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Abstract”

In this paper we propose the use of an alternative methodology to track low
incomes based on Atkinson's (1970) family of “equally distributed equivalent
income” functions, which are called “general means’ here. We provide a new
characterization of general means that justifies their use in this context. Our
method of evaluating the effects of growth on poor incomes is based on a
comparison of growth rates for two standards of living: the ordinary mean and a
bottom-sensitive general mean. The motivating question is. To what extent is
growth in the ordinary mean accompanied by growth in the genera mean? A
key indicator in this approach is the growth elasticity of the general mean, or the
percentage change in the general mean over the percentage change in the usua
mean. Our empirical analysis estimates this growth elasticity for a data set
containing 144 household surveys from 20 countries over the last quarter
century. Among other results, we find that the growth elasticity of bottom
sensitive general means is positive, but significantly smaller than one. This
suggests that the incomes of the poor do not grow one-for-one with increases in
average income.
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1. Introduction

Does economic growth tend to “raise all boats,” including the conditions of the poor? Or is the
main impact of economic expansion felt by the rich, with little if any benefit “trickling down” to
the lower income groups? The answers to these questions have important implications for
economic policy, since if the benefits of economic growth are aready being shared across the
various strata of an economy, departures from an unmitigated growth-oriented policy need not be
made in concession to distributional goals. However, if economic growth typically leaves the
poor behind, pro-growth policies may have to be tempered by other considerations.

At issue here is whether economic growth, as measured by the rate of increase in per
capita income, is associated with marked improvement in the conditions of the poor. The latter
outcome variable clearly has many dimensions besides income. A proper evaluation would track
each of the key attainments and capabilities of the poor and determine how they are altered
during the growth process. But given data availability and the time lags with which capabilities
are affected by economic conditions, it is not surprising that researchers have instead focused on
the intermediate variable, namely, income. The question that is eventually brought to datais thus
somewhat narrower: How does economic growth affect the incomes of the poor?*

There are many ways of tracking the incomes of the poor empirically. The literature has
focused mainly on two options, both of which are based on the twin components of income
poverty measurement as elucidated by Sen (1976), namely, the identification question (Who is
poor?) and the aggregation question (Which function of incomes is to be used to track the
condition of the poor?). The first approach employs a purely relative definition of the poor as all
persons in the lowest quintile (or decile), and then aggregates poor incomes using the most
common income standard, the mean. The central empirical question concerns the relationship
between economic growth (in the economy-wide mean) and growth in the income standard of the
poor, and whether the so-called “growth elasticity” of this income standard exceeds, equals or
falls below unity. The earlier papers in this strand of literature, including Adelman and Morris
(1973), Ahluwalia (1976) and Ahluwalia, Carter and Chenery (1979), were primarily interested
in the growth-inequality relationship (with one inequality measure being the income share of the
poor group), but they also asked whether the poorest 20 percent of the population shared the

1 1t is important, therefore, to be careful in the interpretation of results. Increased income is but one goal of
development policies. See Sen (1999).



benefits of growth proportionaly. They concluded that the income share of the poor tends to
decline in the early stages of development but increases in the long run.? The approach has
received renewed attention recently, and two different views on the magnitude of the growth
elasticity can be found. Roemer and Gugerty (1997), Gallup, Radelet and Warner (1999) and
Dollar and Kraay (2000) argue that the growth elasticity of the incomes of individuals at the
bottom quintile is practically equal to one. Timmer (1997) obtains a more modest elasticity of
around 0.8. Interestingly, these four studies use the same data and similar econometric
techniques, but they disagree on whether growth in average income leads to a one-to-one (or
proportional) increase in the incomes of the poor, or whether the gains for this group are
considerably smaller.

The second approach tracks income poverty levels using an absolute poverty line and a
standard poverty measure. Recent papers by Ravallion (2000), Ravallion and Chen (1997), and
Bruno, Ravallion and Squire (1998) employ absolute poverty lines of $1 and $2 a day to identify
the poor and then aggregate, using the most common measures of poverty, the headcount ratio
and the per capita poverty gap. These studies find that the growth elasticity of the headcount
ratio is typically below -2, or in other words that, when average income increases by 1 percent,
the proportion of poor declines by more than 2 percent. Other authors, such as Morley (2000),
De Janvry and Sadoulet (2000) and Smolensky, Plotnick, Evenhouse et al. (1994), report an
elasticity of around —1, but these are obtained from a smaller sample of countries. Ravallion and
Chen (1997) also use poverty lines that combine an absolute and a relative component, but their
elasticities are highly sensitive to where the poverty line is located. The growth elasticity of
poverty ranges from -2.59 to -0.69, depending on whether the threshold is established at 50

percent or 100 percent of the average income observed at the initial period of observation.

2 With the appearance of better data and the availability of improved econometric techniques, conclusions on the
relation between inequality and economic growth have been repeatedly challenged. For instance, Anand and Kanbur
(1993a) argue that if the specification is improved, the inverted “ U” -shaped relationship between inequality and
growth vanishes. Bruno, Ravallion and Squire (1998), Deininger and Squire (1996), Li, Squire and Zou (1998), and
Ravallion and Chen (1997), use an improved data set and argue that there is no systematic relation between the Gini
inequality index and GDP per capita growth. But according to Barro (1999), inequality and growth do follow the
inverted “U” shape relationship suggested by Kuznets. De Janvry and Sadoulet (2000) and Morley (2000) arrive at
the same conclusion by using a data set that includes only Latin American countries. A recent paper by Lundberg
and Squire (2000) argues that changes in GDP and in income inequality are jointly determined and should therefore
be examined in a system of simultaneous equations where the direct relationship between these two variables is no
longer of central interest.



Each of the two approaches is comprehensible and leads to results that inform the
discussion. However, several methodological difficulties can be noted. A purely absolute poverty
line (say, of $2 per day) marginalizes poverty in richer countries and lessens the relevance of the
findings across a broad spectrum of countries. A thoroughgoing relative poverty threshold (say,
at the 20" percentile) can hardly be justified as a coherent line of separation between poor and
non-poor. In richer countries, the lowest 20 percent likely include many persons in the middle
class, and hence some of the observed growth in poor incomes is actually growth in middle
incomes. In poorer countries, the majority of poor persons may well be excluded, resulting in an
estimate based on partial data. An alternative is to employ the country’s own poverty standard in
identifying the poor; but this introduces country-specific, idiosyncratic elements into the choice
of the poverty line, which in turn can lead to suspicious cross-country results. Clearly, none of
these methods of identifying the poor is entirely above reproach in the demanding environment
of cross-country evaluations over time.

Even if there were a thoroughly acceptable methodology for setting poverty lines in this
context, there would still be significant questions about the use of an abrupt 0-1 cutoff. Suppose
that an income is part of the evidence employed in evaluating the effect of growth on poor
incomes. Why should an income dlightly higher be ignored, just because it is above the arbitrary
cutoff that is being employed? Selecting a particular poverty standard is aways arbitrary to some
extent.® This is true for the $2 per day standard (why not $2.1?) as well as the 20" percentile
cutoff (why not the 21%?), and an analogous argument likely holds for any given methodology.

