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SYNOPSIS 

The mining industry in South Africa contributes significantly towards the economy. 
Mining has also been associated with being harmful to the environment. The negative 
impact the mining has on the environment is mostly due to operations that give rise to 
dust and mismanagement of tailings. This results in the contamination of the water, air 
and soil which make up the surrounding conditions that communities live in.  

In mining communities, three classes of health determinants have been identified. 
These are environmental, occupational, and social. There is increasing evidence of 
the role environmental detriment, caused by mining activities, plays in the health 
outcomes of people living in mining communities. Respiratory illnesses such as TB 
and silicosis are some of the most common health outcomes that are caused by 
mining-related activities.  

In district and local municipalities where mining extent is relatively high, the 
municipalities tend to have the highest deaths due to respiratory illnesses. The relative 
influence of mining activities expressed as the mining area amounts to 26% in the 
district municipalities. Mining-affected communities therefore have the most fatalities 
due to respiratory illnesses than in non-mining communities.  

Mining-affected communities are also affected, to a great extent, by socio-economic 
conditions. Socio-economic conditions determine the extent to which mining-affected 
communities can readily manage the respiratory health outcomes. Socio-economic 
conditions that inform the community’s capacity to do that are income, education level, 
unemployment, and the general standard of living. In local and district municipalities 
where unemployment is high, there is a higher number of respiratory deaths than in 
municipalities where unemployment is not as high. This trend is also seen when it 
comes to the number of people that are considered indigent based on their annual 
household income. The higher the poverty levels, the higher the number of deaths due 
to respiratory illnesses.  

This shows that mining activities have a direct cause to the number of respiratory 
deaths in the mining-affected communities but the extent to which communities are 
affected is also driven by their socio-economic conditions. These results are important 
in predicting how vulnerable communities can be affected in future health or even 
social crises.  

Covid-19 is a rapidly spreading disease characterised by symptoms ranging from 
headaches to difficulty in breathing. There is no vaccine for Covid-19 as yet and hence 
its treatment and management are heavily reliant on resources such district hospitals 
and the capacity people have to adhere to regulations that minimise the spread and 
also have monetary capacity to supplement themselves with medicines that 
strengthen their immunity against Covid-19. People with underlying medical conditions 
such as diabetes and lung cancer are also at risk to develop the more severe 
symptoms of Covid-19. This study has shown that communities that are vulnerable 
due to comorbidities, high unemployment and a higher number of people living in 
poverty are the most likely to die from Covid-19 once infected.  

Thus, it is necessary that studies like this highlight the need to mining activities to 
make considerable changes in operations that reduce the negative impact they have, 
particularly on vulnerable communities.  
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1 INTRODUCTION 

1.1 Background  

The mining industry is a significant contributor to the economy. Mining activities are 
also associated with environmental hazards which pose a health risk to surrounding 
communities. Health and Safety in mining operations is a key priority that is mostly 
dedicated to safe working conditions. Health and Safety considerations can also shape 
the long-term impact mining operations have on the physical environment and social 
development of surrounding communities. The impact of mining on the environment is 
dependent on its ability to contain mine waste in a manner that is not deleterious to 
resources such as cultivated land and water. Coal mines which are the primary source 
of electricity have been known to discharge mine water containing metals such as Cu, 
Fe, Mn and Ni onto resources to be used by communities (Tiwary, 2000). Similarly, 
gold mining, through the mismanagement of mine waste, has resulted in the infection 
of mine workers with silicosis (Mcculloch, 2009).Evidently, the generation of dust and 
operations that give rise to occupational diseases also plays a significant role in 
determining the impact mining has on surrounding communities. The capacity of these 
communities to manage health risks is provided by understanding socio-economic 
indicators such as access to health services and levels of additional risk due to 
underlying conditions. Having little knowledge on relationships between variables 
gives leeway to an inability of risk management in unpredictable situations. Ensemble 
learning, a machine learning technique, has been utilised in environmental data mining 
to obtain prediction that give knowledge to manage environmental predicaments 
(Tuysuzoglu, et al., 2018).  Regression models are particularly used in algorithms to 
describe patterns and predicting future relationships (Elith, et al., 2008). This study 
uses machine learning algorithm to determine relationships between socio-economic 
factors and environmental impact in mining-affected communities in South Africa.        

1.2 Problem statement  

Mining processes generate and discharge dust, liquid, and solid waste into the 
environment (Dudka & Adriano, 1997). The prevailing health outcomes have mainly 
been associated with respirable causes, thus resulting to diseases such as 
tuberculosis, silicosis, asbestosis, lung cancer, and chronic obstructive airways 
disease, among many others (Ross & Murray, 2004) . The affected communities and 
workers are often challenged with low socioeconomic statuses thus factoring into the 
response to health vulnerability (CSIR, 2015). There is need to determine whether 
mining activities or socioeconomic factors are the driving force to detrimental health 
outcomes. 

Furthermore, the population in mining communities, especially old mine workers is at 
a high vulnerability to COVID-19 complications due to pre-existing respiratory health 
issues (CHR and SAMA, 2020). Therefore, the assessment of the relationships of the 
mentioned determinants will aid in predicting the susceptibility of these communities 
for any future unexpected health crises such as the Covid-19 pandemic.  

1.3 Objectives of study 

The overall objective of this study is to determine whether there is a correlation 
between mining related activities and the health outcomes in communities across 
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South Africa or whether health outcomes in these areas are purely driven by socio 
economic factors. Furthermore, this study aims to assess to what extent the burden of 
health outcomes in mining communities is aggravated by socio-economic factors and 
the population’s sensitivity to the burden of negative health outcomes.  

 

1.4 Scope and limitations of study 

This study is a national analysis of the extent that mining, environmental and socio-
economic indicators are determinant of respiratory illnesses in mining-affected 
communities. The analysis is to be done on two spatial layers: district municipalities 
and local municipalities. The factors to be investigated and correlated are the 
environmental indicators, vulnerability indicators and mining-related respiratory health 
outcomes in communities. The study uses a boosted regression tree algorithm with R 
programming to develop the analyses.  

This study is limited to data that is available from the data sets such as SARVA (South 
African Risk and Vulnerability Atlas), GeoTerra and SAAQIS (South African Air Quality 
Information Systems) among other data sets that will be used in the study. The national 
analysis will be conducted over a month between November and December, thus the 
rigor in which the study will be approached is limited to that time frame. The 
consistency of data sets varies across municipalities, causing gaps and inadequacies 
in the analysis across areas around South Africa. 
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2 LITERATURE REVIEW  

Mining related activities have been known to significantly contribute towards South 
Africa’s economy however, they are also associated with health conditions such as 
silicosis and tuberculosis, especially in Sub-Saharan Africa (Stuckler, et al., 2011). 
The extent to which mining has affected communities is not yet known such that there 
is need to evaluate the current impact mining and socio-economic factors have on 
mining communities in South Africa. Such a study is beneficial as it helps provide 
insight into communities’ vulnerability to future health crises such as the current Covid-
19 pandemic.  

A review done on human health impacts and potential determinants of diseases in 
mining communities found that there are three classes of health determinants which 
are environmental, occupational, and human and societal. The review gathered that 
there is an increasing evidential link between exposure to the polluted environment, 
and negative preventable health outcomes, particularly in developing countries 
(Entwistle, et al., 2019). The study lacked quantifiable data, although, it gave a broad 
outlook on what may contribute to diseases in mining communities. This literature 
review will contextualise the environmental factors, health outcomes and socio-
economic factors in mining affected communities. Additionally, this literature review 
will establish insights into existing relationships between environmental factors, health 
outcomes and socio-economic factors.  

2.1 Environmental Factors in Mining Communities  

Mining waste is a contributing factor to the detriment of mining-affected areas (Tiwary, 
2000). There has since been a need for legislature to drive the management of mineral 
waste in South Africa to mitigate the impact it may have on resources such as water 
(Adler, et al., 2007). One of the causes of the contamination of water is acid generation 
from sulphur containing minerals like pyrites. The acidified water runs off into 
groundwater and rainwater collected in rivers and dams (Tiwary, 2000). It is thus 
necessary that water be considered an environmental indicator for the impact mining 
has on surrounding communities. Likewise, gold mining tailings’ have been known to 
give rise to dust which poses a health risk to communities surrounding the mining 
areas (Wright, et al., 2014) (Wright, et al., 2014). Due to this, analysing air quality, soil 
and water quality as environmental indicators is beneficial. Such analysis provides 
insights into the impact of mining where the environment is concerned.  

2.1.1 Soil  

A report by the Council for Scientific and Industrial Research (CSIR) on the human 
health risk assessment of exposure to particulate matter and metals in soil found the 
analyses of the soil to contain a high level of contamination of arsenic, mercury and 
uranium around informal settlements. The study determined the element 
concentration to have originated from tailing storage facilities near the settlements. A 
comparison of the metal concentrations in the soil samples with soil enrichment levels 
and the South African Soil Screening Levels, found that the soil sample concentrations 
exceeded the soil screening levels (CSIR, 2015). Similarly, a study conducted by 
(Mathe-Gasper, et al., 2009) argues that the contamination of soil by lead (Pb), arsenic 
(As), cadmium (Cd) and zinc (Zn) is a potential risk for living organisms. The 
suggestion by (Mathe-Gasper, et al., 2009) is because heavy elements in soil inhibit 
plant growth. The suppressed plant growth results in wildlife not accessing food for 
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survival and human life not being able to be sustained through crops for food and 
business.  

The CSIR study followed the human health risk assessment (HRRA) framework, 
consisting of hazed identification, exposure assessment, toxicity assessment and risk 
characterisation. The hazards studied were identified as the metals found in the soil, 
PM10 and PM2.5 as these were potentially respirable airborne matter. The metals found 
were determined to be potentially negative for human health through literature.  

The exposure of the hazards through ingestion, inhalation and dermal contact was 
estimated using an EPA risk calculator and found that there was an unlikeliness of 
health effects through inhalation, and a high potential detriment to health through 
dermal contact in children and soil ingestion. 

It is evident that the contamination of soil in mining areas is affects both the flora and 
human life. Consequently, soil is an important environmental indicator in conducting 
an analysis of the impact mining has on communities.  

However, the impact mining has on the landscape in surrounding communities is not 
limited to contamination by chemical substances. Mining operations including 
exploration and construction can result in deforestation, erosion and other alterations 
to soil profiles (Haddaway, et al., 2019). The alterations to the soil directly affect the 
capacity communities must rely on subsistence farming, resulting to limited access to 
crops. The availability and exposure of communities to crops is important to consider 
in this study, particularly, in determining the extent to which communities can be 
considered vulnerable to mining-related health outcomes. 

