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ABSTRACT

Income is a central concept in political economy models of redistribution preferences. How-
ever, empirical results regarding the effect of income on preferences are surprisingly incon-
clusive. In this paper, I argue for the centrality of individuals’ long-term income expectations.
Individuals predict their future income based on past income dynamics and their current
economic situation. Income shocks, such as becoming unemployed or getting divorced,
are included in this expectation formation process. Thus, individuals form redistribution
preferences based on the present-day value of their expected future income and not only
based on short-term income fluctuations as captured by cross-sectional surveys. To test my
argument I use individual-level panel data from the UK spanning 1991 to 2007. I develop a
Bayesian simultaneous dynamic panel model, which jointly models the process of individuals’
income dynamics, their future expected income, and their preferred level of redistribution. I
find clear evidence for the central role of income expectations, and only limited effects of
current income and short-term income shocks.
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I. Introduction

Income has a long-standing tradition as central concept in the study of politics. In the
political economy of redistribution, it is taken as the key distal cause of redistribution
policy (e.g., Meltzer and Richard 1981; Persson and Tabellini 2000): an individual’s income
relative to the current distribution of income determines his or her preferences for or against
redistributive transfers, which in turn shape policy outcomes. But the individuals of these
models are quite short-sighted. They form preferences about redistribution policy – which
will usually last for longer periods – based solely on their current income position, while
ignoring their future income prospects.

In this paper, I argue that an individual’s expectation about future income is more important
in shaping preferred levels of redistribution than its current position in a country’s current
income distribution. This argument is based on theoretical work in economics that describes
a setup in which forward-looking agents, i.e., individuals who care about their future income,
shape redistribution policy (Piketty 1995; Benabou and Ok 2001). I describe a simple
model where individuals form expectations about their future income based on past income
realizations. Income shocks, such as becoming unemployed or receiving a one-off bonus
payment, are captured by this expectation formation process. An individual’s preferences
for redistribution are then jointly determined by current as well as the present-day value of
expected future income.

To test my argument I need data that allow me to model both the process of changing
income expectations as well as changing preferences. I use individual-level panel data from
the British Household Panel Study, which provides me with high-quality measures of income
and preferences from 1991 to 2007. I develop a Bayesian simultaneous dynamic panel model,
which jointly models the process of individuals’ income dynamics, their expected income,
and their redistribution preferences. The model accounts for several important (but hitherto
neglected) issues in empirical research on redistribution preferences: (i) the strong possibility
that an individual’s preferences are correlated through time, (ii) the existence of individual
preference heterogeneity due to unobserved confounders such as ability, and finally (iii) the
fact that an individual’s expectations about the future are necessarily uncertain.

I find clear evidence for the central role of expected future income. A positive standard
deviation change in (the present-day value of) expected income reduces an individual’s
support for redistributive transfers by more than six percentage points, all else equal. The
comparable effect of one’s current income is less than 3 percentage points. These results
hold under a large number of alternative specifications.

The paper proceeds as follows. Section II outlines my argument by discussing how
income expectations extend the basic Meltzer-Richard model of income and redistribution
preferences. Section III describes the unique data set that allows me to jointly model income
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expectations and redistribution preferences. I describe the unified income and preference
dynamics model in Section IV and discuss my results in Section V. I subject my analysis
to a large number of robustness checks comprised of different technical specifications and
alternative or additional theoretical arguments in Section VI. Finally, Section VII concludes
the paper.

II. Income and preferences

A. Existing arguments and extension

Most ‘workhorse models’ of the political economy of redistribution rely on the idea that
redistribution policy is shaped by individuals’ preferences, which are a function of their
relative income position. One’s relative income position is determined by the distance
between one’s own (market) income and the average of incomes in one’s polity. This view of
the relationship between income and preferences is usually static, in that individuals consider
their current position and ignore that they might be better or worse off in the future.

For example, in the classical model for redistribution preferences – building on early work
by Romer (1975) – Meltzer and Richard (1981) formalize the basic idea that current income
position determines preferences. In a nutshell, the MR model posits that redistribution
policy is determined by the median voter, who maximizes current income. If there are no
deadweight costs to redistribution, voters with incomes below the mean maximize their utility
by imposing a tax rate of one, whereas those with incomes above the mean prefer a tax rate
of zero.2 The evidence for this model in the empirical literature is surprisingly weak (Lindert
1996; Moene and Wallerstein 2001; Iversen and Soskice 2009; Alesina and Glaeser 2004;
Gouveia and Masia 1998; Rodriguez 1999).3 However, these findings are mainly based on
macro-comparative data with actual redistribution (not individual preferences) as dependent
variable. Studies using individual-level data from Europe and the US provide more support
for a consistent relationship between relative income and support for redistribution (e.g.,
Bean and Papadakis 1998; Finseraas 2009; Shayo 2009; Gilens 2005; McCarty et al. 2008;
Page and Jacobs 2009; Rueda and Stegmueller 2016).

Given the central status of the income–preferences nexus in many (formal) political
economy models (see e.g., Persson and Tabellini 2000; Drazen 2000), researchers are well
within their rights to ask for more convincing evidence on this relationship. I argue that

2The model implies the claim that more inequality should be associated with more redistribution. In this paper
I will not consider the role of macro-level factors. Instead I rely on a design that keeps many country-specific
characteristics (such as institutions) constant, and I control for other time-varying country-level variables.