Further questions pertain to the aggregation methods typically used in these studies. For
example, why should an income that is just below the poverty line receive the same weight in the
aggregation process as one that is much lower, asisimplicit in the use of the headcount ratio, the
poverty gap, and the per capita income among the bottom fifth? A more defensible position
might be to require progressively more weight to be placed on incomes further down the
distribution.*

Finally, we observe that the specific income standard (the mean of the lowest fifth)
employed in several of the studies to track poor incomes suffers from a form of inconsistency

3 See the discussion in Foster and Shorrocks (1988), for example.

* A distribution-sensitive poverty measure, such as those proposed by Sen (1976) or Foster, Greer, and Thorbecke
(1984), might go part of the way to addressing this concern. However, this awaits the establishment of a consistent
framework for constructing poverty lines for cross-country evaluations.



that may serioudly cloud its relevance for policy prescriptions. Specifically, an increase in this
standard for a country as a whole is entirely consistent with a decrease in the standard for every
region in the country. (An example of this is given in Section 2 below.) Clearly, it would be
preferable to use a “subgroup-consistent” income standard that rules out the possibility of such
contradictory evaluations.®

This paper makes two main contributions. First, we propose and justify an alternative
methodology to track low incomes based on Atkinson's (1970) family of “equally distributed
equivalent income” functions, called “genera means’ here. Each is an income standard that
emphasizes the incomes of the poor without ignoring the incomes of the near poor. Progressively
less weight is placed on higher incomes. No arbitrary poverty standard is used. Rather, the
curvature properties of a general mean ensure that higher incomes contribute very little to its
value. In a sense, the presence of low incomes endogenously suppresses the impact of changesin
higher incomes. The family of general means is indexed by a parameter that indicates the extent
to which poorer incomes are emphasized in the income standard, or its “bottom sensitivity.”
Each member of this family satisfies a basic collection of properties for income standards, as
well as “subgroup consistency.” Moreover, as we demonstrate below, the general means are the
only subgroup-consistent income standards satisfying the basic properties, which provides a
compelling justification for their use.

The second contribution is empirical. We use the above methodology to estimate the
growth elasticity of the general mean by accessing the micro data from 144 household surveysin
20 countries spanning over a quarter of a century. Among other results, we find that the growth
elasticity of bottom-sensitive general means is positive, but significantly smaller than one. This
suggests that the incomes of the poor do not grow one-for-one with increases in average income.
The conclusion is robust to changing the composition of our sample of countries, to different
estimation techniques, and to the inclusion of a set of control variables. Our conclusions differ
from those in recent papers that use the per capitaincome of individuals in the first quintile as an
income standard of the poor and argue that the growth elasticity of this income standard is unity.
We confirm that the main reason we obtain a different result is our methodology for tracking the

incomes of the poor.

® See, for example, the related discussion in Foster and Shorrocks (1991) and Foster and Sen (1997).



The rest of the paper is organized as follows. Section 2 discusses the usefulness of the
general means as income standards and provides an axiomatic characterization in terms of

subgroup consistency. Section 3 presents our empirical evidence, while Section 4 concludes.

2. General M eans as|ncome Standards

Given the problem of setting a consistent poverty line for cross-country analysis, and the
sensitivity of poverty levels (and growth elasticities of poverty levels) to the specific
methodology employed, we will use the income standard approach rather than the poverty
measure approach in our analysis. But the specific income standard commonly employed in
related studies is also subject to criticism due to its reliance on an arbitrary cutoff and other
conceptual difficulties. We therefore broaden consideration to other potential income standards.
The motivating question of this section is: What functional form should be used to evauate the

incomes of the poor?

A. A Characterization of the General Means

We begin by presenting several definitions and a general framework for defining and evaluating
income standards. An income distribution is a vector of the form x = (xy,...,Xn) Where x; > 0 is

the income of the ith person and n is the population size, which is a positive integer. Denote by

D"=R?, the set of al n-person income distributions, and let D = U*¥_ D" be the set of all income

distributions (where population size n can vary across al positive integers). We say that x is
completely equal if x; = x; for al i, . We say that x is a permutation of y if both are distributions
having the same population size n, and x = Py for some permutation matrix P of order n; in other
words, x has the same collection of incomes as 'y, but potentially in a different order. We say that
X is a replication of y if there are integersn > 1 and m > 2 such that x isin D" and y is in D"
with x = (y,y,...,y); in other words, every income in'y has m “clones’ in X. The per capita or
mean income will be denoted by m=nm(x) = (X3 + ... + Xy)/n.

We are interested in finding an appropriate income standard f: D - R to track the
incomes of the poor. Consider the following natural properties for f, where x and y are
distributionsin D:



Symmetry: If X is a permutation of y, then f(x) = f(y).
Replication Invariance: If x isareplication of y, then f(x) = f(y).
Homogeneity: If x = ky for some scalar k > 0, then f(x) = kf(y).
Normalization: If x is completely equal, then f(x) = x;.

Continuity: f is continuous on each D".

Symmetry ensures that all incomes are treated symmetrically by the income standard; replication
invariance makes the income standard coherent across population sizes, homogeneity requires
that if all incomes are doubled, the income standard must double as well; normalization specifies
that the income standard of a completely equa distribution is simply the common level of
income; continuity ensures that the income standard does not abruptly change as incomes are
atered. Notice that the usual mean income m satisfies each of these natural properties, as does
the mean income of the poorest fifth of the population.

A final property ensures consistency between the aggregate level of the income standard
and the levels in population subgroups. Consider the following, where X, y, X', and y' are
distributionsin D:

Subgroup Consistency: Suppose that f(x) > f(x) and f(y) = f(y),
where X' has the same population size as x, and y' has the same
population size asy. Then f(X', y') > f(x, y).

In other words, if the income distributions in two population subgroups change in such a way
that the income standard rises in one and is unchanged in the other, then the overall standard
must rise. Repeated application of the property ensures that the same conclusion obtains when
both subgroup standards rise, or when there are multiple subgroups. Surprisingly, the mean
income of the bottom fifth—the income standard employed in many studies, including Dollar
and Kraay (2000)—does not satisfy subgroup consistency. This is immediately seen with the
help of a numerical example. Suppose that each of the distributions x, y, x' and y' has ten
incomes, with the lowest three incomes being (4, 8, 12), (2, 6, 8), (2, 11, 12), and (3, 6, 8),
respectively. Then, the mean of the lowest fifth (or lowest two incomes) is 6 for x and 4 for vy,
with alevel of 5 for the combined distribution (X, y). However, while the income standards rise
to 6.5 for x' and 4.5 for y', the overall standard falls to 4.75 for the combined distribution (X', y').
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This problem arises because of the endogenous nature of the set of the poor implicit in this
standard of living. Recall that in the above example, the second lowest income in X rises
significantly enough to compensate for the decline in the lowest income. However, this increase
goes unnoticed in the combined distribution since the rising income is elevated outside the set of
poor incomes, allowing the remaining decrement to dominate.

One family of income standards satisfying al of these basic properties is the class my(x)
of general means, defined by my(x) = [(x:* + ... + x2)/n] ¥ for al a 1 0 and by my(x) =
(X1 %n)Y" for a = 0. Clearly, the general mean reduces to the standard mean when a = 1. The
case where a = 0 is often called the geometric mean while a = -1 is known as the harmonic
mean. That the general means satisfy all six properties is immediately apparent. What is not so

obviousisthat they are the only income standards to do so.

Theorem: An income standard satisfies symmetry, replication
invariance, homogeneity, normalization, continuity and subgroup
consistency if and only if it is a generalized mean.

Proof: Inthe Mathematical Appendix.

