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Abstract The recent focus on ‘pro-poor growth’ led also to an intense debate on
how exactly to define and to measure pro-poor growth. All suggested measures have
in common that they are based on the anonymity axiom. Such a perspective may
provide a very incomplete picture given that the common objective of most studies
investigating the pro-poorness of growth is to test whether specific policy reforms
where beneficial to the initially poor or not. I suggest a new concept of pro-poor
growth which removes the anonymity axiom, and, using an illustration based on
data from Indonesia and Peru, I check whether the assessment of pro-poor growth
is different when an anonymous and a non anonymous approach to pro-poor growth
is used. I also suggest an original decomposition of poverty changes over time which
links both concepts. The results show that the choice of the approach has a drastic
impact on the interpretation of the data.

Key words anonymity axiom · convergence · decomposition · mobility ·
pro-poor growth.

1 Introduction

The recent focus on ‘pro-poor growth’ in development economics and politics led
also to an intense debate on how exactly to define and to measure pro-poor growth
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(see e.g., [8, 16, 19]). A key point in this debate is whether pro-poor growth should
be defined in ‘absolute’ or ‘relative’ terms of poverty reduction. According to the
absolute definition growth is considered as being pro-poor whenever the incomes of
the poor increase. In contrast, the relative definition requires that the growth rate
of income is higher among the poor than among the non-poor, i.e., inequality must
decrease. However, all suggested measures, whether they use the absolute or the
relative definition, have in common that they are based on the anonymity axiom, i.e.,
two distributions are treated as equally good if, after income is redistributed among
households, the overall distribution is the same.

Such a perspective may provide a very incomplete picture. The common objective
of most studies investigating the pro-poorness of growth is to test whether specific
policy reforms were beneficial to the initially poor or not. More generally, to evaluate
the effectiveness of reforms one would like to know who benefited or lost and how
much. One may also want to know whether individuals under the poverty line before
and after the reform are roughly the same, in which case poverty is rather a chronic
state, or whether mobility among the poor is high so that poverty is rather a transient
phenomenon. Issues of chronic poverty and income mobility received considerable
attention in the past (see e.g., [10, 12]), however so far they have not been considered
in the framework of pro-poor growth.

The following example shows that these issues are of particular importance when
assessing pro-poor growth. Take the simple case, where an income distribution ob-
served in t can be divided into two equal sized groups: the ‘poor’ and the ‘rich’. Let us
further assume that between t and t + 1 the poor see their incomes increase to a level
which is above the level of the initially rich in t and the rich see their incomes decrease
to a level which corresponds exactly to the level of the initially poor in t. Looking
only at marginal distributions we would judge such a growth pattern as not pro-poor,
both, according to the absolute and the relative definition. However, looking at the
group-specific trajectories, this growth pattern could be judged as being pro-poor.
This very simple example illustrates that postulating anonymity, when assessing pro-
poor growth, may result in misleading conclusions regarding the impact of a specific
policy on the incomes of the initially poor. Obviously deciding whether such a growth
process can be called pro-poor or not depends on the value judgements one might
want to accept. Ravallion [20] pointed out that ‘anti-globalizers’ seem to focus more
on the losers amongst the poor and those vulnerable to poverty, whereas ‘globalizers’
focus more on the aggregate income distribution. This may explain why both groups
reach so different conclusions concerning the distributional consequences of trade
liberalization. Moreover, the Millennium Development Goal One, which requires to
halve poverty by half before 2015, clearly focuses on aggregate poverty.

The objective of this paper is therefore to suggest a new concept of pro-poor
growth which does not rely on the anonymity axiom and to illustrate how an
assessment of pro-poor growth may change, depending on whether this or the usual
concept of pro-poor growth is used. The reminder of the paper is organized as
follows. Section 2 recalls the usual concept of pro-poor growth which is based on
the anonymity axiom. Section 3 presents the new concept. Section 4 suggests a
decomposition which links both concepts. Section 5 gives an empirical illustration
based on Indonesian and Peruvian data. Section 6 concludes.
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2 The measurement of pro-poor growth and the anonymity axiom

2.1 Concepts and measures of pro-poor growth

Recently various measures have been suggested to assess the pro-poorness of
growth.1 These measures can be divided into two broad categories, based respec-
tively on the ‘absolute’ and ‘relative’ concepts of pro-poor growth. According to the
absolute definition, growth is considered as pro-poor whenever the incomes below
the poverty line increase. In contrast, the relative definition requires that incomes
below the poverty line grow relatively more than those above the poverty line, i.e.,
inequality must decrease. The most popular measures of pro-poor growth seem to
be the ‘growth incidence curve’ (GIC) and the ‘rate of pro-poor growth’ (RPPG).
Both were suggested by Ravallion and Chen [21]. They are relatively intuitive and
therefore convenient for illustrative purposes.

When comparing two income distributions observed in t − 1 and t, the growth rate
in income y of the pth quantile, gt(p) can be written as:

gt(p) = yt(p)

yt−1(p)
− 1. (1)

Letting p vary from p1 to pmax, gt(p) traces out what Ravallion and Chen [21] called
the ‘growth incidence curve’. The growth rate in income of the pth quantile can
equivalently be written using the slopes of the Lorenz curves L′(p) observed in t
and t − 1 as well as the corresponding growth rate in mean income γ [21]:

gt(p) = L′
t(p)

L′
t−1(p)

(γt + 1) − 1. (2)

The GIC can be used to assess the pro-poorness of growth according to both the
absolute and the relative concept.

2.1.1 The absolute concept of pro-poor growth

When the absolute concept is chosen, Ravallion and Chen [21] suggest to compute
the rate of pro-poor growth (RPPG). The RPPG in t is equal to the area under
the GIC up to the initial headcount index, Ht−1 (which gives the proportion of all
individuals having an income in t − 1 below or equal to the poverty line z), divided
by the initial headcount index:2

RPPGt = 1

Ht−1

∫ Ht−1

0
gt(p)dp. (3)

1See, for instance McCulloch and Baulch [18], Kakwani, Khandker and Son [14], Kakwani and
Pernia [15], Ravallion and Chen [21] and Klasen [16].
2Throughout the analysis I assume that there is no ambiguity about the poverty line. It is defined in
absolute terms and remains constant in real terms over time.
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If RPPGt > 0 growth is pro-poor in the absolute sense. If RPPGt < 0, it is not. It
should be noted that the RPPG is derived from the mean of the growth rates at all
quantiles up to the headcount index, which is not the same as the growth rate of mean
income of the poor.

