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Foreword

graphically targeted programs to address regional disparities—a matter of high priority for

many countries. Until recently, most developing countries were forced to design these pro-
grams based on rough indicators of poverty or on the results of household budget surveys,
which typically generate poverty estimates for a limited number of regions.

In the late 1990s, a new approach was developed combining census data and household
budget survey results to generate poverty estimates for small areas such as districts, allowing
the construction of “poverty maps.” A 1998 IFPRI study in Vietnam was one of the first to ex-
periment with this approach. A similar method was concurrently developed and subsequently
refined by researchers at the World Bank. Poverty mapping studies have now been carried out
in more than a dozen countries. This is an example of how an international public good can
evolve from a set of specific country studies by the broader research community.

This report uses data from the 1998 Vietnam Living Standards Survey and the 1999 Pop-
ulation Census to estimate various measures of poverty and inequality for 614 districts in Viet-
nam. The results confirm conventional wisdom regarding high rates of poverty in the upland
areas, low rates in urban areas, and intermediate rates in the irrigated lowland areas. But the
results also offer some surprises, such as the fact that most poor people in Vietnam do not live
in the poorest areas.

The study goes a step beyond standard poverty-mapping analysis by investigating the ge-
ographic determinants of district-level poverty rates. Distance to cities, soil type, and to-
pography are significant predictors of local poverty rates. Surprisingly, proximity to small dis-
trict centers is a stronger predictor of poverty than distance to large cities or distance to roads.
Thus, rural-urban linkages at a local level matter a great deal for poverty reduction.

At the national level, this report provides valuable information for more precise geographic
targeting of poverty assistance in Vietnam, and also offers insights into the geographic factors
that contribute to rural poverty. Statistical authorities in Vietnam are now experimenting with
variants of this method for use in poverty monitoring.

The study demonstrates the rewards that come from combining survey data, census data,
and geographic data to focus on the challenge of reducing rural poverty. IFPRI continues to
pursue this line of research, having recently carried out poverty-mapping analyses for Mozam-
bique, Malawi, and Zambia.

I nformation on the spatial distribution of poverty is particularly useful in designing geo-

Joachim von Braun
Director General, IFPRI

viii



Summary

ous measures of poverty and inequality for provinces, districts, and communes of Viet-
nam. The method was applied by combining information from the 1997-98 Vietnam
Living Standards Survey and the 1999 Population and Housing Census.

The results indicate that the poverty rate (P,) is greatest in the remote areas of the North-
east and Northwest, the upland areas of the North Central Coast, and the northern part of the
Central Highlands. Poverty rates are intermediate in the Red River Delta and the Mekong
River Delta. The lowest poverty rates are found in the main cities, Hanoi and Ho Chi Minh
City, and in the Southeast region. The accuracy of these estimates is reasonable for the pro-
vincial and district estimates, but the commune estimates must be used with caution because
some are not very precise.

Mapping the density of poverty reveals that, although the poverty rates are highest in the
remote upland areas, these areas are sparsely populated, so most of the poor live in the Red
River Delta and the Mekong River Delta.

Comparing these results with the district-level estimates of poverty from MOLISA, we find
very little correlation. Several possible explanations for these differences are explored, but the
most likely reason is variation in the methods used by MOLISA from one district to another.

This analysis confirms other studies indicating that the inequality in per capita expenditure
is relatively low in Vietnam by international standards. Inequality is greatest in the large cities
and (surprisingly) in parts of the upland areas. Inequality is lowest in the Red River Delta, fol-
lowed by the Mekong Delta. Just one-third of the inequality is found between districts, and
two-thirds within them, suggesting that district-level targeting of antipoverty programs may
not be very effective.

District-level poverty is very closely associated with district-level average per capita ex-
penditure. In other words, inequality does not explain much of the variation in poverty across
districts.

We explored the geographic determinants of poverty using a global model (all rural areas)
and a local model. In the global model, geographic determinants, including agro-climatic vari-
ables and market access, are able to explain about three-quarters of the variation in district-
level rural poverty. Poverty is higher in districts with sloped land, bare and rocky land cover,
soils that are poor (sandy, saline, or acid sulfate), and far from towns. By contrast, these agro-
climatic and market access variables do not explain urban poverty very well.

The local regression model, in which coefficients vary from one area to another, reveals
that flat land and high road density are associated with lower poverty throughout Vietnam. But
other variables, such as rainfall and forest cover, are positively associated with poverty in some
areas and negatively associated in others. Overall, the relationship between agro-climatic vari-
ables and poverty varies significantly from one area of Vietnam to another.

Many antipoverty programs are geographically targeted in Vietnam. The results from this
study indicate that it may be possible to improve the targeting of these programs by adopting
more precise estimates of poverty at the district and commune level, though further research

T his study uses a relatively new method called “small area estimation” to estimate vari-
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is needed to better understand the discrepancies between estimates produced by different
methods.

The ability of market access and agro-climatic variables to explain a large portion of
differences in rural poverty rates indicate that poverty in the remote areas is linked to low
agricultural potential and lack of market access. This illustrates the importance of improving
market access. The fact that poverty is closely related to low agricultural potential suggests
that efforts to restrict migration out of disadvantaged regions may not be a good strategy for
reducing rural poverty.

Finally, the study notes that the small-area estimation method is not very useful for annual
poverty mapping because it relies on census data, but it could be used to show detailed spatial
patterns in other variables of interest to policymakers, such as income diversification, agricul-
tural market surplus, and vulnerability. Furthermore, it can be used to estimate poverty rates
among vulnerable populations too small to be studied with household survey data, such as the
disabled, small ethnic minorities, or fishermen.



CHAPTER 1

Background

with unfavorable soils and weather can often be found in the same country as relative

affluence in more favorable locations close to major cities and markets. Information on the
spatial distribution of poverty is of interest to policymakers and researchers for a number of
reasons. First, it can be used to quantify suspected regional disparities in living standards and
identify which areas are falling behind in the process of economic development. Second, it
facilitates the targeting of programs, such as education, health, credit, and food aid, whose pur-
pose is, at least in part, to alleviate poverty. Third, it may shed light on the geographic factors
associated with poverty, such as mountainous terrain or distance from major cities.

In many countries, the main sources of information on spatial patterns of poverty are house-
hold income and expenditure surveys. These surveys generally have sample sizes of 2,000 to
8,000 households, which typically allow estimates of poverty for only 3 to 12 regions within
a country. Research has shown that geographic targeting is most effective when the geographic
units are quite small, such as a village or district (Baker and Grosh 1994; Bigman and Fofack
2000). The only household information usually available at this level of disaggregation is
census data, but census questionnaires are generally limited to household characteristics and
rarely include questions on income or expenditure.

In Vietnam there are at least three sources of information on the incidence of poverty. First,
the General Statistics Office (GSO) has carried out two Vietnam Living Standards Surveys
(VLSS), one in 1992-93 and the other in 1997-98. With samples of 4,800 and 6,000 house-
holds, respectively, these surveys generated poverty estimates for each of the seven regions of
Vietnam.! Figure 1.1 (see color insert) provides the names and locations of these regions.

The GSO also carried out larger household surveys, such as the Multipurpose Household
Survey and the 2001 Vietnam Household Living Standards Survey. These surveys have had
samples of about 45,000 households and are intended to generate estimates that are valid at
the provincial level. Figure 1.1 gives the names and locations of the 61 provinces in Vietnam,?
and Table 1.1 summarizes the main sources of household survey data in Vietnam.

Another important source of information on the spatial distribution of poverty is the Min-
istry of Labor, Invalids, and Social Affairs (MOLISA). Each year, MOLISA prepares a list of

I n most countries, poverty is spatially concentrated. Extreme poverty in inaccessible areas

Until 1998, the country was divided into seven regions for statistical purposes: the Northern Uplands (also called
the North Mountains and Midland), the Red River Delta, the North Central Coast, the South Central Coast, the
Central Highlands, the Southeast (also called the Northeast South), and the Mekong River Delta. In 1998, the
Northern Uplands was split into the Northeast and the Northwest regions, but we retain the older grouping be-
cause the 1997-98 VLSS was designed to be representative at this level.

2In 2004, two provinces were split, making 63 provinces in total.
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Table 1.1 Selected household data sets for Vietnam

Sample Lowest level at
(number of  which data are
Name of survey Year households)  representative Types of data collected Use in this study
Vietnam Living 1992-93 4,800 Region Income, expenditure, health, education, Not used
Standards Survey housing, assets, fertility, migration, etc.
Agricultural Census 1994 11,974,515 Any level Land use, agriculture, housing, and assets Not used
Multi-Purpose 1994, 1995, 45,000 Province Income, expenditure, health, education,
Household Survey 1996, 1997 housing, assets, etc. Not used
Vietnam Living 1997-98 5,999 Region Income, expenditure, health, education, Used in Stage 1
Standards Survey housing, assets, fertility, migration, etc. regression
analysis
Population Census 1999 16,661,433 Any level Household composition and housing 33% sample used
for Stage 2
analysis
Vietnam Household 2002 75,000 Province Income, expenditure, health, education, Not used
Living Standards housing, assets, etc.
Survey

Sources:  SDC/GSO (1994); GSO (1995, 1999, 2000).

poor households in each commune based on
information gathered by local officials
using criteria established by MOLISA. The
welfare indicator is per capita income,
where the poverty line is defined in terms of
the value of a certain volume of rice at local
prices. This information is used to identify
the poorest communes, making them eligi-
ble for special programs and subsidies to
reduce poverty. Although this system is
relatively inexpensive and provides annual
estimates, different provinces use somewhat
different poverty lines and different data
collection guidelines in implementing this
analysis. Furthermore, even if the guidelines
were made uniform, the use of thousands of
enumerators to collect household-level data
makes it difficult to ensure consistent appli-
cation of those guidelines in the field (see
Conway 2001).

In recent years, a new technique called
small-area estimation has been developed
that combines household and census data to
estimate poverty rates (or other variables)
for more disaggregated geographic units
(see Elbers, Lanjouw, and Lanjouw 2003).
Although various approaches have been
used, they all involve three steps. First, one

selects household characteristics found in
both the survey and the census, such as
household composition, education, occupa-
tion, housing characteristics, and asset own-
ership. Second, the household survey data
are used to generate an equation that esti-
mates poverty or expenditure as a function
of these household characteristics. Third,
census data on those same household char-
acteristics are inserted into the equation to
generate estimates of poverty for small geo-
graphic areas.

For example, Minot (1998, 2000) used
the 1992-93 Vietnam Living Standards Sur-
vey and a probit model to estimate the like-
lihood of poverty for rural households as a
function of a series of household and farm
characteristics. District-level means of these
same characteristics were then obtained from
the 1994 Agricultural Census and inserted
into this equation, generating estimates of
rural poverty for each of the 534 rural dis-
tricts in the country (see Table 1.1 for more
information on these data sources).

Elbers, Lanjouw, and Lanjouw (2003)
developed a similar method, which was
applied using survey and census data from
Ecuador by Hentschel et al. (2000). By using
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log-linear regression models and household-
level data from a census, they were able to
demonstrate that their method generates un-
biased estimates of the headcount poverty
rate and also to calculate the standard error
of the estimated incidence of poverty.? This
approach has been applied in at least a
dozen countries, including Cambodia, Thai-
land, South Africa, and Panama (see Statis-
tics South Africa and the World Bank 2000;
World Bank 2000; Henninger and Snel
2002).

