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Editor’s Preface

Reducing poverty and increasing wellbeing in developing countries have become
one of the central aims of both the national policy-makers as well as the interna-
tional community. With the Millennium Development Declaration of 2000, the
international community has agreed to focus on the poverty reduction and the re-
duction of deprivation in its many dimensions. These dimensions of life include,
besides income, health, eduction, nutrition, as well as participation, and security.
It has become widely agreed that it is necessary to take a multi-dimensional ap-
proach when investigating poverty and designing policies for poverty reduction.

The literature on poverty and inequality reduction has generated tools to fol-
low the wellbeing of the poor over time. One of the tools is econometric survey
matching techniques known as poverty mapping. With this micro-econometric
approach it is possible to fill gaps in microeconomic household surveys over time
with imputed data from surveys originally designed for different purposes. The
second important tool is to look beyond national (or regional) averages when in-
vestigating poverty reduction but to focus on the relation between income growth,
poverty reduction, and inequality reduction over time. The concept of pro-poor
growth has emerged from the aim of going beyond averages by looking at growth
of different quantiles of the income and non-income distribution.

In the present book entitled Measurement of Trends in Wellbeing, Poverty,
and Inequality with Case Studies from Bolivia and Colombia, Melanie Grosse
contributes to filling some gaps in this literature with four essays on dynamic as-
pects of wellbeing, poverty, and inequality measurement. In the first essay entitled
Matching Household Surveys with DHS Data to Create Nationally Representative
Time Series of Poverty: An Application to Bolivia, Grosse extends the literature on
poverty mapping by introducing a dynamic component in the micro-econometric
simulation procedure that underlies the poverty mapping approach. She uses the
various different data sources that are available in many developing countries—
such as recent national Living Standard Measurement Surveys, series of national
Demographic and Health Surveys, National Accounts, and early or spotty (urban)
Household Income Surveys—and combines them in several ways. In doing so,
she is able to generated more information by this data combination compared to

Melanie Grosse - 978-3-631-75353-8

Downloaded from PubFactory at 01/11/2019 06:00:43AM
via free access



viii EDITOR’S PREFACE

the information the data sets deliver when being analyzed separately from each
other. For the Bolivian example, she is able to extend the time series of com-
parable national income data 10 years back in time compared to what has been
available without the data combination. Poverty and inequality trends in rural
areas, that had formerly been uncovered by income household surveys, can be in-
vestigated more deeply. Detailed poverty profiles and poverty trends over time for
the urban-rural divide and for socio-economic characteristics of the population
reveal how important it is to track poverty trends over time.

In the second essay entitled Estimating the Stability of Poverty Analysis: Out-
of-Sample Predictions in Dynamic Poverty Mapping, Grosse deepens the analysis
carried out in the first essay to judge the stability of poverty mapping results by
using out-of-sample predictions. Grosse fills the gap in verification of results
and contrasts poverty and inequality outcomes using two different assumptions
in the regression underlying the mapping procedure and using two different base
years. She finds that results can vary considerably for the example of Bolivia, both
concerning levels and trends over poverty and inequality indices.

Whereas the first two essays are mainly using income as the main wellbeing
indicator, Grosse turns to non-income dimensions of poverty and inequality in the
third and fourth essay. In the third essay entitled Measuring Pro-Poor Growth
in Non-Income Dimensions, she extends one of the tools of the pro-poor growth
literature—the growth incidence curve—to non-income dimensions of wellbeing.
In doing so, she overcomes the shortcoming of pro-poor growth concepts that have
only focussed on income changes over the income distribution. Grosse applies
this logic to non-income dimensions using Bolivian data and is able to answer
the question if the poor were able to expand their outcomes in non-income dimen-
sions such as education or health, thus, if non-income poverty and inequality were
reduced or not.

Using Colombian Quality of Life Survey data, which is rich both in income or
consumption and in non-income dimensions, Grosse extends the analysis of non-
income pro-poor growth in the fourth essay, entitled Pro-Poor Growth in Multi-
dimensional Poverty Indicators: An Application to Colombia. She turns to the
question of how to aggregate several indicators into one single index using two
different weighting systems. By contrasting findings from normatively selected
and statistically determined methods to determine the weights of the variables en-
tering the indices, she presents a solid empirical application on how to construct
and interpret trends in multidimensional poverty over time. The Colombian case is
an interesting one because it encompasses a period of deep economic contraction
which has affected income and non-income dimensions of wellbeing differently
from each other.

Melanie Grosse investigates conceptual and empirical issues on the measure-

ment of trends in wellbeing, poverty, and inequality and nicely illustrates her
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EDITOR’S PREFACE ix

approaches for Bolivia and Colombia. She has contributed significantly to fill-
ing data gaps by combining existing data in a new way. Furthermore, her book
presents an important step forward in the direction of focussing more on multidi-
mensional outcomes of wellbeing rather than on monetary inputs. The essays are
important contributions to the economic literature on developing tools to monitor
the progress in achieving the Millennium Development Goals.

Prof. Stephan Klasen, Ph.D.
Gottingen, October 2010
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Author’s Preface—Or:
My Ph.D. thesis in 3 Steps...

Ever tried. Ever failed. No matter. Try Again. Fail again. Fail better.
Samuel Beckett (1906-1989)

... 1: the Start. The most important part of a Ph.D. thesis (and maybe the most
important reason to finish it) is to write the acknowledgements. So thanks to all
for giving me a good start. I “always” wanted to write a Ph.D. thesis, and I am
very grateful for having been given this opportunity by the Chair of Develop-
ment Economics at the University of Gottingen. I have started with an enormous
amount of ambition, motivation, and enthusiasm. And I have been able to observe
a steep learning curve on everything I had hardly any idea about before: Econo-
metrics, STATA, LaTeX, teaching classes, contributing to organize the chair, su-
pervising students, and having good times and research collaborations with col-
leagues. And, last but not least, having a lot of fun at the chair.

My deepest thanks go to my supervisors, above all to Prof. Stephan Klasen for
supporting me throughout all the time that it took me to finish this thesis. He was
always able to find the right motivating words and to provide stimulating inputs
whenever I needed them. His scientific and practical advice have been invaluable
to me and his insistence from the very beginning until the very end has been my
safeguard to stay on track. I am also deeply thankful for the freedom he gave
me to finish my Ph.D. and for the trust in my capacities to really do it. I would
also like to thank Prof. Michael Grimm for his readiness and his perseverance to
keep on supervising my thesis, even after he has left Gottingen in favor of The
Hague. Furthermore, I would like to thank him for the friendship and nice work
atmosphere that evolved by working in the offices next to each other, having a cup
of tea together from time to time, and by sharing some evening working hours at
office. My thanks also go to Prof. Walter Zucchini for his patience in teaching
me the beauty that statistics can have and for his availability to comment on my
research with stimulating questions and valuable suggestions.
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... 2: the Middle. Thanks to all who kept on believing that I would do it. The
list of people to thank (mentioned in non-systematic order) feels nearly endless,
so felt the time I spent in “the Middle”. Thanks to those who have hosted me from
time to time for an “Arbeitsurlaub” at their place, mainly my “idol” and friend
Andrea Schertler at the University of Kiel who kept on teasing me even harder
than my supervisor; my former room mate and old crony Nicolé Evensson for a
nice work atmosphere combined with fun in Amsterdam and Jérvso; my friend
and former colleague Isabel Giinther hosting me at ETH in Ziirich and keeping
the balance between fun and research (and providing numerous invaluable, but
sometimes unfortunately unreadable), suggestions to my thesis; and my cousin
Thorsten Grosse welcoming me at IP Exchange in Niirnberg, also motivating me
with potential prospects at the job market; and most importantly to Max Bonisch
and Frauke Siegmiiller to constantly and frequently satisfying my basic needs for
food, clothes, shelter, firewood, and participation during wonderful and innumer-
able times in front of the fireplace and TV in Echte.

Many friends have crossed my way at office and made my time a lot nicer,
namely my friend Kenneth Harttgen with whom I have been sharing doubts and
ambitions about the Ph.D. thesis and with whom working together was really
really fun; Eva Sobbeke with whom I have been sharing similar positions and
passions such as being at office during late-night and week-end sessions, lov-
ing to have dinner outside, and procrastinating by studying www.phdcomics.com
(thanks also to Jorge Cham for writing them); Silke Woltermann with whom I am
sharing the love for Brazil (including Cachaga) and for development economics
and development cooperation; Iris Butzlaff with whom I was sharing the challeng-
ing, but funny, times in our office in Biisgenweg as well as during nice dinners at
home; and Axel Buschmann for allowing me to join him to the worst mensa ever:
Nordmensa.

Other friends have crossed my way after office hours and have made the way
much more pleasant, namely my room mate Jan Niessen giving me support in
the day to day life (and not to forget night to night life with wine & beer and
pizza & pasta); Katja Topfer and Andreas Roder sharing their sofa, dinner, and
TV each Sunday for Tatort; Beatrice Radecke for coming over to share week-
end breakfasts which forced me to wake up “early” even Saturdays and Sundays
and to do research afterwards; Femke Schifer and Sybille Mai for sharing sports
ambitions and the love for good food; Felix Hammermann for constantly being
worried about the unlikely outcome that I would not do it and for giving me good
advice on where to focus in the career planning and in life; Matthias Stenger and
Katharina Scholz for having gone through the same ups and downs and having
shared these experiences in frequent meetings and endless phone calls; my former
class mates Julia Schultz and Sophie Rotter for having fun together, going out for

dancing and drinking, and keeping in touch all the time; and my sandbox friend
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Sandra Ziep for continuing our long history of friedship in endless tea time and
dinner events.

... 3: the Finish. Thanks to all who finally pushed me to the end. After several
years and after some cumbersome, turbulent, and challenging times, I am thankful
to all who believed in me during all the time: my supervisors, my colleagues, and
my friends. But my special thanks go to my family who might have never really
understood what I was doing, why I was doing it, and why it took me so long to
do it, but who kept on believing that I would do it! And I did it. I am deeply
thankful to my parents who gave me the feeling of being loved and supported ...
“come hell or high water”.

Melanie Grosse
Gottingen, October 2010
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Introduction and Overview

Have compassion for all beings, rich and poor alike; each has their suffering.
Some sufffer too much, others too little.
Buddha (563BC—483BC)

Fighting poverty and inequality is among the goals upon which the international
community has agreed. The issue of lifting the poor out of poverty and enhanc-
ing the wellbeing of the deprived and marginalized is on top of the international
agenda of researchers, policy makers, and the general public. This broad agree-
ment becomes well visible by the Millennium Development Goals (MDG) which
have been set by the international community in 2000 in the Millennium Devel-
opment Declaration (UN, 2000). By setting these goals, which are inspired by the
seminal work of Sen (1985), several aspects of development have become more
important for researchers and policy makers alike.

The first aspect is that development and poverty need to be understood as mul-
tidimensional phenomena. By setting 8 goals (and specifying 21 concrete targets
and 60 indicators to be measured and monitored) the view has become wider than
just looking at money-metric goals such as increasing per capita income. Besides
income poverty, which is one target of MDG1, the other goals focus on eradi-
cating hunger (second target of MDG1), enhancing education (MDG2), increas-
ing gender equality and empowerment of women (MDG3), reducing child mor-
tality (MDG#4), improving maternal health (MDGS5), combating diseases such as
HIV/AIDS and malaria (MDG®6), ensuring environmental sustainability (MDG7),
and developing a global partnership for development (MDG8). The second as-
pect besides setting these goals is that they should be measured and monitored
regularly until 2015.

The essays presented in this book deal with the measurement and trends of
poverty and inequality and follow the spirit of the MDGs in several aspects. Es-
say 1 deals with data generation out of incomplete data to being able to monitor
the trends in (income) poverty and inequality over a longer time period. Essay 2
deepens the analysis of the first essay by determining the stability of poverty and
inequality estimates using different methods of data generation. Essay 3 deals
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2 INTRODUCTION

with the measurement of multidimensional poverty and inequality and its moni-
toring over time. Essay 4 deepens this analysis by comparing different methods
for data weighting and aggregation of multidimensional indicators.

Trends of Worldwide Poverty and Inequality

After the second world war, hopes were strong that the development (or catch-up)
of the poorer parts of the world would take just a few years or at maximum some
one or two decades—inspired by the success in economic development of post-
war Europe. The believe was that by setting the overall macroeconomic conditions
and by providing enough “money”, development would result nearly automati-
cally (Kiely and Marfleet, 1998). With the end of the cold war, a market-based
economic system became the “winner model” in the world, and policy recommen-
dations for developing countries consisted of structural reforms, also called the
“Washington consensus” (Williamson, 1990; Rodrik, 2003; Lora, 2001; Schwe-
ickert and Thiele, 2004). However, hopes did not materialize everywhere, but
the effect on enhancing growth and reducing poverty and inequality were at best
mixed (World Bank, 2005; Chen and Ravallion, 2008; Rodrik, 2006). Thus, since
the 1990s, the focus of research and policy shifted back to answering the very
essential questions why poverty and inequality persist in so many countries.

In this vein, the first Human Development Report (HDR) from 1990 has “the
single goal of putting people back at the center of the development process in
terms of economic debate, policy and advocacy ... [and addresses] the question
of how economic growth translates—or fails to translate—into human develop-
ment.”! Also, since the mid to late 1980s, measuring poverty and inequality and
their trends have become easier. Household surveys have been conducted more
frequently and in more countries, for example in a standardized way under the
Living Standard Measurement Survey (LSMS) project of the World Bank. In
parallel, the Demographic and Health Surveys, funded by USAID, have started
collecting data on health and population trends that has led to more data collec-
tion. The literature on the trends in worldwide poverty in the 1990s using this
data suggests that inroads into poverty have been made, however, not everywhere
(Chen and Ravallion, 2008). This finding continues in the 2000s as well, and the
latest MDG monitoring report (UN, 2009) raises the fear that the recent economic
crisis together with rising food prices would increase vulnerability and lead to
rising poverty, in some regions more (Africa) than others (East Asia).

In general, Latin America and the Caribbean (LAC) does on average better
than other regions for the time period of investigation of the essays in this book.
As shown in Appendix Table A.1, the region has, compared to other regions or

Uhttp://hdr.undp.org/en/reports/global/hdr1990/.
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INTRODUCTION 3

groups of countries, the highest GDP per capita in 1990 and 2005, even higher
than the group of Middle Income Countries (MIC). Concerning non-income indi-
cators, LAC is leading in, e.g., life expectancy, female literacy, and the Human De-
velopment Index (HDI). For most of the other selected indicators presented here,
such as immunization, male literacy, school enrollment, infrastructure (roads, tele-
phone connection), it is among the leading regions. Also the structure of the econ-
omy is in LAC relatively advanced with the lowest share of agriculture in GDP
and the highest share of services. Concerning the ratio of exports to GDP, LAC is
in the middle group. Inflation was still high in the 1990s, but has been substan-
tially reduced to more sustainable levels, but it is still the highest compared to all
other regions. GDP growth rates are rather low and even decreasing, in contrast
to high and even increasing growth rates in East Asia and the Pacific (EAP) and
South Asia. The MIC group also outperformed LAC in the 2000s. On the other
hand, LAC still does better than Sub-Saharan Africa (SSA) and than the group of
Least Developed Countries (LLDC) in levels as well as growth rates. The same
holds for the selected non-income indicators.

Poverty, Inequality, and Policy in Bolivia and Colombia

The period of investigation of the essays in this book covers the 1990s and the
beginning of the 2000s: For Bolivia the time period studied is from 1989 to 2002
and for Colombia from 1997 to 2003. This period also marks the beginning of the
monitoring and reference years for achieving the MDGs: 1990 is the reference
year for all goals set by the international community in 2000 (UN, 2000), that
should be reached until 2015. For LAC countries, it marks the turning point of the
focus of national and international policies. Leaving the so-called “lost decade”
of the 1980s behind, the countries had gone through policies suggested by the
“Washington consensus” which included the deregulation of product and capi-
tal markets, the liberalization of trade and FDI policies, fiscal reforms including
tax reforms and decentralization efforts as well as increased public spending on
health, education, and infrastructure, combined with the restructuring of publicly-
owned firms, mainly by privatization (Klasen et al., 2005; Schweickert and Thiele,
2004).

In Appendix Table A.2, Bolivia and Colombia are shown in a comparative
perspective with neighboring countries, i.e., some of the Andean countries (Chile,
Ecuador, Peru).? Bolivia is among the three poorest economies in Latin Amer-
ica, together with the struggling countries Nicaragua and Haiti. In per capita
income, Bolivia is growing on the LAC average, whereas Colombia is growing
a little faster. Both have higher population growth, Bolivia shows even in an in-

2See Klasen et al. (2005) for more LAC countries.
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4 INTRODUCTION

ternational comparison a high level (Appendix Table A.1). Both countries have
achieved moderate inflation rates. Bolivia is struggling from a rather low popu-
lation density and problematic geographic conditions due to the difficult terrain.
The structures of the Bolivian and Colombian economies are relatively similar at
the first glance, having above average agricultural participation and a high share
of services. For indicators measuring human development, Bolivia shows weak
outcomes and is receiving quite high aid inflows compared not only to LAC but
also to other regions.’ It is doing worse on life expectancy, immunization, infras-
tructure (roads, telephones), and also on the overall HDI value. For many of these
aspects, Bolivia is doing similarly badly as countries in SSA or South Asia, except
for education. Colombia, however, is very close to the average of LAC countries,
both looking at income levels as well as non-income indicators.

Turning to the political and social stability of the countries, Bolivia was mainly
under military rule in the 1970s and early 1980s, but a democratic regime was
established in 1982 and has persisted ever since. The 1980s and 1990s were dom-
inated by changing coalitions of parties representing the Spanish-speaking popu-
lation but with little representation from indigenous groups.* The early to mid-
2000s were driven by protest, civil unrest, and political instability. From 2001
onwards, each Bolivian president remained in charge for approximately only a
year (Klasen et al., 2005). At the end of 2005, the candidate of the “Movement
for Socialism”, Evo Morales, won the election, being the first indigenous head of
state. The situation in the country remained unstable with protest from the mid-
dle class and the richer lowland departments against the leftist policies’ (some
regions even declared autonomy) but Morales was able to win a recall referendum
in 2008, to get approved the new constitution in 2009 (allowing reelection), and
to actually be reelected in December 2009 in the first round.

Colombia had only a short time under military rule in the mid-1950s, be-
ing under democratic rule ever since, with either conservative or liberal presi-
dents. However, since the 1960s, Colombia has been suffering from the internal
armed conflict with the Revolutionary Armed Forces of Colombia (Fuerzas Ar-
madas Revolucionarias de Colombia, FARC), other paramilitary groups, and the
drug cartels. The conflict became worse every decade, which up to today places
Colombia internationally in the “leading group” for homicides with 45-61 homi-
cides in 100,000 people (compared to 3—4 for Bolivia), only “outperformed” by

3Bolivia is taking part in the HIPC initiative.

“Bolivia has a very large indigenous population and is one of the most ethnically diverse
countries in Latin America.

5These include a strengthening of the rights of the indigenous people, partly nationalization
of the natural resource sector (mainly gas) and/or stronger control over foreign firms, and a less

restrictive approach towards coca growing.
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INTRODUCTION 5

South Africa.> The same holds for internally displaced people with 2.6-4.7 Mio.
people, only “outperformed” by Sudan with 4.6-4.9 Mio. people.” Since 2002,
Colombia has been ruled by Alvaro Uribe, an independent liberal candidate. He
was able to win great public support due to his strong priority to end the internal
armed conflict, following the so called “democratic security policy” with a rather
tough approach to overcome the violence and to stabilize the country. Stabilizing
the country and achieving increased economic growth made it possible for him to
initiate and push trough a constitutional reform (allowing reelection), and actu-
ally Uribe was reelected in 2006 in the first round. He was only stopped by the
Colombian Constitutional Court to run for a third term.? Instead, his political heir
Juan Manuel Santos was able to clearly win the selections, expected to continue
the most of the politics adopted under Uribe.’

Comparing the two countries presented in this book reveals how poverty and
inequality might harm growth and cause social turmoil and political change (as
suggested by the case of Bolivia) and how political and social instability might
harm growth and non-income wellbeing such as subjective perceptions on life
satisfaction and personal safety (as suggested by the case of Colombia). The po-
litical and social struggle of the 1990s and 2000s shows how important policies
directed to enhancing wellbeing are. The long-lasting segmentation of Bolivia
along the ethnic divide, which strongly coincides with the divide between high-
lands agriculture and lowlands resource-based economy, led to turmoil (Klasen
et al., 2005) and finally to the success of the leftist government of Evo Morales.
The burden of the internal armed conflict hinders Colombia to grow beyond the
Latin American average and to converge towards the richer neighbors with similar
initial conditions.

Measurement of Wellbeing, Poverty, and Inequality

Many different measures have been proposed to measure and monitor poverty and
inequality. The essays in this book apply several measures and thereby shed light
on different aspects of poverty and inequality. From the Foster-Greer-Thorbecke
set of decomposable poverty measures (Foster et al., 1984), we use the poverty
headcount or poverty incidence (abbreviated FGTO or PO) that measures the pro-
portion of poor people in the total population, the poverty gap (FGT1 or P1) that
measures the depth or intensity of poverty showing how far the population is on
average from the poverty line, and the poverty severity (FGT2 or P2) that takes

Shttp://www.unodc.org/unodc/en/data-and-analysis/ihs.html.
http://www.internal-displacement.org.
8http://www.nytimes.com/2010/02/27/world/americas/27colombia.html?ref=colombia.
http://www.nytimes.com/2010/06/21/world/americas/21colombia.html.
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6 INTRODUCTION

the inequality of incomes among the poor into account. The FGT measures, espe-
cially FGTO, are the most frequently calculated and best available measures.

For measuring inequality, we use the Gini coefficient, the Atkinson indices,
the Theil index, and Quantile-Ratios (Sen and Foster, 1997). The Gini coefficient
can be derived from the Lorenz curve!® and measures how close the Lorenz curve
is to the curve of total equality. The Gini is lower the closer the Lorenz curve is
to the equality curve: it would be O for perfect equality and 1 for perfect inequal-
ity.!! Its intuitive interpretation and the availability of data for many developing
countries makes it the most widely used inequality measure. The Atkinson index
can be made more sensitive to the lower end of the income distribution by increas-
ing the “inequality aversion” parameter in the Atkinson formula. The Theil Index
offers the advantage, in contrast to the Gini, to be additively decomposable over
subgroups of all observations N (as the weighted average of inequality within sub-
groups plus inequality between those subgroups) and ranges from 0 to InN. The
last inequality measure used is the quantile ratio, defined as the ratio of the rich-
est quantile to the poorest quantile (for example the richest decile to the poorest
decile), sometimes also called Kuznets ratio. It is the easiest to calculate and also
the most intuitive to understand.

All these poverty and inequality measures require household survey micro
data. Especially for inequality, the data should be of high quality because the
inequality measures take the whole distribution into account for calculating the
indices, and some of them are sensitive to data at the tails of the distribution. For
poverty, only the lower end of the distribution is relevant, i.e., the people up to
the poverty line.!? To follow poverty and inequality trends, this data needs to be
comparable over time. Unfortunately, household survey design often change over
time (e.g., in sampling, questions, recall periods) making sound analysis and clear
statements difficult. Essay 1 and especially Essay 2 come up with some sugges-
tions how to deal with some aspects of data generation and data comparison.

Specific methods to follow the trends of poverty and inequality jointly over
time have evolved and have been applied to a range of countries, some of which
are also applied in this book. A special group of methods can be grouped under
the topic of “pro-poor growth” which is, generally speaking, growth that is ben-
eficial to the poor of the income distribution. Questions addressed by pro-poor
growth methods are, for example: How can a poverty decline be decomposed in

10The Lorenz curve depicts on the x-axis the cumulative share of people ordered by increasing
income and on the y-axis the cumulative share of income. The total equality curve is the 45 degree
line.

17t is calculated as the area between the Lorenz curve and the equality curve divided by the
total area under the equality curve.

12For inequality, it would matter if you had a very rich person, e.g., Bill Gates, in the sample,

but for poverty, it would not since only persons below the poverty line enter the calculations.
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INTRODUCTION 7

rising incomes and falling inequality (growth-inequality decomposition of Datt
and Ravallion (1992))? What is the required growth rate to achieve the same
poverty decrease as observed if the income distribution had remained constant
(poverty equivalent growth rate of Kakwani and Son (2006))? How much does
each quantile of the income distribution benefit from growth (growth incidence
curve of Ravallion and Chen (2003))? Did the poor grow faster than the non-poor
(pro-poor growth rate of Ravallion and Chen (2003))? The standard data used to
apply the described poverty and inequality measures and their trends over time as
well as the pro-poorness of the trends are income or expenditures data, as done
in Essay 1. Wellbeing, however, goes beyond income as outlined above. For this
purpose, standard pro-poor growth methods are applied to non-income indicators,
which are similar to the MDGs or multidimensional (composite) measures such
as the HDI, in Essay 3. These analysis are extended and different aggregation
weighting schemes in multidimensional indices are discussed and applied in Es-
say 4 putting normative and also subjective aspects in the center of analysis.

How to Overcome Missing Data Problems?

Essay 1, based on joint work with Stephan Klasen and Julius Spatz, and Essay 2,
based on joint work with Boris Branisa, address the question how to overcome the
problem of missing data by using household survey matching techniques. In many
developing countries, a time series of nationally representative household budget
or income surveys does not exist, while there often are urban household surveys as
well as nationally representative Demographic and Health Surveys (DHS) which
lack information on incomes. This makes an analysis of trends and determinants
of income poverty and inequality over a longer time period impossible.

Using these data sets nevertheless for poverty and inequality analysis, these
analysis have to be either restricted to urban areas only, or these analysis have to
rely on alternative wellbeing measures such as asset indices, that can be created
using the DHS data (Sahn and Stifel, 2000, 2003; Filmer and Pritchett, 2001).
Such asset indices are applied to many countries to assess poverty differentially
and poverty trends over time. While asset indices are often well-correlated with
income, it is not clear how well they are able to reproduce poverty trends over
time.

The problem of missing data is also relevant for Bolivia where there exist ur-
ban household surveys—leaving nearly half of the population uncovered—and
nationally representative DHS since 1989, while comparable nationally represen-
tative household income surveys only exist since 1999. In Essay 1, we adjust a
technique developed for poverty mapping exercises by Hentschel et al. (2000) and
Elbers et al. (2003) to link urban household income surveys with DHS data to gen-

erate a nationally representative time series of household income data from 1989
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8 INTRODUCTION

to 1999. We show that our extension of the poverty mapping methodology is able
to reproduce trends in differential in poverty well where we have comparable data.
It also appears superior to the use of asset indices for measuring trends in poverty
which might more reflect changes in preferences, prices, and non-income indi-
cators. As such the proposed method is of considerable use for situations where
nationally representative income surveys are lacking, but DHS data are available.

