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Abstract

Using GIS and Remotely Sensed Data to Map Variabilities in Health and @alth

Outcomes in the Neighborhoods of Accra, Ghana.

With urbanization continuing to be the dominant trend, the number of urban
residents in cities in the developing world is going to dramatically iner@&esr the
coming years. Many of these countries have fragile infrastructuregvatetl capacity to
be able track inequalities that exist within their borders. Accurateabpepping of
health and wealth is required to be able to target areas that require the mtasi@sand
to formulate relevant policies to reduce these inequalities. This is dgp&amin
regards to intra urban inequalities, as large disparities in health and weettmesitare

apparent over small areas and in many cases are spatially adjoining.

Physical landscape characteristics played a large role in urban developme
patterns and continue to be connected to health and wealth patterns. Observations from
fieldwork in the city of Accra, the capital city of Ghana, led to the followiggotheses;
as elevation increased, it appeared that health and wealth indicators improved.
Additionally the further you moved away from water bodies, the more vegetatioaaan a
contained and the less built up an area was, health and wealth indicators also seemed t
improve. All of these landscape characteristics can be measured usiagd3i&notely
sensed data. Thus, using these observations, can the spatial pattern of healthtand weal
be established from a distance in a cost effective manner. If so the rasuits ased by
the Governments of the respective country to formulate policy and direct them at the

areas that need the most assistance.



Results showed that wealth inequalities were more evident at the surfacnigvel
it could be established that inequalities in wealth are significant at theboepod level
and that these can be predicted using landscape characteristics. Howekiereames

seemed to be less clear and inequalities were less apparent.
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Chapter 1: Introduction

In 2001 one billion people, 32 percent of the World’s urban population, lived in
slums and according to demographic estimates this number is expected to double to two
billion people by 2030 or 2040 (Davis, 2004) (Lieberherr-Gardiol, 2006). A large
percentage of this growth will take place in cities in the developing worldidimg) the
city of Accra in Ghana; ‘cities are traditionally engines of socialenadation and
economic growth and in Africa, driven by globalization, this has led to urgeets
urban growth’ (Achankeng, 2003, p. 1). The majority of countries that are developing
have fragile infrastructures and limited resources, which hamper thidly sitrack
urban expansion and to understand variability in health and wealth inequalitiesishat

within their borders.

The large growth in urbanization in the developing world is driven primarily by
rural to urban migration, where people are moving to cities in search of better
opportunities. Sustainable development in Africa requires that future populatior growt
be absorbed by cities, because only in or near cities will there be the kind of erapioy
growth needed to rise and stay above the poverty level. It is cleargithtiraanization
is occurring and along with it the fast deterioration of the urban environteading to
this kind of urban growth phenomenon being more aptly described as ‘ruralization’ than
‘urbanization’ (Bannermann, 2000). The deterioration of the urban environment,
invariable leads to a degradation of living conditions for the majority of urbanessvell

(Bolay, 2006), leading to an increase of slum area and population.



Much of the research on inequality in developing world countries has focused on
the rural-urban divide over large areas. There has been a history of ‘urban bias’ i
development policies (Pugh, 1996), meaning that rural areas are often ignored as the
development push in these countries continues. Rural areas are depicted agithlaces
little opportunity, which leads to outmigration to urban areas in search of better
opportunities. This results in a dwindling population in rural areas and theredere lit
incentive to invest in services and infrastructure. Bannermann (2000) depietethe
that this migration flow is having on urban areas; the huge influx into these areas is
causing a deterioration of the environment, leading to an increase in the ateaf sl
This leads to an increase of inequality, in both wealth and possibly health over vitiry sma

areas, within these cities.

‘The slum question is not marginal to urban development — it is at its very heart’
(Bolay, 2006) and is a crucial element of contemporary urbanization. Projefctions
the United Nations Population Division suggest that world population is going to grow
from approximately 6.9 billion currently to a figure of 9.15 billion by 2050 (United
Nations Population Division, 2009) and by the year 2015 there will be 21 megacities with
more than ten million residents and all but four of these will be in the developing world
(John Hopkins University, 2002). Figures from UN Habitat (UN-HABITAT, 2003) show
that already in Sub-Saharan Africa in 2001, a little over seven city dwellecs ten live
in slums. This not only has significant implications and consequences for theivesn |
but also future generations, especially in regards to health and with theenareas
urbanization, this number is only going to increase dramically over the next fadedec

Drawing on historical evidence of development patterns in the developed world, it is



assumed that slums are the lowest income areas and thus are the areaoitiesite
health outcomes. It is the generalization that slums are inherentlyveetljati began the
debate between’slums of hope’ and ‘slums of despair’ (Lloyd, 1979), with so@atsci
recesearchers citing that the negative conatations linked to the word slum, such as
increased crime rates, social disorder, poor health and poverty, represeotesiders
perspective. Obrist et al (2006) shifted the focus from differentiation to
interconnectedness. ‘Differences between the poorest and richest resideasallearly
exist in any city, but upper-class inner-city areas, industrial zoness sludhlow-income
housing estates often border one another and are interconnected in many wastset(Obr
al 2006, p. 320). Weeks et al (2007) expanded upon this, ‘little attempt has been made to
go beyond a simple slum/non-slum dichotomy, nor to identify slums more quantitatively
than through local reputation’ (Weeks et al 2007). With the prevelance of this slum/non
slum dicotomy and the negative connootations associated with slums, it is often these
areas that become the focus of concern when researching poverty. Sluntsmare of
viewed as the root of many of the problems that face cities in the developimgandrl

are an easy target to which to attribute the blame for these issues. Thsstiha¢dine
majority of policies aimed to improve the urban environment have focussed on slums.
The question of how to handle slums has been highly contested, ranging for slum
clearance in Zimbabwe to handing out title deeds in Peru (Economist, 2003). What is
clear is that ignoring them or undertaking summary evitions and clearanceaicedve

the problem but only moves its location. The reality of the urban environment in the
developing world, as shown by Obrist et al (2006), is that it is far more colupde

inter-connected than the simple classification of slum or non slum. Insteadisiiipon



slums as the hotspots and perpertraters of poverty, it is the whole city thateba to be
considered. This fact combined with the difficulty in defining and delineatisigia’
makes it important to move beyond the slum/non-slum dichotomy. More research is
required that focuses on intra-urban health inequalities in cities of the dexgeboqild,

the reasons for these inequalities and recommendations for how to solve theseedispar

Spatially and timely explicit demographic data is vital for governmernie table
to implement spatially relevant policies at the time that they are neetiede @ata are
not only vital in constructing and implementing everyday policies but also in the event of
a disaster to be able to aid relief and rescue operations. In the publitattand
Methods for Estimating Populations at Risk from Natural Disasters and Complex
Humanitarian Crisesit was highlighted that ‘population data can be used in
development and reconstruction efforts prior to and following a particulas’ crisi
(National Research Council, 2007, p. 1). It was concluded that the lack of good
demographic data is a major barrier to assisting populations at risk and in matigrss
this is exactly the case; more good demographic data is requiredn@d@&esearch
Council, 2007). The main mechanism by which governments collect this data is by using
censuses. In many developed countries these data sets are detailed, upnth date a
reliable. In comparison population data in developing countries can be incomplete,
outdated and unreliable; this can be contributed to the lack of finance, census taking is
expensive, insufficient infrastructure to carry out the census and in someheakek tof
will. A longitudinal data set in also of great benefit, something which is greatyniy

in Africa. ‘Nineteen African countries did not have a census before 1970, and four of



these had their first census in or after the mid-eighties (U.S. Bureau ofrthesC&995)’

(UNEP, 2004).

Current research is ongoing trying to establish a better understandingialf spat
health patterns in cities in the developing world. Harvard University, San Diatgp S
University and The George Washington University are undertaking a projeietcent
Health, Poverty and Place: Modeling Inequalities in Accra using Remote Sensing and
GIS funded by the National Institute of Health (NIH). The overarching aim of this
project is to show how an explicitly spatial approach can improve our knowledge of
health outcomes in cities of developing nations. Data collection was requirddhiisbs
spatial health patterns in Accra and then this data had to be analyzed to undeestand
factors responsible for the patterns discovered; i.e. what causes ‘betastse’ health
outcomes? The intra-urban spatial patterns of health are assumed to beadfloenc
differences among neighborhoods. This could due to the clustering of people wiin simi
individual health risks, or by characteristics of a neighborhood that transcbwiduals,
or a combination of both of these factors. While undertaking field work to define
neighborhood boundaries in Accra as part of the Health, Poverty and Place Rnoj@st, i
observed that there seemed to be a connection between certain physicatisizracif
a neighborhood and the health and wealth of that same neighborhood. For example, as
elevation increased, it appeared that health and wealth indicators improvebrsdigit
the further you moved away from water bodies, the more vegetation an area contained
and the less built up an area was, health and wealth indicators also seemed ta improve
These observations, along with the apparent correlation between population aedsity

built up area, are all landscape characteristics that can be obtainedasspgtial data



and remotely sensed observations. Recent developments in urban remote sensing have
led to the possibility of undertaking detailed urban analysis that can capeaee t

landscape characteristics. Thus the aim of this project is to understandtibagieips
between these physical characteristics and health and wealth indicasach #

connection exists then geospatial and remotely sensed data could be utilized to model
spatial inequalities in health and wealth in cities where such data doesstofegria is

a good place to test this hypothesis as it has good available ancillary tstathe

model.

Figure 1: Teshie Old Town neighborhood, no vegetation and a high prevalemof
built up area. (Left: Dr Ryan Engstrom. Right: Henry Jewell) (David Rain®©)




It was observed that population density seemed to be inversely correlated to
health and wealth outcomes. Azar et al (In Press) have established a ta[atebtseen
built up area and population for large areas in their work in Haiti (Azar, et ale$s)Pr
The same relationship for small intra urban areas has not yet been eslabidhe
something that will be addressed in this project. This is a particular use¢hdadrie
developing world situations as it requiresanpriori knowledge of land cover. Built up
areas ‘are anthropogenic features through which water cannot infitttatie soil, such
as roads, driveways, sidewalks, parking lots, rooftops and so on’ (Weng et al 2008, p.
3209). Built up area is considered a key indicator for analyzing urban growth (Wu, 2009)
and built up area ‘is also considered to be inversely related to vegetation in udsan are
(Weng et al 2008, p. 3210). Weeks et al (2007) concluded that the majority of the worst
slums can be identified from land cover data classified from high-resolutioltsatel
imagery. This was based off the hypothesis that slums will be dominated by a
combination of built up areas and bare soil (walkways and streets) but wibhetglat
little vegetation. ‘Accra is in a moist tropical zone in which vegetation 8bes
naturally, but the crowdedness of the slums, in combination with the need to use wood
for cooking, building homes, and creating furniture, among other things, is hypethesiz
to lead to denuded neighborhoods’ (Weeks, Hill, Stow, Getis, & Fugate, 2007). Weeks et
al (2007) presented that there was a high correlation between the land coves ametri
slum index that they used. The land cover data was able to identify parts oy thbeazi¢
at least six of the ten worst slums are located. This demonstrates thetalétgble to
use remotely sensed and GIS data to identify slums. However, as has b&eady

discussed, there exists a need to move beyond the slum/non slum dichotomies, as slums



are often used as a scapegoat to blame cities health problems on. Moving beyond this
dichotomy will allow a detailed picture of spatial health patterns insami¢he

developing world and hopefully give an insight into why these patterns exist.

Figure 2: Cantonments neighborhood; leafy and wealthy (Henry Jewell©®)

‘Impervious surfaces not only indicate urbanization, but also are major
contributors to the environmental impacts of urbanization’ (Arnold & Gibbons, 1996, p.
243). As established above, an increase in urbanization leads to an increase in built up
area which has dramatic impacts on the hydrologic process that are gruiitinin
urban watersheds. ‘The altered hydrologic regimes in urbanizing watersisettsn

changes in the structure and function of watershed ecosystems and alsa exxdss



runoff, lower groundwater recharge, and nonpoint source pollution’ (Matteo et al 2006, p.
144). All of these processes have detrimental impacts on health by increasing the
chances of flooding, reducing accessibility to clean water and perhapsmpostantly

in the ‘transport of nonpoint source pollutants including pathogens, nutrients, toxic
contaminants and sediment’ (Weng et al 2008, p. 3210). These factors mean that areas of
water in urban environments are usually unsanitary environments due to the large
concentrations of waste that has built up in them. Looking at the historical development

of cities it can be seen that an increase of built up surfaces is assodihtetban

growth and development. Thus the issue is less about the increase in built up surface and
more about how this increase in surface water and runoff is managed. In countries wit

limited capacity, management of these issues can lag behind the rate of urltén grow

It is not just physical processes that lead to the degradation of water bodies but
also human attitudes towards water and the perception that it is a good medium to remove
waste. The ancient Greeks, as well as many other sea faring nationsirideixc
relationships with the sea, with it being perceivethgdace of no return’ and an ‘away-
place’. These terms are used in modern waste management to denote placesoytere
throw things away permanently and thus expect never to deal with them again’
(Lindenlauf, 2003, p. 416} his perception has persisted and developed to encompass
many bodies of water; they were seen as a great place to dump wastgwasre too
vast for a little waste to have a large impact. Historically thistwasin developing
cities all over the globe, until the negative effects of such actions beganealibed.

