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preferences.  Following Benabou and Ok (2001) I refer to this as the prospects of
upward mobility hypothesis. In contrast, according to the second view, people readily
support redistribution from which they would not personally benefit, as long as the
recipients are considered morally worthy. I refer to this as the fairness view of
mobility and redistributive politics.

Using data from the Gallup Organization, this paper asks: which is more likely
to have a true effect on opposition to redistribution, prospective mobility or beliefs
that effort levels rather than luck cause wealth and poverty? It is not difficult to
produce empirical results in which both prospective mobility and beliefs about the
causes of wealth and poverty appear to have the expected effects. However, the
effect of prospective mobility is quite sensitive to specification while the effects of
beliefs about the worthiness of recipients are quite robust. Indeed, in all previous
research claiming to support the prospective mobility hypothesis, the measures of
prospective mobility are highly correlated with current income and have sensitive
effects. For example, Ravallion and Lokshin (2000) find that in 1990s Russia, those
who said they expect to live worse in the next twelve months than today were more
in favor of “restricting the incomes of the rich” compared to those who said they
expect to live better in the next twelve months. However, they report that the effect
of this measure is not significant after controlling for other socioeconomic variables.

They cite the correlation between current income and subjective mobility as a clear
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reason for this. Graham and Pettinato (2002) also find negative effects of subjective
mobility on support for redistribution. However, they do not show that these effects
remain significant after controlling for current income.

Alesina and La Ferrara (2004) use data from the General Social Survey and the
Panel Study of Income Dynamics to show that expected mobility predicted from
current income plus either geographical location or year of participation in the survey
has a negative effect on a measure of support for redistribution. The effects of this
measure of expected future income are sensitive to how the dependent variable is
measured. It has the expected effect on some measures, no effect on others, and an
effect in the wrong direction on another. They interpret the coefficients that have
the correct sign as evidence in favor of the prospective mobility hypothesis.

In contrast, evidence for the fairness view appears robust. First, there is causal
evidence from several randomized experiments. These experiments show that ran-
domly varied information about the moral worthiness of recipients of public redistrib-
ution and of private charity has significant effects in the expected directions on beliefs
about how hard the recipients work, on attitudes to governmental redistribution to
them, and on donations of real money to them (Heclo (1986); Gilens (1999); Eckel
and Grossman (1996); Fong (2004)). These effects can be quite large. For instance,
subjects give roughly three times more to the American Red Cross than to anonymous

subjects, presumably because the Red Cross is a morally worthy recipient (Eckel and
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Grossman (1996)). A different experiment using attitudinal survey data randomly
varied the wording of a question about support for public redistribution. One version

13

of the survey asked about spending on “welfare” while others asked about spending
on “assistance for the poor,” or “caring for the poor.” In that experiment, 41% of
respondents stated that there is too much spending on welfare and 25% stated that
there is too little. In contrast, only 11% and 7% of the respondents said that there
is too much spending on assistance for and caring for the poor, respectively, while
64% and 69% said that there is too little. One interpretation of this finding is that
this survey experiment was conducted at a time when “welfare” referred primarily to
the politically unpopular AFDC program, whose recipients were perceived as morally
unworthy (Heclo (1986)).

Second, in addition to these results from randomized experiments, non-causal
attitudinal survey evidence shows a robust association between opposition to redis-
tribution and beliefs that poverty and wealth are caused by effort levels rather than
luck. Missing variables tests show that these correlations cannot be explained by
missing measures of pecuniary interests in redistribution (Fong (2001)).

Why is the evidence for the prospects of upward mobility hypothesis so sensitive?
One possibility is error in the measures of prospective mobility, which would lead to

attenuation bias in its coefficient. Another possibility is error in the dependent mea-

sures of demands for redistribution, which could lead to imprecision in the estimates.
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Both of these problems could cause sensitivity via Type II errors, leading us to fail to
find support for the prospective mobility hypothesis when it is true. However, using
measures and specifications that rule out Type II errors, this paper shows that there
is a more serious problem that may cause Type I errors, leading us to find support
for the prospective mobility hypothesis when it is false.