It can be shown that the RPPG is directly linked to the Watts poverty index [24]
when the latter is written in terms of quantile functions [21]:

Wt−1 =
∫ Ht−1

0
log

[
z

yt−1(p)

]
dp. (4)

Hence, by differentiating Wt with respect to time (and for small changes in income
between t − 1 and t), one can see that:

−dWt

dt
=

∫ Ht−1

0

dlogyt(p)

dt
dp =

∫ Ht−1

0
gt(p)dp, (5)

i.e., the area under the GIC up to the headcount index gives (minus one times) the
change in the Watts index. In the discrete case the absolute annualized change in the
Watts index corresponds to the annualized RPPG. Given this property of the Watts
poverty index, it will be used below for a decomposition of poverty changes over
time.

2.1.2 The relative concept of pro-poor growth

When the relative concept is chosen, one can either look directly at the GIC to
make an assessment or compare the RPPG with the growth rate in the overall
mean, γ . If gt(p) > γt for all p up to the initial headcount index, then growth is pro-
poor according to the relative definition and, hence inequality falls for all inequality
measures satisfying the Pigou–Dalton transfer principle. Conversely, if gt(p) < γt for
all p up to the initial headcount index, then growth is not pro-poor according to
the relative definition and, hence inequality rises. If gt(p) < γt for some p up to the
initial headcount index and gt(p) > γt for some other p then one cannot in general
infer whether growth is pro-poor in relative terms. In this case the RPPG can be
compared with the growth rate in the overall mean, γ . If RPPGt > γt growth is pro-
poor in relative terms and inequality decreases and if RPPGt < γt growth is not
pro-poor in relative terms and inequality increases. Then RPPGt = γt if all incomes
grow at the same rate. In this case inequality remains constant.

If the relative concept of pro-poor growth is strictly taken, it paradoxically also
implies to judge a growth process pro-poor, when RPPGt > γt, but both RPPGt < 0
and γt < 0, i.e., when incomes below the poverty line actually decrease and poverty
rises. However, in this case it makes sense, as suggested by some authors, not to rely
on the relative concept (see e.g., [8]).

2.2 The problem of postulating anonymity

The measures of pro-poor growth described previously, but also others suggested
in the literature, have in common that they are based on the anonymity axiom,
whether they use the absolute or relative definition. The anonymity axiom postulates
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that for an income distribution over n individuals enjoying each an income yi, all
permutations of personal labels have to be regarded as distributionally equivalent,
i.e.:

(y1, y2, y3, . . . , yn) ∼I (y2, y1, y3, . . . , yn) ∼I (y1, y3, y2, . . . , yn).

In other words, this axiom, sometimes also called ‘symmetry’, requires that the
underlying social welfare function uses only the information about the income
variable and not about some other characteristics (e.g., gender or ethnic origin) which
might be available in a sample or a census of the population [5]. This assumption is
usually invoked for welfare orderings, whether we look at inequality [1] or at poverty
[11]. However, this axiom is neither trivial nor self-evident, and for certain purposes,
such as measuring pro-poor growth, it could make sense to remove it.

The common objective of most studies investigating the pro-poorness of growth
is to analyze whether specific policy reforms where beneficial to the initially poor
or not. More generally, to evaluate the effectiveness of reforms one would like to
know which groups benefited or lost and how much. Likewise, one would like to
know, whether individuals under the poverty line before and after the reform are
roughly the same, in which case poverty is rather a chronic state, or, in contrast,
whether mobility among the poor is high, which implies that poverty is rather a
transient phenomenon. This is why I argue that the measurement of pro-poor growth
should not make use of the anonymity axiom. In what follows I suggest concepts
using the absolute as well as relative definition of pro-poor growth, but removing the
anonymity axiom.

3 Measuring pro-poor growth without postulating anonymity

So far it was (implicitly) assumed that one income distribution is observed in t − 1,
(F(yi,t−1)) and one in t, (F(yj,t)), where i and j do not refer necessarily to the same
individuals or where at least no information is available to follow individuals over
time. I have hitherto explicitly assumed that this information is available and that it
is possible to infer the joint income distribution F(yi,t−1, yi,t) for a fixed population,
i.e., individuals cannot only be ordered by their income level y, but also according
to some other personal circumstances revealing their identity or membership to
group �h, where h is a criteria classifying individuals into up to i = 1, . . . , n groups.
For instance, suppose we can order individuals, observed in t − 1 and t, according
to the group membership �p(yt−1) defined by the income quantile p(yt−1) they
belonged to in t − 1. This information allows to order individuals in ascending order
according to their initial income quantile p(yt−1) and to compute the quantile specific
mean incomes and growth rates in income where each quantile comprises the same
individuals in t − 1 and t:

gt(p(yt−1)) = yt(p(yt−1))

yt−1(p(yt−1))
− 1. (6)

As before, letting p vary from p1 to pmax, gt(p(yt−1)) traces out a GIC. To distinguish
this GIC from the one defined by Ravallion and Chen [21], I denote it in what
follows ‘IGIC’, for ‘Individual Growth Incidence Curve’. As for the GIC, the IGIC
is a horizontal line if gt(p(yt−1)) = γt for all p(yt−1), i.e., the individuals in each
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quantile see their incomes grow with the average growth rate. If gt(p(yt−1)) > 0
(gt(p(yt−1)) < 0) for all p(yt−1), then each group is richer (poorer) in t than in t − 1.