The earlier Vietnam study has several
limitations. First, because it relied on the
Agricultural Census, it generated poverty
estimates only for the rural areas. Second,
the use of a probit regression and district-
level means, although intuitively plausible,
does not generate unbiased estimates of
district-level poverty (see Minot and Baulch
2002b for estimation of the size of this
type of error). Third, in the absence of
household-level census data, it was not pos-
sible to estimate the standard errors of the
estimates to evaluate their accuracy.

More recently, Minot and Baulch (2002a)
used the 1997-98 Vietnam Living Standards
Survey and a 3 percent sample of the 1999
Population Census to generate estimates of
the incidence of poverty in urban and rural
areas of each of the 61 provinces in Vietnam.
Unlike the earlier poverty-mapping analy-
sis, this study uses household-level census
data, allowing the calculation of the stan-
dard errors of the poverty estimates using
the methods developed by Elbers, Lanjouw,
and Lanjouw (2003) and Hentschel et al.
(2000).

The present study has four objectives:

» To describe the spatial patterns in
poverty and inequality in Vietnam
» To explore the geographic determinants

(including agro-climatic factors and

market access) of urban and rural

poverty in Vietnam

* To examine the spatial variation in the
relationship between poverty and the
geographic determinants

* To draw implications from these results
for the design of policies and programs
in Vietnam and for further research.

This report expands on the previous study

(Minot and Baulch 2002a) in three ways:

* By using a larger sample of the Census
data (33 percent), it is able to provide
estimates of the incidence of poverty
for each district (of which there are
614) and for each commune (of which
there are 10,747), although the latter
are not very reliable. The earlier study
calculated poverty estimates only for
the 61 provinces.

* In addition to estimating the incidence
of poverty, the current study also calcu-
lates two other poverty measures and
three measures of inequality at the
district level.

* Unlike the previous study, this analysis
explores the geographic determinants
(including agro-climatic factors and
market access) of rural and urban
poverty.

The report is organized in six sections. After
this background section, Chapter 2 describes
the data and methods used in this report.
Chapter 3 examines the spatial patterns in
poverty and inequality in Vietnam using
three measures of poverty and three mea-
sures of inequality. Chapter 4 explores the
geographic determinants of poverty, using
spatial regression analysis and a set of vari-
ables extracted from geographic information
systems (GIS) databases. Chapter 5 explores
spatial variation in the relationship between
poverty and the geographic factors using lo-
cally weighted regression. Finally, Chapter 6
summarizes the results and discusses some
implications for policy and future research.

3The poverty headcount ratio is defined as the proportion of the population living in households with per capita

expenditures below the poverty line.



CHAPTER 2

Data and Methods

Data

he poverty-mapping portion of this study makes use of two household data sets: the
T 1997-98 Vietnam Living Standards Survey (VLSS) and the 1999 Population and Hous-

ing Census. The VLSS was implemented by the General Statistics Office (GSO) of
Vietnam with funding from the Swedish International Development Agency and the United
Nations Development Program and with technical assistance from the World Bank. The sam-
ple includes 6,000 households in Vietnam, constituting a stratified random sample. The sample
includes 4,270 households in rural areas and 1,730 households in urban areas. The quality of the
VLSS survey data appears to be fairly good, judging by the level of effort in the design and
implementation and by the small number of missing and out-of-range values (see GSO 2000).

The 1999 Population and Housing Census was carried out by the GSO and refers to the
situation as of April 1, 1999. It was conducted with the financial and technical support of the
United Nations Population Fund and the United Nations Development Program. The full re-
sults of the Census are not made available by the GSO, but we were able to obtain a 33 per-
cent sample of the Census. The 33 percent sample was selected by GSO using systematic
sampling of every third household on the list of households organized by administrative unit.
The sample includes 5,553,811 households. Less information is available about the procedures
used to collect the Census data, but the quality of the data appears to be good (Table 1.1 sum-
marizes information on various sources of household data in Vietnam, including the 1997-98
VLSS and the 1999 Census).

The spatial analysis portion of this study used a variety of spatially referenced variables
describing climate, topography, land cover, demographic, and market access. The topographic
data were obtained from the United States Geological Survey (USGS). Data on roads and ad-
ministrative boundaries were obtained from the Center for Remote Sensing and Geomatics,
formerly attached to the General Department of Land Administration. Land cover, soil, and cli-
mate data were obtained from the Information Center for Agriculture and Rural Development
of the Ministry of Agriculture and Rural Development. Finally, population and other demo-
graphic data were obtained from the 33 percent sample of the 1999 Population and Housing
Census, described above. Many of these variables required considerable cleaning, processing,
and further transformation in order to generate the variables used in the spatial analysis (see
Appendix B for more information).

Methods to Estimate the Incidence of Poverty

The poverty line used in this study is the “overall poverty line” used in the analysis of the
1997-98 Vietnam Living Standards Survey (Poverty Working Group 1999; GSO 2000). The
poverty line corresponds to the expenditure (including the value of home production and ad-
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justed regional and seasonal price differ-
ences) required to purchase 2,100 kcal per
person per day using the food basket of
households in the third quintile plus a non-
food allowance equal to what households in
the third quintile spend on nonfood items.
The poverty line was set at 1,789,871 VND/
person per year, but the consumption ex-
penditures in the survey were adjusted using
monthly and regional price indexes to com-
pensate for differences in the cost of living
over the course of the survey and across
regions.

Poverty mapping is one application of
the method called small-area estimation. The
method is typically divided into three stages:
» Stage 0 involves identifying variables

that describe household characteristics

that may be related to income and
poverty and that exist in both the
household survey and in the census.

» Stage 1 estimates a measure of welfare,
usually per capita expenditure, as a
function of these household character-
istics using regression analysis and the
household survey data.

» Stage 2 applies this regression equation
to the same household characteristics in
the census data, generating predicted
welfare for each household in the cen-
sus. This information is then aggregated
up to the desired administrative unit,
such as a district or province, to esti-
mate the incidence of poverty and the
standard error of the poverty estimate.

The three sections below describe these
methods in more detail and describe how
they were applied in the current study.

Stage 0: Identifying Household
Characteristics in Both the VLSS
and the Census

The first step was to compare the question-
naires of the 1997-98 Vietnam Living Stan-
dards Survey and the 1999 Population and
Housing Census to identify possible house-
hold characteristics found in both surveys
that could be used as poverty indicators. In

addition to comparing the questionnaire, it is
necessary to compare the values of the vari-
ables to ensure that they are in fact describ-
ing the same characteristics. For example,
“type of employer” was initially considered
for inclusion, but further investigation
showed that a number of categories were
defined differently in the VLSS and the
Census, so the two could not be reconciled.
As aresult, this variable was excluded from
the analysis. Based on this comparison, 17
household characteristics were selected for
inclusion in the poverty mapping analysis
(see Table 2.1).

Some household characteristics are
categorical and, for regression analysis,
must be represented by a number of dummy
(binary) variables. For example, the main
source of drinking water is a household char-
acteristic, but for the regression analysis it
must be represented by separate dummy vari-
ables for indoor tap, outdoor tap, covered
well, uncovered well, and so on. Thus, the
17 household characteristics are represented
in the regression analysis by 39 variables.

Stage 1: Estimating Per

Capita Expenditure with

a Household Survey

As mentioned above, Stage 1 of the poverty
mapping method involves using the house-
hold survey data and regression analysis to
estimate household welfare as a function of
household characteristics. In this study, we
use real per capita consumption expenditure
from the 1997-98 VLSS as the measure of
household welfare. The explanatory vari-
ables are the 17 household characteristics
described above, represented by 39 variables.
Economic theory provides no guidance on
the functional form, but generally a log-
linear function is used:

In(y) =XB +e,. (1)

where y, is the real per capita consumption
expenditure of household 7, X l’ isal xkvec-
tor of household characteristics of household
i, Bis akx 1 vector of estimated coefficients,
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Table 2.1 Household characteristics in hoth the Census and the VLSS

Question number

1999 1997-98
Household characteristic Census VLSS
Household size (number of people) Pt1, Q4 S1A
Proportion of household members over 60 years old Pt1, Q4 S1A, Q2
Proportion of household members under 15 years old Ptl, Q4 S1A, Q6
Proportion of household members who are women Ptl, Q3 S1A, Q6
Highest level of education completed by head PtI, Q11-13 S2A
Whether or not the head of household has a spouse Pt1, Q2 S1B, Q3
Highest level of education completed by spouse PtI, Q11-13 S2A
Whether or not head of household is an ethnic minority Pt1, Q4 SOA
Occupation of head over last 12 months Pt1, Ql6 S4D
Type of house (permanent; semipermanent or wooden frame; “simple”) Pt 111, Q3 S6A, Q1
House type interacted with living area Pt 111, 4 S6C, Qla
Whether or not household has electricity Pt 111, Q7 S6B, Q33
Main source of drinking water Pt III, 8 S6B, Q25
Type of toilet Pt III, Q9 S6B, Q31
Whether or not household owns a television Pt II1, Q10 S12C
‘Whether or not household owns a radio Pt II1, Q11 S12C
Region where household lives Page 1 SOA

Source: Questionnaires for 1997-98 VLSS and 1999 Population and Housing Census.

and €, is a random disturbance term distrib-
uted as N(0,0). Because our main interest
is predicting the value of In(y) rather than
assessing the impact of each explanatory
variable, we are not concerned about the
possible endogeneity of some of the ex-
planatory variables. Elbers, Lanjouw, and
Lanjouw (2003) show that the probability
that household i with characteristics X, is
poor can be expressed as:

E[P1X,B, 0% =D G

lnz—Xi’B]

where P, is a variable taking a value of 1 if
the household is poor and O otherwise, z
is the “overall poverty line” (see GSO 2000,
page 260), and @ is the cumulative standard
normal function. If the predicted log per
capita expenditure (X;[3) is equal to the log
of the poverty line [In(z)], then the term in
brackets is zero, and the predicted probabil-
ity that the household is poor is 50 percent.
A lower predicted expenditure would imply
a positive term in brackets and a higher prob-

ability that it is poor, whereas a higher pre-
dicted expenditure would imply a probability
less than 50 percent.

Stage 2: Applying Regression
Results to the Census Data

In Stage 2 of the standard poverty-mapping
method, the estimated regression coefficients
from the first step are combined with census
data on the same household characteristics
to predict the probability that each house-
hold in the Census is poor. This is accom-
plished by inserting the household charac-
teristics for household i from the census,
Xic, into equation 2. The expected probabil-
ity that household i is poor can be calculated
as follows:

Inz-X°P

EIRIXS. . o) = 0| —

. 3

This estimate is not very accurate for an in-
dividual household, but it becomes more
accurate when aggregated over many house-
holds. For a given area (such as a district or
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province), Elbers, Lanjouw, and Lanjouw
(2003) show that the proportion of the pop-
ulation living in households that are below
the poverty line is estimated as the mean of
the probabilities that individual households
are poor:

Nom,< [lnz—XCP
E[PIXSB, 02 =Y o — i 7|
[F, B, 0] ;M p

“)

where m; is the size of household i, M is
the total population of the area in question,
N is the number of households, and X is an
N X k matrix of household characteristics.
The advantage of using the Census data,
of course, is that the large number of house-
holds allows estimation of poverty head-
count ratios for geographic units much
smaller than would be possible with the
VLSS data.

Provided that (1) the error term is homo-
skedastic, (2) there is no spatial autocorrela-
tion, and (3) the full Census data are used,
the variance of the estimated poverty head-
count ratio can be calculated as follows:

var(P) = [ 2 var(hy 2L
B B
2 A
+(E _26%
062 n—-k-1
AU

N Al i A
s M?

