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Abstract

South Africa is listed by the World Health Organisation (WHO) (2020) as one of the top 20
global contributors to absolute case numbers for TB burden and is among the 14 countries
with the highest burden of HIV associated TB, and multi-drug resistant TB (MDR-TB).
Understanding the geographical disparities in TB distribution provides a foundation upon
which informed decisions around targeted interventions can be made. Determining TB
disease incidence at a fine scale is therefore critical in the field of public health where
strategic interventions, e.g. targeting disease hotspots, can result in exponential reductions in

transmission and incidence.

However, routine geographic analysis of the distribution of TB are not at an appropriate scale
for such knowledge generation due to the format in which population and health data are
available. This project therefore explores an alternative dasymetric areal interpolation
technique for determining incidence of microbiologically-confirmed pulmonary TB (mPTB)

from facility-level data where catchment populations are unknown.

A series of hot spot detection techniques are then applied to the dasymetric mPTB output to
identify areas of high incidence. Standard approaches are explored including K-Nearest
Neighbour (KNN), inverse distance and fixed distance weighting techniques, as well as the

cluster morphology AMOEBA method.
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Chapter 1: Introduction

1.1 Background
Tuberculosis (TB) was declared a notifiable disease in South Africa’s Cape and Natal regions
in 1904, and nationally in 1919, obligating registration of all cases (Churchyard et al., 2014).
Moving forward to the early 1990s, activation and spread of the disease was fuelled by the
HIV epidemic, and from 2006 was further exacerbated by a growing burden of multiple drug-
resistant (MDR) TB and extensively drug-resistant (XDR) TB (ibid.). Cases have, however,
declinedsince 2008 due to upscaling antiretroviral treatment (The First National TB Prevalence
Survey, 2021) and interventions championed by the National TB Programme (NTP),

established in 1994 (Department of Health, 2021).

Despite these efforts, South Africa is still listed by the WHO (2020) as one of the top 20 global
contributors to absolute case numbers for TB burden and is among the 14 countries with the
highest burden of HIV associated TB, and multi-drug resistant TB (MDR-TB). The recently
released ‘The First National TB Prevalence Survey’ estimated that TB prevalence (for all ages
and all forms of TB) in South Africa in 2018 was 737 (95% CI 580-890) per 100,000
population; substantially more than the reported WHO estimate of 301 (CI 215-400) for the
same year (WHO, 2019). South Africa has aligned itself with the WHO End TB Strategy,
adopted at the World Health Assembly in 2014, which targets a 90% reduction in patients
suffering from TB, and a 95% reduction in deaths from TB by 2035 (Loveday, Mzobe, Pillay,

& Barron, 2019).

The above-mentioned prevalence survey reported that the highest proportions of TB were in
males (with a prevalence almost 1.6 times that of females), and in populations that were HIV-
negative (71.2%). This latter finding contrasts with corresponding National TB programme

(NTP) data where 58% of individuals already on treatment prior to enrolment in the TB survey
9



were HIV-positive, meaning only 42% were HIV-negative. HIV-positive participants in the
study’s sample exhibited more symptoms than those who were HIV-negative (a high
proportion of which reported no symptoms, yet had bacteriological confirmation of TB) and
therefore were more likely to be diagnosed. This introduces the rising concern of sub-clinical,
asymptomatic TB believed to be an underestimated contributor to TB burden (The First
National TB Prevalence Survey, 2021). Detection requires more active, sensitive screening

solutions in areas of high prevalence.

1.2 Research Problem
Detailed studies of TB distribution have made use of clinical case data acquired from the
ETR.Net (pre-2019), later migrated to TIER.Net (2019 onwards), data repositories (Obaromi,
Ndege, & Yongsong, 2019; Wekesa et al., 2020). However, this data is not routinely available
and where local access to a spatial and temporal subset of the data is permitted, the individual
address data is often not geocodable due to ambiguous residential addresses often located in

townships, informal settlements and rural areas (Coetzee, Cooper & Katumba, 2020).

In the public health sector, automated, real-time laboratory test data is provided at the facility
level, and similarly to literature, this is most commonly monitored and analysed at the sub-
district level (MclIntosh et al., 2018). Despite the known limitations of this aggregated scale
of analysis, it is necessitated — even where raw, patient-level data is available — due to
difficulties in coding unformatted address data in south Africa and missing patient residential
address data in these national datasets (Mokgalaka, 2015). Sub-district level data may be
adequate for monitoring TB on a national level, but does not provide the necessary detail for
meaningful data analysis and planning of strategic interventions, especially in cities.
Metropolitan areas are characterised by a diversity of healthcare needs with higher population
densities and migration patterns contributing to the spread of airborne diseases such as TB

(Lurie & Williams, 2014).
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The availability of facility-level data combined with advances in computing power and
geospatial software development presents an opportunity to determine disease distribution at a
fine scale, i.e. by facility catchment area. However, this scale also introduces challenges for
spatial analysis and interpretation given the intricacies of determining catchment extents.
Catchment area and accessibility analyses are widely researched topics within the field of
Geographic Information Systems (GIS), with numerous proposed approaches offered with

varying levels of complexity.

Determining disease incidence also requires robust population estimates, representing the total
count of people potentially affected by a disease. The finest scale official census data available
in South Africa is that of enumeration area (EA) polygons, but these are administrative (not

functional) boundaries that do not resemble facility catchment population estimates.

1.3 Aims and Objectives

The overall aim of this research project is to determine whether spatial interpolation techniques

offer a more representative depiction of TB incidence in a hot spot detection application.

Given the above aim, the following objectives were to:

1. Determine TB incidence using a conventional choropleth mapping approach

2. Determine TB incidence using a dasymetric mapping technique

3. Compare the TB incidence outputs of methods in objectives (1) and (2)

4. Identify TB incidence hot spots using the preferred, most representative method

identified in objective (3)

1.4 Study significance
Recently, dCXR assisted by computer-aided detection (CAD) technologies has been
recommended as a front-line screening tool for detecting asymptomatic TB which is estimated
to account for >154,000 undiagnosed cases in South Africa each year (Department of
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Health, 2021). The prevalence survey estimated that 390 000 people had TB in 2018, with
235 652 notified cases, while 154 348 were “missed TB patients” or undetected. The latest
versions of the CAD component — a machine learning approach to detection — offer detection
accuracies equal to expert human readers, and these results can be processed in under two

minutes at a lower average cost per subject screened (Murphy et al., 2020).

The WHO has endorsed dCXR usage in its latest Rapid communication on systematic screening
for tuberculosis (2020) and Consolidated Guidelines on Tuberculosis: Systematic Screening
for the Tuberculosis Disease (2021), necessitating South Africa’s consideration of a planned
roll out. However, there are not enough resources available to implement dCXR in every clinic
(there are over 4300 health facilities reporting TB cases throughout the country, with around
130 in Johannesburg alone), necessitating strategic placements of this intervention
(H.Moultrie, personal communication, February 24, 2021). There are three potential

approaches to determining optimal locations for maximal impact/ detection (ibid.), targeting:

1) Facilities with the highest burden
2) Areas with the highest positivity

3) Areas with the highest incidence

Option (1) considers positive counts per facility, (2) considers the number of positive cases per
population that gets tested, and (3) considers the number of new positive cases over the total
population. The third option provides the most contextual representation of burden as it takes
into account the entire underlying population, regardless of the extent of testing. Spatially, this
approach offers an intuitive statistical surface from which to determine hot spots, as seen in
existing literature (Dowdy, Golub, Chaisson, & Saraceni, 2012; Ibrahim, Hamisu, & Lawal,

2015).

12



1.5 Ethical considerations

Ethical clearance for this research was attained from the University of the Witwatersrand

School of Geography, Archaeology and Environmental Studies (GAES) (see Addendum 3).

Tuberculosis laboratory data was acquired in an aggregated format at facility level, ensuring
no personal details were disclosed to the researcher; avoiding all potential anonymity and

confidentiality risks.

1.6 Research report outlines

Chapter 1: Introduction

This chapter has provided a background into the dissertation topic, has set out the research aims

and objectives, and explained the significance of the study and its findings.

Chapter 2: Literature review

Chapter 2 will discuss the literature on key concepts and available techniques for deriving

accurate population surfaces and detecting areas of spatial autocorrelation.

Chapter 3: Methodology

Chapter 3 introduces the study area and presents the data to be utilised for the various methods
to be performed. This includes an explanation of the necessary data preparation processes and
lists the limitations of the data. Two approaches to presenting mPTB are then presented as
well as a method for comparison thereof. Methods for detecting spatial autocorrelation and

there discussed, including a cluster morphology technique, AMOEBA.

Chapter 4: Results

In this chapter, the main findings of the analysis are presented, with limited discussion thereof.

Chapter 5: Discussion

13



A more in-depth discussion of the findings is presented here, with specific reference to the aims

and objectives of the research, and correlations with existing literature.

Chapter 6: Conclusions and recommendations

This chapter draws conclusions about the study based on the identified aims and objectives.
Recommendations are provided based on limitations of the study and the potential for further

research given the findings and procedural lessons learnt.
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Chapter 2: Literature review

2.1 Introduction
Human population data often form the denominator for various spatial analyses in the field of
epidemiology and public health (Hay, Noor, Nelson, & Tatem, 2005), one such popular
application being that of defining populations at risk of disease. The accuracy of any
consequent analytical surfaces is therefore in part determined by the quality of the input
population data. Inaccuracies in this underlying data introduce inherent errors — those which
are carried in the data before the data are entered into analyses or models (Bian & Butler, 1999)

— often induced during aggregation.