As for the GIC, it is also possible to derive a rate of pro poor growth from the
IGIC, by integrating the area under the IGIC up to the initial headcount index,
Ht−1, divided by Ht−1. That means we integrate the growth of income for all
those individuals who had an income below or equal to the poverty line z in t − 1.
Integrating over IGIC implies that we include the same individuals in t − 1 and t,
whether or not they still have in t an income below the poverty line z. Hence, this
rate of pro-poor growth, I RPPG in what follows (for Individual Rate of Pro-Poor
Growth), can be written as:

I RPPG = 1

Ht−1

∫ Ht−1

0
gt(pt−1)dpt−1. (7)

Obviously, we may also have individuals who had an income above z in t − 1, but
who have one below z in t. These individuals would not enter the I RPPG. Hence,
computing I RPPG for the IGIC implies focusing on those initially poor. This can
be taken as a special variant of the ‘focus axiom’ and might be justified on Rawlsian
grounds [22].

3.1.1 The absolute concept of pro-poor growth when anonymity is removed

I define growth as pro-poor in absolute terms, if I RPPG > 0, i.e., if the incomes of
the initially poor grow with a positive rate. Conversely, growth is defined as not pro-
poor in absolute terms, if I RPPG < 0, i.e., if the incomes of the initially poor grow
with a negative rate.

3.1.2 The relative concept of pro-poor growth when anonymity is removed

I define growth as pro-poor in relative terms if gt(p(yt−1)) > γt for all p(yt−1) up to
the poverty line (the initially poor). Conversely, if gt(p(yt−1)) < γt for all p(yt−1) up
to the poverty line, then growth is not pro-poor according to the relative definition.
If gt(p) < γt for some p(yt−1) under the poverty line in t − 1 and gt(p) > γt for
some other p(yt−1) under the poverty line in t − 1 then one cannot decide whether
growth is pro-poor in relative terms. In this case, the I RPPGt can be compared with
the growth rate in the overall mean, γt. If I RPPGt > γt growth is pro-poor and if
I RPPGt < γt growth is not pro-poor according to my definition of relative pro-poor
growth.

However, using the concept of the IGIC, it is not true anymore that if gt(p(yt−1))

is a decreasing (increasing) function for all p(yt−1) then inequality falls (rises) over
time for all inequality measures satisfying the Pigou–Dalton transfer principle. This is
because individuals in t are not anymore ordered in ascending order of their income,
i.e., going along the quantiles p(yt−1) is not going along richer and richer individuals
in t. In this case the IGIC would have an negative slope and the GIC a positive
slope, i.e., inequality would increase. The difference is that the GIC compares two
distributions quantile by quantile, whereas the IGIC reflects the transition between
the distributions observed in t − 1 and t, i.e., the IGIC takes into account income
growth as well as the reranking of individuals.
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4 A decomposition linking the rates of pro-poor growth with and without anonymity

As described previously, the rate of pro-poor growth, RPPG is directly linked to the
negative change over time in the Watts poverty index. This property can be used to
derive a decomposition of changes in poverty over time which establishes a direct
link between the concept of pro-poor growth under anonymity and that without
anonymity.

The decomposition, which has to my knowledge not been proposed previously,
consists in decomposing changes in the Watts poverty index into components summa-
rizing income growth among the initially poor who crossed the poverty line, income
growth among the initially poor who did not cross the poverty line, and income
decline of the initially non-poor who fell below the poverty line. Hence, the first two
components take into account, as does the I RPPG, only the income growth among
the initially poor (or mobility among the poor) whereas the two last components
measure income growth below the poverty line, i.e., what is measured by the RPPG.
The difference between the two is determined by the income change among the
initially non-poor and the income change among those who were not poor at the
end. Obviously this decomposition can only be done when anonymity is removed.

Since poverty is usually defined over individuals and not over quantiles, I consider
in what follows the individual as unit of analysis. Hence the absolute change in the
Watts index between t − 1 and t will include three additive components. The first
component includes the absolute change in poverty due to the movers, those who
were poor in t − 1 and non-poor in t (while for those remaining under the poverty
line (stayers) income is kept at the initial level of t − 1). The second component
gives the absolute change in poverty due to changes in income among the stayers
(or chronically poor). The third component gives the absolute change in poverty due
to the joiners who initially at time t − 1 were not poor but became poor at time t.3

5 An empirical illustration for Indonesia and Peru

5.1 Data

To illustrate the implications of removing the anonymity axiom from measurements
of pro-poor growth, I use longitudinal data for Indonesia and Peru.

For Indonesia, I use all three existing waves of the Indonesian Family Life
Survey conducted by RAND, UCLA and the University of Indonesia’s Demographic
Institute in 1993 (IFLS1), 1997 (IFLS2) and 2000 (IFLS3). The IFLS is representative
of 83% of the Indonesian population living in 13 of the nation’s current 26 provinces.
The IFLS is judged as having a very high quality, among other things, because
individuals who moved are tracked to their new location and, where possible,
interviewed there. Hence, this procedure ensured that the re-contact rate in the
IFLS3 was 95.3% of IFLS1 households.4 Using the three waves, I built two panels,

3A completely equivalent decomposition can be performed with the class of poverty measures
suggested by Foster, Greer and Thorbecke [11]. Obviously, if the headcount index is decomposed
the second component would always be zero.
4For details see Strauss et al. [23].
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one from 1993 to 1997 (6,723 households; 31,324 individuals) and one from 1997 to
2000 (7,187 households; 32,314 individuals).5 I use real household expenditure per
capita as the welfare measure, or income measure in what follows. Expenditure is
expressed in 1993 prices and adjusted by regional price deflators to the Jakarta price
level.

For Peru I use the first (ENAHO1, 1997) and third wave (ENAHO3, 1999) of
the Peruvian Encuesta Nacional de Hogares conducted by the Instituto Nacional de
Estadística e Informática. The ENAHO is representative for the three rural and four
urban areas of Peru. The ‘panel-households’ are only a sub-sample of all households
interviewed. In total 3,027 households (14,948 individuals) have been followed over
the first three waves. De Vreyer, Mesplé-Somps and Herrera [7] have shown that
there seems to be no significant attrition bias. Attrition could be a problem if the
fourth wave (2000) were used, because of a substantial drop out of many panel
households. I use again real household expenditure per capita as the income measure.
Expenditure is expressed in 1997 prices and adjusted by regional price deflators to
the Lima price level.

For both countries I use two alternative poverty lines: the first corresponds to
the income, which separates the poorest 25% from the richest 75% of the income
distribution in the base year (25% poverty line) and the second corresponds to
the income, which separates the poorest 50% from the richest 50% of the income
distribution in the base year (50% poverty line).