&)

where n is the sample size in the regression
model. Thus, n, k, and 62 are from the re-
gression analysis, whereas m;, M, and N are
obtained from the census data. The partial de-
rivatives of P* with respect to the estimated
parameters can be calculated as follows:

oP* 1Y, m
062 28 M

Inz _)(i,é)¢

A

Inz - X/ [AS)
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)

The first two terms in equation 5 repre-
sent the “model error,” which comes from
the fact that there is some uncertainty re-
garding the true value of  and G in the
regression analysis. This uncertainty is mea-
sured by the estimated covariance matrix of
B and the estimated variance of 62 as well
the effect of this variation on P*. The third
term in equation 5 measures the “idiosyn-
cratic error,” which is related to the fact
that, even if B and ¢ are measured exactly,
household-specific factors will cause the
actual expenditure to differ from predicted
expenditure. These equations are described
in more detail in Hentschel et al. (2000) and
Elbers, Lanjouw, and Lanjouw (2003).

As noted above, equation 5 is valid only
if the full Census data are available for the
second stage of the mapping procedure. In
this study, we use a 33 percent sample of the
Census data in the second stage, so equation
5 must be modified as follows:

var(P¥) = ( %%* ) var(B)

P+
a A

2 A
N ( oP* 264 )

062 n—k-1
8 MR- B)

+ 2

i=1 M? %

where V represents the variance associated
with the sampling error in the Census, tak-
ing into account the design of the sample. In
this study, we rely on the statistical software
Stata to calculate the variance associated
with the sampling error, taking into account
the design of the sample.*

In order to compare poverty headcount
ratios in different regions or provinces, it is

4This is accomplished with the “svymean” command. Stata calculates a linear approximation (a first-order Tay-
lor expansion) of the sampling error variance based on information on the strata, the primary sampling unit, and
the weighting factors. See StataCorp (2001) for more information.
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convenient to calculate the variance of the
difference between two estimates of poverty.
Hentschel et al. (2000, footnote 17) provide
an expression for the case when full Census
data are used. Here we extend the expres-
sion to include the variance associated with
sampling error:

OP,—P,\ (0P —P
var(, - B) = [ 2 var L2
B B
oP - P> 26°
+ ( . ©)
062 n-k-1

+ V(P + VB + V(P)
+V(B) ~ 2cov,(P,, By,

where V.(P) is the idiosyncratic variance of
the poverty estimate for region r (the third
term in equation 5), V(P) is the sampling
variance of the poverty estimate for region
1, and cov(P,,P,) is the covariance in the
poverty estimates for regions 1 and 2 asso-
ciated with sampling error.

Methods to Estimate Other
Measures of Poverty

The methods described above allow one to
estimate the incidence of poverty, defined as
the proportion of people below the poverty
line. This measure, sometimes labeled F,,
is a member of a class of poverty measures
identified by Foster, Greer, and Thorbecke
(1984). These poverty measures can be ex-
pressed as follows:

, (10)

where

z is the poverty line,

), is income (or expenditure) of person i
in a poor household,

N is the number of people in the
population, and

M is the number of people in poor
households.

Different values of o in equation 10 give
different poverty measures. When o = 0, this
formula gives the incidence of poverty. This
is because the term in brackets is always 1,
so the summation gives us the total number
of people in poor households, which, when
divided by N, gives us the proportion of
people living in poor households. When
o = 1, it gives a measure called the depth
of poverty (or the poverty gap). P, takes into
account not just how many people are poor
but how poor they are on average. It is equal
to the incidence of poverty (F,) multiplied
by the average percentage gap between the
poverty line and the income of the poor.
When o = 2, this equation gives a measure
called the severity of poverty (or squared
poverty gap). P, takes into account not just
how many people are poor and how poor
they are but also the degree of income in-
equality among poor households. It is equal
to the incidence of poverty (F,) multiplied
by the average squared percentage gap be-
tween the poverty line and the income of the
poor.

The poverty-mapping method described
in the previous sections provides a method
for estimating the proportion of people below
a given poverty line, z, but do not provide
any information on the distribution of in-
come among the poor, which is necessary to
calculate P, and P,. We can use the poverty-
mapping method to estimate P, and P, by
noting that z does not have to be the poverty
line. We can estimate the cumulative distri-
bution of the population by level of per
capita expenditure by running the poverty-
mapping calculations repeatedly for different
values of z. More specifically, we use the
following steps:

1. Select 100 levels’ of per capita expen-
diture, divided evenly along the range

SThe use of 100 levels is arbitrary. The larger the number of levels, the more accurate the estimation of the cu-
mulative distribution and, hence, the more accurate the estimates of P, and P,. Of course, increasing the number
of levels also increases the computational burden and time to run the program.
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of per capita expenditure from the
poorest household to the richest
household.

2. Set z equal to the lowest of these
100 levels (call this z,), and run the
poverty-mapping calculations to calcu-
late the proportion of the population
with per capita expenditure below z,.

3. Then repeat step 2 setting z equal to
each of the other 99 expenditure levels
(2, 10 Z,)s storing the values of z, and
the proportion of the population below
z,in a file for further analysis.

As z, rises from its lowest level to its
highest level, the proportion of people with
per capita expenditure below z, rises from 0
to 100 percent. Thus, these results trace out
the cumulative distribution of the population
by per capita expenditure.

This information can be used to calcu-
late the values of P, and P,. In the gap be-
tween each pair of z’s (z, and z, ), we know
the average per capita expenditure® and the
proportion of people with per capita expen-
ditures in that range. Thus, each pair of 7’s
that are below the poverty line can be used
to represent one value of y, in equation 10,
taking into account the number of households
with per capita expenditure in that range.

Methods to Estimate
Measures of Inequality
In this context, inequality measures describe
the degree of variation in per capita expen-
diture across households. Perfect equality
would describe the case in which all house-
holds have the same level of per capita ex-
penditure, whereas perfect inequality would
refer to the situation in which one house-
hold accounts for all the expenditure and
others have none.

In this analysis, we calculate three of the
more common measures of inequality: the

Gini coefficient, Theil’s L index of inequal-
ity, and Theil’s T index of inequality. The
latter two measures are also part of a class
of “general entropy” measures of inequality,
so that the Theil L index is also called GE(0),
and the Theil T index is also called GE(1).

The Gini coefficient is based on the
Lorenz curve, which describes the cumula-
tive distribution of income (or expenditure)
as a function of the cumulative distribution
of households. More specifically, the Gini
coefficient is the area above the Lorenz
curve and below the diagonal 45-degree line
divided by the area under the diagonal line.
When we have information about the pro-
portion of people below different levels of
per capita expenditure, the Gini coefficient
can be approximated as follows:

<1
Gini =23 L+,
_E(Xi + Xi+1))(Pi+l _Pi)]’

where P, is the cumulative share of the pop-
ulation for interval i and X, is the cumulative
share of expenditure for interval i. The first
term in the large parentheses is the “height”
of each slice, from the diagonal line down to
the Lorenz curve, and the last term in small
parentheses is the “width” of each slice. The
Gini coefficient ranges from O (perfect equal-
ity) to 1 (perfect inequality).

The Theil L index of inequality is calcu-
lated as follows:

N
Theil L = GE(0) = Ni Y In
=1

)
%

where N is the number of households, y is
the average per capita expenditure, and y,
is the per capita expenditure of household i.
The Theil L index ranges from O (perfect
equality) to infinity (perfect inequality). This
inequality measure gives greater weight to

OStrictly speaking, we know only the range of per capita expenditures in this group of households, and we assume
that the average is (z; + z;, )/2. But if we choose a large number of 7’s, the difference between z; and z,, | will be
small, so the error in making this assumption will also be small.
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the bottom end of the distribution. This
implies that it gives greater weight to the
distribution of expenditure among the poor
than either the Gini coefficient or the Theil
T index of inequality.
The Theil T index of inequality is calcu-
lated as:
1 N
Theil T = GE(1) = >

i=1

2 (13)
y

" In

<=

where the variables are defined as in equa-
tion 12. The Theil T index ranges from 0
(perfect equality) to In(NV) (perfect inequal-
ity). This inequality measure gives equal
weight to all parts of the distribution.

In order to calculate inequality mea-
sures, we use the three steps described above
to generate the cumulative distribution of
households by per capita expenditure. To
estimate the Gini coefficient, we calculate
the cumulative distribution of expenditure
from the values of z; and the cumulative
proportion of the population from the values
of P for each z,. These can be used in equa-
tion 11 to calculate the Gini coefficient.

As in the calculation of P, and P, the
two Theil indexes of inequality are calcu-
lated by using each pair of z’s to represent
one value of y.. As described above, between
each pair of z’s (z; and z,,,), we know the
average per capita expenditure and the pro-
portion of people with per capita expendi-
ture in that range. This information allows
us to apply equations 12 and 13 to calculate
the Theil indexes of inequality.

Limitations of the Analysis

Three qualifications need to be made re-
garding the implementation of the poverty-
mapping method in Vietnam. First, as in all
poverty-mapping analyses, the requirement
that all variables be in both the survey and
the census constrains the number of vari-
ables that can be used to predict per capita
expenditure. In particular, many of the ex-
planatory variables are related to assets so
they have a lagged relationship with per

capita expenditure. Ideally, it would be good
to include variables that change with short-
term fluctuations in per capita expenditure,
such as food consumption patterns, but this
information is not available in the census.
However, as shown in the first section of
this chapter, the explanatory power of our
Stage 1 regression models is relatively good,
providing some reassurance on this issue.

Second, the regression analysis in
Stage 1 does not explicitly take into account
heteroskedasticity (differences in the vari-
ance of the dependent variable across the
sample). On the other hand, by expressing
the dependent variable (per capita expen-
diture) as a logarithm, we reduce the degree
of heteroskedasticity. In addition, we carry
out the regression analysis with the “svyreg”
command in Stata, which takes into account
stratification and clustering in the sample in
calculating the standard errors of the esti-
mates. It does this by using the Huber/
‘White/sandwich estimator of standard errors,
which is robust to heteroskedasticity. The
estimated coefficients are not biased, but they
are “inefficient” in that they do not use all
possible information (see StataCorp 2001,
Volume 4, svyreg).

Third, the Stage 1 regression coeffi-
cients do not take into account spatial auto-
correlation. Spatial autocorrelation exists
when the dependent variable (or the error
term) of the regression in a household in
the VLSS is correlated with the dependent
variable (or error term) in nearby house-
holds. If the error terms are correlated, the
coefficients are unbiased but inefficient.
This would be the case if some other factors
(such as distance to a major city) were ex-
cluded from the regression model and spa-
tially correlated. For example, all the house-
holds near a city might have negative error
terms (predicted expenditure is less than
actual expenditure). On the other hand, if
the dependent variable in one household is
directly affected by the value of a nearby
household, then the estimated regression co-
efficients will be biased. One type of spatial
autocorrelation is correlation among house-
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holds in a sample cluster, sometimes called
location effects (spatial autocorrelation is
discussed in more detail in the next section
of this chapter).

To reduce spatial autocorrelation, Elbers,
Lanjouw, and Lanjouw (2003) recommend
incorporating community-level variables in
the Stage 1 regression model. These vari-
ables could be obtained by calculating
community-level means of the household
variables or by using geographic informa-
tion systems (GIS) analysis to generate
geographic variables representing climate,
topography, or degree of market access. Al-
though our analysis indicates the presence
of some spatial autocorrelation, we were not
able to eliminate it by including community-
level variables in the regression analysis
(more detail is given in Chapter 3). Further-
more, we were constrained from using geo-
graphic variables in the Stage 1 regression
analysis because we plan to examine the
geographic determinants of poverty at a later
stage. We were concerned that including
geographic variables in the Stage 1 model
could exaggerate the strength of the rela-
tionship between (estimated) poverty and the
geographic variables in the later analysis.

