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ABSTRACT

Recent Global health reports show a continual vulnerability of large populations to infectious
diseases such as cholera in relation to our environments. Of particular concern is the spatial dis-
tribution of cholera incidences and its associated environmental risks factors. This can be used by
health officials and policy makers to make appropriate planning and resource allocation. Despite
the availability of remotely sensed data in various formats for mapping, few studies have utilized
the technology for mapping the environmental niche of V. cholerae. A key environmental factor
which predisposes persons to cholera infection is sanitation. Two identified important measures
of sanitation in an urban city, Kumasi are proximity to refuse dumps and water reservoirs within
a community. To this end a RapidEye image is exploited to map the potential cholera reservoirs
and compare with digitized reservoirs from a topographic map in spatial analysis. A spatial con-
ditional autoregressive (CAR) modeling was carried out to determine the spatial dependency of
cholera prevalence on (1) proximity to refuse dumps and digitized reservoirs and (2) proximity
to refuse dumps and classified reservoirs from RapidEye image. The results showed that there is
an inverse spatial relationship between cholera prevalence and proximity to both refuse dumps(p-
Value < 0.0001) and classified reservoirs(p-Value < 0.001). The model with digitized reservoirs
was found to be insignificant at & = 0.05 (i.e, p-Value = 0.07). The results of the spatial models
suggests a better fit with the classified reservoirs. Moran’s I analysis showed a significant spatial
association of cholera risk with neighboring communities. Probability and risks maps were also
generated to characterize the spatial patterns of cholera prevalence in the Kumasi Metropolis.
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disease mapping, spatial statistics, remote sensing, cholera, conditional antoregressive modeling, envi-
ronmental factors, GIS
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Chapter 1
Introduction

1.1 MOTIVATION AND PROBLEM STATEMENT

Recent Global health reports show a continual vulnerability of large populations to infectious
diseases in relation to our environments[54, 80]. Governments and international establishments
have extensively recognized the need to improve the well-being of its populations as well as to
undertake prompt preventive and control measures. Infectious diseases are complex to con-
trol and prevent, leading to questions on how best to combat them through novel and creative
solutions[35, 76]. Cholera is an epidemic and infectious disease which is of global and public
health significance, hence the need to recognize and address it accordingly[81].

Cholera is an acute intestinal infection caused by a bacterium (V. cholerae) leading to intesti-
nal infection and diarrhea. Infection is acquired chiefly by intake of contaminated water or
food[16, 38]. Transmission is due to the fecal contamination of food and water as a result of
poor sanitation. The bacterium can live naturally in any environment[52]. Thus, it remains a
global threat especially in countries where access to clean safe drinking water and sufficient sani-
tation cannot be assured. Nearly every developing country faces cholera outbreaks or the risk of
a cholera epidemic[47, 52].

The disease has been a public health burden in Ghana since 1970 when the first case was
reported[61]. Between 1999 and 2005, a total of 26,924 cases and 620 deaths were reported offi-
cially to the World Health Organization (WHO). In addition to human suffering and loss of lives,
a cholera outbreak causes panic, disrupts socio-economic activities and can hinder development
in the affected areas. It is more prevalent in the Kumasi metropolis than other districts within the
Ashanti region of Ghana. Various factors influence this, including overcrowding, urbanization,
proximity and density of refuse dumps, proximity to water sources and poverty[31, 59, 60]. Of
particular concern is the spatial distribution of cholera incidences and its associated risks factors.
This can be used by health officials and policymakers to make appropriate planning and resource
allocation. Also, it will be useful in limiting the severity and duration of an outbreak.

Spatial epidemiology is the study of the spatial distribution of disease incidence and its as-
sociation to potential risk factors[34, 78]. Detail descriptions of spatial epidemiology and its
applications can be found in[34, 62, 68, 78]. Most studies about cholera epidemiology use spatial
statistical methods and geographical information systems (GIS) to map the disease[39, 33, 61, 72].

Satellite images can greatly enhance mapping of the environmental factors associated with
cholera risk. Integrating satellite images, spatial statistics and GIS can provide public health offi-
cials with vital information needed to detect and manage cholera outbreaks. In order to correctly
plan, manage and monitor any public health system, it is important to have up to date, relevant
and complete information available to decision-makers.

Despite the availability of remotely sensed data in various formats for mapping, few studies
have utilized the technology for mapping the environmental niche of V. cholerae. Even though the
environmental variables have been identified[61], there is no map characterizing their distribution
in the Kumasi Metropolis. This thesis focuses on combining field observations on cholera and data
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retrieved on environmental factors by remote sensing such as refuse dumps and water reservoirs.
Spatial statistical methods are used to map the disease.

1.2 RESEARCH IDENTIFICATION

RapidEye AG is a German geospatial information provider focused on assisting in management
decision-making through services based on their remotely sensed imagery. The company owns a
five satellite constellation producing 5 meter resolution imagery. These five identical Earth obser-
vation satellites allows for a continual capture of imagery. Any point on earth can be accessed,
which enables rapid response for crop, environmental and emergency monitoring[64].

Identified environmental variables such as water reservoirs and refuse dumps can be derived
from RapidEye images. Maps of these identified variables and cholera incidence data can be inte-
grated in a GIS and analyzed using spatial statistical tools.

1.2.1 General objective

The main objective is to identify and characterize the spatial distribution of environmental factors
that increase the risk of cholera infection in the Kumasi metropolitan area of Ghana using GIS,
remote sensing and spatial statistical methods.

1.2.2 Specific objectives

1. To map out potential cholera causing factors in the study area from a RapidEye image.

2. Visualize the relations between cholera incidence, water bodies and refuse dumps using a
GIS.

3. Determine the spatial relationship between cholera incidence and potential cholera reser-
voirs and refuse dumps using spatial statistics.

1.2.3 Research questions

1. Which environmental factors relevant to cholera modeling and mapping can be extracted
from a RapidEye image?

2. How can these environmental factors be extracted and what is their quality?

3. How can the derived remote sensing variables be combined with field data to produce maps
of environmental factors?

4. How can maps of cholera risks be visualized in a GIS?

5. Which models are most effective for modeling the effects of environmental risk factors on
cholera?

1.3 OUTLINE OF THESIS

The thesis comprises of seven(7) chapters.

Chapter 1 - Introduction
This chapter contains the motivation and problem statement, research objectives, research
questions and the methodology.
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Chapter 2 - Literature review
This chapter contains literature about cholera, statistical methods for spatial epidemiology,
areal data and applying spatial regression (Conditional autoregressive models) in modelling
areal data.

Chapter 3 - Study area, datasets and data preparation
This chapter consists of the study area, description of data sources and preparation.

Chapter 4 - Research methodology
This chapter describes the methods and and tools applied in the study to produce the out-
come.

Chapter 5 - Results and analysis

Chapter 6 - Discussion

Chapter 7 - Conclusions and Recommendations
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Chapter 2
Literature review

2.1 CHOLERA

Cholera is an acute diarrheal illness caused by a bacterium, Vibrio cholerae (V.cholerae) leading to
intestinal infections[52, 13, 2]. There are numerous environmental strains of Vibrio cholerae,
which are found mainly in brackish waters and marine environments, but only two strains are
responsible for cholera epidemics in humans, serogroups O1 or O139[47, 67]. Cholera mainly
affects the small intestines after ingestion of sufficient dose of the V.cholerae baterium through
water and/or food that is contaminated[47, 48, 67].

Cholera infection may often appear to be mild or even without symptoms, but can sometimes
be severe. Nearly one in 20 (5%) infected persons will have severe disease characterized by lots of
watery diarrhea, vomiting, and leg cramps[69]. For these people, rapid loss of body fluids leads to
dehydration and shock. Without immediate treatment, death can occur within a short time (few
hours). The symptoms typically start suddenly, between one to five days after consumption of
contaminated water or food. The watery diarrhea may have a fishy odor and an infected person
may produce 10 to 20 litres (0.01 to 0.02 m?) of diarrhea a day[69, 82]. Moreover, it causes
intense thirst, loss of skin turgor, wrinkled skin of hands and feet, sunken eyes, pinched facial
expression, thready or absent peripheral pulses, falling blood pressure, and inaudible hypoactive
bowel sounds. If the severe diarrhea and vomiting are not aggressively treated it can, within hours,
result in life-threatening dehydration and electrolyte imbalances[69, 48].

Though the bacterium can live naturally in any environment[52], studies have shown that
V. cholerae exist as natural inhabitants of aquatic ecosystems[42, 67, 21]. They usually occur as
part of flora of streams, riverine, brackish water, estuarine and coastal waters. They attach to
surfaces provided by plants, filamentous green algae, copepods (zooplankton), crustaceans, and
insects[21, 42]. Stagnant water and slow flowing water may also lead to an increasing exposure of
the organism. According to Islam et al.[42], the baterium can survive in almost all kinds of aquatic
environments including fresh water sources such as lakes, ponds, rivers and tanks. Cholera bateria
can also survive in non-aquatic environments such as refuse dump sites, fruits, fresh vegetables,
meat, cooked food[26], human and animal faecal waste, untreated or inadequately treated sewage.

2.1.1 Cholera Transmission
Sources of infection

Contaminated water with free-living V. cholerae cells are the main source of cholera, followed to
a lesser extent by contaminated food[22, 57, 13], particularly seafood likecrab, oysters, and shell-
fish. Bad sanitation practices in highly populated areas harboring the bacteria are the source of
intermittent outbreaks due to contamination of drinking water and/or improper food prepara-
tion. The source of the infection is usually other cholera sufferers when their untreated diarrheal
discharge is allowed to get into waterways or drinking water supplies. Drinking any of the in-
fected water and eating any foods washed in the water, as well as seafoods living in the affected
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waterbodies, can cause a person to contract an infection. The infection is seldom spread directly
from person to person.

Transmission mechanism

There are two routes of cholera transmission namely primary transmission and secondary transmission[61,
20]. According to Osei[61] citing Hartley et al.[36], primary transmission happens through ex-

posure to an environmental reservoir of V.cholerae or contaminated water sources regardless of
previously infected persons or faecal contamination. Therefore, aquatic environments are essen-

tial for the spread of cholera.