This paper points out that an important source of sensitivity of the effect of
prospective mobility is its correlation with current income, which is notoriously poorly
measured. The paper presents a quantitative analysis of the sensitivity of the co-
efficients to measurement error in current income. It uses measures and specifica-
tions that yield highly significant effects. It then shows that even when measures
of prospective mobility have highly significant effects, these effects are sensitive to
measurement error in current income. In contrast, performing this quantitative
sensitivity analysis on the fairness models shows that the effects of beliefs about the
causes of income are quite robust to measurement error in current income. Appendix
A extends the analysis to check whether measurement error in prospective mobility or
beliefs about the causes of income, in combination with measurement error in current
income, might cause important changes in the results. It does not.

This paper also shows that the effects of race and gender are roughly equivalent
in size and robustness. This may surprise readers who consider race to be one of the

most important determinants of demands for redistribution. There is little doubt
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that race plays an important role in American politics over welfare, i.e., means-tested
redistribution to the poor (Gilens (1999); Luttmer (2001)). However, welfare is a
small part of redistributive expenditures and revenues. The results presented below
suggest that the importance of race relative to gender in determining demands for
general redistribution is an open question.

Analyzing biases from measurement error in current income is important because
both the fairness and prospective mobility hypotheses address a well-known puzzle;
they explain opposition to redistribution when current income fails to do so. Canon-
ical models of the demand for redistribution argue that an individual’s demand for
redistribution is determined by his or her current income (Roberts (1977)). The puz-
zle is that although current income does matter, it matters surprisingly little from

3 The value of the prospective mobility and fairness hy-

the canonical perspective.
potheses lies in their potential to explain demands for redistribution conditional on
current income. If estimated effects of prospective mobility are due primarily to our
inability to separate its effects from the effects of current income, then the evidence
fails on a point that is critical to the theory.

It is also important to analyze evidence from non-causal social survey data more

carefully than has been done in the past, despite the obvious drawbacks of such data,

including the possibility that both prospecitve mobility and beliefs about worthiness

3See, among others, Meltzer and Richard (1981), Roemer (1998), Putterman (1997), and Benabou
and Ok (2001) for discussions of and some answers to this puzzle.
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are endogenous to individual demands for redistribution. The reason is simple:
despite its flaws, evidence from such data has played an influential role in establishing
the plausibility of both the prospective mobility and the fairness hypotheses. If we
think of non-causal social survey evidence as a demonstrator of plausibility, then the
contribution of this paper is to point out that the fairness hypothesis has been shown
to be plausible while the prospective mobility hypothesis has not. A natural next
step is to generate causal evidence, e.g. from randomized experiments. For the
fairness hypothesis, some studies (discussed above) have already taken this step.
The rest of the paper is organized as follows. Sections 2 and 3 discuss the speci-
fication and empirical approach. Section 4 summarizes the measures and establishes
the validity of the measure of prospective mobility using additional data from the
National Survey of Midlife Development in the U.S. 1995-1996. Section 5 presents
both informal and quantitative sensitivity analyses for the case where current income
is the only poorly measured regressor. Section 6 concludes. Appendix A extends
the analysis to the case where there are two poorly measured regressors - namely,

current income and either prospective mobility or beliefs about worthiness.

4Prospective mobility may be endogenous if people who oppose redistribution for other reasons,
such as fairness concerns, work harder to distinguish themselves socially from the poor, especially
when the poor are perceived as lazy and undeserving. Self-reported beliefs about worthiness may
be endogenous if people who oppose redistribution for other reasons, such as selfishness, say they
believe the poor are lazy to justify their preference.
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2. SPECIFICATION
Following Benabou and Ok (2001) , T specify the effect of prospective mobility on
an individual’s demand for redistribution as follows. Taxes are voted on in the first
time period and are effective for ¢ = 1,...,T time periods. Individuals choose the
tax rate to maximize the present value of the stream of incomes over these time
periods. The tax-transfer scheme is a proportional income tax with a lump sum

transfer. Individuals choose the tax rate to maximize

T T
U= 8V —7)+> 67’7 (1)
t=1

t=1
where Y}, Vt, and &' are, respectively, individual income, average income, and the
discount factor in time ¢, and 7 is the tax rate for all t = 1,...7T time periods. In
this specification, an individual will prefer a tax rate of zero if the present value of his
or her income stream is greater than the present value of the annual average income.
Empirically, we should observe that individuals who expect higher future incomes
demand less redistribution, controlling for current income.

Regarding the fairness view, there is a large literature on social preferences that
debates how best to formalize fairness-seeking behavior (Rabin (1993); Levine (1998);
Dufwenberg and Kirchsteiger (1999); Falk and Fischbacher (1998); Bolton and Ocken-
fels (2000); Fehr and Schmidt (1999); Charness and Rabin (2002); Rotemberg (2004)).

