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Over the past decades countries have made remarkable progress in improving population
health. Yet gaps in service provision and differences in service utilization often result in
within-country disparities in health outcomes. This poses a formidable challenge in the
equitable delivery of health care for governments in developing countries. Poor availabil-
ity of geographic data also attenuates the ability of researchers to examine equity in the
spatial distribution of health facilities in relation to the population demand. This disserta-
tion examines spatial equity in access to health services and in the utilization of maternal
and reproductive health services in the context of Bangladesh. By examining the spatial
distribution of public health facilities in Bangladesh, this research seeks to answer policy
relevant questions on factors influencing differencing within regions, which in turn can help
the government respond better to the challenges of disparities. This research consists of
two components. The first component examines spatial equity in the distribution of tertiary
and secondary level health facilities using the lens of central place theory and urban hier-
archy, while the second section examines mismatch in the supply and demand for primary
health care services. In order to examine spatial equity in the distribution of tertiary and
secondary public health services, this research uses geo-spatial data from the Government

of Bangladesh in combination with the Demographic and Health Survey data from 2011 for
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Barisal and Sylhet Division of Bangladesh. Contrary to the assumption of urban hierarchy
and central place theory which suggests market areas to be homogeneous for the same type
of goods and services, this research finds substantial amount of within region variation in
travel distance for the same type of health services. This research finds that inequality in
access to public health facilities is influenced by the heterogeneous size of the administrative
units to which they are linked. To test the spatial mismatch hypothesis, this dissertation
used bivariate kernel density estimation technique to examine whether the distribution of
the clinics followed population distribution. This analysis finds a greater concentration of
clinics in rural areas than urban areas. This implies lower access to primary health care
for the urban population. This methodology to assess spatial inequity can be useful in the
context of developing countries where covariate data may not be reliable or available. This
research provides recommendation to the Government of Bangladesh to capitalize on its vast
distribution of primary health care facilities, with services aimed at improving the overall
population health. Overall, it was found that with regard to hospital services, urban con-
sumers in the city corporation had better access while communities living further from the
city corporations and district centers were at a disadvantage; whereas in the case of primary
health care, rural consumers had better access while urban consumers in the most densely

populated places had limited access.
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CHAPTER 1

INTRODUCTION

1.1 Background

Globally, urban population is expected to double by 2050 while the rural population is pro-
jected to drop during this same period. Most of the population growth is projected to occur
in cities that are located in developing countries. Annual rate of population growth in cities
is anticipated to increase at a rate of 4 percent for the next three decades (World Health Or-
ganization, 2010). Specifically, South Asia alone accounts for about 23 percent of the world’s
population, with nearly 14 percent of them living in urban areas. Cities in South Asia like
Dhaka, Mumbai, Delhi, and Karachi rank among the world’s most densely populated places.
Rapid urbanization and globalization poses an enormous policy challenge for governments
in terms of delivering essential services to meet the growing population demand (Ellis and
Roberts| |2015). Migration from the rural areas to the urban areas increases the demand
for infrastructure and government services and creates an imbalance between the supply of
services and increased population demand.
While the traditional policy discourse has focussed on bridging rural-urban disparities, ur-
banization has shifted the policy focus on bridging the gap between the urban poor and the
urban rich population. Across countries in Africa, Asia, and Americas, richest 20 percent of
the population had a much lower rate of under-five mortality in comparison to the poorest
20 percent of the population living in urban areas in the period 1990 to 2007. Similar trend
persisted in access to skilled birth attendance between the rich and the poor living in the
urban areas (World Health Organization, |2010)).

This shift in the demographic landscape requires an examination of the traditional model
of health infrastructure model that was inherited by countries from the colonial period and

whether it can service adequately the population needs (Watson) 2009). Equity in health



facilities planning and delivery can be achieved by understanding not just the overall popu-
lation distribution and growth, but also spatial distribution and knowing geographic pockets
where population growth is most likely to occur in order to meet the population demand.
Spatial equity in health facility planning requires understanding of population distribution
in terms of rural-urban trends and geographic distribution within these urban and rural
landscapes to better target service delivery (Streatfield and Karar, [2008).

Studies testing the spatial mismatch hypothesis became popular in the 1970’s and 1980’s,
mostly in the context of examining the spatial distribution of jobs with regard to commuting
pattern from residential locations and assessing whether or not specific socio-economic groups
were at a disadvantage (Gordon et al., [1989; |[Holzer, |1991). Many of these studies examine
spatial disparities in the context of employment opportunity in relation to commuting time
to work place from where people live or examine job accessibility based on average travel
time within a neighborhood or census tract (Houstonl 2005; Holzer, [1991)). Studies that
have examined spatial disparities at an aggregated level such as census tract often use a
single measure such as spatial dissimilarity or an accessibility index. A weakness of such an
approach is it fails to take into consideration intra and inter metropolitan area variation in
travel time (Hul [2015)). In the context of GIS-based studies that have examined access to
health facilities have used floating catchment method, network based travel time, or location-
allocation modeling to explain disparities in access and coverage (Wang and Luo, |2005; Yang
et al., 2006; Munoz and Kallestal, 2012; |Oppong and Hodgson, 1994)). But most of these
studies are conducted at a district level or at a city level and do not examine intra-regional
or intra and inter-district variation in access or the factors that influence inequitable spatial
access.

Several countries have taken initiative to better understand the geographic distribution
of their health facilities to assess the renewed demand. The World Health Organization

recently led an initiative towards creating a master health facility list under which countries



are encouraged to create a database of all their public and private health facilities along
with infrastructure capacity and related indicators as well as the location coordinates for
each of the health facility stored in a geographic information systems database. According
to the WHO, knowledge of the spatial distribution of the health facilities in terms of the
supply of health infrastructure is key to improving the quality and the delivery of health
services. Countries like Kenya, Nigeria, and Haiti have also been successful in creating a
master level health facility list and have made it available for public access (Makinde et al.|
2014; Rose-Wood et al.| 2014). Even in Bangladesh geovisualization of health facilities and
projects examining spatial access for specific services and distribution of health facilities
have been led by the research and the non-profit organizations in some of the geographic
areas. However, a few of these projects are descriptive as they map the health facilities
locations and their characteristics while some others perform network analysis in terms of
travel time to assess disparities in coverage and service use (Adams et al. [2015; Panciera
et al., 2016). Lack of availability of GIS data and trained personnel are additional barriers
towards applying a spatial approach for health policy planning (Kim et al., 2016)).

In light of the growing thrust to deliver equitable health care, this dissertation seeks to

answer the following research questions:
1. What factors influence spatial variation in access to public health facilities?
2. Do differences in access influence service utilization?

3. Does the distribution of public health facilities match the spatially varying population

demand?

Based on the above research questions, Chapter [2] provides insights into different theories
that are related to the spatial distribution of health facilities. The chapter begins with the

theories of urban hierarchy and central place in explaining the distribution of goods and



services based on the population served. It then proceeds into providing the theoretical
arguments around the notion of equity and access by referring to scholarly work and also
discusses the prevailing literature on the various methodological approaches and challenges
associated in modeling spatial access and service utilization.

After discussing the general theories and various methodological approaches, Chapter
pertains specifically to health policy in Bangladesh and provides an overview of the nature
of the spatial planning of health facilities and service delivery. The chapter discusses the
country’s health policy landscape since the colonial era and highlights recent studies that
have examined the challenges of equity in delivery of health care in Bangladesh. By provid-
ing descriptive data which highlight regional differences in the distances traveled to health
facilities and the variation in service utilization, the chapter sets the context for the above
research question and selection of appropriate data and research design to answer them.

Chapter []discusses the survey data and the GIS data that were used in this research and
provides a detailed justification into the research design and the rationale for the selection
of the two study areas. Since this research used the Demographic and Health Survey of
Bangladesh, the chapter provides a thorough description into the strengths and the limita-
tions of the sampling methodology that was used for conducting the survey. It also describes
the methodology for processing GIS data and the descriptive statistics for the data that were
generated.

After discussing the data and the justification for the research design, Chapter [5| dives
into answering the first and the second research question. By examining distances traveled
to hospitals in Bangladesh for two regions, this chapter finds that factors influencing intra
and inter district variation are similar for both the study areas, thereby increasing the
generalizability of the findings to other regions of Bangladesh. This chapter finds that
geographical variation in the districts influence uneven size of the hospital service area,

which in turn influence inter-district variation in the travel distance to the nearest hospital.



Another finding is that intra-district variation is governed by the size and the number of
upazillas nested within the districts due to which communities that are situated in upazillas
that are further away from the district centers are likely to have to travel more in comparison
to those that live in the the sub-districts that are in immediate neighborhood of the district
center.

Chapter [6] shows results from multivariate analysis on factors influencing distances to the
district and the sub-district hospital as well as travel time to these health facilities. Time to
the district and the sub-district hospital was significantly associated with the travel time to
the district and the sub-district administrative headquarter. This confirms the underlying
assumptions about hierarchy and the nature of association between spatial planning of health
facilities to their administrative structure of governance. The chapter finds that average
distance to both the district and sub-district hospital was negatively associated with the
district area.

After investigating inequitable access to higher level facilities, Chapter [7] proceeds into
the third and the final research question pertaining to examining the distribution of health
facilities in relation to population distribution. While health facilities of higher order are tied
to administrative units, this does not apply in the case of primary health services. Hence,
this chapter applies bivariate kernel density estimation technique to examine whether the
distribution of clinics match the population demand. This chapter finds that the density
of primary schools exceeded clinics for both the regions, suggesting that the Government of
Bangladesh favors a larger service area for clinics than schools. The chapter finds that for
both the study areas, rural areas remain consistently well-served when it comes to primary
heath care, which confirms empirically the policy that the country has been following for
several decades. The chapter finds that contrary to one’s expectations, spatial distribution of
community clinics does not match the population distribution, suggesting densely populated
urban areas as highly under-served areas when it comes to primary and preventive health

care.



The last chapter provides the concluding remarks by highlighting the major findings
of this research in the context of both primary and tertiary level services. It provides
insights into the overall policy implications of this dissertation for health policy planning
in Bangladesh and provides recommendations that can lower disparities in service provision

in the context of the findings of this research.



CHAPTER 2

URBAN HIERARCHIES IN THEORY AND PRACTICE

Since the nature of spatial planning for health facilities in Bangladesh resembles the structure
of urban hierarchy, this chapter proceeds with explaining the concepts of hierarchy and
the central place theory. This chapter begins with a general overview of the theory and
then moves into giving specific applications of the theory in different sectors, including
health. Since the central place theory and urban hierarchy has implications on health equity
and access to services in terms of travel time, the chapter proceeds forward with defining
the different strands from the literature with regard to health access and equity and its
relationship with place in theory; it then moves on to the practical and methodological

approaches to measure these concepts

2.1 Central Place Theory

In examining the geographical distribution of retail locations and their market areas, central
place theory gained prominence in the 1960’s and 1970’s, especially in economic geography.
On a general note, the theory sought to explain the market areas for different goods and
services and the relation between higher order goods and services to the point locations of
lower order goods and service providers (Berry and Berry, |1967)). Urban hierarchy refers to
the concept of a class structure under which the different types of services that are provided
are nested within each other based on their functionality. The following can be regarded
as the key principles of urban hierarchy and central place system as stated by (Berry and

Garrison), [1958alb):

1. Different types of goods and services that are provided in the economic system have a

rank or a position based on the services they provide.



2. All lower order goods and services are nested within the market area of a higher level
good or a service. In the context of health facility planning, a lower order good means
services provided at shorter distances and higher order goods imply services which
require longer distances to be traveled. Therefore, services provided at the highest

level include market areas for all lower level goods and services.

3. Ranking of each level of services provided is inversely proportional to the frequency of
the centers that exist to serve the same type of services. Therefore, a service that is at
the top of the hierarchy has only 1 center or the fewest centers. The services provided
one level below, and which has a second rank in the system contains more number of
market centers than the level above it. Similarly, the goods or the service provided at

the lowest level have the maximum number of centers that provide the service.

4. Fach higher level provides all goods and services that are available at the lower level

in addition to services that are unique to its level

5. Consumers travel the least to avail goods and services that are at the lowest level as
they are most frequently used and therefore have the maximum number of centers in
the system; whereas consumers travel the most to access a specialized good or a service

that is at the top of the hierarchy and has the fewest centers

Figure |2.1|shows the hexagon based market structure, consisting of uniform market areas
and population distribution as propounded by the theory. In the context of health facility
planning, a hospital or a specialized medical college is at the top of the medical hierarchy and
on average consumers are willing to travel a lot more distances to access these services. In
contrast a lower-order goods and services, which are more frequently availed such as visiting
a doctor for fever, cough, cold, are located at much shorter distances (Meade and Emch)

2010)).



Figure 2.1. Hexagon-based market areas under the central place theory based on (Berry

1987). Reprinted by permission from Pearson Education, Inc.

Berry empirically shows how the ranking of each type of service was associated with its
function, type of services provided, and the distances traveled by people to access those
services. Services at each level have a specific threshold in terms of the minimum and
the maximum distance that consumers must travel to access a range of services at that

level (Berry et all, [1970] [1987). Thus the theory also sought to explain the travel pattern of

consumers based on distance to the nearest center and the conditions under which consumers

would be willing to travel and surpass a lower order service for a more specialized good and

services located at farther distances (Rushton) |1971; (Clark and Rushton) (1970). In the

context of health services usage, this implies that consumers may not use the nearest health
facility or a lower order service that is available at shorter distances; instead they would
surpass the nearest facility and may travel farther distances to acquire services at a higher
order facility as the latter may provide better quality of services.

The theory holds a great relevance in the context of public health planning since gov-

ernment health services are uniquely associated at each level; this is unlike financial services



where there may be multiple firms at the same center providing the same range of services
or even in case of manufacturing where competition prevents any single firm from providing
unique services in a market area (Parr and Budd, 2000). It also helps in understanding
economies of scale and the structure of the hierarchies as the basis for defining market areas
even when the assumptions of homogeneous population as postulated by the theory may not
be met in reality (Rushton, 1971).

