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EXECUTIVE SUMMARY

Background:

Clean air is a human right and a condition for healthy living, but air pollution remains
a global concern. The World Health Organization (WHO) has stated the detrimental
health effects of air pollution, equating the effects to other health risks including an
unhealthy diet and smoking tobacco. Air pollution is a complex mixture of droplets,
solid particles, and gases, such as particulate matter (PM), nitrogen dioxide (NO2),
ground-level ozone (O3), and sulphur dioxide (SO2). Air pollution is globally recognised
as the most significant environmental threat to human health. Exposure to air pollution
is associated with increased risk of respiratory diseases, cardiovascular diseases, and
cancers, as well as increased risk of mortality. The global estimation of the number of
deaths from air pollution ranges from 6.7 to 7 million deaths. Low- and middle-income
countries (LMIC) are reported to account for a substantial proportion of these fatalities,
with Africa accounting for approximately one-million deaths. Long-term exposure to

household air pollution has also contributed 4% of global deaths.

There are a number of pollutants that have been associated with negative health
effects. As of 2019, in South Africa, the State of Global Air estimated 24 800 premature
deaths due to exposure to PM2s. However, this may be an underestimation as there
are only a few studies in South Africa sampling PMzs and associating the pollutant
with mortality. Ground-level ozone has contributed to approximately 365 000 deaths,
equating to 11% of chronic obstructive pulmonary disease (COPD) deaths globally.
However, all air pollutant estimations and the associated number of deaths are reliant
on exposure-response functions derived from epidemiological studies that are
predominantly conducted in developed countries. Currently, there are limited studies
conducted in LMIC, like South Africa that provide a comprehensive understanding of
the impact of air pollution. Hence, it is critical for more epidemiological studies on air

pollution to be conducted in countries such as South Africa.

The epidemiological evidence on the health effects of air pollution mixtures is lacking
globally. This could indicate a current underestimation of the health risks from merely
adding air pollutants together in statistical models. There are various traditional
statistical methods that have been proposed to investigate the health effects of air

viii
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pollution mixtures, such as multi-linear regression, classification and regression tree
analysis (CART), cox proportional hazards regression, etc. Recently researchers have
also applied Machine Learning (ML) methods, which is a subset of Artificial Intelligence
(Al), to address this topic. The majority of studies have applied unsupervised ML, such

as k-means clustering, however, such studies are lacking in Africa.

Additionally, there are multiple sources, both man-made and natural, that can lead to
different mixtures of air pollutants, such as PMio and PM2s. While many
epidemiological studies mainly focus on the mass of PMio and PM2s, few studies
investigate the chemical composition and identification of their sources. Positive Matrix
Factorization (PMF) is a well-regarded method for source apportionment. Similar to
other research areas, ML methods such as k-means and spectral clustering are being
used as alternative source apportionment methods. Even fewer studies in South Africa

are investigating the use of ML as a source apportionment method.

Therefore, the aim of this PhD thesis was to address some of the research gaps
identified above, namely, the lack of studies in Africa on the health effects of air
pollution mixtures and PMz2s source apportionment, whilst also assessing the
applicability of Al methods, such as unsupervised ML, in air pollution epidemiology in

South Africa. The thesis objectives were to:

e Assess the perceptions and attitudes regarding Al in public health among
postgraduate students registered for the online Postgraduate Diploma in Public
Health at the School of Health Systems and Public Health (SHSPH), University
of Pretoria (UP).

e Determine the joint effects of SO2, NO2, Os, PM2s, and PMio on hospital
admissions for respiratory disease (RD) and cardiovascular disease (CVD) in
Vereeniging and Vanderbijlpark, Gauteng, using traditional statistical analysis,
specifically, classification and regression trees. Thereafter, unsupervised
Machine Learning methods are utilised to determine the joint effects of the air
pollutants on RD and CVD hospital admissions.

e Compare two methods of source apportionment of PMzs in Pretoria — a
traditional method such as Positive Matrix Factorization (PMF) and

unsupervised Machine Learning clustering methods.
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Method: The PhD project was divided into three parts. The first was a cross-sectional
survey among students enrolled in the Postgraduate Diploma in Public Health at UP

to assess perceptions and attitudes regarding Al in public health.

The second part of the project was to determine the joint effects of SOz, NO2, Os,
PMzs, and PMio on RD and CVD hospital admissions in Vereeniging and
Vanderbijlpark, in the Vaal Triangle Airshed Priority Area (VTAPA), South Africa.
There was a total of 3 346 observations from 2 January 2011 to 29 February 2020
(before the first recorded COVID-19 case in South Africa). The statistical CART
analysis was used to assess the joint effects. Seven air pollution mixtures were
created in the analyses, i.e. (mixture 1) PMio, NO2, and SOz, (mixture 2) PM2.5, NOz,
and SOz, (mixture 3) PM1o, NO2, and Os, (mixture 4) PM2s, NO2, and Oz, (mixture 5)
PMao, SO2, and Os, (mixture 6) PM2.s, SO2, and O3, and (mixture 7) O3z, NO2, and SOx.
Thereafter, unsupervised ML clustering methods — k-means, spectral clustering, and
Density-Based Spatial Clustering of Applications with Noise (DBSCAN) — were applied
to the air pollution data to determine their joint effects on RD and CVD hospital

admissions.

Lastly, source apportionment for PMzsin Pretoria was performed using PMF analysis
and unsupervised ML clustering methods, i.e. k-means, spectral clustering and
principle component analysis (PCA). There was a total of 428 observations collected
from 18 April 2017 to 12 February 2021. Gravimetric analysis was used to calculate
the concentration levels and species identification was done through X-ray
Fluorescence (XRF). The following fifteen identified species were used in the PMF
model: PM2s, BC, UV-PM, S, CI, K, Ca, Ti, Fe, Ni, Cu, Zn, Br, U, and Si.

Results: 618 respondents completed an online survey (81.5% response rate).
Generally, respondents thought Al would be capable of performing various tasks that
did not provide direct care to individuals. Most (69%) agreed that the introduction of Al
could reduce job availability in public health fields. Respondents agreed that Al in
public health could raise ethical (84%), social (77%), and health equity (77%)
challenges. Relatively few respondents (52%) thought they were being adequately
trained to work alongside Al tools and the majority (76%) felt training of Al

competencies should begin at an undergraduate level.
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The air pollution (SO2, NO2, O3, PM25, and PMio) and meteorological data (relative
humidity and temperature) used was from 1 January 2011 to 29 February 2020 (before
the first recorded COVID-19 case in South Africa). Due to the missing air pollution and
meteorological data for the VTAPA area, data was imputed using the multiple

imputation by chain equations (mice) method.

There were 54 822 respiratory disease (RD) hospital admissions in VTAPA from 2
January 2011 to 29 February 2020 (before the first recorded COVID-19 case).
Generally, the risk of RD hospital admissions increased by 1.04 (95% CI 1.01, 1.08)
when exposed to mixtures with high levels of NO2 and varying levels of SOz, Oz, PM2s,
and PMaio. There were 22 205 cardiovascular disease (CVD) hospital admissions in
VTAPA during the study period. The RRs of CVD hospital admissions increased
among those exposed to air pollution mixtures numbered (2), (3), (4), (6), and (7) by
1.11 (95% CI 1.02, 1.20), 1.15 (95% CI 1.04, 1.29), 1.13 (95% CI 1.05, 1.21), 1.11
(95% CI 1.02, 1.20), and 1.14 (95% CI 1.06, 1.22), respectively. Similar to findings for
RD, the highest risk for CVD hospitalisation was found when exposed to high levels of
NO:2 and varying levels of SOz, O3z, PM25, and PMio.

The unsupervised ML clustering methods used — k-means clustering and spectral
clustering — showed that the air pollution data SO2, NO2, Os, PM25, and PMio were
best grouped into two clusters. However a three-cluster spectral clustering model
using the normalised Laplacian matrix, showed that the risk of RD hospital admission
increased when exposed to SO2, NO2, PMzs, and PMao in higher concentration levels,
and lower levels of Ozby 1.04 (95% CI 1.01-1.08). None of the formed cluster mixtures
were found to increase the risk of CVD hospital admission. The DBSCAN clustering
method did not prove to be an appropriate clustering method, as it greatly reduced the

dataset and produced ill-distributed observations within formed clusters.

A seven-factor PMF model was assigned to PM2zs data collected over a 46-month
period in Pretoria, South Africa. The seven contributing sources identified included
mining (43.2%), biomass/coal burning (14.2%), secondary sulphur (12.1%), road
traffic (11.3%), industry/base metal (8.7%), resuspended dust (8.5%), and general
exhaust emissions (2.0%). PMF analysis was relatively easy to conduct and analyse,
however, the process proved to be computationally taxing for medium to large

datasets. Additionally, the modelled PM2s concentration levels was lower than the
Xi
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actual PMz2s concentration levels; the correlation between modelled PM25s and actual
PM2.s data was R2 = 0.6.

The seven-cluster spectral clustering model, using the normalized Laplacian matrix,
showed feasible sources for the PM2s data during the 46-month period in Pretoria,
South Africa. The possible identified sources of PM2.s were coal burning (42.89%),
industry (22.0%), resuspended dust (10.4%), base metal (6.7%), road traffic (6.8%),
general exhaust emissions (5.8%), and secondary sulphur (5.5%). Spectral clustering
was easy to run, not computationally taxing, and utilised the complete dataset within
the clustering. This suggests that it was a good dimension reduction tool that can
produce plausible results for source apportionment. However, there was an issue of
overlapping clusters and a lack of external validation for the formed clusters. This is a

reason of concern when using spectral clustering for source apportionment.

Conclusion: The study contributes to the limited, but growing, knowledge and
application of ML and Al in public health and air pollution epidemiology. The survey
yielded a variety of views. There was a general assumption that Al in public health
could assist in performing particular tasks at different health levels that did not involve
direct care. There was also a general consensus that Al had the potential to raise

unemployment and ethical challenges in the public health field in South Africa.

SO2, NO2, O3, PM2s, and PM1o mixtures proved to be associated with RD and CVD
hospital admission. The mixtures showed that a higher concentration of NO:2 in
combination with varying concentrations of SO2, O3, PM25, and PMio can lead to
increased risk of both RD and CVD hospitalisation. This result contributes
epidemiological evidence that can help policy makers to introduce stricter policies for

improving the air quality of national priority areas, such as VTAPA in South Africa.

Unsupervised ML could be useful in determining joint effects of air pollutants on
hospital admission and other health outcomes. K-means and spectral clustering were
both relatively easy to run and analyse; they were also less time consuming in
comparison to the CART analyses. The process also showed promise for analysing
more than three air pollutants, in spite of the different interactions. However, it is

evident that further study is needed before unsupervised ML can be considered a

Xii
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reliable and definite tool to study the joint effects of air pollution on different health

outcomes.

PMF modelling suggested that mining and industry were the main contributing factors
to PM2sin Pretoria. However, there is a great need for more studies that sample PM2:s
in Africa. Source apportionment studies are vital in the evaluation of policies intended
to protect communities from the detrimental health effects of PM2.s. The PMF software
was relatively easy to use and the data produced was relatively easy to analyse for
possible sources of PM2s. However, the three model runs only showed 0.4 to 0.6

correlation with the original data.

Unsupervised ML for source apportionment is still a relatively new concept and needs
to be further explored. In comparison with PMF, spectral clustering showed potential
as a dimension reducing tool for source apportionment. Although the sources identified
in the spectral clustering model showed similar sources identified in the PMF model,
there were some noticeable limitations. Extensive studies are needed to continue

exploring the potential of clustering for source apportionment studies.

Furthermore, there is a need to increase air pollution epidemiology and source
apportionment studies in South Africa. This will increase African-based evidence of
the detrimental effects of air pollution. Air pollution studies using unsupervised ML has
the potential to be used in air pollution and public health studies. This project produces
a baseline in the current perceptions of Al in public health and could lead to more in-
depth studies on the topic. With hopes to initiate conversation around including Al in
public health, this project shows epidemiological evidence that can be used to
advocate for stricter, more effectively enforced air quality standards and management
plans in VTAPA. Lastly, the project also produces a baseline framework for including
the application of ML in epidemiological and source apportionment studies. Spectral
clustering provided plausible results in comparison to the results obtained using
statistical and traditional models. Although the study used a limited number of
unsupervised ML methods, it is highly recommended that other unsupervised ML
methods be used in further public health studies to continue investigating the practical

implementation of Al in public health.

Xiii
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CHAPTER 1: BACKGOUND

1.1. DEFINING THE RESEARCH PROBLEM

Artificial Intelligence (Al) and Machine Learning (ML) are often used interchangeably,
however, while they are related, they are not necessarily the same. Despite the recent
popularity of Al and ML, the concept is not new and has been used since the 1950s.%
3 In the information technology (IT), computer industry, and some business and
finance industries, Al and ML have been adapted and used in multiple procedures.**°
There has also been Al and ML application within medical sciences, such as
diagnostics and surgeries in the form of neural networks, natural language processing,
and even robotics.'1® Al and ML have also been utilised in epidemiological

research.15:20-25

Internationally, the inclusion of Al in medicine, public health, and epidemiology
appears to produce more advanced research as compared to research done within
Africa. Al and ML research in South Africa is increasing in multiple fields, including the
business and financial sectors.?%?2 There is evidence showing South-African-based
computer science and technology studies are seemingly at the same standard as their
global counterparts, this also includes the progression of Al in diagnostics.142°

Within South African health research Al and ML have been used in diagnostics, HIV
research, and in clinical monitoring.1”3%-32 In low-to-middle-income countries (LMIC),
the main focus of Al interventions has been on health issues such as tuberculosis, 333
34 malaria,®*3 non-infectious diseases in children and infants, and cervical cancer.??
Although research concerning Al in public health in Africa is growing, Al applications
in public health and medical studies are more prominent in other countries, including
China, the United States of America, and Europe.?%36-37 The use of Al in South Africa
is increasing with several studies that show the use and potential benefits of Al
application in healthcare and medical studies.?®:38-3° Additionally, ML has also been
used as a prediction tool in the provision of healthcare services and placements of
healthcare workers.'* The extent and implementation of Al and ML in epidemiology,

in an African context, remains in the early stages, leaving room for exploration.*°
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It would be remiss not to mention that globally the public health and epidemiology
sector is in a hype cycle concerning the use of Al and ML in research. Figure 1.1 shows
the Gartner hype cycle for Al, the wave of Al involvement and utilisation that is

currently occurring.

Artificial Intelligence Hype Cycle
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Figure 1.1: “Artificial Intelligence Hype Cycle, Machine learning, Natural
Language Processing and Computer Vision on its way down —Adapted from
Gartner Hype Cycle for Artificial Intelligence, 2019
gartner.com/smarterwithgartner.”*!

There is a peak of inflated expectation for the use of Al in health research and this is
due to new methods being discovered and developed.*? Although there is a peak in
expectation, there seems to be a limited utilisation of Al in public health and
environmental epidemiological research. Few studies show how Al and ML are being
used to assist in researching causality and association between exposure and health
data. The use of ML in research shows more applicability of supervised ML methods,
such as prediction modelling,#434* as opposed to the use of unsupervised ML
methods. This suggests an evident knowledge gap in assessing how applicable
unsupervised ML methods can be used in air pollution epidemiology studies. More
needs to be done to investigate the potential benefits of applying Al and ML methods

2
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in improving environmental epidemiology research. Air pollution and health studies
could benefit from Al application, but are difficult to run, since air pollution data are

often missing and there is a lack of public digitalised hospital data in South Africa. 4>
46

1.2. MOTIVATION AND RELEVANCE

The main focus of this project was to explore the use of unsupervised ML (a subset of
Al) in air pollution epidemiology within a South African context. This project looked to
provide insight into what future public health professionals’ perceptions and attitudes
are on Al. Al is not a common topic taught in the medical or public health curriculum.
Although Al seems to be a growing and popular topic, it could be assumed that this
popularity only reaches a certain extent and is not as popular within public health in

South African tertiary institutions.

Hence, this project provides baseline information to build upon, which will hopefully
influence the inclusion of Al in public health education. Understanding perceptions and
beliefs surrounding Al can assist in strategizing how information on Al can be better
delivered or improved on to present and future public health professionals. This project
addresses one of the nine strategic interventions of the National Digital Health
Strategy for South Africa (2019-2024)* to be achieved by 2024, namely “to develop
enhanced digital health technical capacity and skilled workforce for digital technology
support and implementation”. Currently, there are no studies on the perceptions of Al

that have been published in South African literature.

Air pollution and health studies, as a combined discipline, is an emerging research
field in South Africa. The Sustainable Development Goals (SDGs) have highlighted
the importance of a healthy environment, e.g. clean air, which can help with healthy
living.*® With recognition of the detrimental health effects of air pollution on health by
the South African Department of Health,*” there are more studies to be done on air
pollution and its effects on health. Majority of the available data on the global burden
of disease (GBD) in Africa, attributed to air pollutants such as PM2s and Os, are
modelled estimates.*® With few studies doing first-hand sampling to get accurate
figures, modelled estimates could lead to an underestimation of the number of deaths

attributed to single air pollutant exposure. LMIC are said to account for a large
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proportion of air pollution, but there are fewer air quality monitoring and
epidemiological studies in comparison to high-income countries. Hence, it is important
that more monitoring and epidemiological studies are conducted to reduce
uncertainties and possible underestimated assumptions about the health effects
experienced in these LMIC.#° This project does not only add to this agenda, but also
investigates the health effects of air pollution mixtures, as opposed to single pollutant

effects on health.

Additionally, this project considers the use of unsupervised ML to run dimension
reduction on air pollution data to assess the joint effects of air pollutant mixtures and
their association with hospital admissions. Air pollution data and hospital data
availability are evident issues in South Africa. Long-term continuous air pollution data
are not always readily available in spite of the numerous monitoring stations across
the country.>° Although imputation is a viable solution to address missing data, it can
only be implemented to a certain degree. The availability of electronic health data are
greatly limited in South Africa, since majority of the public health facilities do not use
electronic records and the private health sector only partially represents the country’s
health.51-%* The limited availability of some effects of air pollution on health data could
also be due to delayed reporting by the national body of statistics, Statistics South
Africa (Stats SA). Deaths attributed to ambient air exposure was last reported on in
2018, which reported that only 1.2% of deaths were due to exposure to electric current,
radiation, and ambient air.>* The large portion of missing air pollution and health data
could be the reason why studies using Al and ML have not been as readily explored

in South Africa, since these applications operate with large datasets.

This project used PMF to identify possible sources of PM2.s sampled in Pretoria. The
sampling was conducted over a 46-month period and provides data on PMzs in the
area. Thereafter, unsupervised ML was also used for source apportionment. This
project focused on the use of unsupervised ML from the perspective of an
epidemiologist/public health scientist. The results are meant to add to the small body
of knowledge, based on locally sourced air pollution data, available to South Africa.
This project is a public health project that applies existing data science Al methods in

air pollution epidemiology, rather than creating novel data science Al methods.
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This project also examines the relationship between multi-pollutant exposures and
health outcomes by using innovative statistical analysis methods. It draws from
traditional epidemiological approaches of investigating individual pollutant association
with a health outcome.>® It explores both non-parametric and statistically-
/mathematically-based Unsupervised Dimension Reduction (UDR) statistical methods
of analysis. Non-parametric analysis approaches have been used sparingly in the
analysis of air pollution health effects, but can provide a wealth of tools for discovering
the complex relationship between air pollution and health outcomes.®®> Comparing
traditional approaches to source apportionment with unsupervised ML clustering
methods, could potentially address the shortcomings of the PMF technique. Although
the ML methods suggested in this project are not necessarily “new” techniques in
epidemiological studies, they are still very relevant and in need of exploration within
the African research context. Even recent European studies have shown that there is

still much to discover regarding these methods.%®

The project will add to the country’s knowledge on Al and ML in health studies and
hopefully help reduce the associations of sheer ‘trendiness’ of the use of Al in
research. The study could encourage the use of Al and ML as tools to improve the
investigation of the adverse health effects of air pollution. These findings can assist in
the monitoring, evaluation, and improvement of the South African National Air Quality
Standards. Additionally, the findings of adverse health effects of air pollution exposure

can emphasise the urgency to provide support to public health action in the country.
The study addresses three of the United Nations SDGs (valid 2016-2030), namely:

e Goal 3.9: “By 2030, substantially reduce the number of deaths and illnesses
from hazardous chemicals and air, water and soil pollution and contamination”

e Goal 11.6: “By 2030, reduce the adverse per capita environmental impact of
cities, including paying special attention to air quality and municipal and other
waste management.” Within the same section, Goal 11.6.2 stresses the
reduction of “annual mean levels of fine particulate matter, (i.e. PM2.s and PMuo)
in cities”

e Goal 13: “Take urgent action to combat climate change and its impacts”
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1.3. AIM AND OBJECTIVES
1.3.1. AIM

The aim of this study is to assess the applicability of Al methods such as machine

learning in the air pollution epidemiology in a South African context.

1.3.2. OBJECTIVES

e To assess the perceptions and attitudes regarding Al in public health among
postgraduate students registered for the online Postgraduate Diploma in Public
Health at the School of Health Systems and Public Health (SHSPH), University
of Pretoria (UP).

e To determine the joint effects of SO2, NO2, Os, PM2s, and PMio on hospital
admissions for respiratory disease (RD) and cardiovascular disease (CVD) in
Vereeniging and Vanderbijlpark, Gauteng, using CART analysis. Thereafter,
using the unsupervised Machine Learning methods to determine the joint
effects of the air pollutants on RD and CVD hospital admission.

e To compare two methods of source apportionment of PMzsin Pretoria, namely
Positive Matrix Factorization (PMF) and unsupervised Machine Learning

clustering methods.

1.4. OUTLINE OF THE THESIS

In the current chapter, the general introduction to the research topic is given, and the

problem statement, the significance of the study, the research aims and objectives are
addressed. Chapter 2 is a literature review on the topic, which provides an overview
on the existing legislation and the current air pollution management in South Africa
and highlights the adverse health effects caused by air pollution. Lastly, this chapter
gives an overview of the use of Al applications, such as Machine Learning, both in
general and specifically in South African and international health and public health

sectors.

Chapter 3 explains the methods used in the project, Chapter 4 presents and discusses
the results of the survey, and Chapter 5 discusses the imputation done for the missing

air pollution and meteorological data.
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Chapter 6 discusses the CART analysis done to determine the joint effects of air
pollution on RD and CVD hospital admissions, whereas Chapter 7 discusses the use
of unsupervised Machine Learning clustering in determining joint effects of air pollution

on RD and CVD hospital admissions.

Chapter 8 discusses PMF source apportionment for PMzs in Pretoria, and Chapter 9
discusses the use of unsupervised Machine Learning clustering methods for source
apportionment for PM2s in Pretoria. Finally, Chapter 10 provides an overall discussion

of the study’s results.
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CHAPTER 2: LITERATURE REVIEW

This chapter presents a literature review on air pollution, its adverse health effects,
and the relevant legislation, both internationally and in South Africa. The designated
priority areas within South Africa and their causes are also explained. The literature
review also summarises evidence of respiratory and cardiovascular disease
associated with poor air quality exposure. An introduction to Artificial Intelligence and
Machine Learning is given, along with an overview of their current use in general,

medical, and public health research.
2.1. AIR QUALITY

Good air quality is essential for good health, but industrialisation and urbanisation have
reduced the quality of the air within a population.t Air pollution can be defined as the
presence of one or more contaminants, such as dust, fumes, gas, mist, odour, smoke,
or vapour, that are introduced to the air and is often a health risk.? Activities such as
rapid urbanization, social-economic problems, and climate change are a few
contributing factors to the poor air quality in Africa.® Accelerated population growth,
mainly in urban areas, has led to the increased use of vehicles, solid fuels for cooking
and heating, and poor waste management practices, which have contributed to the
rising threat of air pollution in many developing nations.*® The influence of
meteorological conditions and seasonality also contribute to poor air quality.’”8
Dependent on the combination of different meteorological conditions, air pollution
concentration levels can increase or decrease within the atmosphere.® Air pollution

can be categorised into two groups — indoor air pollution and outdoor air pollution.

2.1.1. INDOOR AIR POLLUTION

A healthy indoor air environment is very important, since exposure to air pollutants is
higher in areas where people spend most of their time.1%-1! Thus far, the most common
pollutants found in indoor residential buildings are carbon monoxide (CO), Ozone (O3),
particulate matter (PM2), total volatile organic compounds (TVOC) and greenhouse
gases such as carbon dioxide (CO2), however, this might differ dependant on the
geographical location of the buildings.'>* There are four principles for maintaining
good indoor air quality, these include keeping the environment dry, minimising indoor

emissions, protection against outdoor air pollution, and good ventilation.*> Poor
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ventilation within a closed area is one of the largest contributing factors to poor indoor
air quality, which can include a room located in a residential area or commonly used

buildings such as office spaces.!1.16-17

Additionally close proximity to a source of incomplete combustion of biomass in a
poorly ventilated area increases the levels of indoor air pollution.’® There are
numerous sources of indoor air pollution, including environmental tobacco smoke
(ETS), cooking using biomass (i.e. coal and wood), the burning of incense, and
burning of mosquito coils.'® Outdoor air pollution sources can impact indoor air quality,
e.g. traffic emissions entering nearby residential buildings.?° Indoor air quality can also
be influenced by meteorological conditions that affect the air pollutant concentration
levels.1912.21 This study does not focus of the adverse health effects associated with
indoor air pollution, but rather those adverse health effects associated with outdoor

pollution.

2.1.2. OUTDOOR POLLUTION

The sources of outdoor air quality vary according to the region. However,
anthropogenic activities, such as the burning of fossil fuels, are common sources of
air pollution.?? The common sources of air pollution within South Africa include traffic
emissions, coal burning for power generation, the domestic use of wood, coal, and
paraffin, and industrial emissions.?325 Due to high poverty levels in African countries,
there has been accelerated urbanisation, which has left governments ill-equipped to
control increased environmental issues such as air pollution.?® The surge in migration
from rural to urban areas has also increased traffic emissions and industrial activity,
which directly contributes to poor outdoor air quality.?’ Areas located near in the
designated harbours in South Africa are also at risk of exposure from shipping
emissions.?830 South Africa also has designated national priority areas that have
recorded exceedingly high air pollution concentration levels or are at risk of
experiencing exceedingly high levels due to future industrial activity. These priority
areas have emission problems that come from primary and secondary metallurgical
operations, brick manufacturing, petrochemical industry, biomass burning, domestic
fuel burning, iron, steel and ferro alloys, mining, power generation, other small

industries, transportation, and waste burning.31-33
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With the increase of epidemiological evidence, the World Health Organization (WHO)
guidelines have become stricter with its continuous goal to promote cleaner ways of
living and produce cleaner air.343% The 2005 WHO guidelines provide a list of air quality
criteria, which include PMz:s and PMio, NO2, SOz, Os, CO, Pb, and benzene and are
based on prior epidemiological evidence®® and are continuously adapted to reflect
current emerging research.3” The evidence base for adverse health effects related to
short- and long-term exposure to the criteria air pollutants has become much larger
and broader.® As of 2021, the WHO updated to stricter interim air quality guidelines
(Table 2.1),3 reducing the PM2.s guideline to a daily limit of 15 pg/m? and a yearly limit
of 5 pg/m3. Although the updated PMz.s guideline is to reduce the health risk associated
to exposure, the updated guideline does not seem attainable in many parts of the
world. Pai et al., estimated that 90% of the world population are already exposed to
PM:s levels above the guideline.*® Pai et al., further explains that in a scenario where
PMzs levels decline significantly with no anthropogenic emissions, sources such as
natural dust and fires in many parts of the world will still experience annual PMzs higher
than the 5 pg/m?3 guideline.

Table 2.1: WHO guidelines for criteria air pollutants as of 2021.

Pollutant Averaging Period Concentration

PM1o 24 Hours" 45 pg/m3
Annual 15 pg/m?

PM2s 24 Hours" 15 pg/m?
Annual 5 pug/m?

O3 Peak season™ 60 ug/m?

8 Hours 100 pg/m3

NO:2 Annual 10 pg/m3
24 Hours" 25 ug/m?

SO2 24 Hours” 40 pg/m?3
CcO 24 Hour" 4 mg/m3

* 9oth percentile (i.e., 3 — 4 exceedance days per year)**Average of daily maximum 8 — hour mean Oz concentration
in the six consecutive months with the highest six-month running average O3z concentration

These guidelines have also been revised to include other forms of particulate matter,
such as black and elemental carbon, sand, and dust.3® In order to manage and control
deteriorating urban air quality, multiple countries from different socio-economic
statuses have implemented and adapted efficient and effective urban air quality
management plans.*%4! These air quality management plans usually provide a holistic
strategy that includes systematic sampling, monitoring and analysis, modelling, and
control protocols.*%*3 The recent sustainable development goals (SDGs) established
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in 2015 set the ambitious goal to reduce emissions by 2030.#* The 2021 convention
on climate change had developed and developing countries pledge to reduce the use

of coal as an energy source and encouraged investment in renewable energy.*®

The concerns of increasing air pollution can also be attributed to the detrimental effects
of climate change. Climate change is a continual global challenge and research has
observed a domino effect from climate change to air pollution, and on to health
effects.*® Climate and weather have a strong influence on the spatial and temporal
distribution of air pollution concentrations, causing faster formation of ozone when
greater sunlight and higher temperatures occur.#’ Climate change threatens to
continuously change meteorological conditions and may increase the formation of
secondary pollutants, such as surface ozone*® and PM2s.#° Conversely, air pollution
emissions also have a detrimental effect on climate change, since PM has a warming
and cooling effect, which can affect precipitation and regional circulation patterns and,
by extent, indirectly affect meteorological conditions.®® In 2022 the “Integrated
Assessment of Air Pollution and Climate Change for Sustainable Development in
Africa” was created, which considers strategies, policies, and measures to mitigate air
pollutants, while supporting development, human health, and wellbeing in Africa on a

warming planet.>!

The air pollution concentration levels are also influenced by external factors. These
external factors include meteorological conditions such as temperature, relative
humidity, rainfall, and wind conditions (including seasonal variations throughout the
year).52-53 Countries with dry colder seasons will often experience higher air pollution
concentration levels during this time.>>" Stronger inversion will occur during this
season, because there are often low wind speeds and minimal precipitation,5558-60
During the warmer seasons, the increased expected rainfall can assist in reducing the
presence of some air pollutants.®* Warmer conditions also assist in the easier release
of emissions out into the troposphere, away from direct contact of the population.>®
Dry winter periods and rainy summers are the seasonal conditions found in parts of
South Africa such as Gauteng and other provinces which are away from the coast.6>
63 For provinces found in high priority areas in South Africa higher concentrations of

PM and black carbon have been observed in late winter early spring, i.e., July, August
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and September, while the opposite has been observed for Os where higher

concentrations occur in warmer months.64-67

Reducing or phasing out of the use of fossil fuels has the potential to limit global
warming by up to 2°C.%8 In some studies temperature and apparent temperature have
been identified as effect modifiers in air pollution studies, where warmer days increase

the presence of air pollution.9-72

2.1.3. SOUTH AFRICA AMBIENT AIR QUALITY

The South African National Department of Health has recognised the health risk
associated with air pollution, identifying the potential harm air pollution can have on
human health.”® The South African government has designated the Department of
Forestry Fisheries and the Environment (DFFE), formally known as the Department of
Environmental Affairs (DEA), as the government body that regulates the country’s air
guality standards. These standards have been adapted from the WHO air quality
guidelines.®® The inclusion of these standards in legislation is to enforce the law and
encourage compliance at national, regional, and district levels within the country. Air
guality standards are categorized as criteria pollutants which include Os, CO, SOz,
NO2, PM2s, and PMzo."#

The initial efforts in South Africa’s air quality management began over 50 years ago
with the Atmospheric Pollution Prevention Act (AAPA) in 1965. However, this initiative
mainly focused on addressing, but not mitigating, industrial emissions.”® Due to the
insufficient coverage and shortcomings of the AAPA, the 2004 National Environmental
Management: Air Quality Act (NEMA AQA) was established.”® The NEMA AQA
established a more comprehensive means of addressing multiple sources of pollution,

including industrial and domestic contributors.

The NEMA AQA provided a more wide-ranging legislative plan to manage
environmental factors in South Africa. The publication of the Air Quality Act in 2005
significantly addressed environmental management in South Africa, although the set
air quality standards are lenient in comparison to the WHO guidelines (Table 2.2).77-78
Control guidelines for ambient air were included in the Air Quality Act, addressing
multiple parties including the polluter, supervisory bodies, and the general public.”

Implementation of the Act was decentralised through the completion of Air Quality
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Management Plans (AQMP); these were also reviewed mid- and long-term.”® The

NEMA AQA also seeks to reduce and manage air quality by enforcing compliance,

setting ambient and emission standards, identifying and quantifying all pollutant

sources,

management.80

as well

as normalising and standardising air

quality monitoring

Table 2.2: South African National Ambient Air Quality Standards.

Pollutant Averaging | Concentration | Frequency of | Compliance Date

Period Exceedances
PMio 24 Hours 75 pg/m?3 4 1 January 2015

1 Year 40 pg/m3 0 1 January 2015
PM.s (added in| 24 Hours 40 pg/m3 4 1 January 2016 -
2012) 31 December 2029

25 pg/m?® 4 1 January 2030
1 Year 20 pg/m?® 0 1 January 2016 -
31 December 2029
15 pg/m? 0 1 January 2030

NO; 1 Hour 200 pg/m?3 88 Immediate

1 Year 40 pg/m3 0 Immediate
SO, 10 Minutes | 500 pg/m?® 526 Immediate

1 Hour 350 pg/m?® 88 Immediate

24 Hours 125 pug/m? 4 Immediate

1 Year 50 pg/m3 0 Immediate
Ground-level O3 8 Hours 120 pug/m? 11 Immediate
CO 1 Hour 30 mg/m?3 88 Immediate

8 Hour 10 mg/m?3 11 Immediate
Lead 1 year 0.5 pg/m3 0 Immediate
Benzene 1 year 5 pg/m?3 0 1 January 2015

In urban areas such as the City of Tshwane, Pretoria, the centralised AQMP was

initially implemented during in 2006-2008. & The AQMP’s objectives are to achieve

and sustain acceptable air quality levels as well as minimising health risks and harm
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to the environment in Pretoria. The AQMP stipulate the importance of air quality
measurement “tools,” which include air quality and meteorological monitoring and
atmospheric dispersion modelling. The mentioned tools offer a comprehensive
emission inventory, to facilitate the effective characterisation of spatial and temporal
variations in air pollutant concentrations. 8 The City of Tshwane has nine monitoring
stations distributed across the municipality, Bodibeng, Booyseng, Ekandustria,
Hammanskraal, Mamelodi, Olivienhoutbosch, Pretoria West, Rosslyn and Tshwane
Market. However only three out of the nine stations record PM2.s concentration levels.
82-83 A report by Zunckel et al., state the main air pollutants in the area include, SO2,
oxides of nitrogen (NOx), PM 10, PM25, CO and VOC. The identified sources of air
pollution in the City of Tshwane include industry, mining, domestic coal burning and

biomass burning.8?

In addition to the establishment of the NEMA AQA 39 of 2004,7# the DFFE identified
and stated three National Priority Areas: the Vaal Triangle Airshed Priority Area
(VTAPA), the Highveld Priority Area (HPA), and the Waterberg-Bojanala Priority
(WBPA) areas in 2006, 2007, and 2012, respectively.8* The three areas, shown in
Figure 2.1, the VTAPA and HPA are demarcated for their history of poor air quality
owing to industrial activities that include mining or the risk of extremely poor air quality
and require specific air quality management action to rectify their poor air quality
situation. The WBPA however is designated a high priority area because of the
potential of poor air quality due to emerging industrial activity in the area.®® These
areas are mainly located in the more industrial provinces of the country, namely

Gauteng, Mpumalanga, Limpopo, and parts of the Free State and North West.
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Figure 2.1: Map of the designated priority areas within South Africa.8

In 2006 the VTAPA, located in the Gauteng and Free State provinces, was declared
the first priority area in the country due to the concern of the rising particulate matter
concentration levels.®” The area is highly industrialised and this heavily contributes to
the high levels of air pollutants, such as PM, NOz2, and other noxious and offensive
gasses.®! There are other contributing sources of the high air pollution levels, including
domestic and agricultural activities; these high concentration levels have caused
concern to the health of the communities found in this area.®®” A 2021 source
apportionment study in the VTAPA suggested eight sources of PM1o-25 and PMzs;
these included industry, coal burning, wood and biomass, waste burning, secondary
aerosols, vehicles, dust-related, and, interestingly, aged sea salt.5” Health studies
within the area have also shown the adverse effects on the community from the
exposure to PM2:s, PM1o, NO2, and SO2.7%8 Although there is a decentralised system
for air quality monitoring in the area, the lack of funds and efficient monitoring have

slowed improvement to monitoring pollution within the VTAPA 80:89-90

The HPA was then declared the second national priority area in 2007, and this area is
located in Mpumalanga and Gauteng provinces.®? The HPA has a similar profile to the
VTAPA, with its main sources of pollution being mining, coal-fired power plants,

industrial and chemical manufacturing, agricultural activity, motor vehicles, and
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domestic fuel burning.8* Health studies have also shown the health risk posed to the
community from the high concentration levels.®8% The most recently declared priority
area in South Africa is the WBPA, which was declared in 2012 and is predominantly
located in the Limpopo and North West provinces.®® The declaration of the priority air
guality monitoring network within this area is mainly driven by the expected
development and ongoing coal mining and metallurgical activity.®?° SO2, NOx, CO,
and PMzio are the main pollutants of concern within the area, with the main causes of
pollution being mining and industrial activity, biomass, residential, and motor vehicle
emissions.* The demand to set it as a priority area was due to the potential of mining
and industrial expansion in the area, which has been estimated to increase annual
emissions of SO2, NO2, and PM1o by 370%, 640%, and 530%, respectively, by the year
2030.%

Although South Africa has current legislation and AQMPs are to be implemented in
the 278 municipalities, there are only 121 government-managed air monitoring
stations that report air quality to the national air quality information system.0.9
Additionally, although there is a set framework to normalise and standardise air quality
management across the country, it seems that regulatory authorities are not
scrutinising industry pollution reports or demanding follow-up reports of those who are
non-compliant.?° In spite having the most comprehensive air quality legislation in
Africa, South Africa is still struggling with the monitoring and enforcement of air
pollution legislation. In general, the rapid urbanisation in Africa is not only worsening
the quality of air to communities, but is not being preventatively prioritised because of
the existing societal challenges on the continent including poverty, the intensifying
effects of climate change, and recovery from the COVID-19 pandemic.®’

2.2. AIR POLLUTION AND HEALTH

There is an increasing Global Burden of Disease (GBD) associated with air
pollution.1°8 Short- and long-term exposure to poor air quality has been associated
with harmful health outcomes affecting different age groups.>%°-101 Ajr pollution is
considered the largest environmental health risk factor and makes a significant
contribution to the GBD.19>103 The quantification of the GBD in relation to air quality
has seen great advancements, such as improved chemical transport modelling and

concentration-response functions.'%* Such advancements have helped in relating
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ambient air pollution levels and the risk of negative health effects. However, low-to-
middle-income countries (LMIC) still face challenges in utilising these
improvements.1%° In 2019, an estimated 12% of all deaths were attributable to outdoor
and household air pollution.1%6-197 Approximately 20% of global cardiovascular deaths
were attributable to air pollution, and was the fourth-highest-ranking risk factor for
mortality. 1%6-197 Fine particle air pollutants, i.e. PM, was the largest environmental risk
factor worldwide, responsible for a substantially higher number of attributable deaths
than some behavioural risk factors, such as alcohol use, physical inactivity, and high
sodium intake.1%® Air pollution was ranked one of the top-five highest mortality risk
factors globally and has further been associated with an estimated 6.7 million deaths,
as shown in Figure 2.2.192 Poor indoor air quality has also been associated with
negative health impacts due to the prolonged time individuals spend within closed
doors.'” In 2019, the GBD estimated 2.3 million deaths to exposure from household

air pollution, with sub-Saharan Africa accounting for 30% of those deaths.1%°

High systolic blood pressure ]
Tobacco -
Dietary risks -

Air pollution - - 6.67 million
High fasting plasma glucose -
High body-mass index -
High LDL -
Kidney dysfunction -
Malnutrition -

Alcohol use -

2 4 6 8 10
Total number of deaths (millions) in 2019

Figure 2.2: Global ranking of risk factors for total deaths from all causes for all
ages and sexes in 2019. 192,

The association between mortality and air pollution exposure has been identified in a
number of studies. In nineteen European cohorts, it was shown that long-term
exposure to PMzs can increase the risk of all-cause mortality by 6% to 13%.196
Additionally, long-term exposure to PMzs at considerably low concentrations, between
10 pg/m3 and 20 pug/m?3, can increase the risk of mortality.''! Furthermore, long-term
exposure to ‘low-level’ PM2s and NO:2 can increase the risk of mortality by 4.4%.112
Short-term exposure to SO2, NO2, and PM2.s have also shown a moderate association

with chronic pulmonary obstructive disease (COPD) related mortality.*'3 An Australian
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cohort also showed that exposure to relatively low levels of PM2.s and NO:2 still showed
increased risk of all-cause mortality in the elderly.1*> LMIC are reported to account for
a large proportion of deaths attributed to PM2.s exposure.'** Global reports stated that
South Africa had approximately 24 800 and 601 premature deaths due to PM25'% and
O3 18 exposure, respectively. However the deaths attributed to PM2.s and Os are based
some of these findings on model estimates. Furthermore, the exposure-response
functions used are derived from epidemiological studies conducted in developed
countries.'%® There has been an increase in African-based research to show the
negative associations from exposure to air pollution, but there is still much to be done

to explore these associations.!4

There are a number of pollutants that have been associated with negative health
effects. Some of these studies show a closer association of CO2 and PMzs with the
increased risk of infant mortality.1*’-18 Other studies show the exposure to PM2s,
PMaio, NO2, SO2, and black carbon (BC) can increase the risk of cardiovascular and
all-cause mortality,}1%121 as well as respiratory and cardiovascular hospital

admissions.”9-72

Respiratory and cardiovascular diseases have the strongest associations with air
pollution.197 Pollutants can enter the respiratory and circulatory system, much easier
than they would enter other systems within the body, and cause more evident acute
adverse health effects.’??1%6 There is growing evidence associating air pollution
exposure with a range of conditions. However, for the purpose of this study, the effects

on respiratory and cardiovascular diseases are highlighted.

The DFFE awards tenders for the three priority areas and municipalities such as the
City of Tshwane, there cross-sectional epidemiological studies are conducted through
independent contractors to evaluate AQMP. However, the results of the health studies
are not published in peer viewed journals or scientific reports, presented at
conferences nor published in the public domain. Thus there are relatively few South
African health related studies available on the detrimental health effects of air pollution

in priority areas and municipalities such as the City of Tshwane.
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2.2.1. AIR POLLUTION AND RESPIRATORY DISEASE

Specific pollutants such as PM, Oz, and NO2 can cause airway inflammation, airway
hyper-responsiveness, and oxidative stress in the lungs, although the mechanism that
causes this is still being researched.’?” PM varies in size from coarse to finer PM
(Figure 2.3) and these sizes enable it to enter and distribute differently in the

respiratory system (Figure 2.4).

@

PM 2.5
N o Eg, combustion particles, organic
Human hair 50-70 pm in diameter compounds, metals <2-5 pm in diameter

O

PM 10
Eg, dust, pollen, mould <10 pm in diameter

90 pm in diameter
Fine beach sand

Figure 2.3: Modified image of PMzs and PMio in comparison to a human hair
strand and beach sand.'?’

Upper respiratory tract

Nasopharynx

Oropharynx

Larynx

Ultrafine PM (PM <0-1 ym)
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Lower respiratory tract
Trachea
Bronchi/ [
I < bronchioles /
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Fine PM (PM 2:5 pm)

Ultrafine PM (PM <0-1 um)

Figure 2.4: The size distribution of the different sizes of PM in the respiratory
system.1?”

24

© University of Pretoria



UNIVERSITEIT VAN PRETORIA
UNIVERSITY OF PRETORIA
YUNIBESITHI YA PRETORIA

(02’&

Thus, the exposure to air pollutants such as PM have been associated with multiple
respiratory conditions and the aggravation of respiratory diseases such as COPD,
childhood asthma,?®-12° and lung cancer.30 Short-term air pollution exposure can also
cause an irregularity in the respiratory microbiome that can, in turn, affect lung
function.'31-135 Exposure to outdoor air pollution not only leads to a decline in lung
function, but can also do more harm in susceptible groups like the elderly, children,
and expectant mothers.3¢ Susceptibility to air pollution exposure increases when an
individual has pre-existing or present respiratory conditions, such as COPD, which has
been found to make individuals vulnerable to respiratory inflammation when exposed
to pollutants such as nitric oxide (FeNO), CO, NO2, NO, and SO2.1%’

Evidence shows that short-term exposure to ambient air pollution can increase
respiratory hospital admissions.38140 Short-term exposure to a 10 ug/m?increase of
PMzs, NO2, and SO2 was associated with an increased risk of developing COPD-
related illness by 2.5% (95% CI: 1.6—3.4%), 4.2% (95% CI: 2.5-6.0%), and 2.1% (95%
Cl: 0.7-3.5%), respectively.!3 A 2023 case-crossover study conducted in Pretoria,
South Africa found that exposure to PMazs increased respiratory hospital
hospitalisation by 2.7% (95% CI: 0.6, 4.9) per 10 ug/m? increase.'*! A study showed
short-term exposure to Oz is associated with increased lengths of hospital stays in
children, however, there were inconsistencies found with other pollutants such as NO:2
and S0O2.1%? Exposure to PM and NO:2 can lead to a continued decline of respiratory
health.143-144 A 1992 study in the Transvaal i.e., now includes the VTAPA, health
questionnaires were distributed to parents in this area and 65.7% had reported that their children
suffered from an upper respiratory infection in that year.'*> Air pollution exposure can
aggravate asthma and wheezing in children, which can contribute to inconsistent

school attendance.?3 85 138

Short-term exposures to PM2s, NO2, and Os have also been linked to increasing risk
of asthma and mortality in the elderly.1#6-147 Studies done in Cape Town, South Africa,
during 2001-2006, showed an increase in RD mortality of 1.3% (-1.4%; 4.0%) and
2.0% (-1.6%; 5.7%) per inter-quartile range increase in PM1o (12 ug.m=3) and NO2 (12
ug.m3), respectively. In contrast, a decrease of -0.5% (-3.6%, 2.6%) was observed
per inter-quartile range increase (8 pg.m=) in SO2.11° Follow-up studies observed a
mortality risk of 0.4% (-0.4%; 1.1%); 1.2% (-0.2%; 2.6%); and -1.9% (-3.7%; 0.0%) for
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RD, following a 10 ug.m3 increase in the two-day cumulative average of PM1o, NOz,
and SO2 during 2006-2010, respectively.4®

A systematic review that analysed short-term exposure to Oz, SOz, NO2, and the
association to emergency visits for asthma pooled relative risks per 10 ug/m? increase
of ambient concentrations, showing 1.008 (95% CI: 1.005, 1.011) for maximum eight-
hour daily or average twenty-four-hour Oz exposure; 1.014 (95% CI: 1.008, 1.020) for
average twenty-four-hour NO2 exposure; 1.010 (95% CI: 1.001, 1.020) for twenty-four-
hour SOz exposure; 1.017 (95% CI: 0.973, 1.063) for maximum one-hour daily Os
exposure; 0.999 (95% CI: 0.966, 1.033) for one-hour NO2 exposure; and 1.003 (95%
Cl: 0.992, 1.014) for one-hour SOz exposure. As such, the findings of this systematic
review show a correlation between exposure and increased risks of asthma-

associated emergency room visits and hospital admissions.4°

2.2.2. AIR POLLUTION AND CARDIOVASCULAR DISEASE

Detrimental effects to cardiovascular health from exposure to ambient air pollution has
been found to affect both high-income countries (HIC) and LMIC38 There has been a
decline in cardiovascular mortality in HIC,*5° but mortality in LMIC has had an incline
in cardiovascular related deaths.5! Short-term exposure to PM2s and PM1o increase
the risk of myocardial infarction, where exposure to PM2.s showed to have a higher
risk than PM10.1%° Gaseous and particulate air pollutants have shown a close temporal
association with hospital admissions due to stroke.'531% Although PM has a strong
association to both cardiac mortality and hospitalisation, gaseous pollutants such as
SO: and nitrogen oxides have similar associations.%%1%8 Exposure to SOz is not only
a suggested indicator for cardiovascular hospital admissions, but has also been found

to trigger cardiovascular conditions.15°

Long-term exposure to NO2 has also been associated with cardiovascular mortality.16°
A study showed increased risk of 3.4% and 2.6% in CVD mortality from long-term
exposure to NO2 and SOq, respectively, in spite of the relatively low exposure levels
that were similar to European measures.*?* A similar study, following a 10 pg/m?®
increase in the 2-day cumulative average of PMio, NO2, and SO2 during 2006-2010 in
Cape Town, Johannesburg, and Durban, also showed a risk for CVD mortality at 1.0%
(0.3%; 1.7%), 1.0% (-0.3%; 2.3%), and 0.9% (-0.9%; 2.7%), respectively.}*®
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Simultaneous exposure to two or more pollutants can influence the onset of disease,
for instance, short-term exposure to both PM2.s and NO2 has been found to increase
risk of admissions for arrhythmia.é The joint effects of PM2.5, SO2, NO2, and CO have
shown to increase risk of hospitalisation and death caused by congestive heart
failure.'>! Research has also shown an associative relationship between stroke and

short-term exposure to SOz, NO2z, CO, and O3.163-165

The elderly and women are two of the commonly identified vulnerable subgroups at
risk of CVD.166-168 Research has shown that acute exposure to SO2, NO2, CO, and
PMzs can increase the risk of cardiovascular events in the elderly.!59:164-165169
Individuals aged above 60 years old are at a higher risk of developing comorbidities,
such as hypertension and diabetes, that, in turn, increase their risk of developing
CVD.1%7 In addition to developing these comorbidities, acute exposure to PM can
further increase the risk of CVD in the elderly.1%6:168.170-172\\/omen have also shown to
be at a higher risk of developing CVD from air pollution exposure compared to
males.166.168.173-174 Eemales may share common risk factors with males, however, due
to their reproductive systems, females become prone to hypertensive disorders during
pregnancy and menopause, and can develop gestational diabetes.'’> Although
cardiovascular events are more prevalent in women, men have been found to have

higher CVD mortality rates than women.*76

2.2.3. AIR POLLUTION AND OTHER MORBIDITIES

There is a potential association between the exposure to NO2 and Os and developing
cancer.t’” However, long-term exposure to ambient PM is a more common risk factor
for lung cancer.13%178 The risk of developing cancer from exposure to vapours, metallic
compounds, and metals has not been found significant.1’® Dependent on the sources
of the pollutants, the chemical composition elements found are either carcinogenic or
non-carcinogenic.'’® Lung cancer is the most commonly associated cancer from
exposure to air pollution.18%-181 There is also available, but limited, research showing
the association between bladder cancer and exposure to PM2s and NO2.182-183
However, in a study comprising of fifteen European cohorts, no association was found
between PM25s.10, NO, NO2, or organic carbon exposure and bladder cancer.® There

have also been linkages between air pollution exposure and breast cancer,8° although
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there is a clearer breast cancer association with NO and NOx.186 There has not been

a clear association found between exposure to PM and breast cancer.85187

Air pollution exposure has also been associated with different communicable
diseases. One study showed a positive association between PMio and type 2
diabetes.8 With an increased exposure of 10 pg/m3 PMio, the odds of developing
type 2 diabetes increases by 1.23.18 Although exposure to PM has been shown to
affect the endocrine system, which leads to developing type 2 diabetes, further
research is needed as these conclusions are not definitive.%%-192 Studies have also
shown that expectant mothers are at a higher risk of developing Gestational Diabetes
Mellitus (GDM) upon exposure to PM and 03.19%19 Exposure to air pollution for
expectant mothers also presents a risk to their unborn children. Exposure to PMaio,
PM2s, SO2, and O3 have been associated with an increased risk of stunted growth and
low birthing weights.1%6-1%8 A study in China showed that exposure to PM1o, PM25, SOz,
and NO2 during pregnancy can increase the risk of congenital heart disease in unborn
children.*®® Exposure to traffic related air pollutants, such as CO and NOz, has also
been associated with the onset of depression in the elderly.2°° Although the literature
is limited, there have been potential causal associations between air pollution and poor

mental health.201

More recently, since the start of the global COVID-19 pandemic, there have been
studies that link the presence of air pollution and the onset of viral symptoms. Studies
tried to suggest that the spread of COVID-19 could be more easily transmitted in areas
with higher levels of air pollution.?°? Research also sought to connect the detrimental
effects of air pollution exposure and susceptibility to the more severe effects of the
COVID-19 virus.?®® However, these theories were disputed, because the incidence
data used in such studies were underestimated in most countries and the conclusions
made were not decisive.??* Regardless, studies had supported a positive relationship
between COVID-19 restrictive measures and air pollution. Countries such as China,
Italy, Spain, and USA, experienced a 30% reduction in air pollution concentration
levels as a direct result of lockdown measures that restricted movement.2% Preliminary
results used by the Council for Scientific and Industrial Research (CSIR) also indicated
that strict lockdown measures within South Africa reduced NO2, SOz, and O3

concentration levels in the country.2%
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2.3. STATISTICAL ANALYSIS OF MULTI-POLLUTANT EXPOSURE

The evidence summarised in section 2.2 is based off single or dual pollutant models
and do not consider the effects of air pollution mixtures. Recently, characterising the
relationship between health outcomes and multi-pollutant mixtures has been
emphasized in an attempt to better protect public health and inform more sustainable
air quality management decisions.??”-298 Research is now aimed at understanding the
health effects of multi-pollutant exposures, i.e. the joint effect of two or more pollutants
on a health outcome, as opposed to single pollutant exposure that may be a

misrepresentation of the effect on a health outcome.209-211

Due to the interactive nature of air pollution, observing the health effects of one
pollutant does not provide accurate estimates.?'? The presence of more than one air
pollutant can cause a worse effect. For example, PM and Oz have a synergistic effect
and can increase acute respiratory inflammation and other respiratory diseases.?%¢ Air
pollution can also have additive and potentiation qualities, that can double the single
effect of one air pollutant or make one pollutant more harmful.?'2 Previous studies have
shown positive correlations among air pollutants such as PM1o, NO2, and SOz that are
important to consider in analysis.”®!° In addition, the correlation between air
pollutants and external factors, such as temperature, can affect the analysis of the
effect on health.6%-72.207.209 High temperatures in the presence of air pollutants like PM
can intensify or increase the likelihood of conditions such as migraines.?°’ Therefore,
more advanced statistical methods are needed to analyse the joint effects of multiple

air pollutants on health.