Essay 2 address the questions on how to judge the goodness of fit of the
methodology of Essay 1 by statistical procedures. The methodology presented
in Essay 1 was based on the data constraint of having only one nationally repre-
sentative pair of different household surveys (one survey such as an LSMS having
income and the other survey such as a DHS not having income in the survey), and
to have some urban LSMS surveys for other years together with some national-
wide DHS. Having a second pair of full surveys allows us in Essay 2 to make a
backward and forward check of the approach described, in the sense of an out-of-
sample prediction that can be compared to observed data. Our technique explicitly
estimates the stability of this backward extension by repeating it for two base pe-
riods with two sets of nationally representative data of LSMS and DHS (1998/9
and 2002/3) for Bolivia. Furthermore, we use and compare two different methods
of modeling dynamics. What is normally applied in the literature is to neglect
dynamics. However, changes in endowments and changes in returns are likely to
occur over time and thus impact on income poverty and inequality.!?

How to Investigate Multidimensional Pro-Poor Growth?

Essay 3, based on joint work with Kenneth Harttgen and Stephan Klasen, and
Essay 4, based on joint work with Adriana Cardozo, address the question how
to investigate the multidimensionality of wellbeing and poverty and their distri-
bution and changes over time. In this context, pro-poor growth has recently be-
come a central issue for researchers and policy makers, especially in the context of
reaching the MDGs. The various proposals to measure pro-poor growth have also
allowed a much more detailed assessment of progress on reducing poverty as they
explicitly examine growth along the entire income distribution, rather than simply
focusing on mean progress. However, current concepts and measurements of pro-
poor growth are entirely focused on the income dimension of wellbeing, which
neglects the multidimensionality of poverty and wellbeing. There are no corre-
sponding measures for tracking progress on non-income dimensions of poverty.
In Essay 3, we propose to extend the approach of pro-poor growth measure-
ment to non-income dimensions of poverty by applying the growth incidence

13This is investigated, for example, by Grimm (2004) for Cote d’Ivoire and by Bourguignon

et al. (2005) in a multi country study for 4 countries in Latin America and 3 in Asia.
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INTRODUCTION 9

curve to non-income indicators. This extension allows the assessment of the link-
age between progress in income and non-income dimensions of poverty. Cate-
gorizing the different and conflicting definitions, we introduce three definitions
of pro-poor growth: weak absolute pro-poor growth, relative pro-poor growth,
and strong absolute pro-poor growth. Pro-poor growth in the weak absolute sense
means that the income growth rates are, on average, above 0 for the poor. Pro-
poor growth in the relative sense means that the income growth rates of the poor
are higher than the average growth rates, thus that relative inequality falls. Pro-
poor growth in the strong absolute sense requires that absolute income increases
of the poor are stronger than the average, thus, that absolute inequality falls. The
definition of strong absolute pro-poor growth is the strictest definition of pro-poor
growth and the hardest to achieve, which is also shown empirically by White and
Anderson (2000). This is why most researchers concentrate, in general, on the
weak absolute and relative definition. But this ignores that decreases in relative
inequality might be—and often are—accompanied by increases in absolute in-
equality, which is seen as undesirable by many and can be an important source of
social tension (Atkinson and Brandolini, 2004; Duclos and Wodon, 2004; Klasen,
2004).

We investigate the multidimensionality of pro-poor growth empirically for Bo-
livia between 1989 and 1998 in Essay 3. We find that growth was pro-poor both
in the income and in the non-income dimension, but results for the non-income
dimensions are less clear when the poor are ranked by income. The objective
of Essay 4 is to deepen this analysis for Colombia between 1997 and 2003. We
benefit from the rich data set available to us that allow us to create indicators
reflecting human and physical capital (education and assets), health status, and
subjective welfare. By applying the method of Essay 3 to the Colombian Liv-
ing Standard Measurement Survey (LSMS) we discuss whether changes in assets,
education, health, and subjective welfare were more beneficial to the poor than
to the non-poor. For constructing indices, we select a subset of variables and ap-
ply polychoric principal component analysis (PPCA), suggested by Kolenikov and
Angeles (2009) to define weights. Their methodology allows to correctly calculate
the correlation matrix before applying traditional principal components analysis,
diverging from the standard procedure used up to now in the literature. Results
are compared to the same indicators using normatively selected weights to enrich
the discussion about the weighting procedure of multidimensional indicators.

Although the time span is short and covers a turbulent economic period with a
large recession, it is quite relevant because it gives an insight into how it affected
non-income dimensions like education, health, assets ownership, and access to
public services. We find that multiple dimensions of welfare might contradict
each other in the short run, particularly when they depend on public policies.

Public spending can thus play an important role for counteracting the depth of
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10 INTRODUCTION

economic crisis like the one experienced in Colombia in 1999. We also find that
even though infrastructure conditions and access to education improved due to
reforms and higher public spending, self reported welfare perception was largely
driven by available income and thus by consumption possibilities. In contrast
to the available literature on Colombia, our subjective welfare indicator does not
show improvements in self reported welfare of Colombians between 1997 and
2003. Results also show that while income and expenditures fluctuated accord-
ing to economic growth, reflecting the effects of the 1999 economic crisis, non-
income indicators proved to be more stable, less unequally distributed, and had
minor improvements during the period of analysis.

The Appendices following Essay 4 contain additional country specific infor-
mation on the data sets and results of the respective empirical analysis. The Bib-
liography for all parts is also located at the end of the book.
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Essay 1

Matching Household Surveys with
DHS Data to Create Nationally
Representative Time Series of
Poverty: An Application to Bolivia

Stell dir vor, es geht, und keiner kriegt’s hin.
Wolfgang NeuB (1923-1989)

Abstract: In many developing countries, a repeated cross-section of nationally
representative household budget or income surveys does not exist, while often re-
peated urban household surveys as well as nationally representative Demographic
and Health Surveys (DHS) are available, the latter however lacking information
on income. This makes an analysis of trends and determinants of poverty and
inequality over a longer time period impossible. This is also the situation in Bo-
livia where there exist urban household surveys and nationally representative DHS
since 1989, while nationally representative household income surveys only exist
since 1997. In this paper, we adjust a technique developed for poverty mapping
exercises to link urban household income surveys with DHS data to generate a na-
tionally representative time series of household income data from 1989 to 1999.
Our technique performs well on validation tests, is superior to proxying welfare
with asset ownership in the DHS, and is able to generate new information on
poverty and inequality in Bolivia.

based on joint work with Stephan Klasen and Julius Spatz.
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12 MATCHING HOUSEHOLD SURVEYS WITH DHS DATA

1.1 Introduction

In many developing countries, it is difficult to obtain a time series of household
income surveys for poverty and inequality analyses. Nationally representative sur-
veys were often only conducted very recently (e.g., with the support of the World
Bank living standard measurement survey (LSMS) program), but before that time
often only regional—and frequently urban—income surveys are available. At the
same time, many developing countries have participated in the program of Demo-
graphic and Health Surveys (DHS) since the late 1980s and by now often have
2-4 such surveys available. This is the situation in Bolivia, where urban house-
hold surveys and nationally representative DHS are undertaken since 1989, while
nationally representative household income surveys only exist since 1997. Similar
data constraints hold for most Latin American countries before the mid-1990s, for
example for Colombia with 5 DHS from 1986 onwards but household income sur-
veys only since the mid-1990s, or Peru with also 5 DHS since 1986 and national
household surveys only from 1997 onwards. An even worse example is Haiti
where 3 DHS and only 1 income survey of 2001 are available. This data con-
straint is also similar in several Sub-Saharan African countries where the 1-2-3
income surveys are typically only urban,! but several DHS have been undertaken.

The great advantage of the DHS is the high degree of standardization over
time (and countries) as well as that they are freely available. Unfortunately, these
DHS data do not contain information on household incomes or expenditures. In
order to use these data nevertheless for poverty analysis, asset indices have often
been created and used to assess poverty differentially and poverty trends over
time (Sahn and Stifel, 2000, 2003; Filmer and Pritchett, 2001). While these asset
indices are often highly correlated with income, it is not clear how well they are
able to reproduce poverty trends over time but rather reflect changes in prices or
preferences.

To be able to explore poverty and inequality trends at the national level and es-
pecially concerning the urban-rural divide in more depth and detail for the 1990s
in Bolivia, irrespective of the above mentioned data constraints, we set up a dy-
namic cross-survey microsimulation methodology.?2 Our approach basically fol-
lows the poverty mapping literature based on Hentschel et al. (2000) and Elbers
et al. (2003) who use household surveys and Census data to generate detailed
poverty maps at one point in time. A more recent application is done by Stifel and
Christiaensen (2007) who use a single household survey and several DHS surveys
to generate poverty data over time, i.e., for several years over one decade. Differ-
ent to the first two studies we develop a dynamic component rather than a static

Ihttp://www.dial.prd.fr and http://www.afristat.org/.
2The term “dynamic” might be slightly too strong since our approach also uses “static” coef-

ficients, however, different from being “the same” over time, see below.
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1.2. APPROACH AND DATA 13

poverty mapping within a single (or nearby) year. Different to the third study we
explicitly model dynamics rather than assuming that there are none.

In Section 1.2, we develop the methodology and describe the data used. In
Section 1.3, the empirical application for the case of Bolivia is carried out in three
steps. First, we generate an inter-temporally comparable microdata set of simu-
lated incomes for total Bolivia (i.e., national-wide and separately for departmental
capitals (short: cities), other urban areas (short: towns), and rural areas) between
1989 and 1999, and check the consistency between observed and simulated in-
comes where the former are available. Second, we use the simulated incomes to
estimate detailed national poverty profiles by place of residence and by house-
hold characteristics to track the evolution of poverty for different subgroups of
the population over time.3 Third, we evaluate the “pro-pooress” of the simulated
1989-t0—1999 income changes using growth incidence curves.* In Section 1.4,
we perform sensitivity analyses to (a) check the robustness of our results to alter-
native specifications and assumptions and to (b) compare our results with those
derived from the asset-index approach. In Section 1.6, we discuss the results.

1.2 Approach and Data

Our methodology to create a nationally representative time series of income data
out of incomplete income or consumption expenditure data (and to generate pov-
erty profiles and growth incidence curves) builds upon the static cross-survey mi-
crosimulation methodology of Hentschel et al. (2000) and Elbers et al. (2003).
Their objective is to analyze the spatial dimension of poverty in detailed poverty
maps of national coverage for Ecuador.

Their problem is that the Ecuadorian LSMS did not collect consumption ex-
penditures for all households but only for a nationally representative sample of
two-stage randomly selected households. The two-stage sample design, first se-
lecting clusters and then households within the selected clusters, generates a sam-
ple in which the households are not randomly distributed over space, but are geo-
graphically grouped. Their solution to this problem is to combine the LSMS data
with concurrent unit-record Census data of all Ecuadorian households and impute
consumption expenditures for those municipalities which were not included in the
LSMS sample. To this end, they estimate a consumption expenditure model in the
LSMS data restricting the set of covariates to those which are also available in the

3In a related study, Klasen et al. (2007) investigate also the effect of macroeconomic shocks
and policies on poverty and inequality for a 10-years-period ahead. The authors use a dynamic
computable general equilibrium model that is linked to the microdata also used in this study.
“For the results of the Datt and Ravallion (1992) growth-inequality decomposition of poverty
changes, see Grosse et al. (2005, 2007).
Melanie Grosse - 978-3-631-75353-8
Downloaded from PubFactory at 01/11/2019 06:00:43AM
via free access



14 MATCHING HOUSEHOLD SURVEYS WITH DHS DATA

Census data. Then they multiply for each household in the Census its covariates
with the corresponding regression coefficient from the consumption expenditure
model and add a randomly distributed error term.

We have a similar objective but face different data constraints. The pre-1997
LSMS of Bolivia are not nationally representative, but cover only cities. The 1997
LSMS is nationally representative but not comparable over time due to changes in
the survey design. Moreover, the Bolivian rounds of Census are only available for
1992 and 2001. To overcome these data constraints, we extend the static cross-
survey microsimulation methodology of Hentschel et al. (2000) and Elbers et al.
(2003) by a dynamic component and use DHS data (of the years 1989, 1994, and
1998) instead of Census data.

Stifel and Christiaensen (2007) apply the same technique, which is also based
on Hentschel et al. (2000) and Elbers et al. (2003), to Kenyan data facing similar
data constraints as we do. They use a household survey—the 1997 welfare mon-
itoring survey (WMS)—and the three DHS rounds of 1993, 1998, and 2003. The
difference to our paper is that their estimation procedure, despite predicting in-
comes in the past and the future of the actual WMS, remains stable concerning the
modeling of the regression coefficients and the error terms over time. This means
that they run a log-linear regression model in the WMS of 1997, and they use the
coefficients (and error terms) obtained from this model in all three DHS surveys to
simulate incomes. They argue that there are some parameters that are expected to
be relatively stable over time (e.g., the coefficients on consumer durables or hous-
ing characteristics) and exclude others that are expected to be instable over time
(e.g., the coefficients education or employment). Testing if the parameters are
stable or not, however, is not possible with their data set. Theoretical arguments
on their selection strategy are scarce; instead their selection is based on stepwise
regression models.

Our methodology takes dynamics explicitly into account and proceeds in three
steps. First, we choose a base period ¢ in which we have a nationally representative
LSMS as well as a nationally representative DHS, and develop an empirical model
of a monetary welfare indicator y (hereafter referred to as income) using the LSMS
data. Similar to Stifel and Christiaensen (2007), Hentschel et al. (2000), and
Elbers et al. (2003), we restrict the set of covariates X to those which are also
available in the corresponding DHS in . We choose the covariates that (a) exhibit
the highest possible consistency between LSMS and DHS data and do not change
too strongly over time, and (b) shows the best possible fit of the regression model.
We then construct a 3 x 3 block diagonal structure of the covariates by interacting

them with three regional dummies, and run a weighted standard log-linear OLS
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1.2. APPROACH AND DATA 15

regression model where the indices C, T', and R stand for cities, towns, and rural
areas, respectively, 3 are coefficient vectors, and € is an independent error term:

Inyf Xt 0 0 Be &
Iny! |=| 0 xI o BT |+ € |. (1.1)
1“)’? 0 0 XrR BtR etR

Note that this is equivalent to running three separate regressions. We account
for heteroskedasticity using the covariance matrix estimator proposed by White
(1980).> We predict incomes within the LSMS sample to detect problems that
might arise from the modeling of the error term (see below).

Second, we check the consistency between the observed incomes of the LSMS
and the simulated incomes of the DHS in period 7. To this end, we apply the co-
efficient estimates 3 from regression model (Equation 1.1) to the DHS covariates
X and generate simulated incomes

In§¢ %€ 0 0 Be u€
ng; |=| 0 X7 0 Br |+ u |- 12)
InyR 0 o0 Xk BR uR

Since the regression model in Equation (1.1) explains only a fraction (around 50
percent) of the variation in the data we add normally distributed random variables
uC, uT, and u® with mean 0 and a standard deviation equal to the standard devi-
ation of the error term in the respective region. We repeat simulation procedure
of Equation (1.2) for 200 times to simulate 200 nationally representative income
samples. Letting P(¥) be a poverty or inequality measure based on the simulated
income distribution, we can generate the distribution of P(¥), in particular, its
mean point estimate and its prediction error, from the 200 samples of simulated
incomes. The fit of the simulation can be evaluated by comparing the poverty and
inequality measures estimated from observed incomes of the LSMS, P(y), with
those from simulated incomes of the DHS, P(5).

Third, we choose an earlier period ¢ — 1 in which the LSMS covers only cities
and partially re-run our regression model

c
Yo =X B +e5 (1.3)

to obtain the coefficient estimates and the standard deviation of the error term for
cities in period ¢ — 1. Concerning the modeling of dynamics, we assume that the

SUnfortunately, the primary sample units (or clusters) of the pre~1997 LSMS are not available
in Bolivia so that we cannot split the error term into a spatial and an idiosyncratic component as
in Elbers et al. (2003) and Stifel and Christiaensen (2007).
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16 MATCHING HOUSEHOLD SURVEYS WITH DHS DATA

absolute differences® in the regression coefficients between cities and towns and
between cities and rural areas remain constant over time. We therefore calculate
the coefficient estimates for towns and rural areas, respectively, in period ¢ — 1 in
the following way:

ﬁtT—l = ﬁtc—l + (ﬁtT - Btc) and ﬁtR—l = Bt(il + (BtR - ﬁtc)- (1.4)

We check the robustness of our results to alternative assumptions on the evolution
of the regression coefficients between period ¢ — 1 and ¢ in Section 1.4.2. The
results are compared with the “static” case of f,_; = B; in Essay 2.

In a similar vein, we assume that the relative change in the standard deviations
of the error terms between period ¢ — 1 and ¢ is identical for all three regions.
We calculate the standard deviations of the error terms for towns and rural areas,
respectively, in period ¢ — 1 in the following way:

T c y o(&h R y_ .c\ O
o(g-1) =o0(g.1) (€S and o(g-;)=o0(g) o (eC)’

Repeating the simulation exercise of Equation (1.2) with the estimated co-
efficients from Equations (1.3)-(1.5) and the DHS data in period ¢ — 1, we can
create 200 nationally representative samples of simulated incomes in period £ — 1.
Again, we can compare the poverty and inequality measures between the two
household surveys. However, this is only possible for cities where also observed
incomes in the LSMS are available, but not for towns and rural areas. After this
consistency check, we use the simulated incomes to construct inter-temporally
comparable poverty profiles of national coverage for Bolivia and to evaluate the
“pro-poorness” of changes of simulated incomes over time using growth incidence
curves.

Our data set of LSMS consists of three multi-purpose household surveys con-
ducted by the Instituto Nacional de Estadisticas de Bolivia (National Statistical
Office of Bolivia, INE): the 2™ round (Nov. 1989) and the 7" round (July to
Dec. 1994) of the Encuesta Integrada de Hogares (EIH), and the 1* round (Nov.
1999) of the Encuesta Continua de Hogares (ECH). The EIH cover only cities of
Bolivia, while the ECH are nationally representative. Two-stage sampling tech-
niques were used in selecting the sample of households, and sampling was done
in a way to ensure self-weighting. The purpose of the LSMS is to collect indi-
vidual, household, and community level data to measure the welfare level of the
sampled population and its changes over time. In addition to income and/or ex-
penditure data, the LSMS provide information on demographics, asset ownership,
education, employment, and health.

(1.5)

6Note that we use the term “absolute” not in the mathematical meaning of |—1| = 1, but to

contrast it to “relative”, i.e., percentage changes.
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1.2. APPROACH AND DATA 17

In order to be able to compare our results with earlier empirical studies, we
use household members as the unit of analysis. As welfare indicator, we use
monthly consumption expenditures (including own consumption, but excluding
annualized costs for durable consumer goods) for rural areas, and monthly labor
income (excluding fringe benefits)’ plus monthly capital income for urban areas.
The choice of the mixed welfare indicator can be justified by that (a) it is com-
mon for Bolivia (INE-UDAPE, 2002), (b) an all-expenditure specification is not
possible since the EIHs collected only income but no expenditure data, and (c)
an all-income specification is not preferable since incomes only poorly reflect the
long-term welfare in rural areas due to large seasonal income fluctuations and a
high degree of own consumption in agricultural households (Deaton and Zaidi,
2002).8 In order to account for non-declaration of incomes, we apply a statistical
matching approach similar to Hernany (1999).° By contrast, we do not adjust for
sub-declaration (under-reporting) of incomes (i.e., we do not scale up the mean
income and mean consumption expenditures in the LSMS to those in the national
accounts) in our baseline scenario because (a) it is a priori not clear whether na-
tional account data or LSMS data are more accurate,'® and (b) Bolivia does not
report separate national account data for cities, towns, and rural areas. 1

To identify the poor, we use the two sets of poverty lines provided by the
Unidad de Analisis de Politicas Sociales y Economicas (UDAPE) (Appendix Ta-
ble B.1). The extreme poverty lines are given by the costs of food baskets which
reflect the nutritional requirements of adults and the local eating habits of the mid-
dle quintile of the income distribution. The moderate poverty lines additionally
include the costs of non-nutritional basic needs and are obtained by multiplying
the extreme poverty lines by the inverse of local Engel coefficients. Since no rural
poverty lines are available for 1989 and 1994, we extrapolate the difference be-
tween the rural poverty line and the weighted-average urban poverty line of 1999.

"Only if we exclude fringe benefits the measurement unit is inter-temporally comparable be-
tween 1989 and 1999. This is because the EIHs collected, if at all, only the incidence and type of
fringe benefits but not their value. As a consequence, our poverty estimates for 1999 are somewhat
higher than the official figures provided by INE (various issues).

8For simplicity, we will use only the term “income” for this mixed welfare indicator.

9We apply a rather simple cell matching approach, replacing missing incomes with mean
incomes based on characteristics such as region, area, language, gender, type and sector of occu-
pation, education, labor market participation, etc. of the nearest cells or neighbors.

10For a description and evaluation of, and an analysis of the sensitivity of poverty measures to,
different adjustment methods, see Székely et al. (2000).

In Section 1.4, we change this assumption and compare our results with the ones derived
from an upscaling exercise using national account data which is available at the departmental level

combined with sectoral employment data.
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18 MATCHING HOUSEHOLD SURVEYS WITH DHS DATA

Our set of DHS consists of the first three Bolivian rounds which were con-
ducted in 1989, 1994, and 1998.12 Two-stage sampling techniques were used to
select nationally representative samples of women aged between 15 and 49 who
serve as eligible respondents of the DHS, i.e., women of reproductive age. The
main objective of the DHS is to collect demographic data on health and fertil-
ity trends. Additionally, it includes some questions on the educational attainment
and the employment situation of the respondent and her partner and on the asset
ownership of the household.

The covariates taken from the two data sources and their sample means are
listed in Appendix Tables B.2 and B.3. They can be grouped into five categories:
information on (a) demographics of the household, (b) asset ownership of the
household, (c) educational attainment of adult men and women, (d) employment
situation of adult men and women, and (e) health situation of children. By choos-
ing suitable variables and dummy categories, we obtained a high degree of con-
sistency both across surveys and over time.

We build our methodology around the base period 1998/9 and then apply it to
the earlier periods 1989 and 1994. Additional data constraints impede our empiri-
cal analysis in three respects. First, to create inter-temporally comparable samples
of simulated incomes for Bolivia it would be ideal to use a set of covariates which
is available in all three pairs of concurrent surveys of 1989, 1994, and 1998/9. At
the same time, however, the availability of covariates in the LSMS and the DHS
changes over time due to changes in their questionnaires. In order to avoid a too
small set of covariates we, thus, decided to use different sets of covariates for each
period, i.e., different X enter for each of the three points in time ¢, to (a) check the
consistency between the LSMS and the DHS data in 1999, (b) to create 200 sam-
ples of simulated incomes in the DHS 1989 data, and (c) to create 200 samples of
simulated incomes in the DHS 1994 data.'?

Second, since no Bolivian DHS round was conducted in 1999, we have to use
the DHS 1998 data for our consistency check. That is, we compare the poverty
and inequality measures based on observed incomes of the LSMS 1999 with those
based on simulated incomes of the DHS 1998, assuming that the distribution of
the covariates (and also of the returns to covariates) remained reasonably constant
in between.'* By contrast, for 1989 and 1994 we have concurrent rounds of LSMS

12The fourth Bolivian DHS round, which was conducted in 2003, is used in Essay 2 for sen-
sitivity analyses on the robustness of results using other models and error-specifications in the
microsimulation, also focussing on the stability of the estimated results.

13To put it more formally, we only require that the set of covariates is identical for the LSMS
and the DHS in period ¢ — 1 as well as for the LSMS in period ¢. In Essay 2, a smaller set of
common covariates is used for the analysis from 1989 to 2002.

14Note that for Ecuador, Hentschel et al. (2000) and Elbers et al. (2003) use the LSMS from

1994 and the Census from 1990, so 4 years of distance of surveys, and assume that distance to
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1.3. EMPIRICAL RESULTS 19

and DHS. Third, due to its focus on health and fertility trends, the DHS data only
include households with at least one woman of reproductive age (i.e., eligible
women are those aged between 15 and 49). We, thus, have to replicate this implicit
sample selection in the LSMS data.!

1.3 Empirical Results

1.3.1 Estimation Properties

Before comparing poverty and inequality indices based on observed, predicted
(i.e., within-LSMS), and simulated (i.e., over-to-DHS) incomes, we present some
details on the regression results (Table 1.1) as well as on the properties of the
predicted incomes (Tables 1.2 and 1.3). Table 1.1 presents the regression results
(B coefficients and P-values) of regressing Iny on the selected variables, run sep-
arately for the three regions (city, town, rural) in 1999. One major concern might
be that the simple log-linear OLS regression model is too simple or that the log-
normality assumption of incomes does not hold, ' but we take the above described
estimation as a baseline estimation model.!” Also note that we leave questions of
insignificance of coefficients and multicollinearity aside, but include all variables

be “reasonably” small. The same holds for Stifel and Christiaensen (2007), who face a 1 year
difference for the base year. They also apply the same coefficients, similar as Hentschel et al.
(2000) and Elbers et al. (2003), for predictions 4 years back and forth in time.

15For 1994 and 1998, but not for 1989, the DHS provide an additional data module on, and
responded by, male adults. We opted against using this data module for two reasons: (a) the infor-
mation was only collected for the husbands and partners of all women included in the main module
(but not for men in households with no woman in reproductive age) so that we also would have
had to reduce the sample size and possibly would have introduced another sample-selection bias,
and (b) our microdata set of simulated incomes would no longer be inter-temporally comparable
over the whole observation period.

16The visual inspection of the error terms in the three regions show no further signs of het-
eroskedasticity after using the White (1980) estimator. However, we have tried weighted least
squares estimations as well, but the results are very similar, presented in Grosse et al. (2007). Ker-
nel estimates and qgplots show that, besides the extremes, the log-normality assumption seems to
hold.

17We find a slight tendency of overprediction of incomes in the DHS, see below. Problems
might arise if there were some coefficients that drive the results—i.e., have a high regression
coefficient strongly impacting the estimation—but which are insignificant. However, this is not
the case. Of the 201 coefficients entering the estimation 120 are insignificant. Despite this being a
high number, first of all, of the total 201 coefficients only 5 have a share of more than 10 percent
of the total discrepancy of the mean of observed and simulated log income in the LSMS compared
to the DHS and only 6 coefficients have a share of more than 5 percent. Additionally, of the 120
insignificant coefficients, not a single one has a share of more than 10 or 5 percent of the total
discrepancy. Overall, the by far highest coefficients, i.e., share of explanatory power, have the
regional dummies for cities, towns, and rural areas (Table 1.1).
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20 MATCHING HOUSEHOLD SURVEYS WITH DHS DATA

for the prediction. Overall, the relatively high adjusted R? makes us confident that
the simple baseline model is a good starting point.

Table 1.2 shows observed incomes and the logs (y and Iny) compared to within-
LSMS predicted incomes and the logs ( and Iny) using the regression coefficients
of the LSMS data of 1999. Figure 1.1 shows the cumulative distribution function
and the kernel density estimator for the different income sets, for Bolivia at the
national level (short: total Bolivia). What becomes clear from Table 1.2 is that the
prediction of income without adding an error term gives too low values for § but
not for In§ compared with observed values (y and Iny). This result is due to the
log-linear relation between y and Iny, i.e., that E (y) # e (Iny), By construction, the
mean of Iny and Iny is the same, even after adding an error term that is normally
distributed and has mean 0. However, transforming Inj to y by taking the anti-log
gives exponentially higher values to y the higher Iny was, so without error terms
there are less larger values as in the observed case. This can be seen in Table 1.2
for total Bolivia, where the mean of the logarithm for observed Iny, predicted
without error Iny, and average Iny are nearly exactly the same (columns 6-8), but
the means of income for observed y, predicted without error J, and average § are
different.