2.1.2 Water 

An overview (Ugya, et al., 2018) that focuses on water pollution resulting from mining 
activities argues that water pollution may be the weightiest result of mining as this 
results in acid mine drainage (AMD), water table lowering, hydrological cycle 
disturbance, and consequently detrimental impact on flora and fauna. The study 
lacked a quantitative analysis and did not focus its review on a specific area. 

 Another study done  (Dzwairo & Majuru, 2017) followed a quantitative assessment of 
impact of AMD on surface water quality in the Limpopo basin. The study found that 
there was a significant chemical concentration and determined that the effluent 
treatment had no impact in reducing the chemical concentration. The study sampled 
water at various sampling points. It was found that monitoring sites found at the 
sampling spots had indicated increasing chemical concentration since the 1970s 
(Dzwairo & Majuru, 2017).  

 

2.1.3 Dust 

The emission of particulate matter into the air is caused by drilling, excavation and 
blasting among many other causes (Queensland Government, 2020). The inhalation 
of dust such as silica dust can be hazardous to human health because it damages 
lungs and respiratory tracts.  

The extent to which dust is detrimental to human health depends on the duration of 
exposure to dust, the composition of the dust, the particle size of dust and the 
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concentration of dust in the air respirable to mine workers and surrounding areas 
(Queensland Government, 2020). 

An extensive study (Gulumian, et al., 2015) looked at the adverse health impacts 
associated with dust emissions from gold mine tailing. The study also followed the 
HHRA framework and focused on different locations. The study found PM10 and PM4 
limits to have been exceeded and tailing storage facilities to not have been remedied. 

A review (Utembe, et al., 2015) looking at health impacts from dust exposure, 
particularly as an occupational hazard to underground mine workers found a 
prevalence of detrimental health effects on the mine workers as a response to 
respirable crystalline silica concentration which exceeded the exposure found in the 
Mine Health and Safety Act regulations. It is highlighted though, that discrepancy may 
be due to the difference in the composition of silica minerals in the dust (Tiwary, 2000). 

2.2 Health Outcomes in Mining Communities  

Each of the environmental factors mentioned above are hazardous to human health. 
The hazards affect human health through the inhalation, dermal contact, and 
ingestion.  

2.2.1 Soil and Water 

The health outcomes due to the contamination of soil and water are combined due to 
the nature of how soil and water interact with each other in nature. The quality of soil 
and water is an important consideration because it determines how wildlife and human 
life can be supported in an area (Compaore, et al., 2019).  The continuous 
contamination of soil and water by metals causes an accumulation of metals which do 
not support the growth of crops or use in households. A study carried out (Dudka & 
Adriano, 1997) found that soil contaminated by metals caused adverse health 
conditions to mine workers that had either ingested foods grown on contaminated soil 
or dermally contacted the contaminated in the line of work.  

An additional concern raised by (Dudka & Adriano, 1997) is how soil fertility decreases 
with increasing acidity. Acid mine drainage which decreases the pH of surface water 
affects the acidity of soil. Decreasing fertility of soil due to acid also decreases the 
diversity of plants grown on land. Communities that rely on subsistence farming for 
food and income are significantly disadvantaged because of soil qualities that do not 
promote the growth of crops. Further, the acidity of rain contaminates plants. Plants 
that are contaminated pose a health risk to animals that eat them for survival. Thus, 
the quality of soil poses a threat to plant, animal, and human life.  

2.2.2 Dust 

According to In mining operations, mine workers are typically exposed to various toxic 
substances such as fuels, coal dust, noise, metalliferous dust and asbestos depending 
on the tasks undertaken in operations (Scott & Grayson, 2003). Though exposure to 
these substances leads to health risks such as asbestosis, some of the biggest risk 
for mine workers and mining communities is due to the inhalation of mine dust. It has 
been suggested (Utembe, et al., 2015) that mine dust has been found to contain toxic 
metals such that inhalation causes respiratory illnesses such as silicosis, silico-
tuberculosis and pulmonary TB. Mine dust is generated as a result of mineral 
extraction whereby particulate matter (PM), heavy metals such as mercury and toxic 
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gases such as sulphur dioxide (SO2) become suspended in the air to be inhaled by 
both mine workers and mining communities in close proximity to the mining sites 
(Dudka & Adriano, 1997). 

Mitigating health risks due to mining activity has been a collaborative effort between 
mining companies and the government. Mining companies employ technology such 
as wet drilling in attempts to reduce the amount of dust generation  (Momoh, et al., 
2013) while government through the Mine Health and Safety Act has adopted 
Occupational Exposure Limits (OELs) for harmful substances which if implemented, 
can reduce the risk of respiratory illnesses due to the inhalation of mine dust (Utembe, 
et al., 2015). These efforts, though progressive, do not eradicate the generation of 
mine dust and prolonged exposure that leads to both respiratory illnesses with TB and 
silicosis being the most crippling in South Africa (Stuckler, et al., 2011). 

2.3 Vulnerability in Mining Communities  

There is a pattern of diseases and ailments that are linked to mining activities. The 
burden of these diseases is both psychosocial and financial. Managing silicosis which 
is one of the most common respiratory illnesses associated with mining often includes 
the use of chronic medication, undergoing medical tests, hospitalisation and loss of 
income due to illnesses (Mcculloch, 2009). It is thus necessary to analyse to what 
extent the mining communities can readily sustain themselves should they be affected 
by the generation of mine dust considering their socioeconomic conditions.  

Affected communities can only get treatment and sustain themselves against mining-
related illnesses through access to health facilities and the socioeconomic conditions 
that promote the capacity for communities to manage the health outcomes. Access to 
health facilities is an important factor to consider because treatment of diseases takes 
place in health facilities. According to the work done by (Maphumulo & Bhengu, 2019) 
the quality of health care provision in South Africa is compromised due to an unequal 
distribution of resources, amongst many other reasons. Communities exposed to 
limited resources cannot adequately receive the treatment required to manage mining-
related health outcomes. Overpopulated communities are at an even greater 
disadvantage as many people must access limited resources.  For these reasons, it is 
important that this study considers access to healthcare as one of the indicators that 
determine a community’s vulnerability to diseases in mining areas.  

Adding to adequate access to healthcare, maintaining a healthy lifestyle is an equally 
beneficial consideration in treating illnesses. The provision of a healthy lifestyle is 
directly proportional to the financial means that people in communities must make 
provisions towards a healthy lifestyle, in medicine, food and other related materials. 
According to (African Institure for Health and Leadership Development , 2015), part of 
the social determinants of healthcare are inadequate living standards, lack of income, 
lack of education and lack of work among other indicators. Infected communities can 
only sustain themselves against mining related illnesses by accessing health services 
and maintaining a healthy lifestyle, all of which is attributed to access to infrastructure, 
good immune health, education levels and wealth. It is thus important that the quality 
of soil and water as well as the communities’ proximity to healthcare services be 
investigated as a means to gauge vulnerability.  

An additional burden in mining communities is the burden of co-morbidities which also 
play a role in how susceptible mining communities are to experience difficulties in 
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relation to managing the health outcomes of mining and underlying conditions. It is 
suggested (Donoghue, 2004) that HIV/AIDS acts as an additional risk. Furthermore, 
due to the continuous exposure to unsafe environments and prolonged witnessing of 
mine workers surrender to mining related illnesses, there is also psychosocial illnesses 
which manifest in communities as substance abuse all play a role in how the 
communities respond to the prevalent mining related diseases. Although this study will 
not necessarily analyse the peripheral behaviour such as substance abuse, the 
relationship that vulnerable communities have with the dependence on substances as 
a lifestyle could help in developing the complexities around how communities respond 
to systemic challenges such as the exposure to harmful dust which impacts health.  

2.4 Projected vulnerabilities in communities  

The impact that mining-related activities have on communities and the role that 
socioeconomic factors play in how communities manage health outcomes can be used 
to project how vulnerable communities can manage future health crises such as Covid-
19.  

Covid-19 is a rapidly spreading virus characterised by symptoms including mild pain 
where the illness is not considered serious. Some of the more serious symptoms 
include difficulty in breathing where it is advised that people experiencing the more 
serious symptoms be treated in health facilities (World Health Organisation, 2020). 
The treatment of Covid-19 is therefore dependent on the availability of health facilities 
which is telling of the extent to which a vulnerable community with limited resources is 
likely to be most affected by Covid-19.  

An additional concern with the management of Covid-19 is the determination of what 
conditions make people more susceptible to developing more severe symptoms. The 
World Health Organisation (2020) defines people who are most at risk as those that 
have underlying medical conditions such as diabetes and lung problems. In mining 
communities, people are at the risk of developing respiratory illnesses which affect 
how their lungs function. From this, it is important to investigate what relationships are 
there between mining-affected communities, the respiratory health outcomes in those 
communities and the extent that these communities were affected by severe Covid-19 
symptoms and even fatalities due to Covid-19.  

Finally, managing Covid-19 infections and mitigating the spread requires for 
community to take precautions. These precautions include physical distancing, 
keeping rooms ventilated and regularly washing hands and surfaces (World Health 
Organisation, 2020). For people to adhere to these precautions, their circumstances 
should allow them to either make provisions or give them the capacity to do so. 
Physical distancing requires for people to avoid densely populated areas while the 
regular washing of hands requires for people to live in areas where clean water is 
readily available. These requirements speak to a person’s standard of living such that 
it is the socio-economic factors that play a significant role in how communities can 
adhere to the Covid-19 precautions and protect themselves for infection.  

The mining industry contributes a significant amount towards economic development. 
Mining is also associated with several disadvantages such as causing air pollution 
through dust, water pollution through acid mine drainage and the disposal of harmful 
waste. Communities living around mining areas are the most affected in terms of 
health outcomes, particularly when it comes to respiratory diseases such as TB and 
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silicosis. The management of these health outcomes is dependent on the socio-
economic conditions especially the determinants of the standard of living and access 
to healthcare in communities. It is expected that communities that are indigent and 
with limited resources are the most affected by the health outcomes caused by mining 
activities. Additionally, communities that are vulnerable become even more vulnerable 
when they are faced by any health crises of the future such as the Covid-19 pandemic 
which is spreading rapidly in 2020.  

2.5 Hypothesis and key questions  

From the literature review, the hypothesis is that mining communities have a higher 
prevalence of respiratory illnesses than non-mining areas due to both socioeconomic 
factors and the environment near mines.  

The hypothesis will be addressed by the following key questions:  

• What is the extent of mining activities in municipalities across South Africa? 

• Which are the socio-economic and environmental indicators that play a 
significant role in the health outcomes, particularly respiratory health, in these 
communities?   

• What relationship exists between these major variables and mining activities? 
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3 METHODOLOGY 

 

Figure 1: Schematic of the iterative method followed 

The figure above gives an outline of the method followed in the study. This process 
was iterative as observed in the figure. The different sections include command 
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steps, in sharp rectangles, which are further elaborated on in the discussion that 
follows. 