There are five broad classes of statistical approaches identified for examining
associations between short-term multi-pollutant exposures and health outcomes;
these are (1) Additive Main Effects, (2) Effect Measure Modification, (3) Unsupervised
Dimension Reduction, (4) Supervised Dimension Reduction, and (5) Non-parametric
methods.?'* These approaches’ largest advantage is the ability to examine multi-
pollutant exposure however within the different epidemiologic scenarios the number
of pollutants in the exposure mixtures are still relatively limited.?'* Modified statistical
approaches have been identified to more accurately estimate independent and joint

effects of multiple correlated air pollution exposures on human health.?'> The modified
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Classification and Regression Tree (CART) analysis method,?16-217 a non-parametric

method, has analysed the effects of a mixture of air pollutants on health outcomes.
2.4. AIR POLLUTION SOURCE APPORTIONMENT

Identifying pollution sources is one of the most necessary and noticeable forms of
research in environmental pollution studies.?'® Source apportionment is also vital in
determining source-specific activities that are most likely to be responsible for the
observed adverse health effects.?!® It is vital to influence policy measures to prevent
and control environmental pollution, as well as promote sustainable measures for both
economical and societal development.?*® It is important to understand the effects air
pollutants pose to the wellbeing of the communities they impact, whether it be its effect
on general population, age,??® sex,?’! or socio-economic status, as some of the
divisions of populations. It is equally important to understand the sources and source
direction of these air pollutants.??2222 Source apportionment focusses on identifying
what the source of air pollution is and how much this contributes to the total ambient

pollutant within the area of interest.??*

Source apportionment studies are often local studies determining the contributing
sources to ambient PM, measured at representative monitoring sites.??* The purpose
of source apportionment helps to identify the mass contribution and percentage within
a source of air pollutant (mainly PM), which could be long-range traffic emissions,
wood burning, and other anthropogenic sources.??322> Source apportionment is a
widely used tool to provide quantitative information about source contribution of PM to
support air quality control and management.??® A South African review on source
apportionment studies showed that source categories in the country do not vary and
the major sources come from biomass and coal burning from industry or domestic
use.??” However the studies reviewed were mainly conducted in urban and rural
backgrounds with few studies conducted in industrial areas. Mathuthu et al.,
recommends more research into air particulate source apportionment techniques and

tools in South Africa.2?’

Receptor modelling has been widely used in source apportionment studies, as it
estimates contributions from emission sources and links contributions to levels of

environmental pollution.?*®228 The more widely-used receptor model techniques
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include Chemical Mass Balance (CMB),??° Principal Component Analysis (PCA),23°
UNIMIX,?3! and Positive Matrix Factorisation (PMF).?'8 The use of these techniques
are highly dependent on the availability of source profiles, ambient pollutant mass
concentrations, and available meteorological data.?!® PMF is the more popular
receptor model for source apportionment, which has been reported to be a relatively
straightforward application.??6:232-234 Additionally, the PMF software is freely available
with a detailed manual for the user to work through and has multiple error estimates
for each output to validate.??® Usage of this methodology greatly increased when the
United States Environmental Protection Agency (US EPA) released the latest version
of PMF in 2014.2?® PMF is classified as a statistically Unsupervised Dimension

Reduction statistical method, according to Davalos et al.?*

The abundance of sample datasets has been increasing in the recent years, due to a
rise in pollution monitoring and the increasing importance of environmental pollution
research.?3® The increased datasets are reason to obtain more accurate results from
source apportionment and include pollution features such as chemical concentrations
and pollution sources.?*® Some traditional techniques only classify sample data
according to different seasons or limited pollution durations, based on the
meteorological conditions and the variability of sources involved.?'® Another
shortcoming of these traditional techniques is the issue of directly identifying significant
outliers, that are important to take note of, but may affect the overall results of the
source apportionment; this difficulty arises as a result of the large data sets and

multiple dimensions.?18

There has been an increase in the demand for classifying the sample data and
detecting outliers using data characteristics that support the traditional receptor
models.?*® The current source apportionment studies conducted in Africa depend on
the implementation of PMF,62-63.236-239 \ith a few exceptions that use PCA.24° One way
to address some apparent drawbacks of traditional source apportionment methods is
through using unsupervised Machine Learning (ML) methods.?1824 The different

unsupervised ML methods are discussed in section 2.5.3.
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2.5. ARTIFICIAL INTELLIGENCE (Al) METHODS.
2.5.1. ARTIFICIAL INTELLIGENCE AND MACHINE LEARNING

Artificial Intelligence (Al) is the use of software technology to perform multiple tasks,
such as automatic knowledge extraction and pattern recognition from data, decision
making, and many more.?*?> ML is a branch of Al aimed at enabling computers to learn
without being programmed, thus, improving the computer’'s performance when
executing tasks.?3-244 The concept of Al was officially established in 1956 by John
McCarthy. Later, in 1959, the Al branch referred to as ML was established by Arthur
Samuel, who defined it as the learning feature of intelligence by developing algorithms
that extract generalized principles from data.?*®> Another branch of Al, a further subset
of ML, is deep learning (DL).?*® Figure 2.5 defines the differences between Al, ML,
and DL. However, ML is the focus of this project as ML focuses on the enhancement
of statistical techniques, and statistical analysis which is a large focus of public health

research.

Artificial Intelligence

Machine Learning

Deep Learning A subset of Althat | Anytechnique that
enables computers
to mimic human
intelligence, using
logic, if-then rules,
decision trees, and
machine learning
(includingdeep
learning)

The subset of machine learning includes abstruse
composed of algorithms that permit statistical techniques
software to train itself to perform tasks, that enable machines
like speech and image recognition, by to improve at tasks
exposing multilayered neural networks to with experience. The
vast amounts of data. category includes
deep learning

Figure 2.5: Definitions of Artificial Intelligence, machine learning and deep
learning.?46

Machine Learning can perform predictive analytics much faster than human efforts
and, as a result, it has the potential to help efficiently increase work productivity.?*”
There are two common types of ML, supervised and unsupervised learning.
Supervised learning occurs when the dataset is labelled and it involves the individual
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labelling of or rebuilding data, which assists in the prediction of outcomes from the
provided data.?*4248-249 |n contrast, unsupervised learning uses a large amount of
unlabelled data and the algorithms establish their own grouping of the data based on

available information. 244.248-249

Although supervised and unsupervised learning are the more popular types of ML,
there is another type of ML known as reinforcement learning. Reinforcement ML runs
by learning through the recognition of trial and error within its environment.?%%-251 An
example of this would be building ‘intelligent robots’, such as self-driving cars.?5?
Figure 2.6 illustrates the types of ML, the uses of each type of ML, and method

examples for each ML type.

[ Machine Learning ]

| . |

[ Supervised Learning ] [Unﬁupewiﬁed Learning ] [Reinfurcemen‘tLearning ]

]
[ Classification ][ Regression ] [ Clustering ] [Deciﬂunl‘u‘laking]

(’-Naive Bayes N Inff-Lima;arF{Eggressic:lr;\ﬁ /:KM Clusteri \ 4 ™
Classifier = Neural Networl - EEHS_ ustering
o : = Mean-shift
= Decision Trees Regression .
5 Clustering =L .
= Support Vector = Support Vector = DBSCAN Clusterin Q =l
Machines Regression - Accl - & =R Learning
= Random Forest = Decision Tree h EE D’}:‘_EFT hve =TD Learning
= K — Nearest Regression \erarchica
i i Clustering
MNeighbors =l assoRegression = Gaussian Mixture
=Ridge Regression \ J/

Figure 2.6: Different types of machine learning methods that include supervised,
unsupervised and reinforcement machine learning.2%3

2.5.2. MACHINE LEARNING IN HEALTH

Public health data has grown in scale and complexity, and is projected to grow even
more in the foreseeable future.?®* There are predictions that advanced big data
science approaches, such as Al, can improve health and population outcomes, and

this has led to a rise in Al in health care research.2>> However the definition of data
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science has been debatable as there are conflicting ideas that it is simply a rebrand of
fields such as statistics and computer science.?®42% Figure 2.7 illustrates where Al
was envisioned to elevate the medical industry which shows the pattern of how Al is
to assist in improving the process of diagnostics and patient monitoring.

Image Al evaluation & Personalized medicine &

acquisition prediction patient monitoring

Decision making

Medical Ji:lgn(n’i\

Web transmit

Figure 2.7: An illustration of the envisioned use of Al within diagnostics to
improve patient healthcare. 257

The use of Al applications is not new in the medical and public health context. ML and
deep learning have been applied in numerous ways such as Al system-based
recommendation of appropriate antibiotics in the 1970s,%%® in diagnostic tools,?*> HIV
research,?®® and in clinical monitoring.?%° There are also opportunities to use Al in
public health.?5t In LMIC, the main focus of Al interventions has been on health issues
such as tuberculosis 262264 and malaria,?®>2¢¢ which used neural networks in
diagnostics to detemine positive cases. Other studies included non-infectious
diseases in children and infants, preterm birth complications, malnutrition and cervical
cancer,?” by using predictive modelling and natural language processing to assist in

the diagnostics and prediction of health complications.

Public health and epidemiology studies have incorporated the use of Al applications.
ML has been used is different ways including statistical analysis of large
epidemiological data, data mining, screening techniques, infection surveillance and
prevention.?%8-272 The use of Al applications like ML, has also been considered to
assist in achieving some Sustainable Development Goals (SDGs) by predictive
modelling, tactile decision making, interactive communication and pattern recognition

in the analyses of large-scale interconnected databases to develop environment-
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preserving activities.?*? The increased use of ML also has the potential to close the
gap for LMIC in achieving the SDGs by using ML as a characterisation tool to estimate

risk of disease and implement preventative measures in populations at risk.2¢’

Within the context of air pollution epidemiology, ML has used prediction-based or
knowledge discovery methods in data mining applications.?®® This often results in the
use of classification algorithms that predict categorical outcomes, and regression
algorithms for continuous outcomes on single pollutant data.?’® The Pan American

Health Organization has summarised subfields of Al that include: 274

Cognitive Search: The use of Al solutions (such as ML and natural language
processing) to incorporate and understand digital content from various sources, such
as text, images, video, and machine data. The goal is to improve the relevance of the

results generated from a user search.?75-276

Computer Vision: Training computers to interpret and understand the visual world.
Using digital images from cameras and videos and deep-learning methods. Machines

can resultantly identify and classify objects more accurately.?77-278

Deep Learning: A subfield of ML that uses algorithms designed as networks of
decisions to learn from data. These networks are often called neural networks and
when there are many layers in the network, they are called deep neural networks or
deep learning networks. Deep learning can identify diseases based on imaging and
can predict health status from electronic health records.?7°-282

Machine Learning: Process of applying training-data to a “learning algorithm” The
algorithm generates a set of rules, based on identified data patterns. These rules can
then be used to classify new data or predict future data. Through using different
training-data, the same learning algorithm could be used to generate different models,

e.g. pathology prediction and so forth.283-285

Natural Language Processing (NLP): NLP automates the ability to read, understand,
and derive meaning from human language.?®® Two interesting NLP subfields of
particular interest are (i) Natural Language Understanding (NLU) where these
algorithms are designed to understand human writings using a coded understanding
of grammar, syntax, and semantics;?®” and (ii) Natural Language Generation (NLG),
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where the algorithms are designed to automatically transform structured data into plain

language. It is considered the opposite of NLU,286:288

Robotics: An interdisciplinary research area at the interface of computer science and
engineering. The goal of robotics is to design intelligent machines that can assist

human activity.?®°

Speech Analytics: The process of analysing live or recorded speech to understand
and derive meaning in order to apply the information for various industries such as

marketing and customer service.?90-292

Virtual Agents (chatbots): Also known as ‘conversational agents’. These are
software applications that mimic written or spoken human speech to simulate a
conversation or interaction with a real person. It performs tasks that include rapid
response, information delivery, and producing better service delivery. These are often

seen in banking, call-centres, health, and improved customer service delivery.?®3

The above guidelines are based in a United States and global context, however

numerous studies have been conducted in Africa under these subthemes (Table 2.3).

Table 2.3. Examples of studies that recently applied Al in public health in Africa.

Component

Examples of uses of Al in Public Health

Reference

Cognitive Search

Use of social media big data as a novel HIV
surveillance tool in South Africa

van HeerdenYoung %4

Computer Vision

Sensitivity and specificity of computer vision
classification of eyelid photographs for
programmatic trachoma assessment

Kim, Okada, Ryner, Amza,
Tadesse, Cotter 2%

Deep Learning

Artificial intelligence (Al) and big data in cancer
and precision oncology

Dlamini, Francies,
HullMarima 2%

Machine Learning

Application of machine learning models in
predicting length of stay among healthcare
workers in underserved communities in South
Africa

Moyo, Doan, YunTshuma
297

Natural Language
Processing (NLP)

Systematic review of the concept 'male
involvement in maternal health’ by natural
language processing and descriptive analysis

Galle, Plaieser, Van
Steenstraeten, Griffin,
Osman, Roelens 2°8

Robotic

Robotic health assistant (Feverkit) for the
rational management of fevers among nomads
in Nigeria

Akogun 2

Speech Analytics

Nigerian innovators create Ubenwa, an app
that detects asphyxia in babies

Masso, Chukwu, Calzati,3%°

Virtual Agents
(Chatbots)

Virtual healthcare services and digital health
technologies deployed during coronavirus
disease 2019 (COVID-19) pandemic in South
Africa: a systematic review

Mbunge, Batani,
GaobotseMuchemwa 301
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In South Africa, an increase is Al research has and is expanding over numerous
research fields outside of computer technology. Research fields including human
language technologies robotics, and to an extent, in health informatics and biodiversity
information management have begun to explore the use of Al in research.3%> Most
recently, deep learning has been used in the prediction of maize production.3°® ML has
also been used as a prediction tool in the healthcare and placements of healthcare

workers.2%7

Although research concerning Al in public health in Africa is growing, Al applications
in public health and medical studies are more prominent in countries such as China,
USA, and Europe.?%83%4 The use of Al in South African is increasing, with several
studies showing the use and potential benefits of Al application in healthcare and
medical studies,?%42%6.301 including its role in the analysis of data on hearing
impairment.3%> Additionally, ML has also been used as a prediction tool in healthcare
and placements of healthcare workers.?°” The extent and implementation of Al and
ML in epidemiology, in an African context, is in the early stages, which leaves room
for exploration.3%¢ Post-COVID-19, there has been an increased interest in the use of
Al to derive meaningful information from large amounts of health information that is
being produced. 3°7 Thus, the escalated application and inclusion of Al and ML
methods in health have put us into the ‘peak of inflated expectations’ phase defined
by the ‘Gartner Artificial Intelligence Hype Cycle’.2%® The inflated expectations are
possibly unmatched expectations and favour of the initial capabilities of this

technology.3%°

As useful as applications of Al in the public health and medical context are, there is
limited knowledge on the preparedness of public health professionals to use these
applications. Public health students and experts may need to be better versed in public
health data science and learn how to apply these methods to draw distinctions
between making inferences from statistical methods and prediction-oriented
computational tools.?>* Additionally, using Al methods may assist public health
researchers in processing the increasing availability and complexity of health data.?>*
With the limited knowledge of Al and ML in health there are misconceptions and
concerns about its use.319-312 Few studies have been done to assess the attitudes and

perceptions of those who are studying to work in public health, regarding the use of Al
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in their work.306:311.313 Qther concerns about the use of Al include that it could
potentially violate ethical values in health research, by creating bias in predictions and
potentially making individual information available, reducing the anonymity of
individuals.34-315 Due to the misconceptions of Al in health, there may be a need to
restructure health training to cover a basic understanding of Al concepts, limitations,

and relevant implications it may have,311:316-318

The utilisation of ML can present a wide array of scalable and reliable methods and
information.?®® The extent and implementation of Al and ML in epidemiology, in an
African context, is in the early stages of exploration. However, the availability of

expertise to execute this integration within the African context is limited.30°

2.5.3. MACHINE LEARNING IN AIR POLLUTION STUDIES

There are a number of ways ML has been used in air pollution studies. A systematic
review showed that ML has been used in source apportionment, prediction of air
quality or exposure, geo-spatial coverage and generation of hypotheses.?®® Figure 2.8
shows ML in air pollution epidemiology research mainly occurring in North America,

Asia, and Europe.?58
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Figure 2.8: Machine learning in air pollution epidemiology studies per country
between January 2000 and October 2017.268
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Source apportionment focuses of grouping data according to the potential sources
within a given study area.62319-323 Although there are traditional methods of source
apportionment, ML methods are trying to be set as alternatives to these traditional
methods. Unsupervised clustering ML is more commonly used for source
apportionment, by grouping data according to familiarity among the data points as
opposed to a general assumption from the researcher on how many groups to set
prior.324-328 The use PCA for source apportionment has also been explored however
PCA was found to determine the correlations between pollutants as well as determine

the source profiles of the various air pollutants of interest in a study.?18:329

Predictive modelling has also been a more popular application of ML in air pollution
epidemiology studies. There have been multiple ML methods used in air quality and
air pollution forecasting and prediction, that also includes the use of support vector
machines (SVM),32°-332 grtificial neural networks (ANN), and random forest (RF), 330
331 Kohonen self-organising maps,®3? ensemble regression models,** and fuzzy
evaluation.®®? Some methods have been used to estimate ambient air pollutant
concentration levels for pollutants such as PM, CO, NO2, SOz, smog, and O3,330-331.334
and others have been used to determine air quality indexes (AQI).3?° South African
based study had applied predictive modelling to determine healthcare worker
allocation in health facilities.?®” Another study used predictive modelling for adverse
health outcomes from air pollutants and complex data interactions which included
external factors such as gender and race.332 Although the predictive modelling was
able to produced resonable results the study the limitation of missing data reduced the

effecincy of the predicted models.333

Moreover, ML methods are being used to monitor, inform, influence, measure, detect,
forecast, advise, reduce, and manage air pollution in multiple cities around the
world.33 In addition, this analysis of air pollution is used to see the impact of the
environment on population health. Many regions have insufficient air monitoring
networks to provide real-time mapping.33® With the leveraging of air pollution
monitoring techniques, meteorological information, and land use information to map
real-time pollution, health risk information can be better estimated.33¢ The availability
of air pollution data in Africa is sorely lacking and this affects the adequate attention

needed for policy change and action across the continent.3337-338
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It would be important to explore more predictive modelling for air quality monitoring
and early warning systems to evaluate the degree of air pollution objectively, which
could assist in more accurately predicting pollutant concentrations and climate
change.339-340 Air quality monitoring and management are an important phase of air
pollution epidemiological investigations, because the data obtained from quality
monitoring and management influences the inferences made in studies. Information
on air quality management and developments is available but still in need of better
execution and implementation, despite the very evident possibility that it can impact

air pollution epidemiology in South Africa.

Unsupervised ML methods such as clustering techniques have also been applied in
conducting air of pollution studies.3*1-343 Methods such as the Environmental Pollution
Clustering (EPC) algorithm uses the k-means algorithm as the foundation algorithm to
perform clustering, its main advantage being its ability to handle large data.?!® There
are numerous unsupervised ML methods which include but are not limited to
hierarchical clustering,344-34” k-means clustering,3*¢ spectral clustering3?¢ and Density-
Based Spatial Clustering for application with noise (DBSCAN).34%-350 Even with these
new developments in clustering algorithms, an appropriate method for grouping the
sample pollution data according to air pollution characteristics has not been
established. 2%8

K-means clustering is a simpler and common methods of clustering in numerous
studies3?6:351-352 This method uses an iterative process cluster centre means
repeatedly till convergence has been reached. K refers to the number of clusters that
are determined by the user/researcher that is randomly set. 258 Each data point then
assigned itself to the closest mean centre. 353357 Convergence is then considered to
have occurred once the centres are stable and no longer moving. However, the
method has some weaknesses, including its susceptibility to outliers.?68326 Qther
clustering methods like DBSCAN clustering work on the assumption that highly dense
data can be clustered from data that is of lower density.3>° Hierarchical clustering is a
type of distance-based clustering that clusters data according to hierarchies formed
by the algorithm.3*’ Similar to hierarchal clustering in the balanced iterative reducing

and clustering using hierarchies (BIRCH) clustering, which is an unsupervised data
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mining algorithm that utilises hierarchical clustering over particularly large datasets.3%%
359

Another clustering method is spectral clustering, which is based on k-means
clustering, but takes a slightly more advanced approach in its algorithm.3?6 Spectral
clustering is an algorithm based on a graphic theory.3?% It emphasises the use of either
a normalised or unnormalized Laplacian matrix's eigenvalue decompaosition to partition
or cluster the data.3?63¢0 This method is thought to outperform some traditional
clustering algorithms, such as the k-means clustering and expectation minimization
(EM), which assume that the data has smooth spherical or elliptical distribution,
whereas spectral clustering makes no such assumptions on the data and is better

equipped to adapt to whichever shape the cluster forms,361-362
2.6. MISSING DATA

Missing data are a frequent problem encountered in multiple fields of research, more
commonly experienced in environmental and occupational health research.363-364
Although, missing data has also been an issue in longitudinal, clinical, and
epidemiological studies.36°-368 |n environmental studies, some common causes for
missing data include malfunctioning equipment due to extreme weather conditions, as
well as the maintenance, repair, and calibration of instruments.369-372 Data collection
at pollution stations located in remote areas have larger periods of missing data, due

to faults with power supply.369

Health-based studies are often concerned with a daily average concentration
associated with adverse health effects.37° A critical component of exposure sciences
and public health involves the monitoring of environmental pollutants.36337° Missing
data can introduce bias in reporting results and reduce statistical power and precision
in a study. In environmental health studies, missing data within a dataset can over- or
underestimate the average concentration levels that a population may be exposed
t0.371 One early set solution to the issue of missing data was to have the researcher
state the magnitude of their missing data, and, more importantly, how the data was
handled during statistical analysis.3¢2 However, this did not correct issues such as
biased results, reduction of sample size, undermining of the validity of the study, and

reducing the precision and power within the study.363373-374 Thus, the method of
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imputation was introduced, which is the process of estimating and replacing missing

values within a dataset.3’8

2.6.1. CLASSIFICATIONS OF MISSING DATA

To implement imputation methods, the ‘mechanism’ of missing data must be classified.
These mechanisms are defined as Rubin’s patterns of missing data.36%376-378 There
are three mechanisms of missing data: missing completely at random (MCAR),
missing at random (MAR), and missing not at random (MNAR).3”® The MCAR
mechanism assumes that the missing data are independent of both observed and
unobserved data within a dataset.37°-380 |t is the easier and most desirable of the three
mechanisms to address.3’6378 The missing data under MCAR is usually under 5% of
the dataset,3®! making it ideal to encounter in research. However, it is the least likely

to encounter in most fields of research.377:382

The MAR mechanism of missing data assumes that the ‘missingness’ of the data could
be dependent on the observed data.376:378381 Although the missing data observed
within a variable is independent of the value itself; it is dependent on other variables
that are included in the dataset.37°-380.381 The MAR assumption is considered
preferable to work under.3® There a many ways to address missing data under this
assumption that can be either simple or computationally more complex.363:369,372,385
Lastly, in cases where neither MCAR nor MAR can be assumed, the data are
considered MNAR.378:381

The MNAR assumption is the more complicated mechanism of the three and more
difficult to address.3®? Data that are MNAR occur when the probability of an
observation being missing is related to unobserved values.37638 Meaning that the
missing values are dependent on itself, and the possibility of predicting these values
within the observed data are low.380:386 There are various ways for dealing with missing
data MNAR, which include, but are not limited to, methods similar to those used in
handling selection bias.3® However, these methods require multiple analyses of the
missing data mechanism, because the MNAR situation is unique and requires specific
approaches to deal with the missing data.®”® Nonetheless, the MNAR assumption can
be improved by incorporating more variables in the dataset, which may reduce the
severity of the MNAR conditions.379384
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In environmental and occupational health studies, the MAR assumption is the most
used.369-370,372,376,387 |t js under this assumption that observed variables are used to
estimate unobserved variables.3633¢° Buuren,3® and Allison,® identify three general
theoretical criteria for methods estimated for handling missing data. Firstly, statistical
analysis conducted on the missing data method should ensure that the parameters of
interest are close to the values which would have been obtained if the missing values
had been observed.# The missing data method should minimize parameter bias in
the analysis. Secondly, the imputation method should ensure that the majority of the
available data are used, disregarding as little data as possible.384388 |astly, the
imputation method must produce good estimates of data variability, such as standard
errors, p-values, and confidence intervals that are not over- or underestimated, to

avoid lowering the efficiency in the analysis.3°

2.6.2. METHODS TO ADDRESS MISSING DATA

There are simple methods of dealing with missing data in different categories of
research, mainly the missing data in the dataset is simply deleted or disregarded, or
the missing values within a dataset are replaced by means of imputation.373:390-391
Imputation of missing values is the preferred method of handling missing data. This
method replaces the missing values in a data set according to the assumed
mechanism of missing-data. In majority of the imputation methods, the data are
presumed to be under the mechanism of MAR. Therefore, the methods of imputation

range from simple to more complex.36%-370

2.6.2.1. UNIVARIATE/ UNIVARIATE TIME SERIES METHODS

The univariate methods are traditional methods of imputation and some are listed in
Hadeed et al.3’® These methods include mean, median, random, and last observation
carried forward (LOCF). These methods replace the missing data without taking into
consideration the time-series nature of the data. R is one of many statistical
programmes used to impute data. To perform these simple imputation methods, R
packages such as imputeTS can be used. Within the imputeTS package, different
imputation algorithm implementations can be performed, including multiple univariate
and univariate time-series imputations.3%? Univariate imputation methods are classified
as simpler and faster methods of imputation.3’* Mean and median imputations use the

mean and median of the one variable to impute throughout the data set.363:375.392
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Random imputation, however, replaces each missing value by drawing a random
sample between two given bounds within the variable.3%? Lastly, LOCF replaces each
missing value with the most recent present value before it.3%? Although these methods
are simple and quick to conduct, they are highly biased assumptions and may affect

the variance of the dataset.363369

Univariate time-series imputations are more complex and consider the times-series
characteristics of the partially observed data within the dataset.3”® While most
imputation algorithms rely on inter-attribute correlations, univariate time-series
imputation methods need to employ time-dependencies found within the partially
observed data.3”® In addition, these methods use more advanced algorithms and need
more computation time.3’> Kalman imputation, by the Kalman smoothing ‘StructTS’
option in the imputeTS package, uses a structural model fitted by maximum likelihood
and, because KalmanRun is often considered extrapolation, KalmanSmooth is usually
the better choice for imputation.3°?2 Kalman filters are used to fit autoregressive
integrated moving average (ARIMA) models to predict missing values based on trends
of previously observed measures.3?? This imputation method has been found to better

perform under 20-40% missing data in a dataset.36®

2.6.2.2. MULTIVARIATE METHODS

Multivariate time-series imputation methods are more complex and they use predictor
variables between observations to impute the missing values; some methods use
regression imputations, such as predictive mean matching (PMM).370:394-395 Multiple
imputation by chained imputation (mice) is a multivariate imputation method used
under the assumption that missing data are MAR.3%¢ The mice package in R creates
multiple imputations based on Fully Conditional Specification (FCS), where each
incomplete variable is imputed by a separate model.2?” In the mice imputation the
algorithm inspects the pattern of missing data, then imputes the data an ‘m’ number
of times, then diagnoses the quality of the imputations before pooling the results of the
repeated analysed data.®®” In addition, the mice algorithm can impute mixes of
continuous, binary, unordered, and categorical data, so long as the correct regression
algorithm is instated.®®” PMM regression is often used for numeric data, but can be

used for other forms of data.3’° Other regression modelling can include, but are not
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limited to, logistic regression, classification and regression trees, random forest

imputations, and unconditional mean imputation.396-3°7

The multivariate time-series data imputation (mtsdi) method, uses an expected
maximum likelihood (EM) algorithm-based method to impute missing values for
multivariate time-series data.®’* This imputation algorithm takes into account the
spatial and temporal correlation structures within the dataset.?’* As a default, a smooth
spline is fitted on each time-series iteration in the imputation, and this method can be
selected for univariate time-series data.3%® Another regression model, which under
mtsdi imputation, is autoregressive integrated moving average (ARIMA). ARIMA is
used to pattern temporality in the dataset with the option of seasonal components.
However, the algorithm is tailored for missing climate data from several monitors in a
given region.3%® Lastly, the mtsdi method can impute data using temporal patterns
under the generalised additive model (gam) or generalised linear model (gim). The
gam/glm model must be supplied to each covariate and then the covariates are used
as part of the imputation model, however, this may result in collinearity among the
variates.3% Imputation using the default EM algorithm with normal multivariate data,

under the fitting of a spline, has been found to yield precise estimates.3"*
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CHAPTER 3: METHODOLOGY

This chapter explains the methods used to achieve the three PhD thesis objectives.
The methods used are the survey among postgraduate students, the classification and
regression trees analysis and unsupervised ML methods to investigate the joint effects
of air pollutant mixtures. Lastly, the methods of the PMF for source apportionment and

unsupervised ML cluster algorithms for source apportionment, are explained.

3.1. METHODS

3.1. KNOWLEDGE, ATTITUDES AND PERCEPTIONS OF THE USE OF
Al APPLICATIONS IN PUBLIC HEALTH RESEARCH AMONG
POSTGRADUATE STUDENTS

3.1.1. STUDY SETTING AND STUDY DESIGN

The study was conducted in the School of Health Systems and Public Health (SHSPH)
at the University of Pretoria, South Africa. A cross-sectional study was done within
SHSPH’s Postgraduate Diploma in Public Health students. In this study, an online
cross-sectional survey was sent to 758 enrolled diploma students. The questionnaire
was conducted between 13 June and 19 June 2022. The cross-sectional study was
used to assess the knowledge, attitudes, and perceptions of the use of Al applications
in public health. This study provided an overview of the relationship between the use

of Al applications in public health and how it is perceived by the students.

Ethical clearance was obtained prior to distributing the questionnaire (Appendix 1). An
online questionnaire (Appendix 2) was prepared using Qualtrics. This questionnaire
was accompanied with a consent form (Appendix 3) that all students acknowledged
before choosing to participate in the study. The methodology used in this study was

adapted from a Canadian study conducted among medical students.?
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3.1.2. SURVEY INSTRUMENT (QUESTIONNAIRE) AND HEALTH
OUTCOME MEASUREMENTS

The questionnaire was created in Qualtrics, after which an online invitation was sent
to students, enrolled for an online module. Consent was obtained from the students
on the first page of the survey.

The questionnaire had three designated sections that focused on: (A) demographics
of the respondents that included their gender, age, residence, and interaction with
computer science and Al; (B) basic knowledge of Al terminology including Al, ML, DL,
neural networks (NN), and ‘algorithm’; and (C) perceptions of Al use in public health.
This last section was separated into four subsections addressing the perceptions of Al
and task performance at individual primary care, health systems, and population;
perceptions of Al and impact on public health careers; perceptions of Al and ethics;
and perceptions of Al and public health education.

3.1.3. STATISTICAL ANALYSIS

The data from Qualtrics was exported to a Microsoft Excel spreadsheet and then
imported to STATA 15, where all demographic and statistical analysis was performed.
The scaled questions regarding perceptions and attitudes were reported in
percentages. Content analysis was used for the open-ended responses obtained from
the questionnaires. Chi-square tests were applied to assess the correlations between
sections B, C, and some of the demographic information captured in section A. The

significance level was p<0.05.

3.2. JOINT EFFECT OF SOz NOz, Oz PMzs AND PMi, ON
RESPIRATORY AND CARDIOVASCULAR DISEASE HOSPTIAL
ADMISSIONS.

3.2.1. STUDY DESIGN

The association between daily air pollution mixtures and daily counts of RD and CVD
hospital admissions were investigated using a case-crossover epidemiology study
design. A case-crossover study design is often used in air pollution epidemiological
studies to establish a causal relationship between air pollutants and acute health
outcomes.?3 This design is a variant of the time-series study design. It shows the
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effects of transient acute exposures on acute emergency events, while comparing
each person’s exposure in a time period just prior to a case-defining event with the

person’s exposure at other times (i.e. unit of analysis is on the individual level).

A case-crossover study design is an analytical epidemiological approach where each
case as its own controls and is often used to investigate short-term effects of
intermittent pollutant exposure on the onset of acute outcomes.® The design is
recommended to study the effects of short-term air pollution exposure on health
outcomes with an abrupt onset, such as myocardial infarction or asthma attacks.®”’
Since the cases serve as their own controls confusion caused by individual
characteristics is eliminated. Additionally, it allows for the use of routinely monitored
air pollution information while simultaneously allowing the study of individuals (rather
than days) as the unit of observation.® Having the cases as their own controls also
limits selection bias and increases efficiency.® For each RD and CVD hospital
admission, the exposure variables (SO2, NO2, O3z, PM25, and PMaio) for that day was
compared to a referent group, where all the exposure mixture variables were at their

lowest concentrations. This study design controls for seasonal trends.19-11

3.2.2. STUDY SETTING AND POPULATION

The study area included Vereeniging and Vanderbijlpark. They are located in

Sedibeng district municipality, Gauteng Province, South Africa, found in the VTAPA.

3.2.3. HOSPITAL ADMISSION DATA

The individual-level cause-specific hospital admission data for Vereeniging and
Vanderbijlpark (1 January 2011-29 February 2020) was requested from a private
hospital group. Some of this data (January 2011-October 2016) has also been used
in a PhD thesis completed in 2019, where Prof Wichmann was a co-supervisor, within

the same area.!?

Cause-specific hospital admission data was indicated by the International
Classification of Diseases 11th Revision codes. The specific codes of interest were
CD11 RD codes J00-J99 and CVD codes 100-199.%3
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3.2.4. AIR POLLUTION AND METEOROLOGICAL DATA

S0O2,NO2, O3, PM2s, and PM1o were investigated for the study period 1 Jan 2011 to 29
February 2020 (before the first COVID-19 case in South Africa) and downloaded as
24-hour averages, from the SAAQIS website.'4 This air pollution source is the same
used in local studies.>17 Six air pollution monitoring stations (Diepkloof, Klipriver,
Sebokeng, Sharpeville, Three Rivers, and Zamdela) maintained by the South African
Weather Services (SAWS) were assigned to the VTAPA.

Although there are thirteen air monitoring stations within the area, the six air pollution
monitoring stations continuously assess real-time concentrations of the criteria air
pollutants using equivalent methods of the United States Environmental Protection
Agency and in accordance with ISO 17025 guidelines (Figure 3.1).%8 Additionally, the
six stations collected meteorological data such as ambient temperature, relative
humidity, rainfall, wind speed, and wind direction. Temperature and relative humidity
are by default included as confounders in the air pollution epidemiology studies that
apply the case-crossover epidemiology design.?31° Eight other air pollution monitoring
stations in the VTAPA area were considered, but these stations had large proportions

of missing data and could not be applied to this PhD project.
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Figure 3.1: Map of the location of the air pollution stations in the Vaal Triangle

Air Pollution Priority Area and the two hospitals. Red symbols are the hospitals (1)
Vanderbijlpark and (2) Vereeniging. Black symbols are the pollution monitoring stations of the VTAPA: (1)
Sebokeng, (2) Sharpeville, (3) Three Rivers, (4) Zamdela, (5) Kliprivier, (6) Diepkloof. Green symbols are the
pollution monitoring stations of the City of Johannesburg:(1) Orange Farm, (2) Meyerton, (3) Randwater, (4)
Vanderbijlpark, (5) North West University, (6) Bongani Mabaso Eco Park, (7) AJ Jacobs, (8) Leitrim.2°

Daily 24-hour averages (midnight-to-midnight), as well as hourly data for the pollutants
measured at the selected sites, were downloaded from the SAAQIS website.'4
Afterwards, combined 24-hour averages for the pollutants (SO2, NO2, Os, PM2zs, and
PMao) were calculated across the site of interest. Although the air pollution data are
readily accessible and available, there were many gaps of missing data, requiring the

use of imputation for the missing data.

3.2.5. DATA ANALYSIS
3.2.5.1. IMPUTATION OF EXPOSURE DATA

Before imputation could be implemented the data was carefully cleaned. SAWS
implements a detailed data validation and quality assurance process, according to the
New Zealand “Good Practice Guide for Air Quality Monitoring and Data Management”
(2009).18 During this process, the data are checked for any zero drift, and if identified

the figure is replaced with the values recoded at last calibration. Outliers are also
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identified if they are outside the range of three standard deviations of the calculated
mean. If these outliers represent a legitimate spike in the concentration (3 standard
deviations of the mean of values within an hour of either side of the data point), they
are retained. Lastly, negative values less than -1 were removed from the validated

data.18

The datasets went through further cleaning of any overlooked outliers. The daily
average data for the identified days were compared with the hourly values recorded
for that day. Additionally, three to five days of hourly data from before and after the
identified outlier was compared to see whether the figure had to be deleted, or if there

was an error in recording the value that simply needed correction.

3.2.5.1.1. MISSING DATA ASSUMPTION

It cannot be fully determined what the cause of missing data was. However, the reason
for the incomplete data may have been due to premature shutdown of the monitors,
battery power loss, or equipment failure occurring at some point during a 24-hour
monitoring period. Other reasons for interruptions in the monitoring of outdoor air
quality could be extreme weather conditions beyond the range of the manufacturers’
recommended conditions.?! However, exploring the conditions proximal to the
shutdown of these monitors indicates the ambient conditions were within range of the
manufacturers' operating environment, suggesting MNAR (missingness not at
random) was not present. Since MNAR was unlikely, the MAR (missingness at
random) assumption remained the main mechanism of ‘missingness’ for the air

pollution and meteorological data.

3.2.5.1.2. METHODS OF HANDLING MISSING DATA

The imputation methods used in the study were derived from recent studies by Hadeed
et al,?! and Junger and De Leon, 201522, R statistical program was used for all the
imputations. The R packages used were naniar, imputeTS, mice, and mtsdi. Mice and
mtsdi imputations were also run using meteorological conditions i.e., relative humidity,
temperature and wind speed, as part of the comparison. Mice imputation was the
overall imputed dataset used in this section of the study. This method has also been

implemented in a study conducted in the same area.?
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3.2.6.2. DESCRIPTIVE STATISTICS

Descriptive statistics were reported for the health outcomes, air pollutants, and
weather conditions. Non-parametric tests were applied on the variables because there
was no Gaussian distribution. All descriptive statistics and non-parametric tests were

performed in R.

3.2.6.3. CLASSIFICATION AND REGRESSION TREE STATSTICAL
ANALYSIS (CART)

A modified CART method was applied,?® which has been used in other studies.?*2°
The number of sets of all possible joint effects are grouped into quartiles and this is
based on the daily concentrations of each pollutant (e.g. PM25, NO2, and SO2), i.e.
each pollutant had one reference level (lowest quartile) and three higher levels (three
other quartiles). This simplification yields four to the power of three (64) different types
of days, each of which can be viewed as a unique mixture. Days when SO2, NO2, Os,
PM:s, and PMaio were all in the lowest quartile, were placed as the referent group and

the remaining days were used to estimate the regression tree.?

The CART analysis took all possible joint effects and collapsed them into groups that
have similar predicted values for the outcome through a recursive partitioning process.
The end product of a typical CART analysis is a dendrogram illustrating the paths of
dichotomous splits.?>?> Every tree started with a ‘root node’ that contains the
observations from which the tree had grown. The observations were then partitioned
into two ‘child nodes’ based on the value of an independent predictor variable. The
resulting child nodes each contain a subset of the original observations. Each child
node could be further partitioned, again, based on the value of an independent
predictor variable. The process continued until a set of partitioning criteria was no
longer met, resulting in ‘terminal nodes’. Terminal nodes, by definition, cannot have
offspring. The collection of terminal nodes forms a complete partition of the
observations in the root node.?2> The criteria for a terminal node is that it lies above

the stated alpha, i.e. a=0.15, and the number of days are below 60.%3

Pollutants within a mixture, e.g. PMio, NO2, and SOz, were parameterised as
dichotomous variables representing each ordinal split of the quartiles (e.g. comparing
SOz quartile one vs. SO2 quartiles two to four) and were then introduced one at a time
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in a regression model. The pollutant-split resulting in the smallest p-value was selected
as the first split, and the dataset was partitioned accordingly. This process was then
repeated for each subset of the data until the p-values for the remaining splits were
below a given alpha, resulting in the formation of a terminal node. Likelihood ratio tests

were also applied for the inclusion of the terminal nodes in the final model.?32°

Due to the nature of the method used and the high correlation between PMio and

PMzs, the pollutants were divided into seven air pollution mixtures:
Mixture 1: PMio, NO2, and SO2

Mixture 2: PM2s, NO2, and SO2

Mixture 3: PMio, NO2, and Os

Mixture 4: PM2s, NO2, and O3

Mixture 5: PM1o, SO2, and O3

Mixture 6: PM2s, SO2, and Os

Mixture 7: Oz, NO2, and SO2

Descriptive statistics for the air pollution clusters were formed using unsupervised
Machine Learning (ML) methods. Thereafter, Wilcoxon rank-sum and Kruskal Wallis
tests were applied to determine the differences between and among the formed

clusters.

3.2.6.4. REGRESSION MODELLING

Similar to other time-stratified case-crossover studies, standard time-series quasi-
Poisson regression models were applied with daily aggregated health data.?® The daily
number of hospital admissions (frequency) usually has a quasi-Poisson distribution,
i.e. over-dispersed, meaning very few days with a small number of hospital
admissions. The distribution has a long tail as the frequency declines, meaning very

few days had a large number of hospital admissions.
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Where:
Yt ~ Poisson () Equation (1)
log (14) = o + BPOLQ: + yTappt + npubhol: + AStratat Equation (2)
Where:

t is the day of the hospital admission

Yt is the hospital admission count on day t

a is the intercept

POLQ: is the ordinal variable of the air pollutant quartiles on day t
B is a vector of coefficients for POLQ

Tappt is the linear term of apparent temperature

v is a vector of coefficients for Tapp

pubhol: is a binary variable for public holidays.

n indicates the vector of coefficients for DOW and pubhol

Strata:, the model which is conditioned on a categorical variable of the year and
calendar month used to control for long-term trend and seasonality (e.g. from 12011
(January 2011) to 22020 (February 2020), and the day of the week on day, and A is a

vector of coefficients for Strata.

Temperature alone has been considered as a confounder and did not consider relative
humidity despite relative humidity playing a significant role in health effects.?” Apparent
temperature (Tapp) is a well-established confounder of the air pollution hospital
admissions or air pollution morbidity relationship.?® Extreme levels of heat, weather
high or low can increase morbidity and hospital admissions. Tapp is a better indicator
of health effects than including temperature and relative humidity individually.®2° This

is because it incorporates temperature, humidity, and sometimes wind speed.

Tapp was calculated using the following equations:2%-3°
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Saturation vapour pressure

=6.112 x 10(7.5 x temperature °C/ (237.7 + temperature °C) Equation (3)

Actual vapour pressure

= (relative humidity (%) % saturation vapour pressure)/100 Equation (4)

Dew point temperature °C

= (-430.22 + 237.7 x In (actual vapour pressure))/-In (actual vapour

pressure) + 19.08) Equation (5)

Apparent temperature °C

-2.653 + (0.994 x temperature °C) + 0.0153 x (dew point

temperature °C) Equation (6)

The two-day cumulative average (i.e. average of lag0 and lagl) of the air pollution
guartiles and Tapp was used in the models. LagO0 refers to the air pollution or Tapp
level on the day of hospitalisation and lagl refers to the levels the day before
hospitalisation. There is no default method to include lags of air pollutants and Tapp
in models.31-34 The air pollution quartiles at lag 0-1 was used in the models. Lag 0-1 is

usually the most significant and strongest.

The shape (i.e. linear or non-linear) of the association between the Tapp and hospital
admissions was studied using SAS and R. The models with a non-linear term for Tapp
and a linear term for Tapp were compared using log likelihood ratio tests. The non-
linear term for Tapp will be included in the regression models as a natural spline with
three degrees of freedom. Separate regression models were run for RD and CVD

hospital admissions for combined ages and sexes.

The joint effect of a SOz, NO2, Oz, PM2:5, and PM1o mixture (i.e. various day types
included in a terminal node) were estimated using the base model that included a
binary variable of that mixture. The base model is the model specified in Equation (2),

but without including the POLQ: variable. Prior to running these models, the previously
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withheld referent group (day type 111) was included again in the dataset. The
reference level of the binary mixture variable was the SO2, NO2, O3, PMzs, and PM1o
mixtures when the levels of all air pollutants within the different mixtures were in the
lowest quartile within the stated pollutant mixture, i.e. day type 111. The joint effects
were then reported as rate ratios (RRs) along with the 95% confidence intervals (Cl),

as done in other studies.1415

3.2.6.5. UNSUPERVISED MACHINE LEARNING METHODS

Unsupervised ML clustering methods were then used to determine the effects of
mixtures that include all five air pollutants and how these mixtures would affect RD
and CVD hospital admissions. The methods used in this section were run in R using
tidyverse, cluster, factoextra, NbClust, fpc, caret, and mlbench packages. Before
setting the number of clusters, all data was scaled using standardised scaling,
thereafter the optimal number of clusters was determined using the ‘elbow’, silhouette,

and gap statistics methods.3°

K-means clustering is a simple and commonly used3¢-3” unsupervised ML clustering
algorithm. It is a centroid based algorithm that tries to minimise the variance of data
points within a cluster.®® Although there can be limitation in converging during the
clustering process,®® there are a number of clustering methods that reduce the
possible error by using non-parametric settings converge.*® K-means clustering
executes dimension reduction of a dataset by distributing the data points to k number
of clusters.*! The k-means clustering method has been used to assess the joint effects,

as in a study by Riches et al.*?

When a dataset D = {x1, x2, x3,.., xn} is assigned k number of clusters, where C = {c1,
c2, c3, ..., ck} is the set of cluster centroids. The sum of squares estimated errors

(SSE) can be calculated using:43-44

E n
SSE = ZZIIE— f'kz

j=1i=1
Equation (7)

where xi is a point and ck is the centroid of cluster Ck.*3
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The other clustering method used was spectral clustering, under the Laplacian and
normalised Laplacian matrices. First a similarity matrix was made using a Gaussian
kernel, or the Radial Basis Function (RBF) kernel to group the dataset. Thereafter the
Laplacian and normalised Laplacian matrices functions were created. The Laplacian

matrix is derived by:434°

L(G) = D(G) - W(G) Equation (8)
Where D(G) is the diagonal matrix constructed with the degrees of node or vertex.*3

W/(G) the similarity matrix for G. w (i, ), the elements of W(G) represent the weight of
the edge connected by the nodes i and j, where:*?

w (i,)) = {

1,if there is an edge joining vertices i mm‘j}

0, otherwise Equation (9)

Each node or vertex represents a data point.

Using the normalised Laplacian matrix, there are two variants similar to that in the

Laplacian matrix, and this is defined by: 43

Loym(6) = D(6)ZL(G)D(6)Z =1 — D(GYZW(G)D(G)?

Lym(G) = D(G)TIL(G) =1— D(G)™*W(G) Equation (10)

Where Lsym(G) and Lm(G) refer to a symmetric matrix and the random walk

perspective Laplacian matrix, respectively, and D(G) and L(G) have usual meanings.*3

Lastly, DBSCAN clustering was applied and this method clustered the data according
to the arbiter shapes that were dependent on the radius set, which can be set by the
researcher; thereafter, a minimum number of points for a distance within the radius
were grouped together.*6*” The clusters obtained through the different methods were
then inserted into Equation (6), replacing the POLQ, in order to calculate the risk. All
unsupervised ML clustering was run in R using the tidyverse, broom, and gnm

packages.
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3.3. SOURCE APPORTIONMENT ANALYSIS

A commonly used method of source apportionment was compared with different
unsupervised ML clustering algorithms for source apportionment. This was done to
assess the differences between the two methods and to investigate whether the
unsupervised ML clustering could address some of the shortcomings of PMF (as
stated in Chapter 2).

The PMF data was available from studies previously conducted at the SHSPH,
University of Pretoria.*®4° The two studies had available data from 18 April 2017 to 28
February 2020. The sampling site was located at the SHSPH, University of Pretoria,
South Africa. Samples were collected on the roof of the HW Snyman South Building,
Prinshof campus (S 25°43'53” E 28°12'01”) (Figure 3.2). During this time period, PM2s
samples were collected every third day for twenty-four hours, with duplicates every
fifth measurement. An additional year of sampling was done, where samples were
collected every sixth day, due to COVID-19 lockdown regulations in South Africa.
There were five lockdown levels: lockdown level five was implemented between 27
March and 30 April 2020, followed by level four (1-31 May 2020), level three (1 June
to 17 August 2020), level two (18 August to 20 September 2020) and level one (21
September to 28 December 2020). The country was on an adjusted level three
lockdown from 29 December 2020 until the end of the PMF study period (12 February
2021).
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Figure 3.2: Image of sampling site, derived from Google Earth.

The sample area located in Gezina, Pretoria, is an urban area far from industrial
manufacturing companies, freeways, and highways. However, it is situated near the
major Steve Biko Gezina Road, and within five to ten kilometres of the central business
district (Pretoria CBD). It is also in close proximity to the Tshwane District hospital
incinerator.>® The PM2s measurements were collected over approximately 46 months
(17 April 2017 to 12 February 2021), totalling 428 samples. Of the 428 PMz.s samples,
124 samples were collected from 19 April 2018 to 23 April 2019 for my MSc
(Epidemiology) project.>°

Gravimetric analysis was used to determine the mass of the PMzs samples, using a
Mettler Toledo microbalance located at the Air Quality Laboratory, SHSPH. The
weighing followed a standard operating procedure (SOP), where three field blanks
were used before and after each batch of twenty filters.>® The SOP used for the
weighing procedure was a modified version of the SOP used in the ULTRA study.5!
The filters were conditioned for at least twenty-four hours before weighing in the
weighing room of the Air Quality Laboratory, SHSPH. The temperature and relative
humidity in the weighing room are maintained at 21.0 + 1.0°C and 50 * 5%,

respectively.5?
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Soot analyses were also performed on the collected PM2.s samples using a modified
SOP (i.e. reflectance analyses).>°2 The black soot index analyses were done using
the M43D smoke stain reflectometer (Diffusion Systems Ltd., London, UK) at the Air
Quality Laboratory of the SHSPH. Black carbon (BC) and UVPM (a proxy for organic
carbonaceous particulate matter absorbing UV light at 370 nm) analyses were
performed using a Model OT21 Optical Transmissometer (Magee Scientific Corp.,
Berkeley, CA USA) at the Department of Occupational and Environmental Medicine,
Institute of Medicine, Sahlgrenska Academy, University of Gothenburg, Sweden. The
additional absorption of UV light, at 370 nm, due to the organics, indicate the presence

of biomass burning.