It should be noted that when hetero-
skedasticity and location effects are taken
into account in the first-stage regressions,
analytic solutions for the variance of the
headcount ratio are not possible. Instead, it
becomes necessary to use complex simula-
tion methods to calculate the estimators and
their standard errors (see Elbers, Lanjouw,
and Lanjouw 2003). A program has been
written in SAS software that uses the simu-
lation approach proposed by Elbers, Lan-
jouw, and Lanjouw (2003) and takes hetero-
skedasticity and location effects into account.
In Appendix A, we compare the results ob-
tained from our Stata program with those
obtained from the SAS program using a
subsample of 26 districts in three provinces.

The results suggest that the district-level
estimates of F) and the Gini coefficient gen-
erated by the Stata program are reasonably
accurate (unbiased, with an average error of
less than 5 percent of the SAS value), though
the standard errors of F, may be under-
estimated. Furthermore, the Stata estimates
of P, and P, are moderately accurate and
highly correlated with the corresponding
SAS estimates. However, the Stata esti-
mates of the Theil L and Theil T indexes of
inequality are less accurate, with an average
error of around 20 percent of the SAS esti-
mate. Appendix A provides more details on
the results of this comparison.

Methods in Global Spatial
Regression Analysis

As discussed above, we are also interested
in examining the geographic determinants
of poverty. This analysis, sometimes called
“Stage 3,” involves spatial regression analy-
sis of poverty as a function of variables rep-
resenting agro-climatic characteristics and
market access. Because the dependent vari-
able in this analysis is, itself, an imputed
value, special care must be taken in inter-
preting the results, but Elbers, Lanjouw, and
Lanjouw (2004) show that the basic results
are essentially the same as they would be
with a “true” measure of poverty.

This section describes the global spatial
regression analysis, where “global” refers to
the fact that the models assume that the re-
lationship between poverty and geographic
variables is the same across the country. The
dependent variable is the district-level esti-
mate of poverty obtained from Stage 2 of
the poverty-mapping analysis described
above. The independent variables are listed
in Table 2.2.

As discussed, one of the problems with
carrying out regression analysis on spatial
relationships is that there is likely to be spa-
tial autocorrelation in the data.” In general,

7A related problem is that geographic data must be aggregated to the level of administrative units, and the results
may be affected by the way in which this is done. Appendix A describes this issue in more detail.
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Table 2.2 Explanatory variables used in spatial regression analysis

Exogenous variables

Possibly endogenous variables

Percentage of area at different elevation ranges
Percentage of area at different slope ranges
Roughness of terrain

Soil type

Type of land cover

Rainfall

Temperature

Hours of sunshine

Distance to cities of different sizes

Population and population density
Percentage of population in urban areas
Number and types of markets

Density of different types of roads
Density of navigable rivers

Transport time to cities of different sizes

spatial autocorrelation means that variables
in one location are affected by the value of
that variable in neighboring locations. There
are two ways this problem can manifest
itself.

Spatial lag dependence refers to a situa-
tion in which the dependent variable in one
location is affected by the dependent vari-
able in nearby locations. For example, if the
dependent variable is income or poverty, it
is probable that the level of economic activ-
ity in one location is directly affected by the
level of economic activity in neighboring
locations through migration, trade, or in-
vestment linkages. The spatial lag depen-
dence model can be written as follows:

=0 w.y+XpB+e, (14)

JE

where

Y, is the dependent variable for loca-
tion i,

G is the spatial autoregressive coefficient,

W is the spatial weight reflecting the
proximity of i and j,

y;1s the dependent variable for location j,

X, is a row vector of explanatory vari-
ables for location i,

B is a column vector of coefficients, and

€, is the error term for location i.

The spatial weights matrix w describes
the degree of proximity between each pair
of spatial observations. Usually it is a binary
variable based on whether the two locations

are contiguous or a continuous variable based
on some function of the distance between
the two locations. If the regression analysis
is carried out without adjustment for spatial
lag dependence, the estimated coefficients
will be biased and inconsistent (Anselin
1988).

The second type of problem that may
occur is spatial error dependence, in which
the error term in one location is correlated
with the error terms in nearby locations.
This can occur if there are variables that are
not included in the regression model but do
have an effect on the dependent variable and
they are spatially correlated. For example,
the quality of local government affects in-
come and poverty but is difficult to include
in a regression model. Because the quality
of local government is likely to be spatially
correlated (all towns in a state are affected
by the quality of state government), the error
term in each location is likely to be corre-
lated with those in nearby locations. This
model can be written as follows:

%= X,B+e withe, =ADw € +u,(15)

J#L

where

Y, is the dependent variable for location ,

X, is a row vector of explanatory vari-
ables for location i,

B is a column vector of coefficients,

€, is the error term for location i,

A is the spatial error autoregressive co-
efficient,
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w; is the spatial weight reflecting the
proximity of i and j, and

u, is the uncorrelated portion of the error
term for location i.

In this case, using ordinary least squares
to estimate the model does not yield biased
coefficients, but the estimates of the coeffi-
cient are not efficient, and the standard ¢ and
F tests will produce misleading inference
(Anselin 1988).

In order to test for the presence of spa-
tial autocorrelation, Moran’s [ is frequently
used:

Moran’s I = (x — W) W(x — wy/

(= W Cx — ), (16)

where

x is a column vector of the variable of
interest,

U is the mean of x, and

W is the weighting matrix.

This statistic is simply the correlation
coefficient between x at one point in space
and the weighted average of the values of x
nearby. In order to test whether there is spa-
tial lag dependence or spatial error depen-
dence, the Lagrange multiplier is used to
test the statistical significance of the spatial
autocorrelation coefficient (A) in the two
models. Anselin (1988) shows that the model
with the larger coefficient (A) is likely to be
the appropriate model.

In this study, we estimate the district
level poverty rates (F,) as a function of the
spatial variables listed in Table 2.1. A Chow
test indicates that the coefficients to predict
urban poverty differ significantly from the
coefficients to predict rural poverty. Thus,
we carry out the regression analysis sepa-
rately for urban and rural areas.

The weighting matrix was generated
using the inverse distance between the geo-
graphic centers of the two districts. In other
words, the value of Wy is equal to the inverse
of the distance between the center of district
i and the center of district j.

A Lagrange multiplier test is used to test
for the statistical significance of ¢ and 2,
which indicate the need to use the spatial
dependence lag model or the spatial error
dependence model, respectively. Often with
spatial regression models, both parameters
are statistically significant, and the normal
procedure is to adopt the model that yields
the higher value of the Lagrange multiplier.

The analysis was carried out using the
“spatreg” module written for Stata and
available from the Stata web site (www.
stata.com) as an add-on module.

Methods in Local Spatial
Regression Analysis

The global model described in the previous
section assumes that the relationship between
poverty and geographic factors is the same
across the country. Local spatial regression
analysis does not make this assumption and
examines spatial variations in the relation-
ship between poverty and geographic fac-
tors. We use a “moving window” regression
framework in which numerous regression
models are estimated, each centered on a
“regression point” and including nearby ob-
servations defined by a fixed “kernel band-
width.” Coefficient estimates are generated
for each regression point (see Fotheringham,
Brunsdon, and Charlton 2002).

A model based on geographically
weighted regression (GWR) techniques,
where observations within the local regres-
sion window are weighted according to the
distance to the regression point, was applied
(Brunsdon, Fotheringham, and Charlton
1996). Observations closer to the regression
point X, receive more weight than data of
observations further away. The weighted
regression window is then “moved” to the
next regression point, until all points have
been covered.

Because this method is based on a con-
ventional regression framework, the tech-
nique will produce the standard regression
output for each regression point. This al-
lows the regression output (including co-
efficients and R?) to be mapped, showing
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their variation over space. This makes this
technique particularly useful for analyzing
relationships in spatial data.

The standard global regression model
can be written as:

y=X'B+e, 17)
where

Y, is the dependent variable,

X is a row vector of explanatory vari-
ables for location i,

B is a column vector of coefficients, and

g, is the error term.

This model can be extended to a local re-
gression model as follows:

%=X/B,+¢, (18)

where . is a column vector of coefficients
specific to location i.

The regression coefficients vary from
one observation to another because they are
based on a local regression that includes
observations in the vicinity. For each local
regression at a regression point i, the obser-
vations are weighted depending on the dis-
tance from the regression point to the ob-
servation j. The Gaussian distance decay

function applied in this analysis can be writ-
ten as follows:

Loy 19
-5 (19)

W, = exp

where

w,. is the weight at regression point i for
] . .
observation j,

d; is the distance from regression point ;
to observation j, and

b is the bandwidth or the radius of influ-
ence around each observation.

In addition, we can test whether a local
model really describes relationships better
than a global model by comparing global
and local values of R2. Furthermore, Fother-
ingham, Brunsdon, and Charlton (2002) pro-
posed a Monte Carlo test of whether spatial
variations in the estimated coefficients are
statistically significant. The test involves
randomly adjusting the geographic location
of the observations numerous times, running
a GWR on each, and then comparing statis-
tically the parameter estimates for the ran-
domly distributed observations with the
parameter estimates of the actual geographic
distribution.
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Spatial Patterns in Poverty and Inequality

Household Characteristics Correlated with
Per Capita Expenditure
s described above, the first step in constructing a poverty map is to estimate econo-
Ametrically per capita consumption expenditure as a function of variables that are
common to the Census and the VLSS. These household characteristics include house-
hold size and composition, ethnicity, education of the head of household and his or her spouse,
occupation of the head of household, housing size and type, access to basic services, and own-
ership of selected consumer durables. Table 2.2 lists the variables used to represent these
household characteristics in the regression analysis.

It is reasonable to expect that the coefficients to “predict” expenditure in rural areas may
be different from those predicting expenditure in urban areas. Statistical tests indicate that the
coefficients in the urban model are significantly different from those in the rural model.® This
implies that separate analyses should be carried out on rural and urban samples.

In an earlier analysis, we tried estimating separate models for two urban and seven rural
regions (see Minot and Baulch 2002a). The regression results were not very satisfactory, with
lower values of R?, more coefficients that were statistically insignificant, and some coeffi-
cients that had the “wrong” sign. Based on these results, we adopt the rural-urban regression
models in this analysis.

We also experimented with the use of community-level means of the household-level
variables as explanatory variables. This is recommended by Elbers, Lanjouw, and Lanjouw
(2003) as a way to increase the explanatory power of the Stage 1 regression model and to
reduce or eliminate spatial autocorrelation. Unfortunately, the community-level variables had
very little effect on the explanatory power of the model and were not successful in reducing
spatial autocorrelation.”

As discussed above, we decided not to use community-level geographic variables in Stage
1 because we wish to later examine the geographic determinants of the estimated poverty rates
in Stage 3. The concern was that including geographic variables in Stage 1 could exaggerate
the strength of the relationship between poverty and the geographic variables in Stage 3.

8The Chow test strongly rejects the hypothesis that the coefficients for the urban subsample are the same as those
for the rural subsample (F = 6.16, P < 0.001).

“We added 18 commune-level means of variables representing household size, household composition, education,
housing characteristics, electrification, type of toilet, type of water, and ownership of consumer durables. The ad-
ditional variables increased the R? but just 2 percentage points in rural and urban models. In addition, the spatial
autocorrelation (as measured by the significance of commune-level dummy variables on the regression residuals)
was still statistically significant in both models.

