceptions of US social
mobility are divided (and distorted) along ideological lines”. In: Psychological science Vol.
26(4), pp. 413-423.

Chetty, Raj et al. (2017): “The fading American dream: Trends in absolute income mobility since
1940”. In: Science Vol. 356(6336), pp. 398-406.

15



REFERENCES

Cruces, Guillermo, Ricardo Perez-Truglia, and Martin Tetaz (2013): “Biased perceptions of income
distribution and preferences for redistribution: Evidence from a survey experiment”. In: Journal
of Public Economics Vol. 98, pp. 100-112.

Davidai, Shai and Thomas Gilovich (2015): “Building a more mobile America—One income quintile
at a time”. In: Perspectives on Psychological Science Vol. 10(1), pp. 60-71.

Engelhardt, Carina and Andreas Wagener (2014): “Biased perceptions of income inequality and
redistribution”. CESifo Working Paper Series, 4838. Available at SSRN: URL: https://ssrn.
com/abstract=2463129 [Accessed: 06/05/2019].

Eurostat (2012): The new degree of urbanisation classification. Brussels: Eurostat. Available at:
URL: https://ec.europa.eu/eurostat/ramon/miscellaneous/index.cfm?TargetUrl=DSP_
DEGURBA [Accessed: 07/15/2019).

Finseraas, Henning (2009): “Income Inequality and Demand for Redistribution: A Multilevel Anal-
ysis of European Public Opinion”. In: Scandinavian Political Studies Vol. 32(1), pp. 94-119.

Flynn, DJ, Brendan Nyhan, and Jason Reifler (2017): “The nature and origins of misperceptions:
Understanding false and unsupported beliefs about politics”. In: Political Psychology Vol. 38,
pp. 127-150.

George, Michael (2017): “Social Mobility and Support for Redistribution: Separating the American
Dream from Policy Preferences”. Available at SSRN: URL: https://ssrn.com/abstract=
2857925 [Accessed: 06/11/2019].

Gimpelson, Vladimir and Daniel Treisman (2018): “Misperceiving inequality”. In: Economics &
Politics Vol. 30(1), pp. 27-54.

Groves, Robert M et al. (2011): Survey methodology. Vol. 561. New Jersey: John Wiley & Sons.

Hauser, Oliver P and Michael T Norton (2017): “(Mis) perceptions of inequality”. In: Current
opinion in psychology Vol. 18, pp. 21-25.

Hilger, Nathaniel G (2015): “The great escape: Intergenerational mobility in the united states
since 1940”. National Bureau of Economic Research Working Paper, 21217. Available at: URL:
http://www.nber.org/papers/w21217 [Accessed: 07/02/2019].

Hoy, Christopher and Franziska Mager (2018): “Can Information About Inequality and Social
Mobility Change Preferences for Redistribution? Evidence from Randomized Controlled Trials
in 11 High and Middle-Income Countries”. Tax and Transfer Policy Institute - Working Paper
Series, 1/2018. Available at SSRN: URL: http://dx.doi.org/10.2139/ssrn . 3104379
[Accessed: 06/15/2019).

Huang, Jason L., Mengqiao Liu, and Nathan A. Bowling (2015): “Insufficient effort responding;:
Examining an insidious confound in survey data”. In: Journal of Applied Psychology Vol. 100(3),
pp. 828-845.

Jost, John T, Mahzarin R Banaji, and Brian A Nosek (2004): “A decade of system justification
theory: Accumulated evidence of conscious and unconscious bolstering of the status quo”. In:
Political psychology Vol. 25(6), pp. 881-919.

Kerr, William R. (2014): “Income inequality and social preferences for redistribution and compen-
sation differentials”. In: Journal of Monetary Economics Vol. 66, pp. 62-78.

Knell, Markus and Helmut Stix (2016): “Inequality, perception biases and trust”. OeNB Working
Paper, 211. Available at: URL: https://econpapers.repec.org/paper/onboenbwp/216.htm
[Accessed: 06/27/2019).

16



REFERENCES

Knell, Markus and Helmut Stix (2019): “How Peer Groups influence economic perceptions”. OENB
Working Paper, forthcoming.

Kung, Franki Y.H., Navio Kwok, and Douglas J. Brown (2018): “Are Attention Check Questions a
Threat to Scale Validity?” In: Applied Psychology: an international review Vol. 67(2), pp. 264—
283.

Kuziemko, Ilyana et al. (2015): “How elastic are preferences for redistribution? Evidence from
randomized survey experiments”. In: American Economic Review Vol. 105(4), pp. 1478-1508.

Liibker, Malte (2006): “Inequality and the demand for redistribution: are the assumptions of the
new growth theory valid?” In: Socio-Economic Review Vol. 5(1), pp. 117-148.