3.1 Data collection and preparation 

3.1.1 Identifying key variables  

The schematic describing the method followed is shown in figure 1. To develop the 
correlations between the extent of mining and socio-economic conditions in 
communities in SA, key variables were identified as either the socio-economic 
indicator variables, mining extent variables in communities, and environmental 
indicators.   

3.1.1.1 Mining extent determination 

The extent of mining activity in district municipalities is defined as the percentage area 
utilised by mining activities in that district relative to the total district area. This is 
defined as the summative areas of mining activity in local municipalities in that district. 
Similarly, the mining extent in local municipalities has also been defined as the 
percentage mining area relative to the total local municipality area. In mine host 
communities, mining extent has been defined in two ways. These are the number of 
mines in that mine host community and the distance communities are from the mine 
site in kilometres (Cole & Broadhurst, 2020) 

3.1.1.2 Environmental impact determination 

It has been established that the impact of mining activity in surrounding communities 
can be seen changes in the environment. Air quality is a major predictor of mining 
activity. The concentration of particulate matter is considered an important predictor. 
In this study, the concentration of PM2.5 in the air for summer and winter seasons is 
defined for all district municipalities, local communities, and mine host communities. 
Dust is mostly prevalent in dry settings thus investigation the role of the PM2.5 
concentrations in two seasons accounts for an analysis in instances of high and low 
rainfall.  

3.1.1.3 Vulnerability determination 

The vulnerability of a population was considered and observed at individual socio-
economic level, although the poverty headcount, poverty intensity and the South 
African Multidimensional Poverty Index (SAMPI) was also included in the vulnerability 
variables. These poverty indicators encapsulate several factors which include health, 
education, standard of living and economic activity (Statistics South Africa, 2014). The 
inclusion of these indicators removed the need to recreate a vulnerability scaling index, 
as these were assumed to be such. 

Other vulnerability determinants considered were pre-existing health conditions, as 
existing co-morbidities such as diabetes and HIV and AIDS are known to increase 
one’s vulnerability to other health outcomes,  

There are additional factors that are also determinant of a population’s susceptibility 
to vulnerability. The first of these is the extent to which communities are affected by 
Covid-19 as of August 2020. This is defined as the number of positive cases, 
recoveries, and fatalities due to Covid-19, and can be seen in appendix B. 
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3.1.1.4 Mining-related health outcomes  

It has been established that one of the consequences of mining activity are the health 
outcomes that result in communities. For this study, mining-related outcomes are 
defined as the number of deaths in district municipalities due to diseases of the 
respiratory system. Additionally, number of deaths due to DS TB are also reported.  

3.1.2 Data sorting and preparation 

The variables identified were sorted and prepared on a comma-separated value (csv) 
file which is a readable database for the software which was to be used. The data 
preparation included giving variables identifiers as seen in the table below. Thereafter, 
sensibly choosing variables which were to be dependent variables, and the respective 
predictor variables. This means that a dependent variable was chosen based on the 
key questions, and the predictor variables were decided upon based on a possible 
causal relationship 

Table 1: Mining, environmental and health indicators used in the study 

 

 

 

 

 

 

 

Indicator Identifier Unit Description 

Mining & 
Environmental 

Mining Area (%) Percentage of mining area 
compared to the local/ district 
municipality area 

Mining Density  - The number of 5km buffer zones 
with a population greater than 20 

PM2.5  (kg.m-3) Dust surface mass concentration 
PM2.5 over local / district 
municipality  

Health 
outcomes and 
Prevalence of 
co-morbidities                    

Respiratory % Deaths due to diseases of the 
respiratory system Respiratory 
Illnesses 

Diabetes  (%) Percentage of diabetes new client 
40 years and older detection rate 

TB Deaths (%) Percentage TB client death 

HIV & AIDS  - Number of peoples with HIV and 
AIDS from 19 months and older 
including antenatal care 

Covid-19 Deaths  (%) Proportion of Covid-19 deaths 
compared to confirmed cases in a 
district  
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Table 2: Socio-economic and vulnerability indicators used in this study 

Indicator Identifier Unit Description 

Socio-
economic 
factors and 
vulnerability 

Population - Total Population of a local/ district 
municipality 

Density  (People 
per km2) 

Number of people per square 
kilometre 

Formal Dwellings  (%) Percentage of dwellings that are 
formal housing 

Electricity  (%) Percentage of the population with 
access to electricity for lighting 

Piped Water  (%) Percentage of the population with 
piped water in dwelling 

Toilet Access  (%) Percentage of the population with 
access to flush or chemical toilet 

Education  (%) Percentage of the population with 
G12 or NQF4 education or higher 

Unemployment  (%) Percentage of unemployed labour 
force including discouraged 
jobseekers in the total population 

Income (%) Percentage of the population with 
annual household income less 
than R20 000 

Hospitals - Number of hospitals in a district 

Poverty Head  (%) Poverty headcount in local 
municipalities 

Poverty Int  (%) Poverty intensity in local 
municipalities 

SAMPI - SAMPI 

The following table outlines the dependent variables that were chosen at district 
municipal level and local municipal level, and the respective predictors that were 
chosen. For a municipal level, some variables were not included due to the 
unavailability of the data at the specific spatial level. 
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Table 3: Selected variables for the BRT models analysing each variable 

by spatial level 

Dependent Variable Predictor Variables 

Local Municipal level 

PM2.5 Mining Area, Density, Electricity, 
Income, Poverty Int 

TB Deaths  PM2.5, Mining Area, Diabetes, HIV & 
AIDS, Density, Formal Dwellings, Piped 
Water, Toilet Access, Unemployment, 
Income, Poverty Head, Poverty Int, 
SAMPI 

District Municipal level 

Respiratory PM2.5, Mining Area, Density, Hospitals, 
Population, Formal dwellings, Piped 
water, Income, Unemployment  

TB Deaths  PM2.5, HIV & AIDS, Mining Area, 
Population density, Hospitals, Formal 
Dwellings, Income, Education, 
Unemployment 

PM2.5  Mining Area, Density, Population, 
Formal dwellings, Piped water, Income, 
Education 

Covid-19 Deaths  Population density, Hospitals, Total 
population, Formal dwellings, Piped 
water, Income, Unemployment  

3.2 Geographical Mapping 

3.2.1 Determining geographic spatial levels  

South Africa’s current statistical geographical model includes provinces, district/ metro 
municipalities, local/ metro municipalities, and a geo-information frame which includes 
main places, sub-places, small areas, enumeration areas, and geo-referenced 
dwellings (Verhoef, 2019). These structures fall in a hierarchal structure as shown in 
the figure below. This more elaborate structure is mainly designed for census 
purposes (Verhoef, 2019), but the municipalities are defined according to their 
economic potential and human need (Drewes & van Aswegen, 2013).  
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Figure 2: South Africa’s census geographical hierarchy (Verhoef, 2019) 

The study therefore focused on three spatial levels, the main place communities, the 
local/ metro municipalities, and the district/ metro municipalities. This was due firstly 
to the data largely available at these three levels, and the land boundaries being 
available at these levels also. It was also identified that several local and district 
municipality area designation had occurred, and thus to ensure all the land area was 
covered, both of these were to be included. This designation did not affect the area 
covered by provinces and thus assessing the provincial level would be futile. 

3.2.2 Extracting data 

The mining and environmental related data within the local and district/ metro 
municipal level were extracted from Geoterra, QGIS and Giovanni -Time Averaged 
Map, respectively, and converted from GEOtiff files into a readable csv dataset on 
RStudio.  

For the mining data, the mining area and mining density were to be used in the study. 
A land cover dataset from Geoterra was used for both these variables. For the mining 
area variable, this land cover was filtered for mining related land cover categories and 
displayed on QGIS. These categories included mining surface infrastructure, mine 
extraction pits quarries, salt mining, mine tailings and resource dumps. A municipal 
boundaries file was used with the mining activity land cover, where the area of the 
municipal polygons was compared to that of the mining related land cover. Figure 3 
below shows the land cover screenshot from QGIS. 

South
Africa

Provinces

Distict/Metro 
Municipalities

Local/Metro Municipalities

•Main places

•Sub places

•Small areas, etc.

Geo-Informtaion Frame
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Figure 3: Mining activity land cover layer in QGIS 

Similarly, for the mining density variable, an area cover map from Energydata was 
filtered for the population layer for pixels of greater than 20 (EnergyData, 2012). In the 
Geoterra land cover map (OCHA, 2018), a 5 km buffer zone around the mining areas 
was overlay with the population layer. Thereafter, the pixelated areas with a population 
greater than 20 within those pipelayed areas, were extracted, and a summation of all 
the areas that fall within a municipal level was done. Figures 3 and 4 below show the 
combined population heat map with the mining area buffer zone, at district and local 
municipal level, respectively. 
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Figure 4 District municipal level map showing mining area buffer zones 

with a population range 

 

Figure 5: Local municipal level map showing mining area buffer zones 

with a population range 

The PM2.5 concentration data extraction has a process likened to that of the mining 
area extraction. Giovanni -Time Averaged Map data was extracted from the Giovanni 
website, whereby the data list was filtered for the display of PM2.5 data, and thereafter 
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monthly timed data was selected (Hedge & Li, 2020). The dust surface mass 
concentration data was used as it would be the most indicative of the concentration 
levels closest to the ground. This data was thereafter extracted into a readable dataset 
through RStudio, using the functions in Appendix A. This was used in conjunction with 
the municipal boundary maps, thus extracting the specific concentration at the 
respective municipal areas. The functions used for this extraction can be seen in the 
code in appendix A2. Below is a heat map of the PM2.5 concentration between January 
and April of 2011. 

 

 

Figure 6: A time averaged map of dust surface mass concentration – PM2.5 

monthly, with the scale in kg.m-3 (Hedge & Li, 2020) 

3.3 Modelling the data analysis 

3.3.1 Dataset Collinearity  

A correlation matrix is designed to measure the correlation coefficient between 
variables in a dataset. This matrix ranges from -1 to +1, with a 0-coefficient indicating 
no correlation between a pair of variables. The value of the coefficient determines the 
magnitude or strength of the correlation, while the sign indicates the relationship 
between the variables. Below is the interpretation of the coefficient magnitudes. A 
magnitude of 0.5 is usually taken as a sensible correlation (Interpreting correlation 
coefficients in a correlation matrix, 2014)  
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Table 4: Coefficient magnitudes for the collinearity matrix (Interpreting 

correlation coefficients in a correlation matrix, 2014) 

Correlation strength Coefficient magnitude 

Perfect 1.00 

Very strong 0.80 – 0.99 

Strong 0.60 - 0.79 

Moderate 0.40 – 0.59 

Weak 0.20 – 0.39 

None to extremely weak 0.00 – 0.19 

 

Pearson, Kendall, and Spearman methods are the most used models in determining 
the correlation coefficients, with Pearson being more common than the others. The 
Kendall and Spearman methods are considered to be more robust methods which are 
required when the data is not of a bivariate normal distribution These methods are 
usually specified and carried out in the ‘cor’ function on RStudio, whereby the Pearson 
method is set by default. Any incomplete or missing values across the rows were 
identified and excluded from the collinearity run, and thus only the observation found 
to be complete were input into the function, as the incomplete cases would have given 
an error in the matrix (DataCamp, 2005). 