Frequently this aggregation is carried out using arbitrary, administrative areal units e.g. census
EA’s. Where population data boundaries are assumed to coincide with the phenomenon to be
explored, analyses are straightforward. This scenario is presented below through a discussion
of choropleth mapping (section 2.2). However, where these boundaries do not align, this poses
a challenge for integrating datasets. Spatial interpolation techniques provide one potential
solutions for transferring data from source to target units (discussed in section 2.3), one such
approach being that of dasymetric mapping. This technique utilises ancillary land use/land

cover (LULC) data to transfer data to populated areas of the study site (section 2.3.1).

A useful point of departure in analysing any spatial distribution of a disease is to assess the
degree of spatial autocorrelation of the incidence rates (Rushton, 2003). Therefore, application
of global and local test statistics for assessing spatial autocorrelation of the TB rate outputs are

discussed (section 2.5).

2.2 Choropleth mapping
The development of rate maps has only been possible in cartography since statistics provided

methods to treat quantitative data as linear arithmetic (Barrozo, Pérez-Machado, Small, &
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Cabral-Miranda, 2016). The most common graphic portrayal of statistical surfaces, choropleth
mapping, also known as statistical mapping, has been widely applied to represent rates due to
its consistency in depicting relative data (Richards et al., 2010). Choropleth maps “assign a
shading or color to geographic areas (defined by their boundaries) as a means of representing
some measure of centrality with respect to a given characteristic” (Gale & Halperin, 1982, p
330). This measure of centrality is a ‘representative value’ used to characterise data in the same
class (Mu & Tong, 2018); a concept to be utilised later in this study. As a thematic mapping
technique, the aim is to portray spatial variations and relationships between various kinds of

phenomena (Gale & Halperin, 1982).

In the fields of human geography and epidemiology, this usually requires some consideration
of population density as part of calculating disease incidence, and this census enumeration data
is traditionally provided at some administrative level(s) (Steiner & Paulus, 2007).
Unfortunately, administrative boundaries are often political, and do not adequately depict
population distribution or the phenomenon being studied (Openshaw, 1984). This may be an
adequate representation of information when applied to small areas where an assumption of
homogeneity over the area’s surface risks limited loss of information (ibid.). However, Talbot
et al. (2000) posit that under conditions of known large spatial variability in the distribution
of the variable of interest, spatial filters (i.e. geographic units) should be adjusted in

geographical size in relationto the distribution and density of observed events.

In application to disease mapping, all maps that portray disease rates for discrete areas are
likely to have their extreme rates (high and low) in areas with small populations at risk;
especially where disease is rare and when measured over a short period of time (Rushton,
2003). These issues feed into what is known as the Modifiable Areal Unit Problem (MAUP) to

be discussed below.
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2.3 Spatial interpolation
Spatial interpolation describes the process of creating a surface model from spatial data, either
in the form of discrete points or subareas, with the intention of predicting values at other points
or for other subareas (Lam, 1980). These two applications address distinctly different
problems; point interpolation (through isarithmic or contour mapping) attempts to designate
values from sample points to locations where there are no values, commonly utilising exact
methods or approximation methods (ibid.). Areal interpolation (through isopleth maps) instead
transfers attributes from a spatially comprehensive set of boundaries with known values to
other, often smaller but not always, geographical units with unknown values (Goodchild &
Lam, 1980). This addresses the common problem of needing to obtain comparable estimates,
such as population, for a set of target regions that do not respect the boundaries of the first,
source dataset. This latter technique of areal interpolation is applicable to this research paper

which utilises aggregated population data and will therefore be discussed further.

Nearly all geographic phenomena are scale-sensitive, therefore the ability to transfer data to
the correct scale and units is paramount for accurate representation thereof. Openshaw (1984)
theorizes this sensitivity as the modifiable areal unit problem (MAUP). MAUP is potentially
experienced in two forms: the scale effect and the zoning/aggregation problem. The former
refers to unavoidable analytical differences dependent on the size of units, with correlations
generally being more pronounced for larger units (ibid.). Avoiding this is therefore reliant on
decisions around how many zones should be generated. The zonation effect refers to the
major differences dependant on how the zones are demarcated, even at the same scale

(Openshaw, 1984; Chen et al., 2019).

There are several established areal interpolation methods including simple areal weighting,

Pycnophylactic interpolation, area-to-point interpolation without ancillary information,

17



dasymetric mapping, street-weighting, statistical or geostatistical approaches, and point-based

intelligence approaches with ancillary information (Comber & Zeng, 2019).

Simple areal weighting presents a cartographic overlay method that preserves volume, meaning
that subdivided populations sum to the original population (Hallisey et al., 2017). Weights are
determined based on the size of the overlap between source and target regions, calculated using
a regular grid overlay (raster surface) (Hay et al., 2005). Populations are then assigned to each
grid cell and used to reallocate to target zones. The key limitation associated with this is
approach is the assumption of an even distribution of population within each source zone

(Langford, 2006).

Building on from simple areal weighting, Pycnophylactic interpolation presents a mass-
preserving method which proceeds to smooth the grid raster values iteratively, considering the
weighted average of nearest neighbours (Hay et al., 2005). These weightings are however
subjectively determined, and the method unrealistically assumes that no discernible boundaries

exist in the distribution of the phenomenon, e.g. human population (Tobler, 1979).

Continuous surfaces are also created in the area-to-point interpolation without ancillary
information, which is more commonly applied to estimating rates than underlying population
counts (Comber & Zeng, 2019). In one such application, Goovaerts (2008) applies a Kriging
formulation to create continuous maps of mortality risk. Benefits of this technique include
reducing the visual bias associated with the interpretation of choropleth maps, however, there
are a number of issues surrounding choice of location for the control point (Bentley et al.,
2013). Point-based interpolators are also known to not be volume-preserving, therefore

requiring rescaling (ibid.).

Several geostatistical approaches that were originally intended for point interpolation have
subsequently been applied to areal interpolation (Comber, 2019), including areal-point

interpolation via cokriging (Kyriakidis, 2004). Together with statistical areal interpolation
18



techniques, these methods are most useful where limited data is available, and often incorporate
covariates to refine model estimates (Comber, 2019). Notably, regression analyses are often
used to model the variable of interest with other ancillary data (ibid.). Estimates for unknown
values are generated through a smooth prediction surface or probability surface, after which
populations can be estimated for target zones (Hallisey et al., 2017). However, these models
introduce complexity, require transformation of covariate geographies, and assume smooth

distribution changes across the landscape (ibid., 2017).

Methods that incorporate ancillary data to improve their predictive accuracy can be grouped
into four groups: those which apply areal masks to inform interpolation (dasymetric mapping),
those using road networks to allocate populations along target zone road segments (street-
weighting method), those which establish a statistical relationship between the ancillary data
and the source zone data to guide allocation (statistical approaches), and those which use point

data as ancillary information (point-based approaches) (Comber & Zeng, 2019).

In the field of public health, dasymetric approaches are often cited as the most useful method
to better represent population, socioeconomic and health data (Barrozo et al., 2016; Wilson &
Mansfield, 2017). Accurate, detailed population data can assist in visualising risk patterns and
socioeconomic risk factors associated with the health issue of interest (Barrozo et al., 2016).
The social and environmental factors most frequently correlated with TB are (in order of
significance) (Shaweno at al., 2018): poverty, overcrowding and non-standard housing, ethnic
minority populations, population density, low education status, health care access and

immigrant populations.

Given the aim of this study to provide detailed population estimations, as well as the

availability of land cover auxiliary information via SANLC and Eskom Satellite Building
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Count (SBC) data, dasymetric interpolation methods have been selected as the most appropriate
approach to compare against a conventional choropleth method. This chosen technique aims to
increase the spatial resolution of data by incorporating related high resolution ancillary data
layers, allowing the primary data to be represented at finer resolutions (Ngidi, Mans, McKelly,

& Sogoni, 2017).

2.3.1 Dasymetric mapping
Dasymetric mapping, is an area-based cartographic technique popularised in the early 20
century by Wright (1936); exemplified via mapping Cape Cod into inhabitable and unhabitable
regions. A subsequent body of literature illustrates a variety of methods to produce these
thematic maps (Eicher & Brewer, 2001; Sleeter, 2004; Steiner, 2007; Mennis, 2009). The
most common variations include the grid and polygon binary methods, the polygon and grid
three-class methods, and the limiting variable method (Steiner, 2007). The use of ancillary
data at the heart of these methods enables more precise population density locations and
estimates. The most common form of ancillary data in dasymetric mapping is land-use/land-

cover (LULC) information derived from satellite imagery (Mennis, 2009).

The method variations listed above are distinguishable by their approach to re-allocation of the
disaggregated data (Mennis, 2009). Two underlying approaches exist: the binary allocation
method and weighted method. In the binary allocation method, the quantitative attribute from
the source zone (e.g. population) is allocated solely to dasymetric (ancillary) zones that have a
functional relationship with the attribute. Population data, for example, may be exclusively
allocated to residential zones that are considered to be inhabited (de Greer, 1926; and Wright,

1936 as cited by Mennis, 2009).

