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1.0 BACKGROUND AND OBJECTIVES 

 

Despite strong economic growth, during the last decade extreme poverty remained stubbornly high 

in Nigeria. Using the official poverty figures in per capita terms 1  based on the Harmonized 

Nigerian Living Standard Survey (HNLSS) 2009-2010, the poverty rate declined from 64% in 

2004 to 62% in 2010. The use of the internationally comparable 1.25 $ per capita per day poverty 

line rendered an even more worrisome picture. From 2004 to 2010 the percentage of people living 

in extreme poverty remained at 63%. Due to population variation, this implied that the number of 

extremely poor increased from 86 million in 2004 to 100 million in 2010. 

   

The Nigerian Economic Report 2014 came as a partial reassessment of the particularly negative 

picture of poverty in Nigeria. The report made use of new Nantional Bureu of Statistics’s (NBS) 

data that became available on the web from two smaller-5000 households-General Household 

Surveys (GHS) conducted in 2010/2011 and 2012/2013. The GHS is largely representative at the 

macro-regional level in the same sense as the HNLSS.  It is not representative at the State level or 

lower administrative level.  

 

Poverty figures computed from the GHS panel supported the hypothesis that poverty rates in 

Nigeria were significantly lower than official estimates.  At national level in per capita terms the 

GHS-computed poverty rate registers 35.2 % and 33.1 %  in 2010/2011 and 2012/2013, 

respectively. Reflecting significantly higher GDP per capita in Nigeria, these new poverty rates, 

in contrast to previous estimates, were more in line with countries with similar GPD per capita and 

lower than those in neighboring countries such as Benin and Niger.2   

 

The new figures provided a clearer view of poverty patterns in Nigeria and represented an ideal 

starting point for a more in depth analysis. Their main limitation, nonetheless, remained the lack 

of granularity: poverty rates were not representative at State or local government administrative 

level. Furthermore, standard options (inter alia Elbers et al, 2003) aimed at producing small areas 

estimates were also precluded. The Nigerian National Census 2006 is not publicly available; this 

hindered the possibility to combine census and survey information to produce poverty figures at 

the fine geographical scale needed to support program targeting. 

 

A program of research has recently been undertaken by Dr. Peter Gething and his team at the 

University of Oxford to develop spatial statistical modeling approaches that exploit publicly 

                                                 
1 The national poverty line is about 53710.48 Naira, equivalent to 1.08 dollars per capita per day at 2010 
average exchange rate. Per adult equivalent measures are used instead of per capita measure to take into 
account differences in household composition. Children are weighted less than adults since they consume 
relatively less.    

2 The last available poverty rates using the $1.25 line per capita are for Niger 43.6% (2008) and Benin 47.3% 
(2003). 
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available locational information, doesn’t require census data and can generate mapped surfaces of 

poverty rates at a much finer spatial scale than has previously been possible. 

 

The objective of this assignment is the development of an updated poverty map – based on these 

spatial statistical modeling approaches – that can support improved geographical targeting of 

poverty alleviation programs in Nigeria. The remainder of this document describes the 

methodology developed, presents the resulting maps and validation statistics, and discusses their 

utility in the context of targeting intervention programs. 

 

2.0 METHODS 

2.1 OVERVIEW 

 

Building on techniques originally conceived by Dr. Gething’s group for detailed mapping of 

malaria prevalence [1,2], a body of theory known as model-based geostatistics (MBG)[3,4] forms 

the basis of the approach and its development for application to poverty mapping represents a 

potential paradigm shift in the level of detail with which geographical patterns of poor populations 

can be mapped and understood. 

In an MBG framework, the observed variation in cluster-level headcount rates (for example), is 

explained by one of four components. (i) Sampling error, which can often be large given the small 

sample sizes at individual clusters, is represented using a standard sampling model (e.g. a binomial 

model where cluster-level data consist of a number of ‘poor’ households from a total number 

sampled). (ii) Some non-sampling variation can often be explained using fixed effects – whereby 

a multivariate regression relationship is defined linking the dependent poverty variable with a suite 

of geospatial covariates. (iii) Additional non-sampling error not explained by the fixed effects is 

usually spatially autocorrelated, and this is represented using a random effects component. A 

spatial multi-variate normal distribution known as a Gaussian Process is employed, parameterized 

by a spatial covariance function. (iv) Finally, any remaining variation not captured by these 

components is represented using a simple Gaussian noise term equivalent to that employed in a 

standard spatial linear model.  