Now in developed world cities, tight regulations are in place to prevent such dumping of

waste. However, in developing world cities, the institutional framework aadl leg



systems are not developed to a point to make and enforce such legislation to protect the
environment; ‘especially where so much outside money and political influente easi

control the processes; and in which all sides therefore mistrust the acttbaféffcials

and the companies’ (Moran, et al 2009). Thus, water bodies have continued to be used as
dumping sites. This coupled with the open sewage system in Accra, leads to water bodies
being very unsanitary environments to live near. This is mainly due to doadsan

water and the numerous water related diseases that exist, including elnolenalaria.

Figure 3: Drainage Channel in Accra (Henry Jewell©)

High elevation areas are usually the most sought after for development and are

thus the first to be settled. This is for numerous reasons, ranging from thegbréoty



are the least likely to be flooded, to the aesthetic, they have the best viewpamnehee
cool breezes. Elevation played a major role in the development of coloniahdiésst
Africa. The spatial structure of pre independence cities in West Afasabased on a
policy of segregation where separate areas were designed exclémiaionial
officials and other Europeans. ‘Such areas were typically located at hihwedsoking
the residential areas of the ‘natives’ or ‘colonial subjects’, in the pejeraigo of the
time. The term ‘Hill Station’ often used in reference to such areas deroragtieir
location’ (Njoh, 1998, p. 4). This same pattern of development during the colonial era in
Ghana can be seen in Accra and is discussed in more detail in the literature &tlew. *
the advent of independence one would have expected the indigenous authorities to
embark on a course of replacing the anachronistic colonial housing and spatial
development policies with more contextually appropriate ones’ (Njoh, 1998, p. 5).
However for numerous reasons this has not been the case and in many instances these
urban planning policies have actually been maintained or strengthened. Due to this
historical segregation and their sought after nature, high elevations araltyen
wealthier than areas with low elevation in cities in West Africa tha¢enced the
effect of colonization. This wealth and status disparity may cause arsdisparity in
health outcomes as wealth generally increases access to healthdaes se

High elevation areas are also generally healthier environments in whigh,tin
large part due to the concept that everything flows downhill. Simply statedehissm
that all solid and non-solid wastes flow from high to low elevation areas, leading to a
buildup in low elevation areas. As discussed earlier, increased runoff causegaseincr

in the transportation of nonpoint pollutants, which will end up in low elevation areas and



the associated water bodies, such as lagoons and the sea. Waste is a huge priddéem in ¢
in the developing world, with the inability to deal with waste efficientiyiig

detrimental effects on human health and the natural/urban environment. An inadequate
provision of waste management facilities results in the indiscriminate dispus

unsanitary environments and ‘these problems obstruct in no small way the pgsHibilit
sustainable development’ (Boadi & Kuitunen, 2005, p. 36). In many instances in urban
environments, areas of water are unsanitary environments due to the large abanentr

of waste that has built up in them.

The health and wealth indicators that will be used in this project will be taken
from the United Nations Millenium Development Goals (MDGs). The MDGstlere
world's time-bound and quantified targets for addressing extreme povertynanis
dimensions-income poverty, hunger, disease, lack of adequate shelter, and exclusion-
while promoting gender equality, education, and environmental sustainafilNy’
Millennium Project, 2006). These are the targets that have been set to reducetynequali
so what better way to map inequality then using the same indicators. Howe\WwD @

are not a silver bullet to cure all problems.

‘Some see them as a major step forward as they represent aatintaally agreed
agenda for human development, to be realized in partnership between deveaidping a
developed countries based on the principles of shared responsibility arad mut
accountability. Others see the targets as a step sideways béeyussptesent a familiar
agenda that is rather minimal in scope and ambition. Still others seectidaags a step
backwards because issues such as human rights, reproductive healthegpladity,
governance or the role of the private sector are not adequatelyd.oMerther do the
targets adequately address gender equality and environmental suéiginabi
(Vandemoortele, 2005, p. 6)

Another issue with the MDGs is the availability of reliable data to be able to

measure the indicators accurately. This takes us back to the conclusions seheut by



NRC’s Populations at Riskeport, that more accurate demographic and health data are
required. However, even with their limitations, it is generally agreed upothtnDGs
are a step in the right direction to reducing global inequality and they aeattythe

goals that are being worked towards. It is for this reason that the indictbrs project

will be taken from them.

Being able to map inequalities in health and wealth using a combination of GIS
data and satellite imagery can give the relevant authorities powdduhiation in
relation to spatial and temporal patterns in these variables, thus allowirgrtheation
and implementation of relevant policy. It also allows the pattern of urban deveibfmme
be analyzed to determine its relationship with past, present and future health @hd weal
patterns. The physical characteristics that will be investigategl@ration, proximity to
water, percentage vegetation cover and built up area. Is there a sigmficatdtion
between health and wealth indicators and these factors? If so, a model candyedeve
that can delineate variability in health and wealth in regions where goododeraiberial

data is lacking, thus producing the ability to map this variability from artsst



Chapter 2: Literature Review

2.1: Urban Remote SensingWith the global increase in urbanization it is clear that one
of the dominant paradigms in the twenty-first century is going to be ‘urtias’. |

important to understand the dynamic processes that cause urbanization andatie@myri
effects that these processes have on the urban environment. Using remote sensing a
tool, in conjunction with Geographical Information Systems (GIS), isoal gvay of
achieving this aim. Wilkinson (1996) anticipated three ways in which the complegnentar

nature of remote sensing and GIS sensing might develop:

Using remote sensing as a tool to gather data sets for use in GIS

Using GIS data sets as ancillary information to compliment and improve the
results produced by remote sensing.

Using GIS data and remote sensing data together in environmental modeling and

analysis.

These three processes have indeed occurred, however the focus has been in rural
areas rather than in urban areas. Urban areas are examples of wheredtwitias a
have had the most dramatic effect on the environment, and it is for this reason timat ‘urba
analysis perhaps presents the ultimate challenge to remote sensimgsirot land
surface classification’ (Longley, 2002). This is because ‘urban placestooisigide
array of heterogeneous materials with diverse properties and complactiotes’ (Ridd,
1995). Examples of how remote sensing has contributed to urban planning and
management have been actively researched since the mid 1980’s and are extensivel

reviewed in Longley et al (2001). The examples include monitoring urban growth, land



use/cover changes and social/economic and health conditions. Howeverjraitbdr |
technology or funding has acted as restrictions when it came to intedghetinge of

remote sensing into everyday urban planning and management practicesa the |
decade this trend has started to change and Longley (2002) cites improvertieess

key areas that have allowed for the impetus to continued development and improvement

of urban analysis using remotely sensed data:

Progress in Satellite Remote Sensing

‘The origins to urban remote sensing lie in the era of ‘first-generation’ sessots
as Landsat MSS, and were given impetus by ‘second-generation’ (mula$pect
panchromatic) sensors such as Landsat TM and SPOT HRV’ (Longley, 20023%. In thi
project | will be using QuickBird images which have a spatial resolution of 2.tetsne
in multi-spectral and 1 meter in panchromatic. This high-resolution satlitéehas
made it possible to undertake analysis at the much finer scale which is requirbdn
areas (Thomas et al 2003) (Zang & Wang, 2003). There have also been develapments i
data processing, e.g. multisensor and multisource data fusion (Mesev, 1888)q(6et

al 2001) (Zzhang, 2001)

Progress in Image Classification

Better instrumentation is a start to creating better representatioissnotthe
whole solution. The development of decision trees (which | will be using in this project
artificial neural networks (ANN'’s) (Seto & Liu, 2003), fuzzy set methoam(jley,
2002) and object-orientated classifications (Benz et al 2004) (Stow et al 2007) has

played a large role. These techniques are ‘considered to represent improvements over



standard multispectral classifiers, such as the maximum likelihoodtalgpdue to:

less restrictive assumptions about the statistical distribution of the inpriedaanced
ability to generalize on the basis of the patterns presented to the network; aed great
tolerance of noise in the training image data’ (Longley, 2002, p. 234).

‘Decision trees, a type of classification tree, are a non-parametripéndent of the
distribution of class signature) classifier (Huang, et al., 2002), in whithsige binary
splits partition variables into pure terminal nodes that contain a homogenous subset of
the original dataset (Quinlan, 1993)’ (Azar, et al., Unpublished). The ternmodak
produced represent a “pure” pixel that can be separated from all other presgasfea
(Hansen et al 2000). Decision trees will be used in this project as they gelisrete
categories, e.g. impervious or pervious. This is in contrast to regress®wineé

produce a continuous output.

Progress in data modeling and data integration

For remotely sensed data sets ‘to become relevant to the needs of urban
geographers, such classifications must act as a framework that acts nat lyik
structure but also as a nexus of human activity patterns’ (Longley, 2002, p. 235). This
takes us back to the problem of inferring land use from land cover (Batty & Longley,
1994). Urban remote sensing is the meeting place for the social and physitegsc
(Longley, 2002). Using the V-I-S (vegetation-impervious surfaces-soitjen(Ridd,

1995), a detailed picture of urban land cover can be produced. However, ‘while there is
often a relatively direct relationship between land cover types and spetigatance,

the same relationship is seldom true for land use’ (Setiawan, Mathieu, & Thempson



Fawcett, 2006, p. 505) Thus it is vital that these results are then linked to the human
dimension by using ancillary data sources, such as census data (Lon¢2gCd)a

Ridd’s V-I-S (vegetation-impervious surface-soil) model has the objectipmuiding a
‘quantitative method for identifying and exhibiting through remote sensing those
biophysical parameters most significantly expressed in urban ecosygiidd, 1995,

p. 2166). The biophysical parameters described above are impervious surfaces, soil and
vegetation (ignoring water) and are the most fundamental building blocks of the urban
environment. The objective of this model is not to produce a land use map, but
correlations can be drawn between the land cover map produced and the associated land

use.

When using the V-I-S model it is important to define what the impervious
surfaces in the area of study are. This is because impervious surfaces caryave
different spectral signatures, for example a wooden roof and a tin roof, and thfus al
these signatures need to be defined and classed as impervious surfaasanSttal
(2006) used the case study of Yagyakarta, Indonesia to assess the apyplddabg V-I-
S model to map urban land use in the developing world (Setiawan, Mathieu, &
Thompson-Fawcett, 2006). They found that the V-I-S model is a potentially useful model
when undertaking urban remote sensing due to the fact that it is based on the physical
compositions of the urban environment. The study also provides evidence of the potential

applicability of the V-I-S model to other cities in the developing world.



2.2: Accra, Ghana:

Ghana is rapidly urbanizing and its capital, Accra, is one of the fasteshgr
cities in West Africa; with 36.9 percent of the total population of 18,276,000 was urban
in 1997. From 1997-2005 the urban population increased to 41.3 percent of the total
population of 22,144,000, an increase of a little over 2.4 million urban residents (United
Nations Population Information Network, 2005). ‘Accra, the capital city, has a population
of approximately 2.2 million and accounts for about 25 percent of the urban population’
(World Bank, 2001), with 1.65 million of these people living within the Accra
Metropolitan Area (AMA). These population figures above are estimasesl lwen the
2000 census and a more accurate picture will be developed after the 2010 census.
Accounting for the projected growth rate for Accra since these figuees produced, the

current population is estimated to exceed three million people.

Figure 4: Greater Accra Metropolitan Area. Source: (Grant & Yankson, 2003, p.