This allocation may be taken a step further by weighting the target zones prior to allocation,
e.g. weighted land classifications. This is illustrated by the ‘three-class’ method as reviewed

and presented in Eicher and Brewer (2001), Mennis (2003) and Sleeter (2004). This may be a
20



tempting method where hierarchical urban density classifications are available in the data.
However, the population weightings of each urban class are often subjectively determined and
assume homogeneity within each urban class across the whole study area. This can therefore

create a false sense of accuracy (Eicher & Brewer, 2001).

The grid binary method, known for its simplicity, requires the ancillary data to be assigned into
two classes. The frequently referenced Fisher and Langford (1995) were the first to publish a
dasymetric areal interpolation method applied using 2-D land use data as the ancillary
information. In this case, the binary dasymetric method is based on the area of populated and
unpopulated land units. Similar to the urban classifications mentioned above, determining these
parcel allocations is a subjective decision that is heavily dependent on the quality of the LULC
classifications and knowledge of the study area. The classified land use data act as control units
to disaggregate the source unit population and then again for reaggregate to obtain the target

unit population.

A resurgence of the dasymetric methods, often attributed to Mennis (2003), is now almost
solely associated with application to population density mapping. The catalyst for this
revitalisation is accredited to advances in geospatial technology and the significant increase in
availability and spatial resolution of spatial data more generally (Widener, Crago & Aldstadt,
2012). Satellite remote sensing is not a perfect indicator of population density but can describe
the urban morphology or built-up and non-developed areas with increasing precision (Mennis,
2003). The dasymetric technique is now considered to be a special case of areal interpolation
where the target units (raster grid cells) are much smaller than the source zones, and the

intention is to approximate a continuous surface (Mennis, 2003).

Population mapping generally has two purposes: to cartographically portray the extent and

density of population across an area of interest, and to derive quantitative estimates of
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population density for use in subsequent spatial analytical modelling tasks (Langford 2003).
The main benefit of the above proposed surface-base representation of population is that it
allows for data aggregation to nearly any desired areal unit required for said tasks. Hence it is
not subject to the MAUP and other areal unit-derived problems (Bracken 1993; Eicher &

Brewer, 2001).

In application, this approach may help to identify fine-scale risk patterns of infectious and
chronic diseases. In Nigeria, dasymetric interpolation of population data have been used to
support health facility location modelling (Jega, Comber & Tate, 2017). The outcome was
deemed incredibly useful for the site of application due to the presence of large water body
which could be filtered out using populated LULC data. A key limitation identified, however,
was the lack of appropriate approaches for validating the dasymetrically-derived populations.
The focus of the study, as seen in similar international papers (Alvarez-Hernandez, Lara-
Valencia, Reyes-Castro, & Rascon-Pacheco, 2010; Ibrahim et al., 2015; Queiroga et al., 2012;
Tadesse, Enqueselassie, & Gebreyesus, 2018), is on determining the relationship between TB
and environmental/socio-economic conditions. There remains a gap in the literature for
application of this method in the field of health in South Africa, and a focus on the methods

themselves.

2.4 Comparison of choropleth and dasymetric methods
Geographical data accuracy is a statement of how closely data represent the real world. Factors
to consider may include; omitted features, non-existent features present, correct classifications,

up-to-dateness, and feature location accuracy.

Ensuring that features are discernible requires use of an appropriate spatial resolution.
Consideration of data density — a measure of how many features per area are stored — may

indicate a minimum feature size and therefore an appropriate scale of analysis. In core remote
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sensing literature, Woodcock and Strahler (1987) propose the local variance method, which
considers the relationship between the size of objects in a scene and the spatial resolution of
sensors. As the size of spatial resolution increases, the size of objects can be approximate and
the likelihood of neighbours being similar decreases as the values tend to be different from
each other, thus causing the local variance to increase (Wu & Li, 2009). In the case of LULC
for population mapping, a distinct scale of high variance could be related to the size of

individual houses, or to groups thereof indicating suburbs, towns or cities (ibid.).

Local variance relates closely to spatial autocorrelation, but may also be used to compare
values generated at different scales; thus becoming a measure of information lost due to
inappropriate scale selection (Wu & Li, 2009). Choropleth maps, by definition, provide an
aggregated representation of features with an inherent, acknowledged loss of information.

The extent of this loss and its effects on analysis, however, is often unknown.

The dasymetric mapping method aims to provide more detailed population data in order to
optimise any subsequent analyses reliant thereon. Given the proposed use of remote sensing
LULC data, this accuracy is dependent on a use of an appropriate scale that can differentiate

between the spatial objects being investigated.

2.5 Spatial Autocorrelation
Spatial autocorrelation provides a measure for statistically significant patterns in data
(Mitchell, 1999). The concept was first proposed through global statistics which consider
landscape-wide patterns (Moran, 1948; Krishna-Iyer, 1949; Geary, 1954), however the 1990s
provided consequent local versions that explore local deviations from global trends (Getis &
Ord, 1992; Anselin, 1994). More recently, other approaches to spatial autocorrelation have

been proposed including cluster morphology (Kracaliket al., 2012).
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Spatial data are unique in that the normal principles of independence assumed for transactional
data in traditional statistics cannot be applied (Getis & Ord, 1992). Tobler’s first law of
geography instead declares that ‘All things are related, but nearby things are more related
than distant things’ (Tobler, 1979), motivating the consideration of spatial autocorrelation in
datasets with geographic characteristics (Zhang et al, 2003). Consequently, spatial
autocorrelation can be defined as “the correlation among georeferenced observations arising
from their relative locations in geographic space” (Griffith, 2017) and is a fundamental
quantitative and qualitative geospatial data feature, manifesting itself in assorted patterns on

maps (Griffith, 2021).

There are several interpretations of ‘relative’ locations, dependent on how space is
conceptualised. Common approaches utilise distance, contiguity/adjacency, neighborhood,
proximity polygons and space—time window concepts (Cromley & McLafferty, 2012). This is
an important consideration as “if the applied conceptualization method fails to reflect the
inherent structure of the spatial relationships of the spatial features, the outcomes of the

analysis will be misleading” (Grekousis, 2020, p 16).

2.5.1 Hot spot analysis
Once the desired conceptualisation method is selected, subsequent analyses such as cluster
detection, better-known as a hot spot analysis, can be performed. This method identifies
localised groups of similarity; clustering proximate spatial phenomena with low values result
into cold spots, and clusters of high values form hot spots. A hot spot analysis is essentially an
optimization problem, and several algorithms have been developed to determine optimal
clustering of spatial units, according to their relationships in geographic space and similarity

in attributes (Cromley & McLafferty, 2012).

In application to disease mapping, hot (or cold) spots are interpreted as any spatially-bounded

area of significantly elevated (or reduced) risk (Lawson, 2018). Dowdy et al. (2012) illustrate
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the important role of high-incidence hot spots in propagating TB epidemics. They estimate the
proportion of TB transmissions originating from a high-incidence hot spot within Rio de
Janeiro in order to determine the relative impact of targeted interventions in the hot spot area
versus a blanket intervention throughout the wider community. They consider two scenarios;
one where the hot spot population is self-contained and does not transmit to the surrounding
community, and one where these cross-transmissions are allowed. In the latter scenario — which
is more realistic given global migration trends in cities — the hot spot generated 35.3% of all
transmission events despite only containing 6% of the city’s population and 16.5% of its TB
incidence. Although not an exact science, the paper’s findings strongly affirm the vital role that

strategic interventions that target hot spots can play in the wider battle against TB.

2.6 Research assumptions

2.6.1 Study population
This study considers the total population of Johannesburg, as available in the census data, when
calculating mPTB incidence. This population therefore innately includes those who are insured
and uninsured. It was decided not to treat these groups as separate populations due to the
complex cross-utilisation of private and public facilities often associated with diagnosis and
treatment of the disease. Although there is a gap in the literature for providing substantial
quantitative evidence of true utilisation of medical facilities, it has been suggested that in South
African physicians do not traditionally treat TB in the private sector, and are more likely to
refer these patients to the public health care system (Sinai et al., 2018; Boffa et al., 2019). This
may seem counterintuitive given that Gauteng accounts for 40% of the country’s medical aid
beneficiaries, with approximately 24% of the region’s population covered (Council for Medical
Schemes, 2019). TB diagnosis, treatment and care costs should in theory be covered in full by

Prescribed Minimum Benefits (PMBs), regardless of the plan that any member and their
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dependents are on (Council for Medical Schemes, 2017). It has, however, been suggested that
many private doctors simply do not know how to treat TB, leading to an overburdened public

health sector (Boffa et al., 2019).

Other indicators of the small role played by the private sector in TB diagnosis and treatment
include figures from 2012 that assign 93% of the overall volume of TB Xpert tests to the public
sector (TB Diagnostics Market Analysis Consortium, 2015), meaning only 7% are conducted
in private facilities. Similar proportions were confirmed in the TB Prevalence Survey (2021)

where 8.1% of surveyed patients sought care in the private sector. Private TB medication sales
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also only accounted for 15% of total sales in South Africa in 2019 according to the WHO

Global TB Report 2019 (as referenced in Stallworthy, Dias & Pai, 2020).