A Pearson correlation measures the linear association between a pair of normally 
distributed random variables (Schober, et al., 2018), and is determined with the 
equation below (Business Jargons, 2017) . 

𝑟 =
∑(𝑥 − �̅�)(𝑦 − �̅�)

√∑(𝑥 − �̅�)2 ∑(𝑦 − �̅�)2
    

                              (1) 

 Where:  

                                                                                               

                      r:      the correlation coefficient 

                     x: the x variable values in sample 

                    y: the y variable values in sample 

                    x ̅ : the mean of the x variable 

                    ȳ: the mean of the y variable 

 

The ‘cor’ function on RStudio determines the correlations and drops variables that 
either do not have a non-zero influence, or one of the variables within a pair of 
variables which were found to be collinear variables with a non-zero influence. Iterative 
measures are undertaken at this point, whereby sensible variables expected to have 
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had an influence on the respective dependent variable are identified in the correlation 
matrix to determine whether they may have been dropped by the function due to being 
collinear with another variable. If this variable in question is found to be collinear with 
a non-zero influencer, the data set is prepared again, removing the lesser sensible 
collinear variable. 

 

3.3.2 Choosing the machine learner 

Employing machine learning become a significant part in data science due to some of 
its abilities to integrate multiple data approaches, and the capabilities to contain a wide 
range of models which observes and discover patterns, and output predictions 
(Gholami, et al., 2020). Environmental data mining has been defined as the extraction 
of knowledge from large environmental data sets. It is a combination of three areas, 
data mining, environmental science, and machine learning, and this combination coins 
a what is termed ensemble learning in environmental data mining (ELEDM) 
(Tuysuzoglu, et al., 2018). The difference between these areas is found in the 
processes they follow in outputting results, machine learning is taught to recognise 
patterns, while data mining requires discovered patterns, and is thus discovery driven 
(Tuysuzoglu, et al., 2018) 

 Ensembled machine learning as we have discovered is a combination of the different 
strengths and abilities of the different algorithms for different purposes and specific to 
the type of data available. These machine learning algorithms are organised and 
classified according to the desired output of the algorithm (Ayodele, 2012). The most 
common algorithms fall under supervised, unsupervised, semi-supervised, re-
enforcement, transduction, and learning-to-learn types of learning (Ayodele, 2012). 
The table below gives the definitions of the different classifications. The most common 
of the six are supervised, unsupervised and reinforcement, where in supervised 
learning the learner generates a function between the input and output from several 
input-output examples of the function, the algorithm models a range of inputs, with 
unavailable prior examples in unsupervised learning, and in reinforcement learning, 
the learner is given an observation of the world, and learns its own policy on to act 
(Ayodele, 2012). Below is a summary of their differences and algorithm types. 



 
20 

 

Figure 7: Comparison of algorithm types. Adapted from (Ayodele, 2012) 

Ecological studies often use regression models as tools in detecting and describing 
patterns between a variable and those that it may depend on (Elith, et al., 2008). A 
machine learner’s process assumes a complex and unknown data generation process, 
and due to this, it is important to assess the model’s prediction abilities (Elith, et al., 
2008) 

The boosted regression trees (BRT) is among the several approaches of fitting two 
algorithms with the aim of improving a model’s performance. The BRT combines 
regression trees and boosting. These fall under classification and regression, which 
are a form of supervised learning according to the ML breakdown in the figure above. 

Regression trees divide a predictor sample using a set of rules in the identification of 
regions with the most homogenous responses to the predictors (Elith, et al., 2008). 
Predictors in a data set are determined to reduce prediction errors. The expansion of 
a tree includes a continual series of binary splits on the outputs until a criterion defined 
for stopping is reached. This large tree is thereafter trimmed down by eliminating weak 
links through cross validation. This algorithm is advantageous because the variables 
may be of any nature such a numeric, categorical or binary, the different outputs are 
not affected by different scales of measurement for predictors, predictors of no 
influence to the dependent variable are not selected, and the outputs of the model are 
logical and easy to visualise (Elith, et al., 2008). The boosting section in BRT is 
concerned with the accuracy of the model used. This technique is advantageous than 
its counterparts such as bagging, stacking and model averaging, because of its 
stagewise and forward processing nature (Elith, et al., 2008) 

Due to the nature of this study and the data that would be available, the BRT model 
was determined to be the best model fitting for this study. The variables within the 

Machine Learning

Supervised

Input and output variables 
given, and class number is 

known, 

Trained using labelled data, 

More accurate and reliable

Classification, regression, 
estimation

Unsupervised

Only input data is available, 
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Data used in not labelled, 
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Clustering, predictions

Reinforcement

There is no training data set, 

Requires feedback from the 
environment in the form of 

reward signals

Decision making
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labelled data set would be chosen as dependent and predictor, thus being considered 
as both input and output, respectively. This would therefore prompt the generation of 
a function between the variables, thus resulting in the influence of each predictor on a 
chosen dependent variable. As it was discussed that the regression model is prone to 
predictor errors, the boosting would optimise the model, and present the coefficient of 
the model’s ability to predict. The BRT code used for this study is found is appendix 
A1. 

4 SHE AND ETHICAL CONSIDERATIONS  

Due to the nature of this study, there were no considerations made for safety 
precautions and environmental impact. This study involved extended use of computers 
and smartphones, and consequently an extended period of starring at bright light on 
a screen. This may lead to computer vision syndrome (Harvard Health Letter, 2017).  
It is recommended (Harvard Health Letter, 2017)that one sit 0.61 m away from a 
computer screen, use a larger font size and reduce the glare of the computer or 
smartphone screen. To ensure that the study remains ethical, all the results of the 
study are reported accurately. Additionally, when the work and intellectual property of 
others were used, references were used to acknowledge their contributions. The data 
that was used in this study is collated and kept in shared library titled CHE4045Z 
Project 11 on Microsoft Teams and OneDrive. The ethical clearance from can be found 
in Appendix C and the signed Project Data Declaration form can be found in Appendix 
D.  
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5 RESULTS AND DISCUSSION  

The results for this study generated are for the spatial layers district, and local 
municipalities, where analysis was done. This is followed by an additional layer of 
discussion which is the determination of how communities analysed in the 2011 to 
2016 period were affected by covd-19. The identified health outcomes to be analysed 
are respiratory illnesses and TB. The variable used an indication of the environment 
surrounding mining communities is the quality of air, particularly the concentration of 
PM2.5 in the ambient air.  

5.1 Respiratory illnesses 

Respiratory illnesses are considered as some of the most likely health outcomes that 
are as a result of mining activities. In this study, respiratory illnesses have been 
represented as the percentage of deaths due to diseases of the respiratory system in 
each district. Respiratory illnesses are only analysed in district municipalities as that 
was the data that was available. Below is a figure showing the most significant 
predictors on respiratory illnesses.  

 

Figure 8: Relative influence of the non-zero influence predictors for 

deaths due to diseases of the respiratory system in districts 

From the figure above, the non-zero influence predictors determined by the BRT 
model are the unemployment rate, mining area, formal dwellings, number of people 
living with HIV and population density. The high influence that population density has 
on respiratory deaths is due to the nature of how respiratory illnesses spread by being 
in proximity with infected people. The high unemployment rate having a high influence 
on respiratory deaths is linked to people not having enough of an income to sustain 
themselves through diets and medication, thus making income an important 
socioeconomic factor in determining the burden of respiratory illnesses. Mining area 
has a relative influence of 16% on respiratory illnesses and this is expected because 
respiratory illnesses are the primary health outcomes associated with mining. Adding 
to that, formal dwellings and piped water also play a considerable role which also 
speaks to how vulnerable a community is. Finally, the number of people living with HIV 
is significant to consider because HIV is known to suppress the human body’s immune 
system such that it acts as a complication that can impact how a person recovers from 
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respiratory illnesses. Since these predictors have been identified by the model, the 
extent to which their influence is on respiratory deaths is also an important 
consideration for this study. The relative influence by each of the selected predictors 
is shown in the figure below.  

 

Figure 9: Partial dependencies for the predictors with the most significant 

influence on respiratory illnesses  

Figure 9 shows that the predictor with the highest relative influence is the 
unemployment rate in district municipalities. Its relative influence on deaths due to 
respiratory illnesses is 28.6%. The unemployment rate is inclusive of people that are 
jobless and those that are discouraged job seekers. The people represented in the 
unemployment rate are considered to not have any income and to have limited 
participation in the economy. From the partial dependency curve, the influence that 
the unemployment rate has increases as the unemployment rate also increases. 
However, between the rates of 0 and 15%, there is a constant negative influence on 
the respiratory illnesses. This shows that at that range, there is an inverse relationship 
where an increase in unemployment, shows a decrease in the deaths due to 
respiratory illnesses. This is not an expected result because with rising unemployment, 
more people have limited means to make provisions for medical assistance and the 
fatalities should be higher. The reason for this unexpected outcome is that 
unemployment rates between 0 and 15% only make up a small proportion of the 
population such that their impact could be hidden by most of the population that are 
employed. At higher unemployment rates, there is a gradual increase in the influence 
that unemployment rate has on respiratory illnesses. As the unemployment rate 
increases, less people have the means to get medical assistance, afford food and a 
lifestyle that builds immunity against respiratory illnesses. This highlights that 
unemployment, which is one of the socioeconomic factors used to define a 
community’s vulnerability, does increase the deaths due to respiratory illnesses.  

The predictor with the second highest relative influence on respiratory illnesses is 
population density which is defined as the number of people per square kilometre. Its 
relative influence amounts to 24.6%. From the curve shown in figure 9, the influence 
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that population density has on respiratory illnesses is positive throughout. This means 
that with increasing population density, there is also an increase in the deaths due to 
respiratory illnesses. This outcome is justified because the spread of respiratory 
illnesses is mostly through droplets from coughing and sneezing. When the population 
is highly dense, the likelihood of the spread of diseases is higher. At densities between 
0 and 100 people per square kilometre, there is a decrease in influence. The influence 
remains constant between densities of 100 and 2500 people per square meter. The 
areas with the highest densities are metropolitan municipalities. From the raw data 
used in the study, the City of Johannesburg has a population density of 2690 people 
per square kilometre as of the 2011 census (Municipal Infrastructure Perfomance 
Management Information System, 2011). The City of Johannesburg is one of the most 
developed municipalities in the country in terms of facilities for healthcare and a 
greater participation in the economy by the community. In this instance the population 
density does not provide a great indication of how the people in that municipality are 
affected by respiratory illnesses because of how developed the municipality is. It is 
recommended that for future work done in this aspect, the metropolitan municipalities 
be excluded as they tend to skew the results and a more focused analysis be done in 
areas where development is not as established but density is still significant.  