Since the original theory that was developed by Christaller and Losch sought to de-
lineate market areas based on hexagon structure that were homogeneous in terms of pop-
ulation distribution and purchasing power, even when these assumptions are met closely,
certain consumers may not be able to afford traveling longer distances and may also lack
the transportation networks to access centers that are at the top of the hierarchy. This has
implications on equity as certain consumers may not have access to public health services as

they may be out of the range of the threshold of these services (Nakamuray, 2014]).

2.2 Defining Access and Equity

Equity in health is regarded as the absence of disparities associated with social advantages
or disadvantages. It refers to the just distribution of resources and providing equal op-
portunities to the disadvantaged groups to move forward (Braveman and Gruskin, 2003]).
Inequitable access to health care within a country is usually attributed to socio-demographic
factors such as wealth, education, ethnicity, race, among other factors. These factors give
rise to within country variation as those who are well educated and can afford are able to
use services and also have the necessary transport to get to a facility, which may not be the
case for others (McIntyre and Mooney, 2007; Marmot et al., 2007). While theories of social
determinants of health emphasize on social and demographic factors, a cultural perspective
attributes much of this variation to community and social institutions that can possibly

explain why some communities behave differently than others, causing variation in health
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utilization and outcomes (Mclntyre and Mooney, [2007)).

Even when public health services are free in developing countries, access can be limited due
to user fees at government clinics, which poses financial barriers for poor and vulnerable
groups(Killingsworth et al., [1999). From an economist’s view point barriers to access could
also mean supply side factors such as having availability of doctors and trained medical
personnel, supply of essential drugs and other medical equipments and any other aspects
that ensure a certain quality of services in order for people to be able to use these ser-
vices(Balarajan et al., 2011; [Jacobs et al., 2012). In medical geography, access could refer
to physical access or distance to the health facility or actual travel time. Potential access
refers to availability of services, usually measured in terms of distance to the health facility
(Nesbitt et al., [2014)), while realized access refers to the use of services. Potential access is
measured in several different ways such as container approach which examines the density
or availability of facilities in a geographic area; coverage approach which measures equity in
access based on the population covered by each facility; and some other ways to measure po-
tential access include distances to nearest or closest 4 nearest health facilities, average travel
time and similar measures. Realized access, on the other hand, examines spatial access in

relation to service utilization.

2.3 Relation between Access and Equity in Service Utilization

Even when government funded public health services are free or when households are located
in close proximity to the services, there remains wide variation in the use of services among
the different socio-economic groups due to various demand side factors. Two cross-sectional
studies based on DHS data in Namibia and Bangladesh found that service utilization indica-
tors such as access to skilled birth attendance, number of antenatal care services, institutional
deliveries,and use of cesarean services was high among wealthier and well-educated women

(Zere et al., 2007, 2013)). However, the evidence is somewhat mixed as to whether inequities
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in use of services among different socio-economic group reduces over time. In Cambodia,
based on three rounds of DHS survey, it was found that inequities reduced over time (Dingle
et al., 2013), another study in India found that the gain in the use of services among the
poor remained much smaller (Sanneving et al., |2013)). Apart from education and wealth
related differentials in service utilization, rural-urban differences have been found to have a
statistically significant relationship across several studies (Sanneving et al. 2013} |Asamoah

et al., 2014)).

2.4 Place Effects on Access and Service Utilization:

Several scholars have pointed to the relation between health and place. Spatial variation in
terms of where communities live and the individuals who make up that community affects
individual behavior and health. The assumption is that people who live close to each other
are likely to be similar with regard to their income, race, ethnicity, life style, and similar
other measures. Furthermore they may also share common geographic advantages or con-
straints depending on where they live, which can explain similarities or differences among
communities. Geographic characteristics that are perhaps commonly shared by a community
could include physical barriers such as rivers, lack of transportation, and lack of accessibility,
among other issues which could hinder their utilization of services. Non-geographic barriers
that could be common among a community could include institutional barriers which are
related to supply of provision of services and quality in those local regions. It pertains to
how local governments promote availability, quality, and accessibility of services in their ju-
risdictions. Scholars call these geographic traits shared by community as contextual effect
while individual and socio-demographic characteristics of the population are referred to as
compositional effect. Thus context deals with place while composition refers to the charac-

teristics of people (Bernard et al., 2007)).

12



Several other authors have also examined the debate between the compositional and contex-
tual effect (Macintyre et al., 2002; |Curtis and Rees Jones, [1998). But even when scholars
agree that both individual and contextual factors affect utilization of health services and
outcomes, there continues to be a debate as to what constitutes a place and at what geo-
graphic unit can these contextual factors that affect individual level variation can be modeled.
Several authors have criticized the approach of capturing the place effect on health at a par-
ticular geographic unit based on several grounds, one of them being that health inequality
at geographic unit is often scale dependent, which means inequalities that manifest at larger
geographic units may look very different when examined at a smaller spatial scale or lower
administrative units. Some authors point out that in most cases the choice of researchers to
examine inequality at a particular geographic unit of analysis is guided by the availability
of data and convenience than anything else. However, several authors have criticized this
approach of analyzing the place effect on health (Macintyre et al.l 2002; Meade and Emch),
2010). Another important theoretical debate in this area is the construct of place itself.
Some view place as a social construct because individuals who share similar identities and
culture may be even geographically or spatially located close to each other and communities
that are socially distinct (wealthier communities from relatively poor communities) may also
be located physically apart. In this context while place can be regarded as a social construct
shaped by individuals that make up a community, others may view place as an absolute lo-
cation on the earths surface or a region that can be identified by certain physical and social
characteristics (Curtis and Rees Jones, |1998; Kearns and Moon, 2002). Another debate in
this area on the empirical grounds is what constitutes endogenous and exogenous factors in
studying the linkages between health and place. Several scholars, as discussed above, argue
that this is a two way process as place or the physical environment has an effect on individual
behavior; at the same time people shape the place where they live based on their habits,

social customs, and practices.
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Within the larger framework of the DHS surveys, on which this research is based upon, even
after accounting for individual and community level factors, studies have shown intra-cluster
correlation at the community level up to 17-35 percent (Yebyo et al., |2015; |Ononokpono
and Odimegwu, [2014; Aremu et al| [2011). This suggests a powerful relationship between
individual choices of health behavior and the community in which they reside. Another
study based in Ghana found strong differences within ecological zones in which women lives

in addition to rural-urban differences (Johnson et al., 2009).

2.5 Methodological Approaches to Measure Spatial Access and Integrating it

with Population Demand

Since the distribution of health resources is not even and the population distribution also
varies across the geographic landscape (Wang and Luo, 2005]), sometimes certain socio-
economic groups are at a disadvantage in getting access to certain services. Anselin defines
spatial equity in access as comparing the locational distribution of facilities or services to the
locational distribution of different socio-economic groups. A simple measure of access is a
count of facilities in some geographic unit, without taking into consideration the transporta-
tion network and the effect of distance (Talen and Anselin, [1998]). However, several scholars
have criticized the container view because of its sensitivity to the type of measurement used,
scale of analysis, and lack of consideration for cross-boundary flows (Higgs, [2004; Talen and
Anselin, [1998; Langford and Higgs, [2006). In a literature review summarizing different meth-
ods for measuring spatial access, Higgs describes the following main methods: a) container
approach under which number of facilities in a given unit is estimated b) coverage approach
under which number of facilities within a given distance is calculated c) travel cost based on
distance and network analysis methods d) gravity models examine the interaction between
the supply and the demand side factors. Problem with some of the methods is they do not

account for cross flow between regions.
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The most common approach is to compare accessibility based on travel time and different
modes of transportation. One such study based in a province in Rwanda created a raster-
based travel time to assess the coverage of primary health care services (Munoz and Kallestal,
2012)). Another study used a similar approach but compared differences in accessibility be-
tween rural and urban areas and disparities in travel time arising due to such differences
(Jin et al., |2015). Other approaches that examine proximity and coverage include location
allocation modeling (Hodgson), [1988; [Khan et al.,; 2001; Rahman and Smith| 2000|) and as-
sessing consumer’s preference to travel based on the availability of the facility and the type
of services provided (Oppong and Hodgson| [1994; Ayeni et al., 1987).

A popular method to examine spatial access in relation to the population is a floating catch-
ment in which a drive time is generated within a threshold of each service area and then it
searches for population location within the catchments. The index accounts for the supply
capacity at a medical facility distance between the facility and the population location or the
travel cost, and the population size in the area. Thus demand is estimated for each medical
site and a physician to a population ratio is calculated for each medical facility in the study
area. However, the three step floating catchment involves estimating the catchments based
on the population location and differing drive time distances in the first step, then searching
for all service sites within each catchment in step 2, and finally computing physician to popu-
lation ratio (Wang and Luo| [2005; Yang et al. [2006). This method requires access to lot rich
information such as hospital infrastructure capacity and related information. In the absence
of such detailed data for developing countries where spatial data and attribute data is not
easily available, such methods may not be easy to implement. Another study combined the
information on the location of health facilities with the population demand based on census
data to map geographic inequities and identify regions where the government should target
resources(Rosero-Bixby, [2004). In examining the relation between location of health facili-

ties and consumers travel pattern, studies have found that in the context of health services
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consumers are often willing to surpass the closest or a lower order facility and go to a higher
order facility the assumption here being that the latter provides a better quality of service
(Noor et al., 2006).

Since the distribution of health facilities is a point pattern data, several papers have
approached the problem using models for point pattern analysis either based on a road
network or based on Fuclidean distance. One approach to model the distribution of health
facilities is to use kernel density estimation using fixed and adaptive bandwidths to examine
relative risk based on high and low density areas (Davies et al., 2011). Quite a few papers
have used kernel density estimation with fixed and adaptive bandwidths to generate a smooth
surface of varying intensity of point data, especially in spatial epidemiology and in modeling
ecology (Lemke et al.,|2015; |Zhang et al., [2013; Buck et al., 2015). One study used K function
methods to test spatial pattern of road traffic injuries to examine burden of accidents at
specific locations (Jones et al., |1996; |Okabe et al., |2008). Another approach with point
pattern data is to use network voronoi diagrams or weighted network voronoi diagrams as

proposed by Okabe (Okabe et al., [2008)).
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CHAPTER 3

HEALTH POLICY LANDSCAPE IN BANGLADESH
3.1 Health Facility Planning

In Bangladesh, spatial planning of government health facilities builds on the country’s admin-
istrative structure. The country is divided into distinct levels, with the 7 Divisions divided
into 64 Districts, which are divided into 545 Thanas, which are in turn split into Unions
and then the Mauzas . The organization of health facilities corresponds to its administrative
structure. At the top of the medical services hierarchy are the district government hospitals,
specialized medical colleges, and other tertiary care institutions that are located at this ad-
ministrative level of governance. Thanas — also known as Upazillas — form the next level of
administrative hierarchy. The Thana Health Centers (THC) or the Upazilla Health Com-
plexes (UHC) serve at the second level of health services planning. Unions form the third
level of health services and the facilities which serve at this level are known as the Health
and Family Welfare Center. The Unions are further split into Mauzas — the smallest level
of administrative unit for urban areas or Mohallas in case of rural areas. Health facilities at
this level are known as community and satellite clinics. These mainly provide primary care
and have been set up to serve on average a population of about 6000, residing in the radius
of 1-2 kilometers. Figure on the next page depicts the hierarchy of the spatial planning
system in Bangladesh. This structure of spatial planning also influences travel distances to
health facilities at each administrative unit as revealed in figure [3.2] The figure shows that
consumers have to travel the most to the nearest hospital and maternal and child welfare
center. The Thana Health Center or the Upazilla Health Complex holds the second rank in
the administrative hierarchy as per figure [3.1] and even in travel distances as gets reflected
in figure [3.2] The figure shows that while 90 percent of consumers travel up to 40 kilometers

to access the nearest hospital, 10 percent of them have to travel beyond 100 kilometers to
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Community clinic
Satellite Clinic

Figure 3.1. Administrative hierarchy of the organization of health facilities

get access, whereas in case of sub-district hospitals 90 percent of the consumers travel up to
20 kilometer and 10 percent of them have to travel up to 50 kilometers. The Family Welfare
Centers and Community Clinic have a lower rank in the hierarchy and this gets manifested

as consumers travel shorter distances to these centers as the figure demonstrates.

3.2 Expansion of Health Infrastructure under 5 Year Plans

Since 1980s the Government of Bangladesh (GOB) has made several efforts to improve the
provision of health services. Under the second five year plan from 1980 to 1985, the gov-
ernment set up a policy to introduce health and family welfare centers at the Union-level.
Under the third five year plan, the government made efforts to expand satellite and commu-
nity clinics in the villages. Apart from expanding health infrastructure, GOB also expanded

the provision of services at the UHC and worked towards modernization of facilities at the

district level (MOHFW, 2014, 2011). The government and large non-profit organizations

have also increased the number of community health workers, family welfare visitors, and

skilled birth attendants to promote utilization of services and provide essential care at the
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Figure 3.2. Self reported distance in kilometers to the nearest health facility for all consumers
based on type of facility

grassroots level and reach under-served communities (El Arifeen et al. 2013). The district
hospital or a medical college hospital has a capacity of 100-250 bed and provides a range
of maternal and child health services, and is generally equipped to provide emergency and
obstetric care service. In contrast, the sub-district level hospitals, also known as the Upazilla
Health Complex (UHC) are smaller, with a bed capacity of 30-50, and differ widely in the
provision of emergency and obstetric care services (MOHEFW), 2014} [2011)). District hospitals
and teaching hospitals remain overcrowded due to high population demand while health
facilities at the upazilla level and below remain under-utilized due to lack of skilled human
resources and poor services. A study which examined provision of emergency and obstetric
care services in 24 districts of Bangladesh, comprising of both public and private providers,
found that the public health facilities in the selected had about 1.2 comprehensive emer-
gency obstetric and New Born Care (CEmoNC) per 500,000 population, but public EmONC

facilities stood at only about 2.5, below the minimum requirement. According to the UN
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guidelines, countries are required to have at least 1 CEmoNC and 5 EmONC facilities serv-
ing a population of 500,000. The report pointed out that the UHC’s faced greater challenge
of having adequate staff in comparison to the hospitals that are based at the district level.
Several facility level surveys have shared a concern about shortage of staff at public health
facilities. As per the UN guidelines, countries are required to have at least 1 CEmoNC and
5 EmONC facilities serving a population of 500,000. Private health facilities also offer emer-
gency and obstetrics care services but most of them are located in urban areas (Chowdhury
et al., 2014)).