Fairness concerns have also been modeled in the context of redistributive politics
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(Alesina and Angeletos (2005); Benabou and Tirole (forthcoming)). Although the
models differ, the similarities are more important than the differences for the pur-
poses of this paper. There is broad support in the literature for the idea that, for
various fairness motives, people who believe the poor are lazy and people who believe

that the rich are industrious will demand less redistribution.

2.1. Three models to be estimated. I will estimate three models. Model 1
tests the prospective mobility model, predicting opposition to redistribution with a
proxy for expected future income. Model 2a tests the fairness model, predicting
opposition to redistribution with the belief that poverty is caused by lack of effort
rather than bad luck. For additional robustness testing, I estimate a third model,
Model 2b, which predicts opposition to redistribution with the belief that wealth is
caused by strong effort rather than good luck. All three models control for pre-tax
household income, age, age squared, race, gender, marital status and household size.

When reasonable, it is important to avoid including variables - such as education
and occupation - that may have effects on demands for redistribution that should
be attributed to current or expected future income.” However, I control for race

and gender because researchers have argued that they may have effects on individual

®Some might argue that education should be included because it “enlightens” people about social
and economic constraints. This effect may operate in different directions in different fields of study.
In unreported analyses, I found the effects of education to be quite sensitive to measurement error
in current income. This is consistent with the idea that education is an indicator of current and
future financial security.
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demands for redistribution that are independent of the effects of current and expected
future income. I control for age and age squared to control for the individual’s stage
in the life cycle. Finally, I include marital status and household size because, for a
given household income, larger households are poorer. Note, however, that I have
conducted the entire analysis without including marital status and household size
(unreported). This had no noteworthy effects on the results.

The three models have the following form:

K
R=) afz;+v (2)
=1

where * indicates true unobserved variables and true parameters, v is the error in the
true regression model, and all of the assumptions of the classical normal regression
model are satisfied. R is the observed measure of opposition to redistribution. There
are eight independent variables. Seven are always the same: x7; is current income and
x3,...T5_, are age, age squared, household size, and dummies for being, respectively,
white, male and married. The remaining variable, z7._,, differs across the models.
In Model 1 it is expected future income, in Model 2a it is the belief that lack of effort
rather than bad luck causes poverty, and in Model 2b it is the belief that strong effort
rather than good luck causes wealth.

I assume that z}_; and z} may be measured with error and z7, ...x%_, are not.

Specifically, let
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Ti_1 = Ty 1+ ug with u; ~ N[0, V{] (3)

Tx = Ty + uy with us ~ N[0, V3] (4)

where xx_1 and xk are observed measures of z%_; and 7%, and u; and us are
measurement, errors. Assume that u; and uy are classical measurement errors in
the sense that they are uncorrelated with each other, with v, and with the true
independent variables. In addition, assume that the true independent variables have
zero means. Demeaning the independent variables is not necessary. This assumption
merely simplifies the presentation of the regression model by eliminating the constant

term.

3. EMPIRICAL APPROACH
The econometric problem of primary concern in this paper is that measurement error
in current income may bias the coefficients on the key regressors upward in magnitude.
This kind of bias may lead us to commit a Type I error. In contrast, measurement
error in x4 is a secondary concern which does not change the conclusions of this pa-
per. By itself, measurement error in xx_; cannot cause the serious form of sensitivity
addressed in this paper because it will merely attenuate the estimated coefficient on

rg_1 toward zero, and I use measures that already have significant effects despite
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such attenuation bias. Sections 3 and 5 present the simple case in which there is a
single poorly measured regressor - namely, current income. Appendix A addresses
the case in which both current income and xx_; may be measured with error.

One approach to assessing the seriousness of the measurement error biases is
to calculate bounds on the true regression coefficients.® When only one variable is
measured with error, the true regression coefficients are bounded by the ordinary least
squares estimates, and the normalized coefficients obtained by estimating the reverse
regression of the poorly measured independent variable on the dependent variable and
the other independent variables and then solving for the original dependent variable
on the left hand side.” If these bounds have the same sign, then this is reassuring in
the sense that our estimated coefficient at least tells us the correct sign of the true
coefficient. If the bounds have different signs, then the true coefficient may be zero

or may even have the opposite sign from the estimated coefficient.

