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Abstract

Thus paper illustrates an alternative visualization and 1dentification
methodology, namely exploratory spatial data analysis (ESDA) that
allows detectmg both spatial autocorrelation m the form of spatial
clusters and spatial heterogeneity n the form of differentiated
cluster patterns across space Specifically, the paper analyzes the
spatial dimension of poverty and its hnkages with environmental
conditions using data from Bangladesh with the aid of ESDA
Results show sigmficant spatial clustermg of high and of low
poverty rates as well as spatial heterogeneity of poverty-
environment relationships — a clear 1ndication of spatial
regionalization of poverty-environment relationstups The results
also ndicates that there 1s no straightforward association between
poverty and any smgle environmental factors considered, which
calls for a multivariate spatial econometnc approach to
simultaneously analyzes the effects of several environmental
variables taking 1nto account the effects of demographic vanables as
well as spatial effects In terms of policy implications, the existence
of spatial regumes of poverty-environment relationships suggests 2
more targeted anti-poverty intervention

Keywords Spatial analysis, Exploratory spatial data analysis, spatial

dependence/autocorrelation, ~ spatial  heterogeneity, spatial
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! Introduction

The 1dentification, measurement and analysis of the inherent stochastic nature of spatial
patterns (clustering) and relationships of geographical vaniables (e g, poverty mcidence)
have been a focal 1ssue mn spatial data analysis and spatial econometric modehng This
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paper underlines the relevance of an altemative visualization and exploration
methodology, that 15 the exploratory spatial data analysis (ESDA), that allows detecting
both spatial autocorrelation® m the form of spatial clusters, and spatial heterogeneity® in the
form of differentiated cluster patterns across space Specifically, the paper illustrates the
application of ESDA m the analysis of the spatial dimensions of poverty and 1its linkages
with environmental conditions using Bangladesh data The reason for this approach stems
from the drawbacks of the conventional methods such as visual mspection that “human
perception is not sufficiently rigorous to assess the sigmificant clusters and mdeed tends to
be biased toward finding patterns, even 1n spatially random data” [1] The paper also
contributes to the lirmited number of empirical studies of poverty-environment linkages® It
provides a holistic methodology of poverty-environment interaction analysis m a spatial
context and contributes to the growing number of spatial analysis apphcations

The remamder of the paper 1s arranged as follows Section 2 provides the methodology
used, the level of analysis and the sources of data Section 3 presents the results and
section 4 draws important conclusions

2. Methodology

2.1. Level of Analysis, Sources of Data and Variable Used

The level of analysis 1s Upazilla/Thana level, which 1s a sub district admumstrative umt of
Bangladesh The data and maps that were used are taken from the Bangladesh Country
Almanac (BCA)? In particular, the poverty measure that 1s used 1s the headcount mdex
(HCT), whuch 15 the proportion of households with cost of basic needs below the poverty
line The set of environmental factors considered are land types (in relation to water type
and mundation depth), drought severity and soil types All analyses are conducted using
the (}ec%DaT software [4] ArcGIS 1s also used to enhance mapping of the results for
GeoDa

® Spatial autocorrelation is the tendency of the same variables measured 1n locations m
close proxmuty to be related

® Spatial heterogeneity or spatial nstability of geographic processes, meamng that global
parameters do not well reflects processes occurring at a particular location

¢ The relationship of poverty and environment, which 1s regarded as the “poverty-
environment nexus” 1s considerably debated over the last decade [see eg, [2]) The
literature 1s abound with broad generalizations or assumptions (¢ g, poverty and the
environment are inextricably linked 1 a “downward spiral”) However, studies directly
venfyng the relationship are extremely scarce Part of this scarcity 1s due to the lack of
established methodology

 The BCA 15 a compilation of digital data sets, both spattal and non-spatial attributes mn 2
CD-ROM with Mud Springs Awhere-ACT Spatial Information System tools developed
using MapObjects programmmg It also contamns the data and the report of the poverty
mapping exercise conducted by the Intermational Rice Research Institute (IRRI) and
partner Institute [3]
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_2.2.Global and Local Measures of Spatial Association

