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Reducing inequality and poverty at an individual level is not only a
problem of the efforts being carried out by men and women, to improve

their conditions of life, but of their opportunities to do so.
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Preface

During the nineteen seventies, Latin America was a promising region and
seemed to have prosperous development perspectives. However, the nineteen
eighties went by as the “lost decade” for most countries, mainly due to external
debt crises. Although overall development perspectives were reduced during this
period, the region harbored good economic performers, such as Chile, or even
within some countries more and less prosperous regions remained, such as the
south of Brazil compared to the northern region. Nevertheless, this better per-
formance did not benefit large parts of the population. Until today poverty re-
mains a non-resolved problem, even in Chile and Brazil. Paraguayan economic
history is similar and at the same time different to this general trend. Even if
there were no debt crises in the eighties and important growth rates in the second
half of the seventies, poverty remained a non-resolved problem in the eighties
and an increasing problem during the nineties. Looking back in time, prior to
2005, it would seem that Paraguay, in a way, is locked in what is known as a
“low growth high poverty trap”. Understanding the performance of poverty and
inequality over a period of more than 10 years can throw new light on structural
causes behind what seems to be a “low growth high poverty high inequality
trap” in Paraguay.

In recent years, there has been increasing empirical evidence worldwide that
inequality levels and inequality changes are powerful determinants for poverty
levels. Reducing poverty might be a tool for inequality reduction, if the effects
of inequality on poverty are well understood, and vice versa.

This dissertation focuses on poverty and inequality issues in Paraguay during the
nineties. In the first chapter, poverty levels and their spatial distribution are es-
timated. The second chapter searches for the effects of income and education
inequality on growth, using the results of the first chapter as input. In chapter
three, a decomposition of changes in inequality is carried out in order to better
understand what the dynamics behind inequality changes are and what their im-
pact on poverty is. The chapters are written to be read separately, consequently,
some methodological repetitions were included.

Persistent poverty can be a serious impediment for growth. In the first chapter, a
poverty and inequality mapping exercise shows that poverty levels and their spa-
tial patterns were almost the same at the beginning of the 1990s and during the
first few years of the 2000s. A small poverty decrease during the second half of
the 1990s was not sustainable. So in a way, this is evidence that we have persis-
tent poverty in Paraguay.
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18 Preface

However, there may be some opportunities to reduce poverty without necessar-
ily going through an important economic growth. In India, there are some states
that are more efficient than others in reducing poverty through growth. Some of
their strategies attack poverty in an attempt to reduce inequality even if there is
not much economic growth. Consequently, there seems to be an interesting link
between inequality and growth. To better understand which links existed be-
tween inequality and income growth during the nineties in Paraguay, chapter 2
takes the results from chapter 1 (estimated mean incomes by district) and exam-
ines the impact of initial income and education inequality on income growth.
Since this exercise is based on poverty maps, this allows for the corroboration of
spatial patterns and regional differences in the effects of income and education
inequality on income growth.

Chapters 1 and 2 portray almost unchanged poverty levels at the beginning and
at the end of a ten-year period, while also showing some reduction in income
inequality. Questions on what drives inequality reduction during a period of al-
most inexistent economic growth and poverty reduction are answered halfway
through chapter 3. These answers are the result of a microeconometric decompo-
sition based on three different household surveys.
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Chapter 1

Micro Level Estimation of Income

Simulated welfare mapping (poverty maps) for Paraguay 1992 and 2002
1.1. Introduction

Recent theoretical and empirical advances have brought income and wealth dis-
tributions back into a prominent position in growth and development theories,
and as determinants of specific socio-economic outcomes, such as health or lev-
els of violence and related phenomenon of inequality. To improve empirical in-
vestigation, new techniques were required for the simulation of small scale wel-
fare indicators, such as income and its related distribution. Elbers, Lanjouw and
Lanjouw (2003) designed a statistical procedure to combine different types of
data and take advantage of the detail in household sample surveys and the com-
prehensive coverage of a census. The method extends the literature on small area
statistics (Ghosh and Rao (1994), Rao (1999)) by developing estimators of popu-
lation parameters which are non-linear functions of the underlying variable of
interest (for example per capita income) by deriving them from the full unit level
distribution of that variable. The most famous output of these exercises is known
as “poverty maps”. The use of these poverty maps is an important poverty reduc-
tion policy implementation tool used for selecting the poorest villages in the
country (or villages where the greatest number of poor people are), such as the
programs Bolsa Escuela in Brasil, Progreso in Mexico, Puente in Chile, Bolsa
Familia in Argentina, Bono de Desarrollo Humano in Ecuador or Tekopora in
Paraguay; all of these conditional cash transfer programs, directly to extremely
poor households.'

1  The first poverty map for Paraguay was built by Marcos Robles (2000) combining
Population Census 1992 with household survey 1997/98 data using the methodol-
ogy proposed in Hentschel et al (2000), although the Government did not start us-
ing this kind of tool until 2003. In 2003, the Government needed to update poverty
maps urgently with census and survey data from 2002. The author of this paper
carried out this update for the Social Ministry using Elbers et al (2003) methodol-
ogy based on a 10% sample of census data (the only census sub-sample available
by the end of 2003) and the 2002 household survey. The attained results were the
input for the “Indice de Priorizacion de Gasto” IPG, a geographic targeting tool
for household cash transfer programs. In 2004, the IPG ranking was updated by
Marcos Robles and Horacio Santander with the entire census data from 2002 and
2003 household surveys. Although a number of poverty maps in Paraguay already
exist, the results shown in this paper are the only ones that combine the entire
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20 Methodology and data

In this paper, the method of Elbers, Lanjouw and Lanjouw (2003) is applied us-
ing Paraguayan data from 1992 and 2002 producing estimates with levels of pre-
cision comparable to those of commonly used survey based welfare estimates -
but for populations down to less than 1,000 people living within the same vil-
lage. This is an enormous improvement over survey based estimates, which are
typically only consistent for areas encompassing hundreds of thousands, or even
millions of households. Experience using the method in South Africa, Brazil,
Panama, Madagascar, and Nicaragua suggest that the method is reliable (Alder-
man, et. al. (2002), and Elbers, Lanjouw, Lanjouw, and Leite (2004)).

1.2 Methodology and Data
1.2.1 The Basic Methodology

Paraguayan household surveys collect very detailed information on household
characteristics, including its income level;?> however, coverage is limited and
only representative at a relatively large geographical unit. Then again, Para-
guayan population census has a complete coverage of all households, but col-
lects very limited information on household characteristics and no information
on income. The methodology developed by Elbers, Lanjouw and Lanjouw
(2003) attempts to combine the advantage of detailed information on household
characteristics obtained from a household survey with the complete coverage of
a population census.

By combining the respective strengths of survey and census data, the simulated-
welfare mapping method aims to estimate welfare indicators for small adminis-
trative areas. The approach uses household survey data to estimate a model of
per capita income (or any other household or individual-level indicator of well-
being) as a function of variables that are available in both the household survey
and the population census.

The resulting parameter estimates from this estimation procedure are then used
in a simulation to predict per capita income for each household in the census.
Using the predicted per capita income, household level measures of poverty and
inequality are then calculated and aggregated for small areas, such as districts,

2002 census with 2002 survey data, and what is more, show the only research re-
sults on poverty maps using 1992 census and 1992 survey data.

2 Poverty estimates by income is the official poverty measurement in Paraguay, car-
ried out and updated periodically by National Statistical Office (DGEEC). Official
poverty lines (caloric consumption line for extreme poverty and basic family bas-
ket for moderate poverty line) are updated by inflation for 4 different regions in

the country; Asuncion, Central Urban, Remainifig Utbél and Rufal. /53675
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Does inequality harm growth? 21

sub-districts, or villages. This explains the origin of the name ‘simulated-welfare
mapping’ for the method.

Importantly, the method allows for the calculation of standard errors for either
welfare measure estimated. This feature is critical in that it offers a means of as-
sessing the statistical reliability of the estimates as well as of comparisons across
estimates for different communities.

1.2.2 The Income Model

Following Elbers et al. (2001, 2003), the empirical model of household income
is defined as:

lnyvh=E(yvh|xvh)+uvh (1'1)

where In y,, is the logarithm of per capita income of household 4 in village v,
x,, is a vector of observed characteristics of this household (including village
level variables), and u,, is the error term. Note that we assume u,, is uncorre-
lated with x,. This model is simplified by using a linear approximation to the
conditional expectation E(y, |x,,) and decomposing u, into uncorrelated terms:

uvh = nv + evh (12)

where 7, represents a village level error term common to all households within
the village, and ¢, is a household specific error term. It is further assumed that
n, is uncorrelated across villages and ¢,, is uncorrelated across households.
With these assumptions, equation (1.1) reduces to

Iny, =x,B+n, +&,. (1.3)

Estimation of the parameters underlying this equation, in particular the vector of
parameters A and the distributional characteristics of the error terms, can be
done by using standard tools from econometric analysis (Elbers et al., 2003).

1.2.3 The Implementation Procedure

The standard procedure to implement the simulated-welfare mapping method for
creating a map of mean income by sub-national administrative unit consists of
five steps:
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22 Methodology and data

Step 1: Matching Variables in the Survey and the Census

In order to obtain rigorous estimates of income levels of the households in the
census, the explanatory variables selected in the income determination model
have to exist and be measured in the same way in both the household survey and
in the census. If the sample of the household survey was randomly selected and
is nationally representative, the distribution of each explanatory variable in the
hougehold survey can be expected to be the same as its distribution in the cen-
sus.

Step 2: Selecting Explanatory Variables for the Income Model

The selection of the explanatory variables in the income model starts by running
a regression of log per capita income, using the survey data base, on the matched
variables identified in Step 1, as well as some variables that can be created from
other variables such as the square and cube of household size. In order to obtain
a robust specification, variables are only selected for inclusion in the model if
they contribute significantly to the explanation of per capita income. Hence vari-
ables with low statistical significance are dropped from the model.*

After a promising set of variables has been selected in this way, the regression is
run again and the residuals of this regression are saved. These residuals need to
be scrutinized to check if there are some outliers in the observation. If indeed
there are some residual values which are far out of the range of most residual
values, then these observations must be checked for coding or other errors. Ul-
timately, it may be necessary to delete them from the data.

The village level variables are obtained from either the population census data
aggregated at the village level (for example the total population or age means of
household heads in each village) or from other administrative data sources.
These survey and census data can be completed with other data sources, mostly
administrative data, such as the existence of public schooling (number of schools
in a district) or infrastructure (kilometers of asphalt roads). These variables are
then grouped into several sets such as demographic variables, village infrastruc-
ture variables, and village economic variables.

3 As a matter of fact, only variables that have the same distribution in census and
survey are selected for inclusion in the income prediction models.

4  There are two kinds of dropped variables. First there are dummy variables whose
frequencies are < 0.03 or > 0.97, to be dropped (even if most of them are expected
to be insignificant since they would show low variance). This is carried out in or-
der to make sure that the values of the variables included in the model show some
variance which can influence in the variance of predicted income. Second, all

other variables which are not significant in regression are dr06psped in_order to
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Does inequality harm growth? 23

The residuals of the last regression are then aggregated at the village level to
calculate the mean of these residuals for each village. The variable selection is
then carried out by running separate regressions of the village-level mean of re-
siduals on each set of the village-level variables. The variables with significant t-
values are selected as the candidates for inclusion in the income model.

The feasibility of including these candidate village-level variables in the income
model is tested by running regressions of village dummy variable on these vari-
ables. One regression is run for each village dummy variable. If the coefficient
of a certain variable in a regression is one, it shows that there is a perfect multi-
collinearity between this variable and the village dummy variable. This will
happen if, for example, a village has a certain infrastructure while no other vil-
lages have, or on the other hand, all villages except one have a certain infrastruc-
ture. Such variables are necessarily excluded from the model.

Step 3: Estimating the Income Model

The result of step 2 is a complete specification of the income model, incorporat-
ing both household-level and village-level independent variables of the model.
The next step is to test whether there is heteroscedascity in the data. This will
determine the method to be employed to estimate the model. The first step to ac-
complish this is to estimate the model of equation (1.3) using Ordinary Least
Squares (OLS) and save the residuals as variable u. .

Based on equation (1.2) the residuals us are then decomposed into uncorrelated
components as:

uAVfl =uvn+(uvh_uv¢)=nv+evh (1.4)

To investigate the presence of heteroscedasticity in the data, a set of potential
variables that best explain the variations in e are used to estimate the following
logistic model:

e’ A
In| —%— =z, a+r,
A-cl (1.5)
where we take A as being equal to 1.05 *max{evz,, }, as in Elbers et al., (2003).
This specification puts bounds on the predicted variance of 7.

In the case where homoscedasticity is rejected, a household specific variance es-
timator for ¢, is calculated as:
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24 Methodology and data

A2 AB| 1. » .\ AB(1-B)

evh = | T +—‘V ——

Tt [1+B} 2 ar(r (1+B) (1.6)
where B= exp{zv’,, a} .

The income model is then re-estimated using the Generalized Least Squares
(GLS) method, employing the estimated variance-covariance matrix, £ with a
structure shown in (1.7), resulting from equation (1.6) and weighted by the
population weight, ,, . The estimated parameters, j,,,, and their variance,

Va{ﬁas),

are saved for use in the simulation.

var(n,) + var(e,;,) var(e,,) var(e,,) var(e,,)
var(e,,) var(n,) + var(e,,) var(e,,) var(e,,)
var(e,,) var(e,,) var(n,) + var(e,, ) var(e,, ) .7
var(e,,) var(e,,) var(e,,) var(n,) + var(e,, )

Step 4: Simulations on Census Data

The purpose of this step is to apply the parameters estimated in the previous step
to the census data. However, since the values of these parameters are obtained
through estimations, they are not the precise values of these parameters and sub-
ject to sampling error. This needs to be taken into account when applying the pa-
rameters to the census data by taking into account the sampling error of the coef-
ficient estimates. For a start, recall that the purpose is to calculate the simulated
version of equation (1.3):

Iny, =x,p° +n, +&, (1.8)

where the superscript s refers to simulated version of each parameter or variable
and now x,, refers to characteristics of the households in the population census
data.

Simulation of B
The simulated value of S is attained through a random draw, assuming

M BV B ).

Note that the draw has to take into account the covariance across f#'s. The ran-
domly drawn parameter is defined as S°. The next step is to then apply this
Thomas Otter - 978-3-631-75367-5
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simulated parameter to each household in the census data to calculate the value
Of xvhﬂ : N

Simulation of n,

The process of obtaining the simulated value of 77, requires two steps of simula-
tions. This is because the variance of 7 itself is estimated with error. Hence, the
first step is to obtain the simulated variance of 7, G,f’. Elbers et al. (2003) pro-

pose to draw 0':’ from a gamma distribution:
2

o)~ G[a,, ,VAar(a: )J

Consequently, a random draw of the variance for the whole sample is exercised
and its mean is defined as U,f’ . Then the second step is to randomly draw 7, for
each village in the census data, assuming 77, ~ N zO,cf’ .

Simulation of €,
The process of obtaining the simulated value of &,, requires the use of the esti-
mation results of equation (1.5). Assuming

a~N(a,Vm(a)),

a random draw of « is made and defined as @®. As in the case of S, the draw
has to take into account the covariance across a’s. The simulated parameter is
then used to simulate the household specific variance estimator for €,, as de-
fined in equation (1.6) for each household in the census data. Finally, the simu-
lated value of household specific idiosyncratic error, €,,, for every household in
the census data is obtained by taking a random draw, assuming &, ~ N (0, N

Collecting

Now all three components of equation (1.7) have been simulated, the value of
In y;, for all households in the census data can be calculated by summing up the
values of x,,8°, 1}, and €,, that have been obtained. The whole set of simula-
tions is then repeated a number (150 in our case) of times, so that in the end a
database of 150 simulated values of (log) per capita household income of all the
households in the census data is created. This is mainly to see if there variance
within these 150 simulations in this fixed effects exercise is acceptably small.

5 Elbers et al. (2003) mention alternatives for the assumption that the error compo-
nent terms follow normal distributions. In separate sets of simulations we have

experimented with these alternative asstﬁ?gtions. In no_case did_this lead to sig-

nificantly different rgsultf. mas Otter - 978-3-631-75367-5
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26 Methodology and data

Step 5: Calculation of Poverty and Inequality Indicators

The final output of Step 4 is a database of 150 simulated values of household in-
come of all households in the census data. This database is used as the basis for
calculating point estimates and standard errors of various poverty and inequality
measures at the department, district and village levels. The point estimate of
each measure is the mean of the calculated measure over the 150 simulated
household incomes. Meanwhile, the standard error of this estimate is equal to the
standard deviation of the calculated measure over the 150 simulated household
incomes. The welfare indicators of a region — at any level — are calculated di-
rectly from the data of all individual households residing in that region.®

1.2.4 Data Sources

Four sources of data were used: (i) Encuesta de Condiciones de Vida (ECV)
1992 (ii) Censo Nacional de Poblacién y Vivienda (CNPV) 1992, (iii) Encuesta
Permanente de Hogares (EPH) 2002, and (iv) CNPV 2002. Both census and
EPH 2002 were carried out by the Paraguayan National Statistical Office
DGEEC (Direccion General de Estadistica, Encuestas y Censos), while the 1992
household survey was carried out by National University and the Inter American
Development Bank.

Both surveys are representative household surveys, covering all areas of the
country, with representative results for four different regions, Asuncion, Central
Urban, Remaining Urban and Rural.” In the 1992 survey, 5,059 households
(22,257 individuals) were interviewed, while 3,789 households (17,600 indi-
viduals) were interviewed in 2002. In general, both surveys follow the general
format of a World Bank Living Standards Measurement Survey. The population
censuses of 2002 and 1992 are respectively the sixth and fifth population census

6 The application of this poverty mapping exercise from step 3 to 5 is implemented
using a computer program called PovMap (Version 1.2.4, February 2005), devel-
oped by Qinghua Zhao at the World Bank. All other steps were carried out using
SPSS 13.0.

7 The Asuncion region only includes the city of Asuncion, while Central Urban
covers the urban areas of the most populated department of Paraguay, called “De-
partamento Central”. Most of these urban areas are direct neighbors of Asuncion,
together forming a kind of metropolitan region, excluding Asuncion. Remaining
Urban include all other urban areas except Asuncion and Central Urban. Their
common characteristic is to be urban, although not building a continuous geo-
graphic area. Rural includes all the rural areas. 1992 and 2002 household survey
exclude in their sampling the departments Boqueron and Alto Paraguay in Chaco
region, both remote rural areas; on the one hand due to budget constraints and, on

the other, because less than 3% of the po;%ulation live within these two depart-
ments. homas Otter - 978-3-631-75367-5
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carried out in Paraguay, both by DGEEC, in a systematic and comparable way.
The previous censuses were carried out in 1950, 1962, 1972 and 1982. All cen-
suses are carried out during the month of August, and cover the entire population
living within Paraguayan territory, including foreign residents.

1.3 Results
1.3.1 Regression Results

In order to estimate per capita income for every household in the census, a set of
household head individual characteristics, such as age, years of schooling or
economic activity, characteristics of the spouse and the family group, such as
number of children, their schooling or economic activity, characteristics of the
habitat, access to basic services and assets within the household are used. We
also tried some local infrastructure data such as kilometers of asphalt road, num-
ber public schools, the existence of a post office, public transport or government
organized market places in the district.® To reinforce empirical evidence on spa-
tial effects we controlled the number of direct neighboring districts’ and percent-
age of economic activity by different sectors in neighboring districts.

As the aim of the regression models is to predict as precise as possible per capita
income for every household in the census, using coefficients from regressions
based on household surveys, including only common variables from survey and
census, household survey regressions results need not be understood as regres-
sions on determinants of income, but as regressions on variables which are cor-
related with income. Variables that are correlated with income, and not only
variables which determine income, are used in order to achieve good results.

8 Most of these happened to be insignificant and were excluded from the final mod-
els (see footnote 4). Only for the “Remaining Urban Area in 2002” variable did
the Kilometer of asphalt roads in each district (ROAD) happen to be significant
and was included in the final model (see Table 1.9).

9  The number of direct neighboring districts (NVD) for Paraguayan economy can be
understood as a proxy for closeness to areas of higher economic dynamics. Four
out of the five most economically important cities are border cities, three of these
with twin cities on the other side of the border. For being border districts the num-
ber of direct neighbor districts is smaller than for other districts within the country.

The NVD variable can be a proxy to measure local effects of these more dynamic
border cities. Thomas Otter - 978-3-631-75367-5
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28 Results
Table 1.1 Variable definitions for 1992 estimates
AECON Years of schooling spouse RADIO Household has radio (dummy)
AEDUJ2  Years of schooling head squared SANITA1 Household has latrine (dummy)
AEJEFE  Years of schooling household head TECHO1 Roof of cement (dummy)
AEM12S2  Sum of years of schooling > 12 years sqrd ~ TIPO2 Habitat is a house (dummy)
AEM15S2  Sum of years of schooling > 15 years sqrd ~ VIVI1 Own habitat (dummy)
AEM18S  Sum of years of schooling > 18 years Vivi2 Rented habitat (dummy)
AEM18S2  Sum of years of schooling > 18 years sqrd  AEDUJ2_1  Cluster mean of years of schooling head sqrd
AGUA1 Household connected to public network of AEDUJ3_1  Cluster mean years of schooling head cubed
water supply (dummy)
D3 Department Cordillera (dummy) AEM18S_1  Cluster mean of sum of years of schooling >
18 years
D6 Department Caazapa (dummy) AEM18S_2  Cluster mean of sum of years of schooling >
18 years squared
D7 Department Itapua (dummy) AGUA1_1  Cluster mean of household connected to pub-
lic network of water supply (dummy)
D8 Department Misiones (dummy) CONAGR_1  Cluster mean of spouse employed or self-
employed in agricultural sector
D10 Department Alto Parana (dummy) D3_1 Cluster mean of Department Cordillera
EDADJE  Age of househald head D4_1 Cluster mean of Department Guaira
EDJ2 Age of household head squared FUENTE_1  Cluster mean of water supply inside the house
EDJ3 Age of household head cubed HELA_1 Cluster mean of household has refrigerator
FUENTE1  Water supply inside the house (dummy) JAGRO_1 Cluster mean of head working in agriculture
HELA Household has refrigerator (dummy) JCOM_1 Cluster mean of household head working in
commercial sector
JAGRO Head working in agriculture sector JTRAN_1 Cluster mean of household head working in
(dummy) transport sector
JEFEOC  Head employed or self-employed LUzZ_1 Cluster mean of household has electricity
(dummy)
JSERV Household head working in service sector  MAT182_1  Cluster mean of number of household mem-
(dummy) bers > 18 enrolled in education squared
LNTOTP  Log total number of persons in household ~ MAT183_1  Cluster mean of number of household mem-
bers > 18 enrolled in education cubed
Luz Household has electricity (dummy) MATM18_1  Cluster mean of number of household mem-
ber > 18 years enrolled in education
MATTOT  Total number of household member en- MATTOT_1  Cluster mean of total number of household
rolled in any educational institution member enrolled in education
MCOSER  Household has sewing-machine (dummy) NDOR2_1  Cluster mean of number of bedrooms squared
NDOR Number of bedrooms NDOR3_1 Cluster mean of number of bedrooms cubed
NVD Number of direct neighbor districts OCUM18_1  Cluster mean of number of household mem-
bers > 18 employed or self-employed
OCUM122  Number of household member > 12 years  PEPS_1 Cluster mean of percentage of secondary
employed or self-employed squared employment in neighbor districts
OCUM123  Number of household member > 12 years  PET_1 Cluster mean of percentage of tertiary sector
employed or self-employed cubed employment in district
OCUM183  Number of household member > 18 years TECHO1_1  Cluster mean of roof of cement
employed or self-employed cubed
PEA Number of household member in eco- TIPO1_1 Cluster mean of habitat is a house
nomic activity
PEPT Percentage of tertiary sector employment ~ TIPO2_1 Cluster mean of habitat is an apartment
in neighbor districts
PES Percentage of secondary sector employ- ~ TOT3_1 Cluster mean of total number of household

ment in district

members cubed

Source: CNPV and ECV 1992
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Table 1.2 Regression results Asuncion 1992

Var, Coef. Std.E. t Prob>jt|
Intercept 13.444 0.551 2441 <.0001
AEDUJ2 0.002 0.000 9.600 <.0001
PEA 0.238 0.017 13.61 <.0001
LNTOTP -1.262 0.051 -24.85 <.0001
VIVI1 0.250 0.034 7.454 <.0001
NDOR 0.152 0.016 9.415 <.0001
AECON 0.024 0.003 7.488 <.0001
FUENTEI 0.197 0.048 4.103 <.,0001
EDJ2 0.000 0.000 2.390 0.017
RADIO 0.314 0.065 4.790 <.0001
MATTOT 0.056 0.014 4.138 <.0001
TECHOI1 -0.332 0.085 -3.918 <.0001
AEM18S 0.014 0.002 5.570 <,0001
JSERV -0.088 0.032 -2.708 0.0069
MCOSER 0.100 0.030 3.340 0.0009
AEM18S2 0.000 0.000 -4.541 <.0001
TIPO2 0.211 0.074 2.833 0.0047
AEDUJ3_1 0.000 0.000 3.916 <.0001
JAGRO_1 2.185 0.466 4.687 <.0001
FUENTE _1 -0.455 0.108 -4.204 <.0001
AGUAIL_1 0.315 0.106 2.962 0.0031
AEMI18S_2 0.000 0.000 -3.088 0.0021
NDOR2_1 0.030 0.007 3.983 <.0001
LUZ 1 -1.692 0.559 -3.025 0.0025
MATI183_1 0417 0.169 2474 0.0135
JCOM_1 -0.365 0.117 -3.117 0.0019
MATMI18_1 1.975 0.573 3.449 0.0006
MATI182_1 -1.989 0.652 -3.051 0.0023
Nr. of obs. 1,346

Adj. R-sqrd. 0.636

Cluster 89

var(f,) 0.084

var(var(fi,)) <0.001

var(e,,) 5.987
Source: Author’s calculations based on ECV 1992
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Table 1.3 Regression results Central Urban 1992

Var. Coef. Std.E. t Prob>|t|
Intercept 11351 0.371 30599 <.0001
AEDUIJ2 0.002 0.000 9.742 <.0001
PEA 0.381 0.027 14.230 <.0001
LNTOTP -0.981 0.051 -19.268 <.0001
AGUALI 0.154 0.046 3.331 0.0009
HELA 0208 0.054 3.835 0.0001
VIVl 0215 0.045 4804 <.0001
NVD -0.040 0.016 -2.517 0.0121
TECHO1 -0.309 0.086 -3.577 0.0004
NDOR 0.079 0.025 3.185 0.0015
OCUMI123 -0.015 0.003 4924 <.0001
JAGRO -0.453 0.126 -3.587 0.0004
OCUM183 0.013 0.003 3.773  0.0002
MCOSER 0.077 0.038 2.021  0.0437
AEM18S_1 0.080 0.019 4.192 <.0001
PET_1 1.014 0.308 3.290 0.0011
OCUMI18_1 -0.372 0.096 -3.881 0.0001
TOT3_1 0.001 0.000 2.396 0.0168
HELA_1 -0.591 0.218 -2.717 0.0068
NDOR3_1 0.015 0.004 3.590 0.0004
MATTOT_1 -0.196 0.060 -3.255 0.0012
CONAGR_1 10.986 3.456 3.179  0.0015
AEM18S_2 -0.001 0.000 -2.103 0.0359
Nr. of obs. 679

Adj. R-sqrd. 0.617

Cluster 46

var(fi,) 0.056

var(var(fi,)) <0.001

var(esh) 5.676

Source: Author’s calculations based on ECV 1992

Results
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Table 1.4 Regression results Remaining Urban 1992