3But see Milanovic (2000) and Kenworthy and Pontusson (2005), who show a consistent link between rising
inequality and redistribution within countries.
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in order to fully understand the role of income in shaping preferences, we need to go
beyond the static picture. The simplest extension to existing models of redistribution is to
allow individuals to consider the future when forming their present-day preferences over
redistributive policy. Forward-looking agents are central to many models of decision- and
policy-making. The need to incorporate expectations is recognized by Alesina and Giuliano
in their recent overview of the state of the art in research on redistribution preferences:
“Economists traditionally assume that individuals have preferences defined over their lifetime
consumption (income) and maximize their utility under a set of constraints. The same
principle applies to preferences for redistribution. It follows that maximization of utility
from consumption and leisure and some aggregation of individual preferences determines
the equilibrium level of taxes and transfers” (2011: 1).

Thus, I argue that re-defining (material) self-interest as expected income (or consumption)
allows to paint a more nuanced picture of individual preference formation, that includes (and
partly subsumes) recent arguments about social mobility (Alesina and Giuliano 2011; Alesina
and La Ferrara 2005; Haider and Solon 2006; Benabou and Ok 2001) and occupational
income risk (Varian 1980; Iversen and Soskice 2001; Cusack et al. 2006; Rehm 2009). My
argument contributes to models of social mobility expectations, since my model explicitly
includes individuals’ expectations of their income dynamics. For example, Alesina and
La Ferrara (2005) go beyond a static picture of income and include the likelihood that
an individual in a current decile of the income distribution will end up in a future higher
or lower decile (calculated from external data). Here, individuals are clearly forward-
looking. But the mechanism with which they learn about their likely future income position
is not clearly specified (nor is it clear why individuals should hold this knowledge without
uncertainty). I model the mechanism by which individuals learn about their income dynamics
(and the uncertainty they face while doing so).4 My argument also relates to the literature
on occupational risks. Arguments based on specific skills and occupational risk are built
around the risk of an individual experiencing unemployment and the accompanying income
loss caused by possibly lengthy job searches and/or reduced wages in one’s new job. They
emphasize risks as income losses that are not yet realized.5 I focus on a complementary
aspect: the modeling of “realized risk” (Cusack et al. 2006: 371), i.e., the actual incidence
of unemployment. Once an individual becomes unemployed the monetary effect of this
shock is fully captured by changes in income. Inasmuch as unemployment affects demand

4A further differentiating point of our respective papers is that they are unable to control for individual
heterogeneity – both in income expectations and preferences.

5Individuals need to learn about these risks via some mechanism. For example they might take the unemploy-
ment rate of their chosen occupation as proxy for their own level of risk. When testing the robustness of my
model I do include both occupational unemployment risk and the specificity of an individual’s skills.
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for redistribution via an economic channel, my proposed model will capture its effect on
current as well as expected income and, in turn, on redistribution preferences.

B. Expected income and redistribution preferences

I propose a simple model of the formation of individual income expectations, which builds
on the labor economics literature on life-cycle income profiles. After completing education,
an individual enters the labor market with an expectation about his or her wage level as a
function of education and (possibly) previous work experience. This expectation will be more
or less realistic, i.e., an individual’s first learning experience about his income entails realizing
that he earns more or less than expected. Then, each individual observes a continuous stream
of (yearly) earnings. Following classical human capital theory, an individual can expect
rising income as a function of increasing work experience, with decreasing returns at the
end of his or her working life (Mincer 1974). An individual observes, and learns about, a
classical Mincer earnings process (I will detail a more realistic income process below). He
forms an expectation about the present-day value of his future income by averaging over
his future predicted incomes based on his current knowledge of his income process.6 His
preferences for redistribution are then based not only on current income, but also on future
expected income.

More precisely, an individual’s wage is realized according to the following stochastic
process:

wi t = f (si, x i t) + [θi + εi t]. (1)

That is, an individual’s wage is determined by ‘deterministic’ returns to achieved education si

and current work experience x i t , and a ‘random’ deviation (the term in brackets), which can
be decomposed into an individual-specific component, θi, and stochastic shocks εi t . The first
part of equation (1) describes labor-market-average returns to education and experience
and is the classic ‘Mincer equation’, the main idea for which goes back to Mincer (1974),
building on the work of Becker and Chiswick (1966) and Ben-Porath (1967). Assume
that random components follow some distribution over individuals. In a given population,
individual-specific effects, such as differences in skills or ability that are rewarded in the labor
market, then lead to differences in average wages as well as to differences in the returns to
labor market experience x i t . This deviates from traditional implementations of the Mincer
model, by allowing for heterogeneity in individual wage-profiles, as argued for by Baker

6Since my empirical model developed below is estimated using a sample of working-age males, I use the
gender-specific pronoun.
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(1997).7 See Heckman et al. (2006) and Haider and Solon (2006) for further support of the
argument that the simpler Mincer model is an incomplete description of individual income
processes. Individual-specific effects are distributed zero-mean with variance-covariance
matrix Σ, i.e.: θi ∼ (0,Σ).8 Stochastic shocks εi t , such as unexpected wage deviations due
to aggregate economic shocks or one-time bonus payments, are distributed mean zero with
individual-specific variances: εi t ∼ (0,ψ2

i ).
When an individual acquires (partial) knowledge of these parameters by participating in

the labor market, he or she can form an estimate of future earnings, ωi t , which is updated
as more information becomes available. In the statistical model described below, I will detail
how an individual’s fundamental uncertainty about future income (the fact that ω is an
estimate) is incorporated into the model.9

