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Introduction

Despite great success in reducing poverty, China still has over 100 million
rural poor living especially in remote, mountainous, low rainfall environments.
Many of these pockets of poverty are disguised with province-level data that
most poverty analysis relies upon. Geographic targeting could be efficient but
is difficult since household survey samples in China are too small to reliably
estimate poverty at sub-provincial levels.

Small area estimation in other developing countries combines the detailed
information from household surveys with the more extensive coverage of
census data. The survey data allow models of consumption or income to be
fitted, with the explanatory variables restricted to those available from a
recent census. Estimated coefficients are applied to census data, and
consumption and the risk of poverty are predicted for each census
household. Weighted totals of the predicted poverty probabilities can then be
estimated very precisely for small geographic areas (Hentschel et al., 2000).
These applications, however, typically neglect environmental components
that may have important links with poverty, and are not yet used in China.

To bridge these gaps in existing research, we use census and geo-
referenced household survey data, as well as environmental variables
derived from high resolution satellite imagery, to construct poverty maps for
rural Shaanxi province in China. Shaanxi has one of the slowest rates of
poverty reduction in China and has a very heterogeneous environment. We
construct and compare two poverty maps; one with and one without
environmental variables. These maps let us to precisely predict poverty rates
all the way down to county level and assess how much leakage and under-
coverage results when environmental variables are ignored by poverty maps.

Data

We use the 2000 Population Census; the 2001 Household and Income
Expenditure Survey; and a variety of spatially referenced environmental
variables describing topography, soil characteristics, and land cover from
satellite remote sensing data provided by the US Landsat TM/ETM images
with a spatial resolution of 1 kilometer by 1 kilometer and aggregated to the
county level. The poverty line is based on baskets of locally consumed food
that provides 2100 calories per day with an allowance for non-food items. The
annual value of this poverty line is 700 Yuan per capita.

Method

We first estimate a model of (log) per capita household consumption
Iny; =x;b+u;

where X; is the vector of explanatory variables for the jth household, B is the
vector of parameters and U; is the regression disturbance which can be
decomposed into two independent components: a cluster-specific effect, n,
and a household-specific effect, &;. This allows both spatial autocorrelation
(that is, a location effect common to all households in the same area) and
heteroskedasticity in the household component of the disturbance term.

The household-level variables used in each model are:
type and size of dwelling
household size and age composition
proportion of adults in the household with primary, secondary and higher
education
indicator for households who engaged in non-agricultural sector
indicator for households who use LPG as main cooking fuel

All of these variables are also available in the census and so township level
means of these same variables from the census are included. These means
help to make the cluster specific variance, n, smaller and improve precision
of the second stage predictions (Elbers et al., 2003).

Simulated values of expenditure for all census households based on X(];b
(where b is the estimated coefficient and is drawn from the multivariate
normal distribution described by the first-stage estimates) and 100 random
draws from the estimated distribution of the disturbance terms are used to
calculate distributional statistics, including the poverty measures.

Figure 1. Predicted Poverty Rates with Environmental Variables
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The other poverty map uses the same survey and census data but
also includes environmental variables from satellite remote sensing
data. The environmental variables used in our study are percentage of
arable land in the county, annual rainfall, temperature, elevation, slope
and soil characteristics.

Results

We estimate the econometric models of per capita consumption for
1360 households using data from the household survey. Consumption
is higher for households with larger dwellings, with a greater proportion
of adults who completed senior high school education and above,
engaged in the non-agricultural sector and when using LPG as main
cooking fuel. Consumption per capita is lower for larger households.
None of these relationships should be treated as causal since the
purpose of the first stage model is just to have the best prediction
model of consumption.

Inclusion of environmental variables raises the R? of the consumption
model from 0.21 to 0.26 and these variables are jointly statistically
significant with a F-value of 8.04, suggesting that consumption is highly
related to the characteristics of the environment where people live.
The environmental variables show that consumption is lower for
households living in areas that are on steep slopes. Furthermore,
households residing in areas covered with lower percentage of loam
and with lower rainfall tend to have lower consumption than those
residing in other areas.

One of the strengths of the poverty mapping method is that it enables
us to calculate the standard errors as a measure of the precision of the
poverty estimates. The mean of the standard errors across the 107
counties in Shaanxi ranges from 0.05 to 0.13 with a mean t-value of
5.1 suggesting that the poverty estimates from a finely disaggregated
poverty map can be sufficiently precise to be useful to policy analysts.

Figure 1 shows the predicted headcount poverty rates for each county
in rural Shaanxi, using the model with environmental variables. The
poverty map shows significant spatial variation of poverty within the
province and the heterogeneity could be missed if high resolution
poverty maps are not used.

Figure 2. Predicted Poverty Rates without Environmental Variables
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Inset 1. Location Map

The highest poverty rates are found in the northeastern and southern
counties of Shaanxi, while the lowest poverty rates are found in
central Shaanxi. In contrast to northeastern Shaanxi where
precipitation is rare and with the southern region which consists of
the high mountain zone of Qingling and DaBa mountains, the central
region has a temperate semi-wet climate and the terrain is relatively
flat (Huang et al., 2007).

When environmental variables are left out from the model, the
poverty map looks rather different (Figure 2). The lower poverty rates
in several of the southern counties are missed. At the same time,
poverty rates are overstated in some of the counties in the central
region. The model also loses some of its contrasts between adjacent
areas of high and low poverty.

Implications for Targeting

A comparison of the two poverty maps enable us to assess how
much leakage and under-coverage results when environmental
variables are excluded from the model used to form the poverty
predictions.

The under-coverage rate is
based on the number of
predicted poor from the full
model that includes
environmental variables, who
are misclassified as non-poor
when the environmental
variables are excluded. The
leakage rate on the other
hand is based on the number
of predicted non-poor from the
full model, who are
misclassified as poor when
the environmental variables
are excluded.

Figure 3. Leakage and Undercoverage Rates
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Figure 3 shows that there is considerable mis-targeting when the
environmental variables are excluded. Specifically, a total of 29 counties,
containing 25% of the rural population, have either leakage or
undercoverage rates exceeding 10% when environmental variables are left
out from the model. The counties where the undercoverage rates are highest
are located predominantly on the northeastern, northwestern and southern
regions of Shaanxi.

Further evidence that targeting is likely to be more accurate when
environmental variables are used to construct the poverty map comes from
Receiver Operating Characteristic (ROC) curves. A ROC curve plots the
probability of a variable correctly classifying a poor household as poor on the
vertical axis ( , tsheen s i tagawnst ong Mmipus the probability of the same
variable correctly classifying a non-poor household as non-poor household
(1-specificity) on the horizontal axis. The closer a ROC curve is to the 45°
line, the weaker is the diagnostic accuracy of the variable that is being
considered as a targeting indicator. Figure 4 shows that the ROC curve
without the environmental variables is significantly (p<0.001) closer to the
45° line.

These results suggest the presence of a poverty-environment relationship in
rural Shaanxi. From a policy perspective, current neglect of environmental
factors in many poverty mapping exercises may cause social loses due to
the failure to correctly identify and target poor areas.

Figure 4. Comparing the Targeting Performance of Consumption Models
With and Without Environmental Variables
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Conclusions

Environmental variables do matter in poverty analysis. In terms of targeting
implications, our results appear to suggest that targeting is more accurate
when environmental variables are included in the poverty map. For this
reason, efforts to include environmental variables in poverty maps could be
valuable for poverty alleviation programs.
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