Secondary transmission route on the other hand occurs through exposure to fecally contami-
nated water sources, food or infected person. Osei[61] argued that this route reflect a complicated
tranmission pattern, since multiple factors may play a role in the spread of the disease. For in-
stance, faecal-oral transmission is increased by the degree of contamination of water supply as well
as frequency of contacts of these waters[19], which is in turn influenced by local environmental
factors, socioeconomic, demographic as well as sanitation conditions. Both routes are clearly
important and useful to control epidemics.

2.1.2 Factors influencing spread

The cholera germ is passed in the stools of infected persons . It is widely spread by consuming
food or water which has been contaminated by the fecal waste/stools of an infected person. This
happens more often in developing countries. This is so because underdeveloped countries lack
adequate clean water supplies for drinking and proper sewage disposal systems as well as also prac-
tices poor sanitation and poor food hygiene [40, 41, 45, 47]. Once cholera is introduced to a
population in a specific location, numerous complex factors decisively influence its propagation
and may lead to prolonged transmission[70, 18, 45, 41]. Socioeconomic, environmental, demo-
graphic and climatic factors enhances the vulnerability of a population to infection and contribute
to the epidemic spread of cholera[40, 31, 14, 3, 56]. These factors include the following:

1. Poor sanitation

Cholera is hypothesized as a disease of deficient sanitation[2, 41, 45]. The lack of adequate
toiletry, cleaning, washing and drainage facilities results in sickness and increases the risk of
transmission.

2. High poverty and low income level

Borroto and Martinez-Piedra[14] and Talavera and Pérez[73] identified poverty as an im-
portant predictor of cholera. Low income levels result in poor diet, malnutrition, poor
housing facilities and lack of access to education. Typically, the world’s poorest people ob-
tain drinking water from a river/streams or wells; in the absence of toilet facilities or public
sewage systems, people defecate near these rivers and streams allowing human waste to mix
with the same water used for drinking.

3. High migration

This plays a role by introducing cholera into new populations[3, 31]

4. Cooking practices

Light cooking of food which has been contaminated[45]
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5. Overcrowding/high population

High population will lead to overcrowding putting strain on existing sanitation systems,
thereby putting the population at high risk[15, 71, 31, 51].

6. Lack of Clean drinking water

Unsafe water supply/contaminated water will increase the risk of cholera infection[72, 45]

7. Proximity and density of refuse dumps

According to Osei and Duker[59], there is a direct linear relationship between cholera
prevalence and refuse dumps density and an inverse relationship with proximity to refuse
dumps. Two explanations given were (1) high rate of contact with filth breeding flies;they
argued that filth breeding flies serve as a carrier of the V.cholerae from refuse dump sites
where all kinds of human garbage and excreta is disposed to humans and (2) flood water
contamination; in the event of heavy rains, runoff from open spaced refuse dumps serves as
a pathway for the distribution of the bacteria, washing infected excreta into wells, streams
and surface water bodies.

8. Proximity to surface water sources

Close proximity to contaminated drinking water bodies make inhabitants more prevalent
to cholera[3, 72, 60]

9. Climatic conditions

Studies have shown that there is direct correlation between cholera and sea surface temper-
ature, sea surface height, precipitation and chlorophyll concentrations[55, 21, 50].

10. Poor personal hygienic standards

Poor personal hygiene increases cholera propagation within a given environment.

Figure 2.1 is a table of a summary of cholera risk factors taken from Collins et al[20].

2.1.3 The burden of cholera in Ghana

The disease has been a public health burden in Ghana since 1970 when the first case was reported[61].
Between 1999 and 2005, a total of 26,924 cases and 620 deaths were reported officially to the World
Health Organization (WHO). In addition to human suffering and loss of lives, cholera outbreaks
causes panic, disrupt socio-economic activities and can impede development in the affected com-
munities.

2.2 SPATIAL EPIDEMIOLOGY

"Spatial Epidemiology is the description and analysis of the geographic, or spatial, variations in
disease with respect to demographic, environmental, behavioral, socioeconomic, genetic, and in-
fectious risk factors"[24]. The spread of infectious diseases is closely associated with the concepts
of spatial and spatio- temporal proximity, as individuals who are linked in a spatial and a tem-
poral sense are at a higher risk of getting infected[62]. Proximity to environmental risk factors
is therefore important. Thus knowledge of the spatial and temporal variations of diseases and
characterizing its spatial structure is essential for the epidemiologist to understand better the pop-
ulation’s interactions with its environment[61].
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s - Eating -
which increase Contaminated Coastal-based livelihoods
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proliferation of shell fish fish

plankton index
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Source: Collins et al[20]

Figure 2.1: Cholera risk factors

Spatial epidemiology dates back to the 1800s, when maps of disease rates in different countries
began to emerge to characterize the spread and possible causes of outbreaks of infectious diseases
such as yellow fever and cholera[79]. Spatial analysis in the nineteenth and twentieth century
was mostly employed by plotting the observed disease cases or rates. For example, Snow[72]
mapped cholera cases together with the locations of water sources in London, and showed that
contaminated water was the major cause of the disease. Recent advances in technology now allow
not only disease mapping but also the application of spatial statistical methods[23, 44], satellite
derived data[37] and Geographical information systems(GIS)[3, 60].

2.2.1 Framework for spatial analysis

Spatial epidemiology comprises of a wide range of methods. Determining which ones to use can
be challenging[62]. Fig. 2.2 is a diagrammatic representation of a spatial analysis framework
taken from Pfeiffer et. al[62] adapted from Bailey and Gatrell[9]. Pfeiffer et. al[62] identified
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four groups as illustrated in Fig. 2.2 that can be used to define a logical, sequential process for
conducting spatial analysis:

Attribute
data

Feature
data

{

[
‘,( Databases |

Describe

e Visualisation

Y

Analyse
patterns

< Exploration

h 4

Explain or
predict < Modelling
patterns

Statistical analysis

Source: Pfeiffer et. al[62], adapted from Bailey and Gatrell[9]

Figure 2.2: Conceptual framework of spatial epidemiological data analysis

1. Data

"The objectives of spatial epidemiological analysis are the description of spatial patterns,
identification of disease clusters, and explanation or prediction of disease risk"[62]. Cen-
tral to these objectives is the need for data. Geographic data systems include georeferenced
feature data and attributes, be they points or areas. These data are obtained by taking field
surveys, remotely sensed imagery or use of existing data generated either by government or-
ganizations or those closely linked to government such as cadastral, postal, meteorological
or national census statistics and health organizations.

2. GIS and DBMS

Management of the data is performed using GIS and database management systems (DBMS),
and is of relevance throughout the various phases of spatial data analysis. GIS provide a plat-
form for managing these data, computing spatial relationships such as proximity to source
of infection, connectivity and directional relationships between spatial units, and visualiz-
ing both the raw data and results from spatial analysis within a cartographic context[62].

3. Visualization and exploration

Visualization and exploration cover techniques that focus solely on examining the spatial
dimension of the data. Visualization tools are used resulting in maps that describe spatial
patterns and which are useful for both stimulating more complex analyses and for commu-
nicating the results of such analyses. Exploration of spatial data involves the use of statistical
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methods to determine whether observed patterns are random in space. However there is
some overlap between visualization and exploration, since meaningful visual presentation
will require the use of quantitative analytical methods[53].

4. Modeling

Analytical procedures that simulates real-world conditions within a GIS using the spatial
relationships of geographic features. Modeling introduces the concept of cause-effect re-
lationships using both spatial and non-spatial data sources to explain or predict spatial
patterns[62].

However, this is not a linear process, as presenting the results from exploration and modeling
requires a return to visualization.

2.2.2 Statistical methods for spatial epidemiology

There exist various epidemiological inquiry which include disease mapping, geographic correla-
tion studies and clustering/cluster detection.

Disease mapping

Disease mapping provide information on a measure of disease occurrence across a geographic
space. Disease maps are able to provide us a rapid visual summary of complex geographic infor-
mation. These maps may also identify subtle patterns in epidemic/health data that are sometimes
missed in tabular presentations[24]. The aims of disease mapping include:

e Simple description by showing or displaying a visual summary of geographical risk for
example, the map of Snow[72] in fig. 2.3.

® Hypothesis generation by giving clues to causes of diseases and or factors that influence
spread by informal examination of maps with exposure maps, components of spatial versus
non-spatial residual variability may also provide clues to source of variability. The formal
examination is carried out via spatial regression.

® Provide estimates of risk by area to inform public health resource allocation.

¢ Estimation of background variability in underlying risk in order to place epidemiological
studies in context.

Geographic correlation studies

The objective of geographic correlation studies is to examine geographic disparities across inhab-
itants in an exposure to environmental variables which may be measured in air, water, or soil,
socioeconomic and demographic measures such as race and income, or lifestyle factors such as
smoking and diet in relation to health outcomes measured on a geographic scale[24]. Correlation
studies also aims at:

® Examination of the association between disease outcome and explanatory variables, in a
spatial setting, using regression models.

* Conventional modeling approaches such as logistic regression for point data, and loglinear
models for count data.

® the examination of risk with respect to a specific point or line putative source of pollution.
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¢ For count data, disease mapping models can be extended to incorporate a regression com-
ponent.

Correlation studies deals with the association between disease risk and exposures of interest. we
examine the association between risk and exposures at the area level via ecological regression using
Poisson regression as a framework for areal data and logistic regression for point data.

Clustering/Cluster detection

Clustering examines tendency for disease risk to exhibit "clumpiness", while the Cluster detec-
tion refers to on-line surveillance or retrospective analysis, to reveal "hot spots". The aim is to
investigate disease clusters and disease incidence near a point source[46].

2.2.3 Spatial epidemiology of cholera

John Snow was the first to map cholera[72]. In his study, Snow was able to assess the spatial
pattern of cholera cases in relation to potential risk factors, in this instance the locations of water
pumps. He furthermore made a solid use of statistics to demonstrate the connection between the
quality of the source of water and cholera incidence and used a dot map to illustrate how cases of
cholera clustered around the Broad Street water pump in London (See fig. 2.3).

After Snow’s work, some epidemiological studies on cholera have focused on pathogenesis and
biological characteristics of V.Cholerae[32, 67]. These studies have been useful, in understanding
the environments that are most suitable for the bacteria.