Var Coef. Std.E. T Prob>|t|
Intercept 10.721 0.167 64.175 <.0001
AEJEFE 0.036 0.004 8.757 <.0001
PEA 0370 0.023 16.047 <.0001
LNTOTP -0.990 0.039 -25.44 <0001
HELA 0.183 0.031 5.897 <.0001
AECON 0.026 0.004 6.850 <.0001
EDADIJE 0.006 0.001 6.250 <.0001
PEPT 0.837 0.233 3.595 0.0003
JAGRO -0.403 0.047 -8.527 <.0001
D3 -0.171  0.047 -3.650 0.0003
VIVI2 -0.196 0.039 -5.085 <.0001
AGUA1 0.056 0.028 1.984 0.0474
JSERV -0.176  0.034 -5.235 <.0001
D7 0340 0.041 8352 <.0001
D10 0.294 0.051 5.798 <.0001
SANITA1  -0.130 0.030 4322 <.0001
OCUMI122 -0.032 0.007 -4.430 <.0001
NDOR 0.070 0.014 4.947 <.0001
AEMI15S2  0.000 0.000 -2.385 0.0172
MATTOT  0.034 0.011 3.056 0.0023
AEMI18S 0.010 0.003 3.723  0.0002
PES 0.731 0.165 4.429 <.0001
D6 0478 0.199 2402 0.0164
AEDUJ2_1 0.002 0.000 5.173 <.0001
TIPO1_1 0.437 0.134 3.252 0.0012
TIPO2_1 0937 0346 2710 0.0068
PEPS_1 -0.532 0334 -1.594 0.111
Nr. of obs. 1997

Adj. R-sqrd. 0.604

Cluster 157

var(fi,) 0.079

var(var(f,)) <0.001

var(e,,) 5.870

Source: Author’s calculations based on ECV 1992
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Results

Table 1.5 Regression results Rural 1992
Var Coef. Std.E. t Prob>|t|
Intercept 10.795 0.126 85.638 <.0001
NDOR 0.100 0.025 4.010 <.0001
LUz 0.452  0.059 7.626 <.0001
PEPT 2975 0.352 8.462 <.0001
LNTOTP -0.930 0.047 -19.815 <.0001
HELA 0.227 0.056 4.057 <.0001
D8 -0.480 0.106 -4.527 <.0001
PEA 0.183 0.031 5.874 <.0001
JAGRO -0.403 0.057 -7.123 <.0001
OCUM122 -0.026 0.006 -4.585 <.0001
AEDUJ2 0.002 0.001 2.662 0.0079
JEFEOC 0.358 0.084 4267 <.0001
EDIJ3 0.000  0.000 3.557 0.0004
MCOSER 0.113 0.046 2.448 0.0146
AEM15S82 -0.001 0.000 -3.945 <.0001
AEM18S 0.022  0.005 4.123 <.0001
AEM1282 0.000 0.000 3.853 0.0001
TECHO1_1 0.715 0.147 4.861 <.0001
D4_1 -0.330 0.060 -5.544 <.0001
NDOR3_1 0.009  0.003 3.219 0.0013
JTRAN_1 -3.436 0971 -3.537 0.0004
D3_1 -0.188 0.089 -2.122 0.0341
Nr. of obs. 978
Adj. R-sqrd. 0.574
Cluster 31
var(a,) 0.075
var(var(fi,)) <0.001
Var(em) 5.012

Source: Author’s calculations based on ECV 1992
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Table 1.6 Variable definitions 2002
AEJ Years of schooling of household head
AG_POCB  Water source is a well with pump (dummy)
AIRE Household has air conditioning (dummy)
ALB Household with at least one illiterate (dummy)
ANTENA Household has an antenna for satellite TV (dummy)
AUTO Household has a car (dummy)
BA_REC Household with public removal of garbage (dummy)
CABLE Household has cable TV dummy)
CEL Household has at least one cell phone (dummy)
CO_GAS Household cooks with gas (dummy)
CO_LENA  Household cooks with firewood (dummy)
DEP_AMA  Department Amambay (dummy)
DEP_CAAG Department Caaguazu (dummy)
DEP_SANP Department San Pedro (dummy)
EDADJ Age of household head
ESPV Percentage of primary sector employment in neighboring districts
HELA Household has refrigerator (dummy)
JOCAGR Household head working in agriculture sector (dummy)
JOCMAC Household head working as machine operator (dummy)
LNTOTP Log total number of persons in household
LUzZ Household has electricity (dummy)
MOTO Household has a motorcycle (dummy)
NBIVIVI Household with unmet basic needs in housing (dummy)
NHIJOS Total number of children in household
NM150C Number of household members > 15 year occupied
NPER_PIE = Number of individuals per bedroom
NPIEZ Number of rooms in habitat
ocCJ Household head employed or self employed
PA_LAD Habitat walls of brick (dummy)
PC Household has a PC (dummy)
PI_LAD Habitat with floor of brick (dummy)
PI_TIER Habitat with floor of earth
ROAD Km of asphalt roads in district
TE_ZIN Habitat with roof of zinc (dummy)
TEL Household with telephone line (dummy)
VDVD Household has a DVD player (dummy)
ANTENA_1 Cluster mean of household with an antenna for satellite TV
ASI18A_1  Cluster mean of number of household members 18 to 24 enrolled in education
BA_HOY_1 Cluster mean of households which trough their garbage in a hole
NBIVIV_1  Cluster mean of households with unmet basic needs in housing
TE_ZIN_1  Cluster mean of households with a roof of zinc
Source: CNPV and ECV 1992 Thomas Otter - 978-3-631-75367-5
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Table 1.7 Regression results Asuncion 2002

Var. Coef. Std.Err. t Prob>|t|
Intercept 3.382 0.095 140.276 <.0001
TEL 0.370 0.061 6.050 <.0001
NPER_PIE 0.173 0.024 -7.132 <.0001
VDVD 0.266 0.061 4.391 <.0001
CABLE 0.247 0.061 4.064 <.0001
PC 0.259 0.067 3.872 0.0001
CO_LENA  -0.468 0.139 -3.370 0.0008
AEJ 0.012 0.006 2.161 0.0312
LNTOTP -0.284 0.058 -4.934 <.0001
ALB -0.140 0.058 -2.421 0.0159
Nr. of obs. 476
Adj. R-sqrd. 0.612
Cluster 51
var(f,) 0.145
var(var(fi,)) <0.001
var(e,,) 4.938

Source: Author’s calculations based on EPH 2002

Table 1.8 Regression results Central Urban 2002

Var. Coef. Std.Err. t Prob>|t|
Intercept 12.677 0.095 132.741 <.0001
NPIEZ 0.113  0.013 8.365 <.0001
LNTOTP -0.781  0.067 -11.517 <.0001
TEL 0.270  0.060 4498  <.0001
AIRE 0.255  0.066 3.843  0.0001
AEJ 0.027  0.005 5119 <0001
NM150C 0.209 0.018 11.164 <.0001
ocCJ 0.356  0.048 7.415  <.0001
NHIJOS -0.043  0.016 -2.613  0.0093
BA_REC 0.142 0.0456  3.158  0.0017
Nr. of obs. 495
Adj. R-sqrd. 0.632
Cluster 68
var(fi,) 0.087
var(var(fi,)) <0.001
var(e,,) 4.890

Source: Author’s calculations based on EPH 2002

Thomas Otter - 978-3-631-75367-5
Downloaded from PubFactory at 01/11/2019 05:51:05AM
via free access



Does inequality harm growth?

Table 1.9 Regression results Remaining Urban 2002
Var. Coef. Std.Err. t Prob>|t|
Intercept 13.344  0.288 46.286 <.0001
PI_TIER -0.226  0.061 -3.712  0.0002
PI_LAD -0.197  0.051 -3.811  0.0001
NPIEZ 0.097 0.012 7.634 <.0001
LNTOTP -0.702  0.034 -20.62 <.0001
HELA 0240 0.042 5705 <.0001
AUTO 0.221 0.043 4947 <.0001
TEL 0.202  0.051 3971 <.0001
CABLE 0.200 0.053  3.705 0.0002
PC 0.268 0.077 3.455 0.0006
AEJ 0.041 0.005 8.063 <.0001
0oCJ 0.231 0.040 5.738 <.0001
JOCAGR -0.281 0.059 -4.725 <.0001
ROAD 0.001 0.000 4.143 <.0001
EDADJ 0.005  0.001 3.799  0.0002
ESPV -0.529  0.112 -4.73 <0001
ANTENA_1 0.667 0.183  3.633  0.0003
ASII8A 1 -0.621  0.203  -3.049 0.0023
NBIVIV_1 -0.712 0.237  -3.005 0.0027
Nr. of obs. 1158

Adj. R-sqrd. 0.576

Cluster 136

var(fi,) 0.083

var(var(fl,)) <0.001

var(esh ) 5.416

Source: Author’s calculations based on EPH 2002
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Table 1.10 Regression results Rural 2002

Var. Coef. Std.Err. t Prob>|t|
Intercept 12.306 0.112  109.256 <.0001
PA_LAD 0.164 0.036 4.527  <.0001
PI_TIER -0.273 0.037 -7.236  <.0001
TE_ZIN 0.085 0.047 1.804  0.0715
LUz 0.157 0.047 3.603  0.0003
AG_POCB 0.188 0.044 4218 <.0001
NPIEZ 0.094 0.015 6.241  <.0001
LNTOTP -0.564 0.054 -10.347 <.0001
CEL 0.173 0.045 3.783  0.0002
AIRE 0.972 0.130 7475  <.0001
AUTO 0.270 0.062 4324  <.0001
MOTO 0.155 0.044 3.519  0.0004

ANTENA 0.404 0.085 4728 <.0001
CO_GAS 0.0731 0.050 1.438  0.1507

NHIJOS -0.039 0.010 -3.912 <0001
oCJ 0.321 0.050 6.356  <.0001
JOCAGR -0.306 0.038 -7.881  <.0001
JOCMAC 0.281 0.094 2.968 0.003
NBIVIVI -0.084 0.041 -2.023  0.0432

DEP_SANP  -0.228 0.053 4271 <.0001
DEP_CAAG -0.215 0.046 -4.669 <.0001
DEP_AMA -0.404 0.107 -3.749  0.0002
ESPV -0.329 0.109 -3.015  0.0026
BA_HOY_1  0.645 0.171 3.76 0.0002
TE ZIN 1 0.537 0.111 4.817  <.0001

Nr. of obs. 1537
Adj. R-sqrd. 0.632
Cluster 207
var(fi,) 0.125
var(var(f},)) <0.001
var(e,, ) 4.568

Source: Author’s calculations based on EPH 2002

All eight models produce acceptable results with most of the adjusted R sqrd. >
0.6; var(s,)between 0.15 and 0.06; var(var(s,)) <0.001 and var¢,) between 4.6 and
5.9. For 1992 a higher number of significant variables (13 to 22) were identified.
Additionally, 1992 models include between 4 and 11 cluster means variables,
identifying local effects in the error term. In 2002, only 2 models include cluster
means and the number of significant variables from census is much smaller. For
1992 and 2002, all coefficients from census variables have the expected signs,
but not all the cluster means do. Interestingly, variables included to produce ad-
ditional evidence on more extended spatial effects (passing district borders) pro-
duce the expected results. In_ 1992, NVD has a negative coe _é%e%lgg; Eentra]
Urban and percentage of tertiary, sector, oyment el
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a positive sign for Remaining Urban and Rural models. For 2002, the percentage
of primary sector employment in neighboring districts has a negative sign for the
Remaining Urban and Rural areas. Infrastructure data such as availability of
public transport, education and health care institutions, post offices and public
market places did not produce any significant results for income estimation. It
was only for the Remaining Urban area 2002 that we found a significant and
positive effect of kilometers of asphalt roads.

1.3.2 Poverty Estimates

The poverty measures calculated are the poverty headcount index (P0), poverty
gap index (P1), and poverty severity index (P2) from the FGT family of pov-
erty measures.'° Meanwhile, the inequality measure calculated is the Gini ratio
and General Entropy measures (GEO; GE1; GE2), as deciles mean incomes, but
only PO and Gini results are reported in this paper. In addition to the estimates
of poverty and inequality indicators as usually presented, the results of the
simulated-welfare mapping exercise also provide the standard errors of these
estimates as a measure of their precision.

Tables 1.11 and 1.12 compare the estimated headcount poverty rate as reported
in the household surveys in 1992 and 2002 and those estimated from the Popula-
tion Census data (standard error of simulations in brackets, standard error as
percentage of estimated poverty in squared brackets).

Table 1.11 Percentage of Poverty — 1992

Survey

ASU Cu RU RUR TOTAL
Extreme Poverty 44 11.2 16.1 28.2 204
Moderate Poverty 19.0 29.6 25.8 18.3 222
Total Poverty 23.4 40.8 419 46.5 42.6
Mean income 318,869 175,631 156,957 69,243 136,116

Simulations

Extreme Poverty 6.8 12.9 21.8 31.9 23.5

0.7) 2.7 (0.8) (1.3) (14)

[10.3] [20.7] [3.8} [4.1] [5.8]
Moderate Poverty 16.6 27.2 25.1 17.6 20.8
Total Poverty 234 40.1 46.9 49.5 443

(1.2) (5.3) (0.9) (1.3) (1.9)

[5.1] [13.2] [1.9] [2.6] [4.3]
Mean income 335,400 188,143 145,187 79,710 142,519

Notes: Extreme Poverty Line 54,286 (ASU); 53,333 (CU); 47,500 (RU); 39,840 (RUR)
Poverty Line: 110,738 (ASU); 108,000 (CU); 89,000 (RU); 42,258 (RUR)
Source: Author’s calculations based on ECV 1992 and CNPV 1992.
Thomas Otter - 978-3-631-75367-5
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For 1992, extreme poverty is higher in the Asuncion, Remaining Urban and
Rural simulations, even when considering standard errors. Simulated mean in-
come is higher than that observed in the Asuncion, Central Urban and Rural
regions. This seems to be a consequence of differences in the income distribu-
tion between observed incomes in the survey and simulated incomes with cen-
sus data. Overall poverty is almost the same except for the Remaining Urban
area. We overestimate extreme poverty and underestimate moderate poverty
but have an almost exact result for overall poverty except in Remaining Urban
where simulated overall poverty exceeds observed poverty by 12%. General
over-estimate is 4%. Since we overestimate mean income but nevertheless get
higher poverty rates, there seem to be differences in the observed income dis-
tribution in survey and the simulated income distribution in census estimates."'

Table 1.12 Percentage of Poverty — 2002

Survey
ASU CuU RU RUR TOTAL
Extreme Poverty 7.7 15.9 16.2 31.1 21.7
Moderate Poverty 21.5 379 22.7 194 24.6
Total Poverty 29.1 53.8 389 50.5 46.3
Mean income 664,097 374,642 353,579 188,998 317,063
Simulations
6.7 16.2 16.6 344 24.1
Extreme Poverty (1.1) (1.3) 0.9) (0.9) (0.9)
[16.4] ~ [8.0] [5.4] [2.6] [3.7]
Moderate Poverty 232 39.6 23.9 19.9 24.5
29.8 55.7 40.5 54.3 48.5
Total Poverty (1.9) (1.4) (1.0) 0.9) (1.1)
[6.4] [2.5] [2.5] [1.7] [2.3]
Mean income 725,053 375,413 355,013 186,634 322,467

Notes: Extreme Poverty Line 142,308 (ASU); 140,717 (CU); 106,802 (RU); 73,501 (RUR)
Poverty Line: 321,229 (ASU); 317,998 (CU); 197,895 (RU); 118,483 (RUR)
Source: Author’s calculations based on EPH 2002 and CNPV 2002.

Considering standard errors, the estimates for extreme poverty for 2002 fit for
all regions except the Rural area. In this model, simulated total poverty exceeds
observed poverty in all areas by an average of about 5%. We are still overesti-
mating mean income, although not as much as in 1992.

To understand what could be the possible reasons for the differences between
observed results in the surveys and estimated results in census database, sev-

11 One possible source for these distribution differences is the fact that household
observed household income in the survey “is not continuous” (this is that several
of the higher centiles [>80] are empty [no observations)). Deyverthelessgin simula-
tion exercises there wilbbg gstimates form fgentinyensdistributions.51:05AM
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eral tests were carried out. There is almost no difference between observed
(survey) and simulated (census) covariate levels. Only in one (Central Urban
2002) out of the eight models in use, simulated census covariate levels differed
from the observed ones in the survey in more than 1%. Furthermore, there is no
problem with the residual assumption in survey regressions. In all cases, re-
siduals have a mean zero and a low variance. Consequently, if there are no
structural problems in the models themselves, one possible source for biases
could be a sampling problem in the actual surveys, for example classification
of households in urban and rural areas. In fact, for 2002 the maximum differ-
ence for population share by region between survey and census is 0.2%. How-
ever, in 1992 there is a classification problem for the Asuncion and Rural areas
(Asuncion has 11.6% of population in census and 14.9% in survey; Rural area
has 48.6% in census and 45.6% in survey). The maximum difference for Cen-
tral Urban and Remaining Urban is 0.5%. Recall that the 1992 survey was the
first nationwide household survey ever carried out in Paraguay, so there may
have been some lack of experience in paying attention to all the details. This
hypothesis is consistent with differences between 1992 and 2002 simulations,
where biases in 2002 are much smaller than in 1992. The way sampling prob-
lems can introduce biases in the results seems to be through the variance of
household specific error (e,;). The variance of 1992 errors exceeds that of 2002
errors between 9 and 23 percent.

Table 1.13 Inequality measures

Survey Simulations

ASU CU RU RUR TOTAL ASU Cu RU RUR TOTAL

Gini 0493 0439 0480 0547  0.589
income  0.519 0.408 0464 0499 0.558 (0.021) (0.017) (0.007) (0.017) (0.015)
1992 [0.043] [0.039] [0.015] [0.031] [0.025]
Gini 0444 0394 0460 0538 0510
income 0437 0.419 0446 0534 0561 (0.015) (0.011) (0.009) (0.011) (0.011)
2002 [0.034] [0.028) [0.019] [0.020] [0.022]

Source: Author’s calculations based on ECV 1992, CNPV 1992, EPH 2002 and CNPV 2002.

For 1992 we underestimate inequality for Asuncion but overestimate inequality
in all other regions. These differences also seem to be a consequence of alloca-
tion differences between rural and urban areas in 1992, between census and
survey, for the Asuncion and Rural areas. For 2002, the estimated inequality in
the Asuncion and Rural areas are slightly higher than those observed and we
underestimate inequality in the Central Urban and Remaining Urban areas.
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1.3.3 Poverty and Inequality Maps

When examining these maps, it should be kept in mind that they have been cre-
ated using the expected headcount. The true headcount for a location will differ
from the expected headcount because of sampling and modeling errors. The
maps do not take the errors into account.

Figure 1.1 FGTO Per capita income 1992 at district level
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Source: Author’s calculations based on ECV 1992 and CNPV 1992
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Figure 1.2 Gini Per capita income 1992 at district level

Source: Author’s calculations based on ECV 1992 and CNPV 1992
Figure 1.3 FGTO Per capita income 2002 at district level
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Figure 1.4 Gini Per capita income 2002 at district level
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Figure 1.5FGTO Per capita income Itapua department 1992 and 2002 at
district level

1992 2002

Source: Author’s calculations based on ECV 1992, CNPV 1992, EPH 2002 and CNPV 2002.

The maps in Figure 1.5 show the heterogeneity of poverty levels in small areas,

using the Itapua department example. Itapua is one of the most prosperous de-
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garding departmental mean poverty levels in 2002, Itapua ranked 11 out of 18
departments, about 1 percentage point above the national poverty rate, despite its
high GDP growth. What is behind this apparent contradiction can be seen by
mapping Itapua’s poverty levels by district. In 1992, there was a belt of poor, up
to extremely poor districts in the north of the department (darker colors), with
poverty rates of up to 68%, versus a more prosperous zone in the south (brighter
colors) with poverty rates down to 14%. Until 2002, and as a consequence of
GDP growth, poverty generally decreased in Itapua (more districts with bright
colors), but the poor district belt in the north still remained. Some of these poor
districts even increased their poverty levels, now up to 72% of the population.
The lowest levels in the south were 29% en 2002. So, considering a pro poor
policies intervention, maybe by conditional cash-transfer programs to extremely
poor households, Itapua might not be selected for program participation, consid-
ering department mean levels of poverty. Nevertheless, disaggregating poverty
estimates by districts, it happens to be that some of the poorest districts of the
country are located in Itapua, being direct neighbors of some of the most pros-
perous districts in the country. Small welfare estimates help to improve the tar-
geting of pro-poor policies.

To show an example of what precision can be achieved at the district level, Fig-
ure 1.6 shows the predicted poverty headcount in rural Itapua for 2002, along
with a confidence interval from one standard error below to one standard error
above the point estimate. The department of Itapua was selected because covers
almost the complete range of standard errors for point estimates observed for the
1992 and 2002 exercise, varying from 0.015 to 0.075.

Figure 1.6 Rural poverty estimates Itapua 2002
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Apart from the standard errors for point estimates, regression models have
structured and unstructured errors as seen above. To check for spatial patterns
of these kinds of errors they are mapped in the annex, as well as relative
changes in poverty and inequality.

As mentioned above, there is a set of former poverty map exercises in Para-
guay. Robles (2000) combined the 1992 census with 1997/98 survey using the
Hentschel et al (2000) method, which differs slightly from the method applied
in this paper, so they can not easily be compared. The second poverty map ex-
ercise carried out by Otter (2003), using the same method applied in this paper,
combines the 2002 survey with a 10% sub-sample of the census and combines
the estimated poverty levels with weighted unmet basic needs percentages.
Since the data bases are not the same, there may be some difficulties in com-
paring the results of this paper with the Otter (2003) exercise. Finally, Robles
and Santanders (2004) poverty map exercise is most similar to this paper. Us-
ing the same method, they combine 2002 census with 2003 household survey
data, mostly because the 2003 survey sample allows to run a separate regres-
sion model for every department (18 models) and not only 4 different models
by region as in 2002. Since poverty rates changed considerably (dropping by 6
percentage points in the national mean) between 2002 and 2003, the best way
to compare the results of these two exercises is to compare rankings of districts
by poverty level, which should not change strongly, even if poverty percent-
ages decrease considerably. When comparing the rankings, we observe that
64% of all districts are ranked within the same deciles, meanwhile the standard
deviation of ranking differences is only 0.94 points. Consequently, the results
of both poverty mapping exercises are consistent between each other, and dif-
ferences should be a consequence of the more detailed estimates by Robles and
Santander and poverty changes between these two years.

1.3.4 Pro-poor growth evidence

Although this paper is not about pro-poor growth, its results provide empirical
evidence on such growth from poverty map exercises. Even if the existence of
pro-poor growth evidence could easily be confirmed from the household sur-
vey data, doing this with simulated incomes based on census data will allow
the identification of whether there are any spatial patterns in pro-poor growth,
for example the concentration of a huge number of households benefiting from
pro-poor growth which could be concentrated in a small and limited geo-
graphic area.

According to international organizations pro-poor growth is simply defined as

economic growth that benefits the poor (e.g., LN 2000a;; QECD 2001); This
Downloaded from PubFactory at 01/11/2019 05:51:05AM
via free access



Does inequality harm growth? 45

definition, however, provides little information on how to measure or how to
implement it. What remains to be specified are, first, whether economic growth
benefits the poor and, second, if this is the case, to what extent. Klasen (2004)
provides more explicit requirements that a definition of pro-poor growth needs
to satisfy. The first requirement is that the measure differentiates between
growth that benefits the poor and other forms of economic growth, and it must
answer the question by how much the poor have been benefited. The second re-
quirement is that the poor must have benefited disproportionately more than the
non-poor. The third requirement is that the assessment must be sensitive to the
distribution of incomes amongst the poor. The fourth requirement is that the
measure must allow an overall judgement of economic growth and not only fo-
cus on the gains of the poor.

To identify the existence of pro-poor growth of per capita income according to
point estimates from the poverty map exercise, specific inflation rates by re-
gion and income deciles were calculated. To obtain these measures as realistic
as possible they are based on consumption profiles by deciles, built up as a
mean of 1997/98 and 200/01 consumption profiles'> (only during these two pe-
riods did Paraguayan household surveys include a consumption module). Table
1.14 shows the deciles specific inflation rates. In general, inflation is lower for
lower income deciles and lower for less urban or more rural areas. These re-
sults seem to drive the specific results of pro-poor growth.

Table 1.14 Mean inflation rates by deciles, Paraguay 1997/98 — 2000/01 (%)
) D2 D3 D4 D5 D6 D7 D8 D9 D10
ASU 1125 115.7 1152 1153 1164 117.5 121.7 122.1 1235 123.5
Cu 1144 1149 1144 1147 1153 1157 117.7 118.0 120.7 120.5
RU 111.1 111.1 1128 1119 112.6 1155 1145 1169 1164 119.5
RUR 107.5 108.0 108.2 1085 1094 110.1 1103 111.0 111.8 113.6
TOTAL 1114 1124 1127 112.6 1134 1147 116.1 117.0 118.1 119.3
Source: Author’s calculations based on EIH 1997/98 and EIH 2000/01.

Figure 1.7 shows the growth incidence curve of log per capita income for con-
stant currency in 1992 values. There is a clear pro-poor growth pattern for dec-
iles 5 to 25. Growth incidence curves produced separately for the four different
regions show that there is almost no pro-poor growth in the Asuncion and Cen-
tral Urban areas, very few in Remaining Urban, but mostly in rural areas.

12 Carried out by groups of goods and sgryiges: food, clothing; housing, health,
transport, educationpwvariousied from PubFactory at 01/11/2019 05:51:05AM
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Figure 1.7 Growth incidence curve of log per capita income

0.05 1

o
Q
@

o
o
=2

T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T YT

Difference In log per capita income in
constant currency

Centiles

Source: Author’s calculations based on ECV 1992, CNPV 1992, EPH 2002 and CNPV 2002.
1.4 Discussion

In the regression results, all adjusted R squared are not very high; approximately
0.6. On the one hand, this is due to the fact that only variables whose coeffi-
cients are highly significant were included in order to make the models as robust
as possible, as explained above. On the other hand, reduced levels or adjusted R
squared may result from a considerable number of dummy variables in the mod-
els, which may have reduced the power of explanation for probably having
lower variance than other kind of variables.

In regression results, it seems that the less homogeneous a population is, the
higher the probability of identifying locational components in the error term. If
there are locational components in the error term, it is easier to identify them in
smaller geographic areas (this is why the Asuncion model produces more sig-
nificant cluster effects than the other regions in 1992).

If this is the case, the question is now why the 2002 models produce much less
significant cluster effects? Could it be true that the population became more ho-
mogeneous? Even if poverty and inequality changes between 1992 and 2002 are
not big, the real story household survey data tell us that there was a poverty re-
duction between 1992 and 1997 and an increase between 1998 and 2002. Urban
inequality tended to decrease while rural inequality tended to increase over the
whole period. Additionally, we have a growing urban migration of poor and a
growing urban poverty.

There are two main differences between the 1992 and the 2002 results. First, the
1992 results include much more significant Tlustes effects thancthesesfors2002,
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which capture part of a locational effect. In 2002, this fact seems to have disap-
peared. Noticeably, the locational effect is not only or directly related to the
geographic location, but is in relation to the population group and their charac-
teristics, living in the observed area, at any moment. Even if the 2002 regression
models include less variables and less significant cluster effects, their prediction
power for poverty is higher than 1992 while their prediction power for inequality
is almost the same as in 1992. Consequently, geographic location seems to be
less important for 2002 than for 1992.

Although the income regression models are not modeling determinants, but vari-
ables which are correlated with income, most of these have the expected signs.
This is also true for the cluster means. The interpretation of these cluster means,
which try to capture part of the locational error, is difficult. Nevertheless, for
some cluster mean variables there can be a kind of intuitive understanding. For
example, in some models the percentage of primary sector employment appears
as a significant variable with a negative sign for the household (individual) level.
However, its cluster mean also has a positive sign. This may be understood as a
positive effect at community level ceteris paribus and for the given mean level
of income in the region.

At least concerning empirical evidence from Paraguay, the methodology seems
to work better for the prediction of higher incomes, since extreme poverty is
overestimated (by underestimating lower incomes), as are mean incomes. Con-
sequently, the associated distributions are not the same as those observed in
household surveys. Several reasons can be attributed for this. For example, rural
incomes (where most of the low incomes are located) depend strongly on cli-
mate and market price changes not captured by variables included in a census.
Lowest incomes in urban areas may be difficult to simulate correctly due to
sampling and measurement problems in household surveys.