The third most significant predictor is mining area which has a relative influence of 
17.6% on the respiratory illnesses. From the curve shown in figure 9, when the mining 
area is between 0 and 0.5, the influence is negative showing that in communities 
where mining area is a small portion of the district, the deaths due to respiratory 
illnesses are also smaller. The curve also shows that with increasing area, the 
influence increases and where the area is greater than 0.5, the influence is positive. 
This means that with increasing mining area, there is an increase in the deaths due to 
respiratory illnesses. This is a justified outcome because mining-related activities 
cause respiratory illnesses. This is because mining activities tend to produce 
particulate matter which is deleterious to human health. Additionally, people living 
around mine waste tend to also be exposed to pollution particularly where tailings have 
been mismanaged. It is evident that mining-related activities result in respiratory 
illnesses. Further, the greater the extent of mining, the greater the number of people 
affected by respiratory illnesses and the greater the fatalities as a result of respiratory 
illnesses.  

Formal dwellings are the fourth most significant predictor for the number of deaths due 
to respiratory illnesses. From the curve, when the percentage of formal dwellings is 
between 40 and 70%, there is a constant negative influence on the deaths due to 
respiratory illnesses. This means that within that range, as the number of formal 
dwellings increase, there is an inverse relationship with respiratory deaths, resulting 
in a decrease in the deaths due to respiratory illnesses. From 80% of dwellings that 
are formal in districts, there is an increase in the influence which also tends be positive. 
This means that at the higher number of formal dwellings, there are higher deaths due 
to respiratory illnesses. The trend seen between 40 and 70% is expected because as 
the number of formal dwellings increase, the death rate decreases. This trend is 
justified because in formal dwellings, people are likely to also be exposed to electricity 
for heating, cooking and lights whereas in informal dwellings people are likely to burn 
alternative fuel sources such as wood and coal which increase their exposure to air 
pollution and the risk of respiratory illnesses. Contrary to this trend is that seen from 
80% where an increase in formal housing shows results in an increase in deaths due 
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to respiratory illnesses. The reasons for this could be related to migration patterns in 
urban areas which have the highest number of formal dwellings. 

Finally, the last predictor identified by the BRT model to have significant influence on 
the deaths due to respiratory illnesses is the number of people living with HIV. The 
relative influence that this predictor has on the respiratory illnesses is 13%. From the 
curve shown in figure 9, the overall trend shown is that with increasing people living 
with HIV, there is a decrease in influence so much that when the number of people 
living with HIV re higher than 11% of the total population, the influence tends to be 
negative. The negative influence is indicative of an inverse relationship where an 
increase in the number of people with HIV correlates with lower respiratory illness 
deaths. HIV suppresses the immune system and if untreated can cause further 
complications. It is expected that the higher the number of people living with HIV, there 
should be a higher number of respiratory illness deaths. The results show that this is 
not the case. It is speculated that some of the reasons that cause this result could be 
improvements made in public health that encouraged treatment and decreased the 
stigma associated with HIV that made people reluctant to receive treatment. 
Additionally, migration pattens are an additional factor that might play a role in these 
results especially if people that are undetected with HIV migrate from urban areas to 
the more rural parts of the contract as their contracts expire or they retire. These are 
themes not explored in this study but are recommended in any future work based off 
this study.  

In district municipalities, it is evident that the variables that determine community 
vulnerability play a significant role in the health outcomes that are as a result of mining 
activity. Socioeconomic factors particularly the higher unemployment rates put 
communities at a much higher risk when it comes to deaths due to respiratory 
illnesses. The role that mining activity plays is also quite important as it is seen that 
the higher the extent of mining, the greater the deaths due to respiratory illnesses. 
When it comes to HIV, population density and formal dwellings, the results highlight 
the need for future studies to invigorate the variables looking at trends within each 
variable such as migration of contractual workers when analysing the population 
densities.  

5.2 TB death rate  

Tuberculosis is one of the health outcomes that are caused by extended exposure to 
polluted air. This section will discuss the predictors identified to have the most 
influence on the TB deaths rate in district and local municipalities. Figures 10 and 11 
show the relative influence of the predictors that the BRT selected as most significant.  
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Figure 10: Relative influence of the non-zero influence predictors for the 

number of deaths due to drug-sensitive TB in district municipalities 

 

Figure 11: Relative influence of the non-zero influence predictors for the 

number of deaths due to TB in local municipalities  

Figure 10 above shows that in district municipalities, mining activity represented by 
mining area and socioeconomic factors: unemployment rate, income, formal dwellings 
and piped water in dwellings have significant influence on the TB death rate in district 
municipalities. There is an additional predictor which is the prevalence of diabetes in 
the municipalities which also has a considerable relative influence.  

The second figure shows the predictors with the most significant influences on a local 
municipal level. Similarly, the density, mining area and formal dwelling are seen to be 
influential to the TB deaths in local municipal level. In addition to those, HIV and AIDS, 
poverty intensity and headcount, and access to a flushing toilet are also influential 
variables.  The density is found to have the highest relative influence, and a general 
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trend of socio-economic factors having a higher influence while mining and 
environmental related factors have a lesser influence.  

The availability of piped water in dwellings has the most relative influence on TB 
deaths. The availability and reliability of water is important in the treatment and 
management of diseases. Reliable access to water prevents the chances of further 
diseases which would cause people infected with TB to be frailer.  

Mining area is the second most significant predictor for TB deaths in the district 
municipality level and only the sixth in the local municipality level. This generally high 
level of influence is expected because TB is one of the respiratory illnesses that are 
caused by the inhalation of mine dust, particularly in areas where coal is the 
dominating mining activity 

The population density and the population are also quite significant factors. The 
spread of TB is through droplets spread through coughing such that, densely 
populated areas tend to carry the risk of diseases spreading than in areas that are not 
as densely populated.  

Income and unemployment rate have an equal rating of significance on TB. In this 
study, income represents the number of households where the annual household 
income is below R20 000. This variable is indicative of limited means to supplement 
one’s livelihood with food, medicines and other activities that promote healthy living. 
Furthermore, in instances where health facilities are far, transport is usually required 
for people to access health care. Households with a low income and people that are 
unemployed struggle with access to necessities, limiting their capacity to fight against 
TB, hence the influence.  

The partial dependencies in the graphs below indicate how each significant predictor 
affects TB death. This is shown in the figures below.  
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Figure 12: Partial dependencies for the predictors with the most 

significant influence on drug-sensitive TB deaths at district level 

 

 

 

Figure 13: Partial dependencies for the predictors with the most 

significant influence on drug-sensitive TB deaths in local municipalities 
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Water is not a cause for TB however the availability of clean drinking water is important 
for the treatment if any disease and maintaining a healthy lifestyle. From figure 12, 
when the number of dwellings with piped water increases, there is positive influence 
but steadily. As the number of dwellings with piped water increase, the influence on 
the TB death rate decreases. When the number of dwellings with piped water increase 
beyond 50%, the influence piped water in dwellings has on TB death rate is negative 
and proceeds to decrease even further. This is an expected result.  

The mining area influence has a similar trend to that seen with the influence it had on 
respiratory illnesses. An increase in influence as mining area increases alludes to 
mining activity. Mining activity is associated with operations using drilling amongst 
other things which give rise to the formation of dust, which when inhaled results in 
health outcomes such as TB. 

The overall trend found in the local municipal level for the mining area and the PM2.5 

concentration is similar to that of the district level’s mining area effect. As the mining 
area and PM2.5 concentration increase, the influence on the TB deaths increases. 
These trends are expected for both these variables due to the association between 
mining activity and dust inhalation, as mentioned above. A zoomed in scope into local 
municipalities in figure 13 shows a steeper increase in mining area, and a sudden drop 
in the influence. This observation may be attributed to the direct effect on the 
population, and to an awareness of the effect of the mining activity on the population’s 
health, although as observed, the overall trend resumes due to continued mining 
practices. 

Since an increasing trend is seen with the mining area influence and the PM2.5 

concentration on TB deaths, it is expected that in mining areas, there will be higher 
cases of TB and higher TB death rates than there are in non-mining areas.  

With population density in the district level, the overall trend observed is that an 
increase in the population density decreases the influence on the TB deaths. This is 
an unexpected trend as there should be an increasing influence because of how easily 
TB spreads in densely populated areas. The expected trend though is seen in local 
municipalities for the population density, as an increase in the density increases the 
influence on the TB deaths. The unexpected trend in the district level may be attributed 
to the metropolitan areas - densely populated areas where there is high economic 
activity and a general high standard of living, and thus accessibility to healthcare. 

From figure 12, the influence of the number of households earning below R20 000 on 
the TB deaths is observed. It is seen that the lower the number of households earning 
below R20 000 is, there is negative influence on the TB death rate. As the number of 
households earning below R20 000 increases, the influence on the TB death also 
increases.  

When the number of households earning below R20 000 is smaller, there are more 
people earning enough money to buy the necessities that allow people to fight 
diseases. These necessities are healthy food, medicine, and the capacity to either 
travel to public health facilities or pay for healthcare. The negative influence seen is 
thus justified because as more people afford health care, less deaths will be reported 
for TB. Contrary to this, as the number of households earning below R20 000 
increases, there is an increasing positive influence on the TB death rate. This is an 
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expected result because as more people are indigent, their means to access 
healthcare and a lifestyle promoting that become limited. 

In communities where most of the population earns below R20 000, people will tend 
to struggle fighting diseases and thus experience higher death rates as opposed to 
communities where most of the population is considered to be living above the poverty 
lines.  

Th overall trend seen for the influence of the number of households earning below 
R20 000 is also observed in the poverty intensity factor in local municipal level in figure 
13. The poverty intensity trend is important because it highlights the effect at a smaller 
level, and it includes the standard of living which is affected by the income level. The 
curve of the poverty intensity factor shows a negative influence up to a certain point, 
and thereafter increases to a positive influence. This means that as the poverty 
intensity increases, the influence on TB deaths decreases at a steady rate, but after 
an intensity of 41%, as the intensity increases, the level of influence also increases. 
The initial response is unexpected but prompts the investigation of the type of areas 
associated with the respective poverty intensities. For example, rural areas and 
townships are the most likely to have high poverty intensities, although, these differ in 
their population densities. Thus, this may indicate a higher level of intensity and a high 
density in one of the areas prone to poverty. The discussion of the population density 
is vital here because of the nature of TB spread. 