To be able to identify and map environmental factors that impact risk of cholera, spatial epi-
demiological tools have to be applied in cholera studies. Understanding the spatial relationship
between cholera and environmental risk factors have been a challenge for long. Recent stud-
ies have used GIS based and statistical methods in mapping the disease[3, 60, 25, 29]. Osei and
Duker[59] mapped locations of all an environmental risk factor (refuse dumps) using a Global
Positioning System (GPS) in Kumasi, Ghana. They created two spatial factor maps using GIS
and spatial analysis, a spatial distance surface showing proximity of distances from community
to refuse dumps and a kernel density surface showing the number of refuse dumps per density
area. Two spatial covariates were derived and used as explanatory variables in spatial regression
model to relate cholera incidence to refuse dumps in Kumasi. In a related study, Osei et. al[60],
potential cholera reservoirs (rivers and streams) and elevation were digitized from a topographic
map. Spatial distance factor maps of nearest reservoirs to communities were created and used as
covariates in spatial regression modeling.

2.3 AREAL DATA AND SPATIAL AUTOCORRELATION

Area data are observations associated with a fixed number of areal units. The areas may form
a regular lattice, as with remotely sensed images, or be a set of irregular areas or zones, such as
countries, districts and census zones[27]. Data about individuals are often available only at an
aggregated areal level in order to protect personal information. For example, average income
levels for census tracts are readily available, but the income of an individual person in that census
tract is usually not available. Similarly, the total number of people with cholera in a health service
area might be known, but not each person’s individual location within that area.

Spatial autocorrelation statistics are used to measure and analyze the degree of spatial corre-
lation/dependency among observations in a geographic space[28]. The principle underlying the
analysis of spatial data is the proposition that values of a variable in near-by locations are more
similar or related than values in locations that are far apart. This inverse relation between value
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Figure 2.3: John Snow’s 1854 cholera-outbreak map of London (deaths shown as dots, water
pumps as crosses)

association and distance is summarised by Tobler’s first law that "everything is related to everything
else, but near things are more related than distant things"[74].

2.3.1 Spatial weights and neighborhoods

An important aspect of defining spatial association is the determination of the relevant neighbor-
hood of a given area, that is, those areal units surrounding a given data point (area) that would
be considered to influence the observation at that data point. This is a necessary step in using
areal data[27]. These neighboring areas are spatial units that interact in a meaningful way. This
interaction could relate, for example, to spatial spillovers and externalities[46].

Spatial autocorrelation measures require a weights matrix that defines a local neighborhood
around each geographic area/unit[5]. The value at each areal unit is compared with the weighted
average of the values of its neighbors. A weighting system is chosen and assigned to the neighbor-
hoods. Weights can be constructed based on either contiguity to the polygon boundary (shape)
files, or calculated from the distance between points (points in a point shape file or centroids
of polygons)[12, 78, 5]. The weights are usually row-standardized to ensure that the row mem-
bers for each observation sum to 1, with zero on the diagonal and some non-zero off-diagonal
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elements. The formula for each weight is:

Wi5 = (2.1)
ey
With
C,‘j =1
when i is linked to j, otherwise
Cij =0

The spatial weights reflects the strength of the geographic relationship between observations
in a neighborhood, e.g., the distances between neighbors, the lengths of shared border, or whether
they fall into a specified directional class such as "North".

2.3.2 Spatial autocorrelation test

Spatial autocorrelation statistics include Global Moran’s I and Local Moran’s I (LISA). These
measures compare the spatial weights to the covariance relationship at pairs of locations. A spa-
tial autocorrelation value observed to be positive than expected from random shows there is clus-
tering of similar values across geographic space, while significant negative spatial autocorrelation
indicates that neighboring values are more dissimilar than expected by random, suggesting there
is a spatial pattern similar to that of a chess board[5].

2.3.3 Global Moran’s /

Moran statistics are one class of measures of spatial autocorrelation. Global autocorrelation statis-
tics provide a single measure of spatial autocorrelation for an attribute in a region as a whole[5].

___ N o iy Wi (yi —9)(y; — )
2i 25 Wij > (i —y)?

where there are NV units, the attribute value for each unit 7 is y;, and W;; is the weight (or con-

nectivity) for units ¢ and j. The locational information for this formula is found in the weights.

Therefore, for non-neighboring tracts, the weight is zero, so these are not used in the calculation
of correlation. The expected value of Moran’s I is

1

2.2)

-1

PO

(2.3)
A Moran I of +1 indicates strong positive spatial autocorrelation (i.e., clustering of similar values),
0 indicates random spatial ordering, and -1 indicates strong negative spatial autocorrelation (i.e., a
checkerboard pattern)[4].

2.3.4 Local indicators of spatial autocorrelation(LISA)

Local spatial autocorrelation statistics provide a measure, for each unit in the region, of the unit’s
tendency to have an attribute value that is correlated with values in nearby areas.

Ii =2y wijz 2:4)
J

Where z; andz; are standardized scores of attribute values for unit ¢ and j, and j is among
the identified neighbors of ¢ according to the weights matrix w;;. The local spatial autocorrela-
tion analysis is based on LISA statistics and computes a measure of spatial association for each
individual location[4].
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2.4 MODELING AREAL DATA

Analysing public health data involve disease counts, proportions, or rates. These counts or rates
are not continuous like the continuous outcomes familiar in linear regression. Whereas large
counts or rates may roughly follow the assumptions of linear models, spatial analyses often focus
on counts from small areas with relatively few subjects at risk and few cases expected during the
study period. Such instances require models appropriate for count or rate outcome[27].

Modeling spatial interactions that arise in spatially referenced data is commonly done by in-
corporating the spatial dependence into the covariance structure either explicitly or implicitly
via an autoregressive model. In the case of lattice (areal) data, two common autoregressive models
used are the conditional autoregressive model (CAR) and the simultaneously autoregressive model
(SAR). Both of these models produce spatial dependence in the covariance structure as a function
of a neighbor matrix, W and often a fixed unknown spatial correlation parameter[78, 77].

2.4.1 Spatial regression models

Spatial regression models are statistical models that account for the presence of spatial effects, i.e.,
spatial autocorrelation or spatial dependence and/or spatial heterogeneity. This is not the case
with the standard linear regression model[7]. The standard linear regression using least squares
(OLS) is used to find a linear relationship between a dependent variable and a set of explanatory
variables. It is written in vector form as

y=XpB+¢ (2.5)
where e ~ N (0,02 I') which can be written as:
y~ N(XB,0%1) (2.6)

But with spatial data, the assumption that the error terms are independent and normally dis-
tributed may not hold. For spatial regression, the error terms are assumed to be correlated. More-
over it includes spatial dependency in regression analysis, in which case a general model adopted
1s[30]:

y~ N(XB,A) 2.7)

where A is a positive definite symmetric covariance matrix which allows non-zero covariances
amongst the error terms. Now, A is chosen so that elements of y that are closer to each other in
space also have higher covariance. Denoting X 3 as p, (2.6) can be simplified as:

y~ N(p,A) (2.8)

This represents a generic assumption for spatial regression models. Two ways in which such
models are specified are the conditional autoregressive(CAR) and the simultaneous autoregres-
sive (SAR) models. These Spatial autoregressive models were developed primarily for use with
geographically aggregated spatial data where measurements could be taken at any location in the
study area in contrast to the geostatistical models developed for spatially continuous data[78].

2.4.2 Conditional autoregressive (CAR) models

The primary purpose of CAR models is to provide a modeling mechanism to account for residual
spatial correlation i.e., spatial trends not explained by spatial patterns in covariate values [78]. For
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CAR models, the y-variable is assumed to be dependent not only on explanatory z-variables but
also on other nearby y-variables. The model is specified as

vil{yj :7 i} ~ N (i + Joicij(yi — ), A%) (2.9)

That is, the distribution of y; conditional on all the other y-values is normal. The distribution is
expressed in terms of y; — p;, the difference between the observed y; and the expected value of y;
obtained when considering the z-variables. Some restrictions are imposed on the spatial weight
values, the ¢;; values. First, ¢;;=cj; and second,c;; = 0. The former restriction means the weights
must be symmetrical; the latter restriction simply means that the conditional distribution of y;
cannot depend on y; itself - only on other y-values. Typically, the ¢;js are chosen to reflect the
spatial structure of the data. If the data are associated with a set of zones, then ¢;; might be defined
as 1 if zones i and j are contiguous, and 0 otherwise. For point data, ¢;; might be defined as a
continuous function of distance such as k:di_ja where av =1 or 2 and d;; is the distance between
points 7 and j (assuming that there are no coincident points). This latter scheme could also be
applied to zonal/area data using distances between zone centroids.
Equation (2.9) can be rewritten as:

y~ N(p,(I-C)"'N) (2.10)
where A\? is the conditional variance, and the variance-covariance matrix C' = ¢;;, from which it
can be seen that, restricting ¢;; = ¢;; stops the matrix I — C' from becoming ill-defined.

2.4.3 Simultaneous autoregressive (SAR) models
A simultaneous autoregressive model can be defined as
y~ N (i + To1bii(yi — 1), 7°) (2.11)

This differs from the CAR model because the distribution of ¥; is not conditional. In this case the
marginal distributions for all the y;s are specified as a system of simultaneous equations. Again,
the restriction on the spatial weights that b;;= 0 is imposed but there is no longer a symmetry
constraint on the weight matrix. Equation (2.11) can also be re-written as;

y~ N(ur*(I-B)""(I-B")™) (2.12)

similarly to equation (2.10), B = b;;

Differences between SAR and CAR

The structure of B and C is usually specified by the shape of the lattice. One common way to
construct B or C' is with a single parameter that scales a user defined neighborhood matrix W
that indicates whether the regions are neighbors or not as described in Equation (2.1). Thus, for
the SAR model B = MW and for the CAR model C' = AW where \; and ). are often referred

to as "spatial correlation or spatial dependence" parameters and are left to be estimated.

® Marginal variances differ, even if A\, = A, all variances are location independent and are the
same.

¢ The CAR model with constant variance requires that the matrix W is symmetric
e OLS is inconsistent for the SAR model

For this study, the CAR model was considered and used.
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Chapter 3
Study area, datasets and data preparation

3.1 THE STUDY AREA

The study area is the Kumasi metropolitan, which is the second largest urban center of Ghana.
Kumasi metropolis is one of 18 districts and capital of the Ashanti Region (See Figure 3.1). Ashanti
Region is centrally located in the middle belt of Ghana. The metropolis lies at the intersection
of latitude 6.04°N and longitude 1.28°W, covering an area of about 220km?[31, 83]. According
to Osei and Duker[31], Kumasi has a population of about 1.2 million which accounts for just
under a third (i.e. 32.4%) of Ahanti’s region population. The metropolis is subdivided in com-
munities. Unfortunately, these communities have no established boundaries. For this study, 68
communities were used.