 

The full model output is, for every pixel on the mapped surface, a posterior distribution for the 

predicted headcount rate, representing a complete model of the uncertainty around the estimated 

value. These can be summarized using a point estimate (such as the posterior mean) to generate a 

mapped surface of the headcount rate. Additional summary statistics from each posterior 

distribution can also be mapped providing, for example, maps of the posterior standard deviation 

or 95% credible intervals, demonstrating geographical areas with more or less uncertainty. 

 

This section will describe the preparation of point-georeferenced data on headcount poverty rates, 

the assembly and exploration of a suite of gridded geospatial covariate layers, and the use of these 

inputs in a bespoke MBG framework to generate poverty maps for Nigeria. 
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2.2 PREPARATION OF GEOREFERENCED POVERTY HEADCOUNT RATE DATA 

 

The primary data source for this project was the 2010/11 (wave 1) and 2012/13 (wave 2)  GHS-

Panel, part of the Living Standards Measurement Surveys (LSMS) Integrated Surveys on 

Agriculture project conducted jointly by the World bank and Nigerian National Bureau of 

Statistics. Each panel provides detailed consumption data for around 5000 households, 

representing 27,000 individuals from 500 survey clusters (Enumeration areas, EAs) that together 

form a nationally representative sample, as well as being powered to represent urban/rural 

stratification. Consumption data from same households were collected using a 7 day recall period 

over two visits, Post Planting (between August and October) and Post Harvesting (between 

February and April).  

2.2.1 Consumption per capita and poverty line construction 

 

Household level consumption figures were obtained by aggregating information on food 

consumption and non-food consumption. Household level data were then averaged over the two 

visits in order to proxy households’ annual consumption patterns irrespective of seasons 3 .  

Consumption data were then deflated spatially using a zone level price deflator. To deflate by year 

the national consumer price index provided by the NBS was used. Real consumption figures are 

in 2010 prices.  

A new poverty line also based on GHS panel was constructed. The new line is of 180 Naira per 

capita per day in 2010 prices and yields 3000 calories as the official poverty line4. Converted in 

dollars PPP, the line becomes 1.4 dollars per capita per day, very close to the 1.25 dollars PPP line 

used by the World Bank for international comparisons. Two are the main reasons for using this 

line rather than the official. First, the official poverty line was constructed using data collected 

with a different methodology; the official line and the new data would not be entirely consistent. 

Second, the data used to construct the official line presented several problems in terms of unit 

values, quantities and expenditures levels; as a result also the poverty line basket was affected by 

the same problems and was likely underestimated.        

 

 

                                                 
3Consumption figures were averaged over the two visits in order to proxy households’ annual consumption 
patterns irrespective of seasons. Averaging consumption over the two visits has one important limit, it reduces 

substantially the standard deviation of the distributions.   

4 On annual basis the line is 65804 Naira per capita in 2010 prices 
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Figure 1a. Observed poverty headcount rates at EA level from the 2010/11 round of the GHS-Panel survey. 
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Figure 1b. Observed poverty headcount rates at EA level from the 2012/13 round of the GHS-Panel survey. 

 

2.2.2 Computing EA level headcount rates 

 

For the purposes of geostatistical mapping, the optimal unit of analysis is determined by the finest 

level of geographical aggregation for which unique georeferencing information is available. In the 

GHS-PANEL, this corresponded to the Enumeration Area (EA) level, for which a single latitude 

and longitude coordinate was available representing around 10 households in a defined 

geographical location. Each household within each EA was first classified as either poor or non-

poor according to the national poverty line, with all individuals within each household assigned 

the same classification. EA-level headcount rates were then derived as the proportion of 

individuals within each EA classified as poor. The format of the dependent variable for 

geostatistical analysis was thus a binomial variable georeferenced at the EA level and consisting 
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of a numerator (number of individuals poor at a given EA) and denominator (total number of 

individuals at a given EA. Figures 1a and1b show these EA-level data for the 2010/11 and 2012/13 

waves of the GHS-Panel survey. 

 

2.3 PREPARATION OF GEOSPATIAL COVARIATE LAYERS 

 

As described in section 2.1, an important aspect of geostatistical modeling is the exploitation of 

geospatial covariates that are correlated with the outcome of interest (poverty headcount rate), and 

thus partially explain variation in that response, allowing more accurate predictions across the map. 

A suite of covariates were chosen from existing libraries held at the University of Oxford, based 

on factors that have previously been shown to correlate with poverty in different settings. This set 

is described below in more detail.  

