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• Dependence of redistribution on mean-to-median income ratio investigated.
• No evidence found that this inequality measure is relevant for predicting redistribution.
• Inference from nonparametric regression framework robust to specification error.
• Motivates need for reexamination of democratic theory of redistribution.
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a b s t r a c t

The classic democratic theory of redistribution claims that an increase in the mean-to-median (MM) in-
come ratio causes a majority coalition in the electorate to collectively demand more redistribution. The
functional dependence of redistribution on theMM income ratio is tested in parametric and nonparamet-
ric regression frameworks using an OECD panel dataset. While the parametric regression model is found
to be misspecified rendering subsequent inference invalid, the robust nonparametric regression model
fails to uncover evidence that the MM income ratio is relevant for predicting redistribution.

© 2014 Elsevier B.V. All rights reserved.
1. Introduction

The influential Meltzer and Richard (1981) classic democratic
theory of redistribution claims that an increase in income inequal-
ity characterized by a higher mean-to-median (MM) market in-
come ratio incentivizes a majority coalition in the electorate to
demand more redistribution. Candidates who make pre-election
promises to expand redistributive policies are then elected into
office; their post-election policies subsequently increase the rel-
ative size of government expenditures and taxation to offset ris-
ing inequality. Given the observed persistence of such inequality
in democracies without a clear political economic response, espe-
cially in the United States, this letter questions whether the classic
theory has any predictive value. This concern is important:without
an inequality mitigating mechanism inherent in democracies as
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commonly believed, the persistence of inequality perpetuated by
market, regulatory, and other forces is potentially indeterminant.

Existing empirical studies often fail to find support for the
classic theory: Meltzer and Richard (1983) derive an estimating
equation by linearizing their model and apply OLS with aggregate
United States data for 1937–1977. Although they find evidence for
the hypothesized positive relationship between the MM income
ratio and redistribution, Tullock (1983) argues that statistical sig-
nificance is an artifact of the coincident trending of both variables
inducing spurious correlation. Gouveia and Masia (1998) reesti-
mate the regression model using GLS and two-way fixed effects
with a state-level panel dataset for 1979–1991; across specifica-
tions they find the coefficient estimate on the MM income ratio to
be either statistically insignificant, or statistically significant with
a theoretically incorrect sign or economically insignificant mag-
nitude. Rodríguez (1999) adds demographic and political control
variables and re-estimates the model using OLS and IV methods
for 1984–1994 at the state-level; he fails to find evidence for a
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significant relationship with the correct sign in any of his 18 spec-
ifications. Moreover, he also fails to find supporting evidence us-
ing time series methods over 1937–1992 for the United States. The
cross-country studies of Lindert (1996) and Larcinese (2007) also
fail to find a significant positive relationship between the MM in-
come ratio and redistribution.

Despite these results, the substantive prediction of the classic
theory remains a baseline for the inequality-redistribution rela-
tionship in democracies. The purpose of this letter is to address
a common limitation in previous studies: the parametric frame-
works used for hypothesis testing, which are only meaningful
absent specification error, are not subjected to misspecification
testing. In order for statistical inference in parametric regression
models to be consistent, i.e. have asymptotic power equal to one,
themodel must be correctly specified with respect to the true data
generating process. This is a concern because the estimating equa-
tion often used in previous studies is a linearization; if the linear
equation is not a good approximation of the true model then the
estimated regression model can be misspecified. Misspecification,
however, can be avoided with a nonparametric framework, which
makes no assumptions about the functional form of the regression
model.

Using recent OECD cross-country data, I apply both parametric
and nonparametric regression methods to test the relevance of
the MM income ratio for predicting redistribution. Since the
parametric model used here is determined to be misspecified and
thus subject to inconsistent testing, nonparametric methods are
indispensable for consistent inference. The robust nonparametric
model subsequently used fails to uncover empirical support for the
classic theory. This increased weight of evidence at odds with the
classic theory motivates the need for further reexamination of the
democratic theory of redistribution.

2. Data description

The dataset is an unbalanced panel of 29 countries1 for
2000–2012 from the OECD (2014). Twomeasures of redistribution
are defined to facilitate cross-country comparison following Lin-
dert (1996) and Larcinese (2007), and used in turn: total general
government expenditures and public social spending, each relative
to GDP. Income variables are the MM equivalized household mar-
ket income ratio and real median equivalized household market
income in US dollars.2 While the equivalence scale gives a rough
measure of individual income, no attempt is made to adjust for
voter turnout by income class; as in previous studies, the observed
median income level is taken as a proxy for the voter with median
income. Income variables are lagged by two years to acknowledge
electoral cycle timing and policy implementation lags.

