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Abstract This paper uses small area estimation techniques to estimate the poverty indexes
of Vietnam’s provinces and districts in 2009. We find that poverty rates have become more
spatially concentrated over time, which is consistent with widely observed growth pro-
cesses linked to agglomeration. We hypothesize that this makes geographic targeting of the
poor more relevant as a means to re-balance growing welfare disparities between geo-
graphic areas. Simulations indicate that in both 1999 and 2009 geographic targeting for
poverty alleviation improves upon a uniform lump-sum transfer and this becomes more
evident the more spatially disaggregated the target populations.
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Developing countries

1 Introduction

Vietnam represents one of the great international success stories in achieving poverty
reduction during recent decades. Concerns have been raised, however, that the pace of
poverty reduction has slowed in recent years. In response, the government of Vietnam has
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launched a variety of policies and initiatives to restore momentum in poverty reduction,
and it is perceived that in order to buttress the impact of these policy measures, programs
must become better targeted at the poor. One route towards better targeting is to exploit
geographic variation in welfare outcomes. International evidence suggests that transfers
will have a larger impact on poverty when they are targeted to finely delineated com-
munities and localities (Baker and Grosh 1994; Bigman and Fofack 2000; Elbers et al.
2007).

Geographic targeting of the poor may be most effective in those settings where eco-
nomic growth originates in areas with high factor productivity, which then results in the
emergence of lagging regions. The 2009 World Development Report published by the
World Bank, entitled “Spatial Disparities and Development Policy”, demonstrates that
economic activity and growth is spatially concentrated in many developing countries due
to agglomeration benefits (World Bank 2009). The report argues that countries should
embrace this development rather than insist on geographically balanced growth. However,
the report further argues that policy makers should explore opportunities to ensure that the
benefits from such spatially concentrated growth are distributed broadly across the pop-
ulation. One means to that end is to promote the movement of people; barriers to trade and
factor mobility should be removed. Another is to implement spatially targeted re-distri-
bution policies that permit countries to support these growth processes while pursuing an
equitable distribution of wellbeing.

A major obstacle to detailed spatial targeting is scarcity of reliable information on
welfare levels at the local level. Estimation of poverty in small geographical units such as
districts and communes poses considerable data demands. Income or expenditure data are
commonly used as indicators of economic wellbeing and such information are routinely
collected in household sample surveys. While representative at a national level, their
sample sizes are typically too small to yield reliable estimates of poverty at the level of
districts or communes. Censuses do not suffer from small sample problems as they cover
the entire population. But while censuses also collect valuable information on individual
and household characteristics that provide insights into living standards, they rarely include
the income or expenditure information needed to measure poverty directly.

Small area estimation techniques have been developed to estimate poverty at the small
area level. One popular approach, introduced by Elbers et al. (2002, 2003)—henceforth
ELL—combines household survey data and census data at the unit record level. The
approach exploits the census’s coverage of the entire population and the household sur-
vey’s detailed information on income and expenditure. First, an expenditure (or income)
model is estimated using the household survey data. The dependent variable is expenditure
(or income), and the explanatory variables are a set of household and community char-
acteristics that are comparable and that are available in both the household survey and the
census. Subsequently, the parameter estimates from the expenditure model are applied to
the census data in order to predict expenditure of all households in the population. From
there it is a straightforward procedure to estimate poverty measures in small areas such as
communes and districts.

The small area estimation method has been applied in a large number of countries to
produce maps of not only poverty measures but also other welfare indicators (see Bedi
et al. 2007 for a review of applications). In Vietnam, a number of poverty maps have been
developed using the ELL small area estimation method. Minot (2000) combines the 1993
Vietnam Living Standard Survey (VLSS) and the 1994 Agricultural Census to estimate
poverty at the local level in rural areas of Vietnam. Minot et al. (2003) construct a poverty
map using a 1998 VLSS and a 33 % sample of the 1999 Population and Housing Census.
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Nguyen (2009) applies the 2002 VHLSS to the 33 % sample of 1999 Population and
Housing Census to produce a poverty map for 2002. Nguyen et al. (2010) further update
the rural poverty map for 2006 using the 2006 VHLSS and the 2006 Rural Agriculture and
Fishery Census.

The General Statistics Office of Vietnam recently published the 2009 Population and
Housing Census and the 2010 Vietnam Household Living Standard Survey. These datasets
permit a new updating of the Vietnam poverty and inequality maps. This paper presents
new estimates of expenditure poverty at the province and district level of Vietnam. The
estimates are based on the 15-% sample of the 2009 Population and Housing Census in
combination with the 2010 Vietnam Household Living Standard Survey. In addition, we
estimate poverty at the provincial and district level for different groups including rural and
urban, Kinh/Hoa and ethnic minority people. We also report small area estimates of
inequality and examine in which provinces and districts the richest 15 % of Vietnam are to
be found. Finally, we compare the 1999 and 2009 poverty maps and analyze how evidence
on local level changes can inform social policy making in Vietnam.

We simulate the impact of spatial targeting of a hypothetical budget, directed in turn to
localities defined in terms of increasing spatial disaggregation to assess the gains from
geographic targeting. The departure point of this analysis is a paper by Ravallion (1993)
showing how spatial disaggregation to the regional level in Indonesia improves targeting,
albeit to only a modest extent. In contrast, Elbers et al. (2007) apply an approach identical
to the one employed here and find that in the case of Ecuador, Madagascar and Cambodia,
when the geographic disaggregation is to a considerably finer level the gains from spatial
targeting become very pronounced.

Vietnam has previously employed geographic targeting based on a fairly arbitrary list of
poor communes, and is currently using a bottom-up approach to define who is poor and
eligible for social assistance. Doubts about the effectiveness and transparency of both
methods have been raised (Litvack 1999; Baulch and Minot 2002; van de Walle 2002;
Nguyen et al. 2010). Although poverty reduction in Vietnam has been impressive over the
last decade, geographic targeting based on more clearly objective criteria may be needed to
maintain further progress. Our simulations for 1999 and 2009, involving two snap-shots of
the spatial distribution of poverty and a variety of alternative administrative levels of
targeting, allow us to track the effectiveness of geographic targeting at different levels of
spatial disaggregation as well as under alternative settings of the spatial distribution of
poverty. At the same time, and as is noted further below, our simulations are highly
stylized and predicated on simplifying assumptions, and as such can at best provide sug-
gestive guidance to the design of policy.

The paper is structured as follows. The second and third sections introduce the esti-
mation method and data sources used in this paper, respectively. The fourth section pre-
sents the empirical findings on the geographical distribution of poverty. The simulation of
the impact of spatial targeting of transfers on poverty reduction is presented in the fifth
section. Finally, the sixth section concludes.