ESDA 15 a set of techmques aimed at descnibing spatial patterns distributions in terms of
spatial association patterns such as global spatial autocorrelation, local spatial
autocorrelation and spatial heterogenety One of its roles 1s to shed light on future
poss1b1ht1es n the modeling and theonzmg Hence, ESDA work precedes a good spatial
econometric modelng

2 2 a Untvariate analysis

Among the different measures of spatial association (€ g, Moran’s I, Geary’s C and Getis
G), the Moran’s [ 1s the most popular and 15 used m this paper It 15 calculated using the
followmg equation [5]

T R Vo B
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where # 15 the number of Upazillas (locations), X 15 a (n x 1) vector of observations
x,(eg, HCD), w, are clements of a spatial weight matrrx W with order (1 x n) which

defines the neighborhood structure of the locations, 7, 7, S,15 2 normahzmg factor equal to

the sum of the elements of the weights matrix, 1€, §, = Zzwy
oy

It 1s common practice to mterpret Moran’s [ as a correlation coefficient, although 1ts value
18 strictly speaking not restncted to the [-1,+1] mterval High positive values signal the
occurrence of sumular attribute values over space (either ngh or low values), and hence
spatial clustenng Negative values mdicate the jomt occurrence of high and low attribute
values 1n nearby locations In the absence of spatial dependence, the value of Moran’s I
approaches to (zero), an evidence of a random allocation of attribute values over space

For a row standardized W (such that the elements of a row sum up to unity®), the computed
Moran’s I can be mterpreted as a coefficient in a regression of spatial lag of x (Wx, 1€, the

k

average poverty mcidence of neighboring Upazzllas,ZWy X, , agamnst the ongmal values
1-1

of x) More formally, Wx =a +Ix +e, where x and Wx are as defined earlier, the

parameter g 1S a regression intercept and / 1s the slope n the equation and 15 equivalent to

Moran’s

Global measures of spatial autocorrelation provide a tool for testing for spatial pattermng
over a whole study area Corresponding local idicators of spatial autocorrelation (LISA),

® Row standardization normalizes the outside mfluence upon each area and facilitates easy
Interpretation [6]
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e g , Local Moran s /,, Local Geary C, and Local Getis G,) can be used to 1dentify hot spots
to mdicate pockets of spatial non stationanty, and to suggest spatial regumes or outliers

The local Moran statistic for each observation 7 1s defined as [7]

n
I =2>wzZ, @
J#t
where the observations Z, and Z, are 1n standardized form (with mean of zero and vanance
of one) The spatial weight w, are in row-standardized form So, 7, 1s a product of Z, and
the average of the observations mn the surrounding locations

2 2 b Bivanate analysis

The analyses extend to bivanate approach by relating poverty (HCI) of a focal location
(Upazilla) with different environmental variables (x) of neighboring locations (Wx) agamst
the HCI of the focal Upazilla These analyses do not only allow us to determne spatial
relationships but also spill over effects of environmental conditions on HCI

Bivanate Moran s 7 of poverty and environmental variables are computed to discern global
poverty-environment relationship Bivariate LISAs are also computed and mapped to
visualize different spatial-environment relationships, an mdication of spatal heterogeneity
of relationships

2 2 ¢ Moran Scatter Plot

A third tool mn ESDA used 1n this paper 1s the univanate and bivariate Moran scatter plot

k
A univanate Moran scatter plot for example, plots W_HCI (Z w, Hi CPI. ]agamst HCI,
=1
am at visualizing four types of local spatial association between an Upazilla and 1ts
peighbors, each of them bemng localized 1n a quadrant of the scatter plot (Fig 1) quadrant
High-High (Upper nght) refers to Upazillas with high poverty m the neighborhood of high
poverty (1€, cluster of poverty), quadrant Low-High (upper left) refers to Upazillas with
low poverty rate surrounded by Upaziilas with ugh poverty rates (1, hot spots), efc
Quadrants Figh-High and Low-Low wmdicate positive spatial autocorrelation indicating
spatial clustermg of Upazillas with simlar (High or Low) poverty rates Conversely,
quadrants Low-Thgh and High-Low indicate negative spatial autocorrelation mdicating
spatial clusterng of Upazillas with dissimilar poverty rates