5.2 An assessment of pro-poor growth with and without postulating anonymity

Both countries, Indonesia and Peru, were quite seriously affected by economic
shocks in the nineties. Hence, it is very interesting to see what the different concepts
of pro-poor growth tell us about how the ‘poor’ fared during this period.

In Indonesia from 1993 to 1997 real GDP per capita increased by almost five
percent per year. Table I shows, as one can expect, that household incomes increased
and poverty could be significantly reduced. This very favorable dynamic was abruptly
stopped by the economic crisis which started to be felt in the South-East Asia region
in April 1997. However, the major impact did not hit Indonesia until December
1997/January 1998, just after IFLS2 was conducted. Then, in 1998, GDP per capita
declined almost by twelve percent. The sustained crisis period continued then
more than a year. Yet in 2000, when IFLS3 was conducted, the population had –
benefiting from the pre-crisis positive dynamic – returned to roughly its pre-crisis
living standard, and as Table I shows, with some people even a little better off.

Peru also felt the consequences of the crisis in South-East Asia and the EL Niño
phenomenon and had in addition to face substantial institutional reforms. From 1997
on, macro-economic growth slowed down and became even negative in 1998 and
1999. Table I shows that real household income per capita, poverty and inequality
remained more or less constant during that period.

For Indonesia, a look at the usual (cross-section) GICs (Figures 1 and 2, LHS),
which postulate anonymity, shows that growth was in both sub-periods positive over

5The number of households is higher in the second period, because it includes so called ‘split-off’
households, i.e., individuals covered by the IFLS1, but who left their initial household and formed
their own new household.
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Table I Growth, povertya and inequality

Initial Final Initial Final Initial Final

Indon., nat. Indon., nat. Indon., urban
1993–1997b 1997–2000 1997–2000

Annual growth in mean 0.079 0.019 0.011
Watts (25% pline.) 0.096 0.029 0.091 0.075 0.086 0.091
Watts (50% pline.) 0.266 0.115 0.243 0.216 0.247 0.251
Gini-Coeff. 0.400 0.376 0.363 0.367 0.354 0.372

Peru, nat. Peru, rural
1997–1999 1997–1999

Annual growth in mean -0.008 -0.009
Watts (25% pline.) 0.092 0.084 0.069 0.088
Watts (50% pline.) 0.273 0.275 0.215 0.221
Gini-Coeff. 0.367 0.366 0.325 0.327

aTwo poverty lines are used: the first corresponds to the income, which separates the poorest 25%
from the richest 75% of the income distribution in the base year (25% poverty line) and the other
corresponds to the income, which separates the poorest 50% from the richest 50% of the income
distribution in the base year (50% poverty line). bIncome growth and thus poverty reduction between
1993 and 1997 could be slightly over-estimated due to comparability problems between IFLS1 and
IFLS2.
Source: IFLS1, IFLS2, IFLS3, ENAHO1, ENAHO3; computations by the author.

the whole income distribution and thus, according to the usual definition of absolute
pro-poor growth, ‘pro-poor’. No matter how one sets the poverty line, poverty
decreased. During the period 1993–1997 the GIC indicates that growth rates up to
the 80th percentile of the income distribution were even above the average growth
rate and thus growth was also ‘pro-poor’ according to the usual relative definition.
In consequence, inequality decreased (compare also the Gini coefficients in Table I).
This was not the case during the period 1997–2000. This can also easily be seen by

Growth incidence curves: Indonesia, 1993−1997, national

LHS: anonymity (GIC) , RHS: no anonymity (IGIC)
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Figure 1 Notes: curves are smoothed using a three-period nonlinear smoother. Source: IFLS1,
IFLS2, IFLS3; computations by the author.
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Growth incidence curves: Indonesia, 1997−2000, national

LHS: anonymity (GIC) , RHS: no anonymity (IGIC)
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Figure 2 Notes: curves are smoothed using a three-period nonlinear smoother. Source: IFLS1,
IFLS2, IFLS3; computations by the author.

the fact that during the first period the mean of percentile growth rates was above the
growth rate in mean, whereas it was below the growth rate in mean during the second
period.6 Table II shows the rates of pro-poor growth, RPPG, for both periods and
alternative poverty lines. The rates computed under the anonymity axiom (first and
third column), i.e., using the usual approach, consistently suggest that between 1993
and 1997 growth was highly and between 1997 and 2000 moderately pro-poor (in the
absolute sense) for both poverty lines used.

However, the GICs and RPPGs under anonymity completely hide the extent of
income mobility as defined above. The cross-section measures of pro-poor growth
only provide a comparison of marginal distributions, but are compatible with various
movements of poor and non-poor individuals over time. One may want to know

Table II Annualized rates of pro-poor growth with and without postulating anonymity

25% pline. 50% pline.
Anonymity No anonym. Anonymity No anonym.

(RPPG) (I RPPG) (RPPG) (I RPPG)

Indo., 1993–1997, national 0.103 0.268 0.096 0.220
Indo., 1997–2000, national 0.023 0.225 0.018 0.163
Indo., 1997–2000, urban -0.007 0.172 -0.003 0.133
Peru, 1997–1999, national 0.007 0.206 -0.002 0.134
Peru, 1997–1999, rural -0.003 0.218 -0.006 0.141

For the definitions of the poverty lines see note of Table I.
Source: IFLS1, IFLS2, IFLS3, ENAHO1, ENAHO3; computations by the author.

6The mean of the percentile growth rates is population weighted and thus gives more weight to the
poorer population. Hence, if the mean of percentile growth rates lies above the growth rate in mean,
the incomes of the poor grew relatively more than the mean income.
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whether those individuals being poor after the crisis are the same individuals as those
being poor before the crisis. Put differently, did post-crisis policies and reforms only
help a few initially poor to escape poverty, or, instead, were these measures very
favorable to the initially poor and helped many of them to substantially improve
their living standard, but did in the same time hurt the initially richer households and
pushed some of them below the poverty line? The usual pro-poor growth assessment
does not allow to distinguish between both phenomena. From a political point of
view, this might of course be crucial.