Based on the 1996-2001 five year plan, the GOB has enacted a policy of providing a
Community Clinic (CC) for every six thousand population. These CC’s are organized at
the grassroots level and are expected to provide basic health facilities. Located at the ward
level, they are the lowest level static health facilities with referral linkages with higher level
health facilities. Between 1998 and 2003, 10,723 CCs were constructed of which 8000 were
made functional. The Government started a project titled ”Revitalization of community-
based health care in Bangladesh”. As of 2014, 13,094 independent community clinics were
made functional. These CCs are managed by a 13-17 member management committee. By
April 2014 all the community clinics received internet connection and laptop. While these
clinics are mostly in rural areas, they are available in selected urban corporations. A growing
population density in some of the city corporations is widening the gap in the availability
of government funded primary care services between rural and urban areas, between the
city corporations and the non-city corporations urban areas and between the regions. The
problem of urban population and lack of access in the context of Bangladesh becomes very
acute due to heavily skewed population in the urban areas and lack of availability of services.
Since tertiary-level services are mostly located in the urban areas, it is mostly the urban
population that has access to hospitals. Often hospitals are very crowded and there are

long waiting lines. However, in the absence of availability of primary health facilities, most
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people have to go to government hospitals even for basic services, which further exacerbate
the problem. Yet there is no systematic evidence on equity in the distribution of primary
health care services in Bangladesh. Fortunately, primary health care in Bangladesh received a
renewed focus under the Bangladesh Urban Primary Health Care Project, which was funded
by several donors. Under the project the government contracted services through non-profit
organizations to run community clinics. The lowest level services that are available in the
urban areas are delivered through NGO field workers. Another project that was being
operated in the urban areas included the Smiling Sun clinics , donor assisted project to
improve primary health care in urban areas whereas the Urban Community Health Program

was specifically designed for the population living in urban slums (Ahmed et al., 2007)).

3.3 Regional Differences in Travel Distance to Health Facilities

Given that spatial planning of the health system is such that each type of health facility is
unique in the services it provides at that particular administrative unit, it seems plausible
that differences in the size of administrative units and population density could influence
travel distances between and within districts for the same type of health service. A direct
policy implication of this type of planning system is inequities in access to health services.
This poses a formidable challenge for the government and health planners in delivering and
improving the coverage of services. Tables and suggest the relation between the
spatial extent of the administrative region and inequities in service area for the health facility
at that administrative unit. Based on table , Dhaka, Chittagong and Khulna Division
consist of the largest number of districts and also have the largest area at the division level
according to table [3.2] Among these 3 regions, Dhaka Division has the largest number of
districts and the average district area is the smallest, while Chittagong has the least number
of districts given its large size and as result the districts areas tend to be large. This implies

that larger divisions with fewer districts have on average a larger service area for district
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Table 3.1. Administrative inequalities

Level Barisal | Chittagong | Khulna | Sylhet | Dhaka | Rangpur | Rajshahi
Districts | 6 11 10 4 17 8 8
Upazillas | 40 112 64 38 163 o8 70
Unions 349 947 o974 333 1256 539 564
Mauzas | 2920 7561 6564 5108 15517 | 6523 10134
Villages | 4097 15219 9287 10250 | 25243 | 9050 14075
Table 3.2. Geographic inequalities
Area Barisal | Chittagong | Khulna | Sylhet | Dhaka | Rangpur | Rajshahi
Division 10234 33908 22284 12635 31178 16184 18152
Avg district area | 1705 3082 2228 3158 1834 2023 2269
Avg Thana area | 243 308 371 315 183 289 252
Avg. Union area | 27 38 41 35 22 28 31

hospital and vice-versa. Similarly, a comparison of tables and also suggests that
Rangpur Division and Rajashahi Division have the same number of districts contained in
them and have a similar area due to which there is not much difference in the service area of
the district level health facility. At the same time Barisal and Sylhet Division have a similar
spatial extent but lesser number of districts in case of latter doubles the district hospital
service area than the former. A similar pattern could also be found at the sub-district or
the Upazilla level. Since Dhaka Division has maximum number of sub-districts, average area
of the Upazilla is the smallest. Chittagong’s larger number of Upazillas in comparison to
Khulna decreases the size of the service area for the sub-district level health facility.

A comparison of regions based on the spatial extent and their service areas leads into
examination on the effect of geographical inequalities on travel distances to health facilities.
Table |3.3|confirms this relationship. It can be observed that while mean distance to the near-
est hospital was in the range of 21-28 kilometers, some communities in Barisal had to travel

as far as 95 kilometers , some in Chittagong had to travel as much as 150 kilometers, and few
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communities in Khulna, Rangpur, and Sylhet had to traverse between 80-90 kilometers for
the same type of service. This suggests that across regions, while the average travel distances
are similar there seems to a lot of variation within regions due to which some communities
have to travel much more to access the nearest hospital. While the average distances trav-
eled to the nearest hospital is similar for all the Divisions, Chittagong and Khulna Divisions,
which are the largest, report the maximum travel distance. Even though Dhaka Division is
much larger than Rajshahi, its smaller average hospital service makes the range of its travel
distance comparable with Rajshahi. For both the Divisions, the maximum travel distance in
the range of 60-65 kilometers It shows that mean travel time to access the nearest hospital is
lowest in Rajshahi and highest for those communities residing in Chittagong. This seems to
be the case even for sub-district hospitals. While the mean distance was between 9 and 11
kilometers for all communities to access the sub-district level health facility, within different
administrative regions, the range of the maximum distances for this level of health facility
shows lot of variation. Take the case of Barisal where some communities have to travel as
much as 45 kilometers to access a sub-district level health facility in contrast to Rangpur
where the maximum travel time for all communities was 28 kilometers. Both Chittagong
and Khulna Division have the largest service area at the Upazilla level and the maximum
reported travel distance for the community is longer than other regions. Rangpur and Ra-
jshahi being the smallest regions report the maximum range of the distances traveled to the
nearest Upazilla Health Complex to be the lowest at 28 and 30 kilometers respectively, and
it is farthest for those living in Chittagong Hill Tracts. Figure displays the variation
in travel pattern at the community level or for the DHS sampled clusters. Each dot on the
map corresponds to a self reported distance from the sampled clusters. It can be observed
that while distances remain longer in sparsely populated areas as one would expect, in case
of Bangladesh even some sub-districts remain densely populated even at the periphery. As a

result communities living at the periphery of the sub-districts report longer travel distances.
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Figure 3.3. Within region variation in travel distances for district and sub-district hospitals
in two Divisions

This raises the question on why some communities within the same region have to travel so

much in comparison to others, and why is there so much variation when it comes to getting

access to the nearest public health facility. It seems plausible that differences in access to

health facilities may also influence service utilization pattern.
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3.4 Regional Differences in Service Utilization

Similarly, regional variation is also found in the government service delivery programs and
in the utilization of such services. While at a national level there have been impressive gains
on health outcomes and several health indicators, some regions continue to be lag behind
while others consistently outperform on several of the millennium development goals. For
example, institutional deliveries remain highest in Khulna and worst for Sylhet. With regard
to other measures of antenatal care, women who received no anc were highest in Sylhet and
the least in Khulna. Among the women who had at least 1 anc visit, Rajshahi and Khulna
had the highest share, whereas Sylhet remained the worst. Tables 3.5 and [3.6| highlight
these regional differences in service utilization indicator. And among those who completed 4
or more ANC visits, Rangpur and Khulna had the highest proportion of such women while
Sylhet had the lowest share. Similar divergence also exists in vaccination coverage. While
for BCG vaccination the coverage looks more equitable between the regions, for DPT 3 dose,
Khulna had the highest coverage of 97.2 percent while Sylhet had 89 percent coverage. For
Polio 3, Khulna’s coverage stood at 94.2 in contrast to Sylhet’s 87.2 percent coverage. Based
on total vaccination coverage for all doses, only Khulna and Rangpur had over 90 percent
coverage, while Rajshahi was close to 90 percent, and all other regions having a coverage in
the range of 80-85 percent. Yet, there is limited evidence investigating factors influencing

these regional differences.

3.5 Conclusion

In view of the tables presented in this chapter, it is evident that geographical inequalities
influence inequity in the health facilities service area, which in turn affects the travel dis-
tances and service utilization within regions. In order to assess factors influencing regional

differences in travel distance and service usage, this dissertation examines two regions that
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Table 3.4. Regional variation in institution-based deliveries

Table 3.5. Regional variation in home-based deliveries

Division 2007 | 2011 | 2014
Barisal 13.1 23.3 | 29.9
Chittagong | 15.1 224 | 35.2
Dhaka 19.4 28 40.5
Khulna 27.3 42.8 | 54.5
Rajshahi 18.3 30.2 | 39.1
Rangpur NA 27.3 | 34.3
Sylhet 10.6 21.9 | 22.6

Division 2007 | 2011 | 2014
Division 2007 | 2011 | 2014
Barisal 86.9 76.4 | 69
Chittagong | 84 77.3 | 644
Dhaka 80.2 71.8 |59.1
Khulna 72.4 57.1 | 45
Rajshahi 81.4 69.5 | 60.7
Rangpur NA 72.4 | 65.3
Sylhet 88.8 77.6 | 76.6

Table 3.6. Regional variation in the use of antenatal care

Division None | At least 1 visit | 4 or more visits | Total
Barisal 33.9 38.6 27.5 100
Chittagong | 37.5 41.1 214 100
Dhaka 35.2 38.1 26.7 100
Khulna 25.1 42.2 32.7 100
Rajshahi 27.9 47.2 24.9 100
Rangpur 24.2 39.5 36.3 100
Sylhet 45.7 35.2 19.1 100
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share a similar spatial extent but differ in the size of the administrative units and population
density. A comparison of travel distances by district in each of the two regions provides an
opportunity to validate the above hypothesis on the effect of differences in geographical area
on hospital service area and travel pattern. The next chapter discusses the methodology
of the survey data and the steps involved in processing spatial data that were used in this

dissertation.
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CHAPTER 4
MATERNAL AND CHILD HEALTH IN BANGLADESH; SURVEY AND

GIS DATA
4.1 Research Design

Since this dissertation is concerned with examining the influence of geographic inequalities
on consumer’s travel pattern to health facilities, two regions with similar geographic area but
having a different population distributions were chosen for analysis. Even though in terms of
area per sq kilometer, the two regions are fairly similar,yet they differ in terms of the size of
the administrative units that are nested within each higher level geographical unit. Selection
of two regions which are homogeneous on certain characteristics but are heterogeneous on
other is an excellent opportunity to test the theory and validate the findings by having a
comparison group.

For the purpose of this research, Barisal and Sylhet Division were chosen. Figure 4.1
shows the upazilla map for both the divisions with an inset map of the divisions by districts.
The figure demonstrates that Sylhet Division with 4 districts have a much larger area while
Barisal Division consists of 6 districts that are heterogeneous. In Barisal Division, Bhola,
Patuakhali, and Barisal District have the largest area while Jhalokati, Pirojpur, and Barguna
are relatively small. As discussed in the earlier chapter, a similar variation in the size of
the upazilla is also found based on the district to which they belong to. Upazillas in Bhola
and Patuakhali are much larger while smaller districts such as Jhalokati, Pirojpur also have
smaller sub-districts. A similar pattern also exists for the upazillas in Sylhet Division.

Table shows the administrative divisions for Barisal and Sylhet region and the corre-
sponding difference in the size of the service areas. It can be observed that Barisal Division
has 6 districts while Sylhet Division has four districts. Based on this, it can be assumed that

the average area of the sub-districts or the upazillas that are nested within the districts is
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Figure 4.1. Sub-districts in Barisal and Sylhet Division

Table 4.1. Study Area

Barisal Sylhet
Total Geographical extent 10234.86 sq km | 12635 sq km
Population density per sq km at the Division Level | 8121 3132
Number of Districts 6 4
Number of Upazillas 40 38
Number of Unions 349 333
Number of Mauzas 2920 5108
Number of villages 4097 10250

likely to be smaller than for Sylhet. This provides an opportunity to examine the influence

of the varying size of the geographic areas of the administrative units, which influences dif-

ferences in the market areas of the health facilities, and thus affects the distances consumers

travel to access services.
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4.2 Survey Data

This research uses data from the Demographic and Health Survey for Bangladesh for 2011
( BDHS 2011) to examine variation in distances travelled to health facilities and service
utilization indicators. Since several low and middle-income countries do not have the data
or lack capacity to undertake nationally representative surveys that can track key trends
in births, fertility, and mortality among children and women, the demographic and health
surveys are designed to monitor changes in basic health indicators of maternal and child
health and changes in attitude and preferences towards issues of marriage, child birth, con-
traceptives, among others. USAID has been conducting and implementing these surveys in
more than 90 low and middle income countries since 1984. Due to the large sample size,
these surveys are generally conducted once every three or five year in a target country.

The DHS data is based on a two-stage stratified cluster sampling procedure, under which
in the first stage cluster or an enumeration area ( EAs) are drawn from a sampling frame
consisting of all EAs in the country. In the next stage, individuals or households are randomly
drawn from these clusters. Here a cluster, community, or an EA is used interchangeably
though they essentially refer to the same geographic unit. An EA refers to a small geographic
area in which the country has already been divided for the purpose of census. In Bangladesh,
an EA usually comprises of about 100-120 households. Hence these EAs were pre-defined
for all the 7 Divisions and the sampling frame consisted of all the EAs for the entire country.
The EAs are classified as urban/rural, and urban EAs are further categorized into City
Corporation and Non-city Corporation. For BDHS 2011, a total of 600 EAs were selected,
and at the next stage, 30 households were randomly chosen from each of the EA. The final
sample consisted of 207 urban EAs and 393 rural EAs and a total of 18,000 households. The
sampling design used in BDHS 2011 was defined as follows:

Let pjx be the probability of selecting the 5 cluster in stratum k at the first stage
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Let p;; be the probability of selecting the i household in the cluster j at the second
stage
Thus the probability of selecting the j'th cluster in stratum k was obtained using the

formula below:

CkHj

Pik =3 ., (4.1)
where ¢, is the number of clusters selected for the stratum k
Hj is the total number of households in the sampling frame of the j cluster
Y. Hj, is the total number of households in stratum
and the probability of i*" household in the cluster j was obtained as follows:
Pijk = % (4.2)

j
where Hjy, is the total number of households in the jth cluster of stratum k
Npj is the number of households that are selected for the jth cluster.

