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Abstract

COVID-19 has presented itself with an extreme impact on the resources of its
epi-centres. In Uganda, there is uncertainty about what will happen especially
in the main urban hub, the Greater Kampala Metropolitan Area (GKMA).
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Consequently, public health professionals have scrambled into resource-driven
strategies and planning to tame the spread. This paper, therefore, deploys
spatial modelling to contribute to an understanding of the spatial variation
of COVID-19 vulnerability in the GKMA using the socio-economic charac-
teristics of the region. Based on expert opinion on the prevailing novel
Coronavirus, spatially driven indicators were generated to assess vulner-
ability. Through an online survey and auxiliary datasets, these indicators
were transformed, classified, and weighted based on the BBC vulnerability
framework. These were spatially modelled to assess the vulnerability indi-
ces. The resultant continuous indices were aggregated, explicitly zoned,
classified, and ranked based on parishes. The resultant spatial nature of vul-
nerability to COVID-19 in the GKMA sprawls out of major urban areas, dif-
fuses into the peri-urban, and thins into the sparsely populated areas. The
high levels of vulnerability (24.5% parishes) are concentrated in the major
towns where there are many shopping malls, transactional offices, and
transport hubs. Nearly half the total parishes in the GKMA (47.3%) were
moderately vulnerable, these constituted mainly the parishes on the out-
skirts of the major towns while 28.2% had a low vulnerability. The spatial
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approach presented in this paper contributes to providing a rapid assess-
ment of the socio-economic vulnerability based on administrative decision
units-parishes. This essentially equips the public health domain with the right
diagnosis to subject the highly exposed and vulnerable communities to regu-
latory policy, increase resilience incentives in low adaptive areas and opti-
mally deploy resources to avoid the emancipation of high susceptibility areas
into an epicentre of Covid-19.

Keywords

COVID-19, Socio-Economic Vulnerability, Spatial Modelling, Greater
Kampala Metropolitan Area

1. Introduction

The outbreak of the novel Coronavirus (SARS-CoV-2) in China in December
2019 as a pathogen transmitted by the respiratory route leading to COVID-19
pandemic [1], has refocused the global attention on regional, national, and local
spread suppression of a disease that is inherent to social interaction. In Africa,
most countries are woefully unprepared for impact [2]. They are plagued by
weak; health systems, financial muscle, surveillance, and laboratory capacity [3].
In African urban communities, many people live together in close quarters. This
makes social distancing, a critical prevention strategy in combating COVID-19
problematic to implement [2] to the urban vulnerable population.

Uganda registered her first case of COVID-19 on 21* March 2020. However,
by 18% March 2020, the President had issued 25 lockdown related guidelines
[4]. This was geared towards impelling the level of transmission to interrupt the
growth of the epidemic in Uganda’s highly socializing society. Like most coun-
tries, the major route of slowing the pandemic and peak health care demand is
mitigation through social distancing and isolating suspected cases and their
households. However, the Ministry of Health (MoH) in Uganda quickly noted
that this would not work in set-ups with a large number of youth (75% of the
population), overcrowded urban areas, and business centres [4]. This is typical
of the Greater Kampala Metropolitan Area (GKMA). It has been registered as
the most populated region in Uganda with over seven million people as of 2020
by day population [5]. However, social-economic vulnerability to COVID-19 in
this area can be assessed and scaled to smaller administration units (parishes) to
infuse policy with timely information for application of appropriate COVID-19
mitigation measures. This paper, therefore, addresses this issue and contributes
to an understanding of the spatial variation of COVID-19 Vulnerability in the
GKMA using the socio-economic characteristics of the region.

In the policy context of the COVID-19 pandemic, public health officials have
been forced to make decisions based on scarce evidence [6]. Vulnerability, on

the other hand, is a well-acknowledged concept in risk reduction [7]. It has been
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used as an incentive to policy tailored towards reducing susceptibilities and
strengthening Vector-Borne Diseases (VBDs) resilience independent of the
prevalence [8] [9] [10]. Though common in VBDs, social vulnerability assess-
ments have recently proliferated in infectious disease management [11] [12].
Vulnerability in itself is complex phenomenal and estimating its value in a given
space is a highly dimensional problem affected by a diverse range of anthropo-
logical, environmental, socio-economical, and political drivers [13] [14] plus a
further niche in the context and application. The International Strategy for Dis-
aster Reduction (ISDR) [15] describes Vulnerability as “the conditions deter-
mined by physical, social, economic and environmental factors or processes,
which increase the susceptibility of a community to the impact of hazards”. In
the near contrast, the United National Development Programme (UNDP) de-
fines vulnerability as “a human condition or process resulting from physical, so-
cial, economic, and environmental factors, which determine the likelihood and
scale of damage from the impact of a given hazard” [16]. Given the social con-
text of Covid-19, this study inclines itself to the ISDR definition. Therefore, the
concept of vulnerability herein refers to the conditions determined by physical,
demographic, economic, social and environmental factors or processes, which
increase the susceptibility of communities in the GKMA to the impact of
COVID-19 at any given magnitude and expressed on a scale from 0 (almost no
damage) to 1 (total damage).