For the PMF analysis the species of PM2s samples were determined through the non-
destructive process of X-ray Fluorescence (XRF). The XRF analyses were performed
using a XEPOS 5 energy-dispersive X-ray fluorescence (EDXRF) spectrometer
(Spectro analytical instruments GmbH, Germany) at the Department of Chemistry and
Molecular Biology, Atmospheric Science division, University of Gothenburg, Sweden.
The concentrations of the following elements were analysed: S, Cl, Si, K, Ca, Ti, V,
Fe, Ni, Cu, Zn, As, Se, Br, Sb, Ba, Pb, and U. All concentrations that were detected
above the limit of detection (LoD) were subtracted from the concentrations of the same
elements in the samples.*8-49.54-56 There were fifteen species used in the PMF analysis
from 18 April 2017 to 12 February 2021: PMzs, BC, UV-PM, S, CI, Zn, Si, Fe, K, Ca,
Ni, Ti, Br, Cu, and U.

3.3.1. POSITIVE MATRIX FACTORISATION (PMF) ANALYSIS

The Positive Matrix Factorization (PMF) technique was applied to identify the possible
sources of pollution that contributed to PM2s in Pretoria from 18 April 2017 to 12
February 2021. This method was carried out by using the U.S. Environmental
Protection Agency software EPA-PMF 5.0, applying the multilinear engine (ME)
technique via the inbuilt ME-2 program.>’ This has been widely used in ambient PM
source apportionment studies.>*%8-63 The entire PMF operation process can be seen

below in Figure 3.3.
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Figure 3.3: Flow chart of operations within EPA PMF — Base Model.%*

PMF is a multivariate receptor model concept that estimates source profiles and their

contributions based on a weighted least square approach.%® The task of the PMF

model in equation eleven is to obtain the unknown matrices, G and F, by the iterative

treatment of a least square method.48-49:56

The following equations are used in the PMF analysis:

Where:

Equation
(11)

X = the data matrix (size m x n) consisting of n chemical components analysed

in m samples

G = the source contribution to each sample (size m x p) for p factors

F = the matrix of source profile (size p x n)

E = the residual
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The main mission of the iteration is to minimize the Q value, which is defined in

equation twelve; 48-49.56.66

Q(E)=X > {eij/sij}2 ccccovrnn...... Equation (12)

Where:

(ei)) = squares of residual
(sij) = error estimates of data points

During PMF analysis, the elemental mass concentration is recalculated to their mean
oxidized mass concentration, where applicable, in all the analyses.®” Concentration
data and corresponding uncertainty data are used in PMF analysis. The uncertainty is

calculated using equation below: 2267

Uncertainty = (0.05 * Xj) + DLj Equation (13)

Where Xjand DL are the concentration and detection limit of the jt" species in the it"
sample, respectively. The concentration and uncertainty are needed in order to check
the signal-to-noise ratio (S/N);, as an initial check of the data prior to any runs within
the PMF model.

The signal-to-noise ratio represents the relationship of a certain portion of the
concentration that exceeds the uncertainty. The signal-to-noise ratio is a vital marker
which states which species ought to be included in the model run.??® There are three
signal-to-noise indicators in the PMF model. Species with a signal-to-noise ratio below
0.4 are marked as bad elements and excluded in the model run. The species with a
signal-to-noise ratio between 0.4 ~1 are marked as weak elements and species with
a signal-to-noise ratio above 1 are marked as strong elements.®” However, in a similar
study, the weak species ranged from 0.2 ~1.#8 The PM2s species is set to be a “Total
Variable” and assigned a higher uncertainty, and this was done for all four years. By
default, the species is labelled as ‘weak’, and this will prevent it from largely influencing
the outcome of the model.®’ Different factor models were run using five, six, and seven

factors, which were determined from previous studies.48-4°.:68
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Each base model was then run through bootstrap execution which is an error estimate,
each bootstrap run was set at 100 runs for each model. The results were examined to
determine if the species in each base model had values outside the interquartile
ranges around the profiles.®* The number of factors were considered appropriate if the
bootstrap mapping was over 80%, which indicated that the uncertainties could be

interpreted.®4

3.3.2. UNSUPERVISED MACHINE LEARNING CLUSTER ANALYSIS

Two unsupervised ML clustering methods were used namely k-means and spectral
clustering. Principal Component Analysis (PCA) was also conducted as an additional
comparison as other studies have applied it in source apportionment.355869-70 K-
means, spectral clustering, and PCA were all run in R statistical programme. The
inbuilt R command ‘prcomp’ and package ‘ggplot2’ were used in the PCA analysis.
Similar to the other clustering methods the data were scaled prior to PCA analysis.
The packages used for the k-means and spectral clustering can be seen in section
3.2.6.5.

The determined number of optimal clusters were used in the clustering models,
however, due to the possible number of sources found in the study area, the number
of optimal clusters were increased in this portion of the study. Spectral clustering has
been used for source apportionment in a study by Kumar et al.*® Similar to the k-means
clustering, the descriptive and statistics for each cluster were provided to possibly
determine the source of each cluster. Then the proportions of each species in a cluster

were used to determine the main sources of PM2.s during April 2017 to February 2021.

Non-parametric tests such as Wilcoxon rank-sum test and Kruskal Wallis tests were
performed to determine any significant differences between or among the formed

clusters in each model.
3.4. ETHICS APPROVAL

Ethical approval was only granted after a successful oral defence in front of the
Academic Advisory committee (AAC), which occurred on 10 February 2021 (Appendix
4). After reviewer input, the title of the project changed and was returned for approval
from the AAC (Appendix 5).

96

© University of Pretoria



AN PRETORIA
F PRETORIA

¥
ITHI YA PRETORIA

First, ethical approval (Reference No: 433/2021) was obtained from the Research
Ethics Committee of Faculty of Health Sciences at the University of Pretoria, 26 August
2021 (see Appendix 6). After a change of study population for the first objective a
second ethics approval was granted (Appendix 7). Toward the end of the project, only
unsupervised ML methods were used and so the title of the project was amended and

final ethics approval was granted (Appendix 8).

All identifying information of participants is omitted in the reporting of this study.
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CHAPTER 4: KNOWLEDGE, ATTITUDES AND
PERCEPTIONS OF POSTGRADUATE STUDENTS
TOWARDS USE OF ARTIFICIAL INTELLIGENCE IN PUBLIC
HEALTH SURVEY

This chapter presents the results of the survey conducted from 13 June to 19 June
2022, among Postgraduate Diploma in Public Health students at the School of Health
Systems and Public Health (SHSPH) at the University of Pretoria (UP). The survey
was to assess the knowledge, attitudes and perceptions of postgraduate diploma
students towards use of artificial intelligence in public health. A manuscript was

submitted on 19 May 2023, to Journal of Public Health, which is currently under review.

4.1. RESULTS
4.1.1. SECTION A: DEMOGRAPHICS

There were 758 responses that were received, 618 questionnaires were completed in
full with no missing values (81.5% response rate). Most respondents (82%) were
female, 17.9% were male, and less than 1% chose not to indicate their gender, (Table
4.1). Majority of respondents were younger than 40 years old. Most respondents
(83.5%) did not have any computer science backgrounds. Less than 15% of
respondents had attended or viewed Al related talks or lectures.
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Table 4.1: Summary study demographics (N=618).

n(%) n (%) n (%)
Gender Residence Highest Qualification
Male 108(17.5) Eastern Cape 54(8.7) Bachelors 501(81.1)
Female 507(82) Free State 16(2.6) Masters 29(4.7)
Gauteng 252(40.8) Doctorate 5(0.8)
Age Kwa-Zulu Natal 83(13.4) Other 72(11.7)
20-24 12(1.9) Limpopo 38(6.2) Rather not say 11(1.8)
25-30 210(34) Mpumalanga 48(7.8) Background in comp science
31-34 125(20.2) Northern Cape 12(1.9) Yes 81(13.1)
35-40 134(21.7) North-West 35(5.7) No 516(83.5)
41-45 67(10.8) Western Cape 28(4.5) Rather not say 21(3.4)
46-50 42(6.8) Outside SA 45(7.3) Attended Al talks/lectures
51-55 17(2.8) Rather not say 7(1.1) Yes 92(14.9)
56-60 3(0.5) No 508(82.2)
Rather not 8(1.3) Rather not say 18(2.9)
say
Received training computer
programming/coding
Yes 39(6.3)
No 571(92.4)
Rather not say 8(1.3)

n-number of participants per group
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4.1.2. SECTION B: KNOWLEDGE OF ARTIFICIAL INTELLIGENCE
TERMINOLOGY

Respondents’ understanding of general terminology varied among the different terms.
The majority (77.9%) of the respondents at least agreed that they understand what
Artificial Intelligence is and 51.4% similarly agreed that they understand Machine
Learning. Other terms such as Neural Networks, Deep Learning and Algorithms that
are associated with/related to deeper knowledge of Artificial Intelligence, was unknown

to most of the respondents (Table 4.2).

Table 4.2: General knowledge about Al terminology.

Strongly Disagree Agree Strongly Unsure
disagree agree
Al 5.2% 7.1% 56.5% 21.8% 9.4%
(32/168) (44/618) (349/618) (135/618) (58/618)
ML 7.4% 23.8% 40.1% 11.3% 17.3%
(46/618) (147/618) (248/618) (70/216) (107/618)
NN 18.8% 38.8% 19.3% 4.2% 18.9%
(116/618) (240/618) (119/618) (26/618) (117/618)
DL 13.3% 29.1% 34% 5.8% 17.8%
(82/618) (180/618) (210/618) (36/618) (110/618)
Algorithm 19.4% 28.4% 27.4% 8.7% 16.3%
(120/618) (174/618) (169/618) (54/618) (101/618)

4.1.3. SECTIONC: PERCEPTIONS OF ARTIFICIAL INTELLIGENCE
4.1.3.1. PERCEPTIONS OF Al AND TASK PERFORMANCE

Table 4.3 shows how likely respondents thought Al could perform tasks at an individual
patient care level. Respondents thought it at least likely that Al could perform
administrative, diagnostic and prognostic task e.g. the vast majority thought Al would
be likely to read and interpret diagnostic imaging (89.1%). However, respondents did
not think it likely the Al would be able to perform tasks that involved direct care to
patients. Only 28% of respondents thought Al could provide empathetic care and only

26% felt that it could perform psychiatric/personal counselling.
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Table 4.3: The perceived ability of Al to eventually perform a specific task at
individual health level.

Extremely Unlikely Likely Extremely Unsure
unlikely likely
Provide patients with 3.6% 11.5% 54.1% 29.8% 1.1%
preventative health (22/618) (71/618) (334/618) (184/618) (7/618)

recommendations (e.g.

exercise, diet, wellness).

Analyse patient 5.2% 11.3% 49.8% 30.7% 2.9%
information to reach a (32/618) (70/618) (308/618) (190/618) (18/618)
diagnosis.

Analyse patient 3.6% 12.1% 56.8% 23.8% 3.7%
information to establish  (22/618) (75/618) (351/618) (147/618) (23/618)
possible prognosis.

Read and interpret 1.5% 6.2% 44.8% 44.3% 3.2%
diagnostic imaging (such (9/618) (38/618) (277/618) (274/618)  (20/618)
as X rays).

Evaluate when to refer 5.2% 17.5% 52.8% 20.1% 4.5%

patients to other health (32/618) (108/618) (326/618) (124/618)  (28/618)
professionals.

Formulate personalised  5.2% 18.1% 51% 21.5% 4.2%
treatment plans for (32/618) (112/618) (315/618) (133/618) (26/618)
patients

Formulate personalised  4.5% 19.3% 49.2% 22.2% %

medication prescriptions  (28/618) (119/618) (304/618) (137/618) (/618)
for patients.

Provide empathetic care  33.5% 33.3% 19.6% 8.4% 5.2%
to patients. (207/618) (206/618) (121/618) (52/618) (32/618)
Monitor patient 10.5% 19.26%  46.4% 19.6% 4.2%

compliance to prescribed (65/618) (119/618) (287/618) (121/618) (26/618)
medications, exercise

and dietary

recommendations.

Provide 31.9% 35.8% 18.5% 8.7% 5.2%
psychiatric/personal (197/618) (221/618) (114/618) (54/618) (32/618)
counselling.

Perform surgery (e.g. 13.8% 17.2% 38.8% 25.9% 4.4%
robotic surgery). (85/618) (106/618) (240/618) (160/618) (27/618)

Table 4.4 shows respondents who thought it likely for Al to provide preventative health
recommendations (31.1%) and read and interpret diagnostic imaging (29.7%), felt that
this would be possible in the next 5 to 10 years. Overall, respondents thought Al

performance of other tasks would be possible within 11 to 25 years.
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Table 4.4: Expected time students perceived Al to eventually perform specific
tasks at individual health level.

N 0-4yrs 5-10yrs 11-25 26-50yrs 250 yrs
yrs
%

Provide patients with
preventative health
recommendations (e.qg.
exercise, diet, wellness).
Analyse patient
information to reach a 497 9.7 27.2 304 22.7 10.1
diagnosis.

Analyse patient

information to establish 497 9.9 29.4 29.6 20.9 10.3
possible prognosis.

Read and interpret

diagnostic imaging (such 549 14.6 29.7 26.1 19.1 10.6
as X rays).

Evaluate when to refer

patients to other health 448 11.4 28.1 32.1 17.6 10.7
professionals.

Formulate personalised

treatment plans for 446 11.2 26 33.2 20 9.6
patients

Formulate personalised

medication prescriptions 438 10.3 27.2 29.7 19.6 13.2
for patients.

Provide empathetic care
to patients.

Monitor patient
compliance to prescribed
medications, exercise 406 12.8 25.1 25.4 23.2 13.6
and dietary

recommendations.

Provide

psychiatric/personal 166 11.5 18.1 31.3 27.7 11.5
counselling.

Perform surgery (e.g. 399 175 221 20.1 19.8 115
robotic surgery).

518 7.5 31.1 29.9 20.1 11.4

173 12.1 26 30.1 24.9 6.9

N- the total number of students that selected “likely” or “Extremely likely”, %- percentage of students from N

The majority of respondents thought it possible for Al to perform tasks at a health
systems level (Table 4.5). Among those who thought it likely, approximately 29%
responded that Al could be able to perform most of these tasks within the next 5 to 10
years (Table 4.6). Table 4.5 also shows that respondents thought it likely that Al could
perform tasks at a population health level, with 61.9% thinking it likely that Al could

conduct population health surveillance and outbreak prevention. However, of the
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respondents who thought it likely for Al to perform tasks at a population level,

approximately 30% thought that this could occur within 11 to 25 years (Table 4.6).

Table 4.5: The perceived ability of Al to eventually perform specific tasks at
health systems, and population health levels.

Extremely Unlikely Likely Extremely Unsure
unlikely likely
Health Systems
Provide 3.1% 7% 46.1% 41.1% 2.8%
documentation (e.g., (19/618) (43/618) (285/618) (254/618) (17/618)
update medical
records) about
patients
Assist hospitals in 6.2% 19.6% 47.6% 22.6% 4.1%
capacity planning (38/618) (121/618) (294/618) (140/618) (25/618)
and human resource
management
Provide 6% 20.6% 50% 19.4% 4.1%
recommendations for (37/618) (127/618) (309/618) (120/618) (25/618)
quality improvement
in practices/hospitals
Population health
Conduct population 8.9% 24.1% 41.8% 20.1% 5.5%
health surveillance (53/618) (149/618) (258/618) (124/618) (34/618)
and outbreak
prevention.
Select the best 7.1% 27% 47.4% 13.1% 5.3%
population health (44/618) (167/618) (293/618) (81/618) (33/618)
interventions.
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Table 4.6: Expected time students perceived Al to eventually perform a specific
task at health systems, and population health levels.

N 0-4yrs 5-10 11- 26- 250yrs
yrs 25yrs 50yrs
%

Health Systems
Provide documentation 537 21.2 25.9 26.1 17.3 9.5
(e.g., update medical
records) about patients
Assist hospitals in capacity 429 18.7 29.4 26.6 17.5 7.9
planning and  human
resource management
Provide recommendations 426 18.1 29.1 26.3 18.5 8
for quality improvement in
practices/hospitals

Population health
Conduct population health 379 15.6 27.7 28.8 18.7 9.2
surveillance and outbreak
prevention.
Select the best population 370 11.6 29.7 32.2 18.1 8.4

health interventions.

4.1.3.2. PERCEPTIONS OF Al AND IMPACT ON PUBLIC HEALTH

CAREERS

Table 4.7 shows respondents’ perceptions about Al and the impact on public health

careers. Approximately 77% of respondents had either strongly agreed or agreed that

Al would reduce job availability to them. Majority of respondents (69%) strongly agreed

or agreed that Al would reduce the number of jobs in the public health field. While 24%

of the students disagreed that Al would reduce job availability in the public health field.

Finally, 40% of respondents agreed or strongly agreed that Al has or will impact their

choice of public health speciality.
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Table 4.7: Perceived impact of Al on public health careers.

Strongly Agree Disagree Strongly Unsure
agree disagree

Artificial Intelligence will 39.5% 37.5% 14.7% 4.4% 3.9%
reduce the number of jobs (244/618) (232/618) (91/618) (27/168) (24/618)
available to me.

Artificial  Intelligence  will 30.1% 39.3% 20.4% 4.2% 6%
reduce the number of jobs in (186/216) (243/618) (126/618) (26/618) (37/618)
certain public health

Artificial Intelligence 12% 28.2% 34.6% 11.7% 13.6%
will/already did impact my (74/618) (174/618) (214/618) (72/618) (84/618)
choice of public health

specialty selection.

4.1.3.3. PERCEPTIONS OF Al AND ETHICS

Table 4.8 shows respondents’ strongly agreed or agreed that Al in public health would
introduce new ethical (84.9%), social (77.4%) and health equity (77.2%) challenges.
When asked if respondents thought the South African healthcare system was currently
well prepared to deal with challenges related to Al, 78.6% disagreed or strongly

disagreed.

Table 4.8: Perceived ethical challenges from Al.

Strongly Agree Disagree Strongly Unsure

agree disagree

Al in public health will raise  42.2% 42.7% 6.2% 3.6% 5.3%
new ethical challenges. (261/168) (264/618) (38/618) (22/618) (33/618)
Al in public health will raise  35% 42.4% 10% 4.2% 5.2%
new social challenges. (216/618) (262/618) (62/618) (26/216) (8.4/618)
Al in public health will raise  36.4% 40.8% 9.6% 3.6% 9.7%
new challenges around (225/618) (252/618) (59/618) (22/618) (60/618)
health equity.

The South African 3.1% 6.3% 28.6% 50% 12%
healthcare system is (19/618) (39/618) (177/618) (309/618) (74/618)

currently well prepared to
deal with challenges
related to Al.

4.1.3.4. PERCEPTIONS OF Al AND PUBLIC HEALTH EDUCATION

Table 4.9 shows respondents’ perception about Al and public health education. A
small majority (52.9%) of respondents agreed that their current public health education

was adequately preparing them to work alongside Al and there was very strong
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support (91.4%) for the inclusion of Al in public health training (Table 7). This inclusion

could start at an undergraduate level (76 %).

Table 4.9: Integration of Al into public health education.

Strongly  Agree Disagree Strongly  Unsure

agree disagree
My public health education  13.6% 39.3% 22.8% 6.5% 17.8%
is adequately preparing me  (84/618) (243/618) (141/618) (40/618) (110/618
for working alongside Al )
tools
My public health training 41.9% 49.5% 3.2% 1.6% 3.7%

should include training on Al (259/618) (306/618) (20/618) (10/216) (23/618)
competencies (e.g. what is

Al, how will it impact us,

what are the challenges it

raises).
Every public health student  39.2% 47.4% 6.5% 2.1% 4.9%
should be required to (242/618) (293/618) (40/618) (13/618) (30/618)

receive training in Al
competencies.

Under- Post- Not unsure
graduate graduate necessar
y
Training in Al competencies 76.5% 15.1% 1.8% 6.6%
should begin as a: (473/618) (93/618) (11/618) (41/618)

An analysis of the open-ended responses was done. These responses were non-
compulsory open-ended questions on whether they had any comments or concerns

about Al in public health.

There were 327 free text responses to the question “Do you have any comments on
the topic of Al in public health?” Examples of some of the responses are highlighted
in Table 4.10.
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Table 4.10: Themes of comments or concerns about Al in public health from
respondents.

Theme N (%) Example

Positive comments | 120 ‘Al in public health can assist in data management which
(36.7) plays a huge role in public health.”

“In terms of waiting times in healthcare institutions it will
help to reduce and intervene on the current staff
shortages.”

Positive comments | 54 “Al is a very controversial topic but | believe that it could
with some (16.5) be beneficial to some aspect of public health such as
reservations surveillance. ©

‘Al may be beneficial to reduce workload in the
healthcare system for example reduce queues for
medication, the bad side of it is that it will reduce job
opportunities and people will end up unemployed which
will cripple the economy of the country”

Negative 128 “‘Already there is a problem of huge unemployment is
comments (39.1) South Africa and the economy is getting worse daily and
artificial intelligence will require money to be well
introduced and to deal with the challenges it will come
with. Our government healthcare facilities are poorly
functional to a point where they cannot even feed their
own patient so educating their staff members is gonna be
a real problem as it is now.”

“My concern is the security gaps that comes with the use
of Al, There need to be competent IT specialists and
security expects who work in public health space to
provide competency for healthcare workers. The Al will
help the public health facilities to move from the paper
system to the digital systems that is easily accessible.”

Neutral 25 ‘Al is somehow around and in utilisation in several
(7.7) sectors and already have impact. | can only say its
influence is increasing in our daily lives and professions.”

“l am yet to read on Al as it is a new concept to me”

Respondents were also asked to give a general reflection on what Al within their
department in the next five years. There were 418 responses. Some examples of the
responses are highlighted in Table 4.11.
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Table 4.11: Themes of reflection on what Al will look like in 5 years within their

department.

Theme N (%) | Example

Beneficial 192, “In Syrs from now it means clients will be able to just get their

impact (45.9) | parcels without coming to the clinic, getting their prescriptions and
repeated medications at pickup points.”
“In my field we already have automated systems, with their further
development the pathologist will be able to run tests, resulting in
low numbers of medical technologists employed”

Detrimental | 58, “It will take away a lot of jobs”

impact (13.9)
“Al will be a disaster in public health sector as we have observed
during Covid-19 pandemic in South Africa. Our system is way far
behind in preparing for Al.”

No change |76 “It will be nowhere in the periphery where | work”

(18.2)

“I'm still not sure if they'll be able to develop anything close enough
to bedside patient care. So it will be far in development”

Change not | 56 “I do not think it will have been introduced in the healthcare industry

possible (13.4) | in this country”
“I do not see it happening due to money constraints, equipment's
to run Al needs money that our government don’t have now and its
becoming worse every year’

Neutral 36 ‘I am uncertain of what anything will look like in 5 years including

(8.6) | Al. Technology is being created to make life easier for us as human

beings. But everything comes at a price at a cost. Nothing is ever
neutral, each gift brings pros and cons. So will see what Al will
bring.”
“It is too complicated to comprehend”

4.1.4. DEMOGRAPHICS’ CORRELATION WITH PERCETIONS

The female respondents’ showed better understanding of terms such as ML
(p=0.0003), NN (p=0.01) and an algorithm (p=0.01) than the male respondents.
Respondents’ who had a background in computer sciences showed better
understanding of ML (p=0.0003), NN (p=0.01), DL (p=0.001) and an algorithm
(p=0.01). Respondents who had not attended Al talks or lectures showed less
understanding of all Al terminology (p<0.05). Generally demographic factors such as
age, gender and highest qualification, did not significantly influence respondents
perception on whether Al could eventually perform a specific task at an individual level
(p>0.05). However in some instances respondents who had a background in computer
science and attended Al talks/lectures thought Al was more likely to perform some

individual tasks. Demographic factors did not significantly influence the respondents’
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perceptions on whether Al could eventually perform a specific task at health systems

or population health levels (p>0.05).

Similarly, the demographic factors did not significantly influence the way respondents’
perceived Al impact on public health careers or ethical challenges from Al (p>0.05).
There was one exception from the latter where all demographic factors showed to
influence respondents' perceptions on whether ‘The South African healthcare system
is currently well prepared to deal with challenges related to Al (p<0.05). Respondents
who had a background in computer science (p=0.04) and attended Al talk/lectures
(p=0.01) felt that their public health education was not adequately preparing them for
working alongside Al tools. However, these demographic factors did not significantly

influence the perceptions of other questions asked in this section.

4.2. DISCUSSION

The aim of this study was to assess the attitudes and perceptions regarding Al among
public health postgraduate diploma at University of Pretoria, South Africa. The recent
interest in Al and its different applications has gained traction and research into the
topic is increasing. However, there are still on-going misconceptions and attitudes
towards the concept of Al that still need to be addressed. 12 Understanding how Al in
public health is perceived and engaging with university students to explore how they

understand Al can inform the integration of Al in higher education within South Africa.

The survey respondents were mainly female students. In some health studies, there
is often a slightly larger female population involved 34 unless the study is male specific
5 otherwise the gender balance is often dependent on the country and career of
interest in which the study is taking place.® The higher proportion of females in this
study could be considered a confounding factor when gender was shown to
significantly influence certain perceptions. The majority of the respondents were in the
25 to 40 year old age group, which is a common age group of online postgraduate
students.*>7 Similar to the Mehta et al. (2021)8 study, the majority of the respondents
in this study did not have any background in computers or had been exposed to Al
lectures or talks. The respondents’ lack of exposure to Al lectures or talks is evident
in their responses regarding familiarity with Al terminology. Their lack of familiarity with
terms such as deep learning and neural networks is similar to what was reported in a

Canadian cohort.8
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Respondents were confident that Al would be able to carry out many tasks at different
levels of public health. These identified tasks were tasks that could not provide direct
care to patients, such as empathetic care or counselling. Respondents felt that
administrative, diagnostic and prognosis tasks were better suited for Al advancements
in public health. Mehta et al.,® also found that their participants were more confident
the Al would be able to perform ‘objective’ tasks such as diagnosis, prognosis,
interpreting imaging and formulating prescriptions as compared to tasks requiring
more person-centred skills, personal counselling and providing empathetic care. The
findings in this study found that gender, age, level of qualification, a background in
computer science and the attendance of Al talks or lectures, did not show to have a
significant impact on the perceptions made by respondents. However, Stai et al., 3
found that age made a significant difference in participants’ perception of Al’s ability
to perform certain tasks such as surgery. A meta-analysis done by Hauk, Huffmeier
and Krumm,® found it was a misconception that younger generations would be more
likely to engage in advancing technology, but rather technology is better taken up by
how easy it is to use rather than the age of the individual. The finding of this study
seems to echo the latter sentiment as age did not impact the respondents’ perceptions

of Als’ ability to perform certain tasks in public health.

Some issues were raised about Al affecting job availability at an individual and general
level in public health. The general perception was that Al would increase
unemployment. In similar studies conducted in Canada, Spain and Turkey, the
perception that the use of Al would negatively affect the number of available jobs was
also recorded as a concern.®810 Unemployment in South Africa is a general concern
as the current unemployment rate is close to 30%.! This high unemployment rate
could be the reason why respondents focused on this aspect. This high unemployment
rate could be the reason why respondents focused on this aspect. The concern about
job availability after the introduction of Al in public health could also be a result of fear
of possible redundancy of certain jobs in public health. Because Al can run certain
repetitive tasks and leave the more challenging tasks for healthcare professionals,
there is a concern that this would then change or reduce their roles in the workplace
12-13 |In spite of the positive benefits Al in healthcare and public health may promote,
the concern of job replacement and job loss is a prominent issue. Another reason why
perceptions of Al may be taken negatively, could revert back to the misconceptions
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around the topic. Al can be thought to be a type of technology that allows computers
to think, but that is not the case. 1'* While Al is a part of computer science, the findings
showed that having a background in computer science or attending Al talks or lectures
did not influence the perceptions of the effects of Al in public health careers.

A rise in ethical challenges was also highlighted as an issue that could result from
introducing Al into public health. Respondents perceived that the introduction of Al
would raise ethical, social and health equity issues. Concerns about hacking of private
information was also raised. Patient and hospital information is a very sensitive matter
in health and there is already a difficulty in acquiring such data.® There is therefore a
legitimate concern about data being shared and liability should patient information be
wrongfully accessed. 1516 Although this was not highlighted in the study findings it is
an interesting factor to consider when assessing possible ethical issues around Al in

public health.

Health equity was another concern highlighted by the respondents, specifically
concerning how Al implementation could increase the gap between lower- and upper-
income groups. This concern is valid due to the current, severe socio-economic
disparities in the country.*’-20 In contrast to this concern, some research has found that
the use of Al technologies is optimistic and could be a means for developing nations’
ability to address their health disparities.?*>* Respondents overwhelmingly agreed that
the South African healthcare system was currently not prepared to handle Al-related
challenges. The health department has been reported to have mismanaged funds and
experiences a shortage of healthcare facilities and staff to meet the demand of the
population.?> These shortcomings were highlighted during the recent Covid-19
pandemic that further strained the healthcare system.?5-2” The manner in which the
pandemic was handled could be a reason why a large proportion of respondents do
not feel confident that Al related challenges would be dealt with by the current

healthcare system.

Gender, age, having a background in computer science, attending Al talk or lecture,
showed a significant association with the ethical challenges of Al and the country’s
readiness to address these challenges that may arise. Similar studies did not look at
the associations of the demographics and Al and ethics. 368 However some did find

that in general, female respondents’ had more positive perceptions towards Al in
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dentistry® and the publics’ opinion of Al in surgery.? Although similar to this project’s

findings, the distribution of females to males was not proportional.

The majority of respondents agreed that being introduced to Al competencies should
be done early in undergraduate training. Due to the ‘newness’ of the topic of Al, people
may be very unsure about it but may be willing to learn more.®28 Although with current
misconceptions, people may have no interest at all to learn more on the topic.° A lot
of effort needs to be done to restructure the misconceptions on Al, reducing the
popularity and marketing definition of Al and inform its useful scientific capabilities.*28
Whilst Al may be perceived as a complex concept, curriculum content for Al in public
health and medicine can be structured around the basic understanding of Al concepts,
limitations, and relevant ethical and legal implications.®2%-3! This educational strategy

could better prepare public health students to accept and understand Al.

The main strength to the study is that it is the first study conducted at a South Africa
university to address the subject of Al in public health. The study aligns with one of the
nine strategic interventions of the National Digital Health Strategy for South Africa
(2019-2024) namely “to develop enhanced digital health technical capacity and skilled
workforce for digital technology support and implementation.”? The findings of this
study provide baseline information as a foundation for similar studies to be done at
other South Africa tertiary institutions. A study limitation is that this study explored the
topic among one group of students at one university and so the findings are not
generalizable.

The study provides an argument for an introductory Al course in undergraduate and/or
postgraduate health professions and public health. This introduction can encourage
further Al research by public health professionals in the country as there are no current
courses offered within public health curricula that offer Al and ML. However, the
introduction of Al in public health education is limited by the lack of expertise on the
subject. Although Al in computer science is more available, constructing a more ‘user
friendly’ curriculum for public health students will still need more time to implement
and need a balanced contribution from both computer science and public health to
make it fit for purpose. It is therefore recommended that this is an area for future joint

curriculum development and research collaboration that needs exploration.
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4.3. CONCLUSION

In conclusion, this survey brought out a variety of views shared among future public
health professionals. Although there was a general assumption about Al entering
public health and performing particular tasks at different health levels, there was a
general consensus that Al had the potential to increase unemployment and ethical
challenges in the field. This study does create a baseline for more extensive in-depth
studies to be done within an African context. It is recommended that further studies be
done that include participants from more - and different - programmes within health
faculties in different settings. These studies could better inform the possible
introduction of Al into undergraduate or postgraduate health professional

programmes.
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CHAPTER 5: IMPUTATION OF AIR POLLUTION DATA

This chapter summarises the imputation methods used on meteorological data
(relative humidity, temperature, and wind speed) and air quality data (SO2, NOz, O3,

PMz.5, and PMio pollutants).

5.1. RESULTS
5.1.1. METEOROLOGICAL DATA

Relative humidity (%), temperature ("C) and wind speed (m/s) data for six stations
located in the Vaal Triangle Airshed Priority Area (VTAPA) South Africa, were used.
Table 5.1 show descriptive statistics and proportion on missing data of the
meteorological conditions before imputation. Proportion of missing data ranged

between ~10% and ~22%. Table 5.2 shows descriptive statistics after mice imputation.
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Table 5.1: Descriptive statistics for the six monitoring stations in the VTAPA on relative humidity, temperature and wind
speed, before imputation.

RH Temperature Wind speed RH Temperature  Wind speed
Diepkloof Sharpeville
Mean 45.09 17.16 2.71 48.75 17.90 2.65
Minimum 1.2 0.57 0.12 9.37 3.66 0.36
1%t quartile 32.89 13.7 2.08 37.93 14.22 1.87
Median 46.01 17.46 2.66 49.05 18.725 2.52
3" quartile 57.91 20.86 3.28 59.67 21.71 3.26
Maximum 85.82 32.48 5.94 97.1 31.05 6.55
NA 352 378 444 484 491 477
% 10.52 11.29 13.27 14.46 14.67 14.25
Kliprivier Three Rivers
Mean 52.77 16.45 2.23 51.43 17.32 2.30
Minimum 4.75 -1.45 0.28 10.82 1.21 0.38
1%t quartile 42.76 12.14 1.48 41.37 13.25 1.61
Median 54.03 17.55 1.90 51.79 18.33 2.14
3 quartile 63.32 20.77 2.49 61.57 21.53 2.84
Maximum 96.33 34.49 14.00 99.03 29.5 6.61
NA 514 510 449 626 629 615
% 15.36 15.24 13.41 18.70 18.79 18.37
Sebokeng Zamdela
Mean 49.06 17.10 2.61 50.54 15.86 2.26
Minimum 8.67 -1.13 0.26 10.35 -1.45 0.12
1%t quartile 37.40 13.24 1.94 40.34 11.64 151
Median 49.72 17.46 2.50 50.84 16.43 2.13
3" quartile 60.87 21.24 3.20 61.12 20.31 2.91
Maximum 87.77 30.39 6.65 89.83 30.04 5.88
NA 688 680 650 365 363 748
% 20.56 20.32 19.42 10.91 10.85 22.35

NA-number of missing data, %- percentage of missingness
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Table 5.2: Descriptive statistics for the six monitoring stations in the VTAPA on relative humidity, temperature and wind
speed, after imputation.

RH Temperature Wind speed RH Temperature  Wind speed
Diepkloof Sharpeville
Mean 45.06 17.16 2.71 48.78 17.89 2.65
Minimum 1.20 0.57 0.12 9.37 3.66 0.36
15t quartile 34.61 14.22 2.17 39.84 14.98 1.98
Median 45.56 17.37 2.67 48.95 18.34 2.57
3" quartile 56.47 20.52 3.20 58.47 21.26 3.17
Maximum 85.82 32.48 5.94 97.10 31.05 6.55
Kliprivier Three Rivers
Mean 52.78 16.50 2.23 51.27 17.33 2.30
Minimum 4.75 -1.45 0.28 10.82 1.21 0.38
18t quartile 44.87 12.96 1.54 43.75 14.42 1.72
Median 53.74 17.14 1.96 51.28 17.95 2.19
3" quartile 61.78 20.37 2.50 59.18 21.03 2.70
Maximum 96.33 34.49 14.00 99.03 29.50 6.61
Sebokeng Zamdela
Mean 49.12 17.08 2.61 50.53 15.86 2.26
Minimum 8.67 -1.13 0.26 10.35 -1.45 0.12
1%t quartile 40.96 14.43 2.08 41.96 12.28 1.68
Median 49.51 17.16 2.56 50.66 16.22 2.21
3" quartile 58.10 20.38 3.01 59.84 19.77 2.73
Maximum 87.77 30.39 6.65 89.83 30.04 5.88

NA-number of missing data, %- percentage of missingness
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5.1.2. AIR POLLUTION DATA

Figures 5.1 to 5.6 illustrate the time-series of the 24-hour averages of the five air
pollutants of interest at the six different air monitoring stations from 1 January 2011 to
29 February 2020. The time-series show SOz, NO2, PM25, and PMio set against the
24-hour WHO guidelines (blue line) and National Ambient Air Quality Standards
(NAAQS) of South Africa (red line). Os currently does not have 24-hour guidelines or
standards. In the VTAPA it is evident that the 24-hour averages exceed the stricter

WHO guidelines by more than the four exceedances permitted annually (Chapter 2).
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Figure 5.1: Time-series of daily SOz, NO2, O3, PM2s,and PMioconcentration (ug/m?)
in Diepkloof during 1 January 2011 to 29 February 2020.
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Figure 5.2: Time-series of daily SO2, NOz Os, PM2s, and PMio, concentrations
(ug/m3)in Kliprivier during 1 January 2011 to 29 February 2020.
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Figure 5.3: Time-series of daily SO2, NO2 O3z, PM2s and PMio, concentrations
(ug/m3) in Sebokeng during 1 January 2011 to 29 February 2020.
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Figure 5.4: Time-series of daily SOz, NO2z O3, PM2s, and PMio, concentrations
(ug/m3) in Sharpeville during 1 January 2011 to 29 February 2020.
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Figure 5.5: Time-series of SOz, NOz, Oz, PMzs, and PMio, concentrations in Three
Rivers during 1 January 2011 to 29 February 2020.
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Figure 5.6: Time-series of daily SO2, NOz, Os, PM2s, and PMio, concentrations
(ug/m?3) in Zamdela during 1 January 2011 to 29 February 2020.
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Seasonal change occurred throughout the specified timeframe, i.e. 1 January 2011 to
29 February 2020. Concentration levels for SOz, NO2, PM2s, and PMio showed
increases in cold winter months (1 June to 31 August) and a decrease in warmer
summer months (1 December to 28/29 February). Oz showed to have an inverse trend,
showing increased concentration levels in warmer summer months and decreases in

colder winter months.

Table 5.3 shows a summary of statistics for the 30 datasets before imputation was
implemented. The highest proportion of missing data was seen in Three Rivers for
PMz.s (~34%), while the lowest proportion of missing data was seen in Zamdela for
SO2 (~11%).
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Table 5.3: Descriptive statistics for the six monitoring stations in the VTAPA on SOz, NO2z, O3, PM25, PM1o, and BC, before

imputation.
SO, NO; O3 PM_s PMio SO, NO; O3 PM2s PMio
Diepkloof Sharpeville
Mean 12.19 43.10 53.02 23.87 37.29 18.58 29.92 52.98 37.61 70.24
Minimum 0.08 3.60 3.00 2.10 0.19 0.29 0.43 0.20 1.62 1.81

15t quartile 5.57 3091 36.37 16.60 25.31 7.88 17.07 37.19 23.09 40.35

Median 9.49 40.70 50.68 22.30 34.75 13.86 25.02 51.84 32.39 59.58
39 quartile 1561 52.89 68.14 29.30 46.67 23.68 39.05 67.17 47.05 92.28
Maximum  98.04 119.2¢ 129.6t 88.21 108.83] 113.12 106.83 125.35 129.76 219.22

NA 492 447 441 605 580 629 802 599 1036 874
% 1470 1336 13.18 18.08 17.33 18.79 23.96 17.90 30.95 26.11
Kliprivier Three Rivers
Mean 1241 32.76 37.75 37.69 55.43 14.69 23.29 50.13 25.53 52.48
Minimum 0.11 0.84 0.04 0.06 0.045 0.21 151 1.12 0.49 0.94

15t quartile 6.14 22.48 23.63 2421 34.81 7.02 15.22 33.33 16.87 32.60

Median 9.90 30.51 3556 33.83 50.153| 11.21 20.85 47.69 23.29 46.85
39 quartile 1591 41.25 51.14 46.60 71.05 18.06 29.65 64.60 31.64 68.18
Maximum 112.01 88.93 111.91 126.74 166.54| 117.5 85.21 12535 96.52 144.16

NA 579 537 502 1014 652 711 808 807 1164 961
% 17.30 16.04 15.00 30.30 19.48 21.24 24.14 24.11 34.78 28.71
Sebokeng Zamdela
Mean 13.40 26.17 52.78 30.49 44.40 21.60 26.21 47.01 30.39 59.17
Minimum 0.02 1.89 3.54 0.88 1.59 0.01 0.15 0.63 0.23 0.41

15t quartile 6.01 18.06 35.09 19.34 28.22 9.22 16.76 35.69 18.93 32.56
Median 10.12  23.53 50.63 27.04 39.40 17.76 23.98 46.17 27.22 50.27
39 quartile 16.89 3152 68.25 37.76 54.98 29.23 33.55 57.81 38.58 76.26

Maximum 115.67 97.82 147.4t 119.7¢ 162.74| 105.09 9150 108.67 108.80 213.11
NA 903 834 731 993 988 380 1015 463 671 932

% 26.98 2492 21.84 29.67 29.52 11.35 30.33 13.83 20.05 27.85

NA-number of missing data, %- percentage of missingness
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5.1.2.1. PATTERNS OF MISSING DATA

There were two techniques used to illustrate missing data. Firstly, figures 5.7 to 5.12
(which used the ImputeTS package) show where missing data occurs represented
along the time-series graphs. The red blocks represent the missing data, while the

blue points represent the available data.
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Figure 5.7: Visualisation of missing data for SOz, NO2, O3, PM25, and PM1o concentrations (ug/m3) Diepkloof.
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Figure 5.8: Visualisation of missing data for SO2, NO2, Os, PM2.5, and PM1o concentrations (ug/m?3) Kliprivier.
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Figure 5.9: Visualisation of missing data for SOz, NO2, Oz, PM25, and PM1o concentrations (ug/m?3) Sebokeng.
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Figure 5:10: Visualisation of missing data for SOz, NO2, O3, PM2s, and PMi1o concentrations (ug/m?3) Sharpeville.
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Figure 5.11: Visualisation of missing data for SO2, NO2, O3, PM25, and PM1o concentrations (ug/m?3) Three Rivers.
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Figures 5.13 to 5.18 (formed using the VIM package) show the patterns of missing
data within the dataset, where yellow represents the missing data and blue the
available/observed data. The amount of missing data, where all five pollutants were
missing simultaneously in Diepkloof, Kliprivier, Sebokeng, Sharpeville, Three Rivers,
and Zamdela were, 8.84%, 10.64%, 19.54%, 14.04%, 18.40%, and 8.16%,
respectively. Data that was simultaneously available for all six pollutants in Diepkloof,
Kliprivier, Sebokeng, Sharpeville, Three Rivers, and Zamdela were indicated as
67.25%, 57.04%, 56.83%, 53.54%, 53.06%, and 51.54%, respectively. For five out of
the six areas, PMzs had the most missing data, but in the sixth area, Zamdela, SO2

was the pollutant with the least missing data.
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Figure 5.13: Visualisation of missing data for SO2, NO2, O3z, PMzs, and PMuo,
Diepkloof.
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Figure 5.14: Visualisation of missing data for SO2, NO2, Os, PM2s, and PMao,
Kliprivier.
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Figure 5.15: Visualisation of missing data for SO2, NO2, O3, PM2s5, and PMao,
Sebokeng.
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Figure 5.16: Visualisation of missing data for SO2, NO2, Os, PM2s, and PMao,
Sharpeville.
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Figure 5.17: Visualisation of missing data for SO2, NO2, Oz, PM25, and PMio, Three
Rivers.
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5.1.3. DATA IMPUTATIONS

Examples of simple univariate imputations such as mean, median, random, and LOCF
imputation can be seen in Figure 5.19. This illustrates the ill-fit imputations for the

missing data. All the imputations were run as a single pollutant and then compiled into

a single figure.
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5.1.3.1. KALMAN IMPUTATION

Table 5.4 shows the descriptive statistics of the six stations for each pollutant of
interest, i.e. SO2, NO2, O3, PM2:5, and PMio. The concentration levels remain within the
range of values from the concentration levels prior to imputation. As a result, PMio
showed to have the highest concentration levels in Kliprivier, Sebokeng, Sharpeville,
Three Rivers, and Zamdela at 166.5 pug/m?3, 162.7 ug/m3, 219.2 ug/ms, 144.2 ug/ms3,
and 215.4 ug/m3, respectively. SO2 showed to have the lowest concentration levels in
Diepkloof, Sebokeng, Sharpeville, Three Rivers, and Zamdela at 0.08 pug/m3; 0.02
ug/ms; 0.29 pg/ms; 0.21 ug/m3; and 0.01 pg/m3; respectively. SO2 mean concentration
levels ranged from 12.37 pug/m? - 21.1 ug/m3; NO2 mean concentration levels ranged
from 22.97 pug/m? - 42.58 ug/m?3; Oz mean concentration levels ranged from 37.9 ug/m?3
- 52.84 ug/m3; PM2:s mean concentration levels ranged from 24.2 pg/m? - 38.38 pg/m3;
and PM1o mean concentration levels ranged from 36.92 pug/m? - 68.81 ug/ms.

Figures 5.20 to 5.25 show complete datasets after using the Kalman imputation, where

the red indicates the imputed values and the blue represents original values.
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Table 5.4: Descriptive statistics for the six monitoring stations in the VTAPA on SO2 NO2, O3, PM25 and PMaio, after Kalman
imputation.

SO; NO; O3 PM_s PMao SO, NO: (OF} PM2s PMio
Diepkloof Sharpeville
Mean 12.38 42.58 52.84 2420 36.92 19.19 30.10 51.06 38.38 68.81
Minimum 0.08 3.60 3.00 2.10 0.19 0.29 0.43 0.20 1.62 181
1s'quartile 6.02 29.94 36.12 17.29 25.46 8.70 17.53 34.99 23.87 37.47
Median 10.07 40.02 50.22 22.85 34.84 14.82 26.27 49.75 33.77 59.50
3"quartile 15.53 52.52 68.19 29.48 46.06 24.28 39.43 65.19 49.08 93.06
Maximum 98.04 119.24 129.65 88.21 108.83 | 113.12 106.83 125.35 129.76 219.22
SD 9.38 17.10 22.12 10.13 16.08 15.47 17.06 21.28 19.62 40.42
Kliprivier Three Rivers
Mean  12.37 32.46 37.90 37.88 55.28 15.14 22.97 48.02 26.63 50.30
Minimum 0.11 0.84 0.04 0.06 0.05 0.21 151 1.12 0.49 0.94
1%t quartile 6.63 23.26 2425 2539 34.74 7.69 14.58 31.65 18.17 31.79
Median 10.69 29.99 36.78 34.87 49.97 11.87 20.18 45.94 24.19 44.71
3" quartile 15.54 39.84 50.50 46.51 69.31 18.69 29.50 60.70 31.28 64.84
Maximum 112.01 88.93 11191 126.74 166.54 | 117.65 85.21 125.35 96.52 144.16
SD 8.54 13.97 18.38 17.39 26.87 11.75 11.79 19.82 12.50 25.11
Sebokeng Zamdela
Mean  13.38 27.10 50.65 31.85 45.73 21.10 25.92 46.12 30.75 57.13
Minimum 0.02 1.89 3.54 0.88 1.59 0.01 0.15 0.63 0.23 0.41
1%t quartile 6.77 18.93 33.08 2154 31.19 9.28 16.47 35.18 20.01 34.45
Median 11.66 24.82 48.15 29.07 41.99 17.63 23.94 45.77 27.63 50.19
3" quartile 16.72 32.02 64.91 39.52 56.07 28.36 31.16 57.18 39.36 70.33
Maximum 115.67 97.82 147.45 119.78 162.74 | 105.09 91.50 108.67 108.80 213.11
SD 10.13 12.58 2244 1483 2194 16.13 12.90 16.05 15.19 32.99
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Figure 5.20: Visualisation of imputed data for SO2, NO2, O3, PM2s, and PM1o concentrations (ug/m?), Diepkloof.

148

© University of Pretoria



&

UNIVERSITEIT VAN PRETORIA
UNIVERSITY OF PRETORIA
- v

NIBESITHI YA PRETORIA

e s A vt W WL
' : ‘, Y
! i J
| ' ITH Y %
1 I il 41 i
| ' ; | A . iy 13 i i'l N
‘ | ’ l . 5 4] L] i EE
! | { s i - " ! 1 ‘.
B 7 H ; Fe bt 4y} | | 1 1 b Nl !
! L $OLE et g el U g b LJ I e ~‘
i Pe 3 VI b ilh, 7 Tl 131 s o ‘ 3 g
= ' ‘ d { ; i kb SR S DL ! iR
| ’ LR | ’ 8 2
— A | Bl § H i {
— . e | - -
e = £ - - -
o -
@ o & —— @ e ® —
e 1) Wipewer PaE S
et e A ey — it Bnr " —
[ 1 [ T
| z 4 v + :
+ + f '
I 2 4 | ] [, i 4 i .
| l 1 l E s | ¥ "
1 R EE Y Al : % S 5 _ | 3
S | L o y o | § ; ! 1 YN i it rehl 1
3 il . ! ; | | ! : ' ‘ U
¥ J X 2 4 114 b 1 4
| : e k- P | - [N ra-
- = % - % | E 14 N AT - : f
.‘-. . ‘. L. b Py { 10
. 1 . { "
¥ 5| : it N i A 8 ol
l i & A | 2 |l : 'l z ] 'y ‘
1 1 1
: - = S : S -
o -
@ ——  p——— @ oo @ m————
Wipeer Py
Vs e o v
't
’ " |
by — I | - -
; k 3 14f ¢ +
- | S S| R e " §
i ik, b . b
- : ¥ i B IR "
: 1 - | 1) 4
| r 4
i L . . 134 id U - )
‘ - an HIE 3 id
C T i = 1
- ~ -
-

Figure 5.21: Visualisation of imputed data for SO2, NO2, Oz, PM25, and PM1o, concentrations (ug/m?) Kliprivier.
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Figure 5.22: Visualisation of imputed data for SOz, NO2, O3, PM2s, and PM1o concentrations (ug/m3), Sebokeng.
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Figure 5.23: Visualisation of imputed missing data for SO2, NO2, Os, PM2s, and PM1o concentrations (ug/m?3), Sharpeville.
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Figure 5.24: Visualisation of imputed data for SO2, NO2, O3, PM2s, and PM1o concentrations (ug/m?), Three Rivers.
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Figure 5.25: Visualisation of imputed data for SO2, NO2, O3, PM2s, and PM1o concentrations (ug/m?), Zamdela.
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5.1.3.2. MULTIVARIATE IMPUTATION BY CHAINED EQUATIONS
(MICE) IMPUTATION

The descriptive statistics for the six stations, as well as the variables at each station
after mice imputation, are show in table 5.5. Similar to the Kalman imputations, the
minimum and maximum values for the air monitoring stations did not differ from the
values prior to imputation. The SO2 mean concentration levels ranged from 12.08
pg/m3 - 21.49 ug/m3; NO2 mean concentration levels ranged from 23.46 ug/m?3 - 43.09
ug/m3; Oz mean concentration levels ranged from 37.6 pg/m3 - 52.97 pg/ms3; PMzs
mean concentration levels ranged from 25.09 pug/m? - 39.05 pug/m?3, and PM1o mean

concentration levels ranged from 36.98 pug/m?3 - 69.6 pg/ms3.

Figure 5.26 to 5.31 shows density plots for each set of the five pollutants in each area.
The imputed points (magenta graphs) match fairly well with the shape of the observed
points (blue graph) at each of the 20 to 30 imputed datasets. Figures 5.32 to 5.36
show density plots of mice imputed datasets with meteorological variables, i.e.
temperature, relative humidity, and wind speed were added as additional variables, (in
magenta) against the original dataset (in blue). There were more imputed datasets
that diverge from the original dataset.
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Table 5.5: Descriptive statistics for the six monitoring stations in the VTAPA Area on SO2 NO2, Os, PM25, and PMao, after

mice imputation.