Thus the total probability was obtained by taking a product of the first and second stage
probability and the sampling weight was inverse of the overall household selection probability.
The survey data provided sampling weights to account for the non-response biases (BDHS)

2011)

4.3 Geomasking Procedure of EAs

DHS surveys provide geo-location of the EAs or the communities that were sampled. In
order to protect confidentiality of the survey respondents, households within the same EA
are aggregated and assigned coordinates of the EA. This ensures that the households cannot
be identified. At the second stage, the GPS coordinates of the EAs are randomly displaced
using a random direction random distance algorithm using a python tool in Arcgis. In this

process, the location coordinates are randomly displaced between 0 to 2 km if it is an urban
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Displaced
Cluster

Figure 4.2. Random angle and random displacement procedure for DHS cluster location.
Adapted with permission from (Burgert et al., 2013)

cluster, between 0 and 5 km if it is a rural cluster, and 1 percent of the sampled rural EAs are
displaced anywhere in the range of 10 km. Figure illustrates the displacement procedure
described here. The EAs can be displaced in any direction between 0 and 360 degrees.
However, if any of the EAs get displaced to an adjacent sub-district, then the algorithm is
reiterated until it is assigned coordinates within the same administrative unit. While this
ensures that EAs are not moved out of the sub-district, the displacement procedure used is
a major limitation to do spatial analysis at smaller scale or administrative units below the

sub-district unit. A comparison of DHS raw data and simulation reveals that the displaced

coordinates of GPS follow a uniform distribution (Skiles et al., 2013} Burgert-Brucker and|

Prosnitz, [2014)).
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4.4 Survey Questionnaire and Key Methodological Considerations for DHS

Data

The survey data asked several questions at the household level and at the community level
to answer research questions pertaining to access and service utilization. The following are

some of the survey questions that were used in the analysis:

1. Where is the nearest district hospital from where you live?
2. How far is the nearest Upazilla Health Complex?

3. Where is the nearest Family Welfare Center?

4. Where did you deliver your most recent child?

5. Was it a public or a private health facility?

Furthermore, the community survey also included other attributes such as whether the
EA was rural or urban, the type of road access that was available from the EA, distance
and time to closest primary school for boys and girls, and related variables that can serve
as a proxy to the environment or neighborhood effects in explaining individual level access
to care or variation in utilization of public health services. Information was recorded both
in distance and time to four closest health facility of each type based on these six experts.
Thus information on service utilization and distance to different types of health facility from
the community.

Several approaches exist to measure spatial access for the DHS sampled clusters. One
approach could be based on using self-reported distance or time to the nearest health facility,
as recorded in the community survey. The problem with this approach is that often in
case of health services individuals may skip the nearest health facility and are willing to

travel to a higher order facility under the assumption that the latter provides more qualified
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doctors and professional staff. Thus using the average distance or travel time to the four
closest facilities is another approach to examine spatial access to health facility. Other
common approaches to examine spatial access to the health facility from an EA include
buffer, road network distances, linking the EA to closest facility, or to the four nearest
facilities. While the availability of geographic locations of the survey clusters provides a rich
opportunity to examine spatial variation in access to health services and pockets of low and
high service utilization indicators, random displacement of the survey clusters requires several
methodological considerations before performing any analysis (Skiles et al., 2013; Burgert-
Brucker and Prosnitz, 2014; Burgert|, 2013; Burgert et al., 2013|).Geographic displacement of
the cluster locations makes it challenging to link the EA with actual health facility locations.
The problem becomes more acute in urban areas due to high population density and thus
displacement of 2 kilometers can affect the reliability of the results (Burgert-Brucker and
Prosnitz, 2014)). A study has shown that linking DHS cluster to the closest facility or to even
a sample of health facility biases the result, and hence should be avoided. In the absence
of reliable spatial data and population information, several authors who have accounted
for some spatial factors in explaining individual and household behavior with DHS data
used multilevel models. On the other hand, in situations where SPA (Service Provision
Assessment) data was available, population raster, or actual facility information through

some other source, more sophisticated modelling approaches could be employed.

4.5 Strengths and Limitations of the Survey Data

In developing countries where governments may lack financial resources and in certain cases
even technical capacity to implement nationally representative survey, DHS survey is an
important source of reliable data for maternal and child health services. A major advantage
of the survey is that it provides individual or household level variables as well as community or

cluster level variables that are sampled at a fine geographical scale. This allows investigation
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Table 4.2. GIS data prepared for two Divisions

Barisal | Sylhet
Total number of schools 2180 2850
Total number of clinics 615 579
Total number of Family Welfare Centers | 175 132
Total number of THC’s 35 34

into the relationship between neighborhoods level characteristics such as distance to the
nearest hospital from the community and individual level service utilization indicator such
as home and institutional births. A major criticism of the DHS data is that the geolocation of
the communities are displaced, which limits the application of GIS based models to accurately
measure travel distance. Even though the clusters are displaced, they still remain within
the same sub-district. This provides an opportunity to examine district or sub-district level

variation.

4.6 GIS Data Preparation

Survey data were combined with GIS data obtained from the Local Government Engineering
Division of Bangladesh. Shapefiles of the administrative boundaries were obtained from the
Bangladesh Bureau of Statistics. Since the maps of health facilities and administrative units
were only available as JPEG maps from the government website, layers of administrative
headquarters, Upazilla Health Complex, Family Welfare Centers, and Community Clinics
were digitized for both the regions. Layer for the district hospital was obtained from web
maps on the website of Director General of Health Services ( DGHS) and the KML file was
converted to shapefile. Figures and show the GIS data of health facilities up to 3
administrative boundaries. Additionally, roads upto union level, rivers, primary schools were
also digitized from the LGED maps for both the divisions. Primary schools were digitized to

reflect the locally varying population distribution. Figures and show the distribution
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Figure 4.3. Distribution of public health facilities in Barisal Division

of primary schools and clinics. In both the figures, the primary schools mask the clinics,
suggesting a substantial difference between their numbers. Table summarizes the GIS
data that were prepared for the two divisions. It can be seen that the number of Upazilla

Health Complex are similar for both the study areas.

4.7 Strengths and Limitations of the GIS Data

Since most of the spatial data layers were generated from a single government source, it
improves the reliability of the data and any bias that results from missed locations during
the GPS data collection can be assumed to be similar for both the study area and for all
the layers. The temporal period when the maps were field verified was also the same for
all the layers and matched with the data collection period for the survey data. Hence it

does not raise any issue regarding merging of the survey and GIS data if they were collected
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Figure 4.4. Distribution of public health facilities in Sylhet Division
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Figure 4.5. Distribution of community clinics and primary schools in Barisal Division
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Figure 4.6. Distribution of community clinics and primary schools in Barisal Division

at different time periods. While high resolution population data from satellite imagery
facilitates a more sophisticated analysis, combining population and GIS data from different
sources can bias the results, especially if they were collected during different time periods.
Given these challenges, the GIS data obtained from LGED seemed the most suitable for
this analysis in spite of its limitations. One limitation of the GIS data from LGED were
it only included layers for government health facilities, and excluded any information on
private or non-government organization facilities. But given the research questions that this
dissertation seeks to examine, this was not a major concern. Even though road up to the
village level were available in the JPEG maps, it is almost impossible to digitize such a large
spatial extent accurately without any human errors. Given some of the limitations of the
survey and the GIS data, the analysis presented in the subsequent chapters must be viewed

in the light of these limitations and challenges.
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CHAPTER 5
MARKET AREAS FOR PUBLIC HOSPITALS AND IMPLICATIONS FOR

CONSUMER’S TRAVEL

Chapter [2/highlighted the underyling principles of central place theory and urban hierarchy.
This chapter examines inequity in the geographical distribution of health facilities and market

areas based on the following key postulates:
1. Lower order goods and services are nested in higher order goods and services
2. Market areas for each center are homogeneous in terms of size
3. Population distribution within each market area is uniformly distributed
4. Each center has a rank based on its function and the size of the population served.

Since each district has a hospital that is uniquely set up to service population in that
specific administrative unit, on the face it appears that there is equitable distribution. How-
ever, when one takes into consideration the market areas for the same type of service, then
this distribution suggest inequities in the service area and therefore the travel distances to
access the nearest hospital. In the context of health facility planning, a lower order good
or service would imply a clinic or a service that is provided at the shortest distance while a
higher order good would be a hospital for which the range in terms of travel distance would
be the furthest. By using self-reported distances traveled to the nearest hospital and the
actual location of district hospitals, the following analysis is an exploratory analysis on the
inequalities in the size of the districts and its effect on distances traveled by consumers to
access the same level of good or a service. Based on the research questions raised in the

introductory chapter, the specific research objectives for this chapter are:

1. What factors influence the distances traveled to health facilities in Bangladesh?
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Figure 5.1. Service areas of district hospital based on 10 kilometer buffer in Barisal and
Sylhet Division. Polygons of the same color belong to the same district.

2. Are these differences in travel pattern linked to geographic inequalities in the admin-
istrative units, which in turn influence the heterogeneous size of the hospital service

areas?

3. Does access to hospital services influence health service usage?

4. Which geographical areas and communities remain well-served and which remain out

of the hospital service areas?
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Figure 5.2. Service areas of district hospital based on 20 kilometers buffer and straight line
distance partitioning in Barisal. Polygons of the same color belong to the same district.
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Figure 5.3. Service areas of district hospital based on 20 kilometers buffer and straight line
distance partitioning in Sylhet. Polygons of the same color belong to the same district.




5.1 Examining Regional Variation in Hospital Service Areas

In order to illustrate the size of the districts and its effect on the market areas of hospital,
buffers of 10 and 20 kilometers were constructed around each district hospital for both the
Divisions. It is plausible that larger districts have a larger hospital service area and vice-
versa. Figure [5.1]shows the hospital service areas based on a radius of 10 kilometers for both
Barisal and Sylhet Division. Within Barisal Division, Pirojpur and Jhalokati Districts are
smaller and as the figure illustrates the hospital service areas do overlap each other, while
for larger districts such as Bhola, Barisal, and Patuakhali the hospital service areas do not
overlap. But in Sylhet Division due to the large size of the districts relative to the area,
there is no overlap between 10 kilometer buffers. This contrast is even more evident for 20
kilometers buffer around the hospitals for both the divisions. A comparison of figure [5.2a]
and on the previous page reveals that the hospital service areas overlap for smaller
districts for Barisal but in Sylhet the service areas remain very distinct for each district. In
case of Sylhet, for larger districts such as Habiganj and Maulvi Bazar they tend to be much
closer in comparison to larger districts such as Sylhet and Sunamganj figure suggests.
Both figures [5.4] and depict an alternative approach to estimate market areas, which
is based on voronoi polygons or road network partitioning. Voronoi polygons or thiessen
polygons are constructed such that each polygon is generated around a point such that it
includes only one generator point and the distance from this generator point is the shortest
than any other point. Therefore, areas where there are more number of points the voronoi
polygons are small and tightly packed and areas where there are fewer points the polygons are
larger and more spread out. This unique property makes them useful in examining market
areas in several different scenarios. While road network partitioning is a more sophisticated
approach, availability of high quality and updated road network data for a large scale study
area in a developing country is challenging. Considering the large spatial extent of the study

area and limited availability of accurate street network layers for the two study areas, an
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Figure 5.4. Service area of the sub-district hospitals based on straight line distances in
Barisal Division
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Figure 5.5. Service area of the sub-district hospitals based on straight line distances in Sylhet
Division
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Figure 5.6. Population serviced in a radius of 10 kilometers of each sub-district hospitals of
Barisal Division

approach based on voronoi polygons was chosen to create market areas. This was done using
Maptitude software. In the absence of good quality street network data, the software creates
a circle that encompasses all the points and then creates market areas based on straight line
distances around the point features. Results based on straight line influence area confirm to
the pattern for 10 and 20 kilometer buffers. Market areas are smaller for Barisal, Jhalokati,
and Pirojpur and larger for Bhola and Patuakhali. In both the Divisions, the figures suggest
areas at the border excluded from these influence areas though this difference appears larger
for Sylhet than Barisal Division. Partly this is also due to the very few points for district
hospitals due to which this approach does not encompass the entire study area. This exercise
was repeated even for sub-district hospitals. Figures and show the irregular sizes
of market areas of sub-district hospital or the UHC superimposed on the administrative

boundaries for the sub-districts.
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Figure 5.7. Population serviced in a radius of 10 kilometers of each sub-district hospital in
Sylhet Division

5.2 Population Partitioning

While buffers are constructed based on fixed radius, an alternative approach to examine
service areas is based on population serviced within a specific radius of a health facility.
This pertains directly to the second and the third postulate of the theory with regard to
homogeneous distribution of the population within market areas. Figures and show
the population serviced within 10 kilometers or 6 mile radius of a sub-district hospital. It is
evident that the population served by the same level of health facility is very different from
one sub-district hospital to another within a fixed distance. This is different from a container
approach which examines population serviced in a specific administrative unit and relies on
the assumption that people use services strictly within that administrative boundary, without
any cross-border flow in the use of services. An alternative approach would be to estimate the
population serviced within a specific radius by estimating the demand from all the lower-level
administrative units that fall within this distance. This approach can account for population

from different administrative units that overlap within a hospital service areas. Specifically,
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Figure 5.8. Distance to the nearest hospital by sub-districts in two districts of Barisal
Division

this can be accomplished in Maptitude by overlaying a hospital service area on lowest level
administrative boundaries. The lowest level administrative boundaries have an assigned
population based on census data. Therefore, when a hospital service area is superimposed
on these administrative boundaries, the population that gets assigned is proportional to the
area of the administrative unit that falls within a higher level service area. For example,
if 70 percent of town A area and 30 percent of the area of town B fall within a hospital
service area, then the software will sum the population from these two towns based on the
area of each individual town that falls within it. As revealed in figures and [.7] there
is a huge variation in the population distribution within a 10 km range of each sub-district
hospital service area. This confirms that allocation of fixed number of health facility based

on administrative units does not take into consideration the population demand.