2.3. Test of Significance

A test on the null hypothesis that there 1s no spatial antocorrelation between observed
values over the n locations can be conducted based on the standardized statistic In
practice however, the test of the significance of Moran’s /, and 1ts local counterpart, LISA
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=~ ¢,y are conducted usmg random permutation or conditional randomuzation outlmed m [8]
and [9]

2.4. Spatial Weight Matrix (W )

The W measures the spatial lmkages or proxmmity of the observation Formally given

n
(paizel Irmenork of » Jocauons, 8= {S1 }l=] _and a neighbor relaton N < SX'S, sites

s, and s, arcnelghborsﬂ‘(sl,sj)eN,l #] Let N(s,):{sj (s s )EN} denotes

(2]

5, s neighborhood The elements of normalized W are w(z, ])=l/ |N (s])l off

| R
contigwity/adjacency relatton to distance functions and eventually with a cut-off pomt (%)
or k-nearest neighbor An 1llustration of different contiguity-base matrix, both first-order
and higher-order specifications and also combmations of contigmty and distance
specifications 1s provided m [10] The determmation of the proper specification for the

elements of a spatial weight matnx {Wy} 1s one of the difficult and controversial

(s .S‘)EN and W(I,j)=0 otherwise The form of the W can vary from a

methodological 1ssues 1n spatial analy&m this paper, we used the k-nearest neighbors
weight matrix (k) of the form

w,(k)=0 if1=7, Vk
w,(k)=1 1fd,<d (k) and w, (k)=w, (k)/zw; (%) 3)
w(k)=0 fd,>d (k) . J

where W, (k) s an element of the standardized weight matnx and d, (k) 15 a cnitical

cut-off distance defined for each Upazilla 1 More preasely, d, (k) 1s the &% order

smallest distance between location ¢ and all other units such that each umit has exactly &
neighbors More spectfically, we set k = 6 1n thus paper’

3 Results and Discussion

The computed Morans’ I for HCI 1s 055, which 1s statistically sigmificant at 99%
significance level This imdicates that a positive spatial dependence of poverty exists m
Bangladesh To delineatc between spatial clustening of high and of low meidence of
poverty, a Moran scatter plot on W_HCI (the spatial lag of HCI) agamst HCI 1s presenied

fA delaunay tnangulation routine 1s used to pick-out the three nearest Upaziilas based on the latitude
and longitude coordinates for the Upazilla centroid Delaunay triangulazation computes a set of
tnangles such that no data points are contained 1n any triangle’s circumetrele The chowce of k=61s
based on the average number of adjacent neighbors of each Upazilla
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m Fig 1 Most of the Upazillas are clustered either in quadrant High-High (pockets of
high poverty) or 1n quadrant Low-Low (pockets of low poverty)

Moran s | — 5543

W_ZHC!

It Hgh Low v Low Low

3 2 1 0 1 2 3
standarghzedHOE FHCT)

Fig. 1: Moran Scatter Plot of HCI Based on 6 Nearest Neighbor Relation

In order to assess the significance of the spatial clustering of Upazilias with ssmular HCI
(e g, pockets of high and of low mcidence of poverty), Local Moran’s [ are computed and
mapped (Fig 2a) The comresponding significance map 1s shown in Fig 2b The colour
code on the LISA map mdicates the quadrant in the Moran scatter plot Among other
things, the map confimmed the sigmficance of the pockets of high incidence of poverty
(pockets of High-High values of HCPI) in the northeast, which 1s characterized by low-
lying flood-prone area Statistically significant clusters of Low-Low relationships are also
found 1n central Bangladesh where the capital city of the Country (Dhaka City) 1s situated
On the other hand statistically significant hot spots areas are found in coastal aeas
(south)

Wl High-High

I Low-Low
Low-High

Il High-Low

CImot sigrificant

I ot estimated

Fig, 2: LISA Cluster Map of HCI (a) and Corresponding Significance Map (b)