Any income standard, whether it emphasizes the lower or the upper end of the
distribution, can be expected to satisfy the basic requirements of symmetry, replication
invariance, homogeneity, normalization and continuity. Subgroup consistency is a compelling
additional property that ensures sufficient coherence between the overall and subgroup levels of
the income standard. The above theorem identifies the single-parameter family of the general
means as the only income standards satisfying all the requirements simultaneously.® It is a
powerful axiomatic justification for focusing exclusively on income standards drawn from this

class.

B. Evaluating Income Distributions Using General Means

While the general means have been indirectly employed in the evaluation of income distributions
since Atkinson (1970), their independent usefulness as income standards has not received much

® Other characterizations of the general means can be found in the comprehensive survey of Diewert (1993).
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attention.” We now briefly explore them in greater detail and provide examples of their empirical
usefulness.

It is an easy matter to show that for fixed X, the general mean my(x) is increasing in the
parameter a, with the limit as a fallsto —¥ being the minimum income in x, while the limit as a
rises to ¥ is its maximum income. Each my(x) provides an alternative income standard or
representative income for x, which places more weight on higher incomes for higher parameter
values and more weight on lower incomes at lower parameter values. One interesting
characteristic of the general means is that for a given population size n, my(x) is strictly S
concave for a < 1 and strictly S-convex for a > 1.8 Consequently, if distributions x and y share
the same mean and population size, and if x is unambiguously more equal than y (in the Lorenz
sense), then distribution x must have a higher general mean than distribution y for every a < 1,
while over the range a > 1 the inequality will be reversed. More equality “flattens out” the graph
of the (increasing) function my(x) in the parameter a, so that in the limit, where all incomes are
equalized to m(x), the graph becomes horizontal with all general means becoming equal.

A comparison between the values of my(x) for the United States, the United Kingdom and
Sweden illustrates this interpretation. Figure 1 plots my(x) for a = -3, -2, -1, 0, 1, 2 and 3,
respectively, for each country.® The figure shows that the United States has a considerably higher
mean income than the other two countries (see m). However, the fact that for a<1 the United
States ranks lower than Sweden, while for all a>1 it ranks much higher, reveals that the
distribution of income is more unequal in the United States, which is a well known fact.””
Additionally, the figure shows that even though the average income in the US is higher, the
incomes of individuals at the bottom of the US distribution are considerably lower than in the
UK distribution and much lower than in Sweden.

As noted in Foster and Shneyerov (1999), there is a close link between the general means

and decomposable inequality measures. Indeed, virtualy every commonly used inequality

" The paper of Blackorby, Donaldson and Auersberg (1981) is one notable exception. See also Anand and Sen
(1996).

8 See, Foster and Shneyerov (1999) or Marshall and Olkin (1979, p. 54).

® The values are computed from household survey data for 1995 accessed through the Luxemburg Income Study. To
make the values comparable across countries, household incomes were adjusted so that they equal PPP adjusted
GDP per capita (taken from the World Bank’ s World Devel opment Indicators, 2000).

19 Strictly speaking, inequality comparisons require proportional shifts in the graphs until they intersect at the same
level of m.
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measure (apart from the Gini) is a function of a ratio of two general means, or a limit of such
functions.'* Foster and Székely (2001) exploit this observation to derive new ways of evaluating
inequality and growth by comparing levels of general means across different values of a, and by
comparing the rates at which different genera means grow. The approach is most easily
illustrated for the Atkinson class of inequality measures, which can be defined as A, = (m- my)/m
= 1-mJ/mfor a<l, so that inequality is viewed as the gap between the standard mean and the
(smaller) general mean my, normalized by m According to the Atkinson measure, inequality
increases over time when the standard growth rate (of n) exceeds the rate of growth of my, or in
other words, poorer incomes grow less rapidly than the average income.

A similar conclusion holds for the generalized entropy measures |,, which for a < 1 are
increasing transformations of the Atkinson measures. For a > 1, though, the general mean m,
emphasizes higher incomes and takes higher values than the standard mean; the generalized
entropy measures can be represented as positive transformations of m/m- 1 = (m, - n)/m It is
clear, then, that for this parameter range |, increases over time whenever the growth rate of m, is
higher than the standard growth rate, i.e., higher incomes tend to grow more rapidly than the
average income.

The connection between changes in inequality and in m, are illustrated in Figure 2.
Calculations from household survey data show that mean incomes in Mexico and Costa Rica
increased by virtually the same proportion during 1984-1996 and 1985-1995, respectively (see m
at the center of the figure). However, there was a substantial decline in ms, m; and myin Mexico,
while general means for a < 1 grew much more than m in Costa Rica. The converse is true for
my and m. Thus, in Mexico inequalities increased due to faster growth among higher-income
strata, while in Costa Rica the poor gained much more than the average individual and inequality
declined. The value of the Theil Entropy measure actually increased from 0.43 to 0.55 in Mexico
during this period and decreased from 0.42 to 0.39 in Costa Rica.

In his welfare-based approach to inequality, Atkinson (1970) introduced my(x) for a <1
as the equivalent equally distributed income associated with a given distribution x. This is the
level of income which, if distributed equally, would yield the same level of social welfare as the

1 This includes the generalized entropy measures, the Atkinson measures and the variance of logarithms. See
Foster and Sen (1997) for formal definitions of these measures.
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original income distribution X, given a specific, symmetric, utilitarian social welfare function
with decreasing marginal utility. As such, my(x) is clearly an increasing transformation of the
original social welfare function having al the properties of an income standard as presented
above. With this interpretation of my(x), we see that Atkinson's measure of inequality is the
shortfall of actual social welfare my(x) from the maximum social welfare achievable with the
given total income (namely m = my(m_ m), expressed as a percentage of maximum socia
welfare. The welfare interpretation of general means for low values of a makes them valuable

tools for normative evaluation of the income distribution.

C. Tracking Low Incomes Using General Means

Low incomes, and how they are atered in the course of economic growth, are the focus of the
present analysis. Our analysis therefore restricts consideration to general means with parameter
values below 1, and we interpret my(x) as an income standard of the poor. Note, though, that
since general means are functions of all incomes, this might raise questions about their suitability
for tracking the incomes of the poor. The seriousness of this concern depends entirely on the
value of a. For values of a sufficiently close to 1, the general mean approximates the mean
itself, which clearly places too much weight on high incomes for the present purpose. Even the
geometric mean can be a bit too sensitive to upper incomes, as can be seen by comparing the
levels of my for (1, 2, 10), and (1, 2, 100). However, as a falls below 0, the curvature inherent in
the functional form forces high incomes to be substantially muted. So, for example, the harmonic
mean (a = -1) of the distribution (1, 2, 10) is 15/8; and no matter what level the highest income
rises to, the harmonic mean of the distribution stays below 16/8. This insensitivity arises because
the harmonic mean takes the average of the inverses of the incomes, which emphasizes the low
incomes and essentially ignores the higher incomes (since their inverses are relatively small).
The effect is even more pronounced for lower values of a, with very small changes in low
incomes having much larger impact on the standard than very large changes in middle and upper
incomes. While general means are a function of all incomes, and no external poverty standard is
being imposed, their functional form ensures that they focus on the lower incomes of the
distribution.