Poverty maps show that there is a concentration of poverty in the center of east-
ern Paraguay (where 98% of the population is living). Changes of poverty dur-
ing the observation period neither altered significantly the spatial distribution of
poverty nor of inequality. In general, structured and unstructured errors are
higher in more rural areas. All these results are consistent with Paraguayan rural
economic history over the period, with a crisis of small scale cotton cash crop
farming and an increase of large scale Soya bean mechanized farming, deepen-
ing poverty and inequality in rural areas.
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1.5 Conclusions

As shown, the method of Elbers et al is a reliable method for small area welfare
estimates, producing poverty point estimates for sub-national levels. Obviously,
there are several sources of errors in the methodology and other errors from
sampling and measurement problems in the household surveys. Nevertheless,
the income estimates are consistent with economic history in Paraguay and,
since most of the errors made during the estimation procedure can be quantified,
it is possible to determine their reliability. In any case, the gain in additional in-
formation is crucial for politics and policies design and implementation.

Poverty analysis is often based on national level indicators that are compared
over time or across countries. The broad trends that can be identified using ag-
gregate information are useful for evaluating and monitoring the overall per-
formance of a country. For many policy and research applications, however, the
information that can be extracted from aggregate indicators is not sufficient,
since these hide significant local variation in living conditions within countries.

The detailed poverty maps of small administrative areas, that are the ultimate
output of the simulated-welfare mapping method, provide benefits that help ad-
dress the shortcoming of aggregate poverty analysis in the following ways:

(i) Poverty maps capture the heterogeneity of poverty within a country.

Almost all countries in the world have regions that are better off and others that
are left behind. Such differences are often lost in national level statistics. Poverty
maps can reveal the variation in local poverty levels when small area informa-
tion is available. As shown, seemingly homogeneous regions can actually have a
large degree of local heterogeneity.

(ii) Poverty maps improve targeting interventions.

In designing poverty reduction programs, resources can be used more effectively
if the most needed groups can be better targeted. This reduces the leakage of
benefits from a poverty reduction program to non-poor households and, on the
other hand, reduces the risk that poor households will be missed by a program.
This requires an adequate targeting to poor areas, but also a correct beneficiary
selection.

(iii) Poverty maps can help governments — national and local — to articulate
their policy objectives.

Basing allocation decisions on observed geographic poverty data, rather than
subjective rankings of regions, increases the transparency of government deci-

sion making. Such data can thus help limit therinfluence ©fsspecial interests in
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allocation decisions. There is a related role for well-defined poverty maps to
lend credibility to government and donor decision-making. By increasing trans-
parency, poverty maps can help prevent the regional autonomy policy from be-
ing hijacked by the local elite.

(iv)Poverty maps have an important role in communicating information on wel-
fare distribution to the civic population within a country.

Poverty maps are not only useful to governments and decision makers, but also
to local communities. Compiling disaggregated information on human welfare
generates locally relevant information. This provides local stakeholders with the
facts that are required for local decision making and for negotiation with gov-
ernment agencies. Poverty maps thus become an important tool for local em-
powerment and decentralization.

(v) Poverty maps are useful for evaluating the impact of various programs.

Poverty maps offer opportunities to undertake detailed empirical research on the
causal relationships between local poverty, income inequality, and various other
social outcomes, both at the individual and community levels. Until now, scar-
city of welfare indicators for small areas has prevented researchers from study-
ing the relationship between various programs, poverty, inequality, and various
outcomes, such as health, education, crime, and the environment. Poverty maps
open up more opportunities for researchers to examine these relationships.

(vi) Estimation of small area indicators of poverty allows their incorporation
into geographical information systems (GIS).

This feature of poverty maps facilitates the combination of poverty information
with other indicators from policy-relevant subject areas. Examples are geo-
graphic databases of transport infrastructure, public service centers, access to in-
put and output markets, or information on natural resources quality and vulner-
ability. Using geographic overlay techniques and spatial analysis methods, the
newly constructed databases on poverty can thus be used to address a range of
multidisciplinary questions. The databases can also be used by the private sector
to guide them in determining the locations for new investment opportunities.
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Chapter 2

Does Inequality Harm Income Mobility and Growth?

An Assessment of the Growth Impact of Income and Education Inequality
in Paraguay 1992 - 2002

2.1 Introduction

Latin America is the most unequal region of the world in terms of income or ex-
penditure, as well as regarding other aspects of economic or social exclusion.
The region suffered the lost decade of the nineteen eighties, and experienced a
modest recovery in the nineteen nineties. In the nineteen nineties, most of the
governments implemented stabilization politics, more or less close to the pro-
posals of the Washington Consensus. Paraguay itself, however, neither suffered
a debt crisis nor a mayor economic instability during the eighties, so the stabili-
zation policies would not have been necessary or useful for the Paraguayan
economy and business cycles in the nineties. Nevertheless, many of the macro-
economic policies applied in Paraguay during the nineties were close to the
Washington Consensus. The most striking macroeconomic result of the decade
was a per capita income decrease beginning in late 1995, hand in hand with a
poverty increase after 1996. Given the persistently high levels of poverty inci-
dence in Paraguay to date, understanding the determinants of growth at the
household level in Paraguayan economy remains an important but under-
researched field in economics. This appears to be particularly true for the ques-
tion whether inequality has a positive or negative effect on economic growth, a
question that is both fundamental in (development) economics and highly rele-
vant for poverty reduction policies. Although the effect of inequality on growth
has important implications for poverty (Bourguignon, 2004; Ravallion, 1997),
empirical evidence on this link is virtually inexistent for Paraguay."

The effect of inequality on economic growth is the subject of a large literature.
Aghion et al., 1999 and Thorbecke and Charumilind, 2002 review this literature

13 Different country analysis on aspects of financial liberalization and openness were
run by a research team supported by CEPAL, UNDP and IADB. These studies in-
clude Paraguay, focussing on CGE simulation models and their counterfactual ef-
fects on households, but these analyses do not consider the effect of inequality on
growth (Ganuza, Morley and Taylor 1998; Ganuza, Paes de Barros, Taylor and
Vos 2001; Ganuza, Morley, Robinson and Vos 2004).
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and show that theory does not provide firm predictions of the sign of the effect.'*
Empirical studies in the 1990s have been “.. impressively unambiguous ..”
(Aghion et al., 1999, p.1617) in concluding that the growth effect of inequality is
negative, but more recently some authors have obtained contrasting results (e.g.
Forbes, 2000). The most common denominator in these studies is the nature of
the data used: the empirical inequality-growth literature is largely based on
cross-country data.

This paper contributes to the existing inequality-growth literature by providing
empirical evidence that is new in a number of ways. First, the present study is
based on micro data for Paraguay. This allows avoiding data comparability prob-
lems that affect cross-country studies (see Section 2). While there are a small
number of inequality-growth studies using micro data (for example Joeng, 2001,
Schipper and Hoogeveen, 2005), this is the first such study for Paraguay. Sec-
ond, the data used consists partly of the so-called small area welfare estimates,
which are obtained by combining information from a census and a survey. For
this paper the small area welfare estimates were grouped in a pseudo panel.
Third, theoretical and empirical studies have been criticized for their focus on
income or expenditure inequality as the determinant of growth. Birdsall and
Londono (1997) show that once land and human capital inequality are entered in
a cross-country growth regression, income inequality no longer has a significant
effect on growth. Elbers and Gunning (2004) address this issue theoretically us-
ing a Ramsey type household growth model and show that growth is affected by
‘underlying’ inequalities in assets, abilities and shocks. In particular, these au-
thors show that higher ‘ability’ (human capital) inequality will positively affect
growth if the production function is convex in ability. In that case, a mean-
preserving spread in human capital results in a higher mean steady state level of
output, and therefore in higher growth. In this paper, this issue is explicitly ad-
dressed by estimating the growth effect of inequality in human capital. The re-
sults indicate that it is income inequality rather than human capital inequality
that affects growth and that this effect is negative. Nevertheless, there are also
positive growth effects of human capital inequality, some less strong than in-
come inequality results.

14 Positive inequality-growth effects can be attributed to a positive effect on savings,
to the existence of investment indivisibilities or to positive incentive effects of
inequality. A negative inequality-growth effect can be explained by political ten-
sion, instability and demands for redistribution due to inequality, by reduced in-
vestment opportunities for the poor, worsened borrowers’ incentives and by higher
macro-economic volatility. A ‘unified’ model that aims to reconcile these conflict-
ing effects is presented in Galor (2000); this paper predicts that the effect of ine-
quality on growth is non-linear, with a positive-effect at am ‘sarly_stage of eco-
nomic development’ andeanegativereffect atradater=stage1/2019 05:51:05AM
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The paper is organized as follows. Section 2 discusses the existing empirical
inequality-growth and some of the income mobility literature. Small area wel-
fare estimates as an alternative source of data for this type of investigation are
briefly described. In Section 3 the growth model and descriptive statistics are
presented. Section 4 presents a discussion of econometric issues that need to be
addressed given the model in use and, in particular, given that some of the vari-
ables have been imputed using small area welfare estimation. Results are pre-
sented in Section 5 and conclude in Section 6.

2.2 Data: macro, micro and small area welfare estimates

Cross-country inequality-growth studies, while providing considerable empirical
evidence, have been criticized for various reasons. A general problem with both
macro (cross-country) and micro growth studies is the ‘open-endedness’ of the
underlying theory: many variables potentially affect growth and theory may of-
ten not give clear guidance as to which specification is preferable. Data used in
cross-country studies are national aggregates that are likely to lose valuable re-
gion or gender specific information (Deininger and Okidi, 2003). Brock and
Durlauf (2001) reject causal interpretations in cross-country studies except under
considerably exceptional conditions. Their main argument is that causal interpre-
tation requires that estimated parameters can be assumed constant, which is not
plausible given the importance of country-specific unobserved information (e.g.
regarding policy).

Comparability of variables that are intended to measure the same concepts
across countries is a further issue in cross-country studies. This is particularly
problematic for cross-country inequality data (Atkinson and Brandolini, 2001).
An issue that has not received much attention in the literature is that, even when
variables are defined and measured in exactly the same way, national statistics
(including GDP) are often estimates derived from, for instance, national house-
hold surveys — as is the case for inequality estimates. Even if these estimates are
representative at the national level, they are still point estimates with a standard
error, a fact that the analyst has to take into account when doing regressions: one
should expect that properly accounting for the uncertainty with respect to these
estimates, reflected by their standard error, translates into higher standard errors
in the growth regression coefficient estimates. This problem is equivalent to the
one encountered when using small area welfare estimates in regression analysis,
as is discussed in detail in Section 4.

A problem with household data is that only surveys for very large countries pro-
vide sufficient data points to meaningfully include inequality indicators in a re-

gression while census data typically dohaotsprovidé/theGincomé’or wealth
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variables and covariates needed in a growth regression. As a result, only a small
number of inequality-growth studies that use micro or regional data remain.
Ravallion, 1998 estimates a linear household level growth model with local ex-
ternalities and finds a significant negative effect of inequality for rural China.
Balisacan and Fuwa, 2003, find a positive effect of inequality on provincial level
growth for the Philippines, using a linear model. Schipper and Hoogeveen
(2005), using downstream regressions for Uganda, found that it is human capital
inequality rather than income inequality that affects growth and that the effect is
positive.

An important advantage of regional or household data is that comparability
problems are much less severe than in cross-country datasets: the definitions of
variables or phrasing of survey questions are generally uniform across regions
for a given dataset. Depending on the level of desegregations, regional analyses
may also be able to use larger numbers of observations than cross-country analy-
ses; household growth studies are especially advantaged in this sense.

Until recently, the unavailability of nationwide inequality data covering a larger
period precluded the study of the inequality-growth relation for Paraguay'.
However, the application of welfare estimation techniques for small area target
populations has recently provided income estimates for all households in Para-
guay for 1992 and 2002 (see Chapter 1). This now allows the study of the ine-
quality-growth relation for Paraguay.

2.3 Small area welfare estimation

Part of the data used for this paper is derived using small area welfare estimating
techniques first described in Hentschel et al., 2000 and refined in Elbers et al.,
2003, the latter paper is referred for details of the technique and provide a brief
review below.

Small area welfare estimation combines data from a census and a household sur-
vey in a three-stage process. First, a set of variables that are common to the sur-
vey and the census are identified. Second, household per capita expenditure is
regressed on these common variables using the household survey data and cen-
sus means obtained for the clusters from which the survey households originate;
this yields coefficient estimates with the associated variance-covariance matrix
and estimates of the distribution of household and cluster error terms. Third, out

15 The first nation wide inequality estimates in Paraguay are based on the household
survey of 1992 (carried out by IADB and the National University). Only as from
1998 does the National Statistics Bureau (DGEEC) previds;annual updatessof na-
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of sample prediction on unit record census data is used. Predicted values are cal-
culated typically 100 times, each time drawing variable coefficients and house-
hold specific and cluster level error terms from the relevant distributions. This
yields, for each household in the census, predicted per capita income and its
standard error. A close correspondence between census and survey household
characteristics is needed to obtain reliable welfare estimates.'® For this reason,
small area welfare estimates have typically only been generated for the years
close to a census year. Hoogeveen et al. (2003) show how, in the presence of
panel survey data for which one of the waves was collected at the time of the
census, the welfare estimates can be updated by associating household character-
istics collected during the census year, with expenditures obtained for a more re-
cent period. Since panel surveys do not exist for Paraguay, and since the analysis
of the present paper is based on two different censuses, the inequality and
growth analysis is based on a pseudo panel build up from income estimates for
each household in each census.

More formally written small area welfare estimates can be estimated by using
the following model:

ln ycs, 1+ = E[ln y::s, 1+ | Xcs, 1] +nc. 141 + gc:, t+1 (21)

where subscript #, survey households is represented with subscript s, census
households is represented with subscript 4, and the cluster from which census
and survey households originate is represented with subscript c.

Predicted log per capita expenditure is now derived, for each household in the
census, from: - _
ln j;ch. 1+ = Xch, Iﬂ+ ﬂc + gc, 1+1 (22)

and welfare estimates are based on:

.&HI = E[VVIH | m, j’h,nl] (23)

16 Much attention is therefore devoted to identifying common variables by assuring
that variable definitions are identical between the census and the survey, that ques-
tions are phrased the same way, that coding and enumerator instructions are iden-
tical and that the survey and census are fielded contemporaneously. When the lat-
ter condition is not met -and this is more of a problem in rapidly changing eco-
nomic environments-, changes in the economic situation will be reflected in
household characteristics. As a result, survey variables identified as common to
the census, are actually not representativerofithe censusoandssmallzareawelfare es-
timates can not be derivedoaded from PubFactory at 01/11/2019 05:51:05AM
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Once predictions are made using (2.2) welfare estimates can be generated for
any administrative unit, but their precision decreases with the degree of disag-
gregation. For Paraguay, accurate welfare estimates coming from household
surveys are available for three levels; nation wide, by urban or rural area and by
region.

Our analysis makes use of two data sets: unit record data from Paraguay’s 1992
population census, combined with 1992 household survey. Small area welfare
estimates for all households are carried out. The same exercise is carried out
with the 2002 population census and the 2002 household survey. The 1992 cen-
sus was carried out in August 1992 and covers 526,050 urban households and
454,342 rural households. The 1992 household survey was carried out between
October and December 1992. The 2002 census was carried out in August 2002
and covers 782,966 urban households and 505,567 rural households. The 2002
household survey was carried out during November and December 2002. Both
censuses comprise, for all household members, information on household com-
position, ethnic background, marital status and educational attainment. Growth
and inequality variables are calculated using the income values prepared for
Chapter 1. The author shows that the income estimates for 1992 and 2002 are
unbiased and closely correlated estimates of the ‘true’ welfare estimates derived
from the national household surveys. Estimates of income and inequality were
derived for all 224 districts'® of Paraguay for both years. Based on comparable
household income data, they represent the first data set for Paraguay with com-
parable inequality estimates for two points in time for a substantial number of
observations.

Table2.1  Welfare estimates, Paraguay, Selected Years

Region Poverty ratio Poverty Inequality Income
(per capita income) change change growth

1992 2002 (Gini)
Asuncion 0.234 0.298 0.274 -0.097 -0.077
Central Urban 0.401 0.577 0.389 -0.102 0.066
Rem. Urban 0.469 0.405 -0.136 0.042 0.065
Rural 0.495 0.543 0.097 -0.016 0.082
National 0.443 0.485 0.095 -0.059 0.058

Note: column entries are regional means of district estimates.
Source: Author’s calculations based on results in Capter 1

17 That is, the ratios of mean values to standard errors are about the same as those
obtained in household surveys.
18 The Paraguayan “distrito” is a municipalityy, the, smallestoexisting administrative
unit. Downloaded from PubFactory at 01/11/2019 05:51:05AM
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A summary of the welfare estimates used in this paper is presented in Table 2.1.
The Table confirms that on average poverty increased over the 1990s, except for
the Remaining Urban region. Also, the increase in poverty was not distributed
uniformly. Asuncion and Central Urban were the most affected regions. At the
same time, inequality decreased where poverty increased and vice versa. Mean
income increased in all regions except Asuncion. Even if this seems contradic-
tory it is consistent with the macroeconomic history of Paraguay over the dec-
ade, with a growth period and poverty reduction until 1997. During this period,
in general, income increased and inequality decreased. In the following period of
recession (1998 to 2002) characterized by income decrease, not all of these
mean income increases and inequality decreases were lost. Nevertheless poverty
rose by means of the appearance of an important number of “new poor”.

At first, it seems to be contradictory that we observe a simultaneous income
growth associated with a poverty increase and an inequality reduction. Poverty
can increase despite income increase, so long as prices grow quicker than in-
come (so poverty lines rise faster) or whether there are any other problems with
the poverty lines, as such. In Paraguay, poverty is defined by four different pov-
erty lines for the Asuncion, Central Urban, Remaining Urban and Rural areas.
Official poverty lines are updated yearly by an official inflation measurement
that is limited to the Asuncion and Central Urban areas. To apply this inflation
data to the other two areas, an implicit Engel coefficient based on a consumption
profiles measurement not updated since 1998, is applied. This methodology
seems to create some bias in the poverty lines. The inequality decrease associ-
ated with poverty increase results from general income loss after 1998, where
higher income groups suffer stronger losses than lower ones, resulting in de-
creasing inequality (more on this in chapter 3).

Since pseudo panels are used for the analysis, the results could also be inter-
preted as an indicator for income-mobility, since the growth rates of estimated
mean household per capita income between 1992 and 2002 at a district level are
used as dependent variables. However, since education inequality is used as one
of the independent variables, we also have notions of human capital in the analy-
sis. This brings the results close to the link between growth, inequality and so-
cial mobility.

One of the primary motivations for economic mobility studies is to gauge the ex-
tent to which longer-term incomes are distributed more or less equally than are
single-year incomes. Krugman, for instance, stated: “If income mobility were
very high, the degree of inequality in any given year would be unimportant, be-
cause the distribution of lifetime income would be very even (...). An increase

in income mobility tends to make the distribution of7tifetime Sifcome more
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equal” (Krugman, 1992). Similar statements have been made by Shorrocks
(1978), Atkinson, Bourguignon, and Morrisson (1992), Slemrod (1992), and
Jarvis and Jenkins (1998).

Social mobility and income inequality together describe the “fairness” of an in-
come distribution. If income is very unevenly distributed and social mobility is
low, then there is a large gap between rich and poor and there is little chance of
crossing that gap. However, since social mobility might me related to education,
who has more mobility, better-educated individuals or less-educated people?
The answers may depend on the mobility concept used. In the intergenerational
context, the recipient unit is the family, specifically a parent and a child. In the
intragenerational context, the recipient unit is the individual or family at two
different dates. The pseudo panel used in this paper refers to an intergenerational
model, but the observation period is not a whole generation, but only a ten year
difference.

The literature distinguishes between six notions of mobility (Fields et al 2006,
Scott and Lichtfield 1994). Briefly, they are: time-dependence, which measures
the extent to which economic well-being in the past determines individuals' eco-
nomic well-being at present; positional movement, which is what is measured
when looking at individuals' changes in economic positions (ranks, centiles, dec-
iles, or quintiles); share movement, which arises when individuals' shares of the
total income change; income flux, which is what is gauged when looking at the
size of the fluctuations in individuals' incomes but not their sign; directional in-
come movement, which is what we measure when we determine how many peo-
ple move up or down per amount of dollars; and mobility as an equalizer of
longer-term incomes, which involves comparing the inequality of income at one
point in time with the inequality of income over a longer period. If the results of
this paper might be understood as an income mobility indicator, the study be-
longs in part to time dependence (because it considers initial levels of income
and education inequality) and in part to positional movements (because it asks if
there was some pro-poor growth).

Several papers show how the allocation of talent in an economy is important for
the level of growth. Murphy, Shleifer, and Vishny (1991), for example, show
that when talented people are attracted to the productive sector, they create high
growth, but if they instead are attracted to rent seeking activities, they create
stagnation. However, the use of talent needs the opportunity to be developed and
exposed by a formal educational process.

Two papers have theoretically analyzed the relationship between social mobility

and economic growth (Raut 1996; Hassler and ,Mora)1998);<They botharsve to
Downloaded from PubFactory at 01/11/2019 05:51:05AM
via free access



Does inequality harm growth? 59

the conclusion that high social mobility is associated with higher economic
growth, but the direction of causality and the transmission mechanisms between
mobility and growth differ slightly between the models. Raut (1996) develops a
signaling model of endogenous growth in which innate talents and education
levels of workers drive the basic scientific knowledge accumulation in the econ-
omy. The second study is by Hassler & Mora (1998). They analyze an economy
with two types of individuals: workers and entrepreneurs. Entrepreneurs are
those who generate new ideas and new technologies and make the economy
grow. The more intelligent the entrepreneurs the higher the growth rate of the
economy.

The implication of the above mentioned studies is that to achieve optimum
growth it is important that people get the opportunity to work in the sectors
where they are most productive. This requires that young people’s educational
and occupational choices be determined by talent and not limited by family
background. Linking these ideas to the model used in this paper, initial income
level could be a proxy for family background and initial education level as insti-
tutional opportunities to develop talent (which is supposed to be distributed ran-
domly, in spite of the fact that educational levels are usually strongly determined
by family background).

2.4 The model

For estimating yearly per capita income growth over the period 1992 — 2002 we
build up a pseudo panel at the district level, to be able to compare 1992 and
2002 results. The pseudo panel takes into account the age of the household head
(3 year steps), his years of schooling (3 year steps), his mother tongue (as a
proxy for ethnicity), the district of residence and the condition of migration
(only non-migrant households are included).'® Groups with common characteris-
tics in 1992 and 2002 with more than 29 observations were considered for the
model. Only non-migrant households entered the model. This is, on the one
hand, because migration is not an important phenomenon over the

19 The idea of excluding migrant households is based on the fact that, even if a
pseudo panel is used for this exercise, it is still possible to identify locational or
district effects. A “pure” district effect would only be found when considering
non-migrant households, even if there are also arguments for including them, such
as “pull and push” factors that make a certain district more or less attractive. Ei-
ther way, migration levels in Paraguay over the nineties were not huge (only 8%
of population older than 15 years moveds from ongidepartment to anather between
1992 and 2002, andionly?5% ofithese dre-non-peon) (Ottery 2007)1:05AM
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whole period®® and, on the other, to analyse growth determinants we can focus
on the change of real conditions in each district, which are not biased by changes
due to migration. Final estimates were carried out for five different models®’;
Asuncion (471 panels), Central Urban (655 panels), Remaining Urban (762 pan-
els), Rural (2388 panels) and pro-poor-growth households (1300 panels) sample
which includes all groups from any region living below the poverty line but hav-
ing experienced positive income growth. The purpose of this pro-poor-growth
panel is to identify if there are any spatial patterns related to the geographic loca-
tion of pro-poor growth. A separate panel for pro-poor-growth additionally al-
lows us to identify if there are differences in household, family group or house-
hold heads characteristics between poor households with and without income
growth. Nevertheless, this last step of the analysis was not carried out in this pa-
per.

Estimate growth effects using a pseudo panel can eventually be problematic. All
households in a panel, even if they are different between each other, have to ob-
serve the same panel mean income change; this can cause problems of het-
eroskedasticity. Even if all households grouped together ought to be similar,
some differences still remain. Not all sources of heteroskedasticity can or should
be captured via a relationship with an independent variable. For example, using
grouped data leads to heteroskedasticity if the groups are not all the same size.
In this case the error variances are proportional to the group sizes. Using weight-
ing factors could be a solution for this problem. In our case, households are the
elements composing panel groups. Every household enters the panel with “size
one”, since characteristics of the household head are used as grouping criteria.
Since this paper uses census data, no weighting factors are used. All size differ-
ences between groups reflect reality and should be taken as such since all house-
holds in the country are considered (only migrant households are left out of the
analysis). For all five models to be run, panel groups contain between 30 and up
to 1000 households. Nevertheless, in all cases, panels including between 30 and
250 households cover more than 90% of all observations. The distribution of
these panel groups by size is almost the same. So if there is a hetersokedasticity
problem caused by different panel sizes, it would be a systematic one.

In the model we estimate yearly per capita income growth of each panel group,
over the period 1992 — 2002 as a function of, for 1992, per capita income, in-
come inequality, human capital inequality, male and female human capital

20 As a result, there are very few or no panels by district which fulfill the conditions
of identical characteristics and more than 29 observations in the panel.

21 Since income estimates in Otter (2006) were carried out for four different regions,
each of these with its own poverty line, thergeomwithanalysis ds;hased onsthe same
regions as well as a growthanalysisifor poer-heuseholdsy11/2019 05:51:05AM
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household demographics and employment sector. The model we estimate can be
represented as:

i =(Fioz— 7i92)/ 10 = 9,92B1 + 7,085 + P 9285 + Xy o7y + 04 + 4 (2.4)

With the exception of the Gini coefficients, which are district averages, all other
values are averages by panel i: g is the annual income growth rate between 1992
and 2002; y is the logarithm of per capita income; I°? is the Gini coefficient for
per capita household income; 1"5)" is the Gini coefficient for the number of years
of formal education of the household head. X is a matrix of other covariates con-
sisting of human capital (number of years of formal education entered separately
for household heads and for spouses), head age, gender of the household head,
logarithm of the number of individuals in each household, number of children
and dummy variables for employment sectors, changes of some of these vari-
ables (which are likely to be endogenous) and some departmental dummies.?
Given this approach, we are limited in our choice of covariates in X to what the
census has to offer. District fixed effects, represented by oy, to control for unob-
served spatial heterogeneity; u; is an error term used.

A non-standard econometric issue lies in the fact that some of the variables are
not observed but imputed as described in Section 3. The imputed variables, in-
come growth and income inequality, are denoted using tildes. See Table 2.2 for
definitions and summary statistics.

An important issue in regional growth studies is the measurement of the depend-
ent variable. In our case, the smallest available geographical subdivision in the
database is the district, and within the district, households are grouped in panels.
Growth for a panel i is usually specified as:

ie ~ Vi,
g'; - y i p 0 (2‘5)
where y is a measure of panel income or expenditure. This measure is often
specified as the logarithm of the mean of per capita income over households 4
for group i (e.g. in Balisacan and Fuwa, 2003), i.e.:

y =In [Z*—é’l] 2.6)

22 Potential changes in employment sectorseould becensidesed proxigsdorsstruc-
tural changes in the productivedsgctor?ubFactory at 01/11/2019 05:51:05AM
via free access



62 The model

However, as pointed out by Ravallion, 1998, the use of the logarithm of mean
expenditure rather than the mean of log expenditure introduces a measure of the
change in inequality in the error term of the regression equation. The argument
is as follows: a general inequality measure is

1(y)=InM(y)-M(ny,) @7

where I(.) is an inequality measure and M(.) denotes an average. Rearranging
these terms we have:

InM(y;)=M(ny)+1(y,) 28

The LHS of (2.8) is the income of (2.6). However, if we think that the log of
household income is the variable of interest we should use:

N

) - > log(y,) -
W= 29
which is the first term in the RHS of (2.8). It is clear from (2.8) that we intro-
duce a measure of inequality if we use the log of mean incomes as our regional
income variable. Consequently, we introduce as measure of the change in ex-
penditure inequality in our growth variable if we calculate mean expenditure us-
ing (2.6).