To answer these questions, I now turn to the IGICs, i.e., to the growth incidence
curves, where growth rates for percentiles comprising the same individuals in both
years are considered. Looking first at the Indonesian IGIC for the period 1993–1997
(Figure 1, RHS), one can state that the pattern of the IGIC is even ‘more’ pro-
poor than that of the GIC, in the absolute and in the relative sense. The initial poor
had higher absolute and higher relative growth rates than the marginal distribution
on the RHS suggest. In fact the IGICs suggest ‘convergence’ of incomes or what
is sometimes called ‘regression towards the mean’. A look at the other IGICs for
Indonesia as well as Peru (Figures 2–5), shows that this ‘regression towards the
mean’ can be observed more or less for all spells considered. Measurement error
might of course be a problem here and be responsible for the observed convergence.
However, this problem should, at least partly, be under control, given that the data
were trimmed (see the Appendix) but this issue will be addressed in more detail
below.

Turning back to the Indonesian 1993/97-spell, one can state that the GIC hides the
fact that the initially poor particularly benefited from income growth. This can also
be seen when computing the mean growth rate for the 50% initially poor (I RPPG),
which is 22% instead of the obtained 9.6%, when simply the mean of the growth
rates at all percentiles up to the poverty line is computed (Table II). However, in this
case both curves show at least qualitatively the same thing: pro-poor growth in the
absolute as well as in the relative sense.

Growth incidence curves: Indonesia, 1997−2000, urban

LHS: anonymity (GIC) , RHS: no anonymity (IGIC)
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Figure 3 Notes: curves are smoothed using a three-period nonlinear smoother. Source: IFLS1,
IFLS2, IFLS3; computations by the author.
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Growth incidence curves: Peru, 1997−1999, national

LHS: anonymity (GIC) , RHS: no anonymity (IGIC)
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Figure 4 Notes: curves are smoothed using a three-period nonlinear smoother. Source: ENAHO1,
ENAHO3; computations by the author.

Comparing the GIC and IGIC for the period 1997–2000, one can state that
whereas the GIC is U-shaped, suggesting that for the very poor and the very rich
growth was higher than growth in mean, the IGIC has a clear negative slope (again
suggesting regression towards the mean) and, in contrast to the GIC, growth in mean
is significantly below the mean of percentile growth rates. Therefore in this case,
whether the ‘poor’ benefited from growth or not depends on whether we postulate
or remove the anonymity axiom. This shows up also when computing rates of pro-
poor growth (see Table II). The corresponding rates are around 2% for the GIC, but
exceed 15% when computed for the IGIC.

The contrast between both curves is even greater when they are drawn solely
for the urban sample. Whereas postulating anonymity leads to a GIC (Figure 3,

Growth incidence curves: Peru, 1997−1999, rural

LHS: anonymity (GIC) , RHS: no anonymity (IGIC)
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Figure 5 Notes: curves are smoothed using a three-period nonlinear smoother. Source: ENAHO1,
ENAHO3; computations by the author.



J Econ Inequal (2007) 5:179–197 191

LHS) which is clearly anti-poor in the relative and absolute sense (see also the
RPPG in Table II), the IGIC (Figure 3, RHS) clearly indicates pro-poor growth
according to the definition suggested in this paper, i.e., growth rates are positive
up to the 70th percentile and even higher than the growth rate in mean up to the
65th percentile. That means that if we remove the anonymity axiom and consider
individual trajectories through time, we obtain a GIC which is exactly the opposite
to that derived when we do the usual cross-section comparison. Likewise the rates
of pro-poor growth computed for both poverty lines are negative for the GIC, but
significantly positive for the IGIC (Table II).

The Peruvian example is also interesting. Whereas the GIC (Figure 4, LHS)
shows positive growth only for the poorest five percentiles and between the 15th
and the 25th percentile and negative growth for all others, the IGIC (Figure 4, RHS)
indicates positive growth rates up to the 75th percentile. As for Indonesia, the slope
of the IGIC is clearly negative, indicating higher growth rates for the poor and thus
again convergence. Likewise, whereas the mean of percentile growth rates lies below
the growth rate in the mean for the GIC, it lies not only above the growth rate in
the mean for the IGIC, but is also positive (about 5%). This contrast is even more
pronounced if only rural areas are considered (see Figure 5). At the national level as
well as for rural areas, the RPPGs are close to zero or even negative, whereas the
I RPPGs are clearly positive (Table II), thus showing that the initially poor improved
their situation, and that growth was pro-poor according to my definition.

Using the decomposition suggested in Section 4 can give additional insights on
how people moved across the income distribution and how the GIC is related to the
IGIC. Taking for instance urban Indonesia during the period 1997–2000 (Table III),
the absolute change in the Watts poverty measure (using the 50% poverty line) was
0.005. This change is the result of (a) a decrease by −0.032 due to a rise of income

Table III Decomposition of changes in poverty using the Watts measure

Watts (25% pline.) Decomposition
Initial Final Change mover stayer joiner

Indo., 1993–1997, national 0.096 0.029 -0.067 -0.072 -0.008 0.012
Indo., 1997–2000, national 0.091 0.075 -0.017 -0.045 -0.003 0.032
Indo., 1997–2000, urban 0.086 0.091 0.005 -0.032 0.004 0.033
Peru, 1997–1999, national 0.092 0.088 -0.004 -0.030 -0.002 0.027
Peru, 1997–1999, rural 0.069 0.068 0.001 -0.035 0.000 0.036

Watts (50% pline.) Decomposition
Initial Final Change mover stayer joiner

Indo., 1993–1997, national 0.266 0.115 -0.151 -0.120 -0.053 0.021
Indo., 1997–2000, national 0.243 0.216 -0.027 -0.061 -0.012 0.047
Indo., 1997–2000, urban 0.247 0.251 0.004 -0.047 0.003 0.048
Peru, 1997–1999, national 0.273 0.275 0.002 -0.034 0.003 0.040
Peru, 1997–1999, rural 0.215 0.221 0.006 -0.047 0.004 0.049

