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ABSTRACT
The Inequality-Growth Plateau *
We examine the (potentially nonlinear) relationship between inequality and growth using a
method which does not require an a priori assumption on the underlying functional form. This
approach reveals a plateau completely missed by commonly used (nonlinear) parametric
approaches - the economy first expands rapidly with a large decline in inequality, plateaus
when inequality remains relatively stable, and then decreases rapidly with a large increase in
inequality. This novel finding helps reconcile the conflicting results in the literature (using
different parametric assumptions and datasets) and has important policy implications.
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1. Introduction
The relationship between inequality and economic growth is an important yet controversial question. The classical view holds that inequality is beneficial for economic growth (e.g.
Kaldor, 1995), whereas the neoclassical approach suggests that inequality plays no role in
promoting economic development (see, e.g. Galor, 2011 for an excellent survey). In contrast
to both views, more recent literature shows that inequality could have a long-lasting impact
on economic development, and that the impact is not necessarily beneficial (e.g. Battisti
et al., 2013) and could be nonlinear (Galor and Moav, 2004).
Similar to the theoretical literature, empirical studies of this issue also find mixed results.
For example, while Forbes (2000) finds a positive effect of inequality on growth, supporting
the classical view, Persson and Tabellini (1994) demonstrate that inequality is detrimental
for the growth process. However, these studies impose a linear structure on the inequalitygrowth relationship and ignore the potential nonlinear relationship suggested by the recent
theoretical literature. As noted in Henderson et al. (2012), “inclusion of non-linearities is
necessary for determining the empirically relevant variables and uncovering key mechanisms
of the growth process.” While we could allow for non-linearity by estimating more flexible,
higher-order polynomial regressions, these parametric approaches still impose strong functional form assumptions and misspecification of the relationship likely leads to inconsistent
parameter estimates and hence potentially inappropriate policy prescriptions. Moreover,
higher-order polynomial regressions are often shown to have undesirable “nonlocal effects”
(Magee, 1998).
An alternative is to employ a non- or semi-parametric approach that relaxes functional
form assumptions and let the data speak for themselves. An interesting study by Banerjee
and Duflo (2003) adopts this approach based on nonparametric kernel estimation (see, e.g.,
Delgado et al., 2014 for other examples in growth empirics). However, they do not take
into account the panel structure of the data, thereby failing to eliminate the unobserved,
time-invariant heterogeneity, a potential source of omitted-variable bias (Forbes, 2000). To
1

address this issue, we propose to use a nonparametric panel data method based on marginal
integration to investigate the inequality-growth nexus. This approach accounts for the possible non-linearity in the panel data context without pre-specifying the functional form.
Addressing this is non-trivial and we believe this is a useful exercise that could provide
robust results to guide future studies in the field.
Using the data in Iradian (2005), we first statistically reject the parametric specifications commonly used in the literature. We then find strong evidence of non-linearity in
the inequality-growth relationship. More importantly, we find an interesting plateau – the
economy first expands rapidly with a large decline in inequality, plateaus when inequality
remains relatively stable, and then decreases rapidly with a large increase in inequality. Such
a pattern is completely masked by parametric approaches that impose artificial curvature.
This novel result helps reconcile the conflicting results discussed above. Specifically, our
finding of the three distinct types of relationships (i.e., positive, weak or no, and negative
relationships) for different ranges of the values of inequality imply that empirical studies using different data (that spans a different range of the values of inequality) uncover different
sections of the underlying function and hence produce the conflicting results.
Admittedly, there could be other sources of the time-varying omitted variables that may
impede us from drawing definite causal inference from the current study. One solution may
be to employ an instrumental variable approach. However, finding a valid instrument is nontrivial in this context, and the existing instrumental variables are often controversial. As
noted in Durlauf et al. (2004), it is always possible to invalidate the instrumental approach
because “growth theory is so broad and all-encompassing” (Rajan and Subramanian, 2008)
and the inclusion of the instrumental variable in the growth equation could be easily justified
– violation of the exogeneity assumption of an IV (see Bazzi and Clemens, 2013 for more on
this issue). Moreover, dealing with the endogeneity problem, even with a valid instrument
available, is difficult within the nonparametric framework. Only a few estimators in the panel
data setting have been proposed in the literature and they are often difficult to implement.
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Given these concerns, we believe that our approach is particularly useful in this context
because it relaxes the functional form assumptions while addressing the type of the omittedvariable bias that is considered to be particularly important in this literature.
Our results suggest the potential presence of thresholds in the inequality-growth relationship.1 Instead of employing kernel estimation, we could perhaps find similar results by using
threshold regression. For example, Savvides and Stengos (2000) use a threshold regression
model (Hansen, 2000) to look at the inequality-growth relationship. In their sample of 52
countries (over the period 1960–1992) they find evidence of a single break. However, they
find that their results depend upon the functional form specified. In contrast, our model
does not rely on a priori specification of the functional form and hence will not be subject to
those specific biases. Further, with our (larger set of) data (and a slightly different problem),
we envision two turning points (one at low levels and one at high levels of changes in the
Gini coefficient), but it is unlikely that they would be sharp as is standard practice in the
threshold regression literature. This suggests that future research may want to go along the
lines of a nonparametric smooth threshold regression.