In an inequality growth regression, this is likely to introduce a correlation be-
tween the error and the inequality variable which will affect estimates through
omitted variable bias. For example, consider the case where increases in inequal-
ity have a negative effect on growth, while the level of (initial) inequality has a
positive correlation with the change in inequality. Then omitting the change in
inequality will cause a spurious (negative) effect of inequality on growth (Raval-
lion, 1998). Since we have access to household level per capita income estimates
aggregated by pseudo panels, it could be useful comparing the estimates of a
growth regression using both types of dependent variable (mean-log(exp) and
those using log-mean(exp)). Nevertheless, this comparison is still pending and
has not yet been carried out. In this paper, only the mean log income is used in
the regression models.

Thomas Otter - 978-3-631-75367-5
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Table 2.2 Variables and descriptive statistics - Asuncién

Variable Definition Mean Standard Minim. Max.
error

Annual growth of log per capita
gry inc, 1992-2002: -0.01 0.02 -0.06 0.05
Ln(pcysz) — Ln(pcyoz)/10
Log income per capita 1992:
Ln(pcys,)
Household head’s education
1992, number of years

Iny92 12.39 0.55 11.37 13.62

hhedu92 8.77 5.31 1.30 17.73

Changes in log total individuals
dintot per household: -0.02 0.08 -0.29 0.29
(Intoty; / Intotyy)-1

Changes in spouse’s education

dsedu .
in number of years

0.76 0.84 -0.11 6.78

Changes in household head’s
desp primary sector employment per-  0.40 0.29 -0.43 0.63
centage: (espoz / €spo2)-1

Changes in number of children:

dhijo (nhijoos / nhijosa)-1 0.52 0.58 -0.17 6.19
Changes in household head’s

dhedu education in number of years: -0.07 0.06 -0.16 0.04
(hedug; / heduy;) -1

hage92  Age of household head 1992 46.83 16.14 21.32 82.06
log total individuals per house-

Intot92 hold 1992 1.46 0.19 0.65 1.79

nhijo92  Number of children 1992 1.66 0.65 0.18 3.20

hsedugz SPOuSS’s education 1992, num- 575 359 072 1369
ber of years

hfem92  Percentage of female head 1992  0.32 0.13 0.06 0.82

Changes in household head’s
dest tertiary sector employment per-  -0.03 0.05 -0.10 0.03
centage: (estp, / estgy)-1

Changes in income inequality:
(giniyo / giniys;) -1

Income inequality: Gini coeffi-
cient wrt pcy 1992 0.49 0.02 0.47 0.52

dginiy -0.18 0.08 -0.28 -0.08

giniy92

Note: All observations are panel (sub-district) means of the household values of the variables
mentioned, with the exception of the Inequality measures, which are district means.

No. of observations: 471. homas Otter - 978-3-631-75367-5
Source: Author’s calculat@mﬁsﬁwm‘ﬁﬁ#s&wmm%& Ehantatdsanm
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Table 2.3 Variables and descriptive statistics — Central Urban

Variable Definition Mean Standard Min. Max.
error

Annual growth of log per capita inc,
gry 1992-2002: -0.01 0.02 -0.07 0.05
Ln(pcysz) — Ln(pcyo2)/10
Log income per capita 1992:

Iny92 11. 0.38 11.05 24
ny' La(peys:) 89 13.2
hhedu92 Household head’s education 1992, 6.23 374 1.18 17.70

number of years

Changes in log total individuals per
dintot household: (Intoto; / Intotsy)-1 -0.02 0.07 -0.29 0.32
Intot92  Log total persons in household 1992  1.41 0.17 0.88 1.82
hage92  Age of household head 1992 45.49 15.04 21.48 82.37

Percentage of household head em-
hetran92 ployed in transport and communica-  0.06 0.04 0.00 0.26
tions sector 1992

Percentage of household head em-

heagro92 ployed in agriculture sector 1992 0.03 0.04 0.00 0.21
.. Changes in number of children:
dhijo (nhijoo / nhijos)-1 -0.01 0.16 -0.67 0.80
.. Income inequality: Gini coefficient
giniy92 wrt pey 1992 0.46 0.01 0.44 0.51
dginiy ~ Changes in income inequality: 20.02 002 0.08  0.03
(giniyo; / giniygy) -1
. . Education inequality: Gini coeffi-
ginie92 cient wrt hhedus, 0.29 0.01 0.27 0.31
dginie Changes in education inequality: 0.05 20.09 0.06

(ginieoz / giniegz)-l

Note: All observations are panel (sub-district) means of the household values of the variables
mentioned, with the exception of the Inequality measures, which are district means.
No. of observations: 655.

Source: Author’s calculations based on results of income estimates in Chapter 1.
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Table 2.4 Variables and descriptive statistics — Remaining Urban

Vari- Definition Mean  Standard e = hax.
able error
Annual growth of log per capita inc,
gy 1992-2002: Ln(pcys;) — Ln(peye,)/10 0.01 004 011 013
Iny92 Log income per capita 1992: Ln(pcys;) 11.72 0.54 10.57 1331
D13 D13 equals one of department equals 13 0.09 028 0.00 1.00
(Amambay)
Changes in log total individuals per
dintot household: (Intots; / Intotsy)-1 -0.01 0.09 -032 048
Intot92 log total individuals per household 1992 1.42 0.22 0.58 1.87
hsedu92 Sg:rt;se s education 1992, number of 438 2.38 0.44 13.08
dsedu Changes in spouse’s education in num- 0.74 0.95 048 715
ber of years
D15 D15 gquals one of department equals 15 0.02 0.13 0.00 1.00
(Presidente Hayes)
D6 D6 equa!s one of department equals 6 0.01 0.08 0.00 1.00
(Caazapa)
Percentage of households with at least
hana92 one analphabetic 1992 0.29 0.28 0.00 0.94
Changes in household head’s education
dhedu in number of years: (heduy, / heduy,) -1 0.38 0.85 -0.70 3.3
D10 D10 equals one of department equals 10 0.28 045 0.00 1.00
(Alto Parana)
dginiy ~ Changes in income inequality: 0.02 004 011 015
(giniyo / giniyy,) -1
Changes in percentage of households
dhana with at least one analphabetic: (dhanay, / 3.62 5.72 -0.71 60.92
dhanay;)-1
D8 D8_egua]s one of department equals 8 0.03 0.16 0.00 1.00
(Misiones)
Changes in percentage of female house- )
dhfem hold head: (hfemoy / hfems;)-1 0.48 0.92 0.67  7.57
hage92 Age of household head 1992 44.93 15.13 20.88 82.38
- Income inequality: Gini coefficient wrt
giniy92 pey 1992 0.47 0.02 0.41 0.56
dginie  Changes in education inequality: (ginie, g o 002 007 009
/ giniegz)-1
nhijo92  Number of children 1992 224 0.91 0.31 442
hfem92 ll’;;czentage of female household head 0.25 0.12 0.03 0.64
ginie92 Education inequality: Gini coefficient 031 0.02 027 0.36
wrt hhedlhz

Note: All observations are panel (sub-district) means of the household values of the variables men-
tioned, with the exception of the Inequality measures, which are district means. No. of obser-

vations: 762.
. . Th - 978-3-631- -
Source: Author’s calculatxonbbaseﬁioon regl#%s n?fﬂﬁ%%%rgii ;)t%eﬁ/nl (?}'7%%\'6 51_ 5715821\,3
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66 The model
Table 2.5 Variables and descriptive statistics — Rural
Variable Definition Mean Standard Min. Max.
error
Annual growth of log per capita inc,
gry 1992-2002: 0.02 0.04 -0.11 0.16
Ln(pcygz) - Lﬂ(pC}’oz)/ 10
Iny92 Log income per capita 1992: Ln(pcys;)  10.92 0.55 9.82 12.74
dginiy ~ Changes in income inequality: 001 005 017 017
(giniyo, / giniysy) -1
D5 DS equals' one of department equals 5 0.14 034 0.00 1.00
(Caaguazii)
D13 equals one of department equals 13
D13 (A bay) 0.02 0.13 0.00 1.00
Changes in log total individuals per
dlntot household: (Intotoy / Intotsy)-1 -0.01 0.09 -0.32 0.46
.. Education inequality: Gini coefficient
ginie92 wrt hhedus, 0.28 0.01 0.25 0.33
hhedu92 Household head’s education 1992, 1.50 1.78 0.48 1131
number of years
Intot92 log total individuals per household 1992  1.48 0.26 0.67 2.03
hage92  Age of household head 1992 48.17 15.78 2043 82.62
Changes of percentage of household
dhecom  head employed in commercial sector: 0.61 1.70 -1.00 25.10
(hecomy;, / hecomsy)-1
hecom92 Percentage (?f household head employed 0.03 0.04 0.00 026
in commercial sector 1992
Changes of percentage of household
dhecs head employed in community services 0.36 142 -1.00 22.19
sector: (hecsy; / hecsy;)-1
- Income inequality: Gini coefficient wrt
giniy92 pey 1992 0.54 0.03 0.41 0.63
hsedu92 fz:rzse s education 1992, number of 271 127 0.29 6.60
hfem92  Percentage of female head 1992 0.19 0.11 0.00 0.58
Changes in household head’s education
dhedu in number of years: 0.19 0.24 -0.13 3.61
(heduy;, / hedus,) -1
Change of percentage of household
dhetran  n¢ad employed in transportand com- 13 g5 100 1616
munications sector:
(hetranoz / hetra.ngz)-l
dsedu Changes in spouse’s education in num- 0.94 0.89 0.04 767
ber of years
dginie Changes in education inequality: 0.01 0.05 0.13 0.14

(ginieoz / gjniegz)-l

Note:  All observations are panel (sub-district) means of the household values of the variables men-
tioned, with the exception of the Inequality measures, which are district means. No. of obser-
vations: 2,388.

Source: Author’s calculations based on results of incomeestimatesin&hapies.b-531-75367-5
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Table 2.6  Variables and descriptive statistics — Pro-Poor-Growth-Panels

Variable Definition Mean Standard Min. Max.
error
Annual growth of log per capita inc,
gy 1992-2002: Ln(pcys;) - La(peyey10 004 003 0.01 0.16
hage92  Age of household head 1992 43.40 11.60 21.39 81.80
hhedu92 Household head’s education 1992, 373 174 0.94 1176
number of years
giniy92 I;::;ome inequality: Gini coefficient wrt 0.54 0.02 0.44 0.63
92
.. Education inequality: Gini coefficient
ginie92 wrt hhedus, 0.28 0.02 0.25 0.36
Iny92 Log income per capita 1992: Ln(pcys;)  10.61 0.35 9.82 12.38
nhijo92  Number of children 1992 3.31 1.09 0.55 5.69
dginiy ~ Changes in income inequality: 001 005 028 0.17
(giniyo, / giniysy) -1
dginie Changes in education inequality: 0.02 0.05 0.16 0.14

(ginie,; / giniey,)-1

Changes in log total persons in house-

dintot hold: -0.02 0.08 -0.32 0.35
(Intoty; / Intoty,)-1

Changes in number of children:
(nhij()oz / nhij092)-1

Note: All observations are panel (sub-district) means of the household values of the variables men-
tioned, with the exception of the Inequality measures, which are district means. No. of obser-
vations: 1,300.

Source: Author’s calculations based on results of income estimates in Chapter 1.

dhijo -0.02 0.19 -0.42 1.94

2.5 Estimation

Before discussing the results obtained in regressions it is necessary to make sure
that these results can be taken as true. There could be some important bias in the
results, given that the independent variable was estimated and not observed. The
properties of estimators obtained from downstream? regressions using imputed
values for welfare indicators are investigated in Elbers et al., 2005. Their main
proposition is that coefficients from regressions involving imputed welfare indi-
cators which have been derived from small area estimation techniques, either in
the LHS or in the RHS, do not differ systematically from regressions with true
indicators (‘real data’). The intuition for this consistency result is that imputed
variables can be regarded a special kind of instrumental variables and may

23 It is convenient to refer to our inequality-growth regression as a ‘downstream’

model so as to distinguish it from the fupsteeam’cexpenditure; modet_which has
been used to generate the dmputed values-actory at 01/11/2019 05:51:05AM
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therefore be safely used in estimation. We briefly explore the issues involved in
estimation for the general case with imputed values in both the LHS and the
RHS of a regression equation.

We consider a simple version of our downstream regression model (omitting
inequality measures):
8 =yB+xy+y (2.10)

The dependent g and the independent y are obtained from upstream imputation;
in what follows, imputed variables have tildes in order to distinguish them from
‘true’ values or observations. Writing imputed values as the difference between
‘true’ values and an error term, g=g-w and j=y-¢, we obtain:

& =JB+(&EP-w)+xy+u, (2.11)

The B coefficient can be consistently estimated provided that (a) the imputed
values gand j are consistent estimators of the conditional expectation of the
true welfare measures and (b) the error terms¢ and o are uncorrelated with the
regressors j and X.

Elbers et al. (2005) show that when small area welfare estimates are used (a) is
satisfied and (b) is likely to be satisfied. To see the latter, first note y is imputed
Per Capita Income (PCI) or a non-linear measure calculated from PCI, e.g. ine-
quality.” Both £ and @ are prediction errors and are thus orthogonal to the pre-
dicted values y and g, respectively. Moreover, since y and g are based on the
same prediction model, the prediction errors should be orthogonal with respect
to both 7 and £.%

The prediction errors should also be uncorrelated with regressors in x: since the
upstream modeling process makes use of as many available instruments as pos-
sible, these regressors will have been considered as instruments in the upstream
PCI prediction model, ruling out the presence of any remaining correlation.

However, a correction of the estimated standard errors of the coefficients is nec-
essary because the (upstream) imputation process creates correlation between
the welfare estimates. Following Elbers et al. (2005), the prediction error of im-
puted variables, e.g. expenditure, can be decomposed as:

24 Other variables could in principle be imputed or predicted as well; however, we
consider PCI imputations.
25 This holds a fortiori when either y or z is a non;linear;transformation,gf PCI or its
distribution, such as a poygHYy Lr-inequalitysmeasiieat 01/11/2019 05:51:05AM
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E=y-y=[y-EWI+IEW)-Y] 2.12)

where E(y) is the conditional expectation of expenditure. The first term in the
RHS of (2.12) is termed the idiosyncratic error, which is due to unobserved fac-
tors that determine expenditure, and the second part is the model error, which
reflects uncertainty about the upstream model’s parameters. Applying this error
decomposition to both g and y (2.11) can be written as

g =[5, B+x I+ [(E(»)-7)B-(E(g)-8)]
+[(y,- —E(yi))ﬂ_(gi —E(gi))+ui]

The RHS of the equation consists of three parts, each in square brackets. First
we have a structural part consisting of imputed and non-imputed regressors and
their respective coefficients. The second part represents the model error, the
third part the sum of upstream idiosyncratic error and downstream error.

(2.13)

We simplify notation by rewriting these three parts as g, =zA+¢, +¢, where z' =
(7,x) represents all regressors, both observed and imputed, and A = (B,y); ¢
represents the ‘model part’ of the error and e the idiosyncratic part. Assuming
that the idiosyncratic part of the error is i.i.d., the variance matrix of the OLS
coefficient estimates of (2.13) is:

V(M) =0}(Z'Z)" +(Z'Z) Z'V(9)Z(Z'Z)" (2.14)
where the model part variance is:

V(@)= BV (E()-y)+V(E(g)-8)-2BCoV(E(y) - y),(E(g) - )1 (2.15)

Equation (2.14) shows that, compared to OLS variance estimates, variance has
to be adjusted upwards. As (2.15) shows, this adjustment depends on the vari-
ance in the model error. The more imputed variables are used, the more terms
will have to be added: with n imputed variables, the number of terms in the RHS
of (2.15) equals » variance terms plus n(n-1)/2 covariance terms. For example, if
one imputed variable is used in the RHS only, the adjustment is limited to the
first term. In our regression model (equation (2.4)), two imputed variables are
used in the RHS, one in the LHS.

In sum, using imputed values of expenditure or other welfare (inequality) meas-
ures will lead to unbiased regression estimates. The coefficients of a model like
equation (2.4), may be estimated using OLS under the assumption that the idio-

syncratic prediction errors and the error term y; are i.i.d.
Thomas Otter - 978-3-631-75367-5
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Two additional econometric problems affect our growth model. First, Caselli et
al., 1996 show that estimating a cross-section growth model using a fixed effects
estimator will lead to substantial bias when the number of periods is small, espe-
cially on the coefficient for initial income (yy,),. The empirical growth literature
suggests a number of solutions to this problem, most notably the Arrelano-Bond
estimator. Such estimators, however, need at least three periods to estimate the
model, using the first period to instrument for the initial conditions of the second
period which explain growth between periods two and three. Since we only have
two periods, we cannot follow this approach. However, although the bias on the
‘convergence coefficient’ may be significant, Monte Carlo experiments indicate
that the bias in the other RHS coefficients tends to be small (Forbes, 2000).

The second problem is endogeneity. Even though our model does not contain
‘flow’ variables but only beginning-of-period ‘stocks’, initial expenditure yy, has
been used to construct the growth variable and is thus correlated with the error
term. The same could be true for the changed variables on the RHS. Initial ine-
quality may also be an endogenous variable, as the literature suggests that
growth affects inequality (e.g. Aghion et al., 1999; Lundberg and Squire, 2003).
One would expect this to be more problematic for changes in inequality rather
than for initial inequality. Put to scrutiny, a Hausman test rejects exogeneity of
expenditure inequality, but cannot reject exogeneity of education. Consequently,
we deal with the endogeneity of initial expenditure and expenditure inequality.

Since we do not have lagged values, €.g. y.;, to use as instruments, we have to
find instruments amongst the (few) available sub-county census means. We have
chosen the following instruments. In the Asuncion regression, the instrument for
income is a variable that measures the ‘education deficit’ (the number of years
of schooling missed) of children below the age of 13. The (initial) education
deficit for children in this age group is strongly negatively correlated with initial
income, but arguably, does not affect growth in the period analysed. The instru-
ment for income inequality is the ‘ethnic fractionalization’, which is the prob-
ability that any two citizens randomly chosen from panel population are from
different ethnic groups. For the Central Urban regression the instruments are the
same as for Asuncion. For the Remaining Urban regression the instruments are
“education deficit”, as before, for income and for inequality a dummy indicating
whether the household head is working in agricultural sector is used. For the ru-
ral model, once again the “education deficit” is instrument for income and the
number of children is used as an instrument for inequality. The Pro-Poor-Growth
Panel regression instruments are the same as for the Asuncién regression.

We tested the validity of the instruments by including them in the different mod-
els. They do not alter the other coefficient estimatesinrarsy significaitoway. Fi-
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nally, we note that the instrumentation also affects the calculation of the model’s
variance: imputed endogenous variables have to be instrumented first and then
instrumented values are used in the calculation of the variance-covariance matrix

V(p).

2.6 Results

The estimated standard errors in all our regressions are adjusted to account for
prediction errors following the approach outlined in Section 5. The adjustments

— illustrated for the baseline equation are found in Tables 2.7 to 2.11.

Table 2.7 Variance adjustments — Asuncion

Dependent: growth coef t-val(adj) 42SLS) incr(se)
Iny92 -0.0508 -16.4051 -6.7010 2.4482
hhedu92 0.0030 7.8283 4.1620 1.8809
Dintot -0.0534 -8.5381 -5.5010 1.5521

Dsedu 0.0031 4.0523 3.6090 1.1228
Desp -0.0314 -5.9729  -2.6030 2.2946
Dhijo -0.0048 -4.1943  -2.1540 1.9472
Dhedu -0.0349 -1.9666  -2.4500 0.8027
hage92 0.0004 6.1914 3.0510 2.0293
Intot92 -0.0404 -5.6680  -4.5660 1.2414
nhijo92 0.0059 3.2711 2.8930 1.1307
hsedu92 0.0015 2.8324 1.9170 14775
hfem92 0.0220 3.1821 2.2030 1.4444
Dest 0.1508 3.7251 2.3730 1.5698
Dginiy 0.0279 1.1205 2.1420 0.5231

giniy92 -0.8042 -5.2783  -2.4380 2.1650
Observations 471

R squared adjusted 0.601

F 48.194

Standard error 0.011

Source: Author’s calculations based on results in Table 2.2
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Table 2.8 Variance adjustments — Central Urban

Results

Dependent: growth Coef t-val(adj)  42SLS) incr(se)
Iny92 -0.0701 -38.8157  -4.6400 8.3655
hhedu92 0.0038 23.6922 3.3430 7.0871
Dintot -0.0519 -9.1051 -6.2010 1.4683
Intot92 -0.0289 -14.7102  -5.4780 2.6853
hage92 0.0003 10.6186 1.7520 6.0608
hetran92 -0.0443 -5.1810 -3.0360 1.7065
heagro92 0.0487 5.0584 2.6940 1.8776
Dhijo -0.2044 -4.9576 -1.5610 3.1759
giniy92 -0.0092 -3.4300 0.0930 -36.882*
Dginiy -0.0690 -2.8767 -1.2340 2.3312*
ginie92 0.1866 4.2781 2.0620 2.0747*
Dginie 0.1425 7.0851 2.5620 2.7655
Iny92 -0.0701 -38.8157  -4.6400 8.3655
Observations 655
R squared adjusted 0.699
F 127.408
Standard error 0.011

* Variable lost significance in 2SLS estimation at 10% level.

Source: Author’s calculations based on results in Table 2.3

Table 2.9 Variance adjustments — Remaining Urban
Dependent: growth Coef t-val(adj) 42SLS) incr(se)
Iny92 -0.0666 -30.9315  -3.4870 8.8705
D13 0.0252 12.8894 6.3370 2.0340
dintot -0.0792 -13.9280  -6.8930 2.0206
Intot92 -0.0484 -6.5188 -4.4400 1.4682
hsedu92 0.0075 13.6337 2.0810 6.5515
dsedu 0.0096 9.2672 3.7070 2.4999
D15 0.0104 2.7217 1.1640 2.3382*
D6 -0.0366 -6.6286 -3.5290 1.8783
hana92 -0.0477 -10.2479  4.7720 2.1475
dhedu 0.0124 8.8931 5.6710 1.5682
D10 -0.0180 -9.0377 -1.3820 6.5396*
dginiy -0.1630 -9.0003 0.5020 -17.929*
dhana -0.0004 -4.4230 -3.3880 1.3055
D8 0.0099 3.5585 3.2520 1.0942
dhfem -0.0013 -2.0242 -2.2550 0.8977
hage92 0.0004 5.7010 1.1960 4.7667*
giniy92 -0.0222 -0.7406 1.8190 -0.4072
dginie -0.1410 -5.1656 -2.1640 2.3871
nhijo92 0.0055 3.2441 2.3510 1.3799
hfem92 0.0188 2.3932 -0.1220  -19.617*
Observations 762
R squared adjusted 0.836
F 186.461
Standard error 0.016

* Variable lost significance in 2SLS estimation at 10% level.

Source: Author’s calculations based on results in Table 2.4
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Table 2.10 Variance adjustments — Rural

Dependent: growth Coef t-val(adj) ¢2SLS) incr(se)
Iny92 -0.0774  -68.2896 -3.0580 22.3314
dginiy -0.1161  -15.4914 -1.5740  9.8420*
D5 -0.0216  -21.4285 -5.8820 3.6431
D13 -0.0538  -18.2676 -0.4700 38.867*
dintot -0.0891  -21.9526 -3.0640 7.1647
ginie92 0.4167 15.1772  2.8610 5.3049
hhedu92 0.0036 8.0220 2.7240 2.9449
Intot92 -0.0364  -17.8537 -2.3880 7.4764
hage92 0.0005 13.0275  2.4280 5.3655
dhecom 0.0015 7.7851 2.7760 2.8044
hecom92 0.1196 10.2076  2.0490 49818
dhecs 0.0011 4.7100 2.4600 1.9146
giniy92 -0.0405 -2.5215  -1.7450 1.4450
hsedu92 0.0024 2.7427 -0.4250 -6.4533*
hfem92 0.0170 3.5152 -0.9800 -3.5870*
dhedu -0.0090  -3.7366  -1.3310 2.8074*
dhetran 0.0010 2.8341 1.6040 1.7669*
dsedu 0.0011 1.4881 -0.2880 -5.1670*
dginie -0.0243 -3.2285  -1.8790 1.7182
Observations 2388

R squared adjusted 0.467

F 111.125

Standard error 0.034

* Variable lost significance in 2SLS estimation at 10% level.

Source: Author’s calculations based on results in Table 2.5

Table 2.11 Variance adjustments — Pro-Poor-Growth Panels

Dependent: growth Coef t-val(adj) ¢2SLS) incr(se)
hage92 0.0004 6.6849 1.834 10.295*
hhedu92 0.0038 10.7338 1.598 4.1833
giniy92 -0.0613 -2.7456 1.919 5.5934
ginie92 0.6057 18.1587 -1.704 1.6113
Iny92 -0.0625  -29.3277 3.848 4.7190
nhijo92 -0.0052 -8.7441 -2.006 14.620
dginiy -0.1540  -15.3952 -1.699  5.1466
dginie 0.0140 1.2152 -4.021 3.8287*
dintot -0.0747 -8.6839 -0.907 -1.3398*
dhijo -0.0083 -2.2094 0912 -9.5218
Observations 1300

R squared adjusted 0.087

F 13.336

Standard error 0.049

* Variable lost significance in 2SLS estimation at 10% level.
Source: Authors’s calculations based on results in Table 2.6
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In all four regions and in the poor household sample, the result is an increase in
estimated standard errors for all coefficients. The last column of Tables 2.7 to
2.11 gives the ratio of the adjusted standard error estimates to the standard 2SLS
estimates. The increase varies over coefficients between a factor 0.5 and up to
22.3, considering all variables that did not lose significance in the 2SLS estima-
tion. The results in Tables 2.7 to 2.11, illustrate the general decrease in signifi-
cance when taking into account the fact that estimates or predictions, and not
data, are used. In many cases the adjustment even ‘destroys’ a significant result,
that is, causes the significance level to increase to over ten percent. This is the
typical trade-off when analysing small area welfare estimates: the gain in the
number of ‘observations’ obtained by using imputed variables is partly offset by
the loss in precision due to (downstream) model prediction errors.

The main findings are presented in Tables 2.12 to 2.16 in a series between seven
and ten regressions. They were separated in different regression models, because
the estimation of income is based on different models as well.

In the 2SLS regression the complete Asuncion model (regression 1) loses qual-
ity. Adjusted R squared decreases from 0.748 (Table 2.12) to 0.601 (Table 2.7),
and the models standard error increases from 0.008 (Table 2.12) to 0.011 (Table
2.7). All variables except one have the expected signs. Even if total number of
individuals per household decreased during the observation period, for Asuncion
we get a negative sign for this change, significant at 1% level in all specifica-
tions.

Conditional convergence is pronounced in all specifications: the coefficient on
initial income is negative, highly significant and has a value of around —0.05 in
all specifications. Apparently, sub-district panels with lower mean per capita in-
come in 1992 have grown faster over the 1990s, ceteris paribus. However, note
that the coefficient estimate is biased, so we should not attach significance to its
exact value.

We have interesting and consistent results for growing primary sector employ-
ment of the household head, which ends up harming growth and a growing terti-
ary household head employment that benefits from growth. In three out of four
specifications we find that decreasing household head education harms growth
and surprisingly that female-headed households are better off, regarding their
growth capacity in all specifications. Household heads education, age, spouses’
education and changes in the number of children have very small effects.

The main variable of interest, inequality, has been entered using income inequal-

ity (gini). For Asuncion, education inequalitytisrcorrelatedowdth dncomesinequal-
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ity and was left out. The results show that income inequality (gini) has a signifi-
cant negative effect on growth in all specifications. The change in income ine-
quality (income inequality decreased in Asuncion) has a significant but negative
effect only in model 6. The positive effects of a decrease in education inequality
are up to three times stronger than the positive effect of an initial education ine-
quality (considering standardized coefficients). In the 2SLS regression the com-
plete Central Urban model (regression 1) loses quality. Adjusted R squared de-
creases from 0.889 (Table 2.13) to 0.699 (Table 2.8), and the models standard
error increases from 0.007 (Table 2.13) to 0.011 (Table 2.8).

Conditional convergence is pronounced in all specifications: the coefficient on
initial income is negative, highly significant and has a value of approximately —
0.07 in all specifications.

