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Abstract

The self-interest approach to preferences for redistribution draws upon the idea that
socio-economic conditions influence policy preferences via personal interests. Fol-
lowing this principle, a burgeoning interdisciplinary literature has examined the in-
fluence of socio-economic status (SES) on redistributive preferences. Yet this body
of research is quite fragmented because it includes a plethora of understandings of
SES and there is still no consensus on which conceptualization best accounts for
variation in these preferences. We fill this gap in the literature through an analysis
of the predictive validity of seven conceptualizations of SES: (i) income as a linear
measure; (ii) income measured in deciles; (iii) skills specificity; (iv) ESeC schema;
(v) Oesch class schema; (vi) risk of unemployment; and (vii) routine task intensity.
Using data from the European Social Survey for 24 countries in 2012-2022, we
determine the predictive power of each conceptualization through different mea-
sures of goodness of fit. The results show that income measured in deciles is the
conceptualization with highest predictive power and parsimony.

Keywords Preferences for redistribution - Socio-economic status - Income -
Goodness of fit

The relationship between socio-economic status (SES) and political preferences is
a foundational concern in political science and political economy. Classical theories
of political behavior, particularly those rooted in Marxist (Wright 1985) and ratio-
nal choice (Meltzer and Richard 1981) traditions, presume that individuals’ political
preferences align with their material interests. From this perspective, individuals with
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low SES should prefer parties and policies that promote redistribution, labor protec-
tions, and welfare benefits, while individuals with high SES should support market
liberalism, low taxation, and limited state intervention. Across democratic societies,
a vast literature supports this expectation, showing that socio-economic position is
a significant predictor of political behavior (Lindh and McCall 2020). Nevertheless,
the specific processes and dimensions of SES that shape political preferences are
complex and remain insufficiently understood. We address this question by focusing
on the paradigmatic case of preferences for redistribution, a domain that lies at the
heart of political economy, connecting individual attitudes with broader questions
about inequality, democracy, and the role of the state (Persson and Tabellini 2000).

Scholarly research on socio-economic divides in redistribution preferences is both
burgeoning and fragmented. Over the last decades many studies in the social sciences
have examined attitudes towards the role of the state in economic redistribution, an
interest in part stemming from income inequality trends in high-income democra-
cies. Based on the tenet that objective socio-economic conditions influence policy
preferences via personal interests (Kumlin 2007; Lindh and McCall 2020; Manza and
Crowley 2018), many of these studies focus on micro-level divides in redistribution
preferences. Yet there is still no consensus on which conceptualization of SES pro-
vides the highest analytical leverage. Indeed in this deeply interdisciplinary literature
many conceptualizations of socio-economic standing have been linked to redistribu-
tion preferences (Mccall et al. 2011). Extant studies on these preferences conceptual-
ize and operationalize socio-economic location in terms of income (Beramendi and
Rehm 2016), large occupational groups linked to employment relations (Fernandez
and Jaime-Castillo 2018) or work logics (Kitschelt and Rehm 2014), levels of skills
specificity (Iversen and Soskice 2001), risks of unemployment (Rehm 2009, 2011)
and routine task intensity (Thewissen and Rueda 2019) among others. Substantive
findings using different conceptualizations tend to go in same direction, indicating a
robust negative relationship between SES and preferences for redistribution. How-
ever, this overall pattern may be influenced by publication bias against null findings
and the literature reveals considerable variation in the magnitude of the effects, as
well as disagreement about the significance of certain effects. For instance, while
Steele et al. (2022) find a consistent effect of income in English-speaking OECD
countries, Bonnet et al. (2024) show that for six advanced economies the effect of
income is non-significant after controlling for financial security and risk aversion.

Prior analyses shed light on our understanding of which socio-economic groups
prove more committed towards redistribution. Yet in seeking to advance (yet another)
politically-relevant conceptualization of SES, several of these studies display two
main limitations. First, many of them talk past each other. They commonly control
for just one alternative conceptualization and rarely consider most or (at least sev-
eral) alternative conceptualizations—especially those generated in other disciplines.
As a result, the robustness of effects associated with most factors remains under-
documented. Second, extant studies uniformly discount costs of additional model
complexity. The standard strategy of these studies involves assessing solely whether
the variable(s) tapping the proposed conceptualization has(have) a significant and/or
substantial impact after controlling for a range of conditions independent from model
complexity. This approach thus ignores the role of parsimony.
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This large degree of fragmentation in scholarly production on pro-redistribution
divides means that there are no comprehensive studies addressing the critical matter
of which conceptualization of SES constitutes the most efficient and effective predic-
tors of redistribution attitudes. In other words, we do not yet know which SES con-
ceptualization provides the best balance between parsimony and explanatory power.
This manuscript seeks to fill the gap. It follows an eclectic and agnostic approach
to determine the predictive validity—also called construct validity—of seven major
conceptualizations of SES for redistribution preferences. Within this general goal,
we tackle two concrete questions: First, which conceptualization attains the high-
est explanatory power? Second, which conceptualization provides the best trade-off
between explanatory power and parsimony?

We seek to answer these two questions without preconceptions. Our aim in this
study is to identify the predictive validity of these indicators in comparative terms.
We specifically focus on seven conceptualizations with especially large recognition
in the social sciences: (i) net income in linear terms (Beramendi and Rehm 2016);
(i1) a set of dummy variables for household’s income decile (Guillaud 2013); (iii)
the degree of skills specificity (Iversen and Soskice 2001); (iv) the European Socio-
economic Classification (ESeC) (Paskov and Weisstanner 2022); (v) the class typol-
ogy devised by Oesch (2006) and revised by Kitschelt and Rehm (2014); (vi) the risk
of unemployment (Rehm 2009, 2011); and (vii) task routine intensity (Thewissen
and Rueda 2019). A few studies compare the predictive power of SES conceptualiza-
tions (Carriero 2021; Kevins et al. 2019; Mccall et al. 2011; also Van den Berg and
Coffé 2012), however all of them only consider two SES alternatives and none but
one (Kevins et al. 2019) assess their predictive power across a variety of European
countries. !

To assess the predictive validity of each of these seven conceptualizations, we
conduct multivariate analyses of the determinants of redistribution preferences in
24 European countries during 2012-2022. We utilize rounds six to eleven of the
European Social Survey (ESS) (2012-2022). In the following analysis, we assess
the predictive validity of each indicator by taking into account both the explanatory
power and parsimony of the models. For this purpose, we conduct comparisons of
statistical goodness of fit—specifically, measures based on explanatory power such
as R? and measures based on predictive power and parsimony such as BIC—across
models including each of the conceptualizations (Claeskens and Hjort 2008). We
focus on the predictive validity of each conceptualization (rather than sheer statisti-
cal significance) because predictive validity reveals the proportion of variation in the
outcome accounted by the explanatory factor. The results show that overall income-
based models (especially dummies for income deciles) fit the data better than the rest
of the models. On the other hand, class based conceptualizations, such as ESeC or the
typology proposed by Oesch (2006) do worse than other approaches, such as the risk
of unemployment and skill specificity.

'Nevertheless, Kevins et al. (2019) focus on subjective social class and analyze only ten countries and
smaller samples in each country.
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Conceptualizations of socio-economic status and redistribution
preferences

A central theme in the interdisciplinary literature on redistribution preferences
revolves around the role of socio-economic divides. Many works in this area assess
whether objectively-defined, socio-economic locations of individuals affect their
redistribution preferences. Despite extensive differences in the theoretical models
underpinning their claims and their ultimate predictions—which we review briefly
below -, studies in this area share a commitment to rational-action assumptions (Melt-
zer and Richard 1981). They build on the tenets that (a) objective socio-economic
locations determine personal economic interests and (b) that these self-interests
determine political preferences. The self-interest approach is certainly not the only
model of political attitude formation—in recent decades it has been challenged by a
growing scholarship on other-regardingness (Dimick et al. 2018). Yet the self-interest
model remains clearly prevalent in the literature on pro-redistribution divides, to a
large extent because extensive research using very diverse operationalizations and
indicators reports robust associations between indicators of individual SES and redis-
tribution preferences (Kumlin 2007).

Seven conceptualizations of SES have proven to have particularly large reso-
nance in accounting for redistribution preferences: (i) a continuous linear measure of
income; (ii) a set of dummy variables for household’s income decile; (iii) the degree
of skills specificity; (iv) the ESeC schema; (v) the Oesch class schema and versions
of it; (vi) the risk of unemployment; and (vii) the routine task intensity. Seminal
studies leveraging each of these conceptualizations have been widely cited in the
social sciences. What are the main similarities and differences across these seven
conceptualizations?