At each point in time, the present-day value of an individual’s future income, E(ωi t), is
the expectation over future realized incomes up until some time horizon t∗,

E(ωi t) =
1

t∗ − t

∫ t∗

t

ωi t d t. (2)

The argument of this paper is that income expectations matter for individuals’ formation of
redistribution preferences. This can be tested by examining if E(ωi t) enters an individual’s
preference function. In order to proceed to such a test below, I need to specify the time
horizon t∗. Note that this is a parameter that needs to be set, i.e., it cannot be estimated from
the data. In the following model I specify t∗ as an individual’s retirement age, which implies
that individuals form expectations of their future income based on estimated income prospects
of their remaining working life. In robustness tests I then assess if using considerably shorter
time horizons affects my findings.10

7Note that while most of the literature focuses on mean parameters, the original Mincer (1974) model already
included the idea of individual heterogeneity in returns. The economic literature on the Mincer model is
enormous. See Psacharopoulos and Patrinos (2004) and Heckman et al. (2006) for recent reviews. In this
paper, I focus on what has been termed the ‘profile heterogeneity’ model (Baker 1997) as a useful device to
generate expected income expectations. Alternative approaches model individual earnings dynamics as a
random walk (e.g., MaCurdy 1982 and extensions); see Meghir and Pistaferri (2011) for an overview.

8Thus, the model allows for the fact that the unobserved abilities or skills that yield higher average wages do
also affect the rate of return to labor market experience.

9Suffice it to say for now that ωi t follows a distribution centered at the estimate derived from wage equation
(1) and is proportional to the variance of an individual’s realized income process.

10Note my simplifying assumption that retirement is determined exogenously, i.e., t∗ is not a function of E(ωi t).
Furthermore, I assume that individuals are interested in determining the present-day value of their life-time
income (and thus do not discount future income). Including (estimated) discount rates is an important
avenue for future research (that requires richer panel data than available here). A promising candidate is
(quasi-)hyperbolic discounting (e.g., Laibson 1997, 1998). But see Rubinstein (2003). Note that extending
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III. Data

To test the model described above, I use data that provide both repeated measures of a
respondent’s income and preferences. I use the British Household Panel Survey (BHPS), an
annual survey of occupants of British households that began in 1991 and ended in 2008.11

One of the advantages of household panel data is the availability of high-quality income
data, information on work history and unemployment spells, as well as detailed background
information (such as parental education).

I use the original (‘Essex’) sample of the BHPS and create a balanced panel using individuals
who provide responses to all seven waves where redistribution preferences were measured.12

In order to work with a more homogeneous data-generating process, I limit the sample to
working-age males (ages 20 to 65) including both employed and unemployed persons. The
reason for limiting my analysis to male respondents is that there are clear selection concerns
about labor market participation (and fertility choices) of women. Including women in
my sample would require a sensible joint (selection) model of labor market participation,
(household) fertility decisions, and redistribution preferences. Clearly, this is beyond the
scope of the current paper. My sample consists of 1,023 respondents observed between 1991
and 2007.13

My dependent variable is support for active social policy, more specifically stated support
for the government’s active role in implementing a “full-employment policy” (Ansell 2014).
Answers to the survey question “it is the government’s responsibility to provide a job for
everyone who wants one” were recorded on a five-point agree-disagree scale. I combine
agree and strongly agree as well as disagree and strongly disagree categories (as “strongly”
categories had rather small sample sizes).14 Figure 1 shows the proportion of individuals
who support or oppose government activity over the length of the panel. Opposition to

the model to include ‘standard’ exponential discounting with fixed rates of 0.99 or 0.97 does not lead to
different substantive conclusions (all results are available from the author).

11For more information see https://www.iser.essex.ac.uk/bhps.
12Redistribution items are available in waves A, C, E, G, J, N, and Q. I conduct robustness tests using an

unbalanced panel of larger size and find similar results.
13Every long-running panel study suffers from attrition. Dropout usually occurs selectively for those with low

income or education, among the young (16–24), and those in unemployment (cf. Lynn 2006). While this
is the case in the BHPS, the extent to which dropout affects the sample is relatively modest (compared
to, for example, election studies). Lynn concludes that “although under-representation of these groups is
statistically significant, the actual magnitude of under-representation is generally small” (Lynn 2006: 67).
In appendix B, I detail the development of my sample over time and provide some empirical evidence that
dropout is not related to either income, income expectations, or redistribution preferences.

14The use of this variable is driven by the constraints of my current data. However, the item is a surprisingly
good proxy for individuals’ redistribution preferences. It correlates highly (≈0.7) with a general measure of
redistributive spending derived from the International Social Survey Programme’s 1996 role of government
module (for details on this measure, see Stegmueller 2011).
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Figure 1: Aggregate changes in proportion of individuals who support or oppose
redistribution

active government policy increased steadily in the mid-nineties from 42% to over 50%, while
support decreased monotonically from 37% to 30%.

However, behind these rather stable aggregate patterns lie considerable individual-level
dynamics. In Figure 2 I calculate, for each individual, how often he changes his preferences
during the length of the panel. I find that more than half of all respondents change their
preferences at least once, while one quarter never changes. In contrast, roughly one quarter
of the sample changes preferences more than three times over the span of my 7-wave panel.
I will utilize this variation in the dynamic model developed below.