66)
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It is important to look at the spatial and temporal urban development of Accra
when considering spatial inequalities in health and wealth. Why the o&joped the
way it did is necessary to explain the current situation and will help giveightingo

future development.

In the early 18 century, Accra was little more than a trading post composed of
fishing communities, dominated by the Ga ethnic group, which are still majoemris in
the urban landscape of Accra; Chorkor and Teshie are two such fishing commlinities
was only when the British relocated their colonial headquarters from@zgst to Accra
in 1877 that growth accelerated. Accra was picked for mainly geographic reelsting
to its lack of disease and port location. The city was spatially organized aroyrattthe
which connected Accra to Great Britain. Thus, the central business distrio) (CB
developed adjacent to the port. Accra had no industry prior to the relocation of the Britis
colonial headquarters, therefore the city developed as a ‘warehousetbity’thean a
‘factory city’. Markets sprung up in the surrounding areas and with no planning
framework leading to a crowded and clustered city development. Thelsetsnaere
physically separated from the CBD by a green open area. This segregas a large
factor in the early development of Accra under British colonial rule and it ‘edsur
clearly demarcated areas for European residences near the European @ Bdge) or
at retreats further away on higher elevations, (e.g. Cantonments and Ridtga) &
Yankson, 2003, p. 67). Strict zoning and planning regulations were enforced in these
areas to maintain an orderly European character and ambiance. This shows tiatonly
the high elevations were developed first and for the elite but they were plannedyn a

that allowed for the allocation of green spaces and vegetation. ‘Theltibgats some



of its colonial features-notably, the distinction between a well planned Eurspetaon

and an unplanned indigenous sector where the bulk of the population resides’ (Post &
Obirih-Opapeh, 2003). This is supported by Brand (Brand, 1972), who proved that
European influence; modernization and traditionalism explain spatial organiza

Accra.

Figure 5: Colonial Accra. Source: (Grant & Yankson, 2003, p. 67)
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After independence in 1957, the Nkrumah government promoted Accra as the
center of the Ghanaian state and the foci for growth. This led to large urbah,growt

mainly driven by economic migration; this can be seen in Figure 5. Dinsgeriod



there was an absence of effective government control and land use planning.alttis me
that most vacant sites in Accra were built upon. The only planning that took place was on
state controlled land and in elite residential areas, neglecting thefarextensive

customary lands. This urban growth was increased even further by the introduction of
liberalization policies associated with structural adjustment tha ingslemented in the

early 1980’s. ‘During this time the economic foci of the urban economy have been
shifting away from the old colonial city to a more diffuse spatial orgaonizaiizrant &
Yankson, 2003, p. 65). This was the driving factor behind uneven economic and
residential growth in the city, which occurs independently of spatial planning.

Figure 6: Accra: Expansion of Residential Areas, 1900-1969. Source: (Harvey & Brand,

1974)
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Overall, Accra has experienced tremendous growth with very little planning or

intervention. Using remote sensing to measure Accra’s peri-urban groartkson et al



(2004) depicted a very haphazard growth pattern. This fragmented spatial development
Accra is a result of a planning system unable to meet the growing developmemfeeds
the city. In particular, short-sight planning is to blame for urban sprawleneAtabri,
1996). With the growth in unplanned areas increasing, it is clear that the irstadlat
the necessary infrastructure has not managed to keep pace. This is very important whe
considering the relationship between the environment and health outcomes.

The Ghana Statistical Service delineates several levels of spatiailzatganal
areas within the Accra district: 13 sub-metro areas, which are furthdediinto 43

localities and then into 1,371 Enumeration Areas (EAS).

Figure 7: Map of the Enumeration Areas of Accra used in the 2000 Census (Source:

Ghana Statistical Service)
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2.3: Health and Wealth in the Developing World

It is important to first define what is meant by the term sllihe term ‘slum’
used in the UN-HABITAT report, ‘The Challenge of Slums’, and in the Millennium
Development Goals is in a general context to describe a wide range of low-income
settlements and/or poor human living conditions (UN-HABITAT, 2003).

The term ‘slum’ that is used today is very general and broad in its mgeamd
carries a lot of connotations as well as prejudices with it. It is only tgd¢baat a more
guantitative effort to define slums has begun. The UN-HABITAT report proposes the

following reasons why this process has only just begun:

‘Divergent opinions on what constitutes the key determinates of a slum
Slums are too complex to define according to one single parameter.
Slums are a relative concept and what is considered as a slum in one city will be
regarded as adequate in another city — even in the same country.
Local variations among slums are too wide to define universally applicable
criteria.
Slums change too fast to render any criterion valid for a reasonably long period of
time.
The spatial nature of slums means that the size of particular slum areas is
vulnerable to changes in jurisdiction or spatial’ (UN-HABITAT, 2003).
These points represent the reason why slum areas are very difficuisidyclaut it
is also true that these areas share many similar charactetiisticg these the UN has

attempted to



make an all-encompassing definition; the slum index. However, the diffuitie
defining a slum laid out above combined with the prejudice associated with the term
show that it is important to look beyond the slum/non-slum dichotomy (Weeks, Hill,
Stow, Getis, & Fugate, 2007) and look at individual health and wealth indicators.

One major question that needs to be addressed is the assumption that there is a
linear relationship between health and wealth; as a persons wealth incoedses their
health. However, ‘the relationship between material inequality and healtsuigject of
considerable debate and may depend on how the relationship is defined’ (Carson, 2009,
p. 43). A large part of this debate revolves around the definitions of wealth and imateria
inequality. In many urban settings in the developing world it is hard to measure
someone’s wealth due to the fact that it is not always associated with momesdtty, a
large part of trade is informal and profits are not always in the form of cash. Thi
associated with the fact that in many societies it is taboo to talk about ordtls means
that the process of measuring it is very complex. Carson concludes that thinetee
century health was related to material inequality, which supports the geoecalsion
that inequality has deleterious health effects’ (Carson, 2009, p. 52). This msstibday
but in reality the picture is far more complex than a simple linear relatmribis is
highlighted in the debate about social vulnerability.

‘Social vulnerability is a measure of both the sensitivity of a population to natural
hazards and its ability to respond to and recover from the impacts of hazards’ &utt
Finch, 2008, p. 2301). Cutter argues that race/ethnicity, socio-economic classa@rd gen
are the most common characteristics that define vulnerable populations, i.@ravgérs

low socio-economic class is more vulnerable than someone with a higher smtio-ec



status. However, there a several factors and concepts that act in opposhiendea.

First is the involvement of the international aid community whose focus isaligne

aimed at helping the most vulnerable populations. Second is the concept of so@Ehl ca
which is ‘centered on social relationships and its major elements inclu@é rsetevorks,
civic engagement, norms of reciprocity, and generalized trust. Broadkisgpeais

defined as a collective asset in the form of shared norms, values, beliefsiatwstks,
social relations, and institutions that facilitate cooperation and collestii@n for

mutual benefits’ (Bhandari & Yasunobu, 2009, p. 480). It is generally agreed that social
capital can reduce vulnerability. However, social capital is very difftouduantify and

it is thus hard to establish quantitative data to prove the theory. It is also prdpatsed t
social capital exists in greater quantities in vulnerable populations due to #ssiheof
support, however once again this is hard to quantify and prove. What this does suggest
however, is that the relationship between health, wealth and social vulneralality i
complex one and not a simple linear relationship. Galea et al conclude that lthehea
human populations reflects the interrelationship between underlying vulnerabilitie
(determined by population-level social and economic factors; e.g., incomeutish)

and capacities (determined by population-level salutary resources, daj.capital)’

(Galea et al 2005, p. 2417).



2.4: Neighborhoods and Health

‘The insight that where one lives makes a difference to one’s health is not new
(Kawachi & Berkman, 2003, p. 1), indeed the seminal text on environmental influences
on health isAirs, Water, Placesyhich was written in the fifth century as part of the
Hippocratic medical corpus. Renewed interest in the effect of environmentltnwas
sparked by an increase in urbanization in seventeenth century England along with the
publication of Petty and Graunt\¢atural and Political Observations upon the bills of
Mortality, which was published in 1662 (Macintyre & Ellaway, 2003). In the eighteenth
and nineteenth centuries urbanization was occurring at an ever greatéuedie the
Industrial Revolution. With the mentality of the day being that cities wehealthy
environments in comparison to rural areas. In his 1842 public&amtary Conditions
of the Labouring Poor in Great Britajiedwin Chadwick presented reports showing
‘variations in longevity both among social categories and among areash{iMac
Ellaway, 2003, p. 21). Chadwick also used maps to present his data which related
mortality to the social composition of the different geographical afdéespublic health
movements of this time can be considered the peak of studies linking environment and
health. Since the mid to late nineteenth century basic living conditions have improved
and epidemiologic transition has promoted chronic diseases above infectiousidisease
order of importance; thus moving the area of focus towards the individual and away from
the environment. This is especially true in the post World War Il boom where irtexpuali

were diminishing.

Studies over the last 170 years have described small scale geographidahgariat

in health, however whereas the differences themselves are clear thresreasxplain



them are less so and can be summarized into two categories; compositional and
contextual. ‘If we observe differences in health between places, theserk#srcould

be because of differences in the kinds of people who live in these places (a compositional
explanation), or because of difference between places (a contextual egplanati
(Macintyre & Ellaway, 2003, p. 24). A compositional explanation, the preferred tendency
of geographers, implies that no matter where they live poor people will expgetienc

same death rate. ‘As a hangover of geographical determinism, causaliagagions

shifted from place to individual; differences between places are reduzithiéerences
between the types of people living there’ (Macintyre & Ellaway, 2003, p. 25). Only
recently have contextual explanations begun to be considered and with it the birth of a
‘cross disciplinary dialogue on concepts, methods, and evidence about the influence of
neighborhoods on health’ (Kawachi & Berkman, 2003, p. 1). This has coincided with an
increase in geographic inequalities and rising residential segregationatweesentered a

new age of inequality in which class lines will grow more rigid as theyrapdifeed and
reinforced by a powerful process of geographic concentration’ (Massey, 1996,.p. 395)
New concepts surrounding the issues of neighborhoods and health have been developed
as a result of this renewed interest; such as social capital and colidtitaey, as well

as an expansion of the body of literature surrounding the topic. ‘Social, institutional, and
physical characteristics of neighborhoods are being linked to a varietgltdf behaviors
(Morland et al 2002) (Yen & Kaplan, 1998) (Duncan et al 1999) and outcomes (Ellen et
al 2001) including substance abuse (Fuller et al 2005) (Kadushin et al 1998), asthma
(Wright & Fisher, 2003), cardiovascular disease (Diez Roux A, 2003) (Diez Raiix et

2001),birth outcomes (O’Campo et al 1997) (Matteson et al 1998) (Ponce et al 2005),



respiratory infections (Vliet et al 1997), sexually transmitted dise&sdse( et al 2000),
cancer (Litt et al 2002pnd all-cause mortality (Jackson & Anderson, 2000) (Bosma et al
2001) (Haan et al 1987) (Waitzman & Smith, 1998)’ (Weiss et al 2007, p. 145).

The link between environment, health and neighborhoods has been established,;
however how neighborhoods are defined and delineated is still a contested issue. This
guestion in its basic form is; what constitutes a neighborhood and which of these
characteristics should be used in any particular research project? féhelbwiausly
numerous social, economic, institutional, physical and cultural aspects tovamplage
which make the task of delineating neighborhoods very difficult. Also, ‘neighborhoods
must be identified and delineated in such a way as to optimize quality and avgitdbili
data’ (Weiss, Ompad, Galea, & Vlahov, 2007, p. 154), which in areas where data is
scarce is vital. Weiss et al (2007) ‘utilized a multistep neighborhood defimptocess
including development of census block group maps, review of land use and census tract
data, and field visits and observation in each of the targeted communitiass (&vel
2007).

The Overarching aim of this project is to see if there is any correlativede
physical neighborhood characteristics and the health and wealth indicatioessame
neighborhood. It is important to state that correlations and not causality is thethim of
project. If these physical landscape characteristics are dedealéth health and wealth
outcomes then a model can be defined to map variabilities in these factors. The
dependent variables in this project were the health and wealth indicators. Tharieee
wealth indicators for this project were; unemployment rate, percent afderwho have

achieved at least secondary level education, literacy rate of a@es The one pure



health indicator that was used was the proportion of children who have died compared to
an expected level. Two more indicators that incorporate both health and wealth were
used, these being avergae slum index and population density. The independent variables
used in this project were the pyhsical landscape characteristicenpbuilt up area,

mean elevation, percent vegetation cover and mean distance form water. Useng the

variables the following research questions will be examined;

Can the spatial pattern of female education levels be predicted usingtpmeridte

up area, mean elevation, percent vegetation cover and mean distance fofim water
Can the spatial pattern of literacy be predicted using percent built up aesa, me
elevation, percent vegetation cover and mean distance form water?