Individual or household income has for long been a central economic dimension
affecting political attitudes (especially in economy and political science). It is even
a prevalent indicator in the sociology of stratification (Barone et al. 2021) and “the
most common strategy for operationalizing the class location of individuals” (Manza
and Crowley 2018: 370) in studies on political attitudes. Income offers a popular
operationalization as this single dimension discriminates well among relative loca-
tions in the socio-economic hierarchy and people care deeply about their purchasing
power. From this perspective, since individuals in the lowest half of the income dis-
tribution have lower resources than individuals in the highest half, they have more
to gain from state-driven redistribution and are disproportionately likely to support
redistributive policies (Lipset and Martin 1960; Meltzer and Richard 1981; Roberts
1977). Despite the simplicity of this model, it has proven fruitful: whether measured
in linear terms or in categorical levels, a long list of studies in economics (Guillaud
2013), political science (Doherty et al. 2006; Walter 2017) and sociology (Brady and
Bostic 2015) report direct and positive associations between individual (and house-
hold) income and redistribution preferences.

There are strong reasons to believe that individual income is a particularly robust
predictor of pro-redistribution preferences. First, recent research shows that per-
manent income over the life course is actually better predicted by contemporary
household income than measures of occupations or social class (Brady et al. 2018;
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Shahbazian and Bihagen 2022). Second, income constitutes a culturally-preeminent
category of classification (rich/poor; high/middle/low income). Children as young as
4-5 use the concepts rich/poor person and prefer rich groups (Horwitz et al. 2014).
Adults hold widely-shared conceptions about personality differences between rich
and poor individuals, with the former perceived as more competent and the latter
more warm (Fiske et al. 2018). Approximately, one in every three Europeans per-
ceive that there is “a lot of tension” between “poor and rich” individuals and percep-
tions of tensions between “managers and workers” are slightly less common (Van
Drunen et al. 2021). Moreover, individuals perceive that income is a major source of
differences between the “middle” and “upper middle” class (Stubager et al. 2018).

Three continuous conceptualizations of SES have been proposed since the early
2000s. Formulated by political scientists and political economists, they identify axes
of objective socio-economic differentiation around occupational features, which are
theorized as consequential for political preference formation. The three models have
not been suggested as substitutive, but as complementary to the income dimension.
They refer to the skills specificity (Iversen and Soskice 2001), unemployment risk
(Rehm 2009, 2011) and task routine intensity (Thewissen and Rueda 2019) of occu-
pations. The three models, moreover, build on the principle that redistribution con-
stitutes a form of individual insurance against potentially substantial drops in income
during the life cycle due to ill health, job loss or old age. Iversen and Soskice (2001)
broke new ground in the self-interest approach by theorizing that beyond the amount
of human capital, the asset or skills specificity of human capital is also politically
consequential. Many occupations are filled with workers with specific skills whereas
others comprise workers with general, portable skills. This approach argues that in
the face of wage or employment loss, workers in occupations with high skills speci-
ficity have a smaller range of jobs they can transfer into and thus suffer higher risks
of large declines in their purchasing power, which incentivizes them to be dispro-
portionately supportive of redistribution. Operationalizing this as the inverse of the
proportion of workers per occupation, Iversen and Soskice (2001) and latter studies
have documented a positive effect of skills specificity (Cusack et al. 2006) on redis-
tribution preferences.

Rehm (2009, 2011) has alternatively argued for the attitudinal relevance of varia-
tions in unemployment risks across occupations. He argues that in post-industrial
societies, the largest individual risk is that of job loss, so that individuals at higher
risk of unemployment support pro-redistributive policies to prevent sharp income
losses. In determining their risk of unemployment, Rehm’s model states that the prev-
alent reference of comparison used by individuals is their occupation, because their
own human capital is tied to their occupation—rather than their economic sector—
and because occupations are major sites of normative and political socialization.
Rehm’s general prediction that occupational-specific risks of unemployment shape
redistributive preferences has been supported by his and latter empirical work (Rehm
2016; Vlandas 2021) and other studies have found a relationship between individual
labor market shocks and political attitudes (Schraff 2018). More recently, Thewissen
and Rueda (2019) have argued for a third occupational-based continuous divide in
political attitudes: routine task intensity. According to their model, since technologi-
cal change and work automation crowds-out routine occupations with intermediary
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skills, individuals in occupations susceptible to automation are more supportive of
redistribution (Busemeyer and Sahm 2021). Importantly, these two latter models
consider that unemployment and automation risk are orthogonal to skills specificity,
because occupations with high skill specificity vary widely in unemployment risks
and routine task intensity.

The ESeC and Oesch conceptualizations of SES constitute strict academic con-
structs. They also represent multicategorical conceptualizations capturing multiple
dimensions of individual socio-economic standing. Both indicators have a strong
sociological outlook. Designed as an improvement of the classic Erikson-Goltdhorpe
and Portobello (EGP) class schema (Goldthorpe 2000), the ESeC schema classifies
workers into 810 groups depending on combinations of their working conditions
and the reward package offered by employers to meet firm needs (Rose and Harrison
2010). Taking the two classes in extreme positions, individuals in the upper salariat
class fill jobs requiring task autonomy and skills in high demand, whereas individuals
in the working class fill jobs with low autonomy and general skills. To ensure reten-
tion of the former, they are compensated with higher income, job security and promo-
tion prospects. These differentials in economic conditions, the model goes, produce
divides in life chances and political interests (Evans and Carl 2017). Recent studies
relying on ESeC to predict redistribution preferences show that (controlling for indi-
vidual income) unskilled workers are significantly more supportive of redistribution
than all the other classes (Paskov and Weisstanner 2022).

The Oesch’s (Oesch 2006) class schema classifies workers into large occupational
groups based on the skills brought by workers to the labour market. It differs from the
EGP and ESeC schemas in its reliance on a second dimension concerning the type of
tasks commonly conducted by that large occupational group. It specifically identifies
four logics of task structure: independent, interpersonal, organizational and techni-
cal. Drawing on Oesch’s typology, Kitschelt and Rehm (2014), Kitschelt et al. (1994)
specifically hypothesize that daily working routines in the interpersonal logic are
characterized by recurring symbolic interaction and one-to-one negotiations, which
induces workers in this logic to hold more compassion, egalitarian ethos and ulti-
mately more support for redistribution than workers in other logics (also, Kriesi et al.
2008). Furthermore, Kitschelt et al. (1994) show that unskilled workers and workers
in the interpersonal logic actually prove more supportive of redistribution.

A few recent studies have begun comparative exploration of the predictive power
of conceptualizations of SES on political attitudes. Using US data, Mccall et al.
(2011) and Weeden and Grusky (2012) assess the predictive power of, on the one
hand, the EGP model versus, on the other, income and micro-classes, respectively. In
both cases, the EGP schema fares worse than the alternative. Using data for European
countries, Kevins et al. (2019) examines the predictive power of subjective social
class versus income and find that income is a better predictor of attitudes towards
the welfare state. Carriero (2021), instead, relies on ESS data to assess the predictive
power of the ESeC versus the Oesch schema on redistribution attitudes and concludes
that their predictive validity are practically indistinguishable. These latter compara-
tive studies provide valuable insights but they have limitations because (a) they limit
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the comparison to only two conceptualizations—when at least seven exist—and (b)
usually do not explore the parsimony of explanatory models.’

Data and methods

We use the European Social Survey (ESS), which contains information on all neces-
sary variables to build each SES indicator and provides high-quality data. We analyze
rounds six to eleven (2012-2022) of the ESS for 24 European countries. We restrict
our analysis to this period to facilitate data comparison and avoid the influence of
breaks in the data series, since rounds one to five of ESS either used a different
scale to measure income—which are not commensurable with the last rounds—or
only included data on the ISCO-88 rather than ISCO-08. Concerning the range of
countries, seeking to maximize generability but maintaining countries with similar
economic and political configurations, we include in the analysis all 23 EU member
states included in ESS plus the UK.? This amounts to a consolidated dataset of 24
countries, 108 country-years and 78,230 individuals with full information on every
SES indicator. In addition, we restrict our analysis to the working age population
(25-65 years) to avoid the distortion produced by young people who are still studying
or do not have a permanent job and by retirees, who do not face risk of unemploy-
ment or skill specificity.*

Our main dependent variable is support for redistribution, measured as the agree-
ment with the statement “The government should take measures to reduce differ-
ences in income levels”. Possible answers are “agree strongly”, “agree”, “neither
agree nor disagree”, “disagree”, and “disagree strongly”. For ease of interpretation,
we reverse the order of responses to assess agreement. Several prior studies use this
variable to capture the support for redistribution (e.g. Finseraas 2009; Rueda 2018).
Yet in supplementary analyses discussed below, we present results regarding four
other outcomes.