There are two major seasons, the rainy and dry season. The rainfall pattern is bimodal with
long rainy season from April to July, sometimes with peaks in May/June and a short season
September and Mid-November[60]. As described by Osei[61], approximately 82% of the inhab-
itants in Kumasi have access to portable, pipe-borne water, however surface water from rivers
and streams is still used largely for cooking, bathing and washing utensils due to rampant water
shortages. According to Osei et al.[60], the coverage rate of safe house-to-house collection of
solid waste is very low as such a greater proportion of household, approximately 81.2%, dispose
of solid waste at open space refuse dumps[59]. Furthermore, most demarcated areas for public
sanitation and waste disposal facilities have been sold out due to high demand for land compelling
inhabitants to defecate at open space refuse dumps[61].
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Figure 3.1: Regional map of Ghana(left) and Kumasi(right)
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3.2 DATASETS

3.2.1 Cholera data

The cholera data was obtained from Osei[61]. The data was collected from the Kumasi Metropoli-
tan Disease Control Unit (DCU) in the year 2005 during which there were severe outbreaks of
cholera in Kumasi, Ghana. According to Osei and Duker[59], the outbreak lasted for 72 days,
which was within the rainy season. The data consist of number of reported cases per community
(spatial unit for reporting). Each community is represented as point shapefile feature with X, Y
coordinates in meters and has number of cholera cases reported in 2005, population estimates
for 2005 and Raw rates as attributes. The population estimates, obtained from the Ghana Statis-
tical service(GSS), were used in calculating the raw rates. Raw rates were calculated as number
of cholera cases in each community divided by the estimated population in 2005 and rescaled by
multiplying it by a factor of 10,000 to express the raw rates as per 10,000 people more intuitively.
This study utilized only cholera cases reported during the 2005 outbreak.

3.2.2 Refuse dumps data

The composition of waste in Kumasi is predominantly made of biodegradable(organic) materials
and a high percentage of inert materials as well as small amounts of paper,plastic and metals[8].
The inert material is mostly made of wood ash, sand and charcoal. Solid waste management is
contracted to a number of private companies by the Waste Management Department in Kumasi
(WMD). The collection system of the waste management in the metropolis is based on two sys-
tems which are house-to-house waste collection and communal solid waste collection[75, 85]. The
communal waste collection system consists of containers placed throughout the city (See Figure
3.2). The containers are being emptied by waste collection companies and transported to landfill
sites located in the outskirts of the metropolis in a regular basis.

Source: Wikner[85]

Figure 3.2: A communal waste container, at KNUST Kentinkrono, Kumasi.
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With house-to-house waste collection, the waste is collected at the yard or door at the house-
holds. At least 5 out of 10 household dispose of their waste right besides their houses, instead of
finding the nearest waste dump[59]. Waste that is not being collected is being indiscriminately
dumped in rivers ( See Figure 3.3) and gutters/drains as shown in (Figure 3.4) or burned.

Source: Wikner[85]
Figure 3.3: Solid waste dumped in a river

Source: Wikner[85]
Figure 3.4: Solid waste dumped in a gutter

The refuse dumps data were obtained from Osei and Duker[59]. The data was collected
in a field survey in 2005 using a Global Positioning System(GPS). A total of 124 refuse dumps
were mapped. The refuse dumps data consist of only point shapefiles showing only the X and Y
coordinates in meters.
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3.2.3 Rivers data

Included in the data obtained from Osei[61] is a layer of stream segments which were digitized
from a topographic map in 2005.

3.2.4 RapidEye image data

This research made use of a RapidEye sensor. The RapidEye sensor which captured the data used
for classification of the potential cholera reservoirs is briefly described in the section below.

RapidEye sensor and image capture

RapidEye AG is a German geospatial information provider focused on assisting in management
decision-making through services based on their own Earth observation imagery. RapidEye has
five satellite constellation producing 5 meter resolution imagery that was designed and imple-
mented by MacDonald Dettwiler (MDA) of Richmond, Canada. Each of the five satellites contain
identical sensors, equally calibrated and travel on the same orbital plane (at an altitude of 630km).
Together, the 5 satellites are capable of collecting over 4 million km? of 5 m resolution, 5-band
color imagery every day[66, 84]. A summary of the image specification is shown in Table 3.1.

Table 3.1 RapidEye product specifications
Source: RapidEye[65]

Digital Data Product | Information
Specifications
Spectral Bands Capable of capturing any subset of
the following spectral bands:
Blue 440-510 nm
Green 520-590 nm
Red 630 - 685 nm
Red Edge 690 -730 nm
NIR 760 - 850 nm
Ground sampling 6.5 m
distance (nadir)
Pixel size 5m
(orthorectified)
Swath Width 77 km
On board data storage | 1500 km of image data per orbit
Equator crossing time | 11:00 am (approximately)

RapidEye image data of study area

Four image tiles covering the study area captured on 9th November 2009 were acquired. These
images were RapidEye ortho-Level 3A specification. Level 3A offers the highest level of process-
ing available. Hence, radiometric, sensor and geometric corrections have been applied to the data.
It is a 16 bit data and consist of an image file, a metadata file, a browse image file and Unusable
Data Mask(UDM) file. It has a UTM projection and WGS84 Horizontal datum system. The im-
ages were first mosaicked into one large image using ERDAS Imagine 2011 and the study area of
interest subsetted from the larger image. A subset of the image is shown in Figure 3.5.
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Figure 3.5: True colour subset of RapidEye image

3.3 DATA PREPARATION

The shapefiles for open space refuse dumps, community centroids and rivers/streams was adopted
from Osei[61]. All three feature layers cover the whole of the Kumasi Metropolitan. The shape-
files when loaded into ArcMap had no coordinate system nor a reference ellipsoid. However,
the data description from Osei[61] revealed that they were in the Ghana Transverse Mercator
System(GTM). They were then reassigned to Accra Ghana Grid (Ghana coordinate system) and
later converted to Universal Transverse Mercator UTM_WGS 1984 and then overlaid with the
RapidEye image during image processing.

3.4 SOFTWARE

The following softwares were used for the study:
* ERDAS imagine 2011 for image processing/classification
® ArcGIS (ArcMap 10) for database creation, geovisualization and geospatial analysis
® OpenGeoDa, version 1.0.1 [7]for exploratory data analysis and geovisualization

e R-software, version 2.13.2[63] for statistical analysis. The R packages used in this study
include; spdep[11], maptools[49] rgdal[43] and the RColorBrewer[58].
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Chapter 4

Research methodology

4.1 INTRODUCTION

The image of the study area was classified to obtain a land cover map. Classified rivers and water-
bodies were extracted and integrated with refuse dumps layer and cholera data and visulized using
GIS. Spatial analysis and regression modeling was then carried out on the data. The flow chart for
the research is shown in Figure 4.1.
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Figure 4.1: Flow chart of Methodology in the study
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4.2 IMAGE ANALYSIS

4.2.1 Image pre-processing

The RapidEye satellite image was imported into ERDAS imagine. The image has been orthorec-
tified with radiometric, geometric and terrain corrections in WGS1984(UTM Zone 30°N) projec-
tion from the producer[66]. This implies, all pixels on the image has been assigned to real world
coordinates in the WGS1984(UTM Zone 30°N) projection system. This projection system was
maintained, since Ghana uses the WGS1984(UTM Zone 30°N) projection system.

4.2.2 Image classification

A pixel based approach (supervised classification) was used in classifying the image. The image
classification process apportions the pixels of an image to exact spectral behavior of the ground
data. Pixels are sorted into a finite number of individual classes, or categories of data, based on
their data file values. If a pixel satisfies a certain set of criteria, then the pixel is assigned to the
class that corresponds to that criteria. This process converts image data to thematic data. The
landuse/landcover of the study area was classified to identify water reservoirs using the RapidEye
image of 2009 using the maximum likelihood algorithm.

The results of the image classification were validated in order to assess their accuracy. For
this study, a random sampling scheme was used to select 85 points (pixels) from the classification
output and compared with the reference data. Comparison was done by creating an error matrix.
The image classification and accuracy assessment were done in ERDAS imagine 2011.

4.3 DATA INTEGRATION AND VISUALIZATION

The communities do not have established boundaries between them, though the cholera cases
were collected at the community level. Hence to analyze the data at this level, arbitrary bound-
aries were created with the aid of the communities centroids and the RapidEye image. This was
done visually and arbitrary keeping in mind, natural boundaries such as rivers and that these
communities form clusters at certain intervals.

The classified water reservoirs were extracted and converted into shapefiles. Two sources of
water reservoirs are used in this study. They include water reservoirs obtained from the classi-
fication of the RapidEye image and digitized rivers/streams data that were adopted from Osei
et.al[60]. They are analyzed separately in this study since they are measured on different scales.
Maps of refuse dumps, community centroids and water reservoirs were overlaid on each other in
ArcMap 10 and Spatial factor maps were created and visualized. A description of how the spatial
factor maps were generated is shown in the next section below.

4.3.1 Spatial factor maps

Based on the hypothesis that cholera is a disease of deficient sanitation and assuming all water
reservoirs (rivers/streams) are potential cholera reservoirs, the following predictions are made[59]

e Inhabitants living in close proximity to open-spaced refuse dumps should have higher preva-
lence than those farther

* Areas with high density of open-spaced refuse dumps should have higher cholera prevalence
than areas with lower density
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® Inhabitants living in close proximity to to potential cholera reservoirs should have higher
prevalence than those farther

Therefore to determine the spatial relationships between cholera prevalence per community and
(a) distances to refuse dumps (b) density of refuse dumps and (c)distance to potential cholera reser-
voirs, four spatial factor maps were created using ArcMap. The spatial factor maps were overlaid
with point map (centroids) of communities to create four explanatory variables (independent vari-

ables);

1. Proximity to refuse dumps; spatial distance surface, showing distances of each point or pixel
to the nearest refuse dumps

2. Density of refuse dumps; kernel density surface, showing the number of refuse dumps per
unit area

3. Proximity to digitized reservoirs; spatial distance surface, showing distances of each point
or pixel to the nearest reservoir that describes all digitized streams and rivers from Osei
et.al[60].