In the next section we use general means to explore how growth affects the incomes of

the poor. In particular, we evaluate how rapidly the income standard m, for a < 1 changes when

14



there is a change in the mean income. The result provides an answer to the question: To what
extent do the poor share in economic growth? If growth were distributionally neutral, in that all
incomes rise by the same proportion, then both standards would grow at the same rate. However,
if the bulk of the increase in the mean takes place at the high end of the distribution, the growth
rate in the general mean will lag behind the growth in the ordinary mean. Alternatively, if the
general mean grows faster than the ordinary mean, this is a signal that growth benefits the poor
more than proportionally. The key indicator in this approach is the growth elasticity of the
general mean, or the percentage change in the genera mean over the percentage change in the
mean. Proportiona growth would lead to an elasticity of one, while pro-poor growth would be
associated with an elasticity greater than one. If the elasticity is positive, but less than one, this
indicates that although growth favors the richer incomes, it also includes the poor to some extent.
However, a non-positive elasticity is a strong indicator of growth that does not benefit the poor.

3. IsEconomic Growth Good for the Poor?

Our methodology is now used to estimate the growth elasticity of the incomes of the poor.

Before discussing the results, we briefly describe the data and estimation issues.

A. Data Description and Estimation |ssues

Practically all the recent papers asking whether growth is good for the poor use the data set by
Deininger and Squire (1996), which includes Gini coefficients and quintile shares for a large
number of countries and years. This kind of aggregate data is not suitable for our analysis
because to compute the general means it is necessary to have access to the underlying micro data
in household surveys in order to apply a weight to each individua in the distribution.
Furthermore, within country and cross-country comparability in the Deininger-Squire data is not
guaranteed. Therefore, for this paper we construct our own database by directly accessing
household survey records for as many countries as possible.

We impose four conditions for including a household survey in our analysis. First, the
household survey has to be nationally representative. The only exceptions we make are
Argentina and Uruguay, where household surveys are restricted to urban areas but still include
more than 80% and 90% of the country’s population, respectively. Nationaly representative
surveys are not available for these countries. Second, the survey questionnaire has to include a

15



breakdown of income by source, with at least three separate questions on income that identify
labor income, profits, and capital rents separately. This is to assure lower measurement error in
incomes. Third, the recall period for incomes has to be the same (the previous month) in each
survey.™ Fourth, the central purpose of the survey must be to collect information on the standard
of living of the population. This last requirement assures us that obtaining accurate information
on incomes is an objective of the survey.

We are able to access 144 household surveys fulfilling these requirements. The surveys
cover 20 countries—17 from Latin America, 2 from Asia, and the United States—ranging
between 1976 and 1999. Each of these surveys is used to compute the genera means. The
number of surveys per country ranges from 2 for the Dominican Republic, Ecuador, Nicaragua
and Paraguay to more than 11 data points for Brazil, Costa Rica, Taiwan, and the United States.
Appendix Table Al provides additional details on the household surveys included in our sample.
All in all, the 144 surveys include 4.1 million household records, corresponding to 15.2 million
individuals. The average sample size across surveys is 26,435 and 100,576 households and
individuals, respectively.

Since our interest is in changes in incomes at the bottom of the distribution, we compute
general means for each household survey for parameter valuesof a =-1,a =-2,a =-3,a = -4,
and then link each one of these measures to the growth in average income from the same survey.
For illustration purposes we also include results for the geometric mean (a = 0), although, as we
have seen above, this indicator is not particularly bottom-sensitive. In our implementation we
adjust all survey incomes to make the aggregate per capita income equal to PPP-adjusted GDP
per capita from the National Accounts. Consequently, our results are more comparable to other
elasticities reported in the literature.™

The central equation of interest is therefore:

(1) logm, (X)i,t - logm, (X)i,t-l =c+log m(x)i,t - log m(x)i,t—l t€

wheret is the year in which a household survey for country i is available and g is an error term.

12 Mexico is the country with the longest recall periods. The household survey questionnaire asks about income in
each of the previous six months, but we only use information on the previous month for consistency with the other
countries.

13 PPP GDP per capita figures are from World Development Indicators 2000. For the Latin American countries with
data for 1999 and 2000, the GDP data is from ESDB at the Inter American Development adjusted to PPP
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Having direct access to each of the 144 household surveys and each survey questionnaire
alows us to produce a data set with a high degree of comparability across observations, which
minimizes measurement error in the dependent variable.** For each country, we examine the
survey questionnaire for each year and construct a household per capita income measure that is
exactly the same for all years for that country. To do so we identify the minimum common
denominator to ensure consistency. This implies discarding information on the income sources
that do not appear in al surveys, which entails some loss of information, but we believe that
there are larger gains from reducing the noise-to-signal ratio of the series. So, we are able to
assure that the income concept is comparable within each country over time. The lack of
comparability across countries that inevitably remains becomes irrelevant when regressions are
estimated in first differences, as we do below.

The timing of the data to explore the relation between growth and poverty has been an
issue in applied work, mainly because the Deininger-Squire data provides an unbalanced panel
with observations scattered over several years. It has been standard practice to produce a reduced
data set by spacing observations over 5 to 10 years and to use various estimation methods to
impute information when an observation for a specific year is missing.”® As shown in Appendix
Table A1, household surveys for several countries in our sample belong to successive years or
are only 2 or 3 years apart. Therefore, eliminating observations to produce a balanced panel
would entail a significant loss in sample size, so our base estimates will refer to the full 144
observations. However, we show later that our conclusions are robust to eliminating information
for successive years and estimating the growth- poverty relationship with a reduced data set with
observations spaced every 3 years.

Regarding estimation techniques, the standard practice has been to estimate the poverty-
growth elasticity in first differences, which eliminate the effect of time-invariant country

characteristics. However, there are some discrepancies in the literature on how standard errors

accordingly. Deaton (2000) has pointed out the various problems introduced by the use of these PPP conversion
factors but we still use this methodology to make our results comparable with estimates published by other authors.
4 Although the Deininger-Squire data is a major improvement over the information available to authors such as
Ahluwalia, it still has some limitations. Székely and Hilgert (1999), Atkinson and Brandolini (1999) and Pyatt
(1999) provide a more thorough discussion of the limitations of secondary data sets. Panizza (2001) shows that the
relation between inequality and economic growth changes substantially when strictly comparable data is used.

'3 For instance, when an observation for certain year is missing Ravallion and Chen (1997) use the distribution of
the closest year available, and apply the average income of the target year to produce an estimate of poverty for that
specific year. Another example is that when a country-year observation in the Deininger-Squire data has a Gini
coefficient but no information on the quintile income shares, Dollar and Kraay (2000) estimate the quintile shares.
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are corrected. Some authors acknowledge that successive spells within countries have one survey
in common, and are therefore not independent observations.™ To produce our results we estimate
our base regression in first differences, but in all cases we report robust standard errors to
address this issue. Additionaly, we perform all estimations using the Huber iteration to reduce
the potential effect of outlier observations.

Most of the poverty-growth elasticities reported in the literature do not acknowledge the
potential endogeneity problem that arises from the fact that average income and measures of the
standard of living of the poor are computed by using basically the same information. Dollar and
Kraay (2000) deal with this by using instrumental variables and also address the problem arising
with the inclusion of lagged endogenous variables.” Although our centra results refer to
standard first difference estimations, we also test whether our conclusions are robust to the use of

these techniques.*

B. Empirical Results

Table 1 presents our main results. The table reports the value of the elasticity estimated through
eguation (1), from five separate regressions, corresponding to the use of a different general mean
as dependent variable (‘t" statistics are included under the coefficient). The results are quite
striking since the lower the value of a, the smaller the elasticity. In other words, the greater the
weight attached to the incomes of the poorest individuals, the smaller the gains from growth. o,
for instance, applies a dlightly greater weight than p; to lower income individuals, but the
difference in weights between the poorest of the poor and individuals close to the mean is not
very large. The elasticity of 1.08 suggests those individuals close to the middle of the distribution
gain significantly more than one-to-one with growth in the mean. However, once greater weight
is given to lower incomes, the elasticity becomes smaller. For p, p.3 and L4 the elasticity is
0.77, 0.36 and 0.33, respectively, and in all cases the coefficients are not statistically significant.
The conclusion is that living standards at the bottom of the distribution improve with growth but

that the poor gain proportionally much less than the average individual.