2.6.2 Utilisation of nearest facility
A significant assumption made in this study is that people utilise their nearest medical facility;
presented in the data as the facility of diagnosis. This assumption is supported by the General
Household Survey (2016) where the vast majority of the population (92.6% given a
representative sample of 19 657) indicated that they attend their nearest health facility when

falling ill or requiring emergency assistance.

There is limited application of GIS present in South African literature on PHC accessibility for
general or TB-specific purposes (Mokgalaka, 2014; Kapwata et al, 2017; Tanser & Wilkinson,
1999; Tanser, 2006; Tanser & Gijsbertsen, 2006; Nteta, Mokgatle-Nthabu & Oguntibehu,
2010) with the majority of existing research orientated around assessing whether populations
are within the recommended distance and travel-time guidelines proposed by National Core
Standards for Health Establishments in South Africa (NDoH, 2011). Proximity to care is an
important factor for diseases such as TB which have demanding treatment regimens (Wilkinson
& Tanser, 1999). A number of these studies also present incidental findings related to nearest
facility usage, but those with a general focus on PHC actively exclude specialised TB facilities,

therefore omitting a portion of the TB patient cohort.

Mokgalaka (2014) considers accessibility (including capacity) and utilisation (i.e. ‘revealed’
accessibility) of health facilities in Johannesburg. This study applies the CSIR’s calculation of
capacity (‘the potential to accommodate visits’) as a function of facility size, staffing levels
and range of services (Mokgalaka et al., 2013). Patient register ETR.Net TB data is used as a
proxy for primary healthcare (PHC) demand, and reveals that almost 45.26% of the patients

from the register did not use their nearest facility as a first point of contact, despite only 1% of
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the patients residing outside the City’s boundary (thus avoiding what could have been a
potential source of skewness in the data). However, the study also only considers the uninsured
population which is problematic given the complex cross-utilisation of private and public
facilities, discussed above. A deeper understanding and more accurate linkage of public and
private patient data is needed before these insured and uninsured populations are treated
separately. Kapwata et al. (2017) perform a network analysis from a sample of adults and
children diagnosed with XDR-TB in KwaZulu-Natal. A comparison between distance to
nearest facility and actual distance travelled to facility of diagnosis reveals that the majority of
the XDR-TB positive population do not attend their nearest facility. Findings also
acknowledged the disparities between rural and urban communities with regards to accessing
PHC. Residents of eThekwini, classified as 84.8% urban and 15.2% rural, had an average
distance to nearest hospital or clinic of 0.49 and 6 kilometres respectively, but claimed an
average actual distance travelled of 19.57 kilometres. Results also showed that 43% of the
XDR-TB patients in the study enrolled at specialised provincial TB hospitals. These findings
are critical to spatial understandings of XDR-TB diagnosis and treatment, but may not be
applicable to more common drug susceptible (DS) TB which is less severe and may be treatable

at non-specialised facilities located closer to patients.

The last notable studies to be discussed are those of Tanser et al. (2001) and Tanser, Gijsbertsen
and Herbst (2006). In both cases, the rural homesteads of Hlabisa in northern KwaZulu Natal
are investigated. In 2001, the authors compared actual PHC clinic usage to predicted usage
determined by simple Thiessen polygons. It was found that the Thiessen-based model had an
accuracy of 87%, indicating that this percentage of homesteads made use of their nearest clinic.
In 2006, the authors decided to build on this research, conducting a catchment area analysis
that factored in auxiliary data on physical access. Their model takes into account the proportion

of people likely to be using public transport (as a function of estimated walking time to clinic),
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and the quality and distribution of the road network and natural barriers. Overall, the model
was able to predict reported clinic usage with an accuracy of 91%, only 4% better than the
previous study. The Thiessen, distance-based polygons therefore provide a relatively
competitive indication of clinic usage with significantly less resources, time and computations

required.

It should be noted here that geographic accessibility is just one indicator of utilisation of and
access to healthcare services, alongside quality of care, suitability of available services, and
financial constraints of patients and healthcare systems. Other factors related to preference may
also influence where patients choose to seek care, including: seeking care in areas of
employment rather than place of residence; seeking care in urban areas perceived to be offering
better quality treatment, facilities, medication and staff; shorter waiting times in facilities with
larger capacities elsewhere; and seeking care away from place of residence due to stigma
associated with TB (Kapwata et al., 2017). There is significant international literature on health
care facility preference, with a gap in literature focusing on South Africa. We therefore assume
patient utilisation of the nearest medical facility whilst acknowledging the need for deeper

investigation into this topic.
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Chapter 3: Methodology

3.1 Introduction
This chapter introduces the study area in detail, describes the datasets acquired, and outlines
the steps taken to process said datasets into workable formats for the comparison of choropleth
mapping processes and the dasymetric mapping method. Processing was required for non-

spatial attribute data, geographic data in vector format, and geographic data in raster format.

The two mapping techniques were considered in the context of spatial epidemiology,
understood as being “concerned with describing, quantifying, and explaining geographical
variations in disease, especially with respect to variations in environmental exposures at the
small-area scale” (Elliott et al., 2000, p V). These methodologies aim to address the first half
of this definition; seeking to present an optimised approach to describing variations in mPTB
incidence. This contributes to the literature of using spatial analysis methods to provide

decision support (Rushton, 2003).

The methodology can be classified as a comparative case study; contrasting currently utilised

choropleth mapping with an advanced dasymetric method.
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3.2 Study Area

[ ] Health sub-district boundaries
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Data Source: South Africa Health Subdistrict Boundaries,
National Department of Health (NDoH)

Figure 1: Johannesburg’s health sub-districts

The City of Johannesburg (CoJ) was chosen due to its metropolitan nature, the researcher’s
existing knowledge of the study area, and availability of various sources of topical data for the
region. Over time, the urban metro has consistently been faced with the paradox of being a
world-class, economic powerhouse whilst harbouring high levels of inequality (Crankshaw &
Parnell, 2004; Everatt, 2014; Pieterse & Owens, 2018). It can be expected that there is greater
heterogeneity in mPTB incidence than one would, for instance, expect in more socio-
economically homogeneous rural areas. Existing studies have, however, indicated that access
to clinics within the Col is very good as clinics are well-distributed throughout the area,
reflecting population distribution (Green et al., 2012). However, environmental risk levels vary
with many households inhabiting high density informal settlements; a hotbed for TB
transmissions (ibid.). Johannesburg is also known as an economic destination for seasonal

workers,
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illustrated by circular migration patterns between rural and urban areas (Lurie & Williams,
2014). This population movement may too contribute to transmission of mPTB into and out of

the city.

Information available in the ESRI Demographic dataset acquired for this paper allowed us to
map poverty and population density in the CoJ as two initial exploratory indicators of potential
sites of increased disease burden. Figure 2 illustrates 2017 estimates for median individual
income with much of the metro’s wealth concentrated in regions B and C (predominantly
characterised by suburbia, including some of the country’s wealthiest areas such as Sandton),
with the lowest income groups located in the southern areas of G and D (containing Soweto,
South Africa’s most well-known township). These low-income regions correspond with areas
containing the highest counts of people living below the poverty line (Figure 3). Given that
data is displayed at an Enumeration Area (EA) scale, with between 100 and 250 households,
the smaller polygons with darker purple shades represent high density areas with high
proportions of residents living below the poverty line. The extraordinary population densities
(Figure 4) present in the data, with certain areas exceeding 80 000 persons/km?, correspond to

existing literature on the study region (Mokhele, 2011; GCRO, 2021).

In terms of existing knowledge of mPTB burden in the region, the province of Gauteng falls
into the lowest burden stratum, as categorised in The First TB Prevalence Survey 2021, and
only accounts for 14.6% of total cases for 2018 and 2019 combined. The CoJ is the greatest

contributor in the province, accounting for approximately 37.7% of cases.
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Figure 2: Median individual income by EA for 2011
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Figure 3: Number of individuals living below the poverty line per EA for Johannesburg
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35




3.3 Data acquisition and preparation

The datasets listed in Table 3.1 were utilised for determining mPTB incidence using choropleth

mapping and dasymetric mapping methods, and will be discussed in detail in this chapter.

Table 3.1: Summary of datasets utilised

Dataset Spatial Temporal | Data format

resolution resolution

TB laboratory data | Facility- Jan 2018 — | Positive laboratory counts by facility
(NICD/NHLS) level Dec 2019 | for the years 2018 and 2019 (csv)
ESRI Ideal data Enumeration | 2017 Population estimates derived from

area (EA) estimates | 2014 Stats SA data (csv)

Health sub- | Health sub- | 2016 Polygon shapefile (shp)

districts for South | district

Africa (SAEON)

South African | 20 metre | 2018 GEOTIFF format raster with 72 land

National Land | (raster cover classifications generated from

Cover (SANLC) pixels) 20-meter multi-seasonal Sentinel 2

satellite imagery

Eskom Spot | Derived 2018 Vector points and polygons derived

Building Count | from 8- from 2017 satellite imagery from the

data (SBC) metre SPOT 6 sensor system (with a multi-
satellite spectral image resolution of 8m),
imagery classified into 10 categories
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3.3.1 Microbiologically-confirmed Pulmonary TB (mPTB) data
The use of health records for research is considered to be secondary use of healthcare data; that
is, the data were first collected as part of routine patient care and will be secondarily used for
research (Zozus et al., 2015). mPTB laboratory data was acquired from the NICD, via the
NHLS central data warehouse (CDW), providing positive pulmonary TB laboratory counts

aggregated to the facility level for 2018 and 2019.