 

2.3.1 Defining a set of candidate covariate layers from existing geospatial products 

The following grids were included in the model for testing as possible explanatory covariates for 

poverty headcount rates. Annex 1 includes more details on their characteristics and source, along 

with example national maps for Nigeria.  

 

2.3.1.1 Travel times 

The EU Joint Research Centre maintains a gridded surface estimating accessibility, measured in 

likely travel times (via all transport methods), to cities with greater than 50,000 inhabitants.  In 

practice, this provides a useful composite measure of the extent to which regions are rural versus 

urban as well as the degree of their connectedness to the national system of transportation. Areas 

nearby major roads, for example, would be relatively well connected – even if some distance from 

major cities. More details of this geospatial layer can be found at 

http://bioval.jrc.ec.europa.eu/products/gam/download.htm. The map is shown in Figure A1.1. 

 

2.3.1.2 Population density 

Gridded data on population density across Nigeria were constructed from satellite-derived 

settlement maps and available census data as part of the AfriPop project: (www.afripop.org). An 

alternative population grid, from the Global Rural Urban Mapping Project (GRUMP, 

http://sedac.ciesin.columbia.edu/data/set/grump-v1-population-density) was also investigated. 

The maps are shown in Figure A1.2. 

 

2.3.1.3 Aridity and Potential Evapotranspiration (PET) 

The CGIAR Consortium maintain high-resolution global raster climate data related to evapo-

transpiration processes and rainfall deficit for potential vegetative growth. These are based on data 

from the WorldClim project, and ultimately from weather station data interpolated using covariates 

such as altitude. These grids were extracted for Nigeria and allow differentiation of areas with 

http://bioval.jrc.ec.europa.eu/products/gam/download.htm
http://www.afripop.org/
http://sedac.ciesin.columbia.edu/data/set/grump-v1-population-density
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adequate rainfall and moisture regimes to sustain agriculture versus those where drier and more 

arid conditions prevail (http://csi.cgiar.org/Aridity/). The aridity map shown in Figure A1.3. 

 

2.3.1.4 Nightlights 

Defense Meteorological Satellite Program Operational Linescan System (DMSP OLS) annual 

composite satellite nightlight data for 2009 were obtained for Nigeria: 

http://www.ngdc.noaa.gov/dmsp/sensors/ols.html. These surfaces allow differentiation of regions 

based on both the density of population and the degree of electrification of dwellings, commercial 

and industrial premises, and infrastructure. The map is shown in Figure A1.4. 

 

2.3.1.5 Elevation 

A Digital elevation model (DEM) derived from the NASA Shuttle Radar Topography Mission 

(SRTM) Near-global Digital Elevation Models (DEMs) was obtained for Nigeria, differentiating 

high from low altitude regions (http://webmap.ornl.gov/wcsdown/wcsdown.jsp?dg_id=10008_1). 

 

2.3.1.6 Climatic/Environmental conditions 

NASA’s Moderate Resolution Imaging Spectroradiometer (MODIS) generates high-resolution 

satellite imagery on three key measures on environmental conditions, and these were extracted for 

Nigeria: land surface temperature (LST), the enhanced vegetation index (EVI) and middle infrared 

reflectance (MIR) (http://modis.gsfc.nasa.gov/). The maps for EVI and LST are shown in Figure 

A1.5 and A1.6, respectively. 

 

2.3.2 Defining and implementing a standardized grid format 

 

The geospatial data sources described above were obtained in a variety of spatial resolutions and 

geographic extents. Additionally, the land-sea templates inevitably differed slightly between 

products, such that the precise definition of coastlines, and the inclusion or exclusion of small 

islands and peninsulas was not consistent. These factors precluded the direct use of these data in a 

single spatial model. To overcome these incompatibilities and generate a fully standardized suite 

of input grids on an identically defined geographic template, a processing chain was developed 

that proceeded in the following stages. Firstly, each input data source was re-projected, where 

necessary, using a standardized equirectangular Plate Carrée projection under the World Geodetic 

System 1984 coordinate system. Secondly, where input grids were defined at differing spatial 

resolutions, they were re-sampled to 5×5 km. Thirdly, grids were either extended or clipped to 

match a standardized extent. Thirdly, a bespoke algorithm was developed that compared each 

rectified and re-sampled grid to a 'master' land-sea template for Nigeria and used a simple 

interpolation and/or clipping procedure to align new grids to this master template, thus ensuring 

that all coastline was perfectly consistent on a pixel-by-pixel basis. 