All variables except one have the expected signs. Even if the total number of in-
dividuals per household decreased during the observation period for Central Ur-
ban area, we get a negative sign for this change, significant at 1% level in all
specifications.

The main variable of interest, inequality, has been entered using income inequal-
ity and education inequality; these variables have been entered in linear -and
quadratic form in alternative specifications. Income inequality has a negative ef-
fect on growth, significant in three specifications at the 5% level and once at the
1% level. In contrast, education inequality has a changing effect on growth. In
three times out of four significant specifications, the effect is positive. When
only education inequality is entered, — without income inequality, (column 2) —
there is no significant effect. Including education and income inequality squared,
produces mixed results (positive and negative coefficients), so there is no strong
evidence for a relation of u-shape or inverted u-shape, but the small decrease of
income inequality observed in Central Urban has a negative effect on growth. At
the same time, the observed decrease in education inequality has a strong and
significant positive effect on growth. The observed effects of changes in house-
hold heads employment sector, composition of household or family group or
household age and initial education are very small.
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Table 2.12 Regression results — Asuncion
) (2) 3) (4) () (6)
Dependent gry gry gry gry gry gry
(Constant) 1.02 0.99 0.99 0.60 1.00 1.00
(11.92)%**  (11.73)***  (12.13)%**  (17.62)***  (12.30)***  (17.72)***
Iny92 -0.05 -0.05 -0.05 -0.05 -0.05 -0.05
(-16.41)***  (-16.63)*** (-16.98)*** (-15.87)*** (-16.83)*** (-16.04)***
hhedu92 0.003 0.003 0.003 0.003 0.003 0.003
(7.83)%** (8.15)%** (8.16)*** (7.40)*** (8.10)*** (7.60)***
dintot -0.05 -0.05 -0.05 -0.06 -0.05 -0.05
(-8.54)%**  (-8.67)***  (-8.52)%**  (-8.59)***  (-8.85)***  (-8.65)***
dsedu 0.003 0.003 0.003 0.003 0.003 0.003
(4.05)*** (3.98)*** (3.98)%** (3.48)*** (4.06)*** (3.47)***
desp -0.03 -0.03 -0.03 -0.01 -0.03 -0.03
(-5.97)%*%  (.622)%**  (-6.01)%**  (2.73)FE  (-6.36)F**  (-4.23)kxx
dhijo 0.005 0.005 0.005 -0.01 0.005 0.005
(4.19)%%%  (L426)%**  (422)%**F (444K (428)RFE  (4.46)%**
dhedu -0.03 -0.02 -0.01
(-1.97)* (-1.86)* (-0.67)
hage92 0.0004 0.0004 0.0004 0.0004 0.0004 0.0004
(6.19)*** (6.31)%** (6.41)%** (6.10)**=* (6.25)%** (6.16)***
Intot92 -0.04 -0.04 -0.04 -0.04 -0.04 -0.04
(-5.67)***  (-5.79)%**  (-5.79)*%*  (-5.45)%**  (-5.74)%**  (.552)%**
nhijo92 0.01 0.01 0.01 0.01 0.01 0.01
(3.27)%** (3.36)*** (3.31)%*= (3.04)*** (3.36)*** (3.09)***
hsedu92 0.002 0.001 0.002 0.002 0.001 0.001
(2.83)%** (2.68)** (2.81)** (2.75)** (2.61)** (2.71)**
hfem92 0.02 0.02 0.02 0.02 0.02 0.02
(3.18)*** (3.26)*** (3.35)%** (3.04)*** (3.15)%** (3.08)***
dest 0.15 0.11 0.12 -0.02 0.14 0.14
(B.73)%%*%  (BAT)F** (4.41)%** (-0.88) (6.04)*** (-1.33)
dginiy 0.03 -0.01 -0.02 -0.78
(1.12) (-0.93) (-0.94) (-2.63)%**
giniy92 -0.80 -0.73 -0.74 -0.78
(-5.28)***  (4.93)%**  (-5.25)** (-5.54)%**
Observations 471 471 471 471 471 471
R squared 0.756 0.754 0.755 0.741 0.754 0.741
R squared 0.748 0.746 0.748 0.733 0.747 0.734
adjusted
F 94.043 99.856 100.614 93.275 107.505 100.536
Stand. error 0.008

Notes: Absolute value of t statistics in parentheses.
Significant at 10%; ** significant at 5%; *** significant at 1%.
Source: Author’s calculations based on results of income estimates in Chapter 1.
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In the 2SLS regression the complete Remaining Urban model (regression 1)
looses quality. Adjusted R squared decreases from 0.909 (Table 2.14) to 0.836
(Table 2.9), and the models standard error increases from 0.012 (Table 2.14) to
0.016 (Table 2.9).

All variables except one have the expected signs. Even if the total number of in-
dividuals per household decreases during the observation period for the Remain-
ing Urban area, we get a negative sign for this change, significant at 1% level in
all specifications.

Conditional convergence is pronounced in all specifications: the coefficient on
initial income is negative, highly significant and has a value of approximately —
0.07 in all specifications. Income inequality has a significant effect only in three
out of eight specifications; two of these three are negative. Education inequality
has a significant negative effect in all specifications. The observed increase in
income inequality has a negative effect in all specifications and the observed
smaller increase in education inequality has a negative and significant effect in
all specifications.

Positive effects of household heads education and age are still small but a little
more important than in the Asuncion and Central Urban areas. Again, we have
some evidence that female-headed households are better off regarding growth.
For five out of 16 possible departments we find dummies with the expected
signs regarding their overall economic performance. So sub-regional differences
in growth performance exist, but their effect is considerably small.

In the 2SLS regression the complete Rural model (regression 1) looses quality.
Adjusted R squared decreases from 0.867 (Table 2.15) to 0.467 (Table 2.10),
and the models standard error increases from 0.015 (Table 2.15) to 0.034 (Table
2.10). All variables except one have the expected signs. Even if the total number
of individuals per household decreased during the observation period for rural
area, we get a negative sign for this change, significant at 1% level in all specifi-
cations. Conditional convergence is pronounced in all specifications: the coeffi-
cient on initial income is negative, highly significant and has a value of ap-
proximately —0.08 in all specifications.

Income inequality has a changing significant effect (two times positive, two
times negative). Education inequality has a significant positive effect in all
specifications. The observed increase in income inequality has an important
negative effect on growth in all specifications, as well as the increase in educa-
tion inequality. Household heads age and education do not have important ef-

fects on growth. Female-headed householdscarebetter-oifrégairding thieir growth
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capacities, as are households whose head is working in the commercial sector.
Nevertheless, the positive effect of an increase in commercial employment, even
if highly significant, ends up being very small.

For two out of 17 possible departments we find dummies with the expected
signs regarding their overall economic performance. Consequently, sub-regional
differences in growth performance exist, but their effect is considerably small.

Before running a separate fifth regression model on a sub-sample of panels for
which pro-poor-growth has been determined, we checked on the veracity of this
data (see Annex). About 97% of the sub-sample for pro-poor-growth is from ru-
ral areas. There are no spatial patterns, the Pro-Poor-Growth (PPG) panels are
distributed all over the country, so PPG seems to be not the result of specific
geographic area or any special districts, with better economic performance. It is
a consequence of activities carried out by certain groups of people, permitting
them to overcome part of their poverty. This phenomenon is observed in almost
any part of the country (in 15 out of 18 departments and in 154 of the 224 dis-
tricts).

If PPG is a consequence of group dynamics and not of spatial structures we
should know more about these group characteristics. In all PPG panels the
mother tongue is Guarani (indicator for low ethnical fragmentation), and 98.4%
of the household heads have less than 5 years of education. The maximum geo-
graphic concentration is of 29 panel groups in the same district (2.4% of the
sample). The 1300 identified PPG panel groups represent approximately 5% of
all households and some 10% of poor households. The age distribution of PPG
panel household heads follows the age distribution of all household heads.

In the 2SLS regression the complete PPG model (regression 1) looses almost all
its quality. Adjusted R squared decreases from 0.601 (Table 2.16) to 0.087 (Ta-
ble 2.11), and the models standard error increases from 0.017 (Table 2.16) to
0.049 (Table 2.11).

All variables except one have the expected signs. Even if the total number of in-
dividuals per household decreased during the observation period, for PPG sub-
sample we get a negative sign for this change, significant at 1% level in all
specifications.

Conditional convergence is pronounced in all specifications: the coefficient on
initial income is negative, highly significant and has a value of approximately —
0.06 in all specifications.
Thomas Otter - 978-3-631-75367-5
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Income inequality has an important negative effect. By construction, this is to be
expected at least if a household is poor. Education inequality has a positive ef-
fect in four out of nine specifications. The small decrease observed in income
inequality has a negative and highly significant effect in all specifications. No
significant effect is caused by the increase in education inequality. Income ine-
quality squared produces significant positive effects in five out of six specifica-
tions, so there seems to be a u-shape relation. Only in one specification, letting
out initial education inequality, education inequality squared produces a signifi-
cant positive effect.

Household heads age and education, the number of children and the change in
their number (small decrease observed) do have significant but very small ef-
fects on PPG in our case.

Thomas Otter - 978-3-631-75367-5
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T'able 2.13 Regression results — Central Urban

1) 2) 3) @) 6] ©6) (U] ®) ()]
Dependent gry gry gry gry gry gry gry gry gry
(Constant) 1.03 0.80 0.88 1.45 1.10 1.44 0.73 0.80 0.83
(B20)*** 254y (276)** (543 (329)%**  (S3B)FEx (230)%F  (45.17)F**  (47.75)%*x
Iny92 -0.07 -0.07 -0.07 -0.07 -0.07 -0.07 -0.07 -0.07 -0.07
(-39.15)***  (:3B.73)**+  (-46.45)%**  (38.95)%** (-37.98)*** (38.96)%** (-46.44)F**  (46.51)FF*  (-55.22)k%*
hhedu92 0.004 0.004 0.004 0.004 0.004 0.004 0.004 0.004 0.004
(23.96)***  (23.56)***  (25.18)***  (23.83)***  (23.04)%**  (23.84)F**  (25.07)F**  (25.18)***  (27.66)%**
d]ntog -0.05 -0.05 -0.05 -0.05 -0.05 -0.05 -0.05 -0.05 -0.05
5 (925)¥**  (:0.04)%**  (:9.10)***  (927)***  (-BI)HHF  (927)HF  (BI6)*EF  (9.01)F+*  (8.5T)k+*
Intot2 -0.03 -0.03 -0.03 -0.03 -0.03 -0.03 -0.03 003  -0.03
o (-14.89)%*%  (-14.63)%**  (-143T)M*  (-14.86)%** (-14.28)%** (-14.87)%** (-1420)%** (-1434)%** (-14.58)%**
hage92 0.001 0.001 0.001 0.001 0.001 0.001 0.001 0.001 0.001
S (10.84y***  (10.58)***  (10.19)***  (10.69)***  (10.84)***  (10.70)***  (10.20)***  (10.20)*** (12.27)%**
hetran92 -0.04 -0.04 -0.04 -0.04 -0.04 -0.04 -0.04 -0.04 -0.04
= (-520)%%*  (-5.17)***  (5.06)***  (-522)¥%F  (ABOYHF*  (-5.22)%*x  (5.01)F* (S.01)FFF (4.79)**
heagid92 0.05 0.05 0.04 0.05 0.05 0.05 0.04 0.04 0.04
g . (5.20)%*%  (S.01)***  (4.55)%**  (520)¥**  (4.53yFFx  (S21)FKX (A53)FFF (4.55)FFF  (4.50)k*x
dhijog, -0.01 -0.01 -0.01 -0.01 -0.01 -0.01 -0.01 -0.01 -0.01
o (|B35)M% (345)***  (BTBFHE (334)REE (JE0)FKF  (335)RRx (379)R* (379)EE (3.69)kH*
giniy®2 -5.06 -3.84 2.53 2.00 2.59
S (-3.27)%** (2.53)*%  (-2.25)%* (1.57) (-2.30)**
dggug i -o.oi . -0.07** 'O'Oiu -0.01 '0'0§ .
@35 Cro o ose O QR Ol s
gi i g § i -5, : 5
et R T T P
gmie o 5 8 b : : . s
g% & (7A48)%**  (6.87)¥**  (6.57)%%*  (7.35)%%* (739)%%*%  (6.25)***  (6.39)***
ginie92 sqrd  -12.05 -0.30 -9.52 0.30 9.14 -0.55 0.31 0.28
(-2.31)%* (-0.08) (-1.83)*  (3.87)***  (2.01)** (-0.14) (4.12)***  (3.61)***
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giniy92 sqrd 5.22 -0.22 4.02 2.50 -2.25 2.56 -0.12 -0.12 -0.06 OU
(3.14)***  (-4.83)***  (2.45)** (2.07)** (-1.62) (2.12)%*F  (A11)***  (4.18)***  (-2.02)** 2

5

Observations 655 655 655 655 655 655 655 655 655 2
R sqrd. 0.892 0.890 0.890 0.891 0.882 0.891 0.889 0.889 0.882 g__
R sqrd. adj. 0.889 0.888 0.887 0.889 0.880 0.889 0.887 0.887 0.880 G
F 376.596 398.712 397.732 402.232 369.609 402.420 426.771 466.252 479.167 =3
Stand. error 0.007 5
Notes: Absolute value of t statistics in parentheses. 0
o Significant at 10%; ** significant at 5%; *** significant at 1%. ]
$burce: Author’s calculations based on results of income estimates in Chapter 1. é.
-~
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Table 2.14 Regression results — Remaining Urban
(0] @) 3 @ (&) (6) (U]
Dependent gry gry gry gry gry gry gry
(Constant) 0.91 0.88 0.90 0.82 0.93 0.81 0.80
(27.39)*** (25.34)**+ (29.73)*** (28.41)*** (29.09)*** (31.89)*** (24.80)***
Iny92 -0.07 -0.07 -0.07 -0.06 -0.07 -0.06 -0.07
(-31.05)***  (30.96)***  (3L48)***  (3LO00)***  (:32.92)%**  (3LS1)*** (-29.82)%*+
D13 0.03 0.03 0.03 0.03 0.03 0.03 0.03
- (12.87)*** (17.70)*** (13.25)%*+ (14.03)*** (17.55)%** (14.44)*** (16.55)***
dintot -0.08 -0.08 -0.08 -0.08 -0.08 -0.08 -0.09
= (-13.99)%%*  ((1427)%**  (-1430)%*%*  (-1426)%**  (-13.84)***  (145T)M** (-14.27)%**
dntot92 -0.05 -0.06 -0.05 -0.04 -0.06 -0.04 -0.06
o (-6.50)*** (-7.71)*** (-6.52)*** (-5.88)%*x (-7.83)%** (-5.90)*** (-7.55)%*+
Bisedu92 0.01 0.01 0.01 0.01 0.01 0.01 0.01
S (13.75)*** (13.46)*** (13.82)*** (12.75)%** (14.30)%** (12.83)*** (12.58)**+
dsedu 0.01 0.01 0.01 0.01 0.01 0.01 0.01
s (9.14)%** (8.46)**+ (9.12)**+ (9.40)*** (8.75)%** (9.39)*** (8.65)***
D5 0.01 0.02 0.01 0.01 0.03 0.01 0.03
g 3 (2.73)** (6.28)%** (2.70)** (3.23)*** (7.38)**+ (3.20)*** (6.95)%**
P -0.04 -0.03 -0.04 -0.04 -0.03 -0.04 -0.04
S & (-6.65)%** (-5.73)%* (-6.64)**+ (-7.13)*** (-5.63)*** (-7.12)*** (-6.31)%**
Haita92 -0.05 -0.04 -0.05 -0.05 -0.05 -0.05 -0.05
S o (-10.34)*+ (-9.22)*** (-10.33)***  (-10.67)*** (-9.43)*++ (-10.67)***  (-10.04)***
hedu 0.01 0.01 0.01 0.01 0.01 0.01 0.01
© ¢ (9.03)*** (8.52)*** (9.04)**+ (9.37)*** (8.39)*** (9.39)*** (9.00)***
PR -0.02 -0.01 -0.02 -0.02 -0.01 -0.02 -0.01
a4 (-8.96)*** (-4.97)4** (-9.11)*** (-9.22)*++ (-3.86)*** (-9.36)*** (-3.10)***
Aeiniy 0.16 0.16 -0.15 0.15
>N (-8.93)*** (-9.61)**+ (-8.21)*++ (-8.84)***
htha -0.0001 -0.0001 -0.0001 -0.0001 -0.0001 -0.0001 -0.0001
(-4.49)*** (-4.18)*** (-4.50)%** (-4.49)*** (-4.10)*** (-4.50)*** (-3.70)***
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D8
dhfem
hage92
giniy92
deini
ng:e
[e]
Fhijo92
o

Q
hfem92
o
%inie92
g)bservatlons

R sqrd
gl g;rd adj.

%tﬁd error

0.01
(3.54)***
0.00
(-1.92)**
0.001
(5.73)%**
-0.02
(-0.66)
-0.14
(-5.19)%**
0.01
(3.15)%**
0.02
(2.62)**
-0.33
(-6.74)***
762
0911
0.909
361.718
0.012

0.01
(4.67)***
0.00
(-2.37)**
0.001
(6.30)*++
0.09
(3.41)%*+
-0.11
(-3.90)***
0.01
(3.79)%*+
0.01
(0.55)
-0.29
(-5.69)***
762
0.902
0.899
339.691

0.01
(3.57)%**
0.00
(-1.93)**
0.001
(5.69)***

0.14
(-5.19)%**
0.01
(3.16)***
0.02
(2.55)**
-0.33
(7.17)***
762
0.911
0.909
380.072

0.01
(3.22)***
0.00
(-1.62)*
0.001
(4.85)***
-0.02
(-0.58)

0.01
(2.94)%**
0.02
(2.29)**
-0.20
(-4.67y***
762
0.908
0.906
365.645

0.01
(4.73)%**
0.00
(-22.37)**
0.001
(6.97)***
0.11
(-3.72)%**

0.01
(3.89)***
0.00
(0.75)
-0.23
(-4.78)***
762
0.900
0.898
351.923

0.01
(3.25)+**
0.00
(-1.63)*
0.001
(4.81)***

0.01
(2.95)%**
0.02
(2.23)*
021
(-5.12)*+
762
0.908
0.906
385.213

0.01
(3.87)%**
0.00
(:2.53)**
0.001
(6.21)%**
0.04
(1.54)
-0.03
(-1.16)
0.01
(3.89)***
-0.01
(-0.45)

762
0.897
0.895

341.438

ﬂi)t@s Absolute value of t statistics in parentheses.
Z « Significant at 10%; ** significant at 5%; *** significant at 1%;

%u@e Author’s calculatlons based on results of income estimates in Chapter 1.
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Table 2.15 Regression results — Rural

1) ) 3) ) (5) (6) (U] 8)
Dependent ary gry gry gry gry gry ary ary
(Constante) 0.78 0.79 0.84 0.75 0.76 0.86 0.81 0.77
(A0.47)F**  (39.33)%**  (42.82)%**  (S0.12)%**  (40.78)%¥*  (41.74)FF*  (S441)FF*F  (30.02)%**
Iny92 -0.08 -0.08 -0.08 0.08 -0.08 -0.08 -0.08 -0.08
(-68.20)%**  (TL20)***  (-64.54)%**  (73.87T)F*¥*  (-68.62)***  (-67.58)***  (-84.28)%**  (70.84)%**
dginiy -0.12 -0.12 -0.11 -0.12
(-15.49)+** (-14.93)%**  (-1536)***  (-16.03)***
Ds -0.02 0.03 -0.03 -0.02 -0.02 -0.03 -0.03 -0.03
5 (-2143)%*%  (24.62)%**  (225.67)***  (-21.69)***  (-21.25)***  (-29.03)***  (-24.58)***  (-24.40)***
D13 -0.05 -0.05 -0.04 0.05 -0.05 -0.04 0,05 -0.05
8 (-1827)%**  (-17.48)***  (-14.65)***  (-1837)***  (-1824)%**  (L14.05)***  (-17.42)***  (-17.41)***
intot -0.09 -0.10 -0.09 -0.09 -0.09 -0.10 0.10 -0.10
= (-21.95)%*%  (22.78)***  (-21.58)%*%*  (:2247)%**  (21.97)FFF  (22.44)**  (22.73)FEF (22.84)F**
Sinie92 0.42 0.42 0.39 0.44 0.44 0.46
o (15.18)***  (14.60)*** (15.15)%*%  (16.71)*** (16.05)***  (16.63)%**
Fihedu92 0.004 0.004 0.004 0.004 0.004 0.004 0.004 0.004
© 3 (8.02)%**  (7.71)***  (833)**F (179 (TISyREX (BO3)FEE (T.94)k*x (7.24)%*+
dnist92 0.04 -0.04 -0.03 -0.04 -0.04 -0.04 -0.05 -0.04
P4 (-17.85)%*%  (21.23)%%%  (1575)%**  (17.69)***  (-17.71)***  (-19.10)%**  (22.60)***  (-21.10)***
chage92 0.001 0.001 0.001 0.001 0.001 0.001 0.001 0.001
=7 (13.03)***  (15.65)***  (10.78)***  (12.91)***  (13.14)***  (13.41)***  (1590)***  (15.96)***
ghgcom 0.002 0.002 0.002 0.002 0.002 0.002 0.002 0.002
S5 (T79)%*%  (BAG)***  (8S52)¥**x  (T.88)***  (T.59)%**  (QIE)***  (BA2FH+  (B.17)++
Bedomo2 0.12 0.15 0.13 0.12 0.12 0.16 0.14 0.15
o 2 (10.21)%%*  (12.02)***  (10.50)%**  (10.51)%*¥*  (10.29y%%*  (12.27)%**  (11.93)%**  (12.23)%**
dhats 0.001 0.002 0.001 0.001 0.001 0.002 0.002 0.002
33 @T1)**%  (629)%%*  (446)***  (ATE)*** (48T (601)***  (630)***  (6.62)%**
idiy92 -0.04 0.03 0.04 -0.04 0.11 0.03
(-2.52y%+ (1.59) (2.34)** (-2.63)** (6.57)*** (1.59)
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hsedu92 0.003 0.003 0.002 0.003 0.003 0.003 0.003 0.004
(2.74y** (3.68)*** (1.87)* (3.03)¥**  (3.20)%=x  (2.81)%*F  (3S5PFFF (4.46)F**
hfem92 0.02 0.03 0.03 0.02 0.02 0.04 0.02 0.03
(3.52)%%%  (A90)%%*  (S30pkRX  (422)%kx  (3EBYFRX (B7B)WF  (475)F%F (5.32)%xx
dhedu -0.01 -0.01 -0.01 -0.01 -0.01 -0.01 -0.01 -0.01
(373 (448)EF (2ID)F* (3BT (392)HF (290)%F*F (442 (4.80)***
dhetran 0.001 0.001 0.001 0.001 0.001 0.001 0.001 0.001
(2.83)*** (2.70)** (2.68)** (2.85)%¥%  (2.82)*** (2.56)** (2.68)** (2.67)**
dsedu 0.001 0.001 0.001 0.001 0.001 0.001 0.001 0.001
g (1.48) (1.15) (1.34) (1.57) (1.74)* (1.03) (1.09) (1.53)
=dginie -0.02 -0.04 -0.06 -0.02 -0.07 -0.04
o (-3.22)%%*  (-5.00)%**  (STA1)RRX (331)F** (-9.20)***  (-5.09)%**
[0
o
ZObservations 2388 2388 2388 2388 2388 2388 2388 2388
R sqrd 0.868 0.855 0.855 0.868 0.867 0.842 0.855 0.853
R sqrd adj 0.867 0.854 0.854 0.867 0.866 0.840 0.853 0.852
F 819.956 774.088 777.446 863.204 861.503 740.757 818.945 809.588
Sstand. error 0.015

@o@’ps: Absolute value of t statistics in parentheses.

© o Significant at 10%; ** significant at 5%; *** significant at 1%.

Sodrce: Author’s calculations based on results of income estimates in Chapter 1.
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Table 2.16 Regression results — Pro-Poor-Growth Panels

1) ) 3) “@ (5) (6) ()] ® 9
(Constant) 0.86 0.48 1.01 0.84 I
(5_61)*** (4 88)*** (7 65)*** (5 04)*** (S 839)2** 5 g;g*** 0.94*** 0-55‘** 0‘83‘*
hage92 0.00 0.00 0.00 0.00 o s (7'370)0 (183;32) (4‘3930
. (7.850);** (6.3%);** I (1)2)*** (LT3 (TIT)***  (6.63)%**  (1.00)**  (6.68)***  (1.70)***
ecir : . 00 0.00 0.00 0.00 0.00 0.00 0.00
- (10.81)*%  (10.71)***  (10.79)** (10.55)*** (10.81)*** (10.72)*** (10.81y*** (10.73)** (10.55)%**
giniy92 149 137 122 -1.47 -0.06 -1.42 -0.06 123
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2.7 Discussion

The two most important findings of this study are that (1) income inequality
does not necessarily have a negative effect on growth, but the observed decrease
in income inequality in all models carried out harms growth; and (2) education
(human capital) inequality has mixed effects on growth, depending on the initial
level of education inequality. An increase in education inequality harms growth
and a decrease in education inequality benefits growth. Furthermore, (3) in the
Paraguayan case, the effects of changes in inequality are larger than the effects
of inequality itself and (4) inequality effects and the effects of their change are
bigger then family-group or employment sector effects. (5) There is almost no
PPG in urban areas and in rural areas it is related to groups of individuals but not
to geographical location. (6) A lower population growth (decrease in the total
number of individuals per household) is negative for growth and (7) female-
headed households are better off, regarding income growth. The first of these
findings is mainly in line with cross-country evidence in Birdsall and Londono
(1997), while the second result contrasts with findings in that paper, but supports
findings by Schipper and Hoogeveen (2004).

This second point may appear somewhat counter intuitive at first sight: growth is
enhanced when human capital (or access to it) of the household head is more un-
equally distributed. The key to understanding what is going on is the fact that we
control for district mean level of education: this means that our conclusion is
that at a given mean level of human capital, a more unequal distribution of this
capital is good for growth. Nevertheless, there is some weak evidence in Para-
guayan data that this is not true at any level, because for higher levels of educa-
tion inequality in Paraguay its effect on growth is negative (Remaining Urban
region) or tends to be negative (Central Urban region) but has positive effects on
growth in Rural area (and by this on PPG). Elbers and Gunning (2004) show that
our result is to be expected in a Ramsey growth model: under the condition that
the production function is convex in human capital, a mean-preserving spread in
human capital results in higher output growth. For instance, suppose we were to
redistribute one year of education from someone with low educational attain-
ment to someone who is reasonably well educated. This would make the distri-
bution of human capital more unequal while keeping the mean constant. How-
ever, if the increase in output by the well-educated person exceeds the decline
for the less well-educated person, then the increased spread in education has a
positive effect on growth — as long as the mean level of education is kept con-
stant.

Mean preserving spreads in human capital are not possible within a given popu-
lation; they only exist in theoretical expeérimentsior- iistheJong3fum that is,
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over generations. In reality, the mean level of education and inequality change
simultaneously. In rural Paraguay, where a positive effect of education inequal-
ity on growth was found, education inequality — as measured by the Gini coeffi-
cient — has a negative correlation with the average level of education (see Figure
2.1). In theory, the implication of such a correlation is that, while raising the
general level of education through policies like universal primary education will
be good for growth; its positive effects will be partly offset by an expected asso-
ciated decline in the education inequality. Nevertheless, for rural Paraguay the
empirical evidence is that even if mean household heads education increased,
education inequality also increased. This increase in education inequality
harmed growth, even if the initial level of education inequality seems to have
been an advantage. This evidence combined with results from different urban
areas in Paraguay (where an education inequality higher than in rural area was
harmful for growth) confirms the hypothesis that for a given level of inequality
in relation to a given number of years of schooling, a higher level of education
inequality can be a benefit, however, this is not that any higher level of educa-
tion inequality has this same effect.