16 See especially Ravallion and Chen (1997).

17 specifically, Dollar and Kraay (2000) use the Arellano and Bover estimator, which is similar to GMM estimators
but does not include fixed effects.

18_undberg and Squire (2000) use a variant of the forward differencing method to estimate a set of simultaneous
equations that deal with the problem of reverse causality. We do not pursue this estimation here because it does not
yield the growth elasticity that is of interest for this paper.
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The conclusions from Table 1 are at odds with the recent papers by Roemer and Gugerty
(1997), Gallup, Radelet and Warner (1999) and Dollar and Kraay (2000), which argue that the
poor gain one-for-one from growth in mean income.*® A straightforward question is whether the
differences are due to the fact that those authors use the Deininger-Squire database, while our
sample of countries and years is different. To explore this possibility we use our series of
household surveys to compute the average income of individuals in the bottom 10, 20 and 30
percent of the distribution and estimate equation (1) by using each of these as dependent
variables.”

Table 2 presents the results. The first line reports the growth elasticity of the mean
income of individuals in the first quintile, which is the dependent variable used by the other
authors. We obtain an estimate of 1.03, which is higher than the elasticities of 1.019 and 0.92
reported by Dollar and Kraay (2000) and Roemer and Gugerty (1997), respectively, but which is
lower than the elasticity of 1.16 in Galup, Radelet and Warner (1999). Some of these authors
report more than one estimate, but the comparison is only with those that use the same
methodology asin Table 1.

Interestingly, when the cutoff point is moved down, the elasticity declines. The second
line in Table 2 reports the growth elasticity of the per capita income of individuals in the first
decile. For every 10 percent increase in average income, the mean among the poorest 10 percent
grows by 9.2 percent. When the cutoff is moved up to the 30" percentile, the elasticity is 1.06
(third line in the table). So, the lower the section of the distribution under examination, the
smaller the gains from growth. The differences among percentiles 10, 20 and 30 are consistent
with the results in Table 1 that when greater weight is given to lower incomes, the growth
elasticity is smaller.

Table 2 dso includes the growth elasticity of the headcount ratio and the poverty gap
index. We include these measures to determine whether the use of our database leads to the same
conclusion as those obtained by Ravallion and Chen (1997), and Bruno, Ravallion and Squire

% Timmer (1997) obtains a growth elasticity for the per capitaincome of individuals in the bottom 20 percent of the
distribution that is significantly smaller than one, and which is similar to the elasticity we obtain for .,
Interestingly, Timmer uses the same data and similar econometric techniques as the authors of these other papers.

% Household incomes are adjusted to match PPP GDP per capita.
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(1998) with respect to the effect of growth on these two poverty measures.? Our estimates of the
growth elasticity of the headcount ratio and the poverty gap are -1.49, and —2.09, respectively.
Both coefficients are statistically significant. The elasticities are smaller than those in Ravallion
and Chen (—3.12 and —3.69 for the headcount ratio and the poverty gap, respectively), but are of
very similar magnitude to those obtained by Morley (2000) and De Janvry and Sadoulet (2000),
who use a sample restricted to Latin American countries. These comparisons suggest that the
headcount ratio and the poverty gap are less responsive to growth in Latin America. But in any
case, the conclusions derived from Table 2 are till in line with those of Ravallion and Chen.
Therefore, our data confirms previous results: (i) that the growth elasticity of per capita
incomes in the first quintile is roughly equal to 1; and (ii) that the proportion of poor and the
poverty gap decline significantly with growth. However, the same data, applied to the alternative
methodology of using the general means to track the incomes of the poor, leads to a different

conclusion about the relation between poverty and growth.

C. Robustness Tests

This section performs three sets of tests to check whether the conclusion stated above—that the
growth elasticity of general means with low values of a is significantly smaller than one—holds
under different situations. The first set of tests verifies if the results change when modifying the
sample of countries and years used in the estimation. The second explores whether changing
estimation techniques and modifying the methodology for estimating some of the variables has
any implications. The third tests whether including control variables changes the value of the

growth elasticity of general means.

Changes in Sample Composition

Table 3 splits the data in different ways. The first column presents the growth elasticity for
general means with a < 1, obtained by excluding the United States from the sample. The
elasticity of the general means in this sample of developing countries declines substantially as a
becomes smaller, so the general conclusion that growth leads to less than proportiona gains for

the poorest individual stands. However, the coefficients for general meanswitha =-3anda = -4

% To compute the headcount ratio and the poverty gap we use a poverty line of 2-dollars-a-day PPP adjusted to 1985
prices, and as before, we blow up survey incomes to make them equal to PPP-adjusted GDP per capita so that they
are comparable with the relative poverty measures and the results for the general means.
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are substantially smaller when the United States is excluded. So, the incomes of the poor are
relatively less responsive to growth in our sample of developing countries.

The second column in Table 3 restricts the sample to the 17 Latin American countries. In
this case also, the general relation between growth and the incomes of the poor is consistent with
the resultsin Table 1. The only difference is that poand p.1 have higher growth elasticity in these
countries.

Regressions 3 to 5 in Table 3 check the robustness of our conclusions to restricting the
sample to smaller time periods. In the third column we present the elasticity from a sample that
drops information from consecutive years. The data is modified so that there are at least three
years between observations. Generating a data set with 5-year intervals, as is common in the
literature, would imply dropping more than half of the sample. We chose 3-year episodes
because this is the greatest interval by which observations can be separated while till
maintaining at least one half of the total number of observations. The growth elasticity derived
from the restricted sample leads to exactly the same conclusions asin Table 1.

Column 4 asks whether the growth elasticity of general means differs when we use data
from the 1990s only. Thisis to verify whether growth during the past decade has had a different
impact on the incomes of the poor than growth in the whole period under observation. With the
exception of the growth elasticity of p.4 which is much smaller than before, the results are
practically the same as in Table 1. The difference in the elasticity of ., suggests that during the
1990s the incomes of the poorest of the poor were less responsive to growth in mean income
than in previous decades.

The last column in Table 3 presents the elasticity estimated with a sample that includes
only episodes of positive growth in mean income. If during periods of positive growth
governments “invest” more in the poor or the poor had better prospects for increasing their living
standards, then the growth elasticity of the general means that emphasize more the incomes of
the poor, would be larger than those in Table 1. However, the coefficients are very similar to
those in Table 1, which suggests that the poor suffer from income contractions in a way similar

to that in which they gain with expansion in the mean.

21



Changesin Estimation Procedures

One of the concerns with specifications such as equation (1) is endogeneity. To address this
issue, we follow Dollar and Kraay (2000) and instrument mean incomes by using the growth rate
of the mean for the previous five years for each observation. The first column in Table 4 presents
the results. Our central conclusions are not modified, and the value of each growth elasticity is
very similar to those obtained by applying OLS to the same data.