 

http://csi.cgiar.org/Aridity/
http://www.ngdc.noaa.gov/dmsp/sensors/ols.html
http://webmap.ornl.gov/wcsdown/wcsdown.jsp?dg_id=10008_1
http://modis.gsfc.nasa.gov/
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2.4 EXPLORATORY ANALYSIS 

 

2.4.1 Histograms and Variography 

 

Two basic exploratory analyses were undertaken for the poverty headcount rate data. First, simple 

empirical histograms were generated to assess the statistical distribution of the poverty variable, 

which can be useful in planning the optimal structure of the geostatistical model (for example, 

whether a standard binomial sampling model is appropriate, or whether variations such as a zero-

inflated binomial would be more appropriate). Second, the spatial autocorrelation structure was 

assessed via an empirical variogram. This function plots semivariance (the average dissimilarity 

between two data points) against spatial lag (the geographical distance separating two points). 

Where data are spatially structured, a characteristic variogram form is for semivariance to steadily 

increase with increasing lag. This is intuitive since it demonstrates that, as points with 

progressively larger separation distances are compared, their level of dissimilarity increases or, in 

other words, observations closer together are likely to be more similar in value than those further 

apart.  

 

This pattern tends to reach a limit beyond which additional separation has no further affect on 

dissimilarity (this is the ‘range’ of spatial autocorrelation, beyond which points are considered 

independent). In practice, spatial variables tend to display both spatially structured and random 

variation. The value of semivariance at the intercept (termed the ‘nugget effect’) is indicative of 

the amount of non-structured, random, variation displayed by the variable (i.e. variation that 

persists even over the shortest separation distances). In simple terms, the smaller this nugget value 

relative to the plateau of the semivariogam, the larger the fraction of variation that is spatially 

structured. Where the ultimate objective is to use a spatial interpolation technique as part of a 

predictive model, larger fractions of spatially structured variation will tend to translate into better 

predictive precision (since more of the variation is predictable rather than apparently random).  

 

2.4.2 Covariate selection 

 

In a standard non-spatial generalized linear model (GLM) regression approach, it is necessary to 

undertake a formal covariate selection procedure. In these contexts, selecting the optimal set of 

covariates is vital to maximize the ultimate predictive accuracy of the model. Including too few 

informative covariates mean exploratory power is lost, but the inclusion of too many means that 

the resulting high-dimensional multivariate model over-fits the data: explaining noise rather than 

signal and, ultimately, reducing predictive accuracy. Because full geostatistical models are 

extremely time-consuming to fit, the standard practice has been to use simpler non-spatial models 

to determine the optimum covariate selection for subsequent inclusion in the full spatial modeling 

framework. Techniques such as stepwise variable selection are commonly used, whereby a 

candidate set of covariate set is built up by progressively adding new candidate covariates to a 
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model (forward selection) or subtracting them from an initial inclusive set (backwards selection), 

and deciding to keep or discard each new covariate based on its impact on model fit. These 

techniques are however known to be sensitive to the order in which variables are added or removed, 

and therefore risk generating arbitrary final selections. 

 

A novel development for this analysis has been the use of a 'regularization' approach embedded 

within the geostatistical model itself. In intuitive terms - this allows a large suite of candidate 

covariates to be entered into the main model whilst achieving two things: first it allows the model 

to sacrifice a small amount of bias for a large reduction in variance (bias variance tradeoff) greatly 

improving our out of sample predictive capacity, and second the regularizer shrinks the coefficients 

of the covariates, which means the effects of collinearity are minimized making the model more 

stable and robust. In formal terms -  we imposed a Gaussian process prior on our likelihood 

allowing to regularization of the posterior mean: 

 

𝑝(𝑓𝑥|𝑦) =
𝑝(𝑦|𝑓𝑥)𝑝(𝑓𝑥)

𝑝(𝑦)⁄ =
𝑁(𝑦; 𝑓𝑥, 𝜎

2𝐼)𝑁(𝑓𝑥; 𝜇, 𝐶)
𝑁(𝑦; 𝜇, 𝐶 + 𝜎2𝐼)

⁄  

 

−2log𝑝(𝑓|𝑦) = (𝑦 − 𝑓𝑥)
𝑇𝜎−2𝐼(𝑦 − 𝑓𝑥) + (𝑓𝑥 − 𝜇)𝑇𝐶(𝑓𝑥 − 𝜇) + 𝑐𝑜𝑛𝑠𝑡𝑎𝑛𝑡 

 