2. Methodology
The literature typically estimates variants of the following parametric reduced-form relationship between inequality and growth:

GRi,t = αi + β1 Ii,t + i,t

(1)

2
+ i,t ,
GRi,t = αi + β1 Ii,t + β1 Ii,t

(2)

where GRi,t represents the growth rate of per capita GDP for country i at time t, Ii,t is the
change in a measure of inequality, αi are country fixed effects, allowed to be correlated with
the level of inequality and i,t is the idiosyncratic error term. Equation (1) assumes that
1
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the underlying relationship is linear, whereas Equation (2) assumes a quadratic relationship
to capture potential non-linearity. It is typically assumed in Equation (2) that β1 > 0 and
β2 < 0 (inverted-U). Equations (1) and (2) can be estimated via the within or first difference
estimators (Forbes, 2000). Although popular, consistent estimates are only obtained if the
functional form is correctly specified.
Given that the true relationship is generally a priori unknown, it may be best to let the
data tell the form of the relationship. To this end, we consider the following nonparametric
model
GRi,t = αi + m(Ii,t ) + i,t ,

(3)

where m(·) is a unknown smooth function. The presence of the fixed effects αi creates a
challenge for estimation of Equation (3). Unlike Equations (1) and (2), usual panel data
estimation techniques such as first differencing cannot directly solve the problem in this
context. First differencing Equation (3) results in a more complicated form

GRi,t − GRi,t−1 = m(Ii,t ) − m(Ii,t−1 ) + i,t − i,t−1

(4)

∆GRi,t = g(Ii,t , Ii,t−1 ) + ∆i,t .

Standard nonparametric estimation will allow us to recover the function g(·).2 Estimating
m(·) is a non-trivial task given that it shows up twice in (4) and is evaluated at two different
points (i.e., m(Ii,t ) and m(Ii,t−1 )).3
2
The estimator in Qian and Wang (2012) makes the assumption that i,t is i.i.d. over cross-sections (a
common assumption in the panel data literature). This assumption is not restrictive and allows for arbitrary
serial correlation along the time dimension. Transformations of the error term (such as the first and double
differences, ∆i,t or ∆i,t − ∆i,t−1 ) possess the same property (in fact, first differencing even allows for the
error in the original equation to be a random walk). That being said, differencing leads to an efficiency loss.
We employ the sample augmentation technique suggested in Qian and Wang (2012) to improve finite sample
performance (which has been shown to work well via simulations).
3
Note that following the literature (e.g., Banerjee and Duflo, 2003), we assume that the relationship takes
the form in Equation (3), instead of levels between inequality and GDP per capita (e.g., in the literature
on the Kuznets Curve). The first-differencing transformation of Equation (3) is designed to recover the
functional form m(·); g(·) itself is generally not of interest.
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We propose to recover m(·) by marginally integrating gb(·) (originally developed in the
cross-sectional setting by Linton and Nielsen, 1995), a nonparametric estimate of g(·), which
can be obtained via local-linear least-squares. Specifically, the estimator is given by
Z
m(Ii,t ) =

gb(Ii,t , Ii,t−1 )f (Ii,t−1 )d(Ii,t−1 )

where f (Ii,t−1 ) is a density function that satisfies

R

(5)

f (Ii,t−1 ) = 1.4 Asymptotic properties of

this estimator are derived in Qian and Wang (2012). In practice, we use a plug-in bandwidth
that minimizes estimated asymptotic mean integrated squared error (AMISE). Our marginal
integration method is carried out by first generating i.i.d. samples Ii,t−1 from the distribution
P
f (·) and then we construct the estimator, m(Ii,t ) = n1 ni=1 gb(Ii,t , Ii,t−1 ) using numerical
integration. This approach is non-iterative (unlike that in Henderson et al., 2008), easy to
implement in practice and has been shown to perform well in finite samples (Qian and Wang,
2012).
3. Application
3.1. Data
The data come directly from Iradian (2005) and thus we provide limited details. The
data span 1965–2003 for 82 countries. Growth is measured by the annual average growth
rate of GDP per capita between two survey years. Following Banerjee and Duflo (2003), we
use growth rates of Gini coefficients as our measure of the change in inequality. In addition,
we also use the level of changes in inequality to assess the robustness of our results.
3.2. Specification Testing
We formally assess the validity of the parametric functional assumptions based on the
specification test developed in Hsiao et al. (2007). Our null hypothesis is that the parametric
4

R
Following the literature, we assume that gb(·)f (Ii,t−1 )d(Ii,t−1 ) = 0. Note that this assumption is
inconsequential. Even if it fails to hold, we could still identify m(·) up to a constant; the estimation of the
shape of m(·), the focus of this paper, is not affected.