The mean of observed income for total Bolivia is at 344 Bolivianos compared
to 292 for the predicted value without adding an error term. The within-LSMS
prediction renders a different picture than the observed income because the pre-
diction does not capture all the variation in the data set. Looking at the average of
these 200 repetitions (first taking the anti-log and then averaging) reveals that the
mean (of 351 Bolivianos) comes very close to the observed mean y. However, the
variation (SD) of the average of the predicted mean y is lower than the observed,
because averaging partly eliminates the variation that had been added with the er-
ror terms. Rather, when looking at the fourth column “one expl.” (which shows
the summary statistics of one example, i.e., of the first predicted y) we see the
similarity between observed and predicted incomes, thus comparisons should be
done between observed values and values for “one example”.!® In Table 1.3, all
results are based on one prediction run (within the LSMS) and one simulation run
(over to the DHS data set), but not on the average of the 200 replications. For
cities, the prediction of the mean is better in 1989 and in 1994!° than in 1998/9.

For all regions, there is a tendency of overprediction of the mean, being higher
for the simulated data in the DHS compared to the observed and predicted data in
the LSMS. The reason for this overprediction on the national level as well as in
each region is the different endowment of the two data sets, i.e., on average higher

18The finding similarly holds for specific percentiles such as median (P50) or at the extremes
of the distribution such as such as of the 5th percentile (P5) or the 95th percentile (P95).
19Even PS5 and P95 as well as minima and maxima are relatively well reproduced when taking

into account that they are most prone to being outliers or measurement error.
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Table 1.1: Regression Results, Log-Linear OLS, 1999

City Town Rural
B P B__P B P
La Paz 0.09 039 0.13 0.81 0.19 0.04
Cochabamba 028 0.01 062 022 028 0.01
Oruro 004 075 -0.26  0.65 031 0.03
Potosi 0.10 045 0.14 078 0.04 065
Tarija 0.59 0.00 037 049 0.64 0.00
Santa Cruz 0.68 0.00 047 035 0.74 0.00
Beni & Pando 0.70 0.00 0.17 0.75 0.81 0.00
# elderly -0.08 0.60 009 0.73 -0.08 0.34
# males -0.07 0.02 0.10 022 -0.10 0.02
# females -0.12  0.00 -0.10 0.09 -0.17  0.00
# youngsters -0.03 0.62 -0.08 0.23 -0.01 0.79
# children -0.11  0.16 -0.18  0.05 -0.08 0.10
# of working age / # all 1.02 001 022 066 0.74 0.01
gender hh head 0.03 073 025 0.15 -0.02 0.84
language of hh head -0.01 0.86 -0.12  0.30 -0.06 0.32
hh head age < 24 -0.21 031 001 098 0.01 0.98
hh head age 25-34 -025 0.22 003 094 0.05 074
hh head age 3544 -0.39 0.05 001 0.99 0.08 062
hh head age 45-54 -0.45 0.03 0.13  0.77 -0.04 0.80
hh head age 55-65 -0.34  0.09 003 094 0.03 084
has house 0.07 020 -0.07 0.51 0.08 025
floor (cement) 0.17 021 0.03 086 0.24 000
floor (brick) 030 0.05 0.17 033 0.00 1.00
floor (other floor) 0.38 0.01 0.10 0.6l 024 0.02
2-3 sleeping rooms 021 0.00 -0.18 0.11 0.07 024
> 4 sleeping rooms 022 0.04 0.09 0.73 030 0.14
access to public water -0.18 0.11 006 0.63 -0.07 022
has no toilet -0.02 0.86 -022 0.10 -0.08 0.11
has electricity -0.32 0.03 -0.19 046 0.13 0.05
cooking material -0.26  0.02 -0.02 091 0.30 0.00
has phone 024 0.00 038 0.00 0.30 0.01
has radio 002 079 -0.11  0.29 0.10 0.07
has television 0.18 0.10 0.10 054 023 001
has fridge 023 0.00 003 077 -0.02 0.85
no partner in household 031 0.15 052 0.15 038 0.01
com. basic edu. (m.) -0.12 0.35 -0.01 096 002 0.78

incom. secondary edu. (m.) 0.04 0.70 -0.20 0.25 -0.04 0.56
com. secondary edu. (m.) -0.04 0.67 0.11 048 -0.02 0.83
tertiary edu. (m.) 024 0.03 -0.10 0.66 0.15 049
com. basic edu. (w.) -0.02 0.89 0.04 0.81 020 0.00
incom. secondary edu. (w.) 0.05 0.64 0.12 041 0.27 0.00
com. secondary edu. (w.) 0.06 054 0.11 0.50 0.18 0.08
tertiary edu. (w.) 0.26 0.03 027 0.19 0.28 0.17
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22 MATCHING HOUSEHOLD SURVEYS WITH DHS DATA

Table 1.1 continued

City Town Rural
B P B P B P

high skilled white collar (m.)  0.68  0.00 1.09 0.01 0.60 0.00

med. skilled white collar (m.) 0.41 0.03 1.02 0.01 045 0.00
skilled manual (m.) 044 0.02 069 0.07 054 0.00
unskilled manual (m.) 0.37 0.08 045 021 045 0.00
agr. employed (m.) -0.19 0.60 047 028 048 0.00
agr. self-employed (m.) 0.88 0.01 0.07 0.88 031 0.01
sales and services (m.) 0.51 0.01 094 0.02 047 0.00

high skilled white collar (w.)  0.35  0.01 0.51 0.02 0.04 0.9
med. skilled white collar (w.) 0.24 0.01 077 0.00 0.26 0.07

skilled manual (w.) 0.03 0.78 0.37 0.02 -0.09 0.35
unskilled manual (w.) 032 0.00 0.61 0.00 -0.08 0.51
agr. employed (w.) 1.20 0.02 -0.81 0.17 0.07 045
agr. self-employed (w.) 0.53 0.00 -0.32 033 0.03 0.64
sales and services (W.) 030 0.00 0.67 0.00 0.20 0.06
has social security 0.09 0.09 0.08 0.48 0.16 0.05
birth in last 12 month 0.08 0.71 -0.32  0.30 -0.05 0.51
attended by doctor -0.09 0.72 0.63 0.09 011 032
delivered in hospital -0.08 0.64 -0.20 037 0.12 031
child under 4 years 0.02 086 0.14 057 0.13 029
has first polio vaccination 005 0.69 -0.04 0.84 -0.20 0.10
has triple dpt vaccination 0.06 0.61 -0.02 091 0.01 0385
has had diarrhea -0.14 0.14 0.04 0.79 0.03  0.60
has head cough/fever 0.03 067 0.08 054 002 07
¢/t/r dummy/constant 457 0.00 395 0.00 3.53 0.00
# of observations 1037 332 922

R? 51.40 44.16 53.80

Notes: B: regression coefficient; P: P-value. For details on the regression, see text. For details on
the variables, see text and notes of Appendix Tables B.2 and B.3.
Source: Own calculations based on ECH.

endowment in the DHS with the covariates that have higher returns to income
and lower endowment with those that have lower returns (compare Appendix Ta-
bles B.2 and B.3). In addition, the overprediction for the entire country comes
from the different geographical allocation of the population (city, town, rural)
with the DHS having more people living in cities and fewer living in towns and
rural areas. When we combine this with the regression coefficient being very high
for cities compared to other regression coefficients, we can explain the main part

of the difference. Whether or not we over-, well-, or underpredict poverty mea-
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Table 1.2: LSMS: Observed and Predicted Income and Log Income, 1999

y Iny
Obs. within-LSMS-Prediction Obs. within-LSMS-Prediction
noerror aver. one expl. no error  aver. one expl.
Total Bolivia
Mean 345 292 351 351 5.33 5.33 5.33 5.34
Min 1 16 20 10 0.04 2.75 2.82 2.34
Max 9,515 2,727 3,306 8,218 9.16 791 7.92 9.01
P5 40 59 66 41 3.68 4.07 4.07 372
P25 105 111 130 100 4.65 4.71 4.70 4.61
P50 206 199 238 206 5.33 5.29 5.30 5.33
P75 399 374 448 412 5.99 5.92 593 6.02
P95 1,167 851 1,026 1,186 7.06 6.75 6.74 7.08
SD 460 274 335 465 1.01 0.82 0.82 1.01
SK 5 3 3 5 -0.07 0.17 0.18 0.15
KUR 55 14 14 44 3.49 2.46 2.45 2.80
City
Mean 490 409 497 497 5.78 5.78 5.78 5.79
Min 1 52 64 22 0.04 3.96 3.99 3.10
Max 9,515 2,727 3,306 8,218 9.16 791 792 9.01
P5 86 115 137 84 4.45 4.74 4.74 4.43
P25 173 190 230 172 5.15 5.25 5.25 5.15
P50 320 311 376 317 5.77 5.74 5.74 5.76
P75 575 540 654 585 6.35 6.29 6.29 6.37
P95 1,425 966 1,162 1,677 7.26 6.87 6.88 7.42
SD 573 314 384 572 0.92 0.68 0.68 0.90
SK 5 2 2 4 -0.29 0.22 0.22 0.17
KUR 41 11 11 33 5.04 2.48 2.48 2.89
Town

Mean 334 285 348 357 5.42 5.42 5.43 5.47
Min 2 16 20 10 0.87 275 2.82 2.34
Max 3,500 1,242 1,599 3,767 8.16 7.12 7.19 8.23
P5 50 70 87 40 3.92 425 4.27 3.70
P25 140 142 171 142 4.94 495 4.95 4.96
P50 217 230 279 245 5.38 5.44 5.46 5.50
P75 417 355 428 430 6.03 5.87 5.86 6.06
P95 938 724 906 1,071 6.84 6.58 6.60 6.98
SD 346 209 258 376 0.93 0.69 0.69 0.94
SK 3 2 2 3 -0.60 -0.18  -0.17 -0.37
KUR 21 7 7 21 4.82 3.44 3.41 3.61

continued on next page

Melanie Grosse - 978-3-631-75353-8
Downloaded from PubFactory at 01/11/2019 06:00:43AM
via free access
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Table 1.2 continued

y Iny
Obs. within-LSMS-Prediction Obs. within-LSMS-Prediction
no error  aver.  one expl. no error  aver. one expl.
Rural Areas

Mean 146 130 149 145 4,67 4.67 4.67 4.66
Min 10 29 34 13 2.34 3.36 341 2.57
Max 1,801 997 1,081 1,408 7.50 6.90 6.87 7.25
P5 31 47 53 34 3.44 3.85 3.84 3.51
P25 61 70 79 61 4.10 4.25 4.23 4.11
P50 105 96 110 101 4.65 4.56 4.58 4.61
P75 182 154 175 174 5.20 5.04 5.04 5.16
P95 384 340 389 399 5.95 5.83 5.82 5.99
SD 140 103 118 142 0.78 0.59 0.59 0.77
SK 4 3 3 3 0.05 0.72 0.73 0.30
KUR 35 15 14 18 2.94 3.37 3.37 2.96

Notes: P: percentile; SD: standard deviation; SK: skewness; KUR: kurtosis; y: nominal income;
Obs.: observed (i.e., “true”); aver.: average over 200 y; one expl.: one example of simulated
y. Comparisons between the columns “Obs” showing observed values and “one expl.” showing
values for one example reveal how well the simulation procedure reproduces the observed trends.
Source: Own calculations based on ECH.

sures mainly depends on the income level of the poverty line, as can be seen in
Figure 1.1.20

In Table 1.4, we provide moderate poverty estimates: (a) point estimates from
observed incomes of all households in the LSMS (column All HH), (b) point es-
timates from observed incomes of households with at least one woman of repro-
ductive age in the LSMS (column Sample), (c) mean point estimates and standard
deviation from 200 samples of predicted incomes in the LSMS (column Pred.),
and (d) mean point estimates and standard deviation from 200 samples of sim-
ulated incomes in the DHS (column Sim.). Results for extreme poverty and for
inequality are shown in Appendix Tables B.4 and B.5.%!

20Interesting to note is that the study of Stifel and Christiaensen (2007) also finds an underes-
timation of the poverty headcount (i.e., overprediction of income) in the DHS 1998 data of 1-2
percentage points which they do not investigate further. Instead, they adjust the poverty line in
1998 in the DHS to match the observed 1997 WMS levels and apply this poverty line back and
forth in time.

2INote that, different from above, mean point estimates denote that we estimate the poverty
and inequality indicators based on the 200 examples of predicted and simulated incomes and over
them calculate the average of 200 poverty and inequality estimates. That is, poverty or inequality
measures are not calculated using the mean income of the 200 prediction or simulation examples.
To put it differently, we calculate the mean of poverty/inequality and not the poverty/inequality of

the mean.
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1.3. EMPIRICAL RESULTS 25

Standard deviations for poverty estimates are very low and for inequality es-
timates even lower. This translates into ranges of about £2 percentage points for
the poverty headcount (PO), £1 for the poverty gap (P1), and even less for the
squared poverty gap (P2). Similar results hold for inequality measures.

Taking differences between these columns enables us to decompose the overall
difference between observed and simulated poverty and inequality measures into
three components related to (a-b) the implicit sample selection of only households
with at least one women in reproductive age (thus, replicating the sample selection
of the DHS), (b—) the specification of the error term in the underlying regression
model, and (c—d) differences in the distribution of the covariates between LSMS
and DHS.

For 1989 and 1994, for which the consistency check is limited to cities, the
results are very encouraging, as they had also been for the income properties in
Table 1.3. For 1999, the situation is somewhat less favorable. Restricting the sam-
ple to households with at least one eligible woman does not induce a serious bias
in estimating poverty and inequality measures. Poverty indices are slightly higher
and inequality indices slightly lower when comparing the first with the second
column. Adding a normally distributed error term to create 200 samples of pre-
dicted incomes in the LSMS only slightly understates PO and slightly overstates
P1 and P2. It also only slightly understates income inequality as evidenced by
lower values of the Gini coefficient and the Atkinson indices in 1989 and 1994
and slightly overstates them in 1998.
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Figure 1.1: Cumulative Distribution Functions and Kernel Densities, 1998/9

Cumulative Distribution Function

Cumulative Distribution Function

Kemnel Densities

CDF in logs, Total

olivia, 1998/99

[
o

4
Ln Income

CDF in antilogs, Total Bolivia, 1998/99

Income

Kernel Density Estimates, Total Bolivia, 1998/99
2 1

Ln Income
— Inyobs. (LSMS)—" Iny pred. (LSMS)—- Iny sim. (DHS)

Notes: The dotted vertical lines mark the weighted poverty lines and the other vertical lines the
means for the respective data set.
Source: Own calculations based on ECH and DHS.
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Table 1.3: Descriptive Statistics of the LSMS and DHS, 1989, 1994, 1998/9

LSMS 1989 DHS 1989 LSMS 1994 DHS 1994 LSMS 1999 DHS 1998
Observed Predicted Simulated Observed  Predicted Simulated Observed Predicted Simulated
Total Bolivia
MeanLny n.a. n.a. 4.09 n.a. n.a. 4.47 5.33 5.34 5.47
Mean y n.a. n.a. 103 n.a. n.a. 189 345 351 402
Min y n.a. n.a. 2 n.a. n.a. 1 1 10 7
Max y n.a. n.a. 1,793 n.a. n.a. 4,264 9,515 8,218 15,610
PS5y n.a. n.a. 12 n.a. n.a. 7 40 41 48
P50y n.a. n.a. 57 n.a. n.a. 110 206 206 231
P9Sy na. n.a. 348 n.a. n.a. 626 1,167 1,186 1,324
SDy n.a. n.a. 139 n.a. n.a. 266 460 465 530
City

Mean Ln y 4.56 4.56 4.59 5.29 5.29 533 5.78 5.79 5.88
Mean y 151 147 150 296 290 289 490 497 553
Min y 2 5 5 4 15 19 1 22 19
Max y 3,885 3,276 1,793 7,035 4,708 4,264 9,515 8,218 15,610
P5y 23 23 23 56 55 57 86 84 81
P50y 92 92 98 189 187 199 320 317 353
P9S y 448 451 451 874 863 794 1,425 1,677 1,693
SDy 216 183 170 370 325 292 573 572 634

continued on next page
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Table 1.3 continued

LSMS 1989 DHS 1989 LSMS 1994 DHS 1994 LSMS 1999 DHS 1998
Observed Predicted Simulated Observed Predicted Simulated Observed  Predicted Simulated
Town
Mean Ln y n.a. n.a. 4.00 n.a. n.a. 4.71 542 5.47 5.41
Mean y n.a. n.a. 95 n.a. n.a. 212 334 357 359
Min y n.a. n.a. 2 n.a. n.a. 2 2 10 7
Max y n.a. n.a. 1,385 n.a. n.a. 4,129 3,500 3,767 4,733
P5y n.a. n.a. 9 n.a. n.a. 14 50 40 41
P50y n.a. n.a. 51 n.a. n.a. 121 217 245 226
P95y n.a. n.a. 285 n.a. n.a. 691 938 1,071 1,052
SDy n.a. n.a. 131 n.a. n.a. 349 346 376 432
Rural Areas

MeanLny n.a. n.a. 3.54 n.a. n.a. 3.37 4.67 4.66 4.82
Mean y n.a. n.a. 52 n.a. n.a. 62 146 145 171
Min y n.a. n.a. 2 n.a. n.a. 1 10 13 12
Max y n.a. n.a. 756 n.a. n.a. 1,334 1,801 1,408 1,942
PSy n.a. n.a. 9 n.a. n.a. 4 31 34 36
P50y n.a. n.a. 33 n.a. n.a. 27 105 101 120
P95 y n.a. n.a. 165 n.a. n.a. 247 384 399 486
SDy n.a. n.a. 63 n.a. n.a. 97 140 142 173

Notes: P: percentile; SD: standard deviation; y: nominal income. Simulated and Predicted is one example of simulated y.
Source: Own calculations based on ECH and DHS.
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1.3. EMPIRICAL RESULTS 29

The transition from LSMS data to DHS data does, as mentioned, reduce pov-
erty measures and increase inequality measures, due to the better endowment in
the DHS compared to the LSMS data sets, especially in 1998/9. In total, the
underestimation of the poverty headcount is about 5 percentage points (65.18 in
LSMS, column Sample, compared to 60.33 in DHS). Most of the underprediction
is driven by rural areas (with the headcount being 5 percentage points lower) but
also for cities and towns with the headcount also being 2 to 3 percentage points
lower. For the extreme poverty line, the underprediction is less severe for cities
and towns, but even worse for rural areas. In total, an additional problem is that
the share of people living in (richer) cities is higher in DHS surveys (Appendix
Tables B.2 and B.3). The underlying economic reason of the underprediction is
most probably the lack of consistency with respect to the collection period of the
two underlying household surveys. The DHS 1998 data, the covariates of which
were used to create the simulated incomes, were collected during an economic
boom. By contrast, the observed incomes of the LSMS 1999 were collected after
a sharp economic downturn when Bolivia experienced negative growth in GDP
per capita.

These slight inconsistencies notwithstanding, we are confident that the con-
ditions for applying our dynamic cross-survey microsimulation methodology are
fulfilled for the case of Bolivia. First, the simulations can accurately reproduce the
observed poverty trends in cities, where we have observed incomes for compari-
son. The differences between observed and simulated poverty measures are small
compared to their changes over time. Second, the DHS 1998 data, which are least
consistent to those of the corresponding LSMS, are not used in the subsequent
poverty and inequality analysis. Only the poverty profiles and growth incidence
curves for 1989 and 1994 draw on simulated incomes of the DHS. Those for 1999
are based on observed incomes of the LSMS.
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Table 1.4: Moderate Poverty Indices Based on Observed, Predicted, and Simulated Incomes, 1989, 1994, 1998/9

1989 1994 1998/9
LSMS DHS LSMS DHS LSMS DHS
AIlHH Sample Pred. Sim. AIlHH Sample Pred. Sim. AIlHH Sample Pred. Sim.

Total Bolivia
PO n.a. n.a. n.a. 76.10 n.a. n.a. n.a. 72.44 63.52 65.18  65.08 60.33
(0.53) 0.42) (0.93) (0.46)
Pl n.a. n.a. n.a. 44.45 n.a. n.a. n.a. 45.28 31.53 3245 33.63 30.04
(0.35) 0.22) 0.57) 0.24)
P2 n.a. n.a. n.a. 30.48 n.a. n.a. n.a. 33.95 19.48 20.11 21.19 18.50
(0.31) (0.19) (0.46) (0.18)
City

PO 6592 67.07 65.08 64.84 58.09 59.56  58.06 57.36 48.39 50.97 50.67 47.99
(0.80) 0.91) (0.59) (0.73) (1.60) 0.72)
P1 3196 3264 3279 32.92 25.15 2587  25.89 25.26 19.75 2090 2247 21.22
(0.48) (0.53) (0.33) (0.39) (0.86) 0.37)
P2 19.18 19.64 20.35 20.55 13.91 14.31 14.65 14.17 10.80 1146 1282 12.12
(0.38) (0.41) (0.24) (0.29) (0.62) 0.27)

continued on next page
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Table 1.4 continued

1989 1994 1998/9
LSMS DHS LSMS DHS LSMS DHS
AIlHH Sample Pred. Sim. AllHH Sample Pred. Sim. AIlHH Sample Pred. Sim.
Town
PO n.a. n.a. n.a. 80.21 n.a. n.a. n.a. 73.42 66.60 69.03 67.49 64.26
(1.26) (1.16) (2.48) (1.18)
P1 n.a. n.a. n.a. 49.66 n.a. n.a. n.a. 43.40 32.99 34.58 34.90 33.67
(0.87) (0.64) (1.48) (0.66)
P2 n.a. n.a. n.a. 35.58 n.a. n.a. n.a. 30.66 19.94 20.97 22.21 21.76
(0.79) (0.55) (1.22) (0.53)
Rural Areas
PO n.a. n.a n.a 87.96 n.a. n.a. n.a. 90.23 81.64 83.37 84.24 79.11
(0.70) 0.43) (1.02) (0.63)
Pl n.a. n.a. n.a 56.35 n.a. n.a. n.a. 69.86 46.02 47.71 48.74 43.11
(0.53) (0.28) (0.90) (0.40)
P2 n.a. n.a. n.a. 40.54 n.a. n.a. n.a. 58.66 30.39 31.85 3248 27.66
(0.50) (0.28) (0.82) (0.34)

Notes: Poverty indices are calculated using the moderate poverty line and are based on income data for cities and towns, expenditure data for rural
areas, and mixed income-expenditure data for total Bolivia. Standard deviations in brackets. Results for the extreme poverty line are shown in
Appendix Table B.4.

Source: Own calculations based on ECH, EIH, and DHS.
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32 MATCHING HOUSEHOLD SURVEYS WITH DHS DATA

1.3.2 Poverty and Inequality Trends

To extend our illustration, we provide different analyses of poverty trends be-
tween 1989 and 1999.22 We start our empirical analysis with a disaggregation of
the poverty headcount by place of residence and household characteristics in Ta-
ble 1.5. Between 1989 and 1999, total Bolivia experienced a significant decrease
in the incidence of poverty. Moderate poverty decreased from three-quarters to
two-thirds of the population. The reduction in extreme poverty was even more
spectacular; it decreased from 55 to less than 40 percent.??

As expected, rural households were more likely to be poor than those in cities
and towns even after controlling for local cost-of-living differences. What is more
of concern is that rural households did not fully participate in the reduction of
moderate poverty between 1989 and 1999. Cities and towns could reduce the
incidence of moderate poverty by 16 and 11 percentage points, respectively. In
rural areas, this reduction was only 4 percentage points—despite starting from a
higher level of poverty.?* Furthermore, poverty in rural areas increased between
1989 and 1994 contrary to the trends in cities and towns.?> Taken together, the
poverty trends suggest that rural areas were quite detached from improvements
and deteriorations in the overall economic environment.

Lower incomes and thus higher poverty in rural areas is driven by either en-
dowment or return-to-covariate effects. Thus, over time, rural areas could catch up
either if the endowments of rural people increased for those variables contributing
positively to income (e.g., more education), or if national-wide the coefficients
changed in favor of those abundant in rural areas (e.g., belonging to an indigenous
group). In Section 1.2, we assumed that the absolute difference in the regression
coefficients between cities and towns and between cities and rural areas remained
constant between 1989 and 1999. If this assumption does not hold the small de-
cline in poverty would either be understated or (which would be even more wor-
risome) overstated. For example, if the coefficients in rural areas deteriorated
relative to those in urban areas (thus the absolute difference became wider, e.g.,
the returns to tertiary education increased more for urban than for rural areas),
the decline in poverty in rural areas shown in the subsequent analysis would be

22For results on pro-poor growth using in addition the 4th round (Nov. 2002) of the Encuesta
Continua de Hogares (ECH), see Grosse et al. (2007).

2In the late 1990s, the poverty trend reversed and the incidence of moderate and extreme
poverty in total Bolivia started to increase again (Grosse et al., 2007).

24That is, in relative terms, the performance of rural areas was even worse. Concerning extreme
poverty, rural areas also experienced the lowest absolute (!) reduction of the poverty headcount
index between 1989 and 1999.