Figure 2.1 District means of education and education inequality of house-
hold head in rural Paraguay (1992)
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The larger effects of changes in inequality compared with the effects of inequal-
ity itself on growth are consistent with Paraguayan macro-economic and busi-
ness cycles history, as well as with its education politics during this business cy-
cle. A decreasing growth and beginning recession reduces growth. For all three
different urban areas, annual growth rates of per capita income are negative,
while the rural rate is positive but small. At the same time, an increase in educa-
Fion was driven'by an edl'lcati.on refqrm that sjtﬁgitegsigt%}r_gg})g%_i% l_gg;’;lé froduc-
ing a decrease in educatign neguality,gnly,in, ihe Asynion and Cénral, Drban
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areas. Within a context of economic recession, finally these effects happen to be
stronger than most of the observed changes inside families or regarding em-
ployment opportunities.

The PPG related to groups of individuals and not to geographic location indi-
cates that the sort of PPG we observe in Paraguay is related more to opportuni-
ties and less to structural changes or other effects. As a matter of fact, there were
few structural changes in the rural economy in Paraguay over the period ob-
served. Most of the rural PPG opportunities could be related to new cash crop
farming and their export, such as sesame and some varieties of organic cotton.
Unfortunately our census database cannot link the empirical evidence with the
production sector data, since we are working with a pseudo panel and not pure
household micro-data.

Finally, a decrease in the total number of individuals per household (consistent
with fertility decrease during this period) is negatively related to growth, even if
a decrease in the number of children per household is not. In a way, we could
consider that less people per household in general equals a lower working force
and a lower capacity of generating income. On the other hand, if annual income
growth rates are negative, less people in a household should impulse an increase
in per capita income. This is possibly a spurious relation, because per capita in-
come and number of people per household decreased simultaneously.

Rethinking all these results from an income-mobility point of view; remember
that the initial level of income can be understood as a proxy for family back-
ground and initial education level as a proxy for institutional opportunities to
develop talent. Also remember that initial income inequality was considerably
high and slightly decreasing during the observation period, while education ine-
quality was lower and moved in different directions for the different regions. If
initially higher levels of income facilitate upward income mobility and a higher
income inequality benefits that process, we should expect that this effect benefits
a more middle class kind of household. If inequality supports growth, it is easier
to grow, but at the same time more difficult to reduce poverty, which in the end
would be a strong income growth for low-income groups. Remember that in our
results, initial levels of education have almost no effect on growth and education
(human capital) inequality has mixed effects on growth, depending on the initial
level of education inequality, with an increase in education inequality that harms
growth and a decrease of education inequality that benefits growth. If so, the
best combination for upward income mobility would be a high level of initial in-
come in an area with high-income inequality and an institutional capacity to
widen education opportunities in a way that education inequality decreases. This
combination can be found in the PPG sub panel (97% rural area) and for Central

Urban area. Nevertheless, in both areas, poversyCiirsredséds diringSthecobserva-
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tion period. Consequently, in Central Urban area, it might have been a middle
class phenomenon and for PPG panels and rural area, even if there were positive
growth and income mobility effects, they may not have been strong enough to
get households out of poverty and there may have been some downward mobil-
ity as well.

2.8 Conclusions

We estimated the effect of income and education inequality on growth, using
imputed data on income inequality and growth for small administrative units in
Paraguay (districts), along with census data for education inequality; all this
based on a pseudo panel data set. Carrying out this kind of analysis for a specific
country has important benefits. First, it avoids data comparability problems that
typically affect cross-country growth regressions. Moreover, by identifying the
effects of inequality on growth for a given country, country specificity is taken
into account. This enhances the relevance of our results for local policy makers.

In the empirical section we adjusted the standard errors of variable coefficients
for the fact that some regressors are imputed; in our case initial income levels
and income inequality, and therefore associated with a standard error. The ad-
justments are considerable; they typically increase standard errors from a factor
0.5 up to 22, using five different models for different areas or groups of house-
holds. Our models are not alone in using imputed variables. Most growth regres-
sions do so by relying on GDP or survey based inequality estimates, for in-
stance. This puts into question the significance of some of the inequality and
growth results reported elsewhere.

Our results show for rural Paraguay that higher levels of education inequality
enhance growth. Controlling for the level of educational attainment, larger varia-
tion in education is here good for growth. The latter finding is plausible if the
production function is convex in ability, something that can be illustrated with a
Ramsey type household growth model. Nevertheless, we find opposed results for
urban areas, where education inequality is higher. Our results also show that
higher income inequality does not have a uniform effect on growth (it tends to
be more harmful in larger urban areas) and that effects of changes in inequality
on growth are larger than the effect of inequality itself, this is for both, education
and income.

What does this mean for policy in Paraguay? If policymakers are mostly inter-
ested in growth, they should be more concerned on income inequality in urban
areas and on education inequalities in rural Paraguay. Income inequality is an

important issue for income growth in urbaritareas (and-miore-impostatin the
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Asuncion and Central Urban areas), in a consistent way with the rapidly increas-
ing urban poverty. Fighting urban poverty must consider income inequality. At
the same time, the impact of income inequality in rural areas is much less of a
problem. Also, education inequality is a greater problem in urban areas, but poli-
tics seem to be on track with a certain success of targeting urban education ser-
vices, since urban education inequality tends to go down, which benefits income
growth. For rural areas, the problem is more sophisticated. Even if initial educa-
tion inequality benefited rural income growth, a badly targeted or non-universal
policy implementation of education reform in rural area, increased education
inequality, which in theory harms growth. If, for intrinsic reasons or otherwise,
policy makers are interested in reducing education inequality, our results suggest
that this would damage growth, but only if the policy was pursued by keeping
the mean level of education constant. In practice a policy aimed at reducing ine-
quality in education will almost always be mean increasing.

Finally, even if the poverty map exercise which preceded this paper suggested
that there are important spatial effects on poverty levels, we did not find spatial
effects for a PPG evidence, which seems to be more of a result of individuals
and group dynamics and access to (labour and employment) opportunities. For
politics this should mean that there is no need for a special growth strategy for
special areas in the country as long as there will be new opportunities for almost
all of the working force and not only opportunities for a few (which would in-
crease income inequality).

Thomas Otter - 978-3-631-75367-5
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Chapter 3

Characterization of inequality changes through microeconometric
decomposition

Paraguay 1992 - 2005
3.1 Introduction

The main economic variables have oscillated widely during the 1992 — 2005 pe-
riod in Paraguay, in association with some macroeconomic and structural trans-
formations, but also following general growth trends and business cycles in the
South American region. This can be separated into three sub-periods; 1992 to
1998, 1999 to 2002 and 2003 to 2005.

During the early eighties, the Paraguayan economy benefited from high public
investment rates resulting from the construction of the Itaipu and Yacyreta hy-
dro-electric power plants. The country made its own way of stability and growth
during a period of hyperinflations and external debt crisis in many South Ameri-
can countries. Nevertheless, its economy fell into a growth crisis (still avoiding
debt crisis and hyperinflation) during the second half of the eighties, once the
construction period of the hydroelectric power plants came to an end. During the
first half of the nineties, Paraguayan economy recovered from recession, now
driven by agricultural production and a re-export business boom, based on spe-
cial arrangements for duty rates for electric and electronic equipment imported
to the MERCOSUR (Mercado Comun del Sur - regional free trade agreement
established in 1991 by Argentina, Brazil, Paraguay and Uruguay) region via
Paraguay. The agricultural success was based on a recovery of international cot-
ton prices, combined with a successful cotton extension program for small farm-
ers within the country and a quick and widespread expansion of mechanized
soybean farming. The commercial success with electric and electronic compo-
nents was based on re-export. Paraguayan import duty rates from outside
MERCOSUR were so low, that Brazilian and Argentine enterprises would prefer
to buy these products re-exported from Paraguay, rather than importing them-
selves from outside MERCOSUR, which would have meant higher duty rates.
Before this background, Paraguayan GDP per capita grew until 1995 and then
remained relatively stable until 1998. The per capita income®® Gini coefficient
fell from 55.8 to 54.0. Mean per capita growth was 0.63% and poverty dropped
from 38.2% to 32.1%.

26 Including all kinds of income, labour income, non-labour income and imputed
values for own housing.
Thomas Otter - 978-3-631-75367-5
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The period between 1999 and 2002 saw great political instability. Weak and un-
concluded structural reform processes in the economy, which had begun in the
nineties, were terminated. Small-scale cotton farming entered a deep crisis due
to falling international prices and considerable parasite problems, combined with
adverse climatic conditions (El Nifio phenomenon), affecting agriculture in gen-
eral. External shocks such as the Brazilian devaluation during global finance cri-
sis and the Argentine default strongly hit the country. Per capita growth was -
2.6% and poverty leaped to more than 46%. Gini coefficient for income inequal-
ity ascended to 56.1. As from 2003, political changes brought the country back
to a more stable course. A tax reform and institutional improvements in Gov-
ernment provided more and new revenues to the treasury. Public expenditure,
including social expenditure went up. Economy was benefited by a regional re-
covery. In the production sector, this period is marked by an important growth of
livestock and meat exports. Per capita GDP grew 2.0% on average, while pov-
erty went down to 38.2% and Gini coefficient to 52.8.

However, the reasons behind these changes in inequality are more varied and
complex than just a macroeconomic history could tell. The main purpose of this
paper is to assess the relevance of some forces that are believed to have affected
income inequality in Paraguay between 1992 and 2005. More specifically, the
microeconometric decomposition methodology proposed by Bourguignon,
Ferreira and Lustig (1998) has been used to measure the relevance of various
factors, which appear to have driven changes in inequality. In particular, this
methodology has been used to identify to what extent changes in the returns to
education and experience, in the endowments of unobservable factors (such as
individual’s innate ability) and their returns, in the wage gap between men and
women, in labour market participation and hours of work, and in the educational
structure of the population contribute to explain the observed changes in income
distribution.

The results of this paper suggest that the smaller change in inequality between
1992 and 1997/98 is mainly as a result of employment (including hours of work)
and education effects, characterized by a primary schooling expansion. The lar-
ger inequality reduction effect after 1997 is due to returns to education, hours of
work (since unemployment increased) and unobservable factors.

The rest of the paper is organized as follows. Section 2 presents the decomposi-
tion methodology implemented to assess the relevance of those factors. Section
3 shows the basic facts and discusses some factors that may have affected ine-
quality during the last two decades, while section 4 explains the estimation strat-
egy. The main results of the analysis are presented in section 5. The paper con-
cludes with some brief final comments in section s Otter - 978-3-631-75367-5
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3.2 Methodology

Many different forces exist behind the long-run changes in income distributions
or, more generally, distributions of economic welfare, within a population. Some
of these forces have to do with changes in the distribution of factor endowments
and socio-demographic characteristics, while others have to do with the returns
these endowments produce and others with changes in populations’ behaviour
such as labour supply, consumption patterns or the decision on whether or not to
have children. These forces are not independent from each other. This is what
makes it difficult to precisely identify fundamental causes and mechanisms be-
hind the dynamics of income distribution. Decomposition techniques are used to
identify causes of distributional changes. Traditional techniques explain differ-
ences in scalar summary measures of distributions rather than in full distribu-
tions. The best known of these techniques is the Qaxaca-Blinder decomposition
of differences in mean incomes across population groups with different charac-
teristics (Blinder 1973; Oaxaca 1973) and the variance-like decomposition prop-
erty of the so-called decomposable summary inequality measures (Bourguignon
1979; Cowell 1980; Shorocks 1980). In both cases, the underlying logic is that
the aggregate mean income (or inequality measure) in a population is the result
of the aggregation of various socio-demographic groups of income sources.
Thus, changes of overall mean or inequality measure can be explained by identi-
fying changes in the means and inequality measures within those groups or in-
come sources, and in their weights in the population or in total income.

The new focus on poverty and inequality reduction, which increasingly drives
development policy, currently requires new analysis techniques on the shape of
distribution, for example, in the vicinity of and below the poverty line. In terms
of the Oaxaca-Blinder approach, the issue is to know not so much whether mean
earnings are lower for women then for men, since the former may have less av-
erage education, as whether the differences are greater or smaller for the bottom
part of the earnings distribution. Answering this kind of questions requires han-
dling the whole distribution rather than summary measures. To assess the rele-
vance of the various factors on income inequality changes, handling whole dis-
tributions, a microeconometric decomposition methodology first proposed by
Bourguignon, Ferreira and Lustig (1998) was tailored to the Paraguayan case.

27 Variants of the basic methodology have been applied in Altimir, Beccaria and
Gonzalez Rozada (2000), Bourguignon, Gurgand and Fournier (1999), Bouillon,
Gasparini, Marchionni and Sosa (2000), Legovini and Lustig (1998) and Ferreira

and Paes de Barros (1999), amongst othet§.omas Otter - 978-3-631-75367-5
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The basic model

The decomposition of a distributional change essentially consists of contrasting
representations of the income-generation process (evaluating differences in es-
timated parameters) for two different distributions (two points in time) on the
one hand, and accounting for changes in the joint distribution of endowments, on
the other. Bourguignon, Ferreira and Lustig (1998) use parametric representation
of inequality changes, because the parameters lead themselves directly to rele-
vant economic interpretations.

More formally, a parametric representation of an income generation process can
be defined by a set of variables X = (¥, W) where specific combinations of indi-
vidual characteristics ¥ and the values of these individual characteristics W are
defining groups. A general parametric representation of the conditional functions
g' (. w)and " (V|W)relates y and (¥, W) on the one hand, and ¥ and W on the
other, according to some predetermined functional form. These relationships can
be denoted as follows:

y=GlV,W,&Q,] 3.1
V=H[W,n;® ] (3.2)

Where Q, and @, are sets of parameters and ¢ and nare random variables - 7 is
a vector if V'is a vector. These random variables play a similar role to the resid-
ual term in standard regressions. They are meant to represent the dispersion of
income y or individual characteristics ¥ for given values of individual character-
istics (¥, W), and W, respectively. They are also assumed to be distributed inde-
pendently of theses characteristics, according to density functions z*and u°.
The functions G and H have pre-imposed functional forms.

If this model were to be applied to the distribution of individual earnings, the
methodology would be rather simple. Ignoring the partition of X into exogenous
characteristics (W) and non-exogenous individual characteristics (V), a simple
parametric representation of individual earnings as a function of individual char-
acteristics is given by:

Logy; =X -Q+¢ 3.3)
In this particular case, the function of G( ) is thus as follows:
G(X,&Q)=e*™* (&X))
To obtain estimates for the set of parameters Q and for the distribution of the
random termé&, one may rely on standard &éconemettic -t8chitiGaes’SRinning a
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regression on samples of the observations / available at time 7,

Logy =X/ -Q, +¢&f (3.5

yields an estimate of the set of parameters €2, as well as of the distribution 7,
of the random term. Then, counterfactuals D can be computed easily. Without
the (¥, W) distinction, a counterfactual is defined as D(y,7;Q2), where y(W,7)
is the joint distribution of the exogenous components of (¥, W). In discrete rep-
resentation {y,-}’ = (¥1,Y2>»Y o) Of the distribution at time 7 , where N, is the
number of observations in the sample available at time 7 =¢,¢', it is identically
the case that

D(;(,,n,Q,)={y,.}'_ (3.6)
The counterfactual, D(y,,7,,Q,)={y,}5", is obtained by computing:

Log(y)5" = X! -Q, +é! fori=1,2,..., N

1

(3.7)

where the notation ”~ stands for OLS estimates. The counterfactual is thus ob-
tained by simulating the preceding model on the sample of observations avail-
able at time ¢. This simulation shows what would have been the earnings of each
individual of the sample if the returns to each of the observed characteristics had
been those observed at time ¢'rather than the actual returns at time ¢. The returns
to the unobservable characteristics that may be behind the residual term & are
supposed to be unchanged, nonetheless. This is equivalent to the evaluation of
the price effect for observed characteristics of the Oaxaca-Blinder calculation.
The difference is that the evaluation is carried out for every individual in the
sample. The counterfactual of the distribution of the random term
D(x,,7,,Q,)={y;}q" is a little more difficult to construct. Importing the distri-
bution of residuals from time ¢'to time ¢ requires an operation known as rank-
preserving-transformation, whereby the residual in the n” percentile (of residu-
als) at time ¢ is replaced by the residual in the n” percentile at time ¢', for all n.
As the operation is not immediate when the number of observations is not the
same in the two samples, an approximate solution is used. It consists of assum-
ing that both distributions of residual terms are the same up to a proportional
transformation. An example would be if residuals were normally distributed,
with mean zero. The rank-preserving-transformation is then equivalent to multi-
plying the residual observed at time ¢ by the ratio of standard deviation at time
t'andt. D(x,,7,,Q,)={y:}a" is thus defined by:

Log(y)." =X -Q,+& (6,/6,) fori=1,2,..., N, 3.8)
Thomas Otter - 978-3-631-75367-5
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With those counterfactuals at hand, estimates for the contribution to the ob-
served overall distributional change between ¢ and ¢ of the change in the Q pa-
rameters, in the distribution of residuals (x), and possibly even of these two
changes taken together, may easily be found. The effect of changing the distribu-
tion of individual endowments, X, is obtained as the complement of the two pre-
vious changes:

v} -D(x,. 7, Q). (3.9)

Adaptation to Paraguayan data

Let Yit be individual’s i labour income at time ¢, which can be written as a func-
tion F of the vector Xit of individual observable characteristics affecting wages
and employment, the vector ¢; of unobservable characteristics, the vector b, of
parameters that determine market hourly wages and the vector /, of parameters
that affect employment outcomes (participation and hours of work).

Yir= F(Xij€it, B, ) i=1, ., N (3.10)
The distribution of individual labour income can be represented as:
De={Y1t, ..., YNt } @3.11)

We can simulate individual labour incomes by changing one or more arguments
in equation (3.10). For instance, the following expression represents labour in-
come that individual’s i would have earned in time ¢ if the parameters determin-
ing wages had been those of time ¢’, keeping all other things constant.

Yit(ﬁt'.)=F(Xit,5it; Bt’u )‘t)i=1, v N (312)

More generally, we can define Yiz(kt’) where k is any set of arguments in (3.10).
Hence, the simulated distribution will be:

Dy (ke ) ={X¢ (ke ), oo YNE (ke )} (3.13)

The contribution to the overall change in the distribution of a change in & be-
tween ¢ and ¢, holding all else constant, can be obtained by comparing (3.11)
and (3.13). Although we can make the comparisons in terms of the whole distri-
butions, in this paper we only compare inequality indices (D). Therefore, the
effect of a change in argument £ is defined by:

I(D (ke )] -1 DD * (3.14)

Thomas Otter - 978-3-631-75367-5
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This paper is devoted to discuss the following effects:

® Returns to education (k = 3 ) measures the effggt of changes in the pa-
rameters that relate educagion to hourly wages (8 ) on inequality.

* Gender wage gap (k = ') measures the effect of changes in the parame-
ters that relate gender to hour]y wages (8') on inequality.

® Returns to experience (k = 8 ) measures the effect of changes in the pa-
rameters that relate experience (or age) to hourly wages (8 ) on inequal-
ity. "

e Endowment and returns to unobservable factors (k=e ) measures the ef-
fect of changes in the unobservable factors and their remunerations affect-
ing hourly wages (e ) on inequality.

e Hours of work and employment (k = \) measures the effect of changes in
the parameters that determine hours of work and labour market participa-
tion () on inequgljty.

e Education (k=X ) meggures the effect of changes in the educational lev-
els of the population (X ) on inequality.

The previous discussion refers to the distribution of individual earnings. How-
ever, it is more relevant from a social point of view to study the distribution of
household income since a person’s utility usually depends not on their own earn-
ings, but on their household income and demographic composition. Following
Buhmann et al. (1988), equivalent housgho]d income is given by:

V=2, +Y,§)/[Za,~] i=1,..,N (3.15)
Jjeh Jjeh

where Y7 stands for equivalent household income, 4 is the household, ¥’ is the

income from other sources, a is the equivalent adult and ¢ captures household

economies of scale. The distribution of equivalent household income can be ex-
pressed as:

De={Y1¢, ..., YNt } (3.16)

Changing argument £ to its value in ¢’ yields the following simulated equivalent
household income in year #:

Yi)u(kl')=Z(er(k:’)+yj?)/(zaj)e i= 1’ ""N (3'17)
Hence, the simulated distribution is:
Dy ={ Yt (kt"), .., Y Neke )} (3.18)

Fhomas Otter=978=-3-651+75367-5
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100 Income inequality in Paraguay

The effect of a change in argument £, holding all else constant, on equivalent
household inequality is given by*’:

(D% (k¢ )1 -1 (D). (3.19)
3.3 Income inequality in Paraguay: basic facts and sources of change

Per capita income inequality in Paraguay during the nineties has a generally
negative tendency, rising during economic and political crisis between 1999 and
2002 and then recovering its path towards reduction. Figure 3.1 shows the Gini
coefficient of per capita household income between 1992 and 2005 in Paraguay,
combined with poverty headcount measures and GDP per capita.>® Only since
2001 is there a yearly update of poverty and inequality measures in Paraguay.

Figure 3.1 Gini coefficient of Per Capita Household Income Distribution,
Poverty and GDP per capita in Paraguay, 1992 - 2005
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Source: Author’s calculations based on EPH and EIH of National University and DGEEC for
poverty and inequality. GDP data from the Banco Central del Paraguay.

For simplicity, this study focuses on three years of relative macroeconomic sta-

29 In the empirical implementation we ignore income from other than labour
sources Yjt and we consider all individuals such that Y >0 and Y/ (k,.)20.

30 The 1992 survey was carried out by the Universidad Nacional de Asuncion, while
the 1995 to 2005 surveys are Encuestas Permanentes de Hogares (EPH) or En-
cuestas Integrales de Hogares (EIH, only 1997/98 and 2000/01) carried out by the
National Statistical Office (Direccion General.de-Estadisticag Encuestasy;Censo -
DGEEC). Downloaded from PubFactory at 01/11/2019 05:51:05AM
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bility separated by almost equal intervals: 1992, 1997/98 and 2005*'. The analy-
sis was restricted to labour income mainly for two reasons. (i) Permanent
Household Surveys (EPH) and Integrated Household Surveys (EIH) have vari-
ous deficiencies in capturing capital income, and (ii) modelling capital income
and retirement payments is not an easy task, especially considering the scarce
information included in the surveys. Households whose heads or spouses are
older than 64, or receive retirement payments, were ignored. The following
analysis concentrates on the distribution of individual labour income® and on
the distribution of equivalent® household labour income.

Table 3.1 Income Distribution in Paraguay, Selected Years (Gini coeffi-

cient)
Type of distribution 1992 1997/98 2005
Labour income 0.589 0.553 0.490
Equivalent household labour income 0.606 0.584 0.528

Source: Author’s calculations based on EPH and EIH of National University and DGEEC.

Table 3.1 shows the basic facts to be characterized in the paper: inequality in in-
dividual labour income and in equivalent household labour income, as measured
by the Gini, dropped almost ten percentage points between 1992 and 2005. In-
terestingly, labour income inequality reduction is stronger than equivalent
household labour income reduction. Reduction between 1997/98 and 2005 is
much stronger than between 1992 and 1997/98, even if the first period contains a
sub-period of economic, political and social crisis where inequality grew. One
possible reason for the stronger decrease of inequality in labour income, com-
pared with inequality in household income, may lie in changes in non-labour in-
come sources. Main non-labour income sources in Paraguayan income survey
measures are the imputed value on own housing and transfers from family mem-
bers inside and outside the country. Mainly the poor are benefited from imputed
values for own housing, no matter how precarious their housing might be. There
is an underdeveloped market for renting houses or apartments. It is nearly exclu-
sively an urban phenomenon, restricted to rich households that can afford to pay

31 1992 and 1995 surveys report income for September, EIH 1997/98 for February of
1998, 1999 for September, 2000/01 for March 2001 and starting from 2002 all in-
comes for November.

32 Labour income comprises wage earnings and self-employed earnings.

33 Following Buhmann et al. (1988) the equivalent household income is obtained by
dividing household income by the number of equivalent adults raised to 0.8, a pa-
rameter which implies mild household economies of scale. Since there is no offi-
cial measurement of equivalent adult scales from DGEEC in Paraguay, general
scales with 0.4 for children < 5 years of age; Q3 forchildrens>; 5 years of;age, and
< 16 years of age anddvihforalliindividuals:>d4 years-of ageowere applied.
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102 Income inequality in Paraguay

rent. Cash transfer from private sector to Paraguayan households came mainly
from Argentina during the nineties and since 2003 with an increasing degree
from Spain and the US. Private sector cash transfers are distributed all over soci-
ety, from very poor to very rich. In 1992 private cash transfers were 1.8% of to-
tal household income, 4.3% in 1997/98 and 4.7% in 2005. Other possible
sources for differences in changes between labour and household income are
changes in marriage markets or changes in household composition (total number
of individuals per household). Regression results in the next chapter will give
some hints on these points. There are almost no public cash transfers, apart from
very small pension payments, but pension recipients were excluded from the
analysis by definition. An innumerable number of factors may have caused the
changes in inequality documented in Table 3.1. We will concentrate on seven of
these: (i) returns to education, (ii) the gender wage gap,** (iii) returns to experi-
ence, (iv) the dispersion in the endowment of unobservable factors and their re-
turns, (v) hours of work, (vi) labour market participation, and (vii) the education
of the working-able population.

3.3.1 Returns to education

An increase in the returns to education implies a widening of the wage gap be-
tween high and low educated workers, which in turn would imply a more un-
equal distribution of individual earnings and probably a more unequal distribu-
tion of household income. Table 3.2 shows hourly earnings in constant
Guaranies (Gs.) in 2005 for workers between 12 and 64 with valid and complete
answers. The average wage increased 5.3% between 1992 and 1997/98 and
dropped 7.8% during the next seven years. Changes were not consistent among
educational groups. In the first period of the analysis we had winners and losers.
While incomes for workers who had not finished primary education increased
slightly, the wages for the next two groups, complete primary education and in-
complete secondary education, dropped considerably. Dramatic increases were
observed for complete secondary and complete or incomplete college education.
In the 1997/98 — 2005 period the losses of income were generalized for all in-
come groups except for primary incomplete education. Losses for higher educa-
tion are stronger than for lower education. Table 3.2 is a first piece of evidence
that changes in relative wages among schooling groups implied an increase in
earnings inequality between 1992 and 1997/98 and a decrease thereafter.

34 Throughout this paper “wage” refers to heurly labour, ingeme garned; by -wage-
workers and self-emplayed warkers;om PubFactory at 01/11/2019 05:51:05AM
via free access
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Table 3.2 Hourly Earnings by Educational Level in Paraguay, Selected

Years
Means (Gs. 2005) Changes (percent)

Educational Level 1992 1997/98 2005 1992-1998 1998-2005 1992-2005
Primary incomplete | 3,000.6 3,131.7 3,207.5 4.4 24 6.9
Primary complete 4,635.7 4,276.3 3,547.7 -7.8 -17.0 -23.5
Secondary incopl. 6,035.0 54775 3,9984 9.2 -27.0 -33.7
Secondary complete | 8,145.8 10,226.9 6,525.8 25.5 -36.2 -19.9
College incomplete | 11,763.0 16,081.3 10,040.8 36.7 -37.6 -14.6
College complete 20,957.6 28,811.8 18,594.8 375 -35.5 -11.3
Total 5,746.9 6,051.1 5,580.1 53 -7.8 -2.9

Source: Author’s calculations based on EPH and EIH of National University and DGEEC.

Table 3.3 shows the results of Mincerian log hourly earning functions estimated
using the Heckman procedure to correct for sample selection. The first three
columns refer to household heads (mostly men) and the rest to spouses (nearly
all women) and other members of the family (roughly half men and half
women), respectively. A gender dummy, age and age squared and a dummy for
youngsters less than 18 years old (only relevant for other members) are included
in the regression. In addition to these variables, the selection equation includes
marital status, number of children and a dummy that takes the value “1” when
the individual attends school. Following Bourguignon et al. (1999) it is assumed
that labour market participation choices are made within the household in a se-
quential fashion. Spouses take the head’s labour market status into consideration
to decide whether to enter the labour market or not. Other members of the family
consider both the head and the spouse labour market status.