−2log𝑝(𝑓|𝑦) = 𝜎−2||𝑦 − 𝑓𝑥||𝐼
2
+ ||𝑓𝑥 − 𝜇||

𝐶

2
+ 𝑐𝑜𝑛𝑠𝑡𝑎𝑛𝑡 

 

Here 𝑁(⋅) is the Gaussian probability distribution function, 𝑓𝑥 if the Gaussian process function, y 

is the response, 𝜇, 𝐶 are the mean and covariance functions defined in 2.5.1.1, 𝜎2𝐼 is the noise or 

error. From the above derivation it is clear that the Gaussian process is the regularized least-squares 

estimate. The regularization is not just the 𝑙2 distance in the conventional ridge regression but the 

Mahalanobis distance which accounts for the elliptical skew due to the covariance function thereby 

including all correlated effects into the regularizer. In addition to the conceptual benefits afforded 

to us from the Gaussian process prior we explored the possible inclusion of apriori non linear 

transformations on our fixed effects. However we did not find that these non linear transformations 

produced models significantly better than the non transformed parsimonious model. Model 

complexity was measured using the Deviance information criteria. 

 

2.5 GEOSTATISTICAL MODELLING 

2.5.1 Model structure 

 

Our initial model structure is a class of generalized linear mixed model, with an approximation of 

a multivariate Normal random field (i.e. a Gaussian Process) used as a spatially autocorrelated 

random effect term. This family of models derives from a body of theory knows as model-based 

geostatistics [3,4]. 
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The poverty headcount ratio (proportion of individuals considered ‘poor’ according to the poverty 

line)  iY x , at each location in Nigeria  for the years 2010/11 and 2012/13 was modeled as a 

transformation  of a spatially structured field superimposed with additional random variation 

. The count of individuals considered poor  from the total sample of  in each survey EA 

was modeled as a conditionally independent binomial variate given the unobserved underlying 

 iY x  value. The spatial component was represented by a stationary Gaussian process  

with mean  and covariance . The unstructured component  was represented as Gaussian 

with zero mean and variance . Both the inference and prediction stages were coded using the 

INLA framework [5], primarily in R [6]. 

 

2.5.1.1 Mean and covariance definition 

 
The mean component  was modelled as a linear function of the n geospatial covariates identified 

in the preceding stage  ,where  was a vector consisting of a constant 

and the covariates indexed by spatial location , and   was a corresponding vector 

of regression coefficients. Each covariate was converted to z-scores before analysis. Covariance 

between spatial locations was modeled using a Matern covariance function : 
 

  
 

2

1

( ; ) ( ; )1
( ; ) 2 2

2

i j i j

i j

d x x d x x
C d x x K




  

  

   
    

    
 

Where ( ; )i jd x x is the geographical separation between two points; , ,   are parameters of the 

covariance function defining, respectively, its amplitude, degree of differentiability, and scale; K

is the modified Bessel function of the second kind of order  , and  is the gamma function [7,8]. 

 

2.5.2 Model implementation and output 

 

Bayesian inference was implemented using the INLA algorithm to generate approximations of the 

marginal posterior distributions of the outcome variable  iY x at each location on a regular 5×5 

km spatial grid across Nigeria and of the unobserved parameters of the mean, covariance function 

and Gaussian random noise component. At each location, the posterior distribution was 

summarized using the posterior mean as a point estimate, and the posterior inter-quartile range as 

a measure of model precision. Maps were generated of each of these metrics in ArcGIS 10.2. 
 

2.5.3 Validation 
 

The predictive performance of the model was assessed via out-of-sample validation. We 

implemented a four-fold hold-out procedure whereby 25% of the data points were randomly 

withdrawn from the dataset, the model run in full using the remaining 75% of data, and the 
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predicted values at the locations of the hold-out data compared to their observed values. This was 

repeated four times without replacement such that every data point was held out once across the 

ten validation runs. Standard validation statistics were computed as measures of model precision 

(root mean square error, mean absolute error) and bias (mean error).  