Table 1 shows descriptive statistics of my sample. I measure income using a respondent’s
annual (gross) income from labor, deflated using the consumer price index with base year
2005. An indicator variable captures if he gets income from other sources, such as dividends
or welfare transfers. It is 1 if income from all sources minus labor income is nonzero. For a
detailed discussion of income measures in the BHPS see Jenkins (2010). I measure work
experience as potential work experience, which is a person’s potential time in the labor
market after leaving school (calculated as current age minus school-leaving age). Education
is captured by standard UK school-leaving certificates. In order to proxy wealth, I include an
indicator variable, which is equal to 1 if a respondent is a house owner. Respondents are
also asked to estimate the value of their house (cf. Ansell 2014). I take this estimate and
deflate it to 2005 prices. Finally, I include indicator variables for being nonwhite, member of
a union, divorced, or unemployed.
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Figure 2: Proportions of observed individual-level preferences changes over duration of
panel.

Table 1: Sample characteristics

Mean SD

Labor income [1,000 £] 19.97 15.81
House value [10,000 £] 11.88 14.24
House owner 0.83 0.38
Other income 0.72 0.45
Age 41.57 10.41
Work experience 25.35 10.67
Household size 3.10 1.30
Nonwhite† 0.04 0.18
Union member 0.27 0.44
Divorced 0.04 0.20
Unemployed 0.05 0.21
Highest education†

O-levels 0.33 0.47
A-levels 0.25 0.43
Degree 0.21 0.41

Note: British Household Panel Study 1991–2007
† Variable is time-constant
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IV. Unified income and preference dynamics model

My model consists of two processes estimated simultaneously: an income process on the
basis of which individuals form expectations, and a dynamic preference process, where
individuals update their preferences as new information becomes available.

Income dynamics The model for the income process is an extension of the well-known
Mincer equation. This classic specification models income as function of returns to rising
work experience and education (Mincer 1974). However, one of its shortcomings is that it
ignores unobserved individual heterogeneity: observationally similar individuals (i.e., two
individuals with the same work experience and education) will often have differing income
streams, due to unobserved factors, such as ability and motivation (e.g., Heckman et al.
2006). In contrast, my specification extends the usual Mincer model, by allowing for “profile
heterogeneity” (Baker 1997; Haider and Solon 2006). It models income yi t as function
of returns to education and experience, which are heterogeneous over individuals due to
unobserved random effects. Specifically, I estimate the following equation

yi t = α+κsi + β1ti t + β2t2
i t + [ηi +λiti t + εi t], (3)

where α is an overall intercept, κ captures returns to each education certificate, while (β1,β2)
capture possibly quadratic returns to experience for the average individual. The core idea of
the profile heterogeneity model is that individuals’ labor market outcomes differ in part due
to idiosyncratic effects. The model captures these via individual-specific constants ηi, which
capture differences in income over individuals not explained by their education certificate, as
well as λi, which represents individual differences in return to experience. Both unobserved
effects are specified as arising from a joint bivariate normal distribution

[η,λ]∼ N(0,Σ), (4)

where Σ is a variance covariance matrix that contains variances for both individual-specific
effects as well as the covariance between them. Finally, stochastic errors εi t are distributed
independent normal with individual-specific variances,

εi t ∼ N(0,ψ2
i ). (5)

Based on this estimated income process, an individual’s average future income (that is,
annualized predicted income from now until retirement), can be forecast. Let Ri be a scalar
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that denotes, for each individual, years until retirement and calculate

E(wi t) = R−1
i

Ri
∑

r=1

�

α̂+ κ̂si + η̂i + β̂1(ti t + r) + β̂2(ti t + r)2 + λ̂i(ti t + r)
�

(6)

to obtain annualized predicted future income taking into account all individual-specific
idiosyncrasies. In other words, I assume that agents learn about their performance in
the labor market and thus gain knowledge about their individual-specific effects (ηi,λi).
However, agents face considerable uncertainty when making these predictions, due to (i)
their imperfect knowledge of the true income-generating process and (ii) unanticipated
shocks that might occur in the future. I simulate an individual’s fundamental uncertainty
by drawing from a normal distribution with mean predicted future income and variance
proportional to the variability in his observed stream of earnings:

ωi t ∼ N
�

E(wi t),ψ
2
i

�

. (7)

This is the quantity I will call “expected income” from now on, and that will appear in my
preference dynamics equation below. Note that each individual has a distribution of expected
incomes, which will be integrated over in the model. The Bayesian estimation strategy
employed here (see below) ensures that all uncertainty is propagated through the model.