25By contrast, households in cities were most affected by the economic downturn in the late
1990s, leading to an increase of moderate and extreme poverty in total Bolivia between 1999 and

2002 (Grosse et al., 2007).
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Table 1.5: Poverty Profiles, by Income, 1989, 1994, 1998/9

Moderate Poverty Extreme Poverty
1989 1994 1998/9 1989 1994  1998/9

Total 76.10 7244 65.21 5492 5199 3835
(0.53) (0.42) (0.62) (0.40)

By Region

City 67.07 59.56 51.05 39.11 2890 24.22

Town 80.21 7342 69.09 59.43 5097 3431
(126) (1.16) (144) (1.14)

Rural 87.96 90.23  83.37 71.87 80.85 59.98
(0.70) (0.43) 0.92) (047

By Department

Chuquisaca 8741 85.87 84.15 71.76 7331 64.34
097) (0.97) (1.28) (1.06)

LaPaz 7773 69.96  68.55 5590 4859 46.33
(1.07) (0.82) (1.22) (0.89)

Cochabamba 7321 7550  64.69 50.64 53.69 31.70
(1.19) (1.10) (1.48) (1.20)

Oruro 82.13 8135 68.64 63.33 6546 47.63
(1.16) (1.19) (1.41) (1.27)

Potosi 91.44 8790 84.66 82.05 79.62 63.01
(0.85) (0.91) (1.14)  (0.99)

Tarija 81.26 8149 61.68 60.00 5895 26.39
(1.18) (1.12) (1.46) (1.19)

Santa Cruz 60.30 57.20 50.59 3328 30.79 21.66
(1.22) (1.10) (1.38) (0.90)

Beni & Pando 7843 7795 53.00 54.83 5549 14.73
(1.16) (1.32) (1.48) (1.59)

By age of household head

<34 7825 73.77 6129 56.64 51.22 39.02
(0.88) (0.70) (1.05) (0.81)

35-49 76.07 7323 6697 5544 5375 4043
(0.84) (0.64) (0.95) (0.60)

50-65 7401 68.18 57.86 5233 4891 31.56
(1.18) (1.09) (1.32) (0.97)

> 66 70.73 70.80 63.66 49.79 5438 39.13
(2.25) (1.85) (2.26) (1.70)

By household size

<3 7094 6224 4735 46.99 40.02 22.02
(1.29) (0.95) (1.55) (0.86)

4-6 7346 71.62 61.01 5145 50.64 34.28
(0.79) (0.63) (0.86) (0.58)

>7 84.54 83.51 8035 66.77 6585 52.61
0.82) (0.75) (1.03) (0.85)

continued on next page
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34 MATCHING HOUSEHOLD SURVEYS WITH DHS DATA

Table 1.5 continued

Moderate Poverty Extreme Poverty
1989 1994  1998/9 1989 1994  1998/9

By percent of household members between 15 and 65 years

<50 8231 8152 7493 63.00 62.00 48.79
(0.65) (0.54) (0.80) (0.56)
> 50 6759 6090 53.64 4386 39.27 2591
(0.82) (0.64) (0.95) (0.56)
By language of household head
Spanish 70.10 6334 51.27 46.16 38.08 2227
(0.67) (0.55) (0.71)  (0.53)
Indigenous 9327 93.72 7975 80.01 84.51 55.11
0.71)  (0.49) (1.12)  (0.65)
By gender of household head
Male 76.67 73.14  65.64 55.89 53.06 38.82
(0.56) (0.47) (0.67) (0.45)
Female 73.17 69.07 62.82 49.98 46.83 35.73
(1.49) (1.11) (1.63) (1.10)
By average years of schooling of adults
<5 89.70 89.20 86.04 7249 7563 61.53
(0.60) (0.51) (0.92) (0.60)
6-12 68.50 67.56 63.14 42.10 40.78 32.01
0.97) (0.70) (1.01) (0.68)
>13 3382 2892 20.11 13.41 1019  4.65
(1.94) (1.47) (1.45) (1.03)
By profession of principal wage earner
White-Collar  49.47 37.30 33.84 2649 16.18 14.82
Worker (1.48) (1.25) (1.32) (0.97)
Blue-Collar  78.15 74.04 69.23 5341 4640 30.80
Worker (1.03) (0.85) (1.22) (0.97)
Agriculture 9253 94.15 88.11 79.45 87.69 65.56
(0.68) (0.38) (1.07) (0.50)
Sales and 68.63 63.43 53.30 4242 3437 29.74
Services (1.43) (1.30) (1.57) (1.19)
Not 80.61 72.86 53.82 5831 46.66 32.02
Employed (1.42) (1.66) (1.77)  (1.66)
By percent of adult women in employment
>0 59.22 7036  63.95 3495 5190 37.27
(1.08) (0.50) (1.09) (0.47)
0 83.33 76.80 6795 63.48 52.18 40.69
(0.55) (0.68) (0.73)  (0.88)

Notes: Poverty indices are calculated using mixed income-expenditure data. Standard deviations
(calculated using the 200 samples of predicted income values applying Equations 1.1 to 1.5) in
brackets. For the category schooling: Adult women aged between 15 and 49 and their husbands
and partners. For the category wage eamner: In the case of DHS, husband or partner of the oldest
woman aged between 15 and 49. If she is single, this women herself. In case of LSMS, household
head. For the category female employment: Women aged between 15 and 49
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1.3. EMPIRICAL RESULTS 35

overstated. We address this potential bias in Section 1.4. Another factor that may
contribute to overstating the decline in poverty—albeit in this case not limited to
rural areas—is that the degree of underreporting, which is common to all income
and expenditure surveys, may have fallen over time due to improvements in the
questionnaire design.?® Taken together, we, thus, treat the reduction in poverty as
an upper bound, particularly so in rural areas.?’

There are also substantial differences in the incidence of poverty across the
nine departments of Bolivia (Table 1.5). The moderate poverty headcount in 1989
ranged from 60 percent in Santa Cruz to 91 percent in Potosi. The corresponding
figures for the extreme poverty headcount were 33 percent and 82 percent, re-
spectively. The departmental distribution of the poverty headcount was also very
stable in Bolivia. While Santa Cruz, which is a major host of commercial agricul-
ture and food-processing industry, had the lowest incidence of poverty throughout
the entire observation period, it was highest in Potosi, followed by Chuquisaca,
which are particularly dependent on subsistence agriculture.

When looking at household characteristics, one of the mayor determinants of
poverty is household size with poverty increasing in line with increasing numbers
of family members. The higher the share of working-aged members to overall
members is, the lower is poverty. The relation of the age of the household head
and poverty follows a u-shaped trend with the cohort of 50-65 years olds being
the ones with the lowest poverty incidence. Clearly to be seen is that indigenous
households are much poorer than Spanish-speaking ones. As observed in several
studies for Latin American countries (Marcoux, 1998), households with a female
head seem to be less poor than those with a male head. Increasing education
has a very strong poverty-decreasing effect. The same holds for the sector of
employment of the principal wage earner where high-skilled professionals have
a much lower poverty incidence than other groups. Working in agriculture is
correlated with the highest poverty incidence. Female participation in the labor
force reduces poverty.

1.3.3 Pro-Poor Growth

To evaluate whether the simulated income changes over time were “pro-poor” in
the sense that the poor benefited more from economic growth than the rich, we
apply the methodology of growth incidence curves (GIC) developed by Ravallion

260f course, and that is what the evidence mainly suggests, the degree of underreporting might
have risen over time. Taking our data for Bolivia, underreporting seems to have fallen from 1989
to 1999, see Chapter 1.4.1 and especially Table 1.7 where the ratio of household survey to national
accounts mean increases from 0.7 to 0.8 (LSMS) or even 0.9 (DHS) over time.
2TFor a literature overview of other studies on poverty in Bolivia, see Spatz (2006).
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36 MATCHING HOUSEHOLD SURVEYS WITH DHS DATA

and Chen (2003).22 Comparing two periods, t — 1 and ¢, the growth incidence
curve plots the cumulative share of the population (depicted on the x-axis) against

the income growth rate of the o quantile (depicted on the y-axis) when the pop-

ulation quantiles are ranked in ascending order of their income. It is given by

»p) M Lp)
1

GIC:=g(p)= (p) U1 Lf 1(p)

-1, )
e (1.6)

where L' (p) is the slope of the Lorenz curve at the p™ quantile, and U is the mean
income. It can be shown that the area under the GIC up to the poverty headcount
H gives (minus one times) the rate of change of the Watts index over time

dw, _ [ dlogy:(p) _[E
o —/0 o dp= A &(p)-dp. 1.7

The desirable axiomatic properties of the Watts index motivate us to evaluate
the “pro-poorness” of economic growth by comparing the growth rate in mean
income (GRIM) with the mean of the income growth rates of the poor which
Ravallion and Chen (2003) coined the “pro-poor growth rate” (PPGR) which is
evaluated at the headcount of the first year, thus evaluated at H,_;:

H,

PPGR := I;z o &(p)-dp. (1.8)
The comparison of the growth rates is shown in Table 1.6. Between 1989
and 1999, economic growth in Bolivia can be classified as pro-poor following the
baseline scenario (first column labeled “base”). For both poverty lines and for all
three regions, the PPGR exceeded the GRIM suggesting that economic growth
was accompanied by falling inequality. For all regions, the income distribution of
1999 first-order dominates the income distribution of 1989 as shown by the GIC
which lies above O for all p (Figure 1.2).%° For rural areas, this condition is met at
least for all poor. Abstracting from individual income mobility across quantiles,
the welfare of all citizens in cmes and of all poor citizens in the rest of the country

improved during the 1990s.30
Taken together, economic growth in Bolivia has been pro-poor since 1989,
also so in rural areas. This result seems to be at odds with Table 1.5 which shows

28An overview over alternative approaches of measuring pro-poor growth can be found in
Klasen (2004) and Son (2003).

For some regions only the first percentile shows a negative growth rate. This, however, is
mainly a problem of measurement error at the tails of the distribution since the results are sensitive
to outliers which are likely to be found at the tails of the distribution.

30For results on pro-poor growth between 1999 and 2002, see Grosse et al. (2007).
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1.3. EMPIRICAL RESULTS 37

only slowly falling poverty rates in rural areas since 1989. However, this puzzle
resolves when taking into account that the depth of poverty in rural areas is so
large that even substantial pro-poor growth did not lift the poor above the poverty
line.3! Hence, the prime concern is not that economic growth in the 1990s was
anti-poor, but that it was so low and that the initial income inequality was so high
that the poor remained poor despite some welfare improvements. For Bolivia
with these unfavorable initial conditions it would take another decade of the given
economic growth rate to make serious inroads into poverty.

Table 1.6: Annual Average Income Growth per Capita, 1989-1999

1989-1998/9
base a.dum ana con0l divOl con05 div05

Total Bolivia
GRIM 2.16 1.61 0.80 2.01 1.92 210 1.65
PPGRmod. 291 186 1.14 265 2.12 3.76 1.09
PPGRextr. 3.05 1.85 1.19 279 210 425 0.82

City
GRIM 201 201 1.89 201 2.01 2.01 2.01
PPGRmod. 253 253 256 253 253 253 253
PPGRextr. 248 247 251 248 247 248 248

Town
GRIM 285 234 .12 2.74 2.54 2.87 1.86
PPGR mod. 525 4.1 247  5.39 4.45 7.40 2.68
PPGRextr. 587 519 285 6.09 4.95 8.55 2.87

Rural
GRIM 046 -143 -126 -026 -0.56 0.09 -1.42
PPGRmod. 186 -0.05 0.10 1.51 0.53 356  -1.31
PPGRextr. 195 0.01 0.30 1.64 0.55 399 -148

Notes: Annual average income growth rates are calculated using income data for cities and towns,
expenditure data for rural areas, and mixed income-expenditure data for total Bolivia. For 1989,
only the data for cities can be taken from the LSMS. All other growth rates are calculated using
the DHS of 1989. GRIM: growth rate in mean; PPGR (mod. and extr.): (moderate and extreme)
pro-poor growth rate; base: baseline scenario. The different adjustment procedures are explained
in Chapter 1.4. The abbreviations stand for: a.dum: adjustment of regional dummies; a.na: adjust-
ment to national accounts; con01 (con05): convergence scenario with range of ¢ = 1+£0.1(0.5);
div01 (div05): divergence scenario(s) with range of ¢ = 1+0.1(0.5).

Source: Own calculations based on ECH, EIH, and DHS.

31But it did reduce the poverty gap in rural areas, results not shown here.
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Figure 1.2: Growth Incidence Curves, 1989-1999
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Notes: The 90% “confidence intervals” for GIC, GRIM, and PPGR are calculated using the 200
simulation runs. Thus, they are based on the variances resulting from repeating Equation 1.2 and
especially Equation 1.5 for 200 times for the two years (1989 and 1999), calculating based on these
200 sets of income 200 values for GIC, GRIM, and PPGR, respectively. For these 200 values of
GIC, GRIM, and PPGR, the 90% CIs are calculated using the standard formulas for confidence
intervals. GIC: growth incidence curve; GRIM: growth rate in mean; PPGR: pro-poor growth rate
(moderate poverty line); GIC NA: based on the adjustment to departmental national accounts as
described in Section 1.4.1. For GIC NA, no CI are shown for better visuality of the graphs. For
cities, no Cls are necessary since they are based on observed data from EIH and ECH.

Source: Own calculations based on ECH, EIH, and DHS.
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1.4 Sensitivity Analyses

1.4.1 Disaggregated Data on GDP

One basic problem with the simulated data is that there are hardly any possibilities
to cross-check the results with any other data source. National accounts are one
option but, as mentioned before, not available for the urban-rural divide. The only
data available is GDP per capita at the departmental level. To get an idea about the
plausibility of our results, we compare national account data with the results from
the LSMS and DHS household surveys. Furthermore, we try to impute national
account information for cities, towns, and rural areas separately (Section 1.4.2).

The national account series available to us is compared to the original LSMS
data and simulated DHS data in the upper part of Table 1.7 (“original data”).32
As mentioned above, it is not a priory clear if household survey data is inferior in
quality compared to national account data.>> What becomes clear from the table is
that, as expected, household survey data shows lower values compared to national
account data. What also becomes obvious is that this difference is not stable over
time and that it is not the same for all departments. For total Bolivia, the relation
between DHS and national account data is 0.72 in 1989, goes down to 0.68 in
1994, and increases to 0.94 in 1998. Especially the latter value is pretty high, also
compared to the value of 0.81 for the LSMS of 1999.

For the departments, the relation is between 0.42 up to values close to 1. For
the DHS, some values are even above 1. Obviously, there seem to be some differ-
ences between the three data sources. This becomes especially clear when looking
at the ranking of departments and the difference of this ranking between house-
hold surveys and national accounts. There are 2 or 3 departments for which our
simulated and observed data differ strongly from the national account data. First,
La Paz appears to be richer when looking at household surveys compared to na-
tional accounts. The difference in ranking is very high, for example in 1994, La
Paz is the third poorest department looking at national accounts but the second
richest looking at DHS data. Another extreme case is Oruro, which is throughout
the whole decade the second or third richest department on national account data
but the third poorest on household survey data. Furthermore, the different dynam-
ics of Beni and Pando cannot be taken into account correctly since their values
cannot be separated in the household surveys. Pando seems to be richer and also
more dynamic than Beni. However, both departments account for only less than

32Note that the household surveys are not meant to be representative at this level, but for a first
check, it generates some intuition for possible problems of the household survey data.
33For example, national accounts are standardized and include imputed rents, while surveys
better capture activities in the informal sector. There is a whole strand of literature dealing with
this issue, see, for example, Ravallion (2003) or Deaton (2005).
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Table 1.7: Subnational Income from NA, LSMS, and DHS, 1989-1999

1989 1994 1998/9
NA DHS NA DHS NA DHS LSMS
Original data
Total Bolivia 306 219 309 209 330 302 266
City 312 323 411 379
Town 197 210 273 259
Rural 117 72 134 112
Chuquisaca 281 134 252 125 300 187 145
La Paz 268 201 289 224 280 253 256
Cochabamba 318 241 329 195 360 319 262
Oruro 346 161 339 143 418 231 195
Potosi 196 102 165 90 192 162 127
Tarija 322 193 316 161 382 390 254
Santa Cruz 401 348 394 310 399 442 377
Beni 316 214 311 185 329 320 338
Pando 346 214 375 185 501 320 338
Adjusted data
Total Bolivia 299 308 331 328
City 385 421 419 463 443 453 461
Town 326 279 352 361 359 290 316
Rural 217 165 240 106 273 144 147
Chuquisaca 270 240 293 300
La Paz 257 285 274 280
Cochabamba 315 337 357 360
Oruro 344 352 427 418
Potosi 198 171 186 192
Tarija 317 339 376 382
Santa Cruz 408 384 423 399
Beni 336 295 347 329
Pando 336 295 347 329

Notes: Monthly per capita income, in constant Bolivianos (1995). Beni and Pando are not sep-
arated in the LSMS and DHS questionnaires, so the values hold for both departments. National
accounts (NA) are not imputed for city/town/rural for the 1998 data, instead values of 1999 are

shown.
Source: Own calculations based on ECH, EIH, DHS, and NA.

1 percent (Pando) and 4.5 percent (Beni) of the total population. For the other de-
partments, our simulation is pretty close to the national accounts concerning the
ranking. Another general difference is, as mentioned above, that the DHS sim-
ulation for 1998 is higher in nearly all departments compared to the LSMS data
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1.4. SENSITIVITY ANALYSES 41

of 1999 (except for Beni). The only strong difference between LSMS and DHS
in ranking of departments is Tarija for which the DHS shows the second highest
value and for the LSMS only the sixth. When looking at national accounts and
DHS from earlier years, the lower rank seems to be more plausible, i.e., in the
middle of the distribution rather than one of the richest departments. The overall
poorest department according to all three data sets and showing hardly any growth
is Potosi.

For a first sensitivity analysis, we adjust the LSMS and DHS data to the na-
tional accounts, however done at the level of the departments rather than at the na-
tional income level (as often done in the literature). Adjusting to the departmental
level might be slightly less problematic than to overall national accounts because
it takes some region-specific income dynamics and differences into account, but
doubts remain about the correspondence of national accounts and participation of
private households in GDP (Stifel and Christiaensen, 2007). This is also true at the
departmental level, but maybe to a lesser extent. Results on pro-poor growth of
this exercise can be found in Table 1.6, column “a.na” (third column, the abbrevi-
ation stands for adjustment to national accounts) as well as in Figure 1.2. Growth
remains pro-poor, however the growth rates are becoming smaller because the dis-
tance of household surveys to national accounts was wider in the earlier years, so
closing this distance automatically decreases growth rates. >

1.4.2 Regional Differentials in Sectoral Participation

The differences in our results compared to national accounts motivate us to con-
duct one further sensitivity analyses with this data at hand since we want to focus
somewhat more strongly on the urban—rural divide. For this, we use sectoral GDP
and employment shares in sectors to break down the national account data to the
urban-rural divide.

We have made a rather simple calculation to break down the data to the urban—
rural divide, illustrated in Table 1.8. The data for the 3 points in time available is
(i) total sectoral GDP Y, , .5, (from the national accounts), (ii) population shares
in cities, towns, and rural areas p., , (from the three DHS rounds and from the
1999 LSMS) from which the total population per area P, can be obtained by
simply multiplying the shares with the total population of Bolivia (from Census
or WDI data), and (iii) employment shares by sector of the population for all three
regions e, (from the LSMS data, only available for 1999) from which the total

34For the time period from 1999 to 2002, household surveys underestimated incomes compared
to the national accounts even more, so that the negative growth during this time span would turn

positive using the adjustment to national accounts (results not shown in the table).
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number of people working in sector and area Ej,,, can be calculated by simply
multiplying e with P for sector and region.

Table 1.8: Illustration of Income Imputation Using Sectoral Participation

Population share p  Empl. in sector 1 ¢5;  Empl. in sector 2 ¢,

City ¢ 05 0.03 0.97
Town ¢ 0.1 0.12 0.88
Rural r 04 0.83 0.17
Population GDP in sector 1 GDP in sector 1
Total 7,000 300,000 2,700,000

Notes: The illustration is not representing Bolivian data.
Source: Own compilation.

So if we impute the per capita income in, for example, cities, y. = (¥, Y.)/(P.),
we derive this from Y. = ¥ ; P;_ - s, where y; is the per capita income per sector
ys = (Ps,,)/(¥s). In the simple illustration in Table 1.8, this means that the per
capita income in cities, y. = 587, can be derived from knowing the number of
people living in cities F. = 3,500 and knowing how many people of those work in
the two sectors (Sector 1, say agriculture, E;; = 105 and Sector 2, say industry,
E,» = 3,395) and deriving the per capita income that can be earned in each sector
ys1 = 119 and ys» = 601.

Table 1.7, lower part “adjusted data”, shows that the relation of national ac-
count data to household survey data is higher in cities (around 0.8) than in towns
(between 0.6 and 0.7) and way higher than in rural areas (between 0.3 and 0.5)
when comparing the original data in the upper part of Table 1.7 with the adjusted
data for national accounts in the lower part. The finding of lower household sur-
vey mean compared to national account mean holds for LSMS as well as DHS
data. One of the basic assumptions of our dynamic cross-survey microsimulation
methodology is that the absolute difference in the regression coefficients between
cities and towns and cities and rural areas remained constant between 1989 and
1999. We present two additional methods to model relative changes in returns to
covariates in which the constancy assumption is relaxed, the first using urban-rural
growth differential from national account data.?

The first very simple method does the following: The constancy-of-differences
assumption of the basic model implies that the widening of the urban—rural divide
between 1989 and 1999 is, thus, entirely attributed (a) to changes in the endow-
ment of covariates favoring urban areas, and (b) to nationwide changes in the

35Explicitly testing these modeling exercises is only possible using data from the DHS 2003 so

that out of sample predictions become possible. This is done in Essay 2.
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return to covariates favoring those covariates which are relatively abundant in ur-
ban areas. If this assumption does not hold, i.e., if additionally (c) the returns to
covariates in rural areas deteriorated relative to those in urban areas, the widening
of the urban-rural divide would be understated. To get an idea of the possible
size of this bias we have to simulate the opposite scenario where we assume that
the widening of the urban—rural divide between 1989 and 1999 is entirely due to
deteriorating returns to covariates in rural areas relative to those in urban areas.
Adjusting Equation (1.4) leads to:

BtR—l = ﬁtgl + (ﬁtR - Btc) +Adgrowth (1 .9)

where Adgowii stands for the adjustment of the growth differential. Since it is a
priori not clear which covariates are affected and to what extent, we take a rather
simple approach and attribute the regional growth differentials in GDP per capita
to growth differentials in the re§ression coefficients of the regional dummies, so
only the regional dummies (ﬁOT ") are adjusted.

This sensitivity analysis proceeds in three steps. First, we impute the 1989-
t0—1994 and the 1994~t0—1999 cumulative growth differentials in GDP per capita
between cities on the one hand and towns and rural areas on the other hand.?6 We
find that the economic growth performance was nearly identical across the three
regions in the first half of observation period, but differed substantially thereafter.

Between 1989 and 1994, cities (cumulatively) grew by only 0.1 and 0.2 per-
cent faster than towns and rural areas, respectively. The corresponding figures
for the period from 1994 to 1999 are about 2 and 9 percent, respectively. Sec-
ond, we sterilize the growth differentials in GDP per capita by adding for towns
and for rural areas the 1994-t0—1999 growth differential in GDP per capita (rel-
ative to cities) to the 1994 regression coefficient of the corresponding regional
dummy, and sum of the 1989-to—1994 and the 1994-10-1999 growth differential
in GDP per capita (relative to cities) to the 1989 regression coefficient of the cor-
responding regional dummy. Third, we partially re-run our simulation with the
adjusted coefficients to generate an adjusted spatial disaggregation of pro-poor
growth in Bolivia (Table 1.6, second column “a.dum”, which stands for adjust-
ment via dummy correction).

Comparing the results (column “a.dum”) with the corresponding entries of the
baseline scenario in Table 1.6 (column “base”) reveals that the bias of neglecting

36We impute, as explained above, the separate growth rates of GDP per capita for cities, towns,
and rural areas by multiplying for each economic sector the average annual growth rate of value
added per capita over the respective period (taken from the national accounts) by the employment
shares of those sectors in cities, towns, and rural areas, respectively (estimated from the LSMS
1999). Note that this is a constancy assumption as well. Here, employment shares do not change

over time.
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a possible deterioration of the returns to covariates in rural areas relative to those
in urban areas is evident when applying this simple method of modeling changes
in relative returns. Including the regional growth differentials in GDP per capita
decreases income in rural areas and less so in towns in 1989 compared to the base-
line estimation, so that the GRIM and PPGR are lower. Due to lower growth in
rural areas and towns, (mean) growth in total Bolivia is now smaller between 1989
and 1999, and the growth is also less pro-poor as the rate of growth in rural areas,
whose population predominates among the poor, is now estimated to have been
lower. But the qualitative results from above do not change: We find that growth
and pro-poor growth are somewhat smaller in total Bolivia and more significantly
so in rural areas which even experienced negative mean income growth between
1989 and 1999; but the PPGR remain higher, however very small, suggesting that
the poor were able to make only few gains over the period.

1.4.3 Mobility Assumption

In the second sensitivity analysis for relaxing the assumption of constancy of the
distance between urban and non-urban areas we do not make a priory assumptions
about the changes in relative returns to covariates, but we generate a “mobility”
scenario around the baseline scenario.>’ We again recall the constancy assumption
in Equation (1.4) and rearrange it in the following way:

BtR—l = Btc—l + (.BtR ‘ﬁtc) = (ﬁtR—l '_Bt(il) = ‘P(ﬁtR ‘ﬁtc) (1'10)

where ¢ is the “mobility” parameter. In our baseline scenario, ¢ is equal to 1,
thus absolute changes of the coefficients remain constant between the regions,
here exemplarily only for cities versus rural areas.

As an illustration, let us assume that we observe a coefficient Bz for tertiary
education of Bf, = 0.4 and B, = 0.9, which leads to an absolute difference of

—0.5 in ¢, and that we observe BECJ_I = 0.8 for r — 1. What we have done in the
baseline regression was to assume ‘“no mobility” in the sense that the absolute
difference stays constant over time which would be fulfilled for a coefficient of
ﬁg)t_l = 0.3. If we assume that the difference decreases over time (which would

for example be fulfilled for Bf, | = 0.2), we think of this as “mobility” in the
sense of converging or becoming more similar over time. This leads to a greater
absolute difference of 0.6 in ¢ — 1, and the mobility parameter takes a value ¢ =
1.2 > 1. If we assume the opposite in the sense of divergence or dissimilarity the
absolute difference has to increase, from for example —0.2 inz — 1 for Bg,t—l =0.6
which leads to ¢ = 0.4 < 1.

37We thank Martin Ravallion for this suggestion.
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As mentioned above, there is no way to know the exact structure of change of
relative returns over time, especially because this change will be different of mag-
nitude and even sign for each coefficient.>® We present two different assumptions,
one of a weak mobility scenario of ¢ = 1£0.1 and of a strong mobility scenario
of ¢ = 1£0.5. The results on moderate poverty of this exercise are shown in Ta-
ble 1.9 (for extreme poverty and inequality, see Appendix Tables B.6 and B.7). It
is only relevant for towns and rural areas in 1989 and 1994 (and also for the aggre-
gate data for total Bolivia), so for comparison, the baseline scenario (no mobility)
is copied from Table 1.4 (and Appendix Tables B.4 and B.5).

Overall the results for poverty and inequality are pretty stable. The weak sce-
nario generates a mobility band around the point estimate of about 1 percentage
point or even less for all poverty measures. This holds for both poverty lines and
for both years. Of course, the strong mobility scenario results in a broader band,
and differences get larger in 1994, especially for P1 and P2. The deviations are not
symmetric which is caused by the above explained non-linear relation between y
and Iny. Looking at inequality, the results are similar. Again, for the weak mo-
bility scenario, the inequality indicators assuming no mobility do not differ too
much from the mobility results. However, results are more sensitive to the strong
assumption and also to the more sensitive Atkinson indices, especially to A(2.0).
In summary, the results are stable and convincing, because even with the stronger
assumption of ¢ = 1+0.5 and the more sensitive indicators (P2 and A(2.0)),
the trends in poverty and inequality remain. The same holds for the results on
pro-poor growth. In Table 1.6, the columns labeled “con01-div05” show the re-
sults. As expected the “convergence” scenarios give stronger evidence of pro-poor
growth and the “divergence” scenarios give lower growth rates compared to the
baseline assumptions.