Estimations in first differences such as those performed so far have the advantage of
reducing the problem of omitted variable bias by controlling for all time-invariant country
characteristics, but this comes a the cost of reducing the time-series variation of our data
Perhaps the best solution to this problem is to estimate the Arellano-Bover System Estimator,
which uses information on the levels and changes in the data as well as instrumental variables
constructed with lagged variables. This technique reduces the problems of measurement error,
endogeneity and omitted variables hias.”? The results are presented in the second column of
Table 4 and lead to exactly the same conclusions as before: the incomes of the poor grow with
positive changes in the ordinary mean, but they do so much less than the change in the average.
We use the Arellano-Bover System Estimator only as a robustness check because of its well-
known caveats of reducing standard errors excessively and relying on an ad-hoc lag structure for
constructing the instrumental variables.

A criticism to which several of the papers in this strand of literature have been subject is
that it makes no sense to compare growth in incomes from a household survey to changes in
GDP from National Accounts. So far we have adjusted household incomes to match GDP in
order to make our estimates more comparable with those in the literature, but we think thisis a
genuine concern. To address it we include a set of estimations that use the original household
incomes (in real terms) to compute the general means and the ordinary mean. The third column
in Table 4 presents the results. Each elasticity is considerably smaller than our base estimates in
Table 1, but the general conclusion holds. The main difference is that even for o the growth
elasticity is smaller than 1 (athough not significantly smaller). This suggests that the growth
elasticity derived from data adjustments to match National Account aggregates may overestimate
the real relation between changes in average income and changes in the standard of living of the

poor.

2 See Arellano and Bover (1995).
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One of the common concerns in empirical work using household survey datais that lower
incomes are normally subject to larger measurement error. Thus, it is possible that standard of
living measures such as .2, 1-3, [-4, which place more weight on lower incomes, could be subject
to larger noise-to-signa ratios. There are many ways of reducing measurement error for low
incomes, and perhaps the most drastic solution is to truncate the distribution at some point to
eliminate them atogether. In order to test whether eliminating the incomes that are more subject
to measurement error could modify our conclusions, we go back to the original micro data in
each household survey, truncate the poorest 5 percent of the distribution, and then re-compute
each general mean. The last regression in Table 4 presents the results analogous to those in Table
1, but where the general means are computed with truncated distributions. Each growth elasticity
is somewhat larger than that in Table 1, but the conclusion still holds that for p W3 p4 the
elasticity is significantly lower than one.

Changesin Empirical Specification

Table 5 includes the results of three regressions that explore whether variations in the way in
which changes in the standard mean enter into the regression, modify any of our conclusions.?
The first regression includes the change in the log of the standard mean as the rest of the
regressions but adds the growth rate of the mean lagged five years. Thisis to test if growth takes
some time to have an impact on the poor, for instance through trickle down. The coefficient
estimates are very similar to those in Table 1, and the coefficients for the lagged growth variable
(not reported here) turned out to be very small and non-significant for all parameter values. Thus,
our evidence does not support the hypothesis of delayed trickle-down effects from growth.

The second regression uses the standard mean as dependent variable and adds the value
of the standard mean (in levels) lagged five years. This is to ask whether richer countries, which
presumably have greater possibilities of alleviating poverty, actually have a different growth-
poverty relationship. Differences between these results and our original ones are not apparent in
this case, either.

The last two columns report the results from a regression that introduces changes in the
log of the standard mean as independent variable, as before, but adds a quadratic term. Thisisto

% Recently, Bourguignon (2000) argued that the appropriate specification to estimate the growth elasticity of
poverty should aso include some inequality measure as regressor. We have not followed this option here since the
general means are the basis for computing a wide set of inequality measures, as discussed above.
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test for the non-linearity of each elasticity and to confirm if the average elasticity is low for more
negative values of a only because in high income countries changes in poverty are smaller due to
the initial lower levels of poverty and vice versa. As can be seen in Table 5, the quadratic term is
never significant in statistical terms. The coefficients for the linear term lead to the same
conclusions as before.

Finally, although the central conclusions of this and of related papers in the literature are
derived from specifications such as equation (1), there is also interest in knowing if there are
specific policies that are associated with pro-poor growth. This is an important question from the
policy perspective but it is also central to our discussion because of the omitted variable bias
inherent in equation (1). Estimation in first differences controls for time-invariant country
characteristics but not for time-variant ones. The rate of growth of GDP per capita is an outcome
of more fundamental time-variant variables that are not included in the equation, but that might
affect the incomes of the poor differentially.

To address this issue to some extent, we present in Table 6 regression results from a
specification that includes the rate of growth of mean income as independent variable, as in our
previous estimates, but adds terms that represent policy choices. Similarly to other papers we
include a measure of imports plus exports as a share of GDP, which is a proxy for the degree of
trade openness of a country, a bounded measure of inflation, and the share of government
consumption in GDP.** We also include the share of M2 over GDP as a proxy for the degree of
financial depth, under the argument that credit is a mechanism for social mobility, and access to
it should create opportunities for all sectors of the population (al independent variables are in
changes of log values). Each of the five regressions in the table refers to the use of one of five
dependent variables: [, W1, M2, W3 and .4, respectively. Since the growth of mean income is
also included, the coefficient for each of the control variables corresponds to the effects net of
the impact on overall growth.®

The first line presents the growth elasticity of each of the dependent variables. As before,

we conclude that the elasticity is considerably lower at lower values of a. The growth elasticity

24 Al variables were obtained from the World Bank World Development I ndicators 2000.

% We also estimated specifications including the Polity IV index of the degree of democracy in each country. The
justification is that if democracy affects growth prospects and if democracies lead to more egalitarian societies,
excluding this variable from the regresson would aggravate omitted variable bias. The results from these
regressions are not reported here because the democracy variable was never found to be statistically significant, and
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of our proxy for trade openness is positive, statistically significant, and quite stable across the
different regressions. A ten percent increase in the value of this indicator leads to an increase of
around 2 percent over the general means.”®

The third line in Table 6 shows that inflation has a negative effect on the general means,
but the effect is much more detrimental for poorer individuals. A ten percent increase in the
inflation measure leads to reductions of aimost 4 percent and 2 percent in the value of .4 3 and
M., respectively, but leaves po and ., practically unchanged. This result is consistent with the
argument that the poor have scarcer means to protect their incomes from inflation.

Government consumption as a share of GDP has a negligible effect on general means
witha =0, a =-1and a = -2 but is associated with income gains for the poorest individuals.
Finally, Table 6 reports the elasticities to changes in financial depth. The elasticities for all
general means are quite large, which suggests that policies oriented towards increasing the
availahility of credit in the economy tend to have a positive impact on the incomes of the poor, in
addition to the effect that they may have on growth in mean incomes. The elasticity, however,
declines with lower values of a, indicating that the poorest individuals benefit relatively less
from credit expansion. One interpretation is that the poorest individuals are usually disconnected
from the economic system and may find it harder to access formal financial markets.

4. Conclusions

We have argued in this paper that the general means are useful tools for illuminating the
relationship between growth and poverty. Their importance for normative inequality analysis
has been well known since they were introduced in the economics literature as "equally
distributed equivalent income" functions in Atkinson (1970), and this paper offers a
characterization of the general means that provides considerable justification for their use in the
present context. We suggest a new methodology based on general means for evaluating the
relationship between economic growth and the incomes of the poor.

it was of low and similar value for all five general means. Excluding this variable from the regressions has only very
marginal effects on the coefficients of the other policy variablesin Table 6.