Table 1 presents sample descriptive statistics. The redistribu-
tion variables of general government expenditures relative to GDP
(GG) and public social spending relative to GDP (SS) take on mean
values of 0.454 and 0.218 respectively. Variation for bothmeasures

1 Country list: Australia, Austria, Belgium, Canada, Czech Republic, Denmark, Es-
tonia, Finland, France, Germany, Greece, Iceland, Ireland, Israel, Italy, Japan, Korea,
Luxembourg, Netherlands, NewZealand,Norway, Poland, SlovakRepublic, Slovenia,
Spain, Sweden, Switzerland, United Kingdom, and United States. Chile, Mexico, Por-
tugal, and Turkey are excluded as outliers with observations exceeding three stan-
dard deviations from the mean. Hungary is excluded due to lack of available data.
2 While the OECD collects data for mean market income, it only collects data

on median disposable income. With this data limitation, median market income
is approximated from median disposable income under the assumption that the
median income unit faces the same average income tax rate and receives the same
level of public transfers as themean incomeunit. Each country’s realmedian income
values in terms of LCU and 2005 local prices are converted into US dollars using the
2005 PPP exchange rate.
is relatively large with respective standard deviations of 0.067 and
0.050. Themean-to-median income ratio (MM) is 1.190 on average
with minimum and maximum values of 1.071 and 1.374. Finally,
median income in ten thousand US dollars (MED) in the sample is
2.054 on average with a fairly large range of 2.787.

The Pearson correlation coefficients ρ(GG,MM) = −0.08 and
ρ(SS,MM) = −0.11 are both weakly negative, but statistically
insignificant at all conventional levels. There is, however, a statis-
tically significant positive correlation between the level of median
income and the ratio of general government expenditures to GDP
of ρ(GG,MED) = 0.14 at the 10% level of significance, indicating a
weak positive linear association.

3. Regression analysis

Consider the general regression model yit = g(xit)+ uit , where
x ≡ {x1, x2, . . . , xq} is a vector of q explanatory variables, y is a
response variable, g(x) is the conditional expectation E(y|x), u is
a disturbance term, and the indices i and t denote observations in
cross-section and time dimensions respectively.

In previous tests of Meltzer and Richard (1981), the regression
model is estimated by expressing the conditional expectation with
a finite set of parameters as g(x) = xβ where β is a q × 1 vector
of parameters. Meltzer and Richard (1983) specify the natural log
of the re-centered MM income ratio, the reciprocal of median
income, and a constant as explanatory variables in their estimating
equation. Letting x = {1, log(MM − 1), log(MED)}, I use the
natural log of median income instead of the reciprocal for ease of
interpretation. Bothmeasures of redistribution in logs, log(GG) and
log(SS), will each be used as the response variable y in turn. These
explanatory variables are unadjusted for any nature of ‘public
dependency’ due to limitations of available data. To capture any
cross-sectional unobservables assumed to remain invariant over
the short time dimension, such as structural public dependences,
the parameter vector β is estimated with one-way fixed effects
using the within estimator (Wooldridge, 2002, p. 269)

β̂FE =


N
i=1

Ti
t=1

ẍ′

it ẍit

−1  N
i=1

Ti
t=1

ẍ′

it ÿit


(1)

where N = 29 is the number of cross-sections, Ti is the number of
time periods for cross-section i, and the double-dot accent denotes
a time-demeaned variable.

Table 2 presents output for the parametric regressionmodel. Of
particular interest is the partial effect ∂ E(ŷ|x)/∂ log(MM − 1) ≡

β̂MM ∈ β̂FE which, as no interaction or higher order terms are spec-
ified, is the estimate for the elasticity ofMM on redistribution. This
estimate is statistically no different from zero at all conventional
significance levels with either definition of redistribution. The co-
efficient estimate onMED is statistically significant and positive for
both definitions of redistribution, with implied elasticities of 0.27
and 0.37 for GG and SS respectively.

If one had perfect knowledge of the data generating process
and is therefore able to correctly specify the parametric regres-
sion model, the above result may be considered evidence against
the substantive prediction of the classic theory. Suppose, how-
ever, the true model is instead of the form E(y|x) = xβ + zδ
where z ≠ 0 is a vector of unspecified interaction or higher or-
der terms with δ ≠ 0 as the associated vector of parameters. The
estimated model is then misspecified because the true partial ef-
fect is βMM + ∂(zδ)/∂ log(MM − 1). A t-test of the null hypothesis
that βMM is equal to zero can potentially lead to misleading infer-
ence about the true partial effect; it is inconsistent in the sense P
(Reject H0|H0 is false) 9 1 as n → ∞.