Our main explanatory variables are the conceptualizations of SES: income, social
class, skill specificity, risk of unemployment and routine task intensity. To measure
income we use two different approaches. First, we measure income as a categori-
cal variable by employing the decile of the individual’s household according to net
income, using nine dummy variables for deciles 2 through 10—with decile 1 (the
richest decile) as the reference category. Secondly, we use an alternative measure
of income as a linear estimate of actual equivalized income. For each respondent
the actual household income is calculated as the mid-point interval of the decile to
which the household belongs, with the lower and upper bounds of each decile taken
from ESS fieldwork documents. Moreover, to account for differences in household

2Meccall et al. (2011) is an exception.

3This includes Austria, Belgium, Bulgaria, Croatia, Cyprus, Czech Republic, Denmark, Estonia, Finland,
France, Germany, Hungary, Ireland, Italy, Latvia, Lithuania, Netherlands, Poland, Portugal, Spain, Slova-
kia, Slovenia, Sweden and UK.

4For categories based on ISCO-08, such as ESEC, we also excluded individuals for which information is
only available at one-digit ISCO level and workers from group 0 (the military).
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size, we use an equivalized measure of income by dividing household income by the
square root of household size. Finally, to account for differences in income between
countries, individual incomes are standardized within country-year. The first opera-
tionalization allows us to capture potentially non-linear effects of income groups.
The second approach, in contrast, takes into account the absolute distance between
individuals. These two variables are termed deciles and income.

The skill specificity of respondents’ occupations is measured following Iversen
and Soskice (2001) and Cusack et al. (2006). Absolute skill specificity for a par-
ticular branch of occupations (two digits ISCO-08) measures the share of ISCO-
08 codes (four digits) within this branch over its share of the labor force. Thus, a
higher absolute skill specificity indicates that more detailed occupations are needed
to describe the skills of fewer workers in the labour force. Relative skill specificity
is then obtained by dividing the absolute skill specificity by the skill level.> The risk
of unemployment (risks), following Rehm (2009), is measured as the unemployment
rate of individual’s occupation (ISCO-08 level 1). The unemployment rates by occu-
pation and the share of the labor force by ISCO-08 group were obtained from the EU
labour force surveys (Eurostat 2021). To measure routine task intensity (R77), we
follow Goos et al. (2014) and use the Dictionary of Occupational Titles (DOT) for
occupation definitions.® RTI is the difference between the log of the index of routine
intensity of each occupation and the log of the sum of the indices of manual and
abstract characteristics for this occupation. This measure is constant across countries
and time, and it is available at two digits ISCO-88. Therefore, we translated our
ISCO-08 codes into ICO-88 codes and then assign the RTI of each ISCO-88 two
digits.”

We capture the role of social class through two different schemas: The ESeC (Rose
and Harrison 2010) and the classification proposed by Oesch (2006). The ESeC
schema includes nine classes: “large employers and higher managers and profes-

9 <

sionals”, “lower managers and professionals, and higher supervisors”, “intermedi-

2 < CEINT3

ate occupations”, “small employers and self-employed (without agriculture)”, “small
employers and self-employed (agriculture)”, “lower supervisors and technicians”,
“lower sales and service workers”, “lower technical workers” and “routine workers”.
The Oesch (2006) schema includes 12 classes: “technical experts”, “technicians”,
“skilled manual workers”, “low-skilled manual workers”, “higher-grade managers
and administrators”, “lower-grade managers and administrators”, “skilled clerks”,

LRI LRI

“unskilled clerks”, “socio-cultural professionals”, “socio-cultural semi-profession-
EE 19

als”, “skilled service workers” and “low-skilled service workers”. All models include
control variables for gender (dichotomous), education (3 categories: lower second-

5 According to Iversen and Soskice (2001), the skill level can be measured by either the skill level accord-
ing to ISCO-08 classification or individual education level, which produces two different measures of
relative skill specificity. Following Cusack et al. (2006), we use a composite indicator of skill specificity
as the average of the two proposed measures of skill specificity.

® As noted by Thewissen and Rueda (2019), this amounts to using US data for European occupations but
no better alternative is yet available and previous works on European occupations still rely on US data
(e.g. Goos et al. 2014).

RTI is not available for six groups at the two-digit ISCO-88 level and, therefore, workers from these
groups have not been included in the analysis.
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ary or less; upper secondary and post-secondary; and college), age (25-34; 35-44;
45-54; and 55-65 years old) and survey year. Appendix B includes detailed defini-
tions and operationalizations of all variables. Table 1 provides descriptive statistics
of the dependent and independent variables.

Concerning our analytical strategy, we estimate eight OLS regression models. The
first model is called the No SES model as it is the baseline, it only includes the control
variables (excluding any SES conceptualization): gender, age group (2534 years,
3544 years, 45-54 years and 55-65 years), education level (lower secondary or less,
upper secondary and university) and dummies for country and year of the survey. The
following successive models 2—8 add successively variables corresponding to each
of the seven SES conceptualizations: income, income deciles, ESEC, Oesch, risk of
unemployment, skill specificity and RTI. For each of the 2—-8 models we include one
conceptualization at a time (excluding the other six) in order to compare the predic-
tive power of that model with the remaining models. And, since we pool several
countries and years in our regressions, each model includes dummy variables for
country and year.

After estimating the OLS models, we evaluate the predictive power of each con-
ceptualization, by comparing the goodness of fit of each model using four criteria:
the R?, the adjusted R?, the AIC and the BIC as defined by Claeskens and Hjort
(2008). While the R? measures the proportion of the variance in the dependent vari-
able explained by the variables in the equation, the adjusted R? captures a combina-
tion of explanatory power and parsimony by penalizing the explained variance by the
number of parameters in the equation (Hooghe et al. 2007). Similarly, the Bayesian
approach (BIC and AIC measures) combines the explanatory power and parsimony
to select the model that minimizes its deviance with respect to the data using the
smallest number of parameters. Concerning the differences between the two infor-
mation criteria, BIC penalizes more than AIC the inclusion of additional parameters,
rewarding parsimony; and simulation studies conclude that BIC is superior to AIC at
identifying the correct model (Raffalovich et al. 2008). Concerning the treatment of
missing values, since some fitting measures (especially BIC values) might be seri-
ously affected by differences in sample sizes, we estimate every model using listwise
deletion and keeping the same sample for each model, i.e. the sample with complete
information that results from excluding cases with any missing information for any
of the control variables and conceptualizations.

Results

We conduct the empirical analysis in four stages. First, we explore the association
between each of the SES conceptualizations and redistribution preferences. Second,
we compare the predictive power of seven conceptualizations of SES. Third, given
the preeminence of income in our results, we report a series of sensitivity analyses
to assess the stability of the main patterns found in the analysis. Finally, we con-
sider whether using four alternative dependent variables might have an impact on
our findings.
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SES and redistribution preferences

We begin by reviewing the distribution of the dependent variable and describing its
association with each of the SES conceptualizations. As is well-known, Europeans
are generally supportive of redistribution. In our sample, 73.8% of respondents agree
or strongly agree with the idea that government should reduce income differences.
More importantly, there is a negative and substantial association between the seven
conceptualizations of SES and the dependent variable. Focusing on income the sup-
port for redistribution on the five points scale goes from 3.5 for those who are two
standard deviations above the average income of the country to 3.9 for those on the
average and 4.1 for those who are two standard deviations below the average income
of the country. Regarding the effect of ESeC class schema, the support for redistribu-
tion of high managers/professionals and routine workers is 3.5 and 4.0, respectively.
Similar patterns are visible regarding the Oesch class schema and the risk of unem-
ployment. Differences between workers at the highest and the lowest scores of skill
specificity and at the highest and the lowest scores of RTI are smaller than the ones
reported for income, class schemas and risk of unemployment.

We now compare a baseline model without SES with each of the operationaliza-
tions. In Fig. 1 we report the values of R2, adjusted R2, BIC and AIC obtained after
each OLS model (raw values are also reported on Table 2 in the Appendix). Based on
Fig. 1, the pattern is clear: the baseline model without SES performs generally worse
than the other models in terms of explanatory power and parsimony. The adjusted R?
for the baseline model is lower than for income operationalizations, class schemas
and risks of unemployment, but as good as the adjusted R2 for models based on RTI
scores and skills specificity. This is consistent with the previously outlined finding
that SES is a relevant predictor of preferences for redistribution in most European
countries. Having said that, the explanatory power of socio-economic status regard-
ing preferences for redistribution is limited. According to the R? values, models
including any conceptualization of income plus controls for socio-demographic attri-
butes account for about 10% of the variation in preferences for redistribution. This
means, despite the prevalence of the socio-economic status as the main predictor in
the literature, there are still other important and unaccounted factors.