These facilities can be grouped into a number of location types: care centres, community health
clinics, clinics, gateway clinics, hospitals, mobile clinics, prison clinics and SANDF/SAPS
clinics. These can further be grouped into five umbrella categories; hospital, clinic, prison,

military and private.

For the purposes of this study, public clinics with permanent locations were included. Hospitals
were excluded as their catchment areas are more complex requiring unique considerations, and

prison and military facilities are excluded as these populations are not spatially organic.

3.3.2 Population data
Enumeration area (EA) level census data (ESRI demographic data) was also provided by the
NICD, as previously acquired from ESRI. EA’s are the smallest geographical unit used for
enumeration purposes in South Africa, containing between 100 and 250 households (Stats SA,
2011). The acquired data provides estimated night-time population counts for 2014 by EA,

calculated using Stats SA’s 2011 modelled mid-year estimates.

When needing to determine TB incidence, the numerators will be annual mPTB figures (3.3.1)

and denominators will be these population estimates.
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3.3.3 Land-use dataset
The most commonly used ancillary data for determining populated areas is classified land use/
land cover (LULC) raster data generated from satellite imagery (Shaweno et al., 2018). Two

applicable datasets were identified from South African literature.

The South African National Land Cover (SANLC) data for 2018 is publicly available and was
obtained in GEOTIFF format from the National Department of the Environment, Forestry and
Fisheries website. This classification system is generated from 20-metre multi-seasonal
Sentinel 2 satellite imagery and presented in 72 land cover classifications. There is evidence of
use of previous versions of the SANLC dataset for dasymetric mapping of population
(Hodgson, 2017) and land cover change (Schoeman, Newby, Thompson, & Van den Berg,
2013). The overall accuracy for the dataset has been estimated to be 90.14% (Thompson,

2019). Consideration was given to residential land use classifications in the dataset.

Other case studies (Mokgalaka, Smit, & Mans, 2015; Ngidi et al., 2017) utilise Eskom’s
Satellite Building Count (SBC) (also known as Eskom dwelling layer) point and polygon
datasets as vectorised forms of LULC. This data is available to all government departments
and academic institutions on request. The latest publication is derived from 2017 imagery from
the SPOT 6 satellite system (with a multi-spectral image resolution of 8 metres). Building point

locations are provided and classified into 10 categories.

Since we are only interested in potentially populated residential buildings, the SBC point data
were filtered to only include features classified as class name = ‘Dwelling’, defined in the
metadata as a ‘building structure where people live’. A separate polygon feature shapefile is
provided for dense informal settlements, defined as areas where settlements are too dense to

determine the number of structures (HDA, 2012).
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The following rules were followed by Eskom in defining a point for the output point

shapefile (Eskom Settlement Growth Dataset Standard, 2017):

a) One point per rural housing structure in farms and villages.

b) One point per grouping of housing structures as found in KwaZulu-Natal and Eastern
Cape.

c) One point per grouping of urban structures, e.g. townhouses, and schools.

d) One point per any other individual identifiable building structure.

e) One point per formal cadastre polygon; few exceptions exist based on the accuracy of

the cadastral.

It was presumed that the SANLC would provide a more thorough representation of populated
areas, given that some Eskom SBC points represent groupings of housing and urban structures.
However, on inspection of the data, the latter was able to detect settlements unbeknownst to

the former (Figure 5).

SBC pixels
1

SANLC binary dassification
0

1

Figure 5: Example of discrepancies between SBC and SANLC populated area pixels
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It was therefore decided that a combination of the raster and vector datasets would be used to

provide a comprehensive representation of populated areas.

2.7 Choropleth method

The basic choropleth mapping method was carried out to represent how standard
microbiologically-confirmed Pulmonary TB (mPTB) incidence rates are most frequently
represented given routinely available data. mPTB notification data was aggregated by health
sub-district, with no consideration of true facility catchment areas. The population EA
boundaries correspond with the health sub-district boundaries, therefore incidence was
calculated using a cumulative population total for each polygon, at a rate of mPTB count

(accumulated over two years) per 100 000.
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2.8 Dasymetric method
One of the key benefits of the dasymetric process is the ability to transfer data from one source
spatial unit to an entirely different set of target units, regardless of coincidence of the layer
boundaries (Mennis, 2003). This study took advantage of this to aggregated population by

facility catchment area, rather than health sub-districts used in the choropleth method above.

Facility catchment areas were generated using Thiessen, or Voronoi, polygons; a method use
to proportionally divide and distribute a point coverage into regions (ESRI, 2016). The process
generates a triangulated irregular network (TIN) from all the points, after which perpendicular
bisectors for each triangle edge are generated, forming the edges of the desired polygons
(Figure 6). Utilising Euclidean distance, these distance polygons divide space such that the

underlying population data could be allocated to the nearest facility.

Thiessen polygon Bisected TIN
coverage

Figure 6: Creating Thiessen polygons from points (ESRI, 2016)

Given that these polygons do not conform to administrative boundaries, it was decided to
generate catchment areas for all of the facilities in Gauteng, and any polygons intersecting with
Johannesburg would be considered in all analyses. Figure 7 shows the location of each clinic

with a catchment area that intercepts with the boundary of the CoJ. The dark grey polygons
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represent the study area for later dasymetric mapping procedures (Figure 7(1)). These are then
clipped to the boundary of Johannesburg and compared to the EA boundaries containing
population data (Figure 7(2)). It should be noted that since the derived facility catchment areas
do not respect the boundaries of Johannesburg, a larger total population was captured by the
new boundaries, especially on the peripheries of the study area. This may not have a substantial
impact on areas of lower density — which is often associated with urban peripheries — however,
Johannesburg, along with several other southern African cities (Melo, 2016), are unique in that
the outskirts of the metropolitan is experiencing increased formal housing developments as
well as being scattered with low-income, high density informal settlements as a result of high

demand for housing nearer to jobs and services (Harrison et al., 2014).

Enumeration area boundary
Facility catchment area

Figure 7: Gauteng facility catchment areas (1), filtered to those intersecting with the Johannesburg boundary (2)

These facility catchment areas define the target boundaries for the dasymetric methodology

presented next.

The following grid binary methodological steps were taken (following the logic of Eicher &
Brewer (2001)) to achieve a dasymetrically-derive mPTB incidence rate for each facility

catchment area:
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1. Create a binary (residential versus non-residential) dataset from LULC inputs

2. Convert EA census areas to raster

3. Zonal statistics tool was used to calculate the number of residential pixels per EA
census tract

4. Simple arithmetic was used to calculate population per residential pixel in each EA
polygon

5. Zonal statistics was then used to sum the pixel values by facility service area; achieving
population count per Thiessen polygon

6. TB incidence (per 100,000 persons) could then be calculated per facility service area:

(total sum of mPTB cases * population / 100 000)

The grid cell resolution of the SANLC raster (20 metre) serves as the resolution for the final
population surface. Higher resolutions are naturally preferential but need to be balanced with
considerations of acceptable processing times of subsequent GIS operations. This resolution is
acceptable given the researcher’s available computational capacity, and is believed to be fine
enough to capture the desired spatial variation of population and mPTB incidence within the

areas of interest.

In order to combine the raster and vector LULC layers, the SBC point layer as well as the
informal settlement polygon layer, were transformed into a raster grid with equal sizes to that
of the SANLC (for consistency and merging purposes). Any pixel overlapping with an SBC
point or polygon was allocated a value of 1 (indicating that it is populated) using the reclass

tool.

The two SBC outputs could then be merged with the binary SANLC layer, using maximum
pixel values to resolve overlapping pixels; i.e. to ensure the value of populated pixels with

value = 1 are transferred to the final layer, with the remaining pixels taking the value of 0.
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Figure 8 displays the final binary LULC map to be utilised as target zones for the population
and mPTB incidence data. When calculating disease incidence, this method assumes an even

spread of rates amongst the inhabited pixels in each facility catchment area.

Figure 8 also shows that the majority of Johannesburg’s surface area is potentially inhabited,
especially in the central and northern areas. The empty, white band running along the east-west
axis illustrates the Witwatersrand ridge, or previously proclaimed gold fields. Historically this
created a topological barrier between the white northern suburbs of Johannesburg, and the
government provided housing to the south of the ridge where black residents were legally
restricted to (Mubiwa & Annegarn, 2013). Areas south of the ridge are characterised by colder
micro-climates and intrusive dust from the mine dumps; also often associated with respiratory
health issues (SAHO, 2011; Kootbodien et al., 2019). These socio-economic fractures in the
Johannesburg landscape were reinforced through various apartheid spatial planning strategies,
the legacies of which are still present, as seen previously in Figure 3 where poverty is largely

concentrated in the south.
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Figure 8: Binary pixelated map of populated areas, derived using SANLC and SBC LULC data

2.9 Comparing the two methods
The results from 3.5 and 3.6 each provide univariate maps of mPTB incidence rates that we
could then compare. Again, it is noted that the underlying population for the choropleth and
dasymetric mapping outputs slightly dissimilar and the overlaying mPTB data varied between
the models due to different interpretations of health facility catchment areas. The comparison

between rates therefore includes the effects of both mPTB count and population differences.