2 Methodology

To estimate the poverty rate in small areas such as districts, we employ the small area
estimation method developed by Elbers et al. (2002). The method involves three broad
steps. In the first step, we select a set of variables that are common to both the household
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survey and the population census. The common variables include household characteris-
tics, as well as characteristics of small areas such as villages and/or communes via area
mean variables computed from the census. Area mean variables include, for example, the
average household size at the commune level as calculated from the census, or the total
population of the commune. These variables are then “inserted” into the household survey
so that they can be included as candidate variables in the modeling stage. All variables
common to the survey and census are subject to careful comparison; they need to be similar
in terms of their means and distribution and in terms of the framing of the question.

In the second step, we regress observed expenditure in the household survey on the
selected common variables. More specifically, we estimate the following model:

ln(ych) = Xchﬁ + Ne + &cn, (1)

where In (y.;) is log of per capita expenditure of household 7 in cluster ¢, X, the vector of
the common variables, f§ the vector of regression coefficients, 7. the cluster-specific ran-
dom effect and ¢., the household-specific random effect. The subscript ch refers to
household £ living in cluster c. We estimate different models for the six regions separately,
to allow for variation in the relationship between expenditure and the selected variables in
these areas. Table 4 in the Appendix lists the selected variables that are included in the
regression models, i.e. selected on the basis of being common to both the survey and
census and contributing significant explanatory power.
In the third step, we predict expenditure of a household in the census as follows:

lﬁ(YCh) = xp,Th:[;) +1.+ Ecns (2)

where ﬁ #]. and &, denote the estimates for f3, y,. and &.,. The predicted expenditure is used
to calculate the poverty rate of small areas. It should be noted that the point estimates as
well as the standard errors of the poverty rate and per capita expenditure are calculated by
Monte-Carlo simulations. In each simulation, a set of values B 7], and &y, are drawn from
their estimated distributions, and an estimate of expenditure and the poverty rates are
obtained. After k simulations, we can obtain average expenditure and its standard deviation
over the k different simulated values. Since we are restricted to a 15 % sample of the 2009
Population Census (as opposed to the full census), we add an additional sample error
component to the standard deviation. For this, we in effect treated the census as a survey,
taking account of its complex design and sample weights.

The predicted expenditure for all households in the population census are subsequently
aggregated to generate district- and province level welfare measures. In 2009, we apply the
GSO-World Bank official poverty line of 7,836,000 VND/person/year, and in 1999 the line
is 1,789,871 VND/person/year (Minot et al. 2003). As poverty measure we use the popular
headcount rate. We also estimate the Gini coefficient as our primary indicator of income
inequality at the local level.

3 Data Sources

As described in the methodology section, the 2009 poverty maps are based on two data
sets. The first is the 15-% sample of the Vietnam Population and Housing Census (VPHC).
The 2009 VPHC was conducted by the General Statistics Office of Vietnam in April 2009,
with (technical) support from the United Nations Population Fund (UNFP), I and includes
two modules. The first module is used to collect basic demographic and housing data for
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the whole population. Data includes age, gender, race and education of individuals. The
second module, which underpins our small area poverty estimates, contains more elaborate
data. Individual data include demographics, education, employment, disability and
migration. Household data include durable assets and housing conditions. The 15-%
sample is representative at the district level, and is selected on the basis of a cluster
sampling technique, covering 3,692,042 households with 14,177,590 individuals (Central
Population and Housing Census Steering Committee 2009).

The second dataset is the 2010 Vietnam Household Living Standard Survey (VHLSS).
The 2010 VHLSS is also conducted by GSO with technical support from the World Bank.
It includes very detailed data on individuals, households and communes. Individual data
consist of information on demographics, education, employment, health and migration.
Household-level data include information on durables ownership, assets, production,
income and expenditure, and participation in government programs. There are 9402
households with 37,012 individuals covered in this data set. This 2010 VHLSS is repre-
sentative for rural/urban areas and 6 geographic regions. Only 3 households are sampled
from each commune. Thus, 9402 households are sampled from 3113 communes which
belong to 686 districts. The 2010 VHLSS differs from earlier rounds (2002-2008) in terms
of content as well as sampling design. The principal changes include shortening of the
questionnaire, reframing of the consumption modules, and drawing of the sample from the
2009 instead of the 1999 Population Census.

To compare the 2009 results with those of 1999, we used the 1999 SAE poverty rates
from Minot et al. (2003).! These are based on the 1998 VLSS and a 33 % sample of the
1999 VPHC. The survey is implemented by GSO with funding from the Swedish Inter-
national Development Agency and UNDP and with technical assistance of the World
Bank. It includes 6000 households. The 33 % sample of the 1999 census includes
5,553,811 households.

4 The Vietnam Poverty Map
4.1 Consumption Models

The first step in the poverty mapping method is to select common explanatory variables in
the census and household survey. After carefully screening the questionnaires and exam-
ining the data (comparing summary statistics), we have 20 household variables (Table 4 in
Appendix). We also constructed commune level data from the census and merged these
variables in the household survey. For example, we construct the percentage of Kinh
people per commune, the average household size of communes, the proportion of
households per commune having motorbike, etc. Note that these variables are comparable
across the census and survey by construction. The total number of explanatory variables for
estimation of the expenditure model is 39.

We estimate 6 separate regressions of log of per capita expenditure for 6 regions. To
allow for the difference in coefficients between urban and rural areas, we interact the urban
variable with all the remaining explanatory variables.

Forward stepwise technique is used so that only variables which are significant at least
at the 5 % level are kept. We select explanatory variables that are robust in explaining

! In Sect. 6 we note that caution must be exercised in comparing poverty between 1999 and 2009 as the
underlying household survey data are not strictly comparable.
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expenditure. It means that these variables have unchanged signs and are significant when
then models are changing. The R-squared is very high. The Mekong River Delta has the
lowest R-squared of 0.5. The Central Highlands have the highest R-squared of 0.74. Other
regions have an R-squared above 0.6.

4.2 Spatial Patterns of Poverty in 2009

Table 1 presents the regional estimates of the poverty rate and per capita expenditure
which are computed directly using per capita expenditure data of the 2010 VHLSS and
those estimated from the poverty mapping method. The 2010 VHLSS is representative at
the regional level, and the regional poverty rate directly estimated from expenditure data
can be thus regarded as the benchmark against which to compare the poverty map esti-
mates. Table 1 reveals that estimates of the poverty rate are quite similar across the two
approaches.