Can the spatial pattern of unemployment be predicted using percent built up area,
mean elevation, percent vegetation cover and mean distance form water?

Can the spatial pattern of child mortality be predicted using percent built up area,
mean elevation, percent vegetation cover and mean distance form water?

Can the spatial pattern of slum index be predicted using percent built up area,
mean elevation, percent vegetation cover and mean distance form water?

Can the spatial pattern of population density be predicted using percent built up

area, mean elevation, percent vegetation cover and mean distance form water?

To test these questions the Pearsons product-moment correlation coditient
(hereafter called Pearson’s r.) will be used to look at individual correlaiibes
multiple regressions will be run to establish the predictive power of the independent

variables. These results will then be tested for spatial autocorrelatleméin@l product



will be the best fit model predicting health/wealth outcomes utilizing the dapés

characteristics.



Chapter 3: Data and Preprocessing

For this study the following data sources were used; a 2002 Quickbird
multispectral image with a resolution of 2.4 meters, the 2000 Ghanaian Census, an
Enumeration Area map of the AMA (Figure 6) and 142 digital map tiles, cowtekg
Ghana Statistical Service (GSS), that had been produced in 2002 by the Land Survey o

Ghana.

Figure 8: 2002 Quickbird Image of Accra, Ghana. (Resolution 2.4 meters) Source:

Digital Globe 2002.
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The Quickbird image does not cover the whole of the Accra Metropolitan Area
(AMA). Analyzing data will be done to match the extent of the imagery. Tagarship

between the AMA and the Quickbird image can be seen in Figure 9.

The 2000 Ghanaian census was comprised of individual records for the 1.65
million people that were living in the AMA at that time. The basic analyttmaik for
this project is the Enumeration Area (EA), which is defined by the EA map. Each
individual record is linked to an EA number and thus the records were accumulated using
these identifying characteristics using the statistical softpackage SPSS. When the
records were grouped together using SPSS the relevant statistics @aquined
categories for the health and wealth indicators were applied. Areasctleabutside the
range of the imagery were removed, as where EAs that did not have the re&altint

and wealth data.

The digital map tiles were created by interpreting stereo paial @eotographs
of the entire AMA. These tiles have a scale of 1:2,500, were projected in theflica
Projection and included 7079 geo-referenced elevation points. These elevation points
were derived using photographs from the stereo pair imagery. These tlesratigined
hydrographic information which was used in the production of a hydrographic layer
which will be discussed in more detail later. The files which contained edkbhb digital
map tiles had to be converted to shapefiles so that they could be easily modeled and
displayed in ArcMap. Each tile was re-projected into Universal Transiégssator
(UTM) Zone 30 North, to match the 2002 Quickbird imagery. All maps in this project
will be projected using the same UTM 30 N to ensure spatial continuity éetleta

sets.



Figure 9: EA Map Overlain on the Quickbird Imagery (Jewell, 2010) Source: Digital

Globe 2002, GSS.



Chapter 4: Methodology

4.1: GIS and Remotely Sensed Data

4.1.1: Study Area and Neighborhood Map

Spatial scale is very important when undertaking geographical reseaegfaid r
to determining the research area, how data are collected and how atarslgsis is
undertaken on the data. The first decision is to delineate the boundaries of theesdudy a
The study area for this project is the city of Accra, with the boundary bleiimied as the
district of the Accra Metropolitan Authority (AMA) area. It is importamtnibte that the
responsibility of governance, including health and welfare, of this populationitieshe
AMA and the Accra Regional Directorate of Health. Governance is thus a constant
throughout the area, which will be important when considering variables that impact

health and wealth in the area.

The census data was collected by the Ghana Statistical Service, witigudhe
AMA into 13 sub metro areas, which are further divided into 43 localities and then
further divided again into 1,731 Enumeration Areas (EAs). The EAs (roughly comparable
to census tracts in the US) are the basic spatial building blocks for the censss count
These EAs vary substantially in size and population and are an abstract conteept to t
residents that reside in the AMA. In a city with no street names, abistnaicdaries
created for census taking do not translate to real life situations, i.e. you dik @otai
driver in the city to be taken to EA 1,263 but instead ask to be taken to a landmark or a
neighborhood. As described in the literature review, neighborhoods play a large role in

determining health outcomes as well as validating and ground truthing headirches



For these reasons neighborhoods will be used extensively as a spatial unygé amal

this project.

The first task was to create a neighborhood map of Accra, which was done using
work by Weiss et al (2007) as a template; they ‘utilized a multisteplb@igood
definition process including development of census block group maps, review of land use
and census tract data, and field visits and observation in each of the targeted
communities’ (Weiss, Ompad, Galea, & Vlahov, 2007, p. 154). The first step of the
process was to find maps of the city that could be utilized to help establish trearaine
rough outlines of the neighborhoods of Accra. This task being much more complex than
it would first appear; accurate detailed maps of Accra are not readilgt@eairhe most
useful maps discovered for this task were tourist maps which could be brought on the
street or in local grocery stores, as they contained neighborhood nameswéfrese
scanned and geo-referenced before the EA map was overlain upon them. Thezpnext st
was to aggregate the EAs around the neighborhood names listed on the tourist map. To
create the neighborhood boundaries, natural boundaries such as lines of transportation
(major roadways and railways) and drainage channels were used. Usingdgefuten
prior fieldwork it was also possible to establish an idea of the characten$some
neighborhoods. Thus it was possible to provide an educated guess, based on these
characteristics, at where one neighborhood finished and the next one began. The map
produced from this process was the starting point; however both the neighborhoods and

their boundaries had to be confirmed.

The best way to do this was to undertake extensive fieldwork in Accra, which

occurred over a two week period in May/June 2009. The fieldwork team consisted of Dr



Ryan Engstrom, Dr David Rain and I. The fieldwork included discussions with
government officials and professors at the University of Ghana. These dssussi
allowed us to establish the strengths and weaknesses in the initial map both in the
neighborhood names themselves and their boundaries. The most important element in
correcting and ground truthing the initial map was visiting each neighborhood on foot
and holding informal discussion with local residents; it was discovered that in ¢@accra
city without an address system), locational knowledge is more oral than written.
Residents were very much aware of both the neighborhoods and their boundaries, in
contrast to the fact that maps displaying this knowledge were almost nonexibtent. T
process confirmed the initial thought process that neighborhood boundaries coincided
with natural boundaries and with each neighborhood having a unique set of
characteristics. Using the initial map as a visual tool, residents weréodintlp define
where boundaries existed and if the names of the neighborhoods that were keing use
were correct. Once the final boundaries were agreed upon a neighborhood map was
created by aggregating EA’s that fell within these boundaries. To mehsuaecuracy

of the final map, data from a 2008 Survey of women’s health (hereafter called the 2008
WHS) will be used. This survey was conducted as part of the Health, Poverty amd Plac
in Accra project which was carried out by a collaboration of Harvard Uniye&an

Diego State University and The George Washington University using fundinglfeom t
National Institute of Health (NIH). This survey collected detailed hdatitories of

women in Accra. Each participant was asked the question; what do you callhe are
which you currently live? This question did not explicitly ask which neighborhood the

respondent lived in and therefore some of the answers were more localized and at a



smaller spatial scale, such as street names. It would be an ecoldcglttaundertake
analysis at two different spatial scales and thus answers that weteh@haighborhood
level were removed. This data was then cross referenced with the nembdarhp that
was created in this project to establish its accuracy. These resulthemristudied to see

where the most errors occurred and where future fieldwork could be directed to improve

accuracy.



4.1.2: Built Area and Vegetation Maps

The methodology used to classify built up areas in this project was based on work
by Azar et al which in turn was adapted from ‘methods developed for the Multi-
Resolution Land Characteristics Consortium’s National Land Cover DataliN(Xang,
Huang, Wylie, & Coan, 2003) by the United States Geological Survey’'s (USBEr
for Earth Resources Observation and Sciences (EROS)’ (Azar, et al.s&). RISGS
EROS used a Classification and Regression Tree (CART) approach, whdrarsasl
were used as training sites to train a regression tree to estimateioupeurfaces over
much greater areas. Azar et al adapted this approach by using decisiovhgreassing
high resolution data, the main difference being that decision trees pradisiaete

output compared to the continuous output produced by regression trees.

‘The training, or test data are a key precursor to the production of an accurate
estimate of sub-pixel impervious surfaces over large areas using (/#siRd, Huang,
Wylie, & Coan, 2003)’ (Azar, et al., In Press, p. 6). To create the decisiorr#iead
sites had to be created that classified built up areas. This involved headsgtzipgliof
all built up areas within given training blocks that had been created within the high
resolution image. This means that human error can occur and digitizing did present
certain challenges and dilemmas, such as overhanging trees, wooden roofedsbuilding
being hard to distinguish as well as the meeting place between bare crgmalkst and
built up areas. Individual decisions had to be made at each training site to the fest of t
user’s ability. ‘Multiple bands, transformations, and ratios were used as nizyie
variables to develop the decision tree models’ (Azar, et al., In Press)cimee seen in

Table 1 below. Once the decision tree model had been created using the above



parameters, it was then run using the See5 classifier tool which produced & disire
up area image for the whole Quickbird scene; zero representing pervious and one
representing built up areas. The zonal statistics tool in ArcMap was then usealtéoec

percent built up area map.

Table 1: Individual bands, indices, transformations, and band ratios used in the built up
area classification of the high resolution Quickbird image using decises Beurce:
(Azar, et al., Spatial refinement of census population distribution using remenskyds

estimates of impervious surfaces in Haiti, In Press).
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To test the accuracy of the built up area map, 10,000 points randomly generated
using Hawth’s tools were created and then overlain on the Quickbird scene. Thendecisi
to use 10,000 points as the number of points was based on work by Pesaresi et al (2008)

to calculate a texture-derived built-up presence index. (Pesaresi, @Ghegear &



Kayitakire, 2008) Each point was then individually classified by visual ingpeat
either pervious (zero), or built up (one). Once all of the 10,000 points had beenedassifi
they were compared with the information in the remotely sensed derived buidaup a

map.

The vegetation cover map was produced using the same methodology as the built
up area map above. The decision tree model was developed using the same multiple
bands, transformations and ratios as independent variables outlined in Table 1. Training
sites of areas of vegetation were heads-up digitized within the given areastabistits

were used to create a percent vegetation cover at both the EA and neighborhood level.



Figure 10: Random Points used for Accuracy Assessment of Built Up Area Map (Jewell,

2010)



4.1.3: Digital Elevation Model

The digital record of land elevations was one of the first widely availabiesfof
geographic information and the most common way that this data is displayed is in the
form of a digital elevation model (DEM). A DEM can be defined as a set of elavati
values which are recorded on a regular grid — most commonly in a square form.réhere a

three main sources of errors in DEMS;

1. ‘Those derived from variations in the accuracy, density and distribution’ (Li and
Chen, 1999:203) of the measured source data as determined by the specific
method of data generation;

2. Those derived from the processing and interpolation used to derive the DEM
from source data;

3. Those resulting from the characteristics of the terrain surface beidgl@ad in

relation to the representation of the DEM’ (Fisher & Tate, 2006, p. 472).

With elevation being an important predictor of variability in health and wealth a
DEM of Accra needed to be created. The DEM was created using the 14Pndagita
tiles, courtesy of the Ghana Statistical Service (GSS). The elevatios fs-omteach tile
were merged to form a single shapefile of the 7079 elevation points Heeaa®ga of the

AMA.