SO, NO; O3 PM2s PMao SO, NO: O3 PM2s PMio
Diepkloof Sharpeville
Mean 12.08 43.09 52.98 23.69 36.98 18.42 29.80 52.97 39.05 69.60
Minimum 0.08 3.60 3.00 2.10 0.19 0.29 0.43 0.20 1.62 1.81
1stquartile 6.07 31.93 38.44 17.30 26.47 9.09 18.74 39.70 25.48 43.51
Median 9.96 41.10 51.31 22.38 34.79 14.86 26.39 52.23 35.03 62.14
3'dquartile 14.93 51.61 66.24 28.07 44.86 22.74 37.18 64.78 47.27 86.95
Maximum 98.04 119.24 129.65 88.21 108.83 113.12 106.83 125.35 129.76 219.22
SD 9.16 16.06 21.26 9.82 15.71 14.50 15.92 19.04 18.94 36.21
Kliprivier Three Rivers
Mean 12.46 32.55 37.60 36.41 54.46 14.67 23.46 49.91 25.09 51.95
Minimum 0.11 0.84 0.04 0.06 0.05 0.21 151 1.12 0.49 0.94
1%t quartile 6.79 23.52 24.92 25.21 36.86 7.88 16.85 36.53 18.14 35.44
Median 10.68 30.62 35.87 33.33 50.19 12.28 21.96 48.33 23.64 48.40
3'd quartile 15.35 39.70 49.12 43.29 65.64 17.53 28.52 60.65 29.51 63.08
Maximum 112.01 88.93 11191 126.74 166.54 117.65 85.21 125.35 96.52 144.16
SD 8.47 13.70 17.85 16.24 24.84 10.95 10.45 18.37 10.16 23.16
Sebokeng Zamdela
Mean 13.43 26.34 52.68 30.53 43.85 21.49 26.05 46.98 30.10 58.54
Minimum 0.02 1.89 3.54 0.88 1.59 0.01 0.15 0.63 0.23 0.41
1st quartile 7.18 19.73 39.05 21.67 30.69 9.90 18.22 36.90 20.00 35.16
Median 11.41 24.67 51.37 28.73 40.92 18.18 24.49 46.29 27.73 51.70
3" quartile 16.42 30.48 64.18 36.24 51.72 28.29 31.60 56.28 36.89 73.39
Maximum 115.67 97.82 147.45 119.78 162.74 105.09 91.50 108.67 108.80 213.11
SD 9.81 10.96 20.44 13.71 20.17 15.92 11.85 14.51 14.65 32.65
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Figure 5.26: Mice imputations for SO2, NO2, O3, PM25, and PMio density plots for

Diepkloof.
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Figure 5.27: Mice imputations for SO2, NO2, O3, PM25, and PMio density plots for
Kliprivier.
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Figure 5.28: Mice imputations for SO2, NO2, O3, PM25, and PMio density plots for
Sebokeng.
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Figure 5.29: Mice imputations for SO2, NO2, O3, PM25, and PMio density plots for
Sharpeville.
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Figure 5.30: Mice imputations for SO2, NO2, O3, PM25, and PMio density plots for
Three Rivers.
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Figure 5.31: Mice imputations for SO2, NO2, O3, PM25, and PMio density plots for
Zamdela.
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Figure 5.32: Density plots mice imputations SOz with meteorological data, for
VTAPA stations.
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Figure 5.33: Density plots mice imputations NO2z with meteorological data, for
VTAPA stations.
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Figure 5.34: Density plots mice imputations Os, with meteorological data, for
VTAPA stations.
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Figure 5.35: Density plots mice imputations PM2s with meteorological data, for
VTAPA stations.
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Figure 5.36: Density plots mice imputations PM10, with meteorological data, for
VTAPA stations.

5.1.3.3. MULTIVARIATE TIME SERIES DATA IMPUTATION (MTSDI)
IMPUTATION

Table 5.6 show the descriptive statistics after mtsdi imputation. The SO2 mean
concentration levels ranged from 12.29 ug/m? - 21.22 ug/m?3; NO2 mean concentration
levels ranged from 23.64 ug/m?3 - 42.27 ug/m3; Oz mean concentration levels ranged
from 37.90 pg/m3 - 52.82 pug/m3; PM2.s mean concentration levels ranged from 23.93
ug/ms - 38.39 ug/m3; and PM1o mean concentration levels ranged from 36.85 pg/m? -
56.6 pg/m3.

Figures 5.37 to 5.41 show time-series of the imputed data sets using the mtsdi method.
Figures 5.42 to 5.46 show mtsdi imputation that was run with additional meteorological
data, i.e. temperature, relative humidity, and wind speed. The blue line is the level
which shows the manner in which the data followed the time-series. The mtsdi
imputation models were also run using the default smooth spline approach.

Interestingly, the imputed data produced negative values.
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Table 5.6: Descriptive statistics for the six monitoring stations in the VTAPA on SO2 NO2, Os, PMzs, and PMao, after mtsdi
imputation (no meteorological data.

dS0O2 kSO2 sebS0O2 shS0O2 trsO2 zS02 dPM2.5 kPM2.5 sebPM25 shPM2.5 trPM25 zPM25
Mean 12.29 12.50 13.57 18.67 14.92 21.22 | Mean 23.93 36.81 32.22 38.39 26.19 30.71
Minimum 0.08 0.11 -1.43 -3.24 -1.20 0.01 | Minimum 2.10 -10.05 0.88 -4.28 0.49 0.23
1st 1st
quartile 5.84 6.55 6.42 8.18 7.30 9.53 | quartile 17.05 25.18 21.08 24.10 18.08 19.64
Median 9.94 10.35 10.63 14.48 11.76 17.29 | Median 22.93 34.13 29.45 33.93 24.67 28.01
3rd 3rd
quartile 15.80 15.91 17.46 24.22 19.37 28.42 | quartile 28.80 4458 40.63 48.28 31.90 38.49
Maximum 98.04 112.01 115.67 113.12 117.65 105.09 | Maximum 88.21 126.74 119.78 129.76 96.52 108.80
dNO2 kNO2 sebNO2 shNO2 trNO2 zNO2 dPM10 kPM10 sebPM10 shPM10 trPM10 zPM10
Mean 42.27 32.78 26.66 29.88 23.64 26.22 | Mean 36.85 54.28 45.89 68.63 49.13 56.60
Minimum 3.60 0.84 1.89 -1.41 1.51 0.15 | Minimum 0.19 0.05 1.59 -34.11 0.94 -5.88
1st 1st
quartile 30.33 23.42 19.02 17.41 15.77 18.82 | quartile 25.91 35.42 30.44 39.51 30.46 31.50
Median 39.83 30.99 24.50 25.34 21.18 24.33 | Median 34.41 48.83 42.32 60.00 43.46 49.17
3rd 3rd
quartile 51.54 40.43 31.59 39.12 29.74 31.92 | quartile 45.65 67.93 56.07 90.65 62.72 73.38
Maximum 119.24  88.93 97.82 106.83 85.21 91.50 | Maximum  108.83 166.54 162.74 223.94 144.16 213.11
do3 kO3 sebO3 shO3 trO3 zO3
Mean 52.60 37.90 50.87 52.82 49.16 46.73
Minimum 3.00 0.04 3.54 0.20 1.12 0.63
1st
guartile 35.36 24.43 33.66 36.80 32.91 35.58
Median 50.29 35.76 48.45 52.23 46.92 46.12
3rd
quartile 67.57 50.59 64.96 66.96 63.29 57.44
Maximum 129.65 111.91 147.45 125.35 125.35 108.67

162

© University of Pretoria



&

UNIVERSITEIT VAN PRETORIA
UNIVERSITY OF PRETORIA
W YUNIBESITHI YA PRETORIA

Imputed data for series dSO2 Imputed data for series kSO2 Imputed data for series sebSO2
8 &
~8 &
T B - T
8 4 ¢ £
i g 8 2 8 A
= 2
£° c 8- £g
¥ 25 2g]
E8 HEE 38
o o - (-
T T T T T T T T T T T T T T T T T T T T T
0 500 1000 1500 2000 2500 3000 0 500 1000 1500 2000 2500 3000 0 500 1000 1500 2000 2500 3000
days days days
Imputed data for series shSO2 Imputed data for series trSO2 Imputed data for series 2802
& 8
el o =~
£ £ 7 ¢ 8
3@ 2 8 2 :
g 4 c o | Zg-
c - @ =
=g 1 » o | o S
L e X ° o
gm - 2 84 E & -
fe 4 .y o
T T T T T T T

0 500 1000 1500 2000 2500 3000
days

0 500 1000 1500 2000 2500 3000
days

Figure 5.37: lllustration of mtsdi imputations for SO2 concentrations (ug/m?3) at
VTAPA six stations using the default smooth spline approach.
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Figure 5.38: Illustration of mtsdi imputations no additional covariates for NOz2
concentrations (ug/m?3) at VTAPA six stations using the default smooth spline
approach.
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Figure 5.39: lllustration of mtsdi imputations no additional covariates for Os
concentrations (ug/m?) at VTAPA six stations using the default smooth spline
approach.
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Figure 5.40: Illustration of mtsdi imputations no additional covariates for PM2s
concentrations (ug/m?) at VTAPA six stations using the default smooth spline
approach.
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Figure 5.41: lllustration of mtsdi imputations no additional covariates for PMao
concentrations (ug/m?3) at VTAPA six stations using the default smooth spline
approach.
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Figure 5.42: lllustration of mtsdi imputations with additional covariates for SOz
concentrations (ug/m?3) at VTAPA six stations using the default smooth spline
approach.
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Figure 5.43: lllustration of mtsdi imputations with additional covariates for NO2
concentrations (ug/m?) at VTAPA six stations using the default smooth spline
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Figure 5.44: lllustration of mtsdi imputations with additional covariates for Os
concentrations (ug/m?) at VTAPA six stations using the default smooth spline

approach.
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Figure 5.45: lllustration of mtsdi imputations for PM2:s concentrations (ug/m?) at
VTAPA six stations using the default smooth spline approach.
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Figure 5.46: lllustration of mtsdi imputations for PM1o concentrations (ug/m3) at
VTAPA six stations using the default smooth spline approach.
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5.1.4. OVERALL DATASETS

The imputed datasets for each pollutant were averaged across the six stations as final
datasets for further analysis. Table 5.7 shows each averaged dataset from all
imputation methods used. The descriptive statistics for all the datasets do not vary

much from one another.

The mean SO:2 concentration levels ranged from 15.38 + 8.21 pg/m? to 15.53 + 9.06
ug/m3, with maximums ranging from 63.57 to 69.27 pg/m3. The NO:2 daily average
concentration levels ranged from 29.82 + 11.37 pg/m? to 30.24 + 11.15 pg/m3. The
mean Osconcentration levels ranged from 47.77 £ 15.22 ug/m3to 49.08 + 12.71 ug/m3.
The PM2s daily average concentration levels ranged from 30.84 + 10.88 ug/m?® to
32.78 + 23.01 pg/m? with a maximum range of 80.61 to 118.33 pug/m?3. The estimated
daily average concentration levels of PMio ranged from 51.90 + 22.48 t0 53.13 + 22.42
ug/m3. The mice imputed dataset without the inclusion of meteorological conditions

was the dataset used for classification and regression tree (CART) analyses.
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Table 5.7: Descriptive statistics averaged SO2, NOz, Oz, PM2.5, and PMio, from the
six monitoring stations in the VTAPA, after the 3 imputation methods, including
mice and mtsdi methods when meteorological variables were added to

imputations.
SO, NO; (OF} PM2s PMio
Kalman imputation

Mean 15.59 30.19 47.77 31.61 52.36
SD 8.21 10.52 15.22 11.05 20.60
Minimum 2.44 5.31 14.31 8.06 12.46
1%t quartile 9.43 22.82 35.98 23.52 37.02
Median 13.72 28.11 46.33 30.09 49.06
3" quartile 19.94 36.04 58.31 38.24 64.68
Maximum 63.57 80.81 103.91 80.61 131.75

Mice imputation no weather data used
Mean 15.46 30.23 49.05 30.84 53.07
SD 7.95 9.85 13.68 10.88 19.50
Minimum 2.44 5.31 14.31 7.25 12.46
1%t quartile 9.82 23.34 38.96 23.27 39.29
Median 13.67 28.62 47.99 29.13 49.78
3" quartile 19.21 35.27 57.86 36.26 63.60
Maximum 63.57 80.81 103.91 80.61 131.75

Mice imputation with weather data used
Mean 15.38 30.10 49.08 32.03 53.13
SD 8.91 11.32 12.71 15.89 22.42
Minimum 2.33 5.31 14.28 6.59 10.54
1st quartile 8.72 21.90 36.28 22.60 36.27
Median 13.22 27.87 48.52 29.91 49.05
3rd quartile  19.98 36.20 60.19 39.06 66.64
Maximum 63.67 80.81 103.91 84.44 131.75

Mtsdi imputation no weather data used
Mean 15.53 30.24 48.34 31.38 51.90
SD 9.06 11.15 15.80 12.56 22.48
Minimum 2.17 5.31 9.45 6.12 5.87
1st quartile 8.72 22.16 35.92 22.01 34.94
Median 13.51 28.21 47.25 29.30 47.88
3rd quartile 20.25 36.27 59.31 38.18 65.20
Maximum 69.27 80.81 103.91 88.06 131.75

Mtsdi imputation with weather data used
Mean 15.47 29.82 48.20 32.78 51.94
SD 8.85 11.37 16.04 23.01 14.29
Minimum 2.21 3.51 -6.66 4.04 -6.59
1st quartile 8.93 21.72 35.98 22.37 35.02
Median 13.46 27.90 47.70 30.14 48.53
3rd quartile 20.15 36.08 59.63 40.57 66.16
Maximum 68.25 80.81 103.91 118.66 131.75

SD-standard deviation
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5.2. DISCUSSION

The aim of this section of the study was to prepare complete air pollution and
meteorological datasets of the VTAPA for CART and unsupervised Machine Learning
(ML) clustering analyses. Although mice is a commonly used imputation method, it
was interesting to explore other imputation methods. Imputation can serve as a useful
tool to researchers across multiple fields,'- although it is not widely practiced across
different diciplines.* It can benefit air pollution epidemiologists who often encounter
missing air pollution data and experience challenges determining causal relationships

with health outcomes.

Missing data are a recurring issue in environmental and occupational health studies,
but imputation of missing data may assist in alleviating the limitations that can occur
when using incomplete datasets.>’ The data in this study was assumed to be missing
at random (MAR), because the missing values were not missing independent of
themselves.® Nevertheless, the missing not at random (MNAR) assumption cannot be
completely ruled out, as rigorous analysis must be conducted and, in the event of the
data possibly being MNAR, some methods are still applied to treat the missing data
as MAR.* The more difficult scenario would be having the similar or higher level of
missingness under the MNAR.6-°

The data was also assumed to be MAR from the visualisation of the missing data.
Here it can be seen that the missing values form clusters over the 3 347 observations,
suggesting that during these times there could have been faults at the monitoring
stations or maintenance may have occurred during those periods.>%1° Once the MAR
mechanism of missingness was assumed, the different methods of imputation were
chosen to provide usable complete datasets that could undergo further analysis.
Imputation methods are usually verified by artificially generating missing data and
using performance metrics to compare the two datasets.®1! Therefore, a selection of
imputation methods on real missing data could be subjective, dependent on the

mechanism of missingness.

Due to the magnitude of all the missing data, i.e. the meteorological and air pollutant
data of approximately ~10% to ~34%, imputation methods such as listwise deletion

and complete case analysis were not considered. Although they are common methods
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for handling data, they require the omission of records with missing values and
continue to analyse the remaining data.!? This approach is more suited towards data
under the missing completely at random (MCAR) assumption with less than 5% of
values missing, additionally these methods may lead to biased parameters and
estimates within a dataset.®!® Univariate methods were equally inappropriate,
although they are simple and fast to perform.141> Regardless, these imputation
algorithms lower the variability of the data, since the same value is imputed for all
missing values. It creates a downward bias for the variance and also disturbs the
covariance with the other variables in the set.>16, Therefore, such imputation methods
can yield biased estimates for almost all other parameters, excluding the mean or
median, and if the data are not MCAR, even if the estimate of the mean could be highly
biased.’

The South African Air Quality System (SAAQIS) under the Department of Forestry
Fisheries and the Environment (DFFE) shows that there are thirteen air monitoring
stations within the VTAPA. Six of the thirteen monitoring stations are serviced and
maintained by the SAWS. These six monitoring stations, namely Diepkloof, Kliprivier,
Sebokeng, Sharpeville, Three Rivers, and Zamdela, were included in the study
because SAWS uses the New Zealand code of practice for data management.® The
other seven stations within the area only had available data from 1 January 2019 to
29 February 2020 and did not have all the needed information for the five air pollutants
of interest. Meteorological data such as relative humidity, temperature, and wind
speed have been found to influence air pollution data.'®?* Thus, the meteorological
data was also imputed in order to see how it influences the multivariate imputations.
Additionally, the imputed temperature, relative humidity and wind speed datasets were

used as additional variables in the CART analysis.

Mice imputation has been more commonly used in air quality studies.>2526 As a
result, it was used to impute the meteorological missing data in the VTAPA. The
number of imputations was dependent on the magnitude of missingness, researchers
are recommended to use 20 imputations for 10-30% missing information, and 40
imputations for 50% missing information.?” Although it has been argued that this

approach is computationally taxing,?® the proportion of missing data among all the
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stations and variables did not exceed 30%, which was not computationally taxing with

a model adjusted to allow for the proportion of missing data.

Although mice is a popular imputation method, two other imputation methods were
applied to the air pollution datasets. Simple imputation methods — mean, median,
random, and LOCF — cannot accurately impute data with a time-series nature.'42° This
was clearly shown in figure 5.19, where the imputed data did not illustrate its variability.
The Kalman algorithm, however, accounts for some of the variability of air pollution
concentrations.??3%-31 Hadeed et al,® found that the Kalman imputation performed well
at 20-40% missing data. This imputation method uses more advanced algorithms and
computation time.45 It shows strong seasonality in the time-series nature of the
dataset and yields good results.®? The Kalman imputation is a favourable method to
use as compared to the univariate methods. This is evident in the results showing that
the Kalman imputation method did not disrupt the evident seasonal pattern of each
pollutant. However, the Kalman filters used in the imputation algorithm reduces the
variance within the dataset. As such, even though it does show seasonality, it does
not show seasonal occurrences in a manner that is logically seen in air pollution data.
The difference is apparent in comparison to the multivariate imputation methods.

Nonetheless, the univariate time-series model did produce fairly reasonable results.

Multivariate imputation methods consider more complex aspects in the imputation
process. It takes into consideration the correlation among the variables and accounts
for the variability within the dataset.1! The mtsdi imputation method was run under the
EM algorithm and fitted with a smooth spline on each iteration. Junger and De Leon,
2015, found that using the mtsdi method under the EM-ARIMA model performed best
at 5% missing data, but the performance reduced at 40% missing data. This study
used the default model, because using the default EM algorithm with normal
multivariate data under the fitting of a spline yields precise estimates.'! Each pollutant
was imputed with the corresponding pollutant from a different area. For instance, PM1o
was imputed from the six areas, and not from its PMio relation to the other pollutants.
Both area and its proximity to others were taken into consideration. The method can
equally be used to consider other pollutants’ influence on each other. The latter
approach, however, produced models that would not converge and were omitted for

the results.
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The mtsdi imputation method does not rely on the variables’ spatial dependency, but
rather the linear dependency of the variables being imputed. The simple mtsdi method
produced a fair overall dataset. The greatest strength of using the mtsdi method is that
it takes into consideration the data variance and variability. However, once the
meteorological conditions (i.e. wind speed, temperature, and relative humidity) were
added as additional factors in the imputation runs, the imputed data did not show to
be as uniform to the original dataset as compared to the data imputed without the
weather variables. Unfortunately, some of the runs (e.g. Os imputations) did not
converge well, even after as many as 1000 iterations, creating some exaggerated
values. The imputed datasets produced negative concentration values that would not
seem rational to use in any further analysis. While meteorological conditions are
influential to air pollution concentration levels in these imputations, the factors showed
to over-direct the figures. Perhaps the imputed meteorological data caused the over-

direction of the air pollutant imputations.

Lastly, mice imputation was run on the different air pollutant datasets. Mice specifically
operates under the MAR assumption of missing data and can produce biased results
if used under MCAR or MNAR.* The mice predictive mean algorithm (PMM) was used,
because the data met the requirement for all variables being continuous data. The
PMM method draws imputations from the observed data, imputed values had the
same gaps as in the original data, and were always within the range of the original
dataset.'® This method ensures that no imputations are outside the original data range
and produces more reliable results.3® PMM is also more robust to misspecification and
interaction effects, therefore, it does not require an explicitly specified model from

which imputations are generated.'”:34

Mice often works by imputing via the relationship each variable has with the others
and pools together to make one dataset.*3® In the imputation of the VTAPA data, the
mice algorithm showed to be affected by extreme points that may have occurred in the
observed dataset, but, overall, still produced reasonable results. Although the mice
imputation method does not clearly show time variability of a dataset,* each run was
able to compensate for the large proportions of missing data. When imputed with
meteorological data, mice imputations showed that the imputed datasets did not run

as well with the original dataset. However, overall datasets per air pollutant were
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reasonable and produced slightly better results than the mtsdi method when
meteorological variables were added. It should be mentioned that mice imputations
have not always been found to perform as well as anticipated in some studies. Hadeed
et al,® found that mice imputation did not perform well at 20-40% missing data. It is
important to understand the data before applying any imputation method and consider

that different extremes within a dataset can influence the performance of the method.

Overall, all the imputation methods produced reasonable imputed values. The
multivariate imputation methods may be said to produce ‘better’ results, as they are
able to capture the daily variance of each dataset. The most important goal of applying
imputation methods on missing data are not just to recover missing values within a
dataset, but to produce a valid analytical result in the presence of missing data.3¢
Imputed values do not necessarily have to fall within plausible or possible ranges,3’
but this is dependent on the discipline and the level of missing data within the study.2®
The main problem of missing values within a dataset is that it can produce undesirable
effects on the analyses of results, especially when it leads to biased parameter

estimates.13

Completing the dataset can reduce potential bias that would have been created had
the incomplete dataset been used for further epidemiological analysis.>©16:38-39 The
data management and cleaning done to the VTAPA dataset before imputation was a
critical factor to consider. For this study, both daily and hourly data was compared to
eliminate or replace outliers that were seen in the initial dataset downloaded from the
SAAQIS website.*° This was done to ensure that any wrongfully recorded extreme
values found in the original dataset would not influence any of the imputation methods
applied. The noted extreme values that occurred during 1 January 2011 to 29 February
2020 are suspected to have some influence of the imputed values during imputation

of the multivariate imputations.

There are numerous advantages to correctly applied imputation methods. These
include significantly reducing bias, increasing statistical power, and preservation of
sample size.® It also provides robust estimations that are derived from the available
data. Imputation, whether univariate or multivariate, is simple and relatively easy to
implement.>142° Although there are noticeable strengths to imputation, there are also

some limitations. Determining which imputation method to use on the missing data
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can be challenging.? In some cases, data analyses must be done to determine which
mechanism of missing data are to be assumed.***3 If an incorrect imputation method
is used, it can produce underestimated or overestimated parameters and variability,
which can increase bias within the dataset.® A disadvantage specific to using
univariate imputation models is that they are time consuming to run when working with
multiple datasets. Multivariate imputation, however, can demand far more computation

power depending on the number of iterations and imputations requested.**

In conclusion, imputation is a useful tool that can be used in air pollution studies. By
completing the air pollution and meteorological datasets, it provided complete and
usable data for determining the joint effects of the air pollutants on hospital admissions
using CART and unsupervised ML methods. Although both mice and mtsdi showed to
be preferable methods, the final mice imputed datasets were used for further analyses.
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CHAPTER 6: THE ASSOCIATION OF JOINT EFFECTS OF
AlIR POLLUTION ON RESPIRATORY AND
CARDIOVASCULAR DISEASE HOSPITAL ADMISSIONS

This chapter presents the results of the CART analysis applied to determine the joint
effect of SO2, NO2, O3, PM2, and PMio on respiratory and cardiovascular hospital
admissions in Vereeniging and Vanderbijlpark, in the Vaal Triangle Airshed Priority
Area (VTAPA), from January 2011 to February 2020.

6.1. AIR POLLUTION AND WEATHER CONDITIONS

Table 6.1 summarises the daily air pollutants and weather conditions observed in the
Vaal Triangle Airshed Priority Area (VTAPA) from 2 January 2011 to 29 February
2020, after mice imputation was applied, as discussed in Chapter 5. The air and

meteorological data are described after being set at a two-day cumulative lag.

Table 6.1: Summary statistics of daily air pollutants and meteorological
conditions in VTPA, South Africa, 2 January 2011 — 29 February 2020 (3346

days).

Variable Mean Min P25 Median P75 Max
SO2 (ug.m) 15.45 2.44 9.83 13.67 19.17 63.57
NO2 (ug.m) 30.24 5.31 2334 28.64 3535 80.81
O3 (ug.m3) 49.04 1431 38.93 48.02 57.87 103.91
PMzs (ng.m=) 30.84 7.25 2331 29.13 36.28 80.61
PMio (ug.m) 59.07 12.46 39.29 49.81 63.47 131.75
Relative Humidity (%) 49.57 13.10 40.79 50.06 58.54 85.06
Temperature (°C) 16.97 0.35 14.02 1755 2029 29.75
TAPP (°C) 1546 -2.19 12.48 16.09 18.86 28.10

Abbreviations: SO2: sulphur dioxide; NOz2: nitrogen dioxide; Oz: Ozone; PMzs: particulate matter with an
aerodynamic diameter of less than 2.5 um; PMao: particulate matter with an aerodynamic diameter of less than
10 um; Tapp: apparent temperature; P25: 251 percentile; P75: 75" percentile

The daily average concentration level on PM1o was 59.07 pg/m?3, the highest among
the five pollutants. Approximately 14% (475/3 346) of the data exceeded the South
African (SA) standard and 61.7% (2065/3 346) of the WHO guideline. The daily
maximum concentration level was 131.72 ug/m3. The PMa2s daily average
concentration was 30.84 pug/m?3 with a minimum and maximum of 7.25 pg/m? and 80.61
ug/m?3, respectively. Approximately 17.5% (587/3 346) of days had concentrations

180

© University of Pretoria



NIVERSITEIT VAN PRETORIA
N Y OF PRETORIA
u

ITHI YA PRETORIA

above the 24-hour average NAAQS and 97% (3262/3 346) exceeded the twenty-four-
hour average concentrations in the WHO guidelines. The NO:2 average daily
concentration was 30.24 pg/m?, ~14% (488/3 346) of the 24-hour average NAAQS,
and 67.5% (2260/3 346) above the WHO 24-hour average guideline. The mean SO:
concentration was 15.45 pug/m* with 1.46% (46/3 346) of the days above the WHO 24-
hour average guideline, and no daily average concentrations above the NAAQS. O3

had a mean concentration level of 49.04 pg/m3.

The daily average apparent temperature (Tapp) measured was 15.46°C and
temperature it was 16.97°C. The minimum and maximum Tapp was -2.19°C and
28.10°C, respectively. Temperature had a minimum and maximum were 0.35°C and
maximum 29.75°C. The relative humidity ranged between 13.10% and 85.06%, with

an average of 49.57%.

Figures 6.1 to 6.5 illustrate the time-series of the 24-hour concentration averages of
SOz2, NO2, O3, PM25, and PM1o, during the study period. Kruskal Wallis tests showed
significant differences in seasons for all five air pollutants (p-value < 0.001). For SOz,
NO2, PM25, and PMaio, higher concentrations were generally seen in winter (June to
August) and lower concentrations in summer (December to February). However, for

Os, the concentration levels were generally higher in summer and lower in winter.

Figures 6.6 to 6.7 illustrate the time-series of the 24-hour averages of relative humidity,
Tapp, and temperature during the study period. Seasonal trends can be seen for
relative humidity, Tapp, and temperature. The relative humidity dropped in the colder
months, May to August, and peaked during the warmer months, September to April.
Tapp and temperature (°C) peaked in the summer months, September to April, and
declined in the cold months, June to August, which is commonly experienced in South

Africa.
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Figure 6.1: Time-series of SOz levels in VTAPA, South Africa during 2 January 2011 to 29 February 2020.
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Figure 6.2: Time-series of NOz levels in VTAPA, South Africa during 2 January 2011 to 29 February 2020.
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Figure 6.3: Time-series of Oz levels in VTAPA, South Africa during 2 January 2011 to 29 February 2020.
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Figure 6.4: Time-series of PM2s levels in VTAPA, South Africa during 2 January 2011 to 29 February 2020.
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Figure 6.5: Time-series of PMio levels in VTAPA, South Africa during 2 January 2011 to 29 February 2020.
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Figure 6.6: Time-series of relative humidity in VTAPA, South Africa during 2 January 2011 to 29 February 2020.
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Figure 6.7: Time-series of temperature and apparent temperature in VTAPA, South Africa during 2 January 2011 to 29
February 2020.
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Table 6.2 shows the correlations between air pollutants and the meteorological data.
There is a strong positive correlation between PMio and PM2s. Strong positive
correlations can also be seen between PMioand NOz2, and PM2.s and NOz2. There are
moderate positive correlations between PMio and SO2, and PM2.s and SOz.5. Moderate

negative correlations can be seen with Oz and NOz2, as well as O3 and SOz.

Table 6.2: Spearman correlation coefficients between air pollution and weather
variables in VTAPA, South Africa during 2 January 2011 to 29 February 2020.
SO2 NO2 Os PM2s PMio RH Temp

NO:2 0.52

Os3 -0.34 -0.34

PMz2.s 0.41 0.67 -0.30

PMio 0.37 0.64 -0.24 0.86

RH -0.22 -0.27 -0.12 -0.14 -0.33

Temp -0.31 -041 069 -0.35 -0.32 0.01

Tapp -0.31 -041 0.68 -0.36 -0.33 0.03 0.99

Table 6.3 shows the minimum and maximum concentration levels for the five air
pollutants of interest. The maximum concentration for SO2 was 63.6 ug/m? in October
and the minimum concentration 2.4 ug/m? in November. The maximum concentration
for NO2 was 80.8 ug/m?® in June and the minimum concentration was 5.3 ug/m? in the
month of July. The maximum concentration for Os was 103.9 ug/m? in October. The
minimum concentration for Oz was 14.3 ug/m? in the month of June. The maximum
concentration for PM2s was 80.6 ug/m? in June and the minimum concentration was
7.2 pg/m?® in October. The maximum concentration for PM1o 131.7ug/m?3 in October
and minimum concentration for PM1o was 12.5 pg/m?3 in October. The Kruskal Wallis
tests showed significant differences in months for all five air pollutants (p-value <
0.001).
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Table 6.3: Mean and range of daily air pollutant levels by month in VTAPA, South Africa, 2 January 2011 — 29 February 2020.

SOz (ug.m-3) NO2 (ng.m-3) O3 (ug.m-3) PM2s (ug.m-3) PMio (ug.m-3)
Month Mean Min Max Mean Min Max Mean Min Max Mean Min Max Mean Min Max
January 14.1 3.4 44.1 24.2 8.9 46.1 54.7 24.9 85.2 27.5 11.2 52.3 44.6 14.9 85.9
February 136 351 529 266 119 466 506 241 898 291 143 524 472 212 904
March 151 2.7 39.2 288 146 557 468 256 774 288 133 525 457 165 744
April 14.9 4.8 48.3 31.4 15.9 55.9 41.4 17.8 64.7 28.3 9.1 61.9 46.3 15.9 107.1
May 16.9 5.7 535 356 169 651 373 212 60.1 362 136 733 618 194 1211
June 195 3.7 548 389 9.8 808 368 143 642 432 121 806 714 192 129.1
July 20.2 35 60.6 375 53 785 368 16.1 591 394 8.2 67.1 685 206 1184
August 18.4 4.9 54.5 35.6 6.4 67.4 47.5 21.8 79.9 34.1 9.7 70.3 65.0 194 124.8
September 16.6 5.1 580 318 132 648 556 250 879 301 109 539 580 234 108.9
October 139 34 63.6 262 114 469 599 284 1039 253 7.2 454 457 125 1317
November 114 24 359 238 79 408 614 318 89.0 226 115 443 416 152 86.1
December 109 3.7 445 233 94 40.0 59.0 221 875 259 95 775 422 177 121.0
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Table 6.4 shows the concentration levels of each pollutant per day in the week. SO2
mean concentration levels varied from of 15.1 pg/m? to 16.0 pg/m3. The mean SO:2
levels did not vary during the week (p=0.70). O3 mean concentration levels varied from

of 48.5 pg/m3to 49.1 ug/m3. The mean Oz levels did not vary during the week (p=0.63).

The mean concentration levels of NO2 (p=0.001), PM2.5 (p=0.001), and PM1o (p=0.001)
varied during the week. Each showing higher mean concentration levels during work
days (Monday to Friday) and lower mean concentration levels during the weekends

(Saturday and Sunday).
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Table 6.4: Mean and range of daily air pollutant levels by day of the week in VTAPA, South Africa, 2 January 2011 — 29
February 2020.

SO2 (ug.m-3) NO2 (ng.m-3) O3 (ug.m-3) PM2s (ug.m-3) PMuo (ug.m-3)

Day of week Mean Min Max Mean Min Max Mean Min Max Mean Min Max Mean Min  Max

Sunday 154 39 567 295 79 727 494 187 1039 299 106 712 508 151 120.1
Monday 16.0 36 6356 311 64 735 486 142 933 313 97 777 539 152 129.1
Tuesday 155 35 545 307 88 749 485 178 898 311 7.2 66.2 541 125 114.1
Wednesday 155 24 577 312 94 665 491 155 892 314 95 735 553 147 1317
Thursday 154 32 548 315 104 808 487 158 89.0 315 112 748 550 155 1248
Friday 15.1 32 482 298 98 656 49.1 196 953 310 9.1 78.2 527 20.6 123.0
Saturday 15.2 27 510 279 53 642 499 165 909 296 8.2 80.6 49.7 159 121.0

Abbreviations: PMio: particulate matter with an aerodynamic diameter of less than 10 um; NO: nitrogen dioxide, SO2: sulphur dioxide
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Due to the nature of the method used and the high correlation between PMio and

PMzs, the seven air pollutant mixtures explored were:

e PMaio, NO2z, and SOz (mixture 1)
e PMaz2s, NO2, and SO2 (mixture 2)
e PMaio, NO2, and O3 (mixture 3)

e PM:zs, NO2z, and Oz (mixture 4)
e PMaio, SO2, and O3z (mixture 5)

e PM:zs, SO2, and O3z (mixture 6)
e 03, NO2, and SO2 (mixture 7)

Table 6.5 presents the distribution of non-referent and referent days by month for

PMaio, NO2, and SO2 (mixture 1). Table 6.6 shows the distribution of non-referent and

referent days by week. Most of the non-referent days were observed in January (282

days, 8.99%), which was in summer. Out of 209 referent days, most occurred in

December (51 days, 24.4%), which was also in summer. The most non-referent days

fell on Tuesdays (457 days, 14.57%), while most referent days fell on Sundays (43

days, 20.57%).

Table 6.5: Distribution of non-referent and referent days by month in VTAPA,
South Africa, 2 January 2011 — 29 February 2020, PM1o, NO2 and SOz (mixture 1).

Non-referent days
(n = 3137 days)

Referent days
(n =209 days)

Month Frequency Percent Frequency Percent
January 282 8.99 27 12.92
February 269 8.58 14 6.70
March 265 8.45 14 6.70
April 254 8.10 16 7.66
May 276 8.80 3 1.44
June 262 8.35 8 3.83
July 277 8.83 2 0.96
August 274 8.73 5 2.39
September 268 8.54 2 0.96
October 256 8.16 23 11.00
November 226 7.20 44 21.05
December 228 7.27 51 24.40
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Table 6.6: Distribution of non-referent days and referent days by day of the week
in VTAPA, South Africa, 2 January 2011 — 29 February 2020, PM1o, NO2 and SO2

(mixture 1).

Non-referent days Referent days

(n = 3137 days) (n =209 days)
Day Frequency Percent Frequency Percent
Sunday 435 13.87 43 20.57
Monday 456 14.54 22 10.53
Tuesday 457 14.57 21 10.05
Wednesday 438 13.96 40 19.14
Thursday 457 14.57 21 10.05
Friday 456 14.54 22 10.53
Saturday 438 13.96 40 19.14

Table 6.7 presents the distribution of non-referent days and referent days by month,

and table 6.8 shows the distribution of non-referent and referent days by week, for

PMzs, NO2, and SO2 (mixture 2). Most of the non-referent days were observed in

January (280 days, 8.95%), i.e. in summer. Most of the referent days, out of 216, were

observed in November (54 days, 25%), i.e. in spring. Table 6.8 shows that majority of

the non-referent days fell on Mondays (457 days, 14.6%), while majority of referent
days fell on Sundays (47 days, 21.76%).

Table 6.7: Distribution of non-referent and referent days by month in VTAPA,
South Africa, 2 January 2011 — 29 February 2020, PM2.s, NO2 and SO2 (mixture

2).

Non-referent days Referent days

(n = 3130 days) (n =216 days)
Month Frequency Percent Frequency Percent
January 280 8.95 29 13.43
February 273 8.72 10 4.63
March 266 8.50 13 6.02
April 255 8.15 15 6.94
May 277 8.85 2 0.93
June 263 8.40 7 3.24
July 276 8.82 3 1.39
August 270 8.63 9 4.17
September 267 8.53 3 1.39
October 251 8.02 28 12.96
November 216 6.90 54 25.00
December 236 7.54 43 19.91
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Table 6.8: Distribution of non-referent days and referent days by day of the week
in VTAPA, South Africa, 2 January 2011 — 29 February 2020, PM2.5, NO2 and SO:2

(mixture 2).

Non-referent days Referent days

(n = 3130 days) (n =216 days)
Day Frequency Percent Frequency Percent
Sunday 431 13.77 47 21.76
Monday 457 14.60 21 9.72
Tuesday 454 14.50 24 11.11
Wednesday 441 14.09 37 17.13
Thursday 454 14.50 24 11.11
Friday 451 14.41 27 12.50
Saturday 442 14.12 36 16.67

Table 6.9 presents the distribution of non-referent days and referent days by month

for PM1o, NO2, and Oz (mixture 3). Most non-referent days were observed in January

(300 days, 9.18%), i.e. in summer. Most of the 79 referent days were observed in April

(16 days, 20.25%), i.e. in autumn. Table 6.10 shows that the majority of non-referent

days fell on Tuesdays (471 days, 14.42%). The majority of referent days fell on

Saturdays (17 days, 21.52%).

Table 6.9: Distribution of non-referent and referent days by month in VTAPA,
South Africa, 2 January 2011 — 29 February 2020, PM10, NO2 and O3z (mixture 3).

Non-referent days
(n = 3267 days)

Referent days
(n =79 days)

Month Frequency Percent Frequency Percent
January 300 9.18 9 11.39
February 275 8.42 8 10.13
March 264 8.08 15 18.99
April 254 7.77 16 20.25
May 273 8.36 6 7.59
June 261 7.99 9 11.39
July 272 8.33 7 8.86
August 277 8.48 2 2.53
September 269 8.23 1 1.27
October 278 8.51 1 1.27
November 269 8.23 1 1.27
December 275 8.42 4 5.06
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Table 6.10: Distribution of non-referent days and referent days by day of the
week, in VTAPA, South Africa, 2 January 2011 — 29 February 2020, PMio, NO2
and Oz (mixture 3).

Non-referent days Referent days

(n = 3267 days) (n =79 days)
Day Frequency Percent Frequency Percent
Sunday 465 14.23 13 16.46
Monday 469 14.36 9 11.39
Tuesday 471 14.42 7 8.86
Wednesday 468 14.33 10 12.66
Thursday 469 14.36 9 11.39
Friday 464 14.20 14 17.72
Saturday 461 14.11 17 21.52

Table 6.11 presents the distribution of non-referent days and referent days by month
for PM25s, NO2, and O3z (mixture 4). Most of non-referent days were observed in
January (300 days, 9.16%), i.e. in summer. Most of the 70 referent days were
observed in March and April (13 days, 18.57%, each), i.e. in autumn. Table 6.12 shows
that majority of the non-referent days fell on Tuesdays (253 days, 14.7%), while the
majority of referent days fell on Sundays (13 days, 18.57%).

Table 6.11: Distribution of non-referent and referent days by month in VTAPA,
South Africa, 2 January 2011 — 29 February 2020, PM25, NO2 and O3z (mixture 4).

Non-referent days Referent days

(n = 3276 days) (n =70 days)
Month Frequency Percent Frequency Percent
January 300 9.16 9 12.86
February 277 8.46 6 8.57
March 266 8.12 13 18.57
April 257 7.84 13 18.57
May 275 8.39 4 5.71
June 262 8.00 8 11.43
July 271 8.27 8 11.43
August 277 8.46 2 2.86
September 268 8.18 2 2.86
October 278 8.49 1 1.43
November 269 8.21 1 1.43
December 276 8.42 3 4.29
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Table 6.12: Distribution of non-referent days and referent days by day of the
week in VTAPA, South Africa, 2 January 2011 — 29 February 2020, PM25, NO2 and

O3 (mixture 4).

Non-referent days

Referent days

(n = 3276 days) (n =70 days)

Day Frequency Percent Frequency Percent
Sunday 465 14.19 13 18.57
Monday 469 14.32 9 12.86
Tuesday 472 14.41 6 8.57
Wednesday 467 14.26 11 15.71
Thursday 471 14.38 7 10.00
Friday 466 14.22 12 17.14
Saturday 466 14.22 12 17.14

Table 6.13 presents the distribution of non-referent days and referent days by month

for PM1o, SO2, and Os (mixture 5). Most non-referent days were observed in January

(307 days, 9.3%), i.e. in summer. Most of the 46 referent days were observed in April

(12 days, 26.09%), i.e. in autumn. Table 6.14 shows that the majority of non-referent

days fell on Thursdays (473 days, 14.33%), while the majority of referent days fell on

Wednesdays (9 days, 19.57%).

Table 6.13: Distribution of non-referent and referent days by month in VTAPA,
South Africa, 2 January 2011 — 29 February 2020, PM1o, SO2 and Os (mixture 5).

Non-referent days
(n = 3300 days)

Referent days
(n =46 days)

Month Frequency Percent Frequency Percent
January 307 9.30 2 4.35
February 282 8.55 1 2.17
March 268 8.12 11 23.91
April 258 7.82 12 26.09
May 272 8.24 7 15.22
June 263 7.97 7 15.22
July 276 8.36 3 6.52
August 278 8.42 1 2.17
September 270 8.18 1 2.17
October 279 8.45 1 2.17
November 269 8.15 2 4.35
December 278 8.42 1 2.17
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Table 6.14: Distribution of non-referent days and referent days by day of the
week in VTAPA, South Africa, 2 January 2011 — 29 February 2020, PM1o, SO2 and

O3 (mixture 5).

Non-referent days

Referent days

(n = 3300 days) (n =46 days)

Day Frequency Percent Frequency Percent
Sunday 471 14.27 7 15.22
Monday 475 14.39 3 6.52
Tuesday 471 14.27 7 15.22
Wednesday 469 14.21 9 19.57
Thursday 473 14.33 5 10.87
Friday 470 14.24 8 17.39
Saturday 471 14.27 7 15.22

Table 6.15 presents the distribution of non-referent days and referent days by month

for PM25, SO2, and Oz (mixture 6). Most non-referent days were observed in January

(159 days, 9.3%), i.e. in summer. Most of the 41 referent days were observed in March

(11 days, 24.39%), i.e. in autumn. Table 6.16 shows that majority of the non-referent

days fell on Sundays and Mondays (474 days, 14.34%, each), while majority of

referent days fell on Wednesdays (10 days, 24.39%).

Table 6.15: Distribution of non-referent and referent days by month in VTAPA,
South Africa, 2 January 2011 — 29 February 2020, PM25, SO2 and Os (mixture 6).

Non-referent days
(n = 3305 days)

Referent days
(n =41 days)

Month Frequency Percent Frequency Percent
January 308 9.32 1 2.44
February 282 8.53 1 2.44
March 269 8.14 10 24.39
April 261 7.90 9 21.95
May 272 8.23 7 17.07
June 264 7.99 6 14.63
July 275 8.32 4 9.76
August 277 8.38 2 4.88
September 270 8.17 1 2.44
October 279 8.44 1 2.44
November 269 8.14 1 2.44
December 279 8.44

© University of Pretoria

198



NIVERSITEIT VAN PRETORIA
N Y OF PRETORIA
u

ITHI YA PRETORIA

Table 6.16: Distribution of non-referent days and referent days by day of the
week in VTAPA, South Africa, 2 January 2011 — 29 February 2020, PM2.5, SO2 and
O3 (mixture 6).

Non-referent days Referent days

(n = 3305 days) (n =41 days)
Day Frequency Percent Frequency Percent
Sunday 474 14.34 4 9.76
Monday 474 14.34 4 9.76
Tuesday 474 14.34 4 9.76
Wednesday 468 14.16 10 24.39
Thursday 471 14.25 7 17.07
Friday 471 14.25 7 17.07
Saturday 473 14.31 5 12.20

Table 6.17 presents the distribution of non-referent days and referent days by month
for Oz, NO2, and SOz (mixture 7). Most of non-referent days were observed in January
(306 days, 9.25%), i.e. in summer. Most of the 38 referent days were observed in
March, June, and December (8 days, 21.05%, each), i.e. in autumn, winter, and
summer, respectively. Table 6.18 shows the majority of the non-referent days fell on
Thursdays (476 days, 14.39%). The majority of referent days fell on both Fridays and
Saturdays (8 days, 21.05%, each).

Table 6.17: Distribution of non-referent and referent days by month in VTAPA,
South Africa, 2 January 2011 — 29 February 2020, O3 NO2, and SOz (mixture 7).

Non-referent days Referent days

(n = 3308 days) (n = 38 days)
Month Frequency Percent Frequency Percent
January 306 9.25 3 7.89
February 277 8.37 6 15.79
March 271 8.19 8 21.05
April 267 8.07 3 7.89
May 276 8.34 3 7.89
June 262 7.92 8 21.05
July 277 8.37 2 5.26
August 277 8.37 2 5.26
September 270 8.16 3 7.89
October 279 8.43 3 7.89
November 270 8.16 6 15.79
December 276 8.34 8 21.05
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Table 6.18: Distribution of non-referent days and referent days by day of the
week in VTAPA, South Africa, 2 January 2011 — 29 February 2020, O3, NO2, and
SO2 (mixture 7).

Non-referent days Referent days

(n = 3308 days) (n = 38 days)
Day Frequency Percent Frequency Percent
Sunday 473 14.30 5 13.16
Monday 473 14.30 5 13.16
Tuesday 474 14.33 4 10.53
Wednesday 472 14.27 6 15.79
Thursday 476 14.39 2 5.26
Friday 470 14.21 8 21.05
Saturday 470 14.21 8 21.05

Table 6.18 shows the majority of the non-referent days fell on Thursdays (476 days,
14.39%). The majority of referent days fell on both Fridays and Saturdays (8 days,
21.05%, each).

Table 6.19 reports on the frequency of each of the 64 day types used in the regression
models for PMio, NO2, and SO2 (mixture 1). Day type 444 was the most frequently
observed day type (338 days; 10.1%), i.e. when all three air pollutants had levels in
the highest quartile. Day type 414 was the least frequently observed, where only one
out of the 3 346 days (0.03%) had PMao levels in the highest quartile, NO2 levels in

the lowest quartile, and SOz levels in the highest quatrtile.
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Table 6.19: Frequency of each day type (64 day types) in VTAPA, South Africa,
2 January 2011 — 29 February 2020, PM1o, NO2 and SO2 (mixture 1).

Day type Frequency Percent Day type Frequency Percent
111 209 6.25 211 111 3.32
112 104 3.11 212 75 2.24
113 47 1.40 213 37 1.11
114 40 1.20 214 18 0.54
121 108 3.23 221 87 2.60
122 67 2.00 222 83 2.48
123 50 1.49 223 59 1.76
124 52 1.55 224 47 1.40
131 44 1.32 231 38 1.14
132 31 0.93 232 59 1.76
133 19 0.57 233 73 2.18
134 26 0.78 234 62 1.85
141 14 0.42 241 10 0.30
142 9 0.27 242 27 0.81
143 7 0.21 243 26 0.78
144 9 0.27 244 25 0.75
311 63 1.88 411 21 0.63
312 42 1.26 412 14 0.42
313 34 1.02 413 9 0.27
314 11 0.33 414 1 0.03
321 54 1.61 421 12 0.36
322 65 1.94 422 37 1.11
323 61 1.82 423 22 0.66
324 27 0.81 424 6 0.18
331 31 0.93 431 13 0.39
332 80 2.39 432 49 1.46
333 143 4.27 433 53 1.58
334 74 2.21 434 42 1.26
341 13 0.39 441 8 0.24
342 33 0.99 442 62 1.85
343 48 1.43 443 149 4.45
344 58 1.73 444 338 10.10

First digit refers to PMuo levels, second digit refers to NO:z levels and third digit refers to SO: levels. 1
indicates when an air pollutant had levels in the lowest quatrtile, 2 indicates when an air pollutant had
levels in the second quartile, 3 indicates when an air pollutant had levels in the third quartile, 4 indicates
when an air pollutant had levels in the highest quartile, e.g. 123 means that PM1o levels were in the
lowest quartile, NO2 levels were in the second quartile and SO: levels were in the third quartile.

Table 6.20 reports on the frequency of each of the 64 day types used in the regression
models for PM2s5, NO2, and SOz (mixture 2). Day type 444 was the most frequently
observed day type (339 days; 10.13%), i.e. when all three air pollutants had levels in
the highest quartile. Day type 143 was the least frequently observed, where only three
out of the 3 346 days (0.09%) had PMzs levels in the lowest quartile, NOz2 levels in the
highest quartile, and SOz levels in the third quatrtile.
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Table 6.20: Frequency of each day type (64 day types) in VTAPA, South Africa,
2 January 2011 — 29 February 2020, PM2:5, NO2 and SOz (mixture 2).

Day type Frequency Percent Day type Frequency Percent
111 216 6.46 211 118 3.53
112 109 3.26 212 76 2.27
113 52 1.55 213 46 1.37
114 44 1.32 214 16 0.48
121 113 3.38 221 82 2.45
122 65 1.94 222 79 2.36
123 45 1.34 223 70 2.09
124 47 1.40 224 44 1.32
131 45 1.34 231 43 1.29
132 30 0.90 232 61 1.82
133 15 0.45 233 73 2.18
134 30 0.90 234 45 1.34
141 7 0.21 241 16 0.48
142 8 0.24 242 27 0.81
143 3 0.09 243 22 0.66
144 7 0.21 244 19 0.57
311 47 1.40 411 23 0.69
312 37 1.11 412 13 0.39
313 21 0.63 413 8 0.24
314 6 0.18 414 4 0.12
321 50 1.49 421 16 0.48
322 78 2.33 422 30 0.90
323 60 1.79 423 17 0.51
324 33 0.99 424 8 0.24
331 27 0.81 431 11 0.33
332 91 2.72 432 37 1.11
333 132 3.95 433 68 2.03
334 69 2.06 434 60 1.79
341 15 0.45 441 7 0.21
342 39 1.17 442 57 1.70
343 67 2.00 443 138 4.12
344 65 1.94 444 339 10.13

First digit refers to PMzs levels, second refers to NO: levels, third refers to SOz levels. 1 indicates when
an air pollutant had levels in the lowest quartile, 2 indicates when an air pollutant had levels in the
second quartile, 3 indicates when an air pollutant had levels in the third quartile, 4 indicates when an
air pollutant had levels in the highest quartile, e.g. 123 means that PMzs levels were in the lowest
guartile, NO2 levels were in the second quartile and SO: levels were in the third quartile.

Table 6.21 reports on the frequency of each of the 64 day types used in the regression
models for PMio, NO2, and Oz (mixture 3). Day type 441 was the most frequently
observed day type (299 days; 8.94%), when PMio and NO:2 had levels in the highest
guartile, and Os was in the lowest quartile. Day type 411 was the least frequently
observed, where only three out of 3 346 days (0.09%) had PMu1o levels in the highest
guartile, and NO2 and Oslevels in the lowest quatrtile.
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Table 6.21: Frequency of each day type (64 day types) in VTAPA, South Africa,
2 January 2011 — 29 February 2020, PMio, NO2 and Os (mixture 3).

Day type Frequency Percent Day type Frequency Percent
111 79 2.36 211 27 0.81
112 75 2.24 212 53 1.58
113 101 3.02 213 62 1.85
114 145 4.33 214 99 2.96
121 36 1.08 221 55 1.64
122 56 1.67 222 74 2.21
123 78 2.33 223 79 2.36
124 107 3.20 224 68 2.03
131 21 0.63 231 42 1.26
132 21 0.63 232 68 2.03
133 36 1.08 233 69 2.06
134 42 1.26 234 53 1.58
141 14 0.42 241 23 0.69
142 12 0.36 242 23 0.69
143 6 0.18 243 16 0.48
144 7 0.21 244 26 0.78
311 12 0.36 411 3 0.09
312 39 1.17 412 9 0.27
313 50 1.49 413 15 0.45
314 49 1.46 414 18 0.54
321 27 0.81 421 12 0.36
322 75 2.24 422 18 0.54
323 61 1.82 423 24 0.72
324 44 1.32 424 23 0.69
331 87 2.60 431 37 1.11
332 92 2.75 432 42 1.26
333 101 3.02 433 48 1.43
334 48 1.43 434 30 0.90
341 62 1.85 441 299 8.94
342 52 1.55 442 128 3.83
343 21 0.63 443 70 2.09
344 17 0.51 444 60 1.79

First digit refers to PM1o levels, second refers to NO:z levels, third refers to O3z levels.1 indicates when
an air pollutant had levels in the lowest quartile, 2 indicates when an air pollutant had levels in the
second quartile, 3 indicates when an air pollutant had levels in the third quartile, 4 indicates when an
air pollutant had levels in the highest quartile, e.g. 123 means that PMio levels were in the lowest
guartile, NO2 levels were in the second quartile and Oz levels were in the third quartile.