5.3 Intra-district Variation in Travel Pattern

As established in the previous section on the effect of district size on hospital service area,

this section examines intra and inter district variation in travel distances by comparing two
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Figure 5.9. Self-reported distance to the nearest hospital by sub-districts within Barisal
Division

districts to begin with. To examine spatial variation in access to the nearest hospital based
on the area of the sub-districts and their relative location from the district centers, DHS
clusters sampled within each sub-district were classified into distance bands of 10 kilometers.
Sampled clusters in each district were grouped based on the distance bands that each cluster
belonged to. Therefore, all sampled clusters in a district that were 10 kilometers away from
the nearest hospital were aggregated, without losing any information on the sub-districts.

Figure [5.§ compares travel distances to the nearest hospital in one of the largest and the
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Figure 5.10. Self-reported distance to the nearest hospital by sub-districts within Sylhet
Division

smallest district in Barisal Division. In the figure each color represents the distance
to the nearest hospital based on the sub-district in which the community lived. It can be
observed that Bhola District has 6 sub-districts and the range of the self-reported distance
stretches up to 80 kilometers for some of the communities. Contrast this with figure [5.8b
where the district only consist of 3 sub-districts and the range for the hospital service area

has shrunk to 30 kilometers.
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A similar pattern can be observed for other districts in Barisal Division. Take the case of
Barisal District. Figure shows that Barisal district has a large number of sub-districts
nested within them in comparison to figure for Jhalokati District. As a result the
range of the distances to the nearest hospital are also different. In case of former, some
communities in Muladi Upazilla of Barisal District travel up to 50 kilometers, while some
communities in the same upazilla live in the fourth ring. But Jhalokati District, with its
relatively small size and fewer upazillas suggests that the maximum self reported distance is
40 kilometers for the nearest hospital. In Patuakhali District, figure demonstrate that
communities in the Bauphal commuted in the range of 20 to 40 kilometers while communities
in the upazilla of Galachipa reported a distance of 30,40,and 50 kilometers respectively. This
suggests a larger intra-district variation due to the size of the sub-districts. By the same
logic, in Pirojpur District as represented in figure sub-districts located away from the
Pirojpur Sadar or the City Corporation had the maximum travel distance. Since the upazilla
of Mathbaria is located furthest from the district hospital, distance varied in the range of 40
to 80 kilometers.

For Sylhet Division, communities belonging to the same sub-district fell in different dis-
tance bands, suggesting the larger areas of the Upazillas. Figure shows that in Sylhet
district, with 12 Upazillas, the service area for few communities stretches up to 70 and 80
kilometers due to its large area. However, figure suggests that Sunamganj district the
hospital service area shrinks to 60 kilometers due to its relatively smaller area compared to
Sylhet District. For Maulvi Bazar district, figure points large distances for communi-
ties living in Upazillas at the periphery such as Juri, Kamalganj and Barlekha as the service
area extends in the range of 50 to 70 kilometers Again, this confirms that hospital service
areas are linked to the administrative units contained within them. Interestingly, among
all the four districts, communities in the Habiganj District had the shortest distance as the

maximum self-reported distance was 40 kilometers as revealed in the [5.10dl
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in Barisal and Barguna district of Barisal

5.4 Intra-district Variation in Service Utilization

In examining the relation between the distances traveled and service usage,figure

shows that home deliveries were reported the lowest for communities that lived in the first

band of the hospital service area while it peaked to 100 percent in the second band and

then declined from the third band onwards. At the same time institutional deliveries, as

figure suggests stood at 50 percent for communities that lived within the first band,

and as communities live further away, the proportion of home births rises while institutional
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Figure 5.12. Home and institutional deliveries in Bhola and Jhalokati district of Barisal
Division

deliveries decline. The steep increase in the home deliveries from the second band could be
explained by the relatively low levels of urbanizations and perhaps poorer socio-economic

background of the women in those rural communities. A similar pattern can be seen for

Bhola too. Figures [5.12a] and [5.120illustrate a lower rate of home births in the first band

while they are similar for all the communities that live in the sub-districts that belong to
the second band onwards. This is because Bhola is relatively a poorer district. Similarly,

institutional births are reported the highest in the first distance band though it accounts
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Figure 5.13. Home and institutional deliveries in Patuakhali and Pirojpuri district of Barisal
Division

for only about 30 percent while the rest of the communities reported less than 20 percent of

institutional deliveries. It can be noted from the figures [5.12c, [5.12d, [5.11d and

that both Jhalokati and Barguna districts comprise of a similar number of Upazillas and

share a similar range of hospital service area, and interestingly, the pattern of the home and

institutional births is similar. For both the districts, the distances are much shorter and the

share of home births is the lowest in the first band, while it shows a steady increase in the

second and third distance band, suggesting a clear pattern of distance decay. At the same
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Figure 5.14. Home and institutional deliveries in Sylhet and Maulvibazar district of Sylhet
Division

time institutional births remain higher in the first band and decline in the second band.
In Pirojpur, institutional births are similar in the first and the third distance band while
remain low in the second and the fourth band as can be seen in This anomaly can
be explained by the rural urban differences as communities that are rural may have a lower
rate of institutional births even though they may be living in the second band. With regard
to urban-rural differences, most clusters were rural in Bhola District due to which share of

home deliveries remain almost similar for communities living in Upazillas at shorter distance
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bands and for those living in sub-districts that are further away. Similarly, Patuakhali is
also predominantly rural due to which the proportion of home births are nearly 70 percent
in the first distance band and peak to 100 percent in the third and the fifth band, while
the share of institutional deliveries remain marginal even in the first band. Both Jhalokati
and Barguna District have high proportion of home deliveries in rural clusters of the first
distance band and institutional deliveries that are mainly due to women living in the urban
clusters of the city corporations for both the districts.

Within Sylhet District, figure [5.14a] and [5.14D] suggests that communities living in the

first distance band of Dakshin Surma accounted for a much smaller share of home births
in comparison to communities that belonged to the same Upazilla but lived in the second
band. For communities that lived in the first distance band of Sylhet Sadar, the share of
institutional births remained higher while showed a decline in the next band. Also, a large
number of surveyed communities were in the first distance band were urban while most
clusters in the subsequent rings were mainly rural. Again, this explains the high proportion
of home deliveries in the second band and their high rate even in the subsequent bands led
by rural clusters. Even for Maulvi Bazar, figures and shows that the share
of home births is substantially high for communities in the first and the third band while
much lower in the second band. This is because of the rural clusters that the high rate
of home births is observed in the second distance band. In Sreemangal, home births are
lesser for communities in the second band while higher for those in the third band. For
those Upazillas where all communities belonged to the fifth, sixth, and seventh distance
band, the proportion of home births were substantially higher. In terms of institutional
births, the share of communities living the first distance band of Maulvi Bazar Sadar was
the highest while other Upazillas accounted for a negligible proportion of institutional births.

For Sunamganj District, it can be noted from figure [5.15cand [5.15d] that communities in

the sixth distance band of Dowarabazar Uapzilla accounted for much larger share of home
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births in comparison to communities that belonged to the fourth distance band of the same
sub-district In Sunamganj, even though the clusters are predominantly rural in the first
distance band, they belong to the city corporation and unlike some densely populated city
corporations in Barisal Division such as Bhola Sadar, Sunamganj Sadar has a relatively
low population density, which implies lesser competition to access health facilities. In both
Habiganj and Maulvibazar urban clusters account for a high proportion of institutional births

at the short distances.

5.5 Rural-Urban Variation in Travel Pattern and Service Usage

Another anomaly that can be observed is the distribution of the rural and urban clusters
with regard to the distances to the district hospital. While the theory suggests that urban
consumers travel less than rural consumer for the same type of good or service, figure [5.16
shows that even at short distances there are some rural communities while some communities
at further distances are urban. A plausible explanation for this is the high poverty and
population density due to which the conventional belief about rural-urban differences on
travel distances may not necessarily hold true in case of Bangladesh. Figure [5.17| reveals a
similar pattern for Sylhet where some urban communities are found as far as in the eighth
distance band. In other districts such as Habiganj and Maulvibazar, some urban communities

are up to 30 kilometers away.

5.6 Conclusion

Based on the maps and the figures for both the divisions, it was evident that district hospitals
are situated in the city corporations of Bangladesh where the administrative headquarters are
located. Therefore, in terms of spatial access, communities living in the city corporations had
the most access to public hospitals while the further the communities lived in sub-districts

that were away from the city corporations, the distances increased. However, within city
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Figure 5.16. Distance to the nearest hospital by rural-urban differences in Barisal Division

corporations the pattern was not homogeneous in terms of distance and service usage. City
corporations where most clusters were urban accounted for a larger share of institutional
births while rural communities in some of these areas were responsible for a higher share of
home births. While some city corporations had all or majority of the surveyed clusters living
in the first distance band, in case of others it was found that some communities lived in the
second distance band. This suggest that city corporations are heterogeneous and differ in
their sizes, which influences the hospital service areas. They are also very heterogeneous on

the population density front, which makes the competition intense to access public health
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Figure 5.17. Distance to the nearest hospital by rural-urban differences in Sylhet Division

services for certain city corporations in the Barisal Division while it makes the resources more
available in some of these areas in Sylhet Division that are less densely populated. Within
Sylhet Division, the exception is Sylhet City Corporation because its population density is
double than its most densely populated counterparts in Barisal Division and is much higher
compared to any other sub-district in the Sylhet Division. The high proportion of home
births in the city corporations of both the Divisions manifests the problem of urban poor in
these areas. With regard to the influence of the varying size of the district and the hospital

service areas on the commuting pattern, it was observed that in both the divisions distances
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to the nearest hospital stretched up to 50, 60, 70, and 80 kilometers while for districts
that were smaller in terms of their geographical area and had fewer number of sub-districts,
distances to access the nearest hospital shrank to 50 or less kilometers. It is also possible
that in smaller districts accessibility from neighboring Upazillas of the city corporation may
be better due to their relatively smaller size. This confirms that the range of the hospital
service areas is linked to the variation in the spatial extent of the administrative units. Both
the divisions had districts that were relatively large and the range of the distances were
substantially higher and both had districts that were relatively smaller and the radius of the
service area was much smaller. Even though the traditional policy discourse views Sylhet as
the worst performing region, this analysis confirms that differences in access to public health
facilities and service usage are more influenced by the geographic inequalities in the size of

the administrative units than any specific regional differences.
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CHAPTER 6
MODELLING DISTANCES AS A FUNCTION OF COVARIATES AND

WOMAN’S CHOICE FOR DELIVERY

After an exploratory analysis in the previous chapter, this chapter models distances and
travel time for district and sub-district hospital as a function of covariates. This would help
validate the findings from the previous chapter. It should be noted that all the variables
were only for the two selected study areas. Even though the survey data is nationally
representative, some of the variables were constructed from the GIS data that were processed
for the two Divisions. As a result the sample size was restricted only to these two regions.
However, for the purpose of this analysis data were pooled from both the divisions and
analysis was run on these combined data.

Table and Table describe the individual, community and area level covariates
that were used from multiple data sources and provides descriptive statistics for the data
respectively. Table displays the results for travel time to the nearest hospital from where
a community lived and the self-reported travel time to the nearest district headquarter. It is
evident that majority of the variation is explained by time to the administrative headquarter.
Even though the survey questionnaire did not explicitly ask for whether this was a public
or a private hospital, it can be assumed that while district hospitals are in close vicinity
of administrative headquarters, private hospitals are also likely to be concentrated in these
areas. This is because city corporations are the most densely and relatively better off areas in
comparison to other sub-districts. District area has a negative and a significant relationship.
This meets the initial expectations and the arguments made in the previous chapter. Having
access to just a seasonal road or a waterway significantly increased travel time to the nearest
hospital. Road density is positively associated with travel time. While one would expect that

an increase in the road density should lower travel time, the positive sign on the coefficient
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Table 6.1. Individual and Area Variables

Individual-level variable

Measure

Place of delivery

Coded as 1 for an institutional delivery
and 0 otherwise

Household Wealth Index

Variable available from BDHS2011.
Constructed using principal component analysis
based on survey questions on household wealth assets

Age of mother

Age in years

ANC visits

Number of antenatal care visits

Place of ANC

Coded as 1 if a women availed care
at a private clinic or a hospital,
coded as 2 for government, 3 for home

Urban cluster

Whether the EA was urban or rural
based on the community questionnaire

Area-level variables

Measure

Time to Thana Health Center

Self-reported travel time in minutes from an EA

Time to Thana headquarter

Self-reported travel time in minutes from an EA

Distance to Thana Health Center

Self-reported travel distance from an EA

Time to nearest hospital

Self-reported travel time in minutes from an EA

Time to District headquarter

Self-reported travel time in minutes from an EA

Distance to nearest hospital

Self-reported travel distance from an EA

School Density in Thana

Primary schools digitized in
each sub-district divided by the area

Clinics Density in Thana

Clinics digitized in each sub-district
divided by the area

Population Density in Thana

Based on census data for 2011 obtained from
Bangladesh Bureau of Statistics

Area of Thana

Measured in kilometers in ArcGIS

Road Density in Thana

Road length of the sub-district divided by the area

All Weather Road Access

Self-reported measure on type of road access from EA

Seasonal Road Access

Self-reported measure on type of road access from EA

Waterway Access

Self-reported measure on type of road access from EA

Unpaved Road Access

Self-reported measure on type of road access from EA

Percent of Urbanization in Thana

Based on census data

District Area in Sq km

Based on census data

Population Density in District

Based on census data
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Table 6.2. Descriptive Statistics

Individual-level variables N Mean sd
Place of delivery (Home) 1447

Place of delivery (Institutional) 461

Household Wealth Index 4154 4474.961 101886.1
Age of mother 4154 31 9
ANC visits 1914 2.12 2.70
Place of ANC (Private) 360

Place of ANC (Government) 457

Place of ANC (Home) 85

Area-level variable N Mean sd
Time to Thana Health Center 123 59.27 47.56
Time to Thana headquarter 98 66.75 60.05
Distance to Thana Health Center 123 10 9
Time to nearest hospital 140 96.92 76.36
Time to District headquarter 98 121 84.69
Distance to nearest hospital 140  26.4 20.82
School Density in Thana 142 .24 14
Clinics Density in Thana 129 .06 .03
Population Density in Thana 1018 610
Area of Thana 355 217
Road Density in Thana 142 8.148 5.36
All Weather Road Access 96

Seasonal Road Access 36

Waterway Access 9

Unpaved Road Access 1

Percent of Urbanization in Thana

District Area in Sq km 142 2453 1082
Population Density in District 142 780 203
Urban cluster 44

Rural cluster 98
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Table 6.3. Time to the nearest hospital

Time to the Hospital Model
Variable Coefficient
Time to District Headquarters 0.858***
(0.0414)
School Density in Thana -16.21
(23.28)
Clinics Density in Thana -30.69
(121.8)
Population Density in District 0.0365
(0.0186)
District Area in Sq Km -0.0105**
(0.00396)
Seasonal Road Access 16.99*
(6.853)
Waterway Access 42.74%%*
(11.77)
Unpaved Road Access -73.72%
(31.31)
Road Density 1.700*
(0.709)
Constant -0.981
(24.35)
R? 0.887
AdjR? 0.874
F 67.36
df_m 9
dfr 7
Numbero fCommunities 87

Standard errors in parentheses
*p < 0.05, **p < 0.01, ***p < 0.001
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could in part be explained by the country’s humongous population density due to which even
if there is increased availability of roads travel time may not necessarily reduce.