Comparing the predictive power of the seven SES conceptualizations

It is now possible to assess the explanatory power of the baseline model without SES
with models after including each operationalization successively. Figure 1 includes
the R?, adjusted R?, BIC and AIC and suggests two clear patterns. First, there are
substantial differences in explanatory power across models. Second and more impor-
tantly, the models based on income — measured by either income deciles or linear
income — outperform the other alternatives, with income deciles being the predictor
that conveys the most explanatory power. Especifically regarding the R2, income
deciles generate the highest R? and adjusted R? of all conceptualizations. After the
income variables, the next operationalization in explanatory power according to the
RZ is Oesch class schema, closely followed by the ESeC class schema. Skill specific-
ity and RTT scores have the lowest explanatory power with the risk of unemployment
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Fig. 1 Goodness of fit statistics of OLS models predicting support for redistribution in European coun-
tries, 2012-2022. The dependent variable is support for redistribution. Each model includes oneof the
SES indicator and its interaction with country plus controls for gender, age and education and dummies

for country and year

somewhere in between. Therefore, if we only focus on predictive power, income
(either linear or deciles) is the best predictor of preferences for redistribution.

We now turn to our two measures of predictive power that explicitly combines
explanatory power and parsimony: BIC and AIC. Even though BIC penalizes more
heavily the inclusion of additional parameters into the model, in Figure 1 income
measured by deciles is still the best predictor of preferences for redistribution in
terms of predictive power and parsimony, followed by linear income. As in the case
for R2, income is followed by Oesch and ESeC class schemas and risk of unemploy-
ment. Interestingly, the BIC values of the models including skill specificity and RTI
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scores are indistinguishable from the null model (not including any operationaliza-
tion). The pattern is equivalent if we use AIC values, although in this case RTI scores
produces a better fit than the null model.

Hence, all in all, our findings indicate that income deciles is the best predictor
of preferences for redistribution among the seven operationalizations of SES, fol-
lowed by linear income and the class schemas, while skill specificity and RTI scores
are the worst predictors with the risk of unemployment somewhere in between. As
previously argued, income is highly visible in public discourse and Europeans are
more likely to classify people in terms of income rather than in terms of some more
abstract conceptualizations. Moreover, while unemployment constitutes one of the
most important concerns for individuals in the labor force, neither skill specificity
nor the risk of unemployment are better predictors of preferences for redistribution.
These findings suggest that, individual preferences for redistribution are motivated
by income aspirations rather than by insurance concerns, since risks of unemploy-
ment and particularly skill specificity perform worse than income and class schemas.
We return to this issue in the Discussion.

Sensitivity analyses

The results reported so far could still be driven by (a) certain age or gender group; (b)
the econometric specification of the models; (c) the control for education level; (d)
the handling of missing values; and (e) the measure of income. We may thus wonder:
is the preponderance of income uniform across groups in other divides (e.g. gender or
age)? To answer this, we conduct a series of robustness checks in which we estimate
regression models for specific groups of the population and then compute goodness
of fit statistics. First, patterns for both men and women are very similar (Tables 3 and
4): income deciles outperforms other operationalizations. Regarding age, the patterns
by age group (25-44 and 45-65 years old) (Tables 5 and 6) are also equivalent.

Moreover, are the results equivalent using alternative modeling strategies? Addi-
tional robustness tests indicate that our findings are not driven by model specification.
Binary logistic for a dichotomized dependent variable (agree and strongly agree against
the other categories) (Table 7) and ordered logistic models (Table 8) for the original
dependent variable (without dichotomization) produce similar findings in terms of
explanatory power. Moreover, all conceptualizations of SES are systematically related
to education levels. We may, therefore, wonder what is the impact of excluding educa-
tion as a control variable? After excluding the education variable (Table 9), income
deciles is still the best model. Furthermore, other control variables (except year of the
survey to account for period effects), such as gender or age may absorb some of the
effect of SES. We, therefore, re-estimate all the models removing all the control vari-
ables and compute goodness of fit statistics (Table 10). After removing the individual
control variables, the income based model is still the preferred model.

Since several of these conceptualizations generate non-negligible proportions
of missing values and this may affect the results, we thus also utilize data imputa-
tion in order to use as much information as possible (Tables 11 and 12) to generate
10 imputed datasets. We then estimate our models and compute goodness of fit on
each imputed dataset. Estimates align with our previous findings in the sense that
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the income decile is the preferred model in all the imputed datasets. Income deciles
produce the highest R? in the ten imputations as well as the lowest BIC.

Readers may wonder whether the effect of income changes through time. Even
though our data cover a limited time period, we divide our sample into two periods
(2012-2016 and 2018-2022) and replicate the analysis of the two periods. Results
indicate that the pattern remains almost unchanged from one period to the next
(Tables 13 and 14).

Alternative dependent variables

To what extent is the effect of income on individual preferences confined to the
selected outcome: support for redistribution? We use four alternative dependent
variables to explore the predictive power of the SES conceptualizations on attitudes
towards a different set of public policies. The first revolves around preferences for
government responsibility in the protection of dependent social groups. We specifi-
cally compute an index of government responsibility with two variables measuring
agreement on a 10 point scale with the responsibility of government to: (a) ‘ensure
a reasonable standard of living for the old’, and (b) ‘ensure a reasonable standard
of living for the unemployed’.® Results are reported in Fig. 2 and are in line with
findings concerning preferences for redistribution (also Table 15). Also in this case,
income deciles is the preferred model in terms of explanatory power and parsimony
(except in the case of BIC, where linear income produces a lower value).

We analyze two additional variables included in ESS round eight. The first one
measures the degree of agreement with the statement “For a society to be fair, dif-
ferences in people’s standard of living should be small” (fair society) and the sec-
ond one measures the degree of agreement with the statement “Large differences in
people’s incomes are acceptable to properly reward differences in talents and efforts”
(rewards). According to the R? and the AIC values income deciles is the best predic-
tor of the outcome fair society (Fig. 3, Table 16), both in terms of explanatory power
and parsimony. The pattern is quite similar in the case of the outcome rewards (Fig. 4,
Table 17). However, according to the R? Oesch class schema conveys an explana-
tory power similar to any operationalization of linear income, although Oesch class
schema performs worse than income deciles.

Finally, we test the explanatory power of the seven conceptualizations in the case
of ideology (left-right). According to the B2, income measured by deciles is the best
predictor, closely followed by Oesch class schema and linear income, while accord-
ing to the BIC values both measures of income outperform Oesch class schema
(Fig. 5, Table 18). Even though left-right ideology encompasses preferences in many
different dimensions, income decile provides the best the best SES predictor of ideol-
ogy. We can conclude that the income dimension—and especially the income deciles
operationalization—has the highest predictive power and that this highest predictive
power is certainly not restricted to redistribution preferences.

8 Information for these two variables is only included in ESS round eight and is available for 18 countries.
To compute the index we use Principal Component Analysis (PCA) and keep the first component, which
explains 92.5% of the variance.
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Fig.2 Goodness of fit statistics of OLS models predicting support for government responsibility for the
old and unemployed, 2012-2022. Note: The dependent variable is support for government responsibil-
ity for the old and unemployed. Each model includes one of the SES indicator and its interaction with
country plus controls for gender, age and education and dummies for country and year.

Discussion

In recent decades many social scientists have explored divides concerning redistribution
preferences in order to identify macro-level conditions and socio-political coalitions that
may facilitate welfare reforms. Following this interest, many publications in economics,
political science and sociology have examined the role of SES on redistribution pref-
erences and have consistently shown that objective socio-economic location predicts
support for state-driven inequality reduction. However, this body of work is rather frag-
mented due to the plethora of available operationalizations of SES and the disciplinary
insularity of debates. This manuscript takes up the task of comparing and contrasting the

ax



Conceptualizations of socio-economic status and preferences for...