Table 6.22 reports on the frequency of each of the 64 day types used in the regression
models for PM25, NO2, and Os (mixture 4). Day type 441 was the most frequently
observed day type (299 days; 8.94%), when PMz5 and NO2 had levels in the highest
guartile and NO:2 levels in the lowest quartile. Day types 411 and 143 were the least

frequently observed, with only four out of the 3 346 days (0.12%).
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Table 6.22: Frequency of each day type (64 day types) in VTAPA, South Africa,
2 January 2011 — 29 February 2020, PM25, NO2 and Os (mixture 4).

Day type Frequency Percent Day type Frequency Percent
111 70 2.09 211 38 1.14
112 78 2.33 212 57 1.70
113 106 3.17 213 69 2.06
114 167 4.99 214 92 2.75
121 25 0.75 221 51 1.52
122 57 1.70 222 67 2.00
123 81 2.42 223 85 2.54
124 107 3.20 224 72 2.15
131 22 0.66 231 37 1.11
132 22 0.66 232 63 1.88
133 34 1.02 233 75 2.24
134 40 1.20 234 57 1.70
141 9 0.27 241 28 0.84
142 5 0.15 242 26 0.78
143 4 0.12 243 16 0.48
144 7 0.21 244 14 0.42
311 9 0.27 411 4 0.12
312 22 0.66 412 19 0.57
313 40 1.20 413 13 0.39
314 40 1.20 414 12 0.36
321 42 1.26 421 12 0.36
322 81 2.42 422 18 0.54
323 54 1.61 423 22 0.66
324 44 1.32 424 19 0.57
331 59 1.76 431 69 2.06
332 77 2.30 432 61 1.82
333 88 2.63 433 57 1.70
334 40 1.20 434 36 1.08
341 57 1.70 441 304 9.09
342 60 1.79 442 124 3.71
343 32 0.96 443 61 1.82
344 37 1.11 444 52 1.55

First digit refers to PMzs levels, second digit refers to NO2 levels and third digit refers to Os levels 1
indicates when an air pollutant had levels in the lowest quartile, 2 indicates when an air pollutant had
levels in the second quartile, 3 indicates when an air pollutant had levels in the third quartile, 4 indicates
when an air pollutant had levels in the highest quartile, e.g. 123 means that PMzs levels were in the
lowest quartile, NO2 levels were in the second quartile and Os levels were in the third quartile.

Table 6.23 reports on the frequency of each of the 64 day types used in the regression
models for PMio, SO2, and O3 (mixture 5). Day type 441 was the most frequently
observed day type (221 days; 6.6%), when PMio and SO2 had levels in the highest
quartile and Os levels in the lowest quartile. Day type 411 was the least frequently
observed, where only eleven out of the 3 346 days (0.33%) had PMaio levels in the
highest quartile, and SO2 and Os had levels in the lowest quartile.
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Table 6.23: Frequency of each day type (64 day types) in VTAPA, South Africa,
2 January 2011 — 29 February 2020, PM1o, SO2 and O3 (mixture 5).

Day type Frequency Percent Day type Frequency Percent
111 46 1.37 211 33 0.99
112 62 1.85 212 48 1.43
113 86 2.57 213 62 1.85
114 181 541 214 103 3.08
121 37 1.11 221 36 1.08
122 42 1.26 222 69 2.06
123 62 1.85 223 67 2.00
124 70 2.09 224 72 2.15
131 34 1.02 231 32 0.96
132 19 0.57 232 54 1.61
133 45 1.34 233 60 1.79
134 25 0.75 234 49 1.46
141 33 0.99 241 46 1.37
142 41 1.23 242 47 1.40
143 28 0.84 243 37 1.11
144 25 0.75 244 22 0.66
311 16 0.48 411 11 0.33
312 35 1.05 412 13 0.39
313 53 1.58 413 14 0.42
314 57 1.70 414 16 0.48
321 42 1.26 421 40 1.20
322 66 1.97 422 42 1.26
323 66 1.97 423 36 1.08
324 46 1.37 424 44 1.32
331 63 1.88 431 79 2.36
332 94 2.81 432 56 1.67
333 93 2.78 433 58 1.73
334 36 1.08 434 40 1.20
341 67 2.00 441 221 6.60
342 63 1.88 442 86 2.57
343 21 0.63 443 49 1.46
344 19 0.57 444 31 0.93

First digit refers to PMuo levels, second refers to SOz levels, third refers to Os levels. 1 indicates when
an air pollutant had levels in the lowest quartile, 2 indicates when an air pollutant had levels in the
second quartile, 3 indicates when an air pollutant had levels in the third quartile, 4 indicates when an
air pollutant had levels in the highest quartile, e.g. 123 means that PMio levels were in the lowest
guartile, SOz levels were in the second quartile and Os levels were in the third quartile.

Table 6.24 reports on the frequency of each of the 64 day types used in the regression
models for PM25, SO2, and Oz (mixture 6). Day type 441 was the most frequently
observed day type (299 days; 8.94%), when PM25 and NO2 had levels in the highest
guartile and SO: levels in the lowest quartile. Day type 411 was the least frequently
observed, where only three out of the 3 346 days (0.09%) had PMuo levels in the
highest quartile, and NO2 and SOz had levels in the lowest quartile.
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Table 6.24: Frequency of each day type (64 day types) in VTAPA, South Africa,
2 January 2011 — 29 February 2020, PM25, SO2 and Oz (mixture 6).

Day type Frequency Percent Day type Frequency Percent
111 41 1.23 211 35 1.05
112 54 1.61 212 52 1.55
113 88 2.63 213 74 2.21
114 198 5.92 214 98 2.93
121 30 0.90 221 38 1.14
122 39 1.17 222 66 1.97
123 64 1.91 223 73 2.18
124 79 2.36 224 66 1.97
131 27 0.81 231 42 1.26
132 23 0.69 232 49 1.46
133 44 1.32 233 68 2.03
134 21 0.63 234 52 1.55
141 29 0.87 241 44 1.32
142 44 1.32 242 38 1.14
143 32 0.96 243 26 0.78
144 23 0.69 244 16 0.48
311 35 1.05 411 7 0.21
312 52 1.55 412 15 0.45
313 74 2.21 413 18 0.54
314 98 2.93 414 17 0.51
321 38 1.14 421 44 1.32
322 66 1.97 422 37 1.11
323 73 2.18 423 25 0.75
324 66 1.97 424 31 0.93
331 42 1.26 431 94 2.81
332 49 1.46 432 63 1.88
333 68 2.03 433 46 1.37
334 52 1.55 434 28 0.84
341 44 1.32 441 236 7.05
342 38 1.14 442 90 2.69
343 26 0.78 443 50 1.49
344 16 0.48 444 35 1.05

First digit refers to PMzs levels, second refers to SOz levels, third refers to Os levels. 1 indicates when
an air pollutant had levels in the lowest quartile, 2 indicates when an air pollutant had levels in the
second quartile, 3 indicates when an air pollutant had levels in the third quartile, 4 indicates when an
air pollutant had levels in the highest quartile, e.g. 123 means that PMzs levels were in the lowest
guartile, SOz levels were in the second quartile and Os levels were in the third quartile.

Table 6.25 reports on the frequency of each of the 64 day types used in the regression
models for O3, NO2, and SOz (mixture 7). Day type 411 was the most frequently
observed day type (197 days; 5.89%), when Oz and NO:2 had levels in the highest
guartile and SO: levels in the lowest quartile. Day type 141 was the least frequently
observed, where only eleven out of the 3 346 days (0.33%) had Os levels in the lowest

guartile, NOz2 levels in the highest quartile, and SOz levels in the lowest quartile.
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Table 6.25: Frequency of each day type (64 day types) in VTAPA, South Africa,
2 January 2011 — 29 February 2020, O3, NO2 and SOz (mixture 7).

Day type Frequency Percent Day type Frequency Percent
111 38 1.14 211 62 1.85
112 39 1.17 212 45 1.34
113 26 0.78 213 38 1.14
114 18 0.54 214 31 0.93
121 27 0.81 221 52 1.55
122 34 1.02 222 78 2.33
123 34 1.02 223 49 1.46
124 35 1.05 224 44 1.32
131 30 0.90 231 23 0.69
132 37 1.11 232 59 1.76
133 49 1.46 233 80 2.39
134 71 2.12 234 61 1.82
141 11 0.33 241 21 0.63
142 45 1.34 242 37 1.11
143 99 2.96 243 56 1.67
144 243 7.26 244 101 3.02
311 107 3.20 411 197 5.89
312 73 2.18 412 78 2.33
313 35 1.05 413 28 0.84
314 13 0.39 414 8 0.24
321 63 1.88 421 119 3.56
322 75 2.24 422 65 1.94
323 74 2.21 423 35 1.05
324 30 0.90 424 23 0.69
331 37 1.11 431 36 1.08
332 64 1.91 432 59 1.76
333 110 3.29 433 49 1.46
334 43 1.29 434 29 0.87
341 8 0.24 441 5 0.15
342 19 0.57 442 30 0.90
343 37 1.11 443 38 1.14
344 49 1.46 444 37 1.11

First digit refers to Os levels, second refers to NO: levels, third refers to SOz levels.1 indicates when an
air pollutant had levels in the lowest quartile, 2 indicates when an air pollutant had levels in the second
quartile, 3 indicates when an air pollutant had levels in the third quartile, 4 indicates when an air pollutant
had levels in the highest quartile, e.g. 123 means that Os levels were in the lowest quartile, NOz levels
were in the second quartile and SO: levels were in the third quartile.

6.2. HOSPITAL ADMISSIONS FOR RESPIRATORY AND
CARDIOVASCULAR DISEASE

Table 6.26 shows the descriptive statistics of the daily number of respiratory disease

(RD) and cardiovascular disease (CVD) hospital admissions. The admissions are set
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at a two-day cumulative lag, omitting 1 January 2011, producing a total of 3 346 days

in the study.

Table 6.26: Summary statistics of the daily number of RD and CVD
hospitalisations in VTAPA, South Africa, 2 January 2011 - 29 February 2020.

Variable Mean Min Max
Respiratory disease

All ages and both sexes 16.4 1 55
(n=54 822)

0-14 year olds (n=28 124) 2.6 1 16
15-64 year olds (n=20 066) 8.3 1 35
265 year olds (n=6637) 8.1 1 30
Females (n= 27 749) 8.5 1 37
Males (n= 27 085) 6.1 1 27
Cardiovascular disease

All ages and both sexes 6.8 1 29
(n=22 507)

0-14 year olds (n=405) 1.2 1 3
15-64 year olds (n=13916) 4.3 1 17
265 year olds (n=8199) 2.9 1 13
Females (n= 11 475) 3.7 1 16
Males (n= 11 047) 3.6 1 14

Abbreviations: N-total number of days, Miss- missing values, Min-minimum, Max-Maximum.

In total, 54 822 RD hospital admissions were recorded at the two hospitals. The
maximum daily number of RD admissions was 55 and the average 16.4. The total
number of females admitted was 27 749 (50.6%), and males admitted for RD reached
27 085 (49.4%). The 0-14 years age group showed the majority (51.3%) of the RD
admissions, this was followed by the 15-64 year old age group (36.6%), and lastly, the
elderly (= 65 years) (12.1%).

In total, 22 507 CVD hospital admissions were recorded at the two hospitals. The
maximum daily number of CVD admissions was 29 and the average 6.8. The total
number of females admitted was 11 475 (50.95%), and males admitted for CVD
reached 11 047 (49.05%). The 15-64 years age group showed the majority (61.8%) of
the CVD admissions. The elderly (= 65 years) accounted for 36.4% of the CVD hospital

admissions.
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For the purpose of the study, the combined hospital admissions (all ages and both

sexes) for both RD and CVD were investigated.

Figure 6.8 illustrates the time-series of the daily number of RD hospital admissions.
Clear seasonal trends were observed, with more RD admissions during the colder
months (May to August) than during the warmer months (September to April). Figure
6.9 shows the time-series of the daily number of CVD hospital admissions. There were
no definitive seasonal trends observed with CVD hospital admissions from 2 January
2011 to 29 February 2020.
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Figure 6.8: Time-series of the daily number of respiratory disease hospital in VTAPA, South Africa, 2 January 2011 — 29
February 2020 (3346 days).
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Figure 6.9: Time-series of the daily number of cardiovascular disease hospital admissions in VTAPA, South Africa, 2 January
2011 - 29 February 2020 (3346 days).
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6.2.1. FREQUENCY OF RESPIRATORY HOSPITAL ADMISSIONS PER
DAYTYPE

Table 6.27 reports the frequency of RD hospital admissions by the 64 day types (all
ages and sexes combined) for PM1o, NO2, and SO2 (mixture 1). There were 54 822
total RD hospital admissions, from which 209 referent days showed 2 709 (4.94%) RD
hospital admissions. Day type 444 was recorded as the most frequently observed day
type (338 days; 10.1%), i.e. when all three air pollutants had levels in the highest
quartile. The most RD hospital admissions also occurred for this day type (6 834;
12.47%). The least hospital admissions occurred at the 414 day type with only six
(0.01%) RD hospital admissions. Day type 414 was the least frequently observed,
where one out of the 3 346 days (0.3%) had PMao levels in the highest quartile, NO2
had levels in the lowest quartile, and SO2 had levels in the highest quartile.
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Table 6.27: Frequency of respiratory disease hospital admissions by day types
for all ages and sexes combined, PMio, NO2 and SOz (mixture 1).

Day type Frequency Percent Day type Frequency Percent
111 2709 4.94 211 1396 2.55
112 1421 2.59 212 962 1.75
113 697 1.27 213 517 0.94
114 536 0.98 214 247 0.45
121 1538 2.81 221 1245 2.27
122 1013 1.85 222 1189 2.17
123 769 1.40 223 967 1.76
124 845 1.54 224 792 1.44
131 656 1.20 231 651 1.19
132 429 0.78 232 941 1.72
133 348 0.63 233 1378 2.51
134 375 0.68 234 1012 1.85
141 250 0.46 241 160 0.29
142 109 0.20 242 479 0.87
143 105 0.19 243 564 1.03
144 172 0.31 244 457 0.83
311 738 1.35 411 284 0.52
312 556 1.01 412 242 0.44
313 434 0.79 413 140 0.26
314 130 0.24 414 6 0.01
321 802 1.46 421 174 0.32
322 991 1.81 422 602 1.10
323 934 1.70 423 317 0.58
324 424 0.77 424 74 0.13
331 465 0.85 431 287 0.52
332 1304 2.38 432 977 1.78
333 2509 4.58 433 961 1.75
334 1523 2.78 434 763 1.39
341 217 0.40 441 127 0.23
342 625 1.14 442 1242 2.27
343 1021 1.86 443 2919 5.32
344 1271 2.32 444 6834 12.47

Table 6.28 reports the frequency of RD hospital admissions by the 64 day types (all
ages and sexes combined) for PMz2s, NO2, and SOz (mixture 2). From the 54 822 total
RD hospital admissions, there were 216 referent days where 2 795 (5.1%) RD hospital
admissions occurred. Day type 444 was recorded as the most frequently observed day
type (339 out of the 3 346 days; 10.13%), i.e. when all three air pollutants had levels in
the highest quartile. For this day type the most RD hospital admissions also occurred
(6 972; 12.72%). The least hospital admissions occurred for the 143 day type with 69
(0.13%) RD hospital admissions. Day type 143 was the least frequently observed (3
out of the 3 346 days; 0.09%), when PMzs had levels in the lowest quartile, NO2 had

levels in the highest quartile, and SOz had levels in the third quartile.
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Table 6.28: Frequency of respiratory disease hospital admissions by day types
for all ages and sexes combined, PM2.s, NO2 and SOz (mixture 2).

Day type Frequency Percent Day type Frequency Percent
111 2795 5.10 211 1458 2.66
112 1485 2.71 212 1043 1.90
113 778 1.42 213 628 1.15
114 647 1.18 214 162 0.30
121 1606 2.93 221 1251 2.28
122 885 1.61 222 1218 2.22
123 663 1.21 223 1145 2.09
124 718 1.31 224 736 1.34
131 718 1.31 231 694 1.27
132 410 0.75 232 1011 1.84
133 221 0.40 233 1335 2.44
134 427 0.78 234 692 1.26
141 95 0.17 241 301 0.55
142 131 0.24 242 478 0.87
143 69 0.13 243 381 0.69
144 107 0.20 244 362 0.66
311 549 1.00 411 325 0.59
312 486 0.89 412 167 0.30
313 246 0.45 413 136 0.25
314 65 0.12 414 45 0.08
321 701 1.28 421 201 0.37
322 1211 2.21 422 481 0.88
323 926 1.69 423 253 0.46
324 530 0.97 424 151 0.28
331 447 0.82 431 200 0.36
332 1582 2.89 432 648 1.18
333 2370 4.32 433 1270 2.32
334 1376 251 434 1178 2.15
341 260 0.47 441 98 0.18
342 735 1.34 442 1111 2.03
343 1374 251 443 2785 5.08
344 1293 2.36 444 6972 12.72

Table 6.29 reports the frequency of RD hospital admissions by the 64 day types (all
ages and sexes combined) for PMio, NO2, and Os (mixture 3). From the 54 822 total
RD hospital admissions, there were 79 referent days where 1 140 (2.08%) RD hospital
admissions occurred. Day type 441 was recorded as the most frequently observed day
type (299; 8.94%), when PM1o and NO2 were in the highest quartile and O3z was in the
lowest quartile. For this day type the most RD hospital admissions also occurred (6
028, 11%). The least hospital admissions occurred for the 411 day type, with 53 (0.1%)
RD hospital admissions. Day type 441 was the least frequently observed (3 days;
0.09%), when PMzio had levels in the highest quartile, NO2 had levels in the lowest

quartile, and Os had levels in the lowest quartile.
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Table 6.29: Frequency of respiratory disease hospital admissions by day types
for all ages and sexes combined, PMio, NO2 and Os (mixture 3).

Day type Frequency Percent Day type Frequency Percent
111 1140 2.08 211 406 0.74
112 1073 1.96 212 718 1.31
113 1371 2.50 213 796 1.45
114 1779 3.25 214 1202 2.19
121 602 1.10 221 918 1.67
122 963 1.76 222 1171 2.14
123 1271 2.32 223 1167 2.13
124 1329 2.42 224 937 1.71
131 358 0.65 231 753 1.37
132 321 0.59 232 1335 2.44
133 570 1.04 233 1160 2.12
134 559 1.02 234 734 1.34
141 252 0.46 241 480 0.88
142 238 0.43 242 419 0.76
143 68 0.12 243 329 0.60
144 78 0.14 244 432 0.79
311 165 0.30 411 53 0.10
312 530 0.97 412 126 0.23
313 624 1.14 413 210 0.38
314 539 0.98 414 283 0.52
321 440 0.80 421 207 0.38
322 1119 2.04 422 261 0.48
323 937 1.71 423 368 0.67
324 655 1.19 424 331 0.60
331 1699 3.10 431 709 1.29
332 1677 3.06 432 824 1.50
333 1740 3.17 433 929 1.69
334 685 1.25 434 526 0.96
341 1325 2.42 441 6028 11.00
342 1027 1.87 442 2453 4.47
343 408 0.74 443 1385 2.53
344 374 0.68 444 1256 2.29

Table 6.30 reports the frequency of RD hospital admissions by the 64 day types (all
ages and sexes combined) for PM2.s, NO2, and Os (mixture 4). From the 54 822 total
RD hospital admissions, there were 70 referent days where 1 069 (1.95%) RD hospital
admissions occurred. Day type 441 was recorded as the most frequently observed day
type (304 days; 9.09%), when PMi1o and NO2 were in the highest quartile and O3 was
in the lowest quartile. For this day type the most RD hospital admissions also occurred
(6 203; 11.31%). The least hospital admissions occurred at the 143 day type with 53
(0.1%) RD hospital admissions. Day type 143 was the least frequently observed (4
days; 0.12%), when PM1o had levels in the lowest quartile, NO2 had levels in the highest
quartile, and Os had levels in the third quatrtile.
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Table 6.30: Frequency of respiratory disease hospital admissions by day types
for all ages and sexes combined, PM2.s, NO2 and Oz (mixture 4).

Day type Frequency Percent Day type Frequency Percent
111 1069 1.95 211 514 0.94
112 1130 2.06 212 781 1.42
113 1428 2.60 213 894 1.63
114 2078 3.79 214 1102 2.01
121 422 0.77 221 847 1.55
122 913 1.67 222 1118 2.04
123 1165 2.13 223 1436 2.62
124 1372 2.50 224 949 1.73
131 377 0.69 231 675 1.23
132 389 0.71 232 1179 2.15
133 451 0.82 233 1362 2.48
134 526 0.96 234 797 1.45
141 154 0.28 241 563 1.03
142 110 0.20 242 493 0.90
143 53 0.10 243 251 0.46
144 85 0.16 244 215 0.39
311 117 0.21 411 64 0.12
312 266 0.49 412 270 0.49
313 511 0.93 413 168 0.31
314 452 0.82 414 171 0.31
321 695 1.27 421 203 0.37
322 1218 2.22 422 265 0.48
323 816 1.49 423 326 0.59
324 639 1.17 424 292 0.53
331 1171 2.14 431 1296 2.36
332 1376 251 432 1213 2.21
333 1484 2.71 433 1102 2.01
334 557 1.02 434 624 1.14
341 1165 2.13 441 6203 11.31
342 1155 2.11 442 2379 4.34
343 632 1.15 443 1254 2.29
344 710 1.30 444 1130 2.06

Table 6.31 reports the frequency of RD hospital admissions by the 64 day types (all
ages and sexes combined) for PM1o, SOz, and Os (mixture 5). From the total 54 822
total RD hospital admissions, there were 46 referent days where 758 (1.38%) RD
hospital admissions occurred. Day type 441 was recorded as the most frequently
observed day type (221 days; 6.6%), when PMio and SOz had levels in the highest
quartile and Os was in the lowest quartile. For this day type the most RD hospital
admissions occurred (4 507; 8.22%). The least hospital admissions occurred for the
412 day type with 184 (0.34%) RD hospital admissions. Day type 412 occurred 13 out
of the 3 346 days (0.39%), when PM1o had levels in the highest quartile, SOz had levels

in the lowest quartile, and Os had levels in the second quartile. However, the day type
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to occur the least number of times was 411, which occurred 11 out of the 3 346 days
(0.33%).

Table 6.31: Frequency of respiratory disease hospital admissions by day types
for all ages and sexes combined, PM1o, SO2 and Oz (mixture 5).

Day type Frequency Percent Day type Frequency Percent
111 758 1.38 211 529 0.96
112 1122 2.05 212 728 1.33
113 1086 1.98 213 906 1.65
114 2187 3.99 214 1289 2.35
121 532 0.97 221 574 1.05
122 617 1.13 222 1084 1.98
123 930 1.70 223 930 1.70
124 893 1.63 224 983 1.79
131 510 0.93 231 642 1.17
132 275 0.50 232 983 1.79
133 827 151 233 1067 1.95
134 307 0.56 234 734 1.34
141 552 1.01 241 812 1.48
142 581 1.06 242 848 1.55
143 437 0.80 243 549 1.00
144 358 0.65 244 299 0.55
311 248 0.45 411 187 0.34
312 518 0.94 412 184 0.34
313 803 1.46 413 227 0.41
314 653 1.19 414 274 0.50
321 723 1.32 421 750 1.37
322 1068 1.95 422 832 1.52
323 1024 1.87 423 679 1.24
324 661 1.21 424 802 1.46
331 1234 2.25 431 1553 2.83
332 1583 2.89 432 1011 1.84
333 1491 2.72 433 1031 1.88
334 590 1.08 434 742 1.35
341 1424 2.60 441 4507 8.22
342 1184 2.16 442 1637 2.99
343 391 0.71 443 955 1.74
344 349 0.64 444 578 1.05

Table 6.32 reports the frequency of RD hospital admissions by the 64 day types (all
ages and sexes combined) for PM2.5, SOz, and O3 (mixture 6). From the total of 54 822
RD hospital admissions, there were 41 referent days where 689 (1.26%) RD hospital
admissions occurred. Day type 441 was recorded as the most frequently observed day
type (236 days; 7.05%), when PM2zs and SOz had levels in the highest quartile and Os
levels in the lowest quartile. For this day type, the most RD hospital admissions
occurred (4 860; 8.87%). The least hospital admissions occurred for the 411 day type
with 125 (0.23%) RD hospital admissions. Day type 411 occurred 7 out of the 3 346
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days (0.21%), when PM2s had levels in the highest quartile, SO2 had levels in the

lowest quartile, and O3 had levels in the lowest quatrtile.

Table 6.32: Frequency of respiratory disease hospital admissions by day types
for all ages and sexes combined, PM2.s, SO2 and Oz (mixture 6).

Day type Frequency Percent Day type Frequency Percent
111 689 1.26 211 524 0.96
112 914 1.67 212 894 1.63
113 1140 2.08 213 1125 2.05
114 2471 451 214 1161 212
121 439 0.80 221 592 1.08
122 566 1.03 222 1070 1.95
123 879 1.60 223 1166 2.13
124 1027 1.87 224 922 1.68
131 437 0.80 231 763 1.39
132 367 0.67 232 830 1.51
133 675 1.23 233 1217 2.22
134 252 0.46 234 679 1.24
141 486 0.89 241 789 1.44
142 663 1.21 242 595 1.09
143 452 0.82 243 362 0.66
144 298 0.54 244 206 0.38
311 384 0.70 411 125 0.23
312 553 1.01 412 191 0.35
313 509 0.93 413 248 0.45
314 511 0.93 414 260 0.47
321 805 1.47 421 743 1.36
322 1256 2.29 422 709 1.29
323 1110 2.02 423 408 0.74
324 843 1.54 424 547 1.00
331 865 1.58 431 1874 3.42
332 1524 2.78 432 1131 2.06
333 1648 3.01 433 876 1.60
334 879 1.60 434 563 1.03
341 1160 2.12 441 4860 8.87
342 1245 2.27 442 1747 3.19
343 477 0.87 443 1041 1.90
344 382 0.70 444 698 1.27

Table 6.33 reports the frequency of RD hospital admissions by the 64 day types (all
ages and sexes combined) for Oz, NO2, and SOz (mixture 7). From the total of 54 822
RD hospital admissions, there were 38 referent days where 576 (1.05%) RD hospital
admissions occurred. Day type 144 was recorded as the most frequently observed day
type (243 days; 7.26%), which had Os levels in the lowest quartile and NO2 and SO2
had levels in the highest levels. For this day type the most RD hospital admissions
occurred (5 062; 9.23%). The least hospital admissions occurred for the 441 day type
with 72 (0.13%) RD hospital admissions. Day type 441 was observed in 5 out of the 3
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346 days (0.15%), when Os and NO:2 had levels in the highest quartiles and NO2 had

levels in the lowest quartile.

Table 6.33: Frequency of respiratory disease hospital admissions by day types
for all ages and sexes combined, O3, NO2 and SOz (mixture 7).

Day type Frequency Percent Day type Frequency Percent
111 576 1.05 211 894 1.63
112 520 0.95 212 622 1.13
113 391 0.71 213 528 0.96
114 277 0.51 214 403 0.74
121 423 0.77 221 858 1.57
122 573 1.05 222 1160 2.12
123 559 1.02 223 790 1.44
124 612 1.12 224 706 1.29
131 514 0.94 231 451 0.82
132 676 1.23 232 1058 1.93
133 985 1.80 233 1483 2.71
134 1344 2.45 234 1165 2.13
141 209 0.38 241 349 0.64
142 810 1.48 242 761 1.39
143 2004 3.66 243 1051 1.92
144 5062 9.23 244 1976 3.60
311 1346 2.46 411 2311 4.22
312 1028 1.88 412 1011 1.84
313 477 0.87 413 392 0.72
314 150 0.27 414 89 0.16
321 960 1.75 421 1518 2.77
322 1153 2.10 422 909 1.66
323 1173 2.14 423 465 0.85
324 457 0.83 424 360 0.66
331 592 1.08 431 502 0.92
332 1041 1.90 432 876 1.60
333 2042 3.72 433 686 1.25
334 724 1.32 434 440 0.80
341 124 0.23 441 72 0.13
342 341 0.62 442 543 0.99
343 724 1.32 443 830 1.51
344 1001 1.83 444 695 1.27

6.2.2. FREQUENCY OF CARDIOVASCULAR HOSPITAL ADMISSIONS
PER DAYTYPE

Table 6.34 reports the frequency of CVD hospital admissions by the 64 day types (for
all ages and sexes combined) for air pollutant PM1o, NO2, and SOz (mixture 1). There
was a total of 22 507 CVD hospital admissions. There were 209 referent days where 1
269 (5.63%) CVD hospital admissions occurred. Day type 444 was recorded as the
most frequently observed day type (338 days; 10.1%), i.e. when all three air pollutants
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had levels in the highest quartile. At this day type the most CVD hospital admissions
also occurred 2 338 (10.38%). The least hospital admissions occurred for the 414 day
type with only 5 (0.02%) CVD hospital admissions, when PMio and SOz were in the
highest quartile and NO2 was in the lowest quartile.

Table 6.34: Frequency of cardiovascular disease hospital admissions by day
types for all ages and sexes combined for PM1o, NO2 and SOz (mixture 1).

Day type Frequency Percent Day type Frequency Percent
111 1269 5.63 211 698 3.10
112 648 2.88 212 535 2.38
113 334 1.48 213 252 1.12
114 272 1.21 214 100 0.44
121 729 3.24 221 604 2.68
122 471 2.09 222 505 2.24
123 360 1.60 223 404 1.79
124 347 1.54 224 273 1.21
131 244 1.08 231 263 1.17
132 199 0.88 232 394 1.75
133 119 0.53 233 520 2.31
134 180 0.80 234 425 1.89
141 87 0.39 241 68 0.30
142 42 0.19 242 193 0.86
143 65 0.29 243 206 0.91
144 61 0.27 244 141 0.63
311 453 2.01 411 143 0.63
312 277 1.23 412 80 0.36
313 237 1.05 413 63 0.28
314 91 0.40 414 5 0.02
321 386 1.71 421 79 0.35
322 405 1.80 422 263 1.17
323 402 1.79 423 157 0.70
324 202 0.90 424 33 0.15
331 196 0.87 431 110 0.49
332 469 2.08 432 322 1.43
333 989 4.39 433 356 1.58
334 488 2.17 434 314 1.39
341 53 0.24 441 55 0.24
342 262 1.16 442 465 2.06
343 354 1.57 443 1021 4.53
344 431 1.91 444 2338 10.38

Table 6.35 reports the frequency of CVD hospital admissions by the 64 day types (for
all ages and sexes combined) for air pollutant PM2s, NO2, and SO2 (mixture 2). From
the 22 507 total CVD hospital admissions, there were 216 referent days where 1 328
(5.9%) CVD hospital admissions occurred. Day type 444 was recorded as the most
frequently observed day type (339 days; 10.13%), i.e. when all three air pollutants had
levels in the highest quartile. For this day type, the most CVD hospital admissions
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occurred (2 348; 10.43%). The least hospital admissions occurred for day type 414,
with only 22 (0.10%) CVD hospital admissions, when PMzs and SOz were in the highest
quartiles and NO2 was in the lowest quartile.

Table 6.35: Frequency of cardiovascular disease hospital admissions by day
types for all ages and sexes combined for PM25, NO2 and SOz (mixture 2).

Day type Frequency Percent Day type Frequency Percent
111 1328 5.90 211 741 3.29
112 695 3.09 212 518 2.30
113 382 1.70 213 305 1.35
114 300 1.33 214 95 0.42
121 742 3.29 221 566 251
122 437 1.94 222 515 2.29
123 301 1.34 223 504 2.24
124 302 1.34 224 295 1.31
131 284 1.26 231 230 1.02
132 187 0.83 232 398 1.77
133 78 0.35 233 519 2.30
134 216 0.96 234 312 1.39
141 39 0.17 241 104 0.46
142 31 0.14 242 198 0.88
143 33 0.15 243 148 0.66
144 38 0.17 244 113 0.50
311 336 1.49 411 158 0.70
312 260 1.15 412 67 0.30
313 148 0.66 413 51 0.23
314 51 0.23 414 22 0.10
321 396 1.76 421 94 0.42
322 519 2.30 422 173 0.77
323 389 1.73 423 129 0.57
324 190 0.84 424 68 0.30
331 212 0.94 431 87 0.39
332 573 2.54 432 226 1.00
333 930 4.13 433 457 2.03
334 434 1.93 434 445 1.98
341 78 0.35 441 42 0.19
342 294 1.31 442 439 1.95
343 521 2.31 443 944 4.19
344 472 2.10 444 2348 10.43

Table 6.36 reports the frequency of CVD hospital admissions by the 64 day types (all
ages and sexes combined) for air pollutant PM1o, NO2, and Os (mixture 3). From the 22
507 total CVD hospital admissions, there were 79 referent days where 482 (2.14%)
CVD hospital admissions occurred. Day type 441 was recorded as the most frequently
observed day type (299 days; 8.94%), when PMio and NOz were in the highest quartile
and Os was in the lowest quartile. For this day type the most CVD hospital admissions
occurred (2151; 9.55%). The least hospital admissions occurred day type 411, with
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only 13 (0.06%) CVD hospital admissions. Day type 441 was the least frequently
observed (3 days; 0.09%), when PM1o0 had levels in the highest quartile, NO2 had levels
in the lowest quartile and Os had levels in the lowest quartile.

Table 6.36: Frequency of cardiovascular disease hospital admissions by day
types for all ages and sexes combined for PMio, NO2 and Os (mixture 3).

Day type Frequency Percent Day type Frequency Percent
111 482 2.14 211 167 0.74
112 493 2.19 212 318 141
113 608 2.70 213 433 1.92
114 940 4.17 214 667 2.96
121 230 1.02 221 334 1.48
122 397 1.76 222 510 2.26
123 578 2.57 223 517 2.30
124 702 3.12 224 425 1.89
131 129 0.57 231 285 1.27
132 137 0.61 232 486 2.16
133 235 1.04 233 468 2.08
134 241 1.07 234 363 1.61
141 98 0.44 241 182 0.81
142 76 0.34 242 138 0.61
143 36 0.16 243 118 0.52
144 45 0.20 244 170 0.75
311 80 0.36 411 13 0.06
312 274 1.22 412 56 0.25
313 351 1.56 413 110 0.49
314 353 1.57 414 112 0.50
321 176 0.78 421 69 0.31
322 495 2.20 422 117 0.52
323 403 1.79 423 152 0.67
324 321 1.43 424 194 0.86
331 534 2.37 431 237 1.05
332 641 2.85 432 370 1.64
333 678 3.01 433 297 1.32
334 289 1.28 434 198 0.88
341 462 2.05 441 2151 9.55
342 371 1.65 442 840 3.73
343 135 0.60 443 464 2.06
344 132 0.59 444 424 1.88

Table 6.37 reports the frequency of CVD hospital admissions by the 64 day types (for
all ages and sexes combined) for air pollutant PM2.5, NO2, and Oz (mixture 4). From the
total 22 507 CVD hospital admissions, there were 70 referent days where 414 (1.84%)
CVD hospital admissions occurred. Day type 441 was recorded as the most frequently
observed day type (304 days; 9.09%), when PMio and NOz were in the highest quartile
and Os was in the lowest quartile. For this day type the most CVD hospital admissions
occurred (2 188; 9.72%). The least hospital admissions occurred for day type 411, with
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22 (0.1%) CVD hospital admissions when PMio levels were in the highest quartile, and

NO2 and Os had levels in the lowest quartile.

Table 6.37: Frequency of cardiovascular disease hospital admissions by day
types for all ages and sexes combined for PM25, NO2 and Os (mixture 4).

Day type Frequency Percent Day type Frequency Percent
111 414 1.84 211 247 1.10
112 547 2.43 212 321 1.43
113 669 2.97 213 463 2.06
114 1075 4.77 214 628 2.79
121 163 0.72 221 303 1.35
122 392 1.74 222 474 2.10
123 542 2.41 223 587 2.61
124 685 3.04 224 516 2.29
131 143 0.63 231 238 1.06
132 162 0.72 232 427 1.90
133 210 0.93 233 513 2.28
134 236 1.05 234 383 1.70
141 60 0.27 241 206 0.91
142 24 0.11 242 160 0.71
143 30 0.13 243 91 0.40
144 27 0.12 244 106 0.47
311 59 0.26 411 22 0.10
312 151 0.67 412 122 0.54
313 291 1.29 413 79 0.35
314 294 1.31 414 75 0.33
321 277 1.23 421 66 0.29
322 528 2.34 422 125 0.56
323 374 1.66 423 147 0.65
324 315 1.40 424 126 0.56
331 363 1.61 431 441 1.96
332 542 241 432 503 2.23
333 575 2.55 433 380 1.69
334 239 1.06 434 233 1.03
341 439 1.95 441 2188 9.72
342 436 1.94 442 805 3.57
343 225 1.00 443 407 1.81
344 265 1.18 444 373 1.66

Table 6.38 reports the frequency of CVD hospital admissions by the 64 day types (all
ages and sexes combined) for air pollutant PM1o, SO2, and Os (mixture 5). From the
total 22 507 CVD hospital admissions, there were 46 referent days where 267 (1.19%)
CVD hospital admissions occurred. Day type 441 was recorded as the most frequently
observed day type (221 days; 6.6%), when PMio and SOz had levels in the highest
quartile and Os levels in the lowest quartile. For this day type the most CVD hospital
admissions also occurred (1 588; 7.05%). The least hospital admissions occurred at
the 411 day type with 73 (0.32%) CVD hospital admissions, when PMaio levels were in
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the highest quartile, SO2 levels in the lowest quartile, and Os levels in the second

quartile.

Table 6.38: Frequency of cardiovascular disease hospital admissions by day
types for all ages and sexes combined for PMio, SO2 and Os (mixture 5).

Day type Frequency Percent Day type Frequency Percent
111 267 1.19 211 223 0.99
112 389 1.73 212 327 1.45
113 507 2.25 213 425 1.89
114 1166 5.18 214 658 2.92
121 257 1.14 221 258 1.15
122 265 1.18 222 439 1.95
123 392 1.74 223 433 1.92
124 446 1.98 224 497 2.21
131 207 0.92 231 222 0.99
132 152 0.67 232 376 1.67
133 337 1.50 233 455 2.02
134 182 0.81 234 329 1.46
141 208 0.92 241 265 1.18
142 297 1.32 242 310 1.38
143 221 0.98 243 223 0.99
144 134 0.60 244 141 0.63
311 96 0.43 411 73 0.32
312 252 1.12 412 110 0.49
313 334 1.48 413 101 0.45
314 406 1.80 414 103 0.46
321 262 1.16 421 283 1.26
322 449 1.99 422 279 1.24
323 416 1.85 423 243 1.08
324 286 1.27 424 325 1.44
331 442 1.96 431 526 2.34
332 629 2.79 432 404 1.79
333 656 291 433 395 1.75
334 255 1.13 434 272 1.21
341 452 2.01 441 1588 7.05
342 451 2.00 442 590 2.62
343 161 0.71 443 284 1.26
344 148 0.66 444 228 1.01

Table 6.39 reports the frequency of CVD hospital admissions by the 64 day types (for
all ages and sexes combined) for air pollutant PM2.s, SO2, and Os (mixture 6). From the
total 22 507 CVD hospital admissions, there were 41 referent days where 235 (1.04%)
CVD hospital admissions occurred. Day type 441 was recorded as the most frequently
observed day type (236 days; 7.05%), when PM2zs and SOz had levels in the highest
quartile and Os was in the lowest quartile. For this day type the most CVD hospital
admissions also occurred (1 700; 7.55%). The least hospital admissions occurred for
day type 411 with 35 (0.16%) CVD hospital admissions. Day type 411 occurred on 7 of
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the 3 346 days (0.21%), when PMzs had levels in the highest quartile, SOz levels in the

lowest quartile, and Os levels in the lowest quartile.

Table 6.39: Frequency of cardiovascular disease hospital admissions by day
types for all ages and sexes combined for PM25, SO2 and Oz (mixture 6).

Day type Frequency Percent Day type Frequency Percent
111 235 1.04 211 229 1.02
112 343 1.52 212 312 1.39
113 523 2.32 213 469 2.08
114 1292 5.74 214 631 2.80
121 204 0.91 221 258 1.15
122 269 1.19 222 445 1.98
123 391 1.74 223 446 1.98
124 486 2.16 224 480 2.13
131 177 0.79 231 269 1.19
132 161 0.71 232 333 1.48
133 330 1.47 233 502 2.23
134 126 0.56 234 372 1.65
141 172 0.76 241 274 1.22
142 335 1.49 242 251 1.11
143 227 1.01 243 183 0.81
144 122 0.54 244 107 0.48
311 160 0.71 411 35 0.16
312 301 1.34 412 122 0.54
313 253 1.12 413 122 0.54
314 308 1.37 414 102 0.45
321 290 1.29 421 308 1.37
322 464 2.06 422 254 1.13
323 506 2.25 423 141 0.63
324 386 1.71 424 202 0.90
331 333 1.48 431 618 2.74
332 662 294 432 405 1.80
333 659 2.93 433 352 1.56
334 334 1.48 434 206 0.91
341 367 1.63 441 1700 7.55
342 439 1.95 442 623 2.77
343 171 0.76 443 308 1.37
344 170 0.75 444 252 1.12

Table 6.40 reports the frequency of CVD hospital admissions by the 64 day types (all
ages and sexes combined), for air pollution Oz, NO2, and SOz (mixture 7). From the
total 22 507 CVD hospital admissions, there were 38 referent days where 219 (0.97%)
CVD hospital admissions occurred. Day type 144 was recorded as the most frequently
observed day type (243 days; 7.26%), when Os had levels in the lowest quartile, and
NO2z and SOz had levels in the highest quartile. The most CVD hospital admissions
occurred for this day type (1 748; 7.76%). The least hospital admissions occurred for
day type 341 with 29 (0.13%) CVD hospital admissions. When O3 levels were in the
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third quartile, NO2 had levels in the highest quartile, and SOz had levels in the lowest

quartile.

Table 6.40: Frequency of cardiovascular disease hospital admissions by day
types for all ages and sexes combined for O3, NO2 and SOz (mixture 7).

Day type Frequency Percent Day type Frequency Percent
111 219 0.97 211 401 1.78
112 269 1.19 212 273 1.21
113 152 0.67 213 236 1.05
114 102 0.45 214 231 1.03
121 177 0.79 221 375 1.67
122 220 0.98 222 529 2.35
123 199 0.88 223 341 1.51
124 213 0.95 224 274 1.22
131 198 0.88 231 168 0.75
132 209 0.93 232 371 1.65
133 328 1.46 233 593 2.63
134 450 2.00 234 502 2.23
141 65 0.29 241 134 0.60
142 362 1.61 242 259 1.15
143 718 3.19 243 391 1.74
144 1748 7.76 244 641 2.85
311 658 2.92 411 1285 5.71
312 477 2.12 412 521 2.31
313 282 1.25 413 216 0.96
314 85 0.38 414 50 0.22
321 439 1.95 421 807 3.58
322 473 2.10 422 422 1.87
323 519 2.30 423 264 1.17
324 219 0.97 424 149 0.66
331 241 1.07 431 206 0.91
332 401 1.78 432 403 1.79
333 763 3.39 433 300 1.33
334 273 1.21 434 182 0.81
341 29 0.13 441 35 0.16
342 133 0.59 442 208 0.92
343 279 1.24 443 258 1.15
344 312 1.39 444 270 1.20

6.3. ASSOCIATION OF JOINT EFFECTS OF AIR POLLUTION ON
RESPIRATORY DISEASE HOSPITAL ADMISSIONS

6.3.1. PMio, NO2 and SO (MIXTURE 1)

Figure 6.10 shows the classification and regression tree of RD hospital admissions all
ages and both sexes combined for mixture PM1o, NO2 and SO2. Four terminal nodes
were identified. The levels of PMio, NO2, and SOz increase from left to right, e.g. node

3 includes mixtures (day types) with higher NO:2 levels compared to node 2.
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Figure 6.10: Classification and regression tree of respiratory disease hospital
admissions modelled for all ages and both sexes combined (mixture PMio, NO2
and SO2). n= number of respiratory hospital admissions in the terminal node

Table 6.41 reports on the joint effects of PMio, NO2, and SO2 on RD hospital
admissions, obtained in the adjusted regression models. Terminal node 1 was found to
significantly increase RD hospitalisation by a rate ratio (RR) of 1.04 (95% CI: 1.01,
1.08). This mix included PMio and SOz: in all four quartiles, while NO2 was in the two
highest quartiles.

Table 6.41: Joint effects of PMio, NO2 and SOz on respiratory disease hospital
admissions for all ages and both sexes combined in VTAPA, South Africa during
2 January 2011 to 29 February 2020, obtained in the adjusted regression models

Type of days in the terminal

node mixture
(quartile number indicated)

Terminal N2 Number Rate ratio PMaio NO:2 SO2
node admissions® (95% CI)

Referent 209 2709 1.0 1 1 1
group

T1 1673 31131 1.04(1.01-1.08) 1-4 3-4 1-4
T2 202 3054 1.03(0.98-1.09) 1-4 1-2 4
T3 376 5438 0.98(0.95-1.01) 1 1-2 1-3
T4 886 12490 0.99(0.92-1.07) 2-4 1-2 1-3

a Days in the terminal node, adds up to 3346 days.
b Number of RD hospital admissions in the terminal node, adds up to 54 822
Bold: Significant p<0.05

227

© University of Pretoria



6.3.2. PM25, NO2 AND SOz (MIXTURE 2)

Figure 6.11 depicts the classification and regression tree of RD hospital admissions for
all ages and both sexes combined for mixture 2, PMz2.5, NOz, and SO2. Three terminal

nodes were identified.

MNode 1
MWO: MO

ql-2 / q3-4

q1-3 50:
g4

Figure 6.11: Classification and regression tree of respiratory disease hospital
admissions modelled for all ages and both sexes combined, (mixture PM2.5, NO2 and
S0O2). n= number of respiratory hospital admissions in the terminal node

Tz

Table 6.42 illustrates the joint effects of PM25, NO2, and SOz on RD hospital
admissions, obtained in the adjusted regression models. Terminal node 1 was found to
significantly increase RD hospitalisation by an RR of 1.04 (95% CI: 1.01, 1.08). This
mix included PMzs and SO: in all four quartiles, while NO2 was in the two highest
quartiles. This mix included PMzs in all four quartiles, while NO2 was in the two lowest

quartiles, and SOz in the first three quartiles.
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Table 6.42: Joint effects of PM2s, NO2 and SOz on respiratory disease hospital
admissions for all ages and both sexes combined in VTAPA, South Africa during
2 January 2011 to 29 February 2020, obtained in the adjusted regression models
Type of days in the terminal
node mixture
(quartile number indicated)

Terminal N2 Number Rate ratio PM2s  NO2 SO2
node admissions® (95% CI)

Referent 216 2795 1.0 1 1 1
group

T1 1673 31131 1.04 (1.01-1.08) 1-4 3-4 1-4
T2 1255 17 842 0.97 (0.94-1.00) 1-4 1-2 1-3
T3 202 3054 1.03 (0.98-1.09) 2-4 1-2 4

a Days in the terminal node, adds up to 3346 days.
b Number of RD hospital admissions in the terminal node, adds up to 54 822
Bold: Significant p<0.05

6.3.3. PM1o, NO2 AND Os (MIXTURE 3)

Figure 6.12 depicts the classification and regression tree of RD hospital admissions for
all ages and both sexes combined for mixture PM1o, NO2, and Oz, where six terminal

nodes were identified.
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Figure 6.12: Classification and regression tree of respiratory disease hospital
admissions modelled for all ages and both sexes combined (mixture PMio, NO2
and Og). n= number of respiratory hospital admissions in the terminal node
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Table 6.43 reports the joint effects of PMio, NO2, and Os on RD hospital admissions,

obtained in the adjusted regression models. Only one of the six identified nodes were

found to be significant. Terminal node 1 mixture significantly affected RD hospitalisation
by an RR of 0.94 (95% CI: 0.88, 0.99) respectively. Terminal node 1 had NO2z and O3

in the lower quartiles and PMao in all four quartiles. Exposure to mixture 1 suggest that

the risk of RD hospitalisation was lower in comparison to exposure to PM1o, NO2 and

Osin the referent group.

Table 6.43: Joint effects of PMio, NO2 and Oz on respiratory disease hospital
admissions for all ages and both sexes combined in VTAPA, South Africa during
2 January 2011 to 29 February 2020, obtained in the adjusted regression models

Type of days in the terminal

node mixture
(quartile number indicated)

Terminal N@ Number Rate ratio PMuo NO2 Os
Node admissions® (95% CI)

Referent 79 1140 1.0 1 1 1
Group

T1 571 8752 0.96 (0.93-1.00) 1-4 1-2 1-2
T2 837 14579 1.01 (0.98-1.04) 1-4 3 1-4
T3 836 16552 1.03 (0.99-1.06) 1-4 4 1-4
T4 470 6744 1.02 (0.98-1.06) 1-4 1-2 3
T5 252 3108 0.94 (0.88-0.99) 1 1-2 4
T6 301 3947 1.01 (0.96-1.06) 2-4 1-2 4

a Days in the terminal node, adds up to 3346 days.
b Number of RD hospital admissions in the terminal node, adds up to 54 822

Bold: Significant p<0.05

6.3.4. PM2s, NO2 AND O3 (MIXTURE 4)

Figure 6.13 depicts the classification and regression tree of RD hospital admissions for

all ages and both sexes combined for mixture PMz5, NO2, and Os, where six terminal

nodes were identified.
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Figure 6.13: Classification and regression tree of respiratory disease hospital
admissions modelled for all ages and both sexes combined (mixture PMzs, NO2 and
O3). n= number of respiratory hospital admissions in the terminal node

Table 6.44 reports on the joint effects of PMz.s, NO2, and O3z on RD hospital admissions,
obtained in the adjusted regression models. Of the six terminal nodes identified, only

one was found to significantly increase RD hospital admissions. Terminal node mixture

1 showed PM2sand Osin all quartiles, while NO2 was in the higher quartiles. Exposure

to terminal node 1 showed to significantly increase RD hospital admission with an RR

of 1.04 (95% CI: 1.01, 1.08).

Table 6.44: Joint effects of PM2s, NO2 and O3z on respiratory disease hospital
admissions for all ages and both sexes combined in VTAPA, South Africa during
2 January 2011 to 29 February 2020, obtained in the adjusted regression models
Type of days in the terminal
node mixture
(quartile number indicated)

Terminal N2 Number Rate ratio PM2s NO:2 O3
node admissions® (95% CI)

Referent 70 1069 1.0 1 1 1
group

T1 1673 31131 1.04 (1.01-1.08) 1-4 3-4 1-4
T2 420 6358 0.96 (0.92-1.00) 2-4 1-2 1-2
T3 470 6744 1.02 (0.98-1.06) 1-4 1-2 3
T4 553 7055 0.98 (0.94-1.02) 14 1-2 4
T5 78 1130 94 (0.86-1.02) 1 1 1-2
T6 82 1335 1.00 (0.93-1.09) 1 2 1-2

a Days in the terminal node, adds up to 3346 days.
b Number of RD hospital admissions in the terminal node, adds up to 54 822
Bold: Significant p<0.05
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6.3.5. PM1o, SO2 AND Os (MIXTURE 5)

Figure 6.14 depicts the classification and regression tree of RD hospital admissions for
all ages and both sexes combined for mixture PM1o, SO2, and Os. There were seven

terminal nodes identified, of which only two showed to be significant.
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Figure 6.14: Classification and regression tree of respiratory disease hospital
admissions modelled for all ages and both sexes combined (mixture PMio, SO2
and Og). n= number of respiratory hospital admissions in the terminal node

Table 6.45 reports on the joint effects of PM1o, SO2, and Oz on RD hospital admissions,

obtained in the adjusted regression models. No mixtures were found to be significant.
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Table 6.45: Joint effects of PMio, SO2 and Os on respiratory disease hospital
admissions for all ages and both sexes combined in VTAPA, South Africa during
2 January 2011 to 29 February 2020, obtained in the adjusted regression models
Type of days in the terminal
node mixture
(quartile number indicated)

Terminal N2 Number Rate ratio PMaio SO2 O3
node admissions® (95% CI)

Referent 46 758 1.0 1 1 1
group

T1 449 8272 1.01 (0.97-1.05) 4 1-3 1-4
T2 387 7677 1.02 (0.99-1.06) 1-3 4 1-4
T3 449 7784 0.99 (0.96-1.02) 4 4 1-4
T4 1352 1352 0.98 (0.96-1.01) 2-3 1-3 1-4
T5 194 3056 0.94 (0.89-0.99) 1 1-3 1-2
T6 399 5096 0.95(0.9-1.00) 1 1-2 3-4
T7 70 1134 1.08 (0.99-1.18) 1 3 3-4

a Days in the terminal node, adds up to 3346 days.
b Number of RD hospital admissions in the terminal node, adds up to 54 822
Bold: Significant p<0.05

6.3.6. PM2s, SOz and Os (MIXTURE 6)

Figure 6.15 depicts the classification and regression tree of RD hospital admissions for
all ages and both sexes combined. Seven terminal nodes were identified and none

were found to be significant.