For the definitions of the poverty lines see note of Table I. Note that the absolute annualized change
in the Watts index divided by the initial headcount rate corresponds to the negative annualized
RPPG shown in Table II. Small discrepancies can arise for very large changes in income, given that
the equivalence of the change in the Watts poverty index and the RPPG relies on the approximation
that log(x + dx) − log(x) ≈ dx/x.
Source: IFLS1, IFLS2, IFLS3, ENAHO1, ENAHO3; computations by the author.
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of individuals who crossed the poverty line (movers), (b) an increase by 0.003 due
to a decrease of income of those initially poor and who were not able to cross the
poverty line (stayers), and (c) an increase by 0.048 due to a decrease of income of
individuals who fell below the poverty line (joiners). The link of this decomposition
with the RPPG can be seen when one divides the absolute annualized change in
the Watts index by the initial headcount index (50%). One then obtains the negative
of the RPPG noted in Table II: 0.004/3

0.5 = 0.003. In contrast, the I RPPG integrates
not the total change in the Watts, but instead considers only the change in income
of the initially poor, i.e., that of movers and stayers. Or, put differently, and as stated
previously, the role of the joiners is ignored. Again, this highlights the fact that the
definition of pro-poor growth adopted in this paper, focuses on those initially poor.

All decompositions in Table III show that there is an intense mobility among
the initially poor, i.e., even small changes in poverty (positive and negative) are
associated with many initially poor people crossing the poverty line and many initially
non-poor people falling below the poverty line. Given that this phenomenon even
arises when income growth is very low, as for urban Indonesia (1997–2000), or almost
zero as for Peru, shows that this mobility arises indeed from both sources defined by
Fields and Ok [10]: transfers of income among individuals and a change in the total
amount of income available.

5.3 Robustness of the results to measurement error

The above results are all based on a sample of expenditures declared by households
(‘income’ in what follows). Apparent outliers have been withdrawn from the sample
using the Mahalanobis distance measure (see the Appendix). It is likely, however,
that the remaining data are still affected by measurement errors. When drawing the
usual GIC, the problem of measurement error is a less critical issue, given that we
only compare marginal income distributions. The problem, however, can be more
serious, when drawing the IGIC, which is based on a joint income distribution, even
though this issue is likely to be less acute because the growth rates are computed over
percentiles and not individuals (this is also true for the GIC). In this sub-section, I
will analyze the robustness of the negative slope of the IGICs to the existence of
measurement error. To do this, I follow the approach suggested by Fields, Cichello,
Freije et al. [9].

It is assumed that the income reported by household i in year t is given by the sum
of unobserved true income Y∗

it and a measurement error component μit:

Yit = Y∗
it + μit, (8)

where μit may be correlated with true income. Following Fields et al. [9], it is assumed
that measurement error in the initial period t − 1 is a linear function of true income,
plus a white-noise disturbance term, ut−1. If the average true income in the initial
period is denoted as Ȳ∗

t−1 and if δt−1 represents the correlation between true base
year income and measurement error, measurement error in the initial year reported
income can be written as:

μit−1 = δt−1(Y∗
it−1 − Ȳ∗

t−1) + uit−1. (9)
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Given that the measurement errors may be correlated over time, a serial correlation
coefficient ρ is defined. Measurement error in the final period can then be written as:

μit = δt(Y∗
it − Ȳ∗

t ) + ρuit−1 + uit. (10)

The relationship between households’ income in the initial period and their subse-
quent income change, when income is measured without error, is the coefficient from
a regression of true income change on true initial income. This coefficient measures
the extent of convergence or divergence in true income and can be expressed as:7

β∗ = Cov[Y∗
t − Y∗

t−1, Y∗
t−1]

Var[Y∗
t−1]

. (11)

The OLS estimate from a regression of reported income change on reported base
year income is denoted:

β = Cov[Yt − Yt−1, Yt−1]
Var[Yt−1] . (12)

As shown in Fields et al. [9], Eqs. (8) through (12) now yield:

β = β∗ Var[Y∗
t−1]

Var[Yt−1] (1 + δt−1)(1 + δt) − Var[ut−1](1 − ρ)

Var[Yt−1]

+Var[Y∗
t−1]

Var[Yt−1] (1 + δt−1)(δt − δt−1). (13)

To give these three terms an interpretation, two additional assumptions have to
be made according to Fields et al. [9]. First, a particular household’s propensity
to misreport income is assumed to decline or remain constant over time, such that
ρ ≤ 1. Second, measurement error is assumed partially correlated with true income,
such that δt−1 and δt are both > −1. Both assumptions are consistent with empirical
evidence (see [2]).

Under these assumptions, the second term of Eq. (13) indicates that the mea-
surement error in initial income contributes to an apparent negative correlation
between base-year income and subsequent income change. This is due to the fact
that the measurement error of the initial period enters of course also the computed
income change. However, this bias is partly offset if measurement errors are serially
correlated. The first term of Eq. (13) corresponds to the standard attenuation bias
caused by the stochastic independent variable. This attenuation bias is aggravated
if measurement error is negatively correlated with true income in each period.
As Fields et al. [9] emphasize, this attenuation bias counteracts the effects of the
second term by raising the value of β towards zero, whenever the true relationship

7It should, however, be noted that ‘mean-reversion’ (β < 0) is not sufficient but only necessary
to prove convergence, under some circumstances the rate of convergence is even independent of
the degree of mean-reversion. Put differently, ‘mean-reversion’ and convergence are, as shown by
Lichtenberg [17], not completely equivalent. Given, that in the case of Indonesia inequality did not
rise in the relevant period, it seems however likely that mean reversion and convergence took indeed
place.
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between initial income and income change is negative, i.e., under convergence.
Finally, the third term will be relatively small, unless the correlation coefficient
between measurement error and true income changed substantially between periods.

From Eq. (13) Fields et al. [9] derive the following expression:

Var[ut−1]
Var[Y∗

t−1]
= β∗(1 + δt−1)(1 + δt) + (1 + δt−1)(δt − δt−1) − β(1 + δt−1)

2

1 − ρ + β
, (14)

which gives the variance of stochastic measurement error, relative to the variance of
true income, given the observed regression coefficient on reported income β and a
particular value of the unknown coefficient on true income, β∗. Setting β∗ equal to
zero can then give the minimum amount of measurement error required to overturn
the negative relationship between initial income and income change.