15
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The results of the regression analysis are
shown in Table 3.1. Both urban and rural
models explain somewhat more than half of
the variation in per capita expenditure. This
is a relatively good result for cross-sectional
data, but it is useful to keep in mind that
other factors that are not included in the
model explain almost half of the variation.
In addition, because of the endogeneity of
some of the “explanatory” variables, the
statistical significance of the coefficients
should not be interpreted as implying causal-
ity, nor should much weight be given to the
size of the coefficients.

According to the results in Table 3.1,
large households are strongly associated with
lower per capita expenditure in both urban
and rural areas. Given the likely economies
of scale in family size, these results do not
necessarily imply a negative relationship be-
tween welfare and household size.

In rural areas, a household with a large
proportion of elderly members, of children,
and of women is likely to be poorer, other
factors being equal. In urban areas, however,
only the share of children is associated with
poverty. This implies that income-earning
capacity in urban areas is less dependent on
physical strength than it is in rural areas.

Ethnicity'? is a surprisingly weak pre-
dictor of per capita expenditure after other
household characteristics are controlled. In
rural areas the coefficient on ethnicity was
significant only at the 10 percent level,
whereas in urban areas it was not statisti-
cally significant. In both urban and rural
areas the level of schooling of the head of
household is a good predictor of a house-
hold’s per capita expenditure (the omitted
category is no schooling). The five variables
that represent the education of the head of

household are jointly significant at the 1 per-
cent level in both rural and urban areas (see
Table 3.1).

In general, the educational level of
the spouse is less significant than that of the
household head as a predictor of per capita
expenditure.

The occupation of the head of house-
hold is a statistically significant predictor of
per capita expenditure in rural and urban
areas, other factors held equal. As expected,
a household whose head is working in a
skilled occupation is better off than other
households.

Housing characteristics are good predic-
tors of expenditures. Living in a house made
of permanent or semipermanent materials
is associated with significantly higher per
capita expenditure in both rural and urban
areas.!! The living area of a house is also
a useful predictor of household well-being
(houses in Vietnam have an average living
area of about 45 square meters). Electrifica-
tion'? is a statistically significant predictor
of household welfare in rural areas, where
71 percent of the households have access to
electricity, but not in urban areas, where 98
percent of the households are already elec-
trified (see Table 3.1).

The main source of water and type of
sanitation facilities are also useful predic-
tors. In rural areas, households with access
to well water have a higher level of per
capita expenditures than households using
river or lake water (the omitted category). In
urban areas, where more than half of the
sample households (58 percent) have access
to tap water, this variable is a good predic-
tor of urban per capita expenditures.

In rural areas, flush toilets and latrines
are statistically significant indicators of

10Ethnic minorities are defined as all ethnic groups except for Kinh (ethnic Vietnamese) and Hoa (ethnic Chi-
nese), following the classification commonly used in Vietnam.

The effect of permanent and semipermanent housing materials operates through both the dummy variables for
these characteristics and the interaction terms with living areas. Although the dummy variables have negative
coefficients, this is more than offset by the positive effect through the interaction terms.

12More specifically, this variable refers to the main type of lighting used by the households.
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Table 3.1 Rural and urban regression models of per capita expenditure

Rural model®

Urban model®

Variable Coefficient t Coefficient t
Size of household (members) -0.0772 —19.5%%* -0.0785 —8.1*%*
Proportion over 60 years (fraction) -0.0831 —2.4%%* -0.1026 -1.6
Proportion under 15 years (fraction) -0.3353 —9.4%%* -0.2368 —3.6%**
Proportion female (fraction) -0.1177 —3.5%%* 0.0386 0.5
Household head is ethnic minority -0.0765 -1.9% 0.0142 0.2
Head has completed primary school 0.0585 3.4 0.0616 1.7
Head has completed lower secondary school 0.0883 4. 5%%% 0.0338 1.3
Head has completed upper secondary school 0.0884 3.3%xk 0.1368 3.2%**
Head has completed advanced technical degree 0.1355 4.2%%* 0.1603 3.5%%%
Head has postsecondary education 0.2552 4.9%%% 0.1843 3.7
Head does not have a spouse 0.0173 1.0 0.0344 0.8
Spouse has completed primary school 0.0049 0.3 0.0642 1.9%
Spouse has completed lower secondary school 0.0132 0.6 0.0987 2.6%*
Spouse has completed upper secondary school 0.0107 0.3 0.1912 2.7%*
Spouse has completed advanced technical degree 0.0921 2.3%* 0.1285 3.2%%%
Spouse has postsecondary education 0.1571 2.7H** 0.1752 3. 1w
Head is a political leader or manager 0.1414 3.5%%* 0.2312 3.0%**
Head is a professional or technical worker 0.1350 3.3%%* 0.0576 1.2
Head is a clerk or service worker 0.1362 3.4k 0.0357 0.9
Head is in agriculture, forestry, or fishing -0.0163 -0.6 -0.0093 -0.2
Head is a skilled worker 0.0701 1.9% 0.0071 0.2
Head is an unskilled worker —0.0586 -1.7% —0.1599 —2.9%**
House made of permanent materials -0.9228 —4 3% -0.5194 =34k
House made of semipermanent materials -0.3120 —3.6%%* -0.4001 —3.8%%*
Interaction of log(house area) and permanent house 0.2958 5.7%** 0.2001 5.4%%%
Interaction of log(house area) and semipermanent house 0.1180 5.2% %% 0.1403 4.6%%*
House has electricity 0.0765 2.7%%* —0.0026 0.0
House uses water from a public or private tap 0.0828 1.4 0.2289 5.3%%%
House uses well water 0.1157 4 .4%%% 0.0340 0.6
House has flush toilet 0.2700 5.5k 0.1311 2.2%%
House has latrine 0.0556 2.6%%* 0.0049 0.1
Household has television 0.2124 15.1%%* 0.2167 5.5%%%
Household has radio 0.1009 7.0%%* 0.1599 6.2%%%
Red River Delta 0.0314 0.6 0.0693 0.7
North Central Coast 0.0485 0.8 0.0445 0.6
South Central Coast 0.1373 2.2%% 0.1460 1.9%
Central Highlands 0.1708 2.1%* omitted

Southeast 0.5424 9.4%%% 0.4151 5.5%%%
Mekong River Delta 0.3011 S.1%** 0.1895 2.1%*
Constant 7.5327 108.7#** 7.7538 64.7%%*

Source: Regression analysis of 1997-98 Vietnam Living Standards Survey, taking into account clustering and
stratification and using robust estimates of standard errors.
Notes: Omitted categories are: head has no education; spouse has no education; head is not working; house is
made of temporary materials; household has other water source; household has no sanitation facilities;
and household lives in the Northern Uplands. * indicates significance at the 10 percent level, ** at the

5 percent level, and *** at the 1 percent level.
aN = 4,269, R? = 0.536.
bN = 1,730, R? = 0.550.
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Table 3.2 Statistical significance of groups of variables

Sector Variable df, df, F statistic Probability

Rural Education of head of household 5 129 7.80 0.0000%**
Education of spouse 6 129 1.97 0.0738*
Occupation of head of household 6 129 12.65 0.0000%**
Type of housing 2 129 14.00 0.0000%**
Main source of water 2 129 9.69 0.0001%**
Type of sanitary facility 2 129 15.64 0.0000%**
Region 6 129 26.20 0.0000%**

Urban Education of head of household 5 55 4.01 0.0036%**
Education of spouse 6 55 3.10 0.0110%*
Occupation of head of household 6 55 2.90 0.0157**
Type of housing 2 55 10.76 0.00071 ***
Main source of water 2 55 17.17 0.0000%**
Type of sanitary facility 2 55 4.12 0.0216%**
Region 5 55 10.29 0.0000%**

Source: Regression analysis of per capita expenditure using 1997-98 VLSS.
Notes: The dependent variable is log of per capita expenditure. * indicates significance at the 10 percent level,
** at the 5 percent level, and *** at the 1 percent level.

higher per capita expenditure, whereas in
urban areas, having a flush toilet is a statis-
tically significant predictor (see Table 3.1).
Television and radio ownership are two
of the strongest predictors of per capita ex-
penditures. Both variables are statistically
significant in both urban and rural areas. As
expected, the coefficient for radio ownership
is smaller than that of television ownership.
Regional dummy variables were in-
cluded in the regression models, with the
Northern Uplands as the omitted region.
Even after controlling for other household
characteristics, rural households in the four
southern regions are shown to be better off
than those in the Northern Uplands. A simi-
lar pattern holds for urban households (see
Table 3.1). The regional dummy variables
are jointly significant at the 1 percent level
in both urban and rural areas (see Table 3.2).

Incidence of Poverty

The incidence of poverty (also called the
poverty rate or poverty headcount ratio) is
defined here as the proportion of the popu-
lation living in households whose per capita
expenditure is below the “overall poverty
line,” as defined by the GSO (2000, 260).

This is the Foster-Greer-Thorbecke measure
of poverty when o = 0, also known as F.
We present national, regional, provincial,
district, and commune-level estimates of the
poverty rate in turn.

National and Regional Poverty
Rates (R)

The national headcount poverty rate, as es-
timated in this application of the small-area
estimation method using a 33 percent sample
of the 1999 Census data, is 36.5 percent, less
than 1 percentage point from the estimate
from the 1997-98 VLSS (see Table 3.3). The
small-area estimate of the urban poverty
rate (11.6 percent) is 2.4 percentage points
lower than the corresponding estimate from
the 1997-98 VLSS, but the small-area esti-
mate for the rural poverty rate (44.3 per-
cent) is 1.2 percentage points higher.

The difference in regional poverty esti-
mates ranges from less than 2 percentage
points in the North Central Coast, Southeast,
and Mekong River Delta to 8.9 percentage
points in the Central Highlands. It should
be noted that the 1997-98 VLSS had a rel-
atively small sample for the Central High-
lands, just 368 households, and that there
were no urban households sampled in this
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Table 3.3 Comparison of poverty estimates at national and regional levels

Headcount poverty rate (percent)

1997-98 Small-area Difference
Level VLSS estimation method (percentage points)
National 374 36.5 0.9
By urban/rural residence
Urban 9.2 11.6 2.4
Rural 45.5 443 1.2
By region
Northern Uplands 58.6 53.6 5.0
Red River Delta 28.7 31.6 -29
North Central Coast 48.1 46.2 1.9
South Central Coast 35.2 39.1 -39
Central Highlands 524 43.5 8.9
Southeast 7.6 8.5 -0.9
Mekong River Delta 36.9 35.7 1.2

region. In contrast, the small-area estimates
are based on 273,035 Census households in
the Central Highlands, 27 percent of which
live in urban areas. In fact, the estimate for
rural poverty in the Central Highlands using
small-area estimation is 53.7 percent, just
1.3 percentage points above the VLSS esti-
mate. This suggests that the small-area es-
timates may be more accurate than survey-
based estimates in some cases.

Provincial Poverty Rates (P,)

Table 3.4 gives the estimates of the incidence
of poverty for each of the 61 provinces in
Vietnam, and Figure 3.1 (see color insert)
maps these estimates. In the map, the poor-
est areas are dark orange, and the least
poor areas are dark green. These results con-
firm that poverty is most widespread in the
Northwest and the Northeast, particularly
in the provinces along the northern border
with China and the northwestern border with
the Lao P.D.R. More specifically, the poverty
rate is highest (70-80 percent) in the prov-
inces colored dark orange: Lai Chau, Ha
Giang, and Son La. The light orange indi-
cates that the poverty rate is 60—70 percent
in Lao Cai, Cao Bang, Lang Son, and Bac
Kan. Poverty is lower but still above 50
percent in the yellow provinces, including
the interior provinces of the Northeast and

Northwest (Hoa Binh, Tuyen Quang, and
Yen Bai), the northern part of the Central
Highlands (Gia Lai and Kon Tum), and two
central coast provinces (Ninh Thuan and
Quang Tri). It is striking that the 10 poor-
est provinces are all in the Northeast and
Northwest.