400 B. Pecoraro / Economics Letters 123 (2014) 398–401
Table 1
Descriptive statistics and correlation coefficients.

Mean Med. S.D. Min. Max. ρ(•,MM) ρ(•,MED)

GG 0.454 0.452 0.067 0.301 0.655 −0.08 0.14∗

SS 0.218 0.211 0.050 0.084 0.325 −0.11 0.09
MM 1.190 1.192 0.056 1.071 1.374 1.00 −0.27∗∗∗

MED 2.054 2.131 0.692 0.529 3.316 −0.27∗∗∗ 1.00

Significance codes: 0.01∗∗∗ , 0.05∗∗ , 0.10∗ .
Table 2
Parametric regression model.

Response variable: log(GG) Sample size: n = 171
Constant log(MM − 1) log(MED)

Coefficient (S.E.) −0.8170∗∗∗ (0.1048) 0.0912 (0.0643) 0.2696∗∗∗ (0.0659)
95% C.I. [−1.0320, −0.6021] [−0.0406 0.2231] [0.1344, 0.4048]

Response variable: log(SS) Sample size: n = 179
Constant log(MM − 1) log(MED)

Coefficient (S.E.) −1.7081∗∗∗ (0.1515) 0.0508 (0.0806) 0.3731∗∗∗ (0.0918)
95% C.I. [−2.0184, −1.3979] [−0.1144, 0.2159] [0.1851, 0.5611]

Robust standard errors reported.
Significance codes: 0.01∗∗∗ , 0.05∗∗ , 0.10∗ .
I apply the Hsiao et al. (2007) consistent nonparametric
specification test to the parametric model, which has the null
hypothesis H0 : E(uit |xit = x) = 0 for almost all x, and the
alternative hypothesis stated as negation of the null.3 Rejecting
the null hypothesis is indicative of misspecification. Using a
bootstrapped null distribution for the test statistic, the parametric
model is rejected as correctly specified at the 1% significance level
for both definitions of redistribution. Since any inference drawn
from the parametric model is unreliable, robust nonparametric
methods are desirable.

The nonparametric model used here applies the general frame-
work described in Li and Racine (2007) for local linear kernel esti-
mation: consider again the general regressionmodel yit = g(xit)+
uit . Rather than expressing the conditional expectation g(x) us-
ing an ex ante specified functional form, it is now estimated di-
rectly. Let the vector of explanatory variables be partitioned as
x = {xc, xd} so that continuous and discrete variables are distinct.
Explanatory variables used here are the two continuous variables
xc ≡ {log(MM − 1), log(MED)} as earlier, in addition to a discrete
unordered factor xd ≡ {δi = i for i = 1, 2, . . . ,N} intro-
duced to account for time-invariant unobservables for each cross-
section. Taking a first-order Taylor approximation of g(xit) at x to
get g(xit) ≈ g(x) + (xcit − xc)′β(x) where β(x) ≡ ∇xc g(x), using
this approximation into a kernel-weighted least squaresminimiza-
tion problem, and choosing ĝ(x) and β̂(x) as the solution yields the
‘‘local linear’’ estimator:

ĝ(x)
β̂(x)


=


N
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where K(•) is the generalized product kernel
2
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, h and λ are bandwidths, kc(•) is the Gaussian

kernel used for xc , and kd(•) is the Aitchison and Aitken (1976) ker-
nel kd = (1 − λ)I(x

d
it=xd)

[λ/(N − 1)]I(x
d
it ≠xd) for xd.

3 All nonparametric analysis is performed in R with the Hayfield and Racine
(2008) np package.
Data-driven bandwidth selection methods are employed to de-
termine the optimal bandwidths and how to pool the data: the AIC-
based bandwidth selection method of Hurvich et al. (1998), which
results in bandwidths that minimize a modified Akaike Informa-
tion Criterion, is used because simulation evidence shows that it
performs relatively well in small samples (Li and Racine, 2004). Let
λ̂ be the bandwidth selected for the discrete unordered factor δi. As
described in Li and Racine (2007), if λ̂ is approximately 1 then the
data is fully pooledwithout accounting for the time invariant cross-
sectional unobservables, if λ̂ is approximately 0 then each cross-
section uses only its respective time series in estimation, while
if λ̂ is between zero and one then the data is partially poolable
while respecting the unobservables. Non-poolability resulting
from this bandwidth being approximately zero would be problem-
atic since the time dimension in this dataset is insufficiently large
to get a useful nonparametric estimate while modeling each series
separately. The AIC-based method yields a bandwidth for the cat-
egorical variable between zero and one for both definitions of re-
distribution.