S0; S0s
q1-3 / MNode 1 a4
Node 2 O4 Node 3 0
3
Oa q3—4 qz_ 4
q1-2 03]
qi
o Node 4 | Node 5 Node 7
at / D1 PWz= Plfs
1 924 PMzs PMas
at q2-4

Tz

a2 q
i N T
T - -
Ta T5 T7
Figure 6.15: Classification and regression tree of respiratory disease hospital

admissions modelled for all ages and both sexes combined (PMzs, SO2 and O3). n=
number of respiratory hospital admissions in the terminal node
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Table 6.46 reports the joint effects of PM2.s, SO2, and O3z on RD hospital admissions,

obtained in the adjusted regression models. No mixtures were found to significantly

increase RD hospital admissions.

Table 6.46. Joint effects of PMzs, SO2 and Os on respiratory disease hospital
admissions for all ages and both sexes combined in VTAPA, South Africa during
2 January 2011 to 29 February 2020, obtained in the adjusted regression models

Type of days in the terminal

node mixture

(quartile number indicated)

Terminal N2 Number Rate ratio PM2s  SO2 O3
node admissions® (95% CI)

Referent 41 689 1.0 1 1 1
group

T1 367 7295 1.04 (1.00-1.08) 1-4 4 1
T2 428 7551 0.97 (0.93-1.01) 1-4 1-3 1
T3 600 10005 0.97 (0.93-1.00) 1-4 1-3 2
T4 494 6444 0.97 (0.93-1.02) 1 1-3 3-4
T5 947 14672 1.02 (0.99-1.05) 2-4 1-3 3-4
T6 175 3486 1.02 (0.97-1.07) 1 4 2-4
T7 294 4680 1.05(0.99-1.10) 2-4 4 2-4

a Days in the terminal node, adds up to 3346 days.
b Number of RD hospital admissions in the terminal node, adds up to 54 822
Bold: Significant p<0.05

6.3.7. O3, NO2 AND SO; (MIXTURE 7)

Figure 6.16 depicts the classification and regression tree of RD hospital admissions for

all ages and both sexes combined for mixture Oz, NO2, and SOz2. Six terminal nodes

were identified and two of the six mixtures were significant.
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Figure 6.16: Classification and regression tree of respiratory disease hospital

admissions modelled for all ages and both sexes combined (mixture O3z, NO2 and SO>).
n= number of respiratory hospital admissions in the terminal node

Table 6.47 reports the joint effects of Oz, NO2, and SO2 on RD hospital admissions,
obtained in the adjusted regression models. Terminal node mixtures 1 and 2 were
found to significantly increase RD hospital admissions with RRs of 1.04 (95% CI: 1.01,
1.08) and 0.93 (95% CI: 0.89, 0.97), respectively. Node 1 showed Oz and SO: in all
four quartiles and NOz2 in the higher quartiles. Exposure to this terminal node mixture
showed an increased risk of RD hospitalisation. Terminal node mixture 2 showed all
three pollutants in the two lower quartiles. Results suggest that RD hospital admissions
were lower when exposed to terminal node mixture 2 when comparing exposure to

pollutants in the referent group.
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Table 6.47: Joint effects of Os, NO2 and SO2 on respiratory disease hospital
admissions for all ages and both sexes combined in VTAPA, South Africa during
2 January 2011 to 29 February 2020, obtained in the adjusted regression models
Type of days in the terminal
node mixture
(quartile number indicated)

Terminal N2 Number Rate ratio O3 NO:2 SO2
node admissions® (95% CI)

Referent 38 576 1.0 1 1 1
group

T1 1673 31131 1.04 (1.01-1.08) 1-4 3-4 14
T2 337 5050 0.93(0.89-0.97) 1-2 1-2 1-2
T3 337 6744 1.02 (0.98-1.06) 3 1-2 1-4
T4 553 7055 0.97 (0.93-1.01) 4 1-2 1-4
T5 147 2268 0.97 (0.92-1.04) 1-2 1-2 3
T6 128 1998 1.06 (0.99-1.13) 1-2 1-2 4

a Days in the terminal node, adds up to 3346 days.
b Number of RD hospital admissions in the terminal node, adds up to 54 822
Bold: Significant p<0.05

6.4. ASSOCIATION OF JOINT EFFECTS OF AIR POLLUTION ON
CARDIOVASCULAR DISEASE HOSPITAL ADMISSIONS

6.4.1. PMio, NO2 and SOz (MIXTURE 1)

Figure 6.17 depicts the classification and regression tree of CVD hospital admissions

for all ages and both sexes combined. Only one terminal node was identified.

Ty

Figure 6.17: Classification and regression tree of cardiovascular disease hospital
admissions modelled for all ages and both sexes combined (mixture PMio, NO2
and SO2). n= number of cardiovascular hospital admissions in the terminal node

Table 6.48 reports on the joint effects of PMio, NO2, and SO2 on CVD hospital
admissions, obtained in the adjusted regression models. The joint effects of PM1o, NOz2,

and SO:2 did not significantly increase CVD hospital admissions in patients.

236

© University of Pretoria



&
UNIVERS|
UNIVERS
IBESI

Table 6.48: Joint effects of PM1o, NO2 and SO2 on cardiovascular disease hospital
admissions for all ages and both sexes combined in VTAPA, South Africa during
2 January 2011 to 29 February 2020, obtained in the adjusted regression models.
Type of days in the terminal
node mixture
(quartile number indicated)

Terminal N2 Number Rate ratio PMio NO:2 SO2
Node admissions® (95% CI)

Referent 209 1269 1.0 1 1 1
Group

T1 3137 21238 1.01 (0.93-1.09) 14 14 1-4

a Days in the terminal node, adds up to 3346 days.
b Number of CVD hospital admissions in the terminal node, adds up to 22 507
Bold: Significant p<0.05

6.4.2. PM2s, NO2 AND SOz (MIXTURE 2)

Figure 6.18 depicts the classification and regression tree of CVD hospital admissions
for all ages and both sexes combined. Ten terminal nodes were identified and only two

were found to be significant.
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Figure 6.18: Classification and regression tree of cardiovascular disease hospital

admissions modelled for all ages and both sexes combined (PMz.:5, NO2 and SOx).
n= number of cardiovascular hospital admissions in the terminal node
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Table 6.49 reports on the joint effects of PM2s, NO2, and SOz on CVD hospital
admissions, obtained in the adjusted regression models. Terminal node 4 and 10 were
found to be significant with the RRs of 1.11 (95% CI: 1.02, 1.20) and 0.86 (95% CI:
0.78, 0.96), respectively. Terminal node mixture 3 showed PMzs in the third quartile,
NO:2 in all four quartiles, and SOz2 in the lowest quartile. Exposure to terminal node
mixture 4 suggested an increased risk of CVD hospital admission. Terminal node
mixture 10 also showed PMzsin the third quartile, NOz in the second and third quartiles,
and SOz in the highest quartile. Exposure to terminal node mixture 10 suggests that
the risk of CVD hospitalisation was lower than when patients were exposed to PMzs,
NOz2, and SOz in the referent group.

Table 6.49: Joint effects of PM2.5, NO2 and SOz on cardiovascular disease hospital

admissions for all ages and both sexes combined in VTAPA, South Africa during
2 January 2011 to 29 February 2020, obtained in the adjusted regression models.

Type of days in the terminal
node mixture
(quartile number indicated)

Terminal N2 Number Rate ratio PM2s NO:2 SO2
node admissions? (95% CI)

Referent 216 1329 1.0 1 1 1
group

T1 1006 6698 1.00 (0.96-1.05) 1-2 1-2 1-4
T2 836 5750 1.00 (0.95-1.05) 4 1-4 1-4
T3 214 1457 0.98 (0.91-1.05) 1-2 3-4 3-4
T4 139 1022 1.11(1.02-1.20) 3 1-4 1
T5 90 541 0.92 (0.82-1.03) 1 3-4 1-2
T6 147 930 0.93(0.85-1.02) 2 3-4 1-2
T7 171 1287 1.08 (1.00-1.17) 3 4 2-4
T8 64 459 1.07 (0.94-1.22) 3-4 1 2-4
T9 361 2411 1.02 (0.96-1.08) 3 2-3 2-3
T10 102 624 0.86 (0.78-0.96) 3 2-3 4

a Days in the terminal node, adds up to 3346 days.
b Number of CVD hospital admissions in the terminal node, adds up to 22 507
Bold: Significant p<0.05

6.4.3. PM1o, NO2 AND Os (MIXTURE 3)

Figure 6.19 depicts the classification and regression tree of CVD hospital admissions

for all ages and both sexes combined. Eight terminal nodes were found.
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Figure 6.19: Classification and regression tree of cardiovascular disease hospital

admissions modelled for all ages and both sexes combined (PMzs, NO2 and Os).
n= number of cardiovascular hospital admissions in the terminal node

Table 6.50 reports the joint effects of PMio, NO2, and Oz on CVD hospital admissions,
obtained in the adjusted regression models. Terminal nodes 2 and 8 were found to be
significant with the highest RRs of 0.94 (95% CI: 0.90, 0.99) and 1.15 (95% CI: 1.04,
1.29) respectively. Terminal node 2 showed PMaio in all four quartiles, while NO2 and
Os were in the third and fourth quartiles. Terminal node 8 had PMuo in the second and
third quartiles, NO2 in the highest quartile, and Oz in the lowest quartile. Exposure to
terminal node mixture 2 suggest that CVD hospital admissions were lower in relation
to the PMio, NO2, and Os exposure of the referent group. However, there was in
increased risk of CVD hospital admissions when patients were exposed to terminal

node mixture 8.
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Table 6.50: Joint effects of PM1o, NO2 and Oz on cardiovascular disease hospital
admissions for all ages and both sexes combined in VTAPA, South Africa during
2 January 2011 to 29 February 2020, obtained in the adjusted regression models

Type of days in the terminal

node mixture

(quartile number indicated)

Terminal N2 Number Rate ratio PMao NO:2 O3
node admissions® (95% CI)

Referent 79 482 1.0 1 1 1
group

T1 235 1560 1.0 (0.5-2.3) 1 1-4 1-2
T2 539 3574 1.0 (0.7-1.5) 1-4 1-2 3-4
T3 1134 7585 0.94 (0.90-0.99) 1-4 3-4 3-4
T4 651 4300 1.0 (0.7-1.4) 2-3 2-3 1-2
T5 121 862 1.1 (0.8-1.4) 4 2-3 1-2
T6 203 1349 1.0 (0.7-1.6) 2-4 4 2
T7 85 644 1.08 (1.00-1.16) 2-3 4 1
T8 299 2151 1.15(1.04-1.29) 4 4 1

a Days in the terminal node, adds up to 3346 days.
b Number of CVD hospital admissions in the terminal node, adds up to 22 507
Bold: Significant p<0.05

6.4.4. PM2s, NO2 AND Os (MIXTURE 4)

Figure 6.20 depicts the classification and regression tree of CVD hospital admissions

for all ages and both sexes combined. Nine terminal nodes were identified, terminal

nodes 2 and 7 were found to be significant.

© University of Pretoria

240



&
UNIVERSITEIT VAN PRETORIA
UNIVERSITY OF PRETORIA

W YUNIBESITHI YA PRETORIA

Oa MNode 1 04
3-4
q1—%// \‘\1 a
MNO=
a12 , .
-~ “\

T2

Figure 6.20: Classification and regression tree of cardiovascular disease hospital
admissions modelled for all ages and both sexes combined (PMzs, NO2 and Os).
n= number of cardiovascular hospital admissions in the terminal node

Table 6.51 reports the joint effects of PMzs, NO2, and Os on CVD hospital admissions,
obtained in the adjusted regression models. Terminal 7 had PM2.sand NO:zin the higher
quartiles. Exposure to terminal node 7 significantly increased CVD hospital admissions

for patients, with an RR of 1.13 (95% CI: 1.05, 1.21).
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Table 6.51: Joint effects of PM25, NO2 and Os on cardiovascular disease hospital
admissions for all ages and both sexes combined in VTAPA, South Africa during
2 January 2011 to 29 February 2020, obtained in the adjusted regression models

Type of days in the terminal
node mixture
(quartile number indicated)

Terminal N2 Number Rate ratio PM2s NO:2 O3
node admissions? (95% CI)

Referent 70 414 1.0 1 1 1
group

T1 539 3574 1.04 (0.98-1.10) 1-4 1 3-4
T2 1134 7585 0.94 (0.90-0.99) 1-4 2-4 3-4
T3 217 1482 0.95(0.88-1.03) 1 1-4 1-2
T4 472 7081 1.02 (0.97-1.07) 3-4 1-4 2
T5 159 1030 0.93 (0.86-1.01) 2 1-4 1
T6 205 1341 0.98 (0.92-1.05) 2 1-4 2
T7 361 2627 1.13 (1.05-1.21) 3-4 4 1
T8 112 711 0.97 (0.90-1.04) 3 1-3 1
T9 77 473 0.97 (0.86-1.09) 4 1-3 1

a Days in the terminal node, adds up to 3346 days.
b Number of CVD hospital admissions in the terminal node, adds up to 22 507
Bold: Significant p<0.05

6.4.5. PMi1o, SO2 AND O3 (MIXTURE 5)

Figure 6.21 depicts the classification and regression tree of CVD hospital admissions

for all ages and both sexes combined. Six terminal nodes were identified.
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Figure 6.21: Classification and regression tree of cardiovascular disease hospital
admissions modelled for all ages and both sexes combined (mixture PMio, SO2
and O3z). n= number of cardiovascular hospital admissions in the terminal node
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Table 6.52 reports on the joint effects of PMio, SO2, and Oz on CVD hospital

admissions, obtained in the adjusted regression models. None of the mixtures in the

terminal nodes significantly increased CVD hospital admissions for patients.

Table 6.52: Joint effects of PMio, SO2 and Os on cardiovascular disease hospital
admissions for all ages and both sexes combined in VTAPA, South Africa during
2 January 2011 to 29 February 2020, obtained in the adjusted regression models

Type of days in the terminal
node mixture
(quartile number indicated)

Terminal N2 Number Rate ratio PMao SO2 Os
node admissions® (95% CI)

Referent 46 267 1.0 1 1 1
group

T1 790 5362 1.04 (0.99-1.11) 14 1-4 1
T2 837 5719 1.01 (0.97-1.06) 1-4 1-4 2
T3 702 4694 0.97 (0.93-1.01) 1-4 1-3 3
T4 739 4925 1.05(0.99-1.11) 14 1-3 4
T5 135 889 0.92 (0.84-1.00) 1-4 4 3
T6 97 651 0.93 (0.83-1.03) 1-4 4 4

a Days in the terminal node, adds up to 3346 days.
b Number of CVD hospital admissions in the terminal node, adds up to 22 507
Bold: Significant p<0.05

6.4.6. PM2s, NO, and Os (MIXTURE 6)

Figure 6.22 depicts the classification and regression tree of CVD hospital admissions

for all ages and both sexes combined. Six terminal nodes were identified.
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Figure 6.22: Classification and regression tree of cardiovascular disease hospital
admissions modelled for all ages and both sexes combined (mixture PMzs, SO2
and Osz). n= number of cardiovascular hospital admissions in the terminal node

Table 6.53 reports on the joint effects of PM2s, SO2, and O3z on CVD hospital
admissions, obtained in the adjusted regression models. Terminal node mixture 2
showed to significantly increase CVD hospital admissions in patients with an RR of
1.11 (95% CI 1.02-1.20). PM2swas in the third quartile, SOz in the lowest quartile, and
Osin all four quatrtiles.

Table 6.53: Joint effects of PMzs, SO2 and Oz on cardiovascular disease hospital

admissions for all ages and both sexes combined in VTAPA, South Africa during
2 January 2011 to 29 February 2020, obtained in the adjusted regression models.

Type of days in the terminal
node mixture
(quartile number indicated)

Terminal N2 Number Rate ratio PMzs SO2 O3
node admissions? (95% CI)

Referent 41 235 1.0 1 1 1
group

T1 1632 10719 0.97 (0.93-1.01) 1-2 1-4 1-4
T2 139 1022 1.11 (1.02-1.20) 3 1 1-4
T3 698 4781 1.02 (0.97-1.06) 3 2-4 1-4
T4 381 2661 1.06 (1.00-1.13) 4 1—4 1
T5 312 2146 0.95(0.89-1.01) 4 1-2 2-4
T6 143 943 0.98 (0.90-1.08) 4 3-4 2-4

a Days in the terminal node, adds up to 3346 days.
b Number of CVD hospital admissions in the terminal node, adds up to 22 507
Bold: Significant p<0.05
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6.4.7. O3, NO2 AND SO2 (MIXTURE 7)

Figure 6.23 depicts the classification and regression tree of CVD hospital admissions

for all ages and both sexes combined. Ten terminal nodes were identified.
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Figure 6.23: Classification and regression tree of cardiovascular disease hospital
admissions modelled for all ages and both sexes combined (mixture O3z, NO2 and
S0O2). n= number of cardiovascular hospital admissions in the terminal node

Table 6.54 reports the joint effects of O3z, NO2, and SO2 on CVD hospital admissions,
obtained in the adjusted regression models. Terminal nodes 2 and 9 were found to be
significant with RRs of 1.14 (95% CI: 1.06, 1.22) and 0.87 (95% CI: 0.78, 0.97),
respectively. Terminal node 2 mixture showed to significantly increase the CVD hospital
admissions in patients. This mix showed Oz and NOz in all four quartiles and SO: in the
higher quartiles. Terminal node 9 showed Os in the third quartile, NOz2 in the third and
fourth quartiles, and SO2 was in the fourth quartile. Patients were at higher risk for CVD

hospitalisation from exposure to the referent group than from exposure to mixture 9.
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Table 6.54: Joint effects of O3, NO2 and SO2 on cardiovascular disease hospital
admissions for all ages and both sexes combined in VTAPA, South Africa during
2 January 2011 to 29 February 2020, obtained in the adjusted regression models.

Type of days in the terminal
node mixture
(quartile number indicated)

Terminal N2 Number Rate ratio Os NO:2 SO2
node admissions® (95% CI)

Referent 38 219 1.0 1 1 1
group

T1 400 2517 0.94 (0.89-1.01) 1 1-3 1-4
T2 398 2893 1.14 (1.06-1.22) 1 4 1-4
T3 176 1141 0.95(0.88-1.03) 2 1 1-4
T4 661 4578 1.03(0.98-1.08) 2 2-4 1-4
T5 739 4925 1.05(0.99-1.11) 4 1-4 1-3
T6 74 503 0.97 (0.86-1.09) 3-4 1-2 4
T7 215 1417 1.00 (0.93-1.08) 3 1 1-3
T8 487 3277 0.96 (0.91-1.01) 4 2-4 1-3
T9 92 585 0.87 (0.78-0.97) 3 3-4 4
T10 66 452 0.95(0.84-1.08) 4 3-4 4

a Days in the terminal node, adds up to 3346 days.
b Number of CVD hospital admissions in the terminal node, adds up to 22 507
Bold: Significant p<0.05

6.5. DISCUSSION

The aim of this part of the project was to determine the joint effects of SO2, NO2, Os,
PM2s, and PMio on respiratory disease and cardiovascular disease hospital
admissions in Vereeniging and Vanderbijlpark, Gauteng, using CART analysis

statistical modelling.

6.5.1. DESCRIPTIVE STATISTICS OF AIR POLLUTION
The PM1o, PM25, NO2, and SOz levels showed a pattern of higher concentration levels

in colder months (May to August). This concurs with other research that has found that
concentration levels of pollutants such as particulate matter and black carbon increase
in colder months.'4 Temperature inversion can be related to this trend in air pollutants;
in colder months a layer is developed that traps air pollutants, whereas air pollutants
are released easier from the atmosphere during warmer months.> Temperature
inversion is a meteorological phenomenon where temperature profiles in the
atmosphere deviate from the norm, causing air pollutants to rise and disperse in
warmer conditions, but causes a ‘trap’ in cooler temperatures that keeps air pollutants
closer to the ground.® However, Os showed a pattern opposite to that of the other four
air pollutants, where there were higher concentration levels in warmer months

(September to April). This showed to be a constant observation in other studies
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conducted in the VTAPA and similar areas in South Africa.t*’ During warmer months
there is stronger radiation and the higher temperatures provide favourable conditions

for photochemical reactions and O3 production.8-°

SO2 and Os did not significantly vary throughout the week, although PMzio, PM2s, and
NO:2 showed to have varied in concentration level during the week. The highest means
were seen during Monday to Friday, with PMio and NO:2 having the highest
concentration levels on Wednesday and Tuesday, respectively. The lowest
concentration levels, however, were recorded on weekends. Since the normal working
week is from Monday to Friday, the increase in industrial activities during this time is a

likely cause for the increase in air pollution.19-12

The concentration levels may have not been fully representative, with occasional peaks
that may have occurred outside what is possibly the norm. The main reason for this
could be the imputations explained in Chapter 5. However the results do reflect
relatively high air pollution concentration levels over the ten-year study period. In the
VTAPA, possible sources of PMzs include industry, coal burning, wood and biomass
burning, secondary aerosols, and vehicles.* Additionally the concentration levels were
higher than WHO guidelines in comparison to the NAAQS. Although the South African
standards seem lenient compared to the WHO guidelines, it has been argued that the
WHO guidelines are unattainable in places like South Africa due to multiple strong and

varied natural air pollution sources such as dust and biomass burning.*®

Seven air pollution mixtures were explored in this study. PMio and PMzs were not
placed in the same air pollution mixtures, because they were too strongly correlated
(PMz2s is a subset of PMio). Although SOz, NO2, and Oz have an inverse relationship,
not many studies have explored the combination of the three pollutants and their
association with RD and CVD hospital admissions. Hence, the inclusion of the different
air pollution mixtures allowed an exploration of the interactive nature of air pollution;*
to observe the health effects of only one pollutant or one mixture would limit possible
estimates. The mixture of air pollutants can worsen health effects. PM and Os have
been found to have a synergistic effect and can increase risk or acute respiratory
inflammation and other respiratory diseases.® The mixture of air pollutants can also
have additive and potentiation qualities, this can double the effect of one air pollutant

or make one pollutant more toxic.'® The joint effects of air pollutant mixtures, like the
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combination of PM1o, NO2, and SOz, have shown to have a detrimental influence on

hospital admission.t’-18

In addition to the correlation among the air pollutants, external factors such as
temperature, specifically Tapp, can influence the number and frequency of hospital
admissions.'® Air pollutants such as PM in the presence of high temperatures can
intensify or increase the likelihood of conditions like migraines.?° Thus, the exploration
of potential air pollution mixtures and possible joint effects of multiple air pollutants on
RD and CVD hospital admissions are critical. Research that investigates the health
effects of exposure to ambient air pollutants in Africa is still fairly new.?1-22 Thus, the

multiple air pollution combinations create a basis to further investigation.

6.5.2. THE ASSOCIATION OF AIR POLLUTION MIXTURE AND
RESPIRATORY DISEASE HOSPITAL ADMISSIONS

Evidence supports that short-term effects of ambient air pollution exposure can
increase respiratory hospital admissions.?4?¢ Such exposure is often associated with
multiple respiratory conditions and the aggravation of existing respiratory disease, such

as chronic obstructive pulmonary disease (COPD).?7-28

The results of the study showed that patients exposed to the different mixtures of SOz,
NO2, Os, PM2.5, and PM1o could experience an increased the risk RD hospitalisation by
at least 1.0 compared to those exposed to air pollutants on the days when pollutants
were in the lowest quartiles. When PMzs or PM 10 were at low or high concentrations,
and at higher concentrations of NO2, patients were at an increased risk of RD
hospitalisation. A study found that short-term exposure to air pollutants such as PMzs,
NO:z and SOz is associated with an increased risk of developing respiratory disease by
factors of 2.5% (95% CI: 1.6 - 3.4%), 4.2% (95% CI: 2.5 - 6.0%), and 2.1% (95% CI:
0.7 - 3.5%).2° Findings from a Cape Town study that investigated PM1o, NO2, and SO2
showed and increase risk of RD hospital admission at an RR 1.3 (95% CI: 1.1 - 1.5)
and 1.2 (95% CI: 1.1 - 1.) when NO2z was in all four quartiles.®® The RRs for air pollutants
investigated as mixtures seem to be lower than when the air pollutants were individually
investigated. A previous study conducted in the VTAPA investigated the effects of Tapp
and air pollutants on RD hospital admissions. The latter study found that in the
presence of warm-medium Tapp, exposure to NO2, SO2, PMio, and PMzs was 7.8%
(95% CI 4.9 - 10.8%), 6.5% (95% CI 3.4- 9.6%), 3.3% (95% CI 1.7- 5.0%), and 4.2%

(95% CI 1.5 - 6.9%), respectively.'® Oz, when in the presence of high Tapp, significantly
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increased RD hospital admission by 5.2% (95% Cl 1.6 - 9.0%).° The risk of RD hospital

admission from single pollutant and multiple pollutant exposure can vary.

Combined exposure of PMio and NOz, and PM2.s and NOz, have led to a continued
decline in of respiratory health, which leaves individuals susceptible to respiratory
disease and complications3!-32 Combinations such as PM1o, NO2, and SO2 have shown
to increase hospital admissions in children. Exposure to such combinations can
intensify respiratory illnesses, such as wheezing and asthma, that has the potential to

increase absenteeism in schools.24:33-34

Short-term exposures to PMzs, NO2, and O3 may increase the risk of asthma and
mortality in the elderly.3>3¢ PM and Os have shown to have a synergetic effect that
seems to lead to the deterioration of respiratory function.®” Results from this study
showed an increased risk of RD hospital admission when exposed to PM2.s, NO2, and
Os, however, there was a lower risk of RD hospital admissions when patients were
exposed to PMio, NO2, and Os.

A study that investigated exposure to air pollution and emergency department visits for
respiratory diseases also showed a significant RR under 1.38 This could suggest that a
combination of PM1o, NO2, and Os, even at low concentration levels, can increase the
risk of RD hospital admission. The elderly population is more susceptible, due to the
increased airway hyper-responsiveness when exposed to air pollution.®® Studies have
shown that exposure to ambient air pollutants can affect subgroups other than
children and the elderly. Some studies suggests that females may be more
susceptible to RD hospital admissions because of their particular physiological
constitution.*%-4* However, the latter studies used different lags and compared different

population groups.

The uncommon combination of Os, NO2, and SOz, was also explored where two
terminal node mixtures were found significant with RRs of 1.04 (95% CI: 1.01, 1.08)
and 0.93 (95% CI: 0.89, 0.97). In one terminal node mixture, all three pollutants were
in the lower concentration levels. In the other mixture Oz and SOz were in both low and
high concentrations, while NO2 showed higher concentration levels. In spite of the
negative inverse relationships SO2 and NO2 have with Os, this mixture showed to
increase risk of RD hospital admission. A Chinese study showed short-term exposure
to Os is associated with lengths of hospital stays in children, however, inconsistencies

were found in other pollutants.4? Another study showed that short-term exposure to Os,
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NO2, and SO2 can cause an increase in asthma emergency department visits and
hospital admissions, but there was no significant difference in the admission of different
subgroups.* Continuous research on multiple air pollutant mixtures that include Os are

needed to understand the possible effects on RD hospital admissions.

6.5.3. THE ASSOCIATION OF AIR POLLUTION MIXTURE AND
CARDIOVASCULAR DISEASE HOSPITAL ADMISSIONS

Ambient air pollution exposure has shown to increase in CVD mortality and hospital
admissions.** Studies have also showed that exposure to low air pollutant
concentration levels have a negative impact on CVD hospitalisation and mortality.#>-46
There have been strong associations between cardiac mortality and hospitalisation, to
exposure of particulate matter and gaseous pollutants, such as SO2 and nitrogen

oxides.47-50

Although mixture 1 did not significantly increase CVD hospital admissions in this
project, a Cape Town study found that individuals who were exposed to an air pollutant
mixture of PMi1o, NO2, and SOz were at 1.2 times higher risk of being admitted for
CVD.3%0

When PMzs was in higher concentration levels, NO2z varied from low to high
concentrations and SOz was in the lowest concentration levels; these levels increased
the risk of CVD hospital admission by 1.11. A Cape Town study investigating air
pollution on CVD mortality found that long-term exposure to NO2 and SOz: increased
the risk of CVD mortality by 3.4% and 2.6%, respectively.>! However, the study only
investigated the effects of single pollutants. Similar to the interactions with RD hospital
admissions, mixtures with higher NO2 concentration levels also showed to increase
CVD hospital admissions. Increased PMio and NOz, and PM2s and NO2z, have been
associated with composite CVD, acute coronary events, heart failure, atrial fibrillation,
as well as all-cause CVD mortality.>?-%> Other studies have shown that increased NO2

also cause left ventricular diastolic dysfunction.>6

NO:2 levels are difficult to quantify in isolation and it is not always the main pollutant
focused on in research.>” PM1o and SO: are usually used as NOz indicators of health
effects.5® The exposure to high levels of NO2 have been found to affect the endocrine
system in females and may be responsible for fertility and cardiovascular problems.5°
60 Short-term exposure to PM2s and NO2 can influence the onset of disease and
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increase hospital admissions for arrhythmia.®* PM2s, SO2, NO2, and CO have been
associated with an increased risk of hospitalisation and death caused by congestive

heart failure.62

There has been a close temporal association between exposure to gaseous and
particulate air pollutants and hospitalisation due to stroke.®3-% Studies have found this
relationship for short-term exposure to SO2, NO2, and CO, as well as 03.65¢7
Subpopulation groups including children, women and the elderly have shown higher
susceptibility of CVD hospital admission from air pollution exposure. Children may be
more likely to suffer CVD due to air pollution, because of the underdevelopment of their
cardiovascular system compared to adults.®® Short-term exposure to ambient air
pollution has also been associated with increased cardiovascular-related hospital
admissions among women and the elderly.57° Furthermore, elderly individuals are
most susceptible to have pre-existing chronic conditions.”* Some African studies have
shown such associations but there is still much to be done to explore these

associations.’?

This project provides epidemiological evidence that exposure to different air pollution
mixtures can lead to increased risks of RD and CVD hospital admission. Although the
VTAPA has been designated a national priority area and has specific air monitoring
management plans,’®’* more needs to be done in these areas. For instance,
communities in low-income settlement areas have inconsistent refuse collection by
their local municipalities and depend on burning their waste, which jeopardises their
health and safety.* Therefore, basic services like refuse collection can improve their air
quality. Revising and enforcing stricter emission policies of industry can improve the
quality of air in this area. Investment in alternative energy sources in South Africa can
also lead to improved air quality, which will have a direct impact on health.”>7¢ Lastly,
consistent maintenance and upgraded air quality monitoring systems can increase

more epidemiological research.

6.6. STRENGTHS AND LIMITATIONS

This study has a number of strengths that can be mentioned. Firstly, this study took
into consideration the different air pollution mixtures and their possible joint effects on
RD and CVD hospital admissions. This helps increase knowledge on the joint effects
of multi-pollutant exposures on RD and CVD hospital admissions. It also investigates
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seven air pollutant mixtures, as opposed to one pollutant. Only two other studies have

investigated PM1o, NO2, and SO2 mixtures in Cape Town, South Africa.3%7’

Secondly, the study used classification and regression tree statistical modelling on
South African data. The modified CART analysis by Gass et al, looked at both multi-
pollutant effects as well as day type and factor correlations.”® This is advantageous in
that it can break down, as far as possible, more specific day types that could be harmful

to increasing RD and CVD hospital admissions in South Africa.

Lastly, this study used imputation to complete the missing air pollution data. Missing
data are a continual limitation in environmental studies, as discussed in detail in

Chapter 5. This study used a completed air pollution dataset.

The study did have some limitations, one of which is that, despite using a completed
air pollution dataset, the imputed values are only estimates and could affect joint effect
outcomes. Another limitation to the study is that it used private hospital admission data,
which has been a limitation of similar studies.'”1%7%-80 This is because private hospital
admission data are available in electronic format, but not for public hospital admissions.
However, only 16% of the South African population use private healthcare.®! Thus, the
findings cannot be ascribed to the general population.

Another limitation is the possible issue of measurement error. This is from the
assumption that the measured air pollution and meteorological data were the same
across the few air monitoring sites in the VTAPA. Lastly, the study did not investigate
different subpopulation groups, i.e. sex and different age groups. Additionally, it only
investigated relationships at a two-day cumulative lag. These limitations provide

baselines for further investigations that study different population groups and time lags.
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6.7. CONCLUSION

SOz2, NO2, O3, PM2s, and PMio mixtures showed to be associated with RD and CVD
hospital admissions. The mixtures showed that the higher concentrations of NO2z in
combination with varying concentrations of SOz, O3, PM25, and PMio can lead to
increased risk of both RD and CVD hospitalisation. The findings of the study in indicate
there is still more to investigate concerning joint effects of different air pollutant
mixtures. This also adds to epidemiological evidence that can help policy makers
introduce stricter policies to improve the air quality of high priority areas in South Africa,
such as VTAPA.
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CHAPTER 7: UNSUPERVISED MACHINE LEARNING TO
INVESTIGATE THE JOINT EFFECTS OF SO2, NO2, O3, PM25s
AND PMio ON RESPIRATORY AND CARDIOVASCULAR
HOSPITAL ADMISSIONS.

This chapter discusses the use of some unsupervised Machine Learning methods to
determine the joint effect of SO2, NO2, Os, PMzs, and PMio on respiratory and
cardiovascular hospital admissions in Vereeniging and Vanderbijlpark, in the Vaal
Triangle Airshed Priority Area, from January 2011 to February 2020.

7.1. RESULTS

The same air pollution and hospital admission data were used as in Chapter 6.

7.1.1. DETERMINING OPTIMAL NUMBER OF CLUSTERS

Prior to clustering the air pollutant data, the data were scaled using standardised
scaling. This is done in order for the model to better learn the data, creating uniformity
among the different variables. Data prior to scaling and data after scaling can be seen
in Figures 7.1 and 7.2, respectively. Thereafter, the optimal cluster size was determined
using the elbow method and a silhouette method, illustrated in Figures 7.3 and 7.4,

respectively.
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Figure 7.1: Air pollution data SO2, NO2, O3, PMz2sand PMaioin VTAPA, South Africa
during 2 January 2011 to 29 February 2020, prior to using standardised scaling.
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Figure 7.2: Air pollution data SO2, NO2z, Os, PMz2sand PMio in VTAPA, South Africa
during 2 January 2011 to 29 February 2020, after standardised scaling.
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Figure 7.3: Optimal number of clusters according to ‘elbow method’ for SOz, NO2,
O3, PM2sand PMio in VTAPA, South Africa during 2 January 2011 to 29 February
2020.

Figure 7.3 shows the optimal number of clusters for the dataset is two. This is where
the ‘elbow’ bend is the most prominent. The silhouette method (Figure 7.4) also
indicates two as the optimal number of clusters to run for the data in the clustering

models.
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Figure 7.4: Optimal number of clusters according to ‘silhouette’ method for SO,
NO2, Os, PM2s and PMio in VTAPA, South Africa during 2 January 2011 to 29
February 2020.

Figure 7.5 shows a histogram of the best suggested number of clusters to use for the
dataset. Two was the optimal number of clusters, but three was also taken as a cluster
number for demonstration purposes. Lastly, as a third method to determine optimal
number of clusters for clustering, an algorithm similar to principal component analysis
shows that the data can only be classified into two factors, thus two is the optimal
number of clusters (k) to run in the clustering models (Figure 7.6).
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Figure 7.5: Histogram of best number of clusters for SO2, NO2, O3, PM2sand PM1o
in VTAPA, South Africa during 2 January 2011 to 29 February 2020.
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Figure 7.6: Using the Spectrum package to find of best number of clusters for
SOz2, NO2, O3, PM25sand PMio in VTAPA, South Africa during 2 January 2011 to 29
February 2020.

7.1.2. K-MEANS CLUSTERING
7.2.2.1. 2 CLUSTER K-MEANS MODEL

Figure 7.7 shows the two clusters formed from the air pollution data. Table 7.1 shows
the descriptive statistics of RD hospital admissions and ambient air pollutant data (SOz,
NOz2, O3, PM25, and PMio) per cluster. Cluster one (n=867) had the lowest number of
observations, but the highest mean concentration averages of SO2, NO2, PM2s, and
PMao. Within cluster one the highest average of RD hospital admissions was observed
at ~20, which was higher than the initial average of RD hospital admissions (~16).
However, concerning the CVD hospital admissions, the difference in the average
hospital admissions was only slightly higher in cluster one than cluster two. Cluster two
(n=2479) had the highest number of observations, but the lowest average of RD
hospital admissions. In this cluster, Oz was at its highest concentration average, while
SO2, NO2, PM25, and PMio were relatively lower than in cluster one. Wilcoxon rank-
sum tests showed that there were significant differences in SO2, NO2z, O3, PMz5, and

PMao concentration levels between the two clusters (p-value < 0.01).
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Figure 7.7: 2 k-means cluster model for SO2, NO2, O3z, PM2.s and PMio in VTAPA,
South Africa during 2 January 2011 to 29 February 2020. Dim- Dimension reduction

representing a certain amount of variation contained in the original dataset.
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Table 7.1: Summary statistics of RD and CVD hospital admissions and daily air
pollutants in VTPA for k-means with 2 clusters.

Variable Mean Min P25 Median P75 Max
Cluster 1

N= 867

RD hosp adm 1982 4 15 19 24 55
CVD hosp adm 7.01 0 5 7 9 29
SO2 (ng.m3) 21.70 4.15 16.55 20.43 25,52 63.57
NO: (ug.m=) 41.21 20.44 35.19 39.75 46.48 80.81
O3 (ug-m3) 40.39 16.48 32.28 38.63 46.80 80.22
PM25 (ug.m?) 43.17 20.26 36.22 42.00 48.27 79.41
PMio (ng.m=) 75.10 31.51 64.27 7345 124.63 85.35
Cluster 2

N=2479

RD hosp adm 1518 1 11 14 19 53
CVD hosp adm 6.63 0 4 6 9 21
SO; (ng.m3) 13.27 2.99 9.56 12.44 1596 42.70
NO: (ug.m=) 26.39 8.98 2254 26.26 29.85 47.25
Os (ug-m3) 52.07 19.62 44.07 51.08 60.08 98.62
PMz5 (ug.m=) 26.53 8.93 22.31 26.60 30.59 47.96
PMio (ng.m=) 4536 13.57 37.22 4541 5232 89.71

Abbreviations: SO2: sulphur dioxide; NO2: nitrogen dioxide; Os: Ozone; PMas: particulate matter with an
aerodynamic diameter of less than 2.5 um; PMao: particulate matter with an aerodynamic diameter of less than 10
um; Tapp: apparent temperature; P25: 25" percentile; P75: 75" percentile, RD-respiratory disease, CVD-
cardiovascular disease, hosp adm-hospital admissions.

The joint effects of SO2, NO2, O3, PM2.5, and PM1o on RD hospital admissions, obtained
in the adjusted regression models, showed cluster mixture one did not significantly
increase RD hospital admissions, with an RR of 1.04 (95% CI. 1.00, 1.07). No cluster
mixtures were found to significantly increase CVD hospital admissions (p-value > 0.05).

7.2.1.3. 3 CLUSTER K-MEANS MODEL

The 3-cluster k-means model for SO2, NO2, Os, PMzs, and PMio is shown in Figure
7.8.Table 7.2 shows the descriptive statistics of RD hospital admissions and the
ambient air pollutants (SO2, NO2, O3, PM2zs, and PMu1o). Cluster one (n=1519) had
neither the highest nor lowest number of observations, with mean concentration

averages of SO2, NO2, O3z, PMzs, and PMao. Cluster two (n=517), however, had the
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lowest number of observations, but showed the highest average of RD and CVD
hospital admissions. The lowest average concentration level of O3 was observed while
SO2, NO2, PM2s, and PM1o were at their highest average concentration levels. Lastly,
cluster three (n=1310) had the largest number of observations, as well as the lowest
average of RD and CVD hospital admissions. The average Os concentration levels
were the highest while SO2, NO2, PM25, and PMio were relatively lower in comparison
to clusters one and two. Kruskal Wallis tests showed that there were significant
differences in SO2, NO2, O3, PM25, and PMio concentration levels among the three

clusters (p-value < 0.01).
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Figure 7.8: 3 k-means cluster for SO2, NOz, O3, PM2sand PMio in VTAPA, South

Africa during 2 January 2011 to 29 February 2020. bim- Dimension reduction representing a
certain amount of variation contained in the original dataset.
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Table 7.2: Summary statistics of RD and CVD hospital admissions and daily air

pollutants for k-means with 3 clusters.

Variable Mean Min P25 Median P75 Max
N= 1519

RD hosp adm 1733 2 12 16 21 55
CVD hosp adm 6.77 0 4 6 9 21
SO2 (ng.m?3) 16.59 3.22 12.55 1548  19.33 46.00
NO2 (ug.m=3) 30.54 13.88 26.83 30.01 34.07 50.47
O3 (ng.m3) 4468 19.34 37.33 4483 50.43 81.96
PMz.s (ug.m-3) 31.25 13.22 27.58 30.90 34.72 50.70
PMuo (ug.m-3) 54.02 22.24 46.48 52.80 61.06 101.25
Cluster 2

N=517

RD hosp adm 20.06 5 15 19 24 53
CVD hosp adm 7.03 0 5 7 9 29
SOz (ug.m3) 2293 10.22 17.87 21.55 26.64 53.06
NO2 (ug.m3) 4539 24.97 39.45 44.08 50.53 73.14
Os (ug.m3) 39.08 16.48 31.79 3751 4475 80.22
PM2.s (ug.m-3) 4794  29.99 41.35 46.53 52.97 7941
PMuo (ug.m-3) 83.00 49.23 72.64 81.88 91.00 124.63
Cluster 3

N=1310

RD hosp adm 1382 1 10 13 17 48
CVD hosp adm 6.56 0 4 6 9 19
SO2 (ug.m=3) 11.19 2.99 8.41 10.41 13.12 32.64
NO2 (ug.m-3) 23.90 8.98 20.82 23.80 26.94 40.57
O3 (ug-m3) 58.04 26.90 50.61 57.58 65.51 98.62
PM2.s (ug.m-3) 23.62 8.93 20.03 23.35 26.88 4341
PMuo (ug.m-3) 40.16  13.57 33.08 39.85 46.85 81.78

Abbreviations: SOz2: sulphur dioxide; NO2: nitrogen dioxide; Os: Ozone; PM2s: particulate matter with an
aerodynamic diameter of less than 2.5 um; PMao: particulate matter with an aerodynamic diameter of less than 10
um; Tapp: apparent temperature; P25: 25" percentile; P75: 75" percentile, RD-respiratory disease, CVD-
cardiovascular disease, hosp adm-hospital admissions.
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Despite the significant difference among the air pollutants’ concentrations levels, there
were no significant cluster mixtures that increased RD or CVD hospital admissions (p-

values > 0.05).

7.1.3. SPECTRAL CLUSTERING
7.1.2.1. TWO CLUSTERS USING LAPLACIAN MATRIX

Figure 7.9 shows the cluster distribution using spectral clustering with the Laplacian
matrix. Table 7.3 shows the descriptive statistics of air pollutants and hospital
admission data. In a Wilcoxon rank-sum test the air pollutants of the two clusters show
to be significantly different for SOz, NO2, O3, PMzs, and PMaio, (p-value < 0.01),
respectively. However, the clusters do not show much difference in how the mean
concentrations are in contrast with each other. Additionally, none of the cluster mixtures
show to significantly increase risk of RD hospital admissions (p-value = 0.40) or CVD

hospital admissions (p-value = 0.49).

dc 2

dc1

Figure 7.9: 2 cluster distribution for SO2, NOz2, O3z, PM2sand PMioin VTAPA, South
Africa during 2 January 2011 to 29 February 2020, using spectral clustering the
Laplacian matrix. dc-data centres
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Table 7.3: Summary statistics of daily air pollutants in VTPA for spectral
clustering with 2 clusters using Laplacian matrix.

Variable Mean Min P25 Median P75 Max
Cluster 1

N= 1099 17.41 2.00 12.00 17.00 22.00 53.00
SO; (ug.m3) 1548 3.29 10.64 14.35 18.89 48.89
NO: (ug.m=) 30.83 8.98 24,70 29.12 3524 73.14
O3 (ug.m?) 48.46 17.01 38.88 47.46 56.50 98.62
PMzs (ug.m=) 30.62 10.27 23.56 29.15 3532 72.18
PMaio (ng.m) 52.24 15.96 39.09 4952 61.20 118.45
Cluster 2

N=2247 15.88 1.00 11.00 15.00 20.00 55.00
SO; (ng.m3) 1545 2.99 10.40 14.01 18.94 53.06
NO; (ug.m=) 29.94 11.12 23.58 28.18 34.77 72.63
O3 (ug.m?) 49.33 16.48 39.34 48,67 5796 8941
PMz5 (ug.m=) 30.95 8.93 23.80 29.13 35.69 79.41
PMuo (ng.m) 53.47 13.57 40.71 49.98 63.87 124.63

Abbreviations: SO2: sulphur dioxide; NO2: nitrogen dioxide; Oz: Ozone; PM:s: particulate matter with an
aerodynamic diameter of less than 2.5 um; PMao: particulate matter with an aerodynamic diameter of less than 10
um; Tapp: apparent temperature; P25: 25" percentile; P75: 75" percentile, RD-respiratory disease, CVD-
cardiovascular disease, hosp adm-hospital admissions.

7.1.2.2. THREE CLUSTERS USING LAPLACIAN MATRIX

Figure 7.10 shows the cluster distribution using spectral clustering with the Laplacian
matrix. Table 7.4 shows the descriptive statistics of air pollutants and hospital
admission data. The cluster distribution of observations in cluster three was very low
(n=11). Interestingly, SO2, NO2, PM2.5, and PM1o mean concentration levels are highest
in this cluster three and lowest in cluster two, which has the highest number of
observations (Table 7.4). A Kruskal Wallis test showed that SO2, NO2, O3, PM2s, and
PMao in each cluster were significantly different (p-value < 0.01). None of the cluster

mixtures significantly increased the risk of RD or CVD hospital admission.
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Figure 7.10: 3 cluster distribution for SO2, NO2, O3, PM25s and PMio in VTAPA,
South Africaduring 2 January 2011 to 29 February 2020, using spectral clustering
the Laplacian matrix. dc-data centres.
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Table 7.4: Summary statistics of daily air pollutants for spectral clustering with
3 clusters.

Variable Mean Min P25 Median P75 Max
Cluster 1

N= 1343 17.01 2.00 12.00 16.00 21.00 53.00
S0, (ug.m3) 16.56  2.99 9.98 15.19  21.35 51.15
NO2 (ug.m=3) 32.72 8.98 2265 31.09 4122 73.14
O3 (ng.m3) 46.38  16.48 3591 4475 5585 89.41
PM_s (ug.m=) 33.17 8.93 21.26 30.72 44.08 74.87
PMzo (ug.m) 57.15 13.57 35.52 51.68 78.15 121.60
Cluster 2

N=1992 1594  1.00 11.00 15.00 20.00 55.00
S0, (ug.m3) 14.60  3.22 10.68 13.68  17.50 41.32
NO: (ug.m=3) 28.41 9.25 24.56 28.10 31.86 52.57
O3 (ug.m) 50.88 19.34 42.75 49.80 58.74 98.62
PMz.s (ug.m=) 29.06 12.63 24.97 28.89 32.58 50.70
PMio (ug.m=) 49.98 18.84 4256 4952  56.25 91.80
Cluster 3

N=11 21.00 9.00 15.00 21.00 24.00 44.00
SO; (ng.m3) 36.77 26.42 31.05 34.88 41.58 53.06
NO: (ug.m=3) 56.05 47.67 52.47 55.45 58.10 67.09
O3 (ug.m) 41.34 30.55 35.10 38.36 46.74 55.62
PM2s (ug.m) 69.08  58.55 64.67 70.08 7331 79.41
PMio (ng.m?3) 114.59 106.34 109.66 113.47 118.36 124.63

Abbreviations: SOz2: sulphur dioxide; NO2: nitrogen dioxide; Os: Ozone; PM2s: particulate matter with an
aerodynamic diameter of less than 2.5 um; PMao: particulate matter with an aerodynamic diameter of less than 10
um; Tapp: apparent temperature; P25: 25" percentile; P75: 75" percentile, RD-respiratory disease, CVD-
cardiovascular disease, hosp adm-hospital admissions.

7.1.2.3. TWO CLUSTERS USING NORMALISED LAPLACIAN MATRIX

Figure 7.11 shows the cluster distribution using spectral clustering with the normalised
Laplacian matrix. Table 7.5 shows the descriptive statistics of the air pollutants and
hospital admission data per cluster. Cluster one had the lowest number of observations,
but the highest mean concentrations levels of SO2, NO2, PMzs, and PMuio, with the

lowest mean concentration level of Os. Cluster two had the inverse means
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concentration levels for the air pollutants, with the highest O3 mean concentration
levels. The Wilcoxon rank-sum test showed that the SO2, NOz2, O3, PM25, and PM1o
mean concentrations were significantly different in each cluster (p-value < 0.01).

dc 2

dc1

Figure 7.11: 2 cluster distribution for SO2, NO2, O3, PM2s and PMio in VTAPA,
South Africa during 2 January 2011 to 29 February 2020, using spectral
clustering the normalised Laplacian matrix. dc-data centres

Table 7.5: Summary statistics of daily air pollutants in VTPA for spectral
clustering with 2 clusters using normalised Laplacian matrix

Variable Mean Min P25 Median P75 Max
Cluster 1

N= 858 19.35 4.00 14.00 18.00 24.00 53.00
SO; (ug.m3) 21.60 7.67 16.44 20.36 25.52 53.06
NO; (ug.m=) 40.79 18.13 3449 3959 46.25 73.14
O3 (ug.m?) 46.09 16.48 3483 4341 5570 8941
PMz5 (ug.m=) 42.88 17.42 3554 4144 4836 7941
PMio (ng.m3) 7497 33.85 64.41 73.87 85.49 124.63
Cluster 2

N=2488 15.36 1.00 11.00 14.00 19.00 55.00
SO: (ng.m3) 13.34 2.99 9.58 12.47 16.07  40.40
NO; (ug.m) 26.59 8.98 22.57 26.44  30.12 52.57
O3 (ug.m?) 50.07 19.34 4145 49.29 57.98 98.62
PMz5 (ng.m) 26.69 8.93 22.32 26.64 30.70 47.99
PMio (ng.m3) 4552  13.57 37.24 4558 5275 89.71

Abbreviations: SO2: sulphur dioxide; NO2: nitrogen dioxide; Os: Ozone; PMzs: particulate matter with an
aerodynamic diameter of less than 2.5 um; PMao: particulate matter with an aerodynamic diameter of less than 10
um; Tapp: apparent temperature; P25: 25" percentile; P75: 75" percentile, RD-respiratory disease, CVD-
cardiovascular disease, hosp adm-hospital admissions.
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Although the air pollutant concentrations did differ per cluster, the cluster mixtures
significantly increased the risk of RD hospital admission. However, cluster mixture one
barely showed significance (p-value = 0.0503). No cluster mixtures showed to
significantly increase CVD hospital admissions.

7.1.2.4. THREE CLUSTERS USING NORMALISED LAPLACIAN
MATRIX

Figure 7.12 shows the 3-cluster distribution using spectral clustering with the
normalised Laplacian matrix. Table 7.6 shows the descriptive statistics of air pollutants
and hospital admission data. The concentration levels in the different clusters showed
to significantly differ among SOz, NO2, Os, PM2s, and PMio (p-value < 0.01). Cluster
three had the highest SO2, NO2, PM2.s5, and PMio levels, but this cluster mixture did not
significantly increase the risk of RD hospital admissions. Cluster one did have higher
SOz2, NO2, PM25, and PM1o mean concentrations levels and did show to significantly
increase the risk of RD hospital admissions by an RR of 1.04 (95% CI, 1.01-1.08).
Cluster mixture two had the highest Oz mean concentration levels and the lowest SO,
NO2z, PM2s, and PMiomean concentrations levels, and showed a significant RR of 0.96
(95% CI 0.94, 0.99). This suggests that for cluster mixture two, there was a lower risk
of RD hospital admission compared to cluster mixtures one and three. However, none

of the cluster mixtures showed to significantly increase CVD hospital admissions.