In traditional statistics, standard deviation provides an indication of the spread of the data
around the mean. This basic concept was utilised and adjusted for the purposes of this project,
where we were interested in how the dasymetric output mPTB rates differ with those produced

using a choropleth mapping method. Therefore, the choropleth rate values (which assume

homogeneity across each health sub-district) were treated as the representative values, or
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pivotal means, around which the variation of the dasymetric rates were calculated.

Given standard measures of variation for the population, the following equations will be used:

Y(x — p)?

n

’ X — )2
Population Standard Deviation = Z(TM)

Where the choropleth value is substituted in for pyu (traditionally the population mean).

Population Variance =

These variations were measured for each health sub-district. Values for each pixel of the
dasymetric mPTB rates map were extracted by health sub-district, and standard deviation

(substituting mean values for the choropleth outputs) was then calculated in RStudio.

2.10Spatial autocorrelation
The Getis Ord Gi* inferential statistic is one of the most commonly utilised local statistics and
works around the null hypothesis that states that there is no spatial clustering of feature values
(Kiani et al., 2021). The statistic returns a z-score, indicating the intensity of positive and
negative clusters (hot and cold spots). For statistically significant positive clusters, higher z-
score values indicate more intense hot spots, whilst the inverse is true for statistically
significant negative clusters where smaller values indicate more intense cold spots. This

statistic can be applied to almost any localmethod of cluster analysis.

In order to determine mPTB hot spots from the dasymetric mPTB incidence output derived
from section 3.5, different conceptualisations of spatial relationships were considered, each
utilising the Getis Ord Gi* statistic. Firstly, consideration was given to global trend using the
Global Moran’s I statistic. Thereafter, three standard relationships were illustrated; KNN,

distance threshold and inverse distance. Lastly, an increasingly recognised more complex,
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cluster morphology algorithm was demonstrated; A Multidirectional Optimum Ecotope-Based

Algorithm (AMOEBA).

A variety of standard methodologies can be carried out using the in-built Getis Ord Hot Spot
Analysis (Getis Ord Gi*) spatial statistics tool in ArcGIS Pro 2.7.2. The recommended default
conceptualisation of spatial relationships for hot spot analyses tool in ArcGIS is Fixed Distance
Band was used as this works well for point data, or for polygons which vary significantly in
size. This approach constrains the algorithms search for feature neighbours according to a
user-specified distance limit. Popular alternative methods include the two inverse distance
weightings; inverse distance and inverse distance squared. These are most appropriate for
continuous data or to model processes where the closer two features are in space, the more
likely they are to interact with or influence each other (ESRI, n.d.). Here a threshold distance
can be specified to reduce the number of computations required for the function, or, for
smaller datasets, it is possible to treat every feature as a potential neighbour of every other

feature. In this latter scenario the algorithm is exhaustive.

Another consideration within the function was that of whether to adopt a correctional parameter
to account for multiple testing and spatial dependency. This is of increasing importance with
larger datasets. Classical statistical correction methods are available, e.g. Bonferroni
correction, however they are often incredibly conservative and overcompensate in their effort
to avoid false positives thus missing statistically significant results. False Discovery Rate
(FDR) corrections offer a less conservative, ranked approach that only exclude those results
with the weakest p-values. Given that there are only 141 facility catchment areas in this paper’s
study area, no corrections were used, but if this method should be extended to a national scale,

it would be advised.
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3.8.1 The AMOEBA method

The Multidirectional Optimum Ecotope-Based Algorithm (AMOEBA) process was carried
out in RStudio, and the results were mapped back into ArcGIS Pro. Given that this is a lesser-

known method, it is described in more detail below.

In theory (although out of the scope of this study) the output and any clusters discovered would
be discussed and assessed a posteriori (Rushton, 2003), most commonly to further investigate
relationships between disease rates and other covariates.
This method provides an algorithmic approach for generating spatial weights from univariate
areal data with a spatial component (e.g. census enumeration units) (Aldstadt & Getis, 2006;
Grubesic et al., 2014). It is a spatial cluster detection method as well as a spatial weight
matrix construction tool (Tao & Thill, 2019). Therefore, used in conjunction with the Gi*
algorithm, the procedure offers an exhaustive measure of local spatial autocorrelation while

detecting irregularly shaped geographic clusters.

The conceptualisation of space used here is similar to the neighbourhood approach illustrated
by KNN in that AMOEBA is a contiguity-based algorithm. However, it does not assume that
clusters only exist in circular or compact regions, providing a novel approach whereby
irregularly shaped clusters may be determined. This is achieved by adopting a region growing
technique, similar to that found in image segmentation literature where segmentation is
achieved through an iterative process of examining the neighbours of initial seed locations and

deciding whether to add them to the region or not. This process is illustrated in Figure 9 below.
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Figure 9: The AMOEBA procedure (Jankowska, Aldstadt, Getis, Weeks, & Fraley, 2008)

In the first step, a value of G; (0) greater than 0 indicates that the value at location i is greater

than the mean of all units. A value less than 0 indicates a value smaller than the mean (Aldstadt

& Getis, 2006). A Gi* statistic is then calculated for this initial seed location and its contiguous

neighbours. Neighbours are included to form a cluster (or ecotope) if the combined Gi* statistic

is greater than that of the seed value. This process is iterated over all of the features (i) in the

study area. Once the ecotopes with the highest Gi* values are identified (each with a value for

Gmax), @ Monte Carlo-type permutation test is performed to establish the statistical significance

of each ecotope.
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The AMOEBA package in R (as part of the CRAN repository) presents the Amoeba function

as follows:

AMOEBA(outc, neig, power, cpu)

Where:

outc = Numeric vector with the study outcome
neig = Neighbours object from "spdep" package
power = Number of times to apply AMOEBA

cpu = Total number of cpu to run faster the algorithm

The power value tells the algorithm how many times the AMOEBA must be applied. When
applied once, the algorithm is called AMOEBA, and when applied more than one time, the
algorithm is called AMOEBA+ (Aldstadt & Getis, 2006; Duque et al., 2011). It is stressed that
the power selected should satisfy that 3P°"¢" < length (outc), otherwise the algorithm will
fail. The AMOEBA and AMOEBA+ algorithms were both explored, with the latter utilising a

power of 4 given that there were 139 facilities (i.e. outc = 139) to consider.

The available parameters also allow for parallel computational implementation of AMOEBA,
as developed by Widener, Crago and Aldstadt (2012), through the use of multiple central
processing units (CPUs). This spreads the processing load between CPUs in order to improve
processing time, especially for large datasets. For the purposes of this project with relatively

small datasets, however, one CPU was used.

The output of the above function returns a vector with a 3-way classification of the outcome.
The classification is ordered from lowest (clustering of low values) to high (clustering of high
values), and identifies which areas are lower than the mean, those areas near to the mean and

the areas which are over the mean. Where AMOEBA(+) is applied, this outcome has as many
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as 3rower classification levels; thus increasing the resolution of so-called ‘risk’ levels (Castellano

et al., 2013).
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Chapter 4: Results

4.1 mPTB incidence rate outputs

4.1.1 Choropleth output
Incidence was calculated for a two-year period (2018-2019) per 100,000 population, and the
relative rates between regions are illustrated using a graduated colour-scheme of varying
increments with darker colours for areas with greater rates (Figure 10). These values range

from just under 180 to over 461.

TB rate per 100,000
[ <180

[ ]181-250

[ ]251-320

[ 321 -390

B 391 - 460

Bl 61 <

Figure 10: Health sub-district TB rates per 100,000 population for the two-year period 2018-2019

This choropleth representation of mPTB incidence rates generally reflects a distribution that
could be predicted from previous illustrations of the distribution of population income and
areas of poverty (Figures 2, 3, and 4). The lowest incidence rates are located in regions B and

C which are high income, low density regions. It is however, surprising to see that Region F

52



lights up as the metropolitan’s worst affected area with a rate exceeding 461 (averaged at

230.5/100 000 per annum). Nevertheless, these mPTB rates are in general reasonably low.

This map would suggest all efforts should be targeted towards region F (containing 15
facilities), and potentially D (31 facilities) and A (15 facilities). As previously mentioned, rates
are influenced by underlying population with smaller populations being more vulnerable to
extremely high or low values. This could be at play here as region D has a significantly larger
number of cases and population than region F (5001:1 164 021 and 3638:635 233,

respectively), but results in a lower overall rate.

4.1.2 Dasymetric Output
The dasymetrically-derived mPTB incidence rates for 2018/19 are first presented in a polygon
format (Figure 11) for ease of visual comparison with the above choropleth output. The final
grid binary dasymetric output (Figure 12) presents these same rates as constrained to LULC-

identified populated areas.
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Figure 11: Dasymetrically-derived mPTB rate (per 100,000 population) for Johannesburg 2018-2019

The dasymetrically-derive mPTB incidence output reveals a much more nuanced distribution
of rates than that of the previously presented choropleth map (Figure 10). Of interest here is
the fact that areas of high incidence are more isolated and spread out across the region. There

is noticeable clustering of medium and high rates in the north-west, north-east and south-west.
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Figure 11 is useful in displaying facility distribution in the region as well as the associated
mPTB rates. As previously mentioned, the facilities are well-distributed according to
population densities. Thus, the smaller polygons in the south-western region correspond with

our previous illustrations of high population densities (Figure 4).