Meltzer, Allan and Scott Richard (1981): “A rational theory of the size of government”. In: The
Journal of Political Economy Vol. 89(5), pp. 914-927.

Niehues, Judith (2014): “Subjective perceptions of inequality and redistributive preferences: An
international comparison”. IW-TRENDS Discussion Paper, 2. Cologne Institute for Economic
Research. Available at: URL: https://relooney.com/NS3040/000_New_1519.pdf [Accessed:
06/23/2019].

Norton, Michael T and Dan Ariely (2011): “Building a better America—One wealth quintile at a
time”. In: Perspectives on psychological science Vol. 6(1), pp. 9-12.

OECD (2018): A broken social elevator? How to promote social mobility. OECD Publishing, Paris.
Available at: URL: http://oe.cd/social-mobility-2018 [Accessed: 07/09/2019].

Piketty, Thomas (1995): “Social mobility and redistributive politics”. In: The Quarterly journal of
economics Vol. 110(3), pp. 551-584.

Sabirianova Peter, Klara, Steve Buttrick, and Denvil Duncan (2010): “Global reform of personal
income taxation, 1981-2005: Evidence from 189 countries”. In: National Taz Journal Vol. 63(3),
pp. 447-T78.

Schnetzer, Matthias and Wilfried Altzinger (2013): “Intergenerational transmission of socioeco-
nomic conditions in Austria in the context of European welfare regimes”. In: Momentum Quar-
terly Vol. 2(3), pp. 108-126.

Starmans, Christina, Mark Sheskin, and Paul Bloom (2017): “Why people prefer unequal societies”.
In: Nature Human Behaviour Vol. 1(4), 0082.

Statistik Austria (2018): Zuordnung Grad der Urbanisation der Europdischen Komission - Da-
tentabelle. Vienna: Statistik Austria. Available at: URL: http://www.statistik.at/web_
de /klassifikationen/regionale _gliederungen/ stadt _land/index . html [Accessed:
07/15/2019].

Windsteiger, Lisa (2017): “The Redistributive Consequences of Segregation”. Working Paper of
the Max Planck Institute for Tax Law and Public Finance, 2017-12. Avalaible at SSRN: URL:
https://ssrn.com/abstract=3091493 [Accessed: 06/10/2019].

Zilinsky, Jan (2014): “Learning About Income Inequality: What is the Impact of Information on
Perceptions of Fairness and Preferences for Redistribution?” Available at SSRN: URL: http:
//dx.doi.org/10.2139/ssrn. 2485121 [Accessed: 06/05/2019)].

17



APPENDIX

Appendix

Figure 8: Treatment (1)
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armen Familien reichen Familien
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Was sagen aktuelle
Forschungsergebnisse liber die
Zukunftschancen von Kindern
aus armen Familien aus?

Figure 9: Treatment (2)
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Die Wahrscheinlichkeit,
dass ein Kind aus einer
armen Familie im
Erwachsenenalter arm bleibt,
ist extrem hoch.
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Figure 10: Treatment (3)

Nur sehr wenige Kinder
aus armen Familien schaffen
es, reich zu werden.

Arme Menschen Reiche Menschen
1

The Survey

Due to the merging of the two waves and the substantial reduction of the sample due to quality
checks, my final sample differs significantly from the original two samples of the survey institute.
I calculated post-stratification frequency weights, which are calibrated to match the marginals of
specific characteristics of my sample to known marginals of the target population. They were
computed using the raking method, an iterative process to account for marginals of more than
one variable. T calculated the weights for the marginals of the variables gender, age, and edu-
cation, where age and education are composed of three groups, respectively, which can be seen
in tables 5 and 6. My target population are Austrian citizens over the age of 17. Thus, I can
control for differences along the lines of these three variables between my sample and the target
population. However, I cannot adjust for differences according to other variables or other problems
related to survey data, such as non-sampling errors such as unit-non-response, coverage errors, or

measurement errors. (see Groves et al., 2011)

e Information Treatment: The information shown was that ”the probability that a child from a
poor family stays poor in adulthood is extremely high” and that ”only very few kids from poor
families succeed in becoming rich when they are adults”. The corresponding statements were
shown for children of rich families as well. Additionally, the statements were supported by
graphical illustrations, and it was emphasised that this information is resulting from research
findings.* Anew, this is analogous to Alesina, Stantcheva, et al. (2018), who, however, only
use information about poor children. It was designed to exogenously decrease the perceptions
of up- and downward mobility of the treated respondents. The information presented is very
general and open to subjective interpretations of respondents. Thus, respondents could
interpret the treatment differently. This, however, has the benefit that the respondent’s
perceptions of intergenerational mobility are always either decreased or not affected, but
not increased, independently of the prior perceptions of the individual. Further, Alesina,
Stantcheva, et al. (2018) argue, not to use specific numbers in their treatment to reduce

experimenter induced demand and avoid respondents just repeating the numbers they saw in

4The exact treatment about poor children is shown in figures 8 to 10 in the appendix. The information about
rich children is presented in the exact same way.
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the treatment and not grasp the meaning of it. Thus, the treatment effect can be interpreted
as the effect of information, that should make individuals more pessimistic, but not as the

effect of information, that corrects respondent’s views.