38See Essay 2 for results on ¢ over time.
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Table 1.9: Moderate Poverty: Mobility Assumptions, 1989 and 1994

1989 1994
Convergence Divergence No mobility Convergence Divergence No mobility
¢=1.1 ¢=15 ¢=09 ¢=0.5 ¢=1.0 ¢=1.1 ¢=1.5 ¢=09 ¢=0.5 ¢=1.0
Total Bolivia
PO 7535 75.63 75.08 7398 76.10 7224  72.40 7207 71.28 72.44
0.47) (0.47) 0.47) (0.49) (0.53) 0.43) (0.42) (0.43) (0.45) (0.42)
P1 4368 45.75 4249 3981 44.45 46.22 4837 4475 4057 45.28
(0.33) (0.32) 0.34) (0.35) (0.35) 0.24) (0.29) (0.25) (0.26) 0.22)
P2 2980 32.39 2842 25.60 30.48 3525 3841 33.18 27.75 33.95
(0.29) (0.29) (0.30) (0.30) (0.31) 0.19) (0.19) (0.20) (0.21) 0.19)
Town
PO 79.74 80.44 79.17  77.17 80.21 73.44  73.60 7320 7191 73.42
(1.24) (1.19) (1.32) (1.40) (1.26) (1.28) (1.18) (1.35) (1.42) (1.16)
=z P1 4972 53.12 4781 43.53 49.66 4427 4734 4247 38.19 43.40
% (0.92) (0.86) (0.95) (0.99) (0.87) (0.79) (0.75) (0.81) (0.83) (0.64)
2. P2 3585 40.02 33.63 29.06 35.58 31.78 3571 29.58 24.69 30.66
® (0.82) (0.79) (0.83) (0.84) (0.79) (0.63) (0.61) (0.63) (0.64) (0.55)
§ Rural Areas
@ PO 8649 86.96 8597 83.86 87.96 90.34  90.68 90.00 88.40 90.23
9 0.62) (0.57) (0.65) (0.79) (0.70) (0.44) (0.39) 0.48) (054) (0.43)
© Pl 5490 59.01 5254 4722 56.35 7135 75.82 68.21 59.06 69.86
g (0.51) (0.46) (0.53) (0.58) (0.53) (0.26) (0.23) (0.28) (0.34) (0.28)
@ P2 3931 4445 36.57 30.96 40.54 60.82 67.53 56.30 44.18 58.66
;\ln (0.51) (0.48) (0.52) (0.52) (0.50) 0.25) (0.22) (0.27) (0.31) (0.28)
w
a1
w

¢ Notes: The mobility parameter comes from (8%, — B ) = ¢(BF — BC). See Chapter 1.4.3 for explanation. Standard deviations in brackets. Results

for the extreme poverty line are shown in the Appendix Table B.6 and for inequality in Appendix Table B.7.

Source: Own calculations based on ECH, EIH, and DHS.
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1.5 The Asset Index Approach

The asset-index approach to construct national time series of basic poverty mea-
sures goes back to Filmer and Pritchett (2001) and Sahn and Stifel (2000, 2003).
To proxy welfare in the absence of income or expenditure data, they assume that
the asset ownership of households closely reflects their living standard. Using
DHS data, we define a set of assets>® and construct a metric asset index

=Sl(aj1—51)+ +Sk(ajk—ﬁk)

- o (1.11)

Al;
where sy is the “scoring factor” or the weight of the asset k, a i takes the value of
1 if household j owns asset k and 0 otherwise, @ is the mean value of aj over all
households, and oy is its standard deviation.

Following Filmer and Pritchett (2001), we use the principal component anal-
ysis (rather than the closely related factor analysis as in Sahn and Stifel (2000,
2003)) to determine the asset weights s;. The underlying idea is to find a linear
combination of the variables—the principal component or the asset index—which
contains most of the common information of the variables and can be interpreted
as a background variable contained in all of them.*C Hence, the asset-index ap-
proach is valid if welfare is indeed the main determinant of asset variability among
households. We apply the asset-index approach to track the evolution of poverty
between period ¢ — 1 and ¢. Since the mean value of the asset index is zero by
construction, we do not estimate Equation (1.11) for each period separately but
over a pooled sample of the periods ¢ — 1 and ¢.

In contrast to our dynamic cross-survey microsimulation methodology, the
creation of national poverty profiles on the basis of the asset index requires a com-
mon set of assets for all observation years.41 Unfortunately, there was a change
in the DHS questionnaire design: the DHS 1994 and 1998 collected information
on more and other assets than the DHS 1989.4? The set of common assets over all
Bolivian DHS rounds would have been very small so that we decided to restrict

39Qur asset definition is rather broad and includes not only real estate and financial assets, but
also consumer durables and the household’s endowment with human capital.

40A more recent method to construct asset indices using polychoric principal component anal-
ysis is proposed by Kolenikov and Angeles (2009) and applied in Essay 4 for Colombia. The
innovation is that it is possible to include ordinal variables rather than only dummy variables. For
example, in Essay 4, we include several ordered categories for wall and floor material rather than
just a dummy for good and bad material.

4IThe asset index requires a joint set over time. Furthermore, we have a much smaller set
of variables in the asset index, comparing Table 1.10 for the asset index with Table 1.1 for the
microsimulation methodology.

42The lack of consistency applies especially to consumer durables (Appendix Table B.3).
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48 MATCHING HOUSEHOLD SURVEYS WITH DHS DATA

our empirical analysis to the years 1994-1998. The derivation of the asset index
and the summary statistics of the assets included therein are shown in Table 1.10.
We use 25 assets—17 tangible assets and 8 human capital variables—to capture
the welfare of households.** The eigenvalues of the principal component analy-
sis suggest that the asset index is indeed an important determinant for the asset
distribution among households. The first principal component explains about 22
percent of total asset variability.

Since all tangible assets are dummy variables, their scoring factors have a
simple interpretation. Moving from “non-ownership” to “ownership” of one asset
changes the asset index by si/0y. For example, having private telephone connec-
tion increases the asset index by 0.83 in 1994 and 0.59 in 1998.% In the case of
the human capital variables, s;/ 0y gives the change in the asset index if the aver-
age education of adult household members switches from the reference state “less
than complete basic schooling or unknown” to the respective schooling category.

As expected, consumer durables, such as telephone, radio, television, and
fridge, have high scoring factors suggesting that they are highly correlated with
welfare. By contrast, owning a house or of a plot of agricultural land indicates
poverty which can mainly be explained by the widespread subsistence agriculture
in rural areas of Bolivia.*> The quality of the dwelling also reflects the welfare
of households. Access to public utilities, high-quality cooking materials, high
quality toilet facilities, high-quality floor materials, and a large number of sleep-
ing rooms all increase the asset index. The scoring factors of the human capital
variables are more difficult to reconcile. We find negative returns to schooling up
to lower secondary schooling (9 years of schooling)* which we attribute to that
(a) our reference state includes “unknown” and that (b) the returns to basic and
secondary schooling are indeed very small in Bolivia.

The asset-index value of the individual household is obtained by multiplying
the deviation of the household’s asset endowment from the mean asset endowment
with the vector of normalized scoring factors according to Equation (1.11). Ag-
gregating the asset-index values over all households, we find the mean asset index
increasing from -0.37 in 1994 to 0.38 in 1998, suggesting a favorable trend of the
living standard in Bolivia during the observation period. Based on the estimates

43To check the robustness of our empirical results, we also estimated the asset index without
human capital variables. The empirical results (not shown here) do not change qualitatively.

44The reduction in the asset weight reflects the fact that private telephone connection has be-
come more affordable and, thus, more widespread in Bolivia (Appendix Table B.3).

45This might sound surprising, but it has to take the reference categories into account. This
would be for example being able to rent a flat in cities (as opposed to a small house) or working
outside agriculture (as opposed to working on an own piece of land).

46Comparing the results with the results for 1994-2003, we find a switching sign for lower
secondary schooling for women which is negative for the period 1994-1998 but turned positive

for the period including 2003 (results not shown here).
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1.5. THE ASSET INDEX APPROACH 49

Table 1.10: The Derivation of the Asset Index, 1994 and 1998

pooled 1994 1998
Sk a Ok Sk/Ok a Ok Sk/Ok
Tangible Assets
Telephone 0.28 0.11 031 0.90 025 043 0.64
Radio 0.16 085 036 045 088 032 050
Television 0.36 058 049 073 068 046 0.77
Fridge 0.30 030 046 0.65 038 048 0.61
Family Land -0.29 028 045 -0.64 021 041 -0.70
Electricity 0.35 068 047 0.75 076 043 0.82
Public Water 0.31 056 050 0.62 070 046 0.67
Other Water Source  -0.10 0.14 035 -0.29 011 031 -032
Cooking Material 0.35 064 048 0.72 072 045 0.77
Shared Toilet 0.08 036 048 0.16 0.19 040 0.19
Private Toilet 0.18 024 043 043 048 050 0.37
Cement Floor 0.10 033 047 022 038 048 0.22
Brick Floor 0.04 012 032 0.3 008 026 0.15
Other Floor 0.20 0.18 038 0.52 026 044 046
2-3 Sleeping Rooms ~ 0.10 041 049 0.20 035 048 0.21
> 4 Sleeping Rooms ~ 0.12 0.06 023 0.50 0.06 024 048
Human Capital
% of Men with
Complete Basic -0.10 012 032 -0.31 0.09 029 -035
Lower Secondary -0.02 0.14 034 -0.07 0.12 032 -0.07
Higher Secondary 0.10 024 043 024 024 042 024
Tertiary Education 0.19 0.11 031 062 0.16 036 0.3
% of Women with
Complete Basic -0.08 012 031 -025 010 029 -0.27
Lower Secondary 0.02 0.14 033 0.07 0.13 032 0.07
Higher Secondary 0.18 025 041 044 030 043 042
Tertiary Education 0.19 0.08 025 0.76 0.14 032 0.59
Asset Index -0.41  2.26 030 2.32

Notes: For the explanation of the variables, see Appendix Table B.2. The left-out categories are:
open water source, no toilet, earth floor, 0-1 sleeping rooms, no or incomplete basic schooling.
The two data sets are joined and the principal component analysis is done over the pooled sample.
Source: Own calculations based on DHS.

of the asset-index values at the household level, we can check the consistency of
poverty trends between our dynamic cross-survey microsimulation methodology
and the asset-index approach.” We construct poverty profiles based on asset-

4TWhen we rank the households according to (a) their simulated incomes and (b) their asset-

index values and calculate the Spearman rank correlation coefficient between the two welfare
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50 MATCHING HOUSEHOLD SURVEYS WITH DHS DATA

index values and compare them to those in Section 1.3.2. To this end, we rank
the households according to their asset-index values and calibrate the thresholds
(i.e., poverty lines) between extremely poor, moderately poor, and non-poor so
as to ensure that the incidence of poverty at the aggregated national level (i.e., in
the first row of the poverty profile) in 1994 coincides with the one of the dynamic
cross-survey microsimulation methodology, which is shown in Table 1.5.48 We
keep this threshold level for the asset-index poverty line of 1994 constant and ap-
ply it also to the 1998 data. The spatial poverty profile based on asset-index values
is shown in Table 1.11.

Although the direction of change and determinants are qualitatively similar to
our findings using the microsimulation methodology, there are some differences.
The most striking difference between the asset index and the microsimulation
methodology is that overall poverty reduction from 1994 to 1998 appears much
stronger using the asset index. Keeping the threshold of 1994 constant yields a 5
percentage points higher poverty reduction using the moderate poverty line (from
72 to 65 percent for the income-based approach and to 60 for the asset-based ap-
proach) and 2 percentage points using the extreme poverty line compared to the
results shown in Table 1.5. We suspect that this sharper reduction in poverty using
the asset index is due to a combination of changes in preferences favoring some as-
sets (e.g., televisions), relative price reductions of some assets (e.g., telephones),
and public investment in infrastructure or education which have not (yet) trans-
lated into income gains. Thus, the sharper poverty reduction using the asset index
says more about developments in preferences and in non-income dimensions of
well-being than being the most reliable proxy for the income dimension.

Furthermore, taking the corresponding results of the microsimulation method-
ology in Table 1.5 as reference point, we find that the asset-index approach strongly
underpredicts poverty in cities and towns and strongly overpredicts poverty in
rural areas. In doing so, the results of the asset-index approach are closer to
those of the unsatisfied-basic-needs approach*® than those of the microsimulation
methodology. Additionally, not only the level but also the change in the inci-
dence of poverty is more unevenly distributed across the three areas. While ac-
cording to the microsimulation methodology rural areas participated—albeit less

indicators we find a close relationship between the simulated incomes and the asset-index values.
The Spearman rank correlation coefficient is about 0.8.

“8The distribution of the assets among extremely poor, moderately poor, and non-poor is given
in Appendix Table B.8.

49The unsatisfied-basic-needs approach is very similar to the asset-index approach. It generates
a weighted average of welfare indicators (e.g., educational attainment, housing quality, access to
public utilities, and access to basic health services, in the case of Bolivia) and classifies households
as poor if their weighted average indicator value is below a certain threshold. In contrast to the
asset-index approach, the indicator weights are set arbitrarily. For a more detailed description of

the unsatisfied-basic-needs approach and its application to Bolivia, see Hernan (1999)5.
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1.5. THE ASSET INDEX APPROACH 51

than proportionately—in the overall poverty reduction, they experienced nearly
no progress in reducing poverty according to the asset-index approach. These dif-

Table 1.11: Poverty Profiles, by Asset Index, 1994 and 1998

Moderate Poverty Extreme Poverty
1994 1998 1994 1998
Total 72.57 60.07 50.45 3692
By Region
City 52.20 38.59 19.91 9.54
Town 70.03 57.25 3527 2359
Rural 97.76 97.14 91.66  88.55
By Department
Chuquisaca 79.42 70.54 69.39 57.82
La Paz 71.45 60.97 4743  33.62
Cochabamba  75.78 56.71 5721 3791
Oruro 72.65 60.55 4130  29.66
Potosi 84.57 76.717 68.01 5575
Tarija 67.88 54.86 4548  35.02
Santa Cruz 63.60 50.88 3771 2638
Beni & Pando  81.82 69.41 62.86  50.06
By age of household head
<34 77.19 70.99 52.64 4042
35-49 72.42 57.47 50.64 3643
50-65 65.92 49.59 4646  32.18
> 66 61.65 47.29 46.17  34.43
By household size
<3 73.32 63.01 49.48 3570
4-6 69.29 56.44 46.71 3397
>7 79.22 66.10 59.69 4531
By percent of household members between 15 and 65 years
<50 79.49 71.52 5825 4772
> 50 63.77 47.53 4054  25.07
By language of household head
Spanish 61.37 49.93 33.18 2321
Indigenous 98.74 97.01 90.82  86.83
By gender of household head
Male 73.09 61.04 5142 3822
Female 70.05 55.49 4577  30.74
By average years of schooling of adults
<5 97.27 93.82 83.87 7345
6-12 64.62 50.85 3210 21.58
>13 9.60 9.37 1.58 1.96

continued on next page
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52 MATCHING HOUSEHOLD SURVEYS WITH DHS DATA

Table 1.11 continued

Moderate Poverty Extreme Poverty
1994 1998 1994 1998
By profession of principal wage earner
White-collar admin.  27.57 18.39 10.90 6.82
Blue-collar admin. ~ 80.65 68.47 46.27  29.28
Agriculture 98.89 96.75 9452 91.20
Sales and services 64.27 48.85 29.66  15.92
Not employed / DK 54.01 44.13 2693 19.94

Notes: For the category schooling: Adult women aged between 15 and 49 and their husbands and
partners. For the category wage earner: Husband or partner of the oldest woman aged between 15
and 49. If she is single, this women herself. For the category female employment: Women aged
between 15 and 49.

Source: Own calculations based on DHS.

ferences are partly due to that only the microsimulation methodology accounts for
differences in the local price levels (Table B.1); they also show that progress in
improving the asset base in rural areas have been much slower in the 1990s.5

By contrast, Table 1.11 shows less variation in the incidence of poverty across
departments. The 1994 moderate poverty headcount index ranges only from 66
percent in Santa Cruz and Tarija to 84 percent in Potosi. For comparison, the
corresponding figures of the microsimulation methodology were 58 percent and
88 percent, respectively. Concerning the departmental poverty ranking, we find
greater consistency between the two approaches.’! Santa Cruz is the richest de-
partment and Potosi and Chuquisaca are the poorest departments. The notable
exception is Oruro which is relatively poor according to the microsimulation
methodology but relatively rich according to the asset-index approach. Another
exception are Beni and Pando which are relatively rich according to the microsim-
ulation but relatively poor according to the asset index.>?

Concerning household characteristics, some differences are observed com-
pared to the income poverty profiles. For example, medium-sized households
are the richest compared to smaller or bigger ones. Furthermore, also the “oldest”
households are the richest. However, this might be due to the fact that older house-
holds accumulate assets over time which constantly lose value but remain as an

5°Altematively, one could estimate the asset index separately for urban and rural ares to better
capture the differences.

51This result becomes even more obvious when we compare the departmental disaggregation
of the poverty headcount by quintiles rather than only at the thresholds between extremely poor,
moderately poor, and non-poor (results are not reported here).

52For more detailed poverty maps also at regional levels, see Spatz (2006).
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item in the household, irrespective of their value. Some characteristics using the
asset index are even more strongly indicating poverty, such as ethnicity, gender,
schooling, or employment sector.

1.6 Discussion

In this paper, we developed a new methodology to create a national income time
series out of incomplete income or expenditure data, and applied it to the case
of Bolivia between 1989 and 1999. We show that our extension of the poverty
mapping methodology is able to well reproduce trends in poverty where we have
comparable data. As such it is of considerable use for situations where nationally
representative income surveys are lacking, but urban income surveys are available
and can be combined DHS data. With this method it should be possible to generate
longer time series of poverty and inequality than is currently possible for most
Latin American and many African countries.

The methodology also appears superior to the use of asset indices for measur-
ing trends in poverty which might more reflect changes in preferences, prices, and
non-income indicators. Furthermore, standard asset indices, for example using
principal component analysis, attach weights that are “relative in a double sense”:
First, the weights are relative to mean ownership (@), thus the more scarce an as-
set is, the higher is the weight for a household owning it. This can be justified,
even if the difference in weights can be very high.>3 Second, the weighting factor
(1/0) gives larger weights to assets that are either very scarce or very common,
compared to relatively lower weights to assets that half of the population owns.*
This is much harder to be justified and it is not a priory clear why this should be
the case.>

Further research should address the questions on how to judge the goodness
of fit of the methodology by statistical procedures. The methodology presented
here is based on the data constraint of having only one nationally representative
pair of different household surveys (one having and the other not having income
in the survey), and to have some urban income surveys for other years together
with some national-wide other survey. Having a second pair of full surveys allows

53Consider the scenario A when 90 percent of the population own an asset i, with Z;(4) = 0.9,
and scenario B when 10 percent own the asset @;(g) = 0.1. In both cases, & = 0.3. Under scenario
A, ahousehold j owning the asset i is 9 times as rich than under scenario B, since (i —Gj(4))/0; =
0.1/0.3 compared to (aji —dj(5))/0; = 0.9/0.3.

S4For example, for both the scarce case @ = 0.01 and common @ = 0.99 case, the weighting is
1/0 = 10 compared to the medium case of @ = 0.5 with the weighting of 1/ = 2.

55 An alternative is to set weights in a more normative way, shown in Essay 4 for Colombia.
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a backward and forward check of the approach described, in the sense of an out-
of-sample prediction that can be compared to observed data.®

Our methodology is based on the idea that changes over time should be explic-
itly modeled. Of course, our proposed methods of modeling dynamics are based
on arbitrary assumptions regarding the time series in the regression coefficients.
However, what is normally applied in the literature is to totally neglect dynamics.
For example, the study of Stifel and Christiaensen (2007) uses a static prediction
procedure for the regression coefficients and also tries to use variables that are
“likely to remain stable over time”, i.e., that are not sensitive to “economic or
polity change” (Stifel and Christiaensen (2007), p. 323). However, this makes
poverty trends over time somewhat slow: if regression coefficients are constant
and variables are chosen to be nearly constant then changes are hardly to be ob-
served. In this regard, such results hardly reflect income poverty dynamics but are
closer to looking at asset poverty.

56As done in Essay 2 for Bolivia using LSMS data from 2002 and DHS data from 2003, or in

Mathiassen (2008) using several income surveys for Uganda.
Melanie Grosse - 978-3-631-75353-8

Downloaded from PubFactory at 01/11/2019 06:00:43AM
via free access



Essay 2

Estimating the Stability of Poverty
Analysis: Out-of-Sample Predictions
in Dynamic Poverty Mapping

Truth emerges more readily from error than from confusion.
Francis Bacon (1561-1626)

Abstract: In Bolivia, as in many other developing countries, a sufficiently long
time series of nationally representative income surveys does not exist which makes
it difficult to analyze trends and determinants of poverty and inequality over a
longer time period. However, in many countries, there are urban household sur-
veys, and there are nationally representative Demographic and Health Surveys
(DHS) which lack information on income. For the case of Bolivia, we have two
urban household surveys and four nationally representative DHS available since
1989, while comparable nationally representative household income surveys only
exist since 1999. In this paper, we modify a technique developed for (static)
poverty mapping exercises by combining urban household income surveys with
DHS data to (dynamically) extend the time series of household income data back
in time until 1989 and 1994, starting from the base period (1998/9). Our technique
explicitly estimates the robustness of this backward extension by repeating it for a
second base periods with two sets of nationally representative household surveys
and DHS (2002/3). Furthermore, we use and compare two different methods of
modeling dynamics. In doing so, we are able to gain insights about the stability
and reliability of dynamic poverty mapping analysis.

based on joint work with Boris Branisa.
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2.1 Introduction

In the mid-1980s, Bolivia experienced a dramatic macroeconomic crisis, with an
annual inflation rate that peaked at 25.000 percent and great social unrest (Sachs
and Morales, 1988). According to some authors, the crisis was a consequence of
the government’s growing fiscal deficit and of the public companies that had been
financed with external debt during the 1970s (Morales, 1994). This funding was
used to support a model where the government played a major role in the econ-
omy. The debt crisis in Latin America made it very difficult for Bolivia to obtain
new external funding, and the government was forced to finance the fiscal deficit
with monetary emission. As the government was unable to solve the crisis, Pres-
ident Siles Suazo resigned and called for general elections. In 1985, the newly
elected government of President Paz Estenssoro started a stabilization program
which included a tax reform, a sharp reduction in government spending, and lib-
eralization of the economy. The program was successful to combat hyperinflation
and to transform the economy into a more market-oriented one. It was the begin-
ning of a reform process that continued during the 1990s (Morales, 2001).! The
impact of these reforms on the levels of income poverty and inequality is, how-
ever, subject of debate. As nationally representative household income surveys
have been only conducted since 1999, the trends of income poverty and inequality
in Bolivia since the late 1980s are still an open empirical question.

Since a sufficiently long time series of nationally representative income sur-
veys does not exist it is difficult to analyze the determinants and trends of poverty
and inequality over a longer time period. A method used in the literature to over-
come this difficulty is modifying or extending poverty mapping models. The basic
idea of poverty mapping is to use one specific micro-data survey which contains
all relevant information for poverty analysis, and to combine this information with
another survey which typically contains only part of the necessary information.
The classical application is to use a household survey such as a Living Standard
Measurement Survey (LSMS)? which contains the relevant information on income
and income determinants for a representative subsample of the population and to
apply this information structure to a Census that does not contain all parts of the
information, i.e., missing information on income, but providing some other infor-
mation for the whole population of a country, such as asset ownership, education,
or demographics. The logic is to establish a statistical correlation structure be-
tween various covariates and income, for example with an OLS regression, in the
first survey (LSMS) that can be applied to the second survey (Census) to predict

IThe market-oriented approach continued until the year 2005 when President Evo Morales
was elected and initiated the return to more government-led development.
2For simplicity, we call all kinds of household income surveys LSMS even if they belong to a

different kind of income survey family.
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2.1. INTRODUCTION 57

incomes. Proposed by Hentschel et al. (2000) and Elbers et al. (2003) for Ecuador,
the method has been applied to many countries and different kinds of surveys. Ap-
plying this method makes it possible to calculate detailed poverty maps, e.g., at
the municipality level to, for example, target public spending policies in the most
effective way.

Besides the geographic use of this method, there have also been attempts to
apply poverty mapping back and forth in time. Klasen et al. (2007), Grosse et al.
(2009), and Stifel and Christiaensen (2007) have used LSMS and Demographic
and Health Surveys (DHS) for their temporal analysis. The difference between the
attempts basically lies the assumption about dynamics when modeling the corre-
lation structure. Whereas Stifel and Christiaensen (2007) assume no dynamics in
the regression model, the other studies propose several ways of modeling dynam-
ics.

Explicitly judging or verifying the results whether the estimation is correct
(with other data) is hardly possible. In fact, poverty mapping was invented be-
cause no other data is available, so there is hardly any way to check the predictive
power of these models. One exemption is Mathiassen (2008) who uses several
LSMS for Uganda and explicitly tests how well a regression model of one point
in time can predict incomes for other points in time. The author has all necessary
information at hand to explicitly test the predictive power of poverty maps using
static coefficients over time. Demombynes et al. (2004) also show how well their
Census predictions coincide with the LSMS estimates for three countries.

This paper draws heavily from the previous study on poverty mapping in Bo-
livia by Grosse et al. (2009). Since national household income surveys exist only
since 1999 and only urban surveys for earlier years, analysis would leave more
than half of the population living in non-urban areas uncovered by data. There
are several nationally representative DHS which, however, lack information on
incomes. In this paper, we use four nationally representative DHS (1989, 1994,
1998, and 2003), two nationally representative household income surveys (1999
and 2002), and two urban household surveys (1989 and 1994). We modify the
technique developed for (static) poverty mapping exercises of Hentschel et al.
(2000) and Elbers et al. (2003) by combining urban household income surveys
with DHS data to (dynamically) extend the time series of household income data
back in time until 1989 and 1994 following Grosse et al. (2009).

Our technique explicitly estimates the robustness of this backward extension
to 1989 and 1994 by repeating it for two base periods with two sets of nationally
representative data sets of LSMS and DHS (1998/9 and 2002/3). We additionally
take a look at the robustness of the estimations by focussing on two years for
which we have complete data and perform out-of-sample predictions for poverty

3Note that Grosse et al. (2009) is equivalent to Essay 1.
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and inequality assuming that the LSMS of 1999 had also been only urban (using
2002 as base year) and vice versa. Furthermore, we compare the results of the
assumptions of Grosse et al. (2009) with, for example, the ones used by Stifel and
Christiaensen (2007). In doing so, we are able to gain insights in the reliability of
poverty mapping analysis over time.

2.2 Approach and Data

The basic idea of this paper applies the approach of Hentschel et al. (2000) and
Elbers et al. (2003). The authors use Ecuadorian LSMS data which contains in-
formation on income and income determinants and extend their poverty analysis
spatially to the whole country using Census data. To be able to do so, they run an
expenditure model in the LSMS data using only covariates that are also available
in the Census data. Simulating income in the Census data is achieved by simply
multiplying the covariates of the Census with the regression coefficients obtained
from the LSMS survey (plus adding an error term). With this simulated data, they
are able to generate detailed poverty maps of national coverage at the municipality
level.*

Only very few papers explicitly test how well it works to simulate incomes
using the described cross-survey matching. Demombynes et al. (2004) replicate
the exercise of Hentschel et al. (2000) and Elbers et al. (2003) for Ecuador and
two more countries, Madagascar and South Africa, and compare their results for
the strata where both observed expenditures from LSMS data and simulated ex-
penditures from Census are available. For most strata, but not for all, they find
that the observed poverty levels are similar in LSMS and Census data.’ Stifel
and Christiaensen (2007) use the same methodology, but apply the coefficients
obtained from Kenyan LSMS data (of 1997) to several DHS surveys (instead of
Census), and they do so back and forth in time (1993 and 2003) instead of across
space. In doing so, they assume that the returns to covariates remain constant
over time. For the DHS of 1998, which is closest in time, they find a persistent
underestimation of poverty when applying the regression coefficients of 1997 to
the 1998 data. They correct for it by shifting the poverty line until the simulated
headcount in the DHS matches the observed one of the LSMS.