Preference dynamics This brings me to the dynamic preference process. An individual’s
preferred level of redistribution at time t, zi t is a latent continuous variable, related to
observed categorical survey responses, y (r)i t , by a threshold-crossing model:

y (r)i t = c if zi t ∈ (µc−1,µc], (8)

with a monotonically ordered threshold vector µ.15 I employ a dynamic panel specification,
where preferences zi t are a function of past preferences and expected and current income,
while controlling for observed and unobserved individual heterogeneity (cf. Stegmueller
2013a):

zi t = φzi t−1 + γωi t +δ
′
1x i t + ξi + ζi t , t = 2, . . . , T . (9)

Here γ represents my central effect of interest – the net effect of expected income ωi t on
preferences. Persistence of preferences is captured by φ, while δ captures effects of controls
in x i t , which includes a measure of household size, indicator variables for union membership
and house ownership, as well as house value and an indicator for being non-white. Individual-

15I set µ1 = 0 for identifications since a constant is included in x i t below. I re-specify thresholds as µ2 =
µ1 +υ,υ∼ Exp(1) which simplifies estimation (e.g., Jackman 2009)
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specific effects are captured by ξi, which is specified as coming from a normal distribution
with freely estimated variance. Stegmueller (2013a) discusses a model which shows that this
specification is robust under a more flexible semi-parametric random effects specification.16

Finally, errors ζi t are independent over individuals and time with variance fixed to 1 to
identify the ordered probit structure.17

I model initial conditions zi1 (my first observation of individual preferences at t = 1) as
endogenous.18 Following Heckman (1981a, b), I specify them as function of individual-
specific characteristics (ξi scaled by θ), individual control variables at the beginning of the
panel, and individual pre-panel background characteristics collected in wi:

zi1 = δ
′
0wi + θξi + ζi1. (10)

Including a respondent’s social background also helps to account for the fact that individuals’
preferences have been shaped before they enter my panel-data set, e.g., through parental
socialization.

Estimation I jointly estimate the system of equations (3)–(10) in a Bayesian framework
(e.g., Gill 2008a), in order to propagate the uncertainty through the model. In other
words I include both estimation uncertainty as well as the fundamental uncertainty of
ωi t . To complete the Bayesian setup of my model, priors need to be specified for all free
model parameters. All regression-type coefficients (including the coefficient for expected
income) have vague normal priors with zero mean and a rather large prior variance of 100:
α,β ,γ,δ0,δ1 ∼ N(0,100). The prior for the preference persistence parameter is centered
over 1/2 with large prior variance, φ ∼ N(0.5,100). An alternative prior that is uniform
on (−1,1) does not yield different conclusions. The individual effects variance-covariance
matrix Σ has an inverse Wishart prior, Σ∼ IW (S,ν) with scale matrix S = I ∗0.05 and ν = 3
degrees of freedom (Gelman et al. 2004), while each individual income variance parameter
is assigned an inverse-Gamma prior: ∀i :ψi ∼ IG(0.001, 0.001). The prior for the variance

16Indeed, in a robustness test I confirm that my results are not driven by the functional form assumption on
the random effects.

17I assume that Cov(εi t , x i t) = 0 and Cov(εis,εi t) = 0∀s 6= t. Furthermore, I employ the usual random effects
assumptions, namely that Cov(ξi ,εi t) = 0 and Cov(ξi , x i t) = 0.

18The issue here is that my first observation of preferences is endogenous to factors affecting preferences later
on. Individuals likely start to form preferences at a very young age (i.e., long before they enter my panel
data-set). Thus, modeling initial observations is of special relevance in a (short) dynamic panel model.
Nerlove et al. (2008: 11-12) argue that initial observations should be modeled by a specification similar to
the one affecting the remaining observations – i.e., as depending on observed individual characteristics in
x i0, while possibly including additional background variables, such as parental education or the region of
upbringing. Furthermore, to capture the dependence of the initial observation on unobserved individual
characteristics, one should specify an arbitrary correlation with the individual specific effect ξi (Nerlove
et al. 2008; Harris et al. 2008). My specification captures all of these possibilities.
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of individual specific effects ξi is uniform on the standard deviation as suggested by Gelman
(2006): σ2

ξ
∼ U(0, 20). An alternative specification with a larger upper threshold does not

yield different results. The model is estimated via Markov Chain Monte Carlo simulation,
using two chains run for 30,000 iterations (thinned by a factor of 20 to save memory). 19 I
discard the first 10,000 iterations as transient phase of the sampler and use the remaining
20,000 posterior samples for inference.20

V. Results

Table 2 shows estimates from my unified income and preference dynamics model.21 Panel
(A) shows income dynamics estimates. As expected, I find that individuals with higher
levels of education, especially those holding degrees, have higher average levels of income.
As suggested by human capital theory, returns to experience are positive with decreasing
returns towards the end of one’s working life. However, behind these average patterns lies
considerable individual variation. Most of this is due to unobserved differences between
individuals, such as ability or motivation, as indicated by the large estimated variance of
individual-specific constants, ηi, as well as individual-specific returns to experience, λi.

To assess how expected income shapes preferences, panel (B) of Table 2 displays preference
dynamics estimates. I find that an individual’s income expectations shape his preferences.
Higher expected income reduces one’s support for redistribution considerably, even when
accounting for current income levels. As expected from the literature on individual-level
preferences, I find a negative effect of current income as well. Before examining the role of
expected and current income in more detail, I discuss my control variables and remaining
features of the dynamic panel model.

Estimates for variables capturing observed individual differences point in the expected
direction. Union members are more likely to support redistribution. I also find that asset
ownership matters (Ansell 2014): individuals with high value homes are more opposed to
redistributive activity. Effects of the size of one’s household and being non-white are not
precisely estimated. As discussed above, my model accounts for both preference persistence
and unobserved individual differences. Estimates show that these factors cannot be ignored.
The parameter capturing dependence of one’s current preferences on past ones, φ, is clearly
non-zero. Similarly, I find a high degree of unobserved individual variability (Var(ξ)), which

19Parameters which have mean zero are re-centered at each MCMC step.
20Non-convergence tests suggested by Cowles and Carlin (1996) and Gelman and Rubin (1992) do not point

towards absence of convergence. Furthermore, following Gill (2008b), I conducted an “insurance run” of
1e6 iterations, which led to identical results.