In low-income areas in the north-east and south-west we see that the facilities are closer
together, resulting in smaller catchment areas. This gives the visual perception that these areas
cater to smaller populations and are less significant, however, the underlying population

densities should be kept in mind.
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Figure 12: Dasymetric map of mPTB rate (per 100,000 population) for Johannesburg 2018-2019

Figure 12 provides an added layer of context to the rates presented in Figure 11, as the rates
are limited to the populated areas within each catchment area. High value polygons may seem
less daunting when it is realised that interventions should be allocated to these restricted surface

arcas.

However, this method also reveals areas of incredibly high incidence, with some areas
exceeding 5000 cases (per 100,000). These figures may be partially inflated due to inadequate

facility catchment area derivation, however, this provides a strong indication that areas of high
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incidence are being missed when utilising simple choropleth methods. A quantification of these

differences is provided in using measure of variation below.

4.1.3 Variance and standard deviation
Through calculation of variance and standard deviation (Table 4.1), it is shown that the
dasymetric mPTB rate data for each health sub-district deviates significantly from the average
rates suggested by the choropleth representative values. These differences may be interpreted
as the information that is lost when using the latter technique which does not consider

underlying population distributions and facility catchment areas.

Table 4.1: Mean values from a choropleth mapping process, and standard deviation of dasymetric values from this mean.

Choropleth
value (proxy Standard
mean) Variance deviation
Johannesburg Health Sub-
district A 431.7 73728.7 271.5
Johannesburg Health Sub- 162.5
district B 34390.3 185.4
Johannesburg Health Sub- 152.9
district C 33582.0 183.3
Johannesburg Health Sub- 429.6
district D 42799.7 206.9
Johannesburg Health Sub- 281.1
district E 51989.9 228.0
Johannesburg Health Sub- 572.7
district F 66686.0 258.2
Johannesburg Health Sub- 348.7
district G 22895.2 151.3

Region F illustrated the highest incidence rates in the choropleth Figure 10, yet here the
dasymetric data demonstrates the second highest variance and standard deviation from the
choropleth mean. This indicates how non-representative this single measure is for the area.
Similarly, the highest standard deviation is seen in Region A, located in the north of

Johannesburg. The region has predominantly low population densities but also hosts two
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incredibly dense, low-income settlements (Diepsloot and Ivory Park); resulting in significant

deviation from the choropleth attempt at a representative value for the region.

Remote sensing imagery has long been considered a revolutionary tool for monitoring and
forecasting human diseases (Rush & Vernon, 1975; Hay, 2000). The ability of the grid binary
dasymetric method to detect greater variation in the data, as illustrated here, therefore endorses

this technique for presenting disease incidence rates.

4.2 Spatial Autocorrelation
4.2.1 Global results
Firstly, we confirmed what patterns are present in the general data; i.e. whether the pattern was

clustered, dispersed or random. This was achieved by measuring global spatial autocorrelation.,

the results of which are shown below in Table 4.2.

Table 2.2: Result of Global Moran’s 1 test for spatial autocorrelation

Global Moran's I Summary

Moran's Index: -0,003629

Expected Index: -0,007194

Variance: 0,000032
zZ-score: 0,634214
p-value: 0,525941

The resultant p-value is not statistically significant, therefore we could not reject the null
hypothesis of CSR. This indicates that the overall pattern and trend of the data is not

significantly clustered or dispersed. However, this does not necessarily indicate that there are
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no isolated clusters, or hot spots. These could instead be detected using local spatial

autocorrelation statistics which assess each feature within the context of neighbouring features.

4.2.2 Local results
Significant local spatial autocorrelation is presented here by type of association (Figure 13);
(1) KNN, (2) Distance threshold, and (3) Inverse distance. The number of statistically
significant hot spots, illustrated in red, varied for each (n = 18, 11, and 6, respectively). All

three methods revealed no significant cold spots.

In all three cases, there are clear clusters in regions F and D. The inverse distance method

detected the fewest number of clusters, but detected two additional hot spots.

The default distance threshold for neighbourhood search in the two distance-related methods
(fixed distance band and inverse distance/inverse distance squared) was 5309 metres. This was
deemed adequate as it ensured that each neighbour had at least one neighbour and did not result

in excessively large neighbourhoods (Grekousis, 2020).
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I Cold Spat - 999% Canfidence:
Cold Spat - 959% Confidence
Cold Spot - 908% Confidence:

. Hot Significank
Hat Spat - 90% Canficencs Hot Spot - 90% Confidenos
Hot Spat - 95% Conficence Hot Spot - 95% Confidence
I Hot Spat - 99% Conficence I Hot Spot - 99% Confidence

o
[ Hot Soct - 9% Conficence

Figure 13: Hot spot analysis results for (1) KNN, (2) Distance threshold, and (3) Inverse distance & Inverse Distance Squared

These hot spots refine the dasymetric findings in 4.1.2 and identify catchment area clusters

which may account for higher transmission rates within their boundaries and to neighbouring
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areas. Targeting these facilities as part of new detection and treatment interventions could have

exponential effects.

4.2.3 AMOEBA

+  Clinics

] Low duster - 1/
I Hich cluster - +  Clinics
[ outside cluster —£L Low
B High

Figure 14: mPTB incidence clusters determined using the (1) AMOEBA and (2) AMOEBA(+) algorithms

Figure 14(1) shows the results of a 3-class AMOEBA. 18 hot spots were identified, with the
majority of the study area falling into low value clusters. Those values which are closest to the
mean of the overall study area do not fall into the low or high cluster classifications and are

therefore designated as ‘outside’ of a cluster (Barro et al., 2015).

Visualisations of clusters is highly controlled by the divisions of the resultant G,,,, values as
derived for each ecotope. Therefore the AMOEBA+ algorithm was also executed, resulting in
a wider spectrum of classifications. The output in Figure 14(2) provides a range of clustering
classes from low to high. This visualisation, better illustrated through a stretched colour
symbology, divides the G,,,, output into 81 value ranges. We can therefore visually identify
areas with less extreme highs and lows than required for Figure 14(1). This may be useful in
future, for example if one were to create a hierarchy of facilities in need of increased

intervention. It is also interesting to note the visualised multi-directional groupings of high and
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medium values offer by the AMOEBA(+) algorithm. This is clear in a congregate cluster in the

north of the city, as well as in a more serpentine manner in the mid-south region.
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Chapter 5: Discussion

The choropleth and dasymetric results have illustrated the heterogenous nature of mPTB
incidence in our study region of Johannesburg to varying degrees. The differences between the
outputs are attributed to the scale at which the data has been calculated and presented, as well

as the consideration of discrete facility catchment boundaries as explored in the latter.

The choropleth output considered incidence as a health sub-district level with no consideration
of true facility service reach. This epitomises the MAUP issue where arbitrary boundaries
misrepresent the organic boundaries of phenomena. Whilst it would have been reasonable to
have anticipated the highest incidence rates to be located in Region D which contains the
greatest number of clinics, some of the highest population densities and the largest
concentration of people living below the poverty line, instead, the output suggested that Region
F is of greatest concern. Reasons for the choropleth’s inherent weaker performance are well-
known, with assumptions of homogeneity resulting in true variation being lost. Smaller units
of analysis are therefore preferential, however, in this case the approach offered little
information on the distribution of mPTB incidence given that there are just 8 health sub-

districts in the City of Johannesburg local municipality.

A dasymetric representation of mPTB was then accomplished using a combination of
population census data, facility mPTB count data, and LULC data in vector and raster formats.
The final output (Figure 12) provides incidence at a health facility service area scale. The
incorporation of a binary (residential vs non-residential) LULC classification system, allowed
results to be filtered to populated areas. This output still assumes homogeneity, but does so at
a much smaller scale. Given the varying densities and presence of large unpopulated areas in

Johannesburg, this had a significant impact on the mPTB incidence rates, as similarly seen in
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previous literature (Jega, Comber & Tate, 2017). High incidence service areas were identified

in every sub-district, with the majority falling within Region D.

In addition to providing more detailed visualisations of incidence, these data are presented in a
format that can easily be integrated with putative socioeconomic and environmental factors for

further analyses.

The differences between the choropleth and dasymetric methods were quantified using
variance and standard deviation to measure the spread of the dasymetric outputs around the
choropleth representative values for each health sub-district. Standard deviations were
significantly high, varying between 151 and 182 for each sub-district, indicating substantial
underlying fluctuations in mPTB incidence within the areal units. Our third objective, to
determine optimal locations for dCXR interventions, requires analysis on a meaningful scale,
which therefore cannot be addressed through the standard choropleth approach. The dasymetric

output was therefore considered.

The resultant, better dasymetric visualisation of geospatial ‘risk’ of mPTB, calculated from a
more realistic, detailed interpretation of implicated population, made it possible to study the
spatial clusters of incidence. A global spatial autocorrelation analysis did not reveal any
significant pattern of clustering or dispersion when considering the spread of the data in the
whole study area. This is understandable given succeeding local spatial autocorrelation outputs
which identified a maximum of 18 positively significant polygons (with varying degrees of
significance) out of a total of 139. These local indices did, however, identify clusters of
significantly positive incidence — supporting a global body of literature on mPTB that
consistently enforce that spatial distributions of the disease are not uniform in cities (Queiroga

et al., 2012; Shaweno et al., 2018).
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These are incredibly useful in answering our study aim of identifying hot spots where dCXR
interventions may be targeted. Instead of developing strategies aimed at all facilities in the
seemingly most affected health sub-district, these interventions can be more strategically

placed throughout the city.