Table 5 in the Appendix presents by province, the predicted per capita expenditure,
poverty rate, number of poor, and share in the total number of poor in the country. Lai
Chau, Ha Giang and Dien Bien are three poorest provinces with the poverty rate of more
than 70 %. As expected, Hanoi and Ho Chi Minh city are the richest cities, followed by Da
Nang, Hai Phong, Quang Ninh, Binh Duong, Ba Ria-Vung Tau.

Figure 1 shows the spatial distribution of poverty by provinces and districts in 2009.
Poverty rates are highest in the mountainous Northern areas and lowest in the Mekong and
Red River Deltas. Disaggregating down to the district level reveals a greater degree of
heterogeneity in terms of both pockets of extreme poverty and pockets with particularly
low levels of poverty. As we shall see below, such heterogeneity across sub-national
localities translates into gains from spatial targeting of anti-poverty resources.

Figure 2 graphs the density of the poor across the country. Because of their large
populations, the Mekong and Red River Delta regions still account for a significant number
of the poor in the country. However, as we shall see below, the picture in 2009 is much less
accentuated than at the time of the preceding census, and as such indicates a clear atten-
uation of the pattern described in earlier studies of poverty in Vietnam (see Minot et al.
2003) where the distribution of the number of poor people was inversely correlated with
the spatial distribution communities’ poverty rates. Then, poverty rates were highest in
relative sparsely populated localities and these thus accounted for only a modest fraction of
the poor. Today, poverty rates remain spatially concentrated but the distribution of poor
people is more evenly spread across the country. Consequently Vietnam’s poorest com-
munities account for a larger share of the poor population.

Despite the ongoing urbanization process, poverty in Vietnam is currently still largely a
rural phenomenon: 95 % of the poor live in rural areas. The poverty rate in urban areas is
generally low, and there is a large difference in poverty rates between urban and rural areas

2 We do not present the full regression results to avoid the lengthy paper. However, readers can contact us
to obtain these results. We conduct two exercises to shed light on the question how well the models do in
predicting per capita expenditure. Firstly, within the 2010 VHLSS, we randomly split the six regions into
two samples, and estimating the regional models in the first sample, we predicted expenditure in the second
sample and compared the results to the actual per capita expenditure. We find that the observed poverty rates
are in all regions’ subsamples similar to the predicted ones. Secondly, we also examine the sensitivity of the
expenditure poverty rate of districts and provinces to different expenditure models. We estimate two
expenditure models: one with a large number of explanatory variables and another with a smaller number of
explanatory variables. Both models give very similar estimates of poverty indexes at the district and
province level. For interpretation in this paper, we will use the estimates from the large model, which give
lower standard errors of welfare estimates.
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Fig. 1 The poverty rate of provinces and districts in 2009. Source: The 2009 poverty rates are estimated
from the 2009 VPHC and the 2010 VHLSS

even within a province and a district; see Fig. 3. Figure 4 shows clearly that poverty is
markedly higher amongst ethnic minorities than Kinh and Hoa households. Even within the
same mountain or delta region, there remains a large gap in poverty between ethnic
minority households and Kinh (Hoa) households.

4.3 Evolution of Local-Level Poverty Between 1999 and 2009

Between 1999 and 2009 poverty in Vietnam declined markedly. A precise statement
regarding the rate of poverty decline over this time period is problematic due to changes in
the sampling frame and consumption module for the 2010 VHLSS. However, the broad
statement that poverty has fallen sharply during the decade of the 2000s is robust: com-
paring the 1998 VHLSS with the 2008 VHLSS data (which does not suffer from non-
comparability), and utilizing a single fixed poverty line in real expenditure terms (first
defined in 1993) implies a reduction in the incidence of poverty from about 47 % in 1998
to 15 % in 2008. Rather than scrutinizing precise poverty levels here, we focus on changes
in the geographic profile of poverty, as revealed by the 1999 and 2009 poverty maps.
Figures 5, 6 and 7 indicate that poverty has fallen most rapidly in the delta provinces.
Northern mountainous and central highland provinces as well as districts have experienced
slower poverty reduction than other delta provinces and districts. An examination of the
changing spatial distribution of the poor population is particularly interesting. Figure 10
graphs the density of the poor across the country in 1999 and 2009. In 1999, the poor were
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Fig. 2 The poverty density in
2009 (number of poor people).
Source: The 2009 poverty rates .
are estimated from the 2009 Northern ©
VPHC and the 2010 VHLSS Mountain

Red
River Delta

Central Coast ¥

Poverty density
® 1 Dot =500 poor people

Central
Highlands

South East

highly concentrated in Delta regions such as Red River Delta and Mekong River Delta,
since these areas have high population density. By 2009, the poor have become more
evenly spread. The number of poor has decreased remarkably in delta regions, but much
less markedly in the Northern mountains and Central highlands.

When matching the districts of 1999 and 2009 and comparing their poverty rates, three
observations can be made. First, we observe a positive correlation between the 1999 and
the 2009 poverty rate, which makes sense in that areas are poor for a reason, and although
they can outgrow poverty, it can be a lengthy process. Second, an inverse U-shaped
relationship between initial poverty and poverty reduction can be discerned. Both areas
that initially had low headcount rates, and those with high headcount rates, were relatively
slow in reducing poverty over the reference period, while areas with average headcount
rates were able to improve living standards most rapidly. This has the direct effect that
poverty rates become more concentrated over time, as very poor districts seem to be
‘trapped’ in poverty. Third, we observe a negative relation between the rate of poverty
decline and the initial level of the Gini index. Provinces and districts with low expenditure
inequality in 1999 were generally able to achieve more rapid reduction in poverty between
1999 and 2009. All these observations are supported by Figs. 8, 9 and 10 in the Appendix.
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Fig. 3 The poverty rate of urban and rural people (%). Source: Estimation from the 2009 VPHC and the

2010 VHLSS
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Kinh/Hoa people; provinces and districts
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Fig. 4 The poverty rate of Kinh/Hoa and ethnic minority people (%). Source: Estimation from the 2009

VPHC and the 2010 VHLSS
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1999 2009
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Fig. 5 The poverty rate of provinces in 1999 and 2009 (%). Source: The 2009 poverty rates are estimated
from the 2009 VPHC and the 2010 VHLSS. The 1999 poverty rates are obtained from Minot et al. (2003)

5 The Spatial Distribution of Poverty and Gains from Spatial Targeting
5.1 Spatial Targeting

The preceding sections have documented some noteworthy patterns in the spatial distri-
bution of poverty and its evolution in Vietnam between 1999 and 2009. What do these
patterns imply for the design of policy? This section asks how much the high degree of
spatial disaggregation offered by the Vietnam poverty maps can help to improve targeting
schemes aimed at reducing poverty in the country. As social assistance policies are gen-
erally bound by scarcity of funds, they should ideally target beneficiaries whose needs are
most urgent in order to have the highest impact. However, as Coady and Morley (2003)
show from evaluating social assistance programs in Mexico, Brazil, Bangladesh, Nicar-
agua, Honduras, and Chile, it is generally difficult to avoid errors of leakage (reaching the
non-poor) and of under-coverage (not reaching the poor). Improving targeting aims to
reduce these errors, resulting in a more effective poverty reduction policy.