 

2.6 RESULTS 
 

2.6.1 Exploratory results 

 

2.6.1.1 Histograms and variograms 

 

Figure 2 shows the empirical histograms and variograms of the EA-level headcount rates. The 

histogram displays a classic zero-inflated distribution, with many EA clusters containing no 

households below the poverty line. The remainder of the distribution is relatively flat, with even 

distribution of headcount rates in those clusters containing one or more poor households. The 

variogram displays a large structured-to-unstructured ratio (i.e. the intercept is a small fraction of 

the plateau value) which bodes well for prediction using a geostatistical model. The variogram 

continues to rise to distances of around 2 decimal degrees (approximately 200 km), suggesting 

autocorrelation across large geographical scales. Interpreting this in real-world terms: poverty in 

Nigeria is strongly regional, with some short-scale variation (e.g. transitioning from urban areas 

to nearby rural areas) interspersed with pronounced larger scale region-to-region variation. A 

geostatistical modeling approach is, essentially, designed to exploit this inherent spatial 

predictability in order to interpolate robustly at unsampled locations. 
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Figure 2. Empirical histogram (left) and variogram (right) of the EA-level poverty headcount rates. One 

decimal degree is equal to approximately 110km. 

 

2.6.1.2 Covariate fitting 

 

Table 1 summarizes the fitted posterior distributions for the model covariate coefficients. In each 

case the 'mean' value relates to the point estimate of the coefficient, with the remaining liksted 

values describing the uncertainty around it. The 2.5th and 97.5th percentiles represent the bounds 

of the 95% credible interval. Where these values span zero, the covariate is generally interpreted 

as being a non-significant predictor. As can be seen, most coefficients meet this criteria, 

demonstrating that they were poor spatial predictors of headcount rate. The brightness of night-

time lights was a strong negative predictor of poverty - brighter areas being less poor. Two derived 

proxies of vegetation moisture/greenness were also negatively correlated with poverty - outside 

urban areas, dryer, less verdant areas were systematically poorer.  
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Table 1. Summary of covariate layers included in model and their fitted coefficients.  

 

 mean Std dev. 2.5th %ile median 97.5th %ile 

Intercept -1.25 0.16 -1.57 -1.25 -0.94 

Aridity 0.03 0.34 -0.64 0.03 0.69 

Night-time Lights -0.89 0.15 -1.18 -0.89 -0.59 

Elevation 0.25 0.43 -0.6 0.25 1.1 

Accessibility 0.22 0.15 -0.07 0.22 0.52 

Vegetation index  0 0.19 -0.38 0 0.38 

Vegetation index  (Tasseled cap brightness) -1.37 0.57 -2.49 -1.37 -0.26 

Vegetation index (Tasseled cap wetness) -1.79 0.72 -3.21 -1.79 -0.38 

Day temperature -0.29 20.79 -41.11 -0.3 40.49 

Day-night temperature difference -0.14 23.03 -45.35 -0.14 45.04 

Night temperature -0.45 6.13 -12.49 -0.45 11.58 

Population density -0.1 0.1 -0.3 -0.1 0.09 

 

2.6.2 Validation statistics 

 

Table 2 displays validation statistics derived from the four-fold out-of-sample procedure. The 

model displays negligible bias (mean square errors of -0.44) indicating no overall tendency to 

over- or under-predict the headcount rates across the country. Mean absolute error was 0.157, 

which should be interpreted directly in the same units as the outcome variable - i.e. poverty 

headcount measured on a proportion scale between zero and one.  
 

Table 2. Out-of-sample validation results from geostatistical model for poverty headcount.  

   

Validation metric value 

Correlation (actual vs predicted) 0.728 

Mean Square Error -0.044 

Mean absolute Error 0.157 

 

 

2.6.3 Mapped surfaces 

 

Our predicted pixel-level map of the poverty headcount rate for Nigeria is displayed in Figure 3 

(top). At the national scale, the broad pattern of poverty distribution is of predominately lower 

poverty rates in south-western regions, with a general progression to higher poverty rates to the 

north and east. The pixel-level map allows the nature of fine-scale heterogeneity in poverty rates 

to be explored. As expected, urban areas tend to be substantially less poor than their immediate 

rural surroundings, and poverty rates tend to be highest in the more remote rural areas, particularly 

further from main arterial road networks. Away from urban areas, the landscape of poverty is 

extremely heterogeneous, with defined pockets of poverty 'hotspots' amid more moderate 

background levels. Figure 3 (bottom) shows how the uncertainty of the model varies 



 Developing an updated poverty map for Nigeria 

The World Bank 

 Final Report (DRAFT) March 5th 201  

 

 15 

geographically. As is usual in geostatistical models, the degree of uncertainty was higher where 

average poverty rates were higher. This is driven here by two factors: first, poverty tends to be 

higher in rural areas which, due to the lower population density, have more sparsely separated 

survey clusters to inform the model. Second, areas with higher average poverty also tended to have 

higher variation between high and low survey clusters. The 5 x 5 km pixel-level map represents 

the finest granularity at which the model generates predictions.   
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i 

Figure 3. (top) Predicted map 

of poverty headcount rates in 

Nigeria in 2012/13 (i.e. 

predicted percent poor at each 

location). The continuous 

surface is the posterior mean 

prediction at 5x5km 

resolution. (bottom) 

Accompanying map of model-

based uncertainty. The 

uncertainty metric is the width 

of the 95% credible interval.  