Table IV shows the OLS estimates of β, when for each of the five spells analyzed
above, Yit − Yit−1 is regressed on Yit−1 (without controlling for any other variables,
i.e., test of unconditional convergence). Moreover, Table III reports the minimum
threshold for each spell, which is computed for different combinations of ρ and the δs
(as in Fields et al. [9], it is assumed that δt−1 and δt are equal). The chosen parameters
ρ and δ correspond to the lower and upper bounds found in various validation studies
on earnings declarations summarized in Bound et al. [2]. The correlation coefficient
between measurement error and true earnings usually seems to lie between −0.05
and −0.4. A reasonable range for serial correlation goes according to these studies
from 0.1 to 0.2. These orders of magnitude are derived from declarations on annual
earnings and do not necessarily apply to the expenditure data used in this study,
but should however, given the wide range of parameters tested, serve as reasonable
bounds.

Table IV Ratio of measurement error to true income variance implying zero correlation between
true initial income and true income change

Indonesia Peru
δ ρ 1993–1997,nat.

β = −0.684
1997–2000,nat.
β = −0.686

1997–2000,urb.
β = −0.696

1997–1999,nat.
β = −0.442

1997–1999,rur.
β = −0.441

0 0 2.165 2.185 2.289 0.792 0.789
0 0.1 3.167 3.206 3.412 0.965 0.961
0 0.2 5.897 6.018 6.692 1.235 1.228

-0.1 0 1.753 1.770 1.854 0.642 0.639
-0.1 0.1 2.565 2.597 2.764 0.782 0.778
-0.1 0.2 4.776 4.874 5.421 1.000 0.995

-0.2 0 1.385 1.398 1.465 0.507 0.505
-0.2 0.1 2.027 2.052 2.184 0.618 0.615
-0.2 0.2 3.774 3.851 4.283 0.790 0.786

-0.4 0 0.779 0.786 0.824 0.285 0.284
-0.4 0.1 1.140 1.154 1.228 0.347 0.346
-0.4 0.2 2.123 2.166 2.409 0.444 0.442

Source: Computations by the author.
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In Indonesia, for divergence to have taken place, the variance of measurement
error would need to be at least 75–670% of the variance of true incomes, depending
on the correlation between measurement error and both true income and past
measurement error. In Peru, measurement error with a variance that ranges from
28 to 125% of true income could already be responsible for the observed estimates
of convergence. Bound et al.[2] report for the ratio of the variance of measurement
error to the variance of true income a usual range of 0.1–0.3. That means that
the observed convergence to the mean and the resulting negatively sloped IGICS
can be considered as highly robust against measurement error for the case of
Indonesia. However, for the case of Peru, it cannot not be excluded with certainty
that measurement error is responsible for the observed convergence.

6 Conclusion

The assessment of pro-poor growth for Indonesia and Peru, with and without postu-
lating the anonymity axiom, has shown that postulating anonymity, that is consider-
ing the usual cross-sectional growth incidence curves, does not allow one to draw any
conclusion about how the initially poor were affected by macroeconomic shocks and
policy reforms. The shape of almost all growth incidence curves constructed using the
panel dimension of the data and without postulating anonymity, shows that growth
for the initially poor was generally stronger than the usual cross-section growth
incidence curve suggested. This also holds, at least for Indonesia, after the potential
bias due to measurement error has be taken into account. Put differently, almost
each spell considered indicated substantial upward mobility among the initially poor
arising from redistribution from the initially non-poor to the poor and general income
growth. An extreme case occurred in urban Indonesia during the period 1997–2000,
where removing anonymity results in an exactly reversed growth incidence curve.

The concept of absolute and relative pro-poor growth suggested in this paper
might be seen as an extreme position since it focuses on those initially poor without
taking into account what happens to those who initially were not poor. This value
judgement is obviously debatable. Hence, to be clear, the objective is not to question
the utility of cross-section comparisons of income distributions, but to illustrate and
highlight that they should be complemented by some kind of longitudinal analysis to
better understand the sources of changes in poverty and to identify the losers and
winners of specific shocks and reforms. Usual measurements of pro-poor growth,
whether they rely on an absolute or a relative definition, are not appropriate to
analyze such an issue. In consequence, when postulating anonymity and interpreting
growth incidence curves, one should be explicit about what exactly is measured. This
is often not the case.

Unfortunately, in most cases, especially for developing countries, panel data are
not available so that one is usually forced to postulate anonymity when comparing
income distributions over time. A solution to this problem can be to rely on micro-
simulation methods or some kind of counterfactual analysis.8 Such methodologies

8See e.g., Bourguignon and Ferreira [3], Cogneau, Grimm and Robilliard [4] or Cunha, Heckman
and Navarro [6].



196 J Econ Inequal (2007) 5:179–197

are obviously more time intensive than simple income distribution analyses. They
have, however, the advantage of giving the possibility to solve the usual problem
inherent in ‘before-after-comparisons’ by isolating which distributional change is due
to a specific shock or policy and which one is due to other changes.

Appendix: elimination of outliers

To eliminate the influence of outliers the data were trimmed. I use a method similar
to that used by Jenkins and Van Kerm [13]. For each pair of years analyzed, I
discarded an observation if the Mahalanobis distance between its two log per capita
income values (yit−1,yit) exceeded a critical value equal to the mean plus two times
the standard deviation of the distribution of the Mahalanobis distances in the two-
year sample. The vector of the household’s Mahalanobis distances for each pair of
years can be computed by the following equation:

MD = [
diag[|(y − m)S−1(y − m)′|]]1/2

(15)

where y is a N × 2 matrix containing the two vectors of incomes of both years, m is a
1 × 2 matrix containing the mean incomes of both years, and S is the 2 × 2 variance-
covariance matrix of the two income vectors. Income is in logarithmic terms and
expressed on a per capita basis.

The advantage of using this concept is that the Mahalanobis distance identifies
not only outlier incomes in each year but also outlier changes in income between
years. Applying this concept, between four and five percent of the observations in
each two-year sample were excluded (in addition to a few observations for which no
information on expenditures was available).