The coefficients for years of education are positive and returns to education are
always positive. For family heads in 1992, one additional year of schooling in-
creases in the mean hourly wages in 11.3%, keeping all other factors constant.
The same figure for 1997/98 and 2005 is 15.4% and 10.9%, respectively. It is
interesting to observe that spouses hourly wage determination follows the same
path of the heads hourly wage. It also increases (from 7.5% to 13.2%) between
1992 and 1997/98 and then drops again (to 10.7%) in 2005, but there is no such
path for other family members who lose income in each period. Figure 3.2
shows the predicted hourly earnings for all different years of education. The first
panel refers to male heads and the second to other male members, both with age
kept constant at 40.

Thomas Otter - 978-3-631-75367-5
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Table 3.3 Log-Hourly Earnings Equation Applied to Paraguay, Selected Years

Head of household Spouse Other family members
1992 1997/98 2005 1992 1997/98 2005 1992 1997/98 2005
Dependent variable: log (In) hourly earnings equation
Years of education 0.1136 0.1543 0.1085 0.0752 0.1321 0.1073 0.1284 0.0772 0.0768
(32.26) ***  (34.51)***  (24.8)*** (8.99) ***  (11.15)***  (9.15)*** (27.04) *** (12.9)%**  (14.77)%**
Male 0.0256 0.1405 0.1199 -0.1386 -0.0924 0.0241 0.3447 -0.3199 -0.1713
(0.37) (1.93)* (2.21)** (-0.94) (-0.51) (0.16) (A1S) s (-7.64)%**x  (4775)%**
Age 0.0505 0.0649 0.0522 -0.0203 0.0167 -0.0041 0.0720 -0.0654 -0.0055
(4.73) *** (5.11)%**  (4.17)*** (-0.94) (0.59) (-0.14) (5.99) ***  (4.27)*** (-0.4)
Age squared -0.0005 -0.0007 -0.0005 0.0003 0.0000 0.0001 -0.0008 0.0010 0.0002
o (-3.82) ***  (4.65)%**  (-3.34)%** (1.24) (-0.08) (0.36) (4.81) ¥**  (4.44)*%** (1.04)
g\llarried 0.0499 0.0614 0.1747
3 (0.94) (0.99) (3.21)%**
SNumber of children -0.0249 -0.0480 -0.0131 0.0329 0.0207 0.0301
& (-2.85) **  (-4.85)*** (-1.26) (1.72) * (1.02) (1.61)
SYounger than 18 -0.0421 -0.1258 0.0225
o (-0.65) (-1.75)* (0.35)
SAttending school 0.4617 -0.3056 0.2641 0.3160 0.0185 0.1834 -0.6561 0.4409 0.2816
-CU (3.45) ** (-1.87)* (2.69)*** (1.51) (0.09) (1.35) (4.69) ¥**  (7.66)*** (5.8)***
SHead employed -0.0024 -0.0131
23 (-0.02) (-0.15)
E8ppuse employed 0.1101 -0.1526
“; o (2.69)***  (-3.74)%**
"oCﬁstant 6.5217 5.7516 6.0895 8.5570 6.9314 7.3270 5.4475 9.3568 7.8517
=0 (27.84) ***  (21.8)***  (23.09)*** | (16.95) ***  (9.87)***  (9.64)*** | (25.07) ***  (35.93)%**  (32.46)***
= Selection equation: dependent variable = 1 if hourly earnings > 0
g{grs of education 0.0397 0.0322 0.0416 0.0632 0.0627 0.0625 0.0856 0.0313 0.0351
= & (5.66) *** (3.6)*** (6.63)*** (10.6) *** (7.89)*** (9.21)*** | (13.36) *** (5.32)%=** (6.46)***
g\dge 0.8162 1.1582 0.6800 0.8226 1.5301 1.0532 1.0269 0.4591 0.3073
as (8.99) ***  (13.01)***  (10.3)*** | (531)***  (9.29)***  (9.95)%** | (22.64) ***  (12.46)***  (8.5)***
“Agd 0.0827 0.1137 0.0920 0.1263 0.1470 0.1446 0.1208 0.1703 0.1588
o (4.6) *** (5.54)***  (5.78)*** (7.8) ***  (-8.45)***  (-B.15)*** | (8.83) ***  (12.52)***  (12.03)***
>
=
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Age squared -0.0012 -0.0015 -0.0013 -0.0016 -0.0017 -0.0017 -0.0017 -0.0023 -0.0021
(-5.82) ***  (-6.29)***  (-7.05)%** | (-8.02) ***  (-8.45)***  (-B.15)%** | (-9.29) ***  (-11.79)%** (-11.44)***
Married 0.2360 0.1988 -0.0662
(2.65) * (1.83)* (-0.89)
Number of children 0.0023 -0.0427 -0.0265 -0.0786 -0.0845 -0.0442
(0.14) (-2.52)** (-2.03)** | (4.97) ***  (-6.1)*** (-2.9)%**
Younger than 18 -0.1873 0.0021 -0.0453
(-2.44) ** (0.03) (-0.7)
Attending school -0.6388 -0.4046 -0.0641 -0.3678 0.2566 0.4632 -2.3547 -0.6566 -0.5385
(-3.35) ** (-1.66)* (-0.4) (-1.91) (1.14) (2.99)%** | (3267)***  (-13.59)***  (-11.4)%*x
SHead employed -0.2269 -0.0389
§ (-2.3)** (-0.42)
cSpouse employed -0.2405 -0.0763
a (-2.8)%** (-1.33)
rban area 0.2152 -0.2547 0.7286 0.5563 0.2263 0.4028 -0.2762 0.4805 0.5439
3 (2.62) * (-3.19)***  (14.37)*** | (8.06) *** (3.55)%* (7.4)*** | (4.51)**F*  (13.85)%** (15.37)%**
ZConstant -1.2408 -1.4395 -1.8780 -3.5590 -3.1358 -3.6446 -2.2127 -3.2267 -3.1761
T (-3.43) ** (-3.49)***  (-5.72)*** | (-11.88) ***  (-10)***  (-10.75)*** | (-9.88) ***  (-14.84)¥**  (-15)%**
o
:Ehéi'lber of observations 4,158 3,690 3,792 3,260 2,925 2,787 6,143 6,116 6,356
é”:ejsored observations 544 391 1,107 2,257 1,609 1,646 3,657 3,839 4,081
Ufi¢ensored observations 3,614 3,299 2,685 1,003 1,316 1,141 2,486 2,277 2,275
Clbsquared 1,319.1 1,482.7 714.1 136.1 277.1 217.9 1,070.1 470.8 425.8
Lag likelihood -5,886.8 -5,651.1 -5,352.3 -2,955.3 -3,645.9 -3,077.5 -5,077.8 -5,789.3 -5,773.4
Rho -0.2797 0.3074 -0.3532 -0.5951 -0.3101 -0.4089 0.5197 -0.8431 -0.7718
%i&la 0.8643 1.0072 0.8864 0.8852 1.0301 0.9115 0.8478 1.0756 0.9290
Qdiibda -0.2417 0.3096 -0.3130 -0.5267 -0.3194 -0.3728 0.4406 -0.9068 -0.7171
! @tés Data represent Heckman maximum likelihood estimation; z values are in parentheses. Data cover all individuals between 12 and 64 with valid answers.
S(gu%l‘c)e: Author’s calculations based on EPH and EIH of National University and DGEEC.
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106 Income inequality in Paraguay

Figure 3.2 Hourly Earnings-Education Profiles for Men (Heads of House-
hold and Other Family Members), Age 40
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Source: Predicted hourly earnings from models on table 3.3.

B. Other family members
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Source: Predicted hourly earnings from models on table 3.3.

The wage-education profiles for family heads have a marked positive slope and
are almost parallel everywhere, except for the substantial increase in the slope of
1997/98 in the highest levels, as from 13 years of education. This certainly con-
tributes to increase earnings inequality among household heads with different
educational levels. For male other-members the wage-education profile we have
almost parallel slopes for all periods with some differences only for 17 and 18
years of education. So the changes in earnings of other family members could
contribute only for high levels to widen inequality.
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Figure 3.3 Hourly Earnings-Education Profiles for Women (Spouses),
Age 40
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Source: Predicted hourly earnings from models on table 3.3.

Figure 3.3 shows the profiles for 40 year old females. As in the case for men, the
wage-education profiles show an increasing slope between 1992 and 1997/98,
and an opposite movement between 1997/98 and 2005. It is interesting to see
that for all three groups (household heads, spouses and other family members)
there is a strong increase in returns for higher education in the 1992 — 1997/98
period. This is a real observation and unbiased by model specification, since
years of education did not enter the model in its squared from. The reason for
high returns for higher education might lie in pure market effects. Even if the
Paraguayan economy and its industry are not very sophisticated, there is still a
need for highly qualified human resources in any managerial post. As Table 3.10
will show further ahead, the percentage of the working force which completed
college education did not exceed 2.4% over the whole observation period. In-
complete college education increased from 4.6% in 1992 to 9.4% in 2005, but
nevertheless, these levels still remain low, and in a way, can explain why 2005
return profiles are much “smoother” than in previous years.

Summarizing, there is evidence of a positive relationship between hourly earn-
ings and education which induces differences in incomes among individuals
with different education. According to the evidence presented these differences,
along with inequality, have increased between 1992 and 1997/98, and decreased
in the next seven years. During this last period the wage-education profile has
become smoother and less convex, which implies inequality reduction. Although
this phenomenon seems widespread across groups, it appears to be more relevant

for the groups of household heads and spouses.
Thomas Otter - 978-3-631-75367-5
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3.3.2 Gender wage gap

Table 3.4 presents mean hourly wages by gender. Wages were higher for males
in every year. Nevertheless, there are interesting dynamics within the gender
wage gap which decreased from more than 16% in 1992 to less than 2% in
1997/98, and then increased again to some 6% in 2005. Over the whole period,
female mean wage gain was about 6.9%, while male wages increased only in
0.6%. This implies inequality reduction over the whole observation period.

Table 3.4 Hourly Earnings by Gender in Paraguay, Selected Years

Means (Gs. 2005) Changes (percent)
Gender 1992 1997/98 2005 1992-1997/98 1997/98-2005 1992-2005
Female 5,679 7,390 6,072 30.1 -17.8 6.9
Male 6,443 7,472 6,484 16.0 -13.2 0.6
Total 6,046 7,411 6,318 22.6 -14.8 4.5

Source: Author’s calculations based on EPH and EIH of National University and DGEEC.

A conditional analysis also shows a shrinking gap for household heads. From
Table 3.3 the coefficient for the male dummy is not always positive and signifi-
cant, but clearly decreasing over time. Surprisingly, for other members we ob-
serve an important male income loss in 1997/98. However, since the number of
working individuals in this group is considerably less than in the household
heads group, the global conclusion of a narrowing gender wage gap holds. This
shrinking gap has undoubtedly been an equalizing factor on the individual earn-
ings distribution. The effect of this phenomenon on the equivalent household la-
bour income distribution will basically depend on the position of working
women in that distribution. Section 5 will expand on this further ahead.

3.3.3 Returns to experience

Age is used in this paper as a proxy for experience in the labour market. Table
3.5 shows average hourly earnings for different age groups. In general the wage-
age profile has an inverted U shape. Between 1992 and 2005, hourly wages only
increased for labour force younger than 30 years of age, which is the worst paid
group of workers. In principle, this would imply an equalizing effect on the
earnings distribution. However, the main benefit is for men and women less than
20 years of age. In 1992 they represented less than 13% of the total working
population. During the 1997/98 to 2005 period these gains were lost again. All
age groups lost income considerably in the 1997/98 to 2005 period, with a
stronger loss for young workers. Once more, since this group is small, its effect
is not big on the overall distribution. Since all other age groups lost more or less
similar percentages of their wage there seems to be only a very small, but in the

end positive equalizing effect. Thomas Otter - 978-3-631-75367-5
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Table 3.5 Hourly Earnings by Age Groups, Paraguay, Selected Years

Means (Gs. 2005) Changes (percent)
Age 1992 1997/98 2005 | 1992-1997/98 1997/98-2005 1992-2005
12t0 19 2,726 3,431 2,019 25.9 -41.1 -25.9
20t029 | 5,026 5,128 4,198 2.0 -18.1 -16.5
30 to 39 6,671 6,096 4,942 -8.6 -18.9 -25.9
40 to 49 6,769 5,943 4,818 -12.2 -18.9 -28.8
50 to 59 6,940 6,034 4,652 -13.1 -22.9 -33.0
60to64 | 6,155 5,351 4,381 -13.1 -18.1 -28.8

Source: Author’s calculations based on EPH and EIH of National University and DGEEC.

Throughout the whole observation period, the age group between 20 and 29
years of age is the less affected one. This implies certain equalizing effects,
since in 2005 this group represented almost 40% of the working force. More
negatively affected groups are those for working force older than 40 years of
age. Nevertheless, in 2005 all three of these groups together represented less
than half of the working force (48%). Since their mean wages are lower than the
mean wages of the largest age group (20 to 29), their inequality increasing ef-
fects should be lower than the equalizing effects of the 20 to 29 year old group.
Summing up, there are some reasons to believe that changes in the returns to ex-
perience have led to higher inequality and some reasons to believe the opposite.
The analysis of Section 5 will help us to assess the quantitative relevance of each
argument.

3.3.4 Unobservable factors

Earnings equations allow the estimation of returns to observable factors like
education and experience. The error term is usually interpreted as capturing the
joint effect of the endowment of non-observable factors (like individual ability)
and its market value on earnings. In general terms, the variance of this error term
captures the contribution of dispersion in unobservable factors to general ine-
quality. Table 3.3 reports the standard deviation of the error terms of each log
hourly earnings equation (labelled as “sigma”). For instance, for household
heads the standard deviation took a value of 0.86 in 1992, 1.01 in 1997/98, and
0.89 in 2005. The substantial increase between 1992 and 1997/98 is also present
in the spouses and other members’ equations, as well as the reduction towards
2005. According to these results, the effect of changes in unobservable factors
would have been strongly unequalizing between 1992 and 1997/98, reducing
some of this additional inequality in the 1997/98 to 2005 period.
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3.3.5 Hours of work

During the period under analysis there has been an increase in weekly hours of
work between 1992 and 1997/98 and a decrease in the next seven years, almost
to the same overall level observed in 1992. Table 3.6 classifies workers by edu-
cational level and records the average hours of work of each group. While there
are clear gains for completed cycles in the 1992 to 1997/98 period, which deep-
ens inequality, losses in 1997/98 to 2005 are more equally distributed. So, over
the whole period we still observe important gains for completed cycles of secon-
dary and college education, but at the same time important losses for groups who
did not complete an education cycle. Since gains are larger for higher educa-
tional groups, this change would have a non-negligible unequalizing effect in the
individual earnings distribution. A conditional analysis yields similar results.
Figure 3.4 shows predicted weekly hours of work for male heads from the Tobit
censored data model presented in Table 3.7. While hours clearly increased be-
tween 1992 and 1997/98 for less-educated (1 to 6 years of education) and for
well educated (more than 13 years of education) male heads workers, changes in
hours for the rest of the educational groups were only marginal between 1992
and 1997/98. In the

Table 3.6 Weekly Hours of Work by Educational Levels in Paraguay, Se-
lected Years

Means Changes (percent)

Educational Level 1992 1997/98 2005 | 1992-1997/98 1997/98-2005 1992-2005
Primary incomplete | 47.9  51.0 454 6.0 -12.3 -5.5
Primary complete 503 513 493 2.0 -4.0 -1.9
Secondary incom-

plete 50.1 51.9 496 34 -4.7 -1.1
Secondary complete | 50.0 48.7  50.6 -2.6 3.8 1.2
College incomplete | 45.5 46.5 44.8 22 -3.8 -1.5
College complete 456  48.1 48.0 52 -0.3 4.9
Total 49.0 504 479 2.8 -5.2 -2.2

Source: Author’s calculations based on EPH and EIH of National University and DGEEC.
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Figure 3.4 Weekly Hours of Work by Educational Level for Men (Heads
of Household), Age 40
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Source: Predicted hourly earnings from models on table 3.7.

following seven years, the reduction of weekly hours of work is generalized for
levels above six years of education. Consequently, we have evidence over the
whole observation period for an equalizing effect for workers between 1 and 6
years of education, an unequalizing effect for workers between 7 and 15 years of
education and a nearly neutral effect for the highest education levels.

3.3.6 Labour market participation

Household income inequality can change, not only after changes in hours of
work but also as a result of changes in labour market participation. In Table 3.7
individuals are grouped according to whether they are employed, unemployed or
inactive. The percentage of unemployed individuals dropped from 4.4% in 1992
to 3.4% en 1997/98 and rose again to 3.8% in 2005. However, notice that the in-
crease in unemployment between 1997/98 and 2005 in 0.4 percentage points was
accompanied by a decrease in inactivity in 3.2 percentage points. Notice that for
inequality measures it is irrelevant whether an individual has zero income as a
result of unemployment or due to not looking for a job. Hence the important in-
dicator for possible inequality changes is the overall employment rate which in-
creased from 57% to 61% and 63% during the observation period. These
changes might have played a role in inequality changes depending on the distri-
bution of wage levels and hours of work obtained by the additional working
force.
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Income inequality in Paraguay

Table 3.7 Labour Status by Household Role, Paraguay, Selected Years

Proportions by group (percent)

1992 1997/98 2005
All
Employed 56.96 60.55 63.36
Unemployed 4.40 3.35 3.75
Inactive 38.64 36.10 32.89
Head
Employed 89.75 88.73 87.11
Unemployed  2.02 233 2,61
Inactive 8.23 8.94 10.28
Spouse
Employed 23.80 47.38 57.10
Unemployed 6.76 2.15 2.44
Inactive 69.44 50.46 40.46
Other
Employed 41.92 49.84 51.93
Unemployed  5.60 4.54 5.00
Inactive 52.48 45.61 43.06

Source: Author’s calculations based on EPH and EIH of National University and DGEEC.
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(3 rs
Head of household Spouse Other family members
1992 1997/98 2005 1992 1997/98 2005 1992 1997/98 2005
Years of schooling 0.0270 0.0575 0.2827 3.8209 22727 1.7095 1.3522 1.1323 0.7832
(0.34) (0.55) (2.71)%%*% | (12.59)***  (9.67)***  (B.15)*** | (9.44)*** (7l (5.01)%**
Male 16.6394 25.3464 21.1308 51.5352 43.5240 39.9850 27.9596 23.0687 21.6306
(12.43)%**  (18.32)%*%*  (16.46)*** (T)*** (10.77)%F%  (12.71)%%* | (24.45)%**  (22.24)%**  (20.34)***
Age 14114 1.2101 2.2679 6.9762 5.4225 5.3229 3.2107 4.6314 4.8489
(5.91)***  (4.25)*** (7.4)%** (8.06)*** (8.84)%** (9.05)*** (9.05)***  (11.92)%**  (12.46)***
Apge squared -0.0215 -0.0194 -0.0297 -0.0883 -0.0651 -0.0604 -0.0478 -0.0695 -0.0673
(-7.69)%**  (-5.82)%**  (-B.34)¥** | (B23)*HF  (B62)**F  (-BAS)F* | (9.6)%**  (-12.54)%*x  (-]2.28)%+*
g Married 4.7894 0.5888 2.0695
= (3.9)%** (0.41) (1.47)
& Children -0.4056 -0.2636 -0.7328 -5.0412 -3.7189 -1.1558
& (-1.94)* (-1.15) (-2.85)%** | (-6.16)***  (-7.31)%**  (-2.29)**
= Younger than 18 -9.1676 -1.5339 -1.3841
o (-4.56)*** (-0.81) (-0.72)
_BUAttending school -10.9443 -13.5369 -7.2588 -15.8972 1.4317 49718 -76.3365 -32.0246 -27.2135
c (-3.69)***  (3.65)%**  (-2.64)%** (-1.55) (0.19) (1) (-36.2)%**  (-23.68)***  (-19.72)%**
%de_ad of household employed -6.4897 4.5380
8o (-1.89)* (1.45)
) @ouse employed 1.0494 0.9154
< o (1.09) (0.86)
)
g(gnslant 7.4928 12.8926 -13.0795 -173.7523 -97.1573 -113.2848 -46.9400 -53.7711 -63.1164
=9 (1.59) (2.27)** (2.)%* | (-10.72)***  (-8.3B)***  (9.87)*** | (-8.22)%**  (-8.75)%**  (-10.17)***
jl’{gmber of observations 4,158 3,690 3,792 3,260 2,925 2,786 6,143 6,116 6,356
g(@lsored 574 279 490 1,027 1,396 1,196 2,551 2,716 3,056
= Chi squared 804.59 791.28 658.02 367.25 396.83 366.26 4,469.86 2,572.47 2,364.31
oLeg likelihood -17,603.9  -16,081.6  -16,078.0 -6,770.5 -8,921.5 -9,078.8 -13919.3 -18,632.4 -18,414.9
Fm’-‘meudo R squared 0.0223 0.024 0.0201 0.0264 0.0218 0.0198 0.1383 0.0646 0.0603
= 22.40 24,60 26.61 59.36 44.08 41.85 33.79 35.26 36.42

2 Data represent Tobit maximum likelihood estimation; t ratios are in parentheses. Data cover all individuals between 12 and 64 with valid answers.
urce: Author’s calculations based on EPH and EIH of National University and DGEEC.
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114 Income inequality in Paraguay

Table 3.7 suggests three different stories in the labour market for heads, spouses
and other members. Some household heads lost or quit their jobs, especially dur-
ing the last seven years, becoming either unemployed or leaving the labour
force. In contrast, many (30 percentage points) of the spouses left their homes in
search of a job: most of them found one between 1992 and 1997/98, however,
some did not during the 1997/98 to 2005 period. The other members of the fam-
ily were less fortunate: even if the participation rate also increased dramatically
(10 percentage points), their unemployment rate remained nearly unchanged,
doubling spouses unemployment during the last period.

Table 3.9 Labour Status and Education, Paraguay, Selected Years

Proportions by group (percent)
1992 1997/98 2005

Primary incomplete

Employed 47.09 55.55 61.54
Unemployed 5.57 2.26 2.25

Inactive 47.35 42.19 36.20
Primary complete

Employed 52.26 62.87 64.65
Unemployed 5.59 2.82 3.22
Inactive 42.16 34.31 32.13
Secondary incomplete

Employed 44.99 54.30 51.97
Unemployed 421 4.72 434

Inactive 50.80 40.98 43.70
Secondary complete

Employed 57.67 73.40 73.65
Unemployed 4.28 5.45 6.61

Inactive 38.04 21.15 19.75
College incomplete

Employed 65.76 82.53 79.31
Unemployed 1.73 4.80 4.60
Inactive 32.52 12.66 16.09
College complete

Employed 88.57 89.50 92.42
Unemployed 1.71 1.66 2.89
Inactive 9.71 8.84 4.69
All

Employed 56.96 60.55 63.36
Unemployed 4.40 3.35 3.75

Inactive 38.64 36.10 32.89

Source: Author’s calculations based on EPH and EIH of National University and DGEEC.

Table 3.9 presents the proportion of employed, unemployed and inactive indi-
viduals by educational group. In the 1992 to 1997/98 period, data show a strong
increase in employment rates, jointly with a decreasg.in inactivity,rate; for all

Downloaded from PubFactory at 01/11/2019 05:51:05AM
via free access



Characterization of inequality changes 115

educational levels but college complete group. Employment increases and inac-
tivity decreases are stronger for higher educational levels. This should imply an
increase in inequality. In the 1997/98 to 2005 period, employment only keeps
growing (and inactivity shrinking) for primary education and for complete uni-
versity education. Overall, for this period we should expect an equalizing effect
on income inequality. Over the whole period the unequalizing effect of the first
period is expected to be stronger than its compensation in the next period.

3.3.7 Education

In Paraguay, as in many developing countries, substantial changes in the educa-
tional composition of the population have been taking place during the nineties.
Table 3.10 presents the proportion of individuals between 12 and 64 years of age
by educational level. Between 1992 and 1997/98 there was a contraction in the
proportion of youngsters and adults with incomplete primary education and an
expansion for incomplete secondary education. Both are groups with low or up
to medium wages. In the 1997/98 to 2005 period the participation of incomplete
primary education kept falling, primary complete remained almost unchanged
and larger changes were observed in the higher income groups with secondary
and college education.

Table 3.10 Composition of Sample by Educational Level in Paraguay, Se-
lected Years

1992 1997/98 2005
Primary incomplete 44.43 36.86 27.46
Primary complete 23.18 25.32 23.05
Secondary incomplete 12.27 22.64 26.93
Secondary complete 13.18 8.36 11.00
College incomplete 4.60 5.40 9.42
College complete 2.35 1.42 2.14

Note: Data cover individuals between 12 and 64 with valid answers.
Source: Author’s calculations based on EPH and EIH of National University and DGEEC.

Education is usually viewed as an equalizing force. The traditional argument
points out that income disparities in one generation can be reduced in the next, if
poor children have access to more and better education, so that the educational
gap with rich-families’ children decreases. However, following Kuznets (1955),
one can tell a different story if the high-educated rich are a minority and only
some poor children manage to make it all the way up to the highest educational
(and income) levels. In that case, it is likely that inequality grows as the average
education of the population increases; at least until the high education group is
relatively large. With multiple educational levels, a similar unequalizing out-
come emerges if there is a net outflow from the lowest educational levels and a
similar net inflow to the highest, Wmlﬁub\ﬂ%taﬁ%%ﬁhm%%& & iptermediate
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levels. Changes in the educational structure from 1997/98 to 2005 have more or
less taken this form, which feeds the assumption of an unequalizing education
effect for this period and a more equalizing effect for the 1992 to 1997/98 pe-
riod. Between 1992 y 1997/98, 5% of working age population left the primary
education group. Almost all of these entered the secondary education group. In
the 1997/98 to 2005 period, 12% left primary education. Seven percent entered
in secondary education but the other 5% passed on to college level.

So far we have analyzed several factors that might have affected inequality. Al-
though we have offered some evidence to argue about each effect, we still do not
have a consistent framework to confirm the sign of each effect and where to as-
sess its quantitative relevance. Were changes in the returns to education really an
unequalizing force? Were they really a significant force? What about gender,
employment or education effects? The next section presents a framework to
tackle these issues.

3.4 Estimation strategy

To compute expressions (3.14) and (3.19) in section two, we need to have esti-
mates of parameters 3 and \ and the residual terms e. Also, since we do not have
panels, we need a mechanism to assign observable and unobservable individual
characteristics in period ¢’ to individuals in ¢. This section is dedicated to explain
the strategies to deal with these problems.

Estimation of B and \

Let Li denote the number of hours worked by person i, and with wi the hourly
wage perceived. Total labour income is given by Yi = Liwi. The number of
hours of work Li comes from a utility maximization process which determines
optimal participation in the labour market, whereas wages are determined by
market forces. The estimation stage specifies models for wages and hours of
work which are used in the simulation stage described above.

The econometric specification of the model is similar to the one used by Bour-
guignon Fournier and Gurgand (2001), which corresponds to the reduced form
of the labour decisions model originally proposed by Heckman (1974).
Heckman shows how it is possible to derive an estimable reduced form starting
from a structural system obtained from a utility maximization problem of labour
- consumption decisions. Leaving technical details aside, the scheme proposed
by Heckman has the following structure. Individuals allocate hours to work and
domestic activities (or leisure) so as to maximize their utility subject to time,
wealth, wages and other constraints. As usual, the solution to this optimization
problem can be characterized as demand relatiens,forigeody andsleisurg assfunc-
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tions of the relevant prices. Under general conditions it is possible to invert these
functions to obtain prices and wages as functions of quantities of goods and lei-
sure consumed (or its counterpart, hours of work). In particular, the wages ob-
tained in this manner (denoted as w*) are to be interpreted as marginal valua-
tions of labour, which will be a function of hours of work and other personal
characteristics, and represent the minimum wage for which the individual would
accept to work a determined number of hours. In equilibrium, if the individual
decides to work, the number of hours devoted to labour should equate their mar-
ginal value w* with the wage effectively perceived. On the contrary, if the indi-
vidual decides not to work, it is because this marginal value is greater than the
wage offered, given the individual’s personal characteristics.

This discussion suggests how to determine wages as of which individuals are
willing to work. On the same note, it is possible to model market determinants of
wages offered (w) as a function of characteristics such as years of education, ex-
perience and age as a standard Mincer equation (Mincer, 1974). In equilibrium it
is assumed that the number of hours of work adjusts to make w=w*.