Urbanisation: Using the information about postal codes I will construct a variable, according
to the Degree of Urbanisation (DEGURBA) classification 2012 of the European Commission
(see Eurostat, 2012). The variable will have three levels, representing an urban, a semi-urban,
and a thinly populated environment of the home address. I will use readily available tables
of the Statistik Austria, connecting postal codes with the degree of urbanisation according

to the definition of the European Commission (see Statistik Austria, 2018).

Age: Age is split into three age groups, according to the groups for re-weighting the dataset.
Respondents under 35 are in the youngest age group, those over 55 in the oldest and the

others in the middle age group.

Education: Education is split in primary, secondary, and tertiary education, along the lines of
the re-weighting process, and to be able to compare the results internationally. Respondents
do not give their income in numbers but are asked to choose one of 20 income categories.
Using these answers, three groups with roughly the same amount of respondents, are con-
structed, representing lower-, middle-, and upper-income classes. The cutoffs are 1.500€ and
3.000€ respectively. In the regression models, I included only a dummy for being part of the
upper-income class, to avoid too much correlation with education. However, the results do
not change when including all three income classes, where the bottom income class is used

as a baseline.

Economic ideology: The ideology is an important factor for describing people’s mobility
perceptions, as Alesina, Stantcheva, et al. (2018) show. Especially views about meritocracy
in society matter. Thus, the corresponding question in the survey asked people to place
themselves on a range from 1 (very conservative) to 5 (very progressive), according to their
economic ideology. The categories 1 and 2 and 4 and 5, were merged respectively to avoid
too small groups. The emphasis on economic ideology was chosen to avoid conflicts of being
politically progressive and economically conservative or vice versa and because economic
ideology is a better proxy for those values, that matter for perceptions of intergenerational

mobility such as meritocracy.

Data Quality

To ensure data quality, I conducted several quality checks. First, I used an attention check question

available in the dataset to detect distracted respondents. Berinsky, Margolis, and Sances (2014)

show that such checks are effective in identifying inattentive respondents. Further, they point out

that not paying attention to this problem in surveys could mitigate important systematic relation-

ships in the data or lead to falsely rejected treatment effects. Additionally, there is evidence that

these checks do not affect the respondent’s answers in following questions or increase attenuation

(see Berinsky, Margolis, and Sances, 2014; Kung, Kwok, and Brown, 2018). Thus, I constructed

a dataset which will be called attention check dataset in the following, where all respondents who
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did not correctly answer the attention check question in the dataset® were omitted. In this way,
I excluded 1428 observations, resulting in a dataset with 2772 observations. Such a large share of
the dataset failing this check is comparable to some previous research, as in Berinsky, Margolis,
and Sances (2014) who exclude between one-third and one-half of his observations by conducting
different attention checks. However, Ballard-Rosa, Martin, and Scheve (2016) only exclude around
8% of their sample based on their attention check, which is clearly less than I exclude and indicates
possible quality issues with the dataset. As Berinsky, Margolis, and Sances (2014) recommend to
use more than one data check, I checked the data additionally for insufficient effort or lazy re-
sponding issues. These errors in survey data are shown to be not just random measurement errors,
but could significantly bias the results (see Huang, Liu, and Bowling, 2015). Thus, I formulated
some criteria for the question about perceptions of intergenerational mobility, which the respon-
dent’s answers had to fulfill to remain in the dataset. These criteria are similar to those used by
Alesina, Stantcheva, et al. (2018) for the same survey question. First, I omitted all individuals
who answered that all poor children would become rich, or all rich children would become poor,
which corresponds to 39 observations. Further, everyone, who put the same number in the field for
poor children staying poor and poor children becoming rich, and vice versa for rich children, was
eliminated as well. This procedure should identify everybody who just assigned the same number
of people to any rung on the right side of the intergenerational mobility question, presented in
figure 1. This reduced the full sample by 1200 observations, resulting in exactly 3000 observations.
Again, the share of observations which are lost is relatively high. Reassuringly, Alesina, Stantcheva,
et al. (2018) present a description of similar criteria of their intergenerational mobility question in
their online appendix and in sum the affected observations amount to around a quarter of their
observations as well.® This dataset will, in the following, be referred to as the lazy responding
dataset. Finally, I combined these two checks and constructed a restrictive dataset, which excludes
all observations which do not pass any of the two data checks. This restrictive dataset, which

comprises 2133 observations, is used for all following calculations, if not stated otherwise.