N -

dc1

Figure 7.12: 3 cluster distribution for SO2, NO2, Os, PM2s and PMio in VTAPA,
South Africa during 2 January 2011 to 29 February 2020, using spectral
clustering the normalised Laplacian matrix. Dc- data centres
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Table 7.6: Summary statistics of daily air pollutants for spectral clustering with

3 clusters.
Variable Mean Min P25 Median P75 Max
Cluster 1
N= 508 18.05 1.00 12.00 17.00 22.00 55.00
SO, (ug.m?3) 18.11 4.15 13.71 17.07 21.12 42.70
NO2 (ug.m) 33.11 18.13 2419 28.25 3247 53.48
Os (ug-m3) 49.67 19.84 39.34 4855 58.24 86.53
PMzs (ug.m=) 3453 17.42 30.91 34.48 38.27 50.70
PMzo (ug.m) 60.30 31.75 51.74 60.15 68.19 91.80
Cluster 2
N=2232 15.12 1.00 11.00 14.00 19.00 53.00
SO; (ug.m3) 12.87 2.99 9.34 12.07 1540 39.69
NO2 (ug.m) 25.99 8.98 22.25 2590 29.30 47.59
Os (ug.m3) 50.08 19.34 41.65 4937 57.84 98.62
PMz5 (ug.m=) 2592 8.93 21.79 2583 29.84 47.99
PMz1o (ug.m) 44.09 13.57 36.29 4425 5123 81.14
Cluster 3
N=606 19.66 4.00 15.00 19.00 24.00 49.00
SO; (ug-m3) 22.75 7.74 1755 21.48 26.48 53.06
NO2 (ug.m) 43.48 23.32 37.71 4227 48.78 73.14
Os (ug-m3) 4472 16.48 33.83 4156 54.67 89.41
PMz5 (ug.m=) 45.87 22.82 38.72 4516 51.61 7941
PMzo (ug.m) 80.07 40.42 69.57 80.08 89.60 124.63

Abbreviations: SO2: sulphur dioxide; NO2: nitrogen dioxide; Os: Ozone; PMzs: particulate matter with an
aerodynamic diameter of less than 2.5 um; PMao: particulate matter with an aerodynamic diameter of less than 10
um; Tapp: apparent temperature; P25: 25" percentile; P75: 75" percentile, RD-respiratory disease, CVD-
cardiovascular disease, hosp adm-hospital admissions.

7.1.4. DENSITY BASED SPATIAL CLUSTERING WITH APPLICATION
OF NOISE (DBSCAN) CLUSTERING

Similar to k-means and spectral clustering, there are methods to determine optimal

parameters, such as the radius of a circle for a core point (eps).! Figure 7.13 shows the

different k-nearest neighbours (KNN) distances, to determine the eps for the air
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pollution data that has not been scaled: (a) at 3 (KNN), (b) at 4 (KNN), and (c) at 5
(KNN). The optimal radius was 0.7.
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Figure 7.13: KNN graphs to determine optimal radius for dbscan clustering SOz,
NO2, O3, PM2s and PMio in VTAPA, South Africa during 2 January 2011 to 29
February 2020. This data was scaled.

Different reachability minimum numbers of points (MinPts) were used to run the
clusters. Figure 7.14 shows the different cluster plots at: (a) 3 MinPts, (b) 4 MinPts, and
(c) 5 MinPts. Table 7.7 shows how the DBSCAN clustering algorithm distributed the
number of points into clusters. As the minimum number of points increase, the amount
of noise also increases. ‘Noise’ being the observations not assigned a cluster.
Furthermore, each cluster shows that the first cluster has the highest number of

observations and other clusters seem to have a negligible number of observations.

Chuster
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- %
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Figure 7.14: Cluster plots for dbscan clustering at a) 3 minimum number of
points, b) 4 minimum number of points and ¢) 5 minimum number of points, for
SOz2, NO2, O3, PM2sand PMio in VTAPA, South Africa during 2 January 2011 to 29

February 2020. Dim- Dimension reduction representing a certain amount of variation contained in the original
dataset.

276

© University of Pretoria



(02’&

UNIVERSITEIT VAN PRETORIA
UNIVERSITY OF PRETORIA
YUNIBESITHI YA PRETORIA

Table 7.7: Distribution of observation in each cluster made via dbscan clustering
at different minimum number of points.

3 MinPts noise cl c2 ¢c3 c4 ¢c5 ¢c6 ¢c7 ¢c8 ¢c9 cl10 cl1l1l cl2 c13 cl4 ci5

n 206 3082 3 4 3 6 3 3 8 3 7 5 3 4 3 3
4 MinPts noise cl c2 ¢c3 ¢4 ¢c5 c6 c7 ¢c8 c9 cl0

n 264 3037 6 6 8 4 6 7 2 3 3

5 MinPts noise cl c2 ¢c3 c4 ¢c5 c6 c7

n 313 2997 6 5 8 5 5 7

MinPts- reachability minimum number of points, n=number of observations, c-cluster

7.2. DISCUSSION

The aim of this part of the project was to use unsupervised Machine Learning (ML)
clustering to determine the joint effects of SO2, NO2, O3, PM2:s, and PM1o mixtures on

RD and CVD hospital admissions.

Supervised ML is often used to investigate health outcomes based on the different
variables.? In this study, the hospital admissions data was already available. Thus,
methods such as random forest and decision trees would be inappropriate and better
suited if hospital admissions were being predicted from the air pollutant data. In this
case, the grouping of the five air pollutants’ data were unknown (unlabelled) and the
grouping of this data are needed in order to investigate its potential impact on the RD
and CVD hospital admissions. Furthermore, designating a testing and training dataset
was not required prior to running the clustering algorithms, since this is more commonly

done for supervised ML techniques.3

The data for all runs was scaled in order to prevent outliers, minimums, and maximums
from having too much influence in the clustering models. Setting the number of clusters
in a k-means algorithm is subjective to the researcher,’ but there are functions that can
be applied to provide an optimal number of clusters.®1° By determining the optimal
number of parameters, such as clusters and radius measures, a point of reference is
formed for the researcher. The number of clusters and radiuses were increased for

comparison purposes.

K-means clustering has been the more popularly used ML clustering method in studies
similar to this project.11"1> These studies used both supervised and unsupervised ML k-
means clustering, mainly to determine air pollution mixtures. Although most of the
studies found significant increased risk of negative health outcomes from exposure to

the pollution mixtures,t13-14 significant risks for RD and CVD hospitalisation were not
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observed from the project results. The results did, however, show distinct differences
in SOz, NO2, O3, PM25, and PMio concentrations levels among the formed clusters. The
cluster models allowed for five air pollutants to be added into one model and created
the pollution mixtures. Other studies have investigated the effects of individual
pollutants such as SO2, NO2, CO, FeNO, PMzs, and PM1o on RD and CVD hospital
admissions.'-18 While other studies have included more than one pollutant in the
regression models, the number of pollutants were often limited to two or three pollutants
for the association with hospital admissions.*®-?! The CART analyses done in Chapter
6 only permitted three pollutants per model and resulted in the use of seven different

mixtures.

Spectral clustering has been found to be a better preforming clustering method
compared to k-means clustering.?>?2 The results show that there was a clear difference
in results when applying the different matrices. The normalised Laplacian matrix
showed more reasonable results. The normalised Laplacian matrix outperforms the
Laplacian matrix, as it considers the heterogeneous distribution of node-degree when
performing spectral analysis.?* Spectral clustering is said to depend on the affinity
matrix used to improve the clustering.?® This could explain the difference in observation
distribution when a three-cluster model was run using the Laplacian matrix. The two-
cluster model mixtures obtained under the Laplacian and normalised Laplacian

matrices, did not significantly increase the risk of RD and CVD hospital admission.

The three-cluster spectral model, using the normalised Laplacian matrix, showed to
significantly increase RD hospital admission when a cluster mixture had SO2, NOz,
PM:s, and PMio at higher concentration levels and Oz at lower concentration levels.
However, when Os had higher concentration levels, patients were at lower risk of RD
hospital admission compared to the other cluster mixtures. The reduced risk in the
presence of higher O3z concentrations would suggest the pollutant is not as harmful as
the other pollutants. This suggestion is contrary to other studies that have shown Osto
have adverse effects on the respiratory system.?6-27 Studies have also shown that O3
inthe presence of PM is associated with increased risk for conditions such as stroke.?®
29 This is contrary to the findings in this study which found that none of the cluster
mixtures formed increased the risk of CVD hospital admmissions. Majority of the health
studies that have used ML, have used supervised ML methods,*>3%-34 and few used

unsupervised ML methods.
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Interestingly, in the CART analyses (in Chapter 6), there was an indication that some
mixtures with Oz in lower quartiles had a reduced risk of RD hospital admissions. The
increased risk of RD hospitalisation seems to be driven by a combination of higher
PMz5and NO2z, or PM1o and NO2 concentrations. A study that used k-means clustering
on air pollutants to investigate the association with mixtures and type 2 diabetes
mellitus incidence,** showed an increased incidence for cluster mixtures containing
higher concentrations of SO2, NO2, CO, PMzs, and PMio, as compared to clusters with
higher Oz concentration levels. Results from the aforementioned study and this
research project suggests that Oz exposure may not have as detrimental an effect on
health as SO2, NO2, PM25, and PMio. Perhaps, the inverse relationship between Os

and the other air pollutants could be a key factor in the results.35-36

Another well-known clustering method is the DBSCAN. This method can cluster nested
data at any shape, where k-means clusters data at fixed shapes.! The DBSCAN results
were not used to run further associative investigations on RD and CVD hospital
admissions. Although clusters were formed, it placed some observations as noise and
reduced the dataset for comparison with the RD and CVD hospital admissions data.
Furthermore, the clusters formed were not usable for further associative investigations,

because of the evident severe irregularity in observation distribution.

Clustering-based approaches, such as k-means clustering, have proven useful in the
definition of multipollutant exposure profiles in estimating the associations between air
pollution and diseases, such as breast cancer and diabeties.'1337 The main
advantages to clustering-based approaches are computational speed, large dataset
capacity, and its ability to find pure sub-clusters.34! However, k-means does not
identify outliers, is quite restricted to data that has a centroid, and cluster dimensions
are limited to spherical formations.4! Spectral clustering, on the other hand, is more
versatile and does not hold the same restrictions in cluster formation as k-means.?3 The
findings do not clearly show whether spectral clustering is superior to k-means.
However, using the 3-cluster spectral clustering model yielded reasonable results

regarding the cluster mixtures’ effects on RD hospital admissions.

The Riches et al,** study further investigated PMzs and its different elemental species.
In their analysis they keep extreme values and use a k-medoids clustering algorithm to
mitigate for k-means’ sensitivity to outliers.'* This addition to the study can be included

in further studies. Few studies have used unsupervised ML to investigate air pollution
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mixtures’ effects on health outcomes. Nonetheless, public health data are ever-growing
in both scale and complexity and ML shows promise for addressing how to handle such

large data sets.*?

7.3. CONCLUSION

Unsupervised ML could have a place in determining joint effects of air pollutant
mixtures on hospital admission and other health outcomes. The clustering methods
used in this study were quick to run and analyse. Using the clustering methods was
also less time consuming in comparison to the CART analyses. Unsupervised ML
clustering allowed for more than three air pollutants in the mixture as compared to
CART analyses. The process also showed promise for analysing multiple air pollutants
in a more probable mixture, despite the different interactions. However, it is evident that
more studies are needed before considering unsupervised ML a reliable and definite
tool to study joint effects of air pollution on different health outcomes. It is highly
recommended that more studies be done using unsupervised ML clustering methods
such as k-means and spectral clustering. The same process can be run in areas of the

country with air quality and health outcome profiles different from the VTAPA.
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CHAPTER 8: POSITIVE MATRIX FACTORISATION SOURCE
APPORTIONMENT OF PM2z5s

This chapter summarises the modelling process and results by PMF on the PM2s
samples collected in Pretoria, using trace metals as markers. The samples were taken
over a four-year period, from 18 April 2017 to 12 February 2021. The main sources and
contributions to the total PMz2s included industry/base metal (8.7%), road traffic
(11.3%), secondary sulphur (12.1%), mining (43.2%), biomass/coal burning (14.2%),

resuspended dust (8.5%), and general exhaust (2.0%) emissions.

8.1. DESCRIPTIVE STATISTICS

A total of 428 samples were collected over the forty-six-month period, from 18 April
2017 to 12 February 2021, used in the PMF analysis. The PM2slevels ranged from 0.3
ug/m3to 138.9 pug/m3, with a mean of 21.8 + 17.9. ug/m? (Table 8.1). The mean PMzs
level for the study period was lower than the daily National Air Quality Standard
(NAAQS) of 40 ug/m?, and only 65 out of 428 days exceeded the daily limit. The mean
PM:s level exceeded the daily WHO air quality guideline (15 pg/m?3),! with 238 out of
428 days being above this guideline.

During the study period, winter had the highest PM2.s mean concentration levels (37.9
+ 20.22 pg/m3), followed by autumn (20.7 + 17.9. pg/mé3), spring (17.3 £+ 9.8. pug/m?3),
and summer (10.64 + 6.7. ug/m?3). There were 98, 57, 57, and 26 days that exceeded
the WHO daily guideline in winter, autumn, spring, and summer, respectively. Then,
49, 13, 3, and 0 days that exceeded the NAAQS daily standard in winter, autumn,

spring, and summer, respectively.
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Table 8.1: Summary statistics of PMz2s measured at the School of Health System
and Public Health, University of Pretoria between 18 April 2017 and 12 February
2021.

Variable Mean SD Min Max
PMzs 21.8 17.9 0.3 138.9
BC 2.8 2.5 <LoD 114
UV-PM 24 1.7 <LoD 7.6

S 1072.94 1639.92 0.39 11840.58
Cl 65.03 185.25 <LoD 1800.73
K 254.06 346.52 1.33 1917.24
Ca 145.06 156.84 <LoD 996.88
Ti 31.93 28.20 0.07 211.51
Fe 265.90 213.35 0.72 1453.88
Ni 47.14 79.36 0.05 266.26
Cu 14.13 31.43 <LoD 487.01
Zn 51.45 87.72 0.11 809.19
Br 16.60 24.98 0.04 253.67
U 2.94 10.86 <LoD 222.20
Si 579.63 654.52 4.14 5531.63

Units: PMzs (ug/m?), soot (m™* x 1075), BC (ug/m?3), UV-PM (ug/m?3), trace elements (ng/m?), <LoD-under the limit of
detection.

8.2. MODEL PARAMETERS SETTING

The data from April 2017 to March 2020 from two previous PhD studies was used, 2
thereafter, an additional 10 months was added for analysis. The additional samples
were collected during the COVID-19 pandemic National Lockdown. There were five
lockdown levels: lockdown level five was implemented between 27 March to 30 April
2020, followed by level four (1-31 May 2020), level three (1 June to 17 August 2020),
level two (18 August to 20 September 2020), and level one (21 September to 28
December 2020). South Africa was on an adjusted lockdown level three from 29
December 2020 until the end of the PMF study period (12 February 2021).

The relationship between concentration and corresponding uncertainty data was
determined by the signal-to-noise ratio (S/N).°> PM2s was set as the total variable and
the S/N is set as ‘weak’ by default. Fifteen species were used in the base runs, but

species identified in previous studies used As and Pb as markers in seasonal runs.>*
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Table 8.2 shows fifteen species identified by XRF, all of which have ‘strong’ S/N

outcomes.

Table 8.2: Input Data Statistics for positive matrix factorisation modelling.

Species Category S/N
1 PMz2.s Weak 5.75
2 BC Strong 4.39
3 UVPM Strong 4.32
4 S Strong 7.51
5 Cl Strong 6.22
6 K Strong 8.20
7 Ca Strong 7.01
8 Ti Strong 6.23
9 Fe Strong 7.90
10 Ni Strong 4.77
11 Cu Strong 5.07
12 Zn Strong 7.00
13 Br Strong 6.66
14 U Strong 2.60
15 Si Strong 7.76

Three model runs were completed using different factors; these were mainly
determined by literature for previous studies within the area, i.e. five-, six-, and seven-
factor runs.?4¢7 The base runs were done at random seeds, and 100 runs were done

for each dataset. The error estimates were also set to 100 runs.

8.3. SOURCES OF PM25 IDENTIFIED BY PMF

The study location heavily influences the process of source identification.®19 The
specific area of Pretoria, South Africa, where the sampling took place was

urban/industrial.

8.3.1. GOODNESS-OF-FIT (Q STATISTIC)

The Q (Robust) value indicates the stability of the run and the lower the value the
greater the stability of the run.® Meaning, the Q (Robust) values are goodness-of-fit
parameters that are highlighted if a model converges. Within the base run, the residuals
are also taken into consideration and can be compared at each run.® Table 8.2 shows
the Q (robust) values at each run. The original PMz5 values and the modelled values
were compared, and the correlation between the two is indicated by the R? value.
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Lastly, the model runs underwent error estimations. After considering all these factors,

the seven-factor model run was considered for further analysis.

Table 8.3: The 5, 6 and 7-factor Q values and the run which was decided upon for
the positive matrix factorisation model.

2017- Modelled
2021 | Run# Q(Robust) Q(True) Converged Q(true)/Qexp (R?)
5-factor | 38 74938.5 603457 Yes 159.77 0.47
6-factor | 3 60545.4 533060 Yes 159.88 0.59
7-factor | 52 43627.7 195763 Yes 67.71 0.60

8.3.3. MODEL RESULTS

Table 8.4 shows the possible sources identified when the PMF model outputs were set

to for five, six, and seven factors. Figures 8.1 to 8.3 show the mean distributions

(concentrations in pg/m3) of PMzs.

Table 8.4: A summary of the main trace elements in each factor configuration.

5 |1 | Secondary sulphur S, U, Si,
2 | Biomass Cl, K, Br
3 | Vehicular exhaust Zn, Br, CI
4 | Resuspended dust Ni, Ca, Ti, Fe
5 | Mining/Industry PM:zs, BC, UVPM, Fe, Cu, Br, Ca, Ni
6 |1 |Base metal/ Refined oil U, Ni, Si, Ti, Fe
2 | Secondary sulphur S, Si
3 | Mining/ Industry PM:zs, BC, UVPM, Fe, Ti, K, Ca
4 | Resuspended dust Ca, Cu, Ni, Ti
5 | Biomass/ coal burning Cl, K, Br
6 | General exhaust Zn, Br, Cl
7 |1 |Industry/ Base metal Ni, Cu, Si
2 | Road traffic PM:zs, BC, UVPM, Zn, Br, Cu, Fe
3 | Secondary sulphur S, U, Si
4 | Mining PM:zs, BC, UVPM, Ti, Fe, Br, U, Cu
5 | Biomass/Coal Burning K, Br
6 | Resuspended dust Ca, Ti
7 | General exhaust Cl, Br, U

© University of Pretoria
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After considering all these factors, the 7-factor model run was considered for further

analysis.

The seven-factor run produced the relatively better model. Figure 8.4 shows the time-
series of the sampled PM2s concentration levels against the PMF modelled
concentrations. The full study concentration mean was 21.8 pg/m? (range 0.3 pg/m? -
138.9 ug/m3). The PM2s concentration levels against the concentration levels modelled
by PMF which showed a concentration mean of concentration mean was 17.4 pg/m?3
(0.4 pg/m? - 96.3 pg/m?3).

Base Factor Frofiles - Run 38 Legend: ™ 9% of Species
I Conc. of Species
100

10 F

. -
| — Secondary sulphur
10° H AL - ]
A
o 10 H ]
s . 50 =
10 H i
-3 -
107 H -
i . -
'1[];_
10 = ]
R E— Biomass ]
‘1[]1 | - ]
o 0 H i
s . 50 =F
wf H H |
3 -
107 H ]
" lal o o m g H =
-2 | |
-m.j __ Vehicular exhaust = ]
107 H ]
: -1 | — -
= 10 H ]
S . —{ 50 &
10T H —
-3 -
107 H | i
<= E] | H m (] [m H ]
10 = = m = == g
10" = 100
10° Resuzpended dust u ]
_ N -
. -1 | ]
= 10_2 H 50 ==
10 H = ]
-3 -
oo ol I o R ] :
107 = ml g 0
10" 7= m 1 100
10 H —  — Mining/ Industry ]
< 40" H oL ]
S o™ = — 50 =
O 10 H H o ]
_3 -
107 H - ﬂ H ]
10 5 j:? Ec» F o+ i:*» & fi::l ,Ig !, {Ig T ,9_ 0
% < Lx)ﬁ; 7 3 ® 4 e e L
o)
-

Figure 8.1: The 5-factor Positive matrix factorisation solution for sources and
mean contributions (concentrations are in pg/m?3) of PM2.s measured at the School
of Health System and Public Health, University of Pretoria between 18 April 2017
and 12 February 2021.
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Figure 8.2: The 6-factor Positive matrix factorisation solution for sources and
mean contributions (concentrations are in pg/m?3) of PM2.s measured at the School
of Health System and Public Health, University of Pretoria between 18 April 2017
and 12 February 2021.
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Figure 8.3: The 7-factor Positive matrix factorisation solution for sources and
mean contributions (concentrations are in ug/m?3) of PM2s measured at the School
of Health System and Public Health, University of Pretoria between 18 April 2017
and 12 February 2021.
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Figure 8.5 and figure 8.6 shows the source contributions and percentages of PMzs.
Mining was the largest contribution source of PMzs at 7.8 ug/m? (43.2%). General
exhaust was the contributed the least PM2s at 0.4 pg/m? (2%). Figure 8.7 shows the
contributions of PMa2s using the seven-factor model. The graphs show the
concentration levels as they occurred through the year, each year, demarcated by the
orange line.
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Figure 8.5: Mean source contributions from the 7-factor positive matrix analysis.
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Figure 8.6: Percentage contributions from the 7-factor positive matrix analysis.
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PMF analysis.
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8.3.2. POSSIBLE FACTORS
FACTOR 1. INDUSTRY/ BASE METAL

Ni, Cu, Si

Low amounts of PMz2s combination was attributed to Industry/base metal pollution,
which attributed to 8.7% of the overall PM2s (1.67 pg/m?®). The factor contained high
amounts of Ni (88%), Cu (75%), and Si (65%) over the four-year study period. The
high Ni concentrations could indicate that it is a secondary product of manufacturing,**
as well as an implication of base metal (pyrometallurgy) transportation activities.?
These are more clearly seen when there is a Ni and U combination, or Ni and V
combination. The combination of Ni and Vanadium (V), particularly, are considered
markers for oil combustion emitted from shipping or industrial plants.*? Si also had

high contributions, which could be attributed to tail-pipe particulates.3

The combination of Ni and Fe (9%) can also be an indication of pyrometallurgical-
related factors and base metal processing.? Ferrochromium smelters in the Bushveld
Igneous Complex in the Gauteng Province could be the reason for the trace amounts

of Fe produced.?

FACTOR 2. ROAD TRAFFIC
PMzs, BC, UVPM, Zn, Br, Cu, Fe

Road traffic contributed 11.3% of the overall PMzs concentration (2.1 pg/m?3) over the
four-year study period. The combination of Zn, Br, Cu, Fe, and low traces of Cl are
attributed to traffic-related sources.* This factor contained high contributions of Zn
(84%), Cu (9%), and Fe (6%), and a fair contribution of Br (29%). The presence of BC
(14%) would suggest combustion was part of the process coupled with the metals,
could likely be from road traffic emmisions.*®> Cu and Zn are elemental products
associated with tail-pipe emissions.'® An additional presence of Sb would suggest
traffic emission as Cu, Zn, and Sb are traditionally traffic-related elements that are a
product of deceleration. Preliminary results used by the Council for Scientific and
Industrial Research (CSIR) showed that the strict lockdown measures in South Africa

reduced NO2, SO2, and Oz emissions, which could be a result of reduced road use.’
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FACTOR 3. SECONDARY SULPHUR
S, U, Si

Secondary sulphur contributed 12.1% of the overall PM25 (1.75 pg/m3) concentration
over the four-year study period. This factor contained high contributions of S (83%), U
(16%), and Si (14%). The presence of sulphur is present in multiple forms, including
pyrite, metal sulphide smelter gases, coal, and crude oil.*¥ There has been
considerable pyrite mineralisation in Pretoria, with additional sulphur mining, which
causes leeching into U.'® Other possible sources of S, could include photochemical
action and coal burning.51°® Additionally, heavy mineral mining from countries like

Zambia contributes to high sulphate concentrations over Southern Africa.220-22

FACTOR 4. MINING
PMzs, BC, UVPM, Ti, Fe, Br, U, Cu

Mining showed to be the highest contributor of the overall PM2.s, accounting for 43.2%
(7.82 pg/m?3) over the four-year study period. This factor contained high contributions
of PMzs (44.92%), BC (59.42%), UVPM (55.68%), Ti (28.72%), Fe (46.06%), Br
(35.83%), U (71.28%), and Cu (10.81%). Figure 8.7 shows the locations of mining
areas in South Africa. According to the Department of Mineral Resources, there are
over 150 mine sites and related industries located across the country.?® Approximately
five to ten of these sites are located within a 200 km radius of Pretoria.?*2> Minerals
such as gold, diamond, and coal are mined in these areas; common species produced

from mining these minerals include Cu, Fe, S and Ca.?*?°
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Figure 8.8. Map of Mines in South Africa in proximity to nine main cities in South
Africa.?®

Coal mining is a high producer of hydrocarbons that, in turn, produce levels of BC and
UVPM, because of the incomplete combustion.?” Industrial dust is often highly
enriched with Cr, Cu, Pb, and Mn, while coal mining dust often has high V
concentrations.?® Although V was a ‘bad’ species in this model over the four-year
period, the previous 2017-2018 study in the same study area included V as part of the
model run.? This could suggest that the industrial activity that emitted V has stopped

or halted manufacturing after 2018.

FACTOR 5. BIOMASS/ COAL BURNING
K, Br

The contribution of biomass and coal burning to the overall PM2s was 14.2% (2.4
png/m3) over the four-year study period. This factor contained high concentrations of K
(77.9%), Br (27%), and Fe (15.4%). K is a useful species marker to indicate biomass
burning.242%30 Lowenthal et al, found that K concentration levels increase in colder
months due to the increase in burning activity, as well as changes in meteorological

conditions. 31
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FACTOR 6. RESUSPENDED DUST
Ca, Ti, Fe

The resuspended dust factor contributed to 8.5% of the total assessed PMzs in the
PMF model. This factor contained high contributions of Ca (91.2%), Ti (47.7%), and
Fe (17.2%), with lower traces of Si (6.5%) and Zn (6.2%). Polluted road-side dust
sources ranged from mine ash dumps, waste burning sites, unpaved roads, seasonal
grass fires, non-exhaust traffic sources, and industrial sites.3?3® A large percentage
(73%) of the annual contribution of Ca could be attributed to cement kilns343> and
natural coarse long-range dust sources.®® The larger proportion of Ti (44%) can be
attributed to both crustal soil sources and mining.343” The Si contribution could be

attributed to soil dust,*® road dust,*® and tail-pipe particulates.*®

FACTOR 7. GENERAL EXHAUST
Cl, Br, U

General exhaust fumes contributed to 2.0% of the total assessed PMzs in the PMF
model. This factor contained high contributions of Cl (81.5%), Br (7.4%), and U
(12.3%). There were also lower traces of Ca (4.4%), Cu (3.5%), and Zn (1.4%). The
combination of Cu and Zn can be attributed to vehicle exhaust and industrial
emissions.* This combination has been found to come from exhaust fumes specifically
stemming from industrial activities.3%4° However this combination of Cu and Zn can
also be associated with lubricating oil in car fuels.**2 Trace amounts of Cu can also

be a product of the deterioration of tires, clutch, and brake lining in vehicles.?’

8.4. WEEKLY, MONTHLY AND SEASONAL TRENDS OF PM:s
SOURCES IDENTIFIED FROM THE PMF MODEL

Table 8.5 shows the weekly PM2s levels over the four-year study period. Showing that
there was no significant difference in PMz.s concentration levels between the weekends
and weekdays across the different identified sources. Figure 8.9 shows the mining to
have the highest concentration average through each day of the week.
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Table 8.5: The weekly mean PMzslevels (ug/m?) from the 7-factor positive matrix
analysis.

Fossil Secondary Coal Resuspended General

Industry  fuels sulphur Mining burning dust exhaust

Sunday (N=61) 2.1 1.8 1.7 7.2 2.2 1.1 0.4
Monday (N=59) 1.4 1.9 1.6 7.9 2.7 1.4 0.4
Tuesday (N=62) 1.4 1.7 1.5 7.7 2.1 1.0 0.2
Wednesday(N=61) 2.2 2.0 2.1 6.7 2.7 1.4 0.6
Thursday(N=61) 1.8 2.3 1.8 9.3 25 1.6 0.4
Friday (N=61) 1.4 2.8 1.8 6.4 2.6 1.4 0.3
Saturday (N=63) 1.5 2.2 1.9 9.4 2.0 1.3 0.3
Kwallis (p-value) 0.96 0.40 0.98 0.84 0.97 0.70 0.85

Bold-Highest average, *-p-value significant

10 4
mSunday (M=81) u Monday (M=58) u Tuesday [N=52) Wednesday (MN=31) m Thursday{N=G1} m Friday {N=51) m Saturday (M=03)

Industry Fossil fuels Secondary sulphur Miining Coal burning Resuspended dust General exhaust

Figure 8.9: The weekly PM2s concentration levels (ug/m3) from the 7-factor
positive matrix analysis.

Table 8.6 shows the monthly averages of the different identified sources from the
seven-factor PMF model. There was no significant difference in monthly PMzs
concentration levels found for the industrial factor, but significant differences were
seen in the other identified sources. There was a significant difference in monthly PMz.s

levels for fossil fuels, which showed the lowest average in December (0.2 pg/m?3) and
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the highest average in July (7.7 pg/m?). Secondary sulphur levels were at the lowest
average in September (0.2 ug/m?) and the highest average in May (3.7 pg/m?2). Mining
levels were at the lowest average in January (3.0 pg/m?) and the highest average in
June (14.1 pg/m3). For coal burning, the lowest average was in December (0.3 pg/m?)
and the highest average in June (5.9 ug/m?3). Lastly, for resuspended dust, the lowest
average was in November (0.5 pg/m3) and the highest average in August (2.6 pg/m?3).
Monthly differences were also seen in general exhaust emissions with the lowest
average being in November (0.02 ug/m?3) and the highest average in June (1.7 ug/m3).

Table 8.6: The monthly mean PMzs levels (ug/m3) from the 7-factor positive
matrix analysis.

Fossil  Secondary Coal Resuspended General

Industry fuels sulphur Mining burning dust exhaust

January (N=38) 1.2 0.3 2.6 3.0 0.5 0.7 0.04
February (N=31) 1.3 0.4 2.4 3.9 0.5 0.8 0.04
March (N=29) 2.4 0.6 15 2.5 0.8 0.6 0.1
April (N=35) 2.9 14 1.8 3.6 0.9 0.9 0.2
May (N=42) 15 3.5 3.7 7.1 3.4 15 0.3
June (N=39) 1.9 5.1 1.9 14.1 5.9 2.1 1.7
July (N=35) 15 7.7 1.3 13.5 5.8 1.8 1.1
August (N=36) 2.0 2.2 15 12.9 4.7 2.6 0.3
September (N=36) 1.4 1.9 0.8 12.8 2.4 1.9 0.2
October (N=36) 1.9 0.8 1.2 8.6 2.1 11 0.2
November (N=35) 1.0 0.3 0.9 6.2 0.7 0.5 0.02
December (N=36) 0.9 0.2 1.2 3.8 0.3 0.7 0.1
Kwallis (p-value) 0.53 0.0001* 0.0003* 0.0001* 0.0001* 0.0001*  0.001*

Bold-Highest average, *-p-value significant

Generally there were higher concentrations of PM2s from most of the identified
sources in colder months, i.e. May to August, and lower concentrations in warmer
months, i.e. September to January. Figure 8.10 shows the distribution for each month,
where it is clearer to see Mining is continuously high across all months. However, the

PMz. concentration levels seem to be higher from June to September.
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Figure 8.10: The monthly PM2s concentration levels (ug/m?) from the 7-factor
positive matrix analysis.

Table 8.7 shows the seasonal PMz.s concentration levels for the four-year study period.
Industry did not show seasonal differences in PMzs levels, which corresponds with the
monthly findings. This could suggest that there are particular industries that
continuously run throughout the year. However, the highest average PMz2s
concentration was seen in April, i.e. autumn. Fossil fuels (4.9ug/m?3), mining (13.5
ug/m?3), coal burning (5.5 pg/m3), resuspended dust (2.2 ug/m?), and general exhaust
(1.1 pg/m?) all showed significantly higher concentration levels in winter. This could be
because of the temperature inversion that occurs in colder months, which does not
release air pollutants easily out from the atmosphere.*! Additionally, activities such as
mining and coal burning significantly increase in winter when there is a higher demand
for heating within homes and industries in South Africa.* The findings are consistent
with previous studies conducted within Pretoria.>” The findings of this project are also
consistent with areas in the Vaal and Highveld that experience similar seasonal
patterns as Pretoria, when higher PM2s levels are experienced in late winter and early

spring.#?>44 During this period activities such as domestic burning is at its highest.*
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However, in Cape Town, a coastal city, and Thohoyandou, a largely rural town, PM2.5

levels were in higher spring, not winter.”4°

Table 8.7: The seasonal mean PM:s levels (ug/m?3) from the 7-factor positive

matrix analysis.

Fossil Secondary Coal Resuspended General

Industry fuels sulphur Mining  burning dust exhaust

Autumn (N = 106) 2.2 2.0 25 4.7 1.9 1.1 0.2
Winter (N = 110) 1.9 4.9 1.6 135 55 2.2 1.1
Spring (N= 107) 1.5 1.0 1.0 9.2 1.7 1.2 0.1
Summer (N = 105) 11 0.3 2.0 3.6 04 0.8 0.04
Kwallis (p-value) 0.09 0.0001* 0.002* 0.0001* 0.0001* 0.0001* 0.0001*

Bold-Highest average, *-p-value significant
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Figure 8.11: The seasonal PM2s concentration levels (ug/m?3) from the 7-factor
positive matrix analysis.

8.5. DISCUSSION

Fine particulate matter (PMz25) has been identified as a major environmental health

risk that is highly associated with aggravating or worsening disease.*¢-%! A case-

crossover study conducted in Pretoria, South Africa showed an increased risk in

© University of Pretoria

302



UNIVERSITEIT VAN PRETORIA
UNIVERSITY OF PRETORIA
YUNIBESITHI YA PRETORIA

(02’&

respiratory hospitalisation from exposure to PM2s and PMzs-bound trace elements.>?
Thus, source apportionment studies are important because they assist in identifying
contributing sources of PM2.5 and influence policy to reduce emissions.%3-%* The seven-
factor model suggested that the main sources and contributions to the total PM2.swere
industry/base metal (8.7%), road traffic (11.3%), secondary sulphur (12.1%), mining
(43.2%), biomass/coal burning (14.2%), resuspended dust (8.5%), and general
exhaust (2.0%). These results are similar to those obtained in two previous studies of
the same area for 2017 to 2018,? and 2017 to 2020.4 However, in a study by McDuffie
et al, coal combustion was estimated to contribute 20.5% and 26.1% of total PMzs
pollution in South Africa and Johannesburg, respectively. % Unlike the previous
studies, HYSPLIT trajectory was not done, since it was not the focus of this study. This
part of the study determined the number of pollution sources over a particular duration

of time, using a popular method of source apportionment,8-9:15.56-59

The sampling site for PM2.s may have been in an urban background, however, the
source apportionment through PMF showed a variety of potential sources. PMF had
modelled an average PM2:s concentration of 17.4 ug/m?® compared to the measured
PM2s sample average of 21.8 ug/m3. The actual measured PM2.5 average was close
to an estimated PMz.s average for South Africa, which was 28.8 ug/m3.5 However, the
modelled PM2.5 was much lower than the estimated PM2.s in Johannesburg which was
40.2 pg/m3.%5 Although the variations in the modelled average concentration levels
PMz.s and the actual measured PMzs do not largely vary they provide a good baseline
of the average anticipated PM2s level in areas of the country that are of similar
background. There are limited studies that focus on the collection of PM2s in Africa,
and so, the comparisons may not be as representative of the different African

countries.

Majority of the source apportionment studies in South Africa have been conducted in
urban and rural backgrounds with few conducted in industry backgrounds.®® PMzs
concentration levels in the administrative capital of Pretoria have recorded levels lower
than the NAAQS standard (40 pg/m3), but are generally higher than the WHO
guideline.?4. The findings in this project show higher mean PM:;s levels in an urban
background compared to the mean PMzs levels recorded in the coastal city of Cape

Town (13.3 pg/m3) 4% and rural non-industrial town of Thohoyandou (10.9 pug/m3).”.
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However, in national priority areas such as the Vaal Triangle Airshed Priority Area
(VTAPA), South Africa, higher mean PMzs levels were recorded (30.4 pg/m?3).5 The
measurements from the latter were higher than recorded by the South African
government at twenty-one air monitoring stations from five provinces in the country.®?
The difference in background shows that the increased sampling in different areas of
the country can better inform specific air quality management plans for the different
areas in South Africa. In Africa ambient PM2s levels are only available in 22 of 54
countries, and all exceed the WHO daily guideline.5® Thus more sampling across the
continent can also provide more specific mean concentration levels of PMzs, better

equipping the air quality management in the different countries.

The project briefly outlines the BC levels obtained in the XRF results. PM25and BC
have a strong correlation; for example higher PM25s levels in the VTAPA, recorded
higher BC levels (3.2 pg/m?3)%!, compared to Thohoyandou (1.3 pg/m3) 7 which
recorded lower PMz:s levels. This project recorded a mean BC level of 2.8 pg/m3, which
is similar to an average BC of 2.7 ug/m? recorded by a previous study conducted in
Pretoria.* A Kenyan study conducted in Nairobi recorded a mean BC level of 2.7
ug/m3.%4 Benin and South Africa recorded the highest and lowest estimated mean BC
level in Africa, at 16 pg/m3 and 2.1 pg/ms3, respectively.®® The latter show consistent
mean BC levels found in this project that probably reflect samples taken from urban
backgrounds.

The correlation between meteorological conditions like relative humidity, wind speed,
and temperature have an influence on the air pollution of an area.**** Studies have
shown that meteorological conditions such as wind speed, wind direction, rainfall,
temperature, and relative humidity can influence the trajectory of sources onto a
sampling area.>*"4% In the one-year and three-year studies done in Pretoria prior to
this project, a range of four to five cluster trajectories showed to influence the identified
sources.?® Long-range and local influences are indeed important to acknowledge
during source apportionment studies. Pretoria is located in close proximity to mining
and industrial areas at both long- and local-range.* Results from this project showed
that industry and mining sectors contributed over 50% of the PM2zs during the study

period.
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In the northern landlocked areas of South Africa which includes Pretoria, these areas
generally experience dry winters and wet summers, meaning the colder months record
higher concentrations of air pollution.®6-5° The movement of air disperses air particles
such as PM2s and can reduce the particles in the atmosphere.”® The shift in
temperature, wind speed, relative humidity, and rainfall can increase and decrease the
concentrations of particulate matter.”*"2 Additionally, stronger inversion can be
created through low wind speeds, and low to no precipitation.®”:7%.73-74 During warmer
months, air pollutants are released easier into the troposphere.®® This literature
corresponds with the findings of this project, which shows that concentrations of PM2.5
concentrations were higher in the colder months and lower in warmer months. Majority
of South Africa’s local emission comes from traffic emissions, power generation by
coal, industrial emissions, wood burning, and paraffin use.”>’” With some activities
increasing during winter. The long-range influence could be contributed from the
national designated priority areas, which have exceedingly high air pollution levels

from high industrial production, domestic fuel burning, mining, and waste burning.’8-8°

8.6. CONCLUSION

Source apportionment using PMF analyses showed that mining and industry are the
main contributing factors to PM2s in Pretoria. There is a great need for more studies
that sample PM2zs in the Africa. Source apportionment studies are vital in the
evaluation of policy to protect communities from the detrimental health effects of PM2s.
The running and interpretation of model results from the PMF software was relatively
easy. Source identification may seem rather subjective, but the results were similar to
previous studies conducted in the same area. The main limitation of the process was

that the three model runs only showed 0.4-0.6 correlation with the original data.
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CHAPTER 9: UNSUPERVISED MACHINE LEARNING
METHODS APPLIED IN PM2.5 SOURCE APPORTIONMENT

This chapter summarises the unsupervised ML process and results of k-means,
spectral clustering and principal component analysis on the PM2z.s samples collected
in Pretoria. The samples were taken over a four-year period, from 18 April 2017 to 12
February 2021. The main sources identified for the total PM2s through the seven-
cluster spectral clustering model included; coal burning (42.9%), industry (22.0%),
resuspended dust (10.4%), base metal (6.7%),road traffic (6.8%), vehicular exhaust
(5.8%), and secondary sulphur (5.5%).

9.1. DATA

As mentioned in Chapter 8, there were 428 PM: s filter samples collected from 17April
2017 to 12 February 2021. Twelve trace elements were detected: S, Cl, K, Ca, Ti, Fe,
Ni, Cu, Zn, Br, U, and Si. The BC and UV-PM content of the PM2.s samples were also
determined. The data was scaled using standardised scaling prior to applying the

clustering method.

9.2. RESULTS
9.2.1. DETERMINING OF OPTIMAL CLUSTERS

The silhouette method (Figure 9a) and gap statistic (Figure 9b), were used to
determine the optimal number of clusters to be used in the different clustering
methods. The methods show that the optimal number of clusters for the data ranges

from two to three clusters.
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Figure 9.1: Methods a) silhouette and b) gap statistic, to determine the optimal
number of clusters on the PMzs and trace element data.

Although two to three clusters were shown to be ideal, clusters five to seven were

included because of the number of identified sources found in Chapter 8.

9.2.2. TWO-CLUSTER K-MEANS

Figure 9.2 shows the clustering of the 428 observations on PM2s BC, UVPM, S, CI, K,
Ca, Ti, Fe, Ni, Cu, Zn, Br, U, and Si, run through a two-cluster k-means model. Cluster
one recorded 113 observations with a mean concentration average for PM2s, ~43.6
ug/m?3 and cluster two recorded 315 observations with a mean concentration average
of ~14.0 pg/m3.
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Figure 9.2: Two-cluster k-means model for PM2s and trace element data. Dim-
Dimension reduction representing a certain amount of variation contained in the original dataset.

Figure 9.3 indicates the percentage distribution of each species per cluster. The
proportion of PM2sin clusters one and two were 52.8% and 47.2%, respectively. The
PM:.s concentration levels were significantly different between the clusters (p-value <
0.001).

mcluster 1 moluster 2

100 -

0

PM2.5 EC UVPM - cl K Ca Ti Fe i Cu Zn Br u Si

Figure 9.3: Bar graph of the percentage distribution for the two-cluster k-means
model for PMzs and trace element data.
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9.2.3. FIVE-CLUSTER K-MEANS

Figure 9.4 shows the clusters formed using a five-cluster k-means model. Interestingly

the model created a cluster that only had one observation.

Cluster plot

6-

Dim2 (11.9%)

4
Dim1 (43.1%)

Figure 9.4: Five-cluster k-means model for PM2s and trace element data. Dim-
Dimension reduction representing a certain amount of variation contained in the original dataset.

Figure 9.5 shows the percentage distribution of each species per cluster. The cluster
distribution for clusters one, two, three, four, and five were 35, 56, 1, 268, and 68,
respectively. The mean concentration of PM2:s was 51.7 ug/m? for cluster one, 23.6
ug/m3 for cluster two, 1.5 pg/m? for cluster three, 12.5 pg/m3for cluster four, and 41.9
ug/me for cluster five. The percentage distribution for PMz s for clusters one, two, three,
four, and five were 19.4%, 14.2%, 0.02%, 35.9%, and 30.5%, respectively. The PM2s

concentration levels were significantly different among the clusters (p-value < 0.001).

316

© University of Pretoria



+
UNIVERSI
UNIVERS

A~ 4 ESI

100 4 mcluster 1 Wcluster 2 wohuster 2 cluster 4 mcluster 5

7O

i “ ‘ \L J_,
0 T T T T
o | K Ca Ti Fe

FM25 BC WVFM S Mi Cu Zn Br u S

Figure 9.5: Bar graph of the percentage distribution for the five-cluster k-means
model for PMzsand trace element data.

9.2.4. SIX-CLUSTER K-MEANS

Figure 9.6 shows the cluster grouping when k was set at six-clusters and shows the

same ‘grouping’ as observed when k was set at five.
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Figure 9.6: Six-cluster k-means cluster model for PMzs and trace element data.
Dim- Dimension reduction representing a certain amount of variation contained in the original dataset.

The cluster distribution for clusters one, two, three, four, five, and six were 62, 32, 1,
64, 29, and 240, respectively. The mean concentration of PM2s was 42.4 pg/ms? for
cluster one, 34.7 pg/m? for cluster two, 1.5 pg/ms3 for cluster three, 14.6 ug/m? for
cluster four, 52.2 pg/m?3for cluster five, and 13.1 pg/ms3for cluster six. The percentage
distribution for PM2 s for clusters one, two, three, four, five, and six were 28.2%, 11.9%,
0.02%, 10.0%, 16.2%, and 33.7%, respectively (Figure 9.7). The PM2z.s concentration

levels were significantly different among the clusters (p-value < 0.001).
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Figure 9.7: Bar graph of the percentage distribution for the six-cluster k-means
model for PMz2sand trace element data.

Table 9.1 shows the centres of each cluster for the different cluster models. The two-
cluster model shows distinct centre points for the clusters, e.g. for PMzs in cluster one
the centre was 1.22, and for cluster two the centre was -0.44. The larger cluster models
do not show clear overall centre differences, e.g. in the five-cluster model the CI
centres are 2.31, -0.06, -0.35,-0.29, and 0.02. The centres are closer to each other
and it is more prominent to see the overlapping of clusters in figures 9.4 and 9.6. Table
9.2 shows the possible sources identified when the k-mean clusters were set to two,

five, and six.
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Table 9.1: A summary of cluster centres for each cluster model, i.e. 2, 5 and 6-clusters, among the different species.

AAAAAAAAAAA

Model PM25 BC UVPM S Cl K Ca Ti Fe Ni Cu Zn Br u

2 clusters

1 1.22 1.19 1.16 0.58 0.75 1.09 1.05 0.92 1.22 0.28 0.25 0.95 1.10 -0.08
2 -0.44 -0.43 -0.41 -0.21 -0.27 -0.39 -0.38 -0.33 -0.44 -0.10 -0.09 -0.34  -0.40 0.03
5-clusters

1 1.67 1.53 1.52 1.19 2.31 2.59 1.83 1.58 1.71 0.54 0.29 1.56 1.38 -0.07
2 0.01 -0.11 0.002 1.05 -0.06 0.67 0.89 0.83 0.59 0.29 0.37 -0.04 -0.01 -0.02
3 -1.14 -1.13 -1.32 -0.65 -035 -0.71 -0.91 2.96 -1.24 -058 -0.43 -0.58 -0.64 20.19
4 -0.52 -0.52 -0.53 -0.29 -029 -045 -0.48 -0.45 -055 -0.14 -0.11 -0.41 -0.45 -0.04
5 1.12 1.39 1.31 -0.32 0.02 -0.08 0.24 0.24 0.83 0.04 -0.003 0.87 1.1 -0.08
6-clusters

1 1.15 1.3 1.23 -042 -0.04 -013 031 0.35 0.82 -0.29 0.04 0.84 1.12 -0.08
2 0.72 0.08 0.06 1.82 0.36 1.4 1.79 1.76 1.37 -0.16  0.873 0.49 0.38 0.02
3 -1.14 -1.13 -1.32 -065 -0.35 -0.71 -0.91 2.96 -1.24 -058 -0.43 -0.58 -0.64 20.12
4 -0.4 -0.21 0.01 0.03 -0.23 0.01 -0.22 -0.27 0.36 1.83 -0.3 -0.34  -0.35 -0.13
5 1.7 2.03 1.98 1.11 2.53 2.38 1.23 0.84 1.3 0.88 0.15 1.72 1.55 -0.1
6 -0.49 -0.03 0.56 -0.27 -028 -044 -04 -0.37 -0.65 -0.5 -0.06 -0.4 -0.43 -0.02
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Table 9.2: A summary of the main trace elements in each cluster model using k-

means clustering.

2 |1 | Biomass/Coal burning Cl, K, Zn, Br
2 | Base metals U, Ni, Cu
5 |1 | Vehicle exhaust Cl, K, Zn
2 | Secondary sulphur S, Si, K, Cu
3 | Industry U
4 | Base metal/ Pyrometallurgy | UV-PM, U, Ni, Cu
5 | Biomass/ coal burning BC, UV-PM, Zn, Br
6 |1 | Vehicle exhaust BC, Zn, Br
2 | Industry S, Si, K, Ca, Cu
3 Ti, U
4 | Base metal/Pyrometallurgy Ni, Fe, K, Si
5 | Biomass/Coal Burning Cl, K, Zn, Br
6 | Manufacturing U, Cu, Ti, Si

9.3. SPECTRAL CLUSTERING

Due to the findings in Chapter 7 only the normal Laplacian matrix was used for spectral

clustering in this chapter.

9.3.1. FIVE-CLUSTER SPECTR

AL CLUSTERING

Figure 9.8 shows the clusters formed using spectral clustering at a five-cluster model.

Clusters one, two, three, four, and five had PM2.s mean concentration averages of 36.5

pg/ms, 50.8 pg/m3, 10.1 pg/ms3, 22.8 pg/ms, and 16.7 pg/ms, respectively. Figure 9.9

shows the proportion distribution of the species among the clusters. The percentage

distribution for PM2s for clusters one, two, three, four, and five were 35.9%, 20.7%,

18.9%, 8.8%, and 15.7%, respectively. Kruskal Wallis tests shows a significant

difference in PM2.s among the different clusters (p-value < 0.001).
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Figure 9.8: Five-cluster spectral cluster model for PMzs and trace element data.
dc-data centres.
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Figure 9.9: Bar graph of the percentage distribution for the five-cluster spectral
cluster model for PMz2sand trace element data.
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9.3.2. SIX-CLUSTER SPECTRAL CLUSTERING

Figure 9.10 shows the clusters formed using spectral clustering at a six-cluster model.
Clusters one, two, three, four, five, and six had PM2.s mean concentration averages of
39.8 pg/m3, 48.9 pg/m3, 8.5 ug/m3, 23.6 pg/m3, 17.5 pug/m3, and 14.3 pg/m3,
respectively. Figure 9.11 shows the proportion distribution of the species among the
clusters. The percentage distribution for PM25s for clusters one, two, three, four, five,
and six were 27.7%, 23.6%, 11.1%, 14.1%, 12.2%, and 11.3%, respectively. Kruskal
Wallis tests shows there was a significant difference in PMz.s among the clusters (p-
value < 0.001).
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Figure 9.10: Six-cluster spectral cluster model for PMzs and trace element data.
Dc-data centres.
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Figure 9.11: Bar graph of the percentage distribution for the six-cluster spectral
cluster model for PM2s and trace element data.

9.3.3. SEVEN-CLUSTER SPECTRAL CLUSTERING

Figure 9.12 shows the clusters formed using spectral clustering at a seven-cluster
model. Clusters one, two, three, four, five, six, and seven had PM2s mean
concentration averages of 27.0 pg/ms?, 45.5 ug/ms, 7.2 ug/ms?, 17.6 ug/ms, 15.1 pug/m3,
14.2 pg/m3, and 10.7 pug/mé3, respectively. Figure 9.13 shows the proportion distribution
of the species among the clusters. The percentage distribution for PM2s for clusters
one, two, three, four, five, six, and seven were 22.0%, 42.9%, 5.8%, 10.4%, 6.8%,
6.7%, and 5.5%, respectively. The Kruskal Wallis test shows that there was a

significant difference in PM2.s among the different clusters (p-value < 0.001).
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Figure 9.12: Seven-cluster spectral cluster model analysis for PMzs and trace
element data. dc-data centres.
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Figure 9.13: Bar graph of the percentage distribution for the 7-clusters spectral
cluster model for PMz2sand trace element data.

Table 9.3 shows the centre clusters of each of the three cluster models. The cluster
points show to be closer to each other, and in figures 9.8, 9.10, and 9.12 some

overlapping of clusters can be seen. Table 9.4 then shows the possible sources
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identified from spectral clustering, with the dominant trace metals identified in each

possible source.