R’ R’ adjusted
Null L Null L
Deciles ® Deciles L
Income ° Income ®
ESeC ° ESeC °
Oesch ° Oesch L
RTI o RTI °
Risk of unemp. Risk of unemp. °
Skills spec. ° Skills spec. °
T T T T T T T T T T T T T
0 O A T O 0 O AN v AN o ~ — el
N O © YO Y O = w n © O >~ >~ &
BIC AIC
Null L Null °
Deciles ° Deciles L]
Income ° Income °
ESeC L ESeC L
Oesch ° Oesch °
RTI L] RTI °
Risk of unemp. ® Risk of unemp. °
Skills spec. ° Skills spec. °
T T T T T T T T T T T T
o o o o o o o S o o © o o o
on 0 on o0 o o0 on o (o) on [ele} o 0 A
N N oSN S S = = & & .
(@) N N AN N N N N (@) [ [} [} AN N
wv wv wv wv wv wv wv wv wv wv w wv v n

Fig. 3 Goodness of fit statistics of OLS models predicting support for the statement that fair societies
need small income differences, 2012-2022. Note: The dependent variable is support for the statement
that for a society to be fair, differences in people's standard of living should be small. Each model
includes one of the SES indicator and its interaction with country plus controls for gender, age and
education and dummies for country and year

predictive validity of seven operationalizations of SES that have been the focus of schol-
arly attention: linear income, categorical income deciles, the ESeC and Oesch schemas,
and indices of skills specificity, unemployment risks, and routine task intensity. The
analysis considers 23 EU countries plus the UK in 2012-2022 and to contrast the con-
ceptualizations, we jointly consider the explanatory power and parsimony of the models
using different goodness of fit measures. The analysis yields two main findings.

First and foremost, income-based operationalizations clearly prevail over all other
five approaches. Operationalizations of income are better predictors of preferences for
redistribution in terms of both explanatory power and parsimony. Second, of the two
income-based conceptualizations considered—one with linear income and an alterna-
tive with a multicategorical variable for income deciles -, the measure of income deciles
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Fig. 4 Goodness of fit statistics of OLS models predicting support for the statement that income in-
equalities are necessary to reward talents and effort, 2012-2022. Note: The dependent variable is sup-
port for the statement that large differences in people's incomes are acceptable to properly reward
differences in talents and efforts. Each model includes one of the SES indicator and its interaction with
country plus controls for gender, age and education and dummies for country and year

stands out. Fitness statistics are generally better for the two income operationalizations
than for those associated with large class schemas and indexes capturing occupational
characteristics, but they become quite similar once income is operationalized in linear
or categorical terms. Also importantly, similar results are obtained using alternative
regression strategies, other transformations of the outcome, multiple imputation, rep-
licating the analysis for each gender and major age groups and without controlling for
individual education. This study demonstrates that income, moreover, is not only the
best predictor of redistribution attitudes; it is also the best predictor of perceptions of
government responsibility to protect dependent groups and left-right ideology.

These results have important implications for the burgeoning literatures on attitudes
towards redistribution and social policy. Most directly, for scholars interested either in
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Fig. 5 Goodness of fit statistics of OLS models predicting left-right ideology, 2012-2022. Note: The
dependent variable is the left-right index. Each model includes one of the SES indicatorand its interac-
tion with country plus controls for gender, age and education and dummies for country and year

(a) examining country-level factors shaping SES effects or (b) simply seeking to con-
trol for the SES dimension, the linear version of income offers a comprehensive and
efficient solution. Since this operationalization has the desirable property of capturing
the largest amount of information at the lowest level of impact on parsimony, scholars
interested in either of the two questions can feel confident that effects of SES-as-lin-
ear-income captures well the influence of socio-economic location. The findings have
important substantive implications for how we understand preferences for redistribution.
Preferences are primarily driven by relative income position rather than by insurance
concerns related to labor market risks or occupational characteristics. In other words,
individuals seem to anchor their attitudes towards redistribution in their relative income
standing within society, reflecting the salience of visible income inequalities over more
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abstract socio-economic risks. This reinforces the self-interest model of redistributive
preferences but in a more straightforward way than many complex theories imply: what
matters most for shaping attitudes is where individuals are themselves in the income
distribution. At the same time, the study also shows that SES explains only part of the
variation in redistributive preferences, pointing to the need to further examine the role of
cultural values, political identities, and other-regarding considerations.

The findings have also some policy implications. Since income position emerges
as the strongest predictor of redistributive preferences, policymakers aiming to build
support for redistribution should formulate discourses that focus visible income
inequalities rather than focusing on occupational or labor market risks. At the same
time, because socio-economic status accounts for only a modest share of variation in
redistributive preferences, policymakers cannot rely solely on material interests to
mobilize support. Framing redistribution in ways that appeal to broader values such
as fairness, solidarity, and social cohesion may be essential to build durable political
coalitions around expansionary welfare reforms.

Like every other one, this study certainly has limitations. The analysis does not con-
sider a fully comprehensive range of factors predicting redistribution preferences. Person-
ality traits, social values, and other-regardingness beliefs, for instance, also shape these
preferences (Fehr et al. 2024; Heide-Jorgensen et al. 2023; Kulin and Svallfors 2013), but
were not included in the analysis, either due to data limitations in the European Social
Survey or to minimize the risk of reversed causality. However, we do not have strong rea-
sons to believe that any of these factors are highly correlated with any indicator of SES.
Moreover, as the above analysis focuses on individual-level dynamics, it does not con-
sider macro-level conditions affecting the higher predictive power of income either. The
study cannot determine if similar patterns are observable for other high-income countries
(e.g. Japan, North America or South Korea) or low- or middle-income countries.

Future work could fruitfully explore two key unresolved questions. First, given
that linear income is clearly the most reliable operationalization of SES in terms of
predictive power, more methodological research is also needed regarding the opera-
tionalization of this aspect. Future work could, furthermore, explore if income has a
greater predictive power of attitudes if measured at individual or household level, by
employing the best survey-design strategies. Second, more research is clearly needed
regarding the political, psychological and social mechanisms linking income levels
and policy attitude formation. Such analyses could, thus, help reveal general psycho-
logical and social mechanisms of attitude formation. Until that work is conducted,
this study advances the literature by showing that income represents a more effective
predictor of redistribution attitudes than the ESeC and Oesch schemas and indexes of
specific skills, unemployment risks and routine task intensity.

Appendix A

See Tables 1, 2, 3,4, 5,6,7,8,9, 10, 11, 12, 13, 14, 15, 16, 17, 18.
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Table 1 Descriptive statistics

Variable Obs Mean Std. Dev Min Max
Redistribution Preference 78,230 3.794 1.237 0 1
Control variables
Female 78,915 0.527 0.499 0 1
Age
25-34 years 78,915 0.202 0.401 0 1
35-44 years 78,915 0.242 0.428 0 1
45-54 years 78,915 0.263 0.440 0 1
55-65 years 78,915 0.293 0.455 0 1
Education
Lower secondary or less 78,915 0.182 0.386 0 1
Upper secondary 78,915 0.536 0.499 0 1
University 78,915 0.282 0.450 0 1
Conceptualizations
Household income (Z-scores) 78,915 0.018 0.997 -2.412 8.021
Risk of unemployment 78,915 0.059 0.055 0.000 0.383
Skill specificity 78,915 4.014 3.440 0.902 49.295
RTI 78,915 —-0.097 0.981 —1.465 2410
Household income (deciles)
1st decile 78,915 0.075 0.263 0 1
2nd decile 78,915 0.084 0.278 0 1
3rd decile 78,915 0.094 0.291 0 1
4th decile 78,915 0.101 0.301 0 1
5th decile 78,915 0.106 0.308 0 1
6th decile 78,915 0.110 0.313 0 1
7th decile 78,915 0.117 0.321 0 1
8th decile 78,915 0.115 0.319 0 1
9th decile 78,915 0.099 0.299 0 1
10th decile 78,915 0.099 0.298 0 1
ESeC
Higher managers & profs 78,915 0.199 0.397 0 1
Lower managers & profs 78,915 0.191 0.393 0 1
Intermediate occupations 78,915 0.075 0.263 0 1
Small employers (no agricult.) 78,915 0.060 0.237 0 1
Small employers (agriculture) 78,915 0.012 0.108 0 1
Lower superv. and technicians 78,915 0.077 0.266 0 1
Lower sales and service 78,915 0.146 0.353 0 1
Lower technical workers 78915 0.107 0.309 0 1
Routine workers 78,915 0.138 0.345 0 1
Kitschelt-Rehm
Technical experts 78,915 0.040 0.196 0 1
Technicians 78,915 0.046 0.209 0 1
Skilled manual workers 78,915 0.162 0.369 0 1
Low-skilled manual workers 78915 0.092 0.288 0 1
Higher-grade managers 78,915 0.099 0.299 0 1
Lower-grade managers 78,915 0.089 0.284 0 1
Skilled clerks 78,915 0.092 0.289 0 1
Unskilled clerks 78,915 0.014 0.117 0 1
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Table 1 (continued)

Variable Obs Mean Std. Dev Min Max
Socio-cultural professionals 78,915 0.053 0.223 0 1
Socio-cultural semi-prof 78915 0.090 0.287 0 1
Skilled service workers 78,915 0.118 0.322 0 1
Low-skilled service workers 78915 0.106 0.308 0 1