The current process for targeting the poor in Vietnam employs a “bottom up” approach.
At the aggregate level, overall progress in tracking poverty over time is undertaken by the
Ministry of Labor, War Invalids, and Social Affairs (MOLISA) on the basis of an income
poverty line applied to the periodic rounds of VHLSS survey data.® Identification of

3 Which is different—usually lower—from the expenditure poverty line set by the General Statistics Office
and The World Bank that is used by the international research community to study poverty.
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Fig. 6 The poverty rate of districts (%). Source: The 2009 poverty rates are estimated from the 2009 VPHC
and the 2010 VHLSS. The 1999 poverty rates are obtained from Minot et al. (2003)

households eligible to receive targeted assistance is undertaken at the village level. Village
committees use their own widely varying criteria to compose a list of poor households.
Criteria may include food security, housing, assets, etc. This list is submitted for review to
a commune-level committee of Hunger Eradication and Poverty Reduction. The committee
checks that households on the list are below MOLISA’s income poverty line by conducting
simple surveys of randomly selected households from the list. The refined list is then sent
to the People’s Committee and the People’s Council, which are empowered to make further
adjustments to it as well (Nguyen et al. 2010). Households that make it to the final “poor
list’ are then in principle eligible for certain social assistance programs such as free health
insurance or subsidies.

Previously, Vietnam would redistribute funds by means of geographic targeting.
However, it is generally felt that there was a large margin of error in this approach; the “list
of poor communes” that MOLISA used to target the poor was constructed somewhat
arbitrarily and failed to capture the majority of poor people. One study estimates that
although leakage was limited with this practice—about 8 % of non-poor were misclassified
as being poor—under-coverage was substantial with 80 % of the poor not being reached
(Baulch and Minot 2002).

Concerns have also been voiced about the way that funding is distributed once the poor
are identified. Although funds are allocated in a redistributive way to the provinces, intra-
provincial distribution is to a large extent left to the discretion of provincial authorities and
it is suggested that this is the first of many bottlenecks to a fair and transparent system
(Litvack 1999; van de Walle 2002). Often, communities are urged to collect funds through
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Fig. 7 The poverty density (number of the poor people). Source: The 2009 poverty rates are estimated from
the 2009 VPHC and the 2010 VHLSS. The 1999 poverty rates are obtained from Minot et al. (2003)

fees and levies themselves, which is obviously hardest for the most deprived communities.
It is not surprising that statistics show a large gap between eligible households and actual
beneficiaries (van de Walle 2002).

As we have shown in previous sections, poverty has become much more spatially
concentrated over time in Vietnam. Absent an effective means to redistribute incomes to
lagging regions this process is likely to result in a growing spatial concentration of poverty.
Geographic targeting of resources to combat poverty offer one possible means to attenuate
such a process.

To assess effectiveness of geographic targeting in Vietnam, we consider the geographic
distribution of a hypothetical budget to the population of Vietnam. We assume that we
have no information about the poverty status of this population other than the geographic
location of residence and the level of poverty in each location. As a benchmark case we
make the extreme assumption of no knowledge whatsoever about the spatial distribution of
poverty—in which case our given budget is distributed uniformly to the entire population.4
We set up a series of comparisons to this benchmark, where we assume knowledge about
poverty levels in progressively smaller sub-populations. For a given level of

4 Actually, comparing this no-knowledge benchmark against the successfulness of the geographic targeting
approach that Vietnam exercised a decade ago as assessed by Baulch and Minot (2002), it is not that
extreme. They found that only 20 % of the poor were reached. If the total population gets distributed an
equal part of the budget, 100 % the poor would be reached by definition. The only thing is that the amount
received is probably so little in that scenario that it is questionable how many people would get lifted out of
poverty.
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disaggregation, we ask how knowledge about poverty outcomes across localities can be
incorporated into the design of a transfer scheme so as to improve the overall targeting
performance relative to the benchmark case. In light of the observations made above
concerning the evolving spatial distribution of poverty (in Vietnam and beyond), we ask
whether and how our conclusions differ between 1999 and 2009.

The transfer scheme makes use of our knowledge of the spatial distribution of poverty in
such a way that poverty is minimized at the national level. We consider the gains from
spatial targeting at alternative levels of disaggregation. As poverty measure we use the
squared poverty gap, which is particularly sensitive to the severity of poverty by calcu-
lating the distance between a poor person’s income level and the poverty line and giving
more weight to larger distances.” We specify a poverty line that accords with a poverty rate
of around 20 % nationally, in each respective year, and we postulate a modest hypothetical
budget that would be insufficient, in and of itself, to eliminate all poverty, even if it were
perfectly targeted at the household level. Our results show that in both 1999 and 2009 there
are potentially large gains in targeting performance from disaggregating to the local level.
These benefits are even more clearly seen when we examine the squared poverty gap as our
poverty measure of choice. The impact on the headcount rate is, unsurprisingly, more
muted, given that we are not able to “optimize” our transfer scheme with respect to this
poverty measure.

The benefits from spatial targeting become increasingly evident as one makes use of
more and more disaggregated data on poverty. We show that a given impact on poverty can
be achieved at considerably less expense with detailed spatial targeting than with a uniform
transfer. Importantly, we find that the benefits from spatial targeting, at any level of
disaggregation, are more evident in 2009 rather than 1999. This follows from our earlier
finding that poverty in 2009 is more spatially concentrated than was the case in 1999, and
supports our assertion that in developing countries that experience uneven spatial progress
geographic targeting can be a successful policy to reduce growing wealth disparities.

5.2 Transfer Scheme

We postulate that the government has a budget, S, available for distribution and wishes to
transfer this budget in such a way as to reduce poverty. We specify a baseline case in which
the government is assumed to have no knowledge of who the poor are or where they are
located. It is therefore unable to distribute its budget in any manner other than a lump-sum
transfer to the entire population of size N. We thus calculate the impact of transferring S/N
to the entire population.

Kanbur (1987) shows that to minimize poverty summarized by the Foster—Greer—
Thorbecke (FGT) class of poverty measures with parameter value oo > I, the group with
the higher FGT(a-1) should be targeted on the margin.’ Hence, to minimize the squared

> We focus on the squared poverty gap because of its appealing properties from both a conceptual and
technical point of view. The basic approach explored here would also work for other poverty measures,
particularly FGT measures with values of parameter o greater than 1. However, with the headcount measure
(the FGT measure with oo = 0) welfare ‘optimization’ is not well defined and the approach taken here is thus
less obviously applicable (see for example Ray 1998, pp 254-255).