Three standard local hot spot techniques were compared to the cluster morphology AMOEBA
(and AMOEBA+) method which has been endorsed in literature as a superior technique for
detecting clusters or a non-compact nature. There is spatial agreement between the highest
values illustrated in the AMOEBA output (Figure 14) and that of the 6 hot spots identified in
the inverse distance output (Figure 13). This indicates that the assumption made by the IDW —
that local influence that diminished with distance — may hold true for disease incidence. This

makes intuitive sense given the transmissible nature of TB.

The hot spot outputs should be considered alongside the LULC-constrained distribution of
mPTB (Figure 9); thus an additional, exploratory overlay was generated using the AMOEBA
output and the binary populated raster data (Addendum 2). From here we can identify certain
service areas with seemingly small population distributions and resultant high mPTB
incidences. Other high incidence areas contain higher densities of residential pixels,

representing facilities that, if targeted, could serve a larger audience and have a greater impact.

In theory, it would be possible to carry out AMOEBA on raster data (grids) using the spdep
package in R to create neighbours via the cel12nb command. However, this is only appropriate
for smaller datasets (Crago & Aldstadt, 2012; Duque et al., 2010) as the resulting neighbour
list is a product of the number of rows and columns (in this case 2294*2859 = 6 558 546).
Therefore available computational power presented a limitation to this study, indicating that
the full potential of the AMOEBA method requires substantial resources not commonly

available in public health settings.
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Chapter 6: Conclusion and Recommendations

The overall aim of this research project was to determine whether spatial interpolation
techniques offer a more accurate, detailed representation of TB incidence in a hot spot detection

application.
The following objectives were completed as a means to achieve this aim:

- Determine TB incidence using a standard choropleth mapping approach
- Determine TB incidence using an advanced dasymetric technique
- Compare the TB incidence outputs of the choropleth and dasymetric methods

- Identify TB incidence hot spots

After a review of existing international and local literature, a dasymetric form of areal
interpolation was identified as the most appropriate technique given the available data and the
research problem that required transferring population data to different spatial units. This

method was presented as an alternative to conventional TB disease choropleth mapping.

Consequently, the study illustrated two methods for presenting disease incidence data: a
standard choropleth method, and a dasymetric mapping method. In the latter case, a focus was
placed on creating an accurate and detailed depiction of underlying population distributions in
order to calculate TB incidence at a finer scale. This required a diversity of datasets, some of
which may not usually be associated with disease mapping. LULC raster and vector datasets,
derived from satellite imagery, provided auxiliary information identifying areas that are most

likely populated.

The results from the dasymetric technique were then compared to values derived from the
choropleth process, considering location variance in the form of standard deviations. From the

statistical output, it could be concluded that the choropleth mapping technique vastly under-
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captures the distribution and variation in TB incidence rates across Johannesburg. In directly
answering the research aim, it can be said that the dasymetric spatial interpolation technique
provides an alternative, more detailed representation of TB. The accuracy of the output is
implied by literature that indicates that the majority of populations use their nearest facility
(Stats SA, 2016; Tanser et al., 2001; Tanser, Gijsbertsen & Herbst, 2006). The true accuracy of

the output would require additional ground-truthing data in the form of actual clinic usage.

Consideration was then given to spatial autocorrelation in the data. The choropleth sub-district
depiction of incidence was not of a fine enough scale to warrant a hot spot analysis. Instead, it
was possible to visually identify which sub-districts were of concern directly from the mapping
output. The dasymetric method, however, provided a detailed account of TB incidence across
the study area. Although a significant spatial pattern was not present at a global scale, hot spots
were detected using a local autocorrelation index, applied through various models. It was not
possible to perform the analysis on the final raster output due to computational limitations,

therefore significant clusters were identified using the facility catchment area polygons.

4.3 Limitations of the study

1. Thiessen-polygon-generated proxy facility catchment areas were used to define the area
from which patients are drawn. This assumed that people utilise their nearest facility based
on simple Euclidean distance from facilities. A better understanding of utilisation and
preference, using qualitative and quantitative information, could greatly improve the
accuracy of population allocations to clinics. More accurate catchment areas could also be
explored, e.g. utilising routable transport network data, however this may not improve
results as substantially as one may think (as seen in Tanser et al. 2006, previously
discussed).

2. For the purposes of this research, only clinics were considered. Further research required

for integrating data from other types of facilities.
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3. Further investigation is required regarding quality of the census data known to be less
accurate in metropolitan areas, given their complex nature, calling its quality into question
(Weir-Smith, 2016).

4. This study did not consider any underlying variables, apart from population, when
determining TB distribution. This therefore makes it an incomplete study if wanting to
identify optimal locations for implementing dCXR initiatives. Dasymetric mapping
methods do cater for additional auxiliary data, e.g. through combining the LULC data with
more detailed information relating to socio-economic characteristics of the populated pixels

(e.g. informal vs formal, rural vs urban, high density vs low density).

4.4 Recommendations and future research
The findings of this study provide provisional recommended facilities for targeted dCXR
interventions. Final locations should be determined using methods that solve the limitations,

as listed above.

On a more general note, it is recommended that standard TB spatial monitoring practices be
reviewed to ensure that the information provided to policy makers is at the scale required for

making informed, strategic decisions.

The dasymetrically determined population raster, one of the outputs of this project, provides a
foundation upon which analysis of a phenomenon may be carried out almost any scale. This
means that further investigations into human and environmental factors that influence or are
correlated with mPTB, such as income, household size, population density may be included in
models. Utilization of multivariate auxiliary datasets in this way may be explored through

intelligent dasymetric mapping.
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2. AMOEBA overlayed with residential pixels

I Residential
[ ] Low cluster
I High cluster

[ ] outside cluster

75



3. Ethical Clearance Certificate

UNIVERSITY OF THE
WITWATERSRAND,
JOHANNESBURG

SCHOOL OF GEOGRAPHY, ARCHAEOLOGY & ENVIRONMENTAL STUDIES ETHICS
COMMITTEE
CONSTITUTED UNDER THE UNIVERSITY HUMAN RESEARCH ETHICS COMMITTEE (NON-MEDICAL)

CLEARANCE CERTIFICATE PROTOCOL NUMBER: W-GAES-2021/GEOG-02

PROJECT TITLE: Dasymetric Estimation of Population Density and Areal Interpolation of Facility-Level
Tuberculosis Data

INVESTIGATOR Ms Betn Cranksnaw
SCHOOL/DEPARTMENT OF INVESTIGATOR Bovsrashy; Arsnaciosy snd Envieaamses: Stuares
DATE CONSIDERED 23 Maren 2021
DECISION OF THE COMMITTEE Agpreved unéondionsiiy
RISK LEVEL NO RISK
EXPIRY DATE 30 Duswrives 2027
i
ISSUE DATE OF CERTIFICATE: 230 Maccr 2027 CHAIRPERSON:

(Professor Muiaia Danny Simateie)

ce. Supervisor:

DECLARATION OF INVESTIGATOR

To be completed in duplicate and ONE COPY reoturned to the Chairperson of the Schc(\l/Douurlrnzy nt ethics

committee.
| fully understand the conaitions under which [ am are authorized to carry out the abovaementioned research on

gusrantee to ensure compliance with these conditions. Should any departure to be contem plated fram the research

procedure as approved [/we undertake to resubmitthe protocol to the Committee

723 1 03 2021

€ignature Date

PLEASE QUOTE THE PROTOCOL NUMBER ON ALL ENQUIRIES

76



	SUPERVISORS:
	Declaration
	Abstract
	List of Figures
	List of Tables
	List of Acronyms
	List of Abbreviations
	Chapter 1: Introduction
	1.1 Background
	1.2 Research Problem
	1.3 Aims and Objectives
	1.4 Study significance
	1.5 Ethical considerations
	1.6 Research report outlines

	Chapter 2: Literature review
	2.1 Introduction
	2.2 Choropleth mapping
	2.3 Spatial interpolation
	2.3.1   Dasymetric mapping

	2.4 Comparison of choropleth and dasymetric methods
	2.5 Spatial Autocorrelation
	2.5.1    Hot spot analysis

	2.6 Research assumptions
	2.6.1 Study population
	2.6.2 Utilisation of nearest facility


	Chapter 3: Methodology
	3.1 Introduction
	3.2 Study Area
	3.3 Data acquisition and preparation
	3.3.1 Microbiologically-confirmed Pulmonary TB (mPTB) data
	3.3.2 Population data
	3.3.3 Land-use dataset

	2.7 Choropleth method
	2.8 Dasymetric method
	2.9 Comparing the two methods
	2.10 Spatial autocorrelation
	3.8.1 The AMOEBA method


	Chapter 4: Results
	4.1 mPTB incidence rate outputs
	4.1.1 Choropleth output
	4.1.2 Dasymetric Output
	4.1.3 Variance and standard deviation

	4.2 Spatial Autocorrelation
	4.2.1 Global results
	4.2.2 Local results
	4.2.3 AMOEBA


	Chapter 5: Discussion
	Chapter 6: Conclusion and Recommendations
	4.3 Limitations of the study
	4.4 Recommendations and future research

	References
	Addenda
	1. SANLC Classification Map
	2. AMOEBA overlayed with residential pixels
	3. Ethical Clearance Certificate