In spite of the significantly increased quality of the remaining sample, there are some issues
which have to be accounted for when such a big share of the original observations fails the data
checks. Berinsky, Margolis, and Sances (2014) emphasise that the passing of these tests is not
randomly distributed among the individuals in the sample, but instead correlated with different
important characteristics such as age, gender, and race. Therefore, these data checks can be seen
as a trade-off between internal and external validity. On the one hand, they increase internal
validity by improving the quality of the data. On the other hand, they reduce external validity,
because a significant share of the target population is probably not appropriately represented in
the reduced sample and excluded from the analysis. To account for these problems, I calculated
all results of the following work for all four different data sets. Differences between those are anal-
ysed in section 6. Reassuringly, the results do not differ considerably between all four data sets.

Additionally, after reducing the dataset, 49% of the observations result from the first wave, and

5”We are interested in your opinion to different topics, such as colours. To show that you read this far, please
select "red” and ”green” out of the following possibilities. Do not pay attention to the question and just choose the
two stated possibilities. What is your favourite colour?” - pink, red, green, white, black, blue

SHowever, they only exclude a part of these observations, because they do not take all their stated criteria into
account. Further, they do not elaborate on the reasons for this decision.
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51% of respondents were treated. The treatment and control group are divided equally between
both rounds. In tables 9 to 12, the differences in important variables in the different data sets can
be seen. The attention check results in a slightly more progressive, less urban, and richer dataset.
The lazy responding data check only reduces the share of less progressive people in the dataset,
while the other characteristics stay similar, compared to the full dataset. The differences in the
variables education, gender, and age are nonexistent because the weights adjust the data sets with
respect to these margins. The differences in the mobility variables between the different data sets
can as well be seen in tables 9 to 12. The variance of all variables increases for the bigger data
sets. Additionally, the bigger data sets seem to be more optimistic than the restrictive data set.
The mean and median of the mobility variables increase, while the mean and the median of the
persistence variables decrease for the bigger data sets. This difference is most pronounced for the
attention check and full data sets, which indicates that the lazy responding quality check omits
observations, which are on average more optimistic. This is driven by those observations, which
assign the same number of people to every rung on the ladder, and which are omitted due to
the assumption that this answer results from lazy responding and does not represent their actual

perceptions.

Table 5 shows the proportions of relevant groups of society in both waves and the Austrian
population to check the representativity of the sample. The differences seem to be small, but survey
participants are slightly younger and more educated than the overall population, which is a known
problem in online surveys. However, this can partly be counteracted by using post-stratification
weights, which I calculated for the final sample along the lines of the three variables, shown in
table 5. Thus, the sample is representative of the Austrian population with respect to age, gender,
and education. However, I cannot control for sample selection based on other characteristics,
like income, or unobservable variables. Further, non-sampling errors such as coverage errors or
different probabilities of being sampled for different subgroups of society cannot be accounted for.
Additionally, table 6 shows the characteristics of the sample for the full dataset, before the quality
checks were conducted. The original sample was slightly older, and thus fitted the age distribution
of the target population better than the restrictive dataset. Additionally, the higher share of
respondents with lower education in the full dataset does as well match the Austrian population
better. Thus, the trade-off between internal and external validity of data checking, as Berinsky,

Margolis, and Sances (2014) emphasise, is definitely an issue and has to be taken into account.
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Table 5: Characteristics of the sample, restrictive dataset

total wave 1 wave 2 population
men 48.3 49.7 46.8 49.2
women 51.7 50.3 53.2 50.1
under 35 28.9 24.7 33.3 29.0
35 - 55 42.2 43.3 41.0 33.7
over 55 28.9 32.0 25.7 37.3
primary education 42.2 44.4 39.9 52.7
secondary education 35.8 34.6 37.2 30.2
tertiary education 22.0 21.0 23.0 17.1

Columns 1 to 3 show unweighted proportions for the reduced sample. The data for the Austrian population
was taken from Statistik Austria and was further used to re-weight the sample.

Table 6: Characteristics of the sample, full dataset

total wave 1 wave 2 population
men 49.5 50.0 48.9 49.2
women 50.5 50.0 51.1 50.1
under 35 26.2 23.5 29.0 29.0
35 - 55 41.7 41.3 42.0 33.7
over 55 32.1 35.1 29.0 37.3
primary education 48.8 49.6 48.0 52.7
secondary education 32.7 32.4 33.0 30.2
tertiary education 18.5 18.0 19.0 17.1

Columns 1 to 3 show unweighted proportions for the reduced sample. The data for the Austrian population
was taken from Statistik Austria and was further used to re-weight the sample.