Acknowledgements I thank the editor, Jacques Silber, and an anonymous referee for very helpful
comments and suggestions. I am grateful to Javier Herrera and Sandrine Mesplé-Somps for having
made available their Peruvian household data. Moreover, this paper benefited from fruitful dis-
cussions with Denis Cogneau and Stephan Klasen. Of course, any remaining errors and omissions
remain my own responsibility.

References

1. Atkinson, A.B.: On the measurement of inequality. J. Econ. Theory 2, 244–263 (1970)
2. Bound, J., Brown, C., Mathiowetz, N.: Measurement error in survey data. In: Heckman, J.J.,

Learner, E. (eds.) Handbook of Econometrics, vol. 5, pp. 3705–3843. Elsevier, Amsterdam, The
Netherlands (2001)

3. Bourguignon, F., Ferreira, F.H.G.: Ex ante evaluation of policy reforms using behavioral models.
In: Bourguignon, F., Perreira Da-Silva, L. (eds.) The Impact of Economic Policies on Poverty and
Income Distribution, pp. 123–141. World Bank, Washington, District of Columbia (2003)

4. Cogneau, D., Grimm, M., Robilliard, A.-S.: Evaluating poverty reduction policies – the contri-
bution of micro-simulation techniques. In: Cling, J.-P., Razafindrakato, M., Roubaud, F. (eds.)
New International Poverty Reduction Strategies, pp. 340–370. Routledge Books, London (2003)

5. Cowell, F.A.: Measurement of income inequality. In: Atkinson, A.B., Bourguignon, F. (eds.)
Handbook of Income Distribution, pp. 87–166. North Holland, Amsterdam, The Netherlands
(2000)

6. Cunha, F., Heckman, J., Navarro, S.: Counterfactual analysis of inequality and social mobility.
Mimeo, University of Chicago, Department of Economics, Illinois (2004)



J Econ Inequal (2007) 5:179–197 197

7. De Vreyer, P., Mesplé-Somps, S., Herrera, J.: Consumption growth and spatial poverty traps:
an analysis of the effects of social services and community infrastructures on living standards in
rural Peru. DIAL Working Paper DT/2002/17, DIAL, Paris (2002)

8. Duclos, J.-Y., Wodon, Q.: What is “pro-poor?” Mimeo, World Bank, Washington, District of
Coloumbia and CIRPÉE, Université Laval, Québec (2004)

9. Fields, G.S., Cichello, P.L., Freije, S., Menéndez, M., Newhouse, D.: For richer or for poorer?
evidence from Indonesia, South-Africa, Spain, and Venezuela. J. Econ. Inequality 1, 67–99
(2003)

10. Fields, G.S., Ok, E.A.: The meaning and measurement of income mobility. J. Econ. Theory 71(2),
349–377 (1996)

11. Foster, J., Greer, J., Thorbecke, E.: A class of decomposable poverty measures. Econometrica
52, 761–776 (1984)

12. Hulme, D., Shepard, A.: Conceptualizing chronic poverty. World Dev. 31(3), 403–424 (2003)
13. Jenkins, S.P., Van Kerm, P.: Trends in income inequality, pro-poor income growth and income

mobility. IRISS Working Paper No. 2003-11, CEPS/Instead, Luxembourg (2003)
14. Kakwani, N., Khandker, S., Son, H.H.: Poverty equivalent growth rate: with applications to

Korea and Thailand. Mimeo, Economic Commission for Africa (2003)
15. Kakwani, N., Pernia, E.: What is pro-poor growth? Asian Dev. Rev. 18, 1–16 (2000)
16. Klasen, S.: In search of the Holy Grail: how to achieve pro poor growth? In: Tungodden, B.,

Stern, N., Kolstad, I. (eds.) Towards Pro Poor Policies. Aid, Institutions, and Globalization.
Oxford University Press, New York (2004)

17. Lichtenberg, F.R.: Testing the convergence hypothesis. Rev. Econ. Stat. 76(3), 576–579 (1994)
18. McCulloch, N., Baulch, B.: Tracking pro-poor growth. ID21 insights No.31. University of Sussex,

Institute of Development Studies (2000)
19. Ravallion, M.: Pro-poor growth: a primer. World Bank Policy Research Working Paper No. 3242,

World Bank, Washington, District of Columbia (2004a)
20. Ravallion, M.: Competing concepts of inequality in the globalization debate. World Bank Policy

Research Working Paper No. 3243, World Bank, Washington, District of Columbia (2004b)
21. Ravallion, M., Chen, S.: Measuring pro-poor growth. Econ. Lett. 78, 93–99 (2003)
22. Rawls, J.: A Theory of Justice. Cambridge University Press, Cambridge, Massachussetts (1971)
23. Strauss, J., Beegle, K., Dwiyanto, A., Herawati, Y., Pattinasarany, D., Satriawan, E., Sikoki, B.,

Sukamdi, B., Witoelar, F.: Indonesian living standards three years after the crisis: evidence from
the Indonesia Family Life Survey, Executive Summary, RAND Corporation (2002)

24. Watts, H.W.: An economic definition of poverty. In: Moynihan, D.P. (ed.) On Understanding
Poverty. Basic Books, New York (1968)


	Removing the anonymity axiom in assessing pro-poor growth
	Abstract
	Introduction
	The measurement of pro-poor growth and the anonymity axiom
	Concepts and measures of pro-poor growth
	The absolute concept of pro-poor growth
	The relative concept of pro-poor growth

	The problem of postulating anonymity

	Measuring pro-poor growth without postulating anonymity
	The absolute concept of pro-poor growth when anonymity is removed
	The relative concept of pro-poor growth when anonymity is removed


	A decomposition linking the rates of pro-poor growth with and without anonymity
	An empirical illustration for Indonesia and Peru
	Data
	An assessment of pro-poor growth with and without postulating anonymity
	Robustness of the results to measurement error

	Conclusion
	Appendix: elimination of outliers
	References




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (ISO Coated)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Perceptual
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /Warning
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /Warning
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 150
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 600
  /MonoImageMinResolutionPolicy /Warning
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents for journal articles and eBooks for online presentation. Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [595.276 841.890]
>> setpagedevice