3.1. Quantitative sensitivity analysis. When only one regressor is measured
with error and the bounds have opposite signs, there is a simple way to take the
analysis a step further. One can ask: For any given value of aj;_, that falls within

the bounds, how much measurement error in current income is needed to generate the

6 An alternative option is the instrumental variables approach. The difficulty with this approach
is finding a suitable instrument for current income in a data set with the requisite data.

"See Klepper and Leamer (1984) on bounding estimates when all regressors are measured with
error and Kamlet, Klepper and Frank (1993) for an applied discussion of bounding coefficients and
calculating additional diagnostics when various amounts of measurement error in specific regressors
are assumed.
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estimated coefficient ax_1 ¢ An interesting case is when the bounds on «j,_; differ in
sign. In this case, we can calculate how much measurement error in current income
would be needed to generate the estimated coefficient ax_ if o, were zero. If we
believe that the measurement error in current income may be at least this high, then
the estimated coefficient is meaningless in the sense that we do not even know if it
has the correct sign. The following sub-section develops these calculations in more

detail.

Calculating the robustness statistic from observables in the data. We
want to calculate the amount of measurement error in income needed to explain agx_1
when aj,_; = 0.

To do this, first note that from Chow (1957), we know that when z; is the only

regressor measured with error, the biases in ax and ax_; are

* _‘/éa;{
g — O = ——— 5
TR g+ )
. Vorvyre_100%
a1 — aK—l = Z_ZK+1‘/2K (6)
K

where the ax 1 and ag are the estimated coefficients obtained by using the ob-
served regressors to estimate the model, aj; and aj,_; are the true coefficients that

one could obtain if it were possible to estimate the model with no measurement
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error, oy = V(x¥|xt, x5, ..., x5 _), and v, _, is defined by the auxiliary regression
E(zi|at, x5, ... 2% ) = S5 y,2*.  Note that the v, are observable in this case
because estimating them in a regression that predicts xx instead of z7, does not bias
them.

Next, we set aj_; = 0, express the unobservables in terms of observables, and

solve for V5. Setting o, ; = 0 and combining (5) and (6) yields

a1 =

V'QfYK—laK (7)

Ok

To express 0% in terms of observables, let V(zk|x}, 25, ...,2x_1) = 0. Note
that

Ok =0 + Va. (8)

Substituting o — V5 for o} and solving for V5 yields:

aK(OéK—1) (9)

Vo = :
a1+ kY 1

Finally, let us express the resulting value of V, as a fraction of the variance in

current income and refer to the resulting statistic as the robustness of ax_1. The
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robustness of ax_; is thus:

Vo o Ok
Vizk) (=4 1)V(zk)

AR —1

(10)

The definitions of the terms that appear in Equation (10) are summarized in Table
1.

Note that we can also perform this exercise for values of aj_; other than zero.
Suppose C' is a particular value of aj,_; that falls within the bounds on aj_;. It is
straightforward to show that the robustness of a1 when aj_; = C' is:

Vo o OK
Vizg) (FEE=L 4+ DV (zg) (1)

aK_lfC

4. MEASURES
I use data from the Gallup Organization Social Audit titled “Haves and Have-Nots”
(Gallup Organization, 1998), a national sample of the United States containing 5001
respondents of the ages 18 years and older. There are three suitable measures
of opposition to redistribution in the data set, all of them binary: 1) opposition to
versus support for taxation of the rich, 2) opposition to versus support for government

redistribution to the poor, and 3) opposition to versus acceptance of inequality.® In

8Throughout the analysis I code “don’t know” responses as missing. This corresponds to as-
sumptions that people have well-formed preferences, beliefs, and expectations.
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this paper, I use the sum of these questions, standardized to a mean of zero and
standard deviation of one. Aggregating responses to multiple questions increases
the measurement reliability of the dependent measure which, in turn, decreases the
residual variance and increases the precision of the estimates in ordinary least squares
equations.  This reduces sensitivity due to measurement error in the dependent
variable, helping us focus on sensitivity due to measurement error in the regressors.

I assume a cardinal interpretation of the dependent measure and analyze it with
ordinary least squares. In the first part of Section 5, this is purely for convenience
in reporting and interpreting the results; it makes little difference to the results if
ordered probit is used instead. In Section 5.1, however, the cardinal interpretation
is necessary because the quantitative sensitivity analysis has not been developed for
ordered probit or logit models.