The resounding objective of this paper is, therefore, to perform a rapid ad-
ministratively explicit spatial assessment and evaluation of the relative levels of
socio-economic vulnerability between the different parishes in the GKMA, in-
dependent of the COVID-19 prevalence. In essence, this will model the predis-
position of the population in GKMA to being adversely affected by the pan-
demic. Based on the holistic framework of vulnerability and the novel nature of
COVID-19, we exploit expert-based approaches for analysis and aggregation of

the socio-economic and demographic indicators.

1.1. Conceptualization of Vulnerability

There are many measures by which vulnerability is assessed [17], this assess-
ment of vulnerability adopts the BBC framework [18]. This framework ac-
counts for the interaction of demographics, economic and political exposure in
configuring vulnerability [19] these are pivotal in the prevalence of COVID-19.
This framework allows for the conceptualization of multi-dimensional and
complex nature of vulnerability at different spatial scales. Here, vulnerability is
characterized into three factors; Exposure, Susceptibility, and Copying/Adaptive
Capacity as shown in Figure 1. Concerning COVID-19 in GKMA; Exposure
herein refers to people, property, systems, or other elements present in impact
zones that are thereby subject to potential losses resulting from the Impact,
Susceptibility herein refers to factors inherent to the physical predisposition of
COVID-19, Adaptive Capacity herein refers to a combination of strengths and
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Figure 1. Conceptual framework [20].

resources available within a community or organization that can reduce the ef-
fect of COVID-19.

1.2. Vulnerability Assessment in the Health Domain

Statistical and probabilistic methods have been used to assess vulnerability in
the health domain [21] [22]. In these methods, bivariate models such as fre-
quency ratio, principal component analysis are applied on archived data to
derive weights that are later used to combine the proxy data to obtain vul-
nerability. Also, multivariate models can be used to study spatial-temporal
relationships and trends between each proxy dataset and vulnerability. From
these, a family of methods and approaches [23] exists depending on the con-
text and source of data. This research adopted the Indicator based. This
methodology integrates scientific knowledge, local expert opinions, historical
data, and national spatial data infrastructures. Furthermore, the methodology
provides for model improvement since it allows flexible addition of new indi-
cator datasets.

2. Methods
2.1. Study Area

Greater Kampala Metropolitan Area (GKMA) shown in Figure 2 consists of the
capital city Kampala and the part of neighbouring Wakiso District, Mukono
District, Mpigi District, Buikwe District, and Luweero District. It is the most
densely populated city landmass in Uganda with a rapidly growing population
that is estimated at 7 million people (day population) in 2020 by the Uganda
Bureau of Statistics (UBOS) in an area of 8451.9 km?® Major urban centers in the
Greater Kampala Metropolitan Area include Kampala City, Entebbe, Mukono,
Wakiso Town, Kira, and Nansana Municipality.
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Figure 2. Greater Kampala Metropolitan Area (GKMA).
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2.2. Modelling Workflow

To encompass the multi-facet nature of the vulnerability, the study adopted
mixed research design [24] to answer the research questions on which areas in
the metropolitan area are most, exposed, susceptible, adaptable, and vulnerable
to COVID-19 pandemic. The study workflow (Figure 3) follows the OECD [25]
guidelines. The major components of the workflow include; 1) Definition of the
vulnerability framework; 2) determining a matrix of indicators classified to the
intricacies of exposure, adaptive capacity and susceptibility to COVID-19 based
on the review of literature and stakeholder expert consultations; 3) Data Collec-
tion (primary and secondary data), primary data collection involved running an
online survey in the region to ascertain current pre-existing medical conditions
and income levels, secondary data methods involved mining historical datasets.
4) Data analysis and spatial transformations; 5) normalisation; 6) weighting; 7)
Multi-Criteria Decision Analysis (MCDA) in the different vulnerability do-
mains; 8) aggregation for the vulnerability index; 9) Scaling to the administrative

unit (parish); 10) Visualisation.