The unemployment rate describes the number of people that are without an income. 
From figure 12, when the unemployment rate is between 0 and 22%, there is a 
constant negative influence on the TB death rate. It is expected that when 
unemployment rate is smaller, the TB death rate would be small which is seen in the 
curve. However, it is not expected that the influence would be negative and remain 
constant.  

There is a steady and positive increase in the influence on the TB death rate between 
22 and 26% unemployment rate. As more people are unemployed, the TB death rate 
increases which is alluded to by the positive increase in the relative influence. The 
reason behind this thread is due to the limited means that unemployed people have to 
either access public health facilities or afford private healthcare. Additionally, 
unemployment limits people’s capacity to afford food that supplements TB treatment.  

The higher the unemployment rate, the higher the number of people without reliable 
means of access to healthcare and any other services or goods that promote immunity 
and defence against TB.  

From the curve, for formal dwellings between 40 and 80%, there is negative influence 
on the TB death rate such that at those values, the TB death rate decreases. When 
the formal dwellings increase beyond 80%, the influence increases in a positive 
trajectory resulting in higher death rates for TB. It is expected that a higher number of 
formal dwellings would result in a lower death rate however this is not the case 
particularly where the formal dwellings exceed 80%. A similar trend is seen for the 
influence of formal dwellings on the TB deaths at a local municipal level. 

HIV and AIDS and diabetes in local municipalities were found to have influence on the 
TB deaths, with HIV and AIDS having a substantially greater influence than diabetes, 
as seen in figure 11. The influence of both these diseases is expected because the 
presence of a pre-existing condition makes one more susceptible to the contraction 
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and increased severity of another condition, in this case TB. The greater influence of 
HIV and AIDS over diabetes is also expected as HIV and AIDS causes a weakened 
immune defence mechanism.  

The trend of the HIV and AIDS’ influence curve in figure 13 shows that an increase in 
the number of people with HIV and AIDS decreases the influence in TB deaths. This 
trend is indicative of the population’s response to an increase in HIV and AIDS, which 
would be actively seeking medical attention and would thus increase the medical 
attention also given to TB. As the percentage of diabetes clients increases, the 
influence on TB deaths is seen to also increase. This is expected as these two 
diseases are less likely linked because they have lesser mutual attacks on one’s body, 
compared to the pairing with HIV and AIDS. 

5.3 PM2.5 concentration in ambient air  

The concentration of PM2.5 in ambient air is used as an indicator of the condition of the 
environment surrounding mines. Determining what influences the concentration of 
PM2.5 is important in this study because of the evidential link between the concentration 
of PM2.5 and respiratory illnesses. The analysis done on PM2.5 concentration 
considered two seasons, winter and summer. This was done because it is understood 
that areas in the country experience rainfall either in their winter or summer periods. 
During the rainfall season, it is likely that dust concentration will be lower owing to the 
wet conditions while in the dry seasons, dust concentration will be higher. From the 
preliminary results, it was seen that there is no significant difference between the two 
seasons and the data corresponding to the winter months was used in the model.    

 The BRT model determines predictors with non-zero influence on the concentration 
of PM2.5. This is shown by the figure below.  
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Figure 14: Relative influence of the non-zero influence predictors for the 

concentration of PM2.5 for district municipalities 

 

Figure 15: Relative influence of the non-zero influence predictors for the 

concentration of PM2.5 for local municipalities  

From figure 14 above, population density, unemployment rate and education have the 
largest relative influence on PM2.5 concentration. The relative influences are 33%, 17% 
and 15%, respectively. The number of dwellings with piped water, levels of income, 
the number of formal dwellings, mining area and the total population are also some of 
the identified key predictors for air quality. The partial dependency curves of each of 
the predictors will indicate the correlation of each predictor with the PM2.5 are shown 
in figure 16.  
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Figure 16: Partial dependencies for the first set of predictors with the most 

significant influence on PM2.5 concentration in district municipalities  

 

Figure 17: Partial dependencies for the predictors with the most 

significant influence on PM2.5 concentration for local municipalities  

From figure 16 above, population density has the largest relative influence on the PM2.5 

concentration. This is because it is expected that increasing population density also 
increases the pollution generated by people which would impact the concentration of 



 
34 

particulate matter in the air. The curve shows that the influence by population density 
is positive and though it tends to decrease as the density gets higher, the positive 
results show that with high population densities, the concentration of particulate matter 
in the air is also high. Similar to the results seen when analysing respiratory illnesses 
and TB deaths, at higher densities, the curve remains constant. The high densities 
can be attributed to metropolitan municipalities and for a clearer view of the role that 
population density plays in the PM2.5 concentration, it is suggested that industries that 
contribute to air pollution be investigated as well as their relative contributions in that 
regard.    

At the local municipal level, the population density, poverty intensity, formal dwellings, 
poverty headcount, and access to a flushing toilet, and population density is seen to 
has the greatest influence on the PM2.5 concentration. The trend of the population 
density’s influence on the PM2.5 concentration at local municipal level follows the same 
trend observed at district level. As the population density increases, the PM2.5 

concentration decreases, and this trend is also unexpected at local level.  

The unemployment rate is the second most significant predictor for the concentration 
of particulate matter in the air at district level. The curve shows that at low 
unemployment rates, the influence is positive and at its highest. As the unemployment 
rate increases, the influence decreases and tends to be negative. This translates to 
low unemployment corresponding to high PM2.5 concentrations and vice versa. This 
result is unexpected because with increasing unemployment, it is expected that more 
people would resort to burning alternative fuels such as wood and coal which generate 
pollution and are not as expensive as cleaner fuel sources. Reasons for the contrast 
in expected results is likely due to how formal housing is in areas where there is higher 
unemployment. This is because even though unemployment would be high, if housing 
is fairly developed, electricity will be readily available such that the burning of fuels is 
unlikely.  

The level of education is the third most significant predictor at district level. From the 
curve, it is seen that with increasing education levels, the influence on PM2.5 
concentration starts off positive but tends to decrease below to zero. The trend shows 
that when less people have completed G12 and NQF4, the concentration of PM2.5 in 
air is higher. As more people are educated, the concentration of PM2.5 in the air 
decreases. The reasons for this are that as more people are educated, they can afford 
a higher standard of living where houses use electricity and are not as reliant on 
burning alternative fuels and people are likely to be aware of their impact on the 
environment and take decisions that limit pollution. In areas where the population, 
people will not rely on activities that generate pollution and the concentration of PM2.5 
in the air is less.  

Income levels describe the number of households that earn below R20 000. Income 
levels for households have a relative influence of 11% on the PM2.5 concentration in 
the air. From the curve, when the households that are considered indigent increase, 
the influence on PM2.5 decreases to such an extent that it becomes negative. The 
negative influence which is seen at the higher number of households thar are indigent 
suggests an inverted relationship where the higher the number of households that are 
indigent, the lower the concentration of PM2.5 in the air. This is an unexpected result 
because as more people are indigent, their affordability of electricity should decrease 
making them more prone to burn alternative fuels.  
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As the poverty intensity increases, its influence on the concentration is constant before 
decreasing. The further the poverty intensity increases; the influence is seen 
increasing and thereafter dropping again to a stabilised influence. The expected trend 
for this predictor variable would be an increase in the influence on the concentration, 
as the poverty intensity increases. The fluctuation of this curve may be attributed to 
the different variables that come into effect in different areas with different poverty 
intensities. Rural areas and townships are generally poverty intense areas, with 
township having a high population density. A high poverty intensity could indicate use 
of fossil fuels, and in addition, a densely populated poverty intense area would thus 
have a higher PM2.5 concentration.  

The number of formal dwellings is also a predictor considered to be significant in 
influencing dust concentration in air surrounding district municipalities. From the curve, 
the influence that formal dwellings have on the quality of air remains constant with a 
sharp fluctuation at a single point. When the formal dwellings exceed 80%, the 
influence increases and tends to be positive. The drastic fluctuations in the results 
show that the relationship between formal dwellings and particulate matter 
concentration in the air could is not linear and possibly affected by other variables that 
are not considered by the model. Initially, when the percentage of formal dwellings is 
between 40 and 70%, influence remains constant at 0. In that range, increases in the 
formal dwellings do not change affect the PM2.5 concentration. Following this, between 
70 and 80%, the influence tends to be negative which indicates an inverted 
relationship where an increase in formal dwellings corresponds to a decrease in the 
PM2.5 concentration in the air. This is further followed by a sharp increase where 
influence tends to be positive. This then translates to increases in formal dwellings 
corresponding to increases in PM2.5, contradicting what had already been seen 
between the 70 and 80% range.  

As the number of formal dwellings increase, the influence on the PM2.5 concentration 
also increases. This also begs the question of the population density that might be 
associated with that increase in the number of formal dwellings. The overall trend for 
the influence of the access go a flushing toilet is a decrease in the influence as the 
accessibility increases. This is due to the matter of not having particulate matter 
dispersing from an open non-flushing toilet, therefore this trend is expected. 

Finally mining area is considered to have a 3.9% influence on PM2.5 concentration 
which is relatively small. The curve shows that the as the mining area increases, so 
does the influence increase. The influence is also positive throughout. This shows that 
when the mining area is higher, the extent of mining activity is also higher and so will 
be the PM2.5 concentration in ambient air. This result is because mining operations 
and mining waste give rise to increased dust concentrations hence the increased 
PM2.5 concentration in areas where the extent of mining is higher.  

The results show that the relationship that PM2.5 concentration in ambient air have with 
the predictors is not linear and at times would be clearer with further investigation. The 
results confirm that mining activities play a role in the quality of air surrounding mines 
such that in areas where the extent of mining is larger, the quality of air would be more 
deleterious as the concentration of PM2.5 are bound to be higher. The role played by 
socioeconomic factors is also quite significant.  
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5.4 Projected vulnerability in communities   

In 2020, the world is faced with the Covid-19 pandemic. The aims of this section are 
to determine to what extent communities that are vulnerable in terms of socioeconomic 
conditions and experience the worst of the mining-related outcomes faired with the 
Covid-19 pandemic. This will be done by analysing Covid-19 deaths as a dependent 
variable to be predicted by selected independent variables 

5.4.1 Covid-19 deaths  

The Covid-19 deaths analysed are valid as of 24 August 2020. The figure below shows 
the relative influence of the most significant predictors that are determined by the BRT 
model.  

 

Figure 18: Relative influence of the non-zero influence predictors for 

Covid-19 deaths in district municipalities 

From the figure above, population density, HIV and piped water in dwellings are the 
predictors with the most relative influence. The relative influence they have is 
quantifiable as 17%, 16% and 15%, respectively. Population density is expected to 
have that relative influence on Covid-19 because the spread of Covid-19 is through 
droplets that are ejected through speech, coughing and sneezing. As a result, Covid-
19 mitigation includes socially distancing which requires for people to be less dense. 
The influence that HIV has on Covid-19 is expected based on the impact that untreated 
HIV has on weakening the immune system such that once a person is infected with 
Covid-19, their immune system is already compromised. The availability of piped water 
in dwellings is considered appropriate as well because one of the ways that the 
department of health has encouraged for Covid-19 is the regular washing of hands. 
The availability of water is thus important for the purposes of that.  