The Gallup data set has a measure of current annual pre-tax household income
that is measured in nine categories. I specify it as a single measure by representing
each category with an estimate of the median income of the people in that category.
I obtain the category medians for income levels up to $100,000 from the concurrent
March Supplement to the Current Population Survey.® For income levels greater than

$100,000, I estimate the category medians using data on the distribution of income

9For each income category in the Gallup survey, there is a set of smaller income categories in the
CPS. For each Gallup income category, we use the CPS income category cutoff point that is closest
to the 50th percentile.
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up to $250,000 or more from the 2000 Current Population Survey.!’ Note that I have
also conducted the entire analysis (including that presented in Appendix A) using
category mid-points and dropping the highest income category (unreported). This
produced similar results and did not change the conclusions of the paper.

I define beliefs about the causes of income as continuous variables ranging from
zero to one. For some of the results, this cardinal interpretation is unnecessary
because I use dummy variables for the belief that only effort matters and the belief
that both luck and effort matter. However, in Section 5.1, it is necessary to specify
beliefs as a single variable. I set this variable equal to zero if only luck matters, 0.5
if both luck and effort matter, and 1 if only effort matters.

Note that with the exception of race and gender, the important variables in this
analysis are continuous. When continuos variables are measured in categories, there
are two sources of error. One is classification error - measuring the variable in the
wrong category. The other is the difference between the value of the true continuous
variable and the value of the broad category that it belongs to. It is possible that
classification error is small relative to the latter type of error. In fact, a major
justification for measuring continuous variables such as income with categories is

that the classification error will be relatively small.

108ee Table HINC-07 of the Detailed Household Income Tables: 2000, from the 2001 Current
Population Survey March Supplement release.
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4.1. The proxy for expected future income. The proxy for expected future
income is expected future subjective well-being (see Appendix B for wording). This
sub-section addresses two concerns that one should have about this measure. The
first is whether or not subjective well-being is correlated with income. The second
is whether or not the measure actually distinguishes between current and future
circumstances.

It has already been established that income has a highly significant, positive effect
on subjective well-being (Blanchflower and Oswald (2004); Frey and Stutzer (2002);
Easterlin (2003)). In addition, general satisfaction with life is more strongly associ-
ated with levels of financial satisfaction than with satisfaction in other areas of life,
including job satisfaction, housing satisfaction, health satisfaction, leisure satisfac-
tion, and satisfaction with one’s environment (Van Praag et al. (2003)).

In the Gallup data used for this paper, the correlation between current income
and current subjective well-being is 0.240 (N = 4401, significant at the one-percent
level). To put this in perspective, the correlation between current income and the
combined measure of opposition to redistribution is only 0.126 (N=3409).

To test whether the proxy distinguishes between the present and the future, I
employ additional data from the National Survey of Midlife Development in the U.S.
1995-1996 (MIDUS), a national sample of 4242 individuals from the ages of 25 to

74 years. The MIDUS survey contains questions on current and expected future
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subjective financial standing, unemployment status, employment leave for sickness
or disability, and subjective well-being (See Table A2 for exact wording and selected
summary statistics). The MIDUS and Gallup measures of subjective well-being are
very similar to each other.

Table 2 predicts current subjective well being with current and expected future
subjective financial standing, unemployment status, and employment leave for sick-
ness or disability - controlling for age and age squared. For each measure, current
circumstances have much larger effects (in absolute value) than expected future cir-
cumstances. For example, current unemployment is associated with a 0.718 standard
deviation decrease in current subjective well-being (significant at the one-percent
level). In contrast, expected future unemployment is associated with only a 0.276
standard deviation decrease in current subjective well-being (significant only at the
ten-percent level).

Table 3 presents regressions predicting expected future subjective well-being with
the three measures of current and expected future circumstances, controlling for age
and age squared. In all three cases, expected future circumstances have much larger
effects (in magnitude) on expected future subjective well-being than current circum-
stances.

Thus, expected future subjective well-being is a good proxy for expected future

financial security. The contemporaneous association between financial security and
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subjective well-being is strong and the measures clearly distinguish between evalua-
tions of current circumstances and expected future circumstances. The strength of
this association is even more striking when one compares it to the small effects of
expected future subjective well-being on opposition to redistribution in Section 5.
An alternative to the proxy is to use estimated coefficients from panel data to
predict future income in cross-sectional data, as Alesina and La Ferrara (2001) did.
While no measure is perfect, one advantage of the proxy used in this paper is that
it is a direct, individually reported measure of expectations about the future rather
than objective expected future income based on data from people other than the re-
spondent. In theory, what matters for redistributive demands is the individual’s own

subjective expectations of future income, not his objective expected future income.