Figure 11: Elevation Point Map (Jewell, 2010)

The Spline method was applied to the elevation points. The Spline method is an
interpolation technique that estimates elevation values by using a matafoaiction
that minimizes overall surface curvature. The result being a smooth sididpasses
exactly through the input points. Of the two Spline methods, the tension method was used
as although it creates a slightly less smooth surface it produces valuedasele c
constrained by the sample data range. The resolution of the final DEM, showara Fig
10 is 50 meters. This is a lower resolution than was desired, especially when cbtopare
2.4 meter resolution of the QuickBird multispectral image that the built umatea

vegetation cover maps were created from. Using the available elevation paiitvad



not possible to increase the resolution without increasing errors. More expansive and

widely distributed source data would be required to establish a higher resolution DEM

4.1.4: Proximity to Water Map

The same tiles that were used to create the DEM where also used t@create
hydrographic layer of Accra; the processing of the tiles has alreadydigcussed above.
The hydrographic layer consisted of rivers, streams, lagoons, the ocean]stimsn
marsh, swamps and salt pans. All of these hydrographic features were tged e
create a hydrographic layer for the entire AMA. To establish proximityatena straight

line distance raster was created.



4.2: Census Data

The health and wealth data that will be used in this project will be sourced from
the 2000 census in Ghana which contains microdata that is georeferenced to the EAs.
This data contains age information for each individual record and thus the population can
be split into five year age groups. The indicators used to measure inequialy taken
from the Millenium Development Goals (MDGSs)

MDG 1 aims to eradicate extreme hunger and poverty, with target 2 within this
goal being to achieve full and productive employment and decent work for all, including
women and young people. To look at this target | will use unemployment rate as the
indicator. This is calculated by dividing the number of people that are unemployee by
number in the labor force and then times 100 to reach the percentage of the work forces
that is unemployed. Using the definitions set out by the UN, the labor force peopie
between the ages of 15-64. ‘Unemployment covers all people who, during aesbecifi
reference period, are not employed, are available for work and have takeneeteps
to seek paid employment or self employment in a recent period’ (United Nations, 2003,
p. 95). Due to the informal nature of economics in cities in the developing world any
activity that involves pay, profit or family gain is included as employment. ti@uek0a
on the 2000 census asks this exact question; did (name) work for pay or profit or family
gain? The answer choice was either yes or no. This question was in referéiece to t
seven day period before the census night. Thus these seven days are the specified
reference period that is mentioned in the unemployment definition above.

MDG 2 is to achieve universal primary education and the indicator that will be

used is youth literacy rate. ‘Literacy rate of 15-24 year olds, or yoathdy rate, is the



percentage of the population 15-24 years old who can both read and write with
understanding a short simple statement on everyday life’ (United Nations, 2003, p. 22).
This was calculated by dividing the number of literate people aged 15-24 byaihe tot
number of people in this age group and then multiplying the total by 100. Question 9a on
the census was; in what language can (hame) read and write? The ansves whoe; 1

not literate, 2 English, 3 Ghanaian, 4 English and Ghanaian, 5 other. To find the literacy
rate, categories 2-5 were considered literate.

MDG 3 is to promote gender equality and empower women. To look at this goal
| will use the percentage of men and women above the age of 15 that have adhieved a
least a secondary level education. ‘The indicator of equality of educationalwpport
measured in terms of school enrolment, is a measure of both fairness and gfficienc
(United Nations, 2003, p. 24). Education is a vital part of human development and
reducing gender disparities at all levels of education would lead to the empavtef
women and its associated benefits. The level of female education is also a goatindi
of economic development. Question 9¢ on the 2000 census was; what is the highest level
of schooling (name) attended/attending? The answer choices were; 1 pre-school, 2
primary, 3, middle/JSS, 4 secondary/SSS, 5 voc/tech/commercial, 6 post secondary and 7
tertiary.

MDG 4 is to reduce child mortality. The 2000 census did not include a pregnancy
history and thus a direct measure of child mortality cannot be used. However, eac
women was asked how many children she had ever had born alive and how many of
those children were still alive. ‘These are the basic questions requiredutatalndirect

measures of child mortality using the methods developed originally by 8vasHically



for application to Africa, but now widely used in all setting where census and/oysurve
data are superior in quality to vital statistics data’ (Weeks, et al., Unipetd)ip. 8). The
methodology for this process is described in the United Nations Population Division
Manual X (1983) and is implemented by software developed by the UN Population
Division called MORTPAK. However, this project did not have access to the MBRTP
software and therefore a different approach was needed. Both the direct eaxt indi
methods for calculating child mortality laid out above are aggregatesvaireg data
concerned with the number of live births. Building of work by Weeks et al (2006);
‘another way to approach the data is from the perspective of the mother, in terms of the
proportion of her children who have died relative to what we would expect for a woman
of her age with her number of live births in her region’ (Weeks, et al., Unpublished, p.
12) and this can be used as a surrogate measure for under five mortality. Ve Hubie

the proportion of children that had died is calculated as a z-score (PDz) in order to control
for the two key determinants of exposure, which are age and parity. ‘Thus, each’svoma
score represents her standard distance away from the average of afl imohecra’ (p.

12)

Target 4 under MDG 7 is ‘by 2020, to have achieved a significant improvement in
the lives of at least 100 million slum dwellers’ (United Nations, 2010). UN Hadiat
defined five characteristics when trying to classify slums, thesaeress to water,
access to sanitation, structural quality of housing, overcrowding and sexfuatwre. If
an area lacks one or more of these five characteristics then it is considdued As has
been described above it is important to move beyond a simple slum/non slum dichotomy

due to the difficulty in defining a slum and the variability and inequality that iexizoth



slum and non slum areas. However, creating a slum index will allow for the five
indicators that are used in defining a slum, which are very important when studyin
health and wealth, to be analyzed. Thus the first step is to create a slum index. The
methodology used for this process was established by Weeks et al (2007) andhsdles
below.

1. If the housing unit does not have piped water then sluml =1 (else 0);

2. If there is no toilet and no sewage connection, slum2 = 1 (else 0);

3. If the number of persons per room is >2, slum3 = 1 (else 0);

4. If the building material is less durable, slum 4 =1 (else 0);

5. If the resident is not the owner, slum 5 =1 (else 0);

6. Slum Index for each housing unitjS (sluml....slumb5)

The slum index was then calculated for each EA as the mean value for all the housing
units in the EA. The same process was used to calculate the slum index for each

neighborhood, the mean of all the EAs within its boundaries was calculated.



4.3: Analysis and Statistical Tests

To summarize the literature above the five target health/wealth iodiGatd the
dependent variables for this project were; unemployment rate, percentabé$anino
have achieved at least secondary level education, literacy rate of ages Idp@adijqr
of children who have died compared to an expected level, average slum index and
population density. The independent variables were; percent built up area meaarglevati
percent vegetation cover and mean distance form water. EAs that wenginedy e
covered by the 2002 Quickbird image where removed from the statistical analysis.
Similariy EAs that did not have a complete set of health and wealth data were als
removed. The lack of data in an individual EA was normally attributable to it havg a ver

small population.

4.3.1: Pearson Correlation:Once all of the data had been aggregated for both
the neighborhood and EA level then it could be analysed. The first step was to see if there
was any correlations on an indivudual level between the dependant and independent
variables. To do this the Pearson’s r test was used which measure thé stinehgt
significance of the relationship between two variables. Pearson'smassoth the
variables are measured on at least interval scales and it ‘determieasetiteto which
values of the two variables are "proportional” to each other’ (StatSoft, 201oFear

is calculated using the following equation;

— N Y xy-2(x) ()
JIN Y x2-Y(x2)][N X y2-X 2]

1)



Where:
N = Number of values in each data set

¥ xv = sum of the products of paired scores

X = sum of x scores
y = sum of y scores
X2= sum of squared x scores

y2= sum of squared y scores

Using the statisistical software SPSS, Pearson’s r was calcubatedéh
combination of independent and dependent variables. This would allow the important
variables within certain relationships to be identified and this knowledge could then be
used to build regression models. Only statistically significant at the .@Hilgear
correlations were considered. However the strength of the correlationasaoigective
and no set boundaries will be defined. Each correlation that is of interest will teel plot

on a scatter graph and be further analysed.

4.3.2: Multiple RegressionsMultiple regression is a technique used to model
and analyze multiple variables, in this project it will be used to focus on themslap
between a dependent variable (a health or wealth indicator) and a number of independe
variables (the physical landscape characteristics). Multiplessigres were run using
SPSS to establish to what extent each of the dependent variables wereaaflbg the
independent variables. The first step is to define the conceptual model. This aked

on the following equation;



D= f(l,15,151,) (2)
Where: D = Dependant Variable
{ = Built Up Area
I, = Vegetation Cover
I3 = Mean Elevation
I, = Mean Distance to Water
The dependent variables that will be examined in this project were outlined at the
beginning of this section and each of these will be tested using the equation above.
Building off fieldwork, research and previous studies, which were outlined in the
introduction and literature review, the following hypotheses will be seinémease in
built up area will have the following effects on the dependent variables: aseanethe
percentage of females who achieve at least seondary education, a degoeasent
literacy, an increase in percent unemployed, an increase in proportion of children who
have died compared to an expected level, and an increase in slum index and an increase
in population density. An increase in vegetation cover, elevation and distancedtem
will cause; an increase in the percentage of females who achieve atlmadgary
education, an increase in percent literacy, a desrease in percent unemplogeshsede
proportion of children who have died compared to an expected level, a decrease in slum
index and a decrease in population density.
Now that we have the conceptual model it is time to define the models using the

following equations;

PER FEM = a.+ Bpprpynir + Boervee T Buzaver T Bupanmy T € (3)



PERLIT= a.+ J@pm syt T JBPER vEe T J@MEA."." et IBMEA."." ar T € (4)

PERUN = a.+ Bpgrgunr t+ Ppervee + Bupan er T Bupavy + € (5)
CM = a.+ Bogrpunr + Boervec + Busan 51 + Busawmy + € (6)
SLUM= a.+ Beggpynr + Peer vec T Puean sr + Pusan sy + € (7)
POP KM = a.+ Bpgg gyt + Prervee T Busaves T Busavey T € (8)
Where:

PER FEM = Percent of females who have achieved at least secondapdlssation
PER LIT = Literacy rate of ages 15-24

PER UN = Unemployment rate

CM = Proportion of children who have died compared to an expected level
SLUM = Average slum index

POP KM = Population density (per KM

MEAN EL = Mean elevation

MEAN HY = Mean distance form water

PER BUILT = Percent impervious surface cover

PER VEG = Percent vegetation cover

To run the regression, the stepwise method will be used. Independent variables
are added to the model in a ‘step like’ process and they are only added if fineyam
the final model, otherwise they are excluded. This method gives you the simplisbrequat

with the best predictive power.

4.3.3: Spatial RegressionsSpatial Autocorrelation is the correlation of a variable
with itself through space. This can either be positive, where neighboring ezeasra
alike, negative, where neighboring are unlike each other or random, where tiere is

connection. Tobler’s “first Law of Geography” (Tobler, 1970) highlights thatendl



things are related to each other, the closer they are the more related tmag.deae to

the fact that the study area of the AMA is relatively small, spatial autgation is to be
expected in this project and thus it need to be tested for. This is because on of the
underlying assumption of regression analysis is that the data is randombutist and

it is a violation of classical statistical theory if this is not the ddsang the software
GeoDA, the variables will be tested for spatial autocorrelation (thetextevhich the
occurrence of an event in an areal unit constrains, or makes more probable, the
occurrence of an event in a neighboring areal unit). Weeks et al (2007), encounterd the
same issue and concluded that ‘spatial autocorrelation should be expected and should be
accounted for, rather than being seen as a problem’ (Weeks, Hill, Stow, Getigat,Fu
2007, p. 17). The first step is to run a ordinary least squares (OLS) regression.She OL
estimates by minimizing the sum of squared prediction errors. In conjuction with the
OLS the Moran’s | test is run. This test is applied to the residuals of the

predicted variable. If the residuals of the predicted variable are spatiaticorrelated

then one of the assumptions of OLS is violated and justifies the application of a spatial
regression model. There are two spatial regression models; spatiadi lagadial error.

The aim of these models is to maximise the liklehood that the probable distrilstion f
the data. The spatial lag model introduces a spatial lag term to try arav@rpe model

fit, where as the spatial error model spatially correlates the ermas te try and improve

the model fit. The model that produces the best results will be used. If spatial
autocorrelation still exists than it can be explained by one of the follonwasgms; the
intrinsic nature of the independent variable has a spatial component or thererareer

the measurement of the data.