The demand-supply relations discussed so far are structural forms in the sense
that they reflect relevant economic behaviour in which wages offered and asked
depend on the number of hours of work, which equate in equilibrium. Under
general conditions it is possible to derive a reduced form for the equilibrium re-
lations, in which wages and hours of work are expressed as functions of the
variables taken as exogenous. In this way, the model has two equations, one for
wages (w*) and one for the number of hours of work (L*), both as function of
factors taken as given which affect wages (X7) and hours (X2) which may or
may not have elements in common. The error terms e/ and e2 will represent
non-observable factors affecting the determination of endogenous variables. Ac-
cording to the characteristics of the problem, for a particular individual we ob-
serve positive values of w* and L* if and only if the individual actually works. If
the person does not work, we only know that the wage offered is less than the
salary asked. Consequently, the reduced form model for wages and hours of
work is specified as:

wi*=Xlib+eli i=1,..,N (3.20)
Li* = X2il + e2i (3.21)
with

wi=wi*if Li* >0

wi=0ifLi* O 0

Li=Li*if Li*> 0

Li=0ifLi*00
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where wi and Li correspond to observed wages and hours of work, respectively.
This notation emphasizes that, consistently with the data used for the estimation,
observed wages for a non-working individual are zero.

Following Heckman (1979), for estimation purposes we will assume that ei; and
ei; have a bivariate normal distribution with E(e;;) = E(e) = 0, variances s, and
s2; and correlation coefficient ». This particular specification corresponds to the
“Tobit type III” model in Amemiya’s (1985) classification.

Although it is possible to estimate all the parameters using a full information
maximum likelihood method, the implemented methodology adopted a limited
information approach, which has notorious computational advantages. If instead
of hours of work we only had information about whether the individual works or
not, the model would correspond to the “Type II” model in Amemiya’s classifi-
cation, whose parameters can be estimated based on a simple selectivity model.
More specifically, the regression equation would be the wage equation and the
selection equation would be a censored version of the labour supply equation,
simply indicating whether the individual works or not. Table 3.3 shows the esti-
mation results of these equations.

On the other hand, the hours of work equation corresponds to the “Tobit type I”
model in Amemiya’s classification where the variable is observed only if it is
positive. In this case, the parameters of interest could be estimated using a stan-
dard censored regression Tobit model. This strategy is consistent though not
fully efficient. In any case, the efficiency loss is not necessarily significant for a
small sample. The results of the estimation are shown in Table 3.7.

Unobservable Factors

Unobservable characteristics affecting wages are modelled as regression error
terms of the wage equation (3.20). Their mean is trivially normalized to zero and
their variance is estimated as an extra parameter in the Heckman procedure. In
order to simulate the effect of changes in those unobservable factors between ¢ to
t’ on inequality, the estimated residuals of the wage equation of year ¢ are re-
scaled by st’/st, where s is the estimated standard deviation of the wage equa-
tion. This captures the effect of differences between years in dispersion in the
unobservable factor affecting wages, which include non-observable factors and
their market value.”

35 It is important to mention that under bivariate normal assumption implicit in the
Heckman model, once the correlation between unobservables affecting wages and
hours worked is kept constant, all remaining effects on unobservables on wages
come through the variance. Machado and Mata:61998) _adlows for  heterogeneous
behavior of the error term using;quantileregression methadsz019 05:51:05AM
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To study employment effects the decomposition methodology requires simulat-
ing earnings for people who do not work. Since we do not observe wages we
cannot apply equations (3.20) and (3.21) to estimate the unobservable factors.
For each individual in that situation, we assign as “error term” a random draw
from the bivariate normal distribution implicit in the wage - labour supply model
(3.20) and (3.21), whose parameters are consistently estimated by the Heckman
procedure. Residuals are sampled from the distribution of unobservable factors
but conditional to the fact that the behaviour of the individual is observed. That
is, error terms are drawn from the bivariate normal distribution and a prediction
(based on observable characteristics, estimated parameters and sampled errors)
is computed for wages and hours worked. If the resulting prediction yields posi-
tive hours worked (so the prediction is inconsistent with the observed behaviour
in this group), the error term is sampled again until non-positive hours of work
are predicted.

Individual characteristics

For the estimation of the education effect it is necessary to simulate the educa-
tional structure of year ¢" on year ¢ population since we do not have the same in-
dividuals in both years. Instead of following Bourguignon, Fournier and Gur-
gand (2001) and estimating a parametric equation that relates individual educa-
tional level to other individual characteristics (age and gender), a rough non-
parametric mechanism was applied. Adult population was divided in ten homo-
geneous groups by gender and age and then the educational structure of a given
cell in year £’ was replicated into the corresponding cell in year z.

Poverty

Poverty, measured officially by income, summing all kind of income, decreased
in Paraguay between 1992 and 1997/98, increased until 2002 and turned back to
a slight reduction as from 2003. Poverty and inequality are not the same, but
they are closely related. A higher level of inequality reduces poverty reduction
driven by economic growth, since the additional income and benefits from
growth are not equally distributed amongst the population. Inequality reduction
is not a poverty reduction tool in itself, but it can improve performance and im-
pact of poverty reduction processes. So, it would be interesting to figure out
which could be the effects the simulated inequality changes on poverty levels.
Since the simulations of changes of inequality are based on labour income, we
need a labour income poverty line. There is no such line officially fixed for
Paraguay. As a proxy, the mean equivalent household labour income of all
households classified as poor by the official per capita income poverty line, was
taken as an income poverty line to check on poverty reduction effects of simu-
lated inequality changes. Since this is only a very rough proxy, measurement re-
sults should not be taken as real changesniz @eyertys-selatedsto7inequality
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changes, because there are other kinds of income and many more factors related
to poverty change as a whole. Anyway, the simulated poverty changes could be
understood as a proxy for the sign of poverty reduction impact of an observed
change in inequality, and to identify which kind of inequality change would
have a stronger effect on poverty and which would not.

3.5 Results

This section reports the results of performing the decomposition described in
Section 2 using the estimation strategy outlined in Section 4. The objective is to
shed light over the quantitative relevance of the various phenomena discussed in
Section 3 on inequality changes during the 1992 - 2005 period.

Before showing the results two points must be clarified. First, the decomposi-
tions are path dependent. Hence, results are reported using alternatively ¢ and ¢’
as the base year. Second, the simulations are carried out for the whole distribu-
tion.

Tables 3.11 to 3.13 show the results both with ¢ and ¢" as base years. Table 3.14
reports the average of these results. A positive number indicates an unequalizing
effect. A large number compared to the other figures in the column suggests a
significant effect. For instance, the returns-to-education effect on the individual
earnings distribution in the 1992 to 1997/98 period is -2.1. This roughly means
that the Gini would have decreased -2.1 points, if only the returns to education
(i.e. the coefficients of the educational dummies in the wage equation) had
changed between those years. The number -2.1 tells us two things: (i) since it is
a negative number, it implies that the returns-to-education effect was inequality-
decreasing, and (ii) since it is large compared to the other numbers in the col-
umn, it indicates that the change in returns to education was economically a sig-
nificant factor affecting inequality. Its effect on equivalent household income
distribution is also inequality decreasing, but to a minor degree. Nevertheless,
returns to education seem to have a poverty increasing effect. The story here is
that changes in return to education are related to income losses, which certainly
make income distribution more equal. At the same time, however, lower income
groups suffer stronger losses, so some of them fall below the poverty line.
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Characterization of inequality changes 121

Table 3.11 Decomposition of the Change in Gini coefficient for Earnings
and Equivalent Household Labour Income and Equivalent La-
bour Household Income Poverty, Paraguay 1992 — 1997/98

Using 1997/98 coefficients

Earnings Equivalent income Poverty
Indicator Level Change | Level Change Level Change
1992 observed 58.9 60.6 354
1997/98 observed 553 -3.6 58.4 -2.2 27.5 -1.9
Effect
Returns to education 59.6 0.7 60.2 0.4 37.1 1.7
Gender wage gap 58.4 -0.5 59.5 -1.1 336 -1.8
Returns to experience 59.7 0.8 61.0 -0.4 34.6 -0.8
Unobservable factors 61.0 2.1 61.8 1.2 35.1 -0.3
Hours of work 57.6 -1.3 60.2 -0.4 33.9 -1.5
Employment 56.4 2.5 59.5 -1.1 323 -3.1
Education 56.8 -2.1 59.0 -1.6 33.8 -1.6
Other factors 58.1 -0.8 0.8 -0.5
Using 1992 coefficients

Earnings Equivalent income Poverty
Indicator Level Change | Level Change | Level Change
1992 observed 58.9 60.6 354
1997/98 observed 553 -3.6 58.4 2.2 27.5 -7.9
Effect
Returns to education 59.0 0.1 60.7 0.1 36.2 0.8
Gender wage gap 58.6 -0.3 60.1 -0.5 34.4 -1.0
Returns to experience 58.4 -0.5 60.4 0.2 344 -1.0
Unobservable factors 59.7 0.8 61.1 0.5 347 -0.7
Hours of work 58.0 -0.9 60.1 -0.5 336 -1.8
Employment 58.2 -0.7 60.3 -0.3 344 -1.0
Education 57.3 -1.6 59.7 -0.9 34.0 -1.4
Other factors 58.4 -0.5 -0.4 -1.8
Average changes
Indicator Earnings Equivalent income Poverty
1992 - 1997/98 observed -3.6 -2.2 -7.9
Effect
Returns to education 0.4 -0.1 1.3
Gender wage gap -0.4 -0.8 -1.4
Retumns to experience 0.2 0.1 0.9
Unobservable factors 1.5 0.8 -0.5
Hours of work -1.1 -0.4 -1.7
Employment -1.6 -0.7 2.1
Education -1.9 -1.3 -1.5
Other factors -0.7 0.2 -1.2

Note: The earnings distribution includes those individuals with Yit > 0 and Yit(kt’) > Oq The equiva-
Ieslt household labour income distribution includes those individuals with Y it >= 0 and
Y it(kt’) >= 0. Non-labour income is not considered.

Source: Author’s calculations based on EPH and EIH ?ﬁmgt{gpiyg’%ympﬁ%@7_5
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Table 3.12 Decomposition of the Change in Gini coefficient for Earnings
and Equivalent Household Labour Income and Equivalent La-
bour Household Income Poverty, Paraguay 1997/98 — 2005
Using 2005 coefficients

Eamings Equivalent income Poverty
Indicator Level Change | Level Change | Level Change
1997/98 observed 553 584 27.5
2005 observed 49.0 -6.3 52.8 -5.6 32.6 5.1
Effect
Returns to education 52.6 -2.7 57.2 -1.2 29.3 1.8
Gender wage gap 55.2 -0.1 58.1 -0.3 27.1 -0.4
Returns to experience 539 -1.4 57.6 -0.8 27.7 02
Unobservable factors 532 -2.1 56.6 -1.8 28.7 172
Hours of work 543 -1.0 58.0 0.4 27.8 03
Employment 55.4 0.1 57.7 -0.7 28.1 0.6
Education 54.8 -0.5 58.4 0.0 27.3 -0.2
Other factors 14 -0.4 1.6
Using 1997/98 coefficients

Eamings Equivalent income Poverty
Indicator Level Change | Level Change | Level Change
1997/98 observed 353 58.4 27.5
2005 observed 49.0 -6.3 52.8 -5.6 32.6 5.1
Effect
Returns to education 53.1 2.2 56.6 -1.8 28.9 14
Gender wage gap 55.0 -0.3 57.8 -0.6 27.3 -0.2
Returns to experience 54.8 -0.5 58.1 -0.3 28.5 1.0
Unobservable factors 539 -1.4 57.3 -1.1 28.5 1.0
Hours of work 53.4 -1.9 57.4 -1.0 28.2 0.7
Employment 55.6 0.3 58.1 -0.3 283 0.8
Education 335.5 0.2 58.8 0.4 28.2 0.7
Other factors -0.5 -0.9 -0.3
Average changes
Indicator Earnings Equivalent income Poverty
1997/98 — 2005 observed -6.3 -5.6 5.1
Effect
Returns to education -2.5 -1.5 1.6
Gender wage gap -0.2 -0.4 -0.3
Returns to experience -1.0 05 0.6
Unobservable factors -1.8 -1.4 1.1
Hours of work -1.5 -0.7 0.5
Employment 0.2 -0.5 0.7
Education -0.1 0.2 0.3
Other factors 0.5 -0.7 0.7

Note: The earnings distribution includes those individuals with Yit > 0 and Yit(kt’) > 04 The equiva-
lept household labour income distribution includes those individuals with Y it >= 0 and
Y it(kt’) >= 0. Non-labour income is not considered.

Source: Author’s calculations based on EPH and EIH of National University and DGEEC, .
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Table 3.13 Decomposition of the Change in Gini coefficient for Earnings
and Equivalent Household Labour Income and Equivalent La-
bour Household Income Poverty, Paraguay 1992 — 2005

Using 2005 coefficients

Eamnings Equivalent income Poverty
Indicator Level Change | Level Change Level  Change
1992 observed 58.9 60.6 354
2005 observed 49.0 -9.9 52.8 -7.8 32.6 2.8
Effect
Returns to education 56.9 2.0 59.0 -1.6 389 35
Gender wage gap 583 -0.6 59.2 -1.4 332 -2.2
Returns to experience 58.3 -0.6 60.2 -0.4 34.8 -0.6
Unobservable factors 58.9 0.0 60.0 -0.6 36.3 0.9
Hours of work 56.6 -23 59.8 -0.8 342 -1.2
Employment 56.5 2.4 58.8 -1.8 329 -2.5
Education 56.3 -2.6 59.0 -1.6 336 -1.8
Other factors 0.6 0.4 1.1
Using 1992 coefficients

Earnings Equivalent income Poverty
Indicator Level Change | Level Change | Level Change
1992 observed 58.9 60.6 354
2005 observed 49.0 -9.9 52.8 -7.8 32.6 -2.8
Effect
Returns to education 56.8 -2.1 58.9 -1.7 37.6 22
Gender wage gap 58.3 -0.6 59.5 -1.1 342 -1.2
Returns to experience 579 -1.0 60.1 -0.5 354 0.0
Unobservable factors 583 -0.6 60.0 -0.6 35.7 03
Hours of work 56.1 -2.8 59.1 -1.5 34.3 -1.1
Employment 58.5 -0.4 60.0 -0.6 35.2 -0.2
Education 57.5 -14 60.1 -0.5 34.7 -0.7
Other factors -1.0 -1.3 -2.1
Average changes
Indicator Earnings Equivalent income Poverty
1992 - 2005 observed 99 -78 2.8
Effect
Returns to education -2.1 -1.7 2.9
Gender wage gap -0.6 -1.3 -1.7
Retums to experience .0.8 0.5 .03
Unobservable factors -0.3 -0.6 0.6
Hours of work -2.6 -1.2 -1.2
Employment -1.4 -1.2 -1.4
Education -2.0 -1.1 -1.2
Other factors -0.2 -0.5 -0.5

Note: The earnings distribution includes those individuals with Yit > 0 and Yit(kt’) > 0q The equiva-
lept household labour income distribution includes those individuals with Y it >= 0 and
Y it(kt’) >= 0. Non-labour income is not considered.
Source: Author’s calculations based on EPH and EIH of MatienaltUniversityand DGEEC -5
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Table 3.14 Decomposition of the Change in the Gini Coefficient and
Equivalent Household Income Poverty Rates Changing the
Base Year, Paraguay, Selected Periods

Earnings Equivalent household income Poverty
1992- 199708 12| 1992- 199798 1992-| 1992- 199798 %%

1997/98 -2005 o o | 199798  -2005 2005 | 1997/98 -2005 0
Observed 36 63 99 | 22 56 78 | 79 51 28
Effect
Returns to 0.4 25 21| -0l A5 17 13 16 29
education
(g};“d“ Wage | 04 02 06| -08 04 12 | -14 03 -7
L2 T 0.2 09 07 0.1 0.5 04 | -09 06 03
experience
Unabservable| ; ¢ 18 03 038 14 06 | -05 1.1 0.6
factors
Hours of 1.1 A5 26| -04 07 12| 17 05 -2
work
Employment -1.5 0.2 -1.3 -0.7 -0.5 -1.2 2.1 0.7 -14
Education 1.9 01 20| -13 02 a1 | -1s 03 -12
Other factors -0.8 0.5 -0.3 0.3 -0.8 -0.5 -1.1 0.6 -0.5

Note: The earnings distribution includes those individuals with ¥it > 0 and Yit(kt") > ou The equiva-
lept household labour income distribution includes those individuals with Y it >= 0 and
Y it(kt") >= 0. Non-labour income is not considered.

Source: Author’s calculations based on EPH and EIH of National University and DGEEC.

Returns to education

Table 3.14 confirms the assumption of Section 3. Changes in the returns to edu-
cation had an unequalizing effect on the individual earnings distribution between
1992 and 1997/98 and a strong equalizing effect in the next seven years. The ef-
fects on the equivalent income distribution were similar. Over the whole period
1992-2005, changes in the returns to education (in terms of hourly wages) repre-
sented an important inequality-decreasing factor.

Gender wage gap

As expected, changes in the gender parameter of the wage equation implied an
equalizing effect on the individual earnings distribution. During the last decade
the gender gap has substantially reduced in size. Given that women earn less
than men, that movement had an unambiguous inequality - decreasing effect on
the earnings distribution. It is interesting to notice that the gender effect becomes
more important in the equivalent household labour income distribution. Two
factors combine to generate this result. First, female workers are more concen-
trated in the lower part of the distribution than men (mainly in rural area) and
therefore a relative wage change implies a decrease in household income ine-

quality. Second, a proportional wage increas?hgor%afgg?glgb%jg_ qg%%eég;_\éant in
low-income families sincg WRmERL S RATNINGE AP HOFH ?/%\6%3%% Baghpf the
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total resources in those households than in rich families. A great example is the
disproportionate number of poor households headed by working women. Conse-
quently, its effect on poverty is a reduction.

Returns to experience

Changes in the returns to experience (age) implied an unequalizing effect on the
earnings distribution during the period 1992-1997/98 and an equalizing effect in
the next seven years. A brief explanation follows. The effects of changes in the
returns to experience did not have direction and impact for all education levels.
There was a clear equalizing effect for low education levels, unclear effects for
medium education levels and an inequalizing effect for high educational levels.
The empirical evidence shows that the increase of inequality in higher education
levels outpaced equalizing effects for lower levels. Nevertheless, the equalizing
effects for lower education levels do exist and are associated to higher incomes,
so that poverty tends to reduce. Between 1997/98 and 2005 there is a more gen-
eralized equalizing effect, however, associated with income losses. So inequality
decreased meanwhile poverty increased. Results for equivalent household in-
come show the same patterns.

Unobservable Factors

Changes in endowments and returns to unobservable factors have implied un-
equalizing changes in wages in the 1992 — 1997/98 period, associated with pov-
erty reduction and opposite effects over the next seven years, for both, earnings
and equivalent household income.

Hours of Work

We carried out three simulations to assess the relevance of employment changes
on inequality. In all of these the distribution in the base year is simulated using
the parameters of the Tobit employment equation of the other year. In the em-
ployment and participation effects, people with non-positive simulated hours of
work are assigned zero earnings, so they remain included in the data set. People
who work in the simulation are assigned the actual base year wage and the simu-
lated worked hours in the employment effect and the actual worked hours in the
participation effect. The third simulation is intended to single out the impact of
changes in hours worked. People who change labour status (i.e. we kept their
current earnings) and change hours of work to individuals who work both in the
base year and in the simulation, were ignored.

An equalizing employment effect shows up in the individual earnings and

equivalent household income distribution for the whole period. Nevertheless, in

the first period it is associated with poverty reduction (income increase for lower
Thomas Otter - 978-3-631-75367-5
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earnings) and with a poverty increase in the second period. Notice that since we
exclude those individuals with zero earnings from that distribution, the employ-
ment effect is basically the result of relative changes in the number of hours of
work. The figures for the hours-of-work and participation effects confirm this
assertion. As discussed in Section 3, the nineties witnessed a substantial increase
in hours of work in general.

Employment

Labour participation grew fast after 1992, a period of economic growth and
creation of new and additional labour opportunities. Consequently, inequality
and poverty decreased during the first period, for earnings and equivalent house-
hold income. Part of these gains were lost after 1998, when the economy entered
a period of recession. Middle classes rank first regarding income losses, so ine-
quality and poverty increased after 1998, for both, earnings and equivalent
household income. Nevertheless, losses of the second period were not as strong
as the gains of the first, so the overall effect was an inequality and poverty re-
duction.

Education

Paraguay has witnessed important changes in the educational composition of its
population since the implementation of educational reform was started in 1994.
An inequality and poverty reduction for earnings and households, together with
poverty reduction was the result for the first period. In the second period earn-
ings distribution keeps getting better for labour income, but equivalent house-
hold income distribution unequalizes and poverty increases. This might be the
result of the increase in workers with university level education at the same time
as income losses for primary education.

Other factors and Interactions

The last row in Table 3.14 is calculated as a residual. It encompasses the effects
of interaction terms and many factors not considered in the analysis. According
to Table 3.14, in general, this term is lower than the mean of the other terms in
the decomposition, implying either that the factors not considered in the analysis
are not extremely important or that they tend to compensate each other.

3.6 Discussion

The results of the paper suggest that the smaller change in inequality between
1992 and 1997/98 is mainly the result of employment (including hours of work)
and education effects, characterized by a primary schooling expansion. The
stronger inequality reduction effect after 1997 is due to returns to education,
hours of work (since unemployment increased) and; unobservable factorsy Maybe
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the most interesting finding of the paper is, that the general trend of an inequal-
ity decrease (interrupted by the 2000 — 2002 economic crises) held over the ob-
servation period, finding a way to reduce inequality even during periods of pov-
erty increase. Comparing the post-2002 period with 1997/98, we can see that in
2005, even if poverty was higher, inequality was lower. As shown above, labour
market conditions in a mix-up of participation rates, unemployment, hours of
work and returns to education are the mechanisms which helped to decrease ine-
quality, as well as unobservable factors in the 1997/98 to 2005 period, however,
poverty increased at the same time. Labour income in 2005, in general, was
lower than in 1992 and income was lost over the whole distribution and, in a
higher level for higher income groups, this is why inequality decreased. How-
ever, since income also decreased for the poor, some former non-poor workers
of households fell below the poverty line, and are now what are known as “new-
poor” households. Good inequality reduction policies should search the opposite
output, inequality and poverty reduction at the same time.

One of the surprising findings of this paper is the extremely high returns to edu-
cation in 1997/98. Education reform started in 1994 with primary education, so
education reform results could not yet have had impact labour market in
1997/98. However, the decrease of returns to education after 1998 can be ob-
served in relation to education reform, at least for secondary education. As la-
bour force increases its human capital at a massive rate, returns to education tend
to decrease. We checked for returns to education in 1999 and 2000/01 surveys.
In both cases, returns to education are surprisingly high, although slightly lower
than 1997/98 results. Consequently, there seems to be no measurement error.
Returns to education fall sharply in 2002, just at the time of a deepening in the
economic crisis. Thus, decreasing returns to education seem to be a mix of lower
remuneration levels in all the economy and the results of education reform.

Changes of inequality at the equivalent household income level are difficult to
understand. Nevertheless, they are included in this paper just to show that even
if inequality changes related, for instance to labour participation, could be im-
portant at an individual level, their impact at the household level does not neces-
sarily have to be the same. Interestingly, gender wage gap reductions have a
strong poverty reduction impact at a household level. The chain of effects seems
to be that the additional income for women, leaving everything else constant,
also benefits female headed households, most of which live below the poverty
line.

The same factor which explained inequality changes, employment, hours of
work and education factors have the main impact on changes on income poverty
Thomas Otter - 978-3-631-75367-5
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levels, as should be expected. Once more, the signs and the “rank” of these pov-
erty estimates should be considered and not necessarily the magnitude of simu-
lated changes in poverty, since their estimation method was not very sophisti-
cated.

3.7 Conclusions

The decomposition methodology used in this paper can describe more com-
pletely the reasons for changes in aggregate income inequality within particular
economies. A country may experience relatively little change in the overall level
of income inequality despite significant changes in the composition of that ine-
quality. Analyzing several countries during the same period of time, using this
kind of inequality decomposition will produce more detailed results than cross
country comparisons and might show how despite similar economic crisis and
common trends in a given region and period of time, overall levels of and
changes in income inequality remain distinct by country (Bourguignon, Ferreira,
Lustig, 2005). Dion (2007) concludes from their comparison of several countries
show that it seems likely that differences in inequality outcomes may reflect dif-
ferences not only in endowments, prices and occupation effects, but also in pol-
icy decisions and priorities of different governments.

This paper contributes to an upcoming political discussion in Paraguayan devel-
opment politics, which are starting to shift their focus somewhat away from
poverty reduction politics towards inequality reduction politics, now understand-
ing poverty in part, as a consequence of inequality. This contribution is appreci-
ated by showing the results of a microeconometric decompositions methodol-
ogy. This technique allows the assessment of the relevance of various factors
that affected inequality during a period of 13 years, between 1992 and 2005.

This paper is not on Paraguayan poverty or inequality reduction politics. Never-
theless, some concluding comments on these can help to better understand the
acquired results. The story we can tell, knowing Paraguayan politics, is that the
impacts of market forces and business cycles have a stronger impact on Para-
guayan inequality and poverty, than special policies do. This is, on the one hand,
because there are very few of such policies and, on the other hand, most of these
lack scale, so even if the political concept is adequate, impact cannot be created
for problems of scale. Educational politics is one of the exceptions.

There are also structural problems in Paraguayan economy, with an informal
sector of about 50% of the labour force, so any initiative taken by the govern-
ment, for instance on legal minimum wage, will not have any impact on half of
the labour force. These kinds of problems are strongly: limitingspossibilities for
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policies impact; just an example to better understand the importance of these
kinds of phenomenon. In 2005, only 10% of the labour force had a labour in-
come equal or above the legal minimum wage.

Consequently, if regional market forces and business cycles tell almost the
whole story of inequality and poverty changes, we should better understand how
this works. Labour income in Paraguay is much more than monetary income. It
includes monetarized values for self consumption of agricultural products culti-
vated by farmers. In 1997, agricultural GDP growth was 2.2 times bigger than
overall GDP growth. More than 35% of the labour force works in the agricul-
tural sector. Cultivating land is almost the same amount of work (in hours) year
after year, but if the harvest is good and prices are even better, for a small period
of years, the returns to education (even for low educated small farmers) will be
high for these years. Returns to education level benefit from an open economy in
“good times”, but in “bad times” external shocks such as the Brazilian devalua-
tion and the Argentine default strike even harder.

Thus, if social politics are necessary to reduce inequality, but economic and
market forces are stronger in their negative impacts than positive impacts that
could be generated by social politics, maybe protection mechanisms for vulner-
able groups would be the necessary complement to social politics and research
should focus on these issues.
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A - Annex to Chapter 1
Figure Al Structured error per capita income estimates 1992
at district level

Source: Author’s calculations based on ECV 1992 and CNPV 1992

Figure A2 Unstructured error per capita income estimates 1992
at district level

Source: Author’s calculations based on ECV 1992 and CNPV 1992
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Figure A3 Structured error per capita income estimates 2002
at district level

Source: Author’s calculations based on EPH 2002 and CNPV 2002

Figure A4 Unstructured error per capita income estimates 2002
at district level

Source: Author’s calculations based on EPH 2002 and, GNPV 2092- 978-3-631-75367-5
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Figure AS Relative change in FGTO per capita income — period 1992 —
2002 at district level

—_ no data
-49.2% - -16.3%
-16.3% - 16.6%

[ 16.6% - 49.4%

U 49.5% - 82.3%

[ 82.3% - 115.2%

B 115.2% - 148.1%

B 148.1% - 180.9%

[ 180.9% - 213.8%

Source: Author’s calculations based on ECV 1992, CNPV 1992, EPH 2002 and CNPV 2002

Figure A6 Relative change in Gini per capita income — period 1992 — 2002
at district level

no data
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Lo 5.6%-12.9%
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Source: Author’s calculations based on ECV 1992, GNPV 1952, EPH 2902 and GNBY72002
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B - Annex to Chapter 2
Figure A.1 Growth Incidence Curves Paraguay 1992 - 2002
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Source: Author’s calculations based on results in Chapter 1
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