5. RESULTS

Table 4 presents ordinary least squares regressions predicting opposition to redis-
tribution with the belief that there is plenty of opportunity to get ahead, current
pre-tax annual household income, age, age squared, race, gender, marital status and
household size. To demonstrate the robustness of the relationship, the table presents
the estimates for two sub-samples: individuals with pre-tax household incomes below
$30,000 and those with household incomes of $30,000 and above. In both sub-
samples, the belief that opportunity is prevalent has highly significant positive effects

on opposition to redistribution. I have shown elsewhere in more detail that this asso-
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ciation is extremely robust and cannot be explained by missing measures of pecuniary
interests in redistribution (Fong (2001)).

Table 5 presents three different equations predicting 1) the proxy for expected
future income, 2) the belief that poverty is caused by lack of effort rather than bad
luck, and 3) the belief that wealth is caused by strong effort rather than good luck.
All three of the dependent variables in this table are standardized to have means
of zero and standard deviations of one. The table shows that the belief in the
prevalence of opportunity has a highly significant association with all three of the
dependent variables of this table. Thus, so far, both the prospective mobility and
fairness hypotheses appear plausible. Further analysis of these relationships is not
the primary goal of this paper, however, so let us now turn to the effects of prospective
mobility and beliefs about worthiness on demands for redistribution.

Table 6 presents ordinary least squares equations predicting opposition to redis-
tribution with the proxy for expected future income (Model 1), beliefs that lack of
effort rather than bad luck cause poverty (Model 2a), and beliefs that strong effort
rather than good luck cause wealth (Model 2b). Each model controls for age, age
squared, race, gender, marital status, household size and current income. The table
presents these regressions for two sub-samples: those with annual household incomes
below $30,000 and those with incomes of $30,000 or above. Columns 1 and 2 show

that the proxy for expected future income has significant effects in both sub-samples
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- at the five-percent level among those with household incomes less than $30,000
and the one-percent level among those with household incomes of $30,000 or above.
Columns 3 and 4 repeat the analyses shown in columns 1 and 2, but exclude the
proxy for expected future income and include dummies for beliefs about the causes of
poverty. The belief that laziness rather than bad luck causes poverty is significant at
the one-percent level in both sub-samples. The belief that both laziness and bad luck
rather than bad luck alone cause poverty is also significant at the one-percent level in
both sub-samples. Columns 5 and 6 repeat the analysis a third time, excluding the
dummies for beliefs about the causes of poverty and including dummies for beliefs
about the causes of wealth. Again, the beliefs are significant at the one-percent level
in both sub-samples.

An important point of Table 6 is that the measures produce statistically significant
support for both the prospects of upward mobility and fairness hypotheses, and that
these effects appear fairly robust (e.g., to dividing the sample into sub-samples by
income) in qualitative sensitivity analysis. However, what this qualitative approach
fails to reveal is that the apparent support for the prospects of upward mobility is
actually very sensitive to measurement error in current income, while the apparent
support for the fairness model is not. The following sub-section shows this with the

quantitative sensitivity analysis.
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5.1. Quantitative sensitivity analysis. In Table 6, only z;_; (i.e., expected
future in come in Model 1 and beliefs in Models 2a and 2b), race, gender and current
income have robust effects. This section quantitatively examines the sensitivity of

the first three of these variables to measurement error in the fourth.

Bounds on the coefficients. Tables 7-9 re-estimate Models 1, 2a and 2b,
respectively, using the whole sample. In Tables 8 and 9, instead of using dummy
variables for beliefs I use the single combined measure of beliefs about the causes of
poverty and the single combined measure of beliefs about the causes of wealth that
are described in Section 4.

Columns 1 and 2 of Tables 7-9 show the bounds on aj,_; for each model. One
set of bounds comes from the direct regression of opposition to redistribution on the
independent variables. These bounds are presented in column 1. The second set
of bounds are the normalized coefficients calculated by first estimating the reverse
regressions of current income on the remaining independent variables and opposition
to redistribution, and then solving for opposition to redistribution on the left hand
side. These bounds are presented in column 2.