Uncertainty (width of 95% CI) 

Poverty Headcount Rate 2012/13 
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3.0 DISCUSSION 

3.1.1 Geographical distribution of poverty  

 

Figure 3 and 4 show poverty headcount rates in Nigerian between 2012 and 2013; however, figure 

4 delves into more details by displaying poverty headcounts rates aggregated at LGA level (top) 

and State level (bottom). Figure 5 shows the total number of poor for the same administrative 

division; nonetheless, compared to the previous set of maps, figure 5 also takes population 

densities into account. There is the possibility that previously identified regions with high poverty 

rates could be uninhabited; hence, for targeting purposes, it is important to also account for 

population density per region. 

 

Poverty is clearly concentrated in a belt that covers the north and moves along to the eastern part 

of Nigeria. The maps visualize rather clearly the big divide in poverty outcomes characterizing the 

country. In the whole expanse to the East of Sokoto State, and to the North of Niger and Nasarawa 

State, poverty rates tend to consistently be over 30%; nonetheless, there are two notable exceptions. 

Along the Cameroonian border high poverty rates are also observed.  

 

Moreover, the Northwest demonstrates relevant heterogeneity. In this region, poverty is highly 

concentrated around Kano and Katina, where the population’s poverty rates tend to consistently 

be over 60 percent. However, there appears to be a couple of LGA’s in Katsina and Kano with low 

poverty rates. In the Northeast, the States of Adamawa and Gombe are the most affected by poverty; 

poverty rates in this region are steadfastly over 30%. In addition, as can be observed from the LGA 

maps, the poorest parts of Nigeria are contained in a long stretch along the Cameroonian belt down 

to Cross River State. 

 

The Northcentral shows socio-economic variation. Areas adjacent to the federal capital: Abuja, 

and towards the South show very low levels of poverty. These low poverty levels extend from 

Abuja towards the East into Jos, and towards the West into certain LGA’s along the Benin Border 

in Niger State. Conversely, the Northcentral still has its share of poverty; LGA’s in the upper parts 

of Kaduna towards kastina and Jos show poverty rates that range from 60 to 85 percent. 

 

The Southwest is by far the least affected by poverty. There are clear positive effects of Lagos 

State on bordering states. Poverty rates in this region look to be lower than 12%.In the South 

central, the positive effects of Lagos are still observed. Poverty rates in this region seem to be 

below 13 percent; however, there are a few exceptions. Areas along the Bight of Benin towards 

the Southeast show poverty rates over 30 percent.  

 

Of the southern regions, the southeast is the most affected by poverty, States and LGA’s in this 

region show poverty rates that are consistently over 40%. In LGA’s in the state of Enugu, poverty 

rates of 85 percent and over are observed. Finally, in the South-South area, along the Delta, there 

are some clear poverty pockets. Nonetheless, the rest of the region is homogenously less poor than 

the rest of the country.    

 

In general, as it appears from the maps, poverty is concentrated in a belt stretching from Zamfara 

State, covering most of the Northwestern and Eastern States. High poverty concentration is 
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particularly visible in a number of LGA’s clusters in Katsina and Kano States; these are also 

densely populated areas. Poverty pockets are present along the Eastern part of Nigeria bordering 

Cameroon; these are mainly Northeastern States with a few belonging to the Southeastern region, 

notably Enugu and Ebonyi.          
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Figure 4. (top) Predicted map 

of 2012/13 poverty headcount 

rates (i.e. percent poor) 

aggregated to LGA (top) and 

State (bottom) level.  

Poverty Headcount Rate 2012/13 

Poverty Headcount Rate 2012/13 
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Figure 5. (top) Predicted map 

of 2012/13 poverty headcount 

(i.e. number poor) aggregated 

to LGA (top) and State 

(bottom) level.  
 

Poverty Headcount 2012/13 

Poverty Headcount 2012/13 
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3.1.2 Comparison with Multidimensional Poverty Index Map  

 

Poverty headcounts at State level are compared to results from a different poverty index (OPHI, 

2015) the Multidimensional Poverty Index (MPI). The MPI uses 10 indicators to measure poverty 

in three dimensions: education, health and living standard. People are identified as multi-

dimensionally poor if they are deprived in at least one third of the weighted indicators. Furthermore, 

the intensity of poverty denotes the proportion of weighted indicators in which they are deprived. 