Chapter 5: Results
5.1: Neighborhood map

The final neighborhood map can be seen in Figure 12. Two of the main fishing
communities that existed before the relocation of British Colonial HeaslgaotAccra
are clearly visable; Chorkor to the south west and Teshie Old Town to the south east. The
hub of the city radiates in a northward direction out from Jamestown, a Ga finishing
community and the iconic center of British colonialism. This core incorporats iraust
areas (South and North Industrial Areas), commercial areas (Yam Mankedle areas
(Korle Bu Hospital) and politcal areas (Victoriaborg and Minis}ri@aitside these
locations there are mainly residential areas, ranging from denséy/aetas locally know
as slums, such as Nima, to high class residential areas, such as Cantonntemtanyvit
variations inbetween. It is interesting to note the close proximity betwesa tine
neighborhoods, which points to the interconnecnectness of urban the urban environment.
The worst health and wealth outcome will be expected to occur in Sodom & Gomorah, an
unregualted slum that has grown on the banks of the Korle Lagoon in close proximity to
the cities core. Once you move outside this radiating core then the neighborhawds bec
newer and less well defined. This will have an effect on the accuracy of theatieln of
these areas.

From the 2008 WHS, 954 respondants provided viable answers that could be
utilized to check the accuracy of the neighborhood map. 631 of these responses were
consistant with the map, giving an overall accuracy of 66.14 percent. One of the main
areas where differences occurred was the north west and eastern séc¢tienSMA.

These areas are relatively portion areas of the city and thus not &stablished than



the central areas. When the fieldwork to create the map was undertaken it wasdbse
that central, older more established areas had very distinct neighborhoods antié¢ine furt
you moved away from this core the more fuzzy the boundaries became. Additibeall
neigborhoods that we spend the most time in where also the ones that we were most

confident about the boundaries

Figure 12: Neighborhood Map of Accra (Jewell, 2010)



5.2: GIS and Remotely Sensed Data
5.2.1: Built Up Area Map

The built up area map clearly depicts densely settled areas of thehmtko€
and Teshie Old Town (described in the neighborhood map) are easily identifighle. It
be seen that settlement along the coast is generally dense. The radi&timgqueitfrom
the core (Jamestown) can be seen and this is reflected in the pattern oddsiground
the core. Some of the most dense areas of settlement are directly northstbJdenaad
include the neighborhoods, Sodom & Gomorah, Korle Dudor, Accra Central, South
Industrial Area, Tudu and Adabraka. Nima and some of the surrounding neighborhoods
are clearly visable on the map, as is Sabon Zongo, a locally know slum to the north west
of Jamestown. From visual inspection, most of the areas that are locally kstmumnas

can be identified.

Table 2: Error Matrix for the Built Area Map derived for the 2002 Quickbird Image

(Jewell, 2010)

Reference Data

Pervious | Impervious Row Total
Pervious 6031 2121 8152
Impervious T s 1837
Column Total 6558 3431 9992

Overall Accuracy = 7314/9992 = 73.5%

Producer's
Accuracy User's Accuracy

Per = 6031/8152 = 74% 26% commission
Per = 6031/6558 = 92% 8% omission error error

Imp = 1310/3431 = 38.1% 61.9% omission Imp = 1310/1837 = 71.3% 28.7%
error commission error




The producer’s accuracy represents the probability of a reference pixel being
correctly classified and is a measure of how well a certain area caasbiiet. The
matrix clearly shows that the chance of a reference pixel that is perviogscberectly
classified is higher than if that same pixel was built up. This shows thabothel mas
under classifying built up areas and this is most likely a product of thenoeesf large
numbers of building that have the roofs made of the same material as the surrounding
area. Thus it is possible to see the shape of the buildings but the reflectaremchfis
not distinguishable and is missed by the classification. The user’'s ac@eagyeasure
of the probability that a pixel classified on the map actually represenhtsatiegory on

the ground. The overall accuracy of the classification was 73.5 percent.

The next step was to undertake a Kappa Analysis, which is a discrete matkivari
technique of use in accuracy assessment. ‘It is a measure of agreeammiracy
between the remote sensing-derived classification map and the reféataes indicated
by a) the major diagonal and b) the chance agreement, which is indicated dy<hrend

column totals’ (Jensen, 2005). Kappa is calculated using the following equation:

Kyar = 9
HAT N2 Z{+1(Xi+ X X+i] ©)

Where N = 9992

T
Zg:l X;i; =(6031+1310) = 7341



2i—1 (i X xy;) = (8152527) + (1837%3431) = 10598851

Therefore Kiar = (9992(7341) — 10598851) / (999210598851) = (73351272 —

10598851) / (99840064 — 10598851) = 62752421/8924171B32 percent

Figure 13: Built Up Area Map (Jewell, 2010)



5.2.2: Vegetation Map

The highest levels of vegetation cover are away from the core of thendite
fringes of the AMA,; the Pambros Salt Ponds to the west, Achimota Forest tortie N
and the less densely settled area to the east surrounding the airport. essingeo
compare the level of vegetation cover in Cantonments which has high vegetation cover
even though it is very close to the core and Nima, which is further from the coresbut ha
very little vegetation cover. In the central core, Korle Bu Hospital ixeeption as it
has relatively high vegetation cover. In a similar fashion to the built up areamap, a

locally know as slums, can be spotted using vegetation cover.

Figure 14: Vegetation Cover Map of Accra (Jewell, 2010)



5.2.3: DEM

The DEM shows that the coastline in Accra is high and steep, thus
reducing the risk presented by a rise in sea level due to global warmingréra the
city around Jamestown is at low elevation compared to the rest of the cisyth&sdense
settlement corridor to the north of Jamestown; it follows a line of low elevatioypo\s
move away from the core relief becomes more variable and areas of higioaleegin
to appear. The neighborhood of Cantonments can be seen to correlate with relafively hi

elevation compared to the surrounding areas.

Figure 15 DEM of Accra (Jewell, 2010)



5.2.4: Proximity to Water Map

The proximity to water map shows that in the core of the city, most of the
areas are close to some form of water body, meaning that these araasatottof
hydrographic features. However, even though variations are small, there are
neighborhoods that on average are in closer proximity to water than others. yt is onl
when you move away for the core that the number of hydrographic features raddces
thus areas with a greater distance to water start to appear. Both tharidBMoximity

to Water map where clipped to the extent of the 2002 Quickbird image

Figure 16: Proximity to Water Map (Jewell, 2010)



5.3: Statistical Results

At the EA level elevation shows weak correlations with literacy rateemdlé
secondary education. Proximity to water shows weak correlations with yitext&s slum
index and secondary female education. The strongest correlations at this level involve
built up area and vegetation cover. Both of these variables are significamtiated
with female education levels, literacy rate and slum index. These comslate
displayed in the scatter graphs above. The unemployment rate and child moeaiby a
correlated with any of the physical landscape characteristics. Dmga#t positive
correlation involving a physical landscape characteristic, wit/i ealue of 0.38, is
between vegetation cover and female secondary education. The strongest negat
correlation involving a physical landscape characteristiof 8.35, is between built up
area and secondary female education. The strongest correlation at the [EA ¢é@e51,
was between secondary female education and average slum index. It is intportdat

that the correlation between built up area and population density hagadmer of 0.24.

When the analysis was undertaken at the neighborhood level, many of the
variables that were correlated at the EA level were once again catrielateith many
of the 7 values increasing when the data were analyzed at the aggregated level; for
example the correlation for vegetation cover and slum index was 0.26 at the EA level
where as it was 0.47 at the neighborhood level. The strongest correlations weenbet
vegetation cover and slum index and vegetation cover and female education levels, 0.47
and 0.45 respectively. Elevation was weakly correlated with literacy TateQr10.
Proximity to water was weakly correlated the proportion of children who have died

compared to an expected levélpf 0.12. The importance of the level of female



education became even more apparent at the neighborhood level. It is stronglyecbrrela
with slum index, T of 0.56, built up area? of 0.39 and vegetation covef,af 0.45.

Whereas at the EA level the relationship between built up area and population density
was relatively weak, at neighborhood level a strong correlation exisfs)158. At both

the EA and neighborhood level a non linear relationship between vegetation and built up

area exists.

Looking at the scatter graphs it is important to study and understand the outliers
When looking at the correlation between built up area and secondary education, two main
outliers are obvious. First is Sodom & Gomorah which has a female education rate of
6.72% and a built up area of 54%. With this value of built up area a higher rate of female
education would be expected. However as discussed earlier, Sodom & Gomorah is an
unregulated slum neighborhood that has grown on the banks of Korle Lagoon. The EA
that covers this area incorporates parts of the lagoon banks that have not yet be built upon
and thus explains the relatively low built up area percentage. The other outier is
neighborhood of Victoriaborg which has 30% built up area and 73.44% female education
levels. Victoriaborg is where the majority of government offices andiali are based,
this could account for the high level of female education levels in relation to built up
area. When looking at literacy rate with any of the independent variables, 8odom
Gomorah is once again an outlier. With a literacy rate of 34% it is way bletaverage
in Accra. It is also important to look at the correlations that were not sigrtlfica
correlated. Percent unemployed was not correlated with any of the phgsatsdape
characteristics. Child Mortality was only weakly correlated with one opliysical

landscape characteristics, proximity to water. Elevation did not have aisyicaty



significantly correlations with the health and wealth indicators. The reasotiete

results will be discussed in the conclusion

With the correlation between slum index and vegetation cover being one of the
strongest, the next step was to break the slum index down into its five original
components, which are outlined in the methodology. The most important factor of these
five seemed to be the presence of a toilet and sewer connection. At the neighborhood
level the f between this and the abundance of vegetation cover was 0.64. The scatter

graph for this relationship can be seen in Figure 37.



5.3.1. Pearson Correlations

Table 3: Pearson Correlation at the EA level (N=1330)

PER PER PER POP MEAN MEAN PER PER
FEM LIT UN CM SLUM KM EL HY BUILT VEG
PER Pearson -
FEM R 0.589 0.189 | 0.095 | -0.714 0.477 0.130 0.170 -0.615 0.595
tsa'ﬁ]eé)z 0.000 | 0.000 | 0.001 0.000 | 0.000 0.000 0.000 0.000 0.000
PER Pearson -
LT R 0.589 0.114 | 0.054 | -0.419 0.346 0.156 0.138 -0.414 0.282
tSaIFI}e(g)z 0.000 | . 0.000 | 0.049 0.000 | 0.000 0.000 0.000 0.000 0.000
PER Pearson = =
UN R 0.189 | 0.114 0.009 -0.128 0.041 0.035 0.011 -0.084 0.096
tsalﬁeél)z 0.000 | 0.000 | . 0.735 0.000 | 0.133 0.204 0.694 0.002 0.000
CM Pearson - -
R 0.095 0.054 0.009 0.000 0.013 0.021 0.016 -0.014 0.060
tsa'ﬁ]eé)z 0.001 | 0.049 | 0.735 | . 0.991 | 0.632 0.452 0.559 0.619 0.030
SLUM Pearson - - -
R 0.714 0.419 0.128 0.000 0.445 -0.041 | -0.152 0.496 -0.506
gﬁeé)z 0.000 0.000 0.000 | 0.991 | . 0.000 0.133 0.000 0.000 0.000
POP Pearson - - - =
KM R 0477 | 0.346 | 0.041 | 0.013 | 9440 -0.020 [ 0.489 .
tsalﬁeé)z 0.000 0.000 0.133 | 0.632 0.000 | . 0.464 0.020 0.000 0.000
MEAN Pearson -
EL R 0.130 0.156 0.035 | 0.021 | -0.041 0.020 0.405 -0.262 0.249
tsalﬁleé)z 0.000 | 0.000 | 0.204 | 0.452 0.133 | 0.464 | . 0.000 0.000 0.000
MEAN Pearson -
HY R 0.170 0.138 0.011 | 0.016 | -0.152 0.064 0.405 -0.114 0.102
tsaﬁleé)z 0.000 0.000 0.694 | 0.559 0.000 | 0.020 0.000 | . 0.000 0.000
PER Pearson - - - =
BULT R 0615 | 0.414 | 0.084 | 0.014 | 0496 | 0489 ) -0262 -0.114 P
tSalﬁeé)z 0.000 0.000 0.002 | 0.619 0.000 | 0.000 0.000 0.000 | . 0.000
PER Pearson =
VEG R 0.595 0.282 0.096 | 0.060 | -0.506 0.421 0.249 0.102 -0.756
tsalﬁeél)z 0.000 | 0.000 | 0.000 | 0.030 0.000 | 0.000 0.000 0.000 0.000




Table 4: Pearson Correlation at the Neighborhood Level (N=80)