4. Proximity to classified reservoirs; spatial distance surface, showing distances of each point or
pixel to the nearest reservoir that describes all water reservoirs extracted from RapidEye
image.

The difference between (3) Proximity to digitized reservoirs and (4) Proximity to classified reservoirs
is that (3) uses information of reservoirs that were digitized from a topographic map as adopted
from Osei et.al[60] whilst (4) uses information of reservoirs that was classified from the RapidEye
image. The reservoirs are from the same study area but measured separately. This way we can
compare their effects on cholera to see if there are any significant differences.

Finally, a database for cholera was generated for the study area consisting of polygon bound-
aries of communities and points of community centroids. The attributes of each community
were; number of cholera cases, cholera raw rate (per 10,000 people), population and the four ex-
planatory variables discussed above. A description of how each of the explanatory variables were
derived is discussed below.

Proximity to refuse dumps

Using Spatial Analyst extension and the Distance toolbox, Euclidean distance surface was gener-
ated in ArcMap, with refuse dumps layer selected as input feature source. This calculates for each
cell, the euclidean distance to the closet source. In this study, a search radius of 1km was used.
From the Analysis Tools extension, the Near tool from the Proximity toolbox was then used to
determine the distance from each community centroid to the nearest refuse dump. This proce-
dure adds a new field NEAR_DIST to the input community centroids attribute table and stores
the paths of the centroids that contain the nearest refuse dumps. A map showing the distances
from each pixel to the nearest potential cholera source is shown in Figure 4.2.

Density of refuse dumps

A kernel density surface, showing the number of refuse dumps per unit area (Figure 4.3) was
created. This was done using the Density toolbox. Kernel density calculates the magnitude per
unit area from point features using a kernel function to fit a smoothly tapered surface to each
point. The surface value is highest at the location of the point and decreases with increasing
distance from the point, reaching zero at a search radius distance from the point. A radius of 1km
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Figure 4.2: Distance surface of nearest refuses dumps

was used. The Extract Values to Points tool under the Extraction toolbox in the spatial analyst
extension was used to extract the density values of community centroids and recorded into the
attributes of the community feature class.
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Figure 4.3: Kernel density surface

Proximity to digitized reservoirs

The same approach as discussed in section 4.3.1, subsection Proximity to refuse dumps was ap-
plied in this case. Here the input layer used are the digitized streams adopted from Osei et.al[60].
Figure 4.4 is the output distance surface map showing the distance from each pixel to the nearest
potential cholera reservoir.
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Figure 4.4: Proximity to digitized reservoirs

Proximity to classified reservoirs

Similarly to the method discussed in the section above, spatial distance surface (Figure 4.5) map,
showing distances of each point or pixel to the nearest reservoir that describes all water reservoirs
extracted from RapidEye image was created and overlaid with point map of communities to derive
the nearest distances to the reservoirs.

Proximity to classified reservoirs
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Figure 4.5: Proximity to classified reservoirs

4.3.2 Mapping and geovisualization

Before measuring and modelling spatial dependence, maps of cholera prevalence and risks were
generated. Typically, we have counts of the incidence of cholera by spatial unit, associated with
counts of populations at risk. The task is then to try to establish whether any spatial units seem
to be characterized by higher or lower counts of cases than might have been expected in general
terms[9].
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The following maps were generated;

¢ Choropleth maps; these maps use different color and pattern combinations to depict differ-
ent values of cholera incidence associated with each community.

® Proportional symbol maps; maps showing cholera incidence was generated in ArcMap 10,
refuse dumps represented by dots and river segments layers were added to this map to visu-
alize and characterize their distribution spatially.

® Choynowski’s probability map[17]; based on the choynosky () function, providing the
probability values required for each community.

¢ Four probability maps; based on the probmap () function in R package as described by
Bailey and Gatrell[9]. The function returns a data frame of rates for counts in populations
at risk with crude rates, expected counts of cases, relative risks, and Poisson probabilities.

4.4 SPATIAL ANALYSIS

Spatial analysis was carried out in two principle steps. Firstly, autocorrelation analysis was carried
out to determine the extent of correlation among neighboring communities and secondly the four
spatial covariates described in section 4.3 used as inputs in spatial autoregressive modeling.

4.4.1 Autocorrelation analysis

The following steps were carried out to determine the extent of spatial autocorrelation among
neighboring communities:

1. choosing a neighborhood criterion;
2. creating a spatial weight matrix;
3. running statistical test, using weight matrix to examine spatial correlation.

Autocorrelation analysis was carried out in R. Before the analysis, the cholera polygon shape-
file was imported into R and a SpatialPolygonsDataFrame created. The R libraries used include
spdep[63], maptools[49], rgdal[43] and RColorBrewer[58].

Univariate (Local Indicators of Spatial Autocorrelation) LISA statistics developed by Luc
Anselin[6] were invoked by clicking on the Univariate LISA button on the Explore toolbar in
Geoda. This brings up a dialog that lets you specify which of the four output options you want
to generate. The most relevant of these options are The Significance Map and The Cluster Map,
which are unique to the LISA functionality. These two maps were generated using GeoDa.

Neighborhood criterion

The first step in the analysis of spatial autocorrelation is to define the neighborhood structure
over the entire area. The neighborhood structure describes the areas that are linked. A first order
rook contiguity criterion was used in this study. Rook contiguity uses only common boundaries
to define neighbors. The rook neighborhood structure used is illustrated in Figure 4.6.
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Figure 4.6: Rook neighborhood structure

Creating a spatial weight matrix

A spatial connectivity matrix that contains information of the neighborhood structure of each
community was created and weights assigned to the areas that are linked. Row-standardized
weights were applied. Row standardization is used to create proportional weights in cases where
features have an unequal number of neighbors.

Running statistical test

A significance test against the null hypothesis of no spatial autocorrelation was used to test for
the significance of the statistic. Moran’s Index under randomization was calculated and a spatial
correlogram computed and plotted.

4.4.2 Spatial autoregressive modeling

To attempt to determine the spatial relationship between cholera incidence (the response vari-
able) and the four spatial covariates (explanatory variables) derived in section 4.3.1, i.e, proxim-
ity to refuse dumps(ND_RD), density of refuse dumps(Den_RD), proximity to digitized reser-
voirs(ND_DR) and proximity to classified reservoirsq]ND_CR), two set of models were devel-
oped;

® Model A: relates cholera incidence with proximity to refuse dumps, dumps density and prox-
imity to digitized reservoirs.

® Model B: relates cholera incidence with proximity to refuse dumps, dumps density and prox-
imity to classified reservoirs.

The difference between these two models is that model A uses information of reservoirs that were
digitized from a topographic map as adopted from Oseti et.al[60] whilst model B uses information
of reservoirs that was classified from the RapidEye image. The reservoirs are from the same study
area but measured separately. This way we can compare their effects on the model.
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First, a standard linear regression, i.e. Ordinary least squares (OLS) model as described in
chapter 2, section 2.4.1 was fitted for models A and B to determine the linear relationship be-
tween the response and the explanatory variables. This was done by running 1m in R. However
the assumption that the error terms in the OLS have a zero mean and are identical and indepen-
dently distributed are usually violated due to the presence of spatial dependence (autocorrelation).
Therefore to include the spatial dependence, the conditional autoregressive model (CAR) as de-
scribed in chapter 2, section 2.4.1 was used to fit models A and B. This was also implemented in R
using the spautolm function. The function take into account the neighbors and weights for the
autoregression model estimation by Maximum Likelihood arguments.
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Chapter 5
Results and analysis

5.1 CLASSIFICATION

After classification, the following landcover were mapped; waterbodies/streams (reservoirs), built
up areas, urban centers (heavily built up), forest, dense vegetation, grasslands and wetlands. Wet-
lands areas were characterized by flooded areas and or rivers with emergent vegetation. For this
reason, they were merged with watebodies. Forest was also merged with the dense vegetation
class resulting in five landcover classes. The landcover map resulting from the classification of the
RapidEye image is shown below in Figure 5.1. The rivers layer obtained from Osei et.al[60] was

G40'0"N

Legend

Bl walerbadies'streams Bl foreslidense vagelaban
3 urban [0 grasslands
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. | 1Km
) 35 7 14
AT W 1300w

Figure 5.1: Landcover map

used to validate the presence of the rivers on the image. The digitized rivers when overlaid on
the classified image lied on the classified streams thereby confirming their presence on the image.
Additionally, a random sampling scheme was used to select 85 points (pixels) from the classifica-
tion output and compared with the reference (true world class). The resulting classification was
assessed at 83.53% overall accuracy and an overall Kappa statistics of 0.80. A summary of the
accuracy assessment totals are shown in Table 5.1.
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The refuse dumps could not be identified on the image. The 124 waste containers placed
throughout the city as described in chapter 3(See Figure3.2) are far less than 5m? making them
impossible to see in a 5m resolution image. Though the refuse dumps layer adopted from Osei
and Duker[59] were overlaid on the image, it could not really be confirmed on the image. This
study therefore adopted the refuse dumps data mapped by Osei and Duker[59].

Table 5.1 Accuracy assessment
Overall classification accuracy =83.53%, Kappa statistics = 0.80

Class Reference Classified Number Producers Users
Name Totals Totals  Correct Accuracy(%) Accuracy(%)
waterbodies/streams 10 8 8 80.00 100.00
urban 12 9 8 66.67 88.89
built area 23 22 20 86.96 90.91
dense vegetation 7 8 6 85.71 75.00
wetlands 7 10 7 100.00 70.00
forest 12 13 10 83.33 76.92
grasslands 14 15 12 85.71 80.00
Totals 85 85 71

5.2 MAPPING AND GEOVISUALIZATION

Figure 5.2 show choropleth maps of cholera count cases (5.2a) and raw rates per 10,000 peo-
ple(5.2b) for each community in the Kumasi Metropolis. Each community is colored according
to the category into which its corresponding attribute value falls. Here, communities with red
color have the highest counts/rates of cholera incidence; communities with the blue color have
the lowest counts/rates. The legend provides us indication of the overall magnitude of cholera
incidence and the magnitude of the relative differences in attribute values that correspond to the
range of colors used in the map. This map has been able to highlight two extremes; the high
areas in red and the low areas in blue as well as highlight the mean areas shown in orange. The
community centroids are shown in green dots.