4The second main contribution of Elbers et al. (2003) was to investigate how to correctly
estimate standard errors by splitting the error term into a spatial and an idiosyncratic component.
We cannot do this since the primary sample units (or clusters) of the pre-1999 LSMS are not
available for the Bolivian data sets.

5For Ecuador, 2 out of 8 strata show different results for PO. For Madagascar, all estimates are
inside each others’ confidence intervals, however, due to very high standard errors causing a range
for point estimates of up to 13 percentage points. The same holds for South Africa with ranges up

to 6 percentage points.
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In a study of Mathiassen (2008), the author uses a series of Ugandan LSMS
data sets and tests the predictive power of models from one LSMS survey for the
other surveys and compares observed poverty with simulated poverty for all years
and all surveys. She finds that for 2 of the 7 surveys, the simulations are working
very badly. She assumes the reason to be either an unexpected large change of
poverty or the distance of time between the surveys. In addition, the adequacy
of applying the models is much worse for rural areas where nearly half of the
simulated poverty levels are statistically different from observed poverty levels.

We draw strongly on previous work by Grosse et al. (2009). It is similar to
Stifel and Christiaensen (2007), in that we also use LSMS and DHS data. Differ-
ently to Stifel and Christiaensen (2007), we explicitly model dynamics of changes
in the regression coefficients instead of assuming that the coefficients stay con-
stant over time. We test the ways of taking dynamics into account (or not) and are
able to check which model comes closer to observed values. This is only possible
as soon as two full sets of nationally representative surveys are available. In this
respect, our paper is more similar to Mathiassen (2008). We start presenting the
model that follows Grosse et al. (2009).

We construct a 3 x 3 block diagonal structure of the covariates by interacting
them with three regional dummies, and run a weighted standard log-linear OLS
regression model where the indices C, T, and R stand for cities, towns, and rural
areas, respectively, 3 are coefficient vectors, and € is an independent error term:

Iny¢ Xe 0 0 BS &
Iny! |=1 0 xT o0 Bf |+ € |. (2.1)
InyR 0 0 xRk BR eR

Concerning the modeling of dynamics, we test the following assumptions pro-
posed in the literature. Our baseline assumption for earlier periods 7 — 1, in which
the LSMS covers only cities, is that the absolute differences® in the regression
coefficients between cities and non-urban areas remain constant between period
t—1andt:

BtT—I = ﬁt€1 + (ﬁtT - B’C) and ﬁtR—l = Btc—l + (B!R - B‘C) (2-2)

SNote that we use the term “absolute” not in the mathematical meaning of |—1| = 1, but to

contrast it to “relative”, i.e., percentage changes.
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60 OUT-OF-SAMPLE PREDICTIONS IN DYNAMIC POVERTY MAPPING

The second proposed way of capturing “dynamics” in the literature is to as-
sume that there are none, as done in Stifel and Christiaensen (2007)7 and tested in
Mathiassen (2008):3

ﬁlgl = Btc and ﬁtT—l = ﬁtT and ﬁtlil = ByR- 2.3)

As the predicted income is obtained from a regression, its variance is too small
as compared to observed income. To compensate for this the simulation is run 200
times, where a random variable is added each time to the predicted values. The
random variable is assumed to be normally distributed with mean zero and with
the estimated variance of the error term. For computing the estimated variance
of the error term for non-urban areas, we assume for (i) the dynamic case the
constancy of relative changes

~—

T
O'(E,T_l) = 0'(816;1)' GEEI(,') 2222’

and for (ii) the no-dynamics case we assume no changes over time:

and o(ef))=0o(e,)- (2.4)

Q

o(ef ) =0(€) and o(ef))=0(e) and o(el))=0a(ef). (25

Different from the studies applying the poverty mapping approach cited above,
there is a whole literature addressing the question of changing endowments, chang-
ing coefficients, and changing unobservables over time. In a multi-country study,
edited by Bourguignon et al. (2005), the authors investigate this question of chang-
es and the resulting impacts on inequality (and partly also on poverty and income)
for 7 countries.® The authors apply generalized Oaxaca-Blinder decomposition
methods to investigate how different groups (such as the urban versus rural pop-
ulation) are affected by changes in the distribution of endowments (called popu-
lation or endowment effect), changes in the returns to these endowments (called
price effects), and changes in decisions how to use the endowments such as be-
havior on the labor market (called occupational effects). They point out, that these
factors are not independent from each other, and that, in addition, they are likely
to be affected by external shocks (e.g., international prices) or internal shocks
(e.g., government policies). Furthermore, they highlight that both shocks as well

"It must be noted that Stifel and Christiaensen (2007) use in their study assets whose param-
eters are expected to remain stable over time, and that unlike the case in our paper, Stifel and
Christiaensen (2007) use different regressions for the regions they consider. We are forced to use
the same regressors for all regions to be able to calculate Equation (2.2).

8Mathiassen (2008) suggests to “update” coefficients in order to take dynamics or “outlier
years” into account by averaging coefficients over different years.

9Argemina, Brazil, Colombia, Indonesia, Malaysia, Mexico, Taiwan.
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2.2. APPROACH AND DATA 61

as changes are likely to be different for subgroups (such as the urban-rural divide)
of the population.

Only three studies of Bourguignon et al. (2005) address the specific questions
on urban versus rural trends. The chapter on Colombia suggests that there are
substantial differences between urban and rural areas. For example, the first time
period of observation showed increasing inequality in rural areas and stagnating
in urban areas whereas the second period showed exactly the opposite pattern.
Especially the effect of increased schooling differed: More and more equally dis-
tributed years of schooling in urban areas caused higher inequality, whereas more
years of schooling in rural areas cause an inequality decline, due to lower marginal
returns in rural areas. Indonesia showed a massive increase in income and a mas-
sive reduction in poverty, combined with a increase in inequality. Concerning
differences in price effects, returns to education went down in urban areas and
caused decreasing inequality, whereas they went up in rural areas and caused in-
creasing inequality. Also other regional differences played a role (such as living
on Java or elsewhere). Indonesia experienced in addition a massive urbanization,
causing increasing self-employment in urban areas: There was selective migration
of the mainly landless poorer wage-workers from rural to urban areas which was
in turn profitable for the migrants. For Mexico, the authors find growing negative
returns to living in rural areas. Similar to Indonesia, there was a strong rural-
to-urban migration as well as from poorer-to-richer-regions migration which lead
to increasing inequality. In Mexico, also urban-rural differentials in education
increased.!®

The model which is used similarly in all studies is very different from our
model, which is driven by the data Bourguignon et al. (2005) use. The DHS,
which we use, has hardly any employment questions, except for the few variables
listed in Appendix Table B.3, so that their approach goes beyond of what we could
do with our data. In our study, apart from testing the assumptions on different dy-
namics for urban versus rural areas, we change the original estimation procedure
of Grosse et al. (2009) in some ways. As a first test for stability of income, poverty,
and inequality estimates, we rerun the Grosse et al. (2009) regression using only
covariates that are available in all four DHS and LSMS surveys. To reduce the
number of covariates in a more meaningful way, we first statistically test for the
equality of means of covariates X of the LSMS of 1999 and the DHS of 1998.

10The study from Grimm (2004) for Cote d’Ivoire also takes urban-rural differentials into ac-
count and separates the model into three different models: for urban men, rural men, and women.
Also here, price effects can go into different directions, can be of different sign, and can be of dif-
ferent magnitude for the three models. Grimm (2004) points out the relevance of external and in-
ternal factors such as rising world market prices for the main cash crops, freezing of public wages,
devaluation of the exchange rate, adjustment policies. Overall, the author finds an urbanization of

poverty (combined with decreasing between-region and increasing within-region inequality.).
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62 OUT-OF-SAMPLE PREDICTIONS IN DYNAMIC POVERTY MAPPING

This improves the original method since the equality of means is desirable for
being able to apply the B coefficients of one survey to the data of the other sur-
vey (Stifel and Christiaensen, 2007). Second, we continue to reduce the number
of regressors to avoid a large number of insignificant coefficients by redefining
covariates, from a disaggregation into many dummy categories to a simpler cate-
gorization.!!

The data set we use consists of four LSMS: the 2™ round (1989) and the 7
round (1994) of the Encuesta Integrada de Hogares (EIH), both only covering ur-
ban areas, and the 1°* round (1999) and the 4™ round (2002) of the Encuesta Con-
tinua de Hogares (ECH), both being nationally representative. The purpose of the
LSMS is to collect individual, household, and community level data to measure
the welfare level of the sampled population. In addition to income and/or ex-
penditure data, the LSMS provide information on demographics, asset ownership,
education, employment, and health.!2

Our set of DHS consists of the first four Bolivian rounds which were con-
ducted in 1989, 1994, 1998, and 2003. Two-stage sampling techniques were used
to select nationally representative samples of women aged between 15 and 49 who
serve as eligible respondents of the DHS, i.e., women in reproductive age. The
main objective of the DHS is to collect demographic data on health and fertility
trends. Additionally, it includes some questions on the educational attainment and
the employment situation of adults and on the asset ownership of the household.

2.3 Results of Out-of-Sample Predictions

2.3.1 Regression

A first test for the stability of estimation results arises when we change the regres-
sion model itself. The idea for the estimation in Grosse et al. (2009) was to use the
model with the largest number of possible regressors with the data at hand.!3 The

11With the remaining coefficients, we believe to have found a model that is stable. We opted
against running stepwise regressions or an alternative data-driven approach as we want to choose
the variables to be included based on theory and findings from the literature. It must be noted
that some of the variables where equality of means is not given are nevertheless included as dum-
mies since they are meaningful category that cannot be left out (e.g., some of the departments or
education categories).

12Note that our monetary variable is mixed: We use income for cities and towns and expendi-
tures for rural areas, see Grosse et al. (2009) for details.

3In his master thesis, Branisa (2006) reproduces the calculations for poverty and inequality
for 1989 and 1994 based on Grosse et al. (2005) (which is an earlier version of the Grosse et al.
(2009) paper on which the pre-test was based), but with 2002 as the base year instead of 1999,
and with the largest number of possible regressors. His point estimates for the poverty measures,

compared to the results presented in Chapter 2.3.4, are systematically below those computed by
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2.3. RESULTS OF OUT-OF-SAMPLE PREDICTIONS 63

estimation model should transfer the largest possible correlation structure from the
LSMS to the DHS data. Since the authors did not want to explain causalities or
establish an expenditure or income model (as it is the purpose of standard income
regressions), insignificance of coefficients and multicollinearity were left aside.
For each year, the largest possible model was used, i.e., with different coefficients
for the different years, since the questionnaire designs have changed over time.

We start by comparing the results of the models using all possible variables,
i.e., different ones at different points in time, with the results using only the com-
mon model. The impact on the regression is presented in Table 2.1 showing the
B coefficients and P-values. As expected, the explanatory power of the common
model is lower (shown by a lower adjusted R?). Most coefficients keep the sign,
especially the significant ones.'* The models of 1989 and 1994 for cities perform
way better than for 1999 and 2002 when looking at significance levels. The num-
ber of insignificant variables increases for example from 16 in 1989 (12 in 1994)
to 30 in 1999 and 28 in 2002 for cities, out of a total of 51 variables. The regres-
sions are weak for rural areas both in 1999 and 2002 and even weaker for towns,
and the latter are based on the smallest number of observations.

The final regression model is shown in Table 2.2. Besides reducing the number
of regressors to common variables, the main changes are in the variables showing
household composition (which are reduced from 6 to 3 variables), for household
headship (from 5 to 2 variables), for employment (from 14 to 8 variables), and for
child health (from 6 to 3 variables). For department dummies, education, gender,
and access to infrastructure, the variables remained the same.!’

Grosse et al. (2005) for both years. Apparently, the change of the base period has in this case
an impact on the level of the estimates. If one looks at the evolution of inequality between 1989
and 1999, a similar pattern is observed: estimates by Grosse et al. (2005) suggest a decrease in
inequality, while estimates by Branisa (2006) suggest hardly any changes.
4Concerning signs and the significance level, the evolution over time is shown in Appendix
Table C.1.
I5Results and some discussion on other dynamics represented by ¢ in Equation (2.6) are found
in Chapter 2.4.
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Table 2.1: Regression Results, Log-Linear OLS, Full Model versus Common Model, 1999

City Town Rural
all common all common all common
B P B P B P B P B P B P

La Paz 0.09 039 -0.02 0.88 0.13 081 0.11 0381 0.19 004 025 0.00
Cochabamba 0.28 001 027 0.02 062 022 065 0.17 0.28 0.01 040 0.00
Oruro 0.04 075 -0.06 0.66 -026 065 -027 0.61 031 003 027 008
Potosi 0.10 045 -0.02 0.89 0.14 078 0.16 074 0.04 0.65 0.06 057
Tarija 0.59 0.00 053 0.00 037 049 047 033 0.64 000 063 0.00
Santa Cruz 0.68 0.00 070 0.00 047 035 052 0.27 0.74 0.00 0.67 0.00
Beni & Pando 070 000 063 0.00 0.17 075 0.18 072 081 000 071 0.00
# elderly -0.08 060 0.11 041 0.09 073 009 073 -0.08 034 -0.11 0.27
# males -0.07 0.02 -0.07 0.03 0.10 022 0.08 033 -0.10 0.02 -0.08 0.05
# females -0.12 0.00 -0.12 0.00 -0.10 009 -0.11 0.07 -0.17 0.00 -0.15 0.00
# youngsters -0.03 062 -001 0.76 -0.08 023 -0.08 0.16 -0.01 079 -0.02 055
# children -0.11 0.16 -0.10 0.21 -0.18 0.05 -0.20 0.02 -0.08 0.10 -0.10 0.05
# of working age / hh size 1.02 0.01 1.13 0.00 022 066 0.14 080 074 0.01 060 0.04
gender hh head 0.03 073 000 097 025 0.15 027 0.12 -0.02 0.84 0.05 057
language of hh head -0.01 0.86 -0.12  0.30 -0.06 0.32

hh head age <= 24 -0.21 031 -041 0.05 0.01 098 0.04 091 0.01 098 0.04 0.83
hh head age 25 - 34 -025 022 -027 0.19 0.03 094 005 090 0.05 0.74 0.06 073
hh head age 35 - 44 -0.39 0.05 -029 0.14 0.01 099 004 092 0.08 0.62 0.12 048
hh head age 45 - 54 -0.45 0.03 -034 0.09 0.13 0.77 0.14 072 -0.04 080 -0.06 072
hh head age 55 - 65 -0.34 0.09 -0.21 0.1 0.03 094 004 092 0.03 084 0.05 078
has house 0.07 020 -0.07 0.51 0.08 0.25

floor (cement) 0.17 021 0.03 0.86 0.24 0.00

floor (brick) 030 0.05 0.17 0.33 0.00 1.00

floor (other floor) 038 0.01 0.10 0.61 0.24 0.02

continued on next page
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Table 2.1 continued

City Town Rural
all common all common all common
B P B P B P B P B P B
2-3 sleeping rooms 0.21 0.00 -0.18 0.11 0.07 0.24
>=4 sleeping rooms 022 004 009 0.73 0.30 0.14
access to public water -0.18 0.11 -0.07 0.52 006 063 002 091 -0.07 022 0.02 0.73
has no toilet -0.02 0.86 -005 0.59 022 0.10 -028 0.05 -0.08 0.11 -0.22 0.00
has electricity -0.32  0.03 -0.19 046 0.13  0.05
cooking material -0.26 0.02 -0.02 091 0.30 0.00
has phone 024 0.00 0.38 0.00 0.30 0.01
has radio 002 079 -0.11  0.29 0.10 0.07
has television 0.18 0.10 0.10 0.54 0.23 0.01
has fridge 023 0.00 003 0.77 -0.02 0.85
no partner in household 031 0.5 011 0.64 052 015 047 0.17 038 0.01 041 003
com. basic edu. (m.) -0.12 035 -0.16 0.21 -0.01 096 0.01 096 0.02 0.78 -0.05 0.55
incom. secondary edu. (m.) 004 070 -0.03 0.78 -020 025 -0.14 044 -0.04 056 -0.05 047
com. secondary edu. (m.) -0.04 0.67 -0.06 0.52 0.11 048 0.26 0.10 -0.02 083 0.03 0.77
tertiary edu. (m.) 024 003 035 0.00 -0.10 0.66 0.01 097 0.15 049 0.56 0.01
com. basic edu. (w.) -0.02 0.89 0.10 044 0.04 081 007 0.70 020 0.00 027 0.00
incom. secondary edu. (w.) 0.05 064 0.14 0.17 0.12 041 0.16 023 027 0.00 028 000
com. secondary edu. (w.) 0.06 054 026 001 0.11 050 0.18 0.20 0.18 0.08 043 0.00
tertiary edu. (w.) 026 003 053 0.00 027 0.19 048 0.01 028 0.17 059 0.02
high skilled white collar (m.) 0.68 0.00 0.74 0.00 1.09 001 107 0.00 0.60 0.00 099 000
med. skilled white collar (m.) 041 003 037 0.09 1.02 0.01 095 0.01 045 0.00 0.64 0.00
skilled manual (m.) 044 002 024 025 069 007 055 0.13 054 000 073 000
unskilled manual (m.) 0.37 008 022 035 045 021 035 034 045 000 054 000
agr. employed (m.) -0.19 0.60 -032 048 047 028 046 025 048 0.00 057 0.00

continued on next page
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Table 2.1 continued

City Town Rural
all common all common all common
B P B P B P B P B P B
agr. self-employed (m.) 0.88 0.01 027 029 007 0.88 -0.09 082 031 001 031 0.06
sales and services (m.) 051 0.01 034 0.12 094 0.02 086 0.02 047 000 0.72 0.00
high skilled white collar (w.) 0.35 0.01 040 001 0.51 002 0.65 0.00 0.04 090 -006 0.83
med. skilled white collar (w.) 024 0.01 0.32 0.00 077 0.00 0.84 0.00 026 0.07 0.17 0.27
skilled manual (w.) 0.03 0.78 -0.07 053 037 0.02 044 0.00 <009 035 -0.11 0.29
unskilled manual (w.) 032 000 031 0.00 061 0.00 0.63 0.00 -0.08 051 -0.03 0.85
agr. employed (w.) 120 002 093 0.11 -0.81 0.17 -1.02 0.06 007 045 -0.04 0.66
agr. self-employed (w.) 0.53 0.00 0.51 0.01 -0.32 033 -0.24 0.46 0.03 064 -005 047
sales and services (w.) 030 0.00 028 0.00 0.67 000 0.73 0.00 0.20 006 031 0.00
has social security 0.09 0.09 0.08 048 0.16 0.05
% birth in last 12 month 0.08 0.71 0.18 0.39 -032 030 -025 036 -0.05 051 -0.08 0.27
) attended by doctor -0.09 072 -0.16 0.51 063 0.09 061 0.07 0.11 032 021 0.07
o delivered in hospital -0.08 064 -0.09 057 -0.20 037 -025 025 0.12 031 0.10 045
%’ child under 4 years 0.02 086 0.07 048 0.14 057 012 048 0.13 029 -0.04 065
@ has first polio vaccination 0.05 0.69 -0.04 0.84 -0.20 0.10
@ has triple dpt vaccination 0.06 0.61 -0.02 091 0.01 0385
Q has had diarrhea -0.14 0.14 -0.18 0.07 004 0.79 000 098 003 060 002 0.74
@ has head cough/fever 0.03 0.67 -002 0385 008 0.54 006 065 002 0.71 0.01 0.87
g c/t/r dummy/constant 457 000 4.63 0.00 395 000 3.82 0.00 353 000 3.88 0.00
« # of observations 1037 1037 332 332 922 922
L'\ln R? 51.40 43.26 44.16 43.48 53.80 45.96
&

o Notes: For details on the regression and variables, see text and notes of Table 2.2. B: regression coefficient; P: P-value; all
common: covariates common over all 4 years.
Source: Own calculations based on ECH and EIH.

: all possible covariates;
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Table 2.2: Regression Results, Log-Linear OLS, Reduced Model, 1989-2002

City Town Rural
1989 1994 1999 2002 1999 2002 1999 2002
B P B P B P B P B P B P B P B P
La Paz 001 077 015 000 -004 070 -0.03 075 016 075 0.18 026 025 000 026 0.00
Cochabamba 016 000 013 000 024 003 017 006 075 014 017 026 039 000 016 004
Oruro -0.17 000 -020 0.00 -006 065 -023 0.04 -0.18 074 -0.11 056 035 001 023 0.01
Potosi -026 000 -021 0.00 -007 063 -008 041 018 072 -009 062 005 062 -0.08 038
Tarija -003 052 003 053 050 000 0.16 0.3 057 027 040 0.1 071 000 056 0.00
Santa Cruz 043 000 043 000 070 000 044 0.00 058 025 011 047 071 000 046 0.00
Beni & Pando 044 000 028 000 062 000 031 000 029 057 025 0.10 074 000 059 0.00
elderly dependency ratio -023 000 -028 0.00 -020 000 -032 0.00 -0.18 0.01 -0.24 0.00 -0.03 028 -008 0.1
child dependency ratio 008 042 -008 041 0.7 051 000 1.00 055 013 -0.01 095 -0.12 041 005 0.60
hh size -007 000 -005 000 -008 000 -005 0.00 -0.06 001 -0.05 001 -0.09 0.00 -0.10 0.00
hh head age 003 000 001 018 000 075 002 014 001 039 001 054 002 0.8 003 0.00
hh head age squared 000 001 000 069 000 091 000 021 000 033 000 0.66 000 0.14 000 000
gender hh head -0.12 005 -0.12 001 -005 059 003 073 022 019 006 054 -001 087 -0.12 024
access to public water 015 000 003 020 -008 051 -005 048 005 070 006 049 000 099 013 0.00
has no toilet -020 000 -021 0.00 -003 077 -0.04 058 -027 006 006 052 -023 000 -0.15 0.00
no partner in household 035 000 058 000 021 037 034 003 047 015 025 024 039 003 006 077
com. basic edu. (m.) 002 072 003 051 -016 023 -004 0.68 -0.02 089 005 065 -0.02 079 015 001
incom. secondary edu. (m.) 002 065 005 017 -001 095 -0.11 036 -0.17 037 007 047 -0.01 087 011 0.04
com. secondary edu. (m.) 010 003 0.0 001 -005 063 006 051 029 007 007 044 005 057 019 001
tertiary edu. (m.) 052 000 040 000 039 000 043 000 -002 093 029 0.02 044 006 027 007
com. basic edu. (w.) 000 095 007 007 012 033 -007 057 -001 096 -0.01 096 026 000 022 0.00
incom. secondary edu. (w.) 0.14 001 0.01 074 0.10 034 001 088 0.11 041 005 0.60 027 000 026 0.00
com. secondary edu. (w.) 017 000 006 006 024 002 002 077 0.12 040 031 0.00 044 000 033 000
tertiary edu. (w.) 039 000 040 000 053 000 044 0.0 045 001 058 000 075 001 064 0.00

continued on next page
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Table 2.2 continued

City Town Rural
1989 1994 1999 2002 1999 2002 1999 2002
B 3 B P B P B P B P B P B P B P

high & med. skilled white collar (m.) 045 000 079 000 053 001 062 000 1.03 000 061 000 067 000 021 0.27
skilled & unskilled manual (m.) 037 000 047 000 023 027 023 005 057 009 041 001 060 000 0.04 0.80
agriculture (m.) 042 000 051 000 -021 061 021 022 019 059 030 0.14 025 012 -005 0.75
sales and services (m.) 042 000 057 000 034 0.2 053 000 087 001 062 0.00 067 000 026 0.15
high & med. skilled white collar (w.) 045 000 046 000 038 000 055 000 073 000 072 0.0 0.13 041 043 0.00
skilled & unskilled manual (w.) 022 000 028 000 014 007 0.19 001 051 000 0.17 0.03 -0.12 019 005 054
agriculture (w.) 052 001 010 057 064 004 -0.14 06l -024 049 -054 0.00 005 042 -008 0.19
sales and services (w.) 034 000 030 000 031 000 023 000 071 000 035 0.00 036 000 025 0.00
birth in last 12 month -0.13 003 -013 001 020 023 -006 0.64 -029 036 -0.17 0.26 -0.12 009 -003 0.71
attended by doctor 007 045 004 062 -022 028 -002 089 068 005 0.10 0.55 020 010 002 086
delivered in hospital 003 074 000 098 -0.10 049 -026 0.14 -038 006 012 037 008 056 015 026
c/t/r dummy/constant 431 000 466 000 505 000 480 0.00 384 000 441 000 409 000 423 0.00
# of observations 4607 5131 1037 1506 332 1120 922 1709
R? 40.44 46.01 41.35 40.39 43.46 40.28 44.17 38.24

Notes: B: regression coefficient, P: P-value. The variables are defined as follows: Of the nine departments, Beni and Pando are grouped into one
single variable (left-out category: Chuquisaca). The elderly (child) dependency ratio is number of elderly (children) divided by number of men
and women in working age, and the total number of household members is additionally included (hh size). We include age and age squared of the
. household head as well as gender of the household head. For infrastructure, due to changes in questionnaire design, we are only able to include
< access to public water and having a toilet. For education, we include (for men (m.) and women (w.) separately) the categories complete (com.) basic,
5 incomplete (incom.) secondary, complete secondary, and tertiary education (left-out category: no or incomplete basic eduction). For employment, we
& we include (for men (m.) and women (w.) separately) the categories high and medium skilled white collar, skilled and unskilled manual, employed
< and self-employed in agriculture (agr.), and sales and services (left-out category: unknown or unemployed). For health, we include only the variables
;\‘n on how the last birth took place (attended by doctor and/or in hospital). Further, the constants for the three regions (city, town, rural) are included
& (cltr).

& Source: Own calculations based on ECH and EIH.

9SS0l alueg|\

89

ONIddVIA ALIFAOd DIWVNA NI SNOILOIAd¥d TNV S-10-LNO



2.3. RESULTS OF OUT-OF-SAMPLE PREDICTIONS 69

2.3.2 Method

We consider the following three poverty measures: the headcount ratio (P0), the
poverty gap ratio (P1), and the squared poverty gap ratio (P2). These three mea-
sures are special cases of the general P(a) family of poverty measures proposed
by Foster et al. (1984). The parameter @ is an indicator of the degree to which
inequality among the poor is considered relevant in assessing poverty. For in-
equality we consider the Gini coefficient and the Atkinson family of inequality
indices (Atkinson, 1970) with a constant inequality aversion parameter Y that al-
lows giving more or less emphasis to redistributions that take place at the lower
end of the income distribution. We compute inequality using 0.5 and 2.0 for 7.
A higher value of this parameter will give more importance to income transfers
that make income differences smaller at the bottom of the distribution relative to
those at the top of it. Jenkins (1991) states that the Atkinson measure becomes
very bottom-sensitive if y is larger than 1.0.