PER PER PER POP MEAN | MEAN PER PER
FEM LIT UN CM SLUM KM EL HY BUILT VEG

PER Pearson
FEM R
Sig. (2-
tailed)
PER Pearson
LIT R
Sig. (2-
tailed)
PER Pearson -
UN R 0.191 0.460 0.090
aﬁeg 0.089 0.000 | . 0.428 0.358 0.815 0.120 0.464 0.039 0.351
CM Pearson -
R 0.107 0.071 0.090
gﬁ’ééf' 0347 | 0529 | 0.428 | . 0188 | 0.449 | 0078 | 0001 | 0836| 0.561
SLUM Pearson - -
R -0.749 | -0.401 0.104 | 0.149

tsalf?ed(?_ 0.000 0.000 | 0.358 | 0.188 | . 0.000 0.905 0.078 0.000 0.000

POP Pearson -
KM R -0.642 | -0.309 | 0.027 0.086

tsgﬁled(f 0.000 0.005 | 0.815 | 0.449 0.000 | . 0.467 0.525 0.000 0.000
MEAN Pearson
EL R
Sig. (2-
tailed)
MEAN Pearson
HY R
Sig. (2-
tailed)
PER Pearson =
BULT R e 0232
gﬁed(i 0.000 0.000 | 0.039 | 0.836 0.000 0.000 0.000 0.270 | . 0.000
PER Pearson
VEG R
Sig. (2-
tailed)

0.642 | 0.191 | 0.107 | -0.749 | -0.642 0.153 0.166 -0.628 0.668

0.000 | 0.089 | 0.347 0.000 0.000 0.175 0.141 0.000 0.000

0.642 0.460 | 0.071 | -0.401 | -0.309 0.316 0.227 -0.503 0.320

0.000 | . 0.000 | 0.529 | 0.000 0.005 0.004 0.043 0.000 0.004

-0.104 0.027 0.175 0.083 -0.232 0.106

-0.149 | -0.086 0.198 0.351 0.024 0.066

0.661 0.014 | -0.198 0.568 | -0.683

0.661 -0.082 | -0.072 0.759 | -0.720

0.153 | 0.316 | 0.175 | 0.198 | 0.014 | -0.082 0.429 -0.388 0.297

0.175 0.004 | 0.120 | 0.078 0.905 0.467 | . 0.000 0.000 0.007

0.166 | 0.227 | 0.083 | 0.351 | -0.198 | -0.072 0.429 -0.125 0.127

0.141 0.043 | 0.464 | 0.001 | 0.078 0.525 0.000 | . 0.270 0.260

0.024 | 0.568 0.759 | -0.388 | -0.125 -0.810

0.668 | 0.320 | 0.106 | 0.066 | -0.683 | -0.720 0.297 0.127 -0.810

0.000 0.004 | 0.351 | 0.561 | 0.000 0.000 0.007 0.260 0.000




5.3.2: Scatter Graphs at the EA Level

Figure 17: Built Up Area v Female Education Figure 18: Built Up Area v Literacy Rate
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Figure 19: Built Up Area v Slum Index Figure 20: Vegetation Cover v Female Education
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Figure 21: Vegetation Cover v Slum Index
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Figure 22: Built Up Area v Population Density
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Figure 23: Female Education v Slum Index Figure 24: Built Up Area v Vegetation Cover
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5.3.3: Scatter Graphs at the Neighborhood Level

Figure 25: Built Up Area v Female Education
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Figure 26: Built Up Area v Literacy Rate
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Figure 27: Built Up Area v Slum Index Figure 28: Vegetation Cover v Female Edu.

1.5

1.0

Average Slum Index (0-5)

0 10 20 30 40 50 60 70 80

Built Up (%)

Rsg = 0.3231

80

70

10

Female Secondary Education (%)

Vegetation Cover (%)

Rsq = 0.4463



Figure 29: Vegetation Cover v Literacy Rate Figure 30: Vegetation Cover v Slum Index
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Figure 31: Proximity to Water v Child Mortality Figure 32: Elevation v Literacy Rate
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Figure 33: Female Education v Slum Index  Figure 34: Built Up Area v Pop. Density

3.0

80000

2.51 60000 1

~
—~ E
[Xp) o —_ L|
=20 S 40000
=~ o
= =
) =
E 2
e (5}
S 159 O 200004
oy
w o
() =]
=3 <
© >
@ o
> o
< w0} Rsq=05611 @ ol e o0 % Rsq = 0.5754
0 10 20 30 40 50 60 70 \go 0 10 20 30 40 50 60 70 80
Female Secondary Education (%) Built Up (%)

Figure 35: Population Density v Slum IndexFigure 36: Built Up Area v Vegetation Cover
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Figure 37: Vegetation Cover v The Presence of a Toilet or Sewer Connection (0 = yes, 1

=no)
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5.3.4: Multiple Regressions

5.3.4.1: Female Secondary Education Levels

EA Level

Table 5: Model Summary for Female Secondary Education at EA Level

Adjusted R | Std. Error of
Model R R Square Square the Estimate
1 .615(a) .378 .377 9.98623
2 .646(b) 417 417 9.66707
3 .653(c) 427 425 9.59381
4 .660(d) 435 434 9.52495

a Predictors: (Constant), PER BUILT

b Predictors: (Constant), PER_BUILT, PER VEG

¢ Predictors: (Constant), PER BUILT, PER VEG, MEAN HY

d Predictors: (Constant), PER BUILT, PER VEG, MEAN HY, MEAN EL

Table 6: Coefficients for Female Education at EA Level
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The adjusted?rfor the percentage of females who have attained at least secondary
education at EA level is 0.43, with the proportional abundance of built up areas being the
most important predictor with a small amount of predictive power being added by the
other three independent variables. Three variables were correlated xpé¢ioted
direction. An increase in the percentage of females who attained at $egstnaary
education is associated with a decrease in built up area, an increase itioregever
and an increase in distance from water. Elevation was correlated in thé®gpestion

to what was expected. However the residuals are spatially autocalyreldtea Moran’s



| value of 22.67. When the spatial lag model was applied the ovarateased to 0.63.
The Likelihood Ratio Test of Spatial Lag Dependence was still significaeaning that
the introduction of the spatial lag time improved the model fit but did not make the

spatial effects go away.

Neighborhood Level

Table 7: Model Summary for Female Education at Neighborhood Level

Adjusted R | Std. Error of
Model R R Square Square the Estimate

1 .668(a) 446 439 8.04272
a Predictors: (Constant), PER VEG

Table 8: Coefficients for Female Education at Neighborhood Level

& % %'% $ % %' %
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The adjusted’rfor the percentage of females who have attained at least
secondary education at neighborhood level is 0.44, with the proportional abundance
vegetation being the most important predictor. The correlation is in the expected
direction, an increase in the percentage of females who attained at lecstdasy
education is associated with an increase in vegetation cover. Moran’s | vallebwa
and was not significant at the 0.01 level. Applying the spatial lag model thel o¥era

increased to 0.45.



5.3.4.2: Literacy Rate 15-24

EA Level

Table 9: Model Summary for Literacy Rate at EA Level

Adjusted R | Std. Error of
Model R R Square Square the Estimate
1 A414(a) A71 A71 9.54107
2 .424(b) .180 .78 9.49659
3 .427(c) .182 .180 9.48579

a Predictors: (Constant), PER BUILT
b Predictors: (Constant), PER BUILT, MEAN HY
¢ Predictors: (Constant), PER BUILT, MEAN HY, PER VEG

Table 10: Coefficients for Literacy Rate at EA Level

& % % % $ % % %
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) sl ) ) ) )
=10/ 1) ) 1) 1) )
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The adjusted?rfor the literacy rate of 15-24 year olds at the EA Level is 0.18,
with the proportional abundance of built up areas being the most important predictor with
a small amount of predictive power being added by abundance of vegetation cover and
proximity to water. Two factors are correlated in the direction that waeceed. An
increase in literacy is associated with an increase in the distance ftemawd a
decrease in built up area. However it was expected that an increase in the abohdanc
vegetation would be associated with an increase in literacy rate, but in faatehseris
true. The residuals are spatially autocorrelated, with a Moran’s | valL&X8. When
the spatial error model was applied the ovefatiareased to 0.36. The Likelihood Ratio
Test of Spatial Lag Dependence was still significant, meaning thatttbduction of the

spatial lag time improved the model fit but did not make the spatial effects go awa



Neighborhood Level

Table 11:Model Summary for Literacy Rate at Neighborhood Level

Adjusted R | Std. Error of
Model R R Square Square the Estimate

1 .503(a) .253 .243 7.28653
a Predictors: (Constant), PER BUILT

Table 12: Coefficients for Literacy Rate at Neighborhood Level
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The adjusted?rfor the literacy rate of 15-24 year olds at the neighborhood Level
is 0.24, with the proportional abundance of built up areas being the most important
predictor. The correlation is in the direction that was expected. An incredtsednyl
rates is associated with a decrease in built up area. However the seaiduspatially
autocorrelated, with a Moran’s | value of 1.44. When the spatial lag model was applied
the overall fincreased to 0.29, but the result of the Likelihood Ratio Test of Spatial Lag
Dependence was still significant, 0.1, meaning that the introduction of the taatiahe

improved the model fit but did not make the spatial effects go away.



5.3.4.3: Unemployment Rate

EA Level: The adjusted r square at EA level was very weak, 0.09, and not significant at

the 0.05 level. Thus no more regressions were carried out.

Neighborhood Level

Table 13:Model Summary for Unemployment Rate at Neighborhood Level

Adjusted R | Std. Error of
Model R R Square Square the Estimate

1 .232(a) .054 .042 6.58770
a Predictors: (Constant), PER BUILT

Table 14: Coefficients for Unemployment Rate at Neighborhood Level
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The adjusted?rfor the unemployment rate at the neighborhood Level is 0.042,
with the proportional abundance of built up areas being the most important predictor. The
correlation is in the direction that was expected. An increase in unemployment is
associated with a decrease in built up area. However, this is a very weddtioorsnd

no further analysis will be undertaken.



5.3.4.4: Child Mortality

EA Level: The adjusted r square at EA level was very weak, 0.03, and not significant at

the 0.05 level. Thus no more regressions were carried out

Neighborhood Level

Table 15:Model Summary for Child Mortality at Neighborhood Level

Adjusted R | Std. Error of
Model R R Square Square the Estimate

1 .351(a) 123 112 .09508
a Predictors: (Constant), MEAN HY

Table 16: Coefficients for Child Mortality at Neighborhood Level
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%! (( (( $)
* $%)" *
t ) ) ) )
237 ) ) ) ) )

The adjusted?rfor the proportion of children for a woman who have died relative
to what we would expect for a woman of her age with her number of live births in her
region at the neighborhood Level is 0.12, with the proximity to water being the most
important predictor. However the residuals are spatially autocorrelatéda Woran's |
value of 1.53. When the spatial lag model was applied the overateased to 0.15, the

result of the Likelihood Ratio Test of Spatial Lag Dependence was stifisaqt, 0.2.



5.3.4.5: Slum Index
EA Level

Table 17:Model Summary for Slum Index at EA level

Adjusted R | Std. Error of
Model R R Square Square the Estimate
1 .506(a) .256 .255 46717
2 .535(b) .286 .285 45783
3 .546(c) .298 .296 45422
4 .565(d) .319 317 44753

a Predictors: (Constant), PER VEG

b Predictors: (Constant), PER VEG, PER BUILT

¢ Predictors: (Constant), PER VEG, PER BUILT, MEAN EL

d Predictors: (Constant), PER VEG, PER BUILT, MEAN EL, MEAN HY

Table 18: Coefficients for Slum Index at EA level
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The adjusted?rfor slum index at the EA level is 0.32, with the proportion of
vegetation being the most important predictor, with a small amount of predictive power
being added by built up area, proximity to water and elevation. Three of thes facto
correlated in the direction that was expected. An increase in slum index isgsbaath
an increase in built area, a decrease in vegetation cover and a decredaadgr ths
water. An increase in slum index was thought to be associated with a decrease in
elevation, however the reverse is true. The residuals are spatially agfateckrwith a
Moran’s | value of 25.92. When the spatial lag model was applied the oVématieased

to 0.61. However the result of the Likelihood Ratio Test of Spatial Lag Dependesice wa



significant, meaning that the introduction of the spatial lag time improved the fitodel

but did not make the spatial effects go away.