A person who is deprived in 90% of the weighted indicators has a greater intensity of deprivation 

than someone deprived in 40% of the weighted indicators. The proportion of the population that is 

multi-dimensionally poor is the incidence of poverty, or MPI headcount ratio.  

 

The MPI for Nigeria was calculated using 2013 data from Demographic Health Surveys. Before 

looking at the comparison, a number of caveats need to be taken into account. Sampling weights 

used for DHS and GHS panel are quite different. For DHS, weights calculated from census were 

not used to weigh the results, GHS results were weighted using information from census. The two 

indicators define the same phenomenon using two different methods: being poor according to the 

MPI doesn’t always correspond to being poor using consumption. 

 

Notwithstanding these differences, when ranking States by the two indicators we expect limited 

heterogeneity: There might be some differences in the relative ranking position but the overall 

picture should be very similar. Table 3 ranks Nigerian States by consumption poverty and by MPI 

poverty. Rank correlation of the two indicators is high and significant: 0.75. Overall, the picture 

described by the two indicators is very similar. Northeastern and Northwestern States are the 

poorest states, while Southwestern and South-Southern states show the lowest poverty rates. Five 

States display an exception to this general rule: Ebonyi, Enugu. Cross Rivers, Sokoto and Gombe.  
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Table 3 Consumption Poverty and MPI by States: headcount and ranking 

 

State 
Cons Pov. 

Headcount 

Pov. 

Rate 

Ranking 

MPI 

Headcount  

MPI 

Ranking 

 

Abia 17.8 30 8.8 30  

Adamawa 55.9 4 29.5 14  

Akwa Ibom 33.0 21 9.9 28  

Anambra 16.0 32 5 35  

Bauchi 46.9 9 58.3 3  

Bayelsa 31.5 22 12 23  

Benue 44.0 13 28 15  

Borno 34.9 16 40.1 11  

Cross River 51.0 7 14.6 20  

Delta 13.6 36 10.7 27  

Ebonyi 76.9 1 26.5 17  

Edo 17.4 31 8 33  

Ekiti 15.4 34 5.1 34  

Enugu 45.8 10 12.3 22  

Federal Capital 21.2 28 10.8 26  

Gombe 29.2 23 47.1 8  

Imo 13.7 35 8.3 32  

Jigawa 56.9 2 55.2 5  

Kaduna 41.0 14 31.1 13  

Kano 45.1 12 43.4 10  

Katsina 56.5 3 52 7  

Kebbi 36.2 15 55.3 4  

Kogi 22.4 26 11.3 24  

Kwara 34.4 17 9.9 29  

Lagos 13.3 37 3.5 37  

Nassarawa 33.6 20 25.1 18  

Niger 33.7 19 32.4 12  

Ogun 26.5 24 11.2 25  

Ondo 15.6 33 12.7 21  

Osun 21.4 27 4.3 36  

Oyo 34.3 18 15.5 19  

Plateau 45.8 11 27.3 16  

Rivers 18.7 29 8.8 31  

Sokoto 25.9 25 54.8 6  

Taraba 51.8 6 44.8 9  

Yobe 52.9 5 63.5 1  

Zamfara 49.2 8 60.5 2  
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Tot. 34.8   0.26    
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ANNEX 1: EXAMPLE GEOSPATIAL COVARIATE LAYERS INCLUDED IN THE 

MODELING FRAMEWORK 

 

 
Figure A1.1. Travel times to cities of greater than 50,000 inhabitant via fastest mode/route. Layer maintained 

by the EU Joint Research Centre 
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Figure A1.2. Population density layer for Nigeria in 2011 maintained by the AfriPop project. 
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Figure A1.3. Aridity, derived from weather station data and are maintained by the CGIAR Consortium. 
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Figure A1.4. Night-time lights imagery for Nigeria in 2009 maintained by NOAA. 

 

 

 



 Developing an updated poverty map for Nigeria 

The World Bank 

 Final Report (DRAFT) March 5th 201  

 

 28 

 
Figure A1.5. Mean Enhanced Vegetation Index imagery derived from NASA's MODerate resolution Imaging 

Spectrometer (MODIS). 
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Figure A1.6. Mean Land Surface Temperature from NASA's MODerate resolution Imaging Spectrometer 

(MODIS).  

 