Furthermore, even though the treatment was shown randomly, systematic differences between
the control and the treatment group could arise and bias the treatment results. However, as can
be seen in table 7, the groups are very similar. There are slightly more conservative respondents in
the treatment group, which could understate the treatment effect. Additionally, there seem to be
fewer people living in urban surroundings. However, a regression on the probability of being in the
treatment group shows no significant effects for all the variables shown in table 7. This confirms

the random nature of the treatment and justifies causal interpretations of the treatment effects.
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Table 7: Control and Treatment group

total control group treatment group
men 49.2 48.5 49.8
women 50.8 51.5 50.2
under 35 29.0 28.4 29.7
35 - 55 33.7 35.3 32.2
over 55 37.3 36.4 38.1
primary education 52.7 51.0 54.3
secondary education 30.2 314 29.1
tertiary education 17.1 17.7 16.6
progressive 27.6 27.5 27.6
middle 54.6 56.1 53.2
conservative 17.9 16.4 19.2
lower class 33.8 34.5 33.2
middle class 40.5 414 39.7
upper class 25.7 24.2 27.2
exp. no mobility 39.7 39.8 39.5
exp. upward mobility 21.0 19.9 22.1
exp. downw. mobility 39.3 40.2 38.4
urban 36.6 38.2 35.1
semi-urban 24.2 23.4 24.9
thinly populated 39.2 38.4 40.0

The table shows weighted proportions for the restricted dataset.

Table 8: Intergenerational Mobility Perceptions among different subgroups

Q1Q5 Q1Q1 Q5Q1 Q5Q5
total 6.11 46.35 4.11 61.69
male 5.85 47.08 4.37 61.85
female 6.35 45.64 3.86 61.53
under 35 years 6.44 46.57 4.90 59.39
35-55 years 6.41 46.81 4.30 63.01
over 55 years 5.57 45.77 3.32 62.28
primary education 7.51 42.70 5.11 58.94
secondary education 4.84 49.89 3.04 64.61
tertiary education 4.03 51.33 2.92 65.00
lower class 6.89 44.65 4.40 59.69
middle class 6.06 46.90 3.77 63.56
upper class 4.24 51.08 3.61 64.20
urban 5.26 47.95 3.5 64.33
semi-urban 6.19 46.26 3.78 61.77
thinly populated 6.71 44.84 4.85 59.07
progressive 5.48 52.09 3.45 66.25
middle 6.52 43.95 4.42 59.89
conservative 5.80 44.83 4.17 60.14

The table shows weighted means of the mobility variables in the specific subgroups of the restrictive dataset.
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Table 9: Descriptive statistics of important variables in the restrictive dataset

A. Continuous variables

Min. Mean Median S.D Max.
Q1Q5 0.0 6.1 1.0 12.4 93.0
Q1Q1 0.0 46.3 50.0 26.0 100.0
Q5Q1 0.0 4.1 0.0 9.3 98.0
Q5Q5 0.0 61.7 70.0 26.8 100.0
Q1Q45 0.0 12.9 5.0 18.3 95.0
Q5Q12 0.0 9.4 3.0 15.7 100.0

B. Categorical Variables

Share No. of Obs.

men 49.2 2133
women 50.8 2133
under 35 29.0 2133
35 - 55 33.7 2133
over 55 37.3 2133
primary education 52.7 2133
secondary education 30.2 2133
tertiary education 17.1 2133
progressive 27.6 2133
middle 54.6 2133
conservative 17.9 2133
lower class 33.8 2133
middle class 40.5 2133
upper class 25.7 2133
urban 36.6 2072
semi-urban 24.2 2072
thinly populated 39.2 2072

Part A. shows weighted statistics of the continuous variables in the restrictive dataset. Part B. shows the
weighted relative frequencies of the categorical variables in the restrictive dataset and the corresponding
number of observations.
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Table 10: Descriptive statistics of important variables in the lazy responding dataset

A. Continuous variables

Min. Mean Median S.D Max.
Q1Q5 0.0 7.3 1.0 13.5 93.0
Q1Q1 0.0 44.2 45.0 26.5 100.0
Q5Q1 0.0 5.4 0.0 11.2 99.0
Q5Q5 0.0 59.1 60.0 28.2 100.0
Q1Q45 0.0 15.0 7.0 20.2 100.0
Q5Q12 0.0 11.6 4.0 18.2 100.0
B. Categorical Variables