The provinces where the poverty rate is
lowest are, not surprisingly, the ones near
large urban centers. Three southern prov-
inces (Ho Chi Minh, Binh Duong, and Ba
Ria-Vung Tau) are dark green, implying that
they have estimated poverty rates around 10
percent or lower. Other provinces, including
Dong Nai, Tay Ninh, Da Nang, Hanoi, and
Binh Phuoc, have estimated poverty rates
between 10 and 20 percent.

Most provinces in the Red River Delta,
the Mekong Delta, and the Central Coast are
various shades of lighter green, indicating a
poverty rate in the range of 20-50 percent.

Although the poverty map is useful for
identifying the spatial patterns of poverty,
Table 3.4 provides more detail, including
the standard errors of the poverty estimates
and the urban and rural poverty rates for
each province. One of the strengths of this
poverty-mapping method is that it calcu-
lates the standard errors, a measure of the
accuracy of the estimate (see Box 3.1 for
more explanation of standard errors).
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Table 3.4 Estimated poverty rate (R) for urban and rural areas by province

Overall Rural Urban
Rank Poverty Standard Poverty Standard Poverty Standard
Code Province (1 = poorest) rate (F) error rate (F) error rate (F) error
101 Ha Noi 55 0.16 0.013 0.31 0.026 0.05 0.011
103 Hai Phong 51 0.29 0.020 0.40 0.029 0.08 0.017
105 Ha Tay 33 0.39 0.027 0.41 0.029 0.13 0.024
107 Hai Duong 47 0.33 0.026 0.36 0.030 0.12 0.026
109 Hung Yen 39 0.37 0.027 0.39 0.029 0.17 0.036
111 Ha Nam 35 0.38 0.028 0.40 0.030 0.14 0.028
113 Nam Dinh 41 0.35 0.026 0.38 0.030 0.11 0.024
115 Thai Binh 43 0.34 0.029 0.36 0.030 0.08 0.020
117 Ninh Binh 35 0.38 0.025 0.42 0.029 0.10 0.023
201 Ha Giang 2 0.75 0.020 0.81 0.022 0.24 0.033
203 Cao Bang 5 0.67 0.024 0.75 0.027 0.17 0.041
205 Lao Cai 4 0.70 0.018 0.79 0.021 0.21 0.027
207 Bac Kan 7 0.60 0.027 0.67 0.031 0.21 0.037
209 Lang Son 6 0.62 0.024 0.73 0.028 0.17 0.033
211 Tuyen Quang 9 0.57 0.030 0.61 0.033 0.14 0.023
213 Yen Bai 9 0.57 0.025 0.67 0.031 0.17 0.025
215 Thai Nguyen 25 0.43 0.033 0.50 0.042 0.16 0.022
217 Phu Tho 20 0.45 0.038 0.50 0.044 0.15 0.022
219 Vinh Phuc 20 0.45 0.044 0.48 0.049 0.20 0.028
221 Bac Giang 17 0.46 0.042 0.48 0.046 0.16 0.024
223 Bac Ninh 35 0.38 0.043 0.40 0.048 0.18 0.026
225 Quang Ninh 41 0.35 0.025 0.51 0.041 0.15 0.024
301 Lai Chau 1 0.80 0.014 0.88 0.015 0.19 0.029
303 Son La 3 0.73 0.020 0.81 0.022 0.14 0.023
305 Hoa Binh 8 0.59 0.028 0.65 0.032 0.14 0.023
401 Thanh Hoa 17 0.46 0.034 0.49 0.037 0.14 0.025
403 Nghe An 17 0.46 0.034 0.50 0.037 0.12 0.022
405 Ha Tinh 20 0.45 0.036 0.48 0.040 0.15 0.028
407 Quang Binh 15 0.47 0.033 0.51 0.038 0.14 0.026
409 Quang Tri 13 0.51 0.027 0.59 0.034 0.22 0.031
411 Thua Thien-Hue 15 0.47 0.026 0.58 0.036 0.20 0.027
501 Da Nang 55 0.16 0.017 0.34 0.032 0.11 0.020
503 Quang Nam 29 0.41 0.029 0.46 0.034 0.17 0.029
505 Quang Ngai 20 0.45 0.030 0.49 0.034 0.15 0.027
507 Binh Dinh 35 0.38 0.028 0.45 0.036 0.16 0.028
509 Phu Yen 29 0.41 0.029 0.46 0.035 0.18 0.031
511 Khanh Hoa 47 0.33 0.022 0.44 0.032 0.14 0.022
601 Kon Tum 13 0.51 0.037 0.65 0.052 0.20 0.028
603 Gia Lai 11 0.53 0.037 0.63 0.049 0.20 0.027
605 Dak Lak 25 0.43 0.045 0.50 0.056 0.17 0.025
701 TP Ho Chi Minh 61 0.05 0.008 0.08 0.012 0.05 0.009
703 Lam Dong 43 0.34 0.035 0.46 0.055 0.14 0.021
705 Ninh Thuan 11 0.53 0.026 0.63 0.032 0.21 0.032
707 Binh Phuoc 54 0.17 0.020 0.19 0.023 0.08 0.017
709 Tay Ninh 57 0.13 0.016 0.14 0.018 0.08 0.017
711 Binh Duong 60 0.08 0.008 0.08 0.011 0.06 0.012
713 Dong Nai 58 0.11 0.012 0.13 0.016 0.06 0.010
715 Binh Thuan 20 0.45 0.026 0.53 0.034 0.24 0.035
717 Ba Ria—Vung Tau 59 0.10 0.010 0.13 0.016 0.06 0.010
801 Long An 51 0.29 0.022 0.32 0.026 0.14 0.026
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Table 3.4—Continued

Overall Rural Urban
Rank Poverty Standard Poverty Standard Poverty Standard
Code Province (1 = poorest) rate (F) error rate (F) error rate (F) error
803 Dong Thap 33 0.39 0.025 0.42 0.028 0.19 0.032
805 An Giang 31 0.40 0.022 0.46 0.027 0.21 0.032
807 Tien Giang 53 0.27 0.024 0.30 0.027 0.12 0.024
809 Vinh Long 47 0.33 0.024 0.36 0.027 0.15 0.027
811 Ben Tre 50 0.32 0.024 0.34 0.026 0.15 0.028
813 Kien Giang 31 0.40 0.023 0.45 0.027 0.21 0.034
815 Can Tho 43 0.34 0.022 0.40 0.027 0.14 0.026
817 Tra Vinh 25 0.43 0.026 0.47 0.030 0.19 0.030
819 Soc Trang 25 0.43 0.025 0.48 0.029 0.22 0.033
821 Bac Lieu 40 0.36 0.023 0.41 0.028 0.20 0.034
823 Ca Mau 43 0.34 0.024 0.38 0.028 0.17 0.028

Source: Analysis of 1997-98 VLSS and 1999 Population and Housing Census.

Notes:

The poverty rate refers to the proportion of the population that are in households whose per capita expenditure is below the overall
poverty line. The standard error is a measure of the accuracy of the poverty estimate. The 95 percent confidence interval is approxi-
mately * 2 times the standard error.

The poverty rates and their respective and the horizontal lines above and below
confidence intervals for the 61 provinces (in each estimate are the upper and lower limits
order from least poor to most poor) are of its 95 percent confidence interval. This
shown in Figure 3.2. The diamond-shaped graph shows that most of the provinces
markers are the provincial poverty estimates, (36) have poverty rates in the range of 20

Box 3.1 Interpretation of the Standard Error and Confidence Interval

Like any method for measuring poverty, the poverty-mapping method does not produce
exact results. The household characteristics do not perfectly predict household expendi-
ture in Stage 1. Even if they did, there may be differences between households in the
VLSS sample and those in the Census. Finally, our Census data consist of a 33 percent
sample of the original data, so there is some sampling error as well.

A number of factors affect the accuracy of the poverty estimate. First, if the Stage 1
regression equation is very good in predicting household expenditure based on the
household characteristics, then the poverty estimates will be more accurate. Second, the
accuracy of poverty estimates tends to be better for areas with poverty rates near O per-
cent or near 100 percent. Third, the accuracy is better for areas with a large number of
similar households than for areas with few and diverse households.

Standard errors help define the margin of error around the poverty estimates. There
is a 95 percent chance that the “true” poverty estimate lies within two standard errors of
the poverty estimate. For example, in the case of Yen Bai, the estimated poverty rate is
0.57 (57 percent), and the standard error is 0.025. This means the 95 percent confidence
interval of this poverty estimate is 57 percent + 5 percentage points (0.025 X 2). In other
words, there is a 95 percent chance that the true poverty rate for Yen Bai is between 52
and 62 percent.
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Figure 3.2 Provincial poverty rates and confidence intervals
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to 50 percent. In contrast, there are fewer
provinces with poverty rates below 20 per-
cent or above 50 percent, and the gap be-
tween the poverty rates of adjacent provinces
is relatively large.

Across provinces, the 95 percent confi-
dence interval (see Box 3.1) ranges from
+1.6 percentage points to 19 percentage
points, with the average confidence interval
being +5.2. Half the provinces have confi-
dence intervals between 4.2 and 5.8 per-
centage points.!3 Dak Lak has the highest
confidence interval (£9 percentage points).
It is not obvious why the standard error is so
large for Dak Lak; it may be that households
earning money from coffee spend it in ways
that are not captured by our 17 household
characteristics.

Province

One important implication of these
standard errors is that if two provinces have
poverty rates that differ by 5 percentage
points, for example, there is a good chance
that the difference is not statistically signif-
icant. For example, if province A has a
poverty rate of 40 percent and province B
has a rate of 44 percent, we generally can-
not say that province B is poorer than prov-
ince A. As a general rule, two poverty rates
must differ by at least 8—10 percentage points
to give us confidence that the difference is
statistically significant.

As can be seen in Figure 3.2, the confi-
dence intervals are much smaller when the
poverty rate is either quite high or quite low.
When the poverty rate is below 20 percent
or above 70 percent, the confidence interval

13More specifically, this refers to the inter-quartile range. The first figure (+4.2) is the 25th percentile and the
second (%5.8) is the 75th percentile. Thus, half the provinces lie within this range.
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tends to be £2 or +3 percent. In contrast,
when the poverty rate is around 50 percent,
the confidence interval tends to be +5 per-
centage points or more.

It is also useful to look at differences in
the incidence of poverty in urban and rural
areas within each province (see Table 3.4).
In all 61 provinces, the rural poverty rate is
higher than the urban poverty rate. In fact,
whereas the rural poverty rate ranges widely
from 8 percent to almost 90 percent, the
urban poverty rates are all less than 25
percent.

District Poverty Rates (P,)

The poverty-mapping method can also be
used to generate poverty estimates for each
of the 614 districts in Vietnam. The spatial
patterns in the incidence of poverty can be
seen in Figure 3.3 (see color insert). The
district-level poverty map shows consider-
ably more detail than the provincial poverty
map. For example, in the provincial map,
Son La and Lai Chau appear as one orange
block, implying a poverty rate in the range
of 70-80 percent. The district map, however,
shows that the poverty rate varies widely
within these two provinces, being under 70
percent in southeastern Son La (Yen Chau,
Phu Yen, and Moc Chau districts) and over
90 percent in the far northwestern corner of
Lai Chau province (Mong Te and Sin Ho
districts).