Table 1 summanzes the results of bivariate Moran scatter plot of environmental factors (x)
and HCI The figures are the slopes of Moran scatter plot (1¢ regression of Wx agamst
HCI) The vanable “% very lowland area” exhibits the greatest maemtude (0 7787)
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~{jpazilas 1n the neighborhood of high “% medium highland” area are seemed to have low
meidence of poverty Whle the extremes (1 e, highland and very lowland) are associated
with igh mncidence of poverty Contrary to expectatior, a sigmificant negative spatial
agsociation 15 observed between poverty and severity of drought suggesting IRRI et al [3]
argued that the relatively low concentration of poverty 1n the drought-prone areas
particularly 1 the northwest region seems to have masked by the presence of infrastructure
facilities such as imgation In a review study of Heisey and Edmeades [11] m several
countries, they reported a mix results on the drought stressed-poverty relationship

Table 1: Bivariate Moran’s I between Upazillas HCI and selected environmental factors
of neighboring areas based on 6-nearest neighbor relation

Biophysical charactenstics Global spatial association (Moran’s /)
% of High land 00832 o
o Medum highland 1 -0 1538 *okk
% Medium highland 2 -0 1872 okok
% Medwm lowland 00292 "
% Lowland 01155 ok
% Very lowland 07787 ¥k
% area with sandy loam soil 0 1456 *oF
9% area with clay soil -0 1681 Hokok
9% area affected by severe drought -0 2317 Hokok
% area affected by moderate drought -0 2265 Rk

¥k gomificant at o =0 01 ** sigmificant at ¢ =0 05 ™ not statistically significant

Figures 3a-c depict the sigmficant bivariate LISA between Upazilla’s HCI and the spatial
lag of selected environmental variables Note that the results within environment group
(land type, soil type and drought), supports each other, 1¢, the same analysis can be
extracted from the result between HCI and “% lowland” and/or “% very lowland” Among
others, a statistically sigmficant concentration of poverty exists m the neighborhood of
high "% of mghland” m the northwest and southeast regions (a High-High relationship)
and 1n the nexghborhood of low “% of Highland” (1€, low-lymng flood-prone areas) n the
northeast region (a Low-High relationship) As shown m Fig 3b, the areas with low “% of
ghland” are also charactenzed by high “% of clay area” These areas are also
characterized by low “% of area affected by severe drought” (Fig 3c)

LEGEND

M High-High

Il Low-Low
Low-High

Ml High-Low

[ Mot sigruficant

M hot estmated

Fig. 3: Bivarate LISA Cluster Map of Selected Environmental Varables [ (a) “% of
Highland’, (b) “% Clay Area” and (c) "% Area Affected by Drought” | Against
HCI
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4 Summary and Conclusion

In this paper, we illustrate an alternative visualization and 1dentification methodology,
namely exploratory spatial data amalysis (ESDA) that allows detecting both spatial
antocorrelation, i the form of spatial clusters and spatial heterogeneity i the form of
differentiated cluster patterns of poverty and its linkages with environmental conditions
using data from Bangladesh The use of such analysis highlights results that would escape
notice m a standard visual nature of poverty maps

Results show sigmificant spatial clustenng of high and of low poverty rates and spatial
heterogeneity or nstability of poverty-environment relationships More meaningfully, this
mdicates that a spatial regionalization of poverty-environment relationships exists Poverty
exists both m low-lymg flood-prone areas as well as in high altitude areas However,
significant clusters of low poverty are also observed 1n high altitude areas Secondly,
certamn level of drought sevenity and soil type also characterizes high- and low-altitude
areas These results suggest that there 1s no straightforward and clear-cut association
between poverty and any smgle environmental factors considered Therefore, a
multivanate approach of analysis which combines all these environmental vanables taking
mto account the effects of non-environmental factors (e g, demographic varnables) 1s
deemed necessary Moreover, the presence of spatial patterns of poverty mcidence and
poverty-eavironment relationships as evident 1n the analysis suggests a multivanate spatial
econometnc modelng to account for spatial effects due to these spatial patterns [see 6 for
detals]

In terms of policy implications, the spatial of spatial regime or regionalization of poverty
and poverty-environment interactions suggest a moie targeted anti-poverty intervention
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