The other predictors that have been identified are also inclusive of the identified 
comorbidity, diabetes, that worsens a person’s chances of recovery once infected with 
Covid-19. An important predictor is also the number of district hospitals. This predictor 
is important because Covid-19 patients that experience some of the harsher 
symptoms such as breathing problems tend to require hospitalisation hence the 
number of district hospitals would greatly impact how communities manage Covid-19 
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infections. Finally, income and unemployment are vital because they are indicative of 
a person’s ability to buy the supplementary medication that is required to maintain 
immunity against Covid-19.  

The partial dependency curves for the identified predictors with the most influence on 
the Covid-19 death rate are shown in the figure below. These will show the impact that 
each predictor has on the Covid-19 deaths in district municipalities.  

 

 

Figure 19: Partial dependencies for the first set of predictors with the most 

significant influence on Covid-19 deaths in districts 

From figure 18, population density has the greatest influence on Covid-19 deaths in 
districts. This is quantified at 17%. From the curve in figure 19, it is seen that at lower 
population densities, the influence on Covid-19 is negative, indicating that lower 
population densities correspond with lower Covid-19 deaths. This is because the less 
dense the population, the lower the risk of the spread of Covid-19. Additionally, the 
less population densities mean that resources used in treating and managing the 
spread of Covid-19 are not as limited.  

The number of people living with HIV is the second most influential predictor. Its 
influence determined by the BRT model to be 16.5%.  The curve shows that when the 
number of people living with HIV are between 0 and 10% of the total population, there 
is an increase in the influence which tends towards being positive. This means that in 
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instances where there are less people living with HIV, there are also less Covid-19 
deaths. When the number of people living with HIV are between 10 and 15%, there is 
a steep increase with fluctuations in the influence though the influence is still positive. 
In that range, the overall trend is that an increase in the number of people living with 
HIV correlates with an increase in the number of deaths due to Covid-19 however, the 
fluctuations indicate that the relationship between the HIV and Covid-19 is not linear 
and may depend on other factors such as the intensity of HIV infection in the 
individuals that are also infected with Covid-19. It is important to note that the Covid-
19 epidemiological knowledge is still being developed even though there is an overall 
trend that shows an increase in Covid-19 deaths corresponding to an increase in areas 
where there are a higher number of people living with HIV.   

The third most significant predictor is the availability of piped water in dwellings. From 
the curve, it is seen that in communities where there are a small portion of dwellings 
of with piped water, there is negative influence on the Covid-19 deaths. This suggests 
that there are lower Covid-19 deaths in areas where there are fewer dwellings with 
piped water. This contrasts with what is expected because the availability of piped 
water would make it easier for people to follow the mitigation rules such as regularly 
washing hands and maintaining a hygienic lifestyle. This is potentially since the spread 
of Covid-19 may also be caused by a failure to follow the regulations that are put in 
place even though there is water available to help people remain hygienic.  It is thus 
recommended that adding to this study, analysis on the response that communities 
had on the health regulations be investigated.  

The total population has a relative influence of 14% on the number of Covid-19 deaths 
in district municipalities. The overall trend seen in the curve is that the influence 
population has decreases as the population increases. At lower populations, the 
influence is at its highest and positive. This trend fluctuates but further decreases 
where it tends to be negative. At lower populations, there are higher Covid-19 and 
these decrease as the population increases. Like the number of people living with HIV, 
this contrasts expectations and highlights the need for this investigation to be 
supplemented with additional variables such as behaviour and other variables that are 
distinct in how Covid-19 is received by different populations.  

The number of district hospitals is indicative of the districts’ capacity to manage Covid-
19 cases. The relative influence that the number of hospitals has on Covid-19 deaths 
is found to be 10%. The overall trend seen is that as the number of hospitals increase, 
the influence on Covid-19 deaths tends to decrease until it gets to negative values. 
This means that with increasing number of hospitals, the number of Covid-19 deaths 
decreases especially where the number of hospitals exceed 3 in a district. From the 
curve, it is also seen that there are fluctuations where the influence first decreases 
between 1 and 2 and increases again between 4 and 6 and remains constant after 6. 
This indicates though the overall trend suggests that having more district hospitals, 
there are less Covid-19 deaths, there are still factors within this relationship that make 
the trend non-linear. Factors that are recommended to be investigated as possible 
reasoning for the fluctuations are the number of ICU beds, ventilators as well as how 
equipped Drs are in hospitals to manage Covid-19. This is because the availability if 
a hospital is not always indicative of its full capacity hence it cannot be outwardly 
concluded that the relationship seen in the curve is conclusive.  

Diabetes has a relative influence of 9.4% on Covid-19 deaths. From the curve, it is 
seen that the there is an upward influence on Covid-19 deaths by diabetes prevalence. 
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When the diabetes prevalence is between 0 and 10%, there is negative influence. This 
means that with increasing diabetes prevalence, there are less Covid-19 deaths. As 
the diabetes prevalence increases beyond 10%, the influence continuously increases 
and is positive. This shows that with increasing diabetes, there is also an increase in 
Covid-19 deaths. This is an expected result because diabetes is listed as one of the 
comorbidities that increase complications once a person is also infected with Covid-
19.  

Unemployment rate and income are the final predictors, with an influence of 9.2 and 
8.2%, respectively. When it comes to unemployment, at lower unemployment rates, 
the relationship with Covid-19 deaths is inverted due to the negative influence. As 
unemployment increases, the influence tends to increase and is mostly positive. This 
is expected because with unemployment, people have limited capacity to maintain a 
lifestyle that boosts their immunity and puts them at less risk for illness to be 
complicated should they get infected. Like the unemployment trends, when 
households with income below R20 000 are relatively small, the influence that the 
unemployment rate has on Covid-19 deaths tends to be negative. This translates to 
low Covod-19 deaths when income is lower. As the unemployment rates increase, the 
influence on Covid-19 deaths increases and tends to be positive. This translates to an 
increase in Covid-19 deaths as the unemployment rates increase. This result is 
justified by the fact that with unemployment, people have limited access to the things 
that would allow them to follow the regulations such as the washing of hands and using 
sanitiser. An additional burden could be that people are trying to find work and with 
the constant travelling, social distancing is not always possible especially where 
travelling is done in large crowds. Like most of the predictors, the nuances surrounding 
the predictors could be investigated further since much work has not yet been done 
as Covid-19 is a new disease.  

From this study, it is evident that the socioeconomic factors in district municipalities 
play a significant role in number of deaths due to Covid-19. Communities where there 
is high unemployment, lower number of district hospitals and where more households 
experienced earned an income below R20 000 per annum, had higher Covid-19 
deaths. Adding to that, in communities where there is a high prevalence for diabetes, 
Covid-19 deaths tend to be higher. These results show that vulnerable communities 
are the most affected by health crises such as Covid-19. Further, they show the 
importance of managing the impact industries such as mining have in communities to 
ensure that people are not made to be more vulnerable by being exposed to a harmful 
environment makes them susceptible to diseases.  
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6 CONCLUSIONS  

The results of this study show that for respiratory illnesses, mining activity expressed 
as the area occupied by mining greatly influences the deaths due to respiratory 
illnesses. The influence it has is that with increasing mining activity and hence area, 
the number of deaths due to respiratory illnesses also increases. Mining activity is 
however not the only factor that significantly influences respiratory illnesses. Socio-
economic factors, particularly higher unemployment rates which as they increase, 
there is also an increase in the deaths due to respiratory illnesses. Though the number 
of people living with HIV, population density and the number of formal dwellings 
showed unexpected trends where they were increasing, the respiratory deaths were 
not increasing, this is still telling of which socio-economic factors do play a role in 
respiratory health outcomes. From these results it can be concluded that mining-
affected communities are more affected by respiratory and socio-economic worsen 
the burden of those respiratory illnesses.  

In district municipalities, mining area has a relative influence of 26% on the TB death 
rate whereas, it has a relative influence of 5% in local municipalities. Though the 
relative influences differ in spatial levels, the influence that mining area has on the TB 
death rate is similar in both levels. An increase in mining area corresponds to an 
increase in the TB death rate. This corroborates the results for the respiratory illnesses 
which also showed that an increase in mining activity results in an increase in the 
deaths due to respiratory illnesses, including the TB death rate. It can be concluded 
once more that mining-affected communities have a higher prevalence of respiratory 
illnesses and deaths due to respiratory illnesses. Adding to the role played by socio-
economic factors in the TB death rate, the concentration of PM2.5 in ambient air had a 
relative influence of 6% on the TB death rate at local municipality level. As the PM2.5 
concentration increases, the TB death rate also increases. This shows environmental 
indicators together with socio-economic indicators worsen the burden of respiratory 
illnesses which are caused by mining-related activities.  

The results from the analysis done on the PM2.5 concentration in ambient air shows 
that the influence of mining area on it is 4% which is relatively low. The partial 
dependency curve also showed that increasing mining area and subsequently mining 
activities does correspond to a higher concentration of PM2.5 in the ambient air. Since 
it is known that high concentrations of particulate matter cause respiratory illnesses, it 
can be concluded that mining-affected communities are at the greater risk of being 
infected and affected by respiratory illnesses.  

The analysis on TB, respiratory illnesses and the concentration of PM2.5 all show the 
correlation between increasing deaths due to respiratory illnesses and increasing 
mining activity. The results also further show that unemployment plays a significant 
role in making communities more susceptible to be more affected by the respiratory 
illnesses caused by mining activities.  

The study done to determine how vulnerable communities faired with Covid-19 
highlighted that communities with high unemployment rates, lower number of district 
hospitals and where more people were considered indigent based on the annual 
household income had the highest deaths due to Covid-19. Additionally, communities 
that had the highest prevalence for diabetes also were most affected by Covid-19.  
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These results stress the importance of managing the impact that the mining industry 
has in communities to ensure that people are not made more vulnerable by being 
exposed to an environment that is harmful to their health.  
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7 RECOMMENDATIONS AND FUTURE WORK  

The work done in this study was limited to the data that was available at the time of 
the study. For a study that is even more representative of the reality of South Africans, 
the following recommendations are made:  

7.1 Data availability 

It is recommended that the data that is available across the municipalities be 
standardised. This would ensure that for each variable, it is reported for all 
communities and in the same way. This would make it easier for future studies to 
provide solutions that would be to the benefit of people. Information that is not reported 
cannot be studied and cannot be rectified as it is not available. Additionally, in 
instances where data is not available, it is recommended that reasons for that be made 
available. This is because understanding why the data isn’t available could also be 
supplementary information that is useful in studies.  