Similarly, the provincial map suggests
that almost all of the North Central Coast is
light green, implying poverty rates in the
40-50 percent range. In contrast, the district
map shows that the poverty rate along the
coastal plain is less than 40 percent, but the
rates in the interior are greater than 70 per-
cent for some districts. Two districts in this
region have poverty rates over 80 percent,
both on the Lao border: Muong Lat district
in Thanh Hoa and Ky Son district in Nghe
An. The district map also reveals variation
in the incidence of poverty in the Central
Highlands and in the Mekong Delta that are
hidden in the provincial map.

It should be noted that the sharp line be-
tween the low poverty rates in the Southeast
(as defined in 1998) and the higher rates in
the Central Highlands and South Central
Coast are partly an artificial result of the use
of regional dummy variables in Stage 1.

The 95 percent confidence intervals for
the district-level poverty rates are shown in
Figure 3.4. As in Figure 3.2, the center line
represents the estimates of the poverty rate,
and the small horizontal lines above and
below the center line are the upper and lower
95 percent confidence limits.

The district-level confidence intervals
range from *1.3 to 22 percentage points,
with an average value of £5.8 percentage
points. Half of the districts have confidence
intervals between 4.4 and 6.9 percentage
points (this is the interquartile range). As
noted before, the confidence intervals are
smaller (and the poverty rate estimates
more accurate) when the poverty rate is
close to zero or close to 100 percent. When
the poverty rate is in the middle range
(40-50 percent), the confidence intervals
tends to be = 5 to £10 percentage points.

In general, the confidence intervals for
district poverty rates are somewhat higher
than those of provincial poverty rates, for
which the average was +5.2 percent. This is
because there are fewer households in the
districts than in the provinces. The least re-
liable district estimate is for Bach Long Vi
district in Hai Phong province: the poverty
rate is estimated as 19 percent * 22 per-
cent. The reason this poverty estimate is
very unreliable is that it is based on just 18
households on this island district. This is
an exception, however. The second highest
confidence interval is £12 percentage points.
Furthermore, only 6 of the 614 districts have
fewer than 1,000 households in our sample
of the Census data, and 90 percent of them
have more than 2,500 households.

As noted above, urban poverty rates are
generally lower than rural poverty rates.
Most district-level urban poverty rates are
clustered in the range of 10 to 30 percent,
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Figure 3.4 District poverty rates and confidence intervals
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and district-level rural poverty rates range
from less than 10 percent to over 90 percent,
with the bulk of the districts falling in the
range of 30-60 percent. It is also interesting
to note that there is a positive correlation
(R? = 0.42) between the urban poverty rate
in a district and the rural poverty rate in the
same district, as shown in Figure 3.5.

Commune Poverty Rates (P,)

The poverty-mapping method also gener-
ates estimates of the incidence of poverty
(P,) at the commune level. It is important to
use these results with caution because the
small number of households in some com-
munes means that the poverty estimates are
not reliable for some communes. The reli-
ability of the commune poverty estimates is
discussed further below.

The spatial patterns in commune pov-
erty rates are shown in Figure 3.6 (see color
insert). This map provides considerably more
detail than the district poverty map (see
Fig. 3.3 in color insert). For example, in the

Districts

Northern Upland region, the commune
poverty map reveals a number of green
“dots” in the orange and red areas. These
are urban areas with relatively low inci-
dence of poverty surrounded by rural areas
with much higher poverty rates. In addition,
the path of the Red River can be seen as a
yellow and orange line entering Vietnam
from the northwest and heading toward
Hanoi. Communes near the Red River
benefit from flat land, irrigation water, and
transportation provided by the river, all of
which reduce poverty rates.

In the Northeast, the influence of the
road network is visible in some places. For
example, there is a yellow-orange line ex-
tending southeast from the Chinese border
through Cao Bang and Lang Son. This cor-
responds to the path of the highway (Routes
4A and 4B) that goes from the Chinese
border through the two provincial capitals
to the coast. This may reflect the impact of
market access on poverty rates, or it may be
that the roads are built in less mountainous
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Figure 3.5 Urban poverty and rural poverty by district

Urban poverty rate (P() (%)

100
90
80 -
70
60 -
50
40

30 |

60 80 100

Rural poverty rate (P) (%)

areas with greater agricultural potential (com-
pare Figures 3.6 and 3.7 in color insert).

The city of Hanoi shows up clearly as
a dark green dot surrounded by light green
and yellow. This reflects the fact that the
communes of Hanoi have poverty rates
below 10 percent, compared to 2040 per-
cent in most of the surrounding communes
of the Red River Delta.

In the North Central Coast, the com-
mune poverty map illustrates even more
clearly that the coastal communes have
lower poverty rates, whereas the interior
regions along the Lao border have much
higher poverty rates. One exception to this
pattern is the area west of the city of Vinh.
The lower poverty rate in this region may
reflect the impact of the highway (Route 8)
that runs from Vinh west to the Lao border
and serves as an important channel for trade
between the two countries. Another high-
way (Route 7) running northwest from Vinh
to the Lao border in Nghe An is barely vis-

ible in Ky Son district (see Figs. 3.6 and 3.7
in color insert).

The South Central Coast has some of
the poorest coastal areas in Vietnam. In par-
ticular, the coast of Binh Thuan and Ninh
Thuan provinces are shaded orange on the
map, indicating poverty rates over 60 per-
cent. The high incidence of poverty in this
region is probably because this is one of the
most arid parts of Vietnam, and the sandy
soils make it difficult to practice intensive
agriculture. A relatively large proportion of
the population is involved in fishing in this
area (see Fig. 3.6 in color insert).

In the Central Highlands, the commune
map shows more clearly that the incidence
of poverty is highest in the northern part of
the Central Highlands, particularly in the
provinces of Gia Lai and Kon Tum. The
least poor communes in these two provinces
(shaded in green and yellow) are along the
north-south highway connecting Kon Tum
town and Pleiku (Route 14) and along the
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east-west road connecting Pleiku and the
coast (Route 19). Dak Lak is less poor than
Gia Lai and Kon Tum, most of the com-
munes being shaded yellow or green indi-
cating poverty rates below 60 percent. The
town of Buon Ma Thuot is visible as a green
dot in the center of the province. Dak Lak is
the main coffee-growing area in Vietnam
and has benefited from the rapid growth in
coffee production during the 1990s (see
Figs. 3.6 and 3.7 in color insert).

The commune-level poverty map also
shows red areas on three sides of Lam Dong
province in the Southeast region. These cor-
respond to mountainous areas with difficult
access to roads and markets. The green and
yellow path in the center of the province
follows the highway (Route 20) northeast
from Ho Chi Minh City to Dalat, the dark
green area. After Dalat, the highway turns
southeast to the coast, barely visible on the
map from the yellow and orange communes
along the route. The Southeast region also
has a large green area indicating relatively
low levels of poverty (under 20 percent) in
most of the provinces near Ho Chi Minh
City (see Figs. 3.6 and 3.7 in color insert).
As noted earlier, the sharp line between low
poverty rates in the Southeast and higher
rates elsewhere is partly a result of the
use of regional dummy variables. Although
the average poverty rate for the Southeast
closely matches the VLSS poverty rate for
the region, the poverty rates for outlying
communes in the Southeast may be under-
estimated.

The Mekong Delta, in contrast, is pre-
dominantly light green and yellow, suggest-
ing poverty rates in the range of 30-60 per-
cent. A few communes in this region have
poverty rates above 60 percent, represented
by the light orange communes. These com-
munes are found in Tra Vinh and Soc Trang,
near the mouth of the Tien Giang and Hau

Giang branches of the Mekong River, and in
An Giang and Kien Giang near the Cambo-
dian border.

As mentioned earlier, the commune-level
estimates of poverty must be interpreted with
caution. Many of the communes have a rel-
atively small number of households, leading
to relatively high margins of error in the
poverty estimates (see Fig. 3.8). The 95 per-
cent confidence intervals for commune-level
poverty estimates range from less than
+1 percentage point to +27 percentage
points, the average being *8.1 percent-
age points. Half of the communes have
confidence intervals between 6.6 and
+10 percentage points. This means that one-
quarter of the communes have confidence
intervals greater than £10 percentage points.
By comparison, none of the province-level
confidence intervals was greater than £10
percentage points, and only 15 of the 614
district-level confidence intervals were this
large. Clearly, the commune estimates of
poverty must be used very cautiously, tak-
ing into account the size of the confidence
intervals. For some communes, they should
not be used at all.

Poverty Density

The three maps presented in Figures 3.1,
3.3, and 3.6 (see color insert) show the inci-
dence of poverty, defined as the percentage
of the population living below the poverty
line. Another way to look at the spatial dis-
tribution of poverty is to examine the pov-
erty density, defined as the number of poor
people living in a given area. By multiply-
ing the commune-level poverty rates by the
population in each commune, we estimate the
number of poor people living in that com-
mune, a number that is represented by the
number of dots in that commune.'* Figure
3.9 shows the poverty density in Vietnam,
where each dot represents 500 poor people.

14We do not have information on the geographic distribution of households within each commune, so the dots are

distributed randomly within each commune.
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Figure 3.8 Commune poverty rates and confidence intervals
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It is somewhat surprising to find that the
number of poor people per square kilometer
is greatest in the Red River Delta, in the
Mekong River Delta, and along the coastal
plains. The poverty density is lowest in the
areas where the incidence of poverty is
the highest. This is because the areas with
the highest poverty rate tend to be remote
and sparsely populated areas, and the lower
population density more than offsets the
higher percentage of the population that is
poor.

An important implication of Figure 3.9
(see color insert) is that if all poverty allevi-
ation efforts are concentrated in the areas
where the poverty rate is the highest, in-
cluding the Northeast, the Northwest, the
Central Highlands, and the interior of the
central coast, most of the poor will be ex-
cluded from the benefits of these programs.
The implications of this map are discussed
in Chapter 6.

Communes

Spatial Patterns in Other
Measures of Poverty
The previous section explores the spatial
patterns in the incidence of poverty, also
called F). As described in Chapter 2, there
are other measures of poverty that have use-
ful properties. The depth of poverty (F,), also
called the poverty gap, takes into account
not just how many people are poor but how
poor they are, on average. In fact, the depth
of poverty is equal to the proportion of the
population that is poor multiplied by the per-
centage gap between the poverty line and
the average per capita expenditure of the
poor. The severity of poverty (P,), also called
the poverty gap squared, takes into account
not just how poor the poor are, on average,
but the distribution of income among them
(see Chapter 2 for more information).

At the national level, the estimated
value of P, is 0.100, implying that the aver-
age poor person has a level of per capita
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Figure 3.11 Depth of poverty (£) and severity of poverty (B) as a function of the

incidence of poverty (R) in each district
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expenditure that is 28 percent below the
poverty line.! The estimated value of P, at
the national level is 0.040.

Figure 3.10 (see color insert) shows the
district-level maps of the depth of poverty
(P,) and the severity of poverty (P,), pre-
sented side-by-side to make comparison
easier. It is obvious that the spatial patterns
in P, and P, are quite similar to each other
and similar to the spatial pattern of F, (see
Fig. 3.3 in color insert). In all three maps,
poverty is greatest in the Northwest, North-
east, the interior of the North Central Coast,
and in the northern part of the Central High-
lands. Poverty is intermediate in the Red
River Delta and the Mekong River Delta,
and it is lowest in the large urban areas such

as Hanoi and Ho Chi Minh City as well as
in the Southeast region near Ho Chi Minh
City.

