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INTRODUCTION AND BACKGROUND

Theglobal reduction of child mortality hasbeenapriority
of international and national organizationsfor thelast few
decades. Despite widespread global efforts to improve
childsurvival, thelatest UNICEF report onthe State of the
World’s Children 2000 (UNICEF, 2000) indicates that
child mortality rates continue to remain higher in lesser
developed countries (LDCs), and in some areas, girls
continue to die at a greater rate than boys.

Matlab, arural area of Bangladesh, shows child mor-
tality hasdeclined greatly in thelast two decades (Figure
1). Therateshavealso declinedin other rural areasacross
the country, though a lesser extent than in Matlab. The
gender mortality differential that wasnotoriously highin
Matlab in the 1980s virtually disappeared by the mid-
1990s. Despitethelargedeclineand elimination of gender
disparity inchild mortality, spatial variationsin mortality
continuetoexistinMatlab (Ali etal., 2001). Thisvariation
most likely existsin therest of Bangladesh, aswell asin
other less developed countries.

A multitude of social, demographic, economic, and
environmental factors has been identified as global fac-
tors for contributing to the gender differential of child
mortality in Bangladesh (Bairagi et al., 1999; Basu, 1989;
Bhuiya& Streatfield, 1991; Chenetal., 1980; Fauveau et
al.,1991; Idam& Ataharul, 1989; Koenig& D’ Souza, 1986;
Muhuri, 1995; Muhuri & Menken, 1997; Salway & Nasim,
1994). Measuring these social environments at a local
geographic scaleisimportant for identifyingtheenviron-
ments that have a link with higher child mortality. The
knowledge would eventually help in directing our effort
towardsthe areaswhereit is essentially needed for child
survival. Using a geographic information system (GIS),
we attempted to define local level social environments,

andtoidentify theenvironmentsthat areinfluencinglocal
level geographic variation of gender specific mortality in
Matlab.

DATA AND METHODS

Child (onetofour years) mortality for the periods 1984-86
and 1994-96 were chosen from M atlab demographic sur-
veillance systems to examine the changes in local level
spatial variation of mortality over a decade. The three-
year periods were chosen to avoid temporal bias in the
data.

TheMatlab GIS (Figure 2) provided 7691 geographi-
cally referenced points of baris (agroup of patrilineally
households living in a geographic space). The mortality
rates were smoothed at the point of baris by a spatially
adaptive filtering that counted population (child) size
closeto 35. The choice of the specific population sizeis
a trade- off between very low and very high smoothed
data. Then, by using kriging (a method that is used to
extrapolate the data at a regular spaced interval (Oliver
& Webstar, 1990)) and contour mapping, gender specific
surface mapsof higher mortality werecreated for thetwo
time periods. The temporal surface maps of each gender
group were cross-classified, and an output map of each
gender group was created (Figures 3 and 4) with the
changes shownin: risk arearemainsrisk area (R-R), risk

Table 1. Thresholds (deaths/1,000 children) for defining
high-risk areas of child mortality

Gender 1984-86 1994-1996
Male 30.4 9.0
Female 41.4 10.5
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Table 2. Results of the multiple logistic regression (spatial) of the male child mortality

Variables Model: Non-risk to Risk (N-R) Model: Non-risk to Non-risk (N-N)
Regression t-test Regression t-test
coefficient coefficient

I ntercept -3.817858 -250.14736 2.690645 166.0446

multiple groups of professionals 0.000090 39.580791 -0.000058 -26.80997

high educational status 0.000362 18.031919 -0.000044 -2.516286

high fertility 0.000106 10.347898 0.000123 13.851040

comparison area 0.170880 17.679539 -0.058213 -6.269722

outside embankment 0.469618 51.742344 -0.306266 -35.00447

cost distanceto TC 0.001229 21.177443 -0.000528 -9.392699

high density of population 0.009980 1.036064 0.054325 5.873418

Hindu dominance 0.001021 17.087276 -0.000358 -6.205904

Adjusted R? 0.114470 0.034517

Models: Non-risk area changed to risk area (N-R) and non-risk remains risk area (N-N).

areachangedtonon-risk area(R-N), non-risk areachanged
torisk area(N-R), and non-risk arearemainsnon-risk area
(N-N). These maps were used as the dependant variable
in aspatial regression model.

The dataon social environment were smoothed using
afixedfiltering of size 210 squaremeters. Here, our notion
isthat social environment beyond that distance haslittle
influenceon anindividual’ shealth outcome. Thefiltered
datawere used to create surface maps of the environment
using the same kriging and contour mapping techniques.
Thesocial environment mapsinclude educational status,
population density, fertility rate, major occupationssuch
asagriculture, fishing, and business, and Hindu (minority
religious group) predominant areas. All of these maps
were described in binary category: the dominant surface
gotthevalue“1”; elsegetthevalue“0”. Finally, distance
surfaces were created from the dominant surface of each
of these maps; the closer apoint to thedominated surface,
the smaller the value of the point.

A distance map was created for embankment as an
input variable of themodel. Thestudy siteconsists of two
programmatic areas: non-intervention and intervention.
Theattributeof theformer onewasdenoted by “1” andthe
latter onewasdenoted by “0”. Themap of accessibility to
nearest health care was determined by cost (in time)
distance. In computing the cost distance, rivers and
canals were treated as barriers, and assigned their cost
five times higher than that of the ground, which is based
on waiting time and speed of movement through bodies
of water.

Analytical Methods

L ogisticregressionwasemployed to determinepredictive
risk factors for gender-specific child mortality. The re-
gression model takesthe form:

logit(p)=In(p/1-p)=a+b, X, +b X +...... +o X

where p is the dependent variable expressing the prob-
ability of the outcomes.

RESULTS

The thresholds to define higher mortality areas for boys
and girlsaregivenin Table 1. Theresults of the multiple
logistic regression show that the combined effects of the
factorsexplain 11% of thetotal variationsin predicting N-
Rfor malechildren (Table2). Beinginanareaoutsidean
embankment isthemost important factor inpredicting risk
for male child mortality, followed by areas of multiple
groups of professionals. A highfertility rateal so predicts
spatial risk for malechild mortality. Areasof higher popu-
lation density show the lowest spatial risk among the
factors. Ontheother hand, the samefactorsdo not predict
much (only 3% of total variations) in explaining N-N.
The results of the analysisfor predicting R-R and R-
N of male children are presented in Table 3. In the table,
the model R-R shows that the comparison area predicts
higher spatial risk for malechild mortality. Theeffect of an
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