Neighborhood Level

Table 19:Model Summary for Slum Index at Neighborhood Level

Adjusted R | Std. Error of
Model R R Square Square the Estimate
1 .683(a) 467 460 32246
2 .720(b) 518 .506 .30848
3 .755(c) .569 552 .29355

a Predictors: (Constant), PER VEG
b Predictors: (Constant), PER VEG, MEAN EL
¢ Predictors: (Constant), PER VEG, MEAN EL, MEAN HY

Table 20: Coefficients for Slum Index at Neighborhood Level

& % %'% $ % %'%
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The adjusted?rfor slum index at the neighborhood level is 0.55, with the
proportion of vegetation being the most important predictor with a small amount of
predictive power being added by proximity to water and elevation. Two of the factors
correlated in the direction that was expected. An increase in slum index isgssaath
a decrease in vegetation cover and a decrease in distance to water. Ae incskan
index was thought to be associated with a decrease in elevation, however thegeverse
true. The residuals are spatially autocorrelated, with a Moran’s | valué®f\®hen the

spatial error model was applied the overaihcreased to 0.61. However the result of the



Likelihood Ratio Test of Spatial Lag Dependence was significant, metrahthe
introduction of the spatial lag time improved the model fit but did not make the spatial

effects go away.



5.3.4.6: Population Density
EA Level

Table 21:Model Summary for Population Density at EA Level

Adjusted R | Std. Error of
Model R R Square Square the Estimate
1 .489(a) .239 .239 | 28914.14270
2 .502(b) .252 .251 | 28685.89076
3 .510(c) .260 .258 | 28549.24335
4 .513(d) .263 .261 | 28497.62579

a Predictors: (Constant), PER BUILT

b Predictors: (Constant), PER BUILT, MEAN EL

¢ Predictors: (Constant), PER BUILT, MEAN EL, PER VEG

d Predictors: (Constant), PER BUILT, MEAN EL, PER VEG, MEAN HY

Table 22: Coefficients for Population Density at EA Level
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The adjusted?rfor population density at the EA level is 0.26, with the proportion
of built up area being the most important predictor with a small amount of predictive
power being added by vegetation cover, proximity to water and elevation. Three of the
factors are correlated in the direction that was expected. An increase iatgopul
density is associated with an increase in built area, a decrease in vegeiaér and a
decrease in distance to water. An increase in population density was thought to be
associated with a decrease in elevation, however the reverse is true.idledsese

spatially autocorrelated, with a Moran’s | value of 10.58. When the spatialddel nvas



applied the overalfiincreased to 0.33. However the result of the Likelihood Ratio Test
of Spatial Lag Dependence was significant, meaning that the introductionspfate

lag time improved the model fit but did not make the spatial effects go away.

Neighborhood Level

Table 23:Model Summary for Population Density at Neighborhood Level

Adjusted R | Std. Error of
Model R R Square Square the Estimate
1 .759(a) 575 .570 | 10550.31050
2 .793(b) 628 619 | 9936.68216
3 .811(c) .658 .645 9589.20219

a Predictors: (Constant), PER BUILT
b Predictors: (Constant), PER BUILT, MEAN EL
¢ Predictors: (Constant), PER BUILT, MEAN EL, PER VEG

Table 24: Coefficients for Population Density at Neighborhood Level
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The adjusted?rfor population density at the neighborhood level is 0.65, with the
proportion of built up area being the most important predictor with a small amount of
predictive power being added by vegetation cover and elevation. Two of the faetors a
correlated in the direction that was expected. An increase in population density is
associated with an increase in built area, a decrease in vegetation coverease in

population density was thought to be associated with a decrease in elevation, hiogvever t



reverse is true. The residuals are spatially autocorrelated, with aa'Slokealue of 2.60.

When the spatial error model was applied the overdéareased to 0.61.



Chapter 6: Conclusions and Discussion

The aim of this project was to establish if patterns of health and wealth itgquali
in cities in the developing world could be obtained using geospatial and remotely sense
data. To achieve this aim the following question was addressed; were health Ehd wea
indicators correlated with the physical characteristics of a neighborhded@ata and
results produced from this investigation lead to the conclusion that to a certaintleste

is possible with some qualifications.

Analysis was undertaken at both the EA and neighborhood level to try and
determine which scale was best to undertake analysis of health and wealth dgtaf Ma
the individual correlations were the same but stronger at the neighborhood level.
Aggregating the data into neighborhoods reduces the variance within the data set
(aggregation bias) and is a major factor for the increased correlations.rWimng the
multiple regressions it was found that a stronger predictive model was padcatube
neighborhood level and that the dependent variables were less spatially autiecbrrela
This demonstrates that using neighborhoods as the analytical units for health a@nd weal

surveys in cities in the developing world makes theoretical and practical sens

Mapping neighborhoods is a complex, time consuming process which even when
finished contains some subjectivity. However, it is important that when looking dt healt
and wealth inequalities that a neighborhood map is created, because it iscaethisalt
health and wealth outcomes make the most sense in a real world context. In the proces
of making the map, the most important step was to be able to get out into the fikld, wal
the boundaries between neighborhoods and discuss these with the residents that lived in

the vicinity. Confidence in the boundaries increased with the time that we spent in that



particular neighborhood. It is important to note that some boundaries are more fuid the
others and a neighborhood map created now may not be the same in ten years. This is
especially true in peripheral areas of a city where communitieslateel new and
expansion is continuing. Neighborhoods are also vital in trying to work out the reasons
behind the spatial inequality in health and wealth. In this project | have lookedaolely
the physical landscape characteristics of a neighborhood to see if thegteowith

health and wealth indicators. Further research is required to help understand all the
neighborhood factors that are correlated with these inequalities. Oncestihiedm

achieved then a model with a higher predictive power could be developed to spatially

map disparities in health and wealth.

When looking at which independent variables had the best predictive power it is
important to look at what you are trying to predict. When trying to predict thelspatia
patterns of the unemployment rate, none of the independent variables that were used in
this project were successful to a significant standard. This could be due to thatfact
employment is hard indicator to measure in the informal economy of cites in the
developing world or that unemployment cannot be predicted by the independent variables
that | used. However some of the independent variables where more successful, for
example when trying to predict the spatial patterns of the percentage of wdrndrave
achieved at least secondary education, vegetation had the highest prpdwevef 44
percent. In the case of the percentage of 15-24 year olds who were literatgp boda
had the highest predictive power, 24 percent. The health or wealth indicator thegstvas
predicted by the landscape characteristics was the slum index, whichpgseahof a

combination of factors that affect both health and wealth. The best fit model included



vegetation cover, elevation and proximity to water and had a predictive power of 55

percent.

The main health indicator that was used in this project was a proxy for child
mortality that measured the proportion of children who have died relative to what we
would expect for a woman of her age with her number of live births in her region at the
neighborhood. The only landscape characteristic that was significantly textreléth
this indicator, although at a weak level, was proximity to water. It is appéuent
proximity to water has a larger impact on health outcomes than wealth outihes a
only had correlations with child mortality and slum index. This would agree with the
prediction that water bodies are unsanitary environments to live by. To tebietrig t
further, more reliable health data would be required both for a more direct measure of
mortality under the age of five and other health indicators. Also adding open sewers
the hydrographic layer would be an interesting area of further researa@sasth some
of the most unsanitary water bodies. Unfortunately, the data that would be used to
calculate a direct measure of child mortality was unavailable and théroliat the 2000
census that would be used to calculate an indirect measure of child mortaliptva
reliable enough to use. With further health data the model could be tested furtber may

forming a more definite connection between health indicators and proximity to wate

Better health data would also allow for variability’s in health outcomes @naAc
to be better understood. Wealth inequality is more evident at the surface level and in this
project it has been established that inequalities in wealth are significaet a
neighborhood level and that these can be predicted using landscape characteristics.

However health outcomes seem to be less clear and inequalities were lesstanes



the need for better health data. The reasons for less inequality have not blieleshest

but could include; the activities of Non Governmental Organizations (NGOSs) in the city
and the effects of social capital reducing vulnerability. These are botinveoytant

areas of further research if the spatial wealth patterns in Accra andlett&oping

world cities are to be understood. This information combined with better healthilliata w

give a complete picture of variability in health within the city.

It became apparent while undertaking this project that the ability be abldit spa
map general health of a population is very difficult due to a number of reasons.sFirst, a
mentioned before, is the lack of good reliable health data. Second is the socialaimensi
of health that is very difficult to quantify. Third is that there appears not talb&rate
spatial element to general health due to its subjective nature. To adjust forut@s fut
research should move away from the concept of general health towards pecdie s
approach by looking at individual diseases. Instead of using health indicators as
dependent variables, as in this project, they should be used as independent variables and
then investigated to see what other factors they are correlated with.fatiess could
then be used to map the spatial element of that specific disease. An example doaild be t
geography of tuberculosis (TB). Previous health research has establistiedeaveen
overcrowding an increase in the risk of contracting TB. This project hddisiséal a link
between built up area and population density at the neighborhood level, the next step
would be to look at the link between population density and number of people per room
(data which is available from the 2000 Ghanaian census). If a link exists thempbuilt

area could be one of the factors considered when creating a geography of ifiB. Eve



health issue has its own set of factors and it is for this reason that futuad lspalth

research should be undertaken at the individual disease level.

Elevation did not have a big predictive power for any of the dependant variables.
This could be partly due to the accuracy of the DEM. It has a resolution of 50 meters
comparison to the 2.4 meter resolution of the multispectral Quickbird image. Perhaps
with a more accurate DEM, elevation might still be an important landscapetensta
to consider. To achieve this would require more high quality elevation points that had
been checked for accuracy using differentially corrected GPS point® fidsests would
lead me to a tentative conclusion that elevation is not a good indicator for mappthg heal
and wealth indicators. However until a more accurate DEM is produced to support this
hypothesis, it is not a robust theory. Another issue with accuracy was with thegbuil
area map. To attempt to improve the accuracy of the classification in futuaecheae
grey-level co-occurrence matrix procedure will be undertaken. This produmzesd that
is based off texture and the shape of objects which will hopefully help pick out buildings
with roofs that are made out of the same natural resources that surround them. The
resulting band of which will be added to the decision tree process to help improve

accuracy.

Built up area and vegetation cover were overall the best predictors of the healt
and wealth indicators that were used in this study. Once the accuracgefrihps has
been improved using the grey-level co-occurrence matrix procedure thdikety that
their predictive power will also increase. Proximity to water had weakqtinee power
when it came to health indictors in this project but more health indictors and data are

required to prove this correlation exists at a stronger level.



The three health and wealth indicators that were predicted to the highest level
were percentage of females who attained at least secondary educatiomdax and
literacy rate. Thus it can be concluded that these are good variables ta gdhafte
trying to predict health and wealth inequalities using landscape chastcseiThe level
of female education proved to be very strongly correlated with many of tladhesri
used, both dependant and independent. One of the strongest correlations when
undertaking the Pearson’s r test was between female education and slum indexa This
side note to the project as it was not one of the original aims but it is a fact thdt woul
definitely warrant more research. Are the levels of female education dme wiain
driving factors in development in cities in the developing world? From the resuiis in t
study it appears that this scenario is indeed the case; a strong correlpgioried the
hypothesis that as the level of female education increase the slum index ohé¢harea

decreases.

The model to predict population density at the neighborhood level had the highest
predictive power in the whole project, 65 percent, with built up area having the highest
predictive power in the model. At the EA level there was little correlatiomdsest built
up area and population density but when analyzed at the neighborhood level, a strong
correlation existed. This is important because if built up area can be used ¢ predi
population density then satellite imagery can be used to predict population in hezas w
there is no infrastructure to carry out censuses. Population density waatedmwath
many of the health and wealth factors. Further research could be utilized io Imore
depth at the relationship between population density and health and wealth outcomes. For

example, a general hypothesis would state that as population density increased, the



number of people per room would increase leading to a decrease in health and wealt
indicators. To examine this hypothesis the link between population density and people
per room would have to be examined and then the effects of overcrowding on health and
wealth investigated. This can be linked back into the idea of the geography of TB that
was discussed earlier in the conclusion. One thing that would have to be taken into
account is the three dimensional component of cities. High rise buildings wouldlylitera
add a new dimension to the built up area analysis; in the case of Accra theymoéjorit
residential buildings are low rise and therefore it was not a large factbidqroject.
Predicting population density by using built up areas would allow population density to
be added as an independent variable to a model to help improve its overall predictive

power.
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