Table compares three different models with regard to the average distance to two
closest district hospitals. Average distance was calculated by first obtaining estimates from
the EA to the two closest district hospital using near tool in ArcGIS. These two distances
were combined to obtain average distance from the EA or the community. School density
is negatively related and remains a statistically significant predictor across three models.
This relationship makes sense as school density is highest in the city corporations and that
is where the public hospitals are usually situated. So as density increases, average distance
decreases. As the distance to the hospital increases, the population density also increases.
Interestingly, as the district area increases, the average distance also increases in all three
models. The positive relation between road density and average distance could be explained
by better availability of road in urban areas and more densely populated areas and further
one goes from the urban centers the road density also declines. Distance to the nearest
hospital and average distance to the hospital are positively related. If the average distance
to two closest THC increases, average distance to the hospital also increases. But if the
average distance to four closest THC increases, the average distance to the hospital reduces.

Table [6.5] shows the results from a linear regression for the travel time to the nearest
Thana Health Center (THC) or the sub-district hospital. The outcome variable in the model
was based on the self-reported travel time from the sampled EA and was chosen from the
community questionnaire of BDHS 2011. Time to the nearest THC was most explained
by the travel time to the nearest Thana Headquarters and the relationship is statistically
significant. This makes sense as most public health facilities are situated in close vicinity
of the administrative headquarters. Having access to a waterway from where a community
lives increased travel time to the nearest THC. Together these variables explained about 75

percent of the variation in getting access to the nearest THC. Table shows the results for
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average distance to four closest THC’s as a function of several covariates. Across all the three
model, the average distance to two closest THC’s is significant predictor. This makes sense as
sub-districts that are smaller in size are likely to have shorter average distance to two or even
four closest THC’s. Several sub-districts that have a small area are likley to have THC in
close vicinity, which reduces the overall distances to the neighboring THC’s. As population
density at the district level increases, the average distance to the closest THC’s reduces.
This could be explained by urbanization and better accessibility to provision of goods and
services. Area of the district is a consistent predictor and the relationship is inverse. As
road length increases, so does the average distance. If the community was accessible mostly
by waterway, then the average distance to THC also increased. Overall | these three models
explain about roughly 60 percent of the variation in the average distances to THC’s.

Table shows results from logistic regression, with a women’s choice for delivery as
an outcome variable. It is modeled as 1 if a women gave birth at an institutional facility and
0 if the place was home. Among individual level covariates, wealth index and the number of
antenatal care visits a woman had are significant predictors. The odds of institutional deliv-
ery greatly increase when a women seeks antenatal care from a private source such as private
clinic or hospital. With regard to availing antenatal care at a government hospital there is no
significant relationship, suggesting perhaps the poor quality of government services. Since
results from the previous chapter showed a distance decay effect for home and institutional
births within the first distance band on a consistent basis for most sub-districts, a distance
of 10 kilometers was used to assess the effect of proximity to the hospital. Based on the self-
reported distance to the nearest hospital from the community questionnaire, hospital within
10 kilometers was created as an indicator variable with the value 1 if the sampled community
was within 10 kilometers of the nearest hospital and 0 otherwise. In the first model, this
relationship is a significant and the odds increase for women as they live in proximity to 10

kilometers of the hospital. However, in model 2 this relationship becomes insignificant as
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Table 6.4. Average Distance to Two Nearest District Hospital

Avg Distance to Hospital Modell Model2 Model3
Variable Coefficient  Coefficient  Coefficient
School Density in Thana -24.04* -19.09% -17.63*
(9.331) (8.977) (7.561)
Clinics Density in Thana 45.92 63.81 40.91
(48.95) (46.93) (39.17)
District Population Density 0.0462***  0.0415 *** 0.0325%***
(0.00681) (0.00662) (0.00576)
District Area in Sq Km 0.00727*** 0.00903***  0.00536™**
(0.00140) (0.00142) (0.00133)
Road Density 1.431%** 0.9597*** -0.450
(0.241) (0.262) (0.284)
Seasonal Road Access 2.046 -1.094 -5.075
(5.319) (5.132) (4.388)
Waterway Access -2.267 -7.863 -2.710
(14.08) (13.50) (11.12)
Nearest Hospital 0.2517%** 0.2567**
(0.0642) (0.0554)
Avg Distance to Two closest THC 1.848%**
(0.247)
Avg Distance to Four closest THC -1.3947%%*
(0.276)
Constant -23.95%* -29.46™**  _8.338
(8.354) (8.098) (9.125)
R? 0.585 0.632 0.755
Adj R? 0.557 0.603 0.732
F 21.12 22.29 32.30
df m 8 9 11
dfr 129 127 127
Numbero fCommunities 129 129 129

Standard errors in parentheses
*p < 0.05, **p < 0.01, ***p < 0.001
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Table 6.5. Time to the Nearest Thana Health Center

Time to the nearest Thana Health Center Modell
Variable Coefficient
Time to the nearest Thana Headquarters 0.675 ***
(0.0590)
School Density in Thana -32.01
(27.00)
Clinics Density in Thana 29.70
(118.1)
Population Density in Thana 0.00811
(0.0140)
Area of Thana 0.00426
(0.0188)
Road Density in Thana 0.0915
(0.611)
Seasonal Road Access from the Community -2.375
(7.470)
Waterway Access from the Community 31.17 *
(12.22)
Unpaved Road Access from the Community 8.614
(31.21)
Percent of Urbanization in Thana 0.328
(0.507)
Constant 12.91
(17.45)
R? 0.749
Adj R? 0.712
F 20.55
df_m 10
df r 69
NumberofCommunities 80

Standard errors in parentheses
*p < 0.05, **p < 0.01, ***p < 0.001
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Table 6.6. Average Distance to the four nearest Thana health Centers

Avg Distance to THC Modell Model2 Model3
Variable Coefficient Coefficient Coefficient
School Density in Thana -10.923 ***  _6.578 *H* -4.411
(2.338) (2.45) (2.398)
District Population Density -0.004 * -0.0031 -0.00409*
(0.001) (0.0018) (0.00175)
District Area in Sq Km -0.001*** -0.0022*** -0.00257***
(0.0003) (0.00035) (0.000350)
Road Length for Thana 0.00001***  0.0000249***  0.0000220 ***
(0.00000356)  (0.00000347)  (0.00000332)
Seasonal Road Access -.315 0.111 -0.900
(0.803) (0.749) (0.713)
Waterway Access 4.454* 4.182* 2.803*
(1.408) (1.420) (1.377)
Unpaved Road Access 4.567 4.84 3.905
(4.07) (3.712) (3.549)
Urbanization in Thana 0.013 0.029
(0.017) (0.160)
Avg Distance to two closest THC 0.210™**
(0.0537)
Clinics Density in Thana -24.516 -22.69
(12.96) (12.39)
Constant 15.027%%* 15.027%%* 16.627%**
(2.447) (2.447) (2.440)
R? 0.502 0.584 0.621
Adj R? 0.472 0.552 0.592
F 16.82 18.58 21.67
df m 8 9 9
dfr 133 119 119
Numbero fCommunities 142 129 129

Standard errors in parentheses
*p < 0.05, **p < 0.01, ***p < 0.001
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Table 6.7. Women choice for place of delivery

Place of birth Modell Model2
Variable Odds Ratio  Odds Ratio
Wealth Index 1.000 *** 1.000***
(0.00000105)  (0.00000107)
Age of mother 0.993 0.991
(0.0154) (0.0154)
Number of ANC visits 1.152%** 1.153%***
(0.0367) (0.0367)
Pvt ANC 3.251%* 3.388 **
(1.227) (1.297)
Govt Inst ANC 1.949 1.966
(0.731) (0.748)
Hospital within 10 km 1.794* 1.518
(0.446) (0.397)
Upazilla Area 0.998* 0.998%*
(0.000938) (0.000921)
Upazilla Population Density 1.000 1.000*
(0.000197) (0.000206)
Upazilla Road Density 1.034 1.031
(0.0364) (0.0363)
Clinics Density 2980.8* 897.2*
(9399.0) (2884.6)
Urban cluster 1.847%*
(0.408)
Constant 0.151* 0.178*
(0.113) (0.133)
N 812 812

Exponentiated coefficients; Standard errors in parentheses
*p < 0.05, **p < 0.01, ***p < 0.001
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urban-rural variable was included in the model. The community survey questionnaire in-
cluded a variable if the EA or the community was urban or rural. As upazilla or thana area
increases, the odds of women’s choosing an institutional delivery decreases. The density of
clinics remained a consistent predictor of institutional deliveries. While women may not go
directly to avail services at a clinic during or after pregnancy, high density of clinics should
reflect a better overall service environment, with the possibility that non-government orga-
nization funded services and other private services may also be in tandem with government

services.

71



CHAPTER 7
EXAMINING SUPPLY AND DEMAND FOR PRIMARY HEALTH CARE

IN BANGLADESH

7.1 Primary Health Care in Developing Countries

The previous chapter showed spatial inequity in the service area of health facility is tied
to the inequality in the administrative units. The only exception to this norm are primary
health care clinics because they are assigned based on a fixed population and are not al-
located by village or mauza. This provides an excellent opportunity to assess whether the
supply of clinics matches the population demand.

In the wake of rapid urbanization, globalization, and emergence of new forms of communica-
ble and chronic diseases, primary health care has received a renewed focus. Even though it
has been several decades since the Alma Ata declaration was signed, when for the first time
countries pledged their commitment to health equity and recognized health as a right, coun-
tries have achieved a varied level of success in their ability to provide primary health care
services. In the absence of a large network of primary health care centers, promises made by
governments of low and middle-income countries with regard to universal health care would
remain ineffective. Primary health care offers an opportunity for universal access to care, es-
pecially when they are funded by government and are free to the public. It’s close vicinity to
where people live offers opportunity even to poor people to access essential services, without
facing any barriers related to transportation costs and time (Van Lerberghe, 2008). When
physical access to primary health care is supplemented with adequate logistics and supply
chain system to ensure the availability of drugs and essential medicines, it can have a major
improvement. Several countries have been successful in improving health indicators based
on the provision of services under primary health care. In Kenya, availability of insecticide

treated bednets through local services has been attributed to lower incidence of malaria
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(Van Lerberghel 2008). China’s rural health care system, managed by the barefoot doctors
helped address the gaps in health disparity through equitable distribution of resources even
in rural areas and by focusing on preventive care, health education and promotion activities,
maternal and child health issues and in performing disease surveillance related activities.
While the country suffered when the system was dismantled and more people were forced to
spend out-of-pocket, the government recognized this problem and increased health spending
under the Rural Medical Cooperative Scheme (Zhaoyang, 2008). Similar to the success of
China’s barefoot doctors, Thailand has used Buddhist monks and network of temples to
promote health promotion activities within the community. Thailand’s primary health care
program that relies on a network of volunteer doctors and nurses helped the country reduce
new HIV incidents to about 13,936 cases in 2007, from 100,000 in 1995 (Treerutkuarkul,
2008)).

Brazil, which recognizes health as a constitutional right since 1988, follows a decentral-
ized system of universal health care under which each individual is provided comprehensive
and free primary health care. The country’s flagship program, Family Health Program, is
organized in teams comprising of doctors, nurses, and staff. The system is used by roughly
70 percent of the country’s population as they cannot afford private care (Tomassini, 2008)).
Just like Brazil, Portugal also recognizes the right to health as a constitutional right. The
country, introduced a new primary health care program in 2005, under which group of family
doctors, nurses, and administrative staff work together in units known as the Family Health
Units. Portugal is working on a series of reforms to provide integrated and community based
health care that is comprehensive, free, and responsive to the needs of the local people.
The country’s infant mortality rate has reached almost at par with European countries,
an impressive gain since the 1970s. Portugal, which established a comprehensive network
of primary health care services along with a hospital network between 1979-1983 also wit-

nessed a major reduction in perinatal mortality, infant mortality, and maternal mortality

(Waddington, 2008 Van Lerberghe, [2008).
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Primary health care services can also reduce waiting time at the hospitals and help
improve health outcomes by delivering essential services. In Oman, a rapid expansion of
district hospitals and regional health facilities along with an increase in the number of health
workers enabled the country to achieve 90 percent of births attended by trained personnel. In
contrast, prior to this expansion in Oman, patients traveled up to 4 days to reach a hospital
and had to wait in a long queue to see a physician. It can also bridge rural-urban disparities.
In Iran, under-5 mortality in rural areas was twice than the urban areas, but a gradual
expansion in primary health care network enabled the country to sharply narrow this gap
by 2000 and the service utilization rates are almost the same (Van Lerberghe, 2008). On the
other hand, Nigeria, which had not been successful in instituting successful PHC reforms,

saw a steady increase in infant mortality rates between 1982 to 2007 (Reid, [2008]).