Table 2 Goodness of fit measures
Deviance AIC BIC CAIC R2 R2adj N k

Baseline  246,581.6 246,647.6 246,953.4 246,986.4 0.105 0.105 78,230 33
Income 245,157.8 245,225.8 245,540.9 245,574.9 0.121 0.121 78,230 34
Deciles 244.819.7 244,903.7 245,292.9 245,334.9 0.125 0.125 78,230 42
ESeC 245,592.0 245,674.0 246,054.0 246,095.0 0.116 0.116 78,230 41
Risks 246,382.1 246,450.1 246,765.2 246,799.2 0.107 0.107 78,230 34
Skills 246,575.2 246,643.2 246,958.3 246,992.3 0.105 0.105 78,230 34
Oesch 245,301.0 245,389.0 245,796.8 245,840.8 0.120 0.119 78,230 44
RTI 246,562.2 246,630.2 246,945.3 246,979.3 0.105 0.105 78,230 34
Preferences for redistribution

Table 3 Goodness of fit measures

Deviance AIC BIC CAIC R2 R2adj N k
Baseline  119,972.4 120,036.4 120,309.1 120,341.1 0.111 0.111 37,056 32
Income 119,202.8 119,268.8 119,549.9 119,582.9 0.130  0.129 37,056 33
Deciles 119,018.5 119,100.5 119,449.8 119,490.8 0.134  0.133 37,056 41

ESeC 119,395.5 119,475.5 119,816.3 119,856.3 0.125  0.124 37,056 40
Risks 119,842.8 119,908.8 120,190.0 120,223.0  0.114  0.114 37,056 33
Skills 119,968.3 120,034.3 120,315.5 120,348.5  0.111 0.111 37,056 33
Oesch 119,171.0 119,257.0 119,623.3 119,666.3 0.130  0.129 37,056 43
RTI 119,956.4 120,022.4 120,303.5 120,336.5  0.112  0.111 37,056 33

Preferences for redistribution. Men

Table 4 Goodness of fit measures

Deviance AIC BIC CAIC R2 R2adj N k
Baseline  126,163.9 126,227.9 126,503.9 126,535.9  0.093  0.093 41,174 32
Income 125,521.3 125,587.3 125,871.9 125,904.9  0.108  0.107 41,174 33
Deciles 125,361.9 125,443.9 125,797.6 125,838.6  0.111 0.110 41,174 41

ESeC 125,751.0 125,831.0 126,176.1 126,216.1 0.103  0.102 41,174 40
Risks 126,088.6 126,154.6 126,439.3 126,472.3  0.095  0.094 41,174 33
Skills 126,161.5 126,227.5 126,512.1 126,545.1 0.094  0.093 41,174 33
Oesch 125,646.8 125,732.8 126,103.7 126,146.7  0.105  0.104 41,174 43
RTI 126,154.9 126,220.9 126,505.6 126,538.6  0.094  0.093 41,174 33

Preferences for redistribution. Women
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Table 5 Goodness of fit measures

Deviance AIC BIC CAIC R2 R2adj N k
Baseline  110,071.0  110,133.0  110,395.1 110,426.1  0.105  0.104 34,697 31
Income 109,462.9  109,526.9  109,797.5  109,829.5  0.121  0.120 34,697 32
Deciles 109,339.1 109,419.1 109,757.3 109,797.3  0.124  0.123 34,697 40
ESeC 109,672.9  109,750.9  110,080.7 110,119.7  0.115  0.114 34,697 39
Risks 109,996.4  110,0604  110,331.0 110,363.0  0.107  0.106 34,697 32
Skills 110,070.6 110,134.6  110,405.1 110,437.1 0.105  0.104 34,697 32
Oesch 109,552.8  109,636.8  109,991.9  110,033.9  0.118  0.117 34,697 42
RTI 110,058.6 110,122.6  110,393.1 110,425.1  0.105  0.105 34,697 32
Preferences for redistribution. 25-44 years old
Table 6 Goodness of fit measures

Deviance AIC BIC CAIC R2 R2adj N k
Baseline  136,347.9  136,409.9  136,679.0  136,710.0  0.105  0.104 43,533 31
Income 135,527.3 135,591.3 135,869.1 135,901.1  0.121 0.121 43,533 32
Deciles 135,320.9  135,400.9  135,748.1 135,788.1  0.125  0.125 43,533 40
ESeC 135,740.9  135,818.9  136,157.5 136,196.5  0.117  0.116 43,533 39
Risks 136,227.1 136,291.1 136,568.9  136,600.9  0.107  0.106 43,533 32
Skills 136,340.2  136,404.2  136,682.0  136,714.0  0.105  0.104 43,533 32
Oesch 135,575.8  135,659.8  136,0244  136,0664  0.120  0.119 43,533 42
RTI 136,341.1 136,405.1 136,682.9  136,7149  0.105 0.104 43,533 32
Preferences for redistribution. 45—65 years old
Table 7 Goodness of fit measures

Deviance AIC BIC CAIC N k

Baseline 82,888.1 82,954.1 83,259.9 83,292.9 78,230 33
Income 81,834.7 81,902.7 82,217.8 82,251.8 78,230 34
Deciles 81,663.0 81,747.0 82,136.2 82,178.2 78,230 42
ESeC 82,068.6 82,150.6 82,530.5 82,571.5 78,230 41
Risks 82,628.3 82,696.3 83,011.4 83,045.4 78,230 34
Skills 82,875.2 82,943.2 83,258.3 83,292.3 78,230 34
Oesch 81,940.1 82,028.1 82,435.9 82,479.9 78,230 44
RTI 82,871.3 82,939.3 83,254.4 83,288.4 78,230 34

Preferences for redistribution. Logit models
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Table 8 Goodness of fit measures

Deviance AIC BIC CAIC N k
Baseline 188,218.4 188,284.4 188,590.3 188,623.3 78,230 33
Income 186,867.9 186,935.9 187,251.0 187,285.0 78,230 34
Deciles 186,590.4 186,674.4 187,063.6 187,105.6 78,230 42
ESeC 187,309.8 187,391.8 187,771.7 187,812.7 78,230 41
Risks 188,001.1 188,069.1 188,384.2 188,418.2 78,230 34
Skills 188,208.0 188,276.0 188,591.1 188,625.1 78,230 34
Oesch 187,092.8 187,180.8 187,588.5 187,632.5 78,230 44
RTI 188,200.7 188,268.7 188,583.8 188,617.8 78,230 34

Preferences for redistribution. Ordered logit models

Table 9 Goodness of fit measures
Deviance AIC BIC CAIC R2 R2adj N k

Baseline  247,647.7  247,709.7  247,997.0  248,028.0  0.093  0.093 78,230 31
Income 245,455.0  245,519.0 2458156  245847.6  0.118 0.118 78,230 32
Deciles 245,096.2  245,176.2  245,546.9 2455869  0.122  0.122 78,230 40
ESeC 245,743.5 245821.5  246,183.0  246,222.0  0.115 0.114 78,230 39
Risks 247,011.0  247,075.0  247,371.5  247,403.5 0.100  0.100 78,230 32
Skills 247,528.9  247,5929  247.889.4 2479214  0.094  0.094 78,230 32
Oesch 245480.7  245,564.7  245954.0  245996.0  0.118 0.117 78,230 42
RTI 2474773  247,541.3 247,837.9  247,869.9  0.095  0.094 78,230 32
Preferences for redistribution. No control for education

Table 10 Goodness of fit measures
Deviance AIC BIC CAIC R2 R2adj N k

Baseline  248,245.8  248,299.8  248,550.1 248,577.1 0.086  0.086 78,230 27
Income 2459624  246,018.4 2462779  246,3059  0.112  0.112 78,230 28
Deciles 245459.7  245,531.7  245,8654 2459014  0.118 0.117 78,230 36
ESeC 246,265.6  246,335.6  246,660.0  246,695.0  0.109  0.108 78,230 35
Risks 247,576.1 247,632.1 247,891.6  247,919.6  0.094  0.093 78,230 28
Skills 248,156.0  248,212.0  248,471.4  248,499.4  0.087  0.087 78,230 28
Oesch 2459329  246,008.9  246,361.1 246,399.1 0.113 0.112 78,230 38
RTI 248,029.8  248,085.8 2483453  248,373.3  0.088  0.088 78,230 28
Preferences for redistribution. No controls
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Table 11 Goodness of fit measures