Count casas
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Figure 5.2: Choropleth maps showing showing cholera prevalence for each community
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Figure 5.3 are thematic maps visually depicting how cholera incidence are shown by propor-
tions in each community. In Figure 5.3a, where only the count cases are represented, high cholera
cases appear only at few areas in the upper north and at the central parts of Kumasi with minor
reported cases at the outer communities. With the rates per 10,000 people, more communities are
now showing high risk (Figure 5.3b) than that shown in figure 5.3a. With a proportional symbol
map, the symbol size is proportional to the magnitude of the attribute values in each class. In
Figure 5.3, the size of each pink circle indicates the relative number of of count cases in (a) and
rates per 10,000 people in (b) per community.

Refuse dumps represented by the black dots and river segments in blue were added to this map
to visualize and characterize their distribution spatially.
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Figure 5.3: Proportional symbol maps showing showing cholera prevalence for each community

The probability map (Figure 5.4) of cholera cases based on Choynowski’s[17] approach folds
the two tails of the measured probabilities together, so that small values for a chosen «, occur for
spatial units (communities) with either unusually high or low rates. For this reason, the high and
low communities are plotted separately in Figure 5.4.

The probality map in figure 5.4 shows raw rates (assuming a constant rate across the study
area), relative risks, and Poisson probability map values calculated using the standard Poisson
cumulative distribution function. This does not fold the tails together, so that communities with
lower reported cases than expected, based on population size, have values in the lower tail, and
those with higher observed counts than expected have values in the upper tail, as Figure 5.4 shows.

Table 5.2. is a summary statistics of the results returned by running the the probmap ()
function in R. The function returns a data frame of rates for counts in populations at risk with
crude rates, expected counts of cases, relative risks, and Poisson probabilities.

Table 5.2 Summary statistics of probability mapping

Raw(crude) rate  Expected count  Relative risk  Poisson probabilities

minimum 4.699 x 107° 1.354 4.953 0.0000
mean 1.022 x 1073 13.956 107.691 0.5155
stan. Dev. 6.895 x 10~* 13.103 72.684 0.3783
maximum 3.192 x 1073 53.521 336.429 1.0000
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Figure 5.4: Probability map of cholera cases; Choynowski’s approach
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Figure 5.5: Poisson Probability and Relative risk maps of cholera incidence

In Figure 5.5 (a), Poisson probability map values represents the probablility of getting a more
"extreme" count than actually observed whilst in Figure 5.5 (b), relative risks shows the ratio of
observed and expected counts of cases multiplied by 100.
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Figure 5.6: Raw(crude) rates and Expected count maps of cholera incidence

Figure 5.6 (a) is simply the map of crude rates, i.e number of count cases in each community
divided by the total population in that community. Figure 5.6 (b) shows the expected counts of
cases assuming a global rate.

5.3 SPATIAL ANALYSIS

5.3.1 Autocorrelation analysis

The extent to which neighboring values of cholera cases are correlated was measured using Moran’s
Index. A significant assessment under randomization procedure was run in R to determine the sig-
nificance of the computed Moran’s Index. There is positive and spatial autocorrelation for cholera
incidence in the Kumasi metropolis (Moran’s I = 0.138, p = 0.045), as shown in Table 5.3. Table
5.4. shows the standard deviates of Moran’s I and a two-sided probability value for 6 lags.

Table 5.3 Moran’s Index for spatial autocorrelation of cholera cases

Moran’sI  p-value expectation variance
0.138 0.045 -0.015 0.006

Table 5.4 Spatial correlogram for CASES

Spatial correlogram for CASES(method: Moran’s I)
estimate expectation variance standard deviate Pr(I) two sided

1 0.1382 -0.0149 0.0058 2.0083 0.04461 *
2 -0.0454 -0.0149 0.0027 -0.5784 0.56298
3 0.0200 -0.0149 0.0019 0.7918 0.42847
4 -0.0587 -0.0149 0.0018 -1.0310  0.30255
5 -0.0171 -0.0149 0.0019 -0.0494 0.96063
6 -0.1141 -0.0149 0.0031 -1.7757  0.07578 .
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Moran’s scatter plot and spatial correlogram are also shown in Figure 5.7. The slope of the
scatter plot corresponds to the value for Moran’s I. It is a measure of global spatial autocorrelation
or overall clustering in a dataset. The four quadrants of the scatter plot describe an observation’s
value in relation to its neighbors; starting with the x-axis, followed by y: High-high, low-low
(positive spatial autocorrelation) and high-low, low-high (negative spatial autocorrelation). These
quadrants correspond to the clusters and spatial outliers in the LISA maps in Figure 5.8.
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Figure 5.7: Moran scatter and spatial correlogram plOtS
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Figure 5.8: LISA significance and cluster maps

The significance map, illustrated in Figure 5.8(a) shows the locations with significant local
Moran’s I /LISA statistics in different shades of green (the corresponding p values are given in the
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legend). Not much significance can be seen from the significance map as only 7 communities has a
LISA statistics of p = 0.05. The LISA cluster map, shown in Figure 5.8(b) provides essentially the
same information as the significance map but with the significant locations color coded by type of
spatial autocorrelation. The four codes are shown in the legend. There is no high-low location in
the study area map. These four categories correspond to the four quadrants in the Moran’s scatter
plot shown in figure 5.7.

5.3.2 Spatial autoregressive modeling

A summary statistics of the four variables used in modelling are shown on Table 5.5. Cholera
incidence (count) for the period of study ranged between 1 and 76 recorded cases per community
(mean = 13.96 and standard deviation = 14.19).

Table 5.5 Summary statistics of variables used in spatial modeling

variable minimum  mean maximum stan Dev
cases 1.00  13.96 76 14.19
proximity to refuse dumps(ND_RD)(m) 12.28 413.63 1033.6 223.35
density of dumps(Den_RD)(dumps per square km) 0.00 1.83 6.29 1.39
proximity to digitized reservoirs(ND_DR) (m) 56.72  293.72 700.51 137.92
proximity to classified reservoirs(ND_CR) (m) 18.75 309.15 1641.43 239.38

The results of the OLS regression models for Model A(where cholera reservoirs are the dig-
itized rivers adopted from Osei et.al[60] are shown in Table 5.6 and that of Model B(where
cholera reservoirs are extracted from RapidEye image) are shown in Table 5.7. Proximity to
refuse dumps(ND_RD) in both Models show significant correlation with cholera incidence. The
preliminary analysis shows that Density of dumps(Den RD) is not a significant contributor in
both Models(p-Value > 0.6). Also proximity to digitized reservoirs(ND_DR) in Model A is in-
significant whilst the classified reservoirs@ND_CR) in Model B shows significant correlation with
cholera. However using ND_CR in model B has shown a significant improvement of Model A.
(p-Value of Model B < p-Value of Model A).

The results of the CAR models for Models A(Table 5.8) and B(Table 5.9) produce similar
results as the OLS models in Tables 5.6 and 5.7. Both OLS and CAR models show that Den RD
is not a significant contributor of cholera incidence(p-Value=0.83 in Table 5.8 and p-Value=0.42
in Table 5.9). For this reason, Models A and B were updated to exclude the Den RD variable.

Table 5.6 Results of OLS Regression, Model A

Parameter Estimate Std. Error t-Value p-Value

Bo (intercept) 28.3491 7.7320 3.666  0.00050 ***
Bl (ND_RD) -0.0223 0.0108 -2.065 0.04299 *

5} (Den_RD) 0.6779 1.7122 0.396  0.69348
3;(ND_DR) 00218 00114  -1.907 0.06098 .
Resid. Stan. error ~ 12.69 on 64DF

Multiple R? 0.246

Adjusted R? 0.211 p-Value = 3.973 x 1074

After updating the OLS models to exclude the Den_RD variable; Both updated Models A (Ta-
ble 5.10)and B(Table 5.11) still show significant negative relationship for both ND_RD, ND DR
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Table 5.7 Results of OLS Regression, Model B

Parameter Estimate Std. Error t-Value p-Value
Bo (intercept) 28.1687 7.2463 3.887  0.00024 ***
ﬁAl(ND_RD) -0.0218 0.0104 -2.096  0.04007 *
fs(Den_RD) 02474 16652  0.149 0.88232
33(ND_CR) 00183 00064  -2.832 0.00617 **
Resid. Stan. error ~ 12.30 on 64DF
Multiple R? 0.292
Adjusted R? 0.259 p-Value = 5.696 x 107°
Table 5.8 Results of CAR Regression, Model A
Parameter Estimate Std. Error  z-Value p-Value
Bo 24.4031 7.5280 3.2416 0.00118
,31 (ND_RD) -0.0182 0.0103 -1.7578 0.07878
fs(Den_RD) 13867 1.6667  0.8320  0.40540
,é3(ND_DR) -0.0194 0.0111 -1.7408 0.08172
LR test value  =0.63926
A=030089 02=148.69 AIC=545.82
Table 5.9 Results of CAR Regression, Model B
Parameter Estimate Std. Error  z-Value p-Value
Bo 25.7649 7.0933  3.6323 0.00028
,él(ND_RD) -0.0191 0.0100 -1.9091 0.05625
BQ(DCH_RD) 1.6261 1.6667 0.4214 0.67345
Bg(ND_CR) 0.0062 0.0111 -2.7550 0.00586
LR test value =~ =0.35503
1=022493  02=140.89 AIC =541.83
Table 5.10 Results of Updated OLS Regression, Model A
Parameter Estimate Std. Error t-Value p-Value
Bo (intercept) 30.9133 4.1957 7.368 <1070
41(ND_RD) 00255 00070 -3.631 0.00055 ***
B(ND_DR) 0.0113 0.0064 -1.916 0.05973.
Resid. Stan. error 12.61  on 65DF
Multiple R? 0.244
Adjusted R? 0.221 p-Value = 1.106 x 10~*
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Table 5.11 Results of Updated OLS Regression, Model B

Parameter Estimate Std. Error t-Value p-Value

Bo (intercept) 29.1234 3.3286 8.749 <1070 =

Bl (ND_RD) -0.0229 0.0069  -3.328 0.00144 **

3,(ND_CR) 001842 0.0064 -2.877 0.00542 %+

Resid. Stan. error 1221 on 65DF

Multiple R? 0.292

Adjusted R? 0.270 p-Value = 1.341x107°
and ND_CR.