7.2 Primary Health Care Policy in Bangladesh

Based on the 1996-2001 five year plan, the Government of Bangladesh has enacted a policy of
providing a community clinic for every six thousand population. Community clinics (CC’s)
are organized at the grassroots level and are expected to provide basic health facilities. Lo-
cated at the ward level, CC’s are the lowest level static health facilities with referral linkages
with higher level health facilities. Between 1998 and 2003, 10,723 CCs were constructed of
which 8000 were made functional. The Government started a project titled ”Revitalization
of community-based health care in Bangladesh”. As of 2014, 13,094 independent community
clinics were made functional. These CC’s are managed by a 13-17 member management
committee. By April 2014 all the CC’s received internet connection and laptop. While these
clinics are mostly in rural areas, they are available in selected urban corporations. A growing
population density in some of the city corporations is widening the gap in the availability of

government funded primary care services between rural and urban areas, between the city

74



corporations and the non-city corporations urban areas and between the regions. The prob-
lem of urban population and lack of access in the context of Bangladesh becomes very acute
due to heavily skewed population in the urban areas and lack of availability of services.
Since tertiary-level services are mostly located in the urban areas, it is mostly the urban
population that has access to hospitals. Often hospitals are very crowded and there are
long waiting lines. However, in the absence of availability of primary health facilities, most
people have to go to government hospitals even for basic services, which further exacerbate
the problem. Yet there is no systematic evidence on equity in the distribution of primary
health care services in Bangladesh.

Fortunately, primary health care in Bangladesh received a renewed focus under the
Bangladesh Urban Primary Health Care Project, which was funded by several donors. Un-
der the project the government contracted services through non-profit organizations to run
community clinics. The lowest level services that are available in the urban areas are de-
livered through NGO field workers. Another project that was being operated in the urban
areas included the Smiling Sun clinics another donor assisted project to improve population
health in the urban areas. The Urban Community Health Program was specifically designed

for the population living in urban slums (Ahmed et al., |2007)).

7.3 Research Objectives

Given the evidence on the role of primary health care in improving population health, this
research seeks to examine spatial equity in the distribution of primary health care by exam-
ining the geographical distribution of community clinics. However, any assessment of equity
in coverage would be incomplete without knowing the underlying population distribution.
Common approaches to measure underlying population distribution include areal interpola-
tion or dyasmetric mapping. However these are also prone to error. The goal of dyasmetric

mapping is to identify populated areas vis--vis areas which are not inhabited by population
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settlements due to geographic barriers such as rivers, mountains, forests. It classifies the
population into homogeneous areas based on the data and creates a smooth surface. This
is a different in comparison to a polygon based approach under which information about
population distribution is aggregated at an administrative unit. A major disadvantage of
this approach is that any variation in the underlying population density gets masked due to
aggregation.

In the absence of availability of population data based on satellite imagery, this research
used the distribution of primary schools as a proxy for the underlying population distribution.
In terms of hierarchy of services, both primary schools and clinics offer services in close
proximity to the population. Hence, the use of primary schools can be considered as a proxy
for population distribution. Furthermore, both primary schools and clinics would be where
population settlements exist as one would not expect a primary school to be at a location
where there are no settlements. This gives an additional reason to hypothesize that the
distribution mirrors the underlying population. Thus it was hypothesized that if the supply
of clinics matched the population demand it would be regarded as spatial equity. In contrast
if the supply of the clinics did not follow the demand, it would be regarded as a spatial
mismatch.

In this research, the clinics were treated as cases and the primary schools were treated as
controls. In geographical epidemiology, it is a common method to compare two distributions
by treating one as cases and the other as controls. For instance, by comparing the spatial
distribution of two diseases, one could ascertain whether the risk for a disease is uniform
across the study area; whether it follows the underlying population distribution; or whether
there are specific areas where the risk may be greater for the occurrence or spread of a disease.
Generally, one would expect that two distributions would match because the incidence rates
of a specific disease are likely to be higher where the underlying population distribution is

also high and lower where the population is sparsely populated. Several applications can
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be found in epidemiology where these techniques were used to assess if the incidents were
unusually higher at any specific locations and identify disease clusters. The most famous
application was the lung and larynx cancer incidence rates, with the former being treated
as case and the latter being used as a control (Kelsall and Diggle, 1995). Another noted
example is the geographic distribution of primary bilary cirhosis modelled by (Prince et al.|
2001). (Waller and Gotway}, [2004) demonstrate a similar application through the use of
medieval grave data and in the context of childhood asthma in San Diego county based
on an original paper published by (English et al., [1999). More recent examples examining
spatial variation in risk by comparing the intensities of two distributions include (Zhang
et al., [2013)) and (Lemke et al., 2015). (Lawson, 2013) argues modeling the distribution of
cases and controls as a binary logistic regression, conditional on the location. However, a
major disadvantage of such a technique is that it requires covariate data at each of the point
locations in the study area, which may not be available easily, especially in the context of
developing countries. Some other alternative techniques include application of the spatial
SCAN statistic, as demonstrated by as demonstrated by (Rushton and Lolonis, 1996)), in the
context of birth defects. The authors examine proportion of cases that fall within a specific
radius around the controls and identify statistically significant clusters. To assess the spatial
mismatch in the supply and the demand for primary health care, the following assumptions

were made:

1. The supply of clinics follow the population distribution. Hence, places with higher

population density should have more clinics than places with lower population density

2. Tt was assumed that the distribution of primary schools reflects a higher proportion of
population of mothers and young children since primary schools are usually set up in
close proximity to where children can go to school. Thus the locations of the primary

schools were used as a proxy for population distribution
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3. Since primary health care is related to offering basic and preventive services at the
grassroot level and the distribution of primary schools should reflect the age and the
demographic structure of young population, it can be assumed that the distribution
of one should follow the other. Therefore, it was assumed that the distribution of the

clinics follow the distribution of primary schools

4. Tt can be assumed that in densely populated areas the density of primary schools would
be higher, therefore one would also expect to see a higher density of clinics. In contrast
in sparsely populated areas the density of primary schools and clinics should be lower
as fewer people live in such areas and hence lower should be the demand. Similarly,
places where nobody lives such as forests and rivers and hills, one would not expect to

see any school or a clinic at such a location.

5. Furthmore, it was assumed that the service area of the clinics and the schools should
be homogeneous. Thus the population serviced by each clinic should be similar to the

average number of children served by each primary school

Based on the assumptions stated above, the specific research objectives were as follows:

1. Does the distribution of clinics follow the distribution of schools?

2. Does this distribution of clinics match the population demand in both urban and rural

areas?

3. Identify under-served and over-served areas

In order to examine whether the distribution of clinics match the distribution of schools,
the ratio of two intensities will be compared. Areas where the intensity of the clinics exceed
to that of primary schools would suggest that supply exceeds the demand whereas in areas
where this ratio is lower would imply that the population demand exceeds than the available

supply of primary health care through clinics.
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Figure 7.1. Point pattern for Barisal and Sylhet Divisions. The top row shows the distribu-
tion of the clinics and primary schools for Barisal Division and the bottom row shows the
two distributions for Sylhet Division
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Table 7.1. Comparison of the two point patterns

Clinics Barisal Division | Sylhet Division
Frequency 615 278

Proportions 0.22 0.16

Intensity 0.0476 0.0465

Window Area | 12932.3 sq km 12429.9

Schools Barisal Division | Sylhet Division
Frequency 2180 2850

Proportions 0.78 0.83

Intensity 0.16 0.23

Window Area | 12932.3 sq km 12429.9

7.4 Data

To test the spatial mismatch hypothesis, the distribution of clinics was compared in a densely
population and in a sparsely populated region of Bangladesh. A comparison of two regions
that are very similar in their area and only differ in their population distribution offers an
opportunity to test not just how the distribution of the clinics compare to the population
distribution within a region, but also how this distribution varies in a densely populated
areas versus sparsely populated areas and the distances at which one would expect them
to be accessible for the population. For example, in a densely populated areas, one would
expect a higher intensity as the clinics should be closely located to each other if they are set
up based on the government policy of serving a specific size of the population. In contrast, in
a sparsely populated areas, one would expect the population to be more dispersed in sparsely
populated areas, and therefore the intensity of the points should be lower. Furthermore, one
would also expect that in areas with lower population density, the distances at which the
services are available are likely to be larger in comparison to densely populated areas.
Figure and shows the distribution of the clinics and schools in Barisal and
Sylhet Division. The figure shows that visually the distribution of the clinics and the primary

school seem to be following one another. In places where there are no primary schools, one
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can assume that nobody lives there and one would not find any clinic at such a location.
Table compares the summary statistic for the two point patterns in the study area. The
intensity refers to the average number of points per unit area of the study region, which is
usually referred as a window area by the software package. The window area was rescaled to
kilometers from meters to reflect accurately the spatial extent of the study area in its original
units. Frequency refers to the total number of points of each type in the window area, while
the proportion refers to the contribution of one type of points in the overall point pattern.
For both the study area, the clinics account for a much smaller proportion than the schools,
with the latter having a much higher intensity than the former. Descriptive statistics from
the table suggest differences in the intensity of the two processes. A question which then
arises is to assess whether the two intensities match or not. In other words, it would be of
interest to know whether areas with high intensity of clinics also have a high intensity of

schools and vice-versa.

7.5 Methodological Approaches in Point Pattern Analysis

Given the distribution of the clinics and primary schools is in the format of a point pattern
data, it provides an opportunity to examine the above stated research objectives using a
variety of methods that have been developed to compare two distributions. While the first
study that used the most basic form of point pattern analysis was conducted by John Snow
to examine the distribution of the incidents of cholera around the Broad Street Pump, in
recent years these techniques have become popular to model the distribution of diseases.
The assumptions stated above are consistent with the popular methods in spatial epidemi-
ology where the geographic distribution of another disease is used as a proxy for population
distribution.

Statistical methods to model the spatial distribution of point locations are usually based

on the first and the second order properties of a point process. The first order property
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pertains to the homogeneity assumption by which the intensity of the points is uniform
for the entire study area. These tests allow to investigate whether the point pattern is
completely random or it deviates from complete randomness, thereby providing insights into
specific places where the points may be more or less likely to occur. Tests of complete
spatial randomness allow investigation into the first order properties of the point process
i.e whether the mean or the intensity is constant over the study area. The second order
property assesses dependence or the spatial scale at which there is any evidence of clustering
(Bailey and Gatrell, 1995).

Two key properties of the point patterns are:

1. The expected number of points in the region A follows a poisson distribution with the

mean A|A|
2. The points are independent and have a uniform distribution

A popular technique to assess the first order property is the use of kernel density esti-
mation. In case of point data of a single type, kernel density estimation technique creates
a radius of a specific distance around a point, known as smoothing bandwidth, and sums
the points that falls within this disc. Hence, in areas where the density of points is more, it
creates a peak and in areas where there are fewer points, the density estimates show a rough
or a spiky surface. Mathematically, the function is specified in (Baddeley et al., 2015) as
follows:

_ n
N(u) =Y K(u— ;) (7.1)

i=1
where the function K (u — z;) represents the probability density at a location z; such that
k(u) > 0 and the [, K(u) = 1. The formula stated above is without edge correction.
Since the points at the boundary of the study area contribute less, different edge correction

techniques exist to correct for this bias. In spatstat, by default the correction is done based

on the techniques recommended by Diggle. Two commonly used edge correction techniques
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that is available in the software include uniform correction and Diggle’s correction technique

and are specified respectively in (Baddeley et al., 2015)) as follows:

AV (u) = ﬁ Z K(u—x;) (7.2)

n

IO S o TP (7.3)
e(x;) 4

i=1
Similar to estimating the kernel density for univariate data, the approach can be extended

to bivariate distribution. In recent years comparison of bivariate distribution of point data
has emerged as popular, especially in spatial epidemiology to detect disease cases relative
to the controls or the population distribution. This is also known as a case-control method
where the point location of incidents are considered as cases and a comparison is made to
the point distribution of another disease that can serve as a control or reflects the spatially
varying population. However, bivariate kernel density estimation requires taking into con-
sideration several issues. A common issue is the choice of bandwidth since the cases and the
controls have different intensities, so the question arises as to whether one should choose a
case-based bandwidth or based on the controls. (Davies et al.,|2016]) recommends a choice of
a common bandwidth for the case and controls to avoid any artifact that arises by choosing
different bandwidths. Similarly, (Bailey and Gatrell, 1995) warns against simply taking the
ratios of the numerator and denominator as the resulting ratios may be sensitive to small
changes in the denominator; instead they recommend over- smoothing, especially when is
interested in examining ratios of intensities. Since the controls or the population at risk
is generally much larger than the cases, in certain situations it is recommended to use a
larger bandwidth for the controls (Bailey and Gatrell, |1995)). In a study examining ratios of
birth defects to all births in Des Moines lowa, (Rushton and Lolonis, |1996) recommended
expanding search radius wide enough to ensure each case and control gets included in the

computation of the ratios. (Waller and Gotway), [2004)) also cite a similar concern as in areas
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where the cases or the controls might be too small, it may lead to numerical instability that
arises due to division by zero. Therefore, there seems to be a consensus that the most sensible
bandwidth for cases and controls may not be the best choice when taking their ratios.
When taking ratios of two kernel intensities, a common and a recommended approach is
to take a log transformation of these ratios to stabilize the variance. As a result most software
packages provide log ratios of kernel densities by default. If A\;(s) denotes the intensity of
cases and A(s) is the intensity of the controls, then assuming that the distribution of the
cases and the controls arise from two independent random samples, then the density function

is estimated as follows: (Waller and Gotway), 2004)

1) =n6s) /[ wayta (7.4)

where f(s) is the function for cases

o) =) /[ (75)

where g(s) is the function estimating the intensity of the controls. Then it is suggested

to take a natural logarithm of the ratio of the two densities based on

r(s) = log{f(s)/9(s)} (7.6)

where 1(s) is the log of relative risk of observing a point as a case instead of a control at
a given location. This allows identification of the areas where risk r(s) exceeds 0.