S Following Foster et al. (1984) the FGT class of poverty measures take the following form:

FGT(0) = <ﬁ) Sowi(l = (xi/2))”

where x; is per capita expenditure for those individuals with weight w; who are below the poverty line and
zero for those above, z is the poverty line and ) w; is total population size. o takes a value of 0 for the
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poverty gap (equal to a poverty measure from the FGT class with « = 2), target popula-
tions should be ranked by the poverty gap (FGT with o = 1) and lump-sum transfers made
until the poverty gap of the poorest locality becomes equal to that in the next poorest one,
and so on, until the budget is exhausted.

We assume that the budget available for distribution has been exogenously set. As is
intuitively clear, the potential benefits from targeting will vary with the overall size of
budget. In the limit, as the budget goes to infinity, there is no need for targeting, as even a
uniform transfer will eliminate poverty. As a benchmark, we identify the per capita con-
sumption value of the 25th percentile of the consumption distribution.” We scale this
consumption value by the total population. Our benchmark budget is set to equal 5 % of
this total value.

Gains from targeting also vary with the choice of poverty line. The higher the poverty
line, the less need for targeting, as leakage to the non-poor diminishes to zero. In this study,
we select as benchmark the a poverty line that yields a poverty rate of exactly 20 % in both
1999 and 2009, respectively.

5.3 Simulating the Impact of Uniform Transfers

Our policy simulation in the benchmark case of uniform transfers is calculated in a very
straightforward manner. Budget S is divided by total population N. The resulting transfer
a is added to each predicted expenditure in our database, to yield y%) 4+ a. For each
replication r» we estimate post-transfer national poverty. The average across the r replica-
tions of the estimated post-transfer poverty rates yields our expected poverty rate associ-
ated with the benchmark, untargeted lump-sum transfer scheme. This new estimated
poverty rate can be compared to the original national-level poverty estimate from the
poverty map to gauge the impact of the transfer.

Simulating the impact of the “optimal” targeting scheme is a bit more complicated.
Following Kanbur (1987) we want to equalize the following expression across the poorest
locations of a country:

Gelar) = / Gy —a)tdF.), (3)

which is z times the poverty gap in location ¢, after every person in the location has
received a transfer a... F.(y) is the average of the R simulated expenditure distributions of c.
The function (x)* gives the ‘positive part’ of its argument, i.e. (x)"=x, if x is positive,
otherwise 0. Transfers a. (which must be nonnegative) add up to a given budget S:

ZNcaC =S (4)

where N, is the population size of location c. After transfers there is a group of locations all
sharing the same (maximum) poverty gap rate in the country. These are the only locations
receiving transfers. We describe in the Appendix how this problem is solved given that we
are working with a database of incomes for every household in the population census.

Footnote 6 continued
Headcount Index, 1 for the Poverty Gap and 2 for the Squared Poverty Gap. For further discussion, see
Ravallion (1994).

7 The consumption distribution is constructed on the basis of the average, across r replications, of
household-level predicted per-capita consumption in the population census.
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Table 2 presents the basic results from our simulations. There are a number of con-
clusions to be drawn. First, the availability of disaggregated data on poverty can help to
improve on a uniform lump-sum transfer across the entire population. Targeting transfers
to poor localities, in accordance with the optimization scheme outlined above, yields lower
values of the national FGT2 than when the budget is transferred as a uniform lump-sum
transfer to the entire population. Second, the more disaggregated the poverty map, the
greater the improvement over the uniform lump-sum transfer. The simulations here suggest
that with estimates of poverty at the province, district and commune levels, further
improvements in terms of impact on the FGT2 with a given budget are attainable, and are
non-negligible. Third, while the general patterns we observe are similar across our two
poverty maps for 1999 and 2009 respectively, they are not identical. Notably, we see in
Table 2 that while commune-level targeting in 1999 would reduce the FGT2 from a level
of 0.0110, following a uniform transfer, to 0.0058 with commune level targeting (a 43 %
point reduction), the improvement from commune level targeting in 2009 would be 66 %
points—the FGT2 declining from 0.0166 to 0.0057 (Table 4). With district level targeting
rather than commune-level targeting, the gains are slightly less marked but nonetheless a
striking 58 % point reduction compared to uniform transfers.

Table 3 repeats the simulations presented in Table 2 but focuses now on the headcount,
or FGTO, measure of poverty. As mentioned above the optimization procedure outlined in
Kanbur (1987) applies to the squared poverty gap or FGT2 measure. There is no analogous
optimization algorithm for the FGTO measure. We report in Table 3, however, the resulting
FGTO estimates from having applied the procedure to allocate our budget in such a way as
to minimize the resulting FGT2 measure. Table 3 reveals that the gains in terms of the
FGTO of geographic targeting are far less marked than was observed when the FGT2
measure was our reference measure.

We only have access to a 15 % sample of the Population Census, which is not repre-
sentative on a commune-level. Therefore, it must be noted that the commune-level esti-
mates of poverty may not be representative of the actual welfare levels, making our
district-level results more on the point. However, as the government does have the full
Census in its possession, a potential geographic targeting policy could successfully target
aggregation levels as low as commune or even village, reaping the benefits of more
disaggregated spatial targeting. After distributing funds on the village level though, the
localities must implement their own intra-village distribution; making this a hybrid
approach of geographic targeting and possibly the same village-level lists of poor that are
extant now. The reason is that with this methodology, estimates on a household level are
probably too noisy to yield useful results.

A related note of concern must be raised on the issue of elite capture. The presented
gains from targeting are obtained assuming that whichever spatial unit is targeted,
resources distributed within the unit are distributed uniformly. In reality, the power of the
local elites is known to affect the way decentralized benefits reach the poor. For instance,
Galasso and Ravallion (2005) show that the results of the Food for Education program in
Bangladesh is better in communities with more land equality and they argue that this
reflects greater elite capture when the poor are less powerful. Araujo et al. (2006) find that
localities with more inequality (as measured by the expenditure share of the top 1, 3, 5, 10
and 20 % of the population) reduces the probability that latrine projects that are especially
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Table 2 Impact on FGT2 of targeting at different levels of geographic disaggregation optimal targeting
scheme

1999 2009 1999 2009
Original FGT2 0.0159 0.0234 1.00 1.00
FGT2 after
Uniform transfer 0.0110 0.0166 0.69 (1.00) 0.71 (1.00)
Province level targeting 0.0080 0.0096 0.50 (0.72) 0.41 (0.58)
District-level targeting 0.0066 0.0070 0.42 (0.61) 0.30 (0.42)
Commune-level targeting 0.0058 0.0057 0.36 (0.57) 0.24 (0.34)