7.2 Mining extent variables 

The variable used in the study in determining the mining extent in communities is the 
area that is occupied by mining activity. It is recommended that additional variables 
such as the type of mineral or commodity and the type of mining method used in each 
area be added onto this study.  

7.3 Socio-economic indicators  

The analysis was based off determining relationships between predictors and the 
selected dependent variables that would test the hypothesis. In instances where 
outcomes were not expected, it was clear that there was more supplementary 
information needed. Hence it is recommended that this study not be limited to 
determining relationships between the sought-after dependent variables but also 
determine the relationships between the predictor variables as those factors can 
provide useful layers to the results. This would be made possible by allocating more 
time towards the study.  

7.4 Future of mining  

The study found that mining activities has a negative impact on the environment and 
cause unwanted health outcomes in communities. It is recommended that the mining 
industry reviews studies such as this and commit to practices that are not harmful to 
the population and the environment, and that the mining industry in committed to 
accountability. It is recommended that mining stations and governments in mining 
affected municipalities present working dust and /or PM2.5 monitors. Additionally, this 
study has highlighted a great vulnerability in mining affected communities, and with 
the onset of the covid-19 pandemic, this vulnerability was heightened. It is thus 
recommended that particular attention is given to the creation and maintenance of 
healthcare facilities and their accessibility in mining affected areas. It is also 
recommended that the health consideration onus be also put on the mining companies 
for their employees, for their duration working with the mine and after retiring. 
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9 APPENDICES 

9.1 Appendix A: R modelling 

9.1.1 A1: The BRT model on R – district municipality, number of HIV&AIDS 
patients example 

The writing below shows the code that models the BRT for the analysis used in the 
study:  

setwd("~/2020/Online Learning/CHE4045Z/Getting Results using R") 

getwd() 

dir() 

data <- read.csv("DistrictMuniCopy.csv") 

names(data) 

head(data) 

class(data$Number_of_people_living_with_HIV) 

data$Number_of_people_living_with_HIV <- 
as.numeric(data$Number_of_people_living_with_HIV) 

 

tree.com <- 5 

learn <- 0.005 

All_vars <- c(2:ncol(data)) 

 

mining.results <- gbm.step(data=data, 

                         gbm.x = All_vars, 

                         gbm.y = 1, 

                         plot.main = TRUE, 

                         family = "gaussian", 

                         step.size = 50, 

                         tree.complexity = tree.com, 

                         learning.rate = learn, 

                         max.trees=20000, 

                         n.folds = 10, 

                         bag.fraction = 0.5) 



 
B 

 

(pseudo_r2.results <- 1-
(mining.results$cv.statistics$deviance.mean/mining.results$self.statistics$mean.null)
) 

summary(mining.results) 

 

#Simplify models   

mining.simp <- gbm.simplify(mining.results, n.drops = "auto") # n.drops = "auto" 

 

 

y.max <- 1.5 * max(mining.simp$deviance.summary[,1] + 
mining.simp$deviance.summary[,2]) 

y.min <- 1.5 * min(mining.simp$deviance.summary[,1] - 
mining.simp$deviance.summary[,2]) 

min.y <- min(c(0, mining.simp$deviance.summary[,1])) 

(min.pos <- match(min.y,c(0,mining.simp$deviance.summary[,1])) - 1) # subtract one 
because now zero base 

 

 

if (min.pos==0) min.pos <- 1 

 

mining.simplified.results <- gbm.step(data, 

                                    gbm.x =  mining.simp$pred.list[[min.pos]],  

                                    gbm.y = 1, 

                                    plot.main = TRUE, 

                                    family = "gaussian", 

                                    step.size = 50, 

                                    tree.complexity = tree.com, 

                                    learning.rate = learn, 

                                    max.trees=20000, 

                                    n.folds = 10, 

                                    bag.fraction = 0.5) 

 



 
C 

(pseudo_r2.results <- 1-
(mining.simplified.results$cv.statistics$deviance.mean/mining.simplified.results$self.
statistics$mean.null)) 

summary(mining.simplified.results) 

 

 

file_name <- paste("mining_", "1", sep="") 

dput(mining.simplified.results, file = file_name, control="all") 

 

brt_model <-dget(file_name, keep.source = FALSE) 

summary(brt_model) 

print(brt_model) 

 

file_name <- paste("brt_", "1", sep="") 

dput(brt_model, file = file_name, control="all") 

print(brt_1) 

 

dev.off() 

par(las=1) 

par(mfrow=c(3,3),crt=90) 

gbm.plot(brt_model, n.plots=12, rug=T, x.label="",  y.label = "", write.title = F, 
plot.layout = c(2,3), common.scale = F, smooth=F, cex.axis = 1, cex.lab = 1, 
show.contrib=T) 

par(mfrow=c(1,1),crt=90) 

 

find.int <- gbm.interactions(brt_model) 

find.int 

 

par(mfrow=c(1,1)) 

gbm.perspec(brt_model,3,2,   z.range=c(0,2),  ticktype = "detailed", theta=45, phi = 
30, x.range=c(-500,500), y.range = c(-500,200)) 

 

brt_model$cv.statistics 



 
D 

brt_model$self.statistics 

 

brt_predict <- predict(brt_model, n.trees=mining.simplified.results$n.trees,  data) 

dev.off() 

brt_lm <-(lm(brt_predict ~ (data$EmissionFlux))) 

summary(brt_lm) 

names(brt_lm) 

plot((data$EmissionFlux), brt_predict) 

abline(brt_lm$coefficients[1],brt_lm$coefficients[2], col="red") 

abline(0,1, col="blue") 

 

coef(lm(brt_predict ~ (data$EmissionFlux))) 

 

brt_lm.labs <- brt_lm(aes(x= (data$EmissionFlux), y=brt_predict)) 

brt_lm_plot <- ggplot(brt_lm, aes(x=(data$EmissionFlux), y=brt_predict)) + 
geom_point(size=1.5, pch=21) + 

  geom_smooth(method = "lm", se=FALSE, col = "blue") + scale_x_continuous(name 
= " log10 Emission Flux")+ 

  scale_y_continuous(name = "Predicted values")+ 

  annotate("rect", xmin = 0.00, xmax = 2, ymin = -1.2, ymax = -0.8, fill="white", 
colour="blue", size=1) + 

  annotate("text", x = 1, y = -1, label = equation(brt_lm), parse = TRUE)+ 

  geom_abline(intercept = 0, slope = 1, col="red", size = 1) + 

  theme_bw() 

print(brt_lm_plot) 

 

 

equation = function(x) { 

  lm_coef <- list(a = round(coef(x)[1], digits = 2), 

                  b = round(coef(x)[2], digits = 2), 

                  r2 = round(summary(x)$r.squared, digits = 2)); 

  lm_eq <- substitute(italic(y) == a + b %.% italic(x)*","~~italic(R)^2~"="~r2,lm_coef) 



 
E 

  as.character(as.expression(lm_eq));} 

 

 

theme_set(theme_bw()) 

theme_mod <- theme(line=element_line(colour = "black", size = 0.5, linetype = 
1,lineend = "butt"), 

                   rect = element_rect(fill = "transparent", color = "transparent", size = 0.5, 
linetype = 1), 

                   axis.text = element_text(size = rel(1.25), colour = "black"), 

                   strip.text = element_text(size = rel(1.25), colour = "black"), 

                   axis.line =         element_blank(), 

                   axis.text.x =       element_text(colour = "black",size =  rel(1.25), vjust = 1, 
margin = margin(t = 15)), 

                   axis.text.y =       element_text(colour = "black",size = rel(1.25), hjust = 
1,margin = margin(r = 15)), 

                   axis.ticks =        element_line(colour = "black", size = 1.25), 

                   axis.title.x =      element_text(colour = "black",size = 20, face = "plain", 
vjust = 1), 

                   axis.title.y =      element_text(colour = "black",size = 20, angle = 90, face 
= "plain", vjust = .5), 

                   axis.ticks.length = unit(-0.25, "cm"), 

                   #axis.ticks.margin = unit(0.5, "cm"), 

                   panel.background =  element_blank(), 

                   panel.border =      element_rect(fill="NA" ,color="black", size=1.25, 
linetype="solid"), 

                   panel.grid.major =  element_blank(), 

                   panel.grid.minor =  element_blank(), 

                   panel.spacing = unit(0.25, "lines"), 

                   panel.spacing.x = NULL, 

                   panel.spacing.y = NULL) 

 

9.1.2 A2: PM 2.5 extraction code – Local municipal example 

#Load PM raster layer 



 
F 

PMdata <- raster("JAN_APR_DUSMASS25..tif") 

plot(PMdata) 

 

#Load DistrictMuni shapefile, just change  

LocalMuni <- readOGR(dsn="C:/Users/Salu/Desktop/Semester II/4045Z/data/PM 
data/PM Work", layer="LocalMunicipalities") 

plot(LocalMuni) 

 

#Extract mean of raster for each polygon 

PMdata_extractRAW <- extract(PMdata, LocalMuni, fun=mean, na.rm=TRUE, sp=T) 

head(PMdata_extractRAW) 

 

#Only keep selected columns 

PMdata_extract <- PMdata_extractRAW[c(1,8,11,18)] 

#check 

head(PMdata_extract) 

 

#Change column name for PM2.5' 

names(PMdata_extract)[4] <- 'PM2.5_date' 

 

#Change column name for Municipality' 

names(PMdata_extract)[2] <- 'LocalMuni' 

 

#check 

head(PMdata_extract) 

 

#Write csv to name you require 

write.csv(PMdata_extract,"PM25_JANtoAPR_Local.csv", row.names = FALSE) 
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9.2 Appendix B: District Covid-19 Data 

 

Figure 20: North West Covid-19 statistics (North West Department of 

Health, 2020) 
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Figure 21: Gauteng province Covid-19 statistics (Gauteng Department of 

Health, 2020) 
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Figure 22: Free State province Covid-19 statistics (Free State Department 

of Health, 2020) 
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Figure 23: Eastern Cape province Covid-19 statistics (Eastern Cape 

Department of Health, 2020) 
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Figure 24: KwaZulu-Natal Covid-19 statistics (KwaZulu-Natal Department 

of Health, 2020) 
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Figure 25: Western Cape province Covid-19 statistics (Western Cape 

Department of Health, 2020) 
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Figure 26: Northern Cape Covid-19 statistics (Northern Cape Department 

of Health, 2020) 

 

Figure 27: Limpopo province Covid-19 statistics (Limpopo Provincial 

Government, 2020) 
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Figure 28: North West province Covid-19 statistics (North West 

Department of Health, 2020) 
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10 APPENDIX C: ETHICAL CLEARANCE FORM 
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11 APPENDIX D:   DATA MANAGEMENT DECLARATION  

 

 

 

 