In Models 1 and 2b, the bounds on aj,_; differ in sign. In Model 2a, the bounds
have the same sign. In all three models, the estimated coefficients on z,_; in the
direct regression were positive and significant. In Models 1 and 2b, without further

information, the coefficient on x;_; is meaningless in the sense that measurement
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error in current income may be creating biases that generate a positive coefficient
on r,_1 when its true effect may be zero or even of the opposite sign. In contrast,
in Model 2a, the bounds show that the estimated coefficient on x;_; has the correct

sign, no matter how poorly current income is measured.

Robustness of the coefficients. In Tables 7-9, column 4 presents the robust-
ness statistics for the coefficients whose bounds had opposite signs. Table 7 presents
the results for Model 1. Column 4 shows that if 66% of the variance in the measure
of current income is due to measurement error, then the coefficient is meaningless in
the sense that the true effect is zero. The robustness of other regressors x; # xx 1
can be calculated by substituting «; and v; for ax_; and v, _, in Equation 10. Doing
this for race and gender shows that their estimated coefficients are similar to each
other in magnitude. Their robustness statistics are also similar: 79% and 81% for
race and gender, respectively.

Column 4 of Table 8 presents the robustness results for Model 2a. The robustness
of beliefs is not pertinent here because the bounds on this variable had the same sign.
In Model 2a, the magnitudes and robustness of the effects of race and gender are,
again, similar to each other. Table 9 presents results for Model 2b. This table
shows that 82% of the variance in current income must be due to measurement error
to explain the estimated coefficient on beliefs if the true coefficient is zero. Here,

again, the magnitudes and robustness of the effects of race and gender are roughly
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the same.

I estimated models using other specifications of the proxy for expected future in-
come and beliefs about the causes of income, still assuming that current income is the
only poorly measured variable (unreported). The results were essentially the same.
For example, I estimated Model 1 representing the proxy for expected future income
with quartile dummies, omitting the first quartile dummy. The estimated robustness
statistics for the second, third, and fourth quartiles are 64%, 60%, and 68%, respec-
tively. I also re-estimated the fairness models, representing the beliefs measures with
a dummy variable for the belief that both luck and effort levels matter and a dummy
variable for the belief that only effort levels matter (omitting the dummy for the belief
that only luck matters). In Model 2b, the estimated robustness statistics for both
included dummies is 82%. In Model 2a, the robustness is even higher and for one of
the beliefs coefficients, both bounds are positive. Thus, even with these alternative
specifications, the prospective mobility model is the most sensitive to measurement
error in current income.

Finally, let us ask: Is measurement error in current income potentially high
enough to explain the entire estimated coefficient on expected future income in the
prospective mobility model? Based on the robustness statistics presented in Table 7
(66%), this could not be the case if we could explain more than 34% of the variation in

current income with predictors of income that are not correlated with its measurement
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error. Regressing current income on age, age squared, household size, dummies for
white, male, married and nine category dummies for household assets explains 38.9%
percent of the variance in current income. We might interpret this equation as a
rough indicator of the fraction of the variance in current income that cannot be due
to error. Of course, it is not a perfect indicator, because the measure of assets
may be correlated with measurement error in current income. Nonetheless, it seems
plausible that all of the estimates coefficients in Models 1, 2a and 2b at least have
the correct sign.

Despite this, Tables 7-9 suggest that the prospective mobility model (Model 1)
is much more sensitive to measurement error in current income than the fairness
models (Models 2a and 2b). We can analyze this sensitivity further by calculating
the robustness statistics for other values of aj_; besides zero. Table 10 presents the
robustness statistics for each of the three models when aj_; = .5a;_; and af_; =
.75a;,—1. These robustness statistics tell us how much measurement error in current
income it would take to explain the estimated coefficient if the true coefficient has
only half or three-quarters the magnitude of the estimated coefficient.

Table 10 shows that Model 1 is very sensitive to measurement error in current
income while Models 2a and 2b are quite robust. If 53.7% of the variance in current
income is due to measurement error, then the true coefficient on expected future

income in Model 1 has only half the magnitude of the estimated coefficient. If just
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38.9% of the variance in current income is due to measurement error, then the true
coefficient on expected income has only three-quarters the magnitude of the estimated
coefficient. Both of these levels of measurement error in current income are plausible,
so Model 1 is quite sensitive.