Share No. of Obs.
men 49.2 3000
women 50.8 3000
under 35 29.0 3000
35 - 55 33.7 3000
over 55 37.3 3000
primary education 52.7 3000
secondary education 30.2 3000
tertiary education 17.1 3000
progressive 26.2 3000
middle 55.9 3000
conservative 17.9 3000
lower class 34.3 3000
middle class 40.7 3000
upper class 25.0 3000
urban 37.3 2904
semi-urban 24.8 2904
thinly populated 37.8 2904

Part A. shows weighted statistics of the continuous variables in the lazy responding dataset. Part B. shows the
weighted relative frequencies of the categorical variables in the lazy responding dataset and the corresponding

number of observations.
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Table 11: Descriptive statistics of important variables in the attention check dataset

A. Continuous variables

Min. Mean Median S.D Max.
Q1Q5 0.0 10.0 2.0 16.8 100.0
Q1Q1 0.0 39.7 40.0 27.6 100.0
Q5Q1 0.0 7.0 1.0 13.0 100.0
Q5Q5 0.0 54.4 55.0 30.0 100.0
Q1Q45 0.0 19.0 10.0 23.5 100.0
Q5Q12 0.0 14.6 5.0 20.4 100.0
B. Categorical Variables

Share No. of Obs.
men 49.2 2772
women 50.8 2772
under 35 29.0 2772
35 - 55 33.7 2772
over 55 37.3 2772
primary education 52.7 2772
secondary education 30.2 2772
tertiary education 17.1 2772
progressive 26.5 2772
middle 55.3 2772
conservative 18.2 2772
lower class 33.6 2772
middle class 41.1 2772
upper class 25.3 2772
urban 36.8 2692
semi-urban 25.2 2692
thinly populated 38.0 2692

Part A. shows weighted statistics of the continuous variables in the attention check dataset. Part B. shows the
weighted relative frequencies of the categorical variables in the attention check dataset and the corresponding

number of observations.
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Table 12: Descriptive statistics of important variables in the full dataset

A. Continuous variables

Min. Mean Median S.D Max.
Q1Q5 0.0 11.8 5.0 17.9 100.0
Q1Q1 0.0 36.9 30.0 27.6 100.0
Q5Q1 0.0 8.9 1.0 15.1 100.0
Q5Q5 0.0 50.5 50.0 30.6 100.0
Q1Q45 0.0 20.0 10.0 25.0 100.0
Q5Q12 0.0 17.6 8.0 22.6 100.0

B. Categorical Variables

Share No. of Obs.

men 49.2 4200
women 50.8 4200
under 35 29.0 4200
35 - 55 33.7 4200
over 55 37.3 4200
primary education 52.7 4200
secondary education 30.2 4200
tertiary education 171 4200
progressive 25.1 4200
middle 56.8 4200
conservative 18.1 4200
lower class 34.8 4200
middle class 40.5 4200
upper class 24.7 4200
urban 37.5 4066
semi-urban 25.5 4066
thinly populated 37.0 4066

Part A. shows weighted statistics of the continuous variables in the full dataset. Part B. shows the weighted
relative frequencies of the categorical variables in the full dataset and the corresponding number of observations.

Figure 11: Demand for redistribution by downward mobility perceptions
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Interpretation example: Around 70% of respondents, who state that less than 4% of children from the top quintile
will leave it when grown up, support the property tax, while only around 55% of those, who answer 4% or more, do.
Due to the small variance of the downward mobility perception variable, it can be seperated in 3 catagories only.
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Figure 12: Demand for redistribution by top persistence perceptions
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Interpretation example: Around 30% of respondents, who state that less than 45% of children from the top quintile
will stay there when grown up, support the inheritance tax, while around 40% of those, who answer 85% or more,
do.

Figure 13: Demand for redistribution by bottom persistence perceptions
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Interpretation example: Around 50% of respondents, who state that less than 25% of children from the bottom
quintile will stay there when grown up, support the wealth tax, while around 60% of those, who answer 70% or
more, do.

Robustness checks

The first robustness check will be to change the definition of the up- and downward mobility
perception variables. Upward mobility will be defined as the number of children from the bottom
quintile expected to reach the 5th or the 4th quintile and respectively downward mobility the
number of those children from the top ending up in the 1st or the 2nd quintile. Using these wider
mobility measures leads to a bigger variance in the dependent variable, which helps to identify
effects and reduce the weight of outliers in the data. Subsequently, I will change some definitions
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and quality criteria on which my final sample - the exact process is explained in the next section -
was based to check for consistency of the results in these different data sets. Finally, I can utilize
the information from the two waves of the survey to monitor differences between those. The time
difference between the two waves is slightly more than half a year, which should not result in
major changes in the public opinion about this topic. However, there are slight differences in the
placement of some questions and the general pool of survey questions between the waves. Thus,
differences in the results between the waves could as well partly result from these. To control for

these differences in the regression models, I included wave fixed effects in every regression.