21In appendix A I demonstrate (using posterior predictive checks) that the model fits the data well.
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Table 2: MCMC parameter estimates for unified income and preference
dynamics model. Posterior means, standard deviations, and 95%
highest posterior density regions.

Mean SD 95% HPDR

Income equation

α Constant 0.790 0.056 0.680 0.899
κ1 O-levels 0.536 0.076 0.389 0.689
κ2 A-levels 0.728 0.084 0.562 0.890
κ3 Degree 1.148 0.094 0.971 1.339
β1 Experience 0.059 0.004 0.053 0.067
β2 Experience2 −0.030 0.006 −0.042 −0.018
Var(ηi) Indiv. specific effects 0.843 0.089 0.677 1.022
Var(λi) Experience variance 0.003 0.000 0.002 0.003
Cov(ηi ,λi) Covariance −0.031 0.004 −0.038 −0.024

Preference equation

γ Expected income −0.099 0.022 −0.146 −0.058
δ11 Current income −0.065 0.017 −0.099 −0.032
δ12 Other income −0.092 0.046 −0.179 0.001
δ13 Household size 0.027 0.046 −0.065 0.116
δ14 House owner −0.035 0.054 −0.136 0.073
δ15 House value −0.287 0.058 −0.398 −0.173
δ16 Union member 0.167 0.055 0.059 0.274
δ17 Non-white 0.328 0.193 −0.041 0.711
φ Persistence 0.259 0.032 0.199 0.322
Var(ξ) Indiv. specific effect 0.956 0.066 0.829 1.086
θ Initial cond. effect 1.226 0.123 0.995 1.470

N obs 7161
Deviance 20340
ePCP 0.608

Note: Initial condition estimates δ0 not shown. Estimated threshold µ2 = 0.749 (0.021); estimated
constant δ10 = 0.434 (0.064).
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Figure 3: Effect of a standard deviation shock in expected and current income on probability
of supporting redistribution. Posterior means and 95% highest posterior density regions.

indicates that unobserved individual characteristics play a large role in shaping individual
preferences. The usual cross-sectional analyses of preferences that dominate the political
economy literature do not take these into account.

What is the substantive effect of income expectations on preferences? Figure 3 visualizes
the magnitude of expected income effects. I calculate predicted probabilities of demand for
redistribution before and after a standard deviation change in current and expected income.
Figure 3 displays differences in predicted probabilities with associated 95% highest posterior
density regions. Simulating a positive standard deviation shock to current labor income only
(think of a one time bonus payment), reduces one’s probability of redistribution support
by more than three percentage points. A positive standard deviation change in expected
income (think of increasing returns to experience) reduces support for redistribution by
more than 6 percentage points. For both estimated effects I find wide confidence intervals,
due to the fact that I include full estimation and substantive uncertainty in this calculation.
Nonetheless, both intervals are clearly bound away from zero, indicating that effects of
current and, especially, expected income are significant both in the substantive and statistical
sense.

I further visualize the importance of income expectations, by constructing levels of re-
distribution support over the distribution of expected and current income. Figure 4 shows
predicted probabilities of redistribution support over deciles of the expected and current
income distribution constructed as previously described. I find considerable heterogeneity
around the average level of redistribution support. Moving up deciles of the distribution of
expected income, and holding all other relevant individual-level factors constant, increasingly
fewer individuals support an active government. The same holds for the distribution of cur-
rent income, however I find that its suppressing effect on preferences is far less pronounced
compared to the role of expected income.
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Figure 4: Effects of expected income (panel A) and current income (panel B) on the probabil-
ity of supporting redistribution. Predicted probabilities evaluated at income deciles. Posterior
means and 95% highest posterior density regions. Shaded area shows kernel density estimate
of income distribution.

Table 3: Effect of expected income in models with shortened time horizons.

δ Mean SD 95% HPD

0 −0.099 0.022 −0.146 −0.058
5 −0.109 0.023 −0.156 −0.065
10 −0.122 0.025 −0.170 −0.071
15 −0.136 0.028 −0.193 −0.083

Note: Estimates of γ. Based on the same model specification
as in Table 2, but with equation (11) substituted for (6).

VI. Robustness checks

Before drawing conclusions based on these findings, I conduct a series of robustness checks.
I start with examining how robust my results are to my choice of time horizon. As discussed
above, I chose an individual’s retirement age as the “natural” end of its stream of earnings.
However, one might argue that I replaced the questionable assumption of short-sighted
individuals with an unrealistic one, where some individuals’ time horizon spans 30 years
or more. To address this concern, I re-estimated my model using a modified version of
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equation (6) (which describes individuals’ income expectations):

E(wi t) =
1

Ri −δ

Ri−δ
∑

r=1

[·]. (11)

An individual’s time horizon is shortened by a scalar value δ which I set to a range of years:
δ = {5,10,15}. Table 3 shows estimates of the effect of expected income on preferences
under these specifications. I find that shortened time horizons leave my core finding intact:
higher expected income reduces one’s redistribution preferences. The negative effect of
expected income is even somewhat larger with shorted time horizons (however, the statistical
uncertainty of these estimates increases as well).