Budget = 5 % of (total population * 25th percentile per capita expenditure)
Poverty line = per capita expenditure defining bottom quintile of population (pre-transfer)

The two last columns are the poverty gap indexes normalized to one. The figures in parentheses are the ratio
of normalized FGT2 in the case of targeting transfer to the normalized FGT?2 in the case of uniform transfer

The number of provinces, districts and communes in 1999 is 61, 614, and 10474, respectively

The number of provinces, districts and communes in 2009 is 63, 685, and 10896, respectively

Table 3 Impact on FGTO of targeting at different levels of geographic disaggregation optimal targeting
scheme

1999 2009 1999 2009
Original FGT2 0.2000 0.2000 1.00 1.00
FGT2 after
Uniform transfer 0.1673 0.1724 0.84 (1.00) 0.86 (1.00)
Province level targeting 0.1522 0.1555 0.76 (0.90) 0.78 (0.91)
District-level targeting 0.1443 0.1465 0.72 (0.86) 0.73 (0.85)
Commune-level targeting 0.1390 0.1372 0.70 (0.83) 0.69 (0.80)

Budget = 5 % of (total population * 25th percentile per capita expenditure)
Poverty line = per capita expenditure defining bottom quintile of population (pre-transfer)

The two last columns are the poverty gap indexes normalized to one. The figures in parentheses are the ratio
of normalized PO in the case of targeting transfer to the normalized PO in the case of uniform transfer

The number of provinces, districts and communes in 1999 is 61, 614, and 10474, respectively
The number of provinces, districts and communes in 2009 is 63, 685, and 10896, respectively

pro-poor are implemented in Ecuador, holding the level of poverty in the community
constant. Also numerous studies show that that even at the lowest administrative levels the
scope for political elite capture should not be assumed away.®

On the one hand, one may say that elite capture will challenge our findings as presented
in Tables 2 and 3, but on the other hand it underlines the need to establish an objective
framework for poverty targeting. Plus, as this phenomenon occurs at all levels, distributing
social assistance from the commune- or village level down to poor households would still
be an improvement from the current provincial level.

8 See for example the World Bank Policy Research Report, “Localizing Development: Does Participation
Work?” (World Bank 2012).

@ Springer



Vietnam’s Evolving Poverty Index Map: Patterns...

6 Conclusions

This paper combines the 2009 Vietnam Population Census and the 2010 Vietnam
Household Living Standard Survey to estimate poverty and inequality indexes for all the
provinces and districts of Vietnam. Then, using the disaggregated data on poverty indexes,
we simulate the effect of cash transfers on poverty under different targeting scenarios.

It is found that there is a large variation in poverty between districts and provinces.
Mountainous and highland districts have high poverty incidence and severity in 2009.
Rural and ethnic minority people account for a large proportion of the poor. There is a
strong relationship between inequality and poverty: areas with low inequality are also more
likely to have low poverty rates. The spatial distribution of the poor population has
changed significantly during the period 1999-2009. In 1999, the poor were highly con-
centrated in Delta regions such as Red River Delta and Mekong River Delta, partly because
of the high population density in these areas. Since 1999, the number of the poor people
has decreased remarkably in delta regions, but much less markedly in the Northern
mountains and central highlands. While the distribution of poor people seems more evenly
distributed across the country in 2009, areas with high poverty rates are more concentrated
in Mountainous areas than they were a decade ago. Most provinces and districts experi-
enced poverty reduction during 1999-2009, but the extent of poverty decline has been
greatest in areas with average poverty levels in 1999. Provinces and districts with high
initial poverty achieved smaller reductions in poverty.

We show that poverty rates have become more concentrated in Vietnam between 1999 and
2009. This phenomenon is likely not unique to Vietnam and may be widespread in the
developing world. This suggests that spatially targeted re-distribution policy executed
alongside the development of high-potential areas may offer one means for a country to
maintain growth while also maintaining an equitable distribution of wealth. As poverty
becomes more spatially concentrated the effectiveness of geographic targeting is likely to
improve. There are other poverty reduction programs such as supports for labor mobility for
the poor, and the costs and benefits of alternative anti-poverty strategies should be assessed.

We take advantage of the high resolution available in our poverty maps to show that the
more finely defined the beneficiary populations, the greater the gains from geographic
targeting of anti-poverty resources over a uniform lump-sum transfer. For instance, in 2009
district level targeting is found to result in a 58 % point reduction in poverty severity
compared to uniform transfers. This is also a significant improvement over the same level
of targeting in 1999, which would ‘only’ improve the lump-sump transfer by 39 % points.

It should be emphasized, however, that our stylized analysis of targeting cannot be used to
directly evaluate existing poverty alleviation efforts in Vietnam. One possible exercise that
could inform policy makers’ deliberations is to compare the hypothetical “optimal” provincial
and district-level budgetary distribution deriving from an exercise as has been presented above
with the actual provincial and district-level distribution that is currently in place. There is no
presumption that these two should line up exactly. However, it could be of interest to follow up
with further investigation if such an exercise were to reveal glaring inconsistencies.

There are, furthermore, important caveats that attach to the geographic targeting find-
ings reported here. First, we assume that the government is willing to accept that house-
holds with equal pre-transfer per-capita consumption levels might enjoy different post-
transfer consumption levels. Second, we assume in this paper that the budget available for
distribution is exogenously determined. We abstract entirely from the question of how the
transfers are to be financed. Political economy considerations could influence options for
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resource mobilization (see for example, Gelbach and Pritchett 2002). Third, we do not
address the very real possibility that the costs of administering a given transfer scheme may
increase with the degree of disaggregation. Fourth, we do not allow for behavioral
responses in the population.

Fifth, we do not address the possibility that inequalities in power and influence that
prevail in a community influence how transfers are allocated. Such elite capture on the
other hand enforces the need to establish an objective framework for targeting the poor and
for distribution of social funds. As elite capture is known to occur at all administrative
levels, distributing social assistance directly to the commune- or village level down to poor
households would still be an improvement from the current provincial level distribution.

In reality, the poverty rate in Vietnam is not comparable over small areas such as
districts and communes due to the differences in poverty identification. Some richer dis-
tricts can still receive funding, and probably the money runs out at an income level that is
higher than in the poorer districts. As a result, the targeting is not very effective, and it
might create inequitable poverty lines.