Mobility perception variables

In the following, the upward and downward mobility variables are substituted with less extreme
measures in equation 1 to test hypotheses 1 and 2 more thoroughly. Thus, for upward mobility,
not only those poor children who are thought to reach the richest quintile but also those who reach
the second richest quintile are counted as being upwardly mobile. For downward mobility, the
same holds with the poorest and the second poorest quintile. This results in more variation in
the dependent variable and does not only capture the most extreme answers, which can be seen in
table 9.

As can be seen in table 13, the wider mobility perception variables, Q1Q45 and Q5Q12, show

significant effects as well but they are smaller than for the more extreme measures.

Table 13: Effects of mobility perceptions on policy preferences

Dependent variable:

wealth inheritance property log(capital
tax tax tax gains tax)
(1) (2) ©)) (4)
log(Q1Q45) —0.011*** —0.012%** —0.008"** —0.035
(0.003) (0.003) (0.003) (0.036)
log(Q5Q12) —0.016*** —0.015*** —0.012%** —0.027
(0.004) (0.004) (0.004) (0.036)
Observations 1,836 1,937 2,072 1,781
Note: *p<0.1; **p<0.05; ***p<0.01

All regressions include control variables for gender, age, education, being a member of the upper income class,
the political ideology, urbanisation and the wave. The first three regressions are weighted logistic regressions
and the last one a normal linear regression. Coefficients in the first three columns are average marginal
effects. White’s heteroskedasticity-robust standard errors (only for column 4) are reported in parentheses.
The estimates for the different mobility perception variables result from separate regression models due to the
high correlation among them. The differences in observations per model result from item non-response of the
dependent variables and the independent variable urbanisation.

In table 14, we see the treatment effects on the wider mobility variables. The persistence
variables are the same as in table 5 and are just included for comparison. However, the treatment
effect on upward mobility increases significantly in size. Instead of decreasing the perceived share
of poor children becoming rich by approximately 20%, it reduces the share for the two top quintiles
by nearly 30%. Nevertheless, the treatment effect for downward mobility is still not significantly

different from 0. Considering the increased variance resulting from the new variable, the argument
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of little variation in the dependent variable gets weaker, especially as the variation in the downward
mobility variable is now bigger than for the original upward mobility variable (Q1Q5), see table
9. This could be evidence that people do not react to information when considering downward
mobility and only adjust their beliefs in upward mobility and persistence at the bottom as well as
at the top. Regarding the lack of literature analysing effects on downward mobility perceptions,

this could be of great interest to pursue further.

Table 14: Treatment effects on alternative mobility variables

Dependent variable:

log(Q1Q45) log(Q1QL) log(Q5Q12) log(Q5Q1)
(1) (2) (3) (4)
treatment —0.270** 0.129*** —0.017 —0.024
(0.118) (0.033) (0.129) (0.067)
Observations 2,072 2,072 2,072 2,072
Note: *p<0.1; **p<0.05; ***p<0.01

All regressions include control variables for gender, age, education, being a member of the upper income
class, the political ideology and the wave. White’s heteroskedasticity-robust standard errors are reported in
parentheses. The differences in observations between the whole restrictive dataset and the models result from
item non-response of the independent variable urbanisation.

Sample Composition - Data Checks and Waves

As described in section 3, I excluded nearly half of the observations due to quality checks. Thus,
an analysis of how much the results change through this process is essential for the interpretation
of my results. In the following, the above calculations are repeated with the lazy responding, the
attention check, and the full dataset. The first one including the lazy responding checks, but not
the attention check, the second one vice versa and the last one comprising the whole dataset.
Concerning the effects of mobility perceptions on policy preferences, the results stay very robust.
The effects for Q1Q5 stay significant, but get smaller for all policy variables in the bigger datasets.
The effects for Q1Q1 stay the same for the inheritance and the property tax and get significant
for the wealth tax, even if the size of the coeflicients is very small. The coeflicients for Q5Q5 stay
mostly significant as well, but are very small, as in the restrictive dataset. The effects for Q5Q1
are, however, less robust. They turn insignificant for the wealth tax in the full sample and the
inheritance tax in all bigger samples, and get smaller for the property tax and the wealth tax in
the lazy responding and the attention check dataset. The effects for Q1Q45 and Q5Q12 react to
the changes in the dataset in the same way as the effects for Q1Q5 and Q5Q1. Further, the results
for the treatment effects can be seen in tables 15 and 16.