The significance test of Racine (1997) is applied to determine if
the MM income ratio provides relevant information for predicting
redistribution: partitioning x ≡ {w, z} into two components, z and
w = {xj ∈ x|xj ∉ z, for j = 1, 2, . . . , q}, the null hypothesis of the
significance test is H0 : E(y|w, z) = E(y|w) a.e., or equivalently
using the partial effect as:

H0 :
∂ E(y|w, z)

∂z
= β(z) = 0 a.e. (3)

Consider when z is the log of the MM income ratio and the vector
w therefore contains the log of median income and the categorical
variable. The null hypothesis then states that upon conditioning
on the information provided by median income and the categor-
ical variable, the MM income ratio is irrelevant for predicting re-
distribution. Eq. (3) equivalently states this null as the elasticity
of MM income ratio with respect to redistribution as being equal
to zero. The alternative hypothesis is stated as negation of the
null, namely that the MM income ratio provides information for
predicting redistribution not provided by median income and the
categorical variable. The null distribution of the test statistic is es-
timated using the wild bootstrap procedure as recommended by
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Table 3
Nonparametric regression model.

Panel (a): Significance test

Response variable: log(GG) Sample size: n = 171
z = log(MM − 1) z = log(MED)

p-value 0.193 0.015

Response variable: log(SS) Sample size: n = 179
z = log(MM − 1) z = log(MED)

p-value 0.464 0.980

Panel (b): Monte Carlo simulation

Data generating processes:
Specification (1): y = x̃1 + 0.3x̃2 + u
Specification (2): y = 1 + x̃1 + 0.3x̃2 + 0.5x̃21 − 0.1x̃22 + 2x̃1 x̃2 + u

Significance level Empirical power {(1), (2)} Empirical size {(1), (2)}

1% {0.991, 0.622} {0.012, 0.009}
5% {0.991, 0.737} {0.053, 0.062}
10% {0.992, 0.783} {0.123, 0.129}

Wild bootstrap used to approximate the null distribution of the test statistic with
399 repetitions. Rejection rates for 1000 iterations using bootstrapped test statistic
with 299 repetitions. For each iteration, sample size is n = 179, x̃ = {x̃1, x̃2} ∼

N(µxc , Σxc ) where xc ≡ {log(MM − 1), log(MED)} and u ∼ N(0, σlog(SS)).

Li and Racine (2007) because the asymptotic normal approxima-
tion performs poorly under small samples.

The results of the nonparametric significance test are shown in
panel (a) of Table 3. The null hypothesiswhen z is the log of theMM
income ratio fails to be rejected at all conventional levels for both
definitions of redistribution. Consequentially, no evidence is found
for a nonzero elasticity of this specific type of income inequality
on redistribution. While finding no empirical support for the clas-
sic theory is consistent with previous studies, the difference here
is that this result is robust to specification error. Thus, this con-
tribution should increase the weight of evidence at odds with the
classic democratic theory of redistribution. Furthermore, the non-
parametric model also reveals that the level of median income is
irrelevant for public social spending.

Finally, a Monte Carlo simulation is performed to estimate
empirical power and size of the nonparametric significance test for
z = log(MM − 1). Two data generating processes, described in
panel (b) of Table 3, are considered: (1) a simple specification, and
(2) a complex specification including interaction and higher order
regressors. Treating these data generating processes as the ‘true’
model in turn, test power measures the likelihood of a rejecting
a false null hypothesis while test size measures the likelihood of
making a type I error. The reported results are for 1000 repetitions
with the two continuous explanatory variables of sample size n =

179 drawn from the multivariate normal distribution N(µxc , Σxc ),
and u ∼ N(0, σlog(SS)). Empirical power is high at all significance
levels for both specifications: a false null hypothesis is rejected
nearly all of the time in the simple specification while it is rejected
a large share of the time in the complex specification. For size
analysis, all coefficients associated with the MM income ratio are
set to zero and the process is repeated. Empirical size is close to
its nominal level at all significance levels for both specifications.
High power and reasonable size indicate that inference using the
nonparametric model is indeed reliable.

4. Conclusion

This letter applied parametric and nonparametric regression
methods to test whether a highermean-to-medianmarket income
ratio is associated with more redistribution as predicted by the
Meltzer and Richard (1981) classic democratic theory of redistri-
bution. While the parametric model is found to be misspecified
and thus subject to inconsistent testing, I find no evidence that the
mean-to-median income ratio is relevant for predicting redistri-
bution in the nonparametric framework. The nonparametric anal-
ysis complements the knowledge offered by existing studies since
it provides statistical inference that is robust to specification error.
The increased weight of empirical studies unable to find support
for the classic theory is meaningful because it casts stronger doubt
on the proposition that democracies contain a built-in mechanism
to offset rising income inequality through expanding redistribu-
tive policies. To better understand the lack of a political economic
response to growing inequality, the democratic theory of redistri-
bution should be reexamined.
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