Further robustness tests All results of a number of further robustness test are displayed
compactly in Table 4, which shows estimates for both current and expected income on
redistribution preferences. Specification (1) explicitly accounts for the effects of unem-
ployment and divorce. My income dynamics equation in the main text was based only on
income streams observed by a respondent, without explicitly including unemployment or
divorce. I prefer this parsimonious specification, since I argued that monetary effects of
such shocks will be captured by changes in income. However, adverse life events such as
becoming unemployed might have non-income effects on preferences. When adding both
unemployment and divorce to an individual’s preference equation, I find no substantive
difference in results.

Specification (2) allows for common shocks to the income distribution of all agents by
including time dummies in the model. Specification (3) goes even further and adds subjective
expectations data to capture private information unavailable to an external observer (such
as an anticipated reduction in labor supply). In every survey wave individuals were asked
about their expectations of their future income (limited to the year ahead) and I include
indicator variables for expecting to be better or worse off.22 Even when including subjective
expectations as explanatory factors in an individual’s preference updating process, actual,
long-term expected income still matters.

One might argue that the “real” drivers of preferences are social factors such as class and
religion. However, even within classes there exists considerable variation in expected income.
Consequently, specification (4) which includes social class does not change my core results.
Similarly, recent research argues that an individual’s religious beliefs shape redistribution
preferences (Scheve and Stasavage 2006; Stegmueller et al. 2012; Stegmueller 2013b). In
this current setup, I consider religion’s effects as orthogonal to the income model; a view

22I do not include these in my main model, since this strategy of measuring subjective expectations is somewhat
questionable. For a preferred strategy see Dominitz and Manski (1997); Manski (2004).
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Table 4: Robustness checks. Expected and current income estimates
under alternative specifications. Posterior means and standard devi-
ations.

Expected Current

Mean SD Mean SD

(1) Unemployment, divorce −0.097 0.022 −0.063 0.017
(2) Common income shocks −0.115 0.023 −0.063 0.017
(3) Subjective expectations −0.100 0.022 −0.065 0.017
(4) Social class −0.085 0.024 −0.046 0.018
(5) Religion −0.103 0.022 −0.066 0.017
(6) Region effects −0.099 0.022 −0.064 0.017
(7) Industry effects −0.099 0.023 −0.062 0.018
(8) Skill specificity −0.128 0.027 −0.068 0.018
(9) Occupational unempl. −0.124 0.027 −0.069 0.018
(10) Recession cohorts −0.117 0.024 −0.067 0.018
(11) Unbalanced panel −0.109 0.018 −0.038 0.012
(12) Correlated random effects −0.135 0.026 −0.050 0.019

Note: Sample size is 982 in specifications (8) and (9), 2,051 in (12), and 1,023 in remaining ones.

that is confirmed by specification (5). To capture specificities of local labor markets and
employment sectors, specifications (6) and (7) include region and industry fixed effects. I
find my substantive results unchanged.

A more theoretically interesting robustness test is carried out in specifications (8) and (9).
As discussed in section II, a wave of recent research stresses the relevance of specific skills
and associated labor market risks (e.g., Iversen and Soskice 2001; Cusack et al. 2006; Rehm
2009). Including a measure of skill specificity as well as unemployment risk and re-estimating
both income and preference dynamic equations does not change my core results, but even
leads to slightly increased effects of expected income. It is interesting to note, that in these
model specifications specific skills are still positively related to redistribution preferences
(i.e., they are related to preferences beyond their effect of income). However, the effect of
occupational unemployment risk is statistically distinguishable from zero.

Another relevant omitted variable is the long-lasting effect of experiencing economic
hardship. Giuliano and Spilimbergo (2009) argue that individuals growing up in a recession
have systematically differing preferences. To allow for this possibility, I include in specification
(10) an indicator variable equal to 1 if a respondent grew up during an economic downturn.
This, too, leaves the substantive effect of expected income unchanged.
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Finally, I carry out two more technical tests. Specification (11) in Table 4 uses an un-
balanced panel with missing data treated using multiple imputation leading to a sample
of 2,051 respondents. My results are substantively unchanged. Specification (12) allows
for individual-specific effects to be correlated with stochastic errors, by following the speci-
fication of Mundlak (1978). Allowing for correlated unobservables actually increases the
estimated effect of expected income.

VII. Conclusion

In this paper I have argued, and shown empirically, that individuals’ future (expected)
income matters for their redistribution preferences. I have shown the importance of expected
income in a simple extension of the Meltzer-Richards model, where individuals not only
consider their present day income, but the dynamics of their future earnings. I detailed how
individuals learn about their likely future income streams and form continuously updated
income expectations. I tested my argument using a novel unified statistical model for income
and preference dynamics. The model accounts for several well-known problems in empirical
research of dynamic preferences. To my knowledge, this is the first strict test of this argument
using individual-level data accounting for preference persistence, individual heterogeneity,
and uncertainty. I find clear evidence for the importance of expected income, over and
above the effects of current income. Rising expected income is systematically related to
lower preferred levels of redistribution, ceteris paribus. This effect is quantitatively important
and statistically reliable. Furthermore, it is quite robust to a large number of alternative
specifications.