2.3. Parameters

Given the methodology adopted was indicator based, expert stakeholder consul-
tations were conducted to identify the required indicators. The experts were
mainly drawn from the public health, social sciences, and geo-information
science domains. 12 indicators were selected to determine COVID-19 vulnera-

bility (5 Exposure, 5 Adaptive Capacity, and 2 Susceptibility). These were
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Figure 3. Study design and workflow.

selected depending on the available data, the difference in representation, influ-
ence and significance to the analysis, and the spatial and temporal relevance to
the dynamics of COVID-19 Impact.

2.4. Data Collection

The data was collected in two clusters, the secondary data, and primary data.
Secondary data was mainly through data mining already existing datasets.
Primary data on the hand was mainly generated through a social-economic
survey, with an estimated population of close to 5 million by night and 7 mil-
lion people by day, a representative sample was computed using Krejcie and
Morgan method [26].

The sample size (n) is calculated according to the formula:
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n =[z2 *p*(1- p)/eﬂ/[h(z2 *p*(1- p)/(e2 * N))J 1)

where: z = 1.96 for a confidence level (a) of 95%, p = proportion (expressed as a
decimal), N= population size, e = margin of error.

However, besides the statistical sampling, spatial distribution across the study
area was also considered through the re-run of the survey in areas of low re-

sponsiveness.

2.5. Data Transformation

To initiate analysis, the data is transformed into surfaces, these must-have simi-
lar characteristics such as coordinate transformation, spatial extent, pixel size.
This was achieved by subjecting the data to re-projection, resampling, interpola-

tion, and aggregation.

2.6. Data Normalization

Since indicators used in this assessment have different measurements, normali-
zation is carried out to render them comparable before the aggregation. Several
normalization techniques exist [27], this assessment, however, adopted the
max-min method, because of its ability to preserve relationships within the data
[28] and widen the range of indicators laying within a small interval. The indi-
cators are assigned in an identical range, 0 - 1.

In the min-max normalization [24], each indicator Xac for a generic country

c and time ¢is transformed in;

t H t
Xge —Min, (xq)

to_
Iy =

(2)

t H t
max (xq)—mlnC (xq)
where min, (X;) and max, (x;) are the minimum and maximum value of
X;c across all countries ¢ at time ¢ In this way, the normalized indicators |
have values lying between 0 (laggard, x;, =min, (X;) ), 1 (leader,

t t
Xy :maxc(xq)).

qc

2.7. Multi-Criteria Decision Analysis (MCDA)—Weighting and
Aggregation

MCDA is a collection of formal approaches which seek to take explicit account
of key factors in helping individuals or groups explore decisions that matter
[29]. Accordingly, this empowers MCDA procedures as decision rules defining
the relationship between the input map and output map using geographical data,
decision maker’s preferences data manipulation, and preferences according to
decision rules [30]. The preferences are then incorporated into the decision
model in terms of weights or importance assigned to them during evaluation.
Over the past decade, several multi-criteria evaluation methods were introduced
in the GIS environment [31]. This assessment adopted expert based weighting.
This technique is transparent, short, and relatively straight forward [24], how-
ever, it’s also highly subjective. In this case, it was adopted as the assessment was
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run parallel to the prevailing COVID-19 spread mitigation efforts.

Aggregation is a process of combining several values into a single one so that
the final result of aggregation takes into account a given manner all the indi-
vidual values [32]. There are several ways in which indicators can be aggregated
in MCDA [30]. Of these, the Weighted Linear Combination (WLC) and boolean
overlay functions such as intersection (AND) and union (OR) are considered
straight forward and most employed in the GIS environment [33]. This assess-
ment opted for the WLC which multiplies normalized criteria scores by relative
weights for each sub-indicator [34]. The total score is then obtained by multi-
plying the weight (w) assigned to each sub-indicator (x), the normalized value

in given criteria then summing the products overall Index (I) [30].
I => wx, (3)

Zonal statistics are them deployed to generate aggregate values for the admin-
istrative units.

From our framework, vulnerability (V) is a function of Exposure Index (EI),
Susceptibility Index (SI), and Adaptive Capacity Index (ACI); V = f (EI,SI,ACI).
In a study on vulnerability aggregation algorithms [35], Equation (4) resulted in
a more uniform distribution in the different intervals. This study, therefore,

adopted the same aggregation model.

V = El+SIl+ACI (4)

3. Results and Discussion

3.1. Vulnerability Indicators

A composite of 12 indicators were identified and weighted for the construction
of the composites by the expert team. This was mainly hinged on the availability,
influence, and relevancy of data. Table 1 provides an overview of the final set of
indicators, the representative domain, the indicator and domain weights, the
proxy of the data, and the source of the data. A total of 6830 respondents were

obtained from the vulnerability survey.