It should be noted that Vietnam has maintained both household-targeted programs and
community-targeted programs. Cash transfers are important for disadvantaged people such
as those with disability.° Other anti-poverty programs were regionally based. Funding is
allocated to poor areas to improve infrastructure and capacity of local governments. Better
infrastructure and governance can help the poor and reduce the gap between them and the
rich. For example, Mont and Nguyen (2013) find that district-level characteristics such as
the extent of roads and healthcare facilities reduce the poverty gap between households
with and without disabled members. So in addition to benefit directly targeted at house-
holds, improving infrastructure can be a helpful way for poverty reduction.

For all these reasons, the findings of the geographic targeting exercise should be viewed
as illustrative only. At all times, the gains from targeting should be juxtaposed against the
potential costs and political-economy considerations, as well as scrutinized against other
possible policy objectives. In practice, a hybrid approach combining geographic targeting
between villages and means-tested targeting within villages may be the best way forward.
Policymakers in Vietnam will need to assess such programs on a case-by-case basis to
determine just how far to rely on fine-geographic targeting as the central element in their
poverty alleviation strategy.

Appendix: Simulating The Impact of “Optimal” Geographic Targeting

As described in Elbers et al. (2007) and in the text, given our interest to minimize the
FGT?2, optimal geographic targeting implies that after transfers there is a group of locations
all sharing the same (maximum) poverty gap in the country. We determine the level of
transfers going to each location by first solving a different problem. Following the notation
introduced in Section III consider the minimum budget S(G) needed to bring down all
locations’ poverty gaps to at most the level G/z. This amounts to transferring an amount a,.
(G) to locations with before-transfer poverty gaps above G/z, such that G.(a.(G)) = G.
Once we know how to compute S(G), we simply adjust G until S(G) equals the originally
given budget for transfers S. To implement this scheme we must solve the following
equation for a:

 Mont and Nguyen (2011) show a strong correlation between disability and poverty in Vietnam.
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6= ["-y-a)aro) @

In what follows we drop the location index c for ease of notation. Using integration by
parts it can be shown that

6 = [ Gy —a)dr(y) = / T Fay. (5)

In other words we need to compute the surface under the expenditure distribution
between expenditure levels y =0 and y = z — ¢, for values of ¢ up to z Instead of
computing G(f) exactly, we use a simple approximation. For this to work we split the
interval [0,z] in n equal segments and assume that the ‘poverty mapping’ software has
generated expected headcounts for poverty lines z k/n, where k = 0,...,n. In other words
we have a table of F(z k/n). Using the table we approximate F(y) by linear interpolation for
y between table values. With the approximated expenditure distribution it is easy to solve
for transfers as a function of G (see below). In practice we find that n = 20 gives suffi-
ciently precise results.'’

The computational set-up is as follows (note that the numbering we adopt means going
from z in the direction of O rather than the other way around). Define b, = 0, and for
k = 1,...,n, b, as the surface under the (approximated) expenditure distribution between z-
kz/n and z-(k-1)z/n, divided by z:

by — 2_1,1 (F(z — ke/n) + F(z — (k — 1)z/n)). (6)

Let gy be the original poverty gap, or in terms of the discussion above, g, = G(0)/z. For

k=1,..,n, put

8k = &k—1 — br. (7)

The g, are the poverty gaps of the approximated expenditure distribution for succes-
sively lower poverty lines z — kz/n. Let a; be the per capita transfer needed to bring down
the poverty line to z-kz/n:

ap = kz / n. (8)
We can now solve for per capita transfers as a function of the intended poverty gap
8 < 8o

1. Find k such that g, < g < g
2. The per capita transfers resulting in poverty gap g are

8k — 8 Z
a(g) =a +—=—2-. 2. 9
(&) 8k — 8k+1 I ©)

See Figs. 8, 9 and 10 and Tables 4 and 5.

19 Other interpolation schemes are possible. For instance, if the poverty gap is given at table values zk/n an
even simpler computation presents itself. Often the poverty mapping software will give percentiles of the
expenditure distribution. These can also be used for interpolation, but the formulas are more cumbersome,
since the percentiles are not equally spaced.
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Fig. 8 Poverty rates in 1999 and 2009. Source: The 2009 poverty rates are estimated from the 2009 VPHC
and the 2010 VHLSS. The 1999 poverty rates are obtained from Minot et al. (2003)
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Fig. 9 Poverty reduction during 1999-2009 and the poverty rate in 1999. Source: The 2009 poverty rates
are estimated from the 2009 VPHC and the 2010 VHLSS. The 1999 poverty rates are obtained from Minot
et al. (2003)
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Table 4 Selected common variables that significantly explain expenditure in the regional models. Source:
Estimation from the 2009 VPHC and the 2010 VHLSS

Variable Type Census VHLSS
Mean SD Mean SD
Urban (yes = 1; no = 0) Binary 0.31 046 030 046
Household size Discrete 3.78 1.67 387 155
Ethnic minorities (yes = 1; Kinh & Hoa = 0) Binary 0.12 033 0.13 033
Proportion of children below 15 years old in household Continuous  0.22 021 021 0.21
Proportion of elderly above 60 years old in household Continuous 0.11 0.26 0.13 0.26
Proportion of female members in household Continuous  0.52 023 052 021
Proportion of members without education degree Continuous  0.33 031 032 0.3l
Proportion of members with primary school degree Continuous 0.25 0.27 023 026
Proportion of members with lower-secondary school Continuous  0.22 027 021 026
degree
Proportion of members with upper-secondary school Continuous 0.21 0.30 024 030
degree

Log of living area per capita (log of m?) Continuous  2.86 0.69 281 0.65
Having motorbike (yes = 1; no = 0) Binary 0.72 045 076 043
Having television (yes = 1; no = 0) Binary 0.87 034 089 031
Solid wall (yes = 1; no = 0) Binary 0.77 042 079 041
Semi-solid wall (yes = 1; no = 0) Binary 0.12 032 0.12 033
Temporary wall (yes = 1; no = 0) Binary 0.11 031 0.09 0.29
Solid roof (yes = 1; no = 0) Binary 0.17 038 020 040
Semi-solid roof (yes = 1; no = 0) Binary 0.33 047 032 047
Temporary roof (yes = 1; no = 0) Binary 0.50 0.50 048 0.50
Having tap water (yes = 1; no = 0) Binary 0.25 043 026 044
Number of observations 3,692,042 9361

Table 5 Predicted per capita expenditure and poverty rate of provinces. Source: Estimation from the 2009

VPHC and the 2010 VHLSS

Province Number Share in Per capita The poverty Number of Share in total
of people  total pop. expenditure rate (%) poor people  poverty rate
(%) (thousand VND)
Mean SE Mean SE