5

model is correctly specified. Unlike most popular parametric tests that lack power in certain
directions, this test is consistent in all directions. Given that asymptotic approximations
for kernel based tests usually perform poorly in finite samples, we conduct inference based
on a wild bootstrap procedure. Both the test statistics and p-values from each of our four
functional form tests (linear and quadratic specifications for both the change and growth
rates of inequality) are reported in Table 1. We easily reject the null of a correctly specified
parametric model at the 5% level in each case. This result implies that the nonparametric
specification is preferable and failure to correctly specify the functional form could lead to
misleading conclusions.
Table 1: Conditional Moment Test of Parametric Specification – Hsiao et al. (2007)

Test Statistic
p-value

Change
Linear Quadratic
(1)
(2)

Growth
Linear Quadratic
(3)
(4)

1.788
0.015

3.014
0.005

0.984
0.010

1.118
0.018

3.3. Estimation
We now turn to the estimation results. Figure 1 plots the estimated relationship between
inequality and growth from both the parametric and nonparametric panel data models. We
first note that these parametric results are largely consistent with the existing literature.
For example, the linear model suggests that there exists a negative relationship between
economic growth and inequality, consistent with Persson and Tabellini (1994); the quadratic
model suggests that there is a nonlinear relationship between inequality and growth (inverted
U-shape), consistent with Charles-Coll (2012). This model suggests that an economy initially
grows with inequality, however, economic growth starts to decrease after inequality growth
reaches a certain level. Moreover, there is little difference between parametric models (of
each type), except at extreme endpoints.

6

Turning to our nonparametric results, we again find evidence supporting the nonlinear
relationship. However, two important departures from the parametric results emerge. First,
we find the turning points in the nonlinear relationship implied by different approaches are
strikingly different. While the parametric results indicate a peak around zero, our nonparametric models yield a peak much earlier. In particular, economic growth reaches its peak
when the decrease in inequality is large, about 8 in terms of level or 15 percentage points.
The parametric results imply that a decrease in inequality usually promotes economic growth
(the positive effect exists within a much larger region of negative values). Our nonparametric
results imply that such a positive effect exists only when inequality declines drastically (i.e.,
only for large negative values). This result has important policy implications: not all polices
that reduce inequality will lead to faster economic growth. Instead, only those that greatly
reduce inequality will. On the other side, pro-growth policies that also increase inequality
(e.g., fiscal policies that redistribute income) may still be effective as long as the inequality
increase resulted from the policies is relatively small.
Second, our nonparametric results suggest that after quickly reaching the peak, the curve
remains relatively flat until a relatively large increase in inequality and then decreases afterward.5 This result suggests that there is a range of values of changes in inequality where
the link is weak. This type of relationship is difficult to obtain with parametric approaches
that impose artificial curvature.
These results together help reconcile the conflicting findings in the literature using different data sets. If the data are comprised of observations from periods or countries where the
Gini coefficient increases dramatically, we are more likely to observe a negative relationship
between inequality and economic growth. Indeed, we generally find a negative relationship
in transitional economies where inequality increases rapidly (e.g., Sukiassyan, 2007). If the
5

Note that the nonparametric regression shapes implied by different inequality measures are largely similar
(panels (a) and (b) versus (c) and (d) in Figure 1). The one difference is in the right-tail. If taken literally,
this would suggest that (for changes in inequality) the economy expands slightly when inequality nears the
maximum value. This counter-intuitive result is likely due to lack of data, evident by drastically widened
confidence intervals. Note that we do not see these large differences and confidence bounds in the left-tail.
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data contain countries where the level is relatively stable or decreases, we are more likely
to find an insignificant relationship or positive relationship. For example, Barro (2000) and
Castello-Climent (2010) both find a positive relationship between inequality and growth in
more advanced countries where inequality is more likely to remain stable or decrease.
In addition to the quadratic relationships, one may be attempted to use higher-order polynomial regressions with cubic or quartic terms to approximate the nonlinear relationship.
However, polynomial regressions are still global functions and may not capture local anomalies. Specifically, higher-order polynomial regressions often lead to “undesirable nonlocal
effects” (Magee, 1998). In the appendix (available upon request), we examine higher-order
parametric models and indeed find large abnormalities, especially in both extreme tails of
the distribution of inequality.
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(a) Linear

(b) Quadratic

[Change]

(c) Linear

(d) Quadratic

[Growth]
Figure 1: Relationship between Inequality and Growth in GDP per capita
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