The results of the updated CAR Model A (Table 5.12) shows very significant correlation be-
tween cholera incidence and ND_RD (p-Value < 0.001) and appear to have no significant effect
by the ND_DR variable (p-Value = 0.073). However, the updated CAR Model B results (Table
5.13) shows very significant correlation between cholera incidence and both the ND_RD (p-Value
< 0.001) and the ND_CR variables. Comparing A and the Akaike Information Criterion val-
ues(AIC), the updated CAR model B has better fit than the updated CAR model A. X is the
spatial correlation or spatial dependence and measures the strength of the relationship. As ex-
pected, an inverse relationship between cholera prevalence and proximities to refuse dumps and
classified reservoirs was observed.

Table 5.12 Results of Updated CAR Regression, Model A

Parameter Estimate Std. Error  z-Value p-Value
Bo 29.9900 42108 7.1220 <107
31 (ND_RD) -0.0249 0.0068 -3.6316 0.00028
/BAQ(ND_DR) -0.0200 0.0111 -1.7891 0.07360
LR test value ~ =0.34867

A = 0.2144 02 =150.49 AIC = 544.27

Table 5.13 Results of Updated CAR Regression, Model B

Parameter Estimate Std. Error  z-Value p-Value
Bo 28.5056 3.3414 85310 <107
31 (ND_RD) -0.0223 0.0067 -3.3115 0.00092
BQ(ND_CR) -0.0177 0.0062 -2.8319 0.00462
LR test value =~ =0.28033

A=0.19442 02=14131 AIC=539.93
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Chapter 6
Discussion

6.1 IMAGE CLASSIFICATION

The overall accuracy or proportions correctly classified of the landuse/land cover was 83.53%
with a Kappa statistics of 0.80. The producer’s and user’s accuracies of the classified water reser-
voirs class were assessed to be 80% and 100% respectively. The users accuracy is the probability
that a certain reference class has indeed actually been labelled as that class, whilst producers accu-
racy is the probability that a sampled point on the map is indeed that particular class. The overall,
users and producers accuracies are important measures of mapping accuracy[1]. The digitized
rivers obtained from Osei et.al[60] when overlaid on the classified image lied on the classified
reservoirs thereby confirming their presence on the image. The classified reservoirs however con-
tained additional patches of water bodies(ponds/stagnant water) which are however missing from
the digitized rivers from Osei et.al[60]. Therefore, the classification of the water reservoirs is a
validation of the presence of the digitized rivers from the data of Osei et.al[60] on the image.

6.2 AUTOCORRELATION ANALYSIS

The extent to which neighboring values are correlated was measured using Global Moran’s In-
dex. There is positive and spatial autocorrelation for cholera incidence in the Kumasi metropolis
(Moran’s I = 0.138, p = 0.045), as shown in Table 5.3. This explains the spatial clustering of
high cholera cases recorded in the central and upper north parts of the Metropolis, and low cases
around the peripheries(see Figure 5.2(a)). However, further diagnostics reveal a fluctuation be-
tween negative and positive Moran’s I as shown in Table 5.4 and Figure 5.7. This could explain
the co-location of dissimilar values in some few areas, i.e. low values surrounded by high values
or vice versa in certain parts of the Metropolis, e.g. the south-west parts as shown in Figure 5.7.
Generally the high values occur at the central parts as expected and supports earlier findings by
Osei et.al[31]. In their analysis, they observed clustering of high rates around Kumasi Metropo-
lis, with Moran’s I = 0.271 and p < 0.01. The difference between this study and that of Osei
et.al[31] is that, they analyzed the entire Ashanti region consisting of 18 districts as spatial units
for cholera incidence from a period of 1997 to 2001, whilst this study only focussed on the Ku-
masi Metropolis(one of the 18 districts) with 68 communities as spatial units. Unlike the districts
which have defined boundaries, the communities did not. The boundaries of the communities
were estimated from the RapidEye image with the help of Google Earth image. These boundaries
which describes the neighborhood structure used in the analysis could also explain for the low
p-Value obtained for the Kumasi Metropolis.

The reasons for the clusters at the central parts being that the central parts are the most com-
mercialized areas and therefore, there is always a high daily influx of people from neighboring
communities. This high daily influx puts strains on existing sanitation systems, hence increasing
the risk of cholera transmission. Also due to overcrowding and high cost of housing, the migrants
end up settling in slummy areas where environmental sanitation is poor[31].
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6.3 SPATIAL AUTOREGRESSIVE MODELING

In the results of the autoregressive models; updated CAR Model A (Table 5.12) shows very sig-
nificant correlation between cholera incidence and proximity to refuse dumps (p-Value < 0.001)
and appear to have no significant effect by the proximity to digitized reservoirs (p-Value = 0.073.
i.e. p > 0.05). However, the updated CAR Model A(CAR A) results (Table 5.13) shows very sig-
nificant correlation between cholera incidence with both proximity to refuse dumps (p-Value <
0.001) and proximity to classified reservoirs(p-Value < 0.01). This suggests a very high significant
inverse relationship between cholera incidence with the classified reservoirs as expected. The AIC
criteria are smaller for the updated CAR Model B(CAR B) indicating a better fit. The X values;(A
= 0.2144 for updated CAR Model A and A = 0.19442 for updated CAR Model B) measures the
strength of the autocorrelation(spatial dependence).

These findings confirms the research of Osei et.al[59, 60] which concluded that proximity to
refuse dumps and surface water influences the risk of cholera in the Kumasi Metropolis. The rea-
son being that, during outbreaks, runoff from open spaced dumps as a result of rains or flooding
may serve as major pathways for the distribution of the bacteria. Infected human excreta washed
away from these dump sites run into nearby wells, streams and surface water bodies thereby con-
taminating the water which can lead to cholera infection when used.

Comparing the results of CAR A to that of CAR B, we see how using information extracted
from a remote sensing image(RapidEye) affects the results and conclusions. The classified reser-
voirs however contained additional patches of water bodies(ponds/stagnant water) which are how-
ever missing from the digitized rivers from Osei et.al[60]. This reveals the importance of using
satellite imagery to detect environmental factors (cholera reservoirs). Satellite images are available
in various formats and provide high spatial and temporal coverage of the earth’s surface. The
combined use of remote sensing, GIS and spatial statistics provides a strong tool for assessing how
land cover variables relate to cholera incidence.

6.4 REMOTE SENSING, GIS AND SPATIAL STATISTICS IN HEALTH STUDIES

Satellite images can greatly enhance mapping of the environmental factors associated with dis-
ease risk. With increasing higher spatial and spectral resolutions, more frequent coverage, lower
price, and increased availability of images offered by a wide range of new sensors[10], health re-
searchers should be able to extract many more environmental variables associated with disease
transmissions. These will provide new opportunities to extend the uses of remote sensing tech-
nology beyond a few vector and water borne diseases to studies of vegetation and climatic related
diseases.

GIS plays a central role for providing a platform that allows us to store, integrate, manipulate,
visualize and perform exploratory analysis on data from various diverse sources[1]. It’s powerful
capabilities allows us to integrate data represented in different formats e.g., raster or image data,
vector or point, line and area data, at different spatial resolutions. GIS is an important tool used to
show the distribution of diseases within a community as well as highlight high spots where health
officials need to take prompt action. Basically a GIS should also be able to answer to "what?,
where? and when?" diseases occur.

In analyzing disease data (public health data), several disciplines come into play than just maps
and visual interpretations[78]. Medical science may only provide insights to some specific causes
of diseases (e.g., biological mechanisms of transmission and identification of infectious agents).
Moreover, not everybody exposed to a suspected cause contracts the disease. As such, it is impor-
tant to use statistical methods to analyze each person’s risk or probability of contracting a disease.
The main aim is to identify and quantify any exposures, behaviors, and characteristics that may
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modify a person’s risk. Waller and Gotway[78] identifies four (4) usefulness why statistical and
spatial statistical methods should be employed to analyze public health data; (1) to evaluate dif-
ferences in rates observed from different geographic areas, (2) to separate pattern from noise, (3)
identify disease "clusters," and (4) assess the significance of potential exposures. With spatial sta-
tistical methods, we are also able to quantify uncertainty in our estimates, predictions, and maps
and provide the foundations for statistical inference with spatial public health data[78].

The general important message is that in addressing problems in health management for infec-
tious diseases, there exist a number of promising tools available for use. A combination of remote
sensing, geographical information systems (GIS) and spatial analysis provide important tools that
should be exploited in the fight against diseases.

6.5 LIMITATIONS OF THE STUDY

The limitations in this research include the following;

® The communities do not have defined boundaries. The boundaries of the communities
were estimated from the RapidEye image with the help of Google Earth image. This may
invariably affects the results of spatial autocorrelation since autocorrelation varies with the
neighborhood structures defined. As such the spatial autocorrelation results should be in-
terpreted with caution due to different shape and sizes of the communities.

¢ The cholera data used is only for a single year(2005) outbreak. Additional data from several
outbreaks could enhance the analysis.

e The cholera data are count data aggregated at community levels. This does not contain
spatial information about the exact locations of affected individuals. The assumption made
was that the population within a community has equal risk.
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Chapter 7
Conclusions and recommendations

7.1 CONCLUSIONS

This study utilized remote sensing image(RapidEye) to capture potential cholera reservoirs. Two
statistical models were developed to determine the spatial dependency of cholera incidence on;
(1) proximity to digitized reservoirs from a topographic map and refuse dumps and (2) proximity
to classified reservoirs from a RapidEye image and refuse dumps. The findings reveal a high sig-
nificant association between cholera cases and proximity to classified reservoirs from a RapidEye
image and refuse dumps than between the proximity to digitized reservoirs from a topographic
map and refuse dumps. Maps were produced to characterize the distribution of cholera prevalence
and risk in the Kumasi metropolis. The specific objectives and research questions in this study are

addressed below.

Objective 1 - To map out potential cholera causing factors in the study area from a RapidEye
image.

e Which environmental factors relevant to cholera modeling and mapping can be ex-
tracted from a RapidEye image?

- Water reservoirs, consisting of rivers, streams, ponds, lakes and wetlands.
® How can these environmental factors be extracted and what is their quality?

- A pixel based approach (supervised classification) using the maximum likelihood
algorithm. The classification was done using the ERDAS IMAGINE 2011 soft-
ware.

- The overall accuracy or proportions correctly classified of the landuse/land cover
was 83.53% with a Kappa statistics of 0.80. The producer’s and user’s accuracies of
the classified water reservoirs class were assessed to be 80% and 100% respectively.