In contrast, Models 2a and 2b are very robust to measurement error in current
income. In Model 2a, 85.6% of the variance in current income would have to be due
to measurement error to explain the estimated coefficient if the true coefficient were
half its size. Even if the true coefficient had three-quarters the magnitude of the
estimated coefficient, it would still require 82.9% of the variance in current income
to explain the estimated coefficient with measurement error bias. The robustness
statistics in Model 2b are also quite high: 77.9% when the true coefficient has half
the magnitude of the estimated coefficient, and 70.6% when the true coefficient has
three quarters the magnitude of the estimated coefficient.

Why are the fairness models so robust while the prospects of upward mobility
model is so sensitive? From Tables 7-9, it is clear that neither o nor o differ much
across the three models. Instead, the difference in robustness across the models is
driven by the ratio of v, _; to ax_1 (see Equation 11). That is, the stronger the
association between z i _; and current income relative to the association between xx_1
and opposition to redistribution, the more sensitive ax_1 will be to measurement error

in current income. In Model 1, the effect of the proxy for expected future income
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on current income in column 3 is 9.5 times larger than its effect on opposition to
redistribution in column 1. In contrast, in Model 2a, the effect of the belief that lack
of effort rather than bad luck causes poverty on current income in column 3 is 51%
smaller than its effect in column 1. The lower robustness of Model 2b compared to
Model 2a is due to the fact that v, _; is higher in Model 2b while ax_; is roughly
comparable. That is, the belief about the causes of wealth is more strongly associated
with current income than the belief about the causes of poverty, while the estimated

effects of these beliefs on opposition to redistribution are similar.

6. CONCLUSION

This paper has tested two major views about the relationship between beliefs about
mobility and redistributive politics. The prospective mobility view assumes that
actors are purely selfish. According to this view, individuals’ expectations of upward
mobility will decrease their demands for redistribution because of smaller expected
net benefits from redistribution. The fairness view holds that people who believe
that there are few constraints to upward mobility believe that the economy is a
meritocracy and, therefore, that the pre-fiscal distribution of income is fair. Both of
these views are important to research and policy because they offer explanations for
why we do not witness more redistribution in democracies even though the majority
would benefit from it.

The data show strong support for the fairness view. In contrast, there is no
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robust support for the prospective mobility view. This weak support is not due
to measurement error in the proxy for expected future income (see Appendix A).
Instead, the problems are that expected future income is correlated with current
income and the effect of the expected future income is small. These two problems
make the estimated effect of expected future income sensitive to measurement error
in current income.

Why does the prospective mobility view seem so intuitive if the empirical support
for it is so weak? One possible reason is that both views draw intuition from the same
empirical regularity, namely that those who believe there is plenty of opportunity are
more opposed to redistribution. Loyalty to the assumption of purely self-interested
actors may predispose people to interpret this empirical regularity as evidence of
the prospective mobility view. However, the empirical regularity may be caused
primarily by fairness concerns.

Self-regarding motives do matter, as evidenced by the significant effects of current
income on opposition to redistribution. However, pecuniary self-interest simply is not
strong enough for an individual to oppose redistribution just because she may suffer
financial losses from it in the future. Instead, the evidence supports the idea that
preferences for redistribution are based largely on judgments about whether or not

the poor deserve to be poor and the rich deserve to be rich.
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A. APPENDIX: QUANTITATIVE SENSITIVITY ANALYSIS WITH TWO POORLY
MEASURED REGRESSORS

When all regressors are measured with error, one can check for bounds by estimating
the main regression and a reverse regression for each regressor. If the coefficients
from the main regression and the normalized coefficients from the reverse regressions
have the same sign, then the true coefficients are bounded by the convex hull of
these regressions (Klepper and Leamer (1984)). Unlike the case of a singly poorly
measured regressor, in this case, if any of the normalized coefficients from the reverse
regressions have the opposite sign of the coefficients from the direct regression, then
without additional information, all of the coefficients are unbounded and none of them
can be identified. The case with two poorly measured regressors is a restricted case of
this. One can calculate the bounds on the coefficients with the direct regression and
a reverse regression predicting each poorly measured regressor. If the coefficients on
the poorly measured variables change signs when they are calculated from the reverse
regressions, then the coefficients are unbounded and cannot be identified, unless we
have further information.

Regarding Model 1, we already know from Table 7 that the estimated coefficients
on current income and expected future income from the direct regressions and the
normalized coefficients from the indirect regression predicting current income differ

in sign. Thus, these coefficients are unbounded if we assume that both regressors














































