31



APPENDIX

Table 15: Treatment effects on mobility perceptions in the different data sets

Dependent variable:

log(Q1Q5)  log(Q1Q1)  log(Q5Q1)  1og(Q5Q5)  log(Q1Q45)  log(Q5Q12)

(1) (2) 3) (4) (5) (6)
restrictive dataset
treatment —0.180™" 0.1177** —0.026 0.077** —0.270*" —0.017
(0.082) (0.034) (0.068) (0.022) (0.118) (0.129)
Observations 2,072 2,072 2,072 2,072 2,072 2,072
lazy responding dataset
treatment —0.143" 0.133"** —0.037 0.074™** —0.208™" —0.023
(0.074) (0.032) (0.070) (0.024) (0.100) (0.121)
Observations 2,904 2,904 2,904 2,904 2,904 2,904
attention check dataset
treatment —0.203™" 0.1317* —0.099 0.116™"" —0.281"" —0.102
(0.101) (0.065) (0.091) (0.039) (0.123) (0.142)
Observations 2,692 2,692 2,692 2,692 2,692 2,692
full dataset
treatment —0.150" 0.115** —0.071 0.080™* —0.211** —0.067
(0.083) (0.059) (0.083) (0.038) (0.097) (0.121)
Observations 4,066 4,066 4,066 4,066 4,066 4,066
Note: *p<0.1; **p<0.05; ***p<0.01

All regressions include control variables for gender, age, education, being a member of the upper income
class, the political ideology, urbanisation, and the wave. White’s heteroskedasticity-robust standard errors are
reported in parentheses. The differences in observations between the whole data sets and the models result
from item non-response of the independent variable urbanisation.

In the dataset with lazy responding checks only, the results for mobility perceptions remain
similar, also for the more general variables described above. However, the treatment effects on
wealth tax becomes slightly smaller but stays significant. For the dataset, which only omits those
observations from the full dataset, which fail the attention check, the treatment effects for the mo-
bility variables and support for the wealth tax get stronger than in the restrictive dataset. When
considering the full dataset, the results for mobility perceptions are slightly smaller for the upward
mobility variables and very similary in size for the others. They all stay significantly different from
0, except for the effects on Q5Q1 and Q5Q12 which are not significant in the restrictive dataset as
well. While the treatment effect on the wealth tax is similar in size to the effect in the restrictive

dataset and still significant.

When running the analysis separately for every wave in the different data sets, the results differ
somehow from the results presented above. However, the treatment effect on mobility perceptions
remains mostly robust for all waves and data check variations. The effect on Q1Q1 is the strongest
and most robust. Q5Q1 stays insignificant in every sample. The effects for Q1Q5 and Q5Q5 are,
however, not that robust when considering the two waves separately. Here, the effect on Q1Q45 is
stronger and more consistent. This could be evidence for a strong and robust treatment effect on
the bottom persistence variable but not that robust for upward mobility or top quintile persistence.

The effect on support for the wealth tax is only significant in wave 2 of every sample size, except

32



APPENDIX

for the attention check dataset, where it loses significance when calculating the effect separately
for both waves. Therefore, the treatment effect on the support for the wealth tax is less robust

than those on mobility perceptions.
Thus, the treatment effects on mobility perceptions are strong and robust, considering different

data sets. The treatment effect on the wealth tax stays significant as well and thus can also be

considered robust, however it seems to be driven by wave 2.

Table 16: Treatment effects on policy preferences in the different datasets

Dependent variable:

wealth inheritance property log(capital
tax tax tax gains tax)
(1) (2) (3) (4)
restrictive dataset
treatment 0.061"* 0.000 —0.004 0.133
(0.024) (0.031) (0.021) (0.084)
Observations 1,836 1,937 2,072 1,781
lazy responding dataset
treatment 0.035* 0.004 0.005 0.081
(0.020) (0.026) (0.018) (0.067)
Observations 2,594 2,705 2,904 2,471
attention check dataset
treatment 0.069"** 0.026 0.007 0.112
(0.021) (0.026) (0.019) (0.070)
Observations 2,374 2,492 2,692 2,255
full dataset
treatment 0.051"** 0.020 0.013 0.077
(0.016) (0.022) (0.015) (0.054)
Observations 3,729 3,872 4,066 3,461
Note: *p<0.1; **p<0.05; ***p<0.01

All regressions include control variables for gender, age, education, being a member of the upper income class,
the political ideology, urbanisation and the wave. The first three regressions are weighted logistic regressions
and the last one a normal linear regression. Coefficients in the first three columns are average marginal
effects. White’s heteroskedasticity-robust standard errors (only for column 4) are reported in parentheses.
The differences in observations per model and to the whole datasets result from item non-response of the
dependent variables and the independent variable urbanisation.
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