Objective 2 - Visualize the relations between cholera incidence, water bodies and refuse dumps
using a GIS

® How can the derived remote sensing variables be combined with field data to produce
maps of environmental factors?

- By Integrating all datasets on a common platform in a GIS environment(ArcMap
10 software was used) with their attributes and applying mapping tools (See Fig-
ures 5.1 and 5.3).

e How can maps of cholera risks be visualized in a GIS?

- By computing the risks using spatial analyst tools and visualizing in GIS (See
Figure 5.2). Probabilities and risks maps can also be also be computed and plotted
in R using the probmap () function (See Figures 5.4;5.5 and 5.6).
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Objective 3 - Determine the spatial relationship between cholera incidence and potential cholera
reservoirs and refuse dumps using spatial statistics

® Which models are most effective for modeling the effects of environmental risk factors
on cholera?

- Spatial autoregressive models such as the Conditional autoregressive model ap-
plied in this study.

- There is positive and spatial autocorrelation for cholera incidence in the Kumasi
metropolis (Moran’s I = 0.138, p = 0.045), as shown in Table 5.3.

- There are very significant and inverse relationship between cholera incidence and
proximities to both refuse dumps (p-Value < 0.001) and reservoirs(p-Value < 0.01).

7.2 RECOMMENDATIONS

Remote sensing data should be explored as a tool for monitoring the epidemiology and control of
infectious diseases. Research is needed to determine the appropriate level of geographic detail for
specific diseases.

In this study, refuse dumps could not be identified from the remote sensing image, because
the refuse dump bins were too small to be identify from a 5m resolution image. Further studies
should use a higher resolution image to map the refuse dumps, this will enhance the analysis.
Other land cover variables should also be explored to see whether if it has an effect on the disease.

The data used in this study are based on group of individuals at the community level. The
inclusion of detailed house hold data or a series of outbreaks over a certain time will be useful to
make inference on relatively smaller groups of individuals and/or spatio-temporal analysis.
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Appendix A
R codes used

HARAREARABRARERRAREHRRAREARARRARARRARARRABRRRAREHRRAREA A
#Importing cholera data shapefile to R
HARAREHBARRARERRAREHRRAREARRARRABARRARARRARERRAREHRRAREAARA
library (maptools)

library (sp)

library (RColorBrewer)

library (spdep)

library (rgdal)

getinfo .shape ("D:/Spatial Analysis/chodata.shp")
cho<—readShapePoly ("D:/Spatial Analysis/chodata.shp")
class (cho)

attach (cho)

HARAREABABAARERRAREHRRARERRAREABARRARARRARRRRARERRAREA A
# create rook contiguity neighbors
HAHRARARARARARARARRBHRRERBRARARARARARARARARARRERERERARH
cho_nbr<—poly2nb (cho, queen=FALSE) # rook neighborhood
cho nbr

HARHAHHRHBRHARABRARRARRARRARRARBHRRARBRRAHRHR AR RARRARS
# plot of rook neighborhood structure
HARHRHBRHBRHBRABRARRAR BB R RRARBHRRARRARAH BB BB AR AR
coords<—coordinates (cho)

plot (cho, border="black", axes=IRUE)

plot (cho nbr, coords, add=T, col="blue")

title (main="First order Rook contiguity neighbours")

RARARBARABRARAARARBRRARBHRARBARARRARARRARRRRA BB RARRA A

# neighbors list to weight list
RARARBARABRARRARARBHRRARBARARBARARRARARRARRHRARRARARRA A

cho nbr w<— nb2listw (cho_nbr) #Row standardized weights W
cho nbr w #Row standardized weights W

cho nbr wb<— nb2listw (cho nbr, style="B") #Binary weights B
cho_nbr_wb

RARBRRRHAAAAAAAAAARARRRRRRRRRRRR AR ARAARRRRRRRRRRRRY
# Moran’s I test under normality
daaa sttt addddddddd it daddddddddd s
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moran. test (cho$CASES, cho nbr w,randomisation=FALSE,
alternative="two.sided") # W

moran. test (cho$CASES, cho nbr wb, randomisation=FALSE,
alternative="two.sided") # B

HARRHAHAHBHBHERBRERARARARARARARARHRHRRBRRRRRHRARARARA A

# Moran’s I test under randomisation
HARRHBHBHBHERARARARARARARARHBHRBHB BB RARARARARARARARA R RS

moran. test (cho$CASES, listw=cho nbr w, alternative="two.sided") # W
moran. test (cho$CASES, listw=cho nbr wb, alternative="two.sided")# B

REHARBHARBHARBHARBHAARBHARRRHRBHAHRBHARRBHRRBHRRRHR BB R
# 999 Monte—Carlo simulation of Moran’s I
RERBHBHABHBHBHRBHRHRBHBHRBHRBHRHRBHRHRBHBHRHHBHRHHRBHRHAH

morpermCASES <— moran.mc(cho$CASES, cho nbr w,999) # W
morpermCASES <— moran.mc(cho$CASES, cho nbr wb,999) # B
morpermCASES

morpermCASESS$res

HERBARARBARHHRRHRHBRABRARRARRARBARRHRRHRRHRHR BB R AR RS
#Moran scatter and spatial correlogram plots
HERBARARBARHARHARHBRAB BB BB BB BARBA R RHR BB RA R R RS
par (mfrow=c (1,2))

moran. plot (cho$CASES, cho nbr w, spChk=NULL, labels=NULL,
xlab="CASES", ylab="spatially lagged CASES", quiet=NULL,
pch=19,main="Moran scatterplot ,

[ = 0.14, p=0.04")

plot (spco, main="Spatial correlogram")
HARBARARRARBARAARHARABRAHRABRARRARRARRARRHRRARRH AR

# PROBABILITY MAPS

#choynowski’s approach
HARRARAAAAAAAARERERARARARARARAAARARARARRARARARARARARAARA
ch <— choynowski (cho$CASES, cho$POP)

cho$ch pmap_low <— ifelse (ch$type, ch$pmap, NA)

cho$ch pmap high <— ifelse (! ch$type, ch$pmap, NA)

prbs <— ¢(0,.001,.01,.05,.1,1)

cho$high = cut (cho$ch_pmap_high, prbs)

cho$low = cut(cho$ch pmap low,prbs )

spplot (cho, c¢("low", "high"),

col.regions=grey.colors (5))

# Poisson probabilities
HARRARAAAAAAAAAAARRARARERARARARARARARARARARARAAAAS
pmap <— probmap (cho$CASES, cho$POP)

cho$pmap <— pmap$pmap
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brks <— ¢(0,0.001,0.01,0.025,0.05,0.95,0.975,0.99,0.999,1)
library (RColorBrewer)

spplot (cho, "pmap", at=brks,

col.regions=grey.colors (5))

spplot (cho, "pmap", at=brks,

main="Poisson probabilities",

col.regions=rev (brewer.pal (9, "RdBu")))

#Relative Risk
HARAHAARARRARRRRARBHRARRARARRARARRA BB RRARRHRARRARARRA BRI A
relRisk <— probmap (cho$CASES, cho$POP)
cho$relRisk <— relRisk$relRisk

brks <— ¢(5,42,79, 115,152,189,226,263,300,336)
library (RColorBrewer)

#spplot (cho, "pmap", at=brks,
col.regions=grey.colors (5))

spplot (cho, "relRisk", at=brks,

main="Relative Risk" ,

axes=IRUE, col.regions=rev (brewer. pal

(9, "RdBu")))

hist (cho$relRisk , main="")

# Map of Raw(crude rates)
HARBARARRARRARBARHARRARHBRRB BB RAB R R R BB BB R RA BB RRA R H A
raw <— probmap (cho$CASES, cho$POP)
cho$raw <— raw$raw
brks <— ¢(0,0.000375,0.00075,0.001125,0.0015, 0.001875,
0.00225,0.002625,0.003192)
library (RColorBrewer)

#spplot (cho, "pmap", at=brks, col.regions
=grey.colors (5))
spplot (cho, "raw", at=brks,

main="Raw rate" , axes=IRUE, col.regions
=rev (brewer.pal (9, "RdBu")))
hist (cho$raw, main="")

# Map of Expected Count

HAHRRHAHBRERERERARARARARARARHRRERERARARARARARAAHRRRRRRRRRARAA

expCount <— probmap (cho$CASES, cho$POP)
cho$expCount <— expCount$expCount
brks <— ¢(0,1.4,7.2,13,19,25,30,36,42,48,54)
library (RColorBrewer)
#spplot (cho, "pmap", at=brks,
col.regions=grey.colors (5))
spplot (cho, "expCount", at=brks,
main="Expected Count" ,

axes=IRUE, col.regions=rev (brewer. pal

(11, "RdBu")))
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hist (cho$expCount, main="")
HARRABRBRERARAAAAAAAARRRRRRRARARAAAAAARRRRRRRRRAAAA AR RS
# OLS Models

OLSmodela <— Im (CASES =~ ND RD + Den RD + ND DR, data=cho)
OLSmodelb <— Im (CASES = ND RD + Den RD + ND CR, data=cho)
summary (OLSmodela)

summary (OLSmodelb)
HARARRARBARHARAARABRABRARRARRARRARRHRRARBHRRHRAH BB RAR AR AR
OLSmodelA<— Im (CASES ~ NDRD + ND DR, data=cho)

OLSmodelB <— Im (CASES = NDRD + ND CR, data=cho)

summary (OLSmodelA )

summary (OLSmodelB)
HERAARARHARAARAARARRARRARRABRARRARRARRARRARRARRARRARRHRAHRAHARA
##CAR Models

carl <— spautolm (CASES ~ ND RD + Den RD + ND DR, data=cho,
listw=cho nbr w, family="CAR", method="full", verbose=IRUE)
car2 <— spautolm (CASES ~ ND RD + Den RD + ND CR, data=cho,
listw=cho nbr w, family="CAR", method="full", verbose=IRUE)
CARmodelA <— spautolm (CASES = NDRD + ND DR, data=cho,
listw=cho nbr w, family="CAR", method="full", verbose=IRUE)
CARmodelB <— spautolm (CASES ™ NDRD + ND CR, data=cho,
listw=cho nbr w, family="CAR", method="full", verbose=IRUE)
summary (carl)

summary (car2)

summary (CARmodelA )

summary (CARmodelB)
HAARHAHBHEHBRBRARARARARARHBHBHRBRRRRRARARARA R BB HRRB BB RRR AR A A
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