The equation discussed above uses a fixed bandwidth. The assumption, therefore, is based
on the intensity of the cases and controls being constant across the study area. However,
some scholars argue that this assumption may not always make sense since the popula-
tion distribution is heterogeneous and recommend using adaptive bandwidths. Unlike fixed
bandwidths that use the same smoothing parameter for the entire study area, adaptive band-

widths expands in sparsely populated areas, taking a larger number of points, and shrinks
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in densely populated areas (Davies et al., 2011]). This approach has found wide applications
in spatial epidemiology in recent years (Zhang et al., 2013 [Lemke et al., 2015). An elab-
orate discussion of the results will follow in the next section. The R package spatstat and
smacpod are based on fixed bandwidths even though spatstat has the functionality to im-
plement adaptive bandwidths based on univariate data. The most commonly used software
for adaptive bandwidths is sparr package written by (Davies et all [2011). In spatstat the
raw intensity i.e number of points per unit area is standardized by multiplying it with the

window area.

7.6 Regional Variation in the Distribution of Cases and Controls

Based on the figure it can be noted that even though the intensities of the clinics and
the schools differ substantially, the suggested bandwidths for the two point pattern based on
maximum likelihood and cross-validation approach only differ by one kilometer. However,
the two approaches do provide a different result in case of Sylhet as evident from the figure
[7.3l The bandwidth for the clinics suggested by the maximum likelihood approach is larger
than one kilometer as opposed to the suggested bandwidth for Diggle. The rural-urban di-
vide can be observed in the suggested bandwidths for the two regions. Since Sylhet is more
rural than Barisal, the bandwidth for clinics is larger as one would expect. However, the dif-
ference appears marginal when it comes to the bandwidths for schools in Sylhet. A plausible
explanation for this anomaly could be that while most of the region is predominantly rural,
population in Sylhet City Corporation is more than twice than the most densely populated
places in Barisal. This could be a reason why the intensity of schools is more in Sylhet than
Barisal even though on a regional level, the former is less densely populated in comparison
to the latter. The bandwidths recommended based on the two approaches can inform into
the possible choice of bandwidths, however there is no compulsion as to use the theoretically

suggested bandwidths, especially when one is primarily interested in taking the ratios of two
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Figure 7.2. Bandwidth for clinics and schools in Barisal based on maximum likelihood and
cross-validation approach. The top row shows the suggested bandwidths for clinics based on
the two approaches and the bottom row displays for schools.

kernel densities. While there is no agreement on the choice of bandwidths in the literature,
there is broadly a consensus that it should make sense based on the data as taking a very
large bandwidth would over-smooth the data and mask variation whereas having too small
a bandwidth would under-smooth the data and result in a very patchy pattern, without pro-
viding any meaningful results. Therefore, in case of Barisal Division, the fixed bandwidths

was chosen at 5 kilometers as choosing a bandwidth less than that was resulting in numerical

86



-2000
l
1500

ov(o)
-6000
|
M(a)
1000

500
l

10000
l
0
l

-10000
l
250
|

ov(o)
-50000 -30000
M{(a)
150
|

-70000
l
0 50
| |

Figure 7.3. Bandwidth for clinics and schools in Sylhet based on maximum likelihood and
cross-validation approach. The top row shows the suggested bandwidths for clinics based on
the two approaches and the bottom row displays for schools.

instability. In case of Sylhet Division, the fixed bandwidth was run for 4 and 5 kilometers,
and this did not create any problems.

Figures and shows the relative risk surface based on the ratios of two intensi-
ties using fixed bandwidth and adaptive bandwidths respectively. While fixed bandwidth
standardizes the density based on area, adaptive densities work under slightly different as-
sumption. If the distribution of the cases vary over the study area, then the distribution of

the controls should also vary, and the intensity of the cases should mostly mirror the process

87



2550
2550

2500
2500

2450
2450

-10

i . . . T .
T T T !
00 70 800 850 o0 90 750 800 850 200 950 1000

(a) sigma= 4 lm fixed (b) sigma=>5 km fixed

2800
2800
)

2750
2750

2700
2700

r T T T T T
r T T T T T
850 900 050 1000 1050 1100 850 900 950 1000 1050 1100

(c) sigma= 4 km fixed (d) sigma=>5 km fixed

Figure 7.4. Log relative risk surface for Barisal and Sylhet based on a fixed bandwidth of 4
and 5 kilometers.

that is underlying the controls. So adaptive bandwidths expands in sparsely populated areas
as the number of points is more dispersed in comparison to densely populated areas.
Figures and [7.7]displays the distribution of the probability densities computed from
the log risk function based on the bivariate kernel densities. As pointed out earlier, the
use of logarithms is a common practice in the ratio of two kernel densities as it imparts
symmetry and stabilizes the variance. The log ratios also provide a useful interpretation as
areas with the value zero detect neutral risk and areas where the ratios exceeds zero or one
indicate a higher presence of clinics than schools and vice-versa. Based on the histograms, it
can be observed that the range of density values stretch much more for fixed bandwidths as
opposed to adaptive bandwidths for both the Divisions. However, the results for the fixed

and the adaptive bandwidths show more similarity for Sylhet Division than Barisal. This
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Figure 7.6. Histogram of the ratios of spatial densities for Barisal

suggests that even though Sylhet is relatively sparsely populated, the ratio of the clinics to
the schools is less skewed as compared to Barisal.

Figures [7.8, and demonstrates the log relative risk surface constructed from 999
simulations using Monte Carlo. The manner in which this simulation works is that it ran-
domly assigns the label of a case or a control conditional on the location for each simulated
pattern. The process is repeated based on a pre-specified number of simulations and then
values obtained from the simulations are compared to the observed value to detect areas of
statistical significance where the controls exceed the cases and vice-versa. The light green
and yellow areas detect well-served areas or areas where the ratio of clinics exceed to that

of schools, whereas areas in dark green and different shades of blue indicate under-served
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Figure 7.7. Histogram of the ratios of spatial densities for Sylhet

areas or areas where the ratio of the schools exceed to that of clinics. In both the Divisions,
urban areas get detected as under-served areas and most over-served areas get detected on
the boundaries. In Barisal Division, Barisal City Corporation and Bhola City Corporation
are extremely densely populated while Char Fasson, which is close to the Bay of Bengal, is
predominantly a rural area. Results show these urban centers as under-served areas while the
rural areas in Char Fasson, DaulatKhan, Agailjhara, Nesarabad are identified as well-served
regions. In Sylhet Division, the Sylhet City Corporation is the most densely populated while
the rest of the region is mostly rural and sparsely populated. Ironically, the Sylhet City
Corporation, is identified as under-served area and rural areas at the periphery show as

reasonably well-served. Results for both the divisions show a consistent pattern.
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Figure 7.8. Log relative risk surface for Barisal Division based on 999 simulations with a 5
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7.7 Limitations and Delimitations

This analysis is limited by the fact that the data were not available for the non-profit orga-
nizations and private organizations that deliver primary health care. In Bangladesh, several
non-profit organizations led by BRAC, USAID operate programs that work towards provid-
ing primary health services in selected urban areas. As a result findings are biased to the
degree that the analysis only accounted for clinics exclusively run by government and could
not account for alternative delivery mechanisms. However, lack of availability of private
providers for primary care was not much of a concern because the focus of the analysis was
mostly on government led primary health care services. Another limitation of the study was
lack of any information on any difference in the capacity of the clinics or the primary schools
in the urban versus rural areas. But if there was any difference in the population served by
the clinics or schools in urban areas versus rural areas, then these effects would cancel out
each other while estimating the ratios. A major delimitation of this study lies in its approach

to estimate spatial inequity in the absence of population information at a disaggregate scale.
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CHAPTER 8

CONCLUSION

In Bangladesh, the traditional policy discourse has focused on regional differences that in-
fluence poor health outcomes in certain areas. This study is the first to compare two regions
of the country and examine factors influencing equity in the distribution of health services.
By understanding factors that drive the current distribution of health facility in terms of
spatial access, one can understand consumers who have the most access to public health
facilities and those that are the most deprived from the reach of government services , this
research identifies the over-served and under-served areas for two regions of Bangladesh for
both primary health care services and for public hospitals. While most geo-spatial studies
are conducted for a small geographic area, this is the first study to compare two regions
of the country. By comparing and contrasting two regions, this research finds that factors
influencing intra and inter-district variation are similar across the divisions of Bangladesh. A
unique contribution of this research is that it examines factors influencing inequity for both
tertiary level facilities such as public hospitals and for primary health care. In Bangladesh
the administrative hierarchy becomes more unequal as one moves from the division level to
the mauza level. While some divisions have the optimal number of lower order units nested
in them, some other divisions have too many administrative units under their control. This
affects access and service delivery. The allocation of the health facilities is found not to be
consistent with the homogeneous service areas and the market areas principles as recom-
mended under the principles of urban hierarchy and central place theory. With regard to
access to hospital level services, this research finds that that district-level spatial variation
in the distances traveled to public health facilities, such as hospitals, is influenced by the
size of the districts and the administrative units nested within them. As a result, districts
that are smaller in size have a smaller hospital service area and therefore shorter commuting

distance while communities in larger districts have longer distances to traverse to access the
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nearest hospital. Another factor influencing intra-district variation is also the number of
administrative units that are nested within each district. Therefore, communities that live
in sub-districts that are at the periphery of the district center are likely to have to travel
the most while communities that live in sub-districts that are situated at the core of the ad-
ministrative center are likely to have to commute the least. This research finds that district
hospitals in Bangladesh are situated in the city corporations, hence communities living in
the city corporations had the least distance to commute while further the communities lived
from the city corporation, distanced increased. This has an important implication in terms
of the spatial mismatch problem in the context of Bangladesh because the country small land
size and high population density has resulted into some densely populated urban clusters
even at the periphery of certain districts. As a result densely populated communities living
on the periphery of the district get excluded from government services.

An examination into the relation between the distances to the nearest hospital and service
utilization, this research finds that at shorter distances institutional births were higher while
they declined at longer distances and vice-versa in most cases. However, in some districts
rural-urban differences in the communities masked the influence of distance on service usage.
Among rural and urban clusters, there appeared to be heterogeneity on the influence of
distance on service utilization. Communities in some of the districts showed a lower rate of
institutional births in spite of being located at short distances, suggesting the high population
density in some of the urban clusters that increases the competition for public health services
for the poorer population in the proximity to hospitals.

This research is the first to examine empirically the problem of access for primary health
care services in Bangladesh. While recent debates in the literature have focused on the
problem of urban poor, this dissertation is the first to understand factors driving the spatial
distribution of clinics and assess the mismatch between the supply and demand for primary

health services. This research finds that population is mostly concentrated in urban areas
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whereas clinics are most concentrated in the rural areas, suggesting a mismatch between the
availability of services and the population demand. Across the two regions, rural areas at
the periphery and within the core areas get identified as well served but urban areas are
identified as under-served.

This research has a few policy implications for health policy delivery and provides rec-
ommendations to the Government of Bangladesh that influences intra-regional differences.
Given that population growth is likely to be in the urban areas, an important policy im-
plication of this research is the need for expansion of primary care services in the urban
areas, especially in the city corporations which remain the most densely populated places.
Bangladesh’s high population density in the regions periphery excludes certain population
from hospital service areas. This increases intra-urban disparities. Bangladesh’s topogra-
phy also makes some of the areas away from the city corporation less connected by road
and transportation network. This exacerbates the problem of spatial equity. Therefore,
to improve service utilization indicators such as institutional births in these most deprived
areas, the Government of Bangladesh must improve connectivity and provide free ambu-
lance or transportation services to communities living in the most deprived area. Another
alternative would be to harness the river network and develop a ferry network that connects
communities that are currently excluded from government health services and make these

areas more accessible.

8.1 Limitations and Delimitations

In spite of the usefulness of the findings of this research for policy purposes, this research was
confronted with several limitations. Firstly, while the survey data provided the geolocation
of the communities, displacement of the survey locations limited the scope of spatial analysis.
Secondly, the individual and the community survey questionnaire consisted of several vari-

ables that provided an opportunity to examine spatial access and service utilization within
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the communities. However, the survey data was not a geographic sample and was population
representative at the regional level. Therefore, utmost care was taken to ensure that any
methodology that was chosen for analysis doesn’t violate the data collection procedure for
the survey data. Furthermore, the GIS data that were obtained lacked information on pri-
vate providers and non-profit organizations. Therefore, the analysis was restricted towards
examining government health facilities only. The analysis was limited to distances and could
not account for travel time using multiple modes of transportation. In a densely populated
country like Bangladesh it is possible that even at short distances travel time to a nearby
hospital could be much more in comparison to a hospital that is situated much further away
in a sparsely populated area with good road conditions. Unfortunately, this research could
not take into account differences in travel time due to lack of availability of accurate street
network data. Apart from disparities that differ by travel distance and time to the health
facility, this research did not control for any social and cultural barriers that affect women’s
choice in utilizing health services or even quality of services. However, it was beyond the
scope of this research to address those issues.

A major strength of this research is supplementing the survey data with ancillary GIS
data. While the DHS survey is a standardized questionnaire that is implemented in several
countries, GIS data allowed construction of several additional covariates that were combined
with the survey data. This allowed investigation into the spatial context of the communities
within the sub-districts and examining the effect of covariates at the sub-district level on
overall access and service utilization behavior. Another delimitation of this research is that
the temporal period of the survey data and the field verification of the GIS data were
similar. This made the study less biased. A novel contribution of this research is applying
the prevailing methods in spatial epidemiology to examine the distribution of primary health
care. This is an important contribution, especially in the context of developing countries

where covariate data may not be easily available.
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