As we are mainly concerned with the stability and reliability of the evolution
of poverty and inequality in Bolivia in the period 19892002, we do not only need
point estimates for the relevant figures, but also proper confidence intervals. In
Grosse et al. (2009) standard errors were computed for the measures correspond-
ing to predicted income which were based on 200 simulations where an error term
was added to the predicted values from the regression. We construct 95 percent
confidence intervals as follows.

Concerning poverty and inequality measures using observed income, confi-
dence intervals are constructed based on the asymptotic distribution of the mea-
sures.!® Kakwani (1993b) proposes a general method for deriving the distribution
of poverty indices and provides formulas for the estimated standard errors of the
FGT poverty measures. It is interesting to highlight that Kakwani (1993b) finds
that the precise estimation of a poverty measure depends on how sensitive the
measure is to income transfers among the very poor. For FGT measures, this is
reflected in the parameter o. The precision of the poverty measure is a monotoni-
cally decreasing function of this parameter. In other words, a higher o translates
larger standard errors for a given sample size.

The standard errors that Kakwani (1993b) proposed are valid under the as-
sumption that the sample was collected under a simple random design. We follow
Jolliffe and Semykina (1999) who extend this approach and provide estimated
standard errors for the FGT poverty measures which are robust to complex survey
design, such as stratification and multiple stages.

16 An alternative would have been to use bootstrap methods for computing the confidence inter-
vals (Biewen, 2002). The accuracy of asymptotic and bootstrap methods for poverty and inequality
measures is discussed by Davidson and Flachaire (2007).
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70 QOUT-OF-SAMPLE PREDICTIONS IN DYNAMIC POVERTY MAPPING

Inequality measures are usually nonlinear functions of the observations, and
for complex surveys their variances are hard to estimate. Approximate variance
estimation techniques have been proposed which rely on linearization methods
such as a Taylor series approximation. For the Gini coefficient, we use the ap-
proximate standard error estimation technique proposed by Kovacevic and Binder
(1997) which is based on the theory of estimating equations (Binder and Patak,
1994). They show that for complex survey design the estimated variance of the
Gini coefficient can be estimated based on the variance of the estimated popula-
tion totals.

For the Atkinson measures, we apply the linearization method proposed by
Biewen and Jenkins (2006) who draw on an approximation of the variance sug-
gested by Woodruff (1971). Starting from the fact that Atkinson inequality indices
can be written in terms of population totals of the variable of interest, they derive
an expression for the sampling variance that can handle complex survey design
aspects.

With respect to measures based on predicted and simulated income, confi-
dence intervals are also based on the asymptotic distribution of theses measures.
We assume that predicted income is similar (in its statistical properties) to ob-
served income and apply the techniques for poverty and inequality confidence in-
tervals as described above. As predicted income is based on information from two
surveys, we acknowledge that the confidence intervals are too narrow as they do
not explicitly consider sampling error. One main difference between the approach
pioneered by Hentschel et al. (2000) and Elbers et al. (2003) and the dynamic ex-
tension suggested by Grosse et al. (2009) and Stifel and Christiaensen (2007) is
that the former studies combine a Census with a household survey, while the latter
combine two surveys with the obvious implication that in the latter case sampling
error is an issue.!”

2.3.3 Income

Taking a first look at the properties of observed, predicted (i.e., within the LSMS
data), and simulated (i.e., over to the DHS data) incomes for the years from 1989
to 2002 reveals that different estimation assumptions, different data sets, and dif-
ferent base years deliver different results for Bolivia. For the four years, we
present several different values, depending on the base year and the dynamics
of regression coefficients assumed (Table 2.3). For 1989, the first column shows
the observed values as calculated from the LSMS. The next three columns show

70ne could think of using bootstrap methods to account for the sampling error. We have
decided not to follow this approach for practical reasons. The computations needed for this paper
are already very time consuming taking around half a day to run, and considering doing at least

100 replications seems unfeasible for the time being.
Melanie Grosse - 978-3-631-75353-8

Downloaded from PubFactory at 01/11/2019 06:00:43AM
via free access



2.3. RESULTS OF OUT-OF-SAMPLE PREDICTIONS 71

the within-LSMS predictions. The abbreviation GKS stands for the assumptions
of Grosse et al. (2009) following Equations (2.2) and (2.4) and the abbreviation
SC for Stifel and Christiaensen (2007) following Equations (2.3) and (2.5). The
number stands for the base year. For example, the column “SC99” refers to the
estimation using the Stifel and Christiaensen (2007) method and the base year
1999, i.e., the coefficients of 1999. For the GKS case, the predictions for cities in
the LSMS data set is the same independently of the base year because the method
always uses the observed coefficients for cities of the respective years instead of
the ones from the base year, that is why the column is labeled only “GKS” without
number.

For the years 1989 and 1994, the comparison of observed incomes with pre-
dicted incomes in the LSMS is limited to cities.!® Of course, when comparing the
poverty and inequality measures based on observed and simulated incomes for
cities, the purpose is not to verify implicitly whether the two assumptions (about
the dynamics of regression coefficients and the variances of the error terms in
the model) seem to work, as these assumptions are only used with the other two
regions (town and rural). The second column “GKS” shows how well within-
LSMS-sample prediction works using the “true” 1989 coefficients for cities. It
slightly underestimates the income mean and overestimates P50. Using the coef-
ficients from 1999 (third column “SC99”) more strongly overestimates mean in-
come, and when using the coefficients from 2002 mean income is relatively close
to observed values (fourth column “SC02”). Simulating incomes in the DHS sur-
veys overestimates incomes (mean and P50) for both assumptions and for both
base years, but worse so for SC case. In nearly all cases, the standard deviation is
too low compared to observed values.

18The comparison of the summary statistics shown is based on one example, i.e., on one pre-
diction and simulation run. It is not based on the average income of the 200 repetitions. It would
be slightly more accurate to present the average of each of the summary statistics, for example the
average of all PSO instead of P50 of one income set.
Melanie Grosse - 978-3-631-75353-8
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Table 2.3: Descriptive Statistics of the LSMS and DHS, 1989-2002

1989 1994
LSMS DHS LSMS DHS
obs. predicted imulated obs. predicted simulated
GKS SC99  SC02 GKS99 GKS02 SC99 SC02 GKS SC99 SC02 GKS99 GKS02 SC99 SC02
Total Bolivia
Mean y 215 215 239 232 231 241 266 255
P5y 27 30 30 30 24 38 32 32
P50 y 126 128 135 130 142 160 154 143
P95y 714 701 814 761 738 714 857 819
SDy 290 285 326 346 281 270 349 369
City
Meany 310 296 323 305 311 311 350 337 326 316 339 341 337 337 382 370
PS5y 48 45 50 40 47 47 51 42 61 56 59 41 57 57 58 43
P50y 190 196 214 186 200 200 217 198 208 214 227 199 236 236 250 228
P95 y 922 891 971 990 943 943 1,066 1,061 963 910 977 1,071 922 922 1,124 1,153
SDy 444 318 355 371 366 366 414 454 408 335 382 472 338 338 430 477
Town
Mean y 184 206 208 218 219 222 263 238
P5y 21 41 26 41 26 53 31 42
P50y 108 144 128 150 138 169 158 162
P95 y 696 576 688 626 709 568 871 713
SDy 235 192 246 224 245 186 326 257
Rural Areas

Mean y 112 106 119 115 107 132 129 123
P5y 23 23 25 26 17 31 26 27
P50y 79 75 85 84 71 929 90 88
P95 y 301 293 326 304 308 332 368 349
SDy 113 104 121 108 112 110 127 117

d on next page
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Table 2.3 continued

1999 2002
LSMS DHS LSMS DHS
obs. predicted simulated obs. predicted simulated
GKSSC99 GKS02 SC02 GKSSC99 GKS02 SC02 GKSSC02 GKS99  SC99 GKSSC02 GKS99  SC99
Total Bolivia
Mean y 266 278 297 267 303 320 294 256 263 258 278 304 301 314
PSy 31 32 44 29 36 43 36 31 30 20 31 36 24 35
P50y 159 157 184 146 180 204 165 142 140 128 150 168 152 176
P95y 901 923 921 902 948 957 971 784 866 898 878 975 1,033 1,013
SDy 355 410 405 418 385 377 412 421 416 428 401 500 514 459
City
Mean y 378 404 404 393 412 412 402 361 377 377 393 441 441 454
PSy 66 57 57 45 63 63 50 51 41 41 52 50 50 62
P50 y 247 247 247 236 270 270 239 207 213 213 233 255 255 285
P95 y 1,100 1,188 1,188 1,204 1,208 1,208 1,248 1,267 1,298 1,298 1,233 1,379 1,379 1,362
SDy 442 525 525 548 450 450 504 546 539 539 500 675 675 600
Town
< Mean y 258 248 272 229 289 314 274 244 248 261 285 281 295 297
% PS5y 39 46 56 44 30 54 44 42 48 22 38 44 21 32
3. P50 y 167 164 209 160 182 219 180 169 164 143 174 183 159 181
@ P9Sy 724 716 730 626 863 929 832 713 764 812 872 791 1,035 977
@ SDy 267 255 241 210 357 306 310 268 261 352 336 347 408 344
o
@ Rural Areas
@ Mean y 112 114 158 108 129 169 124 115 109 91 115 141 124 142
:o PSy 24 24 35 23 27 31 27 24 24 13 23 28 17 27
O\‘o PS5Oy 81 78 119 79 89 120 90 84 84 59 83 98 77 97
o P95y 297 301 412 272 353 485 331 301 284 271 310 394 388 418
> SDy 108 112 134 99 129 168 120 126 104 105 110 144 154 154
w
N
& Notes: See Chapter 2.3.3 for explanation.
$ Source: Own calculations based on ECH, EIH, and DHS.
oo
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74 OUT-OF-SAMPLE PREDICTIONS IN DYNAMIC POVERTY MAPPING

Nearly the same holds for 1994, where the within-LSMS-survey predictions
using the GKS assumption comes relatively close to observed values (tenth col-
umn) whereas the SC assumption of no dynamics overestimates mean income
(eleventh and twelfth column). P50 is overestimated for the 1999 coefficients and
underestimated for the 2002 coefficients. The trend from 1989 to 1994 is, in gen-
eral, nearly always the same: an increase in mean income in all regions for all
specifications except in one case. The income level for each of the assumptions,
however, is different. For example, the observed income in cities increases from
310 to 326, whereas for the two predictions using the SC assumption, the increase
would be from 323 to 339 (“SC99”) or 305 to 341 (“SC02”).

For the later years 1999 and 2002 (second part of Table 2.3), more compar-
isons are possible. First, there are observed incomes in all three regions. In cities
and towns, observed income goes down whereas it goes slightly up in rural areas
between 1999 and 2002. Overall, this leads to a decrease of income at the na-
tional level. The column “GKSSC99” shows the within-survey prediction for the
year 1999, i.e., applying the “true” coefficients to the same data and predicting
incomes, which is the same for both methods.

Stronger differences arise if 2002 is taken as a base year, and different as-
sumptions are used to estimate the 1999 value. “GKS02” presents the results of
out-of-sample predictions in “pretending” that the LSMS survey was only urban,
and applying Equation (2.2) (to both LSMS and DHS) whereas “SC02” applies
Equation (2.3), i.e., the coefficients from 2002 (also to both LSMS and DHS).
Even within the LSMS data set, there is a tendency for overestimation of incomes,
especially for cities. In addition, using the GKS assumption and 2002 as a base
year, the overestimation becomes stronger in rural areas. Going to the DHS the
results are even less encouraging. Both assumptions and both base years overes-
timate incomes in all regions. Yet, the trends in the DHS data from 1994 to 1999
remain similar: again we find increasing mean incomes, but to a different level.
For 2002, the income results resemble the ones of 1999. However, within-LSMS
results are slightly better, and also the ones using the GKS assumption and 1999
as the base year (comparing “obs.” with “GKS99” in the LSMS columns). Here,
the assumption of no dynamics of SC delivers the worst results for within-LSMS
predictions. But again, going to the DHS data also renders an overestimation of
incomes, independently of the assumption and base year. Worst results for simu-
lations over to DHS are also achieved using “SC99”.1°

Besides the question of how close estimates come to observed values, the
within-country differences become clear. Mean income in rural areas is only about
one-third of the value of cities. Towns show also lower values than cities and are

19For a discussion on the possible explanations for these out-of-sample prediction errors, see

Section 2.4.
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2.3. RESULTS OF OUT-OF-SAMPLE PREDICTIONS 75

most of the time close to the national average. These relations remain over time,
leading to the alarming question on how to avoid that rural areas become more
and more detached from overall growth.

2.3.4 Evolution of Poverty and Inequality

We discuss in this section the detailed results on poverty and inequality using a
graphical presentation. In the next section, the results and performance of the two
methods are compared systematically in an overview table. Figures 2.1 to 2.8
show moderate poverty for PO, P1, and P2, and inequality for Gini and two Atkin-
son indices (with the inequality-aversion parameter y of 0.5 and 2.0). The results
for extreme poverty are shown in Appendix Figures C.1 to C.4. For the test of the
different assumptions on dynamics, we focus on the three regions and on the two
years for which we have complete data (1999 or 2002) so that we can compare the
measures based on simulated income, for both GKS and SC, with the measures
based on observed income. When we refer to simulated values in a given year, we
mean that the other year has been used as the base year for the model in both GKS
and SC, with numbers after the abbreviation showing the base year. For the base
year, and by construction, GKS and SC yield the same results.

The figures for total Bolivia show that results differ depending on the method
and base year chosen. Moderate poverty (Figure 2.1) declines from 1989 to 1999,
independently of the method and base year used. The level and dynamics, how-
ever, differ substantially depending on both base year and method. For example,
using 1999 as base year, the SC assumption gives significantly lower values than
the GKS assumption. The trend of poverty in the crisis-driven years between
1999 and 2002 is not clear. PO clearly increases when looking at observed values,
whereas P1 and P2 stagnate (P1 with a slightly increasing trend, P2 with a slightly
decreasing trend). The SC method delivers a steady downward trend for all mea-
sures, whereas GKS is able to reproduce the increase in PQ slightly better. Worth
noting furthermore is the level difference in the base year between LSMS and
DHS data. The PO estimation is 5 percentage points below the observed values
for 1999 and even 7 for 2002, without overlapping confidence intervals.2°

Inequality results (Figure 2.2) also depend considerably on base year and
method. For 1989, results are nearly the same independently of year and method.
For 1994, the same holds for base year 1999. In this case, inequality seems to have
remained constant in the 1990s and only increased from 1999 onwards. But for
2002 as base year, differences become stronger, since the GKS assumption shows

20The picture for extreme poverty (Appendix Figure C.1) is very similar, however with a less
strong increase in PO and a clearer downward trend of P1 and P2.
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76 OUT-OF-SAMPLE PREDICTIONS IN DYNAMIC POVERTY MAPPING

a decrease until 1994 followed by an increase in the next observation years. Over-
all, GKS better reflects observed trends.

Looking at cities reveals, first, how well the cross-survey-matching method
works. Here, the GKS method uses the actual regression coefficients in the LSMS
data to simulate incomes in the DHS data. The SC method uses either 1999 (left
part of Figure 2.3) or 2002 (right part). For PO, the GKS assumption delivers lower
point estimates, sometimes not with overlapping confidence intervals. Results for
SC are worse, with significantly lower levels for 1999 and mixed results for 2002.
For P1 and P2, results of GKS are very close to observed values, whereas SC sig-
nificantly underestimates P1 and P2 with 1999 as the base year and significantly
overestimates P1 and P2 with 2002 as the base year. This result supports the
doubts about the accuracy of using regression coefficients of one year for estima-
tions of other years back and forth in time, as SC does, without taking dynamics
into account.

Taking a closer look at the end of the observation period reveals that the three
poverty measures based on observed income seem to have increased between 1999
and 2002. With 1999 as the base year, this trend is not well replicated using
SC, which suggests a decline in poverty. GKS suggests relative little changes
between both years. With 2002 as the base year, results are similar. If we focus
on levels, it is clear that the estimates based on GKS are closer to the results based
on observed values than the estimates based on SC. This is not surprising, as SC
implies that the results from the regression of the base year are used for the other
year, while GKS uses the results from the regression of the corresponding year
to simulated values for cities. It is nevertheless surprising that for PO (moderate
poverty) the point estimate of GKS for 2002 is below the lower bound of the 95
percent confidence interval of poverty computed with observed income, and that
both confidence intervals, the one for observed income and the one for simulated
income, do not overlap. The situation is better for P1 and P2, as the confidence
intervals overlap. The simulated result come closer to observed values when using
GKS for the year 1999.2!

Turning to inequality, Figure (2.4) reveals that the corresponding coefficients
are able to reproduce the inequality trend (GKS), first decreasing than increasing
(even if the levels tend to be smaller than the observed ones), whereas the con-
stant coefficients (SC) deliver a constant picture on inequality with hardly any
change. This again calls for some no-constancy modeling to take dynamics into
account. As for cities data for all 4 years are available, observed income sug-

21 For extreme poverty (Appendix Figure C.2), the differences using 1999 as base year are
smaller using GKS for all poverty measures, but SC fails to reproduce the increase in poverty
from 1999 to 2002. The results for base year 2002 using GKS deliver better simulations within the
same year (observed and simulated confidence intervals overlap) compared to moderate poverty,

and again SC overestimates poverty significantly.
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2.3. RESULTS OF OUT-OF-SAMPLE PREDICTIONS 77

Figure 2.1: Moderate Poverty, Total Bolivia, 1989-2002

Total Bolivia, PO mod, Base Year 1999 Total Bolivia, PO mod, Base Year 2002
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Notes: LSMS-obs: Data from LSMS using observed income; DHS-GKS: Data from DHS using
GKS assumptions on dynamics; DHS-SC: Data from DHS using SC assumptions on dynamics.
The basic idea of constructing confidence intervals, see Figure 1.2. Furthermore, the values are
calculated using advanced techniques described in Section 2.3.2. See text for details.

Source: Own calculations based on ECH, EIH, and DHS.
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Figure 2.2: Inequality, Total Bolivia, 1989-2002

Total Bolivia, Gini, Base Year 1999 Total Bolivia, Gini, Base Year 2002
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Notes: LSMS—obs: Data from LSMS using observed income; DHS—-GKS: Data from DHS using
GKS assumptions on dynamics; DHS-SC: Data from DHS using SC assumptions on dynamics.
See notes to Figure 2.1 for details.

Source: Own calculations based on ECH, EIH, and DHS.
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2.3. RESULTS OF OUT-OF-SAMPLE PREDICTIONS 79

gests that inequality as measured by Gini and A(0.5) decreased between 1989 and
1994, remained stable until 1999 and then had an important increase until 2002.
This is consistent with the fact that Bolivia experienced a macroeconomic crisis
in 1999 which was related to a pronounced deterioration of terms of trade and
with the Brazilian devaluation. For A(2.0) inequality increased already from 1994
onwards.

Concerning moderate poverty in towns (Figure 2.5), observed income points
to a small decrease in poverty between 1999 and 2002. With 1999 as the base
year, GKS shows a slight increase for PO, and a more important increase for P1
and P2. SC follows better the trend of poverty computed with observed values.
Similar results are found when using 2002 as the base year. If one looks at levels,
the point estimates for PO in 2002 based on simulated income using GKS is closer
to the result based on observed income than SC, but the situation is reversed when
looking at P1 and P2. With 2002 as the base year, and focusing on 1999, SC is
closer to the figure based on observed income than GKS for PO, P1, and P2.22

For inequality in towns (Figure 2.6), we focus again on the years 1999 and
2002. Gini and A(0.5) based on observed income show very little change between
these two years, while A(2.0) suggests a decrease. It must be noted that the con-
fidence intervals are especially large for A(2.0).2> As for the case of cities, SC
shows estimates that are almost unchanged between 1999 and 2002, irrespective
of the base year used. GKS, on the other hand, shows a sharp increase in in-
equality for all measures if 1999 is used as the base year. With 2002 as the base
year, GKS suggests a small increase in inequality. For towns, the overall level
difference between the two base years is again most pronounced.

Moderate poverty in rural areas (Figure 2.7) shows an interesting picture. The
levels of poverty are quite different for observed income and simulated income.
Observed income suggests that PO in 2002 has remained very close to its value in
1999. With 1999 as the base year, GKS also shows little changes, but SC suggests
an important decrease in P0. For P1, while observed income points to a decrease,
GKS suggests an important increase, while SC shows a trend more in line with
observed income. Results with 2002 as the base year are different. For PO, GKS
now suggests a sharp increase in poverty, while SC shows an important decrease.

22Extreme poverty (Appendix Figure C.3) shows one interesting difference. The headcount in-
creases which is only replicated by the GKS method. Striking are also the overall level differences
for the earlier years of 5 to 10 percentage points lower when using 2002 as base year which is even
more relevant for extreme poverty.

3Beyond the relatively small sample for towns, this could have something to do with non-
linearities of the measure. As mentioned before, Atkinson (1970) inequality measures explicitly
consider a constant inequality aversion parameter, which allows giving more or less emphasis to
redistributions that take place at the lower end of the income distribution. A parameter value such
as 2.0 gives much more importance to income transfers that make income differences smaller at

the bottom of the distribution relative to those at the top of it (Jenkins, 1991).
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Figure 2.3: Moderate Poverty, Cities, 1989-2002
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GKS assumptions on dynamics; DHS-SC: Data from DHS using SC assumptions on dynamics.
See notes to Figure 2.1 for details.

Source: Own calculations based on ECH, EIH, and DHS.
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Figure 2.4: Inequality, Cities, 1989-2002
City, Gini, Base Year 1999 City, Gini, Base Year 2002
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Notes: LSMS—obs: Data from LSMS using observed income; DHS—-GKS: Data from DHS using
GKS assumptions on dynamics; DHS-SC: Data from DHS using SC assumptions on dynamics.
See notes to Figure 2.1 for details.

Source: Own calculations based on ECH, EIH, and DHS.
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Figure 2.5: Moderate Poverty, Towns, 19892002
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Notes: LSMS—obs: Data from LSMS using observed income; DHS-GKS: Data from DHS using
GKS assumptions on dynamics; DHS-SC: Data from DHS using SC assumptions on dynamics.
See notes to Figure 2.1 for details.

Source: Own calculations based on ECH, EIH, and DHS.
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Figure 2.6: Inequality, Towns, 1989-2002
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Notes: LSMS—obs: Data from LSMS using observed income; DHS-GKS: Data from DHS using
GKS assumptions on dynamics; DHS-SC: Data from DHS using SC assumptions on dynamics.
See notes to Figure 2.1 for details.

Source: Own calculations based on ECH, EIH, and DHS.
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For P1 and P2, the downwards trend shown by observed income is replicated by
SC, but not by GKS which rather suggests an important increase in poverty.24

Inequality measures in rural areas (Figure 2.8) present a similar picture as
towns. Observed income shows almost no changes in inequality between 1999
and 2002, which highlights the fact that rural areas were less affected by the 1999
crisis. As before, SC suggests very stable figures for both years and they are
relatively close to the measures based on observed income. GKS with base year
1999 shows a very different picture in 2002 as it points to an important increase
in inequality, with levels well above the confidence interval for observed income.
With 2002 as the base year results are closer to those with observed income, even
if the levels remain higher than the observed ones.

24The results for extreme poverty show the same plcture é ppendix Figure C.4).
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70

Figure 2.7: Moderate Poverty, Rural Areas, 1989-2002
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Notes: LSMS—obs: Data from LSMS using observed income; DHS-GKS: Data from DHS using
GKS assumptions on dynamics; DHS-SC: Data from DHS using SC assumptions on dynamics.
See notes to Figure 2.1 for details.
Source: Own calculations based on ECH, EIH, and DHS.
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Figure 2.8: Inequality, Rural Areas, 1989-2002
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Notes: LSMS—obs: Data from LSMS using observed income; DHS-GKS: Data from DHS using
GKS assumptions on dynamics; DHS-SC: Data from DHS using SC assumptions on dynamics.
See notes to Figure 2.1 for details.

Source: Own alculations based on ECH, EIH, and DHS.
Melanie Grosse - 978-3-631-75353-8

Downloaded from PubFactory at 01/11/2019 06:00:43AM
via free access



2.4. DISCUSSION AND OUTLOOK 87

2.4 Discussion and Outlook

It is certainly difficult to interpret the differences of using both approaches, i.e., SC
and GKS, as even using measures based on observed income do not always show
a clear picture of the evolution of poverty and inequality in towns and rural areas
in Bolivia between 1999 and 2002. The confidence intervals for the measures are
relatively large, e.g., PO (moderate poverty) based on observed income in rural
areas is estimated to be between 81 percent and 86 percent in 1999.2

As the relevant regions for out-of-sample predictions are towns and rural ar-
eas by comparing the measures based on simulated income with those based on
observed income, we have systematically compared the performance of GKS and
SC in Table 2.4 for poverty and inequality. The idea is to check whether potential
problems arise comparing the “true value”, i.e., the one computed using observed
income, with the values based on simulated income following either GKS or SC.
The table shows (i) a simple judgment on the over-/underestimation of the true
values, i.e., to see if the estimates are systematically or randomly above or below
the observed values; (ii) whether the estimated numbers lie outside the 95 per-
cent confidence interval of the true value; (iii) whether confidence intervals fail to
overlap; and (iv) whether the simulated trend (between 1999 and 2002) is differ-
ent than the one computed with true values. In general, (iii) and (iv) are the most
problematic.

For our data, it is difficult to come to an overall judgement on wether SC
performs better than GKS because the results differ for poverty and inequality
measures as well as for income. In general, both methods do not yield very good
results. For example, PO is nearly always underestimated. For towns and rural
areas, SC gives slightly better results. However, this does not hold for cities,
where clearly GKS outperforms SC, and total Bolivia, where results are mixed.
Similar results were obtained when looking at income in Chapter 2.3.3.

It can be argued that dependent on changes in regression coefficients the error
terms and on changes in endowments, one or the other method performs better.
First, if the regression model is very stable from period to period, the assumption
of SC (of using the coefficients and error terms obtained from one period and
apply them for another one) should not face many problems. However, if this is
not the case, it is possible that a more flexible approach, such as assuming any kind
of dynamics as GKS may yield better results, assuming that the changes between

25For the data used here, it is important to highlight that for both base years used (1999 and
2002), there is a one year lag between the LSMS, which are used for estimating the models, and the
DHS, which are used to simulate income for towns and rural areas. This means that the previous
consideration about the stability of the results from a model does not only apply for two years,
but in fact for four years (1998, 1999, 2002, and 2003). Furthermore, the period itself of the late

1990s and early 2000s is characterized by significant turbulence in the economic performance.
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periods are adequately modeled. If this is not the case, then GKS does not yield
good results for towns and rural areas. Table 2.5 systematically compares which
assumption for 1999 comes closer in terms of distance to the observed coefficients.
The column “closer” indicates which estimated coefficient, Bgxs or Bsc following
the Equations 2.2 and 2.3, respectively, comes closer to the “true” By9. Of the total
of 72 coefficients for towns and rural areas, the GKS coefficients are closer in 39
cases and the SC coefficients in 33 cases.