Figure 3.11 plots the depth of poverty
(P,) and the severity of poverty (P,) on the
vertical axis with the incidence of poverty
(R)) on the horizontal axis, with each point
representing one district. As the incidence
of poverty rises, the depth and severity of
poverty rise as well. The correlation between
the poverty measures is quite strong.'® The
fact that the P, line curves upward as F,
increases implies that, as the poverty rate
rises, the percentage gap between the pov-
erty line and the per capita expenditure
of the average poor households increases
as well.'”

5P = P,- G where G is the gap between the poverty line and the average per capita expenditure of poor people,

expressed as a proportion of the poverty line.

'6A quadratic trend line based on £ has an R? of 0.98 in the case of P, and 0.96 in the case of P,.

17If the average poverty gap remained constant, P, would have a positive and linear relationship with F,. The fact
that it curves upward implies that the average poverty gap must also be increasing as we move from less poor to

poorer districts.
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Spatial Patterns

in Inequality

As discussed in Chapter 2, the small-area
estimation method is most commonly used
to estimate the incidence of poverty (pov-
erty mapping), but it can also be used to
generate inequality estimates. Whereas pov-
erty measures focus on those below the
poverty line, inequality measures look at
the distribution of the entire population,
poor and nonpoor. In this analysis, we focus
on three commonly used measures of in-
equality: the Gini coefficient, the Theil L
index of inequality, and the Theil T index of
inequality. The two Theil indexes are also
part of a class of generalized entropy mea-
sures, sometimes labeled GE(0) and GE(1).

Gini Coefficient

The Gini coefficient is a measure of in-
equality that varies between O (when every-
one has the same expenditure or incomes)
and 1 (when one person has everything!).
Thus, a higher Gini coefficient implies
more inequality. For most developing coun-
tries, Gini coefficients range between 0.3
and 0.6. According to our analysis, the na-
tional Gini coefficient is 0.323, indicating a
relatively low degree of inequality in per
capita expenditure.

Like other measures of inequality, the
Gini coefficient tends to be smaller for
smaller areas, such as provinces or districts,
than for the nation as a whole. This is be-
cause households in a small area are likely
to be more similar to each other than to
households across the entire country. Figure
3.12 (see color insert) shows the level of
inequality in per capita expenditure as mea-
sured by the Gini coefficient at the district
level. The areas with the least inequality
(shaded white) include the Red River Delta,
some lowland areas of the Northeast, coastal
districts in the North Central Coast region,
some districts in the Mekong Delta, and
scattered coastal districts in the South Cen-
tral Coast. The greatest level of expenditure
inequality is found in the large urban areas,
particularly Hanoi and Ho Chi Minh City,

and in the upland areas, including the North-
east, Northwest, and Central Highlands.

It is not surprising that large urban areas
have a high levels of inequality because
they have some of the richest households
in the country as well as recent immigrants
and others whose income is barely higher
than in rural areas. Nor is it surprising that
inequality is low in the Red River Delta and
coastal districts. These areas are character-
ized by intensive irrigated agriculture and a
large percentage of the population depend-
ing on agriculture. The agricultural potential
of the irrigated farm land is relatively uni-
form, and the allocation of cooperative land
among households was carried out with
the objective of maintaining equality among
households.

The Mekong River Delta is also charac-
terized by intensive irrigated agriculture
and a large percentage of the population de-
pending on agriculture, but there is greater
variation in farm size as well as the presence
of some landless households that depend on
selling agricultural labor.

Perhaps the most surprising finding is
the high level of inequality in some parts of
the Northeast, Northwest, and the Central
Highlands. One possible explanation is that
these areas combine very poor subsistence
farmers, many of whom are ethnic minori-
ties, and some richer households who earn
income from commerce, commercial agri-
culture (including livestock production), or
salaried employment, including government
employment. The case of Dak Lak, however,
does not support this explanation. We would
expect the contrast between relatively rich
coffee farmers and poor subsistence farmers
to yield a particularly high level of inequal-
ity, but Dak Lak is one of the few upland
provinces where inequality is moderate.

Theil L and Theil T Indexes

of Inequality

The Theil L index varies between O (ab-
solute equality) and infinity (e, absolute
inequality), although it is unusual for it to
exceed 1. Like the Gini coefficient, a higher
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Figure 3.14 Theil indexes of inequality as a function of the Gini coefficient for

each district
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Theil index implies a more unequal distri-
bution of expenditures (or incomes). How-
ever, the Theil L gives more weight to the
bottom of the distribution, thus giving
greater weight to the distribution of expen-
diture among the poor than the Theil T
index or the Gini coefficient.

The Theil T index varies between 0 and
log (N), where N is the population. Unlike
the Theil L index, the Theil T index gives
equal weight to all parts of the distribution.
The equations used to calculate the two
Theil indices are given in Chapter 2.

The district-level maps of inequality as
measured by the Theil L and Theil T indexes
are shown in Figure 3.13 (see color insert).
Despite their different underpinnings, the
maps of inequality using the two Theil in-
dexes give similar results to the map using
the Gini coefficient. In all cases, inequality
is lowest in the Red River Delta and some
coastal districts in the North Central Coast

Gini

region, intermediate in the Mekong River
Delta, and greatest in urban areas, the North-
ern Uplands, and the Central Highlands.

Figure 3.14 shows the relationship
among the three measures of inequality,
where each dot represents one district. This
graph indicates that there is a linear rela-
tionship between the Gini coefficient on
the one hand and the two Theil indexes on the
other and that the correlation is quite close.
For the relationship between the Gini coef-
ficient and the Theil L index, R? = 0.98, and
in the relationship between the Gini coeffi-
cient and the Theil T index, R2 = 0.97. This
helps to explain why the three inequality
maps are quite similar.

Decomposing Inequality

Is inequality mainly caused by differences
across provinces or differences across house-
holds within each province? Unlike the
Gini coefficient, the Theil L and T indexes
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Table 3.5 Decomposition of inequality into between- and within-province components

Inequality Total inequality Between-province ‘Within-province

measure Variable at national level component component

Theil L index Value of index 0.193 0.046 0.147
Share of total 100% 24% 76%

Theil T index Value of index 0.204 0.050 0.153
Share of total 100% 25% 75%

Table 3.6 Decomposition of inequality into between- and within-district components

Inequality Total inequality Between-district Within-district

measure Variable at national level component component

Theil L index Value of index 0.193 0.067 0.127
Share of total 100% 34% 66%

Theil T index Value of index 0.204 0.073 0.131
Share of total 100% 36% 64%

of inequality can be exactly decomposed into
“subgroups.” For example, the Theil index
for all of Vietnam is equal to the weighted
average of the provincial indexes (the
“within-province” component) plus the Theil
index of the inequality in provincial average
expenditures (the “between-province” com-
ponent). The “between” component refers
to what inequality would be if everyone
inside a province had the same expenditure
as the provincial mean, and the “within”
component takes into account inequality
within provinces but excludes inequality of
provincial means.

Table 3.5 decomposes the Theil L and
Theil T measures using provinces as the
subgroup. The between-province compo-
nent of inequality accounts for about one-
quarter of the inequality at the national
level. The other three-quarters results from
inequality within each province. The mag-
nitude of these decomposition results are
similar to those described by Kanbur (2002)
for other developing countries, where it is

usual for the between component to ac-
count for around 15 percent of total national
inequality.'8

Table 3.6 decomposes the Theil L and T
measures using districts as the subgroup.
The between-district component of inequal-
ity is about one-third (34 percent for the
Theil L index and 36 percent for the Theil T
index). The other two-thirds of national in-
equality is associated with inequality within
each district. We expect the between com-
ponent of inequality to increase with greater
geographic disaggregation. It is perhaps
more surprising how much inequality re-
mains after disaggregating down to the
level of the 614 districts. This suggests that
district-level targeting in antipoverty pro-
grams may not be that effective, though
more detailed studies of leakage and under-
coverage rates would be needed to confirm
this conclusion. These results also contra-
dict the widespread view in Vietnam that
inequality between provinces is a major con-
tributor to overall inequality.

180bviously the relative magnitude of the between and within components will depend on how many subgroups
(provinces, districts, or other administrative units) are involved. The greater the number of subgroups, the larger

is the between component.
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Figure 3.15 Poverty rate (R) as a function of per capita expenditure
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Relationships among

Income, Poverty, and
Inequality

Previous sections of this chapter examined
the spatial patterns in poverty and inequal-
ity. In this section, we examine the relation-
ship among poverty, inequality, the degree
of urbanization, and average per capita ex-
penditure at the district level. In order to
reduce the number of variables, and because
of the close correlation among poverty mea-
sures, we use P, to represent poverty. Simi-
larly, because all three inequality measures
are closely correlated, we use the Gini coef-
ficient to represent inequality.

In Figure 3.15, we plot the poverty rate
(R)) as a function of the district average per
capita expenditure, where each dot repre-
sents a district. We expect that as per capita
expenditure rises, the poverty rate will fall.
Nonetheless, it is surprising how closely the
poverty rate depends on the average per
capita expenditure of the district. Particularly

among the poorer districts, the relationship
between the two is very close. A quadratic
trend line explains 96 percent of the varia-
tion in poverty. This suggests that the inci-
dence of poverty in a district is largely a
function of the average level of per capita
expenditure in the district and that the de-
gree of inequality within a district plays a
minor role in determining the poverty rate.
Figure 3.16 shows the relationship be-
tween the Gini coefficient and the average
per capita expenditure of the district. It is
widely believed in Vietnam and other coun-
tries that as incomes rise, the gap between
the poor and rich widens. The data presented
here confirm that view to some degree. The
linear trend line shown on the graph indi-
cates an increase in the Gini coefficient
from 0.25 to 0.30 as per capita expenditure
rises from 1 million VND/year to 7 million
VND/year. This may be part of the pattern
found in international data in which, at low
levels of income, higher income is associ-
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Figure 3.16 Gini coefficient of inequality as a function of per capita expenditure
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ated with higher inequality, but at some
point further increases in income tend to
reduce inequality. This inverted-U pattern is
called the Kuznets curve. Because Vietnam
is a low-income country, the Kuznets curve
would predict a positive relationship be-
tween income and inequality over time and
across districts.

But the relationship between inequality
and per capita expenditure in Figure 3.16
is not a simple positive relationship. Many
low-income districts also have a high level
of inequality. In fact, the districts with the
highest levels of inequality tend to be the
relatively poor districts with per capita ex-
penditure below 4 million VND/year. Fur-
thermore, low-income districts have a wider
range of levels of inequality, whereas high-
income districts seem to converge toward a
Gini coefficient of around 0.3.

The relationship between poverty (F,)
and inequality (the Gini coefficient) is shown
in Figure 3.17. There appears to be a weak
U-shaped pattern in which the highest level
of inequality is found in the poorest districts
and in the least poor districts. This may be
related to the pattern noted in Figures 3.12

and 3.13 (see color insert), in which the
areas with the highest inequality were the
rural upland areas (with high poverty rates)
and the large urban centers (with low
poverty rates). Although the trend line does
support the idea of a quadratic (curved) re-
lationship, the relationship is fairly weak
(R?=0.12).

Rural poverty rates exceed urban pov-
erty rates in almost every country where it
has been studied. Indeed, this pattern has
been confirmed for Vietnam by various
surveys (for example, GSO 2000). Using
small-area estimation methods, however,
we can examine the poverty rates for many
urban and rural districts to provide a more
detailed picture of the relationship between
the degree of urbanization and poverty. Fig-
ure 3.18 shows the relationship across dis-
tricts between the proportion of the popula-
tion living in urban areas and the poverty
rate (P), along with a linear trend line. The
graph indicates clearly that there is a clear
negative relationship: most districts that are
largely rural have poverty rates in the range
of 30-60 percent, whereas most districts
that are mainly urban have poverty rates that
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