Imputation Deviance AIC BIC CAIC R2 R2adj N k
Baseline 1 407,026.7 407,096.7 407,438.7 407,473.7 0.094 0.093 129,458 35
Income 1 404,932.3  405,004.3 405,356.1 405,392.1 0.108 0.108 129,458 36
Deciles 1 333,829.8 333,917.8 334,339.3 334,383.3 0.112 0.112 106,691 44
ESeC 1 405,645.3 405,731.3 406,151.5 406,194.5 0.103 0.103 129,458 43
Risks 1 406,403.1 406,475.1 406,826.8 406,862.8 0.098 0.098 129,458 36
Skills 1 407,020.6 407,092.6 407,444.4 407,480.4 0.094 0.093 129,458 36
Oesch 1 385,833.4 385,925.4 386,372.6 386,418.6 0.107 0.107 123,104 46
RTI 1 406,997.7 407,069.7 407,421.5 407,457.5 0.094 0.094 129,458 36
Baseline 2 407,023.6 407,093.6 407,435.6 407,470.6 0.094 0.093 129,458 35
Income 2 404,907.3 404,979.3 405,331.0 405,367.0 0.108 0.108 129,458 36
Deciles 2 333,830.3 333,918.3 334,339.7 334,383.7 0.112 0.112 106,691 44
ESeC 2 405,656.5 405,742.5 406,162.7 406,205.7 0.103 0.103 129,458 43
Risks 2 406,400.7 406,472.7 406,824.4 406,860.4 0.098 0.098 129,458 36
Skills 2 407,017.9 407,089.9 407,441.7 407,477.7 0.094 0.093 129,458 36
Oesch 2 385,834.2 3859262 386,373.3 386,419.3 0.107 0.107 123,104 46
RTI 2 406,993.7 407,065.7 407,417.5 407,453.5 0.094 0.094 129,458 36
Baseline 3 407,028.3 407,098.3 407,440.3 407,4753 0.094 0.093 129,458 35
Income 3 404,999.1 405,071.1 405,422.8 405,458.8 0.108 0.107 129,458 36
Deciles 3 333,830.8 333,918.8 334,340.2 334,384.2 0.112 0.112 106,691 44
ESeC 3 405,631.2  405,717.2 406,137.4 406,180.4 0.103 0.103 129,458 43
Risks 3 406,338.3 406,410.3 406,762.1 406,798.1 0.098 0.098 129,458 36
Skills 3 407,021.7 407,093.7 407,445.5 407,481.5 0.094 0.093 129,458 36
Oesch 3 385,833.9 385,9259 386,373.1 386,419.1 0.107 0.107 123,104 46
RTI 3 406,995.4 407,067.4 407,419.2 407,455.2 0.094 0.094 129,458 36
Baseline 4 407,018.9 407,088.9 407,430.9 407,465.9 0.094 0.093 129,458 35
Income 4 404,972.8  405,044.8 405,396.6 405,432.6 0.108 0.108 129,458 36
Deciles 4 333,827.4 3339154 334,336.8 334,380.8 0.112 0.112 106,691 44
ESeC 4 405,650.1 405,736.1 406,156.2 406,199.2 0.103 0.103 129,458 43
Risks 4 406,416.5 406,488.5 406,840.3 406,876.3 0.098 0.098 129,458 36
Skills 4 407,013.4 407,085.4 407,437.2 407,473.2 0.094 0.093 129,458 36
Oesch 4 385,833.9 385,925.9 386,373.1 386,419.1 0.107 0.107 123,104 46
RTI 4 406,992.0 407,064.0 407,415.7 407,451.7 0.094 0.094 129,458 36
Baseline 5 407,031.2  407,101.2 407,443.2 407,478.2 0.094 0.093 129,458 35
Income 5 404,991.8 405,063.8 405,415.5 405,451.5 0.108 0.108 129,458 36
Deciles 5 333,831.8 333,919.8 334,341.2 334,385.2 0.112 0.112 106,691 44
ESeC 5 405,651.1 405,737.1 406,157.3 406,200.3 0.103 0.103 129,458 43
Risks 5 406,410.9 406,482.9 406,834.6 406,870.6 0.098 0.098 129,458 36
Skills 5 407,024.5 407,096.5 407,448.2 407,484.2 0.094 0.093 129,458 36
Oesch 5 385,835.4 385,927.4 386,374.6 386,420.6 0.107 0.107 123,104 46
RTI 5 407,004.0 407,076.0 407,427.7 407,463.7 0.094 0.094 129,458 36

Preferences for redistribution. Imputed datasets
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Table 12 Goodness of fit measures
Imputation Deviance AIC BIC CAIC R2 R2adj N k

Baseline 6 407,016.8 407,086.8 407,428.8 407,463.8 0.094 0.093 129,458 35
Income 6 404,900.0 404,972.0 405,323.8 405,359.8 0.108 0.108 129,458 36
Deciles 6 333,829.8 333,917.8 334,339.2 3343832 0.112 0.112 106,691 44
ESeC 6 405,676.1 405,762.1 406,182.2 406,225.2 0.103 0.103 129,458 43
Risks 6 406,416.5 406,488.5 406,840.2 406,876.2 0.098 0.098 129,458 36
Skills 6 407,013.8 407,085.8 407,437.6 407,473.6 0.094 0.093 129,458 36
Oesch 6 385,831.5 385,923.5 386,370.7 386,416.7 0.107 0.107 123,104 46
RTI 6 406,989.6 407,061.6 407,413.4 407,449.4 0.094 0.094 129,458 36
Baseline 7 407,024.2 407,094.2 407,436.1 407,471.1 0.094 0.093 129,458 35
Income 7 404,873.7 404,945.7 405,297.5 405,333.5 0.109 0.108 129,458 36
Deciles 7 333,830.9 333,918.9 334,340.3 334,384.3 0.112 0.112 106,691 44
ESeC 7 405,660.0 405,746.0 406,166.1 406,209.1 0.103 0.103 129,458 43
Risks 7 406,421.1 406,493.1 406,844.9 406,880.9 0.098 0.098 129,458 36
Skills 7 407,019.5 407,091.5 407,443.3 407,479.3 0.094 0.093 129,458 36
Oesch 7 385,833.2 3859252 386,372.4 386,418.4 0.107 0.107 123,104 46
RTI 7 406,991.2 407,063.2 407,415.0 407,451.0 0.094 0.094 129,458 36
Baseline 8 407,017.4 407,087.4 407,429.3 407,464.3 0.094 0.093 129,458 35
Income 8 404,952.0 405,024.0 405,375.7 405,411.7 0.108 0.108 129,458 36
Deciles 8 333,826.5 333,914.5 334,336.0 334,380.0 0.112 0.112 106,691 44
ESeC 8 405,660.0 405,746.0 406,166.1 406,209.1 0.103 0.103 129,458 43
Risks 8 406,366.5 406,438.5 406,790.3 406,826.3 0.098 0.098 129,458 36
Skills 8 407,012.3 407,084.3 407,436.1 407,472.1 0.094 0.093 129,458 36
Oesch 8 385,831.8 385,923.8 386,370.9 386,416.9 0.107 0.107 123,104 46
RTI 8 406,990.7 407,062.7 407,414.5 407,450.5 0.094 0.094 129,458 36
Baseline 9 407,018.9 407,088.9 407,430.8 407,465.8 0.094 0.093 129,458 35
Income 9 405,068.1 405,140.1 405,491.9 405,527.9 0.107 0.107 129,458 36
Deciles 9 333,831.3 333,919.3 334,340.7 334,384.7 0.112 0.112 106,691 44
ESeC 9 405,646.8 405,732.8 406,152.9 406,195.9 0.103 0.103 129,458 43
Risks 9 406,355.4 406,427.4 406,779.2 406,815.2 0.098 0.098 129,458 36
Skills 9 407,015.1 407,087.1 407,438.9 407,4749 0.094 0.093 129,458 36
Oesch 9 385,832.3 3859243 386,371.5 386,417.5 0.107 0.107 123,104 46
RTI 9 406,990.9 407,062.9 407,414.6 407,450.6 0.094 0.094 129,458 36
Baseline 10 407,030.0 407,100.0 407,442.0 407,477.0 0.094 0.093 129,458 35
Income 10 404,983.2 405,055.2 405,407.0 405,443.0 0.108 0.108 129,458 36
Deciles 10 333,834.8 333,922.8 334,344.2 3343882 0.112 0.112 106,691 44
ESeC 10 405,630.4 405,716.4 406,136.6 406,179.6 0.103 0.103 129,458 43
Risks 10 406,379.2 406,451.2 406,802.9 406,838.9 0.098 0.098 129,458 36
Skills 10 407,025.3 407,097.3 407,449.1 407,485.1 0.094 0.093 129,458 36
Oesch 10 385,837.1 385,929.1 386,376.2 386,422.2 0.107 0.107 123,104 46
RTI 10 407,001.9 407,073.9 407,425.6 407,461.6 0.094 0.094 129,458 36