3.2. Vulnerability Composites

Vulnerability composites were generated as shown in Figures 4(a)-(c) represent
adaptive capacity, exposure and susceptibility indices respectively. Whereas vul-
nerability is often represented on a continuous surface, this study zoned its re-
presentation explicitly to the desired variation based on administrative units
called parishes. Uganda’s administrative units are arranged into; Regions, Dis-
tricts, Counties, Sub counties/divisions, Parishes/Ward and the smallest unit
centers deployed and supported called health centre IIs. These serve at the parish
Villages/Cell. In the health domain, the smallest formal health management lev-
el. Consequently, the vulnerability variation was assessed at the parish level. Fig-
ure 5 shows the statistical impact of the different composites on the parishes.

Here, the scale of impact is divided into 3 clusters; High, Moderate and Low.
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Table 1. Indicators and respective weights for the expert based vulnerability index com-

posite.
X . Indicator Domain Source of
Indicator Domain . . Proxy i
Weights Weight spatial data
Vulnerabilit
Level of income Al 0.4 Income level index tnerabity
Survey
Proximity and
Access to roximiy at Vulnerability
Al 0.2 Transport
good Health Care o Survey
Health Facility
Mobility AL 01 Has Car, bicycle, Vulnerability
motorcycle Survey
Deployed
. . cpioye Vulnerability
Food insecurity Al 0.1 food-management
) Survey
Mechanisms
A diet
. verage qietary Vulnerability
Balanced diet Al 0.2 0.25 energy
Survey
supply adequacy
Sum =1
Vulnerabilit
Elderly population SI 0.4 population above 50 usnue:je; il
Population with -
. Pregnant, Vulnerability
pre-existing SI 0.6 0.4 Hypertension Surve
health conditions TP ’ 4
Sum =1
K la Capital
Schools ElI 0.3 Schools a.mpa a ap.1 a
City Authority
X Government and X
Transactional . Kampala Capital
EI 0.1 private K X
offices o City Authority
organization offices
K la Capital
Transport hubs EI 0.3 Transport hubs a.mpa ? ap.l :
City Authority
Shopping and El 02 Shopping and Kampala Capital
Commercial Hubs ’ Commercial Hubs City Authority
Popula‘tion El 01 035 2020 ?opl‘llation Uganda 'Bu'reau
density projections of statistics
Sum=1 Sum=1

Given the complex nature of vulnerability to infectious disease, and the subjec-
tive nature of expert opinion a three cluster classification is used to widen ag-
gregation given the dynamic nature of the factors incorporated for example

population that varies by day and night.

3.3. Adaptive Capacity

From Figure 4(a), the Centre of the Greater Kampala Metropolitan Area
(GKMA) which is the Central Business District (CBD), the far southern part
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NUMBER OF PARISHES

Adaptive Capacity Exposure Susceptability
® High 21 81 46
¥ Medium 120 62 61
Low 22 20 56

Figure 5. Table showing the number of impacted parishes at different scales.

which is Entebbe municipality that has the Airport, and far East that has Mu-
kono municipality have a high adaptive capacity. From Figure 5, 21 parishes
which represent 12.9% of other parishes in the GKMA also had a high adaptive
capacity. These are mainly in urban areas where there is proximity to high-end
medical facilities, hyper food markets, and the highest income levels. 120 pa-
rishes that represent 74% of the GKMA were moderately adaptive. The GKMA
is the footprint of the Capital City and is therefore flanked by peri-urban areas
that house the urban working class that can afford decent feeding, transport to
hospitals, and moderate-income to sustain them even in lockdown. 22 parishes
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which represent 13.2% of the GKMA were observed to have the low adaptive
capacity. This was characteristic of; slum areas like Katwe I, and Bbanda, and
areas with near village settings like Ssisa, also, areas that are dominated by

swamps, scattered households.

3.4. Exposure

From Figure 4(b) and Figure 5, the centre of the GKMA, the CBD has a high
exposure index, this is the same case in major municipalities like Mukono, Nan-
sana and Entebbe. This accounts for 81 parishes an equivalent of 49.7% of the
total parishes is highly exposed. Areas like Luzira prison parish that’s home to
the main prison and Makerere III that houses the main university as well as slum
areas are in this category. These areas have a relatively high population especially
by day, multiple transport hubs, transactional offices as well as shopping and
commercial hubs. To control a potential outbreak in these parishes, the restric-
tion should be put on public transport to control the day population influx. 62
parishes that represent 38% of the parishes in the metropolitan area are mod-
erately exposed. They are mainly peri-urban areas, for example, Nabweru, Kata-
bi, Kikaya. These are observed to be highly residential areas, whereas they have a
high population, there is controlled transport, transaction, and shopping inte-
raction. 20 parishes which represent 12.3% of the parishes in the GKMA were
found to have low exposure. These are mainly on the extreme ends of the met-
ropolitan area. These areas are characterized by space population, limited shop-

ping areas, and only stop-over transport points.