The current model makes some simplifications in order to be empirically tractable. Most
obviously, it assumes that individuals do not discount future earnings. This does not lead
to a completely implausible model specification, since individuals are still able to weight
current versus (total) future income at each time point. Nonetheless, explicitly modeling
individual-specific degrees of discounting is an interesting avenue for future research, which
will require longer panels than the one used here. Furthermore, I simplify the individual’s
decision problem by abstracting from changes in interest rates and credit constraints. A
future extension could include these factors, which is especially interesting when allowing
for endogenous determination of borrowing constraints.

But even in light of these caveats this paper shows that forward-looking individuals form
expectations about the future and include them in their decision making process. Expected
income turns out to be a highly relevant determinant of redistribution preferences – and
ultimately policy – even more so than current income.

19



Appendix A

To examine if the model fits the data, I go beyond a simple ‘percentage of correctly predicted
cases’ measure, but rather investigate if the model can replicate patterns of individual behavior
using posterior predictive checks (Gelman et al. 2004). For each individual in the sample
I calculate his observed preference dynamics, i.e., how often does he change to prefer (1)
decreased redistribution, (2) increased redistribution, or (3) does not change preferences.
Then, I calculate predictions for the same 3 outcomes from the posterior distribution of my
model. If the model replicates the data (reasonably) well, the average of observed changes
should be captured by the model implied predictive distribution. Finding observed averages
in the tails of my predictive distribution would indicate model misfit. Figure 5 shows the
result of these calculations. The model fits observed preference dynamics well. This can be
expressed model formally by calculating posterior predictive p-values (Meng 1994). These
are, 0.49, 0.3, and 0.59, respectively, all indicating a low probability that the model implied
distribution is significantly different from observed preference dynamics.

3.20 3.25 3.30 3.35 3.40 3.45 3.50 3.55

Preference (−)

1.05 1.10 1.15 1.20 1.25 1.30 1.35

Preference (=)

p−value = 

Preference (+)

2.25 2.30 2.35 2.40 2.45 2.50 2.55 2.60

Figure 5: Posterior predictive distribution and observed preference changes
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Appendix B

In comparison to many large-scale population surveys (such as general opinion polls or
election surveys), the BHPS has comparably low levels of attrition. Nonetheless, sample
dropout raises endogeneity concerns, especially when systematically related to my central
objects of interest, income and redistribution preferences. In this appendix, I present
descriptives on the development of my sample, and study to what extent an individual’s risk
of dropout is systematically related to its characteristics.

Table 5 shows the development of my sample over successive waves. Starting with the
first wave, 98% of the sample that initially agreed to participate in the survey produced
completed interviews. In the following ten years of the panel around 10% of individuals are
lost, increasing to almost 20% in the next seven. However, this is mostly due to incidental
(likely exogenous) reasons, such as non-contact, sickness, or respondents moving outside
the sampling frame. More problematic are non-interviews due to explicit refusal. Refusal
rates are below 5% in the first then years, and increase to 10% towards the end of the study.

Table 5: Overview of sample development.

Wave

1 3 5 7 10 14 17

Interview 98.0 92.9 91.7 92.4 89.8 87.2 83.3
Non-interview

Refusal 0.0 3.2 3.6 2.8 4.2 5.4 7.6
Other reason 2.1 3.8 4.7 4.8 6.0 7.5 9.1

Note: N = 20,811 (2,973 individuals at 7 waves)

I now examine how an individual’s risk of dropout depends on observable (and unobserv-
able) individual characteristics. I estimate several discrete time proportional hazard models
(Prentice and Gloeckler 1978), expressing the hazard of individual non-sample status, as
function of covariates (without and with taking into account unobserved heterogeneity).

While dropout in the BHPS is related to individual characteristics, such as age or education
(Lynn 2006), models (1) to (3) in Table 6 show that it is not systematically related to
either redistribution preferences or income. In other words, after accounting for individual
differences, individuals who hold more redistributive preferences are not more at risk to
drop out of the panel, neither are those with increased incomes. This result holds after
accounting for unobserved individual dropout propensities, either parametrically in model
(2) or nonparametrically in model (3). The final three models add individuals’ income
expectations. Encouragingly, they also reveal that individuals who have negative expectations
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about their income in the coming year are not more at risk of dropping out (the coefficient
on expectations is comparatively larger than for income, but not statistically distinguishable
from zero).

Table 6: Discrete time proportional hazard models for dropout as function of observ-
ables and unobservables. Baseline hazard estimated non-parametrically. Parametric
and discrete heterogeneity distributions.

1 2 3 4 5 6

Preferences 0.022 0.044 0.024 0.022 0.044 0.024
(0.025) (0.044) (0.028) (0.025) (0.044) (0.028)

Income −0.009 0.023 0.008 −0.009 0.023 0.008
(0.018) (0.028) (0.018) (0.018) (0.028) (0.018)

Expectationsa 0.093 0.045 0.041
(0.065) (0.099) (0.068)

Var(θ) — 4.032 4.780 — 4.031 4.787

Controlsb yes yes yes yes yes yes
Heterogeneity no yesc yesd no yesc yesd

Note: Maximum Likelihood estimates with robust standard errors. N=20,811.
a Indicator variable for negative income expectations for coming year.
b Controls are Education, HH size, house value, indicator variables for owner-occupied housing, union membership, non-

white race, and non-labor income.
c Normal random effects.
d Discrete random effects distribution estimated via 3 discrete mass points (cf. Heckman and Singer 1984).
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