Preferences for redistribution. Imputed datasets
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Table 13 Goodness of fit measures

Deviance AIC BIC CAIC R2 R2adj N k
Baseline  180,826.5 180,886.5 181,155.2 181,185.2  0.108  0.108 57,166 30
Income 179,759.3 179,821.3 180,098.9 180,129.9  0.125  0.124 57,166 31
Deciles 179,543.6 179,621.6 179,970.8 180,009.8  0.128  0.128 57,166 39
ESeC 180,071.2 180,147.2 180,487.4 180,525.4  0.120  0.119 57,166 38
Risks 180,701.7 180,763.7 181,041.3 181,072.3  0.110  0.110 57,166 31
Skills 180,821.4 180,883.4 181,161.0 181,192.0  0.108  0.108 57,166 31
Oesch 179,811.8 179,893.8 180,260.8 180,301.8  0.124  0.123 57,166 41
RTI 180,799.2 180,861.2 181,138.8 181,169.8  0.109  0.108 57,166 31
Preferences for redistribution. 2012-2016
Table 14 Goodness of fit measures

Deviance  AIC BIC CAIC R2 R2adj N k
Baseline  65,456.0 65,516.0 65,754.7 65,784.7 0.108 0.107 21,064 30
Income 65,096.3 65,158.3 65,405.0 65,436.0 0.123 0.122 21,064 31
Deciles 64,960.5 65,038.5 65,348.8 65,387.8 0.129 0.127 21,064 39
ESeC 65,214.8 65,290.8 65,593.1 65,631.1 0.118 0.117 21,064 38
Risks 65,430.6 65,492.6 65,739.2 65,770.2 0.109 0.108 21,064 31
Skills 65,454.9 65,516.9 65,763.5 65,794.5 0.108 0.107 21,064 31
Oesch 65,182.2 65,264.2 65,590.4 65,631.4 0.119 0.118 21,064 41
RTI 65,456.0 65,518.0 65,764.6 65,795.6 0.108 0.107 21,064 31
Preferences for redistribution. 2018-2022
Table 15 Goodness of fit measures

Deviance  AIC BIC CAIC R2 R2adj N k
Baseline  71,966.1 72,014.1 72,202.2 72,226.2 0.068 0.067 18,768 24
Income 71,824.7 71,874.7 72,070.7 72,095.7 0.075 0.074 18,768 25
Deciles 71,793.0 71,859.0 72,117.7 72,150.7 0.077 0.075 18,768 33
ESeC 71,878.6 71,942.6 72,193.4 72,225.4 0.072 0.071 18,768 32
Risks 71,944.6 71,994.6 72,190.6 72,215.6 0.069 0.068 18,768 25
Skills 71,964.6 72,014.6 72,210.6 72,235.6 0.068 0.067 18,768 25
Oesch 71,855.6 71,925.6 72,200.0 72,235.0 0.074 0.072 18,768 35
RTI 71,965.5 72,015.5 72,211.5 72,236.5 0.068 0.067 18,768 25

Government responsibility
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Table 16 Goodness of fit measures

Deviance  AIC BIC CAIC R2 R2adj N k
Baseline  59,246.5 59,294.5 59,482.5 59,506.5 0.060 0.059 18,641 24
Income 59,070.4 59,120.4 59,316.2 59,341.2 0.069 0.068 18,641 25
Deciles 59,028.4 59,094.4 59,352.9 59,385.9 0.071 0.070 18,641 33

ESeC 59,093.1 59,157.1 59,407.8 59,439.8 0.068 0.066 18,641 32
Risks 59,228.2 59,278.2 59,474.0 59,499.0 0.061 0.060 18,641 25
Skills 59,246.5 59,296.5 59,492.3 59,517.3 0.060 0.059 18,641 25
Oesch 59,081.9 59,151.9 59,426.1 59,461.1 0.069 0.067 18,641 35
RTI 59,241.9 59,291.9 59,487.7 59,512.7 0.060 0.059 18,641 25

Fair society

Table 17 Goodness of fit measures

Deviance  AIC BIC CAIC R2 R2adj N k
Baseline  64,801.2 64,849.2 65,037.2 65,061.2 0.093 0.092 18,637 24
Income 64,708.9 64,758.9 64,954.7 64,979.7 0.098 0.096 18,637 25
Deciles 64,675.8 64,741.8 65,000.2 65,033.2 0.099 0.098 18,637 33

ESeC 64,726.1 64,790.1 65,040.8 65,072.8 0.097 0.095 18,637 32
Risks 64,789.2 64,839.2 65,035.1 65,060.1 0.094 0.093 18,637 25
Skills 64,800.9 64,850.9 65,046.8 65,071.8 0.093 0.092 18,637 25
Oesch 64,702.9 64,772.9 65,047.0 65,082.0 0.098 0.096 18,637 35
RTI 64,799.7 64,849.7 65,045.5 65,070.5 0.093 0.092 18,637 25

Large differences

Table 18 Goodness of fit measures
Deviance AIC BIC CAIC R2 R2adj N k

Baseline  311,114.1 311,180.1 311,483.0  311,516.0  0.037  0.036 71,652 33
Income 310,646.7  310,714.7  311,026.8  311,060.8  0.043  0.043 71,652 34
Deciles 310,455.4  310,539.4  310,9249 3109669 0.046  0.045 71,652 42
ESeC 310,672.7  310,754.7  311,131.1 311,172.1 0.043  0.042 71,652 41
Risks 311,017.8  311,085.8  311,397.9  311,431.9  0.038  0.038 71,652 34
Skills 311,1049  311,1729  311,485.0  311,519.0  0.037  0.037 71,652 34
Oesch 310,557.7  310,645.7  311,049.6  311,093.6  0.044  0.044 71,652 44
RTI 311,113.1 311,181.1 311,493.2  311,527.2  0.037  0.036 71,652 34
Ideology

Appendix B

Variables and definitions

Dependent variable
The government should take measures to reduce differences in income levels
1. Agree + agree strongly
0. Disagree + disagree strongly + neither agree nor disagree
SES operationalizations

ax
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Income decile
1. First decile

10.Tenth decile
Linear income. The log of per capita equivalized net income.

In (yup — Yio)/2

Vh
where y,,, is the upper bound of the income decile of the household, ¥, is the lower
bound of the income decile of the household and / is household size.

Skill specificity: The absolute skill specificity is defined as the ratio of the share of
occupations within the ISCO-08 occupational group over the share of labor force in
this occupational group. Relative skill specificity is defined as the absolute skill spec-
ificity divided by the skill level. Skill level can be measured by a) the ISCO measure
of skill level for each particlar occupational group or b) the individual educational
level. This gives raise to two measures of skill specificity: s; and so.

0C4,;/0CT
“ = lj/pa

where as; is absolute skill specificity for the j two digits ISCO-08 occupational
group, OC4; is the number of occupations at four digits ISCO-08 within the j occu-
pational group, OCT is the total number of occupations in ISCO-08, [, is the working
population in the j occupational group and pa is the total active population.

asj (lSj

S1 = ——,82 =
Skij, edi

where sk;; is the the ISCO-08 skill level for individual i in ISCO-08 group ;j and ed;
is the educational level of individual i. Our measure of skill specificity is the average
of s1 and ss.

Risk of unemployment. Unemployment rate at one digit ISCO-08 using data from
EU Labor Force Survey.

RTI. We use RTI scores from http://www.lisdatacenter.org/resources/other-datab
ases/, prepared by Mahutga et al. (2018), where RTI is measured as the difference
between the log of routine and the sum of the log of abstract and the log of manual.
ESeC.

1. Large employers, higher grade professional, administrative and managerial
occupations

2. Lower grade professional, administrative and managerial occupations and
higher grade technician and supervisory occupations

3. Intermediate occupations

4. Small employer and self employed occupations

5. Self employed occupations

6. Lower supervisory and lower technician occupations


http://www.lisdatacenter.org/resources/other-databases/,
http://www.lisdatacenter.org/resources/other-databases/,

A. M. Jaime-Castillo, J. J. Fernandez

7. Lower services, sales and clerical occupations
8. Lower technical occupations

9. Routine occupations

Oesch.

. Higher grade managers

. Technical experts

. Socio-cultural professionals

. Associate managers

. Technicians

. Socio-cultural semi-professionals
. Skilled office

. Skilled crafts

9. Skilled service

10. Unskilled routine

11. Routine operatives/agriculture
12. Routine service

0N N W=
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