3.5. Susceptibility

Figure 4(c) and Figure 5 show 46 parishes which represent 28.2% were highly
susceptible. The central to GKMA had the highest concentration with the east-
ern parishes of being predominant. By the late 19th century, modern-day Kam-
pala was spread out to this area over three major hills: Mengo, the capital (Ki-
buga) of Buganda Kingdom) and location of the Kabaka’s palace (Residence of
the King of Buganda), Rubaga, the site of the Catholic mission, and Namirembe,
the home of the Protestants [36]. This area had the largest settlements to ap-
proximately 77,000 Indigenous Baganda, while Rubaga and Namirembe housed
European missionaries and their cohorts. Settlements in these areas have there-
fore been in existence for long. This explains the high response of the old aged
populace in the respective areas. 61 parishes that represent 37.4% of the parishes
were moderately susceptible, this was observed in areas that have recently be-
come residentially dominated, there was an urban shit in the early 2000s to areas
which are in Wakiso district but satellite to Kampala [37]. These areas are now
believed to have the main urban population between 21 - 45, as they have the
main rental and residential market. 56 parishes that represent 34.4% of the pa-
rishes had a low susceptibility, these are mainly associated with the urban youth,
and dynamic age group settlements. The survey observed a strong correlation of

pre-existing conditions with old age.
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3.6. Vulnerability

Figure 6, represents the vulnerability index composite, in this composite, 40 pa-
rishes which represent 24.5% of the GKMA were highly vulnerable. These areas
are majorly observed in the central enclosing Kampala central and Rubaga
sub-counties. Major municipalities like Entebbe and Mukonoin the south and
the Far East respectively also presented a high vulnerability index. Whereas the
adaptive capacity is good in these areas, exposure and susceptibility are high.
This calls for policy interventions as the likelihood of COVID-19 having an
impact in this area is high. A big number of parishes, 77 parishes which
represent 47.3% were moderately vulnerable. These are the outskirts of major
municipalities and towns. The adaptive capacity is largely moderate in these
areas but there are varying levels of exposure and susceptibility. These areas
should enhance COVID-19 Control mechanisms concerning the exposure and
susceptibility variations. A total of 46 parishes which represent 28.2% had a
low vulnerability. These are in the areas were on the outskirts of peri-urban
areas, they are characterized by relatively low population compared to the city

centre, longer distances to hospitals, limited transaction offices, shopping, and
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Figure 6. Vulnerability index of greater Kampala metropolitan area.
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transport hubs. These areas have a low adaptive capacity and should have re-
sources allocated to them to increase their resilience, fortunately, the social
amenities responsible for high exposure are low in these areas, however, the
sporadic nature of susceptibility and individual level calls for sensitization and

travel restrictions to such areas.

3.7. Visualization

An open web map series was developed on the ArcGIS online infrastructure to
transform the mapping from static to dynamic. The dynamic maps as shown in
Figure 7 enable the interactive interrogation of the vulnerability indices to de-
tail. A vulnerability matrix was developed grouping the exposure, susceptibility,
adaptive capacity, and vulnerability as shown in Figure 8, this quickens data

access and comparison outside map interpretation.
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Figure 7. Hosted Vulnerability indices platform.
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Figure 8. The vulnerability matrix.
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4. Conclusion and Recommendations

The challenges COVID-19 pandemic asserts on public health are critical and
innovation is central. This paper presents a spatial approach for assessing so-
cio-economic vulnerability in the GKMA. Based on expert opinion on the pre-
vailing novel Coronavirus COVID-19, spatially driven indicators were generated
to assess vulnerability. Through an online survey and auxiliary datasets, these
indicators were obtained, transformed, classified, and weighted based on the
vulnerability framework. These were spatially modeled to assess the exposure,
susceptibility, adaptive capacity, and vulnerability indices. The resultant conti-
nuous indices were aggregated, explicitly zoned, classified, and ranked on a con-
tinuum of high, moderate, and low based on administrative units called parishes.
The results create a parish by parish variation in socio-economic vulnerability
that rewards policy with the “where” information to channel regulatory re-
sources to the highly exposed and vulnerable major towns, increase adaptability
in the peri-urban areas, and infuse a socio distancing workflow in the highly
susceptible areas. This essentially ensures that localities are empowered to obtain

and sustain resilience through evidence-based decision making.
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