Northern Mountain

Ha Giang 724,352 0.84 742277  448.1 7146 299 517,586 3.07

Cao Bang 510,884 0.60 93257 515.1 53.11 3.26 271,348 1.61

Bac Kan 294,660 0.34 10136.1  792.0 4597 532 135448 0.80

Tuyen 725,467 0.85 112383 9179 3995 541 289,798 1.72

Quang

Lao Cai 613,074 0.71 9711.5 817.8 56.77 390 348,018 2.06

Dien Bien 491,046  0.57 76259 611.7 71.06 3.65 348953 2.07

Lai Chau 370,134 0.43 6809.2 4653 76.41 299 282805 1.68

Son La 1,080,641 1.26 8326.0 5903 63.60 4.02 687,305 4.08
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Table 5 continued

Province Number Share in Per capita The poverty Number of Share in total
of people total pop. expenditure rate (%) poor people  poverty rate
(%) (thousand VND)
Mean SE Mean SE
Yen Bai 740,904 0.86 10621.9 7945 4533 4.72 335,860 1.99
Hoa Binh 786,963  0.92 10439.0 6755 47.31 423 372,330 2.21
Thai 1,124,785 1.31 14170.5 1117.1 21.99 3.42 247,386 1.47
Nguyen
Lang Son 731,886 0.85 10292.1  715.1 45.69 429 334,364 1.98
Bac Giang 1,555,720 1.81 128234 8894 23.83 433 370,722 2.20
Phu Tho 1,313,926 1.53 135359  806.9 23.62 3.20 310,380 1.84
Red River Delta
Ha Noi 6,448,837 7.52 29344.6 1375.7 494 0.89 318,488 1.89
Quang 1,144,381 1.33 18538.0 12439 12.12 1.81 138,656 0.82
Ninh
Vinh Phuc 1,000,838 1.17 15743.1  869.0 11.99 2.83 119,989 0.71
Bac Ninh 1,024,151 1.19 175904 11454 10.19 237 104,327 0.62
Hai Duong 1,703,492 1.99 152613  827.5 14.84 273 252,716 1.50
Hai Phong 1,837,302 2.14 20316.9 1140.2 793 1.62 145,625 0.86
Hung Yén 1,128,702 1.32 16063.4  812.6 12.78 236 144,273 0.86
Thai Binh 1,780,953  2.08 13578.2  873.7 1895 3.86 337,435 2.00
Ha Nam 785,057 0.92 14269.8 1011.8 16.56 4.07 130,009 0.77
Nam Dinh 1,825,770 2.13 14866.4  814.6 14.04 2.70 256,321 1.52
Ninh Binh 898,458 1.05 149553 8783 1528 3.33 137,314 0.81
Central Coast
Thanh 3,400,238 3.96 131182 4749 2648 2.09 900,393 5.34
Hoa
Nghe An 2,913,054 3.40 13356.4  576.6 26.74 2.57 778,900 4.62
Ha Tinh 1,227,554 143 132229 5785 21.55 297 264,499 1.57
Quang 846,924 0.99 13847.2  798.8 2320 4.14 196,475 1.17
Binh
Quang Tri 597,984 0.70 12567.1  621.0 29.55 3.15 176,710 1.05
Thua 1,087,578 1.27 14453.7  955.1 19.43 3.03 211,283 1.25
Thién
Hue
Da Nang 887,068 1.03 23087.9 1311.7 239 1.05 21,218 0.13
Quang 1,419,502  1.65 12703.2 5287 2347 273 333,146 1.98
Nam
Quang 1,217,159 142 12955.1 5732 23.65 2.80 287,827 1.71
Ngai
Binh Dinh 1,485,943 1.73 144989 8349 16.68 3.16 247,882 1.47
Phu Yén 861,993 1.00 13377.2  793.1 22.08 3.47 190,348 1.13
Khanh 1,156,902 1.35 16778.1 12445 1551 2.87 179,462 1.06
Hoa
Ninh 564,128 0.66 11626.1  799.1 3452 436 194,759 1.16
Thuan
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Table 5 continued

Province Number Share in Per capita The poverty Number of Share in total
of people total pop. expenditure rate (%) poor people  poverty rate
(%) (thousand VND)
Mean SE Mean SE
Binh 1,169,450 1.36 134285 693.8 21.44 3.04 250,692 1.49
Thuan
Central Highlands
Kon Tum 430,036  0.50 111125 796.7 47.58 3.37 204,624 1.21
Gia Lai 1,272,791 1.48 11222.1  439.8 4334 2.07 551,632 3.27
Dak Lak 1,728,380 2.01 134455 639.8 30.32 2.03 524,104 3.11
Dak Nong 489,441 0.57 11719.4  500.0 3250 2.83 159,063 0.94
Lam Dong 1,186,786 1.38 15173.1  687.8 21.96 1.97 260,629 1.55
South East
Binh 874,961 1.02 143704 8499 17.20 3.58 150,477 0.89
Phuoc
Tay Ninh 1,066,402 1.24 154594  737.6 11.78 251 125,615 0.75
Binh 1,482,635 1.73 18378.5 11685 7.82 2.10 115,901 0.69
Duong
Dong Nai 2,483,210 2.89 17293.1 1129.8 11.73 221 291,223 1.73
Ba Ria— 994,836 1.16 18704.2 13363 9.97 222 99,206 0.59
Vung
Tau
Ho Chi 7,123,340 8.30 29431.0 13425 294 051 209,427 1.24
Minh
Mekong River Delta
Long An 1,436,913  1.67 16334.8  703.5 1097 1.64 157,596 0.93
Tien 1,670,215 1.95 16578.6 8759 9.53 2.14 159,215 0.94
Giang
Ben Tre 1,254,588 1.46 16022.7  745.8 10.00 2.00 125,506 0.74
Tra Vinh 1,000,932 1.17 13507.1  688.8 2228 3.09 222,988 1.32
Vinh Long 1,028,365 1.20 16038.5 887.7 11.76 226 120,947 0.72
Dong 1,665,420 1.94 13820.8  605.6 15.58 242 259,532 1.54
Thap
An Giang 2,144,772 2.50 137394 5955 1822 2.50 390,808 2.32
Kién 1,683,149 1.96 13057.1  580.7 24.02 2.62 404,319 2.40
Giang
Can Tho 1,187,088 1.38 17911.6  1029.2 11.70 1.97 138,868 0.82
Hau Giang 756,625 0.88 13369.3  690.7 19.68 3.41 1480915 0.88
Soc Trang 1,289,441 1.50 12561.6  604.5 27.28 3.10 351,709 2.09
Bac Liéu 856,249 1.00 12533.0  670.7 23.30 3.74 199,528 1.18
Ca Mau 1,205,107 1.40 124569  682.5 26.36 3.48 317,609 1.88
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