Table 9.3: A summary of cluster centres for each spectral clustering models, i.e.
5, 6 and 7-clusters, among the different species.

cluster 1 cluster 2 cluster 3 cluster 4 cluster 5
-1.76E-08  -2.02E-08 -1.90E-08 -2.63E-02 -8.04E-09
-0.85 -0.97 -0.91 0.011 -0.39
-0.01 -0.02 -0.02 0.11 0.002
-0.1 0.21 0.28 -0.77 -0.48
0.48 -0.11 -0.29 -0.25 0.75
cluster 1 cluster 2 cluster 3 cluster 4 cluster 5 cluster 6
-2.01E-08 -2.22E-02 -1.86E-08 -9.38E-09 -1.70E-08 -5.56E-09
-0.96 -0.1 -0.89 -0.45 -0.81 -0.27
-0.02 0.09 -0.02 -0.01 -0.02 0.01
0.21 -0.61 0.27 -0.25 -0.02 -0.52
-0.11 -0.12 -0.28 0.61 0.33 0.73
0.02 -0.31 -0.21 0.59 0.45 0.32
cluster 1 cluster 2 cluster 3 cluster 4 cluster 5 cluster 6 cluster 7
-1.81E-08 -1.44E-08 -1.68E-08 -8.05E-09 -1.92E-08 -2.22E-02 -4.74E-09
-0.87 -0.69 -0.81 -0.39 -0.92 -0.1 -0.23
-0.02 -0.02 -0.02 -0.01 -0.02 0.09 0.003
0.26 0.22 0.17 -0.14 0.25 -0.59 -0.43
-0.25 -0.25 -0.08 0.39 -0.2 -0.12 0.62
-0.17 -0.2 0.03 0.4 -0.1 -0.3 0.29
-0.27 -0.6 0.54 0.64 0.14 0.03 -0.5
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Table 9.4: A summary of the main trace elements in each cluster after spectural

clustering anlysis.

5 |1 | Biomass/coal burning BC, Zn, Br
2 | General exhaust ClL K
3 | Base metal U, Cu, Ni, Si
4 | Residual diesel/ road traffic Ni, Cu
5 | Industry Ni, Fe, Ti
6 |1 | Biomass/coal burning BC, Zn, Br
2 | Vehicle exhaust Cl, K, Zn Br
3 | Fossil fuel combustion U, Cu
4 | Industry Ni, Cu, Fe, Ca, Ti
5 | Secondary sulphur Ni, Cu, Ti, S
6 | Base metal U, Ni, Ti, Fe
7 |1 |Industry BC, UV-PM, Ca, Cu, Zn
2 | Coal burning Cl, Zn, K, Br, Si, BC
3 | Vehicle exhaust U, Cu
4 | Resuspended dust Ni, S, Cu
5 | Road traffic Ni, U, Ti, Ca
6 | Base metal U, Si
7 | Secondary sulphur U, CU

9.4. PRINCIPAL COMPONENT ANALYSIS

PCA was run on the data as an additional comparison. Due to the nature of PCA, four

runs were executed because of the strong correlation between PMzs, BC, and UV-

PM. Figure 9.14 shows results from PCA which included all 15 species. The grouping

of the species can be seen in PCA graph (Figure 9.14a). The scree plot (Figure 9.14b)

shows the percentage of each principal component. PMz:s is the principal component

one at 97.5%.
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Figure 9.14: PCA run on for PMz25 and trace elements, a) the PCA graph and b)
scree plot of component proportion distribution. pPC-principal component.

Figure 9.15 shows (a) the PCA graph and (b) the scree plot omitting UV-PM in the
analysis. Figure 9.16 shows (a) the PCA graph and (b) the scree plot omitting BC in
the analysis. Figure 9.17 shows (a) the PCA graph and (b) the scree plot omitting both
BC and UV-PM in the analysis. The PCA analyses showed PM:zs as the principal
component in all four runs. It did not show any grouping that would assist in the

prediction of possible sources.
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Figure 9.15: PCA omitting UV-PM run on for PMzsand trace elements, a) the PCA
graph and b) scree plot of component proportion distribution. PC-principal component.
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Figure 9.16: PCA omitting BC run on for PMzs and trace elements, a) the PCA
graph and b) scree plot of component proportion distribution. Pc-principal component.
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Figure 9.17: PCA omitting BC and UV-PM run on for PMzsand trace elements, a)

the PCA graph and b) scree plot of component proportion distribution. pc-principal
component.

9.5. DISCUSSION

The aim of this chapter was to apply unsupervised ML clustering methods for source
apportionment of PM2s data collected from 18 April 2017 to 12 February 2021. The
use of clustering techniques is becoming a popular method as it reduces large
datasets into logical groups to help researchers analyse their large datasets.! This
section of the study explores the practicality of these methods for source
apportionment as an important part of air pollution studies.? K-means based clustering
and spectral clustering have been used in previous studies for source apportionment.?
3 PCA is also a dimension reducing method,* however, the results only showed PMz2s
as the component with the most influence in the dataset This proved not to be an

appropriate method to use for source apportionment.

Determining the optimal number of clusters is a practical step prior to running the
cluster models. Different methods suggested the optimal number of clusters ranged
from two to three, however, in the PMF analysis (Chapter 8) and previous studies of
the same area,®>’ suggest that there were more than two identified sources in the study
area. For this reason, the number of clusters were increased in the cluster models.
Using the two-cluster k-means model showed distinct separation in the clusters and

no overlapping was seen, but it would not be logical to assume that there are only two
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possible sources on PMzs in the study area of interest. When five and six k-means
cluster models were run, overlapping among the clusters and single clusters were
observed. Further inspection of their cluster centres showed that they were fairly close
together and were not as distinguishable as the two-cluster model. The same single
observation was identified in the five- and six-cluster models. Although, this ‘cluster’
may not seem logical, it had the highest proportion of uranium and could be worth
exploring in future studies. Although k-means clustering models in this project did not
yield fruitful results, a 2012 study showed k-means clustering in combination with
hierarchal clustering to solve the issue of outliers and produce interpretable results

based on the chemical, physical, and meteorological data of air pollution data.®

Kumar et al,® found that using k-means clustering was not appropriate, because of the
assumption that k-means clusters data in spherical distribution that may not always be
practical. In general, the findings of k-means clustering for source apportionment in
this study were found to agree with the findings of Kumar et al.3 However, another
study found k-means clustering to produce reasonable results for classifying
geochemical patterns later used for source identification.® In this study k-means
clustering was not an ideal dimension reduction method for source apportionment.
However, Chen et al,? used a clustering method that fundamentally uses k-means and
suggests that it could possibly be a solution the shortcomings of traditional source
apportionment methods. One of these shortcomings is the issue of better handling
outliers. However, k-means was found to be sensitive to outliers and the inclusion of
outliers can possibly lead to poor quality clusters.® The latter could be the reason why

a single observation was considered a cluster in the five and six k-means models.

Spectral clustering is able to cluster data without making strong assumptions on the
form of the cluster as done in k-means.1%-1! To a certain extent, the clustering did prove
to be relatively better outside of the optimal number of clusters, this was because there
was reduced overlapping among the clusters although it was still an issue. Visually,
the overlapping of the clusters was not as profound as in the k-means cluster models,
but the cluster centres were all fairly difficult to distinguish. The five-cluster spectral
model was a fairly reasonable model to consider for attributing possible sources in the
Pretoria area. Although the possible number of sources was lower that the PMF

findings. One very evident issue that arose when using both k-means and spectral
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clustering was not so much issue of clustering the data, but rather the method in which
one could analyse the data after clustering, in order to appoint a possible source. In
this study, although simplistic, comparing the proportion of total species in a cluster
was a way to assign possible source to a cluster. There is limited literature that clearly
outlines how to analyse clusters for source apportionment. Kumar et al,® seem to use
the same method of analysing the proportion of the species’ contributions to assign

possible source.

From these findings using the five, six, and seven spectral clustering models, the five-
cluster model was the better fitting model for assigning possible sources. This was
because the proportion distribution was better defined, which is possible because
there was seemingly less overlap in this model, which helped to distinguish the
difference between the clusters. The possible source contributors to PM2s identified
in this model were biomass/coal burning (35.9%), vehicle exhaust (20.7%), base metal
(18.9%), residual diesel/road traffic (8.8%), and industry (15.7%). This compared to
the possible sources identified in the PMF model: industry/base metal (8.7%), road
traffic (11.3%), secondary sulphur (12.1%), mining (43.2%), biomass/coal burning
(14.2%), resuspended dust (8.5%), and vehicular exhaust (2.0%). However, the
seven-cluster spectral model still remains a plausible option to consider for the
distribution of PM2s industry (22.0%), coal burning (42.9%), vehicular exhaust (5.8%),
resuspended dust (10.4%), road traffic (6.8%), base metal (6.7%), and secondary
sulphur (5.5%).

Industry, biomass/coal burning, and base metal in the spectral clustering models
showed to be large contributing sources of PM2s in Pretoria, South Africa, which is
similar to the findings in the PMF model. The average modelled PM2s in the PMF
analysis was 17.4 pg/m3, while the unsupervised ML cluster models maintained the
actual data, retaining the 21.8 pug/m? average. The PMF model accounted for 60% of
the data and the spectral clustering model utilised all the data observations in dataset.
The 2017 study conducted in the same area also exhibited that the modelled average
PM2s (18.3 pg/m?) was lower than the actual sampled PM2s (21.1 pg/m?3).5 McDuffie
et al, 12 found that coal, commercial waste, and open fire combustion highly contribute
to the estimated PMzs in South Africa by 20.5%, 2.7%, 3.9%, and 8.6%, respectively.

Other possible sources, such as road transport and wind dust, contributed 6.5% and
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8.5% to the country’s estimated PMa2s. Although there are limited source
apportionment studies in South Africa to compare with, the spectral clustering method
showed closer proportion distributions to the McDuffie et al,*? study. This could be an
advantage to using unsupervised ML as compared to the traditional PMF source

apportionment method however further studies are needed.

There is still a lot to be explored when considering the use of unsupervised ML in
source apportionment studies. The main advantages observed in this study was the
quick and easy execution of each clustering model to reduce the dataset, in
comparison to using PMF analyse. It was also seen that all the data was taken into
consideration as opposed to the 0.6 correlation model from PMF analysis. These
advantages could confirm the Chen et al,? assumption that clustering methods can
assist in analysing large multi-dimensional air pollution features in source

apportionment studies.

There are still evident limitations to using unsupervised ML clustering methods for
source apportionment. One of the major limitations is the lack of external validation for
the clusters. PMF analyses allow the researcher to set high error estimates (at 85%)
that help to validate the findings from the model.® However, the allocation of possible
pollution sources still remain a researcher-subjective task in both the PMF and spectral

clustering methods.

PCA modelling did not group or cluster the data in a manner that was profitable for
source apportionment. The PCA model only showed the principal component within
the dataset that had most significance, i.e. PM2s. The process investigates
independent linear combinations of the variables that produce the most variance within
the exposure data, and within that dataset there cannot be any strong correlation
between variables.** Thus the process was run four times, excluding the strongly
correlated variables, i.e. BC, and UV-PM. Although it did not show to be an appropriate
source apportionment method in this study, it has been used for source apportionment
in combination with other methods, such as Chemical Mass Balance (CMB), heat
mapping, and dendrograms.®>16 The PCA model is both easy and efficient, which are
the main advantages, but there is difficulty with results interpretation and a lack of
relationship among the components.# It could be that in this project PCA analysis, the

use of PM2s mass together with the elements created a double counting of the mass.
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Where as in the PMF analysis PMz:s is set as “total mass variable” and this results in
the PMF program subtracting all the elemental masses from the PM2.s mass, to prevent

double counting of the mass.’-18

9.6. CONCLUSION

In conclusion, the utilisation of unsupervised ML for source apportionment is still a
relatively new concept and so has to be explored further to become an established
source apportionment tool. In comparison with PMF, spectral clustering showed to be
a potential dimension reducing tool for source apportionment. These findings are an
addition to the limited research on the utilisation of ML in air pollution studies. It is
highly recommended that more source apportionment studies are conducted using
spectral clustering and unsupervised ML methods in different areas of the country to
continue to understand the results produced. This could provide additional information
on how to better analyse the clustered data and potentially improve this method as a

valuable and validated source apportionment tool for air pollution researchers.
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CHAPTER 10: DISCUSSION SUMMARY AND
RECOMMENDATIONS

The aim of this project was to assess the applicability of Artificial Intelligence (Al)
methods such as Machine Learning (ML) in air pollution epidemiology in a South
African context. As far as literature presented in Chapter 2, this is the first public health
PhD project that addresses this topic. The first goal of the study was to assess what
current attitudes and perceptions were concerning Al use in public health. Thereatter,
the study sought to test the practicality of applying unsupervised ML in different air
pollution studies, compared to traditional statistical modelling and dimension reduction
methods. K-means clustering and spectral clustering were the main unsupervised ML
clustering methods applied to investigate the joint effects of air pollution data from the
Vaal Triangle Airshed Priority Area (VTAPA), South Africa. These unsupervised ML
clustering methods were also used to identify possible sources of PMzs in Pretoria,

South Africa. Thus the main objectives were:

e To assess the perceptions and attitudes regarding Al in public health among
postgraduate students registered for the online Postgraduate Diploma in Public
Health at the School of Health Systems and Public Health (SHSPH), University
of Pretoria (UP).

e To determine the joint effects of SO2, NO2, Os, PM2s, and PMio, on hospital
admissions for respiratory disease (RD) and cardiovascular disease (CVD) in
Vereeniging and Vanderbijlpark, Gauteng, using CART analysis. Thereatfter,
using the unsupervised Machine Learning methods to determine the joint
effects of the air pollutants on RD and CVD hospital admission.

e To compare two methods of source apportionment of PMzsin Pretoria, namely,
Positive Matrix Factorization (PMF) and unsupervised Machine Learning

clustering methods.

10.1. MAIN FINDINGS
10.1.1. KAP AMONG POSTGRADUATE DIPLOMA STUDENTS

This part of the project addressed one of the nine strategic interventions of the National
Digital Health Strategy for South Africa (2019 to 2024), which was “to develop

enhanced digital health technical capacity and skilled workforce for digital technology
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support and implementation”. Different medical and public health fields studies have
already used Al and Al-related concepts in South Africa.?®> However, the main findings
from this part of the project indicated that public health students were not very
knowledgeable on common Al terminology. Major concerns were raised about the
ethical impact Al may have in public health, as well as the negative effects on job

availability in the country.

Students were quite confident that Al would be able to perform objective health tasks,
and these findings were similar to a study conducted in Canada.® The strong
perception that Al in public health is going to affect job availability to public health
professionals is possibly a global issue, not only expressed in this project.6® Al in
health research is still highly expectant of the capabilities of Al and its different
concepts.'? These high expectations seem to be worrying the general public on their

own relevance should Al be introduced within their area of work.

Therefore, in order to rationalise these expectations in future public health
professionals, curricular content for Al in public health and medicine can be structured
around basic understanding of Al concepts, limitations, and its relevant ethical and
legal implications.®-13 This educational strategy could better prepare South African
public health students to understand Al. The structuring of such a curriculum can only
be informed by more in-depth studies involving more South African tertiary education

institutions.

10.1.2. JOINT EFFECTS OF SOz, NOz, Oz, PM2s AND PMi, ON
RESPIRATORY (RD) AND CARDIOVASCULAR DISEASE (CVD)

HOSPITAL ADMISSION USING CART ANALYSIS
The joint effects of SOz, NO2, O3, PM2.5,and PMioon RD and CVD hospital admissions

were explored through grouping the pollutants in seven mixtures. The seven air
pollutant mixtures explored were; (mixture 1) PMio, NO2, and SOz2; (mixture 2) PMzs,
NOz2, and SOz; (mixture 3) PMio, NO2, and Os; (mixture 4) PM2.5, NO2, and Os; (mixture
5) PM1o, SO2, and Os; (mixture 6) PMz25, SO2, and Os; and (mixture 7) Os, NO2z, and
SOz2. There were 3 346 observations used for CART analyses from January 2011 to
February 2020.

Prior to running the CART analyses, imputation was run to address the missing data

for both the air pollution and meteorological variables. The proportion of missing data
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ranged between ~11% and ~34% across the five pollutants of interest, and between
~10% and ~22% for temperature relative humidity and wind speed. Both univariate
and multivariate imputation methods were performed, namely: the Kalman univariate
time-series method, multiple imputation by chain equations (mice) method and
multiple time-series data imputation (mtsdi) method. The multivariate methods, i.e.
mice and mtsdi methods, performed well and were able to capture the time variability
in the time-series of the air pollutants. Ultimately, the mice imputed datasets were used
in the CART analyses, as evidence showed that mice imputation was an acceptable

imputation method. 417

In total 54 822 RD and 22 520 CVD hospital admissions were recorded from the private
hospitals in Vereeniging and Vanderbijlpark. The strength of the association between
pollutants mixtures and RD and CVD hospital admissions was investigated using
statistical modelling via CART model. A time-stratified case-crossover epidemiological
design was used that controlled for long-term trend and seasonality as well as

apparent temperature.'8-19

This project investigated the health effects of gaseous pollutant combinations including
Os. The results of the study provide epidemiological evidence that the air pollution
concentrations in the VTAPA continue to put community members at risk of RD and
CVD hospitalisation. High levels of NO2zin combination with various levels of SO2, Os,
PMzs, and PMio, was found to increase the risk of both RD and CVD hospital
admissions. The current NAAQIS showed to be lenient in comparison to the WHO
guideline for NOz2, for instance, only 14% (475/3 347 days) data exceeded the daily
NAAQS but exceeded the daily WHO guideline by 67.5% (2 260/3 347 days). Thus,
there may be need to revise and update the current VTAPA air quality management
plans.?° This could increase the control and mitigation of air pollution concentration

levels in the area.

10.1.3. JOINT EFFECTS OF SOz, NO2, O3z, PM2s AND PMio ON RD
HOSPITAL ADMISSION USING UNSUPERVISED MACHINE
LEARNING ANALYSIS

This was the first study in the country, and only limited published studies had applied
unsupervised ML to investigate the joint effects of multiple air pollutants on health data,
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globally.?22 Spectral clustering using the normalised Laplacian matrix showed that
exposure to higher levels of SO2, NO2, PMzs, and PMio increases the risk of RD
hospital admission by 1.04. No cluster mixtures significantly increased the risk of CVD
hospital admission. The air pollutant mixtures were set by the unsupervised ML
clustering algorithm as opposed to CART analyses, where the air pollutant mixtures
are set priori. This was beneficial as it reduced the time taken to run the models. In

addition, running the cluster models were not computationally taxing.

Due to the complex mixture of air, setting priori mixtures helps to avoid placing highly
correlated pollutants in the same mixtures, e.g. PM2.s and PMaio. Initially, this did not
seem to be an issue for the unsupervised ML clustering methods. All pollutants, in
spite of their correlation could be set through the same analysis. Other studies using
unsupervised ML clustering found it relatively easy to run multiple air pollutants in one
model.?>22 However, the inverse relationship of Oz with other pollutants could be a
concern and results from this study and other studies showed significant mixtures only
included low levels of Os. Although DBSCAN clustering was used in the project it
proved to be inappropriate as it reduced the sample data and produced unfeasible

cluster sizes.

Overall the results provide baseline evidence that unsupervised ML can be useful in
joint effects epidemiology studies. However, within the Gartner's Al hype cycle, it
seems that it would be premature to assume that research has reached the ‘Plateaux
of productivity.” It would be more reasonable to accept that some research is still in the
‘Peak of inflated expectations’ entering into the ‘Trough of Disillusionment’.X° It is
evident that there is still more to be done in order to assert ML and Al methods as

practical air pollution epidemiology study analysis tools.

10.1.4. SOURCE APPORTIONMENT ON PM:zs IN PRETORIA (2017-
2021) USING POSITIVE MATRIX FACTERIZATION (PMF)

A seven-factor PMF model was assigned to PM2s data collected over a 46-month
period in Pretoria, South Africa. The seven contributing sources identified included,
mining (43.2%), biomass/coal burning (14.2%), secondary sulphur (12.1%), road
traffic (11.3%), industry/base metal (8.7%), resuspended dust (8.5%), and general
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exhaust (2.0%) emissions. These sources were similar to those identified in previous

studies conducted in the same area.24-26

The main focus was to run source identification using PMF. It is very evident as to why
PMF is a reliable source apportionment tool used in multiple studies.?’-3! The analysis
process is relatively easy to run and interpret, and the biggest advantage is the
availability of the different error estimations that provide a validation process for the
researcher. Another noticeable advantage is that the results remained consistent. The
results from this study showed to be consistent with the two studies conducted in
previous years, with little difference in identified sources in the area. Nonetheless, it
does come with some limitations. The PMF model only showed a 0.6 correlation with
the original dataset, leaving a 40% error margin when making source apportionment
assumptions. This also reduced the total PM2.s mean average compared to the original
data. Another limitation is that the process can be computationally taxing on medium

to large datasets.

10.1.5. SOURCE APPORTIONMENT ON PM:zs IN PRETORIA (2017-
2021) USING UNSUPERVISED MACHINE LEARNING CLUSTERING

Literature showed that using unsupervised ML clustering methods for source
apportionment was limited.32-3* This project adds to the limited information on the use
of ML in source apportionment studies. Additionally, more than one clustering method

was used, which gives an additional comparison.

Spectral clustering using the normalised Laplacian matrix showed to perform well for
source apportionment. The clustering showed less overlapping than was seen in the
k-means cluster models. The seven-cluster spectral model suggested coal burning
(42.89%), industry (22.01%), resuspended dust (10.36%), road traffic (6.78%), base
metal (6.69%), general exhaust (5.76%), and secondary sulphur (5.52%) as possible
sources. Although the percentage contribution on PMzs differed from the sources
identified using PMF, the possible identified sources did not show major variations in
the sources identified. This could suggest that spectral clustering has the potential to

be a source apportionment tool in air pollution studies.

The results of using the unsupervised ML clustering seemed to address the limitations

identified in the PMF analysis. The clustering methods were fast to run and utilised the
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entire dataset in the different cluster models, showing great potential as a dimension
reduction tool for large datasets. However, these advantages do not outweigh the
prominent setbacks. The optimal number of possible clusters was lower than the
anticipated number of possible sources for the study area established from the PMF
study. This suggests that, at this stage, unsupervised ML clustering algorithms could
lead to an underestimation of the number of possible clusters, showing that the
researcher will still need to apply subjective logic before running unsupervised ML
models.

10.2. STRENGTHS AND LIMITATIONS OF THE PROJECT
10.2.1. STRENGTHS

Although ML has been used in multiple health studies in South Africa, literature
suggests that this PhD project is the first of its kind. It presents baseline information
on the perceptions and attitudes of Al among public health students. The project also
adds to the limited information on the use of unsupervised ML clustering to investigate

joint effects of air pollution on hospital admissions and source apportionment studies.

This study also provided epidemiological evidence of the negative health effects on
multiple air pollution mixtures that include Os, NO2, and SO:2 in the VTAPA, South
Africa. The project utilises imputation to address the common issue of missing data in
environmental studies.?*° It also shows different methods of imputation that can be
applied to missing data under the MAR assumption of missingness. It also included
using external meteorological variables like temperature, relative humidity, and wind

speed to impute missing values.

10.2.2. LIMITATIONS

This is a public health study and a data science study. Therefore, it showed the
application of a few unsupervised ML methods and did not apply an exhaustive list of
ML methods. The cross-sectional survey only provided a glance at perceptions and
attitudes towards Al in public health, and these results are not generalizable to other
public health students in South Africa. The private hospital data used to investigate

joint effects of air pollution are also not generalizable to the South African population.

This project only investigates joint effects of air pollution on combined hospital data

and did not explore the effects on different groups, e.g. sex and different age groups.
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Although imputation was used to address the issue of missing data, the imputation
could have introduced measurement error, from the assumption that the measured air
pollution and meteorological data were the same across the few air monitoring sites in
the VTAPA.

10.3. GENERAL RECOMMENDATIONS

Overall, the results provide baseline evidence that unsupervised ML has the potential
to be useful in joint effects epidemiological studies and source apportionment studies.
However, more studies are needed to investigate this further. Introducing ML methods
in air pollution studies could help to simplify air pollution studies and, perhaps, increase
information on air pollution in Africa. Although air pollution and its effects may not be
a priority in Africa due to pre-existing societal issues,*® increasing the ways in which
researchers can conduct air pollution studies could be beneficial in promoting more
African-based studies and obtaining results that better represent the African

population.

Further in-depth studies should include public health students at different tertiary
levels, to broaden the scope of the how Al is viewed in public health, in order to
produce more generalizable results. The emissions standards for controlled fuels and
specifications for fuel compositions has not yet been implemented at national,
provincial or municipal level, according to the national air quality act.® It is pertinent
that the South African government, at all levels, not only enforces these standards, but
also revise air quality management plans in VTAPA. Furthermore, local hospitals in
South Africa should be encouraged and enabled to capture data electronically. This
will provide additional hospital data that can be used in air pollution epidemiology

studies, and provide more generalizable findings for the population.

As this project produces baseline results from the use of unsupervised ML methods
for air pollution joint effects associative studies and source apportionment, there is a
clear need to run more studies using the same methods within different areas of the
country. The findings from different areas will enable comparisons within the results
and possibly lead to develop unsupervised ML methods as useful tools in air pollution
epidemiology studies. Further studies should also encourage collaboration with data

scientists to guide public health researchers on modifying the unsupervised ML
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methods to improve and enhance the use of ML in public health research. The results
show that even though there is an increased use of Al and ML in medicine, the
application of Al and ML still needs to be improved if it is to be applied public health
research. By performing similar studies a better argument can be determined on
whether Al and ML have a space in public health research. If there is a space for Al
and ML, the increased studies can determine how these methods can be used to

improve public health research.
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APPENDIX 1: ETHICS APPROVAL FOR QUESTIONNAIRE

Institution: The Research Ethics Committee, Faculty
& Health Sciences. University of Pretoria complies
with ICH-GCP guidelines and has US Federal wide
Assurance.
. FWA 00002567, Approved dd 18 March 2022

and Expires 18 March 2027.

Qe «  IORG # IORGO001762 OMB No. 0990-0278

S AR R BRI Approved for use through August 31, 2023.

UNIVERSITY OF PRETORIA .
YUNIBESITHI YA PRETORIA Faculty of Health Sciences

Faculty of Health Sciences Research Ethics Committee
23 March 2023

Approval Certificate
Annual Renewal

Dear Prof J Wichmann,

Ethics Reference No.: 171/2022 - Line 1
Title: Attitudes and perceptions of postgraduate students towards use of artificial intelligence in public health

The Annual Renewal as supported by documents received between 2023-03-01 and 2023-03-15 for your research, was approved
by the Faculty of Health Sciences Research Ethics Committee on 2023-03-15 as resolved by its quorate meeting.

Please note the following about your ethics approval:
» Renewal of ethics approval is valid for 1 year, subsequent annual renewal will become due on 2024-03-23.
» Please remember to use your protocol number (171/2022) on any documents or correspondence with the Research Ethics
Committee regarding your research.
» Please note that the Research Ethics Committee may ask further questions, seek additional information, require further
modification, monitor the conduct of your research, or suspend or withdraw ethics approval.

Ethics approval is subject to the following:
» The ethics approval is conditional on the research being conducted as stipulated by the details of all documents submitted
to the Committee. In the event that a further need arises to change who the investigators are, the methods or any other
aspect, such changes must be submitted as an Amendment for approval by the Committee.

We wish you the best with your research.

Yours sincerely

S

&

On behalf of the FHS REC, Professor C Kotzé
MBChB, DMH, MMed(Psych), FCPsych, Phd
Acting Chairperson: Faculty of Health Sciences Research Ethics Committee

The Faculty of Health Sciences Research Ethics Committee complies with the SA National Act 61 of 2003 as it pertains to heaith research and the United States Code of
Federal Regulations Titie 45 and 46. This committee abides by the ethical norms and principles for research, established by the Declaration of Helsinki, the South
African Medical Research Council Guidelines as well as the Guidelines for Ethical Research: Principles Structures and Processes, Second Edition 2015 (Department of
Heaith)
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APPENDIX 2: STUDY QUESTIONNAIRE

We, Professors Janine Wichmann and Liz Wolvaardt along with Drs Mari van Wyk
and Sean Patrick, would like to understand the perception and attitude of students
enrolled in the Postgraduate Diploma in Public Health regarding Artificial Intelligence
(Al). The results can be applied to guide policy development and education
curriculum changes, which may initiate an interest in emerging technologies such as

Al. Studies on this are lacking in Africa.
We intend to submit the findings to a journal for publication.

This survey will consist of a series of short questions related to the study that will

include open-ended questions and rating answers on a scale.

There are three (3) sections in the questionnaire. (A): Demographics section, (B):

Knowledge of Artificial Intelligence and (C) Perceptions of Atrtificial Intelligence
The survey will take about 15-20 minutes to complete.

Please contact Prof Janine Wichmann, the principal investigator, if you need any

clarifications regarding the study questionnaire.

Please click on NEXT to proceed to the survey (Qualtrics will be used to collect the
data:
https://www.qualtrics.com/uk/?rid=ip&prevsite=en&newsite=uk&geo=ZA&geomatch=
uk).

*This questionnaire was adapted from this study:

Mehta N, Harish V, Bilimoria K, Morgado F, Ginsburg S, Law M, et al. Knowledge
and attitudes on artificial intelligence in healthcare: A provincial survey study of
medical students. medRxiv. 2021; 10(1) doi:10.15694/mep.2021.000075.1
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Section A: Demographics

1. What is your gender?

a) Female
b) Male

2. What is your age category?

a) 20-25
b) 26-30
c) 31-35
d) 36-40
e) 41-45
f) 46-50
g) 51-55
h) 56-60
i) 61 orolder

3. In what province do you live?

j) Eastern Cape

k) Free State

[) Gauteng

m) Kwa-Zulu Natal

n) Limpopo

0) Mpumalanga

p) Northern Cape

g) North-West

r) Western Cape

s) Do not live in South Africa

5. Do you study full-time or part-time?

a) Fulltime
b) Parttime
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6. What is the highest qualification you have obtained?

a) Bachelors

b) Masters

c) Doctorate

d) Other (please specify):

7. a What was the programme of your highest qualification? e.g. Masters in
Chemistry

7. b What year did you obtain your highest qualification?

8. Do you have a background in computer science?
a) Yes
b) No

9. Please describe your training in computer science

Training/course:

Duration:

10.Have you attended or viewed any talks or lectures on artificial intelligence?
a. No
b. Yes
I. Approximately how many?

11.Do you have any training in computer programming/coding?
a. No
b. Yes
I. Where did you acquire this training?

Section B: Knowledge of Artificial Intelligence

To what extent do you agree with the following statements?
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1. lunderstand what the term “artificial intelligence” means.
a. Strongly disagree
b. Disagree
c. Agree
d. Strongly agree

2. | understand what the term “machine learning” means.
a. Strongly disagree
b. Disagree
c. Agree
d. Strongly agree

3. lunderstand what the term “neural network” means.
a. Strongly disagree
b. Disagree
c. Agree
d. Strongly agree

4. | understand what the term “deep learning” means.
a. Strongly disagree
b. Disagree
c. Agree
d. Strongly agree

5. | know what an algorithm is in the context of computer science.
a. Strongly disagree
b. Disagree
c. Agree
d. Strongly agree

Section C: Perceptions of Artificial Intelligence

Please read this definition: Artificial Intelligence is the theory and development of
computer systems able to perform tasks that normally require human intelligence,

such as visual perception, speech recognition, and decision-making.

In your opinion, what is the likelihood that artificial intelligence enabled
technologies will ever be able to replace human beings in performing these

tasks as well as or better than the average healthcare professional?
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*Note: each time you select "extremely likely" or "likely", it will prompt a question
regarding the timeline in which you see these innovations happening.

Section C1: Individual Patient Care

1. Provide patients with preventative health recommendations (e.g. exercise,
diet, wellness).
a) Extremely unlikely
b) Unlikely
c) Likely
d) Extremely likely

2. Analyse patient information to reach a diagnosis.
a) Extremely unlikely
b) Unlikely
c) Likely
d) Extremely likely

3. Analyse patient information to establish possible prognosis.
a) Extremely unlikely
b) Unlikely
c) Likely
d) Extremely likely

4. Read and interpret diagnostic imaging (such as X rays).
a) Extremely unlikely
b) Unlikely
c) Likely
d) Extremely likely

5. Evaluate when to refer patients to other health professionals.
a) Extremely unlikely
b) Unlikely
c) Likely
d) Extremely likely

6. Formulate personalised treatment plans for patients.
a) Extremely unlikely
b) Unlikely
c) Likely
d) Extremely likely
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7. Formulate personalised medication prescriptions for patients.
a) Extremely unlikely
b) Unlikely
c) Likely
d) Extremely likely

8. Provide empathetic care to patients.
a) Extremely unlikely
b) Unlikely
c) Likely
d) Extremely likely

9. Monitor patient compliance to prescribed medications, exercise and dietary
recommendations.
a) Extremely unlikely
b) Unlikely
c) Likely
d) Extremely likely

10. Provide psychiatric/personal counselling.
a) Extremely unlikely
b) Unlikely
c) Likely
d) Extremely likely

11.Perform surgery (e.g. robotic surgery).
a) Extremely unlikely
b) Unlikely
c) Likely
d) Extremely likely

Section C2: Health Systems

12.Provide documentation (e.g., update medical records) about patients.
a) Extremely unlikely
b) Unlikely
c) Likely
d) Extremely likely

13. Assist hospitals in capacity planning and human resource management.
a) Extremely unlikely
b) Unlikely
c) Likely
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d) Extremely likely

14.Provide recommendations for quality improvement in practices/hospitals.
a) Extremely unlikely
b) Unlikely
c) Likely
d) Extremely likely

Section C3: Population Health

15.Conduct population health surveillance and outbreak prevention.
a) Extremely unlikely
b) Unlikely
c) Likely
d) Extremely likely

16. Select the best population health interventions.
a) Extremely unlikely
b) Unlikely
c) Likely
d) Extremely likely

Section C4: Artificial Intelligence impact on Public Health careers

17. Artificial Intelligence will reduce the number of jobs available to me.
a) Strongly agree
b) Agree
c) Disagree
d) Strongly disagree

18. Artificial Intelligence will reduce the number of jobs in certain public health
specialties more than others
a) Strongly agree
b) Agree
c) Disagree
d) Strongly disagree

19. Artificial Intelligence will/already did impact my choice of public health
specialty selection.
a) Strongly agree
b) Agree
c) Disagree
d) Strongly disagree
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Section C5: Artificial Intelligence Ethics

20.Al in public health will raise new ethical challenges.
a) Strongly agree
b) Agree
c) Disagree
d) Strongly disagree

21.Al in public health will raise new social challenges.
a) Strongly agree
b) Agree
c) Disagree
d) Strongly disagree

22.Al in public health will raise new challenges around health equity.
a) Strongly agree
b) Agree
c) Disagree
d) Strongly disagree

23.The South African healthcare system is currently well prepared to deal with
challenges related to Al.
a) Strongly agree
b) Agree
c) Disagree
d) Strongly disagree

Section C6: Artificial Intelligence and public health education

24. My public health education is adequately preparing me for working alongside
Al tools
a) Strongly agree
b) Agree
c) Disagree
d) Strongly disagree

25. My public health training should include training on Al competencies (e.qg.
what is Al, how will it impact us, what are the challenges it raises).
a) Strongly agree
b) Agree
c) Disagree
d) Strongly disagree
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26.Every public health student should be required to receive training in Al
competencies.
a) Strongly agree
b) Agree
c) Disagree
d) Strongly disagree

27.Training in Al competencies should begin as a:
a) Undergraduate student regardless of study area
b) Postgraduate student regardless of study area
c) No training in Al competencies is necessary

28.Do you have any comments or concerns (good and/or bad) on the topic of Al

in public health? (word limit: 100)

29.What is your general reflection on what Al will look like in 5 years within your

department? (word limit: 100)
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APPENDIX 3: CONSENT FORM
ICD 1A

PARTICIPANT’S INFORMATION & INFORMED CONSENT DOCUMENT

STUDY TITLE: Attitudes and perceptions of postgraduate students towards use of

artificial intelligence in public health

PRINCIPAL INVESTIGATOR: Prof Janine Wichmann

COLLABORATORS: Prof Liz Wolvaardt, Dr Mari van Wyk, Dr Sean Patrick

INSTITUTION: School of Health Systems and Public Health, University of Pretoria

DAYTIME AND AFTER HOURS TELEPHONE NUMBER(S):

Daytime telephone numbers: 012 356 3259/ 082 693 7275

Email address: Janine.wichmann@up.ac.za

Dear Prospective Participant

1) INTRODUCTION

You are invited to volunteer in this research study. We are doing research for non-
degree purposes at the School of Health Systems and Public Health, University of
Pretoria. This information in this document is to help you to decide if you would like to
participate. Before you agree to take part in this study you should fully understand
what is involved. If you have any questions, which are not fully explained in this
document, do not hesitate to ask the principal investigator, Prof Janine Wichmann.
You should not agree to take part unless you are completely happy about all the

procedures involved.
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2) THE NATURE AND PURPOSE OF THIS STUDY

Artificial Intelligence (Al) is an umbrella term used to describe the multidisciplinary
approach to use statistical, mathematical, and computer sciences to simulate
intelligent behaviour. Al has been a very useful tool in many sectors of society,
including medicine and public health. Using the various types of Al, the healthcare
sector has been aided with tools to help in for example administration, diagnosis

making, treatment planning, medical record mining and drug creation.

However, there are numerous limitations and challenges of Al that need to be
scrutinised before formulating and interpreting the Al generated results. It is important
that future public health experts are well aware of the opportunities and challenges
linked to Al. The aim of this study is to understand the perception and attitude of

students enrolled in the online Postgraduate Diploma in Public Health regarding Al.

3) EXPLANATION OF PROCEDURES AND WHAT WILL BE EXPECTED
FROM PARTICIPANTS.

There are three (3) sections in the questionnaire, namely (A): Demographics, (B):

Knowledge of Artificial Intelligence and (C) Perceptions of Artificial Intelligence. The

online questionnaire will be made available after you have given your consent.

The questionnaire will take 15-20 minutes to complete. Should you not feel
comfortable to take part in or withdraw from completing the questionnaire you are free

to do so at any point in the study.

4) POSSIBLE RISKS AND DISCOMFORTS INVOLVED
There are no medical risks associated with the study. Therefore, there is no
significant risk to the participant.
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5) POSSIBLE BENEFITS OF THIS STUDY

Although you may not benefit directly, your responses will assist in helping us
understand your perceptions and attitude regarding Al. The results can be applied to
guide policy development and education curriculum changes, which may initiate an
interest in emerging technologies such as Al among postgraduate public health

students. Studies on this topic are lacking in Africa.

6) COMPENSATION
Your participation will be entirely voluntary. You can refuse to take part in the study
and can withdraw at any point you feel uncomfortable. Withdrawal from the study will

not affect you or your treatment in any way.

7) YOUR RIGHTS AS A RESEARCH PARTICIPANT
Your participation in this study is entirely voluntary and you can refuse to participate

or stop at any time without stating any reason.

8) ETHICS APPROVAL

The research study protocol was approved by the Faculty of Health Sciences
Research Ethics Committee, University of Pretoria (Ref number 171/2022). The
contact details of the Committee are: Telephone numbers 012 356 3084 / 012 354
1330 or email: manda.smith@upco.za. The study was structured in accordance with
the Declaration of Helsinki (last update: October 2013). A copy of the Declaration may
be obtained from the principal investigator Prof Janine Wichmann should you wish to

review it.

9) INFORMATION
If you have any questions concerning this study, you should contact: Prof Janine
Wichmann, principal investigator, 012 356 3259/082 693 7275

10) CONFIDENTIALITY
All information you provide will be kept strictly confidential. Once we have analysed
the information no one will be able to identify you. Research reports and articles in

scientific journals will not include any information that may identify you.
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11) CONSENT TO PARTICIPATE IN THIS STUDY

. | have also received, read and understood the above written information about
the study.

. | have had adequate time to ask questions and | have no objections to participate
in this study.

. | am aware that the information obtained in the study, including personal details,
will be anonymously processed and presented in the reporting of results.

. | understand that | will not be penalised in any way should | wish to discontinue

with the study and that withdrawal will not affect my further treatments.

. | am participating willingly.

. | have received an electronic version of this informed consent agreement and |
signed electronically with my name and date.

Participant’s name: Will not be collected (use Qualtrics to collect data:
https://www.qualtrics.com/uk/?rid=ip&prevsite=en&newsite=uk&geo=ZA&geomatch=
uk)

Date: Will not be collected (use Qualtrics to collect data)

Yes No

| hereby give my consent to participate in this study C ¢
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APPENDIX 4: FIRST AAC APPROVAL

@

UNIVERSITELT VAN PRETORIA
UNIVERSITY OF PRETORIA
YUNIBESITHI YA PRETORIA Faculty of Health Sciences

19 May 2021

NS Mwase
Student number: 17242496
Email: nandisisa@gmail.com

Dear Nandi
SUCCESSFUL PHD PROTOCOL DEFENCE

SUPERVISOR: Associate Prof J Wichmann, Faculty of Health Sciences, SHSPH
SUPERVISOR: Prof Washington Junger (Rio de Janeiro State University)

TITLE: Artificial Intelligence applications in air pollution epidemiology in South Africa: supervised and
unsupervised machine learning

You had a successful virtual PhD protocol oral defence on 10 February 2021 at the School of Health Systems
and Public Health, chaired by Dr Joyce Shirinde. All three reviewers indicated that revisions were required to your
protocol and that they recommended your protocol for PhD Epidemiology [10260409] studies at the School of Health
Systems and Public Health. Herewith the names of reviewers:

Internal Reviewer: Prof Inger Fabris-Rotelli, Department of Statistics, University of Pretoria
External Reviewer: Prof Patrick De Boever MSE, PhD, Hasselt University / University of Antwerp
External External Reviewer: Justin Lessler, Johns Hopkins Bloomberg School of Public Health

You addressed all the reviewers feedback and the SHSPH Academic Advisory Committee approved your
updated protocol. You may now proceed and submit for ethical approval. The AAC strongly recommends that you

also attach all three review forms in case the Faculty Research Ethics Committee questions the quality of your PhD
protocol.

Yours sincerely

Dr Joyce Shirinde Prof K Voyi
Chairperson Chairperson:
SHSPH Academic Advisory Committee School of Health Systems and Public Health

Cc: Prof J Wichmann

AAC members: Dr Joyce Shirinde (Chairperson), Prof Janine Wichmann, Dr Neo Ledibane, Prof Halina Rollin, Dr Flavia
Senkubuge, Annette Welman (student admin), Dr S Patrick, Dr A Musekiwa, Dr T Kruger, Dr E Webb, Mrs Kathy Pieterse

AAC email address: kathy.pieterse@up.ac.za
http://shsph.up.ac.za
WWww.up.ac.za
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APPENDIX 5: SECOND AAC APPROVAL LETTER (AFTER
TITLE CHANGE)

Q@

UNIVERSITELT VAN PRETORIA
UNIVERSITY OF PRETORIA
YUNIBESITHI YA PRETORIA Faculty of Health Sciences

18 June 2021

NS Mwase
Student number: 17242496
Email: nandisisa@gmail.com

Dear Nandi
SUCCESSFUL PHD PROTOCOL DEFENCE

SUPERVISOR: Associate Prof J Wichmann, Faculty of Health Sciences, SHSPH
QBUPERVISOR: Prof Washington Junger (Rio de Janeiro State University)

TITLE: Supervised and unsupervised machine learning in air pollution epidemiology in South Africa: Artificial
intelligence subset application

You had a successful virtual PhD protocol oral defence on 10 February 2021 at the School of Health Systems
and Public Health, chaired by Dr Joyce Shirinde. All three reviewers indicated that revisions were required to your
protocol and that they recommended your protocol for PhD Epidemiology [10260409] studies at the School of Health
Systems and Public Health. Herewith the names of reviewers:

Internal Reviewer: Prof Inger Fabris-Rotelli, Department of Statistics, University of Pretoria
External Reviewer: Prof Patrick De Boever MSE, PhD, Hasselt University / University of Antwerp
External External Reviewer: Justin Lessler, Johns Hopkins Bloomberg School of Public Health

You addressed all the reviewers' feedback and the SHSPH Academic Advisory Committee approved your
updated protocol. You may now proceed and submit for ethical approval. The AAC strongly recommends that you
also attach all three review forms in case the Faculty Research Ethics Committee questions the quality of your PhD
protocol.

Yours sincerely

pS

Dr Joyce Shirinde Prof K Voyi
Chairperson Chairperson:
SHSPH Academic Advisory Committee School of Health Systems and Public Health

Cc: Prof J Wichmann

AAC members: Dr Joyce Shirinde (Chairperson), Prof Janine Wichmann, Dr Neo Ledibane, Prof Halina Rollin, Dr Flavia
Senkubuge, Annette Welman (student admin), Dr S Patrick, Dr A Musekiwa, Dr T Kruger, Dr E Webb, Mrs Kathy Pieterse
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APPENDIX 6: FIRST ETHICS APPROVAL FOR PHD STUDY

Institution: The Research Ehics Committes, Facuty

. Mkmnmdhm:mw
CH.GCP guidelimes 8nd has US Federal wide
*  FWA 00002557, Approved dd 22 May 2002 and
Expires 03202022
VP * |ORG# IORGD001762 OMB No. 02200272

MNITTERRITRIT VAN PRRTURIA
UNIVERSITY OF PRETOM
TUNIRLSITHE YA PRETORIS Faculty of Health Sclences

Approved for Fi 28, 2022 and
use through February

Faculty of Health Sciences Research Ethics Committee

26 August 2021

Approval Certificate
New Application

Dear Miss NS Mwase

Ethics Reference No.- 43372021

Title: Supervised and unsupervised machine learning in air pollution epidemiology in South Africa: Artificial Intelligence
subset application

The New Application as supported by d ts received b 2021.07-21 and 2021-08-25 for your research, was approved
by the Facully of Health Sciences Research Ethics Committee on 2021.08-25 as resolved by its quorate meeting.

Please note the folowing about your ethics approvak
e Ethics Approval is valid for 1 year and needs to be renewsd annually by 2022.08-26.
e Please remember o use your prolocol number (433/2021 ) on any do s o C i with the R
Ethics Commitles regarding your research.
s Please nole that the Research Ethics Commtiee may ask further questions, seek additional information, require further
medification, monitor the conduct of your research, or suspend of withdraw ethics approval.

Ethics approval is subject to the following:
e The ethics approval is condiSonal on the h being conducted as stipulated by the details of all documents submitied
to the Committee. in the event that a further need arises 1o change who the i igalors are, the methods or any other

aspect, such changes must be submilted as an Amendment for approval by the Commitiee.

We wish you the bast with your research.

Yours sincerely
6%77

On behalf of the FHS REC, Professor Werdie (CW) Van Staden
MBCHhB, MMed(Psych), MD, FCPsych(SA), FTCL, UPLM
Chairperson: Facully of Haskth Sciences Research Ethics Commiliee

The Facuty of Heath So e Emies G with e SA Nations! Act 61 of 2003 a5 & perthing 15 heath seaeivch and the Unded Stutes Code of
Federal Regulasons Tite ¢5 and 46 Thiz covomdion abvdies Sy the adhicd) noams and L3 Ly 0w Do o of Helwiaki, e South Afrcen
Meheal Resnarch Councd Cudeines as well &a the G for Ewvesl Ry Prncplas St o Pre Second Eaon 2015 (Depertrmart of Hoal)
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APPENDIX 7: SECOND ETHICS APPROVAL LETTER

Institution: The Research Ethics Committee, Faculty

4 Health Sciences. University of Pretoria complies

with ICH-GCP guidelines and has US Federal wide

Assurance.

« FWA 00002567, Approved dd 18 March 2022
and Expires 18 March 2027.

QP +« |ORG #: IORG0001762 OMB No. 0990-0278

Approved for use through August 31, 2023.

UNIVERSITEIT VAN PRETORIA
UNIVERSITY OF PRETORIA )
YUNIBESITHI YA PRETORIA Faculty of Health Sciences

Faculty of Health Sciences Research Ethics Committee
19 January 2023
Approval Certificate
Annual Renewal

Dear Miss NS Mwase,

Ethics Reference No.: 433/2021 - Line 2
Title: Supervised and unsupervised machine learning in air pollution epidemiology in South Africa: Artificial Intelligence

subset application

The Annual Renewal as supported by documents received between 2022-12-02 and 2023-01-18 for your research, was approved
by the Faculty of Health Sciences Research Ethics Committee on 2023-01-18 as resolved by its quorate meeting.

Please note the following about your ethics approval:
* Renewal of ethics approval is valid for 1 year, subsequent annual renewal will become due on 2024-01-19.
* Please remember to use your protocol number (433/2021) on any documents or correspondence with the Research Ethics
Committee regarding your research.
* Please note that the Research Ethics Committee may ask further questions, seek additional information, require further
modification, monitor the conduct of your research, or suspend or withdraw ethics approval.

Ethics approval is subject to the following:
* The ethics approval is conditional on the research being conducted as stipulated by the details of all documents submitted

to the Committee. In the event that a further need arises to change who the investigators are, the methods or any other
aspect, such changes must be submitted as an Amendment for approval by the Committee.

We wish you the best with your research.

Yours sincerely

On behalf of the FHS REC, Professor Werdie (CW) Van Staden
MBChB, MMed(Psych), MD, FCPsych(SA), FTCL, UPLM
Chairperson: Faculty of Health Sciences Research Ethics Committee

The Faculty of Health Sciences Research Ethics Committee complies with the SA National Act 61 of 2003 as it pertains to health research and the United States Code of
Federal Regulations Title 45 and 46. This committee abides by the ethical norms and principles for research, established by the Declaration of Helsinki, the South
African Medical Research Council Guidelines as well as the Guidelines for Ethical Re h: Principles Structures and Processes, Second Edition 2015 (Department of
Health)

Fakulteit Gesondheidswetenskappe
Lefapha la Disaense Sa Maphelo
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APPENDIX 8: FINAL ETHICS APPROVAL LETTER

Institution: The Research Ethics Committee, Faculty

Health Sciences. University of Pretoria complies

with ICH-GCP guidelines and has US Federal wide

Assurance.

« FWA 00002567, Approved dd 18 March 2022
and Expires 18 March 2027.

Qe + IORG # IORG0001762 OMB No. 0990-0278
UNIVERSITEIT VAN PRETORIA Approved for use through August 31. 2023.
UNIVERSITY OF PRETORIA
YUNIBESITHI YA PRETORIA Faculty of Health Sciences

Faculty of Health Sciences Research Ethics Committee
18 May 2023

Approval Certificate
Amendment

Dear Miss NS Mwase

Ethics Reference No.: 433/2021 — Line 3
Title: Unsupervised machine learning in air pollution epidemiology in South Africa: Artificial Intelligence subset
application

The Amendment as supported by documents received between 2023-04-18 and 2023-05-17 for your research, was
approved by the Faculty of Health Sciences Research Ethics Committee on 2023-05-17 as resolved by its quorate meeting.

Please note the following about your ethics approval:
e DPlease remember to use your protocol number (433/2021) on any documents or correspondence with the Reseasrch
Ethics Committee regarding your research.
e DPlease note that the Research Ethics Committee may ask further questions, seek additional information, require
further modification, monitor the conduct of your researc, or suspend or withdraw ethics approval.

Ethics approval is subject to the following:
e The ethics approval is conditional on the research being conducted as stipulated by the details of all documents
submitted to the Committee. In the event that a further need arises to change who the investigators are, the
methods or any other aspect, such changes must be submitted as an Amendment for approval by the Committee.

We wish you the best with your research.

Yours sincerely

e >

On behalf of the FHS REC, Dr R Sommers
MBChB, MMed (Int), MPharmMed, PhD
Deputy Chairperson of the Faculty of Health Sciences Research Ethics Committee, University of Pretoria

.

The Faculty of Health Sciences Research Ethics Committee complies with the SA National Act 61 of 2003 as it pertains to health ressarch and the United States Code of
Federal Regulations Title 45 and 46. This committee abides by the ethical norms and principles for research, established by the Declaration of Helsinki, the South African
Medical Research Council Guidelines as well as the Guidelines for Ethical Research: Principles Structures and Processes, Second Edition 2015 (Department of Health).

Research Efhics Commitiee Fakulteit Gesond heidswetenskappe
Room 4-60, Level 4, Tswelopele Building Lefapha la Disaense €a Maphelo
Univessity of Pretoria, Private Bag x323

Ge; South Africa

Tel 356 3084
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APPENDIX 9: DECLARATION FROM PROOFREADER

DECLARATION FROM PROOFREADER

This is to state that the PhD (Epidemiology) submitted to me by Miss Nandi
Sisasenkosi Mwase (student no u17242496) of the University of Pretoria, South
Arica, has been proofread by me according to the tenets of academic discourse.

Mrs Dené Hees, MA (Drama and Film Studies); Cert. of Copy-editing and
Proofreading (SAWC); TEFL cert. (Level 5, QUALIFI).

98 Papillon

624 Farm Road

Equestria, Pretoria

Gauteng

0184

060 970 8425

denejvrb@gmail.com

26 April 2023
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