% Dollar and Kraay (2000) arrive at a similar conclusion, but Lundberg and Squire (2000) find that trade openness
reduces the incomes of the poor. However, the latter result is based on a different openness measure and the
application of different estimation techniques, so it is not strictly comparable to our results.
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We illustrate this method in an extensive empirical application involving household
surveys from 20 countries over a quarter century. We replicate previous results that find a
growth elasticity of about 1 for the income of the lowest 20 percent in these countries. We then
find growth elasticities for the general means that are significantly below 1, suggesting that when
the lowest incomes receive greater emphasis (as they do with the general means) then the effect
of growth on the poor is not quite as strong as previously thought. This suggests a role for
policies that take into account the distributional impact of growth.

Reinterpreting the general mean as a measure of socia welfare makes it possible to
provide a useful normative interpretation of our results. An elasticity less than one, such as those
obtained here for low values of the parameter a, indicates that economic growth is somewhat
less effective in generating an increase in social welfare as indicated by our income standards -
As for inequality in this framework, an elasticity lower than one for parameter values a < 1
implies that the associated Atkinson inequality measure is increasing. Hence, we have a method
of evaluating the impact of growth on welfare and inequality, in addition to our original concern

with low incomes.
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Tablel
Growth Elagticity of General M eans
(Independent Variableis Growth in Mean Income)

Dependent

Variable Full Sample

General Mean with parameter = 0 1.08
8.11

General Mean with parameter = -1 0.93
4.56

General Mean with parameter = -2 0.77
1.58

General Mean with parameter = -3 0.36
0.33

General Mean with parameter = -4 0.33
0.22

Number of Observations

in Each Regression 123

Source: Authors calculations.

*Each of the elasticities reported

is estimated from a separate regression.
'T' Statistics appear under each coefficient

Table 2

Growth Elasticity of Varios Welfare M easures
(Independent Variableis Growth in Mean Income)

Dependent

Variable Full Sample

Average Income Poorest Quintile 1.03
9.21

Average Income Poorest Decile 0.92
7.34

Average |ncome Poorest 30% 1.06
11.76

Head Count Ratio -1.49
-5.10

Poverty Gap Index -2.09
-5.28

Number of Observations

in Each Regression 123

Source: Authors calculations.

*Each of the elasticities reported

is estimated from a separate regression.
'T' Statistics appear under each coefficient
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Table3

Growth Elasticity of General M eans Using Different Samples
(Independent Variableis Growth in M ean Income)

Dependent Regional Differences Timing Differences
Variable Less Latin Observations Observations Positive
Developed American Spaced Every for 1990s Growth
Countries Countries 3Years Decade Episodes
(@) 3 (€) C) €)
General Mean with parameter = 0 1.07 1.14 1.01 1.03 1.08
5.95 5.39 6.17 13.07 9.46
General Mean with parameter = -1 0.97 1.01 0.88 0.97 0.95
122 3.77 5.00 3.96 2.79
General Mean with parameter = -2 0.70 0.66 0.66 0.83 0.63
1.40 0.15 127 1.05 0.77
General Mean with parameter = -3 0.21 0.20 0.18 0.34 0.57
0.15 0.45 1.00 0.22 0.57
General Mean with parameter = -4 0.17 0.21 0.16 0.03 0.35
0.60 0.50 0.85 0.13 0.64
Number of Observations
in Each Regression 101 74 88 82 94
Source: Authors calculations.
*Each of the elasticities reported is estimated from a separate regression.
'T' Statistics appear under each coefficient
Table4
Elasticity of General M eans Using Different Estimation Techiques and M odified Variables
(Independent Variableis Growth in M ean Income)
Estimation Technique Modified Variables
Dependent Instrumental Arellano- Unadjusted Top and
Variable Variables Bover Incomes Bottom
System (Original Truncated
Estimator** Survey Incomes)  Distributions
(6) U] 8 9
General Mean with parameter = 0 0.94 0.89 0.82 1.06
3.49 2.96 2.05 5.33
General Mean with parameter = -1 0.85 0.74 0.59 1.03
2.27 255 113 2.40
General Mean with parameter = -2 0.73 0.45 0.43 0.80
0.80 0.36 1.04 1.49
General Mean with parameter = -3 0.33 0.28 0.22 0.69
0.52 1.08 1.02 1.23
General Mean with parameter = -4 0.28 0.13 0.20 0.55
0.08 0.18 1.02 112
Number of Observations
in Each Regression 123 47 123 123

Source: Authors calculations.

*Each of the elasticities reported is estimated from a separate regression.

** P-values associated with the test of veridentifying restrictions are 0.46, 0.41, 0.37, 0.37,
and 0.36 for each regression, respectively.

'T' Statistics appear under each coefficient
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Table5
Elagticity of General M eans Using Additional Independent Control Variables
(Independent Variableis Growth in M ean Income, plusan additional variable)

Includes Includes Regression With Quadratic Term
Dependent Growthof ~ GDP per Capita Coeficient Coeficient
Variable Mean Income inFirst Linear Quadratic
Lagged Period Term Term
Five Yearst+
(10) (12) (11 (11a)
General Mean with parameter =0 0.94 0.92 0.86 0.81
4.05 6.11 4.08 0.55
General Mean with parameter = -1 0.71 0.88 0.68 0.66
2.15 437 1.28 0.45
General Mean with parameter = -2 0.68 0.73 0.39 0.30
1.37 1.22 1.18 0.15
General Mean with parameter = -3 0.40 0.52 0.33 0.32
0.52 0.27 0.28 0.77
General Mean with parameter = -4 0.43 0.17 0.24 0.20
0.43 0.46 0.27 0.32
Number of Observations
in Each Regression 123 123 123 123

Source; Authors calculations.

*Each of the elasticities reported is estimated from a separate regression.
T' Statistics appear under each coefficient

+Regression includes log differenced current growth as control variable.



Table6
Growth Elasticity of General M eans Using Aggregate Control Variables

Dependent Dependent Variable: General Mean
Variable Parameter Parameter Parameter Parameter Parameter
(All variables in changes of log values) Value Value Value Value Value

apha=0 adpha=-1 apha=-2 dpha=-3 adpha=-4
(12a) (12b) (12¢) (12d) (12¢)

Mean Income 1.00 0.86 0.65 0.34 0.28
6.66 271 114 0.86 1.19
(ExportstImports)/GDP 0.21 0.25 0.23 0.15 0.20
164 0.68 0.95 0.94 0.91
Iflation (bounded) -0.01 -0.01 -0.21 -0.21 -0.38
-1.39 -0.36 -1.15 -0.63 -0.88
Government Consumption/GDP 0.06 0.04 0.06 0.11 0.23
0.56 0.12 1.08 1.48 1.48
M2/GDP 0.94 0.93 0.76 0.57 0.49
2.10 194 1.60 0.35 0.78
Constant -0.29 0.14 -3.58 -14.29 -17.32
-1.66 0.30 -2.15 -4.61 -4.45
F-Test 0.0000 0.0000 0.0020 0.0002 0.0002
R-Squared 0.506 0.111 0.167 0.179 0.173
Number of Observations 104 104 104 104 104

Source: Authors calculations.
*Each of the elasticities reported is estimated from a separate regression.
T Statistics appear under each coefficient
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Appendix Table Al