Second, as SC by definition always use the same coefficients and error terms,
all changes in poverty and inequality measures between years are explained by
changes in endowments, which yields as a general result that if endowments do
not change much SC will provide measures that are rather stable over time. If true
values (of income, poverty, and inequality) are not changing too much over time,
SC will perform well. This is why nearly all poverty graphs show a monotonic
(downward) trend and the inequality graphs nearly no trend for the SC case. As
was mentioned before, Bolivia experienced an important crisis in 1999, where per
capita GDP decreased almost by 2 percent after several years of positive growth.
After the crisis, the economy recovered slowly, and it was only in 2004 that growth
of per capita GDP was again larger than 1 percent. Therefore, one could expect
that the four surveys considered in our study (1998, 1999, 2002, and 2003) depict
rather different economic situations.

Coming back to the question of how to model dynamics, the constancy-of-
differences assumption in Equation (2.2) can alternatively be relaxed following
Grosse et al. (2009) and rearranged to:

(ﬁtT—l - ﬁtc;l) = ¢(ﬁtT - ﬁtc) and (ﬁtiil - Btc;l) = ¢(ﬁtR - ﬂtc) (2.6)

where ¢ can be understood as a kind of “mobility parameter” that measures if
the coefficients estimated separately for urban and non-urban areas become more
similar towards each other or not. We present the evolution of ¢ to gain insights
of the mobility of parameters over time in Chapter 23.1.%6

2However, we do not show the results of the whole estimation procedure on poverty and

inequality using this assumption.
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Table 2.4: Observed and Simulated Poverty and Inequality Levels and Trends, 1999-2002
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Table 2.4 continued

06

Total City Town Rural
1999 2002 1999 2002 1999 2002 1999 2002
GKS SC GKS SC GKS SC GKS SC GKS SC GKS SC GKS SC GKS SC
P2
Over-/Underestimate (level) u u o u o u u u u ) o u u 0o u
Estimates are NOT in 95% CI X b3 I3 X X X b3 X X X X X
CI do NOT overlap X X b3 b3 b3 X X X X X
Different trend from observed X X b3 X X X X X
Inequality
Gini
Over-/Underestimate (level) u ) o u [\ ) u u u o o ) o o o
Estimates are NOT in 95% Cl X X X X X X b3 X
CI do NOT overlap X X X X
Different trend from observed X b3 X X X b3 X b3 X
A(0.5)
Over-/Underestimate (level) u [\ o u [} o u u u )] o 0o o [} o o
Estimates are NOT in 95% CI b3 X X X b3 b3 X
CI do NOT overlap X X X X
Different trend from observed 3 X X X X X X
A(2.0)
Over-/Underestimate (level) u u o u u u u u u u [ o [ o o
Estimates are NOT in 95% CI X X X X X X X
CI do NOT overlap b3 X b3 X X
Different trend from observed X X X X 3 X X X X

Notes: For explanation, see Chapter 2.3.4.
Source: Own calculations based on ECH and DHS.
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Table 2.5: Regression Results Using Two Different Assumptions

City Town Rural

Poo Boz Bos  Boks Psc  closer Bos  Boks PBsc  closer
La Paz -0.04 -0.03 0.16 0.18 0.18 GKS 025 027 0.26 SC
Cochabamba 024 0.17 075 068 017 GKS 039 033 0.16 GKS
Oruro -0.06 -0.23 -0.18 -035 -0.11 SC 035 0.18 023 SC
Potosi -0.07 -0.08 0.18 0.17 -009 GKS 0.05 004 -0.08 GKS
Tarija 0.50 0.16 0.57 023 040 SC 071 037 0.56 SC
Santa Cruz 0.70 044 0.58 032 0.11 GKS 071 045 0.46 SC
Beni & Pando 0.62 0.31 0.29 -0.02 025 SC 0.74 044 0.5 SC
elderly dependency ratio -020 -0.32 -0.18 -030 -024 SC -0.03 -0.15s -008 SC
child dependency ratio 0.17 0.00 0.55 038 -001 GKS -0.12 -029 0.05 GKS
hh size -0.08 -0.05 -0.06 -003 -005 SC -0.09 -005 -0.10 SC
hh head age 0.00 0.02 001 003 001 SC 0.02 003 0.03 GKS
hh head age squared 0.00 0.00 0.00 000 0.00 SC 0.00 0.00 0.00 SC
gender hh head -0.05 0.03 022 030 006 GKS -0.01 007 -0.12 GKS
access to public water -0.08 -0.05 0.05 007 0.06 SC 0.00 003 0.13 GKS
has no toilet -0.03 -0.04 -0.27 -028 006 GKS -0.23 -025 -0.15 GKS
no partner in household 021 034 047 060 025 GKS 039 053 0.06 GKS
com. basic edu. (m.) -0.16 -0.04 -0.02 0.09 0.05 SC 002 009 0.15 GKS
incom. secondary edu. (m.) -0.01 -0.11 -0.17 027 007 GKS -0.01 -0.11  0.11  GKS
com. secondary edu. (m.) -0.05 0.06 029 039 007 GKS 005 0.16 0.19 GKS
tertiary edu. (m.) 039 043 -0.02 003 029 GKS 044 049 027 GKS
com. basic edu. (w.) 0.12 -0.07 -0.01 -020 -0.01 SC 026 006 022 SC
incom. secondary edu. (w.) 0.10 0.01 0.11 003 0.05 SC 027 0.18 0.26 SC
com. secondary edu. (w.) 024 002 0.12 -0.10 0.31 SC 044 022 033 SC
tertiary edu. (w.) 053 044 045 036 058 GKS 075 066 064 GKS

continued on next page
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Table 2.5 continued

City Town Rural

B P Boo  PBoks  PBsc_ closer Bo  Boks Bsc _ closer
high & med. skilled white collar (m.) 0.53  0.62 1.03 112 061 GKS 067 076 021 GKS
skilled & unskilled manual (m.) 023 023 0.57 057 041 GKS 060 060 004 GKS
agriculture (m.) -0.21 021 0.19 0.61 0.30 SC 025 067 -005 SC
sales and services (m.) 034 053 087 1.06 0.62 GKS 067 086 026 GKS
high & med. skilled white collar (w.) 0.38  0.55 073 090 0.72 SC 0.13 030 043 GKS
skilled & unskilled manual (w.) 0.14 0.19 051 057 0.17 GKS -0.12  -007 0.05 GKS
agriculture (w.) 0.64 -0.14 024 -1.02 -054 SC -0.05 -0.83 -008 SC
sales and services (w.) 031 023 0.71 0.63 035 GKS 036 028 025 GKS
birth in last 12 month 0.20 -0.06 -0.29 -0.55 -0.17 SC -0.12 -038 -003 SC
attended by doctor -022  -0.02 068 0.88 0.10 GKS 020 040 002 SC
delivered in hospital -0.10 -0.26 -0.38 -0.54 0.12 GKS 0.08 -0.08 0.15 SC
c/t/r dummy/constant 5.05 4.80 384 359 441 GKS 409 384 423 SC

L2

tes: See text for details.
urce: Own calculations based on ECH and EIH.
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Table 2.6 gives a first insight on this question. For example, it calculates ¢ of
Equation (2.6) for towns and rural areas which reveals that it is neither constant
nor of the same sign or magnitude for each coefficient. What becomes evident is
that a constant ¢ cannot be confirmed. In addition, it reveals that coefficients can
be of different magnitude and even sign (exemplarily shown for the coefficient for
cities in the last column). Of the 36 coefficients, one-third is not even stable in sign
for cities. Of the remaining, many change considerably in terms of magnitude.
Furthermore, several of the coefficients for cities show relatively similar values for
1989, 1994, and 2002, but not for 1999, for example from the regional variables
Oruro, Santa Cruz, and Beni and Pando, but also others such as male and female
secondary education, males working in agriculture, or birth in last 12 month. The
question on whether this is measurement error, a structural change, or a temporal
change due to the crisis in the economy remains open and cannot be answered
easily with the data at hand. This could only be done using more national surveys
of the other rounds of the ECH, which would be an issue to be addressed in future
research (or for other countries).

Additionally worth noting is that results would have changed if we had fol-
lowed the way Stifel and Christiaensen (2007) deal with the issue of underesti-
mating poverty (by shifting the poverty line until observed and simulated poverty
levels coincide). In this case the picture would look different, as the level of simu-
lated real income would change in order to match observed levels. Such a modifi-
cation would have changed the results for, for example, moderate poverty (P0) for
total Bolivia (Figure 2.1) in that the GKS assumption would have nearly exactly
coincided in level and trend for both base years whereas the level for 1999 (using
2002 as base year) for SC, that without shifting comes close to observed values,
would overestimate PO clearly. We suspect that the level results are driven by the
regional dummy (i.e., the regional constant). Stifel and Christiaensen (2007) for
example have a very large constant that is taken back and forth in time. The share
of the remaining few coefficients (e.g., only 3 for the Nairobi sample) is rather
negligible, besides being selected to ensure stability in themselves. In selecting
variables, the authors explicitly use the ones that are expected to remain stable
over time and not respond to economic conditions or policy changes. One way of
dealing with such problems is suggested by Grosse et al. (2009) and consists in
shifting real per capita mean income (both observed and simulated) to levels ob-
served by national accounts.?’ This data is available for all countries (sometimes
even for regional disaggregation) and can serve as a kind of neutral anchor for the
level.

2TNote that, in general, shifting per capita mean income, shifting the poverty line, or chang-
ing the intercept of the regression are all equivalent transformations. The only difference could
be availability (for example, having two or more different poverty lines) or disaggregation (for

example, having national account data at the departmental level).
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Table 2.6: Stability of Regression Coefficients over Time

City Town Rural sign (B) City
Bso Bos Boo Boz Boo Boz Boo Boz Town Rural Constant?
La Paz 001 015 -0.04 -0.03 0.16 0.18 025 026 0.97 1.04 0
Cochabamba 0.16 0.13 024 0.17 075 0.17 039 0.16 -222.34  -13.85 1
Oruro -0.17 -020 -006 -0.23 -0.18 -0.11 035 023 -0.94 0.89 1
Potosi -026 -021 -007 -0.08 0.18 -0.09 005 -0.08 -2222 -113.91 1
Tarija -003 0.03 050 0.16 057 040 071 0.6 0.29 0.53 0
Santa Cruz 043 043 070 044 058 0.11 071 046 0.35 0.65 1
Beni & Pando 044 028 062 031 029 025 074  0.59 5.56 0.46 1
elderly dependency ratio -023 -028 -020 -0.32 -0.18 -0.24 -0.03 -0.08 0.25 0.68 1
child dependency ratio 008 -0.08 0.17 0.00 0.55 -0.01 -0.12  0.05 -31.02 -5.39 0
hh size -0.07 -005 -0.08 -0.05 -0.06 -0.05 -0.09 -0.10 12.26 0.07 1
hh head age 0.03 001 000 0.02 001 0.01 002 0.03 -1.30 0.84 1
hh head age squared 000 000 000 0.00 0.00 0.00 0.00 0.00 -2.30 1.32 0
gender hh head -0.12  -0.12 -005 0.03 022 006 -0.01 -0.12 8.60 -0.25 0
access to public water 0.15 003 -0.08 -0.05 0.05 0.06 0.00 0.13 1.15 0.42 0
has no toilet -020 -021 -003 -0.04 -0.27  0.06 -023  -0.15 -2.41 1.94 1
no partner in household 035 058 021 034 047 025 039 0.06 =277 -0.64 1
com. basic edu. (m.) 002 003 -0.16 -0.04 -0.02 0.05 -0.02 0.15 1.45 0.70 0
incom. secondary edu. (m.) 0.02 0.05 -0.01 -0.11 -0.17  0.07 -0.01 0.11 -0.94 -0.02 0
com. secondary edu. (m.) 0.10 010 -0.05 0.06 029 007 005 0.19 39.21 0.77 0
tertiary edu. (m.) 052 040 039 043 -0.02 029 044 027 2.83 -0.35 1
com. basic edu. (w.) 000 0.07 0.12 -007 -0.01 -0.01 026 022 -1.94 0.47 0
incom. secondary edu. (w.) 0.14 0.01 0.10 0.01 0.11 005 027 0.6 0.40 0.70 1
com. secondary edu. (w.) 017 006 024 002 0.12 031 044 033 -0.43 0.63 1
tertiary edu. (w.) 039 040 053 044 045 058 075 0.64 -0.55 1.09 1

continued on next page
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Table 2.6 continued

City Town Rural sign (B) City
Bso Boa Bog Boz Boo Boz Boo Boz Town Rural Constant?
high & med. skilled whitec. (m.) 0.45 0.79 053 0.62 1.03 0.61 0.67 021 -77.30  -0.33 1
skilled & unskilled manual (m.) 037 047 023 023 057 041 0.60 0.04 1.89 -1.98 1
agriculture (m.) 042 051 -021 0.21 0.19 030 025 -0.05 4.63 -1.74 0
sales and services (m.) 042 057 034 053 0.87 0.62 0.67 026 5.69 -1.20 1
high & med. skilled whitec. (w.) 045 046 038 0.55 073 072 0.13 043 2.00 2.13 1
skilled & unskilled manual (w.) 022 028 014 019 051 017 -0.12  0.05 -1570  1.81 1
agriculture (w.) 052 010 064 -0.14 -024 -054 -0.05 -0.08 2.18 -10.88 0
sales and services (w.) 034 030 031 023 071 0.35 036 0.25 3.37 4.07 1
birth in last 12 month -0.13 -0.13 020 -0.06 -029 -0.17 -0.12  -0.03 453  -10.13 0
attended by doctor 0.07 004 -022 -002 0.68 0.10 020 0.02 7.21 9.51 0
delivered in hospital 0.03 000 -0.10 -026 -0.38 0.12 0.08 0.15 072 044 0
¢/t/r dummy/constant 431 466 505 480 384 441 409 423 3.14 1.68 1

=z

0

otes: See text for details.

urce: Own calculations based on ECH and EIH.
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96 OUT-OF-SAMPLE PREDICTIONS IN DYNAMIC POVERTY MAPPING

2.5 Conclusion

This paper aims at estimating the stability of dynamic poverty mapping approaches.
Since the poverty mapping approach was established to generate data by regres-
sion-based cross-survey mapping where otherwise no other data would have been
available, the results can generally not be compared to true data. With the data for
Bolivia, we were able to undertake out-of-sample predictions and compare simu-
lated data with true data. This becomes extremely relevant when using the method
not only in space but also over time. Our method finds that results crucially depend
on the assumptions in the regressions underlying the poverty mapping. Keeping
coefficients constant over time is not the advised option. How to correctly model
the coefficients in a dynamic way, however, needs to be investigated in much more
detail.

Future research should continue with more exercises of testing the perfor-
mance of poverty prediction methods across surveys. It should be repeated for
years where the year of survey undertaken is the same and not, as in our case for
Bolivia, where there is one year of time gap between the two surveys used for
poverty mapping. Only in such a case, the comparison of “true” and “predicted”
data is fully valid because only in this case the reliability check can be undertaken
as though the data is missing, and then comparing predictions with truth. A recent
paper by Christiaensen et al. (2010), using small area estimations and testing sev-
eral model specifications, finds that the prediction method works well in Vietnam,
badly in Russia, and partly well for China depending on the region considered.

In addition, the issue of getting correct error terms (splitting it into idiosyn-
cratic, cluster or sampling, and model components, or even taking also measure-
ment error into account) and, thus, confidence intervals is important in the case
of countries where the full information on survey design and sampling methods is
available. In any case, statistical methods on the significance should be applied,
performing bootstrap methods or other methods to properly estimate standard er-
rors of poverty and inequality measures, but they depend on having the survey
information on weighting, clustering, stratification, and the steps of multistage
sampling. This is, unfortunately, not the case for the Bolivian data.

Using alternative methods to predict the standard of living is another op-
tion, for example small area statistics or propensity score matching, or any other
method dealing with missing data imputation. In addition, merging surveys with
variables from other data sources that have an influence on income (such as weath-
er, geographic, or policy variables) and including those variables in the estima-
tions can improve the predictions. Furthermore, predictions could be combined
with microsimulation approaches or using theories on how prices and endow-
ments evolve over time given external or internal shocks. This holds especially

for shocks that a region, sector, or the economy as a whole mi%ht affect.
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Essay 3

Measuring Pro-Poor Growth in
Non-Income Dimensions

A person who never made a mistake never tried anything new.
Albert Einstein (1879-1955)

Abstract: In order to track progress on MDG1 and explicitly link growth, in-
equality, and poverty reduction, several measures of pro-poor growth have been
proposed in the literature. However, current concepts and measurements of pro-
poor growth are entirely focused on the income dimension of well-being, which
neglects the multidimensionality of poverty and well-being. There are no corre-
sponding measures for tracking progress on non-income dimensions of poverty.
In this paper, we propose to extend the approach of pro-poor growth measurement
to non-income dimensions of poverty by applying the growth incidence curve to
non-income indicators. The approach allows a much more detailed assessment of
progress towards MDGs 26 by focusing on the distribution of progress, rather
than simply focusing on mean progress. Moreover, this extension allows the as-
sessment of the linkage between progress in income and non-income dimensions
of poverty. We illustrate this empirically for Bolivia between 1989 and 1998. We
find that growth was pro-poor both in the income and in the non-income dimen-
sion, but results for the non-income dimensions are less clear when the poor are
ranked by income.

based on joint work with Kenneth Harttgen and Stephan Klasen.
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98 MEASURING PRO-POOR GROWTH IN NON-INCOME DIMENSIONS

3.1 Introduction

Pro-poor growth has recently become a central issue for researchers and policy
makers, especially in the context of reaching the Millennium Development Goals
(MDG). The various proposals to measure pro-poor growth have also allowed a
much more detailed assessment of progress on reducing poverty as they explicitly
examine growth along the entire income distribution.

However, one existing shortcoming of current pro-poor growth concepts and
measurements is that they are completely focused on income, thus focused only on
MDG]1 with the aim to halve the incidence of poverty until 2015.! The shortcom-
ing of the one-dimensional focus on income is that a reduction in income poverty
does not guarantee a reduction in non-income dimensions of poverty, such as edu-
cation or health. This means that finding pro-poor growth in income does not au-
tomatically mean that non-income poverty has also been reduced (Klasen, 2000;
Grimm et al., 2002). In this context, Kakwani and Pernia (2000) note that it would
be “futile’ if one operationalizes poverty reduction via pro-poor growth using just
one single indicator because poverty is a multidimensional phenomenon, and thus
pro-poor growth is also multidimensional. For this reasons, multidimensionality
of poverty and pro-poor growth as two main research areas have to be combined.
While non-income indicators have recently received more and more attention in
the concept and measurement of poverty they have not in the concept of pro-poor
growth and no attempts have been made to measure pro-poor growth on the basis
of non-income indicators.2 Also international organizations point to the impor-
tance of the direct outcomes of poverty reduction such as health and education
(World Bank, 2000; UN et al., 2000; UN, 2000).

The aim of this paper is to introduce the multidimensionality of poverty into
the pro-poor growth measurement. The basic idea of doing so goes back to Sen’s
capability approach (Sen, 1987, 1988). Defining human well-being in terms of
functionings and capabilities, Sen (1987, 1988) considers poverty as a multidi-
mensional phenomenon and focusses on direct outcomes of human well-being.
Since money-metric indicators of poverty reflect only the ability to achieve func-
tionings, it serves only as an indirect measure of the standard of living, whereas
direct measures are, for example, the status of, and access to, health and educa-
tion. Based on this approach, many poverty assessments including social indica-

'n this paper, we exemplarily consider income as the money-metric measure of living stan-
dard and do not distinguish between income and consumption.

2Examples for studies examining the multidimensional casual relationship between economic
growth and poverty reduction are Bourguignon and Chakravarty (2003), Mukherjee (2001), and
Summer (2003).

3In this concept, functionings are the achievements of human well-being, and capabilities

reflect the ability to achieve these functionings.
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3.2. THE CONCEPT OF PRO-POOR GROWTH 99

tors have been conducted using aggregate data or household-level data (UNDP,
1996; Klasen, 2000; Grimm et al., 2002). However, non-income indicators have
not been considered in the pro-poor growth measurement so far.

We introduce the multidimensionality of poverty into the pro-poor growth
measurement by applying the growth incidence curve (GIC) by Ravallion and
Chen (2003) to non-income indicators and call our resulting graphs non-income
growth incidence curves (NIGIC). We illustrate this approach using micro-data for
Bolivia for 1989 and 1998. We distinguish between (i) ranking the sample by each
non-income indicator, and (ii) ranking the sample by income and investigate based
on this income ranking the changes of the non-income indicator with respect to
the position in the income distribution. In addition to investigating growth rates,
we investigate absolute changes of the non-income indicators. We find that growth
was pro-poor both in the income and in the non-income dimension, but results for
the non-income dimensions are less clear for the non-income development when
the poor are ranked by income.

The paper is organized as follows. Section 3.2 briefly gives an overview of
the concept of pro-poor growth and the need to investigate it in a multidimen-
sional perspective. Section 3.3 explains our methodology to apply the GIC to
non-income indicators and discuss some limitations. Section 3.4 presents the re-
sults of the GIC and the NIGIC for selected variables and for a composite welfare
index. Section 3.5 summarizes and gives an outlook for future research.

3.2 The Concept of Pro-Poor Growth

3.2.1 Definition of Pro-Poor Growth

According to some, pro-poor growth is simply economic growth that benefits the
poor (UN et al., 2000; OECD, 2001, 2006). This definition, however, provides
little information how to measure or how to implement it. What remains to be
specified is, first, if economic growth benefits the poor and, second, if yes to what
extent. For example, 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 has to answer the question by how much the poor ben-
efited. The second requirement is that the poor have benefited disproportionately
more than the non-poor. The third requirement is that the assessment is sensitive
to the distribution of incomes among the poor. The fourth requirement is that the

measure allows an overall judgement of economlc growth and not focuses only
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100 MEASURING PRO-POOR GROWTH IN NON-INCOME DIMENSIONS

on the gains of the poor. Besides this approach there exist several other attempts
conceptualizing pro-poor growth.*

Categorizing the different and conflicting definitions, we speak of three defi-
nitions of pro-poor growth in our paper: weak absolute pro-poor growth, relative
pro-poor growth, and strong absolute pro-poor growth (Klasen, 2008a). Pro-poor
growth in the weak absolute sense means that the income growth rates are, on av-
erage, above 0 for the poor. Pro-poor growth in the relative sense means that the
income growth rates of the poor are higher than the average growth rates, thus that
relative inequality falls (i.e., in which some indicator considering the relative gap
between the rich and the poor falls). Pro-poor growth in the strong absolute sense
requires that absolute income increases of the poor are stronger than the average,
thus, that absolute inequality falls (i.e., some measure considering the absolute
gap between the rich and the poor falls, e.g., Klasen (2004)).

The different definitions of pro-poor growth are illustrated in Table 3.1, which
is taken from Klasen (2008a). Table 3.1 shows a country in which the poor earn
$100 per capita and the non-poor $500 per capita in the initial period. In year 1,
the income of the poor grow by 3 percent and the income of the non-poor grow by
2 percent. In terms of the pro-poor growth definitions, this is pro-poor in the weak
absolute sense (i.e., growth rates are above 0) and in the relative sense (i.e., the
growth rate for the poor is higher than for the non-poor). In year 2, the income of
the poor grow by 1 percent and the income of the non-poor also by 1 percent. This
is pro-poor only in the weak absolute sense, since the the poor have only benefited
proportionately from growth, which illustrates the importance of the relative and
absolute definition of pro-poor growth in order to reduce inequality. In year 3, the
income of the poor grow by 6 percent and the income of the non-poor by 9 percent.
This illustrates the advantage of the weak absolute definition of pro-poor growth.
Even if the benefit is not pro-poor in the relative sense, only the weak absolute
definition captures that the poor also have made improvements (even if inequality
rises). In year 4, the income of the poor grow more than the income of the non-
poor showing pro-poor growth in the weak absolute and relative sense. Moreover,

“For a detailed review on the different definitions and measures of pro-poor growth, see, for
example, Son (2003). Other approaches to define pro-poor growth are provided, for example, by
White and Anderson (2000), Ravallion and Datt (2002), Klasen (2004), and Hanmer and Booth
(2001). The most common measures that have evolved in pro-poor growth measurement are the
‘poverty bias of growth’ of McCulloch and Baulch (1999), the ‘pro-poor growth index’ of Kakwani
and Pernia (2000), the ‘poverty equivalent growth rate’ of Kakwani and Son (2000), the ‘poverty
growth curve’ of Son (2003), and the ‘growth incidence curve’ of Ravallion and Chen (2003).

SMost inequality measures, including the Gini, Theil, and Atkinson measures as well as decile
or quintile ratios are relative inequality measures, but these measures can also be turned into abso-
lute measures of inequality, e.g., absolute Gini coefficients (Ravallion, 2005). For a discussion of

the merits of also considering absolute inequality measures, see Atkinson and Brandolini §2004).
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3.2. THE CONCEPT OF PRO-POOR GROWTH 101

the growth is also pro-poor in the strong absolute sense since the absolute increase
in income for the poor ($20) is higher than for the non-poor ($15).

Table 3.1: Illustration of Pro-Poor Growth Definitions

Year Poor Growth Non-Poor Growth Pro-Poor?
0 100 - 500 - -
1 103 3 510 2 relative, weak absolute
2 104 1 560 10 weak absolute
3 110 6 610 9 weak absolute
4 130 18 625 2 relative, weak and strong absolute

Source: Klasen (2008a).

Table 3.1 illustrates that the definition of strong absolute pro-poor growth is
obviously the strictest definition of pro-poor growth and the hardest to achieve,
which is also shown empirically by White and Anderson (2000). This is why
most researchers concentrate, in general, on the weak absolute and relative defi-
nitions. But this ignores that decreases in relative inequality might be—and often
are—accompanied by increases in absolute inequality, which is seen as undesir-
able by many and can be an important source of social tension (Atkinson and
Brandolini, 2004; Duclos and Wodon, 2004; Klasen, 2004). Conversely, growth
that is associated with falling absolute inequality would be particularly pro-poor
and, therefore, it is useful to consider this strong absolute concept as well.

This is particularly important when examining pro-poor growth in the non-
income dimension of poverty where even pro-poor growth in the relative defi-
nition might not be seen as sufficiently pro-poor. Consider the case where the
‘education-poor’ increased their education level from 1 to 2 years, an increase of
100 percent, while the rich increased their education level from 10 to 12 years, an
increase of 20 percent. This would be pro-poor growth in the relative definition
as relative inequality falls, but most observers would also note the rise in absolute
inequality and might, therefore, not consider this type of educational expansion
‘pro-poor’ since no educational degree is achieved. Furthermore, only concen-
trating on percentage changes in education misses that the poor should catch up
to the non-poor regarding specific degrees in education. Concentrating also on
absolute changes allows one to examine, for example, whether a poor individual
achieved the level of primary or secondary education.b

6See also the discussion below in Section 3.3.4.
Melanie Grosse - 978-3-631-7535