Household Surveys

Country # Surveys Years Survey
Argentina 3 1980, 96,98 Encuesta Permanente de Hogares
Bolivia 7 1986 Encuesta Permanente de Hogares
1990, 93, 95 Encuesta Integrada de Hogares
1996, 97 Encuesta Nacional de Empleo
1999 Encuesta Continua de Hogares (condiciones de vida)
Brazil 11 1981, 83, 86, 88 Pesquisa Nacional por Amostra de Domicilios
1992, 93, 95, 96, 97,98,99 Pesquisa Nacional por Amostra de Domicilios
Chile 6 1987, 90, 92, 94, 96, 98 Encuesta de Caracterizacion Socioecondmica Nacional
Colombia 6 1991, 93, 95, 97, 98,99 Encuesta Nacional de Hogares - Fuerza de Trabajo
Costa Rica 10 1981, 83, 85 Encuesta Nacional de Hogares - Empleo y Desempleo
1987, 89, 91, 93, 95, 97, 98 Encuesta de Hogares de Prop6sitos Mltiples
Dominican Republic 2 1996 Encuesta Nacional de Fuerza de Trabajo
1998 Encuesta Nacional Sobre Gastos e Ingresos de los Hogares
Ecuador 2 1995, 98 Encuesta de Condiciones de Vida
El Salvador 3 1995, 97, 98 Encuesta de Hogares de Prop6sitos Mltiples
Guatemala 1 1998 Encuesta Naional de Ingresos y Gastos Familiares
Honduras 6 1989, 92, 96, 97, 98,99 Encuesta Permanente de Hogares de Prop6sitos Mltiples
Mexico 7 1977 Encuestade Ingreso y Gasto de los Hogares
1984, 89, 92, 94, 96,98 Encuesta Nacional de Ingreso y Gasto de los Hogares
Nicaragua 2 1993, 98 Encuesta Naciona de Hogares Sobre Medicion de Niveles de Vida
Panama 6 1979 Encuesta de Hogares - Mano de Obra (EMO)
1991, 95, 97, 98,99 Encuesta Continua de Hogares
Paraguay 2 1995 Encuesta Nacional de Empleo
1998 Encuesta Integrada de Hogares
Peru 5 1985, 91, 94, 97,2000 Encuesta Naciona de Hogares sobre Medicion de Niveles de Vida
1996 Encuesta Nacional de Hogares sobre Niveles de Viday Pobreza
Uruguay 6 1981, 89 Encuesta Nacional de Hogares
1992, 95, 97,98 Encuesta Continua de Hogares
Venezuela 8 1981, 86, 89, 93, 95, 97,98,99 Encuesta de Hogares por Muestra
United States 23 1976 - 1998 Current Population Survey
Thailand 8 1975,81,86,88,90,92,94,96 Socio - Economic Survey
Taiwan 21 1976 - 1996 Survey of Family Income and Expenditure




M athematical Appendix

Proof: Each of the general meansm, for a 1 R clearly satisfies symmetry, replication invariance,
homogeneity, normalization, continuity and subgroup consistency. Hence one direction of the
verification is immediate.

Alternatively suppose that the income standard f:D® R satisfies these six properties.
Select any n 3 3 and let f, be the restriction of f to D" . Consider any two distribution x and y
having the same population size m< n and denotem’ = n-m.

We can show that

(A1) f.xx)3 f(y,x)b f (xy)? f(y,y) foral xy T D"

Indeed suppose that f (x,x') 3 f, (y,x'). Subgroup consistency rules out the possibility that f (x)
< f (y). Consequently, f (x) 3 f (y). Now if this inequality is strict, then subgroup consistency
immediately ensuresthat f (x,y') > f (y,y'). If, onthe other hand, it holds with equality, then
subgroup consistency rulesout f (x,y') < f (y,y'). Since f(x,y,y') < f(y,y',x)isaviolation
of symmetry. Thus f_ (x,y') 2 f (y,y') asdesred.

By (A1), we conclude that the continuous function f, is strictly separable in each partition
of incomes, and hence by standard results on separability (see, for example, Gorman, 1968 or
Blackorby, Primont and Russel, 1978) f, may be written as

A2 (0 =F@AF.(x) forxl D"

i=1

where F, : Rix ® R is continuous and F, is continuous and strictly increasing. By the

normalization property, we know that s = Fn(é F.(s)) for s>0, and hence F *(s)=nF (s).
i=1

Setting G, := F.*(s), we can therefore express f, as
(A3) f(x)=6E46x)2 foralxi D"

en = [

whereeach G, : R.+ ® R isstrictly increasing and continuous. Clearly (A3) holdsfor any n3 3.
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Replication invariance of f will allow us to replace each G, with a single function G and
to extend (A3) tothecasesn = 1 and n = 2. Indeed, set G:= G, and select m= 4nwherenisa
positive integer. Applying G to (A3) yields

AN

a8 olh,00) =68 E 8 6 (o ()
= H,#Eeiém Hm(G(xi))Q for al x7 D™
eMm = g

where Hn(t):= Gn(G™(t)) is continuous and strictly increasing in t T G(R..). In addition, we
clearly have Hy(t) = t for al tT G(R..).
Now consider any y 1 D? with replication y 1 D* and y” T D™ By replication

invariance

()= 1 EEE 1@ D2 1B L @) EH L@ e (1)

fD
@

= H 1¢‘E—H (u, )+—H (. —=—(U +u,)

where ui:= G(y; ) for i = 1, 2. Consequently, Hy, must satisfy

(A5) 1 Hm(ul)+l H. (u,)= ngé(ul +u2)9 foraluy, U1 G(R..)
2 2 e2 7]

The solution to this Jensen equation (Aczel, 1966, p.43) is Hy(t) = ant + by for some constants
am, bm1 R, which along with (A4) implies

w6 G(f(x)=18 6(x) foralxi D

i=1
for the cases where m = 4n and n is some positive number.

Now for arbitrary n3 1and x1 D" consider the replication X1 D*" and note that
: 18" N_ 1o
o o(it)=e(i6)= 2 & o()= 24 ox)

making use of (A6) and replication invariance. Therefore,

38



(A8) f(x)=G'1€;é—Lén G(x)Q foral x1 D" n3 1,
eni=z o

where G: R.+ ® Riscontinuous and strictly increasing.
To determine form of G, consider any x I D?and | > 0. By homogeneity and (A8) we

have

(A9) 6 6 Ea(x @1
e e

56l +26(x2)raH 56(1%)+26( %)

Defineu : = G (x ) sothat G*(u;) =x fori= 1,2 Then

(A10) G§Gl§%ul+;u2w—%6(lG u ))+%G(I G (u,))
and hence

|é 4%— 1 | -1
S TRt et R OVIE ™))

where G'(9): = G(I s) for |, s > 0. Consequently, where H' (t):= G'(G™(t)), equation (A1l)

becomes

(A12) H'{:aéul+;u29 ;H (ul)+%H'(u2) foral u,u,>0),
7]

another Jensen equation with solution H' (t) = a't+ b' forsomea ,b' T R. Substituting G(s) =

t into this solution yields G(l s) = a G(s) + b, or more explicitly,

(A13) G(9=a(l)Ge+b(l) foral sl >0,

for real-valued functions a and b. The solution to (A13), as given by Eichorn (1978, pg. 42)
impliesin particular that
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i plns+q forat O
(Al4) G(=i
TPs +q

wherep! Oand 1 Rare constants. Consequently substituting (A14) into (A8) yields

N

Y
-(_)xi}/n fora® 0

|
e
fo)=1" forall x1 D"andn? 1,
i g ,0° _
i¢—ax ~ fora=0

en -

%nil 7]

which immediately implies that f(x) = m, (x) for some a1 R. This completes the proof.
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